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Enhancing nanopore adaptive sampling for
PromethION using readfish at scale

Rory Munro,1,3 Alexander Payne,1,3 Nadine Holmes,2 Chris Moore,2 Inswasti Cahyani,1

and Matthew Loose1
1School of Life Sciences, University of Nottingham, Nottingham NG7 2UH, United Kingdom; 2Deepseq, School of Life Sciences,
University of Nottingham, Nottingham NG7 2UH, United Kingdom

Aunique feature of Oxford Nanopore Technologies sequencers, adaptive sampling, allows precise DNAmolecule selection

from sequencing libraries. Here, we present enhancements to our tool, readfish, enabling all features for the industrial scale

PromethION sequencer, including standard and “barcode-aware” adaptive sampling. We demonstrate effective coverage

enrichment and assessment of multiple human genomes for copy number and structural variation on a single

PromethION flow cell.

[Supplemental material is available for this article.]

Adaptive sampling (Loose et al. 2016) allows for the optimization
of sequencing efficiency, reducing sequencing capacity wasted on
DNA fragments that do not provide utilitywhen answering a given
biological question. The application of adaptive sampling to nano-
pore sequencing can address long-standing challenges inherent to
other sequencingmethods. It can lower sequencing costs and save
time, alongside improving the depth and quality of sequencing
data for targeted genomic regions. These issues are particularly
present for large genomes, where a large amount of sequencing
is required to produce sufficient data (Payne et al. 2021). By en-
hancing the relevance of the data produced, adaptive sampling
can help with personalized medicine and diagnostics (Miller
et al. 2021; Miyatake et al. 2022; Chen et al. 2024) and even
with genomic environmental surveillance (Urban et al. 2023).

We previously developed readfish (Payne et al. 2021), which
uses real-time base-calling to analyze molecules during transloca-
tion; determining if they should be sequenced or, instead, ejected
from the pore to be replaced with a new molecule. Readfish has
been instrumental in the development of adaptive sampling, pro-
viding researchers with unparalleled adaptability to address a wide
range of biological questions (Patel et al. 2022; Stevanovski et al.
2022; Weilguny et al. 2023). Oxford Nanopore Technologies
(ONT) also provide an adaptive sampling implementation built
into MinKNOW, their software for controlling sequencing. This
implementation is fundamentally the same as that of readfish;
however, it is deeply embedded in MinKNOW, making it hard
to customize and inflexible in certain scenarios. For example,
it does not offer the ability to alter genomic targets during
sequencing.

With the release of the PromethION, nanopore sequencing
has grown in throughput, highlighting the requirement for addi-
tional features and improvements in readfish. Combining adap-
tive sampling with PromethION scale sequencing is extremely
beneficial; if the throughput of sequence production is increased,
the effect of enrichment is compounded. Increased coverage over

target regions allows for the determination of structural variants
(SVs) and single-nucleotide polymorphisms (SNPs) with greater
confidence (Beyter et al. 2021). However, the increased data gener-
ation rates enabled by PromethION flow cells is too large for the
original implementation of readfish. Specifically, the time taken
to process all the alignments using mappy (Li 2018, 2021) (mini-
map2 Python bindings) led to significant bottlenecks in the anal-
ysis pipeline.

To this end, we have addressed issues with previous versions
of readfish, refactoring the source code for better maintainability,
efficiency, extensibility, and stability. We demonstrate the ability
of readfish to keep up with PromethION scale sequencing, using a
custommultithreaded implementation of mappy in Rust. Readfish
has a number of features such as “barcode-awareness” (Munro
et al. 2023) and compatibility with the latest Dorado versions, all
of which are now available for PromethION scale experiments.
As a demonstration of these improvements, we multiplexed and
sequenced three different target panels across distinct human
cell lines, confirming knownSVs.Weproceed to use the alignment
of sequenced and rejected reads for precise copy number variation
(CNV) assessment on PromethION.

Results

Barcode demultiplexing

Using base-calling in adaptive sampling decision-making allows
existing sequence-based tools, such as barcode demultiplexers, to
be incorporated into the readfish workflow. We previously adapt-
ed readfish to be compatible with built-in Guppy or Dorado
demultiplexing (ONT) and incorporated barcode classifications
into the data readfish can use tomake a decision about sequencing
or rejecting a read (Munro et al. 2023).

