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Abstract

Spliced leader (SL) trans-splicing occurs in a wide range of eukaryotes and plays a critical role in processing mRNAs derived from
operon structures. However, current research on this mechanism remains limited, partly due to the difficulty in accurately identifying
genuine SL trans-splicing events. The advent of long-read RNA sequencing technologies, such as direct RNA sequencing by Oxford
Nanopore Technologies, offers a more promising avenue for detecting these events with greater resolution. Here, we present SLRanger,
an integrated tool to detect SL sequences and predict operon structures in eukaryotic transcriptomes. SLRanger improves upon the
traditional Smith-Waterman (SW) alignment framework by incorporating an optimized scoring scheme tailored to SL detection in native
long RNA reads. We primarily validated our method using direct RNA sequencing data from Caenorhabditis elegans, a well-established
model organism for studying trans-splicing. Through a dynamic cutoff strategy, SLRanger robustly identified high-confidence SL-
carrying reads. Leveraging the SL information, SLRanger achieved over 80% accuracy in operon gene prediction, recovering more than
70% of known operon genes in C. elegans. SLRanger was also applied to detect SL from cDNA long RNA reads and another trans-spliced
species. Our results demonstrate that SLRanger not only provides a reliable approach for characterizing SL trans-splicing events but
also serves as an effective framework for operon discovery, enabling transcriptomic analysis for operons and facilitating downstream

data-mining applications.
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Introduction

Spliced leader (SL) trans-splicing is a unique RNA processing
mechanism in which a short and conserved RNA fragment
(namely SL) is added to the 5 end of precursor messenger RNAs
(mRNAs) [1-3]. Trans-splicing is extremely rare and confined to
intragenic events in vertebrates [4-6]. However, in a diverse set
of other eukaryotes, it is a genome-scale phenomenon involving
dedicated cellular machinery. Taxa with frequent trans-splicing
include nematodes, kinetoplastid parasites, such as Trypanosoma,
flatworms, cnidarians, and some tunicates [7-9]. Among these
species, SL trans-splicing serves as the predominant mechanism
for removing the 5 outron from pre-mRNA, thus critical to
RNA stability, and translation efficiency [10-12]. One clear
biological function of SL trans-splicing is processing polycistronic
transcripts derived from eukaryotic operons into monocistronic
mRNAs, facilitating proper mRNA processing and gene regulation.
In nematodes such as the model organism Caenorhabditis elegans,
around 70% of transcripts are processed by trans-splicing, and the
mature transcript contains an SL after processing. Notably, trans-
splicing in nematodes is mediated by two types of SLs, namely

SL1 and SL2 [13-16]. While around 50% of all genes are trans-
spliced with SL1, more than 17% of transcripts are processed via
SL2-mediated trans-splicing, which is strongly associated with
operon-derived transcripts and reflects the underlying operon
organization [16, 17].

Although the concept of SL trans-splicing in eukaryotic organ-
isms has been proposed for decades [18, 19], its biological signif-
icance and functional roles remain incompletely understood [20,
21]. A major bottleneck in this field is the difficulty in system-
atically identifying SL trans-splicing events. Even for the model
organism like C. elegans, the current genome release did not
include a comprehensive SL annotation for each protein-coding
gene [22]. A detailed annotation for SL in each gene is a hard
job for several reasons. SL sequences are not located immediately
upstream of the transcription start site (TSS) of each gene on the
genome. When the full transcript is aligned back to the genome,
the SL sequence will be presented as an “unaligned end.” Secondly,
the SL sequence on mature mRNA is extremely short, from ~22 nt
in C. elegans to ~35 nt in T brucei [23]. Moreover, since most of
the modermn high-throughput RNA-seq techniques rely on poly(A)
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tail selection to enrich mRNAs, they will only ensure the intact
sequencing of the 3’ end of the transcript. As a result, the SL
sequence in the 5" end could be partially or entirely missed due to
the mRNA degradation [24]. Thirdly, in nematodes, the sequence
similarity among different SL types (e.g., SL1 vs. SL21in C. elegans) is
high [25], making it hard to distinguish SL from each other with-
out a fully recovered sequence. Therefore, a specialized method
capable of accurately detecting and annotating SL sequences is
urgently needed to overcome these limitations.

Current studies on eukaryotes harboring SL structures
predominantly rely on next-generation sequencing (NGS) tech-
nologies, which yield short reads of only about 150-250 base
pairs. However, such fragmented RNA reads often hinder the
identification of full-length SL sequences and the resolution of
operon structures, thereby limiting a comprehensive genome-
wide analysis of SL usage [26]. Existing tools using short-read
RNA sequencing without SL-specific amplification have not satis-
factorily detected SLs and operons, even in the model organism C.
elegans [26-28]. Moreover, short reads couldn’t easily distinguish
between similar SL sequences or map them to repetitive SL RNA
gene loci. Wenzel et al. [26] have developed SL finding and operon
detection pipelines for short reads, but can only achieve 19%
sensitivity in C. elegans. Some researchers employ PCR amplifica-
tion of SL sequences to generate large numbers of complete SL
sequences [29-31] to facilitate the detection of SL trans-splicing
events and the prediction of operons. However, PCR amplification
only guarantees that the amplified SL type can be found and
can’t display the actual abundance of each trans-spliced gene or
operon.

The advent of third-generation long-read sequencing tech-
nologies, including Oxford Nanopore Technologies (ONT), has
enabled the direct sequencing of full-length RNA molecules. This
advancement increases the possibility of accurately identifying
complete transcript structures [32, 33]. The SL sequences at the 5/
ends of transcripts could also be sequenced with the full-length
transcript, which could be directly assigned to the gene of origin.
Despite the high similarity between SL1 and SL2 sequences,
the difference between these sequences could help distinguish
the RNA reads containing SL1 or SL2 sequences. Consequently,
these long reads present a unique opportunity to improve SL
detection and operon prediction. Bernard et al. [31] detected
SLs and discovered the mimic hairpin structure of non-trans-
spliced transcripts in C. elegans using ONT cDNA data. However,
long-read RNA sequencing also introduces new challenges. An
unneglectable issue is a relatively high error rate compared to
NGS short reads [34, 35]. Reads from nanopore RNA002 technique
have an average read accuracy of 95%, and the 5’ ends of long
reads are prone to even higher rates of errors [32, 36, 37]. Com-
bined with the frequent occurrence of 5 truncation, detecting
SL sequences using third-generation sequencing remains highly
challenging.

A robust and comprehensive scoring system is essential to
fully leverage the advantages of third-generation sequencing
while mitigating its limitations. Such a system must distinguish
true SL sequences from sequencing artifacts, account for
short and error-prone alignments, and ultimately enhance
the reliability of SL identification and operon prediction from
long RNA reads. Here, we propose SLRanger, an integrated
approach specifically designed to address these needs, which
could further advance the study of eukaryotic trans-splicing
and operon regulation. SLRanger provides a scoring system to
detect SLs for long-read RNA and consequently predict operon
structure.

