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Abstract 

Annotation of genes and transcripts is a k e y prerequisite f or understanding the information that is encoded in newly sequenced genomes. One 
source of information suited for this purpose is RNA-seq data mapped to the respective genome sequence. RNA-seq-based approaches for tran- 
script reconstruction generate transcript models from these data by combining regions of contiguous coverage (exons) and split read mappings 
(introns). Underst anding phenot ypes as a consequence of proteins encoded in a genome further requires the annot ation of coding sequences 
within transcript models. We present GeMoSeq, a no v el approach f or transcript reconstruction from RNA-seq data that combines combinato- 
rial enumeration of candidate transcripts with heuristics for splitting candidate transcripts into regions of contiguous co v erage and subsequent 
lik elihood-based quantification. P rediction of coding sequences is an integral part of the GeMoSeq algorithm. We benchmark GeMoSeq against 
previous approaches using a large collection of public RNA-seq data for seven species. For the majority of species, we observe an improved 
prediction performance of GeMoSeq, especially on the le v el of coding sequences and for species with dense genomes. We combine GeMoSeq 
with the homology-based approach GeMoMa to re-annot ate t wo recently sequenced genomes of Nicotiana benthamiana lab strains, which 
illustrates the main purpose of GeMoSeq: the initial annotation of newly sequenced genomes with protein-coding genes. 
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ene prediction is one of the longest-standing problems in
ioinformatics, and pioneering approaches date back to the
990s [ 1 , 2 ]. Accurate predictions of genes, transcripts and
ranscript variants are essential for virtually any downstream
asks in genomics and transcriptomics, including the construc-
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tion of pangenomes [ 3 ], phylogenomics [ 4 ], the detection of
orthologs [ 5 ] or the analysis of differentially expressed genes
or transcripts [ 6 ]. Since many phenotypes are expressed via the
proteins encoded by (protein-coding) genes [ 7 ], the annotation
of coding sequences (CDSs) within transcripts is an important
additional requirement for functional genomics [ 8 ]. 
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Methods for computational gene prediction can be roughly
categorized into ab initio , homology-based, and expression-
based approaches. Ab initio gene prediction uses mathemat-
ical or statistical models to represent typical sequence sig-
nals of, for instance, coding exons or splice sites to pre-
dict transcript models in newly sequenced genomes based on
the genomic sequence alone. The most popular instance of a
(mostly) ab initio approach today is Augustus [ 9 –11 ], while
the recently developed Tiberius builds upon specialized neu-
ral network layers and has been reported to further improve
prediction accuracy [ 12 ]. 

In homology-based gene prediction, protein sequences or
transcript models from well-annotated reference species are
mapped to the newly sequenced genome based on sequence
homology on the level of (translated) protein sequence. Splic-
ing in eukaryotes can be considered by performing spliced
alignments in approaches like miniprot [ 13 ] or Spaln [ 14 ], or
by including the conservation of intron positions as a feature,
like in GeneMapper [ 15 ] or GeMoMa [ 16 ]. 

Finally, expression-based approaches start from experimen-
tal evidence of expressed transcripts, which initially have been
cDNA or EST sequences [ 17 ], but today are mostly next- or
third-generation RNA sequencing data. Hence, we will refer
to such methods as RNA-seq-based in the following. One pi-
oneering approach for gene prediction, also termed transcript
reconstruction in this context, from RNA-seq data has been
Cufflinks [ 18 ]. More recent alternatives include Scallop [ 19 ]
and StringTie [ 20 ], where the latter is currently the most pop-
ular choice according to citations. Finally, IsoQuant [ 21 ] has
been specifically designed for third-generation RNA-seq data,

Mixtures and combinations of these prototypical ap-
proaches have been implemented in methods and pipelines
like MAKER2 [ 22 ] or BRAKER3 [ 23 ], and many tools allow
for the inclusion of hints from at least one additional source
of evidence. For instance, Augustus and GeMoMa both make
use of additional RNA-seq-based evidence [ 24 –26 ]. 

Each of the prototypical approaches has specific limitations.
Purely ab initio gene prediction is prone to false positive exon
predictions and errors in general [ 23 , 27 ]. RNA-seq-based ap-
proaches may only predict genes and transcript variants that
are sufficiently expressed and, hence, depend on the diversity
of the sequencing libraries considered. By design, homology-
based predictions are limited to those genes/proteins that are
present in the reference and may, hence, miss orphan, i.e.,
species-specific genes. 

The latter limitation also applies to our homology-based
prediction method, GeMoMa. Hence, we aimed at develop-
ing an RNA-seq-based prediction method that may comple-
ment the GeMoMa predictions to also yield predictions for
genes that are not present in the reference species. Since the
homology-based prediction of GeMoMa is intrinsically lim-
ited to protein-coding genes, this approach should also focus
on protein-coding genes and include an internal prediction of
coding sequences (CDSs) within transcript models. While non-
coding RNAs play important roles in an organism, protein-
coding genes are still a common starting point for elucidat-
ing the functions encoded in a genome [ 8 ]. In addition, the
joint prediction using a homology-based and an RNA-seq-
based approach allows for identifying high-confidence tran-
script models with double evidence. 

This novel approach, termed GeMoSeq, differs from pre-
vious approaches in two central aspects. First, we generate
candidate transcripts combinatorially from the exons and in-
trons with RNA-seq evidence, which are subsequently filtered 

by likelihood-based quantification. Second, we apply several 
heuristics that split overlapping candidate transcripts while 
taking CDS predictions into account. We compare the predic- 
tion performance of GeMoSeq with the previous approaches 
Cufflinks, Scallop and StringTie in benchmark studies con- 
sidering diverse RNA-seq libraries for seven species, namely 
the three plant species Arabidopsis thaliana , Oryza sativa and 

Solanum lycopersicum , the three animal species Caenorhab- 
ditis elegans , Drosophila melanogaster and Mus musculus ,
and the yeast Saccharomyces cerevisiae . We further illustrate 
how the combination of homology-based (GeMoMa) and 

RNA-seq-based (GeMoSeq) predictions may be used to bal- 
ance sensitivity and precision. Finally, we apply the combined 

pipeline of homology-based and RNA-seq-based (GeMoSeq) 
prediction to re-annotate two recently Nicotiana benthamiana 
genomes. 

Materials and methods 

GeMoSeq algorithm 

The GeMoSeq algorithms start from a set of reads mapped to 

the respective reference genome. Mapped reads are then used 

to build a base-resolution read graph , which is further pro- 
cessed into a splicing graph , which roughly represents exons 
and introns. Based on the splicing graph, candidate transcripts 
are enumerated, which are further tested for possible splits,
quantified, and filtered to yield the final prediction. In Fig. 1 ,
we illustrate the general workflow of the algorithm, while each 

of its steps is described in detail in the following. 

Defining genomic regions 
The input of the GeMoSeq algorithm are mapped reads in 

(coordinate sorted) BAM format together with the strand ori- 
entation of the sequenced library. Reads are filtered for map- 
ping quality (default: 40). To reduce computational complex- 
ity, we first partition the genomic sequence into regions with 

contiguous coverage by mapped reads. In this step, we count 
a genomic position covered, if either a read base has been 

mapped to this position or if it is contained in the split region 

(as indicated by “N” stretches in the cigar string) of a mapped 

read. Small gaps in the coverage profile (default: 50 bp) may 
be closed by adding dummy reads, which are disregarded in 

later quantification steps. In the case of a strand-specific li- 
brary, regions are defined for each strand separately. Regions 
with fewer than 10 reads in total are discarded. If the coverage 
on one strand is 50-fold larger than the coverage of the other 
strand and the Jaccard coefficient of the sets of covered posi- 
tions in the two regions exceeds 0.5, both regions are merged,
retaining the strand orientation of the regions with the larger 
coverage. 

If the length of the resulting region exceeds a user-defined 

threshold (default: 750 kbp), the region is split into sub- 
regions at the positions with the lowest coverage. This is re- 
peated until the length of each sub-region is below the de- 
fined threshold. The final region or sub-regions, respectively,
are used to build the read graph in the following step. 

Generating and processing the read graph 

The read graph is generated separately for each genomic re- 
gion. In the read graph, each genomic position within the re- 
gion is represented by a node. Two nodes are connected by an 
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Figure 1 . Sc hematic representation of the GeMoSeq algorithm. First, a nucleotide-resolution read graph is constructed from the mapped reads, which is 
decomposed into connected components and con v erted to a splicing graph. Based on the splicing graph, candidate transcript models are enumerated 
combinatorially and tested for possible splits. Reads are assigned to compatibility classes of transcript models as indicated for the two highlighted 
examples of the enumerated transcripts and corresponding highlighting of the original reads, where striped reads are compatible with both example 
transcripts. Transcript abundance is quantified by an EM algorithm on the compatibility classes of reads, and finally filtered and reported. 
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dge if two adjacent bases of a read have been mapped to the
espective position. This may apply to nodes of the read graph
hat represent directly adjacent genomic positions if these are
ontained in a read stretch that has been mapped contiguously,
ut also to nodes representing more distant genomic positions
n case of split reads (cf. Fig. 1 , Read graph). In the latter case,
dges are only considered if they connect nodes that are more
istant than a user-defined threshold (default: 10 bp) as these
ay later be considered as putative introns of transcript mod-

ls. For each node and each edge, we further record the set of
upporting reads. 