This “barcode-awareness” is now functional on the
PromethION, and can be leveraged for greater impact on this plat-
form, due to the larger amount of data generated per barcode.
Reads can be rejected based solely on barcode classification
(Supplemental Fig. 1A), or using independent target sets provided
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for their corresponding barcodes (Supplemental Fig. 1B). This dif-
fers from the adaptive sampling built into MinKNOW, which can
also demultiplex barcoded reads for use in decision-making, as
only one panel can be used for all barcodes. Currently, barcode-
based demultiplexing when used in built-in adaptive sampling
does not have the same flexibility as readfish, and can only be
used to balance barcodes if they are present at uneven ratios in
the sequencing library. All barcode demultiplexing testingwas per-
formed on a PromethION P24, with 2 NVIDIA Quadro GV100s, 2
Intel(R) Xeon(R) Platinum 8168 CPU’s (96 cores total), and 384GB
RAM.

Barcodes can be accurately identified with very little signal
data, as shown in Figure 1B. Given that the default number of sam-
ples taken per read chunk is 5000 on the PromethION (1 sec at 5
kHz), barcode classification has an F1 score of ≥0.9 at this number
of samples, when compared to those the full-length read pro-
duced. It would be possible to take less signal data and still receive
an accurate alignment and barcode classification, which can be
seen when examining both Figure 1A and B.

PromethION and GridION experimental comparison

To test the performance difference when applying adaptive sam-
pling on a PromethION compared to GridION, we used three
previously described cell lines: GM12878, from the Utah/CEPH
pedigree; NB4, a cell line carrying a fusion between PML and
RARA representing an acute promyelocytic leukemia (APL); and
22Rv1, a prostate cancer-derived cell line containing significant
chromosomal abnormalities (Mozziconacci et al. 2002; Liu et al.
2010; Jain et al. 2018). For each sample, we chose a specific gene
panel. GM12878 was targeted using a panel defined by the gene
list in the commercially available TruSight 170 Tumor panel (Na
et al. 2019). As the NB4 cell line contains an APL fusion, we select-
ed the TruSight RNA Fusion Panel (Siegfried et al. 2019). For the
more complex 22Rv1 prostate cancer cell line, we used the previ-

ously described COSMIC panel (Tate et al. 2019; Payne et al.
2021). Samples were barcoded and sequenced on a single flow
cell, and run for 72 h (see Methods and Table 1), on both
PromethION andGridION. Alignment onGridIONwas performed
by mappy, and on PromethION alignment was performed by
Guppy, and not mappy-rs. These alignments are the same as those
that would be used by MinKNOW’s inbuilt adaptive sampling. At
the time the experiment was run, adaptive sampling had only just
become feasible on the PromethION. Therefore, we had imple-
mented the most straightforward method to keep up with
PromethION data production, which was inbuilt base-caller align-
ments. While using built-in alignments is a feasible alternative to
alignment by readfish, using the base-caller for alignment imposes
restrictions, as it ties base-calling to Dorado or Guppy. Neither of
these tools allows for alterations to the reference sequence dur-
ing an experiment, limiting the ability to run true adaptive
experiments.

On GridION, in a single experiment using a flow cell with
1330 pores, 18.79 Gb of data were generated, with a total of 15
Gb successfully demultiplexed into barcoded data (Table 1).
Inspection of individual targets PML and RARA demonstrates the
ability to specifically target unique regions on each barcoded sam-
ple (Fig. 2A,B). Current best practice for single nucleotide variant
calling requires higherminimal depth thanwe achievewhen look-
ing at three samples on a MinION flow cell. However, long-range
SVs can be determined, and so we used cuteSV (Jiang et al. 2020)
to analyze these three samples. As expected, multiple reads sup-
porting the detection of a fusion between PML and RARAwere de-
tected in the NB4 cell line (barcode 02, 06), as visualized using
Genome Ribbon (Nattestad et al. 2021), and shown in Figure 3B.
A full comparison of structural variance across this region for all
samples can be seen in Supplemental Figure 3.

For PromethION testing, a single experiment using a flow cell
with 6960 pores generated a total of 78.2 Gb of data, of which 61
Gb could be demultiplexed into barcoded data. See Table 1 for

a complete breakdown of experimental
statistics. Again, long-range SVs can be
determined, and as expected, multiple
reads supporting the detection of a fu-
sion between PML and RARAwere detect-
ed in the NB4 cell line (barcode 02,
06), visualized using Genome Ribbon
(Nattestad et al. 2021) and Samplot (Fig.
3A,C; Belyeu et al. 2021). To achieve
this coverage across three samples with-
out adaptive sampling would require
300–400 Gb of untargeted read data.
Coverage compared with GridION is
greatly improved (Fig. 2C,D).

