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Abstract

Background The characterisation of circulating nucleic acid biomarkers in liquid biopsy
baseddiagnostics holdsgreat potential to transform the landscapeof early cancer detection
and screening. These tests are increasingly incorporating information beyond the primary
sequence, to include epigenetic, fragmentomic, and other chemical properties to boost
performance. Chemicalmodifications of RNAoffer a rich, and currently underutilised source
of biomarker signal. We aimed to develop a single-molecule method to profile 2′-O-
methylation of a ribosomal RNA fragment previously linked to lung cancer, and to evaluate
its diagnostic value in blood.
Methods We have designed a targeted capture strategy that ligates structure-guided
adapters to a ~22-nucleotide ribosomal RNA fragment to enable sequencing of native
molecules on a nanopore platform. Raw ionic-current signalswere used to train and validate
machine-learning classifiers to detect methylation states of synthetic oligonucleotides and
cell culture derived ribosomal RNA fragments. Finally, we applied these methods to liquid
biopsy samples collected from a 43-patient cohort of individuals undergoing investigation
for suspected lung cancer.
ResultsHerewe show that singlemolecules of the target fragment are sequenced, and their
methylation states canbeaccurately (92%)andquantitatively (Pearson r = 0.997)measured.
In clinical liquid biopsy samples, it reveals a differential pattern of methylation in lung cancer
that yields a diagnostic classifier with an area under the receiver-operating characteristic
curve of 0.84.
Conclusions This approach enables direct, single-molecule methylation profiling of small
RNAs in blood and identifies a lung cancer–associated methylation pattern with diagnostic
potential. It is readily compatible with multi-modal liquid biopsy assays to enhance
performance.

Liquid biopsy is poised to transform cancer screening through the non-
invasive detection of cancer biomarkers such as circulating tumor DNA
(ctDNA)1,2, cell-free RNA (cfRNA)3–5, proteins6, and auto-antibodies7,8.
The analysis of DNA-based biomarkers has increasingly focused on
properties beyond the primary sequence, including epigenetic

modifications9,10, fragmentation patterns11, and end motifs12, to increase
the sensitivity and specificity of cancer detection. Similar epitran-
scriptomic characteristics, includingRNAmodifications, are beginning to
be recognised as potential cancer biomarkers13–16. Tools to explore the
diverse complexity of RNA modifications, including over one hundred
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Plain language summary

Blood tests for the early detection of cancer
show great promise. These rely on the
analysis of millions of molecules in the blood
and the detection of differences that indicate
the presence of cancer. RNA molecules are
typically assessed by reading the letters of
their genetic code (A, U, C, G), however we
now realise that these letters can undergo
chemicalmodifications, akin tochangingtheir
font. We have built a method that can read
these molecules and identify their font using
artificial intelligence. We used this method to
investigate one RNA molecule in blood
samples and found a difference between the
fonts used in healthy compared to patients
with lung cancer. This method could add a
new layer to blood-based cancer tests and
may help us find lung cancer earlier.
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different modified bases17, may unlock a rich new source for biomarker
discovery.

Direct RNA sequencing (DRS) on the Oxford Nanopore (ONT)
platform enables such deep characterisation, by natively analysing single
RNA molecules, complete with all modifications intact18. This data is
captured as electrical current over time as an RNA molecule passes
through a nanopore and is translated to biologically relevant informa-
tion algorithmically. Ever-evolving machine-learning models have
brought about improvements in canonical basecalling accuracy from
~86%19 to ~97%20. Similar advances have occurred inmethods developed
for the detection of RNA modifications. Initially, comparative analyses
enabled the identification of site-level modifications using differences in
nanopore raw signal data between reference and modification-deficient
samples21–24. More recently, machine-learningmodels have been trained
for the single-nucleotide, single-molecule resolution detection of RNA
modifications, including m6A, m5C, and pseudouridine25–29. Such
techniques will further our understanding of the extent and role of RNA
modifications.

The ribosomal RNA (rRNA) represents a promising source of epi-
transcriptomic information, given that it is heavily modified at over 228
sites with 14 different modifications30–32. rRNA fragments (rRFs) can be

generated in a non-randommanner with functional importance33 and can
serve as small RNA biomarkers of cancer34. Here, we have focused on the
characterisation of a specific 22 nt lung cancer rRF (28S4014–4035) that can be
modified by 2′-O-Methylation (Nm) at two distinct sites (G7 and C19)
(Fig. 1a). We have developed methods for the targeted capture of this rRF
into aNanopore sequencing library and the algorithmic classification of its
Nm modification state. This constitutes the shortest RNA species suc-
cessfully sequenced to date on theONT platform, as well as the first single-
molecule characterisation of Nm methylation dynamics. We show that
targeted ONT sequencing of 28S4014–4035 in biological samples reflects
methylation-deficient mutant phenotypes and reveal lung cancer-
associated differential 28S4014–4035 Nm methylation patterns in cfRNA
from a clinical cohort. Together, we envision that this method will enable
the incorporation of small RNA modification measurements into multi-
omic biomarker development that can enhance the performance of liquid
biopsy tests.