Edges are subsequently pruned by absolute and relative cov-
rage according to user-defined thresholds. After pruning, the
ead graph is decomposed into connected components to re-
uce computational complexity in the following steps. 

enerating the splicing graph 

ach connected component of the read graph is further pro-
essed into a splicing graph. In the splicing graph, stretches
f connected nodes without alternative edges that represent
ontiguous genomic positions are merged to contiguous re-
ions (cf. Fig. 1 , Splicing graph, red boxes). In case of al-
ernative edges from one node to multiple alternative nodes
f the read graph, the respective contiguous regions are con-
ected by edges. This may include edges between contiguous
egions directly adjacent in genomic coordinates, but also to
on-neighboring or more distant contiguous regions. The lat-
er edges will later be considered as putative introns. Both con-
iguous regions and edges in the splicing graph inherit sup-
porting reads from the respective nodes and edges of the pre-
vious read graph. 

Enumerating candidate transcripts 
Based on the splicing graph, we combinatorially enumerate
possible transcript models. Conceptually, we start from each
of the contiguous regions that are connected to other contigu-
ous regions only at their right end, i.e. that do not have incom-
ing edges, reading the splicing graph from left to right. From
one contiguous region, we follow outgoing (right) edges to
the next contiguous region one by one, where each alternative
edge taken results in the generation of an additional, nascent
transcript model. This depth-first procedure is repeated, com-
binatorially generating nascent transcript models in each step,
until we reach a contiguous region without an outgoing (right)
edge. In the enumerated transcript models, directly adjacent
contiguous regions are merged into exons, while edges be-
tween these are considered as introns. All transcript mod-
els generated in this manner are reported as putative tran-
scripts for the following steps. In some cases, this procedure
may result in a combinatorial explosion of transcript mod-
els. Hence, if the number of enumerated transcripts exceeds
1000, the procedure is stopped before completion, and only
transcripts enumerated up to this point are considered. To re-
duce the loss of putatively relevant transcript models, outgo-
ing edges are considered in the order of their coverage, and
further coverage-based heuristics are applied to decide if an
edge is followed in this case. 
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Splitting candidate transcripts 
If two neighboring true transcripts are located close to each
other on the genome, it may frequently happen that the cov-
erage profiles of both transcripts overlap. With the previously
described procedure, such true transcripts may share a con-
tiguous region in the splicing graph (as these are defined by
contiguous coverage without alternative edges) and, subse-
quently, are represented by a joint transcript model. To coun-
teract this issue, we implemented multiple splitting heuristics
that are applied to each of the enumerated transcript models.

These split heuristics include rules for the preservation
of coding sequences (CDS). To this end, we apply a simple
“longest ORF” CDS prediction, where the spliced sequence
according to a transcript model is conceptually translated in
all three reading frames, and the longest stretch between a
start codon and the next in-frame stop codon is considered as
CDS. The same CDS prediction is also applied when reporting
final transcript models in GeMoSeq. 

A first split heuristic is based on the coverage profile within
the candidate transcript model. Here, we search for pro-
nounced “dips” in the coverage profile, i.e. local coverage min-
ima ( Supplementary Fig. S1 ), or a pronounced coverage im-
balance, where one part of the transcript model has substan-
tially less coverage than another part ( Supplementary Fig. S2 ).
Specifically, we compute the average coverage in sliding win-
dows of 50 bp (small) and 1000 bp (large) and search for
small windows with less than 20% of the coverage of the less-
covered, neighboring large window. In addition, we search
for positions, where the coverage in the preceding large win-
dow is at least 4-fold greater/less than in the subsequent large
window. Positions fulfilling either of these criteria are tested
for a possible split. A split is performed only if the orig-
inal transcript model has at least one intron and the two
split candidate transcripts still each contain a proper CDS
prediction with a user-defined minimum number of amino
acids (default: 70). In case of a split, the two resulting new
transcript models may be further split repeating the same
procedure. 

A second split heuristic is applied only in case of non-
strand-specific libraries, where overlapping transcripts may
occur in head-to-head or tail-to-tail configuration. Here, we
consider the orientation of splice sites within the enumerated
transcript ( Supplementary Fig. S3 ). The orientation of splice
sites may be determined from the canonical donor (GT/GC)
and acceptor (AG) di-nucleotides at the first and last positions
of putative introns. If we identify an exon in the transcript
model that separates a contiguous stretch of introns indicating
one orientation from a contiguous stretch of introns indicat-
ing the opposite orientation, this exon is considered for a split
following the same logic as for the first heuristic but without
the requirement of a CDS prediction in both split transcript
models. Since we cannot determine an accurate split position
from splice sites alone, the exon at the border between the
two regions with differing orientation is included in both split
transcript models. 

A third heuristic is considered only if neither of the two pre-
vious heuristics had an effect. In that case, the CDS prediction
of the original transcript model is taken into account, and we
test if the remainder of the transcript (i.e. 5” UTR or 3” UTR
according to the original CDS prediction) may harbor another
CDS of sufficient length. In addition, we require that both re-
sulting split transcript models contain at least two introns. The
latter heuristic shall reduce the number of false-positive splits
in long UTRs with declining coverage. If these criteria are met,
the original transcript is split into two transcript models. 

Assigning reads to transcripts 
For subsequent quantification, reads need to be assigned to 

candidate transcript models. Specifically, we assign reads to 

compatibility classes based on their concordance to one or 
multiple transcript models, which is inspired by the definition 

of equivalence classes in kallisto [ 28 ]. A read is compatible 
with a transcript model if all of its mapped bases fall into the 
transcript”s exons, and all split regions in the mapping match 

its introns. By this definition, a read may be compatible with 

multiple candidate transcript models as illustrated in Fig. 1 . 
We define the read r and candidate transcript model t

δt,r = 

{
1 if r compatible with t 
0 otherwise. 

Since contiguous regions and edges in the splicing graph 

and, hence, exons and introns of the transcript model store 
lists of supporting reads, the assignment can be solved ef- 
ficiently by set operations (union, set difference) on those 
(sorted) lists. 

Quantifying transcript abundance 
Quantification of candidate transcript abundance is per- 
formed using a likelihood-based approach, again inspired by 
kallisto [ 28 ]. Let R denote the set of reads that have been as- 
signed to any of the candidate transcripts that originated from 

the current connected component of the read graph. Let T de- 
note the set of those candidate transcripts. Let denote w t the 
a priori weight of a candidate transcript t, and v r the weight 
of a read r , chosen according to the heuristics described in 

Supplementary Methods. 
The likelihood of the set of reads given the abundance vec- 

tor α of the candidate transcripts is proportional to 

P(R | α) ∝ 

∏ 

r ∈ R 

(∑ 

t∈ T 
δt,r · w t · αt 

)v r 

. (1) 

Transcript abundances αt are determined by maximizing 
the likelihood (equation 1 ) with respect to the vector α using 
the expectation maximization (EM) algorithm. 

Filtering transcripts 
Based on the transcript abundances αt obtained in the pre- 
vious step, candidate transcripts are filtered by absolute and 

relative abundance. Specifically, candidate transcripts are or- 
dered according to their abundance, and candidate transcripts 
are added to the output set until: 

(1) The absolute abundance falls below a user-defined 

threshold (default: 20), 
(2) The (relative) abundance falls below a user-defined 

threshold (default: 0.05), 
(3) The already added transcripts explain a user-defined 

fraction of the total abundance (default: 0.9), or 
(4) The fraction 

αt 
αt ′ 

of abundance relative to the next can- 
didate transcript t ′ in sorted order is larger than a user- 
defined threshold (default: 20). 

In case of strand-specific libraries, a small fraction of reads 
may also occur on the opposite strand of the original tran- 
scripts, and such “spillover,” single-exon transcripts are fil- 
tered by a heuristic based on local coverage. Multi-exon 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
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andidate transcripts are also filtered if their strand orienta-
ion according to their donor and acceptor splice sites does
ot match the strand orientation according to the library, and
ingle-exon candidate transcripts are filtered if the theoretical
bundance of their CDS (i.e. abundance multiplied by fraction
f CDS relative to total length) falls below the threshold on
bsolute abundance (criterion (a) above). 

andling of long-read data 
or handling long-read (e.g., Pacific Biosciences or Oxford
anopore Technologies) mapping data, a few adaptations of

he described algorithm have been implemented in GeMoSeq,
ince current long reads may contain mismatches and inser-
ions/deletions relative to the reference genome at a higher
requency than short (e.g., Illumina) reads, and typically span
ultiple introns. 
First, the requirement of at least 10 reads per region is lifted.

econd, edges are pruned from the read graph if their num-
er of supporting reads is less than a fifth of the number of
upporting reads of an alternative edge that shares one node
ith the edge in question while the pair of second nodes has
 distance of at most 5. Together with ignoring short dele-
ions (according to the CIGAR string) directly adjacent to in-
rons, this shall prevent the read-centric enumeration of spu-
ious candidate transcripts due to sequencing artifacts in the
ext step. Third, the combinatorial enumeration of transcripts
s replaced by a read-centric algorithm. A typical long read
pans multiple exons and introns, and ideally even covers a
ranscript end-to-end. For this reason, we derive the respective
ombination of contiguous regions and introns of the splicing
raph directly from each long read, which are considered can-
idate transcripts and are technically stored as bit vectors. We
hen filter these candidate transcripts for redundancies, which
nclude perfectly identical bit vectors, but also fully contained
ranscripts with low abundance. Due to the extended han-
ling of introns in the second adaptation, small sequencing
rtifacts at the borders of introns will not affect the result-
ng bit vectors and will be considered redundant in this step.
he resulting candidate transcripts are then subjected to the
ame quantification approach as those derived by combinato-
ial enumeration for short reads. Here, the weighting of reads
n the quantification process is adapted as described in Sup-
lementary Methods. 
Due to the differing procedures for enumerating candidate

ranscripts, a fundamental step of the GeMoSeq algorithm,
eMoSeq does not offer a “hybrid” mode for jointly pre-
icting from short-read and long-read data. For this purpose,
e recommend performing independent runs of GeMoSeq

n the respective modes for short-read and long-read data.
he resulting predictions can afterwards be merged using the
eMoMa Annotation Filter tool of GeMoMa as described be-

ow, and specific weights can be assigned to the individual pre-
ictions. 

uning heuristics 
euristics have been derived and tuned by systematic as-

essment of prediction performance and manual inspection
f critical cases (e.g., missing transcripts, fusion transcripts)
ased on the following libraries (ENA/SRA accessions): A.
haliana : ERR1886195, ERR2245559, and DRR09053; D.
elanogaster : SRR3659025; M. musculus : ERR2983488; O.

ativa : SRR1785721. In addition, long-read (PacBio SMRT)
ata for A. thaliana (SRR12350726) have been used for test-
ing the application of GeMoSeq to long reads. None of these
datasets have been used to evaluate prediction performance in
the benchmark studies. 