Materials and methods

SLRanger encompasses two primary functions, SL detection
(Fig. 1b) and operon prediction (Fig. 1c), used to determine
whether long RNA reads carry SL sequences and predict the
operon structure based on the SL information.

Our main contributions are as follows. We established a scoring
system to identify SLs in long RNA reads, allowing users to select
high-confidence SL reads based on the score assigned to each
read. Additionally, SLRanger effectively distinguishes between
different SL types [14], including SL1 and 12 SL2 variants. We
have validated the high accuracy and sensitivity of two functions
in SLRanger by verifying the predicted operons with annotated
operons.

Candidate reads preprocessing

The long RNA reads are mapped to the genome reference, and
only primary alignments are retained for subsequent processing
(Fig. 1a). Because SL trans-splicing is characterized by its
specificity at the 5 end of transcripts, only reads with unaligned
soft-clipped sequences (length>5) at the 5 end of primary
alignments are regarded as candidate reads. The unaligned
sequences, namely candidate sequences, were extracted for
further processing.

Scoring system for spliced leader detection

Users should prepare a FASTA file of SL references for the
sequenced species, which should be the mature SL sequence
occurring in the mature mRNA. For C. elegans, we obtained the
SL references of SL1 and 12 SL2 variants from a well-established
literature [14], which is also provided in the supplementary link.
Candidate sequences are mapped to SL references using the SW
algorithm (match =1, mismatch =1, gap_open=1,gap_extend=1),
yielding an optimal score (SW score). We have applied several
modifications to better detect the SL sequences than the raw
SW score. The optimal locally mapped sequence region is used
for the following scoring steps. First, we check for a continuous
stretch of five bases mapped to the reference with at most one
mismatch. A higher occurrence of continuous mapping results in
a higher score. Second, the score increases if the locally mapped
region is positioned closer to the 3’ end of the reference. Third,
the score is higher if the locally mapped region is closer to the
5 end of the aligned region. Lastly, the resulting final score
is normalized by the maximum possible score for the length
of the locally mapped region sequence, yielding the “SLRanger
score.” The maximum score is calculated using the reference
sequence with the same length. Reads will be scored by aligning
to sequences of SL1 and all SL2 variants, but only the highest
“SLRanger score” and the corresponding SL name will be recorded.
Both the occurrence of the SL1 and SL2 sequences can reflect
the integrity of mRNA reads. However, SL2-type reads, which
are trans-spliced by SL2 sequences, are highly associated with
operons. Therefore, to better demonstrate the ability of SLRanger
to distinguish between these two SL types, we labeled reads
as “unknown” if they were aligned to multiple SL references
with identical highest SLRanger scores. Moreover, SL_unknown
denotes reads that cannot be definitively classified as either SL1-
type or SL2-type, and SL2_unknown denotes reads that cannot be
assigned to any specific SL2 variants.

To mitigate randomness, we generated 10 random sequences
as controls (generated by the Python function “random”). Each
sequence was set to the round mean length of the SL sequences,
which will be calculated automatically from the user-provided
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Figure 1. Workflow of SLRanger. (a) The direct RNA sequencing workflow for species exhibiting trans-splicing. In such species, spliced leader (SL)
sequences are located at the 5" ends of RNA reads due to the trans-splicing mechanism. Mature mRNAs containing SL sequences are sequenced using
Oxford Nanopore direct RNA sequencing, and the resulting long reads are subsequently aligned to the reference genome. (b) The SL detection module
of SLRanger. After aligning long RNA reads to the reference genome, the unaligned 5-end fragments are extracted and aligned against a reference set
of SL (including SL1 sequence and all SL2 variant sequences) and random sequences (as controls). Using SLRanger’s scoring scheme, each candidate
read is assigned an “SLRanger score.” Reads will be assigned to the corresponding SL-type according to the highest “SLRanger score.” Reads that can’t
be classified as SL1 will be considered as the SL2 type. If SL1 and SL2 can’t be distinguished, the read is labeled SL_unknown. If variants of SL2 can’t
be distinguished, the read is labeled SL2_unknown. A dynamic cutoff is then applied to identify “high-confidence SL reads.” (c) the principle underlying
operon prediction by SLRanger. Based on the presence of high-confidence SL sequences in each read and their genomic mapping positions relative to
gene annotations, operon structures are inferred. Genes with a high proportion of SL1-type reads are predicted to be upstream operon genes, whereas
genes with a high proportion of SL2-type reads or supported by multiple SL2-type reads are predicted to be downstream operon genes.

“reference FASTA” file. In this case, random sequences are 22
nucleotides for C. elegans. Candidate sequences are mapped to all
the random sequences in the same method as the SL references.
The highest “SLRanger scores” of random sequences were also
recorded as background. If a candidate read’s highest mapping
score from any of the SL sequences exceeds all the random
sequences, it is classified as a “potential SLread.” The “potential SL
reads” are further used to obtain reads carrying high-confidence
SL sequences in the next step.

The SL detection module of SLRanger provides detailed output
for eachread, including the best score from the SW algorithm (SW
score), the SLRanger score, and the SL type.

Screening reads carrying high-confidence SL
sequences

A dynamic cutoff is calculated to select “potential SL reads”
carrying high-confidence SL sequences. We defined the reads that
meet the dynamic cutoff as “SLRanger high-confidence SL reads”
(Fig. 1b). To get the cutoff, we first record the number and score
for all reads from the alignment to the SL reference sequences
and to a set of random control sequences. Then, we defined the
dynamic cutoff based on the fold difference between the number
of reads aligned to the SL references and those aligned to random
sequences (default=4, can be modified via option —cutoff), where

a higher fold difference indicates a more stringent criterion. Users
may fine-tune the dynamic cutoff to retrieve more SL-related
information as needed. This process can be formalized as:

sc=minlseS|

Ns.(s) f} (1)

Nrandom(S) —

where min {e} returns the smallest score s in S for which the
specified condition (&= > f) is satisfied. f stands for the
fold difference between the number of reads aligned to the SL
reference and those aligned to random sequences. S is the set of
all distinct SLRanger scores obtained from the candidate reads,
Nsi(s) denotes the number of reads with score s that align to the
SL reference sequences, Nyandom (S) indicates the number of reads
with score s that align to the random control sequences, and s is
the resulting dynamic cutoff, which is used to distinguish high-
confidence SL-containing reads from background noise.

