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Abstract 

Nanopore direct RNA sequencing holds promise for advancing our understanding of the epitranscriptome. Recently, Oxford Nanopore Tech- 
nologies released basecalling models capable of detecting N 6-methyladenosine (m6 A), inosine (I), pseudouridine ( �), and 5-methylcytosine 
(m5 C). However, their performance and cross-reactivity with other modifications remain largely unexplored. Here, we systematically benchmark 
four available modification-aware basecalling models by evaluating their per-read and per-site predictions across synthetic molecules and bio- 
logical samples from diverse species. Models performed well on highly modified, balanced synthetic constructs (AUC = 0.93–0.97, PR-AUC 

= 0.84–0.91), but their performance dropped sharply on unbalanced datasets that reflect modification abundances in biological samples (PR- 
AUC: 0.04–0.09). Analysis of in vivo rRNA samples confirmed this limitation, with false-discovery rate ranging from 50% to 100%, even after 
filtering with modification-free controls. We identify two major sources of false positives: cross-reactivities with other modifications and current 
alterations at sites neighbouring a modified residue. Finally, we demonstrate that basecalling error- and current-based methods can accurately 
detect modifications, offering effective alternatives for modifications lacking dedicated models. Our results highlight the utility and limitations of 
modification-aware basecalling models for RNA modification detection, and underscore the importance of including control samples to mitigate 
false-positive predictions. 
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tably, nanopore direct RNA sequencing (DRS), developed and 

commercialized by Oxford Nanopore Technologies (ONT), 
enables the analysis of RNA modifications in native RNA 

strands [ 6 ]. 
In DRS, native RNA molecules are translocated through 

individual nanopores embedded in a non-conductive mem- 
brane. During library preparation, a helicase is attached to 
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NA modifications, collectively referred to as ‘the epitran-
criptome’, are chemical moieties present on RNA molecules,
ne-tuning their structure, function, and molecular fate [ 1 , 2 ].
ecent advances in native RNA sequencing have enabled the
irect detection of RNA modifications, bypassing the need for
elective antibodies or chemical probing reagents [ 3–5 ]. No-
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each RNA molecule to ensure that migration of the RNA
strand through the nanopore occurs at a constant speed. As
the RNA strand passes through the pore, it produces char-
acteristic distortions in the electrical current. These electric
signals are converted into canonical nucleobases (A, C, G,
and U) using machine learning algorithms in a process known
as ‘basecalling’ [ 3 , 7 ]. Importantly, RNA modifications alter
the current intensity signal, thereby providing the basis for
their detection in DRS [ 4 , 8 , 9 ]. Over the past years, numer-
ous approaches have been developed to detect a wide range
of naturally occurring RNA modifications, including N 6 -
methyladenosine (m6 A) [ 10–18 ], pseudouridine ( �) [ 18–22 ],
5-methylcytosine (m5 C) [ 23 ], and 2′ -O-methylation (Nm) [ 19 ,
24 , 25 ], among others. 

From a methodological perspective, DRS-based RNA mod-
ification detection can be grouped into three broad categories:
(i) approaches relying on basecalling ‘error’ features [ 10 , 11 ,
14 , 22 ], (ii) methods that employ current-derived features [ 13 ,
15 , 16 , 18 , 19 , 21 , 26 ], and (iii) modification-aware basecall-
ing models [ 27 , 28 ]. Basecalling ‘error’ features exploit the
fact that RNA modifications are often incorrectly decoded
by standard basecalling models, which were trained to de-
tect the canonical bases (A, C, G, U), resulting in system-
atic basecalling errors (i.e. mismatches, deletions, and inser-
tions) that become apparent after read mapping. In contrast,
current-based methods employ signal-based features, includ-
ing signal intensity (SI), standard deviation (SD), dwell-time
(DT), and/or trace (TR), and apply machine-learning models
that have been trained on these features to distinguish un-
modified from modified positions. Some of these algorithms
operate in a comparison-free mode ( de novo ) without the
need for a knockout (KO) sample or an unmodified control.
However, recent benchmarks on m6 A detection algorithms in-
dicate that comparison-based methods generally outperform
single-mode tools [ 29 , 30 ]. The third category of methods,
modification-aware basecalling models, represents the most
recent advancement in the field of modification detection al-
gorithms. These models integrate modification detection di-
rectly into the basecalling step and can predict modifications
at single-nucleotide and single-molecule resolution. A key ad-
vantage of these methods is its independence from aggregated
read information, allowing isoform-specific analysis [ 28 ] and
facilitating detection of RNA modifications even under con-
ditions of low transcript coverage [ 27 ]. 

A central challenge in developing accurate modification-
aware models is the selection and preparation of high-
quality training data that will be used to train the model.
In this regard, early community-driven efforts trained the
first modification-aware basecalling models using synthetic se-
quences with limited sequence contexts [ 31 , 32 ]. However,
these approaches were shown to scale poorly when applied
to complex and substoichiometrically modified in vivo tran-
scriptomes [ 27 ]. Subsequent efforts have used in vivo mes-
senger RNA (mRNA) data to train an m6 A-aware basecall-
ing model (the m6 ABasecaller). Because truly modified po-
sitions at the per-read level are not known a priori , the au-
thors implemented an iterative three-step strategy using gra-
dient boosting to obtain high-confidence per-read labels from
in vivo data. The obtained labels were then used to train the
model, which when applied to in vivo human mRNA datasets,
was able to predict m6 A sites and their stoichiometry lev-
els with high replicability and low false-positive (FP) rates
[ 27 ]. More recently, community-driven efforts implemented a
novel training strategy, using simulated randomers, to build 

modification-aware basecallers in a streamlined fashion for 
different modifications and across sequencing chemistries 
[ 33 ]. 

In September 2024, ONT released a set of modification- 
aware basecalling models (m6A_DRACH, inosine_m6A,
pseU, and m5 C) that can detect four different RNA modi- 
fication types, namely for N 6-methyladenosine (m6 A), ino- 
sine (I), 5-methylcytosine (m5 C), and pseudouridine ( �), us- 
ing their proprietary basecalling software ‘dorado’ ( https: 
//github.com/nanoporetech/dorado ). These models offer the 
possibility to predict RNA modifications de novo , with single- 
nucleotide and single-molecule resolution. However, their ac- 
curacy, FP rates, and cross-reactivity with other RNA mod- 
ifications remain unclear. Here, we assess the performance 
of modification-aware basecalling models released by ONT 

(see Supplementary Table S1 ) on synthetic modified and un- 
modified RNA molecules, as well as on ribosomal RNA from 

diverse species ( Supplementary Table S2 ). Globally, our re- 
sults show that these models capture sites at high stoichiome- 
tries, but can mispredict a significant number of sites at sub- 
stoichiometric levels. Moreover, some models show strong 
cross-reactivity with other RNA modifications found on the 
same nucleobase, which could lead to inaccurate conclusions 
if the models are used for de novo prediction of RNA mod- 
ifications. We find that the use of modification-free controls 
that cover equivalent sequence contexts to the samples of in- 
terest [ 34 , 35 ] are necessary to efficiently remove FPs from 

nanopore basecalling models. However, we also show that 
these controls are insufficient to remove all FPs, warranting 
future improvements to the basecalling models or correction 

methods. We further demonstrate that neighbouring modifi- 
cations can confound modification-aware basecalling models.
Finally, we show that for those RNA modifications for which 

modification-aware basecalling models are not available yet,
differential base-calling errors and altered current features can 

be used to identify them [ 10 , 14 , 36 ]. Demonstrating that pre- 
viously developed approaches for the SQK-RNA002 chem- 
istry can still be used in the context of the new SQK-RNA004 

chemistry. 