Methods
Preparation of sequencing library adapters
Four different sets of single-stranded RNA and/or DNA oligonucleotides
were used (IDT, Coralville, IA):

Fig. 1 | A library preparation method for small RNA DRS. a Sequence of the rRF
28S4014–4035 (highlighted in yellow) within the context of the human 28S rRNA,
marking the Nm methylated positions. b Schematic of the library preparation
method, illustrating the capture of a target small RNA by ligation to specific 5′ and 3′

adapters, reverse transcription, ligation of ONT adapters and motor protein, and
finally sequencing. c Schematic overview of the DRS library structure, and IGV
snapshots demonstrating the mapping of small RNA DRS reads to their respective
references, and the impact of evolving adapter design.
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(1) Four different RNA oligonucleotides matching the sequence of
28S4014–4035. All of them contain a 5′-phosphate group, and they differ in
their Nm methylation (GC, GmC, GCm, GmCm).

(2) Dumbbell Oligo (5′ adapter) as an RNA oligonucleotide.
(3) Oligo A (part of 3′ adapter) is a single-stranded RNA andDNAhybrid

molecule with a 5′-phosphate group.
(4) Oligo B (3′ adapter and RT primer) is a single-stranded DNA

oligonucleotide, which was modified with LNAs in v2 and v3.

As described in the ONT DRS protocol, annealing buffer (10 mM
Tris-HCl, pH 7.5, 50 mM NaCl) was used to prepare the 3′ adapter
(1.4 µM final working concentration, mixing Oligo A and Oligo B). The
annealing buffer was also used to dilute the 5′ adapter to result in a
2.5 μM working concentration. Both adapters were incubated at 82 °C
for 2 min followed by a ramp down of 0.1 °C/s to 4 °C and stored
at −20 °C.

Direct RNA sequencing library preparation for synthetic
oligonucleotides
Four different RNA oligonucleotides matching the sequence of 28S4014–4035,
with different combinations ofNmmethylation (GC,GCm,GmC,GmCm)
used to trainAI classificationmodels, were sequenced onFlongle FlowCells
(R9.4.1). Libraries were prepared using a modified Flongle Direct RNA
Library preparation protocol35.

For the first RNA ligation, 0.025 μM of 28S4014–4035 synthetic oligo was
used for ligation with 0.5 μM of 5′ adapter (IDT), 5% Polyethyleneglycol
8000 (w/v) (Jena Bioscience GmbH), 1x RNA ligation buffer, 10 units of T4
Rnl2, 1 mM ATP, and 0.14 μM of the corresponding barcoded 3′ adapter.
The ligation mix was incubated at 37 °C for 60min with the lid heated to
45 °C, then at 16 °C for 2 h and 12 °C overnight. The previous adapter-
ligated RNA was used to continue with the reverse transcription step using
SuperScript III reverse transcriptase (Thermo Fisher Scientific, DE) as
described in the DRS protocol (adjusting the sample volume with nuclease-
free water as indicated in the DRS protocol).

After reverse transcription and heat inactivation, separately barcoded
samples were mixed. Using RNAClean XP beads (Beckman Coulter
Agencourt) at a beads:cDNA volume ratio of 2:1, cleanup proceeded as
described in theONT instructions forDRS. The beadswere eluted in 12.5 μl
of nuclease-free water, and the RMXAdapter ligation was prepared in ½ of
the recommended volumes indicated in the DRS protocol. The ligationmix
was incubated at room temperature for 20min.

Prior to continuing with the 2nd beads cleanup, we adjusted the liga-
tionvolume to40 μl andusedRNACleanXPbeads at a beads:cDNAvolume
ratio of 0.4:1 as described in the ONTDRS protocol. Finally, the library was
eluted in 7.5 μl of Elution Buffer (EB) andmixedwith 7.5 μl of nuclease-free
water and 15 μl of RNA Running Buffer (RRB) to prepare the final
library mix.

For loading the library into the Flongle Flow cell (R9.4.1), first we
slowly load amix of 117 μl Flush Buffer with 3 μl Flush Tether and then the
previously prepared library mix.

