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The human genome contains instructions to transcribe more than
200,000 RNAs. However, many RNA transcripts are generated from the
same gene, resulting in alternative isoforms that are highly similar and

that remain difficult to quantify. To evaluate the ability to study RNA
transcript expression, we profiled seven human cell lines with five different
RNA-sequencing protocols, including short-read cDNA, Nanopore
long-read direct RNA, amplification-free direct cDONA and PCR-amplified
cDNA sequencing, and PacBio IsoSeq, with multiple spike-in controls, and
additional transcriptome-wide N°-methyladenosine profiling data. We
describe differences in read length, coverage, throughput and transcript
expression, reporting that long-read RNA sequencing more robustly
identifies major isoforms. Weiillustrate the value of the SG-NEx data to
identify alternative isoforms, novel transcripts, fusion transcripts and

Né-methyladenosine RNA modifications. Together, the SG-NEx data provide
acomprehensive resource enabling the development and benchmarking
of computational methods for profiling complex transcriptional events at

isoform-level resolution.

Gene expression is commonly estimated as the total amount of RNA
transcripts that are generated from each gene. However, alternative
promoters, exon skipping, intronretention, 3’-end sites and polyade-
nylation enable asingle gene to generate alarge number of alternative
isoforms, each corresponding to a different RNA transcript. Such alter-
native transcripts can be differentially regulated, leading to differences
intranscriptexpressionacross samples and conditions even when the
overall gene expression levels are stable' . Due to the differences in
their RNA sequence, alternative transcripts can have different function-
ality, and their regulation and expression play a key role during early
development®’, indefining cellularidentity®” and in human diseases'*".

The comprehensive profiling and low cost of short-read RNA
sequencing (RNA-seq) have made it one of the most widely used
technologies to study molecular properties of cells and tissues™.
The majority of short-read RNA-seq data are based on PCR-amplified
sequencing of cDNA, which introduces biases that lead to different
exons being sequenced at different coverage levels”. While short-read

data generate robust estimates for gene expression, the presence of
overlapping annotations and systematic biases limits the ability to
uniquely assign reads to individual RNA transcripts'*". To deal with the
increased uncertainty, approaches have been developed that focus on
specific splice-junction or exon usage*'*". However, more complex
transcriptional events that involve multiple exons are often not fully
captured™®™?,

Long-read sequencing promises to overcome some of the main
limitations of current short-read RNA-seq protocols for transcriptome
profiling”>*ata cost per gigabase comparable with current short-read
technologies (Supplementary Fig. 1a), potentially enabling the wide-
spread adoption of long-read RNA-seq. Long-read RNA-seq can be gen-
erated using the PacBio sequencing platform (IsoSeq), or the Oxford
Nanopore sequencing platform, which offers three different protocols.
PCR-amplified cDNA sequencing requires the least amount of input
RNA and generates the highest throughput. When sufficient RNA is
available, the PCR step canbe omitted using the direct cDNA protocol.
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The direct RNA-seq protocol enables sequencing of native RNA, thereby
avoiding the reverse transcription and amplification steps, as well as
providing information about possible RNA modifications**, While
severallong-read RNA-seq datasets have been described, they are low
throughput®%, lack replicates”*° or cover single conditions**' or
individual protocols®; thus, this limits the ability to comprehensively
compare and evaluate the different RNA-seq protocols.

Here we present the results from the Singapore Nanopore Expres-
sion (SG-NEX) project, a comprehensive benchmark dataset and sys-
tematic comparison of five different RNA-seq protocols. The SG-NEx
core data consist of seven human cell lines that were sequenced in
multiple replicates using short-read RNA-seq, Nanopore long-read
direct RNA, amplification-free direct cDNA and PCR-amplified cDNA
sequencing, as well as PacBio IsoSeq. The core dataset includes six
different spike-in RNAs with known concentrations*>* and includes
atranscriptome-wide reference map of N®-methyladenosine (m®A). To
provide abroader coverage of the human transcriptome and facilitate
new biological discoveries, the core dataset is extended with long-read
RNA-seq from seven additional cell lines and tissues. We further provide
acommunity-curated nf-core pipeline that simplifies data processing,
method evaluation and biological discoveries. We compare the differ-
ent RNA-seq protocols, investigate the impact of fragmentation and
short-read sequencing on transcript quantification, andillustrate how
long-read RNA-seq facilitates analysis of full-length fusion transcripts,
alternative isoforms and RNA modifications. The inclusion of multiple
celllines, all major RNA-seq platforms and spike-in controls, and each
with multiple replicates, makes the SG-NEx data a unique resource
that will be invaluable for the benchmarking and development of
computational methods for differential expression analysis, transcript
discovery and quantification, fusion gene detection and identification
of RNA modifications from long-read RNA-seq data.

Results

A comprehensive resource for long-read RNA-seq

The core SG-NEx data resource consists of seven commonly used cell
lines for colon cancer (HCT116), liver cancer (HepG2), lung cancer
(A549), breast cancer (MCF7), leukemia (K562), ovarian cancer (HEYAS)
andthe H9 human embryonicstemcellline. Each cell line was sequenced
with atleast three high-quality replicates using the direct RNA protocol
(direct RNA), the amplification-free cDNA protocol (direct cDNA),
the PCR ¢DNA protocol (cDNA) and paired-end, 150-bp short-read
Illumina cDNA sequencing (Fig. 1a). For a subset of sequencing runs,
we included Sequin (V1, V2), ERCC, spike-in RNA variants (SIRVs; EO,
E2) and long SIRV spike-in RNAs with known concentrations®**, PacBio
IsoSeq data and transcriptome-wide m°A profiling (m6ACE-seq) to
evaluate the ability to detect RNA modifications from direct RNA-seq
data. This core SG-NEx dataset was extended with additional samples
from two stomach cancer cell lines (NCC24, IM95), a head and neck
cancer cell line (HN1-NPC7), the HEK293T cell line and three samples
fromindividuals with multiple myeloma. These additional samples were
sequenced with selected protocols to cover a broad spectrum of the
human transcriptome and its variation across cell lines and individuals.
Intotal, we have sequenced 139 libraries for 14 cell lines and tissues, with
an average sequencing depth of 100.7 million long reads for the core
celllines (Fig. 1b,c, Supplementary Tables1and 2 and Supplementary
Fig.2). The SG-NEx provides a community resource through GitHub
via https://github.com/GoekeLab/sg-nex-data/.

nf-core/nanoseq: acommunity-curated pipeline

Tofacilitate the streamlined processing and analysis of long-read RNA-seq
data, we developed the nanoseq pipeline (Fig. 1d). Nanoseq performs
quality control, alignment®, transcript discovery and quantification®*’,
differential expression analysis"**"*?, RNA fusion detection** and RNA
modification detection***, Each module provides the option to use dif-
ferent existing methods that can be seamlessly integrated with the other

modules. The pipeline is dynamically tested on a full-sized dataset, it
allows data processing through Docker and Singularity, and it can be
executed on the cloud. Nanoseq is implemented in the Nextflow lan-
guage*® and maintained as acommunity-curated pipeline on nf-core.