Materials and methods 

Escherichia coli culturing and total RNA extraction 

Escherichia coli strains used in this work were obtained from 

the Keio Knockout Collection [ 37 ], including the reference 
wild type strain (BW25113) (Cultek). KO strains have a 
kanamycin cassette replacing the depleted gene. Strains were 
plated in LB-agar plates ( E. coli BW25113) or in LB-agar 
plates supplemented with 25μg/ml kanamycin (in the case 
of E. coli KO strains). For each strain, starter cultures were 
grown in 4 ml LB, incubated at 37◦C and 180 rpm. After 6 

h, 4 ml cultures were centrifuged in a pre-chilled benchtop 

centrifuge at 16 000 × g 4◦C for 5 min. Supernatant was dis- 
carded, and pellets were stored at −80 ◦C overnight. Frozen 

pellets were thawed on ice, followed by the addition of 400 

μl of Trizol (Life Technologies, #15596018). After 5-min in- 
cubation at room temperature, 90 μl of chloroform (Vidra 
Foc, #C2432) was added and mixed thoroughly by inversion.
Samples were centrifuged for 15 min at 16 000 × g at 4◦C.
Supernatant was kept and an equal volume of 70% ethanol 
was added. Afterwards, small RNAs were removed with the 

https://github.com/nanoporetech/dorado
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
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iagen RNeasy Mini Kit following manufacturer’s recom-
endations (Qiagen, #74104). Samples were DNAse-treated
sing Turbo DNAse (Life Technologies, #AM2239) for 15 min
t 37◦C. Finally, the sample was cleaned with 1X AMPure
NAClean XP beads (Beckman Coulter, A63987). RNA in-

egrity was assessed using TapeStation and quantified using
anodrop. 

accharomyces cerevisiae culturing and total RNA 

xtraction 

accharomyces cerevisiae strains (BY4741) were grown in
 ml of standard YPD medium (1% yeast extract, 2% Bacto
eptone, and 2% dextrose) overnight at 30◦C. The next day,
ultures were diluted to 0.0001 OD600 in 200 ml of YPD and
rown overnight at 30 ◦C with shaking (250 r.p.m.). When
ultures reached the mid-exponential growth phase (OD600 

.5), the cultures were transferred into a pre-chilled 50-ml
alcon tube and centrifuged at 3000 × g for 5 min at 4◦C,
ollowed by two washes with water, and then pellets were
nap-frozen at −80 ◦C. Snap-frozen yeast pellets were resus-
ended in 660μl of TRIzol Reagent (Thermo Fisher Scien-
ific, 15596018) with 340μl of acid-washed and autoclaved
25–600-μm glass beads (Sigma–Aldrich, G8772). The cells
ere disrupted by vortexing on top speed for seven cycles of
5 s and chilling the samples on ice for 30 s between cycles.
he samples were then incubated at room temperature for
 min, and 200μl of chloroform was added. After briefly vor-
exing the suspension, the samples were incubated for 5 min at
oom temperature and centrifuged at 14 000 × g for 15 min
t 4◦C. The upper aqueous phase was transferred to a new
ube. To precipitate RNA, 1 × volume of molecular-grade iso-
ropanol and 1μl of GlycoBlue co-precipitant (Thermo Fisher
cientific, AM9515) were added and mixed by inverting and
ncubated for 10 min at room temperature. The samples were
entrifuged at 14 000 × g for 15 min at 4 ◦C, and the pel-
et was then washed with ice-cold 70% ethanol. The pellet
as resuspended in 20 μl nuclease-free water after air dry-

ng for 5 min on the benchtop, and the RNA purity was mea-
ured using a NanoDrop 1000 spectrophotometer. Then, 10
g of each sample was treated with Turbo DNase (Thermo
isher Scientific, AM2238) and subsequently cleaned up using
 Zymo RNA Clean and Concentrator-5 kit (Zymo Research,
1016) following the manufacturers’ instructions. The RNA
as eluted in nuclease-free water. RNA concentration was de-

ermined using Qubit Fluorometric Quantitation; RNA pu-
ity was measured with a NanoDrop 1000 spectrophotome-
er; and the RNA electropherogram was obtained using Agi-
ent 4200 TapeStation RNA HS ScreenTape Assay. 

ouse models and total RNA extraction 

he mice used in this study were of the C57BL/6J strain
Charles River, strain #000664). Animals were maintained
n a defined control diet [Special Diets Services, RM1 (P),
01151], housed in standard cages at 22◦C–24◦C, and given
d libitum access to food and water. Lighting conditions were
egulated using a 12:12 h light–dark cycle, with lights turned
ff at 19:00. Adult C57BL/6J mice were euthanized using
O2 . All tissues were promptly dissected, snap-frozen in liq-
id nitrogen, and stored at −80◦C until further use. Animal
xperiments were conducted in accordance with EU Directive
6/609/EEC and Recommendation 2007/526/EC concerning
the protection of animals used for scientific purposes, as im-
plemented by Spanish law 1201/2005. All procedures were
approved by the institutional ethics committee. 

Human cell line culturing conditions and total RNA 

extraction 

MCF7 (ATCC) cell lines were cultured in Gibco Life Tech-
nologies Dulbecco’s modified Eagle medium, supplemented
with 10% (v/v) fetal bovine serum, and 1% penicillin strep-
tomycin. In order to extract RNA from MCF7 cell cultures,
they were grown in 9.6 cm2 plates at 37◦C in a humidified at-
mosphere containing 5% CO2 until. Once cells reached 80%
confluency, they were first washed with PBS once and then in-
cubated with 1 ml TRIzol at room temperature for 5 min. For
each ml of TRIzol, 200 μl of chloroform were added, samples
were vortexed for 10 s, incubated for 2–3 min at RT, and spun
down at 16 000 × g for 15 min at 4◦C. The clear top phase
was transferred to a new tube, and purified with the miRNeasy
kit (Qiagen) according to the manufacturer’s instructions. The
eluted RNA was quantified by Qubit and RNA integrity was
assessed by Agilent Tapestation. 

Generation of in vitro transcribed rRNAs from total 
RNA 

We generated in vitro transcribed rRNA following previously
published literature with some minor adjustments [ 34 , 35 ].
First, total RNA was pre-fragmented to ensure equal coverage
across long transcripts by using 150 ng of total RNA, 2μl
of RNA Fragmentation Buffer (NEB, E6150S) in a total
volume of 20 μl. The reaction was incubated for 1 min at
94◦C to obtain a fragment size of ∼500 nt, and stopped by
the addition of 2 μl 10 × RNA Fragmentation Stop Solution
(NEB, E6150S) and transfer to 4◦C. Next, 3′ ends were
prepared by the addition of 4 μl of FastAP (Thermo Scientific,
EF0651), 8 μl of 10 × Fast-AP Buffer, in a total volume of 80
μl. The reaction was incubated at 37◦C for 15 min followed
by a cleanup using the Zymo Clean and Concentrator-5 kit
(Zymo Research, R1016). Finally, a short in vitro polyadeny-
lation combining the pre-fragmented total RNA with 1 μl
of E. coli Poly(A) Polymerase (NEB, M0276S), 2μl of ATP
(10 mM), and 2 μl of 10 × Poly(A) Polymerase Buffer, in a
total of 20 μl was carried out. The reaction was incubated
at 37◦C for 2 min followed by a cleanup using the Zymo
Clean and Concentrator-5 kit. For the reverse transcription
reaction, 50 ng of input RNA was combined with 1 μl of
dNTPs (NEB, N0447S), and 1 μl of the CRTA primer (2
μM, 5′ -ACTTGCCTGTCGCTCTATCTTCTTTTTTTTTT-
3′ ) in a total volume of 11 μl, followed by an incu-
bation at 65◦C for 5 min before being snap cooled
to 4◦C. Next, 4 μl of 5 × RT Buffer (Thermo Scien-
tific, EP0752), 1 μl of RNAseOUT (Thermo Scientific,
10777019), 1 μl of ddH20, and 2 μl of the SSPII primer (10
μM, 5′ -TTTCTGTTGGTGCTGATATTGCTTTVVVVTT
VVVVTTVVVVTTVVVVTTTmGmGmG-3′ ) were added.
The reaction was incubated at 42◦C for 2 min before 1
μl Maxima H Minus RT (Thermo Scientific, EP0752) was
added. The reverse transcription reaction was incubated at
42◦C for 90 min followed by heat inactivation at 85◦C for
5 min. Next, a polymerase chain reaction (PCR) reaction
was performed to enrich for transcripts that underwent
successful reverse transcription and template switching. To
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this end, 5 μl of complementary DNA (cDNA) from the
previous step was added to 25 μl of LongAmp® Taq 2X
Master Mix (NEB, M0287S), 2 μl of T7_fwd primer (10 μM,
5′ -TAATACGACTCACTATAGCGAGGCGGTTTTCTG 

