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Abstract

Wheat genome sequencing has passed through
major steps in a decade, starting from the
sequencing of large contiguous sequences
obtained from chromosome-specific BAC
libraries, to reach high-quality genome

F. Choulet (D<) - H. Rimbert - P. Leroy -

P. Lasserre-Zuber - N. Papon

UCA, INRAE, GDEC, Clermont-Ferrand, France
e-mail: frederic.choulet@inrae.fr

H. Rimbert
e-mail: helene.rimbert@inrae.fr

P. Leroy
e-mail: philippe.leroy.2 @inrae.fr

P. Lasserre-Zuber
e-mail: pauline.lasserre-zuber @inrae.fr

N. Papon
e-mail: nathan.papon @inrae.fr

X. Wang

BASF Belgium Coordination Center CommV, Trait
Research, Gent Zwijnaarde, Belgium

e-mail: xi.wang @basf.com

M. Spannagl

PGSB Plant Genome and Systems Biology,
Helmholtz Zentrum Miinchen, German Research
Center for Environmental Health, Neuherberg,
Germany

e-mail: manuel.spannagl @helmholtz-muenchen.de

D. Swarbreck

Earlham Institute, Norwich Research Park, Norwich,
Norfolk, UK

e-mail: david.swarbreck @earlham.ac.uk

© The Author(s) 2024

assemblies of a dozen of bread wheat varieties
and wild relatives. While access to an assem-
bled genome sequence is crucial for research,
the resource that is mainly used by the com-
munity is not the sequence itself, but rather the
annotated features, i.e., genes and transposable
elements. In this chapter, we describe the work
performed to predict the repertoire of 107 k
high-confidence genes and 4 million TE cop-
ies in the hexaploid wheat genome (cultivar
CHINESE SPRING; IWGSC RefSeq) and the
procedures established to transfer the annotation
through the different releases of genome assem-
bly. Limitations and implications for building a
wheat pangenome are discussed, as well as the
possibilities for future improvements of struc-
tural annotation, and opportunities offered by
novel approaches for functional annotation.

Keywords

Wheat genome - Annotation - Gene function -
Transposable elements

4.1 Introduction

The International Wheat Genome Sequencing
Consortium
genome.org) was launched in 2005 with the aim
of accelerating research in wheat by delivering
molecular markers and genomic resources with

(IWGSCG; http://www.wheat-
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the long-term goal of getting a high-quality
reference genome sequence for the hexaploid
wheat (Feuillet and Eversole 2007). It represents
more than a decade of coordinated efforts from
the completion of the first chromosome-specific
BAC library construction (Paux et al. 2008) to
the assembly of the 21 chromosome sequences
of cultivar CHINESE SPRING (IWGSC 2018).
Since the first release in 2018, the IWGSC inte-
grated additional information coming from opti-
cal mapping and long reads in order to improve
the quality of the assembly by correcting mis-
ordered scaffolds and filling gaps. This led to
release RefSeq v2.0 and v2.1 in 2021 (Zhu et al.
2021).

Besides the methodological challenge of
assembling this genome, the work performed
to deliver an annotation is not well known and
often poorly considered. Annotation consists of
the identification of sequence features providing
biological information, and it represents one of
the most difficult tasks in genome sequencing
projects. It is far from being obvious. However,
annotation is the data mostly accessed by users,
contrary to the genome sequence. Achieving
a robust structural and functional genome
sequence annotation is, thus, essential to pro-
vide the foundation for further relevant biologi-
cal studies (Yandell and Ence 2012). Annotation
of the RefSeq v1.0 required the coordinated
effort of the IWNGSC Annotation Group, bring-
ing together researchers from three different
Institutes: GDEC (France), PGSB (Germany),
and Earlham Institute (UK). In addition, after
the first release of the annotation, additional
work has been performed in order to incorpo-
rate manual curation, and especially to update
the annotation following changes to the genome
assembly. This was achieved by developing fine-
tuned bioinformatics approaches.

In this chapter, we present an overview of
the processes that were established in order
to release the first version of the annotation of
RefSeq v1.0 and the updates since the first ver-
sion. Besides the description of the work per-
formed, this chapter is also a current opinion to
consider the degree of approximation, the limits

of the resources available and used for down-
stream analyses, and thus, a critical view of the
quality of the data. The chapter also includes
the plans for future versions not only for the
structural annotation, but also for functional
annotation.

4.2 Methods, Strategies, Resources
for Structural Annotation

of Genomes and Their
Implications in Wheat
Pangenomics

4.2.1 General Aspects

of Structural Annotation

Depending on the sequence features targeted for
study, and depending on the organism, genome
annotation can be either trivial or complicated.
This is why there may be a confusion for non-
experts who may believe annotation is routine
in genome sequencing projects. This is not the
case for many species, and especially, this was
not the case for wheat. For instance, in compact
bacterial genomes, coding genes are intron-
less and represent the very wide majority of
the genome so that predicting the presence of
coding open reading frames is obvious and
does not even require human curation. For spe-
cies already widely studied, like in human for
instance, with several genomes already assem-
bled and annotated, annotation may be routine
since it is based purely on similarity with avail-
able highly conserved genomes. The difficulty
of annotation increases with the size of the
genome, the repeat content and active transpos-
able element (TE) expression, the ploidy, the
fragmentation of coding genes into small exons,
and with the phylogenetic distance to an already
well-characterized genome. The difficulty also
increases with the level of conservation of the
predicted features. A protein-coding gene highly
conserved among distant species will be easily
predicted with high confidence, while predicting
poorly conserved features with a high level of
accuracy is more complicated.
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Annotation relies on the combination of
approaches: (i) the homology-based method
using alignment/mapping algorithms search-
ing for sequence similarity either with proteins,
showing that a sequence is conserved across
evolution, and/or transcriptomic data, showing
that a sequence is expressed; (ii) the ab initio
methods, i.e., predictions using statistical mod-
els such as hidden Markov models (HMMs);
(iii) structural feature-based method through the
identification of intrinsic information like motifs
at the borders of transposons. It thus relies on
a combination of software, algorithms, and
adapted reference libraries. Annotation needs to
be automated, i.e., performed through a pipeline
that combines all different programs and mini-
mizes the subsequent long and laborious step of
manual curation.

4.2.2 Sequence Features Usually
Annotated and Common
Ambiguities

In the plant genomics area, publications usu-
ally report on genes and repeats. Both terms
are, however, confusing and the shortcut widely
accepted by the community to distinguish
genes and repeats is ambiguous. First, for con-
venience, the term “gene” is used as a short-
cut for protein-coding gene. It will be the case
in this chapter too. When a “number of genes”
is given, it nearly always refers to a number of
protein-coding genes. However, genomes also
carry non-coding RNA (ncRNA) genes which
are biologically important. In the annotation
area, we distinguish two types of non-coding
RNA genes: (i) highly conserved ncRNAs
involved in essential cellular processes (splic-
ing, translation) which are ribosomal RNAs,
transfer RNAs, small nuclear and nucleolar
RNAs, and (ii) less evolutionary conserved
ncRNAs like micro-RNAs, long-non-coding
RNAs, and others involved in specific regula-
tion processes. Annotating conserved and non-
conserved ncRNAs follows two completely
different approaches. rRNA, tRNAs, snoRNAs,

snRNAs are easily identified by a simple simi-
larity-search approach; however, they tend not
to be annotated. The reason for that is prob-
ably that they are of interest only for research
groups working specifically on them and that
are able to identify them with specific tools. In
contrast, annotation is much more complicated
for the species-specific ncRNAs. It requires the
availability of small RNASeq reads that could
be mapped to identify transcribed regions as
a first clue before concluding to the presence
of an ncRNA gene. Second, genes are repeats.
In bread wheat, the majority of the ‘“genes”
are repeated with only 17% (30,948/181,036)
of single-copy genes (IWGSC 2018) so refer-
ence to genes versus repeats brings confusion
particularly when some repeats carry genes.
“Repeats” is a general term encompassing sim-
ple repeats as satellite DNA, telomeric repeated
motifs, but also transposable elements (TEs),
and their mobilizable or inactive derivatives.
Usually in plant genome annotation, the term TE
is used to describe all elements whatever their
status, autonomous, non-autonomous, transpos-
able, mobilizable, or inactive. TEs can carry
genes and/or pseudogenes that encode proteins
involved in transposition. In species like wheat,
where the genome is massively comprised of
TEs, it is essential to identify them to avoid call-
ing genes that are in fact derived from TEs and,
thus, are/were involved in transposition rather
than a function related to a phenotype and under
selection pressure.