Nanopore sequencing
All samples were sequenced with default MinKNOW parameters for DRS
libraries prepared with the Direct RNA Sequencing Kit (SQK-RNA002),
ensuring that output bulk sequencing files in fast5 format were saved.
Subsequently, the playback feature of MinKNOW was used to replay the
bulk fast5 file using a custom short RNA config file (sequencing_-
MIN106_RNA_short.toml) to more efficiently segment and capture small
RNA reads36. These reads in fast5 format were used for further downstream
analysis and basecalling.

Nanopore data preprocessing
We first basecalled the raw fast5 data using the ONTGuppy basecaller and
rna_r9.4.1_70bps_sup model20, discarding reads with low quality (mean
read PHRED < 7). The remaining reads were mapped against a custom

reference (5′ adapter+ 28S4014–4035+ 3′ adapter) using the Burrows-
Wheeler Aligner37. Only reads mapping to the full-length library were
retained.

Rawdata associatedwith reads passing the aboveQC criteriawere next
split into a 5′ RNA segment and 3′ DNA segment based on the automated
identification of the RNA/DNA transition and characteristic current shift
using a dynamic programming algorithm for change point detection
(Ruptures38). Both segments were normalised using the Median Absolute
Deviation and scaled to a fixed length (10,000) through linear interpolation.
This is required as the raw current data varies in temporal granularity and
may not capture the exact beginning and end of the strand, so interpolation
approximates the data to a similar scale and enables a consistent input size
for deep learning models. Finally, we removed amplitude spikes from the
raw data by eliminating values that fall outside three standard deviations
from the median, replacing them with interpolated values from a linear
rolling window.

Nanopore data machine learning
We trained two ResNet-based 1D deep learning models on the normalised,
scaled raw datasets:
1. Predicting themodification status of the target RNA insert (28S4014–4035,

in either GC, GmC, GCm, or GmCm form).
2. Predicting the barcode within the DNA portion of the 3′ adapter

(barcode 1–6).

Preprocessing of the raw data was used to produce a dataset of equal-
length 1D signals (10,000 features per read) that was used for training the
twodeep learningmodels. For the two tasks of predictingmethylation status
and barcoding, we collected datasets of 190,891 and 255,759 reads,
respectively (Supplementary Tables 3 and 4). Both datasets were randomly
split into training (80%) and testing (20%) sets.

The two models have the same architecture, excluding the output
layer, but do not share any weights. The model architectures consist of
eight residual blocks, each comprising three 1D convolutional layers, fol-
lowed by batch normalisation and ReLU activation. As residual blocks,
their outputs are addedback to the input of the block. The channelwidth of
the convolutions increases from 20 in the first block to 67 in the last block,
across three steps. Before the first block, there is an additional 1D con-
volutional layer with 20 channels, followed by batch normalisation, ReLU
activation, and a pooling layer that reduces the temporal size of the input.
After the last block, the remaining temporal dimension is averaged to
produce an embedding vector of size 67. A linear classifier uses these
embeddings to output logits for each class of the specific training task.
Ignoring the size of the final classifier, bothmodels have 66785 parameters.
This architecture is based on the SquiggleNet architecture39. The cross-
entropy loss of themodels was optimised using the Adam optimiser with a
learning rate of 1e-2 and a batch size of 1024. Training was done until loss
convergence.

Cell lines and culture
HCC-827 human lung cancer cell line was obtained from the German
Collection of Microorganisms and Cell Cultures (DSMZ; No.: ACC 566)
and cultured at 37 °C with 5% CO₂ in RPMI (Thermo Fisher Scientific)
supplemented with 20% FBS (Thermo Fisher Scientific) and 1% Penicillin-
Streptomycin (Thermo Fisher Scientific).

Knockout generation
CRISPR/Cas9 was used to generate SNORD102 and SNORD75 single-
cell-colony knockouts from HCC-827 cells. Chemically modified
sgRNAs (IDT; Supplementary Table 7) and Cas9 ribonucleoprotein
(RNP; IDT) were incubated at a molar ratio of 2:1 (90–45 pmol) at room
temperature for 15 min. After complex formation, 80,000HCC-827 cells
were transfected using the 10 µl Neon Transfection Kit (Thermo Fisher
Scientific) with the following electroporation settings: 1400 V, 20 ms,
2 pulses40.
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Indel analysis
Genomic DNA was isolated 5 days post-transfection using the NucleoSpin
Tissue Kit according to the manufacturer’s instructions (MACHEREY-
NAGEL).The target regionswere amplifiedusingGoTaqGreenMasterMix
(Promega). Primers for each target region are listed in Supplementary
Table 8. PCR products were purified using the DNAClean &Concentrator
(Zymo Research). Indel rates for each target were evaluated using the web
tool “ICE” (Inference of CRISPR Edits) after Sanger sequencing of the
purified PCR products. Next, single-cell sorting was performed, and the
most suitable colonies were selected based on their indel percentage and
morphology.