TTGGTGCTGATATTGCT-3′ ), and 2 μl of T7_rev primer
(5′ -ACTTGCCTGTCGCTCTATCTTC-3′ ) in a total reaction
volume of 50 μl. The PCR consisted of an initial denaturation
step at 95◦C for 5 min followed by 12 cycles of denaturation
(95◦C, 15 s), annealing (60◦C, 15 s) and extension (65◦C,
15 min), with a final extension step at 65◦C for 15 min. To
remove excess T7_fwd primer, 1 μl of Exonuclease was added
and the reaction incubated at 37◦C for 15 min, followed by
heat inactivation at 80◦C for 15 min. Amplified cDNA was
cleaned up using 1.8 × AMPure XP beads (Beckman Coulter,
A63880). Eluted cDNA was used to set up an overnight (16
h) in vitro transcription (IVT) using the AmpliScribe T7 High
Yield Transcription Kit (Biosearch Technologies, AS3107),
following the manufacturer’s instructions. IVT libraries were
cleaned up using the RNEasy Mini Kit (Qiagen, 74104)
following the manufacturer’s instructions. To make IVT
libraries amenable to nanopore sequencing library prepara-
tion, a short in vitro polyadenylation was performed using 5
μg of IVT library, 1 μl of E. coli Poly(A) Polymerase (NEB,
M0276S), 2 μl of ATP (10 mM), and 2 μl of 10 × Poly(A)
Polymerase Buffer, in a total volume of 20 μl followed by
cleanup using the Zymo Clean and Concentrator-5 kit. 

Generation of synthetic RNA molecules containing 

all possible 5-mer sequences 

This study used synthetic RNAs known as ‘curlcakes’, which
were designed to include all possible 5-mer sequences while
minimizing RNA secondary structures [ 38 ], and consist of
four in vitro transcribed constructs: (i) Curlcake 12 244
bp; (ii) Curlcake 22 459 bp; (iii) Curlcake 32 595 bp, and
(iv) Curlcake 42 709 bp. To generate ‘curlcake’ synthetic
RNAs, plasmids (pUC57) were digested with BamHI-HF
(NEB, R3136L) and EcoRV-HF (NEB, R3195L) as per
manufacturer instructions, followed by a clean-up using
phenol/chloroform/isoamyl-alcohol 25/24/1, v/v, pH =
8.05 (Sigma–Aldrich, P3803). Linearized plasmids were
used for overnight IVT with the AmpliScribe T7-Flash
Transcription Kit (Lucigen, ASF3507). To generate fully
modified ‘curlcakes’, canonical nucleotides were exchanged
for the following modified nucleotides: pseudouridine-5′ -
Triphosphate (pseudo-UTP, Trilink, N-1019) instead of
UTP, 5-Methyluridine-5′ -Triphosphate (5-meUTP, Trilink,
N-1024–1) instead of UTP, N1 -Methylpseudouridine-5′ -
Triphosphate (me1 �-UTP, Jena Bioscience, NU-890S)
instead of UTP, 5-methylcytidine-5′ -Triphosphate (5-
methyl-CTP Trilink, N-1014), 5-Hydroxymethylcytidine-
5′ -Triphosphate (5-hme-CTP, Trilink, N-1087), N 4-Acetyl-
cytidine-5′ -Triphosphate ( N4 -Acetyl-CTP, Jena Bioscience,
NU-988S) instead of CTP or N 6-methyladenosine-5′ -
Triphosphatetriphosphate ( N 6-Methyl-ATP, Trilink, N-
1013). To generate ‘curlcakes’ containing different overall
modification levels, mixtures of canonical and modified
NTPs were used during IVT (e.g. 1/4 N 6-Methyl-ATP, 3/4
ATP, to obtain 25% m6 A residues). Following IVT, products
were treated with Turbo DNase (Thermo Fisher, AM2238)
to remove the template plasmid and cleaned up using the
RNeasy MinElute Kit (Qiagen, 74204). 
Nanopore direct RNA sequencing of IVTs and total 
RNA samples 

IVT constructs and total RNA samples were polyadenylated 

using E. coli poly(A) polymerase (NEB, M0276S) accord- 
ing to the manufacturer’s instructions followed by a clean- 
up using the RNA Clean & Concentrator-5 kit (Zymo Re- 
search, R1013). Concentrations were determined using the 
Qubit 2.0 Fluorometer. RNA integrity, and polyadenylation 

success, were determined using an Agilent 4200 TapeStation.
Library preparation was carried out according to the man- 
ufacturer’s instructions (direct-rna-sequencing-sqk-rna004- 
DRS_9195_v4_revB_20Sep2023-promethion) with minor ad- 
justments to enable highly multiplexed sequencing of multi- 
ple barcoded samples [ 39 ]. Adapter ligation was carried out 
for 15 min at room temperature using 100 ng of poly(A)- 
tailed substrate, 0.5 μl of custom barcode adapter (1.4 μM),
2 μl of NEBNext® Quick Ligation Reaction Buffer (NEB,
B6058S), 0.5 μl of SUPERase ·In RNAse Inhibitor (Invitrogen,
AM2696), and 0.5 μl of concentrated T4 DNA Ligase (NEB,
M0202T) in a total volume of 10 μl nuclease-free H2 O. Subse- 
quently, 4 μl of 5 × SuperScript IV Buffer, 1μl of dNTPs (NEB,
N0447S), 2 μl 0.1 DTT, and 1 μl of SuperScript™ IV Reverse 
Transcriptase (Thermo Fisher, 18090010) were added and the 
reaction incubated for 15 min at 50◦C before heat inactivation 

for 5 min at 70◦C. Then, RNA:DNA samples designated for 
sequencing in the same run were pooled accordingly. Separate 
pools were prepared based on the number of sequencing runs 
required, and each pool was cleaned up using 1 × RNAClean 

XP beads (Beckman Coulter, A63987) and eluted in nuclease- 
free H2 O. Twenty-three microlitres of eluate per pool ( ∼1 μg) 
was ligated to 6 μl RNA ligation adapter with 3 μl T4 DNA 

Ligase (NEB, M0202T) and 8 μl of NEBNext® Quick Liga- 
tion Reaction Buffer (NEB, B6058S) in a total volume of 40 μl,
by incubating at room temperature for 15 min. Libraries were 
cleaned up using 0.6 × RNAClean XP beads (Beckman Coul- 
ter, A63987), washed twice with 150 μl of wash buffer (WSB),
and eluted in 33 μl of elution buffer (EB). One microlitre 
of each library was used for quantification with Qubit™
1 × dsDNA High Sensitivity (HS) (Invitrogen, Q33231) and 

32 μl were mixed with 100 μl of sequencing buffer (SB) 
and 68 μl of library solution (LIS). Libraries were run on 

a primed FLO-PRO004RA flowcell using a PromethION 2 

solo sequencer with MinKNOW acquisition software version 

v24.11.10. 

Preprocessing of raw nanopore direct RNA 

sequencing data 

Preprocessing of raw nanopore sequencing data (pod5) was 
performed using the Master of Pores nextflow pipeline version 

4 (MoP4) [ 40 ]. First, sequencing data was demultiplexed with 

SeqTagger (v.1.0c) using the 96-barcode model developed for 
SQK-RNA004 (-k b96_RNA004) using the default baseQ cut- 
off of > 50 (-b 50) [ 39 ]. Next, reads were basecalled with do- 
rado (v0.8.0) using each one of the modification-aware base- 
calling models (m6A_DRACH, inosine_m6A, pseU, and m5 C) 
with either the hac or sup accuracy settings (v5.1.0). Base- 
called reads were aligned to their respective reference with 

minimap2 (v2.26) [ 41 ] using ‘sensitive’ settings (-y -ax map- 
ont -k 5) [ 19 ] for the highly modified synthetic constructs,
and ‘default’ DRS settings (-y -uf -ax splice -k14) for ribo- 
somal RNA. For parameter choice comparison for mapping,
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effective manner. 
ee Supplementary Fig. S1 . Finally, QC plots were generated
sing NanoPlot (v1.32.1) [ 42 ] to visualize read-length versus
verage-read quality, and custom R scripts (R version 4.3.2)
or coverage plots. The b96_RNA004 model is available on
itHub ( https://github.com/novoalab/SeqTagger ). 