The problems described above limit our abil-
ity to determine if a sequence is a functional
protein-coding gene, a pseudogene, or part of
a TE, with high confidence. In addition, the
lack of evidence sometimes limits our ability
to precisely determine the structure of a gene.
Positions of the start codon and borders between
coding exons and introns can remain doubtful in
many cases. Transcriptomic data like RNASeq
are extremely useful to determine exon/intron
borders, the existence of alternative transcripts,
and the extent of untranslated regions (UTRs of
the mRNA upstream the start and downstream
the stop codons). Fixing the start codon position,
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however, often requires protein sequence homol-
ogy. Usually in whole-genome annotation pro-
jects, for each gene, the most important is to
predict the coordinates of the CDS features (i.e.,
the coding exons). With RNASeq, it became a
routine to also annotate the positions of UTRs
and all alternatively spliced mRNAs, while
defining one representative mRNA/CDS per
gene (usually the longest or the most conserved
with other species, numbered “1” by conven-
tion). For low or non-expressed genes, UTR
and mRNA coordinates may not be predicted
because of a lack of information. In that case,
the gene coordinates are limited to the CDS,
which remains the basic essential annotation for
a protein-coding gene. For wheat, our main goal
was to predict CDS first and, if possible, to add
the layer of UTRs and transcripts, these later
ones being highly dependent on the RNASeq
samples available and methods used.

Wheat gene models have been assigned a
confidence category, namely high versus low
confidence (HC, LC). This could be misleading
since confidence may rely either on the exist-
ence of a gene or rather on its exon/intron struc-
ture. For instance, one can be highly confident
that a sequence encodes a gene while weakly
confident on its exact exon coordinates. Both
are related. Doubt of the existence of a gene at a
given locus is associated with lack of homology
evidence. In RefSeq v1, the HC/LC categories
classified genes based on their level of similar-
ity (complete or partial) with proteins from other
plants. The consequence is that HC genes are
likely functional and conserved among Poaceae
even if some might be predicted with a doubtful
structure. LC genes share partial similarity with
known proteins and can be well-defined func-
tional genes but the qualitative judgment is of
low confidence.

Refinement of automated annotation pipe-
lines to deal with the LC “challenge” is expected
to engage manual curation by experts. Manual
curation is required to improve the overall
quality of the automated annotation. However,
manual curation may be mistakenly consid-
ered as a validation. Both computer and human
algorithms take a decision based on a priori

knowledge on the structure of genes and on
homology information. When the decision is
obvious, typically for genes widely conserved,
homology with known proteins and mapped
transcripts, if consistent, human curation is not
needed. When homology is weak or partial, with
a lack of transcription evidence, manual cura-
tion does not allow to achieve high confidence
neither on the existence of a gene nor on its
structure. Curation has a positive impact only in
particular cases: missing genes (with evidence
slightly under default thresholds), chimeric tan-
dem duplicated genes, start codon mis-assign-
ment, and correction of gene models that are
in fact pseudogenes because truncated or with
frameshift mutations. These are all particular
cases where the situation deviates from standard
and is too complex for algorithms.

For TEs, especially in large genomes, manual
curation has a much stronger impact than it has
for genes. Automated TE modeling is extremely
complicated in genomes like wheat where TEs
cover 85% of the genome. The history of nested
insertions of young elements into old ones has
shaped a mosaic of TEs highly fragmented. For
instance, manual curation led to identify blocks
of nested TEs in which the two extremities of
the older element are separated by>200 kb
(Choulet et al. 2010). Such reconstruction is a
computational challenge, and manual curation
still has a major impact on the quality of the TE
annotation. However, with around 4 million TEs
in the wheat genome, manual curation was lim-
ited to small regions for the moment.

4.2.3 TEs Versus Genes: The Crucial
Point of Having a Manually
Curated TE Library

Providing the complete (protein-coding) gene
catalog of a sequenced genome is the prior-
ity of annotation. The impact of our knowl-
edge about TEs on our ability to determine if
an ORF is part of a functional gene, or if it is
a TE-related OREF, is illustrated in rice, where
the first releases in 2002 over-predicted around
50,000 genes (Goff et al. 2002; Yu et al. 2002;
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Bennetzen et al. 2004) because of unknown TEs.
In the wheat context, in the first release (RefSeq
vl.1), the predicted CDSs represented 143 Mb
[i.e., 107,891 HC genes; IWGSC 2018)] which
is not even 1% of the genome versus 85% for
TEs. Considering the possibility that if even
only 5% of the TEs are not correctly identified,
the amount of “TE-related ORFs” considered
as potential functional genes would exceed the
total number of predicted genes. Consistent with
such a high degree of uncertainty was the initial
number of 908,149 candidate loci (after filter-
ing out TE-matching loci) that matched either
transcripts and/or homologous proteins in the
wheat draft genome annotated in 2014 (IWGSC
2014). RNASeq analysis highlighted 976,962
potentially expressed loci in this study (gener-
ating polyA-tailed transcripts), a number con-
sidered to be well in excess compared to what
was expected based on studies in model grasses.
Releasing an annotation that is a good repre-
sentation of the biological reality is therefore a
challenge, and the availability of a curated TE
library is of major importance since it could fil-
ter out thousands of mis-called genes.

In the development of a representative wheat
genome sequence, the long-standing effort to
build a high-quality curated TE library has
provided a sound foundation. From the begin-
ning of BAC sequencing in wheat, barley, and
related Triticeae, which all share common TE
families, several groups around the world have
contributed to manually annotate TEs while
defining their exact borders (by searching for
terminal repeated motifs). These TEs were
organized, classified, and distributed through the
Triticeae Repeat (TREP) library maintained by
Thomas Wicker at Zurich University, a resource
extremely useful for masking TEs, a common
task in genome annotation meaning that nucleo-
tides assigned to TEs are converted to Ns (or to
lowercases). In 2010, the first large contiguous
wheat sequences (obtained from BAC-contigs)
were published, representing 18 Mb (Choulet
etal. 2010). Although it accounted only 0.1%
of the genome, it doubled the amount of wheat
sequences available at that time. Even though
our knowledge of the wheat genome was still

extremely partial, similarity-searches against
TREP already identified 75% of the sequence as
TEs. This early work demonstrated that manual
annotation of a small fraction of the genome
allowed the identification of all the abundant TE
families, highly repeated, that comprised most
of the genome. It also revealed that CACTAs
were underrepresented in the library, contrary
to LTR-Retrotransposons (LTR-RTs) Gypsy/
Copia. The main reason being that the level of
variability/diversity of LTR-RTs is low com-
pared to CACTAs. This impacts TE annota-
tion/masking because similarity-search (at low
stringency) allows cross-matching between
LTR-RT families, meaning that it is not neces-
sary to have identified all families to mask the
unknown ones. In contrast, for CACTA fami-
lies, similarity between families is often lim-
ited to the extremities of the element while the
internal part is much more variable. This is why
a special effort was made, in 2010, to manually
curate 3222 elements, especially 330 CACTAs,
in order to enrich the wheat TE library (Choulet
etal. 2010). This led to the proportion of pre-
dicted TEs increasing from 75 to 85% of the
genome. In 2014, these ca. 3200 new elements
were combined to TREP and classified de novo
and a more exhaustive library called ClariTeRep
was established (Daron et al. 2014). ClariTeRep
is mostly enriched in CACTAs compared to the
original TREP library and has a clear impact on
TE annotation of Triticeae genomes. Several
Triticeae sequencing projects concluded that
CACTAs represent 5-6% of the genome (Jia
et al. 2013; Ling et al. 2013), while their propor-
tion is around 15% based on ClariTeRep.