To better visualize the dynamic cutoff selection process, we
have provided a visualization function in SLRanger to show the
corresponding SLRanger score that meets the cutoff and the num-
ber of solid reads identified by the default cutoff (Figs 1b, 2a and
b, Supplementary S2). The Y-axis reflects the cumulative count of
candidate reads whose score exceeds each threshold. At a score
of 0, the number equals the total candidate reads being analyzed.
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Figure 2. Performance of SLRanger in identifying high-confidence SL-containing reads using the dynamic cutoff. (a and b) AUC plots illustrate the
dynamic cutoff performance of SLRanger score (A) and smith-Waterman (SW) alignment optimal score (B) in selecting high-confidence SL reads. The
example uses the C. elegans embryo dataset from Li et al. dashed lines indicate the score (dynamic cutoff) where the number of “potential SL” reads is four
times that of “random” reads. Compared to the SW score, the SLRanger score achieves a larger area between the red (potential SL) and blue (random) lines,
indicating a higher enrichment of genuine SL reads. (c) Ratio of candidate reads with unaligned 5" ends versus the number of high-confidence SL reads
identified using SLRanger’s dynamic cutoff across all datasets carrying spliced leader. “Other” implies reads with no soft clipping or soft clipping length
didn’t reach 5 nt. “Candidate”™ If a read with unaligned soft-clipped sequences (length > 5) at the 5" end of primary alignments is regarded as “candidate
reads”; “Potential SL”: Read’s highest mapping score to any of the SL sequences exceeds all the random sequences, it is classified as “potential SL read”;
“High-confidence SL”: reads have higher SLRanger score compared to the dynamic cutoff are regarded as carrying high-confidence SL sequences, namely
“High-confidence SL read.” (d) Length distribution of SL sequence fragments retained in the unaligned 5’ regions of high-confidence SL reads.

A greater Area Under Curve (AUC) difference between SL and
random sequences indicates better discrimination, demonstrat-
ing improved sensitivity in identifying true SL-containing reads.

We first quantify the number of SL1-type and SL2-type reads
mapped to each gene. For fusion reads, the SL type is assigned to
the first gene and to any downstream genes whose start positions
fall within half the length of the first gene. A gene is classified
as an upstream gene if it has more SL1-type reads than SL2-type
reads; otherwise, it is considered a downstream gene. Additionally,
if the proportion of SL2-type reads exceeds one-fourth of the total
reads for a gene and over five reads supporting SL2-type, the gene
is considered to have both upstream and downstream roles.

Next, using gene coordinates from the GFF annotation, genes
are grouped based on the span of their promoter regions (default:
5000 base pairs). Within each group, we identify candidate oper-
ons by examining whether adjacent genes exhibit an upstream-
downstream pattern, i.e. the first gene is SL1-type and subsequent
genes are SL2-type. A gene pair or cluster is confirmed as an
operon if at least three reads support the downstream gene(s).
Additionally, if a fusion gene is supported by more than three
fusion reads and includes an SL2-type gene, this combination is
also recognized as an operon. The predicted operons are then
output in GFF format.

SLRanger operon prediction

Similar to many existing approaches, our operon prediction
method relies on identifying the combinations of SL1 and
SL2 spliced leader signals in adjacent genes. According to the
definition of an operon in C. elegans, the upstream gene (i.e., the
first gene in an operon) is typically associated with SL1-type
reads, while downstream genes (starting from the second gene
onward) are associated with SL2-type reads (Fig. 1c) [16, 26, 38, 39].
Based on this principle, the operon prediction pipeline requires
the following inputs: the species’ General Feature Format (GFF)
annotation file, the gene assignment of each read (can be obtained
via the Trackcluster addgene function [33]), and the SL detection
information for each read. Only “SLRanger high-confidence
SL reads” that can be clearly distinguished between SL1 and
SL2 (excluding those labeled as SL_unknown) are retained for
downstream operon detection. We found that a certain number
of reads are sufficiently long to span multiple genes (i.e. fusion

reads defined in Li et al. [33]), which are possible reads that capture Used datasets

the partially processed operonic transcripts. For fusion reads, we
modified the addgene function from Trackcluster by applying a
stricter threshold to determine the correct gene assignment and
reduce false positives. A gene name would be assigned to a read
if at least one-third of the exon region from both the read and
reference annotation has an intersection.

Among eukaryotic organisms with operon structures, C. elegans
is one of the most extensively studied species and has compre-
hensive publicly available direct RNA sequencing data generated
using ONT. Without prior amplification, direct RNA sequencing
provides data that represent the actual abundance of transcript
variants throughout the transcriptome. Consequently, SLRanger
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is primarily focused on analyzing direct RNA sequencing datasets
of C. elegans and using its operon annotations as a positive dataset
for validation. SLRanger could also be applied to cDNA data.
Nonetheless, users could apply SLRanger in the mode of RNA or
cDNA for SL detection and operon prediction according to their
own long RNA-seq data.

To demonstrate the capabilities of SLRanger, we analyzed
four publicly available datasets from previously published works
[32, 33]. For the C. elegans direct RNA sequencing dataset from
Li et al., we performed basecalling on the FASTS files using
the updated Dorado model rna002_70bps_hac@v3, which is
optimized for RNAOO2 chemistry (available at: https://github.
com/nanoporetech/dorado). The resulting FASTQ files were also
deposited in public repositories (PRINA1254851). Applying the
updated basecaller improved the Q score and mapping accuracy
of thereads, from 7.6 to 14.8 and from 82.7% to 93.2%, respectively
(Supplementary Fig. S1). Another C. elegans direct RNA sequencing
dataset is from Roach et al. [32], and we used the FASTQ files
deposited in the European Nucleotide Archive (ENA) dataset
directly (PRJEB31791). For the different stages in the Roach et al.
dataset [32], we combined replicates from various developmental
stages for downstream analysis with SLRanger, including larva
stage 1 (L1), larva stage 2 (L2), larva stage 3 (L3), larva stage 4 (L4),
young adult (YA), mature adult, and male. For the cDNA data, we
downloaded the FASTQ files deposited in the public repositories
(PRINA822363) from Bernard et al. [31]. Average Q scores ranged
from 7 to 9, and mapping rates from 40% to 90%. Consequently,
SRR18584059, which combined the largest yield with the best
quality, was used for spliced leader evaluation. In addition to C.
elegans, we also used direct RNA sequencing data from another
species possessing a SL sequence, Brugia malayi (PRINA944578)
[40], to evaluate the ability of SLRanger to detect SLs. As there
is no ground truth for SL detection, we also processed a human
direct RNA dataset lacking SLs to showcase the low false positive
rate of SLRanger (PRINA1135158) [41].

All C. elegans FASTQ files were aligned to the C. elegans reference
genome (WBcel235) in Wormbase [22], using minimap?2 v2.17 with
the following parameters optimized for spliced alignment of ONT
reads: -ax splice -uf -k14 [42]. GFF annotation for C. elegans was
also downloaded from Wormbase release WS292 [22]. The dataset
of B. malayi and human species was aligned to their respective
reference genome, B_malayi-4.0 and GRCh38.p14, using the same
methodology as C. elegans.

Results

SLRanger accurately identified reads carrying SL
sequences

To evaluate the accuracy and efficiency of SLRanger in detecting
SL-containing reads, we compared the SL scores generated by
SLRanger to the raw scores produced by the SW algorithm, which
was originally used in Li et al.’s paper [33]. As a representative
example, we used the embryo stage from the Li et al. dataset
(Fig. 2a and b), while a comprehensive comparison across all
datasets is presented in Supplementary Fig. S2.

Across all datasets, the separation between the score distri-
butions of true SL sequences and random sequences was con-
sistently more pronounced under the SLRanger scoring system
compared to the raw SW scores. Considering that most candidate
reads should contain an SL sequence at the 5 end, a higher
proportion of reads mapped to SL sequences than the random
sequence would indicate a better distinction in SL finding.