er-read modification probability analysis on 

ynthetic constructs 

er-read and position modification probabilities for each
lignment file (BAM) generated by the modification-aware
asecalling models were extracted using ‘modkit’ (v0.4.2,
ttps://github.com/nanoporetech/modkit ). For the analysis
f the in vitro data, 50 000 reads were subsampled
rom each alignment file (modkit extract full –num-reads
0 000 –mapped-only –reference < ref.fa > < input.bam >

 output.tsv > ). To generate in silico mixes at varying tar-
et modification prevalence (0.5–0.001), individual replicates
ere first pooled and then sampled to the desired ratio us-

ng custom R scripts. The resulting tables were further pro-
essed to generate modification probability plots, ROC, and
R-ROC plots (Fig. 1 ). Reads with a minimum baseQ of < 10,
nd reads not matching the reference k -mer (query_kmer � =
ef_kmer) were excluded from the analysis. To perform mo-
if enrichment analysis, we used STREME (v5.5.7) [ 43 ] with
he entire set of k -mers present in curlcakes as the background
odel and and the underestimated set as test set (modification
robability < 0.75; Fig. 2 B) (streme –verbosity 1 –oc. –rna –
otallength 4 000 000 –time 14 400 –minw 5 –maxw 5 –thresh
.05 –align center). 

er-site stoichiometric analysis of synthetic 

onstructs 

o perform per-site analysis, modkit pileup was run with
he default filter-threshold as part of the mop_mod Mas-
erOfPores4 workflow (modkit pileup –with-header –filter-
ercentile 0.1). For the m6A_DRACH model, pileup was
un with the additional motif flag (–motif DRACH 2 –ref
 ref.fasta > ) to ensure that only predictions for the mam-
alian m6 A consensus sequence are considered. Results stem-
ing from different barcodes were collapsed into a single mas-

er table using bedtools unionbedg (v2.31). Next, predictions
ere filtered for the plus strand, a minimum coverage of ≥5,

nd the central target base, using custom R scripts to perform
toichiometric analysis across a range of modified fractions
Fig. 2 C). 

er-site stoichiometric analysis of native and in 

itro transcribed rRNA 

o perform per-site analysis, modkit pileup was run with
he default filter threshold (modkit pileup –with-header –
lter-percentile 0.1 –motif N 0, where N represents the tar-
et base). Finally, modkit tables were filtered using cus-
om R scripts to include sites with a minimum valid cov-
rage ( Nval ) of > 500 reads. Tables were further anno-
ated with known modified sites. Annotations can be found
n the project’s github page ( https://github.com/novoalab/
NT_basecalling_models/tree/main/ref/annotations ). Species

ilhouettes were obtained from PhyloPics ( https://www.
hylopic.org/). All scripts have been deposited on the project’s
github page ( https://github.com/novoalab/ONT_basecalling_
models/tree/main/). 

Alignment and current feature analysis of synthetic 

constructs and E. coli rRNA sequences 

To identify RNA modifications in the form of systematic
basecalling ‘errors’, POD5 files from synthetic ‘curlcake’
datasets and from total E. coli RNA samples were pro-
cessed using the MasterOfPores4 workflow, using either fast ,
hac , or sup dorado ( https://github.com/nanoporetech/dorado )
canonical models (v0.8). Modifications were predicted using
the EpiNano software [ 10 ] to extract alignment features or
NanoRMS4 [ 19 ] to extract current features (delta signal in-
tensity and dwell time) using the mop_mod module. Differen-
tial basecalling errors were converted into Z -scores using the
mop_consensus module [ 44 ]. 

Results 

Expanding direct RNA-sequencing demultiplexing 

to 96 barcodes for the SQK-RNA004 chemistry 

To benchmark ONT modification-aware models across a
panel of RNA modifications and varying modification sto-
ichiometries, we generated a total of 192 in vitro tran-
scribed constructs, which were pooled into 48 distinct sam-
ples ( Supplementary Table S2 , see also the ‘Materials and
methods’ section). Because sequencing each construct indi-
vidually would be cost-prohibitive, we sought to implement
a multiplexing strategy capable of processing a large num-
ber of barcoded samples in a single flowcell. Such an ap-
proach would greatly reduce sequencing costs, simplify the
experimental workflow, downstream bioinformatic analysis,
and minimize potential batch effects. However, no commercial
barcoding kit is currently available for the most recent DRS
chemistry (SQK-RNA004), and community-driven barcoding
efforts [ 39,45–47 ] are so far limited to multiplexing up to four
barcodes when using the latest RNA chemistry [ 39 , 46 ]. 

To address this gap, here we extended previous efforts
by training a new model, compatible with the latest SQK-
RNA004 kits, to allow demultiplexing up to 96 samples with
the current RNA004 chemistry (see Supplementary Table S3
and the ‘Materials and methods’ section). We found that the
newly trained 96-barcoding model (b96_RNA004) reached a
precision of 0.993 with 1.0 recall on the validation dataset
( Supplementary Fig. S2 A). Furthermore, the processing time
was not significantly affected compared to our four-barcode
model (b04_RNA004), resulting in a mean real-time of 1.3
min per 100 000 reads processed ( Supplementary Fig. S2 B;
see also Supplementary Table S4 ). Finally, we tested the per-
formance of the b96_RNA004 demultiplexing model on an
additional independent test dataset in which barcodes 21, 59,
and 88 were absent from the run (see the ‘Materials and meth-
ods’ section). We found that 0.00009% of the total reads were
misassigned to either of these barcodes after the default cutoff
of baseQ > 50 was applied ( Supplementary Fig. S2 C), suggest-
ing that this model provides a highly accurate and rapid way
to sequence up to 96 samples in a single flowcell. Together,
these results demonstrate that the b96_RNA004 model pro-
vides a robust and scalable solution that enables sequencing
large numbers of samples using DRS in a simple and cost-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://github.com/novoalab/SeqTagger
https://github.com/nanoporetech/modkit
https://github.com/novoalab/ONT_basecalling_models/tree/main/ref/annotations
https://www.phylopic.org/
https://github.com/novoalab/ONT_basecalling_models/tree/main/
https://github.com/nanoporetech/dorado
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
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Systematic benchmarking of modification-aware 

RNA basecalling models with synthetic sequences 

We first examined the performance of dorado ONT models
on datasets with known ground truths and defined per-site
modification stoichiometries. More specifically, we employed
synthetic RNA constructs, known as ‘curlcakes’ originally de-
scribed in [ 38 ], which cover all possible 5-mer sequences ( n
= 1024) in multiple copies (median = 10) while minimizing
RNA secondary structure. These constructs have been widely
applied both to evaluate the detection of diverse RNA mod-
ification types on the DRS platform [ 19 , 48 ], and to train
modification-detection algorithms [ 19 , 23 , 49 , 50 ]. 

‘Curlcake’ constructs were produced with either canonical
nucleobases (A, C, G, or U), acting as the unmodified control,
or with one modified nucleobase at a time, including those
for which modification-aware basecalling models have been
trained (m6 A, m5 C, and �), and for four RNA modification
types for which there are currently no tailored models avail-
able (hm5 C, ac4 C, m1 �, and m5 U). Highly multiplexed DRS
libraries of synthetic modified and unmodified controls were
sequenced in triplicates on a PromethION flowcell (Fig. 1 A).
The raw sequencing data were then basecalled with either
of the four modification-aware basecalling models using the
MasterOfPores nextflow workflow ( Supplementary Fig. S3 A
and B) [ 51 ], where the model choice was defined by its refer-
ence base: (i) m6A_DRACH model: constructs modified with
m6 A (at varying concentrations); (ii) inosine_m6A model:
constructs modified with m6 A (at varying concentrations);
(iii) pseU model: constructs modified with � (at varying con-
centrations), m1 �, or m5 U; and (iv) m5 C model: constructs
modified with m5 C, hm5 C or ac4 C. Finally, per-read modifi-
cation probabilities and per-site modification stoichiometries
were extracted using ONT modkit software ( https://github.
com/nanoporetech/modkit ) (Fig. 1 B) using default parameters
(see also the ‘Materials and methods’ section). 

We first evaluated the performance of each model in
identifying their designated RNA modification compared to
their unmodified counterpart. In the case of m6 A detection,
both the ‘all-context’ model (inosine_m6A) and the ‘context-
aware’ model (m6A_DRACH) were examined. We should
note that the latter restricts its predictions to the mammalian
m6 A modification consensus motif DRACH (D = A/G/U,
R = A/G, and H = A/C/U). We then extracted per-read modi-
fication probabilities across all possible 5-mers, finding that
the models globally yielded median modification probabili-
ties ranging from 0.83 (m5 C model) to 0.96 (m6A_DRACH
model). Thus, performance varied strongly depending on the
model, with the m5 C model being the one reporting the
overall lowest modification probabilities at the per-read level
(Fig. 1 C). 