Finally, we turned to a natural appli-
cation for adaptive-sampling,which con-
siders the mappings of rejected reads.
Various approaches have been developed
using binning of short reads to detect
CNV by applying a variety of statistical
approaches (Zhang et al. 2019). These
methods also work with nanopore se-
quencing (Magi et al. 2019), but the reso-
lution of detection will be dependent on
the total number of reads generated dur-
ing a sequencing run. Adaptive sampling
increases read count as a consequence of

A

B

Figure 1. Comparison of Alignment and Barcode classification F1 as a result of signal length. In total,
10,000 reads were truncated into 500 sample increments up to 5000 samples, with a 1000 sample in-
crement after that, to a maximum of 10,000. Reads were base-called and demultiplexed using the super
accuracy (sup), high accuracy (hac), and fast (fast) Dorado models. (A) F1 scores for alignment, where
“truth” alignments were defined as the start position of the mapping being within 100 base pairs of
the full-length “sup”model read alignment. (B) F1 scores for barcoding classifications, where “truth” bar-
code classifications were defined as the barcode classification as assigned by the “sup”model for the full-
length read.
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rejecting molecules once they are confidently mapped to an off-
target region. As expected, CNV plots generated in this manner
for NB4 (barcode 06) and 22Rv1 (barcode 07) (Fig. 4A,C) both
closely recapitulate CNV plots generated by Bionano optical map-
ping (Fig. 4B,D). A full comparison across all samples can be seen in
Supplemental Figure 4.

Alignment throughput increase

Single-threaded mappy is unable to keep up with the data genera-
tion rate of the PromethION. This can be clearly seen in Figure 5D
with alignment times lagging upwards of 14 sec within 2 min of
sequencing. Simply implementing a multithreaded version of
mappy through Python bindings resulted in unnecessarymemory
utilization, as the reference library cannot easily be shared across
threads. To address this, we wrote and integrated mappy-rs

(https://github.com/Adoni5/mappy-rs) into readfish. mappy-rs

exploits the ability of rust to better integrate with the underlying
minimap2 code facilitatingmultithreaded alignment against a sin-
gle instance of the reference in memory. By implementing a sepa-
rate aligner, we can also update the reference during a run for
increased customizability.

Signal data chunks are collected from the PromethION once
every second as default. Therefore, if the combined time of base-
calling, analysis, and decision-making exceeds one second, the
analysis will rapidly fall behind and negatively impact the ability
to enrich targetmolecules. Using mappy-rs, alignment can be sig-
nificantly sped up (Supplemental Fig. 2), preventing alignment
frombeing a bottleneck, which causes an increasing buildup of sig-
nal and consequential time lag.

Figure 5 displays the time taken for the base-calling and align-
ment steps within the readfish decision-making loop when using
mappy, mappy-rs, and dorado for alignment at the GridION
and PromethION scale. Figure 5A, C, and E shows that the choice
of aligner makes little difference when sequencing with a MinION

flow cell on a GridION MK1, with all three aligners performing
similarly. Figure 5F confirms that the performance of mappy-rs
on PromethION is sufficient to keep ahead of signal collection
batch times on the PromethION. Performance is also largely com-
parable with using the built-in alignments, which can be returned
by Dorado (Figure 5B), the same alignments that would be used by
ONT’s implementation of adaptive sampling. Although the times
of several batches exceed the 1 sec threshold for Dorado and
mappy-rs alignments in Figure 5B and F, the distribution plots in
the margins show that this is actually quite a rare occurrence,
with the distribution centered comfortably under 1 sec. When
comparing the peak of the alignment time distributions between
Dorado and mappy-rs alignments in Figure 5B and F, we can
see that mappy-rs is slightly slower. It is, however, more consis-
tent, never exceeding 1.3 sec, a threshold which is occasionally
passedwhen usingDorado alignments, for reasons, we cannot cur-
rently explain. The coloring of the batches indicates the mean
base-called read lengths contained in a batch. The cache for signal
chunks from each channel is cumulative, if a read does not have a
decisionmade on it by readfish in a batch, the next chunkof signal
is appended to the already held signal. As we can see, for all but
mappy on promethION Figure 5D, the mean read length of reads
in a batch is almost always <1000 bases (2.5 sec of sequencing at
400 bases per second), which indicates that there is no buildup
of sequence.