The AUC distinguishing SL and random sequences was 1.8-2-
fold higher with SLRanger than with raw SW scores in both direct
RNA and cDNA sequencing data of C. elegans (Fig. 2a and b). The
shape of the random sequence curve differs between SW and
SLRanger due to the distinct scoring mechanisms used by the two
methods. SLRanger is specifically designed to enhance the dis-
crimination between true SL sequences and random sequences,
leading to a sharper decline in scores for the random set. This
demonstrated that the modifications from the original SW score
in SLRanger provided better sensitivity to distinguish true SL
sequences from background noise or non-SL sequences.

For the human species datasets without SLs, when reads
were mapped simultaneously to both SLRanger and a ran-
dom sequence, the two curves showed consistent trends
(Supplementary Fig. S2, Human species SRR32418660 (Yerin et al.)).
As a result, a cutoff to identify SL-containing reads can’t be
established, and no reads can be identified as SL reads. This
demonstrated how SLRanger can control the false positive rate to
a low level. For B. malayi, which possesses the same SL1 sequence
as C. elegans [43], we were also able to successfully identify its
SL using the SL1 sequence from C. elegans, with the AUC of 2.2
(Supplementary Fig. S2, B. malayi SRR23886071 (Kaylee et al.)). And
31% high-confidence SL1 reads were detected in the B. malayi
dataset.

To further assess detection resolution, we derived the dynamic
cutoff under both scoring systems and calculated the proportion
of “SLRanger high-confidence SL reads.” SLRanger outperformed
SW scoring by identifying ~7% to 15% more high-confidence
SL reads across all datasets. This improvement confirmed that
SLRanger scores were more efficient, resulting in the recovery of
more reads carrying high-confidence SL sequences.

For each dataset, we counted candidate reads, potential SL
reads, and high-confidence SL reads. Among all reads in each
direct RNA sequencing dataset, ~67% to 81% were selected as
candidates for SL detection (Fig. 2c). While the proportion of
potential SL reads was comparable across datasets, the propor-
tion of high-confidence SL reads was consistently lower in the
Roach et al. dataset than in the Li et al. dataset. This differ-
ence may be attributed to the improved basecalling accuracy
and longer sequencing length in the Li et al. dataset, which was
re-processed using the Dorado model. Both the estimated and
observed accuracy of RNA reads were improved in Li et al. dataset
compared to Roach et al. dataset (Supplementary Table S1 and
Supplementary Fig. S1). Lower sequence accuracy in the soft-
clipped regions of Roach et al.’s reads may hinder effective sepa-
ration from random sequences. Users may fine-tune the dynamic
cutoff to retrieve more SL-related information as needed.

In the C. elegans direct RNA sequencing dataset, we observed
that the length of 5 end soft clipping is predominantly con-
centrated within 11 nucleotides (Supplementary Fig. S1c). After
identifying high-confidence SL reads, we observed that the length
distribution of detected SL-containing residual reads at the 5’ end
of SL primarily ranges from 5 to 9 nucleotides (Fig. 2c). Due to
the nature of the sequencing direction of nanopore direct RNA
sequencing, it is common for the 5" end of reads to be incomplete.
This observation underscores the importance of using a special-
ized tool like SLRanger, which is designed to detect SL sequences
using short residual fragments.

SLRanger effectively distinguished between SL1
and SL2 sequence types in C. elegans

In C. elegans, there are two major types of SL sequences: SL1 and
SL2. It is well-established that among genes with trans-spliced
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events, ~75% of genes are trans-spliced with SL1 sequences [16].
While SL1 consists of a single conserved sequence, SL2 sequences
are diverse, comprising at least 12 known variants [14]. SL2 trans-
splicing is strongly associated with operon structures and serves
as a key indicator for operon prediction.

We classified SL sequences by type using the high-confidence
SL-carrying reads identified by SLRanger. Our findings are
consistent with the SL1 and SL2 distribution, with SL1 accounting
for around 75% of SL-containing reads in all C. elegans datasets
analyzed (Fig.3a). The observed lower SL1 ratio in the C.
elegans YA stage data from Roach et al. may be attributed to
reduced accuracy stemming from the old basecalling model
(Supplementary Fig. S1).

The classification performed by SLRanger clearly distinguished
SL1 from SL2 types. Among all high-confidence SL-carrying reads,
only 0.05% of reads could not be distinguished between SL1
and SL2 types (Fig.3b). There were around 9% of reads that
could not be clearly assigned between SL2 variants, labeled as
“SL2_unknown” (Fig. 3b).

Interestingly, we observed that SL10, a variant of SL2-type, was
more abundant than the canonical SL2 variant in certain samples
(Fig. 3b), suggesting potential stage-specific or condition-specific
SL usage preference.

SLRanger enabled accurate and sensitive
prediction of C. elegans operons

Following the SL type assignment for each read using SLRanger,
we further utilized this information to infer operon structures. For
all the direct RNA sequencing C. elegans datasets, SLRanger iden-
tified the putative operons and their associated genes (Fig. 3c). To
evaluate the prediction performance, we compared the predicted
operon genes and structures with the current operon annotation
of C. elegans, which we treated as the ground truth for evaluation
purposes.

Overall, 81% of the predicted operon genes overlapped with
the reference annotation, corresponding to a precision of 81%.
Meanwhile, 59% of the annotated operon genes were successfully
recovered, yielding 73% and 53% sensitivities for the Li et al.
and Roach et al. datasets, respectively. At the structure level,
52% of the predicted operon structures were fully concordant
with the ground truth, indicating structure-level precisions of
59% and 48%, and structure-level sensitivities of 51% and 33%
for the Li et al. and Roach et al. datasets, respectively. These
results collectively demonstrate that SLRanger not only improves
SL sequence detection but also enables reliable operon structure
reconstruction in C. elegans.

While the overall gene-level precision from the Roach et al.
dataset was comparable to that of Li et al., the Li et al. dataset
achieved ~20% higher sensitivity for both gene- and structure-
level predictions. This difference was also probably due to the
insufficient accuracy of the RNA reads from Roach et al. Under
the same filtering criteria for high-confidence SL sequence reads,
fewer reads were retained. Consequently, fewer genes could be
covered. Nonetheless, SLRanger maintained the prediction pre-
cision (above 80%) even with RNA reads with higher error rates,
demonstrating its robustness. Users may fine-tune the dynamic
cutoff to achieve optimal performance.

To demonstrate the high resolution of SLRanger, we also used
high-confidence SL reads identified by the SW score method to
predict operons and compare the recall and precision between
the two methods. Our results show that while the accuracy of
SLRanger predictions is lower than that of SW score-based pre-
dictions, SLRanger achieves a higher overall recall (Fig. 3d and e).