To quantitatively assess these differences, we then cal-
culated the performance of each model at per-read level,
and built receiver operating characteristic (ROC) curves for
each model (Fig. 1 D). All models showed accurate predic-
tions globally (ROC-AUC = 0.93–0.97), with the m5 C model
demonstrating the lowest area under the curve (AUC) val-
ues. Interestingly, we found highly comparable performance
of the ‘all-context’ (inosine_m6A) and the ‘context-aware’
model (m6A_DRACH) when restricting the sequence con-
text of the former to the DRACH motif, suggesting that the
drop in performance observed for the ‘all-context’ model
stems from the larger sequence space it is capable to cover
(Fig. 1 D). 
Modification-aware basecalling models show 

cross-reactivity against non-target modifications 

Current ONT modification-aware basecalling models are 
trained to identify a given modified base against its canoni- 
cal counterpart (e.g. m6 A versus A). However, whether these 
models cross-react with other similar chemical marks that also 

exist on the same nucleobase remains unexplored. To investi- 
gate the potential cross-reactivity of ONT models, we exam- 
ined their performance on m1 �- and m5 U-modified sequences 
(for the pseU model), and on hm5 C- and ac4 C-modified se- 
quences (for the m5 C model). This analysis revealed sub- 
stantial cross-reactivity of both models against other modi- 
fied bases (Fig. 1 C and D). Indeed, the pseU model strongly 
cross-reacted with m1 � modifications (AUC = 0.92), with 

near-identical AUC values to those obtained against the pri- 
mary target, pseudouridine (AUC = 0.95), suggesting that 
this model cannot distinguish the two modification types. Of 
note, for most in vivo analyses, this should still be tolera- 
ble, as m1 � is a lowly abundant RNA modification occurring 
on few RNA biotypes, such as archaeal transfer RNAs [ 52 ].
Additionally, this cross-reactivity could be exploited for ex- 
amining the quality of mRNA vaccine candidates, which are 
largely generated using m1 � modifications [ 53 ], without the 
need of m1 �-specific models. By contrast, m5 U cross-reacted 

to a lesser extent, yet still significantly better than random 

(AUC = 0.70). Similar results were observed when examin- 
ing the cross-reactivity of the m5 C model towards its hydrox- 
ylated version hm5 C (AUC = 0.78) and ac4 C (AUC = 0.64) 
(Fig. 1 D). We should note that in the case of m5 C and hm5 C,
this cross-reactivity could potentially lead to misinterpreta- 
tions on in vivo data, where the two modifications are known 

to carry out different functions [ 54 ]. Together, these results 
demonstrate that current modification-aware basecallers ex- 
hibit substantial cross-reactivity towards chemically related 

RNA modifications, even after controlling for neighbouring 
modified sites. 

Evaluation of model performance in biologically 

representative non-balanced datasets 

The prevalence of RNA modifications in benchmarking 
datasets often does not reflect their true biological occurrence.
Benchmarking datasets used to assess model performance are 
typically constructed using perfectly balanced datasets (i.e.
50% modified reads and 50% unmodified reads). However,
the estimated frequency of m6 A, �, and m5 C modifications in 

mRNAs is estimated to range from 0.1% to 0.6% [ 55 , 56 ].
Therefore, evaluation of RNA modification detection models 
should be conducted using non-balanced datasets, which more 
accurately represent the biological conditions, and would pro- 
vide a more realistic assessment of the true FP rate that would 

be observed in biological scenarios. 
To this end, we generated in silico mixes from our fully 

modified and unmodified samples at different proportions,
obtaining mixes that ranged from perfectly balanced (ratio 

modified/unmodified = 0.5) to highly unbalanced ‘biological- 
like’ scenarios (ratio modified/unmodified = 0.001) (Fig. 1 E 

and Supplementary Fig. S4 ). Our results showed a consis- 
tent decrease in precision and recall with decreased balanc- 
ing of the dataset across all models. This demonstrates that 
ONT models show excellent performance in perfectly bal- 
anced datasets (Fig. 1 D); however, their FP rate dramati- 
cally increases when the RNA modification frequency of the 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://github.com/nanoporetech/modkit
https://www.academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
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Figure 1. Systematic evaluation of prediction accuracy and cross-reactivity in modification-aware basecalling models using synthetic sequences. ( A ) 
Schematic representation of the experimental setup used to systematically benchmark modification-aware basecalling models. Synthetic ‘curlcake’ 
constructs, which contain all possible 5-mer combinations ( n = 1024), were generated for a subset of RNA modifications (m6 A, m5 C, hm5 C, ac4 C, �, 
m1 �, and m5 U), including their unmodified counterpart (UNM) and sequenced with the SQK-RNA004 kit in a highly multiplexed fashion using a single 
flowcell. All constructs were basecalled using dorado modification-aware basecalling models (m6A_DRACH, inosine_m6A, pseU, and m5 C). ( B ) 
Schematic representation of the information provided by modification-aware basecalling models (e.g. single modification m6 A-aware model). First, the 
model assigns a probability for each read and position of either being modified (e.g. p_m6A) or unmodified (e.g. p_A). Subsequently this information can 
be collapsed into a per-site prediction using modkit , considering a threshold that is calculated per sample (default = 10th percentile). Positions that are 
below the threshold are excluded from per site analysis (e.g. p_m6A and p_A of read 5 are below the threshold and therefore excluded). ( C ) Per-read 
modification probabilities reported for each model on fully modified and unmodified sequences. The vertical dashed line represents the median 
predicted modification probability for the target modification (expected = 100%). ( D ) ROC curves based on per-read modification probabilities for each 
model. The DRACH motif corresponds to D = A/G/U, R = A/G, and H = A/C/U; N indicates any canonical nucleotide (A/C/G/U). AUC values are provided 
in brackets. ( E ) Precision–recall (PR) curves based on per-read modification probabilities obtained at different levels of the target modification prevalence 
(0.5–0.001). PR-AUC values are indicated in brackets. See also Supplementary Fig. S4 for equivalent plots excluding modified bases in the 5-mers, aside 
from the central position (e.g. BBABB for m6 A, where B = C/G/T). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
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benchmarking dataset is reflective of that found in in vivo
datasets ( Supplementary Fig. S5; see also Supplementary Table
S5 ). For example, the m6A_DRACH model showed an AUC
in the precision-recall curve (AUC-PR) of 0.91 for a balanced
dataset (0.5), whereas this model dropped its AUC-PR to 0.09
when using a highly imbalanced dataset (0.001) (Fig. 1 E).
Notably, even at the very stringent modification probability
threshold of 0.99, the proportion of FPs for balanced datasets
(ratio = 0.5) was 0.2%–0.3% depending on the model, and
this value increased to 63.6%–73.1% when using the most
unbalanced design (ratio = 0.001), which in fact resembles
the m6 A abundance in vivo ( Supplementary Fig. S5; see also
Supplementary Table S5 ). Thus, our results demonstrate that
highly stringent modification probability thresholding is not
sufficient to remove FPs, as under these conditions, the ma-
jority of predicted sites in highly unbalanced datasets (ratio =
0.001) represented FPs. 

K -mer specific biases of modification-aware 

basecalling models 

Current ONT basecalling models have been trained with
synthetic oligonucleotides in which the modified base is
surrounded by a degenerate sequence, with the exception
of the m6A_DRACH model, which was trained on degen-
erate oligonucleotides that in the 5-mer region contained
the DRACH sequence. For this reason, all models except
m6A_DRACH should in principle detect RNA modifications
in all sequence contexts. However, whether modifications will
be predicted accurately across all sequence contexts has not
been systematically benchmarked. Notably, previous works
have shown that the alteration of the current signal relative
to the unmodified counterpart varies depending on the se-
quence context [ 19 , 57 ], suggesting that modifications embed-
ded in certain k -mer contexts might be better predicted than
others. 

