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SUMMARY

Accurate quantification of gene and transcript-specific expression, with the underlying knowledge of precise
transcript isoforms, is crucial to understanding many biological processes. Analysis of RNA sequencing data
has benefited from the development of alignment-free algorithms which enhance the precision and speed
of expression analysis. However, such algorithms require a reference transcriptome. Here we generate a ref-
erence transcript dataset (LsRTDv1) for lettuce (cv. Saladin), combining long- and short-read sequencing
with publicly available transcriptome annotations, and filtering to keep only transcripts with high-
confidence splice junctions and transcriptional start and end sites. LsRTDv1 identifies novel genes (mostly
long non-coding RNAs) and increases the number of transcript isoforms per gene in the lettuce genome
from 1.4 to 2.7. We show that LsRTDv1 significantly increases the mapping rate of RNA-seq data from a let-
tuce time-series experiment (mock- and Botrytis cinerea-inoculated) and enables detection of genes that are
differentially alternatively spliced in response to infection as well as transcript-specific expression changes.
LsRTDv1 is a valuable resource for investigation of transcriptional and alternative splicing regulation in
lettuce.

Keywords: lettuce, transcriptome, alternative splicing, RNA-seq analysis, transcript isoforms, gene expres-
sion, transcription start and end sites, Lactuca sativa.

INTRODUCTION . .
annotations are often generated in silico (from known tran-

RNA sequencing (RNA-seq) technology has become a cor-
nerstone of modern biosciences research, enabling profil-
ing of global gene expression in a high-throughput and
quantitative manner and driving major breakthroughs in
understanding a wide range of biological phenomena.
Analysis of RNA-seq data can be initiated by mapping raw
sequencing reads to a reference genome assembly and
quantifying transcript abundance based on the reads
mapped to annotated coordinates (Stark et al., 2019). Alter-
natively, a pseudo-alignment algorithm, KaLusto (Bray
et al., 2016), and lightweight alignment algorithm, SaLmon
(Patro et al., 2017), are highly accurate and fast and outper-
form reference-based methods. These efficient methods
require, and their accuracy depends upon, a comprehen-
sive and well-annotated transcriptome, which is lacking for
most plant species (Brown et al., 2017). Transcriptome

© 2024 The Author(s).

script features and homology of coding sequences to those
in other species) and/or with short-read RNA-seq data.
Although a large proportion of the coding sequences in a
genome can be annotated in this way, these annotations
do not typically provide sufficient information on individ-
ual transcript isoforms of a gene (Brown et al., 2017). This
limits the ability of Kallisto and Salmon to quantify differ-
ent transcript isoforms and for downstream analysis of
RNA-seq data to generate information on transcript usage
and alternative splicing (AS).

Alternative splicing of precursor messenger RNAs
(pre-mRNAs) plays a key role in shaping the dynamic land-
scape of gene expression in eukaryotic organisms. AS
events produce multiple transcript variants from a single
intron-containing gene by retaining introns in the mature
mRNA or selecting different splice sites during intron
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excision from nascent RNAs (Black, 2003; Lee & Rio, 2015).
While the majority of intron-containing genes in plants
undergo AS events, intron retention predominates as
opposed to exon skipping in animals (Chamala et al., 2015;
Filichkin et al., 2010; Marquez et al., 2012; Ner-Gaon et al.,
2004, 2007). AS significantly amplifies transcript diversity
and influences gene function by generating transcript iso-
forms that produce proteins with distinct functions or
unproductive isoforms with premature termination codons
(PTCs) that incur rapid degradation through the
nonsense-mediated decay (NMD) RNA surveillance path-
way (Drechsel et al., 2013; Kalyna et al., 2012). In plants,
AS is a key mechanism in a number of biological pro-
cesses including root differentiation (Zhang & Mount,
2009), circadian rhythm and light perception (Sanchez
et al., 2010; Shikata et al., 2014) and the vegetative-to-
reproductive switch (Capovilla et al., 2017). Additionally,
AS appears to be instrumental in the adaptive potential of
plants facing environmental challenges, regulating
responses to cold (Calixto et al., 2018, 2019), salinity (Ding
et al.,, 2014) and heat stress (Ling et al., 2018). AS of key
defence genes is required for the regulation of immunity
(Zhang et al., 2014), with pathogens employing effectors
to subvert host AS machinery (Huang et al., 2017).
Hence, AS is a fundamental regulatory process in plants,
modulating responses in cell-type-specific, stimuli-specific,
or genotype-specific manners (Martin et al., 2021; Vanee-
choutte et al., 2017). Lactuca sativa L. (lettuce) is a leafy
vegetable crop of global importance nutritionally and eco-
nomically. Although RNA-seq is widely used in lettuce
research (Guo et al., 2023; Kumar et al., 2022; Pink
et al., 2022; Smolen et al., 2023; Zhang, Su, et al., 2017),
our understanding of AS in lettuce remains very limited
with only a few case studies to date and two of these
investigating AS of a single gene (Ner-Gaon et al., 2007;
Sawada et al., 2012; Zhang, Qian, et al., 2022).

The study of AS and differential transcript usage
(DTU) is facilitated by transcript-specific expression analy-
sis, requiring a transcriptome annotation which captures
the full complexity of the transcriptome, including the
diversity resulting from post-transcriptional processing of
pre-mRNAs as well as alternative transcription start
sites (TSS) and transcription end sites (TES). Such refer-
ence transcript datasets (RTDs) were constructed for Arabi-
dopsis [AtRTD1 (Zhang et al., 2015) followed by AtRTD2
(Zhang, Calixto, et al., 2017)] and barley [BaRTv1.0
(Rapazote-Flores et al., 2019)] unifying transcriptome
assemblies derived from multiple libraries of short-read
RNA-seq data. Leveraging the high read coverage across
exon-intron boundaries, these RTDs offered enhanced pre-
cision in determining splice junctions (SJs). However,
despite stringent filtering and quality control, they contain
misassembled transcripts owing to the inherent limitations
of short-read assemblies. Reduced read coverage at the

end of transcripts leads to errors in determining untrans-
lated regions (UTRs), heterogeneous coverage along the
transcript can lead to segmentation, and it is very difficult
to determine which AS events occur in the same transcript
isoform (Hayer et al., 2015; Kainth et al., 2023; Stark
et al., 2019; Steijger et al., 2013). Long-read RNA-seq can
deliver full-length transcripts, providing empirical evidence
of transcript structure rather than relying on inferential
transcript reconstruction from multiple short reads. In this
way, long-read RNA-seq can resolve the precise combina-
tion of splicing events in individual isoform variants with a
study in Arabidopsis demonstrating Pacific Biosciences
Iso-seq outperformed Oxford Nanopore Technology in dis-
tinguishing diverse isoforms (Cui et al., 2020). Long-read
data are also superior to short-read for determining TSS
and TES due to homogeneous coverage along the entire
transcript, including the termini (Coulter et al., 2022; Kainth
et al., 2023; Zhang, Kuo, et al., 2022). Iso-seq technology
has been applied to various crop species, including maize
and sorghum (Wang, Regulski, et al., 2018), coffee (Cheng
et al., 2017), red clover (Chao et al., 2018), cotton (Wang,
Wang, et al., 2018), rice (Zhang et al., 2019) and grapevine
(Minio et al., 2019). These studies consistently unveiled
novel genes and isoforms, particularly non-coding RNAs.