RNA extraction from cell medium
A total of 1 million HCC-827 cells were seeded in T75 flasks, and RNAwas
extracted from 10ml of cell medium (which had been incubated with
growing cells for at least 24 h), using the Quick-cfRNA Serum and Plasma
Kit (Zymo Research) according to the manufacturer’s protocol with a few
modifications. Initial centrifugation was performed in 15ml conical tubes,
at 4347 × g for 15min to remove any cell debris andprecipitate.The samples
were eluted in 15 μl of DNase/RNase-Free Water.

DirectRNAsequencing librarypreparation forbiological samples
The ONT DRS protocol (SQK-RNA002) was used with modifications as
described below.

Extracted RNAwas first PNK-treated to ensure 5′ phosphorylation. A
maximum of 500 ng of total RNA (previously incubated at 70 °C for 2min)
was mixed with 10 units of T4 PNK (NEB), T4 PNK Reaction Buffer (1X),
and 1mM of ATP. The samples were incubated at 37 °C for 30min, and
heat-inactivated at 65 °C for 20min. Since cfRNA samples have low con-
centration (less than 10 ng/μl), we used the maximum volume of RNA
possible for the PNK conversion, in our case, 5.65 μl.

Thefirst ligationwas performedwith PNK-treatedRNAand 0.5 μMof
5′ adapter (IDT), 5% Polyethyleneglycol 8000 (w/v) (Jena Bioscience
GmbH), 1x RNA ligation buffer, 10 units of T4 Rnl2, 1mM ATP, and
0.14 μM of the corresponding barcoded 3′ adapter. The ligation mix was
incubated at 37 °C for 60min with the lid heated to 45 °C, then at 16 °C for
2 h and 12 °C overnight. The adapter-ligated RNA was used to continue to
the reverse transcription step using SuperScript III reverse transcriptase
(Thermo Fisher Scientific, DE) as described in the ONT DRS protocol
(adjusting the sample volume with Nuclease-free water) and followed by
heat inactivation of T4 Rnl2 at 80 °C for 5min.

After reverse transcription and heat inactivation, separately barcoded
samples were mixed for multiplexing. Cleanup was performed as per the
DRSprotocol usingRNACleanXPbeads (BeckmanCoulterAgencourt) at a
beads:cDNAvolume ratio of 2:1. If the concentration of the sampleswas too
low to quantify, bead elution was performed with 23 μl of nuclease-free
water without adding more water in the proceeding RMX adapter ligation
described in the DRS protocol.

Both the cfRNA from the study participants and the medium from
HCC-827 were sequenced in MinION Flow Cells (R9.4.1) from Oxford
Nanopore.

Clinical study participants
The study was approved by and performed at the University Hospital with
Polyclinic F.D.Roosevelt in Banská Bystrica, Slovakia (ethical approval
number 26/2023 from August 30, 2023). The study was registered at the
GermanClinical Trials Register (DRKS) under the numberDRKS00032631
on Sept 8, 2023. The recruited participants were 55–80 years old, current or
ex-smokers with at least 20 pack-years smoking history, and with nicotine
absence for less than 15 years (if ex-smoker). All participants provided
written informed consent.

Clinical sample collection, processing, and extraction
Ten milliliters of blood was collected in Streck RNA Complete BCT tubes
and processed by centrifugation within 4 h according to themanufacturer’s

instructions. Plasma was aliquoted and stored at −80 °C until extraction.
RNAwas extracted from0.5mLplasma using theQuick-cfRNASerumand
Plasma Kit (Zymo Research) according to the manufacturer’s instructions,
eluted in 18 µl of RNase-free water, and stored at −80 °C.

Statistics and reproducibility
All statistical analyses were performed in Python. The specific sample sizes,
statistical tests, and findings are reported in the respective figure legends.

Ethics approval and consent to participate
All research has been performed in accordance with the Declaration of
Helsinki. Ethical permits are in place for all studies, and all participants
consented to partake.

Results
Small RNA sequencing on the Oxford Nanopore platform
DRS on the ONT platform has primarily been applied to longer RNA
molecules41. The sequencing of shorter molecules has proved challenging;
however, recently, methods have been developed to enable DRS of shorter
non-coding RNAs, including snoRNAs and snRNAs42, and ~75–100
nucleotide long tRNAs36,43. tRNA sequencing methods are enabled by the
ligation of 5′ and 3′ adapter sequences to embed the small RNA of interest
within a longer molecule amenable to sequencing.