4.2.4 Ab Initio, Homology-Based
Predictions, and the RNASeq
Revolution for Gene Calling
in Complex Genomes

Pipelines for automated structural annotation
usually require to combine information from
ab initio predictors and evidence of similarity
with known proteins in other species or tran-
scriptome sequences (ESTs, full-length cDNAs,
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RNASeq [short reads], IsoSeq [long reads]
data). For large genomes like in wheat, the
problem of ab initio predictors is the very high
number of false positives. Indeed, since TEs are
estimated to cover at least 85% of the genome,
while genes would cover 1-2%, the remain-
ing 13-14% of unannotated DNA account for
approximately 2 Gb where gene finders pre-
dict gene models because of the presence of
ORFs that look likely coding. The reason is
that the unannotated part is shaped by low-copy
TE-derived sequences, old TE relics, not identi-
fied with default TE identification approaches,
that carry ORFs that are/were coding (e.g., frag-
ment of transposase) and thus are mistakenly
recognized by gene predictors.

Because of the TE-derived ambiguity, bio-
logical evidence of homology with related spe-
cies has always been the criteria of choice to
accurately predict genes in wheat. The bad
point for wheat was that the number of related
species with a sequenced genome was limited,
among the Poaceae, to Oryza sativa, Zea mays,
Sorghum bicolor, and Brachypodium distach-
yon. Outside the Poaceae (common ancestor
60 MYA), sequence similarity is too weak to
ensure accurate homology-based predictions.
This raised a serious problem: wheat genes con-
served among the Poaceae were well-predicted
but our ability to predict less conserved genes
was very limited at the early stages of annota-
tion before 2010, especially for species-specific
genes.

Transcriptome  sequencing  considerably
enhanced our ability to determine which regions
of the genome carry genes because it showed
evidence of transcription. Transcriptome
sequencing started with a massive effort to
sequence millions of ESTs and full-length
cDNAs (Ogihara etal. 2004; Zhang etal.
2004) and was followed by the emergence of
RNASeq technical capacity which provided
unprecedented power to drive structural anno-
tation. First use of an RNASeq expression atlas
for wheat gene annotation at the chromosome
scale was published in 2014 (Choulet et al.
2014; Pingault et al. 2015). In brief, 7264 gene
models were predicted but only 5185 (71%)

showed transcription evidence in an RNASeq
atlas covering five plant organs at three devel-
opmental stages each. In addition, 3692 tran-
scribed regions were detected in the unannotated
sequences showing that 42% of the loci likely
expressed did not correspond to predicted pro-
tein-coding genes. This indicated a high level
of uncertainty in describing biological real-
ity when annotating the wheat genome. In this
chapter, we propose a critical view of auto-
mated gene annotation pipelines, namely that
bioinformatics can predict but not demonstrate
that a sequence is a gene and that a gene is not
a pseudogene. Although RNASeq became a pri-
mary resource for structural annotation, the cor-
respondence between RNASeq-read mapping
loci and the final filtered gene set was far from
perfect, with 29% of chr3B gene models show-
ing no transcription evidence and 42% of tran-
scribed regions not looking like protein-coding
genes. Homology with related species remains
an important benchmark.

4.2.,5 Single-Gene Duplications Raise
More Problems Than Polyploidy
for Structural Annotation

Given the weight of similarity-search with tran-
scripts and proteins in structural annotation,
intrinsic features of the genome significantly
impact the difficulty to identify the correct gene
structure since sequence alignments underpin
all the studies. A first important intrinsic fea-
ture to impact annotation is the fragmentation
level, i.e., the number of exons per gene. As a
CDS is fragmented into several exons, the dif-
ficulty to predict the correct intron/exon struc-
ture increases. In wheat, considering RefSeq
Annotation v2.1, the average number of exons
per CDS is only 4. Sixty percent of the CDSs
are split into a maximum of 3 exons. Actually,
only 10% of the gene set corresponds to CDSs
split into ten exons or more. Thus, the fragmen-
tation problem is limited in wheat.

Other important criteria are the lengths of
exons and introns. Small exons might be missed
by sequence alignments because under the
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default thresholds of automated pipelines. Large
introns also raise problems for spliced-align-
ments. In the current wheat annotation release,
the average exon length is 498 bps and the aver-
age intron length is 280 bps (considering only
one representative transcript per gene). Thus,
exons are, on average, large enough for high-
scoring alignments, and introns are small enough
for the efficiency of spliced-alignments. So,
although it is commented that the wheat genome
is complex, some intrinsic features are rather less
complex than in many other eukaryotes.

Does polyploidy impact our ability to call
genes? The main problem with alignment-based
methods for gene calling is obviously multiple
mapping, i.e., the fact that a transcript/protein
matches at multiple loci along the genome. But
it does not mean at all that single-copy genes
are easier to predict than duplicated genes. In
contrast, the fact that a gene is repeated on, e.g.,
chromosomes 1A, 1B, and 1D, because of poly-
ploidy is rather in favor of accurate structural
annotation. Since each copy is carried by a dif-
ferent chromosome, it is annotated independently
and this does not generate problems due to mul-
tiple mapping. The three subgenomes A-B-D
could be annotated as if they were three genomes
of three different species. If a gene copy is
silenced and thus does not generate an RNASeq
signal, reads coming from the copies that are
transcribed can be used to predict the structure of
all copies. So, again, to our opinion polyploidy
is an advantage here for structural annotation.
To go further, we can even consider that we did
not fully exploit the advantage provided by this
intrinsic redundancy of the genome for structural
annotation of the IWGSC RefSeq. We will pre-
sent this in more detail in the paragraph below
describing future plans for improvements.

Large chromosomes such as found in wheat
are usually fragmented into “chunks” that are
annotated independently in parallel. The prob-
lems with multiple mapping arise when repeated
copies of a gene are carried by the same chunk.
This is typically the case for tandemly dupli-
cated genes. This is why automated structural
annotation of tandem duplicates is the most

complicated task. Single-gene duplications are
much more problematic than whole-genome
duplication (i.e., polyploidy). This is true for
every genome to be annotated mainly via the
homology-based approach. However, for wheat,
this problem has strong implications because
we demonstrated that single-gene duplications
intensively affected the gene repertoire dur-
ing its recent evolution (Glover et al. 2015). In
the IWGSC RefSeq vl.1, we found that 27%
of genes were present as tandem duplicates
(IWGSC 2018). Multiple mapping of homolo-
gous proteins and transcripts on tandem dupli-
cates may lead to artificially link exons from the
two copies and, thus, to predict chimeric genes.
This is especially the case for highly identi-
cal copies that are separated by a small inter-
genic region, compatible with a classical intron
length. Some highly repeated gene families
such as the kinase genes and disease resistance
genes are well known to fall into this category.
Unfortunately, these genes are often the favorite
candidates to control phenotypes of interest, and
in that case, manual curation is a required step to
improve significantly the accuracy of automated
annotation.

4.3 RefSeq V1.0 Structural
Annotation
4.3.1 TheIlmpact of Annotation

Procedure on Gene
Predictions Is Very Strong

Sequencing the wheat genome has a long story.
Different initiatives have been launched fol-
lowing the advances of sequencing technolo-
gies to tackle the hexaploid genome and also
the genome of the diploid and tetraploid rela-
tive species. For CHINESE SPRING itself,
before completing RefSeq vl1, a draft genome
assembly (named CSSs for chromosome survey
sequences) was released in 2014 (IWGSC 2014)
together with a chromosome-scale assembly of
the entire chromosome 3B using a BAC-by-BAC
approach, hereafter named ‘“3B-BAC-2014”
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(Choulet et al. 2014). In addition, another ver-
sion of the CHINESE SPRING genome was pro-
duced and annotated in 2017 named TGACv1
(Clavijo etal. 2017). Hence, when the anno-
tation of RefSeq vl started, chromosome 3B
has already been annotated three times inde-
pendently: 3B-BAC-2014 with the TriAnnot
pipeline at GDEC Institute (Clermont-Ferrand,
France), CSS-3B-v2.2 at PGSB Institute
(Munich, Germany), and TGACvl at Earlham
Institute (EI, Norwich, UK) with homemade
pipelines. Here, we compared these three gene
catalogs to have a flavor of the impact of the
methods on the results released: among the 7264
CDSs predicted on 3B-BAC-2014, only 26%
(1884) and 12% (867) were strictly identical in
TGACv1 and CSSv2.2 (sharing strictly identi-
cal protein sequences). These percentages appear
extremely low if one considers these are three
independent initiatives to sequence/annotate the
same genotype. It demonstrates the impact of
the annotation procedure on the released gene
catalog as well as the possible impact of the
sequencing strategy and assembly quality.