A comparison of five RNA-seq protocols
Using the SG-NEx core data, we compared the five different RNA-seq
protocols in terms of throughput, read length, transcript coverage,
potential library preparation biases and gene and transcript expression
estimates. Among the long-read RNA-seq protocols, PCR-amplified
cDNA sequencing consistently generated the highest throughput per
sample, with the most recent sequencing data matching short-read
RNA-seq (Fig. 2a and Supplementary Figs.1b,c and 3a,c).
PacBiolsoSeqgenerated the longest reads onaverage, followed by
the direct RNA-seq protocol (Fig. 2b and Supplementary Fig. 3b). The
long-read protocols showed higher coverage at the 5’ and 3’ ends of
transcripts when compared to short-read RNA-seq, possibly reflecting
short-read-specific limitations due to RNA fragmentation (Fig. 2cand
Supplementary Figs.1le and 3e). The direct RNA-seq protocol starts the
sequencing process at the poly(A) tail, whichisreflected inahigher cov-
erage atthe3’end compared to the 5’ end (Fig. 2c and Supplementary
Figs. 1e and 3e). The PCR-amplified cDNA sequencing and the PacBio
IsoSeq data showed the most uniform coverage across the transcript
length and the highest proportion of reads spanning all exon junctions
(‘full-splice-match reads’, Fig. 2c,d and Supplementary Figs. le-g and
3e,f), whereas short-read RNA-seq had the highest fraction of reads
that were assigned to multiple transcripts (Fig. 2d and Supplementary
Fig.1f). However, notall transcripts appear to be equally amplified by all
protocols. Inparticular, transcripts from the 1,000 genes with the high-
est gene expression estimate accounted for asignificantly larger pro-
portion of the overall transcript expressionin the PCR-amplified cDNA
sequencing protocol compared to the PCR-free Nanopore RNA-seq
(Fig. 2e; two-sided t-test, P=0.00041; Supplementary Fig. 1g), and
the PacBiolsoSeqdatashowed asignificant depletion of shorter tran-
scripts (Supplementary Fig. 1h,i; two-sided t-test, P < 0.00001). Finally,
we observed that transcripts from some genes were incompletely
amplified and sequencedinthe PCR cDNA protocol across all cell lines
when compared to direct sequencing of the same RNA sample (Fig. 2f,
Supplementary Fig.1j,k and Supplementary Table 3). While the biases
that are introduced in the fragmentation step in short-read RNA-seq
areavoided with longreads, these results show that the library prepara-
tion method still introduces differences in read length, coverage and
transcript diversity when using long-read RNA-seq.

Gene expression is robustly estimated across protocols
To avoid uncertainty of individual transcript expression estimates,
the overall gene expression estimate, corresponding to the sum of all
transcripts for each gene, iscommonly used. To compare the ability of
the different long-read and short-read RNA-seq protocols to quantify
gene expression, we first analyzed estimates for spike-in data using
ERCC, long SIRV, SIRV EOQ, SIRV E2 and two different Sequin mixtures.
Thedirect RNA-seq protocol was removed from this comparisondue to
itsincompatibility with existing spike-in RNA libraries (Supplementary
Fig.4a).Gene expression estimates from Nanopore long-read RNA-seq
datashowed the lowest estimation error overall and a higher correlation
with the expected concentrations (Fig. 3a, Supplementary Fig. 4a and
Supplementary Table 4), which was consistent when alternative compu-
tational quantification methods were used (Supplementary Fig.4a,d,e).
AmongallRNA-seq protocols, the largest difference was observedin the
PacBio IsoSeqdata, which was possibly due to an uneven representation
of transcript lengths, with low coverage for short transcripts (<1 kb;
Supplementary Figs. 1h,iand 4a,d,e and Supplementary Text Fig. 13).
Gene expression estimates were highly correlated between
short-read and Nanopore long-read RNA-seq both on spike-in RNAs
and non-spike-in RNAs, with the highest correlation observed for
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Fig.1| Overview of the SG-NEx datasets and processing pipeline. a, Seven
human cell lines were sequenced with multiple replicates using different RNA-seq
protocols. Short-read cDNA was sequenced with 150-bp paired-end reads. hES
cells, human embryonic stem cells. Icons from Noun Project under a Creative
Commons license CC BY 3.0: colon, Mungang Kim; leukocytes, ProSymbols;

liver, Prettycons; lung, Mahmure Alp; breast, Karina; ovary, Amethyst Studio; hES
cells, DailyPM. b, Number of sequencing runs generated for each SG-NEx core
cellline. ¢, Number of sequencing runs for each of the RNA-seq technologies.

d, Illustration of the nf-core Nextflow pipeline (nanoseq) for streamlined
processing of Nanopore long-read RNA-seq data.

protein-coding genes (Fig. 3b-e and Supplementary Fig. 4b,c,f-i).
Ahierarchical clustering of the different samples resulted in the same
cell lines being clustered together even when different RNA-seq pro-
tocols were used (Fig. 3f). While technology-specific differences in
gene expression can be observed (Supplementary Fig. 4j-m and Sup-
plementary Text Figs. 6-8), they canbe modeled and removed during
differential gene expression analysis when long-read and short-read
RNA-seq data are available across conditions of interest, as is the case
for the SG-NEx core data (Supplementary Text Fig. 9). These results
suggest that aggregated gene-level profiling remained consistent
despite the observed differences across sequencing protocols, indicat-
ing that Nanopore RNA-seqdata canbeintegrated and combined with
short-read RNA-seq data for gene expression analysis.

Major isoforms are more robustly estimated with long reads
While gene expression analysis is well established, the estimation of
transcript expression abundance is more challenging as distinct tran-
scripts from the same genes are often largely similar®~', Similarly to
gene expression on spike-in RNAs, we observed that the Nanopore
long-read sequencing protocols showed higher correlation between
the estimated and expected transcript expression levels compared to
short-read RNA-seq on the Sequin RNAs (Fig. 4a), and SIRV spike-ins
showed higher absolute errors with short-read RNA-seq, including
SIRVs (EO) and long SIRVs (Supplementary Fig. 5a,b,d,e).

To compare differences in transcript expression on RNA from
human cell lines, we first identified the most abundantly expressed
transcript for each gene in each cell line (‘major isoform’) using all
replicates of the short-read and Nanopore long-read RNA-seq. On
average, long-read and short-read RNA-seq identified the same major
isoformfor 13,481 (+2,021) genes per cell line, whereas they disagreed
in the major isoform for 7,389 (+523) genes per cell line, resulting in
more than 28,000 short-read-specific and long-read-specific major
isoformsacrossall cell lines. These numbers are further reflected when
transcript expression estimates are compared between replicates from
thesame cellline (same RNA extract) that were profiled with different
sequencing technologies. While gene expression estimates from
human cell lines were highly correlated, transcript expression esti-
mates showed higher variation across different protocols, possibly
related to differencesinlibrary preparation, with the strongest differ-
encesobserved between long-read and short-read protocols (Fig.4b,c
and Supplementary Fig. 5c,f-k). The highest agreementin abundance
estimates was observed for major isoforms that are shared between
long-read and short-read RNA-seq data (Fig. 4b,c and Supplementary
Fig. 5f-j). For genes where long-read and short-read RNA-seqidentified
different major isoforms, long-read-specific major isoforms showed
significantly higher correlation of expression estimates betweenboth
sequencing technologies (two-sided Mann-Whitney U-test P < 0.0001;
Fig.4b,cand Supplementary Fig. 5g,h). The most frequently observed
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Fig. 2| Comparison of RNA-seq protocols. a, Violin plot showing the median,
upper and lower quartiles and 1.5 times the interquartile ranges of the
sequencing throughput of RNA (direct RNA, n = 55), cDNA (direct cDNA, n =30),
PCR (cDNA, n=27), PacBioIsoSeq (n = 6) and lllumina (n = 21) protocols. Circles
represent MinlON or GridION experimental runs without multiplexing, squares
represent PromethlON and non-demultiplexed experimental runs, and triangles
represent demultiplexed experimental runs. b, Violin plot showing the median,
upper and lower quartiles and 1.5 times the interquartile ranges of the average
read length per sample of RNA (direct RNA, n = 55), cDNA (direct cDNA, n =30),
PCR (cDNA, n=27), PacBioIsoSeq (n = 6) and Illumina (n = 21) protocols. Each
point represents an experimental run, squares represent PromethlON and
non-demultiplexed experimental runs, and triangles represent demultiplexed
experimental runs. ¢, Coverage along the normalized transcript length for RNA
(direct RNA), cDNA (direct cDNA), PCR (cDNA), PacBio IsoSeq and lllumina