We have extended the capability of ONT DRS to the smallest RNA
species (~22 nt rRFs) with a structured adapter ligation method that cap-
tures target small RNAs into anONTDRS-compatible library (Fig. 1b). This
approach utilises a 5′ adapter that adopts a stem-loop structure based on the
Dumbbell (DB) PCRmethod44 to enforce ligation to target small RNAswith
single nucleotide discrimination at the 5′ end, and a target specific double
stranded Nanopore Reverse Transcription Adapter (Oligo AB) for ligation
to the 3′ end. All work has been conducted using the ONT RNA002
chemistry and R9.4.1 flow cells.

Initial method development and optimisations were conducted by
designing adapters to ligate to a synthetic RNAoligomatching the sequence
of the 28S4014–4035 rRF (Fig. 1a). The first 3′ adapter (Oligo AB v1) iteration
was designed as per ONT recommendation to simply replace the 10 nt 3′
overhang with a target specific reverse complementary sequence (Supple-
mentary Fig. 1a). The 5′ adapter (Dumbbell Oligo) was designed to form a
stem-loop structure with an 8 nt 5′ overhang (Supplementary Fig. 1).
Qualitatively efficient single-step ligation of bothDumbbellOligo andOligo
AB v1 adapters occurred (Supplementary Fig. 2) to create a substrate
compatible for subsequent ligation of the Nanopore adapter and motor
protein complex (RMX) and DRS. Following DRS, basecalling, and align-
ment, we observed approximately 40% of reads to pass QC with a
PHRED> 7 and alignment to the expected library sequence (Supplemen-
tary Table 1). QC passed reads displayed deep coverage of the 5′ adapter
indicative of efficient ligation; however, incomplete coverage of the target 3′
and adapter regions (Fig. 1c, upper panel).We reasoned that the basecalling
algorithms had likely been predominantly trained on poly(A) containing
mRNAs, and the absence of this structure in the Oligo AB v1 3′ adapter
design may have hindered the accurate identification of the 3′ end and
basecalling of this region. To address this, we designed a second iteration of
the 3′ adapter (Oligo AB v2) containing a 10 nt poly(A) tract within the
RNA portion of the adapter (Supplementary Fig. 1b). Additionally, the
second generation of 3′ adapter contained LNAmodifications at 3 positions
within the 3′ overhang to increase affinity for the target small RNA (Sup-
plementary Fig. 1b). While the proportion of reads passing QC remained
approximately stable (Supplementary Table 1), there was a marked
improvement in the depthof coverage of the target 3′ region (Fig. 1c,middle
panel). A third andfinal 3′ adapter design (OligoAB v3) added a 10 ntDNA
barcode 3′ of the poly(A) tract, within the DNA portion of the adapter, in a
similar manner to the barcoding method described by Smith et al. (Sup-
plementary Fig. 1c)45. DRS sequencing of a library created withOligoAB v3
adapters revealedminimal impact of the additional barcode with stable QC
metrics (Supplementary Table 1) and maintained accurate sequencing and
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depth of insert coverage (Fig. 1c, lower panel). The emergence of an SNV at
position 7 of the 28S4014–4035 insert is observed with Oligo AB v2 and v3
adapters. Given that the insert sequence remains the same, this difference
may be explained by changes in the nanopore current signal and error
profile from the altered surrounding adapter context.

Together, our protocol with single-step ligation of both a Dumbbell
Oligo 5′ adapter and Oligo AB v3 3′ adapter efficiently captured a synthetic
22 nt RNA oligo to create a library compatible with DRS with the potential
to capture information regarding RNA modifications.

AI classification models for small RNA methylation status and
barcode demultiplexing
Following the proof of principle that ~22 nt small RNAs could be sequenced
withONTDRS, we sought to extend the utility of this by trainingAImodels
to enable the methylation status classification of a reported small RNA
cancer biomarker, and the classification of 3′ adapter barcodes for multi-
plexed DRS. Given the intended use of this method for sequencing of small
RNA targets with known patterns of modification, we have approached the
AI task as one of multiclass classification of entire DRS reads as a whole,
rather than single-nucleotide resolution modified basecalling. We inten-
tionally designed these as two independent andmodular classification tasks
to enable the interchangeability of different target small RNAlibrarieswith a

fixed set of barcodes that could be demultiplexedwithout the need to retrain
the barcode models from scratch.