Discussion

Extending readfish to process the volume of data a PromethION
generates allows more sophisticated selection experiments, that
are better able to exploit adaptive sampling’s potential. By cou-
pling high-throughput PromethION sequencing with readfish’s
fully customizable “barcode-aware” adaptive sampling, targeted
data generation can be fine-tuned based on individual samples,
maximizing the effect of enrichment per flow cell used. Here, we

Table 1. Sample performance

Yield (Gb) N50 (bases)

Barcode Seq. Unb. Seq. Unb. Sample Panel
Gene

number
Off target
Med. Cov.

Target Med.
Cov.

Fold
enrichment

01 0.334 3.47 8149 555 GM12878 TruSight 170
tumor panel

170 1 12 12

02 1.24 4.84 7191 552 NB4 TruSight RNA
fusion panel

508 1 15 15

03 1.25 3.84 6858 556 22Rv1 COSMIC 717 1 12 12

Unclassified 0.170 3.66 923 792 ∗ ∗ ∗ 0 1 ∗

Total 2.99 15.80 5780 614 1 12

05 1.28 14.76 7163 917 GM12878 TruSight 170 tumor
panel

170 4 35 9

06 4.36 23.39 7349 919 NB4 TruSight RNA fusion
panel

508 8 52 7

07 3.01 13.63 6999 923 22Rv1 COSMIC 717 4 27 7

Unclassified 0.703 15.50 543 989 ∗ ∗ ∗ 4 5 ∗

Total 9.35 67.29 5514 937 4 31

Run metric performance per barcode and over the entire flow cell. Metrics are derived from real-time monitoring with minoTour (Munro et al. 2022),
and from analysis of the final data set. Barcodes 01–03 were run on a single GridION flow cell; barcodes 05–07 were run on a single PromethION flow
cell. (Seq.) Sequenced; (Unb.) unblocked; (Med. Cov.) median coverage. (∗) Not applicable.
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demonstrate that individual samples can be targeted with unique
panels of genes, selected based on knowledge of the sample,
enabling a user to ask and answer specific questions. On a single
MinION flow cell, three human genomes can be analyzed
in real time, with coverage sufficient to detect SV and CNV.
Furthermore, it is possible to target three human genomes on a sin-
gle flow cell on PromethION devices to a sufficient depth for fur-
ther SNP analysis. We anticipate that further optimization of the
underlying software, both within proprietary MinKNOW control
software and firmware as well as within tools such as readfish,
will further enhance yield and throughput enabling effective tar-
geted sequencing on 6–12 samples on a single PromethION flow
cell. We demonstrate that by using the novel mappy-rs, it is pos-
sible for readfish to perform alignments at sufficient speed to keep
up with PromethION, with the latest chemistry. The release of the
P2i and the P2 solo will increase the amount of PromethION scale
sequencing that is occurring outside larger sequencing centers.

While the adaptive sampling runs for this publication were per-
formed on the provided P24 or P48 towers, for running adaptive
sampling on both positions on a P2, we would recommend using
at the minimum an NVIDIA 3080, preferably a 4090, a 24 Core
CPU, and 64GB of RAM. Ignoring the compute requirements for
base-calling, MinKNOW, and controlling sequencing, we can see
in Supplemental Figure 5 that the memory requirements for run-
ning readfish are roughly the size of the reference after transforma-
tion into a minimap2 index, and up to 1–2GB extra for storing
signal and base-called sequence. In terms of CPU threads, a stan-
dard CPU would suffice for GridION, however for PromethION,
wewould recommend at least an 8 core CPUwith at least 4 threads
dedicated to mappy-rs alignment.