Benchmark data 

GeMoSeq has been benchmarked on short-read (Illumina)
data for A. thaliana , O. sativa , S. lycopersicum , C. elegans ,
D. melanogaster , M. musculus , yeast ( S. cerevisiae ), and, in
addition, H. sapiens . Genome sequences and annotations of
all species have been obtained from the sources listed in
Supplementary Table S1 . 

For each species, 40 paired-end libraries were selected
at random from those present in the European Nu-
cleotide Archive (ENA, https:// www.ebi.ac.uk/ ena/ browser/
home ) that have been sequenced using Illumina HiSeq or No-
vaSeq instruments. Due to the focus on protein-coding genes,
libraries have been stratified for library selection: 85% of the
libraries were sequenced after poly-A enrichment (field li-
brary_selection cDNA, PolyA or Oligo-dT), while 15%
where sequenced after rRNA depletion (Inverse rRNA (se-
lection)). In addition, we aimed at a considerable fraction of
strand-specific and non-strand-specific libraries, which is not
represented by a standardized field in ENA. Hence, strand-
specificity of libraries was determined by custom scripts after
mapping the reads to the respective reference genome as de-
tailed below. For S. cerevisiae , the initially sampled libraries
did not contain a sufficient number of non-strand-specific
libraries. For this reason, the number of sampled libraries
was increased to 60, yielding 9 non-strand-specific libraries
(cf. Supplementary Fig. S4 ). A list of all sampled libraries
(ENA accessions) is provided as Supplementary Table S3 ,
where a few libraries failed processing for different reasons
( D. melanogaster : 2; O. sativa : 1; S. cerevisiae : 3). 

Benchmarking procedure 

Sampled libraries were mapped to the respective
reference genome ( Supplementary Table S1 ) using
STAR 2.7.10b with parameters --alignIntronMax
and --alignMatesGapMax set to 100,000 for M. mus-
culus , H. sapiens and D. melanogaster , and to 20,000 for
the remaining species to avoid spurious mappings with
very long splits that sometimes occur in STAR mappings.
Further non-standard parameters were --runThreadN 4
--outSAMtype BAM SortedByCoordinate . Finally,
we set --outSAMstrandField intronMotif to allow
for gene prediction using cufflinks from non-strand-specific
libraries. 

After mapping, the strand specificity of each library was
determined using a custom script based on featureCounts
[ 29 ] using the respective reference annotation ( Supplementary
Table S1 ). If the number of reads assigned by feature-
Counts using one strand orientation was at least 2-fold the
number for the other strand, the library was reported as
FR_FIRST_STRAND (following cufflinks nomenclature) or
FR_SECOND_STRAND , respectively. If the ratio between both
parameters was less than 2, the library was reported as
FR_UNSTRANDED . 

For benchmarking purposes, GeMoSeq, StringTie v2.2.1,
Cufflinks v2.2.1, and Scallop v0.10.5 were applied to each of
the mapped libraries separately. 

GeMoSeq was run with default parameters except for pa-
rameter s set to the key for the respective strand specificity

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://www.ebi.ac.uk/ena/browser/home
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
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of the library. StringTie [ 20 , 30 , 31 ] was run with default
parameters except for -p 6 , and the parameters for strand
specificity were set to --rf in case of FR_FIRST_STRAND ,
--fr for FR_SECOND_STRAND in case of strand-specific li-
braries. Cufflinks [ 18 ] was run with default parameters ex-
cept for -p 6 , and --library-type set to the key for the
respective strand specificity of the library. Scallop [ 19 ] was
run with default parameters except for --library_type
set to first in case of FR_FIRST_STRAND and second for
FR_SECOND_STRAND in case of strand-specific libraries. 

The output of GeMoSeq, StringTie, Cufflinks, and Scal-
lop was compared against the respective reference annota-
tion ( Supplementary Table S1 ) using gffcompare v0.12.6 [ 32 ].
The gffcompare output was analyzed primarily on the “Tran-
script” level and is intended to provide a measure of prediction
accuracy on the level of transcript models, irrespective of CDS
annotations. 

On the level of CDS, the output of all four tools was
further compared against the reference using the “Analyzer”
tool of GeMoMa [ 16 , 25 , 26 ] with default parameters. Since
StringTie, Cufflinks, and Scallop do not perform CDS predic-
tion internally, we followed two alternative strategies: first,
we made the simplistic CDS prediction of GeMoSeq applica-
ble to external GFF/GTF files in a separate tool, and applied
this tool to the output of StringTie, Cufflinks, and Scallop. Sec-
ond, we applied TransDecoder v5.7.0 to the output of these
three tools (cf. Supplementary Methods), since the simplistic
prediction built into GeMoSeq might unnecessarily reduce the
prediction performance of the alternative tools. We did not ap-
ply TransDecoder to GeMoSeq output, since the CDS predic-
tions of TransDecoder might contradict those that have been
used by GeMoSeq-internal heuristics when splitting candidate
transcripts. 

Benchmarking long-read data 

In addition, we benchmarked GeMoSeq on long-read (PacBio,
ONT) data. GeMoSeq and StringTie provide a dedicated long-
read mode, while Scallop-LR [ 33 ] requires PacBio-specific
header files and has not been updated for five years. Hence,
we limited the comparison to GeMoSeq and StringTie in this
case. 

Benchmark data have been obtained from ENA for the
same seven species as for the Illumina short-read data.
Datasets were sampled from those available at ENA with at
least 100,000 reads to yield 5 datasets per instrument of the
PacBio Sequel and Sequel II, and the ONT GridION, Min-
ION, and PromethION instruments. If fewer than five datasets
were available for an instrument, further datasets were se-
lected from the remaining at random. For O. sativa , this re-
sulted in 15, and for S. lycopersicum, in 13 datasets, while for
the remaining species the desired number of 25 datasets could
be obtained. A list of all sampled libraries (ENA accessions) is
provided as Supplementary Table S4 . 

Long reads were mapped to the respective genome sequence
using minimap2 2.17-r941 [ 34 ] with parameters -x splice
and -G set to 100,000 for M. musculus and D. melanogaster ,
and to 20,000 for the remaining species. 

Strand specificity of the libraries was determined in analogy
to the Illumina short-read data, but with an additional flag -L
for the featureCounts call. 

StringTie was run on the long-read datasets with additional
parameter -L and GeMoSeq was run with additional param-
eters lr = true mrpg = 5 mrpt = 5 , where the first indicates 
the long-read mode of GeMoSeq, while the other two param- 
eter lower the number of supporting reads that are required 

to report a gene or transcript. 
The remainder of the benchmarking procedure (gffcom- 

pare, CDS prediction, Analyzer) was completed in analogy to 

previous short-read data. 

Homology-based prediction using GeMoMa 

Since GeMoSeq shall complement the homology-based pre- 
dictions of GeMoMa, we additionally used GeMoMa to pre- 
dict transcript models for all seven species, considering ex- 
isting transcript models from three closely related species 
as reference. Conceptually, this scenario is not typical for a 
homology-based prediction, because the seven well-annotated 

species considered in this manuscript would rather be used as 
a reference when annotating newly sequenced genomes, and 

may have also been used to annotate those considered as a 
reference here. 

The species and genome versions used as reference for pre- 
dicting transcript models in the genomes of A. thaliana , O.
sativa , S. lycopersicum , C. elegans , D. melanogaster , M. mus- 
culus , and S. cerevisiae based on sequence homology are listed 

in Supplementary Table S5 . 
We use the Extract RNA Evidence tool of GeMoMa to 

extract intron information from the respective RNA-seq li- 
braries, specifying the strand specificity determined previously,
and merge these from the individual libraries using the De- 
noise Introns tool of GeMoMa. This intron information may 
guide GeMoMa in the specific selection of splice sites during 
the homology-based prediction of transcript models. For pre- 
dictions using GeMoMa, we specify the respective reference 
annotations and the files with the intron information as in- 
put to the GeMoMa pipeline tool. Predictions for individual 
species are stored for further processing in the next step. 

Merging predictions from multiple libraries 

First, we merge the individual predictions of GeMoSeq used 

for the benchmark and we merge the individual predictions 
of GeMoMa based on the three reference species per tar- 
get species using the GeMoMa Annotation Filter tool of 
GeMoMa (cf. Supplementary Methods). 