protocols. Each light shaded line represents the average across one cell line,

and the darker shaded line represents the average across all cell lines for each
protocol.d, Box plots showing the median, upper and lower quartiles, and 1.5
times the interquartile ranges of the percentage of reads being uniquely or multi-
mapped to transcripts, and whether the read is full-splice-junction matched

to the transcript or not (full-splice-match versus partial) for all five protocols
(n=55,30,27,6 and 21 for direct RNA, direct cDNA, cDNA, PacBio and lllumina,
respectively). e, Transcription diversity depicted by the percentage of reads
attributed to the number of genes ranked by expression levels from highest to
lowest for the five protocols. The dashed line represents the top 1,000 expressed
genes, and colored numbersindicate the percentage of reads accounted for
them. f, Mean read coverage of genes generated using the direct RNA and the PCR
cDNA protocol. Each point is colored by the density of genes. Sp.R, Spearman
correlation.

difference between long-read-specific and short-read-specific major
isoforms was the use of alternative first and last exons. Specifically,
major isoforms identified by short-read RNA-seq significantly more
often used internal exons from the long-read-specific major isoform
asfirstorlastexons, typically corresponding to shorter versions of the
long-read-specific major isoforms (internal first/last exons; Fig. 4d,
two-sided z-test, Bonferroni-corrected P < 0.0001; Supplementary
Fig. 5n). Furthermore, short-read-specific major isoforms were fre-
quently estimated to be lowly expressed by long-read data (counts per
million (CPM) <1; Fig. 4e).

While transcripts fromgenes with only afew annotated alternative
isoforms show close agreement betweenshort-read and long-read data
(Supplementary Fig. 5l), variationincreased for transcripts fromgenes
with alarge number of alternative isoforms (Supplementary Fig. 51).
Acomparisonofalllibrary preparation methods showed thatlong reads
cover substantially more junctions (Fig. 4f), with substantially more
reads being uniquely assigned to a transcript (Fig. 4g). Furthermore,

major isoforms identified by long-read RNA-seq showed substantially
higher support by full-splice-match reads (Supplementary Fig. S5m).
These data indicate that ambiguity in read-to-transcript assignments
related toshorter read length may contribute tothe observed difference
intranscriptexpressionbetweenshort-read and long-read RNA-seq data.

Read fragmentation impacts transcript expression estimates
To evaluate the impact of shorter read length and fragmentation on
transcript abundance estimation, we generated in silico fragmented
long-read RNA-seq data to simulate short-read RNA-seq. For this simu-
lation, we used long reads that were aligned to the transcriptome, per-
formed error correctionusing the reference transcriptome sequence and
then sampled 150-bp error-corrected, short (fragmented) reads from
these long reads (Fig. 5a). Using this procedure, we obtained matched
long-read, fragmented long-read (simulated short-read) and Illumina
short-read datafor 67 SG-NEx samples, which we then used to estimate
theimpact of fragmentation on transcript abundance estimation.
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Fig. 3| Long-read RNA-seq shows consistency in gene expression
quantification with short-read RNA-seq data. a, Scatterplots of spike-in

gene log,-transformed CPM values obtained from long-read direct cDNA and
PCR cDNA RNA-seq (using Salmon), and short-read RNA-seq (using Salmon),
compared with expected log,-transformed spike-in CPM for five different
spike-in RNAs. Light blue points represent Sequin Mix A version1and SIRV E2;
dark blue points represent Sequin Mix A version 2, ERCC and SIRV EO + long SIRV
RNAs. b, Box plots showing the median, upper and lower quartiles, and 1.5 times
theinterquartile ranges of the Spearman correlation between log,-transformed
CPMs (using Salmon) for protein-coding genes from replicates generated by
different protocols. Light green represents replicates from different cell lines
(inter-cellline: n = 667, 617, 534, 514, 447 and 411 for dRNA versus cDNA, dRNA
versus dcDNA, cDNA versus dcDNA, dRNA versus Illumina, cDNA versus lllumina,
and dcDNA versus lllumina, respectively) and light blue represents replicates
from the same cell line (intra-cell line: n =113,103, 90, 86, 73 and 69. ¢, Box plots
showing the median, upper and lower quartiles, and 1.5 times the interquartile

ranges of the Spearman correlation between log,-transformed CPMs (using
Salmon) for long-noncoding RNA genes from replicates generated by different
protocols. Light green represents replicates from different cell lines (inter-cell
line: n= 667,617,534, 514,447 and 411, for dRNA versus cDNA, dRNA versus
dcDNA, cDNA versus dcDNA, dRNA versus Illumina, cDNA versus lllumina, and
dcDNA versus Illumina, respectively). Light blue represents replicates from the
same cell line (intra-cell line: n=113,103, 90, 86, 73 and 69). d, Scatterplot of log,-
transformed CPMs from protein-coding genes obtained from long-read direct
cDNA (using Salmon) compared with those obtained from short-read RNA-seq
(using Salmon) in the A549 cell line. e, Scatterplot of log,-transformed CPMs from
long-noncoding genes obtained from long-read direct cDNA (using Salmon)
compared with those obtained from short-read RNA-seq (using Salmon) in the
A549 cellline. f, Heatmap showing the correlation of gene log,-transformed CPM
estimates across the SG-NEx samples generated using PCR cDNA, direct cDNA,
direct RNA and short-read protocols.

While majorisoformsidentified by long-read RNA-seq were more
robust against read fragmentation (Spearman correlation coefficient:
major long + short read, p =0.9; long-read-specific, p=0.7),
short-read-specific major isoforms were most strongly impacted
(p=0.5;Fig.5b), reflecting our observations from the comparison of
long-read RNA-seq with lllumina short-read RNA-seq data. Further-
more, major isoforms that were only identified by [lluminashort-read
RNA-seq datashowed ssignificantly higher transcript expression esti-
matesinthe fragmented long-read RNA-seq datawhen compared with
the expected transcript expression from the original long-read data
(Fig. 5b,c). A comparison of the fragmented long-read RNA-seq data
with the Illumina short-read RNA-seq data generated from the same
RNA samples further confirmed that the simulated read fragmentation
significantly increased the correlation (before fragmentation,
p =0.38; after fragmentation, p = 0.61; two-sided pairwise ¢-test,
P<0.0001; Fig.5d), demonstrating that read fragmentation partially
explains the observed difference in transcript expression estimates
between short-read and long-read RNA-seq data (Supplementary
Fig. 50). Together, these results demonstrate that transcript quanti-
fication is sensitive to RNA fragmentation and reduced read length.
In particular, read fragmentation increases transcript expression
estimates for some isoforms that appear as the major isoforms only
inllluminashort-read RNA-seq data.