The genome assembly of cultivated lettuce was pub-
lished in 2017 (Reyes-Chin-Wo et al., 2017) with an updated
genome version (version 11) available on NCBI (https://
www.ncbi.nIm.nih.gov/datasets/genome/GCF_002870075.4/).
Here, we introduce the first lettuce reference transcript
dataset (LsRTDv1) integrating long-read Iso-seq and
short-read RNA-seq of diverse tissue and treatment sam-
ples from lettuce (cv. Saladin) with the GenBank and
RefSeq transcript annotations, using stringent quality mea-
sures. The final LsRTDv1 included 179 404 non-redundant
transcripts encoded by 65 724 genes, greatly expanding
the existing lettuce transcriptome and increasing the num-
ber of transcripts per gene from 1.4 to 2.7. LsRTDv1 iden-
tifies 3696 novel gene models, predominantly long
non-coding RNAs, absent in both GenBank and RefSeq
annotations. Re-analysis of a previously published
time-series data set from lettuce after pathogen infection,
demonstrated the ability of LsRTDv1, compared to the
GenBank and RefSeq annotations, to identify differential
AS and DTU.

RESULTS
Construction of LsRTDv1

We generated a lettuce Reference Transcript Dataset
(LsRTDv1) by integrating transcript assemblies from short-
and long-read RNA sequencing data with existing lettuce
genome annotations. RNA sequencing data was generated
from 23 different lettuce samples capturing different tis-
sues, ages of plant and treatments (Table S1). The 23
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Table 1 Comparison of the gene and transcript statistics of the different lettuce transcriptomes

LsRTDv1 Iso-seq RNA-seq RefSeq GenBank
Genome covered bases 94 100 358 48 281 951 49 287 718 69 956 771 60 348 835
Gene number 65 724 26 952 23735 47 870 44 232
Multi-isoform gene number 27 866 19 189 13 095 8142 0
Mono-exon gene number 15 139 4016 2083 13 447 5509
Multi-exon gene number 50 585 22 936 21 652 34 423 38723
Transcript number 179 404 107 032 53 298 69 048 44 232
Mono-exon transcript number 31676 18 847 3501 13 501 5509
Multi-exon transcript number 147 728 88 185 49 797 55 547 38723
Transcript number per gene 2.7 4.0 2.3 1.4 1.0
Exon number 1013 775 641 837 333034 380 151 230 831
Exon number per transcript 5.7 6.0 6.2 5.5 5.2
Exon average length 282.6 274.8 306.8 318.4 261.4
Intron number 834 371 534 805 279 736 311 103 186 599
Intron number per transcript 4.7 5.0 5.2 45 4.2
Intron average length 304.4 245.7 266.9 406.4 252.8
Intron min length 10 30 60 1 10
Intron max length 149 269 31 061 14 950 149 269 13 097
Transcript N50 1963 1870 2126 2255 1916
Transcript N90 944 1032 1196 1014 666
Transcript average length (exonic) 1597.0 1648.0 1917.0 1752.7 1364.4
Transcript total length (exonic) 286 513 371 176 385 656 102 173 305 121 023 193 60 348 835
Non-canonical SJ 0 0 0 666 942
Non-canonical transcripts 0 0 0 626 821

LsRTDv1, Iso-seq and RNA-seq transcriptomes were generated in this study. RefSeq and GenBank transcriptomes are available at https://

www.ncbi.nIm.nih.gov/datasets/genome/GCF_002870075.4/.

samples, all from L. sativa cv. Saladin (a European selec-
tion of cv. Salinas) were combined equally into seven sam-
ples prior to sequencing.

Three hundred and ten million pairs of short reads
were obtained from the seven samples (Table S1b).
Pre-processing to remove adapters and low-quality reads
resulted in 309 million reads (99.4% of the total) being
retained. These were mapped to the most recent lettuce ref-
erence genome (Lsat_Salinas_v11, https://www.ncbi.nim.
nih.gov/datasets/genome/GCF_002870075.4/) for transcrip-
tome assembly, with an average mapping rate of 86.7%. To
maximise coverage, we assembled the transcripts using
STrRINGTIE (Pertea et al., 2015) and ScaLLop (Shao & King-
sford, 2017) from mapped read data across all seven sam-
ples, resulting in a preliminary count of 787 665 transcripts.
Given the potential for misassemblies (Zhang, Calixto,
et al., 2017; Zhang, Kuo, et al., 2022), we employed
RTDwmaAker (v1.0.0, https://github.com/anonconda/RTDmaker)
to eliminate problematic assemblies including redundant
transcripts, fragmented transcripts, transcripts with incor-
rect SJs, and low-expressed transcripts. The same methods
were used to generate high-quality reference transcrip-
tomes from short-read sequencing data for Arabidopsis
and barley (Rapazote-Flores et al., 2019; Zhang, Calixto,
et al., 2017). The final RNA-seq lettuce transcriptome con-
sisted of 23 735 genes and 53 298 transcripts, exhibiting an
average of 2.3 transcripts per gene (Table 1).

© 2024 The Author(s).

For the Iso-seq long-read data, we used the Isoseq3
pipeline and obtained an average of 3 151 311 CCS reads
across the seven samples (Table S1c). Following barcode
trimming and read refinement, we obtained an average of
2 641 236 full-length, non-concatemer (FLNC) reads. These
were mapped to the reference genome independently for
each sample using Minimap2 (Li, 2018). After collapsing
redundant transcripts and merging transcript assemblies
from all seven samples through TAMA-coLLapse & TAMA-
MEeRGE (Kuo et al., 2020) we obtained a total of 248 376 tran-
scripts. We applied stringent filters to exclude transcripts
with problematic SJs, low-confidence TSS and TES respec-
tively, and transcripts supported by only a single read. The
final Iso-seq transcriptome consisted of 26 952 genes and
107 032 transcripts, with an average of 4.0 transcripts per
gene (Table 1).

The RefSeq annotation of the lettuce reference
genome includes 47 870 genes and 69 048 transcripts
while the GenBank annotation comprises 44 232 genes,
each with a single transcript. Both the RefSeq and Gen-
Bank annotations contain transcripts with very rare (typi-
cally <0.1%, Pucker & Brockington, 2018) non-canonical
SJs (666 in RefSeq and 942 in GenBank, Table 1) which
could be technical effects of mismapping, thus these were
excluded from downstream analysis. Comparing the Iso-
seq, RNA-seq, RefSeq and GenBank transcriptomes, 89 306
distinct introns are common across all four, with a further
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Figure 1. Comparison of introns and splice junction combinations across the LsRTDv1, Iso-seq, RNA-seq, RefSeq and GenBank transcriptome annotations.
The number of distinct introns (a) and intron combinations (b) shared between the different transcriptome annotations is indicated. The total number of intron
combinations is lower than the total number of transcripts as only multi-exon transcripts are included and transcription start sites/transcription end sites varia-

tion is not considered.

27 270 shared across any three (Figure 1a). In terms of
intron combinations (a way of comparing individual tran-
scripts), only 20 553 were shared across three or more of
the transcriptomes, with the majority of intron combina-
tions present in the Iso-seq assembly (Figure 1b) highlight-
ing the improved transcript diversity captured by long-read
sequencing. Distinct transcript structures were observed
between the Iso-seq and RNA-seq transcriptomes, despite
the data coming from the same samples, illustrating the

power of long-read RNA sequencing to identify novel
transcripts (Figure 1).