Second, the resulting merged predictions of GeMoSeq 

(RNA-seq-based) and GeMoMa (homology-based) are 
merged using the auxiliary Merge tool of GeMoSeq. Here, we 
consider the modes “intersect,” which only reports transcript 
models with matching CDSs in the GeMoSeq and GeMoMa 
predictions, “union,” which reports the redundancy-filtered 

union of the GeMoSeq and GeMoMa predictions, and 

“intermediate,” which reports all transcript models of the 
“intersect” mode and additional, quality-filtered predictions 
from the “union” model (cf. Supplementary Methods). 

N. benthamiana data 

We use the combination of RNA-seq-based predictions of 
GeMoSeq and homology-based predictions of GeMoMa 
to re-annotate the recently published “NbLab360” [ 35 ] 
and “NbKLAB” [ 36 ] strains of Nicotiana benthamiana (cf.
Supplementary Table S7 ). To this end, we again sampled pub- 
lic RNA-seq libraries of N. benthamiana from the European 

Nucleotide Archive as described in Supplementary Methods.

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
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 list of all sampled 319 libraries (ENA accessions) is provided
s Supplementary Table S6 . 

Homology-based predictions were based on the reference
pecies A. thaliana , S. lycopersicum , and Nicotiana tabacum ,
nd based on previous N. benthamiana genome versions 1.0.1
nd 2.6.1. For A. thaliana and S. lycopersicum , we used the
enome versions listed in Supplementary Table S1 , while the
enome versions of N. benthamiana and N. tabacum are listed
n Supplementary Table S7 . 

redicting transcripts in N. benthamiana 

or predicting transcript models in the NbLab350 and
bKLAB genomes of N. benthamiana , we essentially follow

he same procedure as previously described for the bench-
ark studies. Briefly, we map the RNA-seq reads to the re-

pective genome sequence and run GeMoSeq for each of the
. benthamiana RNA-seq datasets separately and merge these

ndividual predictions using the GeMoMa Annotation Filter
ool. We also run GeMoMa for the three reference species
nd the two previous N. benthamiana genome versions and
erge these as well. Finally, we merge the merged predictions
f GeMoSeq and GeMoMa using the auxiliary “merge” tool
f GeMoSeq. In addition to the “intersect,” “union” and “in-
ermediate” modes, we run the “merge” tool in “annotate”
ode, which results in the same set of output predictions as

he union tool, but annotates transcript predictions as “high”
onfidence if they had been reported in the “intersect” mode,
s “medium” confidence if they had been reported in the “in-
ermediate” mode, and as “low” confidence otherwise. 

xperimental validation of transcript predictions in 

. benthamiana 

ene selection 

ranscripts for validation were chosen based on RNA-seq
ead coverage ( > 500 reads in sequencing run SRR25703580)
o ensure sufficient expression in mature leaf tissue. 

rimer design 

rimer pairs were designed to amplify cDNA fragments span-
ing all predicted and corrected splice sites for each selected
ranscript ( Supplementary Table S8 ) and were obtained from
ioLegio (Nijmegen, Netherlands). 

DNA 

otal RNA was extracted from wild-type N. benthamiana leaf
issue using the NucleoSpin RNA Plant kit (Macherey-Nagel,
üren, Germany) according to the manufacturer’s instruc-

ions. First-strand cDNA was synthesized from total RNA us-
ng the SuperScript™ VILO™ cDNA Synthesis Kit (Invitro-
en, Carlsbad, C A, US A) with oligo(dT) primers following the
anufacturer’s protocol. 

CR 

CR amplifications were performed using the synthesized
DNA as template with Phusion High-Fidelity DNA Poly-
erase (Thermo Fisher Scientific, Waltham, MA, USA) on
ifferent dilutions of the cDNA synthesis product. To facili-
ate simultaneous processing on a single thermal cycler, am-
licons were grouped by expected product size into three cat-
gories: small ( < 800 bp), medium ( 800 − 2000 bp), and large
 > 2000 bp). 
PCR direct sequencing 
PCR products were visualized by electrophoresis on 1%
agarose gels, and products of expected size were excised
and purified using the NucleoSpin Gel and PCR Clean-
up kit (Macherey-Nagel, Düren, Germany). Purified prod-
ucts were directly sequenced by Sanger sequencing (Mi-
crosynth AG, Balgach, Switzerland) using the respective
PCR primers. For transcripts yielding low product con-
centrations, a second round of PCR was performed us-
ing purified first-round products as a template to gen-
erate sufficient material for sequencing. For transcript
niben101_Niben101Scf00127g04004.1_R0, initial PCR us-
ing primers G123 and G124 with 1:100 diluted cDNA yielded
low product concentrations, and a nested PCR approach was
employed using internal primers G168 and G171 with the
first-round PCR product as template. Direct sequencing of the
nested PCR product revealed a strong signal overlap, suggest-
ing multiple transcript variants. 

PCR product subcloning 
To resolve individual sequences, the nested PCR product was
cloned into the pJet1.2/blunt cloning vector (Thermo Fisher
Scientific, Waltham, MA, USA) and transformed into E. coli
TOP10 competent cells according to the manufacturer”s in-
structions. Plasmid DNA from six individual colonies was iso-
lated and sequenced using pJet1.2 forward and reverse se-
quencing primers as well as one internal sequencing primer
needed to cover the whole cDNA fragment. Sequencing results
were analyzed using Geneious Prime 2019 (Biomatters Ltd.,
Auckland, New Zealand) and aligned to predicted transcript
models to verify exact matches of exon-intron boundaries and
coding sequences. 

Results and discussion 

Benchmark using short-read data 

GeMoSeq has been benchmarked on short-read (Illumina)
data for three plant species ( A. thaliana , O. sativa and S. lycop-
ersicum ), three animal species ( C. elegans , D. melanogaster ,
and M. musculus ), and one yeast ( S. cerevisiae ). These species
have been specifically selected for their mature genome se-
quences and high-quality genome annotations, since these
genome annotations serve as a “gold standard” in the eval-
uation of prediction performance. 

Evaluation of the level of transcripts 
After applying Cufflinks, Scallop, StringTie, and GeMoSeq
to each of the RNA-seq datasets used for benchmarking (cf.
Benchmark data), we evaluated their prediction performance
on the level of transcripts using gffcompare [ 32 ]. On the level
of transcripts, gffcompare reports sensitivity and precision,
which have been used to compute the respective F1-measure as
shown in Fig. 2 A. In Supplementary Fig. S12, we additionally
consider the pairwise differences in F1 measure of GeMoSeq
versus all three alternative tools together with a statistical as-
sessment (two-sample Wilcoxon test) of their significance. 

In general, F1 values well below the theoretical maximum
of 1.0 are to be expected, since not all genes will be expressed
in a single experiment. For the majority of species, we observe
that Cufflinks yields lower F1 values than the remaining tools.
Cufflinks has been pioneering for the prediction of transcript
models from RNA-seq data, but its development has stalled

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
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Figure 2. Benchmark results of GeMoSeq compared with Cufflinks, Scallop, and StringTie ( A ) based on the evaluation using gffcompare on the level of 
transcripts and ( B ) using GeMoMa Analyzer on the le v el of CDS. Each panel displa y s the F1 measure based on the sensitivity and precision of GeMoSeq 
(ordinate) compared with the remaining tools (abscissa, color coded). Points abo v e the main diagonal indicate an impro v ed perf ormance of GeMoSeq, 
while points below the diagonal indicate an improved performance of the respective alternative tool. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

over the last few years, and it has been de facto replaced
by StringTie. The prediction performance of GeMoSeq and
StringTie is widely comparable, with some species-specific dif-
ferences. For A. thaliana and S. lycopersicum , GeMoSeq yields
slightly but consistently and significantly better F1 values than
StringTie. For O . sativa , C. elegans, and D . melanogaster , the
prediction performance of GeMoSeq and StringTie is simi-
lar, and differences in prediction performance are not signifi-
cant. For M. musculus , StringTie typically achieves higher F1
values than GeMoSe,q and this difference in prediction per-
formance is statistically significant. Scallop typically performs
worse than StringTie (and GeMoSeq). For M. musculus , the F1
measures achieved by Scallop and GeMoSeq are widely simi-
lar. For S. cerevisiae , we observe the largest absolute difference
in prediction performance between GeMoSeq and all three al-
ternative tools, and the improvement achieved by GeMoSeq
is highly significant. 

Considering sensitivity on the level of transcripts as re-
ported by gffcompare ( Supplementary Fig. S5 ), we again ob-
serve lower sensitivity values for Cufflinks, while GeMoSeq,
StringTie and Scallop achieve similar levels of sensitivity for
the majority of species. For M. musculus , we again observe
an advantage of StringTie, while for S. cerevisiae GeMoSeq
yields substantially higher sensitivity values than any of the
other tools. 

Regarding precision ( Supplementary Fig. S6 ), we find a
clear advantage of GeMoSeq compared with the remaining
three approaches for A. thaliana , O. sativa , S. lycopersicum
and D. melanogaster , while for some M. musculus datasets,
StringTie achieves the highest precision, and for S. cerevisiae
either StringTie or Scallop achieve improved precision values
compared with GeMoSeq for a subset of datasets. 

In summary, we find an advantage of GeMoSeq over
StringTie, Scallop, and Cufflinks, especially for the plant
species and yeast. For the animal species except M. muscu-
lus , the performance of StringTie and GeMoSeq is on the
same level, while Cufflinks and Scallop perform worse. For
M. musculus , we observe an advantage when using StringTie
instead of GeMoSeq. The lower prediction performance of
GeMoSeq compared with StringTie for M. musculus may
raise concerns regarding the utility of GeMoSeq for human
datasets. Hence, we additionally tested all tools for a collec-
tion of human datasets (cf. Supplementary Table S3 ). We find
( Supplementary Fig. S15 A/D) that results for H. sapiens are 
largely comparable to those obtained for M. musculus . How- 
ever, due to its consistent performance, StringTie is part of 
many genome annotation pipelines and, hence, genome anno- 
tations may be biased towards StringTie in some cases. Im- 
proved levels of the F1 measure when using GeMoSeq are 
mostly due to improved precision of its predictions, while sen- 
sitivity reaches similar levels as StringTie and Scallop for the 
majority of species. 