Experimental validation confirms long-read-specific

major isoforms

To further confirm our findings, we shortlisted 13 highly expressed
geneswith discordant majorisoforms betweenlong-read and short-read
RNA-seq datain the MCF7 cell line, and performed quantitative PCR
(qPCR) and digital PCR (dPCR) on the unique sequences specificto each
of the long-read-specific and short-read-specific major isoforms. In
some cases, where the short-read-specific major isoform is a subset of
the long-read-specific major isoform (that is, the splice junctions are
completely contained withinthe long-read-specific majorisoform), we
compared the unique sequence from the long-read-specific major iso-
formand the common sequence shared between the long-read-specific
and short-read-specific major isoforms. Firstly, we observed that the
concentration levels estimated (relative fluorescence units, RFUs) from
dPCR experiments agree well with the abundance estimates obtained
fromlong-read RNA-seq, but not those from short-read RNA-seq (Pear-
son correlation coefficient: (r) 0.97 (long-read RNA-seq) versus —0.6
(short-read RNA-seq); Fig. 5e,f). Furthermore, the data confirm that for
all 13 genes, the long-read-specific major isoform was the most abun-
dantisoform (Fig. 5e—n and Supplementary Text Fig. 22). qPCR results
also confirmed that long-read-specific major isoforms are detectable
at high concentration levels, while short-read-specific major isoforms
were detected at much lower concentrations (Fig. 5h,|, Supplementary
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Fig.4|Long-read RNA-seq dataimproves read-to-transcript assignment
and transcript abundance estimation compared to short-read RNA-seq
data. a, Scatterplots of log,-transformed CPM values obtained from long-read
direct cDNA and PCR cDNA, and short-read RNA-seq, compared with expected
log,-transformed CPMs for spike-in transcripts of four different spike-in RNAs.
Light blue points represent Sequin Mix A version 1and SIRV E2; dark blue points
represent Sequin Mix A version 2, and SIRV EO + long SIRV RNAs. b, Box plots
showing the median, upper and lower quartiles, and 1.5 times the interquartile
ranges of the Spearman correlation coefficient for mean log,-transformed

CPM estimates for dominant-status-categorized protein-coding gene isoforms
between different RNA-seq protocols for each cellline (n =7). Dark blue
indicates comparison between long-read RNA-seq protocols; light blue indicates
comparison between long-read and short-read protocols. ¢, Scatterplot of

log,-transformed CPM for dominant-status-categorized protein-coding gene
isoforms obtained from long-read direct cDNA RNA-seq compared with those
obtained from short-read RNA-seq in the A549 cell line. d, Fraction of alternative
events identified when comparing major isoforms only in long-read (long-
read-specific major isoform) and major isoforms only in short-read RNA-seq
(short-read-specific major isoform). Background simulation distribution with
mean + s.d. represented by a point with an error bar (n = 20). e-g, Box plots
showing the median, upper and lower quartiles, and 1.5 times the interquartile
ranges of the fraction of dominant-status-categorized protein-coding gene
isoforms expressed with atleast 1CPM (e), the number of junctions covered

per read (f) and the number of transcripts uniquely assigned per read for all
experiments categorized by five RNA-seq protocols (g; n =55, 30, 27, 6 and 21, for
direct RNA, direct cDNA, cDNA, PacBio and Illumina, respectively).

Table 5and Supplementary Text Fig. 22). These observations confirm that
long-read RNA-seq datamore robustly identify majorisoforms compared
toshort-read RNA-seq data, suggesting that the observed differencein
transcript expression between short-read and long-read RNA-seq data
may partially be the consequence of inflated expression estimates in
short-read RNA-seq due to fragmentation and reduced read length.

Alternative isoform expressionin the SG-NEx data
The presence of full-splice-match reads in long-read RNA-seq data
can unambiguously identify alternative isoforms that are expressed,

enabling the analysis of complex splicing events involving multiple
exons*®*°, Across all seven SG-NEx core cell lines, we observed that
thousands of genes used multiple isoforms in each cell line that were
supported by full-splice-match reads (Fig. 6a and Supplementary
Fig. 6a). The most frequent difference between alternative isoforms
and the majorisoformis exon skipping (40.4%), followed by alternative
promoters (21%) and alternative last exons (16.8%; Fig. 6a,b and Supple-
mentary Fig. 6a). Some of the most complex genes used more than 20
distinctisoforms, ofteninvolving alternative promoters, termination
sites and splicing (Supplementary Fig. 6b).
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Fig. 5| Long-read-specific major isoform is more robust compared to short-
read-specific major isoform. a, Schematic of fragmentation simulation of
short-read (SR) from long-read (LR) data. b-d, Box plots showing the median,
upper and lower quartiles, and 1.5 times the interquartile range of the Spearman
correlation (b) and mean absolute error (c) between LR and matched in
silico-simulated short-read RNA-seq data (fragmented LR), and the Spearman
correlation between SR and LR or fragmented LR (d), for Major isoforms, long-
read-specific major isoforms, short-read-specific major isoforms and Minor
isoforms. Light gray lines connect the metrics from the same sample pair (n = 67).
e.f, From left to right, the scatterplots showing the log,,-transformed: average
concentration (cop/pl, copies per microlitre) versus CPM estimates in cDNA
long-read RNA-seq data (left); average concentration (cop/pl) versus transcripts
per million (TPM) estimates in [llumina short-read RNA-seq data (middle);
average concentration (cop/pl) for the long-read-specific major isoform

versus that of the short-read-specific major isoform (right); e, candidate genes
where the short-read-specific major isoform and the long-read-specific major
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Number of cycles v 0
* Negative reactions

Long-read-specific major isoform
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Sequences amplified
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isoform can be uniquely identified; f, candidate genes where the short-read
specific major isoformis a subset of the long-read-specific majorisoform. g k,
Genomic annotations for the long-read-specific and short-read-specific major
isoforms and the sequences amplified for each isoformin qPCR with reverse
transcription (RT-qPCR) and dPCR experiments. For example, RPL37A (g), where
short-read-specific major isoformis not a subset isoform, and RPL31 (k), where
short-read-specific major isoformis a subset isoform. h,1, Line plots showing the
relationship between the number of PCR cycles and the RFUs in the RT-qPCR
experiments, for the assays designed for the long-read-specific and short-read-
specific major isoforms of RPL37A (h) and RPL31 (1). The dotted gray line indicates
the threshold defaulted at 50. i,j,m,n, Scatterplots showing RFUs in all analyzed
partitions, for the assays designed for the long-read-specific (i) and short-read-
specific (j) major isoforms of RPL37A, and the long-read-specific (m) and short-
read-specific (n) major isoforms of RPL31. Dark blue indicates a positive reaction,
and light gray indicates a negative reaction.

Here we found that isoform switching often involves multiple
events (13%), illustrating how full-splice-match reads provide the
possibility to investigate long-range associations of transcriptional
regulation such as alternative promoters with alternative splicing

and alternative transcription end sites (Fig. 6b and Supplementary
Fig. 6¢).