The RNA-seq, RefSeq and GenBank transcriptomes were
compared to the Iso-seq assembly to identify transcripts that
introduced novel SJs or gene loci. These transcripts were
subsequently combined with the Iso-seq RTD (Figure S1), col-
lapsing overlapping transcripts, to generate LsRTDv1 and
ensure that LsRTDv1 captured a more comprehensive tran-
scriptome than our initial 23 samples (Figure 1). The final

© 2024 The Author(s).
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LsRTDv1 contains 65 724 genes and 179 404 transcripts, sur-
passing the scope of the individual transcriptomes (Table 1).
On average, each gene in LsRTDv1 has 2.7 transcripts. Fur-
thermore, despite stringent filtering of transcripts in the
short- and long-read assemblies, LsRTDv1 offers the broadest
genomic coverage with 94 287 718 bases, ~50-100% greater
than that of the Iso-seq, RNA-seq, RefSeq, or GenBank tran-
scriptomes (Table 1).

In this study, we have adopted similar methods and
pipelines to those we developed for transcript assembly of
Arabidopsis AtRTD3 (Zhang, Kuo, et al., 2022) and barley
BaRTv2 (Coulter et al., 2022). This includes two innovative
computational approaches to improve the accuracy and
completeness of transcript assemblies. Firstly, we have
identified that mismatches to the genome reference
sequence around SJs are highly indicative of erroneously
mapped SJs. Thus, analysis of mismatches around the SJs
is an effective measure to identify high-confidence SJs and
remove transcripts containing low-quality SJs. Secondly,
assuming TSS and TES of degraded mRNAs would be
more randomly distributed than complete transcripts, we
developed a probability-based method to effectively
remove transcript fragments. The inclusion of only high-
confidence TSS and TES should enhance the accuracy of
these sites in the Iso-seq transcriptome. To assess this in
lettuce, we calculated the occurrence of sequence motifs
associated with TSS [T/A rich cis-regulatory TATA box
(Morton et al., 2014); transcription activation Initiator motif
(Nakamura et al., 2002); plant promoter pyrimidine (Y)-
patch (Yamamoto et al., 2007); Kozak translation start site
(Kozak, 1987)] in the four individual transcriptome assem-
blies/annotations and the final LsRTDv1. A TATA box motif
25-35 bp upstream of the TSS is present in the Iso-seq
RTD approximately 2.8-fold more often than in the RNA-
seq and RefSeq annotations, and 1.2-fold more often than
in GenBank (Figure S2a). Similarly, the Initiator motif,
which peaks in occurrence immediately around the TSS, is
present 2.4, 4 and 1.6 fold more frequently in the Iso-seq
transcript assembly, compared to the RNA-seq, RefSeq
and GenBank respectively (Figure S2b). The Y-patch motif,
which has a wide distribution between —100 and the TSS
in plant genomes, shows a significant peak in the Iso-seq
transcriptome at —10 bp (Figure S2c). The Kozak motif
functions as a translation initiation site and would be
expected to be at a variable distance downstream of the
TSS (reflecting 5 UTR sequences). The GenBank annota-
tion exhibits a pronounced Kozak motif peak at position
0 bp, indicating a significant absence of UTRs in its tran-
scripts (Figure S2d).

A similar analysis for motifs associated with the TES-
cleavage factor Im binding site motif (Neve et al., 2017)
found 60-100 nucleotides upstream of the TES in plant
mRNA (Li & Hunt, 1997) and AAUAAA, a eukaryotic 3’ poly-
adenylation signal motif typically 10-30 nucleotides

© 2024 The Author(s).
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upstream of the TES (Proudfoot, 2011) - demonstrated
higher peaks in occurrence for both motifs in the Iso-seq
transcriptome compared to RNA-seq, RefSeq and GenBank
(Figure S2e,f). Overall, the increased frequency of these
TSS/TES motifs in the Iso-seq assembly highlight its supe-
rior accuracy in detecting TSS and TES over the other tran-
scriptomes. When constructing LsRTDv1, we incorporated
the high-confidence TSS and TES from the Iso-seq assem-
bly resulting in a robust resource for studying transcrip-
tional regulation and gene expression.

LsRTDv1 genes and transcript diversity

We assessed the gene-level overlap of LsRTDv1 with the
GenBank and RefSeq annotations using BebtooLs (intersect-
wao) (Quinlan & Hall, 2010) (Table S2a). A gene from
LsRTDv1 was classified as a pre-existing gene if its overlap
with a gene from GenBank or RefSeq exceeded 30% (of
both gene lengths). LsRTDv1 includes 95% of genes from
GenBank and 97% from RefSeq transcriptomes. The
remaining genes in GenBank and RefSeq that were not
kept in LsRTDv1 were typically excluded due to being frag-
mentary to longer gene models or the presence of non-
canonical SJs. In addition, 457 genes in LsRTDv1 were split
into two or more genes in the GenBank and/or RefSeq
annotations (Table S2c,d). Finally, a gene model was
tagged as a novel gene if it had no overlap or the overlap
covers <30% of a pre-existing gene in GenBank or RefSeq
assemblies. LsRTDv1 includes 3696 novel genes that
encode 6306 transcripts (Table S2e). The majority (80%) of
these are supported by full-length Iso-seq reads.

The TranSuite software (Entizne et al., 2020) was used
to annotate structural features of genes and transcripts in
LsRTDv1 as well as to perform in silico translations of all
transcripts (Table S3). We also provide predicted functional
annotation of all LsRTDv1 genes (Table S4). Of the 65 724
gene models present in LsRTDv1, 50 985 (77.6%) were clas-
sified as protein-coding (Table S5). The remaining 14 739
(22.4%) were categorised as non-protein-coding due to
either lacking an open read frame (ORF) with absence of
an authentic AUG start codon, or the longest ORF from the
transcript was shorter than 100 amino acids. 80% of the
protein-coding (and 48.8% of non-protein coding) genes
are comprised of multiple exons with only 55% of these
producing multiple transcript isoforms (Table S5). This is
lower than previous estimates in Arabidopsis (75.0%,
Zhang, Kuo, et al., 2022) and barley (73.1%, Coulter
et al., 2022), likely reflecting the fact that only 26 952 genes
were captured in the Iso-seq data despite the inclusion of
samples from a range of tissues, ages and treatments.
Sampling of additional tissues and treatments would likely
capture more genes and their transcript variants.

The 65724 genes in LsRTDv1 produce a total of
179 404 transcripts. Among these, 86.4% (155 028) origi-
nate from protein-coding genes (Table S5), with 110 749
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Type Structure
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Retained intron (I
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Figure 2. Frequency of different forms of alternative splicing (AS) events detected in LsRTDv1.
Local AS events were generated by SUPPA2 (Alamancos et al., 2015; Trincado et al., 2018). Constitutive exons are represented as grey boxes, alternative exons
or regions as red and orange boxes, and introns as black lines. The thick blue line represents a retained intron. Dashed lines indicate the AS events. The type,

structure and number of events as well as number of genes involved are indicated.

transcripts capable of producing full-length proteins; the
remaining 44 279 transcripts are predicted to be unproduc-
tive transcripts (Table S5). The 110 749 protein-coding
transcripts originate from 50 985 genes, hence in addition
to the 50 985 primary transcripts (longest ORF), there are
an additional 59 764 transcripts from these genes. Forty-
three percent of these arise from AS at tandem splice
acceptor (NAGNAG) sites or within the 5" or 3' UTR with
minimal or no impact on coding sequence. In contrast,
57% encode protein variants (Table S5). The vast majority
(88%) of unproductive transcripts exhibit a PTC either
alone or with one other nonsense-mediated mRNA decay
(NMD) feature (Lykke-Andersen & Jensen, 2015) with the
remaining 12% labelled “unproductive unclassified” due to
their short ORF (<100 amino acids) or the absence of an
ORF (Table S5).