Evaluation of the level of coding sequences 
Since GeMoSeq has been primarily developed to complement 
the homology-based predictions of GeMoMa and for this rea- 
son has a focus on protein-coding genes, we further com- 
pare the performance of GeMoSeq and the three alterna- 
tive approaches on the level of CDS (coding sequence) pre- 
diction. GeMoSeq makes simplistic CDS predictions (longest 
ORF) internally, while the other three tools predict exons but 
no CDSs. Hence, we apply the CDS prediction of GeMoSeq 

to the predictions of these tools for the purpose of bench- 
marking. We analyze prediction performance by the Analyzer 
tool of GeMoMa, as gffcompare does not allow for a CDS- 
centric evaluation. The results of this evaluation are presented 

in Fig. 2 B for the F1 measure, where we find an improve- 
ment of GeMoSeq compared with the other approaches for 
A. thaliana , S. l ycopersicum , D . melanogaster and S. cerevisiae 
and, although less pronounced, for O. sativa and C. elegans .
The improvement in prediction performance of GeMoSeq 

compared with the previous tools is highly significant for all of 
these species ( Supplementary Fig. S13 ). For M. musculus (and 

H. sapiens , Supplementary Fig. S15 B/E), StringTie still yields 
slightly but significantly better F1 values than GeMoSeq. Eval- 
uation on the levels of sensitivity ( Supplementary Fig. S7 ) 
and precision ( Supplementary Fig. S8 ) supports the previous 
observation that the improved performance of GeMoSeq is 
widely due to improved levels of precision, while sensitivity 
values are more similar to those of the other tools, especially 
StringTie. 

Since the GeMoSeq-internal CDS prediction based on the 
longest ORFs within transcripts might be too simplistic and 

the alternative tools might profit from a more sophisti- 
cated CDS prediction, we also tested a CDS prediction using 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
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ransDecoder for these tools. For GeMoSeq, we abstain from
 CDS prediction using TransDecoder since its results might
ontradict the GeMoSeq-internal prediction, which, however,
s also being used in the split heuristics of GeMoSeq. We
resent the results of the evaluation based on the TransDe-
oder CDS prediction in Supplementary Figs S9 , S10 , S11 ,
14, and S15 C/F. Surprisingly, we find that the prediction per-
ormance of all tools drops considerably when using TransDe-
oder instead of the simplistic CDS prediction of GeMoSeq.
ere, GeMoSeq yields a substantially improved prediction
erformance considering the F1 measure, sensitivity and pre-
ision, even for M. musculus . The reasons for this observa-
ion may be manifold. First, we may have used TransDecoder
n an incorrect manner . However , we followed the instruc-
ions of the TransDecoder manual (cf. Supplementary Meth-
ds) and did not spot any obvious flaws. Second, the training
ata for TransDecoder, as extracted based on predicted tran-
cript models may not have been sufficient to accurately train
he TransDecoder model. Third, the CDS annotations of the
high-quality) reference genomes may be biased towards the
ongest ORFs, since a similar heuristic might have been used
hen generating these “gold standard”annotations in the first
lace. Based on the data available, we cannot clarify which of
hese options (or additional explanations) is correct. However,
e consider the third explanation the most likely since, histor-

cally, the longest ORF heuristic has been applied widely. 

ssessing the influence of split heuristics 
he improvement in prediction performance of GeMoSeq is
specially pronounced for S. cerevisiae with its densely packed
enome, of which 72% are transcribed in pre-mRNAs of pro-
ein coding genes with intergenic distances of, on average, only
 few hundred base pairs (cf. Supplementary Table S2 ). For
his reason, one source of the improvement might be the im-
lementation of several heuristics for splitting candidate tran-
cripts that appear as merged on the level of read mappings.
ence, we additionally evaluate the prediction performance

f a GeMoSeq variant with all split heuristics turned off. We
ompare GeMoSeq with and without split heuristics based on
he F1 measure on the level of CDSs ( Supplementary Fig. S16 ).
ndeed, we find that the improvement due to the split heuris-
ics is especially pronounced for S. cerevisiae . Considerably
mproved F1 values can also be observed for A. thaliana , C.
legans and D. melanogaster . The genomes of these species can
lso be considered dense based on median intergenic distances
elow 1 kbp, large portions of genomic sequence covered by
rimary transcripts and a high gene density ( Supplementary
able S2 ). For the remaining species, we find a similar perfor-
ance of both GeMoSeq variants. Hence, we may conclude

hat the implementation of split heuristics has an important
ontribution to the prediction performance of GeMoSeq, es-
ecially for dense genomes. Since these heuristics are a unique
eature of GeMoSeq, it also indicates that split heuristics are
artly responsible for the improvement in prediction perfor-
ance compared with Cufflinks, Scallop and StringTie. How-

ver, since we also observed an improvement for O. sativa
nd S. lycopersicum in the previous benchmark, other as-
ects of the GeMoSeq algorithm (e.g., combinatorial enumer-
tion of candidate transcripts, EM-based quantification) con-
ribute as well, but are hard to benchmark individually, be-
ause they are deeply integrated into the complete GeMoSeq
lgorithm. 
Assessing determinants of GeMoSeq’s performance 
In the benchmark studies, we also observe that the range of
performance values achieved by GeMoSeq and the alterna-
tive tools is library-specific. Hence, we sought for charac-
teristics of sequencing libraries that might be indicative of
GeMoSeq’s performance. The libraries considered for bench-
marking cover a wide range of sequencing depths. However,
sequencing depth alone is only moderately correlated to pre-
diction performance ( Supplementary Fig. S17 ). Instead, we
found that the number of transcripts (reference annotation)
covered by more than 10 reads ( Supplementary Fig. S18 )
and the number of transcripts with a coverage above 5
( Supplementary Fig. S19 ) show a better correlation with the
F1 measure determined for these libraries. So, as might be
expected, prediction performance depends on the number of
true transcripts that show expression in the sequencing library
used as input of GeMoSeq. This cannot be achieved by a sin-
gle specific library, e.g. specific for a tissue, developmental
stage or stress, which, however, might be important for captur-
ing splicing variants. For this reason, we recommend running
GeMoSeq for diverse, specific libraries and join prediction re-
sults afterwards as exemplified for N. benthamiana below. 

Artificial reads simulated based on the respective refer-
ence genomes and annotations might provide a more con-
trolled environment for evaluating further determinants of
GeMoSeq’s performance and have also been considered in
the original StringTie publication [ 20 ]. Following the exam-
ple of StringTie, we use Flux Simulator [ 37 ] to generate ar-
tificial reads for the seven genomes considered (cf. Supple-
mentary Methods). However, in the evaluation of prediction
performance, we find inconsistent results on the level of tran-
scripts (gffcompare) and CDS (GeMoMa Analyzer) likely due
to technical reasons ( Supplementary Fig. S20 ), which render
results based on simulated reads less informative when focus-
ing on protein-coding genes. 

Runtime and memory requirements 

In addition to prediction performance, we also record the total
runtime and peak memory consumption of GeMoSeq, Cuf-
flinks, Scallop and StringTie on the benchmark datasets as
measured on a compute cluster with nodes equipped with In-
tel Xeon E5-2680v3 processors and 128 GB of RAM. We ob-
serve ( Supplementary Fig. S21 ) that GeMoSeq requires a total
runtime typically shorter than Cufflinks but longer than Scal-
lop or StringTie. The median runtime of GeMoSeq is 14 min
and 90% of the datasets are processed within 46 min. On a
more recent machine (Macbook Air M3, 24 GB of RAM), ab-
solute runtimes for these datasets are reduced to approx. 2
min (median) and 10 min (90% percentile), respectively. For
human datasets ( Supplementary Fig. S15 G), the general pat-
tern is similar with a median runtime of 44 min for GeMoSeq
on the compute cluster. 

The implementation of the GeMoSeq algorithm is multi-
threaded. But using a higher number of threads, the (unpar-
allelized) I/O performance becomes the limiting factor. As an
alternative, instances of GeMoSeq can be run in parallel for
individual chromosomes, and their predictions can be simply
concatenated afterwards. To support this option, GeMoSeq
allows for a naming schema of genes and transcripts that in-
cludes the chromosome/sequence name. 

Regarding memory, GeMoSeq has a maximum peak mem-
ory consumption that is comparable to Scallop (55 GB vs.

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
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52 GB), but the median memory consumption is substan-
tially higher than for any of the other tools. One reason for
the increased memory consumption is the combinatorial enu-
meration of candidate transcripts with associated read in-
formation. However, the median peak memory consumption
of GeMoSeq is approx. 16 GB and 90% of the datasets re-
quired at most 25 GB, which makes GeMoSeq executable
on current standard compute servers. For human datasets
( Supplementary Fig. S15 H), memory consumption is compa-
rable to the M. musculus datasets. If required, memory con-
sumption of GeMoSeq can be reduced by adjusting the pa-
rameters for the maximum length of a region before it is split
and the maximum region coverage before reads are down-
sampled. 