Next, we identified cell-type-specific major isoform switching
events that were supported by full-splice-match reads, highlighting
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the variationinisoform expression and alternative splicing within and
across human celllines thatis captured in the SG-NEx dataset (Fig. 6¢,
Supplementary Tables 6 and 7, Supplementary Fig. 6d and Methods).

Novel transcripts are enriched in repetitive elements

A key advantage of long-read RNA-seq is the ability to identify novel
transcripts that are missing in reference annotations®*'. Using a
10% novel discovery rate (NDR) threshold for transcript discovery
in well-annotated genomes (NDR = 0.1), we identified 1,531 novel
multi-exon transcript candidates across all samplesin the SG-NEx data
afterfiltering potential reverse transcription switch and intra-priming
artifacts with SQANTI3 (ref. 52), 622 (40.6%) of which belonged to
genomic loci that were not annotated (Supplementary Figs. 7a and
8a-c and Supplementary Table 8). New transcripts generally have
lower expression, alower number of exons and lower transcriptlength
compared toreference transcripts (Supplementary Figs.7band 8d,e),
particularly for new transcripts from novel genes, indicating that the
humangenomeiscomprehensivelyannotated (seeSupplementary Text7
foracomparisonwith different reference annotation versions and Sup-
plementary Table 8 for additionally validated novel transcripts in this
study). Compared to annotated transcripts, we observed a significant
enrichment of repetitive elements in exons from novel transcripts
(two-sided Mann-Whitney U-test, P < 0.001; Supplementary Fig. 7¢).
While most majorisoforms are annotated, we noted that several novel
transcripts were involvedin cell line-specific isoform switching events
(Fig. 6c and Supplementary Fig. 6d), illustrating the value of long reads
for transcript discovery, even in well-annotated genomes.

Discovery and quantification of fusion transcripts

Genomic rearrangements can introduce fusion genes that are associ-
ated with clinical characteristics in patients with cancer>’. Using the
SG-NEx long-read RNA-seq data, we searched for fusion genesin the six
cancer cell lines fromthe core dataset. We firstly identified fusion genes
and assigned them to genomicbreakpoints usingJAFFAL* and created
fusion chromosomes. Next, we aligned reads against the predicted
fusion chromosomeregions, and then identified and quantified fusion
transcripts using Bambu (Methods). Across all cell lines, we identified
106 fusion genes, 79 (74.5%) of which have been validated previously
orobservedin short-read data (Fig. 6d and Supplementary Table 10).
To confirm these results, we selected 12 fusion genes identified in the
MCF?7 breast cancer cell line for validation with PCR, all of which were
confirmed (Supplementary Table11, Fig. 6d and Supplementary Fig. 9),
indicating thatlong-read RNA-seq enables the robust identification of
fusion genes. Interestingly, we additionally found full-splice-match
read support for most of the 5" and 3’ genes, showing that both the
fusion genes and the unfused wild-type genes can be detected with
long-read RNA-seq (Fig. 6d).

Unlike short-read RNA-seq data, which is limited to detecting
the breakpoint, long-read RNA-seq data enable the reconstruction of
complete fusion transcripts. On average, we identified two alternative
isoforms per fusion gene that are supported by full-splice-match reads
(Supplementary Table 12), illustrating how the SG-NEx data provide

a unique resource for analyzing full-length fusion transcripts with
long-read RNA-seq.

m°A RNA modifications in the SG-NEx data

The ability to directly sequence RNA using the Nanopore technology
facilitates the discovery of RNA modifications that otherwise requires
dedicated experimental protocols®. Here, we used m6Anet* to obtaina
set of candidate m°A positions (Fig. 6e and Supplementary Text Fig. 24).
To provide an independent, transcriptome-wide map of m°A, we also
generated m6ACE-seq data for the HCT116 cell line. Across all seven
SG-NEx core cell lines, we found 6,337 positions that were predicted
to be modified in at least one cell line (Supplementary Table 13), with
59% of m°A sites in the HCT116 cell line being confirmed by m6ACE-seq
(Supplementary Fig.10a). Globally, we note that m°A sites can be either
cell-type specific or modified across cell types (constitutive sites;
Fig. 6f,gand Supplementary Fig.10e). While constitutively expressed
transcripts also showed cell-type-specific modifications, the major-
ity of cell-type-specific m°A sites originated from cell-type-specific
transcripts (Fig. 6g). Among the most heavily modified genes across all
SG-NEx celllines was the oncogene MYC, whichis shown tobe regulated
by m°Ain cancer®, illustrating how direct RNA-seq can simultaneously
profile RNA expression and modifications (Fig. 6h and Supplementary
Fig.10f,g).

Discussion

Here we present the results from the SG-NEX project, a systematic
resource and benchmark dataset of current RNA-seq technologies.
Our study highlights differences between the alternative library prepa-
ration and sequencing methods andillustrates the value of the SG-NEx
data as arich resource to study numerous aspects of transcriptome
profiling, such as the identification of alternative isoform expression
using full-splice-match reads, transcript discovery, fusion transcript
quantification and the identification of m°A modifications.

The ability to quantify transcript expression has been previously
compared between long-read and short-read RNA-seq data using
spike-in RNAs** ¢ and cell lines from human?*°%7¢°, mouse***"** and
other species®*"?, consistently showing a high level of variation in
transcript expression estimates®*** (Supplementary Table 2). How-
ever, the limited complexity of spike-in RNAs, the lack of aground truth
for biological samples, low sequencing depth, limited replicates or a
focus onsingle protocols or cell lines have made it difficult to quantify
the differences in the estimation accuracy when comparing differ-
ent sequencing technologies?*”***2, Here we compare differences in
transcriptexpression between short-read and long-read RNA-seq data
on six spike-in RNAs, seven human cell lines with multiple replicates,
matched simulated short-read data and experimental validation by
digital and quantitative PCR. Our analysis shows that the observed
variationis partially explained by the fragmentation step, resultingin
an overestimation of major isoforms in the short-read RNA-seq data.
While short-read RNA-seq generates abundance estimates that are
highly correlated with replicates generated using the same technology,
ourresults provide evidence that abenefit of using long-read RNA-seq

Fig. 6 | Profiling of complex transcriptional events, novel transcript, full-
length fusion transcript and m°A modification in seven human cell lines.

a, Bar plots of different isoform switching-type events in the seven human cell
lines. b, Upset plot of isoform switching event combinations. Top, number of
isoforms for each combination. ¢, Heatmap showing the expression levels of
325isoforms showing significant dominantisoform switching events across

the seven human cell lines. The type of events associated with theisoform is
indicated at the bottom. Expression is shown for the cell-type-specific isoforms.
d, Heatmap of fusion gene candidates detected using long-read RNA-seq data,
showing the status of validations in this study and in the literature (top), number
and class of breakpoints (middle) and full-splice-match read support for the

5’ gene, 3’ gene and the fusion gene (bottom). e, Workflow for identifying m°A

positions from direct RNA-seq data. f, Heatmap showing the clustering of direct
RNA-seq samples based on the similarity of their m®A profile. The similarity was
estimated using a two-sided Fisher’s test based on the number of common m°A
sites among all sites that were tested for m®Ain each pairwise comparison. The
odds ratio was then used as enrichment score across sample replicates from the
seven cell lines. g, Bar plots showing the number of m°A sites that were found
across the SG-NEx cell lines, for predicted m°®A sites at genes that are expressed
across all cell lines (blue, top), and predicted m®A positions at genes that are
expressed in atleast one cell line (green, bottom). h, The MYC gene with m6ACE-
seq-detected m°A positions (green bars) and mé6Anet-detected m®A probability
inferred from direct RNA-seq data (blue bars). The direct RNA-seq coverage is
showninlight blue for each cell line.
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isamorerobust and technology-independentidentification and esti-
mation of major isoforms compared to short-read data.