Due to the lower resolution of the SW score approach, fewer
reads exceed the same cutoff threshold, inflating precision. Our
reference true positive set consists only of rigorously verified
operons, making it relatively small and inherently a subset of all
true operons. In this context, recall is the more informative metric:
it shows how effectively each method recovers the validated
operons and underscores SLRanger’s capacity to detect additional
true operons beyond the reference set. Consequently, SLRanger
offers a greater potential for detecting more operons. Users who
favor higher precision can simply raise the score threshold to
achieve the desired balance between recall and precision.

Discussion and conclusion

In summary, we developed a novel tool, SLRanger, capable of
detecting SL sequences directly from long RNA reads. SLRanger
performs SL detection with specific modifications from original
SW scores and demonstrates higher resolution than only using
conventional SW-based mapping. We validated our approach
using datasets from the nanopore direct RNA sequencing and
cDNA data of the model organism C. elegans, as well as nanopore
direct RNA sequencing of B. malayi. Although SLRanger was
originally developed for the ONT direct RNA sequencing platform,
the pipelineis also applicable to other long-read cDNA sequencing
platforms. We have demonstrated SLRanger’'s performance on
ONT cDNA sequencing datasets with an average Q score of 10
with optimized parameters. Moreover, we expect SLRanger to
perform well on higher-accuracy cDNA sequencing platforms,
including PacBio Iso-Seq. Because cDNA synthesis involves
reverse transcription and amplification, it introduces more soft
clipping at the 5 end of reads. Misplacement of soft-clipped
regions during mapping to the reference genome may lead to
the loss of SL information in some reads. Besides, Bernard et al.
predicted that the SL sequence could form a hairpin structure
with an unpaired overhang of ~9 nt and observed that non-trans-
spliced mRNAs can form hairpin structures when analyzing C.
elegans cDNA data [31]. However, we didn’t detect such hairpin
signalsin the 5 soft-clipped regions of direct RNA sequencing data
(Supplementary Fig. S3). Direct RNA sequencing can only capture
the linearized, single-stranded RNA, rather than the folded
secondary structures. So the length distribution of detected SL
residual (<9 nt) (Fig. 2d) may indirectly support Bernard’s cDNA-
based finding that SL sequences can form hairpin structures at
the 5" end.

SLRanger also provides the function to predict operons, lever-
aging the subtyping of SL, the fusion reads detection, and the
locations of adjacent genes. Across all datasets, our predictions
achieved an average accuracy exceeding 80%. The remaining
20% may represent potential operon candidates, but the status
requires further validation. We have also compiled the genes that
do not appear in the annotated operons into a supplementary
table, which is available at the Figshare supplementary link.
Among the genes detected by SLRanger but not included in the
annotated operon genes, ~20% belong to operons where other
constituent genes are already covered by the annotated operon
combinations. For the remaining genes, we are currently unable
to determine their authenticity. It is possible that some may be
false positives, and further validation is needed. The high recall
and precision of the predicted operon also prove the authenticity
of the SL reads detected by SLRanger.

Apart from the SL sequences we identified, many 5’ unaligned
reads also exhibit soft clipping, which may reflect biologically
meaningful events rather than technical issues alone. Possible
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Figure 3. Validation of SL detection and operon prediction of C. elegans direct RNA sequencing datasets. (a) The proportion of SL1-type reads across
all datasets. (b) The distribution of non-SL1 types across datasets. SL_unknown denotes reads that cannot be definitively classified as either SL1 or
SL2, and SL2_unknown denotes reads that cannot be assigned to any specific SL2 variant. (c) Comparison of operons identified by SLRanger with
known operon annotations in C. elegans. From inner to outer rings, the plot displays: Annotated operons not detected by SLRanger (references only), the
intersection between SLRanger predictions and annotated operons (overlap), and operon candidates uniquely predicted by SLRanger but not present in
the annotation (detected only). (d and e) The recall and precision result of operon prediction by SLRanger (d) and SW (e) high-confidence SL reads using

C. elegans direct RNA sequencing datasets.

biological causes include the diversity of TSSs [44], unannotated 5
exons, and alternative promoters [45]. We have not yet conducted
a comprehensive analysis of these unaligned 5 regions beyond
SL detection.

Overall, SLRanger not only introduces a new computational
strategy for detecting SL events and predicting operon structures,
but also contributes a practical pipeline to support research in SL
trans-splicing. Unlike previous approaches that largely relied on
short-read sequencing data or PCR-based amplification of known
SL sequences, SLRanger leverages native long-read RNA sequenc-
ing and a refined scoring scheme to enable transcriptome-wide
detection of SL events. Importantly, SLRanger opens new avenues
for systematic SL discovery in eukaryotes and operon annotation
in nematodes, including those with limited genomic annotations.

Furthermore, by enabling high-resolution characterization of SL
trans-splicing at the transcriptome-wide scale, this tool facilitates
broader opportunities for data-mining and functional transcrip-
tomic exploration, thereby contributing to deeper insights into
gene regulation, operon organization, and post-transcriptional
mechanisms in complex genomes.

Key Points
e Spliced leader (SL) trans-splicing plays a critical role in
nematodes and diverse microbial eukaryotes and partic-
ipates in proper mRNA processing from operons.
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e Long-read RNA sequencing technologies, such as direct
RNA sequencing by Oxford Nanopore Technologies, offer
a more promising avenue for detecting these events with
greater resolution than short-read sequencing.

e We introduce SLRanger, an integrated tool to detect SL
sequences and predict operon structures in eukaryotic
transcriptomes.

e Validated in the model organism Caenorhabditis elegans,
SLRanger reliably detected high-confidence SL-carrying
reads and achieved precise operon prediction.

Author contributions

Y.S. participated in the design of the study, developed the code,
and wrote the manuscript. Z.G. developed the code, built the
tool’s downloading platform, and helped revise the manuscript.
J.C. participated in the data analysis of the study and helped revise
the manuscript. R.L. participated in the design of the study and
helped revise the manuscript. All authors read and approved the
final manuscript.

Supplementary data

Supplementary data is available at Briefings in Bioinformatics
online.

Conflict of interest: None declared.

Funding

This work was supported by the Early Career Scheme (CityU
21100521) and General Research Fund (11105524) from the
Research Grants Council of the Hong Kong Special Administrative
Region, China; the Hong Kong Health and Medical Research Fund
(project number 08194126); and new Research Initiatives support
from City University of Hong Kong (project number 9610497) to
R.L. Open Access made possible with partial support from the
Open Access Publishing Fund of the City University of Hong Kong.

Data availability

Data processed were submitted to the NCBI under BioProject
PRJNA1254851. SLRanger is available on Github (https://github.co
m/lIrslab/SLRanger). All other supplementary files were deposited
in Figshare (https://doi.org/10.6084/m9.figshare.29570606).