Readfish at industrial scale, alongside sample multiplexing,
could have numerous potential applications. In healthcare, it
can be used for rapid profiling of central nervous system tumors
(Vermeulen et al. 2023), and with the addition of multiplexed

A C

B D

Figure 2. Target and barcode-specific gene coverage. Illustration of coverage over each barcoded sample for the target genes PML and RARA. Blue is
coverage from accepted read; red illustrates coverage from rejected reads. Barcodes 01 and 05: samples prepared from NA12878 cells; Barcodes 02
and 06: NB4; and Barcodes 03 and 07: 22Rv1. (A,B) Data generated on a single MinION flow cell. The targeted regions are illustrated below the coverage
plots. (C,D) Data generated on a single PromethION flow cell.
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samples to the high-throughput PromethION, multiple samples
cannowbe concurrently analyzed.Wenote that thismethod is de-
pendent on mean read lengths of sufficient length to enable en-
richment and so are dependent on sample extraction methods.
The flexibility offered by readfish allows for the updating of targets
during an ongoing sequencing run, meaning that in conjunction
with real-time analysis, potential geneticmutations and variations
linked to diseases can be added to target regions in real time if rel-
evant. In the field of genomics, adaptive sampling can be applied
to aid de novo assemblies, targeting reads too difficult to assemble
regions, increasing the likelihood of longer nanopore reads span-
ning these regions and resolving them.

Methods

Mappy-rs development

minimap2 (Li 2018, 2021) is written in C, and provides a struc-
tured application programming interface (API) that allows for oth-
er programming languages to create bindings to the compiled C
code, and execute it via a Foreign Function interface. This is how
mappy is designed, using Cython in order to provide access to
the C code alignment functions within the Python runtime.

However, in order to performalignment at sufficient through-
put to keep up with the output of a PromethION sequencer in real
time, we decided to design a multithreaded aligner with multiple
copies of the Aligner sharing references to a single minimap2 in-
dex. Rust was chosen over C++ or C due to familiarity with the lan-

guage, support for creating Pythonbindings, and excellent support
for parallelism and concurrency that is built Rust. Bindings to the
minimap2 C library were generated using bindgen allowing for
Rust code to call the underlying minimap2 C code. Custom Rust
structs to represent the Aligner and Alignments were then created,
and custom functions to perform the alignmentwere written, rely-
ing on the underlying C code to perform alignment calculations.
Python bindings to the Rust code were generated using PyO3, cre-
ating mappy-rs (https://github.com/Adoni5/mappy-rs). mappy-
rs receives batches of sequence, and places them into a queue. A
thread pool, where each thread has access to its own Aligner in-
stance, pulls a sequence out from the queue, aligns it, and creates
an Alignment instance to store the results, and then pushes that
to a results queue. The results are yielded from the results queue
back to the Python runtime in the order they were sent to the
aligner.

Readfish and alignment timings

Six simulated sequencing runswere simulated on the PromethION
P48 beta tower, with 4 Tesla V100-PCIE-16GB GPUs, 12 32GiB
DIMM DDR4 Synchronous 2666 MHz sticks of RAM (384GB
total), and 2 Intel(R) Xeon(R) Platinum 8168 CPU @ 2.70GHz
(96 core total). Runs were simulated using Icarust 0.0.7, commit
cf27f12071f7c9b515883d5e3bf645aad4609831 using the config_
dnar10_5Khz_human_barcoded.toml, a copy of which has been
included in the accompanying notebook repository. Simulated
runs were run for 2 h a piece using the command: cargo run -r –
-s Profile_tomls/config_dnar10_5khz_human_barcoded.toml -c

A

B C

Figure 3. Visualizing structural variation. (A) Using Samplot (Belyeu et al. 2021), reads from the PromethION run linking PML (Chromosome 15) to RARA
(Chromosome 17) in a known fusionwere visualized. Only the NB4 sample carries this fusion (indicated by the dashed lines). (B,C) Using Ribbon (Nattestad
et al. 2021), we can visualize individual reads that span the fusion from (B) the GridIONNB4 sample and (C) the PromethIONNB4 sample. SVs, in this case,
were identified using cuteSV (Jiang et al. 2020).
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config_grid.ini -v -p Where the number of channels and the
break_read_chunks was changed to 512 and 0.8 for GridION sim-
ulation and 3000 and 1.0 for PromethION.

Dorado base-call server v7.3.9 was used for base-calling for
readfish and alignment for using readfish with Dorado align-
ments. Alignment was performed, using the Hg38.p14 reference,
with only complete, primary chromosomes present in the refer-
ence. Multithreaded alignments for both Dorado and mappy-rs
used 16 threads.

Profiling timings were generating using a custom fork of
readfish v2024.2.0, commit cd20ff16c5f3a5f54124515fe58aabde3
dc8df3a, https://github.com/LooseLab/readfish/tree/cd20ff16c5f3
a5f54124515fe58aabde3dc8df3a. Custom analysis was performed
in jupyter-notebooks, code available in attached repository.