Highly repetitive transposable elements have been shown to be
expressed inembryonic development®, and adult tissues'®. They have
also been associated with diseases®*, and remain among the most dif-
ficult to study®>*°. Our data show that newly discovered transcriptsin
the SG-NEx data are enriched for such repetitive elements compared
to annotated transcripts. While the expression pattern, transcript
structure and relevance or function of these transcripts remains tobe
validated, transcript discovery with long-read RNA-seq data may be of
particular relevance for tissues that show high expression of repeats,
such as cells from early embryos or samples from species that are
known to be particularly repeat-rich®%,

Compared to short-read and PacBio RNA-seq data, Nanopore
RNA-seq has a higher sequencing error rate*, which affects the preci-
sion of read alignments in particular for splice junctions. Therefore,
assignment of Nanopore reads to transcripts requires approximate
matching, providing a barrier for using tools designed for short-read
RNA-seq data. Error correction® or splice alignment correction as used
in Bambu® and Flair® or NanoSplicer’® can alleviate this limitation. Here
we observe that the direct RNA-seq data, which have the highest error
rate”*, generate transcript abundance estimates that are consistent
with the direct cDNA data. Thisindicates that sequencing or alignment
errors at splice junctions can effectively be dealt with for transcript
quantification.

One of the main advantages of short-read RNA-seq data is the
availability of a large amount of public data for benchmarking and
discovery”. Even though the long-read RNA-seq technology is widely
available for bulk?%>>73, single-cell’””*"® and spatial”””® profiling, and
despite new methods being actively developed®°"”’, the lack of a
comprehensive data resource prevents widespread use of long-read
RNA-seq for routine profiling of the transcriptome®’. Here we present
the SG-NEx dataset and use it to compare the different sequencing
protocols as well as comparative benchmarking of computational
methods. By including multiple cell lines with multiple replicates
sequenced on five different RNA-seq protocols, the data enable the
development and evaluation of methods for transcript quantification
and discovery, differential expression analysis and fusion gene detec-
tion. Furthermore, the SG-NEx data contain the raw current signal from
direct RNA-seq for seven core cell lines, each profiled with multiple
replicates with partially matched m®A profiling, providing a unique
resource to develop and evaluate methods for identification of RNA
modifications. Together, we provide a systematic benchmark dataset
forshort-read and long-read cDNA and direct RNA-seq, acomprehen-
sive overview of transcription in human cell lines and a systematic
evaluation of transcriptomics protocols that highlights the benefit
of long reads to studying complex transcriptional phenotypes at the
resolution of individual transcripts.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/541592-025-02623-4.
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Methods

Data generation and processing

Cell growth. Cell growth protocols are described in Supplementary
Tablel.

RNA extraction. RNA extraction protocols are described in Supple-
mentary Table1.

Library preparation. Sequencing libraries were prepared using the
NanoporedirectRNA, direct cDNA and PCRcDNAKits, PacBio-SMRTcell,
and short-read sequencing (Illumina 150-bp paired-end reads).
m6ACE-seq was generated as described in ref. 81. Details and devia-
tions are described in Supplementary Table 1.

Sequencing. Sequencing runs were performed using MinlON/GridION
(FLO-MIN106/106D/107), or PromethION (FLO-PRO001/002; Oxford
Nanopore Technologies), PacBio Sequel Il and Illumina HiSeq 4000
(Supplementary Table1).

Reference genome and annotation. We used the GRCh38 Ensembl
annotations release (version 91)* and the primary assembly fasta
sequence as the reference genome sequence. For transcriptome align-
ment, we combined the coding and noncoding RNA reference fasta
files, selected transcript IDs that matched the reference annotations
and removed other transcripts from the transcriptome fasta file. For
repeat elements, we used the matched release version of RepeatMasker
sequences obtained from the UCSC genome browser®. For the spike-in
dataset, we used the Sequin annotation and the SIRV-Set 4 annotations,
whichinclude SIRVs, ERCC and long SIRV annotations. All reference files
canbe downloaded from https://github.com/GoekeLab/sg-nex-data/.

Basecalling. The raw Nanopore RNA-seq data (fast5) were first con-
verted to BLOWS files® and then basecalled using Guppy (version
6.4.2)%,

Read alignment. The resulting fastq files were aligned using the
long-read aligner Minimap2 version 2.22 with parameters ‘--ax splice
--junc-bed’ for alignments against the genome, using the junctionbed
file to correct splicing junctions; and with parameters ‘--ax map-ont’
foralignments against the transcriptome. For direct RNA-seq runs, the
additional parameters ‘--k14’ and ‘--uf’ were used as recommended.
For short reads, we performed STAR*® alignment with parameters
‘--outMultimapperOrder Random --outSAMattributes NH HINM MD
ASnMjMjlI XS’ to obtain the genome alignment (which was then used to
calculate the junction counts). For PacBio samples, we first converted
the provided bam files to fastq files and then performed alignment
using Minimap2 version 2.22 with parameters ‘--ax splice:hq -uf” for
alignments against the genome and with parameters ‘--ax map-hifi -uf”
for alignments against the transcriptome.

Transcript abundance estimation. For long-read data, we applied
Bambu, NanoCount® and Salmon® to estimate the gene and transcript
expression levels. For Bambu, we used Bambu version 3.2.4 on genomic
alignments obtained from Minimap2 with degradation model offand
recommended NDR (only annotated transcripts were used for this
analysis, unless otherwise specified). For NanoCount, we first aligned
fastqfiles to the transcriptome with recommended alignment param-
eters --ax map-ont -p 0 -N 10’ and then applied NanoCount version
1.0.0.post3. For Salmon, we first aligned fastq files to the transcriptome
with the recommended alignment parameters ‘--ax map-ont -p 1.0 -N
100’ and then applied Salmon version1.9.0 with parameters ‘--ont -q -1
U’.Forshort-read data, we applied Salmon and RSEM® to estimate the
transcript expression. We used Salmon version 1.9.0 with paired-end
fastq files using the quasi mapping-based mode, with parameters
‘--validateMappings --seqBias --gcBias --posBias’ to allow correcting for

sequence bias, fragment-level GC bias and the nonuniform coverage
biases. For RSEM, we used RSEM version 1.3.3.

Gene expression estimation. Here we define gene expression as the
sum of transcript expression from all transcripts that belong to each
gene based on reference genome annotations. For Bambu, we used
the function transcriptToGeneExpression() to estimate gene expres-
sion. For other methods, we calculated the sum of CPM values for all
transcripts from each gene to obtain the gene expression estimate.

Spike-in data. For the analysis of spike-in data, we first extracted
spike-inreads from each sample before combining spike-inreads of the
same spike-in type and protocolinto one sample (‘spike-in only data’).