References

1. Cheng G, Cohen L, Mikhli C. et al. In vivo translation
and stability of trans-spliced mRNAs in nematode embryos.
Mol Biochem Parasitol 2007;153:95-106. https://doi.org/10.1016/j.
molbiopara.2007.02.003

2. Nilsen TW. Evolutionary origin of SL-addition trans-splicing: still
an enigma. Trends Genet 2001;17:678-80. https://doi.org/10.1016/
S0168-9525(01)02499-4

3. Nilsen TW. Trans-splicing of nematode premessenger RNA. Ann
Rev Microbiol 1993;47:413-40. https://doi.org/10.1146/annurev.
mi.47.100193.002213

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Caudevilla C, Serra D, Miliar A. et al. Natural trans-splicing
in carnitine octanoyltransferase pre-mRNAs in rat liver. Proc
Natl Acad Sci USA 1998;95:12185-90. https://doi.org/10.1073/
pnas.95.21.12185

Akopian AN, Okuse K, Souslova V. et al. Trans-splicing of a
voltage-gated sodium channel is regulated by nerve growth
factor. FEBS Lett 1999;445:177-82. https://doi.org/10.1016/
S0014-5793(99)00126-X

Li B-L, Li X-L, Duan Z-J. et al. Human acyl-CoA: cholesterol
acyltransferase-1 (ACAT-1) gene organization and evidence that
the 4.3-kilobase ACAT-1 mRNA is produced from two differ-
ent chromosomes. J Biol Chem 1999;274:11060-71. https://doi.
0rg/10.1074/jbc.274.16.11060

Douris V, Telford MJ, Averof M. Evidence for multiple indepen-
dent origins of trans-splicing in Metazoa. Mol Biol Evol 2010;27:
684-93. https://doi.org/10.1093/molbev/msp286

Agabian N. Trans splicing of nuclear pre-mRNAs. Cell 1990;61:
1157-60. https://doi.org/10.1016/0092-8674(90)90674-4
Vandenberghe AE, Meedel TH, Hastings KE. mRNA 5'-leader
trans-splicing in the chordates. Genes Dev 2001;15:294-303.
https://doi.org/10.1101/gad.865401

Song B, Li H, Jiang M. et al. slORFfinder: a tool to detect
open reading frames resulting from trans-splicing of spliced
leader sequences. Brief Bioinform 2023;24:bbac610. https://doi.
org/10.1093/bib/bbac610

Alacid E, Irwin NAT, Smilansky V. et al. A diversified and segre-
gated mRNA spliced-leader system in the parasitic Perkinsozoa.
Open Biol 2022;12:220126. https://doi.org/10.1098/rsob.220126
Bitar M, Boroni M, Macedo AM. et al. The spliced leader trans-
splicing mechanism in different organisms: molecular details
and possible biological roles. Front Genet 2013;4:199. https://doi.
org/10.3389/fgene.2013.00199

Lee KZ, Sommer RJ. Operon structure and trans-splicing in the
nematode Pristionchus pacificus. Mol Biol Evol 2003;20:2097-103.
https://doi.org/10.1093/molbev/msg225

Guiliano DB, Blaxter ML. Operon conservation and the evo-
lution of trans-splicing in the phylum Nematoda. PLoS Genet
2006;2:€198. https://doi.org/10.1371/journal. pgen.0020198

Uyar B, Chu JS, Vergara IA. et al. RNA-seq analysis of the C.
briggsae transcriptome. Genome Res 2012;22:1567-80. https://doi.
org/10.1101/gr.134601.111

Allen MA, Hillier LW, Waterston RH. et al. A global analysis of
C. elegans trans-splicing. Genome Res 2011;21:255-64. https://doi.
0rg/10.1101/gr.113811.110

Spieth J, Brooke G, Kuersten S. et al. Operons in C. elegans: poly-
cistronic mRNA precursors are processed by trans-splicing of
SL2 to downstream coding regions. Cell 1993;73:521-32. https://
doi.org/10.1016/0092-8674(93)90139-H

Goncharov [, Xu YX, Zimmer Y. et al. Structure-function analysis
of the trypanosomatid spliced leader RNA. Nucleic Acids Res
1998;26:2200-7. https://doi.org/10.1093/nar/26.9.2200

Denker JA, Zuckerman DM, Maroney PA. et al. New compo-
nents of the spliced leader RNP required for nematode trans-
splicing. Nature 2002;417:667-70. https://doi.org/10.1038/nature
00783

Boroni M, Sammeth M, Gava SG. et al. Landscape of the spliced
leader trans-splicing mechanism in Schistosoma mansoni. Sci Rep
2018;8:3877. https://doi.org/10.1038/s41598-018-22093-3
Yokomori R, Kusakabe TG, Nakai K. Characterization of
trans-spliced chimeric RNAs: insights into the mechanism of
trans-splicing. NAR Genom Bioinform 2024;6:1qae067. https://doi.
org/10.1093/nargab/1qae067