We used the SUPPA2 software (Alamancos et al.,
2015; Trincado et al., 2018) to determine the major forms
of AS events and their frequencies in LsRTDv1 (Table S6).
17 808 genes in LsRTDv1 - accounting for 64% of multi-
isoform genes (Table S5) — contain a total of 78 496 AS
events (Figure 2). As seen in Arabidopsis and barley (Coul-
ter et al., 2022; Zhang, Kuo, et al., 2022) intron retention
was the most common type of AS event, constituting
36.8% of all events (Figure 2), followed by alternative 3

splice sites (26.8%), alternative 5" splice sites (17.4%) and
exon skipping (10.4%). This is consistent with the observa-
tion that intron retention is more prevalent in plants, in
contrast to the dominance of exon skipping observed
in animals (McGuire et al., 2008).

Identification of lettuce long non-coding RNAs

76.4% of the novel genes in LsRTDv1 (compared to Gen-
Bank and RefSeq) produce non-protein-coding transcripts,
characterised by a CDS of <100 amino acids. Given this,
we investigated the full complement of long non-coding
RNAs (IncRNAs) within LsRTDv1. Transcripts designated as
from non-protein-coding genes by TranSurte (Table S3)
were further evaluated using CPC (Kang et al., 2017), CPAT
(Wang et al., 2013) and FEELnc (Wucher et al., 2017), with
each tool employing different algorithms to calculate the
coding probability of a transcript. To exclude transcripts
encoding small peptides, we conducted a BLAST search of
reading frames within each candidate IncRNA against the
SwissProt database, with transcripts showing no protein
hit considered non-coding. By combining the results of the
above analyses (CPC, CPAT, FEELNc, TranSuite and Swis-
sProt), we assigned a confidence level for each IncRNA
transcript and gene: high-confidence IncRNAs were identi-
fied by at least four out of five analyses, moderate
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Figure 3. Identification of long non-coding RNAs in LsRTDv1.
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The coding potential of candidate IncRNAs was assessed using the CPC2 (Kang et al., 2017), CPAT (Wang et al., 2013) and FEELnc (Wucher et al., 2017) tools.
The plot highlights the intersection of transcripts recognised as non-coding by each tool and TranSuite and the set of transcripts showing no similarity to any
SwissProt protein. Black, grey and white bars denote the confidence level of IncRNAs predictions based on the above analysis (high, non-coding predicted by
four or more analyses; moderate, predicted by three analyses; and low, predicted by only one or two analyses). Pie charts illustrate the classification of IncRNAs

based on their genomic positions relative to adjacent protein-coding genes.

confidence IncRNAs were predicted from three of the ana-
lyses, and low-confidence IncRNAs were only identified by
one or two analyses (Table S7). LsRTDv1 contains 8708
IncRNA genes (encoding 17 283 distinct IncRNAs); by con-
trast, RefSeq contains 5271 IncRNA genes which yield
12 010 IncRNAs and the GenBank annotation lacks any
non-coding entities. Of the LsRTDv1 IncRNAs, the majority
(76.5%; 13 214) were deemed high-confidence IncRNAs
(Figure 3). Evaluating the genomic positions of the
IncRNAs in relation to the closest protein-coding genes
revealed that over 85.9% of the IncRNAs are situated in
intergenic regions, with 13.2% located in antisense orienta-
tion to a protein-coding gene, and 0.9% located within an
intron of a protein-coding gene.

LsRTDv1 identifies novel DEGs and transcripts in a time-
series RNA-seq dataset

To test the value of the LsRTDv1 in lettuce gene expression
analysis, we benchmarked its performance against the
GenBank and RefSeq annotations when analysing a time-
series RNA-seq dataset. The dataset consists of 14 time
points harvested between 9 and 48 h after inoculation of
lettuce leaves (cv. Saladin) with the fungal pathogen,
Botrytis cinerea, or mock inoculation. Three biological rep-
licates were profiled at each time point, generating 84 sam-
ples which were sequenced using Illumina short-read

© 2024 The Author(s).

sequencing (Pink et al., 2023). When the reads from each
sample were mapped to each transcriptome annotation
using Salmon (Patro et al., 2017), the mapping efficiency to
LsRTDv1 was markedly higher than to GenBank and
slightly (but significantly, P < 0.0001) higher than to the
RefSeq annotation (Figure S3).

The software 3D RNA-seq (Guo et al., 2021) was used
for expression analysis with the transcript quantification
data from SaLmon, and the same parameters for filtering
low-expressed transcripts and genes were used for all
three transcriptome annotations. The use of LsRTDv1
increased the number of expressed genes in the time-
series data set by 4678 and 1540 compared to GenBank
and RefSeq, respectively (Figure 4). Furthermore, the num-
ber of transcripts expressed in the time-series dataset
increased more than four-fold when using LsRTDv1 com-
pared to GenBank, and more than two-fold compared to
RefSeq (Figure 4), highlighting the ability of LsRTDv1
to enable expression of diverse transcript variants to be
detected.

Of the 3696 novel genes in LsRTDv1 (compared to
GenBank and/or RefSeq annotations) 2167 (58.6%) were
found to be expressed in the time-series RNA-seq data.
These 2167 genes exhibited a median expression across
the time-series data set that was a quarter of the median
expression of expressed pre-existing genes (Figure S4),
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Figure 4. A comparison of expressed genes and transcripts from the use of
each reference transcriptome.

Based on mean-variance trend analysis, >1 CPM (count per million reads) in
>3 samples provided an optimal expression cut-off, and a transcript fulfill-
ing these criteria was considered as expressed. A gene was considered as
expressed if any of its transcript isoforms was expressed with the above cri-
teria. Black bars denote expressed genes and transcripts, white bars denote
the total number of genes and transcripts in each reference transcriptome.

suggesting LsRTDv1 has annotated, and can detect, rarer
transcripts, many of which are IncRNAs. IncRNAs are
known to be able to mediate transcriptional regulation
despite low expression levels (Chekanova, 2015) and
although upon inoculation with B. cinerea, the transcript
per million reads (TPM) values of the lowest expressed
novel genes increased, the difference in median expression
between the two groups remained.

We identified differentially expressed genes (DEGs)
and transcripts (DETs) (adjusted P-value <0.01) between
the B. cinerea- and mock-inoculated samples at each time
point, again using the quantifications generated from each
transcriptome annotation. With a cumulative total of
14 955 DEGs over the full time-series dataset (Table S8a),
LsRTDv1 detected an additional 2373 and 970 DEGs com-
pared to GenBank and RefSeq, respectively (Figure S5;
Table S8b,c). At almost all time points, LsRTDv1 identified
a higher number of DEGs, both up- and down-regulated,
during B. cinerea infection. Furthermore, LsRTDv1 resulted
in a doubling of the cumulative total of DETs, reaching
29 251 (Table S9a; Figure S5), substantially adding to our
understanding of the transcriptional response to pathogen
infection.