4.3.2 Gene Annotation Through
a Federated Approach

Given the strong differences observed when
comparing results obtained by different groups,
the IWGSC established an Annotation Working
Group in order to coordinate the efforts and
establish an integrated approach to annotate
RefSeq vl. Genes were predicted indepen-
dently by two groups using two different pipe-
lines and two different strategies: GDEC and
PGSB. Both were then integrated at EI to end up
with a single annotation. This led to v1.0 which
was quickly updated into v1.1 after integrat-
ing~4000 manually curated genes (see below
for details on curation).

In v1.1, 107,891 high-confidence (HC) pro-
tein-coding loci were identified, with a rela-
tively equal distribution across the A, B, and
D subgenomes (35,345, 35,643, and 34,212,
respectively). In addition, 161,537 other protein-
coding genes were classified as low-confidence

(LC) genes, representing partially supported
gene models, gene fragments, and orphans. On
ChrUn (unplaced scaffolds), 2691 HC and 675
LC gene models were identified. Evidence for
transcription was found for 85% (94,114) of the
HC genes versus 49% of the LC genes. In addi-
tion, 303,818 pseudogenes were also annotated.
The quality of RefSeq Annotation vI.1 was
estimated with BUSCO v3 (24). It revealed that
99% (1436/1440) of the BUSCO v3 genes were
present in at least one complete copy and 90%
(1292/1440) in three complete copies.

4.3.2.1 Gene Modeling Using TriAnnot
The TriAnnot pipeline was developed and
updated over a period of more than 10 years to
enable automated robust structural and func-
tional annotation of protein-coding genes, trans-
posable elements, and conserved non-coding
RNA genes in Triticeae genomes (Leroy et al.
2012). It was dedicated to large-scale annotation
projects and is executable through the command
line on high-performance computing infrastruc-
tures for parallelization with task dependencies.
TriAnnot was initially used for the annotation
of BACs (Choulet et al. 2010) and then for the
entire chromosome 3B (Choulet etal. 2014).
Thus, it was intensively trained and custom-
ized specifically for wheat before we assembled
RefSeq vl.

The specificities of the annotation strategy
implemented in TriAnnot included: (i) mask TEs
first in order to restrict the gene modeling to the
non-TE space; (ii) use both evidence-based and
ab initio approaches before selecting the best
gene model at each locus. It was launched indi-
vidually on each scaffold (or chunks for large
ones) of RefSeq v1.0 in parallel while positions
of features were subsequently calculated on
pseudomolecules. The different steps and tools
launched by the pipeline are described below:

e Step 1: TE annotation and sequence mask-
ing. TEs were identified by similarity-search
using CLARITE and ClariTeRep (Daron
etal. 2014). CLARITE used RepeatMasker
with cross_match as search engine for opti-
mized accuracy (Smit etal. 1996-2004).
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Nucleotides assigned to TEs were then
masked so that the following steps, i.e.,
ab initio predictions and similarity-searches,
were all performed on the masked genome
sequence.

e Step 2: Gene modeling. Ab initio gene mod-
els were predicted using two gene finders
previously trained with a wheat gene data-
set: FGeneSH (http://linux1.softberry.com/
berry.phtml) and AUGUSTUS (Stanke et al.
2006). Evidence-driven gene predictions
were also computed following three differ-
ent strategies giving different weights to
protein and transcript similarities. The first
approach was based on homology with pro-
teomes of related species. Similarity-search
was performed using BLAST (Zhang et al.
2000) and significant hits, filtered with fine-
tuned thresholds, were then used for spliced-
alignment using EXONERATE (Slater and
Birney 2005). The query proteins were
those predicted in main Poaceae species
for which a genome sequence was avail-
able: O. sativa (International Rice Genome
Sequencing Project 2005), B. distachyon
(The International Brachypodium Initiative
2010), S. bicolor (Paterson et al. 2009), Z.
mays (Schnable et al. 2009), and Hordeum
vulgare  (International Barley Genome
Sequencing Consortium et al. 2012). This
approach is well suited to precisely deter-
mine the obvious structure of a large frac-
tion of the protein-coding genes by taking
advantage of their evolutionary conserved
nature. However, the main limit here was
the lack of similarity at the protein extremi-
ties which may lead to incomplete alignment
that prevents from finding the start and/or
stop codons. Thus, TriAnnot utilized an itera-
tive extension in order to identify in-frame
start and stop codons for gene modeling.
Models with partial structure were flagged
pseudogenes.

The second evidence-driven approach
(SIMsearch module) was based on transcripts
first, rather than proteins. SIMsearch module
is a gene modeling program based on FPGP
(Amano et al. 2010) and adapted specifically

for wheat to address problems generated by
tandem repeated genes. SIMsearch identi-
fied the loci that are transcribed by spliced-
alignment using est2genome (Mott 1997)
of a series of wheat transcript libraries. The
CDS coordinates were predicted afterward
through similarity with Poaceae proteomes.
SIMsearch was launched twice using two
databanks of wheat transcripts: (1) predicted
transcripts derived from a large RNASeq
experiment that targeted five plant organs at
three development stages each in two repli-
cates (Pingault et al. 2015); (2) all available
wheat full-length cDNAs available at EBI-
ENA and from Ogihara et al. (2004). Thus,
TriAnnot did not use RNASeq reads directly
as an input. Read mapping and transcript
calling were computed prior to gene annota-
tion, and the predicted transcripts were pro-
vided as FASTA input for spliced-alignment
during the process of gene modeling.

e Step 3: Selection of the best gene model
at every locus. In summary, TriAnnot pre-
dicts gene models through five approaches:
two ab initio and three evidence-based (one
derived from spliced-alignment of homolo-
gous proteins+two derived from transcript
evidence). One gene may obviously be pre-
dicted through different ways. Thus, the final
step is the selection of the best gene model at
each locus. Indeed, at that step, there was no
combination of different overlapping models
to create a new one.

A scoring process was applied in order to vali-
date the existence of a gene and to retain its
most probable structure. For scoring, TriAnnot
used BLASTP to search for similarity of each
model with proteomes of related Poaceae,
including Aegilops tauschii and Triticum urartu,
and calculate a score while considering metrics
of the best hit alignment (percentage of identity
and coverage, presence of canonical splicing
sites, presence of start and stop codons).

Gene models not supported by homology
with Poaceae proteins or by transcription evi-
dence were simply discarded (i.e., ab initio
only). Models sharing similarity with known
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proteins and for which splicing sites were sup-
ported by transcript evidence were classified as
high confidence. Low-confidence genes also
share similarity with known proteins and tran-
scripts but lack support for some splicing sites
and/or position of start/stop codons. Finally,
genes sharing similarity with known proteins
but over less than 70% of the length of its best
BLAST hit were classified as pseudogenes.
Thus, TriAnnot predicted 107,226 gene mod-
els: 65,884 HC and 41,342 LC genes, plus an
additional 73,044 pseudogenes on the IWGSC
RefSeq v1.

4.3.2.2 PGSB Gene Prediction Pipeline
The procedure implemented in the PGSB anno-
tation pipeline differs in many aspects from that
of TriAnnot. It is based on mapping all available
evidence on unmasked genome sequence and
filtering out TE-related predictions afterward. It
was all evidence-driven, not using any ab initio
gene finder.

e Step 1: Mapping. The PGSB annotation
pipeline combined spliced-alignments of
reference proteins, IsoSeq reads and full-
length ¢cDNAs (flcDNAs), and RNASeq
transcript predictions. In addition to the
RNASeq atlas from Pingault etal. (2015)
also used in TriAnnot, additional samples
were added here. There were Illumina reads
produced on grain-specific samples (Pfeifer
etal. 2014), whole transcriptome PacBio
sequenced samples (PRJEB15048), and dis-
ease resistance gene enriched transcriptome
samples (PRJEB23081). The latter were all
from CHINESE SPRING but there were also
transcriptomic data generated from other
accessions cultivated under drought and heat
stresses (SRP045409) and under infection
by Fusarium graminearum (E-MTAB-1729).
Mapping outputs were all combined, and
mapped reads were assembled into transcripts
with StringTie (Pertea et al. 2015).