AI model development was performed using synthetic rRF 28S4014–4035

and a set of six 3′-adapter barcode sequences (Supplementary Table 2).
Given that the 22 nt rRF 28S4014–4035 contains two reportedNmmodification
sites at positions G7 and C19, it can exist in one of four distinct forms
denoted GC (unmethylated), GmC (G7 methylated), GCm (C19 methy-
lated), and GmCm (double methylated). A total of 24 DRS libraries were
created using the above-described method to create a ground truth dataset
containing synthetic 28S4014–4035 in each of its possible four states of Nm
methylation, each with six different 3′-adapter barcodes. These were
sequenced on individualONTFlongleflowcells (R9.4.1) to generate the raw
data to train the AI classification models (Fig. 2a).

Initial QC was performed on the raw nanopore data for each library,
consisting of basecalling to select reads of acceptable quality (mean
PHRED> 7) and alignment to select for reads of the expected library
structure containing 5′ adapter, target small RNA insert, and 3′ adapter
(SupplementaryTables 3 and 4). Passed readswere then segmented into a 5′
RNA portion containing the small RNA insert and a 3′ DNA portion
containing the barcode, by exploiting the characteristic shift in nanopore
raw current intensity between RNA and DNA (Fig. 2b), using a dynamic
programming point detection approach38. This segmentation enabled the

Fig. 2 | Training AI models for RNA methylation
and barcode classification. a Schematic flowchart
detailing the steps for processing raw DRS data and
training of RNA modification and barcoding mod-
els. b Representative raw data for four randomly
chosen reads demonstrates the automated segmen-
tation of reads into a 5′ RNA and 3′ DNA portion.
c Confusion matrix for the prediction of barcode
labels (1–6) in held-out test data. d Confusion
matrix for the prediction of 28S4014–4035 Nm methy-
lation status in held-out test data. e Standard curve
for GmCm proportion, diluted in a background of
GCm. The solid line is the result of linear regression
with shading to indicate the 95% confidence
interval.
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subsequent independent training of AI models for both small RNA insert
modification status and barcode classification.

The read level, raw current data, corresponding to the small RNA and
barcode containing segments, were then further processed to scale to a fixed
length of 10,000 and normalised. This processed data was used to train
separate 1D ResNet models39, for the classification of small RNA mod-
ification (28S4014–4035 methylation) and barcode status (further details in the
methods) (Supplementary Fig. 3). An 80:20 data split was used to train and
test performance. We observe a test set accuracy of 92% and 95% for the
small RNAmethylation and barcode statusmodels, respectively (Fig. 2c, d).
In order to control for any data leak from the flowcell batch effect and to
explore the quantitative performance of this classifier, we created a multi-
plexed standard curve of synthetic rRF 28S4014–4035 (GmCm in GCm) and
sequenced on a single flowcell. We observe a strong and significant corre-
lation between the predicted and ground truthGmCmmethylation fraction
(Pearson r = 0.9971, p = 1.24e-05) (Fig. 2e).

This confirms the potential of DRS as a means to profile small RNA
modification status in a quantitative and multiplexed manner on the ONT
platform.

Detection of small RNA modifications in biological samples
To further explore the utility of this method, we sought to test its ability to
quantify small RNA modification status in biological samples. We used an
HCC-827 cell culturemodel,whichhasbeenpreviously shown to release the
rRF 28S4014–4035 at high levels into its conditioned growthmedium34, to create
sequencing libraries for the targeted DRS of this small RNA fragment.

The efficiency of library preparation from RNA extracted fromHCC-
827 cell culture supernatant was greatly reduced relative to earlier libraries
prepared with synthetic RNA, as reflected by the reduced proportion of
approximately 0.4% of reads passing QC (Supplementary Table 5). Despite
the high relative expression of rRF 28S4014–4035 in conditioned media, the
absolute concentration of RNA obtained from extractions is very low
(<10 ng/µl), posing a challenge for its efficient capture into sequencing
libraries. To negate this low efficiency, we have processed all biological
samples on the larger throughput Minion flow cells (R9.4.1).

It has been previously reported that the Nmmodification frequency of
positions G7 and C19 within this rRNA region are 83% and 100%
respectively32. These Nm modifications are deposited in a site-specific
manner under the guidance of complementary C/D box snoRNAs
(SNORDs) (Fig. 3a). In the conditioned media of wild-type HCC-827 cells,
we observe a similar tendency in the frequency of Nm modification at
position G7 of 60.4% (GmC and GmCm) and C19 of 84.6% (GCm and
GmCm) (Fig. 3b). To perturb this, we used CRISPR/Cas9 to create mutant
HCC-827 clones with disrupted guide sequences of either SNORD102 or
SNORD75 (Supplementary Fig. 4), which are the SNORDs responsible for
the 2′-O-methylation of G7 and C19 respectively. Targeted Nanopore
sequencing of the 28S4014–4035 rRF from the conditioned media of these
mutant cell lines reveals the expected reduction of Nm at positions G7 and
C19 in SNORD102 and SNORD75 mutants, respectively (Fig. 3b).