Benchmark using long-read data 

Although databases of raw sequencing data (NCBI SRA,
ENA) are currently dominated by short-read, specifically Il-
lumina, data, the amount of long-read RNA-seq data as gen-
erated by Pacific Biosciences (PacBio) or Oxford Nanopore
Technologies (ONT) instruments is increasing and these will
likely become the preferred technologies for the annotation
of transcript models in the future. Since long RNA reads
are conceptually capable of representing transcripts and tran-
script variants end-to-end, they are suited to improve the
accuracy and completeness of genome annotations. How-
ever, the specific error profile of long-read data poses new
challenges for algorithms predicting transcript models. For
this reason, GeMoSeq provides a specific long-read mode
that adapts some algorithmic details (cf. section Handling
of long-read data ). StringTie has a long-read mode as well,
while Cufflinks has not been designed for long-read data
and a version of Scallop (Scallop-LR [ 33 ]) specifically tai-
lored to long-read data requires PacBio-specific header files
and has not been updated for five years. However, with Iso-
Quant [ 21 ], a tool specifically tailored to long-read data is
available. Hence, we restrict the benchmark based on long-
read data to the comparison of IsoQuant, and StringTie and
GeMoSeq in their long-read modes. To this end, we sam-
pled long-read data for the same seven species also consid-
ered for the short-read data and stratify these for (PacBio
and ONT) instruments (cf. section Benchmarking long-read
data). 

On the level of transcript models evaluated using gffcom-
pare ( Supplementary Fig. S22 ), we find an improved pre-
diction performance of GeMoSeq relative to StringTie for
A. thaliana , S. lycopersicum and C. elegans , while for O.
sativa , D. melanogaster , M. musculus and S. cerevisiae , either
GeMoSeq or StringTie yields better performance for a subset
of datasets, which is in some cases related to specific instru-
ment models and/or strand specificity. In the comparison to
IsoQuant GeMoSeq yields an improvement for A. thaliana ,
C. elegans , M. musculus and S. cerevisiae , while results are in-
conclusive for the remaining species ( Supplementary Fig. S23 ).
This picture is widely preserved on the level of CDS using the
longest-ORF heuristic for StringTie ( Supplementary Fig. S24 )
and IsoQuant ( Supplementary Fig. S25 ) predictions. Using
TransDecoder for CDS prediction on the transcript mod-
els of StringTie and IsoQuant again leads to a substan-
tial drop in the F1 measure ( Supplementary Figs S26 and
S27 ). 
Combining RNA-seq-based and homology-based 

predictions 

While the previous benchmarks demonstrated the accuracy 
of the RNA-seq-based prediction of transcripts and CDSs us- 
ing GeMoSeq, the original intention for developing GeMoSeq 

has been to complement the homology-based predictions of 
GeMoMa, especially with regard to highly species-specific 
genes and transcripts. Hence, we evaluate the improvements of 
annotation completeness and accuracy combining GeMoMa 
and GeMoSeq predictions in the following. To this end, we ad- 
ditionally perform homology-based transcript prediction us- 
ing GeMoMa for the seven species considered in the bench- 
mark studies (cf. Materials and methods, Reference species 
listed in Supplementary Table S5 ). We first merge all RNA-seq- 
based GeMoSeq predictions based on the datasets used for the 
benchmark, and we merge all homology-based GeMoMa pre- 
dictions across the reference species considered. Afterwards,
the individually merged GeMoSeq and GeMoMa predictions 
are further combined by determining the intersection and 

union of the sets of predictions of both tools per species.
We might expect that the intersection of independent sources 
of evidence (homology and RNA-seq) yields high precision,
while the union of both sources would achieve high sen- 
sitivity. We additionally consider an “intermediate” variant 
that supplements the intersection set with further high con- 
fidence predictions of the individual tools (cf. Materials and 

methods). 
First, we consider sensitivity on the level of CDSs of the in- 

dividual prediction sets of GeMoSeq and GeMoMa, and the 
different combinations of these. In Supplementary Fig. S28 ,
we indeed observe that the union of the predictions of both 

tools yields the best sensitivity. However, the improvement 
over the individual predictions of GeMoSeq and GeMoMa is 
lower than we expected, and the intersection of both sets re- 
sults in only mildly reduced sensitivity. This indicates that the 
overlap between the RNA-seq-based predictions of GeMoSeq 

and the homology-based predictions of GeMoMa is substan- 
tial, and may provide a set of high-confidence transcript mod- 
els. As expected, we find the largest precision values for the 
intersection of GeMoSeq and GeMoMa predictions, while 
precision drops substantially for the union of both (Fig. 3 ).
The intermediate variant of the combination yields a con- 
siderably improved precision compared with the individual 
predictions except for S. cerevisiae , for which we observe 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
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recision values above 75% in all cases. Notably, we ob-
erve precision values above 85% for the intersection for
our of the species ( A. thaliana , C. elegans , M. musculus ,
. cerevisiae ), while precision is substantially lower for the
emaining species. Since the intersection of GeMoSeq and
eMoMa predictions provides evidence of the respective tran-

cript models from two independent sources (RNA-seq and
omology), we assume the predictions in the intersection to
e likely correct. Hence, this finding may indicate that the
urrent reference annotation of those species ( O. sativa , S.
 ycopersicum , D . melanogaster ) is less complete than for the
ther species. Turning to the F1 measure combining sensitiv-
ty and precision ( Supplementary Fig. S29 ), we find that – as
ntended – the intermediate variant for combing GeMoSeq
nd GeMoMa predictions yields the best F1 values for four
f the species ( A. thaliana , C. elegans , D. melanogaster , M.
usculus ). For the remaining species, F1 values are compara-
le to the intersection case, that, however, achieved substan-
ially lower sensitivity, which might be relevant for practical
pplications. 

pplying GeMoSeq to N. benthamiana LAB 

enomes 

icotiana benthamiana is used as a model plant in many ex-
erimental labs worldwide, especially since it is conveniently
nfiltrated with Agrobacterium tumefaciens for transient ex-
ression of genes. Recently, two genomes and corresponding
nnotation of “lab” strains have been published [ 35 , 36 ]. At
rst sight, the transcript annotations of these genomes ap-
ear to be rather incomplete with mostly one or only few
ranscript variants per gene. In addition, both transcript an-
otations use transcript IDs that are unrelated to the pre-
iously used N. benthamiana v1.0.1 and v2.6.1 genomes,
hich complicates the comparisons with previous publica-

ions. Hence, we set out to apply the combination of RNA-seq-
ased GeMoSeq predictions and homology-based GeMoMa
redictions to both lab genomes. For GeMoSeq, we com-
ile a collection of 319 N. benthamiana RNA-seq datasets
rom the European Nucleotide Archive (cf. Materials and
ethods, Supplementary Table S6 ). For GeMoMa, we con-

ider A. thaliana , S. lycopersicum and N. tabacum as refer-
nce species and additionally include the previous v.1.0.1 and
.2.6.1 genome versions to establish the link between this new
nnotation and the previous ones. We merge the GeMoSeq
nd GeMoMa predictions as described for the benchmark
tudies, and assign confidence levels “high, ” “medium, ” and
low” as described in Materials and methods. In the merge,
ranscript IDs of the v1.0.1 and v2.6.1 are available either
n the ID field or as entries of the “alternative” tag of the
FF format if these could be transferred to the respective lab

enome. 
In Fig. 4 A, we show an upset plot (inclusive intersection

ize) of the NbLab360 v103 annotation and the annotation
enerated using GeMoSeq and GeMoMa on different levels of
onfidence. The NbLab360 annotation contains 45,796 (pro-
ein coding) transcripts, while the high-confidence intersec-
ion of GeMoSeq and GeMoMa contains 35,684 transcripts,
1,193 of which are shared (i.e., identical on the level of
DSs) between both annotations. Also considering medium-

onfidence GeMoSeq/GeMoMa predictions, the number of
ranscripts increases to 65,892 belonging to 47,307 genes,
hich corresponds to 1.39 transcript per gene on average.
A number of 26,874 of these transcripts is shared with the
NbLab360 annotation. Also including low-confidence tran-
scripts, the number of transcripts increases dramatically to
231,219 transcripts. Hence, we recommend to consider low-
confidence transcripts only when aiming for maximum sensi-
tivity. 

We further scrutinize the 14,491 transcripts that are present
in the high-confidence GeMoSeq/GeMoMa set but not in
the NbLab360 annotation (Fig. 4 B). We find that 4262 of
these transcripts do not overlap an existing NbLab360 an-
notation and may, hence, be considered transcripts of miss-
ing genes. If a GeMoSeq/GeMoMa transcript does not match
any NbLab360 transcript, but another GeMoSeq/GeMoMa
transcript of the same gene perfectly matches an NbLab360
transcript, these GeMoSeq/GeMoMa transcripts may be con-
sidered missing alternative transcripts. We find 3,494 of such
missing alternatives, which more frequently contain addi-
tional exons (2,180 cases) than lack exons (206 cases) present
in the matching variant. GeMoSeq/GeMoMa transcripts that
overlap but do not perfectly match any NbLab360 transcript
may differ in multiple aspects, where alternative transcript
start or end positions are the most frequent (6,286 out of
6,735 differing transcripts). 