Protein sequences from the five species
Arabidopsis thaliana, B. distachyon, O.
sativa, S. bicolor, and Setaria italica, and

complete proteins from Triticeae in UniProt
(UniProt Consortium 2018) were aligned
with GenomeThreader independently on
each chromosome. flcDNAs from wheat and
barley (Mochida et al. 2009), together with
wheat IsoSeq reads (Clavijo et al. 2017) were
mapped with Gmap (Wu and Watanabe 2005)
and included in the prediction pipeline.

e Step 2: Prediction and selection of open-
reading  frames. Predictions  originat-
ing from protein alignments, full-length
transcript  alignments, and  RNASeq
were combined while removing redun-
dancy (using Cuffcompare and StringTie).
Then, TransDecoder (https://github.com/
TransDecoder/TransDecoder/) was used to
predict the coding frame for each transcript
while considering the most upstream start
codon by default. These predictions were
then aligned against a set of reference pro-
teins from angiosperms in UniProt, and pro-
tein domains were also searched for. These
data were given to TransDecoder for select-
ing the most probable CDS for each model.

Since TEs were not masked prior to map-
ping evidence, PGSB predictions were filtered
out afterward based on similarity-search with
TE-related proteins from the PTREP library
(https://botserv2.uzh.ch/kelldata/trep-db).

4.3.2.3 Integration of TriAnnot and PGSB
Gene Models with Mikado
Selection of the best representative model at
each locus was applied through a rule-based
approach that combined supporting evidence
and intrinsic gene features. PacBio transcripts,
RNASeq reads, and homologous protein align-
ments over the genome were used to measure
the accuracy of predictions and a set of high-
confidence splicing sites was established from
RNASeq mapped reads. Mikado (Venturini et al.
2018) was used to cluster genes from the two
pipelines into loci, to calculate an overall score
to each gene model, and to select the highest-
scoring gene model. The score reflected the
congruence between a model and its supporting
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evidence, calculated with an average Fl-score
(reflecting precision and recall) and metrics
of gene feature, e.g., a penalty was applied to
introns larger than 10 kb. After selecting the rep-
resentative model, Mikado was used to identify
additional high-quality alternatively spliced tran-
scripts, only those that met a series of stringent
requirements. The most important were: a CDS
overlapping at least 60% of the representative
CDS, without any retained intron, and with only
verified exon/intron junctions. Eventually, to
enrich the annotation, coordinates of UTRs were
added based on comparing models and aligned
transcripts with PASA (Haas et al. 2008).

4.3.2.4 Gene Confidence Assignment: HC
Versus LC

Despite the sophisticated combination of both
TriAnnot and PGSB predictions, the final num-
ber of models was very high: 269,428, repre-
senting approximately 90,000 protein-coding
genes per (haploid) subgenome. As previously
observed in wheat, regions showing traces
of expression or homology with known pro-
teins are much more abundant than expected,
given that the number of protein-coding genes
is a quite stable parameter in plant genomes
with ~30,000 genes per haploid genome. It sug-
gested that many gene models were in fact pseu-
dogenes or doubtful non-coding transcribed
regions for instance. However, both included
filtering steps to discard models matching wheat
transposons, before gene modeling for TriAnnot,
after for PGSB. Thus, a confidence category was
assigned to each gene model: high confidence
versus low confidence. The idea was to provide
a single filtered dataset of HC genes to people
only interested in large-scale whole-genome
analyses while keeping information of LC genes
to people interested in the characterization of a
particular region.

First classification parameter was the com-
pleteness of the model, i.e., the presence of
both a start and a stop codon. HC genes were
complete with significant homology with plant

(Magnoliophyta) proteins retrieved from Swiss-
Prot and TrEMBL. LC genes were, either com-
plete but without significant homology with
plant proteins or, incomplete with or without
significant homology. The 269,428 gene models
were split into 107,891 HC (40%) and 161,537
LC (60%) protein-coding genes. The number of
HC genes was much closer to the expected value
for plants (~ 35,000 genes per haploid genome),
and this became the reference dataset used by
the community.

However, within all the limits explained here,
we encourage users to always keep in mind the
level of uncertainty behind the annotation space.
To the question “how many protein-coding
genes are there in wheat?” we should answer:
We do not know because the proportion of
doubtful predictions is just too high.

4.3.2.5 What Should Be Known About
the LC Genes and Pseudogenes

The consequence of confidence assignment is
that the LC category gathered genes that were
non-conserved, i.e., might be species-specific,
for which we did not have enough evidence to
conclude it is functional, together with (highly)
conserved genes that are either pseudogenes or
just partially assembled or mis-predicted. One
must consider that a part of the LC genes is con-
served but exhibits a structure likely incomplete.
This has strong implications for researchers
interested in a particular gene family or a par-
ticular locus.

In addition, a specific search for pseudo-
genes was launched at the whole-genome level,
based on finding DNA fragments sharing simi-
larity with HC genes but only partially or with
frameshifts and/or internal stop codons. In total,
288,939 pseudogenes were discovered with
10,440 corresponded to LC genes. Thus, the
coding landscape is even more complicated than
often believed, with 108 k HC, 162 k LC, and
279 k gene fragments and so if a gene is consid-
ered to be absent based on HC genes only, it is
important to consider the pool of LC genes.
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4.3.3 Comparing Genes Between A, B,
and D Subgenomes

4.3.3.1 Finding Homeologous
Groups Based on HC Genes
Only Can Lead to False
Conclusions and Highlights
the Requirement
of Considering L.C Genes

Considering the conclusion of the latter para-
graph, it implies that comparing the A-B-D
gene repertoires was strongly impacted by the
input gene dataset. Homeologous groups were
inferred from gene trees. Initially, trees were
built with the complete set of HC and LC genes
which revealed that considering HC genes only
led to considerably overestimate the level of
variability between A-B-D subgenomes, because
many LC genes were, in fact, orthologous to
HC genes (i.e., homeologous in the hexaploid)
even though functional annotation revealed
that some LC genes represented mis-predicted
TE-genes (e.g., transposase-like genes). The
solution adopted was to work on a filtered gene
dataset: 181,036 genes (103,757 HC and 77,279
LC genes; instead of 269 k initially) that do not
correspond to either TE-related functions or
to pseudogenes. This led to determine a total
of 39,238 homeologous groups (i.e., clades of
A-B-D orthologous deduced from gene trees)
and 33% of them include LC genes. In total,
28,829 LC genes have homeologous partners
and were thus valid for biological analyses.

The main conclusion of the A-B-D compari-
son was that the gene repertoire of the three sub-
genomes is much more different than previously
thought. The default hypothesis is often that a
gene is present in three pairs of homeologous
copies in bread wheat because it is a hexaploid.
The reality is that only 55% of the homeologous
groups are triads, i.e., single-gene copy per sub-
genome (configuration 1:1:1). Thus, 45% of the
groups represent cases where gene loss and/or
duplications occurred after A-B-D divergence.
Gene loss after A-B-D divergence represents the
same proportion for A, B, and D:~10% of the

homeologous groups. Regarding gene duplica-
tions, they also occurred in the same proportions
in A, B, and D. This analysis suggested that the
three lineages leading to A-B-D genomes have
independently accumulated differences (gene
loss and gene duplications) at similar rates.

4.3.3.2 No Evidence of Any Biased Gene

Fractionation and Importance

of Gene Duplications
Regarding gene presence/absence, no evidence
for biased partitioning was observed (IWGSC
2018). In contrast, comparisons support gradual
loss/duplications that have occurred after A-B-D
divergence in the diploid, tetraploid ances-
tors, and after hexaploidization event in mod-
ern bread wheat. Before gene loss, a gene may
lose function because of silencing or change in
expression, so that the first evidence of diploidi-
zation might be observed at the expression level.
Hence, RNASeq data analyses showed that there
was an equal contribution of the three homeolo-
gous genomes to the overall gene expression,
demonstrating the absence of global subgenome
dominance (IWGSC 2014).