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf437#supplementary-data
https://github.com/lrslab/SLRanger
http://dx.doi.org/10.6084/m9.figshare.29570606
https://doi.org/10.1016/j.molbiopara.2007.02.003
https://doi.org/10.1016/j.molbiopara.2007.02.003
https://doi.org/10.1016/j.molbiopara.2007.02.003
https://doi.org/10.1016/j.molbiopara.2007.02.003
https://doi.org/10.1016/j.molbiopara.2007.02.003
https://doi.org/10.1016/S0168-9525(01)02499-4
https://doi.org/10.1016/S0168-9525(01)02499-4
https://doi.org/10.1016/S0168-9525(01)02499-4
https://doi.org/10.1016/S0168-9525(01)02499-4
https://doi.org/10.1016/S0168-9525(01)02499-4
https://doi.org/10.1016/S0168-9525(01)02499-4
https://doi.org/10.1146/annurev.mi.47.100193.002213
https://doi.org/10.1146/annurev.mi.47.100193.002213
https://doi.org/10.1146/annurev.mi.47.100193.002213
https://doi.org/10.1146/annurev.mi.47.100193.002213
https://doi.org/10.1146/annurev.mi.47.100193.002213
https://doi.org/10.1073/pnas.95.21.12185
https://doi.org/10.1073/pnas.95.21.12185
https://doi.org/10.1073/pnas.95.21.12185
https://doi.org/10.1073/pnas.95.21.12185
https://doi.org/10.1016/S0014-5793(99)00126-X
https://doi.org/10.1016/S0014-5793(99)00126-X
https://doi.org/10.1016/S0014-5793(99)00126-X
https://doi.org/10.1016/S0014-5793(99)00126-X
https://doi.org/10.1016/S0014-5793(99)00126-X
https://doi.org/10.1016/S0014-5793(99)00126-X
https://doi.org/10.1016/S0014-5793(99)00126-X
https://doi.org/10.1074/jbc.274.16.11060
https://doi.org/10.1074/jbc.274.16.11060
https://doi.org/10.1074/jbc.274.16.11060
https://doi.org/10.1074/jbc.274.16.11060
https://doi.org/10.1093/molbev/msp286
https://doi.org/10.1093/molbev/msp286
https://doi.org/10.1093/molbev/msp286
https://doi.org/10.1093/molbev/msp286
https://doi.org/10.1093/molbev/msp286
https://doi.org/10.1016/0092-8674(90)90674-4
https://doi.org/10.1016/0092-8674(90)90674-4
https://doi.org/10.1016/0092-8674(90)90674-4
https://doi.org/10.1016/0092-8674(90)90674-4
https://doi.org/10.1016/0092-8674(90)90674-4
https://doi.org/10.1101/gad.865401
https://doi.org/10.1101/gad.865401
https://doi.org/10.1101/gad.865401
https://doi.org/10.1101/gad.865401
https://doi.org/10.1093/bib/bbac610
https://doi.org/10.1093/bib/bbac610
https://doi.org/10.1093/bib/bbac610
https://doi.org/10.1093/bib/bbac610
https://doi.org/10.1093/bib/bbac610
https://doi.org/10.1098/rsob.220126
https://doi.org/10.1098/rsob.220126
https://doi.org/10.1098/rsob.220126
https://doi.org/10.1098/rsob.220126
https://doi.org/10.3389/fgene.2013.00199
https://doi.org/10.3389/fgene.2013.00199
https://doi.org/10.3389/fgene.2013.00199
https://doi.org/10.3389/fgene.2013.00199
https://doi.org/10.1093/molbev/msg225
https://doi.org/10.1093/molbev/msg225
https://doi.org/10.1093/molbev/msg225
https://doi.org/10.1093/molbev/msg225
https://doi.org/10.1093/molbev/msg225
https://doi.org/10.1371/journal.pgen.0020198
https://doi.org/10.1371/journal.pgen.0020198
https://doi.org/10.1371/journal.pgen.0020198
https://doi.org/10.1371/journal.pgen.0020198
https://doi.org/10.1371/journal.pgen.0020198
https://doi.org/10.1101/gr.134601.111
https://doi.org/10.1101/gr.134601.111
https://doi.org/10.1101/gr.134601.111
https://doi.org/10.1101/gr.134601.111
https://doi.org/10.1101/gr.113811.110
https://doi.org/10.1101/gr.113811.110
https://doi.org/10.1101/gr.113811.110
https://doi.org/10.1101/gr.113811.110
https://doi.org/10.1016/0092-8674(93)90139-H
https://doi.org/10.1016/0092-8674(93)90139-H
https://doi.org/10.1016/0092-8674(93)90139-H
https://doi.org/10.1016/0092-8674(93)90139-H
https://doi.org/10.1016/0092-8674(93)90139-H
https://doi.org/10.1016/0092-8674(93)90139-H
https://doi.org/10.1093/nar/26.9.2200
https://doi.org/10.1093/nar/26.9.2200
https://doi.org/10.1093/nar/26.9.2200
https://doi.org/10.1093/nar/26.9.2200
https://doi.org/10.1038/nature00783
https://doi.org/10.1038/s41598-018-22093-3
https://doi.org/10.1038/s41598-018-22093-3
https://doi.org/10.1038/s41598-018-22093-3
https://doi.org/10.1038/s41598-018-22093-3
https://doi.org/10.1093/nargab/lqae067
https://doi.org/10.1093/nargab/lqae067
https://doi.org/10.1093/nargab/lqae067
https://doi.org/10.1093/nargab/lqae067
https://doi.org/10.1093/nargab/lqae067

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

SLRanger: an integrated approach for spliced leader detection and operon prediction using long RNA reads | 9

Davis P, Zarowiecki M, Arnaboldi V. et al. WormBase in
2022—data, processes, and tools for analyzing Caenorhabdi-
tis elegans. Genetics 2022;220:iyac003. https://doi.org/10.1093/
genetics/iyac003

Cuypers B, Domagalska MA, Meysman P. et al. Multiplexed
spliced-leader sequencing: a high-throughput, selective method
for RNA-seq in Trypanosomatids. Sci Rep 2017;7:3725. https://doi.
0rg/10.1038/541598-017-03987-0

Workman RE, Tang AD, Tang PS. et al. Nanopore native
RNA sequencing of a human poly(A) transcriptome. Nat
Methods 2019;16:1297-305. https://doi.org/10.1038/s41592-019-
0617-2

Lasda EL, Allen MA, Blumenthal T. Polycistronic pre-mRNA
processing in vitro: sSnRNP and pre-mRNA role reversal in trans-
splicing. Genes Dev 2010;24:1645-58. https://doi.org/10.1101/
gad.1940010

Wenzel MA, Muller B, Pettitt J. SLIDR and SLOPPR: flexible
identification of spliced leader trans-splicing and prediction
of eukaryotic operons from RNA-Seq data. BMC Bioinformatics
2021;22:140. https://doi.org/10.1186/s12859-021-04009-7
Yague-Sanz C, Hermand D. SL-quant: a fast and flexible pipeline
to quantify spliced leader trans-splicing events from RNA-seq
data. Gigascience 2018;7:7. https://doi.org/10.1093/gigascience/
giy084

Calvelo J, Juan H, Musto H. et al. SLFinder, a pipeline for the
novel identification of splice-leader sequences: a good enough
solution for a complex problem. BMC Bioinformatics 2020;21:293.
https://doi.org/10.1186/s12859-020-03610-6

Morton JJ, Blumenthal T. Identification of transcription start
sites of trans-spliced genes: uncovering unusual operon
arrangements. RNA 2011;17:327-37. https://doi.org/10.1261/
ma.2447111

Sinha A, Langnick C, Sommer RJ. et al. Genome-wide analysis
of trans-splicing in the nematode Pristionchus pacificus unrav-
els conserved gene functions for germline and dauer develop-
ment in divergent operons. RNA 2014;20:1386-97. https://doi.
0rg/10.1261/rna.041954.113

Bernard F, Dargere D, Rechavi O. et al. Quantitative analysis of C.
elegans transcripts by nanopore direct-cDNA sequencing reveals
terminal hairpins in non trans-spliced mRNAs. Nat Commun
2023;14:1229. https://doi.org/10.1038/s41467-023-36915-0
Roach NP, Sadowski N, Alessi AF. et al. The full-length tran-
scriptome of C. elegans using direct RNA sequencing. Genome Res
2020;30:299-312. https://doi.org/10.1101/gr.251314.119

33.

34.

35.

36.

38.

39.

40.

41.

42.

43.

44.

45.

Li R, Ren X, Ding Q. et al. Direct full-length RNA sequencing
reveals unexpected transcriptome complexity during Caenorhab-
ditis elegans development. Genome Res 2020;30:287-98. https://
doi.org/10.1101/gr.251512.119

WangY, ZhaoY, Bollas A. et al. Nanopore sequencing technology,
bioinformatics and applications. Nat Biotechnol 2021;39:1348-65.
https://doi.org/10.1038/s41587-021-01108-x

Rang FJ, Kloosterman WP, de Ridder J. From squiggle to basepair:
computational approaches for improving nanopore sequencing
read accuracy. Genome Biol 2018;19:90. https://doi.org/10.1186/
§13059-018-1462-9

Delahaye C, Nicolas]J. Sequencing DNA with nanopores: troubles
and biases. PLoS ONE 2021;16:e0257521. https://doi.org/10.1371/
journal.pone.0257521

. Guo Z, Shao Y, Tan L. et al. Enhanced detection of RNA modifi-

cations in Escherichia coli utilizing nanopore RNA004 technology.
bioRxiv 2025:2025.2001. 2016.633309

Blumenthal T, Evans D, Link CD. et al. A global analysis of
Caenorhabditis elegans operons. Nature 2002;417:851-4. https://
doi.org/10.1038/nature00831

Blumenthal T, Gleason KS. Caenorhabditis elegans operons:
form and function. Nat Rev Genet 2003;4:112-20. https://doi.
0rg/10.1038/nrg995

Watson KJ, Bromley RE, Sparklin BC. et al. Common analysis of
direct RNA sequencinG CUrrently leads to misidentification of
m(5)C at GCU motifs. Life Sci Alliance 2024;7.