Detection of small RNAmodifications in clinical samples anduse
as a cancer diagnostic
Finally, we applied the method developed here to quantify the Nm
methylation status of the 28S4014–4035 rRF in a clinical lung cancer cohort.
Forty-three patients aged 55–80, with a smoking history of at least 20 pack-
years, and who are either current or ex-smokers having quit within the last
15 years, were prospectively recruited fromnew referrals with a suspicion of
lung cancer (Table 1). Before any invasive procedures or definitive diag-
nosis, participants donated 10ml blood in Streck RNA tubes, from which
0.5ml of plasma was used for RNA extraction and library preparation for
targeted DRS according to the small RNA sequencing method described
earlier.

The circulating levels of 28S4014–4035 are higher in the blood of lung
cancer patients compared to control patients34; however, the Nm methy-
lation status of this fragment has not been previously explored. We

demonstrate the successful capture and Nanopore sequencing of this rRF
fromplasma samples, albeit at low efficiencies (Supplementary Table 5) and
a trend towards higher total read counts from cancer compared to control
samples (Supplementary Fig. 5). We observed a significant increase in the
proportion of 28S4014–4035 with a GmCmmethylation pattern (p = 1.05e-03,
Cohen’s d effect size = 1.33) in the plasma of lung cancer patients compared
to controls (Fig. 3c). This is accompanied by a corresponding significant
decrease in 28S4014–4035 with GC, GmC and GCm methylation patterns
(Fig. 3c). The shifting pattern of 28S4014–4035 methylation is observed even in
samples frompatientswith early stage (I and II) lung cancer (Supplementary
Fig. 6a), however these are of limited number in the cohort presented here.
Furthermore, these changes are consistent betweenNSCLC and SCLC lung
cancer (Supplementary Fig. 6b) and between histological subtypes of
NSCLC (Supplementary Fig. 6c).

We further assessed the diagnostic potential of 28S4014–4035 GmCm
methylation in a logistic regression model that included clinical covariates
(age, sex, and smoking history in pack-years). Both 28S4014–4035 GmCm
methylation and smoking history were independently and significantly
associated with lung cancer diagnosis (Supplementary Table 6), suggesting
that the methylation status has diagnostic value beyond known risk factors.

Taken together, 28S4014–4035 GmCmmethylation proportion serves as a
blood-based biomarker for lung cancer that can distinguish cancer from
control patients with a diagnostic area under the receiver-operating char-
acteristic curve of 0.84 (Fig. 3d).

Discussion
The early detection of cancer from liquid biopsy-based diagnostics holds
great potential; however, it is currently limited as a result of a low signal-to-
noise ratio. ctDNA-based diagnostics have benefited from consideration of
information beyond the primary sequence, particularly methylation data.
Although there are reported associations between RNA epitranscriptomic
modifications and cancer, their challenging quantification has proved a
barrier to incorporation into multi-omic liquid biopsies. We present here a
Nanopore-based method that, when coupled to AI algorithms, can accu-
rately profile the RNAmodification profile of small RNA biomarkers from
blood, and furthermore demonstrate the diagnostic utility of a differentially
Nm methylated rRF in lung cancer liquid biopsy samples.

The majority of currently developed cancer screening liquid biopsies
are focused on the detection of nucleic acid biomarkers; however, the
greatest source of cell-free circulating nucleic acids is apoptotic haemato-
poietic cells46. This creates a vast background signal of both cfDNA and
cfRNA in comparison to the relatively rare nucleic acid biomarkers that
have been released from the tumor. This is a particular challenge in the early
stages of disease, when the tumor is small and its rate of shedding relatively
minute47. This has led to the search for additional features that may help to
differentiate a true cancer-derived biomarker from the background signal.
Unique cancer mutations present in ctDNA can be exploited; however,
these may fall under the limit of detection, be the result of sequencing
errors48, or even false positive signals derived from clonal haematopoiesis49.
Searching deeper, epigenetic changes associated with cancer, including
differential CpG methylation patterns9,10, or altered fragmentation profiles
resulting from changes in chromatin structure11, have fruitfully improved
the performance of liquid biopsy diagnostics. The study of equivalent epi-
transcriptomic modifications and their biological function is less mature,
although several have been noted in association with cancer. Unfortunately,
current tools for their quantification, including immunoprecipitation and
mass spectrometry-based methods, are cumbersome and pose a barrier to
incorporation into clinical liquid biopsy diagnostics.