Truncated read generation and analysis

Analysis and base-calling were performed on the same
PromethION P48 tower as above. Reads were truncated using
https://pypi.org/project/pod5/ from ONT and a custom Python
script, and truncated reads were written into valid POD5 files for
each truncation length. Truncationwas done in 0.1 sec increments
(500 samples) up until one second’s worth of data, after which a

0.2 sec increment (1000 sample) was used. 10,000 Reads were tak-
en from a human clinical run, the library was prepared using the
SQK-NBD114-24 sequencing kit, and was sequenced at 5 kHz on
a R10.4.1 flow cell.

Each set of truncated reads and the original full-length reads
were then base-called with Dorado base-call server 7.3.9, using the
Fast, High Accuracy and Super base-callingmodels at v4.3. For bar-
code demultiplexing of data, we used Dorado v7.3.9 demultiplex-
ing and tested no other approach.

Alignment was performed by Dorado base-call server 7.3.9,
which internally usesminimap2 v2.24. Reads were aligned against
the GRCh38.p14 reference with all but the primary contigs
removed.

Running readfish barcoding

Running adaptive sampling requires the ONT Read Until API (ver-
sion 3.0.0, https://github.com/nanoporetech/read_until_api/tree/
release-3.0 and the ONT PyGuppy Client library (version 5.0.13,
https://pypi.org/project/ont-pyguppy-client-lib/5.0.13/). Readfish
(https://github.com/LooseLab/readfish; commit 9e8794a) was
run using a GridION MK1 (MinKNOW v4.3.2; Guppy v5.0.13;
minimap2 v2.22), the MinKNOW configuration scripts were

A

B
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D
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Figure 4. Matched ONT and Bionano CNV visualization. Nanopore sequence data from PromethION compared with Bionano optically mapped reads,
all mapped against GRCh38 (hg38). Blue points show where binned data indicates greater than expected copy number, red points where binned data
indicates lower than expected copy number. (A) NB4 PromethION sample compared with (B) showing Bionano optical mapping data for this cell line.
(C ) 22Rv1 PromethION sample compared with (D) showing Bionano optical mapping data for this cell line.
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GridION

Figure 5. Total absolute alignment and base-calling times in readfish for different aligners on PromethION and GridION. Note that the base-called reads
are streamed into the aligner for mappy and mappy-rs, so the two processes are occurring in parallel. Each scatter point represents a batch of accumulated
signal chunks being analyzed by readfish, and the color represents the mean base-called length of reads in the batch. The ‘break_read_chunk_ms‘ for each
device is indicated on the x- and y-axis of each plot as a dashed line, representing the amount of time each chunk of signal data recorded in a batch rep-
resents. Ideally, the total batch time should fall below this line. Themarginal axes for each facet display Kernel Density estimation plots of the distribution of
times for their axis. The PromethION/mappy combination has a different axes scale than the other facets, as batch processing times quickly lagged. When
using the Dorado alignments, it was not possible to deconvolute the Alignment time from the base-calling time, as alignments are returned to readfish
alongside the base-called signal; therefore, points will fall on x= y.
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configured to serve data in 0.8 sec chunks. For PromethION, we
ran using a modified version of readfish (https://github.com/
LooseLab/readfish; commit c9f5169) on an early release of
MinKNOW core 5.1 using a PromethION 24 device (MinKNOW
v5.1; Guppy v6.0.6) with the ONT PyGuppy Client library (ver-
sion 6.0.6, https://pypi.org/project/ont-pyguppy-client-lib/5.0.13/).
MinKNOW configuration scripts were left serving data in 1 sec
chunks for PromethION.

The readfish script carrying out the selective sequencing was
readfish barcode-targets. This script runs the core Read
Until process as specified in the experiment’s TOML file. With a
single reference genome, the script can select specific target re-
gions on each barcode by using Guppy to base call and demulti-
plex the raw signal in real time. The resultant read is then
aligned to the reference using minimap2 and is determined to be
on or off target depending on its barcode assignment andmapping
start. For PromethION, we used the mapping returned by mini-
map2 from within Guppy to make decisions.

Library preparation, sequencing, and analysis

Barcoded LSK-110 (ONT) sequencing libraries were prepared from
either GM12878 cells (Coriell), NB4 cells (gift fromM.Hubank), or
22Rv1 cells (ATCC) as described in Jain et al. (2018). For test exper-
iments, bacterial DNA was extracted using a genomic tip
(QIAGEN). Extracted DNA was sheared to ∼12 kb using g-Tube
(Covaris). Sequencing used either FLO-MIN106 R9.4.1 flow cells
for GridION or FLO-PRO002/FLO-PRO114 R9.4.1/R10.4.1 flow
cells for PromethION as appropriate. Flow cells were run with
flushing and reloading as previously described in Payne et al.
(2021).