4.3.4 TE Modeling

Given the amount of TEs shaping the wheat
genome, predicting the presence of TE copies
along assembled sequences has always been a
prerequisite to avoid false predictions of cod-
ing genes that are in fact coding parts of TEs.
Efforts to manually annotate TEs with their pre-
cise borders were made since the beginning of
wheat BAC sequencing and a high-quality refer-
ence databank of wheat TE sequences was ini-
tiated in 2002 with TREP (Wicker et al. 2002)
and completed in 2014 with the ClariTeRep
library (Daron etal. 2014) (which includes
TREP). ClariTeRep originated from manual
curation of~3200 TEs along the first large
(Mb-sized) contiguous sequences produced on
chromosome 3B (Choulet etal. 2010). This
implies that the wheat TE library used for sim-
ilarity-search might be biased toward elements
from the B-subgenome, and depleted for A and
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D subgenomes. However, it was shown that TE
families that shaped the three subgenomes are
the same, although subfamilies (variants) have
differentially invaded the A-B-D genomes in the
diploid ancestors (Wicker et al. 2018).

Thus, TE modeling in RefSeq v1.0 was per-
formed only via a similarity-search approach
against ClariTeRep. There was no de novo
repeat-based discovery of new TEs. This led to
the prediction of 3,968,974 copies, classified
among 505 TE families, and representing 86%,
85%, and 83% of the A, B, and D genomes,
respectively. Such proportions imply that TEs
shape large clusters with recently inserted TEs
into older ones, a mosaic of nested insertions
which is a computational challenge to recon-
struct. This step was dealt with CLARITE
(Daron et al. 2014) for RefSeq v1.0. CLARITE
uses RepeatMasker (Smit etal. 1996-2004)
with the cross-match engine for the first step
of similarity-search between the genome of
the TE library. The main problems with using
RepeatMasker in TE-rich genomes are as fol-
lows (i) the over-fragmentation: one copy is
often not predicted into a single feature but
rather split into adjacent fragments; (ii) the over-
lap of predictions, i.e., a locus could match with
several reference; and (iii) scattered pieces of
a TE that has been fragmented by subsequent
TE insertions (nested pattern) are not joint. The
CLARITE pipeline has been developed specifi-
cally for wheat, based on ClariTeRep, in order
to overcome these three limitations. It uses clas-
sification information: all TEs in ClariTeRep
were classified into families and subfamilies
by sequence clustering. It also uses positions
of LTRs in LTR-retrotransposons, which corre-
spond to long terminal repeats (ca. hundreds of
bps) that are largely involved in the fragmen-
tation observed after RepeatMasker because
both 5" and 3" LTRs cross-match since they are
almost identical subsequences. Family clas-
sification and LTR positions are the two main
points implemented in CLARITE. They allowed
accurate defragmentation, while preventing chi-
meric merging of adjacent features, and accurate
reconstruction of nested TEs.

4.4 RefSeq V1.0 Functional

Annotation

Gene ontology terms, PFAM, and InterPro
domains were assigned to gene models. A func-
tion was assigned to 82% (90,919) of HC genes
in RefSeq Annotation v1.0. RNASeq-based tran-
scription evidence was found for 85% and 49%
of HC and LC genes, respectively. In addition,
naming of gene function for each gene was per-
formed by using the AHRD tool (Automated
Assignment of Human Readable Descriptions,
https://github.com/groupschoof/AHRD, ver-
sion 3.3.3). This program generates informative
functional annotations from BLAST outputs
while avoiding retrieving too many “unknown”
or “uncharacterized” functions. BLAST outputs
against the following databases were parsed by
AHRD: Swiss-Prot, Arabidopsis Araprot 11,
and a subset of TrEMBL for Viridiplantae. A
filter was then applied in order to discard genes
with functions related to TEs. Genes were thus
tagged as G (canonical gene), TE (obvious
transposon), TE? (potential transposon), or U for
unknown. Based on this, 3294 HC genes with a
TE tag were moved subsequently to the LC cat-
egory in RefSeq annotation v1.1.

4.5 RefSeq Annotation V1.1:
Integration of Manually

Curated Genes

Once Annotation v1.0 was released to the com-
munity, researchers who are experts of some
specific gene families brought corrections to the
automated predictions: Sometimes gene copies
were missing, sometimes the predicted exon/
intron structure needed to be curated. Feedback
was made from the experts to the TWGSC
Annotation Group in order to release an updated
version 1.1. This concerns gene families CBFs,
NLRs, PPRs, Prolamins, WAKs, and amino-
acid transporters. A semiautomated process was
developed in order to integrate manually curated
gene models. It relies on a Python script using
common tools like GenomeTools (Gremme et al.
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2013), GFFCompare (Pertea and Pertea 2020),
pyBEDTools (Dale etal. 2011). GffCompare
was used to check that the curated genes did not
overlap each other (different teams may have
curated the same gene) and also to identify the
RefSeq Annotation v1.0 models that required
to be updated. Five types of correction were
considered: (i) addition of a new gene model
that was absent from v1.0; (ii) merging of two
gene models; (iii) splitting of a gene model into
two genes; (iv) correction of exon positions of
a gene model; (v) complex cases which com-
bined splitting and merging. RefSeq Annotation
v1.1 includes updates of 3685 manually curated
genes, of which 528 were not predicted by the
automated annotation process and 354 corre-
sponded to LC gene models. The final vl1.1 HC
gene set contained 107,891 genes.

4.6 RefSeq Annotation V2:The
Challenge of Transferring
Gene Annotation Through
the Different Versions

of Genome Assembly

In 2021, an update of the CHINESE SPRING
IWGSC RefSeq Assembly was published (Zhu
etal. 2021). Corrections were brought to the
initial release by using new resources: Bionano
and PacBio contigs. Inconsistencies between
pseudomolecules and Bionano maps were rec-
onciled, and 279 unplaced scaffolds were posi-
tioned into pseudomolecules. PacBio contigs
publicly available (Zimin et al. 2017) were used
to fill gaps. Contrary to scaffold reordering, the
gap-filling step led to complete changes in the
positions of gene models predicted along pseu-
domolecules, so that it was not possible to cal-
culate new gene position from v1 to v2 with a
simple conversion of coordinates. This raised
two possibilities: compute de novo gene predic-
tion or transferring the knowledge of the previ-
ous annotation release. Since annotation vl.l
was the outcome of an extensive effort to com-
bine different annotation pipelines, the choice

was made to try to transfer as many models as
possible while trying to optimize the trace-
ability and to minimize the differences between
Annotations v1 and v2.

However, finding the new position of a gene
required sequence alignment, which raised
many problems in hexaploid wheat. For exam-
ple, we used GMAP to map 298,775 HC and
LC genes onto Assembly v2 and observed that
32,152 (11%) could not be transferred accu-
rately because of spurious alignments. Such
high error rate was not acceptable and it was
decided to develop a transfer-strategy dedicated
to this task for wheat. It was implemented in the
MAGATT pipeline (https://forgemia.inra.fr/umr-
gdec/magatt). The strategy relies on reducing
the alignment space to the shortest region pre-
dicted to carry the gene to be mapped. In wheat,
genes are always flanked by TEs. Although TEs
are repeats, each copy is inserted into a different
site. Thus, the junction between a TE extrem-
ity and its insertion site is unique at the genome
level. We derived all such tags from the TE
annotation. They represent one tag every 3 kb
(compared to one gene every 130 kb on average)
that can be uniquely mapped from one assem-
bly version to the other. We used these TE tags
as anchors to define the smallest target interval
before mapping a gene. The average size of an
interval was 9.6 kb, which reduced the align-
ment space and avoided most problems due to
multiple mapping of repeated genes. Even for
clusters of tandemly repeated genes in which
copies could share 100% identity, this strategy
enabled the assignment of the correct interval
for each copy and lead to the transfer of anno-
tation of all copies without any cross-matching.
MAGGAT succeeded to transfer 90% of HC/LC
genes without any difference between v1 and
v2 assemblies either in the introns or the exons,
and 8% with mismatches due to nucleotide dif-
ferences incorporated at the gap-filling step (in
gap-flanking sequences). Indels were observed
for 1% of the genes, and the remaining 1% cor-
responded to genes for which the sequence
was discarded when assembling v2 (Zhu et al.
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2021). This step gave rise to the IWGSC RefSeq
Annotation v2.1.