During B. cinerea infection, a total of 1184 genes
unique to LsRTDv1 (novel genes) were found to be differ-
entially expressed at one or more time point. Figure S6
shows the expression profiles of selected up- and down-
regulated novel genes. It is evident that the changes in
expression of these novel genes are substantial upon infec-
tion, and the chlorophyll a/b binding protein orthologue is
known to be down-regulated after B. cinerea infection in
Arabidopsis (Windram et al., 2012). Hence, LsRTDv1 has

enabled us to identify new genes that may possess a bio-
logically relevant role in the lettuce defence response.

Approximately 12% (1727) of the DEGs detected using
LsRTDv1 are IncRNA genes, of which 792 are unique to
LsRTDv1 and 1238 (72%) are high-confidence IncRNAs. The
differentially expressed IncRNAs are both up- and down-
regulated during B. cinerea infection (Figure 5) with similar
dynamics to those seen across all DEGs (Figure S5), sug-
gesting a coordinated response with protein-coding genes.
The temporal expression profiles of these differential
expression (DE) IncRNAs hint at their potential involve-
ment in mediating defence mechanisms against B. cinerea.

Overall LsRTDv1 enables an increase in the number of
DEGs identified from this time-series data set, compared to
GenBank or RefSeq annotations, providing a more compre-
hensive insight into the molecular interplay between let-
tuce and B. cinerea. Crucially, LsRTDv1 identifies not only
novel DEGs (many of which are IncRNAs) but also novel
transcripts, many of which are likely to encode protein var-
iants. Thus, through LsRTDv1, we have access to a richer
landscape of transcriptome reprogramming during B.
cinerea infection underpinning lettuce defence against
pathogens.

LsRTDv1 detects AS and isoform switches following
B. cinerea inoculation

Alternative splicing produces diverse transcript isoforms
from a single gene by selectively including or excluding
different splice sites in a pre-mRNA transcript. Using
LsRTDv1, with an average of 2.7 transcripts per gene
(179 404 transcripts in total), we investigated regulation at
the splicing level, using three metrics: differential AS at the
gene level (DAS, a change in AS of a gene between mock-
and B. cinerea-inoculated samples); DTU (a change in the
proportion of each transcript isoform from a single gene);
and isoform switching (IS, a point in the B. cinerea inocula-
tion time series when the relative abundance of two tran-
scripts from the same gene swaps). At the gene level,
LsRTDv1 detected 4265 DAS genes after B. cinerea inocula-
tion (Table S10a). In contrast, the RefSeq annotation, lim-
ited by its isoform diversity, identified only 245 DAS genes
(Table S10b), whilst GenBank (with no isoform variants)
could not detect any. Many of the DAS genes show no
overall change in expression of the gene with others show-
ing both up- and down-regulation of the gene as well as
DAS. At the transcript level, our analysis using LsRTDv1
identified 5807 DTU transcripts in the time-series dataset
(Table S11a; Figure S7). In comparison, RefSeq revealed
378 DTU transcripts (Table S11b), and as expected, no DTU
transcripts could be detected using the GenBank
annotation.

Interestingly, the dynamics of DAS and DTU differ
from that of DEGs. Genes/transcripts start to exhibit
changes in AS more rapidly after B. cinerea inoculation
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Figure 5. Differential expression of IncRNAs during Botrytis cinerea infection.
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pared to the mock-inoculated.

(b) Time-series expression profile of selected IncRNA genes differentially regulated in response to B. cinerea infection. Pink colour denotes expression after B.
cinerea inoculation and green mock inoculation. Each dot represents the expression in one of the three individual samples at each time point, with the line
showing the mean expression and faded colour indicating standard error. TPM, transcripts per million.
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compared to changes in gene expression, with DAS genes
and DTU transcripts detected at 9 and 12 hours post-
inoculation (hpi), compared to the first DEGs at 15 hpi (Fig-
ure 6; Figure Sb). Furthermore, the extent of DAS/DTU
increases as infection proceeds, peaking at 39 hpi (Figure 6)
whereas maximum numbers of DEGs were seen by 24 hpi
and sustained until 39 hpi (Figure S5). Given the impor-
tance of early changes in the transcriptome during patho-
gen infection (Ingle et al., 2015) and that changes in AS
appear to happen more quickly after infection than tran-
scriptional change, LsRTDv1 has significant value in being
able to detect such post-transcriptional regulation.

Given the scale of DAS/DTU detected, we investigated
IS within the time-series dataset using the Time-Series Iso-
form Switching (TSIS) algorithm (Guo et al., 2017) which
detects time points at which two transcript isoforms shift
in relative abundance. We assessed IS for the high-
abundance transcripts (transcript expression at least 20%
of the overall gene expression) of the 4265 DAS genes sep-
arately for the mock- and B. cinerea-inoculated time-series
data. 65 ISs (from 51 genes) were identified exclusively in
the mock inoculation data (Table S12a), and 215 ISs (from
171 genes) were unique to B. cinerea inoculation
(Table S12b). Six genes exhibited ISs in both mock and
B. cinerea-inoculated samples with all but one of the genes
showing an IS within the same time interval in both mock-
and B. cinerea-inoculated samples (Table S12c¢). An
important observation was that over half of the B. cinerea-
specific ISs occurred prior to 21 hpi (Figure S8), the critical

time point at which the number of DE genes and tran-
scripts dramatically increases (Figure S5), again suggesting
that differential AS is a rapid response to infection. Gene
ontology term enrichment analysis of the genes involved
in these early ISs (<21 hpi) revealed no significant enrich-
ment; however, the annotations of these genes suggest
their potential participation in cellular signalling processes,
including protein  phosphorylation/de-phosphorylation,
methylation, MAPK cascade and hormone signalling
(Table S12d).

Examples of the B. cinerea-specific ISs are shown in
Figure S8(b) and highlight the dynamics of ISs and the
potential importance of transcript versus gene expression
changes in the lettuce immune response. For example,
LSATv11_C01_002961, which encodes a glucan endo-1,3-
beta-p-glucosidase, exhibits a marked rise in gene expres-
sion in response to infection. Yet, the change in expression
is driven by an IS event where the relative expression of
an unproductive isoform (i.e. non-protein coding) sur-
passed that of a protein-coding isoform after 18 hpi
(Figure S8b). Similar profiles are seen for the genes
LSATv11_C05_038031 and LSATv11_C08_059159 as the rel-
ative abundance of the coding isoform diminishes over
time, even as the overall gene expression increases.
LSATv11_C08_053557 and LSATv11_C09_059900 are exam-
ples of genes where IS results in different coding isoforms
(with differing protein size) changing in relative abundance
likely resulting in differential protein abundance and activ-
ity (Figure S8b). These findings highlight the value of a
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comprehensive reference transcript dataset to uncover
transcript-level regulatory dynamics and provide a more
nuanced view of the transcriptome compared to existing
annotations.