Data analysis

Comparison of RNA-seq protocols. We compared the different read
RNA-seq protocols: direct RNA, direct cDNA, cDNA, PacBio cDNA and
Illumina short-read RNA-seq protocols in terms of sequencing depth,
read length, transcript diversity, coverage and error rate. For sequenc-
ing depth (Fig. 2a), we compared the total number of reads generated
from each sequencing run. To compare the read length (Fig. 2b), we
calculated the meanread length of aligned reads for each sequencing
run and each protocol. To evaluate the read coverage between pro-
tocols (Fig. 2¢), we used the coverage function from GenomicAlign-
ments’’ to obtain the coverage for each position along the transcript.
Here we included regions corresponding to D(deletion) in the CIGAR
string for the coverage calculation. We then divided each transcript
into 100 equal bins and took the average of the coverage read count
within eachbin, which was then normalized by the maximum for each
transcriptto obtainthe relative transcript coverage. We then averaged
the normalized relative coverage across samples within each protocol
and each cell line for each bin.

To compare the percentage of full-splice-match reads (Fig.2d), we
looked at the splice-junction match between read alignments (after
junction alignment correction with Bambu) and annotation, and
defined aread asafull-splice-match read uponanexact splice-junction
match to any of the annotated transcripts, or as a partial read upon
the splice junction of the read alignments being only partially con-
tained within the transcript. For fair comparison, data generated
from allRNA-seq protocols were processed by Bambu to calculate the
splice-junction match.

To comparethetranscript diversity between protocols (Fig. 2e), we
first ranked the genes by the average expression within each protocol
and each cell line and then calculated the cumulative read count for
genes ranked from top expressed to low expressed for each sequenc-
ingrun. Due to the existence of similar read counts, there were missing
points in the gene ranks; therefore, we performed interpolation to
estimate the cumulative read frequency for such points. To summarize
the transcript diversity for each protocol, we then took the median of
the cumulative read frequency across samples for each protocol. We
also compared the transcript diversity between protocols when rank-
ing genes by their gene length to understand how genes with different
lengths were being sequenced by each protocol. For this analysis, we
ranked genes by their gene length (defined as the maximum isoform
length) and then calculated the cumulative read count for genes ranked
fromshortest to longest for each sequencing run.

To compare the gene coverage (Fig. 2f), we aggregated the read
count from all read classes aligned to each gene as the expected read
count if the read classes were full-splice-match reads with respect
to the gene. We then calculated the relative length ratio of each read
class where the width of each read class was divided by the maxi-
mum transcript length within the gene, and then computed arelative
length-adjusted total read count for each gene as the observed read
counts. By taking the ratio between the length-adjusted and origi-
nal total read count, we obtained an approximate measure for gene

Nature Methods


http://www.nature.com/naturemethods
https://github.com/GoekeLab/sg-nex-data

Analysis

https://doi.org/10.1038/s41592-025-02623-4

coverage. Similarly, we averaged the gene coverage ratios across sam-
ples generated from the same protocol for each gene to compare
between protocols. We only included genes that were expressed in all
protocols with an average expression level being above 30 CPM. To
identify the genes that show significant differences in coverage, we
tested the proportions for each gene using a two-sided z-test without
assuming the equal variance between two protocols.

In addition to sequencing depth, we also compared the total
mapped bases filtered by cigar string and error rate reported for each
sequencing run by running ‘samtools stats’.

To show the distribution of full-splice-match coverage, we calcu-
lated the coverage for each read based on the transcriptome alignment
and calculated the ratio against the transcript length, normalizing the
coverage ratio to a number over a thousand. We then calculated the
mean number of transcripts for each coverage ratio ranging from O
to1foreach protocol and the cumulative distribution of the coverage
ratios.

Allanalyses described above were also conducted for spike-in data.

Comparison of gene and transcript expression. For the analysis
reported in the study, we compared the estimates obtained from
Salmonforbothlong-read and short-read data (‘Transcript abundance
estimation’). Results generated from other methods are included in
Supplementary Figs. 4 and 5. This analysis was based on annotated
isoforms; novel isoforms were not included in the comparison. All
long-read transcript expression estimates used CPM values as esti-
mated by the different computational methods. Short-read RNA-seq
estimates used TPM values.

Definition of major and minor isoforms. Here we defined major isoforms
for each gene as the isoform that has the highest transcript expres-
sion estimate. For this analysis, major isoforms were calculated for
each cell line using the average transcript expression from all Nano-
pore long-read RNA-seq replicates (long-read major isoforms) and
the average from all short-read RNA-seq replicates (short-read major
isoforms). We then compared long-read and short-read major isoforms
toidentify majorisoformsidentified by both sequencing technologies,
long-read-specific major isoforms, short-read-specific majorisoforms
andisoforms that were never estimated to be the most highly expressed
(minorisoform).

Comparison of spike-in RNAs. For the spike-in data analysis, we used
the spike-in-only data that were combined for each protocol and each
spike-in type. To obtain the expected CPM for the combined data for
each spike-in type and protocol, we first multiplied the total number
of reads by the spike-in percentage for the total expected spike-in
reads, and then multiplied this number by the relative concentration
of each spike-in transcript in the total spike-in set for each sample
to obtain the true expected CPM. To benchmark different RNA-seq
protocols in profiling gene and transcript expression using spike-in
data, we compared the log,-transformed estimated CPM against the
log,-transformed expected CPM using the Spearman correlation, mean
absolute error, mean relative absolute difference, mean relative differ-
ence, root mean squared error and R-squared value, for both gene and
transcript expression. The metrics were calculated for all RNA-seq pro-
tocolsand allmethods. To compare across protocols, we also computed
the Spearman correlation between the log,-transformed estimated
CPM between each pair of protocols.

Comparisonof human cell line RNA. For the human chromosome gene
and transcript estimation evaluation between different RNA-seq
protocols, we matched the annotations to include only genes with
all transcripts present in both genomic annotation and transcrip-
tomic annotations, removing 1,066 (2%) genes in the process. As out-
lined in the study, we focused on protein-coding genes, antisense

RNAs, long intergenic noncoding RNAs, noncoding RNAs and macro
long-noncoding RNAs, which further removed 25,441 (43.6%) genes
(pseudogenes and short RNAs) from consideration. After filtering, a
total of 32,861 genes wereincluded, with 169,254 associated transcripts.
Foreachsequencing run, weidentified the cross-cellline replicates
(same replicate number but from different cell lines, different proto-
cols) and the within-cell line replicates (same replicate number, same
cell line, different protocols). For gene expression, we computed the
Spearman correlation and mean relative absolute differences between
each replicate pair for protein-coding genes, long-noncoding genes
and other genes, respectively. For transcript expression, we computed
the Spearman correlation and mean absolute error between each
replicate pair for major isoform, major isoform-long read (LR), major
isoform-short read (SR) and minor isoform, respectively.

Comparison of splicing events/alternative promoters for short-
read-specific and long-read-specific major isoforms. To determine
if there were systematic differences between the major isoforms
identified between long reads and short reads for each gene, we
used the function compareTranscripts in Bambu to calculate how
often a long-read-specific major isoform (1) used an internal exon
from the short-read-specific major isoform as first or last exon; (2)
underwent an exon skipping event or intron retention event; and (3)
underwent an alternative splicing event at both 3’ and 5’ ends against
the short-read-specific major isoform of the same gene. To simulate
the (expected) background distribution, we randomly chose one iso-
form that was not the short-read-specific major isoform from the
same gene and compared it against the short-read-specific major
isoform for the same alternative events, repeating it for 20 times.
Similarly, we compared the short-read-specific majorisoform against
the long-read-specific major isoform from the same gene and con-
ducted the simulation by randomly choosing one isoform from the
non-long-read-specific majorisoforms of the same gene and compared
against the long-read-specific major isoform.