To examine the potential k -mer preference for detecting
RNA modifications of each model, we calculated the median
modification probability for each 5-mer containing a single
central modified base ( n = 81), finding that certain k -mers
were underrepresented, reflected by lower median modifica-
tion probabilities (Fig. 2 A). Next, we performed motif enrich-
ment analysis on those 5-mers whose modification probabil-
ities were lower than 0.75 (see the ‘Materials and methods’
section), revealing that certain sequence contexts are indeed
especially problematic for the detection of modifications. For
example, A/U-rich contexts were troublesome for the m5 C
model, whereas GC-rich contexts showed decreased modifi-
cation probabilities for detecting � modifications (Fig. 2 B).
Troublesome k -mers (Fig. 2 B, shown in blue) showed mod-
ification probabilities profiles that were significantly differ-
ent from those observed in non-troublesome k -mers (Fig 2 B,
shown in red). This demonstrates that the use of fixed mod-
ification probability cut-offs, which is currently becoming a
standard in the field [ 58 , 59 ] will lead to biased representa-
tions of modified k -mers. 

Modification stoichiometry is underestimated by 

modification-aware basecalling models 

Next, we examined the ability of modification-aware basecall-
ing models to make correct predictions in terms of the relative
amount of molecules that are modified at a given position, also
referred to as percent modified or modification stoichiometry.
To examine the accuracy of the models at predicting modifi- 
cation stoichiometry, we built ‘curlcake’ constructs that con- 
tained different proportions of modified NTPs (0%, 12.5%,
25%, 50%, 75%, and 100%), and used the ONT modkit tool 
with default parameters to extract per-site modification levels 
(see the ‘Materials and methods’ section). 

Our results revealed that all models systematically un- 
derestimated the stoichiometries present in the sample, with 

models predicting a median modification stoichiometry of 
72.2%–87.2% for samples that were 100% modified, and 

with high variance in modification stoichiometry across k - 
mers (Fig. 2 C). We should note that the observed stoichiom- 
etry values will vary depending on whether the future user 
is only interested in a subset of k -mer sequence contexts. Of 
note, these results were obtained using default modkit param- 
eters, which do not apply fixed per-read modification proba- 
bility cut-offs in the data. In this regard, the use of fixed per- 
read modification probability cut-offs (e.g. modification prob- 
ability > 0.95, which are being adopted by the community as 
a means to remove FPs [ 59 , 60 ]) will lead to increased under- 
estimation of modification stoichiometries. 

Benchmarking of modification-aware basecalling 

models on in vivo total RNA samples 

We then evaluated the performance of the models on rRNA 

sequences from E. coli and S. cerevisiae for which accurate 
maps of rRNA modifications exist [ 61 , 62 ]. For each species,
total RNA was extracted and in vitro polyadenylated, pre- 
pared with standard DRS library preparation, and basecalled 

using either the pseU or m5 C model (Fig. 3 A). Our results 
showed that the estimates of modification stoichiometry were 
highly replicable across biological replicates in both species 
( R2 = 0.976–0.993) (Fig. 3 B). However, we should note that 
a significant proportion of rRNA-modified sites identified 

were lowly modified ( < 25%) albeit most sites are expected 

to be fully modified based on previously published liquid 

chromatography-tandem mass spectrometry (LC–MS/MS) ex- 
periments [ 62 , 63 ]. This underestimation is also in agree- 
ment with our previous observations using synthetic RNAs 
(Fig. 2 C). 

Next, we examined whether the sites predicted by the pseU 

and m5 C models overlapped with annotated � and m5 C sites,
respectively (Fig. 3 C and D). Indeed, we observed that a signif- 
icant proportion of predicted � sites (31% in yeast and 21% 

in E. coli ) overlapped with annotated � sites; however, several 
sites containing other modification types (e.g. Um and m5 U) 
were also captured by the pseU model and thus were mispre- 
dicted as �-modified sites (Fig. 3 C). In addition, a significant 
proportion of unmodified sites (66% in yeast and 74% in E.
coli ) were incorrectly predicted as modified. Similarly, the m5 C 

model captured the two annotated m5 C modified sites in yeast,
and two out of three in E. coli , but also a vast proportion of 
FPs, which included both Cm-modified and unmodified sites 
(Fig. 3 D). 

In terms of accuracy, most of the high-modification stoi- 
chiometry sites were correctly identified by the models (true 
positives), and these were top-ranked in terms of modification 

stoichiometry, leading to very high AUC-ROC values (AUC- 
ROC: 0.920–0.999), but more modest AUC-PR values (AUC- 
PR: 0.21–0.90) ( Supplementary Fig. S6 ). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
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Figure 2. K- mer-specific biases of modification-aware basecalling models and stoichiometry estimates. ( A ) Barplot representing the median modification 
probability of single centrally modified 5-mers for the m6A_DRACH (KGACY, where K = G/T and Y = C/T, n = 4), inosine_m6A (BBABB, where B = 

T/C/G, n = 81), pseU (VVTVV, where V = A/C/G, n = 81), and m5 C models (DDCDD, where D = A/G/T, n = 81). ( B ) Enriched motifs relative to the 
background distribution of k -mers (see the ‘Materials and methods’ section) and corresponding density plots of modification probabilities for k -mers with 
a median modification probability < 0.75. ( C ) Boxplots representing the predicted stoichiometry levels per position across a range of six modification 
levels (0%, 12.5%, 25.0%, 50.0%, 75.0%, and 100.0% of modified NTP used in each IVT). Median values are indicated below each boxplot with n 
representing the sample size. 

 

a  

�  

a  

t  

m  

t  

t  

b

 

 

 

 

 

 

Altogether, our results show that in vivo , modification-
ware basecalling models are able to capture highly modified
- and m5 C-modified sites, but at the expense of a substantial

mount of FPs, including other modification types for which
he models cross-react with (e.g. Um, m5 U, Cm) as well as un-
odified sites that are mispredicted as modified, suggesting

hat there is a strong need for external fully unmodified con-
rols to remove FP predictions when using modification-aware
ase-calling models. 
 

Removal of false positives using modification-free 

synthetic matched controls 

Previous works have proposed the use of modification-free
control datasets, often generated via IVT, to remove FP pre-
dictions in epitranscriptomic studies [ 64 , 65 ]. We therefore ex-
amined whether these constructs would allow flagging mis-
predicted sites reported by modification-aware basecalling
models. To this end, we sequenced both native and IVT
control rRNA molecules from E. coli , Mus musculus , and
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Figure 3. Performance of pseU and m5 C modification-aware basecalling models on S. cerevisiae and E. coli rRNAs. ( A ) Schematic representation of the 
experimental setup to benchmark modification-aware models in in vivo samples. Total RNA from S. cerevisiae and E. coli was extracted and cleaned, in 
vitro polyadenylated, prepared for DRS using SQK-RNA004 kits. The samples were then basecalled using either N5-methylcytosine (m5 C) or 
pseudouridine (pseU) modification-aware models (see the ‘Materials and methods’ section) in dorado. Modification information was extracted using the 
modkit software, developed by ONT. ( B ) Scatterplot depicting the predicted modification stoichiometry (% modified) using either the pseU or m5 C 

models, in either S. cerevisiae or E. coli rRNA, respectively. ( C , D ) Histogram depicting the modification stoichiometry for each of the predicted modified 
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the modification frequency threshold used to identify a site as modified was 10%. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Homo sapiens . We focused on detecting m6 A, �, and m5 C,
which have been reported in rRNAs of all three species [ 63 ,
66 ], and basecalled our samples with the inosine_m6A, pseU,
and m5 C model comparing predicted modification frequen-
cies in native and unmodified control samples (Fig. 4 A, see
also the ‘Materials and methods’ section). Our results re-
vealed that a significant proportion of modifications predicted
in native rRNA samples were also predicted in the IVT se-
quences, confirming that IVT controls can be useful for the
removal of FP predictions ( Supplementary Tables S6 –S8 ). No-
tably, replicability of the predictions in the IVT sequences was
very high (Pearson’s r = 0.88–0.99), suggesting that these false
predictions are not random but rather systematic, and pos-
sibly related to the sequence context itself ( Supplementary
Fig. S7 ). Importantly, these findings demonstrate that high
reproducibility in predicted modification stoichiometry at a
given site does not guarantee that the site represents a true
modification. 