Third-generation sequencing technologies, includingONTandPacific
Biosciences, are unique in their ability to simultaneously analyse both
sequence and chemical modifications within a nucleic acid. We are already
seeing the application of this technology to the dual characterisation of both
ctDNAsequence andmethylation for liquid biopsies50.ONT technologyhas
also shown promise in the analysis of cfRNA liquid biopsy samples5;
however, current implementations have only sequenced cDNA, which
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Fig. 3 | 28S4014–4035 methylation dynamics in a cellular model and liquid biopsy
samples from lung cancer patients. a Schematic representation of the templated
deposition of Nmmodifications on the rRNA directed by SNORDs. The 28S4014–4035

fragment is marked in orange, and SNORD-directed Nm in red. b The proportion
28S4014–4035 in each of its four possible Nm methylation states was measured from
conditioned growth media of wild-type, SNORD102, or SNORD75 knockout HCC-
827 cells, respectively. c Box and whisker plot quantifying the proportion of each
28S4014–4035 methylation state from cfRNA samples collected from control (n = 16)

and lung cancer patients (n = 27). Significance testing was performed using a two-
tailed t-test. The t-statistics are as follows: GC: −2.33, GmC: −2.38, GCm: −3.23,
GmCm: 4.14. p values corrected for multiple testing with the Holm method are
displayed in the figure. For each methylation status and group, we plot a box using
the first and third quartiles and the median line. Outliers are determined by 1.5× the
IQR, and the whiskers show the remaining domain of values. d Receiver-operating
characteristic curve using the proportion of GmCm 28S4014–4035 as a biomarker for
lung cancer.
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therefore preclude the investigation of the impact of potential RNA mod-
ifications that are lost in the process of reverse transcription during library
preparation. A growing body of research is now harnessing the data mea-
sured during DRS to capture RNA sequence and epitranscriptomic mod-
ification profile at the single-molecule resolution25–29. The method we have
developedhere exploits this byusingDRS to sequencea cancer biomarker in
liquid biopsy samples and enables the streamlined incorporation of RNA
modification information to diagnostic tests.

The biological role for the cancer-associated differentialmethylation of
28S4014–4035 is at present unclear. It has been reported that Nmmodifications
may have a role in regulating the translational efficiency of the ribosome51.
Furthermore, the SNORD-directed methyltransferase Fibrillarin has been
shown to be upregulated in the background of inactivated p53, leading to
global alterations in rRNA Nm profiles and increased translational effi-
ciency of specific transcripts, including that of the oncogene cMyc52. This
raises the question as to whether the increased proportion of 28S4014–4035

displaying a GmCm pattern in the plasma of lung cancer patients directly
reflects anoncogenicprocess or is just a bystander. Furtherunderstandingof
the role of RNA modifications in the ribosome and its fragmentation into
rRFs may lead to the identification of more novel cancer biomarkers.

Limitations of this work include the use of RNA002 DRS chemistry,
which has since been replaced by RNA004 andwhose use would necessitate
the retraining of the AI classification algorithms presented here. Further-
more, the low efficiency of targeted RNA capture in the library preparation
from biological samples currently limits the method to highly expressed
small RNA species such as 28S4014–4035. This could theoretically be overcome
by enrichment techniques such asultracentrifugation for exosomalRNAsor
immunoprecipitation of protein-bound RNAs, for example, miRNAs
contained within Ago2. A further limitation is the focus on the thorough
characterisation of a single small RNA cancer biomarker with known Nm

methylation sites.We envision that thismethodwill be readily applicable to
other small RNAs with known epitranscriptomic modifications through
adaptation of 5′ and 3′ adapter design, and AI algorithm retraining. Most
exciting is the prospect that advances in RNA modification-aware base-
calling algorithms may enable the unbiased analysis of RNA modification
across the small RNA transcriptome.

Together,wehavedeveloped amethod for the targeted capture of small
RNA biomarkers into a DRS-compatible sequencing library, trained AI
algorithms to accurately profile epitranscriptomic modifications at the
single-molecule level, and discovered differential methylation of a lung
cancer biomarker in liquid biopsy samples. We hope that this tool will
enable the greater exploration of epitranscriptomic information thatmay be
integrated alongside other omics methods for improved liquid biopsy
diagnostic performance.

Data availability
The raw Nanopore fast5 files for all training datasets have been deposited
online in the ENA(PRJEB86051). The source data for Figs. 2e and 3b–d can
be found in the Supplementary Data.

Code availability
The code required to train, test, and infer barcode and methylation status
fromNanopore data is available on GitHub (https://github.com/gitHBDX/
Nano-smallRNAseq).
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