LsRTDv1 enhances RNA-seq data analysis across multiple
lettuce accessions

The time-series dataset analysed above was from the let-
tuce cultivar used for the transcriptome sequencing and
closely related to that used for genome sequencing. Con-
siderable biological insight can be gained from analysis of
multiple lettuce accessions (Walley et al., 2017). High-
resolution PCR analysis in barley has shown that the
BaRTv2 transcriptome (built on the Barke cultivar) was able
to improve quantification accuracy in the Morex cultivar
(Coulter et al., 2022). Hence, we examined the performance
of LsRTDv1 against an RNA-seq dataset from a lettuce
diversity set, which encompasses 20 different
lettuce accessions as well as one wild relative Lactuca ser-
riola (Pink et al., 2022). The RNA-seq data was generated
from leaf samples 42 h after inoculation with the fungal
pathogen, Sclerotinia sclerotiorum, with three biological
replicates of each sample. The Salmon mapping efficiency
using LsRTDv1, although lower than the time-series data
from the Saladin accession, was still higher than that using
GenBank or RefSeq transcript annotations (Figure S9). The
use of LsRTDv1 increased the number of expressed genes
in the samples by 4422 and 1102 compared to GenBank
and RefSeq, respectively. As with the time-series data set,
the number of transcripts expressed in the diversity set
RNA-seq increased by more than 2.5-fold when using
LsRTDv1 compared to RefSeq (Figure S9). Hence, LsRTDv1
appears to be of value across multiple lettuce accessions,
paving the way for in-depth exploration into genotype-
specific isoform usage.

DISCUSSION

Accurate transcript datasets are essential for transcript-
level quantification of RNA sequencing data, a fast, accu-
rate and computationally efficient approach (Bray
et al., 2016; Patro et al., 2017). Accurate annotation of SJs,
TSS and TES also provides essential information to study
transcriptional and post-transcriptional regulatory mecha-
nisms such as identification of cis-regulatory elements,
polyadenylation and AS. We have generated a new refer-
ence transcript dataset for lettuce (LsRTDv1) that integrates
data from long- and short-read sequencing of lettuce gene
expression from diverse tissues and treatments, with exist-
ing publicly available transcript annotations in a non-
redundant manner. We have shown experimentally in both
Arabidopsis and barley (Coulter et al., 2022; Zhang, Kuo,
et al., 2022) that our methods generate a comprehensive
transcriptome enabling more accurate quantification of
transcript abundance and AS events from RNA-seq data.

© 2024 The Author(s).
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LsRTDv1 contains transcripts from 3696 novel genes but
more importantly, it identifies an increased number of
transcript isoforms from existing genes. LsRTDv1 contains
179 404 distinct transcripts compared to 69 048 in the
RefSeq annotation and 44 232 in the GenBank annotation,
raising the average number of transcripts per gene from
1.4 to 2.7. 85 284 of these transcripts are predicted to be
productive transcripts encoding proteins. Hence our tran-
script dataset enhances our knowledge of the transcrip-
tome complexity of lettuce, captures a high level of protein
diversity and markedly improves our ability to analyse
transcript-specific expression and differential AS, as well
as providing an improved protein database to guide analy-
sis of proteomic data.

The importance of this resource to existing and future
gene expression analyses was illustrated by analysis of a
time-series RNA-seq data set of lettuce leaves inoculated
with the fungal pathogen B. cinerea (Pink et al., 2023). The
significantly enhanced mapping rate (compared to RefSeq
and GenBank annotations, Figure S3) meant a higher pro-
portion of the RNA-seq reads contributed to the expression
analysis, and LsRTDv1 identified an increased number of
DEGs compared to the existing annotations (Figure 4) as
well as new information on transcript-level expression.
The majority of genes showing differential alternative
splicing (DAS) did not display any change in overall
expression, and hence would be missed in gene-level
expression analysis. Being able to examine transcript-
specific expression also provides a more accurate insight
into the potential downstream impacts of changes in
expression, with the isoform switch analysis providing
clear examples of where transcripts coding for different
proteins from the same gene show very different expres-
sion patterns (Figure S8), or where the observed change in
gene-level expression is due to an increase in expression
of an unproductive transcript (Figure S8). Clearly, this type
of transcript-specific information is critical in gaining a
more accurate insight into the transcriptome and down-
stream impacts on protein expression.

A significant proportion of the novel genes annotated
in LsRTDv1 are IncRNAs. As seen in other plants (Cheka-
nova, 2015) the majority of these are intergenic, with ~13%
antisense transcripts to protein-coding genes and a small
proportion (0.9%) located entirely within an intron of a
protein-coding gene (Figure 3). IncRNAs in plants are
known to play a role in multiple developmental processes,
as well as plant responses to biotic and abiotic stress
(Dominguez-Rosas et al., 2023) impacting gene expression
in multiple ways such as mimicry of miRNA targets, modu-
lating AS and chromatin remodelling (Chekanova, 2015). A
well-known example of IncRNA regulation is that of Flow-
ering Locus C (FLC), an Arabidopsis gene which represses
the transition from vegetative growth to flowering. An anti-
sense IncRNA (COOLAIR) is up-regulated in response to

The Plant Journal published by Society for Experimental Biology and John Wiley & Sons Ltd.,

The Plant Journal, (2024), doi: 10.1111/tpj.16978

QsudoI] suowwio)) aAnear) s[qesrjdde oy £q pouroaos are saonIe Y fasn Jo so[ni 10y AIeiqry auruQ AS[IAL UO (SUONIPUOI-PUB-SULIA)/ WO’ K[ Im " K1eIqi[auruo//:sdny) suonipuo) pue swid], Y1 23S *[+207/60/70] U0 Areiqry aurjuQ AIA 1591, £q 82691 [dy/1 111 °01/10p/woo Ka[im’ Areiqraur[uoy/:sdiy woiy papeojumo(] ‘0 ‘Xg1€S9¢ T



12 Mehmet Fatih Kara et al.

cold and aids the down-regulation of FLC. In addition, an
intronic IncRNA and IncRNA from the promoter region of
FLC (COLDAIR and COLDWRAP) recruit an epigenetic
silencing complex to the promoter (Kim & Sung, 2017).
Another IncRNA, FLAIL, acts in trans targeting the spliceo-
some and modulating AS of target genes to repress flow-
ering (Jin et al.,, 2023). The annotation of IncRNAs in
LsRTDv1 will clearly help in elucidating the role of these
versatile regulators in lettuce. IncRNAs typically have low,
highly specific expression and are poorly conserved across
species making their identification more challenging than
that of mRNAs. PLncDB (Jin et al., 2021) is one of the latest
IncRNA databases predicting IncRNAs based on publicly
available short-read sequencing data. This identified
13 394 IncRNAs mapped to an earlier version of the lettuce
genome (Lsat_Salinas_v7). In LsRTDv1 we identified 17 283
distinct IncRNAs originating from 8708 IncRNA loci.
Sequence similarity searches indicated that 9808 of these
had best hits to L. sativa IncRNAs in the RNAcentral data-
base (https://rnacentral.org/, which includes PIncDB)
(Table S7). The study of IncRNAs in lettuce and plant-
pathogen interaction is still in its infancy and the IncRNAs
we have shown to be differentially expressed in response
to B. cinerea inoculation, and their target genes in the case
of antisense IncRNAs, need to be investigated further.