We then examined whether the use of IVT controls would
eliminate all FPs identified in native RNA sequences. To this
end, we compared the predicted stoichiometry of native and
IVT samples basecalled with each of the three models (Fig. 4 B;
see also Supplementary Tables S6 –S8 ). We found that, while 
most of the FP sites were predicted in both native and IVT—
i.e. those found on the diagonal (Fig. 4 B)—several FP sites 
were only detected in the native sample. Upon closer exam- 
ination, we observed that some FP sites exclusively found in 

native samples corresponded to cross-reactivities against mod- 
ifications affecting the same nucleobase (e.g. m3 � in the case 
of pseU model) (Fig. 4 B and C, and Supplementary Fig. S8 ),
in agreement with our previous observations using synthetic 
RNA molecules (Fig. 1 ). Moreover, we identified a third class 
of FP sites, which corresponded to unmodified residues that 
had an RNA modification neighbouring them, which we refer 
to as ‘adjacent modification’ [e.g. dihydrouridine (D) residues 
predicted as m6 A modifications by the inosine_m6A model,
or Cm 

and m6 
2 A mispredicted as m5 C modifications by the 

m5 C model] (Fig. 4 B and C, and Supplementary Fig. S8 ).
Altogether, our analysis reveals that there are at least three 
classes of FP predictions when using modification-aware mod- 
els: (i) systematic FP sites that also occur in unmodified se- 
quences that can largely be removed using IVT controls; (ii) FP 

sites caused by cross-reactivity with other RNA modifications 
(e.g. m5 U modifications being called as � modifications); and 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
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Figure 4. Modification-free controls are essential to remove FPs predicted by modification-aware basecalling models. ( A ) Schematic representation 
showing the generation of in vitro transcribed control samples from the total RNA of three species ( E. coli , M. musculus , and H. sapiens) , followed by 
multiplexed sequencing and pairwise comparisons of the basecalled data using either the inosine_m6A, pseU, or m5 C model. ( B ) Scatterplots 
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(iii) FP sites caused by neighbouring RNA modifications in
other reference bases (e.g. D close to an unmodified A, lead-
ing to mispredicting the A as m6 A). 

Finally, we quantitatively examined how many FPs would
be removed from rRNAs after applying a double thresh-
old, requiring a minimum modification frequency on the na-
tive samples ( > 10%) as well as maximum modification fre-
quency on the IVT samples ( < 5%). While the use of these
thresholds remove a significant proportion of FP predictions
in all three tested models, our results also highlight that a
large proportion of mispredicted modified sites remained.
More specifically, we found that ∼55%–58% (inosine_m6A
model), ∼26%–32% (pseU model), and ∼38%–58% (m5 C
model) of unmodified sites were still being mispredicted in
rRNA molecules, even after excluding sites reported in IVT
molecules (Fig. 4 D). Notably, in the case of H. sapiens we ob-
served a higher median modification stoichiometry for sites
with neighbouring modifications than those having a differ-
ent modified nucleotide from the target one, suggesting that
neighbouring modifications, even when found at different
bases, can be a major confounder when using modification-
aware basecallers, causing the neighbouring unmodified base
to be predicted as modified ( Supplementary Fig. S8 ). Alto-
gether, these results show that IVT samples are an essential,
yet insufficient, control to remove FP predictions made by
modification-aware basecalling models. 

Identification of modifications in the absence of 
modification-aware basecalling models 

While modification-aware basecalling models open the possi-
bility to identify modifications in individual molecules, this ap-
proach is only applicable to a handful of RNA modifications
for which a model is currently available. Therefore, most RNA
modifications described to date [ 66 ] cannot be identified using
modification-aware basecalling models, leaving the majority
of RNA modification types unidentified in DRS datasets. To
address this, here we examined whether previous approaches,
such as the use of ‘systematic basecalling errors’ [ 10 , 14 , 17 ,
19 , 34 ], and altered current intensity features (e.g. signal inten-
sity and dwell time) [ 13 , 19 , 23 ] can be employed to identify
RNA modifications using the SQK-RNA004 chemistry. 

Previous works have shown that basecalling ‘error’ pat-
terns are significantly affected by the choice of canonical
model used to basecall the reads [ 27 , 48 ]. Therefore, we
first examined whether the different canonical models re-
leased for dorado ( fast , hac , and sup ) would capture differ-
ent RNA modification types, using synthetic ‘curlcakes’ se-
quenced with the SQK-RNA004 chemistry (Fig. 5 A; see also
←−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
snapshots of FP predicted sites highlighted in panel (B), depicting the predicted
two IVT (light grey) replicates. Top: canonical A mispredicted as m6 A due to the
Middle: m3 � at position 1914 (23s) mispredicted as pseudouridine ( �). Bottom
2497 (23s), and m6,2 A at positions 1849–1850 (18s). Tracks were scaled to a ma
average modification probability with the height of the bar representing the pre
positives and FPs in rRNA sequences, when using each of the three basecallin
referred to as ‘unfiltered’ (top panels); these sites were then filtered to only pre
RNA sample (middle panels), and finally sites were further filtered to only keep
(bottom panels). Results are shown for rRNAs from E. coli (eco), M. musculus (
pseU (orange), and m5 C (yellow), for each of the basecalling models used, resp
the same nucleobase (green), e.g. Cm for the m5C model, (ii) unmodified sites
neighbouring an m6,2 A site for the m5 C model, and (iii) unmodified bases (show
to FP predictions (green + magenta + grey) are indicated within each bar. See 
each model (inosine_m6A, pseU, and m5 C), respectively. 
Supplementary Table S9 ). Our results demonstrate that the 
fast model generates highest global ‘error’ rates, compared 

to hac and sup models at unmodified sites (Fig. 5 B). More- 
over, all RNA modifications could be detected in the form 

of basecalling ‘errors’ across all models. However, these ‘er- 
rors’ were significantly decreased in the case of �, m5 C, and 

m6 A modifications both in hac and sup models, with their er- 
ror rate being close to the background error rate of the un- 
modified bases (Fig. 5 B), suggesting that these modifications 
have likely been included in the training of ‘canonical’ models 
(i.e. the canonical hac and sup models have learnt to basecall 
‘m6 A’ as ‘A’). By contrast, ac4 C, m1 �, and m5 U modifications 
produced high basecalling ‘errors’ compared to their unmodi- 
fied counterparts ( �SumErr), confirming that base-calling ‘er- 
rors’ can be used to detect RNA modifications for which no 

modification-aware basecalling model exists (Fig. 5 C). 
Next, we examined whether the ‘error’ pattern would be 

centered in the modified site, or in a neighbouring position.
To this end, we aggregated the �SumErr from all 5-mers, and 

examined their ‘error’ patterns along each position of the 5- 
mer (with 0 corresponding to the modified site) (Fig. 5 D). Our 
results show that, globally, most RNA modifications showed 

‘error’ patterns at the modified site (pos 0), whereas m5 C and 

hm5 C showed increased errors at the neighbouring position 

( + 1), in agreement with what had been previously observed 

with SQK-RNA002 chemistry [ 19 , 48 ]. While the fast model 
produced the highest ‘error’ signal ( �SumErr) for most RNA 

modification types, we should note that this was not the case 
for ac4 C modifications (Fig. 5 B–D), suggesting that if future 
users are interested in identifying this modification type, hac 
models will likely better capture their signal. 

Finally, we sequenced total RNA from E. coli wild type and 

KO strains lacking specific rRNA modifications at known po- 
sitions: rsmA KO (m6,6 A at 16S:1518 and1519), rsmG KO 

(m7 G at 16S:527), rsmD KO (m2 G at 16S:966), and rsmE 

(m3 U at 16S:1498) (see the ‘Materials and methods’ section) 
(Fig. 6 A; see also Supplementary Table S10 ). We then exam- 
ined how these RNA modifications would be detected in the 
form of ‘errors’ using by comparing the basecalling ‘error’ pat- 
terns of wild type and KO samples, as well as in the form of al- 
tered current features (signal intensity and dwell time) (see the 
‘Materials and methods’ section). Our results showed that all 
four modification types examined could be robustly identified 

in the form of basecalling errors ( �SummedError), alterations 
in current intensity ( �Signal Intensity), as well as alterations 
in dwell time ( �Dwell Time) (Fig. 6 B). Thus, we conclude that 
classical approaches relying on pairwise comparisons remain 

an effective approach to identify differential RNA modifica- 
tions by direct comparison of the features from two samples,
−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
 modification stoichiometries at these sites in two native (dark grey) and 
 presence of dihydrouridine (D) at position 2449 ( E. coli 23s rRNA). 
: canonical C mispredicted as m5 C due to the presence of Cm at position 
ximum coverage of 500 reads. Each position is coloured based on the 

dicted stoichiometry. ( D ) Barplots depicting the relative fractions of true 
g models (inosine_m6A, pseU, and m5 C). Predictions given by modkit are 
serve sites for which the modification frequency was > 10% in the native 
 sites for which the native modification frequency > 10% and IVT < 5% 

mmu), and H. sapiens (hsa). True positives are shown as m6 A (purple), 
ectively. FPs have been subdivided into: (i) other modifications affecting 
 adjacent to other RNA modification types (purple), e.g. unmodified C 

n in grey). The percentages of predicted modified sites that correspond 
also Supplementary Tables S6 –S8 for modkit predictions on rRNAs using 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
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canonical basecalling models. ( C ) Comparative analysis of the differential summed error ( �SumErr) for each RNA modification type examined, calculated 
by subtracting the ‘error’ signal obtained at modified and unmodified sites, for each possible 5-mer sequence. ( D ) Analysis of the position at which the 
‘error’ signature is found, for each RNA modification type ( �, m6 A, m5 U, m5 C, m1 �, ac4 C, and hm5 C) and canonical basecalling model ( fast , hac , sup ). 
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n agreement with previous observations obtained using the
QK-RNA002 chemistry [ 44 ]. 