Kim'Y, Saville L, O’Neill K. et al. Nanopore direct RNA sequencing
of human transcriptomes reveals the complexity of mRNA mod-
ifications and crosstalk between regulatory features. Cell Genom
2025;5:100872. https://doi.org/10.1016/j.xgen.2025.100872

LiH. Minimap and miniasm: fast mapping and de novo assembly
for noisy long sequences. Bioinformatics 2016;32:2103-10. https://
doi.org/10.1093/bioinformatics/btw152

Takacs AM, Denker JA, Perrine KG. et al. A 22-nucleotide spliced
leader sequence in the human parasitic nematode Brugia malayi
is identical to the trans-spliced leader exon in Caenorhabdi-
tis elegans. Proc Natl Acad Sci USA 1988;85:7932—6. https://doi.
org/10.1073/pnas.85.21.7932

Hon CC, Ramilowski JA, Harshbarger J. et al. An atlas of human
long non-coding RNAs with accurate 5" ends. Nature 2017;543:
199-204. https://doi.org/10.1038/nature21374

Consortium F. The RP Clst, Forrest AR, Kawaji H. et al. A
promoter-level mammalian expression atlas. Nature 2014;507:
462-70. https://doi.org/10.1038/nature13182

© The Author(s) 2025. Published by Oxford University Press. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and
reproduction in any medium, provided the original work is properly cited

Briefings in Bioinformatics, 2025, 26(5), bbaf437
https://doi.org/10.1093/bib/bbaf437

Problem Solving Protocol


https://doi.org/10.1093/genetics/iyac003
https://doi.org/10.1093/genetics/iyac003
https://doi.org/10.1093/genetics/iyac003
https://doi.org/10.1093/genetics/iyac003
https://doi.org/10.1093/genetics/iyac003
https://doi.org/10.1038/s41598-017-03987-0
https://doi.org/10.1038/s41598-017-03987-0
https://doi.org/10.1038/s41598-017-03987-0
https://doi.org/10.1038/s41598-017-03987-0
https://doi.org/10.1038/s41592-019-0617-2
https://doi.org/10.1101/gad.1940010
https://doi.org/10.1101/gad.1940010
https://doi.org/10.1101/gad.1940010
https://doi.org/10.1101/gad.1940010
https://doi.org/10.1186/s12859-021-04009-7
https://doi.org/10.1186/s12859-021-04009-7
https://doi.org/10.1186/s12859-021-04009-7
https://doi.org/10.1186/s12859-021-04009-7
https://doi.org/10.1093/gigascience/giy084
https://doi.org/10.1093/gigascience/giy084
https://doi.org/10.1093/gigascience/giy084
https://doi.org/10.1093/gigascience/giy084
https://doi.org/10.1093/gigascience/giy084
https://doi.org/10.1186/s12859-020-03610-6
https://doi.org/10.1186/s12859-020-03610-6
https://doi.org/10.1186/s12859-020-03610-6
https://doi.org/10.1186/s12859-020-03610-6
https://doi.org/10.1261/rna.2447111
https://doi.org/10.1261/rna.2447111
https://doi.org/10.1261/rna.2447111
https://doi.org/10.1261/rna.2447111
https://doi.org/10.1261/rna.041954.113
https://doi.org/10.1261/rna.041954.113
https://doi.org/10.1261/rna.041954.113
https://doi.org/10.1261/rna.041954.113
https://doi.org/10.1038/s41467-023-36915-0
https://doi.org/10.1038/s41467-023-36915-0
https://doi.org/10.1038/s41467-023-36915-0
https://doi.org/10.1038/s41467-023-36915-0
https://doi.org/10.1101/gr.251314.119
https://doi.org/10.1101/gr.251314.119
https://doi.org/10.1101/gr.251314.119
https://doi.org/10.1101/gr.251314.119
https://doi.org/10.1101/gr.251512.119
https://doi.org/10.1101/gr.251512.119
https://doi.org/10.1101/gr.251512.119
https://doi.org/10.1101/gr.251512.119
https://doi.org/10.1038/s41587-021-01108-x
https://doi.org/10.1038/s41587-021-01108-x
https://doi.org/10.1038/s41587-021-01108-x
https://doi.org/10.1038/s41587-021-01108-x
https://doi.org/10.1038/s41587-021-01108-x
https://doi.org/10.1186/s13059-018-1462-9
https://doi.org/10.1186/s13059-018-1462-9
https://doi.org/10.1186/s13059-018-1462-9
https://doi.org/10.1186/s13059-018-1462-9
https://doi.org/10.1371/journal.pone.0257521
https://doi.org/10.1371/journal.pone.0257521
https://doi.org/10.1371/journal.pone.0257521
https://doi.org/10.1371/journal.pone.0257521
https://doi.org/10.1371/journal.pone.0257521
https://doi.org/10.1038/nature00831
https://doi.org/10.1038/nature00831
https://doi.org/10.1038/nature00831
https://doi.org/10.1038/nature00831
https://doi.org/10.1038/nrg995
https://doi.org/10.1038/nrg995
https://doi.org/10.1038/nrg995
https://doi.org/10.1038/nrg995
https://doi.org/10.1016/j.xgen.2025.100872
https://doi.org/10.1016/j.xgen.2025.100872
https://doi.org/10.1016/j.xgen.2025.100872
https://doi.org/10.1016/j.xgen.2025.100872
https://doi.org/10.1016/j.xgen.2025.100872
https://doi.org/10.1093/bioinformatics/btw152
https://doi.org/10.1093/bioinformatics/btw152
https://doi.org/10.1093/bioinformatics/btw152
https://doi.org/10.1093/bioinformatics/btw152
https://doi.org/10.1093/bioinformatics/btw152
https://doi.org/10.1073/pnas.85.21.7932
https://doi.org/10.1073/pnas.85.21.7932
https://doi.org/10.1073/pnas.85.21.7932
https://doi.org/10.1073/pnas.85.21.7932
https://doi.org/10.1038/nature21374
https://doi.org/10.1038/nature21374
https://doi.org/10.1038/nature21374
https://doi.org/10.1038/nature21374
https://doi.org/10.1038/nature13182
https://doi.org/10.1038/nature13182
https://doi.org/10.1038/nature13182
https://doi.org/10.1038/nature13182
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bib/bbaf437

	 SLRanger: an integrated approach for spliced leader detection and operon prediction using long RNA reads
	Introduction
	Materials and methods
	Results
	Discussion and conclusion
	Key Points
	Author contributions
	Supplementary data
	Funding
	Data availability