As expected, the long-read Iso-seq data were instru-
mental in identifying transcript isoforms (Figure 1) with
the Iso-seq transcriptome annotation having an average
of four transcripts per gene. Crucially, long-read sequenc-
ing data provides information on the combination of AS
events in a single transcript and accurate TSS/TES. In bar-
ley, BaRTv2 (generated using Iso-seq and short-read data
from the cv. Barke) achieved higher accuracy compared to
the earlier BaRTv1 (generated using only short-read data
from cv. Morex) when analysing RNA-seq data from
Morex (Coulter et al., 2022). Hence, as with lettuce, the
improvement in RNA-seq analysis of our RTD methodol-
ogy and Iso-seq data is evident even across cultivars. In
the final LsRTDv1, 57% of protein-coding genes have mul-
tiple transcript isoforms. This is on par with the RTD from
barley (Coulter et al., 2022) but lower than the latest Ara-
bidopsis RTD (Zhang, Kuo, et al., 2022) in which 79% of
protein-coding genes exhibit AS. The Iso-seq transcrip-
tome in Arabidopsis was generated from less than half
the number of reads compared to our study (7.36 M
mapped reads versus 17.9 M) but consisted of 33 154
genes compared to the lettuce Iso-seq RTD of 26 952. It is
likely that the increased transcript diversity in AtRTDv3
reflects the greater breadth of tissue/treatment sampling,
and the scale of transcript isoforms in lettuce would be
further enhanced by sequencing of additional samples to
detect tissue-specific and condition-dependent transcripts.
For example, although we included a variety of develop-
mental stages and tissues as well as abiotic and biotic

stress treatments, we did not include flowers or seed in
our current analysis.

LsRTDv1 is a valuable transcriptome resource able to
improve the accuracy of gene expression analysis in let-
tuce, enabling quantification of protein-coding isoforms
and detection of changes in AS and transcript usage that
occur with or without overall changes in gene expression.
LsRTDv1 can be further enhanced with the inclusion of
additional (particularly long read) sequencing data.
Employing single-cell RNA sequencing could detect tran-
script heterogeneity only present in some cell types, and
sequencing of different lettuce accessions could expand
LsRTDv1 into a pan-transcriptome able to distinguish
between core, variable and unique transcript isoforms
within lettuce.

EXPERIMENTAL PROCEDURES
Plant material

Plant samples for PacBio isoform sequencing (Iso-seq) and Illu-
mina mRNA sequencing were all collected from lettuce (L. sativa
cv. Saladin, a crisphead lettuce selected from cv. Salinas). Lettuce
seeds were sown onto 7-cm? pots containing Levington F2 + S
compost mix and stratified for 3 days at 4°C in darkness.
Plants were grown in individual pots in trays under controlled
environment  conditions (16 h/8 h day/night  photoperiod,
120 pmol m~2 sec™' photosynthetic photon flux density, 20 + 2°C
constant temperature and 60 + 10% relative humidity). A total of
23 tissues were sampled from at least five plants either in different
developmental stages or post-stress treatments. All samples were
collected in 2 ml RNase-free tubes and flash-frozen in liquid
nitrogen.

Cotyledon, hypocotyl and radicle samples were collected
from 1-week-old seedlings. First true leaves and primary roots
were harvested from 2-week-old young seedlings. Mature leaf and
root samples were collected from 6-week-old plants. Later, when
plants started cupping/heading, leaf 1-5, leaf 6-10, leaf 11-15 and
apical meristem including young leaves forming heads were sam-
pled separately. Chilling, heat-shock, waterlogging, drought and
wounding treatments were applied on 6-week-old plants. For chill-
ing, plants were exposed to 4°C for 24 h at dusk, and leaf and root
samples collected after treatment. For heat-shock, plants were
kept at 38°C for 24 h in the light (135 umol m~2 sec™") and 90%
relative humidity, with leaf and root samples harvested from wilt-
ing plants. For waterlogging, plants were submerged under water
1 cm above the soil surface, leaves and roots were collected after
7 days of treatment. For drought, plant irrigation was stopped for
10 days, with leaves and roots collected from partially wilted
plants. For wounding, leaves were pierced by needles and leaf
samples were collected 3 h afterwards. For pathogen infection,
leaf 3 was detached from 6-week-old lettuce, placed onto an agar
tray, and inoculated with 4 x 10 pl droplets of 5 x 10° B. cinerea
pepper isolate (Denby et al., 2004) spores per millilitre in 0.5x
grape juice. Trays were sealed and incubated at 20°C, 16 h/8 h
light/dark 80% humidity. Leaf disks enclosing B. cinerea lesions
were excised 48 hpi.

RNA extraction and sequencing

Total RNA was extracted using the CTAB method (Chang et al., 1993)
with RNA samples column-purified using Monarch® Total RNA
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Miniprep Kit (NEB, including on-column DNase | treatment). RNA
samples were pooled into seven libraries in equimass amounts, and
pooled libraries were used for Iso-seq™ full-length isoform RNA
sequencing and Illumina short-read RNA sequencing. Full-length iso-
form RNA sequencing (Iso-seq™) was performed by Novogene (UK)
Company Limited (Cambridge, UK) using PacBio SMRT Sequel Il
platform. lllumina short-read transcript sequencing was performed
by Novogene using lllumina NovaSeq 6000 platform.

Short-read assembly

The RNA-seq reads of the seven pooled samples were pre-
processed with Fastp (Chen et al., 2018) to remove adapters and fil-
ter low-quality reads (quality score <20, length <30). Trimmed
reads were mapped to the latest lettuce reference genome assem-
bly in NCBI (Lsat_Salinas_v11) using STAR aligner in the 2-pass
mode to increase the mapping sensitivity at SJs (Dobin & Gin-
geras, 2015). Mismatch was set to 1 with minimum and maximum
intron sizes of 60 and 15 000 bp respectively. Two transcript
assemblers, STRINGTIE (Pertea et al., 2015) and ScaLLor (Shao &
Kingsford, 2017), were used to assemble transcripts for each sam-
ple. The assemblies were then merged and refined using RTDMAKER
(https://github.com/anonconda/RTDmaker) to remove low-quality
transcripts, including redundant transcripts with identical intron
combinations to longer transcripts, fragmented transcripts with
length <70% of gene length, transcripts with non-canonical SJs,
transcripts with SJs only supported by <5 spliced reads in one
sample and low-expressed transcripts with <1 TPM in one sample.

Long-read assembly

We employed the IsoSea pipeline (https://github.com/PacificBiosc-
iences/lsoSeq) to pre-process the Iso-seq data from the seven
samples. The circular consensus sequences (CCS) method was
used to generate CCS from raw subreads and reads with mini-
mum predicted accuracy <90% were discarded (--min-rq=0.9). Bar-
codes associated with the CCS reads were eliminated using the
lima method. To further refine the reads, Isoseq3 was applied to
trim poly(A) tails and identify and remove concatemers. The out-
put of FLNC reads was mapped to the reference genome using
Minimap2 (Li, 2018). TAMA-coLLAPSE was used to collapse redundant
transcript models in each sample with variation at the 5’ and 3’
ends and at SJs not allowed (-a =0, -m =0 and -z = 0) to ensure
high accuracy of boundaries. Reads with errors within the 10 bp
up- or downstream of a SJ were removed. TAMA-MERGE was used
to merge transcript models from the seven samples (Kuo
et al., 2020). To improve the quality of the assembly, we imple-
mented well-established methods for SJ and TSS and TES ana-
lyses previously used for Arabidopsis AtRTD3 and barley BaRTv2
(Coulter et al., 2022; Zhang, Kuo, et al., 2022). We removed low-
quality transcripts that exhibited non-canonical SJs (donor and
acceptor motifs deviated from GT/AG, GC/AG and AT/AC) and
low-quality SJs (mapping errors + 10 nt to the SJ) unless they
were also present in the short-read assembly. We applied a bino-
mial test to distinguish high-confidence TSS and TES with a false
discovery rate <0.05. For genes with limited read support, statisti-
cal testing becomes challenging, hence we also kept TSS/TES if
they were supported by at least 2 Iso-seq reads. Redundancy
merge was applied to transcripts if they only differed £50 nucleo-
tides at their TSS/TES. In addition, transcripts only supported by a
single Iso-seq read were removed from the final dataset.