Defining the target interval prior to map-
ping has a major consequence: It avoided
the computation of a spliced-alignment of
a query transcript/CDS. Indeed, by default
MAGATT starts by mapping the entire gene
feature (exons+introns+UTRs) with BLAT
(Kent 2002) against the short, kb-sized, target
sequence. In the majority of the cases (90%), it
identified a full perfect match which enabled the
repositioning of all sub-features (i.e., exons and
UTRs of all alternative spliced mRNAs) from
a previous to a new assembly that shared strict
identity. This was of major importance because
spliced-alignments could have led to errors,
especially when exons are very small. When
only mismatches (no Indels) were observed
between the two assemblies for a given gene
(3% of genes), automated repositioning was also
possible. Spliced-alignments of mRNAs were
computed only when BLAT returned Indels and/
or partial match between a query gene and its
target.

MAGATT was developed with the objec-
tive of transferring a gene annotation to a new
assembly release for a given genotype. However,
the strategy applies very well to the problem of
annotating genes in the genome assemblies of
other genotypes and is, thus, significant in the
context of post-reference genome sequencing
and pangenomics. Pangenomics aims at identi-
fying conserved versus non-conserved genes in
a series of assembled genomes. The main limit
in this area is the quality of the gene predictions.
It is therefore possible that presence—absence of
a gene may simply be the consequence of anno-
tation artifacts. Thus, MAGATT needs to be
considered for delivering an annotation of gene
models in new assemblies that mimics as much
as possible the reference gene calls and avoid
“polluting” the apparent dispensable gene set
with differences in gene predictions.

4.7  Plans for Future Improvements

4.7.1 Improving Gene Structural
Annotation

The repertoire of 107,891 genes delivered in
2018 for CHINESE SPRING is definitely a ref-
erence widely used by the community. However,
the methodological limits mentioned above
make us consider there are improvement levers.
First of all, we must remind here that what we
call genes here, by default, correspond to pro-
tein-coding genes. Non-coding RNA genes
remains largely unexplored in this complex
genome although we have no doubt their predic-
tion along the genome sequence represents one
of the most challenging tasks but also one of the
most impacting novel information to increase
our understanding of the functional sequences.

Regarding protein-coding genes, when we
discuss the improvement of structural annota-
tion, we distinguish two different things: (i)
existence of the gene and (ii) structure of the
gene. In other words, improvements concern,
on one side, genes that are missing in the anno-
tation and gene models that do actually not
correspond to real genes. On the other side,
improvements concern the exact structure of a
gene and its transcripts.

A key question that impacts on both aspects
is the presence of pseudogenes. Pseudogenes
are sequences derived from functional genes but
that have accumulated mutations (frameshift, in-
frame stop codon, truncation) which switched
its function off. Pseudogenes are hard to model
automatically because gene modeling usually
uses structural features (coding frame, start
and stop codons) to call a gene while in case
of pseudogenes, these features are disturbed.
Manual curation of genes remains the best
way to classify a sequence as a pseudogene.
Although community annotation (jamboree)
event was not organized in the framework of the
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IWGSC, the IWGSC did establish a procedure
in order to integrate curation made by differ-
ent expert groups at the international level. This
led to several updates: annotation releases v1.1,
v1.2, and v2.1. Manual curation by experts rep-
resents 2-3% of the gene content in v2.1.

The current status with respect to wheat gene
models is: 108 k HC genes, 162k LC genes
plus an additional 279 k gene fragments found
by scanning for fragments of coding DNA in
the unannotated part of the genome. It is clear
that, with such a complicated landscape, manual
curation is an endless task. However, lots could
be done through bioinformatic approaches com-
bined with manual curation in order to increase
annotation quality. But even curators need infor-
mation for taking decision on the most probable
gene structure to consider and an open question
is “which information/resources are lacking
and which strategies could be useful for help-
ing with increasing the quality of gene model
predictions?”.

4.7.1.1 Transcription Evidence,
Gene Finders, and Homology
with Related Species: Comparing
A-B-D is the Most Highly Valuable
Option to Improve the Quality
of Structural Annotation
Finding a gene is based on three pieces of evi-
dence: (i) a sequence is transcribed (RNASeq);
(ii) a sequence shares similarity with proteins
already predicted in divergent genomes; (iii) a
sequence has a high probability to be protein-
coding (based on hidden Markov models).

Do we miss transcript data? As early as in
2014, up to one million loci matching RNASeq
data (short reads) were highlighted but even
then, there were still 15% of the HC genes for
which no transcription evidence was found
(IWGSC 2018).

What about gene finders? The wheat
genome is made of ca. 12 Gb of transposon-
derived sequences while gene models represent
0.13-0.23 Gb (depending on whether or not
LC genes are considered). The wheat genome
is full of coding-like DNA but the very wide
majority is related to TEs (transposase, reverse

transcriptase, integrase, etc.). The consequence
is that the unannotated part of the genome, rep-
resenting ca. 10-15% (1.5-2.0 Gb), i.e., 10
times more than the gene space, often corre-
sponds to unidentified degenerated TEs. This
means that ORFs derived from degenerated TEs
are an extremely abundant source of false posi-
tive predictions for gene finders.

Detecting sequence homology with related
genomes appears to us an underestimated lever
of improvement. This evidence relies the evolu-
tionary definition of a gene: an entity submitted
to selection pressure. If a sequence is conserved
across millions of years of evolution, we can be
confident it is a gene. Predicted proteomes of
Poaceae have been used in wheat gene mode-
ling. However, improvements seem here obvious
since there were not that many genomes avail-
able. Among the Poaceae, knowledge from the
sequenced and annotated genomes of O. sativa,
Z. mays, S. bicolor, B. distachyon, and S. italica
were used for wheat gene modeling. They share
a common ancestor with wheat between 30 and
60 MYA. Outside the Poaceae, fewer genes are
conserved and sequence identity, even at the pro-
tein level, is low (around 55% with Arabidopsis
for instance) which would not be of great inter-
est to improve the annotation. Indeed, widely
conserved genes are the easiest to annotate. In
contrast, the challenge of annotation relies on
finding genes that are specific to the Triticeae
tribe, the Triticum/Aegilops genera, or even to
the T. aestivum species. So, the most helpful
resource to ensure efficient gene modeling in
wheat is the Triticeae species, where genomes
diverged 3—13 MYA, and which share high level
of synteny and high level of gene sequence con-
servation. For instance, 88% of the predicted
wheat genes (IWGSC v2.1) share on aver-
age 84% protein identity with barley predicted
proteins (based on first BLAST hit alignment
with thresholds 50% query overlap, 35% iden-
tity) (Mascher et al. 2017). But even TEs share
sequence similarity between Triticeae genomes,
meaning that conservation is not synonymous
of selection pressure when aligning barley and
wheat genomes. However, we could take advan-
tage of the near-complete TE turnover (Wicker
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Fig.4.1 Sequence alignments visualized with ACT
(Carver et al. 2005) of three wheat homeologous regions
of chromosomes 3A, 3B, and 3D. CDSs are represented
in light blue, genes in white, and TEs in blue, across
the six coding frames. Red blocks represent sequence
conservation (> 85% identity) between A-B-D regions
carrying homeologous genes and surrounding regions

et al. 2018) that led to erase ancestral TEs so
that there are (almost) no syntenic/orthologous
TEs between A, B, D (Triticum and Aegilops),
H (barley; Hordeum), and R (rye; Secale)
genomes. All these genomes diverged between
3 and 13 MYA, a timeframe consistent with (1)
a complete TE turnover (2) within a conserved
gene backbone. This is the ideal situation to
identify new genes based on aligning syntenic
regions. Each segment of conserved sequence
between A-B-D-H-R genomes (and others) at a
micro-syntenic location is evidence for selection
pressure and, thus, for the presence of a gene
(protein-coding or not) or a sequence involved in
regulation processes called conserved non-cod-
ing sequence (CNS) as shown in Fig. 4.1.