To investigate SVs across the data set, we ran cuteSV (https://
github.com/tjiangHIT/cuteSV) on each barcoded sample using
standard options but varying the -s MIN SUPPORT values, altering
theminimumnumber of reads required to support a SV. No SVs in
known fusion genes were reported in NA12878 or 22Rv1 (-s 2),
known fusions including PML and RARA were readily detected in
NB4 (-s 5) (Jiang et al. 2020). SVs were visualized using Ribbon
(Nattestad et al. 2021).

To visualize changes in copy number, reads were mapped to
hg38, filtered to mapping scores >20 and uniquely mapping.
Then, the first primary mapping for any read was determined
and mappings binned into windows along the genome such that
on average each bin contains 100 reads. Runs were monitored
in real time using minoTour (https://github.com/LooseLab/
minotourapp; commit: 1f9c678), providing coverage statistics,
mappings, and estimates of CNV in real time (Munro et al.
2022). During real-time analysis, reads were mapped to CHM13
telomere-to-telomere assembly (Nurk et al. 2022). Postrun copy
number plots were generated using Matplotlib with data mapped
to hg38 to compare with the output of the Bionano copy number
pipeline (see notebooks https://github.com/LooseLab/barcode_
paper_nb).

To visualize coverage over specific targets, reads were divided
into those actively sequenced and those unblocked using the un-
blocked read IDs file generated by readfish. Reads were mapped
to hg38, coverage depth calculated using mosdepth v0.3.1
(Pedersen and Quinlan 2018) and visualized using Matplotlib
(v3.4.3).

Bionano methods

DNA extraction and labeling for Bionano

DNAwas prepared from frozen cell pellets of 1.5million cells using
the Bionano Prep SP Blood and Cell Culture DNA Isolation Kit

(Bionano Genomics; 80042) according to the manufacturer’s in-
structions. DNA was homogenized and quantified using Qubit
dsDNA BR Kit (Thermo Fisher Scientific; Q32853) on a Qubit 4
Fluorometer (Thermo Fisher Scientific; Q33238). In total, 750 ng
of gDNA was then labeled with Direct Label Enzyme 1 (DLE-1)
and DNA backbone stain using the Bionano Prep Direct Label
and Stain (DLS) kit (Bionano Genomics; 80005) according to the
manufacturer’s instructions. Labeled DNA was quantified using
the Qubit dsDNA HS Kit (Thermo Fisher Scientific; Q32851) on a
Qubit 4 Fluorometer. Labeled DNA was loaded onto a Bionano
Saphyr G2.3 chip (Bionano Genomics; 20366) and run on a Gen
2 Bionano Saphyr System (Bionano Genomics; 60325) until
1.320 Tbp of data had been collected for each of NB4 and 22Rv1.
This data had respectivemapping rates to hg38 reference sequence
of 89% and 79%, equating to 382× and 337× coverage,
respectively.

Data analysis

Postrun data filtering and analysis were carried out using Bionano
Access 1.5.2. For each sample, the data set was filtered and subsam-
pled to produce 320Gbp of datawith 150 kbminimum length and
at least nine labels per molecule. Filtered data were processed to
produce annotated de novo assemblies using the default parame-
ters, but with masking using the hg38 DLE-1 SV Mask BED file.
SVs and CNVs coordinates were then visualized using Bionano
Access. All described analysis was performed on dedicated
Bionano compute with the following versions installed: Bionano
Access1.5.2, Bionano Tools 1.5.3, Bionano Solve Solve3.5.1_
01142020, RefAligner 10330.10436rel, HybridScaffold 12162019,
SVMerge 12162019, VariantAnnotation 12162019, and Compute
on Demand 1.5.1.

Data access

Sequence data and Bionano maps generated for the GridION and
PromethION experimental comparison have been submitted to
the European Nucleotide Archive (ENA; https://www.ebi.ac.uk/
ena/browser/home) under accession number PRJEB82322. Data
and scripts used in this manuscript are available at GitHub
(https://github.com/LooseLab/barcode_paper_nb) and as Supple-
mental Code.
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