Integration of multiple annotations

We integrated four transcript annotations: the long-read assembly,
short-read assembly and two versions of Lsat_Salinas_v11
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genome annotations GenBank (GCA_002870075.4) and RefSeq
(GCF_002870075.4). The Iso-seq long-read assembly served as the
reliable backbone, while the other three annotations were incorpo-
rated in a step-wise manner to improve the RTD completeness
(Figure S1). Firstly, the transcripts in the short-read assembly that
introduce novel SJs and/or novel gene loci were integrated into
the long-read assembly (Figure S1a). Subsequently, we added
transcripts from GenBank and RefSeq annotations that contrib-
uted novel SJs or gene loci to build the lettuce RTD (LsRTDv1). In
cases where two transcripts from GenBank and RefSeq had identi-
cal SJ combinations or were mono-exonic transcripts with over-
lapping regions exceeding 30% of both transcripts, we collapsed
them to a single transcript, and the longest TSS and TES were
used as the start and end point of the collapsed transcript
(Figure S1b). In LsRTDv1, the overlapped transcripts were
assigned the same gene ID (Figure S1c). However, if a set of over-
lapped transcripts entirely resided within the intron region of
other transcripts, they were treated as intronic transcripts and
assigned with a different gene ID. Where the overlapped tran-
scripts can be divided into multiple groups and the adjacent
groups overlapped less than 5% of the group lengths, they were
assigned separate gene IDs (Figure S1d). Gene-related motifs
were assessed using the genome sequences +500 nucleotides
from the TSS and TES. These sequences were scanned for motif
sequences using the vmatchPattern function within the Biostrings
R package (https://github.com/Bioconductor/Biostrings).

Gene and transcript annotation

Structural features of the genes and transcripts in LsRTDv1 were
characterised via TRANSuITE (Entizne et al., 2020) software, by run-
ning on auto mode with default parameters. Independent built-in
modules (FINDLORF, TransFix and TransFeaT) (1) determine the lon-
gest ORF of each transcript, (2) generate protein translations of
the transcripts with iterated translation start site (AUG)
fixing/translation cycles, and (3) annotate structural features of
genes/transcripts. The major forms of AS events were determined
for multi-isoform transcripts utilising SUPPA2 (v2.3) with the ‘gen-
erateEvents’ option, employing the default parameters (Trincado
et al., 2018).

We used the AHRD (v3.3.3, https://github.com/groupschoof/
AHRD) pipeline to assign functional annotations for the protein-
coding genes in LsRTDv1 (The Tomato Genome Consortium
[TGC], 2012). First, the longest protein translation of each coding
gene was searched for protein similarity against Araport11
(Release September 2022), UniProtKB/SwissProt (Release 2023_01)
and UniProtKB/TrEMBL (Release 2023_01) protein databases via
BLAsTP [BLAST+ v2.13.0 (Camacho et al., 2009)]. Protein domains in
the InterPro database [https://www.ebi.ac.uk/interpro/ (Paysan-
Lafosse et al., 2023)] were searched via INTERPROScAN v5.46-81.0
(Jones et al., 2014). Protein homology searches were processed in
the AHRD pipeline, and short functional descriptions assigned for
each protein-coding gene.

To identify long non-coding RNAs, non-protein coding (i.e.
any predicted ORF is <100 aa) transcripts identified by TRANSuITE
and longer than 200 nt were considered as candidate IncRNAs.
These candidate IncRNA transcripts were searched against the
Rfam database v14.9 (Kalvari et al., 2021) using INFERNAL CMSCAN
v1.1.4 (Nawrocki & Eddy, 2013), and any transcripts showing
homology to tRNA, rRNA, snRNA and snoRNA RNA biotypes with
hits of E-value <1e-5 were excluded. The coding potential of candi-
date IncRNAs was calculated using FEELnc v0.2 (Wucher
et al.,, 2017), CPAT v3.0.4 (Wang et al., 2013) and CPC v2.0 (Kang
et al., 2017). Sequence similarity of candidate IncRNAs to known
proteins was determined via BLAsTX against UniProtKB/SwissProt
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database (v2023_01) with an E-value threshold set to 1e-10.
IncRNA homology searches were performed using nhmmer
search v3.3.2 (Wheeler & Eddy, 2013) against the RNAcentral (v22)
database. Intergenic (u), antisense (x) and intronic (i) IncRNAs
classes were determined by GrrCompare tool v0.12.6 (Pertea & Per-

uonmoomwou o oumw

tea, 2020), and transcripts with class code “0”, “p”, “y", “c” and

g

s” were removed.
Benchmarking LsRTDv1

Read mapping and quantification processes were carried out
using SAwvon v1.10.0 (Patro et al., 2017). Prior to read quantifica-
tion, reference transcripts in GenBank, RefSeq and LsRTDv1
were concatenated with the B. cinerea reference transcripts
(ASM14353v4) for the time-series RNA-seq data, and with the S.
sclerotiorum reference transcripts (ASM185786v1) for the diversity
set RNA-seq data. Salmon transcript indices were generated using
the joint lettuce + pathogen transcripts. Read alignment and tran-
script quantification was performed with Salmon’s mapping-
based mode.

Following transcript quantification, the 3D RNA-seq web-tool
(Guo et al., 2021) was employed to compare gene/transcript
expression between B. cinerea and mock-inoculated samples at
each time point. To generate read counts and TPM values, Salmon
quantification outputs were imported via tximport R package
using lengthScaledTPM method (Soneson et al., 2016). Low-
expressed transcripts and genes were filtered based on data
mean-variance trend analysis (Law et al., 2014): a transcript was
considered as expressed, providing it had >1 count per million
(CPM) reads in >3 samples, and a gene was expressed if any of its
transcripts met the above expression criteria. The gene and tran-
script read counts were normalised to log, CPM using the TMM
(weighted trimmed mean of M-values) method (Bullard
et al., 2010).

In the time-series RNA-seq data, DE, DTU and DAS analyses
were conducted using the limma-voom pipeline (Law et al., 2014;
Ritchie et al., 2015). All p-values were corrected for multiple test-
ing using the Benjamini-Hochberg method (Benjamini & Yekutieli,
2001). A gene/transcript was considered significantly differentially
expressed if it had an adjusted P-value <0.01 and a log, fold
change >1. A transcript was considered a significant DTU tran-
script if it had adjusted P-value <0.01 and a change in the propor-
tion of spliced transcript within expressed transcripts (APS) >0.1.
A gene was considered a significant DAS gene if it had an
adjusted P-value <0.01 and any of its transcripts were DTU tran-
scripts with APS ratio >0.1.

To detect isoform switches in the time-series data, a compu-
tational analysis was performed on high-abundance transcripts
from all DAS genes using the TSIS R package (Guo et al., 2017).
Transcripts with expression less than 20% of the total gene
expression at all time points were excluded to avoid including
transcripts with noisy low expression levels. The mean expression
approach, where the intersection points between average expres-
sion of two isoforms of a gene are searched for across time
points, was adopted to score each switch point, and the following
parameters applied for significance filtering: (1) probability cut-off
>0.5, (2) difference cut-off >1, (3) adjusted P-value cut-off <0.01,
and (4) minimum time in interval >2.
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