iscussion 

he emergence of native RNA sequencing has enabled the
ossibility to simultaneously examine diverse RNA modifica-
ions in full-length reads, with single-nucleotide and single-
olecule resolution [ 27 , 67 , 68 ]. This has been greatly ad-

anced by the appearance of modification-aware basecall-
ng models, which allow the detection of RNA modifications
uring the basecalling step [ 28 ]. Following initial attempts
y the scientific community [ 27 , 31 , 32 , 50 ], in September
024, ONT released several modification-aware basecalling
odels for a handful of RNA modification types (m6 A, I, �,

nd m5 C) ( https://github.com/nanoporetech/dorado/releases ).
owever, systematic assessment of their performance, cross-

eactivity, and false-discovery rates have only recently begun
 60 , 69–73 ]. 

Here, we systematically evaluated the performance of
odification-aware ONT basecalling models using a panel of

ynthetic constructs covering all possible 5-mers, and contain-
ng diverse RNA modification types, including both cognate
nd non-cognate RNA modifications to the models in ques-
ion, as well as on in vivo and IVT samples from E. coli , S . cere-
isiae , M. musculus , and H. sapiens . Our results demonstrate
hat modification-aware base-calling models capture most an-
otated modified sites (true positives), but mispredict a signif-
cant number of sites as modified, leading to 50%–100% FPs
(relative to total positives predicted), depending on the base-
calling model (Figs 3 and 4 D). While we demonstrate that IVT
controls can significantly reduce the number of FPs (Fig. 4 ),
a large proportion of incorrectly predicted sites still remain
after a double filtering step (Fig. 4 ). These potential mispre-
dictions could lead to incorrect conclusions when interpreting
the biological results, and could further increase controver-
sies in the RNA modifications field, specially in scenarios in
which the existence of RNA modifications in certain RNA
biotypes has been questioned [ 65 , 74 , 75 ]. Therefore, cau-
tion must be taken when interpreting the results to acquire
novel biological insights of previously uncharacterized RNA
species. 

Recent studies have begun to apply highly stringent per-
read modification probability thresholds (e.g. mod_prob
≥0.98–0.99) to reduce FP predictions made by modification-
aware basecalling models [ 59 , 60 ]. Although this approach
effectively lowers the number of FPs, it does so at the cost
of discarding a substantial proportion of true positives. Fur-
thermore, our analysis shows that stringent filtering alone is
insufficient to remove FPs in highly imbalanced datasets, such
as those typical of in vivo conditions ( Supplementary Fig. S5 ),
where modified sites occur at much lower frequencies than un-
modified sites. Under these non-balanced conditions, we find
that the proportion of FP predictions relative to all predictions
(FP/P), ranges from 63.6% to 73.1%, depending on the model,
even when using highly stringent modification probabilities
(mod_prob > 0.99) ( Supplementary Table S5 ). These findings
highlight the need for caution when using such models for

https://github.com/nanoporetech/dorado/releases
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag349#supplementary-data
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Figure 6. Prediction of RNA modifications using differential basecalling errors and alterations in raw nanopore current features in the SQK-RNA004 
chemistry. ( A ) Schematic representation depicting the workflow used to analyse E. coli wild type and KO strains. Modifications placed by the indicated 
enzymes, for which not modification-aware basecallers exist to-date, are shown in brackets. ( B ) Per-position differential modification Z -scores along the 
16S rRNA transcript, comparing the modification profiles of E. coli wild type and each KO strain. For each pairwise comparison, the differential 
modification profiles were obtained by computing: (i) �Summed Error (green), computed using EpiNano ; (ii) �Signal intensity (orange), using 
NanoRMS4 , and (iii) �Dwell Time (brown), using NanoRMS4. The expected differentially modified site for each pairwise comparison is highlighted with 
a red asterisk. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

de novo RNA modification discovery, as stringent probability
filtering alone is insufficient to control for FP predictions. 

There is a growing consensus about the need to incorporate
modification-free transcriptome-wide in vitro controls (IVT)
as negative controls to improve the accuracy of RNA mod-
ification predictions [ 27 , 35 , 64 ]. This is true not only for
nanopore-based approaches [ 34 , 65 , 76 ], but also for meth-
ods coupled to next-generation-sequencing [ 64 , 77 ]. Incor-
porating such controls will likely become routine practice
in most laboratories doing RNA modification analyses. We
should note, however, that in our study we identify three main
sources of FPs predicted by modification-aware basecalling
models, some of which cannot be removed using IVT con-
trols: (i) those inherent to the k -mer context, which can largely
be removed using IVT controls (Fig. 4 B); (ii) those caused by
cross-reactivity with other RNA modification types that exist
at the same reference base, which cannot be removed with IVT
controls—but could be potentially removed in the future once
modification-aware basecalling models for additional modifi-
cations become available—(Figs 1 and 4 B and C); and (iii) 
those caused by cross-reactivity with other RNA modification 

types present at neighbouring positions, causing mispredic- 
tion of a modified residue at an unmodified site (e.g. m6,6 A 

neighbouring an unmodified C, leading to m5 C misprediction 

by the m5C model) (Fig. 4 C). Notably, this latter type of FPs 
will remain even if modification-aware models incorporate ad- 
ditional modifications. This can significantly limit the appli- 
cability of modification-aware base-calling models in highly 
modified RNA biotypes, such as tRNA, rRNA or synthetic 
RNA constructs. 

In this study, we employ ‘curlcake’ synthetic constructs,
which encompass all possible 5-mer sequences, to benchmark 

basecalling models across all 5-mer sequence contexts. No- 
tably, hac and sup models trained for the current RNA chem- 
istry (SQK-RNA004) operate with a broader 9-mer signal 
window. However, recent work has shown that lightweight 
5-mer models trained on SQK-RNA004 data achieve sim- 
ilar performance in terms of accuracy and modification 
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etection relative to their larger 9-mer counterparts, indicat-
ng that the majority of informative signal in SQK-RNA004
ata remains concentrated within a 5-mer window [ 78 ]. Con-
istent with this observation, previous studies reported mini-
al differences between read signals produced by newer (9-
er) and earlier (5-mer) RNA chemistries [ 79 ]. Taken to-

ether, these findings suggest that restricting the analysis to
 5-mer context captures the majority of signal variability
equired for robust evaluation of basecalling model perfor-
ance. 
Finally, in addition to systematic benchmarking of dorado
odification-aware models, our study provides a novel de-
ultiplexing model that allows sequencing up to 96 sam-
les in a single flowcell using the latest SQK-RNA004 chem-
stry. Training such a model was crucial to allow for the
ost-efficient sequencing of over a hundred distinct samples
 Supplementary Table S2 ) which were required to systemati-
ally benchmark the models across RNA modification types,
toichiometries and RNA biotypes. We should note that ONT
ecently announced the availability of DRS multiplexing kits
n the near future; however, to date commercial multiplex-
ng kits remain unavailable. Community-driven efforts have
o far addressed this limitation and have developed accurate
lgorithms and models compatible with the newest chemistry
 39 , 46 ]. Notably, the possibility to multiplex up to 96 bar-
odes in a single flowcell does not only improve the cost-
ffectiveness of DRS sequencing, but also facilitates the inclu-
ion of modification-free control samples, such as IVT condi-
ions, which we demonstrate are essential to remove a signif-
cant proportion of FP predictions when using modification-
ware basecalling models. 
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