For the transcripts from the “missing gene” category, we
aim at obtaining an overview of the functions that are encoded
by these genes. To this end, we extract the protein sequences
of all high-confidence transcripts and use PANNZER2 [ 38 ] to
assign functional annotation and GO terms. Among the tran-
scripts from the “missing gene” category, the terms (biological
product) “regulation of DNA-templated transcription” (161
transcripts), “defense response” (116), “translation” (103),
“protein ubiquitination” (82), “chromatin remodeling” (80),
“response to auxin” (67) and “methylation” (55) are the most
frequent. Terms with significant enrichment (Fisher”s exact
test, adjusted P -value < 0 . 05 ) are “killing of cells of another
organism” (9 transcripts; log-odds ratio 3.6; p = 1 . 3 · 10 

−2 ),
“cell population proliferation” (11; 3.5; p = 1 . 4 · 10 

−3 ), “hy-
drotropism” (10; 3.0; p = 4 . 3 · 10 

−2 ), “photosynthesis, light
harvesting” (17; 2.2; p = 9 . 0 · 10 

−3 ), and “response to auxin”
(67; 1.9; p = 1 . 8 · 10 

−12 ). Together, this indicates that the
genes that are only present in our re-annotation of the NbLab
genome fulfill important, central functions for N. benthami-
ana plants. 

Since no established “gold standard” for N. benthamiana
transcripts has been established, the quality of transcript mod-
els cannot be evaluated in the same manner as for the bench-
mark species. Hence, we validate example predictions from
the “missing gene,” “missing alternative,” and “differing tran-
script” categories experimentally and assess the global com-
pleteness of the different annotation variants using BUSCO
[ 39 , 40 ] on the level of protein sequences. 

Experimental validation 

To experimentally validate the quality of our computational
predictions, we selected 20 gene models from different pre-
diction categories for PCR-based validation on cDNA from
wild-type N. benthamiana leaf tissue (Table 1 ). These se-
lected genes represent the annotation categories “missing
gene, ” “missing alternative, ” and “differing transcript” com-
pared to the NbLab360 annotation. We successfully ob-
tained PCR products for 16 of the 20 tested transcripts
(80% PCR success rate). For 14 genes yielding PCR products,
we obtained high-quality Sanger sequencing results through

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
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Figure 4. Comparison of the original NbLab360 annotation to the merged prediction of GeMoSeq and GeMoMa, considering transcripts of different 
le v els of confidence. ( A ) Intersection sizes (inclusive, i.e., size of intersection shown irrespective of the occurrence in other sets/intersections) of the 
CDS contained in each of the annotation files. ( B ) Breakdown of transcripts that are present in the “Confidence high” set of GeMoSeq/GeMoMa but are 
missing from the NbLab360 annotation. ( C ) BUSCO completeness of the annotation files (extracted proteins) for the solanales and embryophyta 
datasets. 

Table 1. Experimental validation of predicted transcripts in N. benthamiana . Twenty predicted transcripts from different categories (cf. Fig. 4 B) were 
tested by PCR amplification of cDNA from wild-type leaf tissue f ollo w ed b y Sanger sequencing. Transcript identifiers ha v e been assigned according to 
the corresponding homology-based prediction of GeMoMa. PP (PCR Product): successful amplification of expected PCR product; SM (Sequence Match): 
sequencing result matches computational prediction. ∗) Two distinct isoforms detected; one matched prediction; Categories indicate the relationship 
between the tested prediction and the NbLab360 v103 annotation: “missing gene” indicates genes absent from the original annotation; “missing alter- 
native” indicates alternative transcript variants not present in the original annotation; “differing transcripts” indicates str uct ural differences in e x on-intron 
str uct ure compared to annotated transcripts 

Predicted Transcript PP SM Category Supp. Fig. 

niben101_Niben101Scf04174g05001.1_R0 No - missing gene S33 
niben101_Niben101Scf05710g00007.1_R0 Yes Yes missing gene S34 
niben261_Niben261Chr11g0918006.1_R0 Yes Yes missing gene S35 
niben261_Niben261Chr12g0701036.1_R0 No - missing gene S36 
nitab_Nitab4.5_0000928g0110.1_R0 Yes Yes missing gene S37 
nitab_Nitab4.5_0002157g0030.1_R1 Yes Yes missing gene S38 
nitab_Nitab4.5_0005016g0030.1_R1 No - missing gene S39 
nitab_Nitab4.5_0009033g0020.1_R1 Yes Yes missing gene S40 
solyc_mRNA:Solyc01g110020.4.1_R0 Yes Yes missing gene S41 
niben101_Niben101Scf02053g01004.1_R0 Yes Yes missing alternative: acceptor shift S42 
niben101_Niben101Scf00784g00007.1_R0 Yes Yes missing alternative: + 1 intron S43 
niben261_Niben261Chr06g1105011.1_R0 Yes Yes missing alternative: + 1 intron S44 
nitab_Nitab4.5_0005550g0060.1_R0 Yes Yes missing alternative: + 1 intron S45 
solyc_mRNA:Solyc11g005330.2.1_R2 Yes - missing alternative: + 1 intron S46 
niben101_Niben101Scf13411g05021.1_R0 Yes Yes differing transcripts: multiple introns S47 
solyc_mRNA:Solyc06g073460.4.1_R0 No - differing transcripts: multiple introns S48 
niben101_Niben101Scf00127g04004.1_R0 Yes Yes ∗ differing transcripts: larger differences S49 
niben101_Niben101Scf04196g00003.1_R0 Yes Yes differing transcripts: acceptor shift S40 
nitab_Nitab4.5_0002370g0020.1_R0 Yes Yes differing transcripts: 1 exon different S51 
niben261_Niben261Chr11g1317009.1_R0 Yes Yes differing transcripts: + 1 intron S52 
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irect sequencing of purified PCR products. All 14 sequences
onfirmed the GeMoSeq/GeMoMa predicted models, show-
ng exact matches of exon-intron boundaries and coding se-
uences (see Supplementary Figs S33- - S52 ). 
Four transcripts failed to produce detectable PCR products

n initial amplification attempts (Table 1 ). However, RNA-
eq read mappings for all tested transcripts, including these
our, indicated sufficient expression levels ( Supplementary
igs S33- - S52 ), suggesting that the lack of PCR products is

ikely due to technical rather than biological factors. Since we
btained sufficient PCR-based validation results across all pre-
iction categories represented in our test set (Table 1 ), we did
ot perform extensive optimization of PCR conditions (e.g.,
nnealing temperature, primer design variations, or alterna-
ive polymerase systems) for these initial failures. Hence, the
bsence of PCR products cannot be interpreted as evidence
gainst the existence of these transcripts, and further opti-
ization efforts with alternative primer pairs or adjusted PCR

onditions might yield amplification products for these tran-
cripts. 

Two PCR-positive transcripts did not yield reli-
ble direct sequencing results. For the first transcript
Solyc11g005330.2), we observed a weak band signal
ccompanied by smearing on the agarose gel, indicating
ow specificity of the amplification reaction. Purification
nd further amplification did not improve PCR product
uality and only insufficient product concentration for re-
iable sequencing were obtained. For the second transcript
niben101_Niben101Scf00127g04004.1_R0), direct Sanger
equencing of purified PCR products yielded superimposed
equencing signals, suggesting the presence of multiple DNA
olecules in the PCR reaction. To resolve this ambiguity,
e cloned the PCR fragments into the pJet1.2 vector and

equenced individual colonies. Sequencing of six colonies
evealed two distinct populations of cDNA fragments differ-
ng in the extent of the first intron, indicating two distinct
ranscript isoforms ( Supplementary Fig. S49 ). Four colonies
67%) contained a splice variant differing from our primary
rediction, while two colonies (33%) exactly matched the
redicted sequence. Examination of RNA-seq read map-
ings for this locus confirmed the presence of both splice
ariants, with split reads supporting both the predicted
nd alternative acceptor sites of the first intron, consistent
ith the coexistence of both isoforms in the transcriptome

 Supplementary Fig. S53 ). 
In total, we obtained experimental confirmation for 15

ut of 16 genes with interpretable sequencing results, re-
ulting in a 94% confirmation rate. All confirmed sequences
howed exact matches of exon-intron boundaries and coding
equences to GeMoSeq/GeMoMa predictions. Although this
alidation represents a limited sample size, the high confirma-
ion rate provides strong experimental support for the accu-
acy of the combined RNA-seq/homology-based gene predic-
ion approach. The precise matching of splice sites and cod-
ng sequences at the nucleotide level demonstrates that the
ombined GeMoSeq/GeMoMa predictions are not only struc-
urally correct but also immediately suitable for functional
tudies and protein-level analyses. 

USCO completeness 
or BUSCO completeness, we consider only CDS annota-
ions with proper start and stop codons and without pre-
ature stops. In Fig. 4 C, we present the BUSCO com-
 

pleteness of the original NbLab360 v103 annotation and
GeMoSeq/GeMoMa-derived annotations on different levels
of confidence using the “Solanales” and “Embroyphyta”
BUSCO sets. We observe that even the high-confidence pre-
dictions of GeMoSeq/GeMoMa achieve a better BUSCO
completeness (single-copy and duplicated) than the origi-
nal NbLab360 annotation, while completeness further in-
creases when also considering medium and low-confidence
transcripts. In previous benchmark studies, we noted that the
longest-ORF heuristic of GeMoSeq typically results in bet-
ter prediction performance than using TransDecoder. Hence,
we additionally apply this heuristic to the NbLab360 v103
annotation, which may also repair previously missing start
and stop codons. Indeed, we find that this increases BUSCO
completeness, although completeness is still lower than for
the combination of high-confidence and medium-confidence
GeMoSeq/GeMoMa predictions. 

We also observe that the number of duplicated BUSCOs for
GeMoSeq/GeMoMa predictions is substantially larger than
for the original NbLab360 v103 annotation, which contains
one transcript variant per gene. Hence, we aggregate the
BUSCO results on the level of genes using the “BUSCORe-
computer” module of GeMoMa. We find ( Supplementary
Fig. S31 and S32 ) that this indeed decreases the number of
duplicated BUSCOs for the GeMoSeq/GeMoMa predictions
to similar levels as for the NbLab360 v103 annotation, ex-
cept for the low-confidence set. 