4.7.1.2 To What Extent Sequencing More
Wheat Genomes Help Improving
the Reference Wheat Gene
Catalog?

As explained above, the divergence window

3-13 MYA of Triticum, Aegilops, Hordeum,

Secale, and others combines the advantages

while TEs are not conserved between homeologous
loci. Yellow blocks indicate the presence of a highly
conserved unannotated sequence (neither gene nor TE)
between A-B-D which strongly suggests the presence of
a functional sequence subject to selection pressure that
may correspond to a yet uncharacterized gene

of a high level of gene conservation with
the (almost) absence of orthologous TEs.
Sequencing more T. aestivum genomes Wwill
not be useful in that regard. Indeed, divergence
is too low so that sequence conversation is not
evidence for selection pressure. Most TEs are
conserved (orthologous) even between diver-
gent accessions from the Asian and European
pools, as highlighted by the Renan versus
Chinese Spring comparison (Aury et al. 2022).
However, sequencing more wheat genomes will
be exploited for building the wheat pangenome.

4.7.2 De Novo Annotation Versus
Annotation Transfer

With the advances made in sequencing tech-
nologies, assembling reference-quality wheat
genome sequences is not a limit anymore (Guo
et al. 2020; Walkowiak et al. 2020; Sato et al.
2021; Athiyannan et al. 2022; Aury et al. 2022).
Building a wheat pangenome is thus a crucial
objective in order to distinguish core versus
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dispensable genes, especially since dispensa-
ble genes are the best candidates for adaptation
to the environment, like response to specific
pathogens. In contrast, core genes are enriched
in essential genes, somehow not the privileged
targets to search for genetic diversity controlling
contrasted phenotypes.

Presence/absence (and copy number) varia-
tions of genes between two genotypes are lim-
ited to a few percent (De Oliveira et al. 2020).
Using resequencing data of chromosome 3B
from 20 7. aestivum accessions, it was shown
that variable genes represent between 2 and
6% of pairwise comparisons with CHINESE
SPRING. This weak percentage implies that
approximations due to incomplete genome
assembly and differences in gene predictions
will strongly impact our capabilities to deter-
mine if a gene a really absent. Thus, an under-
estimated limit that prevents from accurate
pangenome construction is the annotation step.
Automated gene modeling is strongly depend-
ent on the methods, tools, thresholds, used so
that two annotations of the same genome are
systematically different. Additionally, these dif-
ferences are not only background noise. For
instance, when the IWGSC RefSeq Annotation
v1.0 was produced by combining independent
predictions from two pipelines (TriAnnot and
PGSB), 20% of each gene set did not overlap
any prediction from the other one. Moreover,
only 67 and 48% of TriAnnot and PGSB gene
models were predicted with highly similar struc-
tures. These differences exceed largely the real
presence/absence variations. The consequence
is that pangenomic analyses are dependent on
accurate mapping of a reference gene annota-
tion to another assembly. This is why we believe
annotation transfer tools like MAGATT (see
paragraph RefSeq Annotation v2) are highly
valuable in the pangenomic area as well as for
maintaining improvements performed through
manual curation. Eventually, in future wheat
genome assemblies, genes will be transferred/
projected from a reference pangenome and de
novo annotation should be restricted to specific
(non-conserved) regions. Indeed, gene projec-
tion was already applied for the annotation of

chromosome pseudomolecule assemblies of 15
wheat accessions with the objective of building
a wheat pangenome (Walkowiak etal. 2020).
Besides the methodological challenge, issues
of multiple identifiers (IDs) for a gene will
become more and more problematic, as exem-
plified in the review of Adamski et al. (2020).
Authors have highlighted the fact that one gene
is already represented by many IDs, some-
times following different nomenclatures, due
to the existence of multiple assemblies of the
CHINESE SPRING genome sequence itself plus
the release of gene models from wild wheat rela-
tives and other cultivated genotypes. There is,
thus, a strong need for integrating these data.

4.7.3 Functional Annotation:
Opportunities

Automated functional annotation workflow
based on sequence similarity and domain search
has been established by IWGSC to assign gene
ontology (GO) and function descriptions to
the wheat reference gene set (IWGSC 2018).
Although approaches based on local alignment
search such as BLAST are straightforward and
work well for certain species and gene families,
the drawbacks are clear. It suffers from low sen-
sitivity or specificity, depending on threshold
choice and evolutionary distance of query gene
set to species in the annotation source (Sasson
et al. 2006). In addition, error or lack of robust
annotation evidence in the source databases hin-
der or bias the large-scale functional annotation
analysis, especially in non-model crop species.
To overcome these limitations, integrating
various omics datasets from high-throughput
experiments in combination with novel com-
putational approaches has been considered for
complementation to local sequence alignment
methods, facilitating annotation of unknown
genes or transferring functional knowledge from
one gene to another. For example, generation
and analysis of large-scale biomolecule interac-
tion networks is a useful approach that utilizes
omics data beyond gene/protein sequences.
The basic idea is “guilt by association,” where
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a gene can be assigned a particular function if
it is co-expressed with one or several genes of
same known function, as the chance that they
are co-regulated and needed for the same pro-
cess or pathway is high (Tohge and Fernie 2012;
Aoki et al. 2016). In addition to co-expression,
gene—gene relationships such as protein-DNA
binding and protein—protein interactions can be
used to assign and transfer function from one
gene to the other (Cho et al. 2016). Such interac-
tome data can now be generated with advanced
high-throughput experimental techniques such
as single/bulk RNAseq, Yeast 2-Hybrid, and
DNA affinity purification sequencing (DAPseq).
Each type of interactome networks can be ana-
lyzed separately or in a combined manner to
build multi-omics integrated network, followed
by computational interpretation, from naive
method of evidence aggregation to probabilistic
modeling (Yu et al. 2015). The ranking or scor-
ing reflecting proximity or connectivity of genes
in the network is then used to link and transfer
function from one gene to the other. Beyond
the classic “single-gene” approach, integrated
network-based approaches provide a more
holistic view of gene function and gene—gene
relationships, enabling functional annotation of
unknown genes that are not related on sequence
level but functionally interacted with studied
genes (see also Chap. 11).

Choice of cutoff for sequence similarity-
search and network mining is crucial but highly
arbitrary, which can create bias or error in
functional annotation process. In addition, link
between various protein features (structure, text
description, and interaction) and annotation
label that can be utilized for functional anno-
tation are sometimes beyond human knowl-
edge and difficult to be revealed. In contrast,
machine learning tools are suitable to identify
these hidden features and assess their contri-
bution to functions by analyzing a training
set where a group of genes with these features
are functionally characterized (Mahood et al.
2020). Quantitative contribution of different
features learnt by computer is then exploited to
predict the most possible function of unknown

genes possessing same feature types. Several
tools have been developed to learn relationship
between GO and heterogeneous data (text and
sequence information, protein structure) and
propose a predictor for annotating unknown
genes (Toronen etal. 2018; You etal. 2018,
2019).

Although highly advantageous compared
to classical approaches, conventional machine
learning is achieved using handcrafted features.
Deep learning using neural networks, on the
other hand, can extract abstracted and high-level
features from raw data directly and build a pre-
dictor, without human inference. The availabil-
ity of omics data and computational resources
allows to develop sophisticated deep learning
algorithms for large-scale functional annota-
tion. Various deep learning architectures have
been built using, e.g., deep, convolutional and
recurrent neural network, which have specific
strength in learning different features (Cao
etal. 2017; Sureyya Rifaioglu et al. 2019; Du
et al. 2020). Tools built on these architectures
predict GO terms either by learning protein
sequence (Kulmanov and Hoehndorf 2020; Cao
and Shen 2021), protein structure (Tavanaei
et al. 2016; Jumper et al. 2021) or heterogenous
data and networks (Cai et al. 2020; Peng et al.
2021). Several factors limit the application of
deep machine learning approach for functional
annotation in large-scale and unbiased manner.
Firstly, although various omics and structure
data are useful, only primary sequence is avail-
able for majority of unknown genes. Secondly,
imbalance and incompleteness of GO database
with respect to species and function categories
can bias the learning step, and GO prediction
task itself is a complex multi-label problem.
Lastly, the quality of transferring gene model
information between species that are evolu-
tionarily distant needs to be assessed carefully.
Nevertheless, despite these challenges, deep
machine learning-based functional annotation
and GO assignment have been successfully
applied and will continue in many studies, with
the support of the continuing expansion of high-
quality omics and experimental datasets.
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