Clustering of samples using gene expression estimates. We clustered all
SG-NEx samples using gene-level correlation computed for the genes
with the top-ranked variation across all samples using the heatmap,
dendrogram and PCA functionsinR.

Analysisifjunction read coverage. We determined the number of junc-
tions covered by each read using the GenomicAlignments package®.
To determine the number of reads that can be uniquely assigned, we
processed short-read data using Bambu without transcript discovery
toobtain theread class assignment. We then compared the distribution
of the number of transcripts that can be assigned by each read class.

In silico read fragmentation. To simulate fragmented, short-read
datafromlong-read data, we identified the transcripts that each read
aligned tointhe primary alignments. For each long read, we extracted
the coordinatesinthe corresponding transcript, and randomly simu-
lated the sequencing start position uniformly from the start position
of the read alignment to 150 bp before the end position of the read
alignment. To mimic the fragmentation process, the process was ran-
domly repeated N times for each read according to the read length
(N < mappedread length/150 bp, insilico fragmentation). After simu-
lating the sequencing starts, we then extracted the 150-bp transcript
sequences based on the annotation for each simulated read. Here we
only used reads with mapped read lengths of at least 150 bp. We then
compared the log,-transformed estimated CPM for major isoforms,
long-read-specific majorisoforms, short-read-specific majorisoforms
and minor isoforms between fragmented long-read data (simulated
SR) with the long-read data and calculated the Spearman correlation
and mean absolute error between the same sequencing run. We also
calculated the Spearman correlation between fragmented long-read
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andshort-read datausing the same replicates from the same cell line, to
understand the impact of fragmentation in explaining the differences
between long-read and short-read data.

We also performed this fragmentation simulation using short-read
data (Supplementary Fig. 5p). To systematically perform the simula-
tion, we fragmented the short-read data from the 5’ end to single-end
read of different lengths ranging from 150 bp to 50 bp at a25-bp differ-
ence for all short-read RNA-seq samples, using seqtk (https://github.
com/Ih3/seqtk/) with parameters ‘trimfq -L.

RT-gPCR and dPCR validation of the long-read-specific versus
short-read-specific major isoforms. To further confirm whether
long-read-specific or short-read-specific major isoforms are the true
dominant isoform among the genes with discordant major isoforms
betweenlongandshort-read RNA-seq data, we shortlisted 13 candidate
genes from the MCF7 cell line, each with either long-read-specific or
short-read-specific major isoforms being the most highly expressed.
Around1pgoftotal RNA from MCF7 breast cancer cell lines was reverse
transcribed using the SuperScript IV First-Strand cDNA Synthesis Sys-
tem (Invitrogen) following the manufacturer’sinstructions. For the 13
shortlisted candidate genes, we designed and selected 26 pairs of prim-
ers to amplify the unique transcript sequences from each isoform. In
the case where the short-read-specific majorisoformisasubset of the
long-read-specific majorisoform (thatis, the splice junctions from the
short-read-specific major isoform are completely contained within the
long-read-specific major isoform), we amplified the common sequence
shared between the long-read-specific and short-read-specific major
isoformsinstead for the short-read-specific majorisoform. RT-qPCR
was performed using Luna Universal qPCR Master Mix (NEB) with the
following thermocycling conditions: 95 °C for 2 min, then 95 °C for
15s,and 60 °C for 30 s for 45 cycles. Each reaction well contained 1 pl
of10x diluted cDNA and 19 pl of Master Mix, totaling 20 pl, inaBio-Rad
Hard-Shell 96-well PCR plate. dPCR was conducted using 3x EvaGreen
PCR Master Mix (Qiagen) with the following thermocycling condi-
tions: 95 °C for 2 min, then 95 °C for 15 s, 60 °C for 15 s, and 72 °C for
15 s for 40 cycles. Imaging conditions included an exposure duration
of 300 ms and a gain of 4. Each reaction well contained 5 pl of 500x
diluted cDNA and 35 pl of Master Mix, totaling 40 pl, in a 26k 24-well
QIAcuity Nanoplate.

Analysis of alternative isoform expression. Details for the analysis of
alternative isoform expression can be found in Supplementary Note 1.

Novel transcripts and repeat enrichment analysis. Details for novel
transcripts and repeat enrichment analysis can be found in Supple-
mentary Note 2.

Fusion gene analysis. Details for fusion gene analysis can be foundin
Supplementary Note 3.

m°A modification analysis. Details for m°A modification analysis can
be foundin Supplementary Note 4.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The SG-NEx data are available at https://github.com/GoekeLab/
sg-nex-data/. All dataare deposited inthe European Nucleotide Archive
under accession code PRJEB44348. Fast5 (BLOWS), fastq, bam and
additional processed data are available for fast compute-optimized
access on S3 through the AWS open data sponsorship (https://reg-
istry.opendata.aws/sgnex/). We also downloaded the datasets from
the ENCODE portal® with the following identifiers: ENCSROOOCON,

ENCSROOOCWM, ENCSROOOCPE, ENCSROOOAEM and ENCSROOOCPT
(see Supplementary Text Table 1for detailed download links).

Code availability

nf-core/nanoseq is a streamlined, community-curated pipeline for
Nanopore sequencing data processing and analysis (https://nf-co.
re/nanoseq/). The code used for this paper is deposited in GitHub via
https://github.com/GoekeLab/sg-nex-data/tree/master/manuscript/.
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system, and PacBio Sequel Il system(Supplementary Table 1). nf-core/nanoseq is a streamlined, community curated pipeline for Nanopore
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the datasets from the ENCODE portal (Sloan et al. 2016) (https://www.encodeproject.org/) with the following identifiers: ENCSROOOCON, ENCSROOOCWM,
ENCSROOOCPE, ENCSROOOAEM, ENCSROOOCPT (see Supplementary Text Table 1 for detailed download links).
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Sample size To perform RNA-Seq differential expression analysis, we acquired a minimum number of at least 3 biological replicates for each protocol run
from each cell line, for differential expression analysis (Schurch et al, 2016).

Data exclusions  Sequencing runs with less than 400,000 reads were excluded as these runs generally show low quality compared to the other runs and may
produce unreliable results.

Replication RT-PCR experiments to confirm novel transcripts were conducted once, with external validation from recent Gencode/Ensembl release. RT-
gPCR experiment results to confirm long-read specific major isoforms were confirmed with dPCR experiments.

Randomization  Batch effects adjustment and covariate adjusted analysis is performed to control for potential confounding effects of sequencing platforms
and batches.

Blinding Blinding is not relevant to the study as no allocation is needed for data during data collection and analysis, as they are all predefined by the
sequencing technologies and cell line types.
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Cell line source(s) K562, A549, MCF7, HCT116, HepG2, and Hek293T are from American Type Culture Collection (ATCC). H9 cell line replicate 1
is obtained from WiCell and all other replicates are kindly gifted from Lawrence W. STANTON's lab. The HEYAS cell line was
obtained from collaborators. The NCC24 and SNU719 cell lines are from the Korean Cell Line Bank. The IM95 cell line is from
Japan Health Science Research Resource Bank.
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