We apply the same procedure to the NbKLAB genome
and corresponding annotation ( Supplementary Fig. S30 ) with
similar results, but a considerably larger number of missing
genes (6,700) and slightly lower BUSCO completeness of the
NbKLAB annotation. One notable difference is that applying
the longest-ORF heuristic to the NbKLAB annotation does
not result in different BUSCO completeness, likely because a
similar heuristic has already been applied for CDS prediction
initially and the number of missing start/stop codons is already
substantially lower for the original NbKLAB annotation than
for NbLab360. 

Conclusion 

In benchmark studies, we found that GeMoSeq yields an im-
proved prediction performance compared with the previous
approaches Cufflinks, Scallop and StringTie for six out of
seven species considered. This improvement is especially pro-
nounced for the two plant species A. thaliana and S. lycoper-
sicum and for yeast ( S. cerevisiae ), which have rather dense
genomes. We further demonstrated how the combination
of RNA-seq-based predictions of GeMoSeq with homology-
based predictions using GeMoMa may be used to balance sen-
sitivity and precision in the annotation of transcript models.
Applying the combination of GeMoSeq and GeMoMa to re-
cently sequenced genomes of two N. benthamiana lab strains,
we illustrated the utility of this strategy to yield high-quality
annotations of transcript models and coding sequences for
newly sequenced genomes. We provide the GeMoSeq tool and
the generated annotations of N. benthamiana lab strains to the
scientific community. 
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23. Gabriel L, Br ůna T, Katharina J et al. BRAKER3: fully automated 
genome annotation using RNA-seq and protein evidence with 
GeneMark-ETP AUGUSTUS and TSEBRA. Genome Res 
2024;34:769–77. https:// doi.org/ 10.1101/ gr.278090.123 

24. Stanke M, Schöffmann O, Morgenstern B et al. Gene prediction in 
eukaryotes with a generalized hidden Markov model that uses 
hints from external sources. BMC Bioinformatics 2006;7:62. 
https:// doi.org/ 10.1186/ 1471- 2105- 7- 62 

25. Keilwagen J, Hartung F, Paulini M et al. Combining RNA-seq 
data and homology-based gene prediction for plants, animals and 
fungi. BMC Bioinformatics 2018;19:189. 
https:// doi.org/ 10.1186/ s12859- 018- 2203- 5 

26. Keilwagen J, Hartung F, Grau J. GeMoMa: homology-based gene 
prediction utilizing intron position conservation and RNA-seq 
data. Methods Mol Biol 2019;1962:161–77.

https://www.uni-halle.de
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag091#supplementary-data
https://www.uni-halle.de
https://github.com/Jstacs/Jstacs/tree/master/projects/gemoseq
https://doi.org/10.5281/zenodo.17716915
https://www.jstacs.de/index.php/GeMoSeq
https://doi.org/10.5281/zenodo.14901380
https://doi.org/10.1016/0022-2836(92)90130-C
https://doi.org/10.1006/jmbi.1995.0198
https://doi.org/10.1111/pbi.12499
https://doi.org/10.1038/s41576-020-0233-0
https://doi.org/10.1093/gbe/evae224
https://doi.org/10.1146/annurev-biodatasci-072018-021255
https://doi.org/10.1038/nrg.2016.119
https://doi.org/10.1093/bioinformatics/btg1080
https://doi.org/10.1093/nar/gki458
https://doi.org/10.1093/bioinformatics/btr010
https://doi.org/10.1093/bioinformatics/btae685
https://doi.org/10.1093/bioinformatics/btad014
https://doi.org/10.1093/bioinformatics/btae517
https://doi.org/10.1186/gb-2006-7-4-r29
https://doi.org/10.1093/nar/gkw092
https://doi.org/10.1101/gr.1865504
https://doi.org/10.1038/nbt.1621
https://doi.org/10.1038/nbt.4020
https://doi.org/10.1038/nbt.3122
https://doi.org/10.1038/s41587-022-01565-y
https://doi.org/10.1186/1471-2105-12-491
https://doi.org/10.1101/gr.278090.123
https://doi.org/10.1186/1471-2105-7-62
https://doi.org/10.1186/s12859-018-2203-5


GeMoSeq: transcript reconstruction from RNA-seq data 15 

2

2

2
 

3

3

3

3

R
©
T
n
t
j

7. Liang C, Mao L, Ware D et al. Evidence-based gene predictions in 
plant genomes. Genome Res 2009;19:1912–23. 
https:// doi.org/ 10.1101/ gr.088997.108 

8. Bray NL Pimentel H, Melsted P et al. Near-optimal probabilistic 
RNA-seq quantification. Nat Biotechnol 2016;34:525–7. 
https:// doi.org/ 10.1038/ nbt.3519 

9. Liao Y, Smyth GK, Shi W. featureCounts: an efficient general 
purpose program for assigning sequence reads to genomic features.
Bioinformatics 2013;30:923–30. 
https:// doi.org/ 10.1093/ bioinformatics/ btt656 

0. Kovaka S, Zimin AV, Pertea GM et al. Transcriptome assembly 
from long-read RNA-seq alignments with StringTie2. 
Genome Biol 2019;20:278. 
https:// doi.org/ 10.1186/ s13059- 019- 1910- 1 

1. Shumate A, Wong B, Pertea G et al. Improved transcriptome 
assembly using a hybrid of long and short reads with StringTie. 
PLOS Comput Biol 2022;18:1–18. 
https:// doi.org/ 10.1371/ journal.pcbi.1009730 

2. Pertea G, Pertea M. GFF Utilities: GffRead and GffCompare 
[version 2; peer review: 3 approved]. F1000Research 2020;9:304. 
https:// doi.org/ 10.12688/ f1000research.23297.1 

3. Tung LH, Shao M, Kingsford C. Quantifying the 
benefit offered by transcript assembly with 
Scallop-LR on single-molecule long reads. 
Genome Biol 2019;20:287. 
https:// doi.org/ 10.1186/ s13059- 019- 1883- 0 
eceived: April 9, 2025. Revised: January 13, 2026. Accepted: January 20, 2026 
The Author(s) 2026. Published by Oxford University Press. 

his is an Open Access article distributed under the terms of the Creative Commons Attribution-Non
on-commercial re-use, distribution, and reproduction in any medium, provided the original work is 
ranslation rights for reprints. All other permissions can be obtained through our RightsLink service v
ournals.permissions@oup.com . 
34. Li H. Minimap2: pairwise alignment for nucleotide sequences. 
Bioinformatics 2018;34:3094–100. 
https:// doi.org/ 10.1093/ bioinformatics/ bty191 

35. Ranawaka B, An J, Lorenc MT et al. A multi-omic Nicotiana 
benthamiana resource for fundamental research and 
biotechnology. Nat Plants 2023;9:1558–71. 
https:// doi.org/ 10.1038/ s41477- 023- 01489- 8 

36. Ko SR, Lee S, Koo H et al. High-quality chromosome-level 
genome assembly of Nicotiana benthamiana. 
Sci Data 2024;11:386. 
https:// doi.org/ 10.1038/ s41597- 024- 03232- 0 

37. Griebel T, Zacher B, Ribeca P et al. Modelling and simulating 
generic RNA-seq experiments with the Flux Simulator. 
Nucleic Acids Res 2012;40:10073–83. 
https:// doi.org/ 10.1093/ nar/ gks666 

38. Törönen P, Medlar A, Holm L. Pannzer2: a rapid functional 
annotation web server. Nucleic Acids Res 2018;46:W84–8. 
https:// doi.org/ 10.1093/ nar/ gky350 

39. Manni M, Berkeley MR, Seppey M et al. BUSCO: assessing 
genomic data quality and beyond. Curr Protoc 2021;1:e323. 
https:// doi.org/ 10.1002/ cpz1.323 

40. Manni M, Berkeley MR, Seppey M et al. BUSCO update: novel 
and streamlined workflows along with broader and deeper 
phylogenetic coverage for scoring of eukaryotic, prokaryotic, and 
viral genomes. Mol Biol Evol 2021;38:4647–54. 
https:// doi.org/ 10.1093/ molbev/ msab199 
Commercial License ( https:// creativecommons.org/ licenses/ by-nc/ 4.0/ ), which permits 
properly cited. For commercial re-use, please contact reprints@oup.com for reprints and 
ia the Permissions link on the article page on our site—for further information please contact 

https://doi.org/10.1101/gr.088997.108
https://doi.org/10.1038/nbt.3519
https://doi.org/10.1093/bioinformatics/btt656
https://doi.org/10.1186/s13059-019-1910-1
https://doi.org/10.1371/journal.pcbi.1009730
https://doi.org/10.12688/f1000research.23297.1
https://doi.org/10.1186/s13059-019-1883-0
https://doi.org/10.1093/bioinformatics/bty191
https://doi.org/10.1038/s41477-023-01489-8
https://doi.org/10.1038/s41597-024-03232-0
https://doi.org/10.1093/nar/gks666
https://doi.org/10.1093/nar/gky350
https://doi.org/10.1002/cpz1.323
https://doi.org/10.1093/molbev/msab199
https://creativecommons.org/licenses/by-nc/4.0/
mailto:reprints@oup.com
mailto:journals.permissions@oup.com

	Introduction
	Materials and methods
	Results and discussion
	Conclusion
	Acknowledgements
	Supplementary data
	Conflict of interest
	Funding
	Data availability
	References

