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Abstract: Improvement of most animal and plant speciesgob@omical interest in
the near future has become an international stakause of the increasing demand
for feeding a growing world population and to nitig the reduction of the
industrial resources. The recent advent of genadagts contributed to improve the
discovery of linkage between molecular markers gexes that are involved in the
control of traits of agronomical interest such aairgnumber or disease resistance.
This information is mostly published as scientifiapers but rarely available in
databases. Here, we present a method aiming atmatitally extract this
information from the scientific literature and riely on a knowledge model of the
target information and on th&heatPhenotypentology that we developed for this
purpose. The information extraction results weral#ated and integrated into the
on-line semantic search engiAkvisIR WheatMarker

Keywords: information extraction, corpus annotation, natlaaguage processing,
ontology building, biology, genetics.

1 Introduction

A large amount of work has been done in informagatraction (IE) from scientific
literature in biology during the past decade. Mafsthis research has been applied to the
extraction of genetic regulations in the molecudenrlogy field, such as protein and gene
interactions. It has been popularized by sharekbstd L [1], BioCreative [2], BioNLP-
ST [3]. Nowadays, the extraction of organism teaitl phenotype mentions from papers
encounters a growing interest [4,5]. This knowledgeritical in many domains notably
agriculture and health and it is rarely availabledatabases. The phenotypes of plant



varieties of agronomical interest are describedsdentific papers with the genetic
information used for the variety selection. Complaegenetic regulations, the extraction
of this knowledge is challenging in IE. In the domaf wheat selection assisted by
molecular markers, the knowledge to be extracted fanmalized belongs to various
fields, e.g. genetics, physiology, plant environment, food pssing. Its representation
involves several n-ary relations and entities trat complex to identify in the texts. The
terms that denote traits and phenotypes are vegysh and difficult to predict.

The main approach in relation extraction (RE) farldgy uses supervised machine
learning trained with reference annotated corp®te annotation follows a schema that
defines the type of relations and entities to kteagxed. In this paper we describe how we
formalized the knowledge of marker-assisted salacth wheat into a text annotation
schema that is appropriate both for the annotadibthe reference corpus by domain
experts and for the automatic extraction and remasion of the knowledge (section 3).
Common methods for entity prediction include disdoy matching, supervised machine
learning and term analysis. This paper presentsili-strategy named entity recognition
(NER) method that takes into account the diversifythe entity naming and the
availability of nomenclatures (section 4). The laifka controlled vocabulary on wheat
phenotypes and traits led us to build a domainiSpemtology. The results of the NER
methods were evaluated with the reference corpdsuaad in a bibliographical semantic
search engine (section 5).

2  Wheat selection assisted by genetic marker

Improvement of most animal and plant species obragmical interest in the near
future has become an international stake becausieedfcreasing demand for feeding a
growing world population and to mitigate the redmict of the industrial resources
especially the oil. The new environmental constmisuch as the reduction of inputs
(water, fertilizers and pesticides) and of acreageslve the development of new
breeding schemes that must be shorter and more rpdw@his increase needs a
significant improvement of the agronomical potenté the species through breeding.
This is especially true for wheat, the most widglgwn crop worldwide.

Until now, the conventional selection methods leacdhaintain the yields just covering
the current consumption. The recent advent of géndovols contributed to improve
linkage between molecular markers and genes ofnagnial interest. This information
must now be integrated in breeding programs andithds to move from genetic toward
genomic selection. A large number of varieties andlecular markers have been
developed these last ten years for the bread wkeat[6] for a review). However, the
most useful information has to be extracted frowutfands of scientific articles among
which only a few are relevant. In addition, witlgach interesting paper, only a small part
deal with the linkage itself, they indicate the maof the closest marker, the gene itself



and the protocol that is useful to reveal the appate molecular signal that can be used
for marker-assisted selection (MAS). Much more thetrieving relevant papers, breeders
need to access the information in a structured form

Our information extraction goal is the extractidnr@lationships between entities that
are molecular markers, genes, traits, phenotypeésvaneties from published papers.
Traits are defined as observable characters sutheasistance to a given disease. The
phenotypes are the values of the tragtg,the resistance or the susceptibility to a disease.
The alleles of the genes are the different versartbe genes leading to the genotype of
the individual. They control the phenotypes. Anelal is generally attributed to a
molecular marker. The marker discriminates theedéiit alleles of a same gene with the
polymorphism of the DNA sequence. The molecular keva are used to select the
varieties with a phenotype of agronomic intereste Tinkage between molecular markers
and genes we focused on are related to four méijects with high economic impact, (1)
biotic stress: resistance to diseaseg.(ust, fusarium, septoria), resistance to pesy.(
greenbug, Cecidomyides, Hessian fly); (2) abiotiess €.g. drought, soil salinity,
temperature, lodging), (3) plant developmeng(vernalization, flowering) and (4) bread
quality (e.g.grain hardness, protein content).

A given knowledge may be expressed in the texthefpapers in different ways as
shown in example 1. In example 2, we can see thatyrentities and relations may occur
in a single sentence. These features make themiattn extraction task difficult.

Example 1. The phenotype resistance to leaf rust diseasg¢ssttontrolled by the gere34 is
expressed by the two very different clauses:

a.the gene Lr34 confers resistance to leaf fut
b. [..] lines missing Lr34 allele are susceptible

—

In clause a., the gena34 is explicitly designated as controlling the remigte phenotype, whilg
clause b. states the same fact in an indirect way:genotype where the gehe34 has been
knockout makes the wheat variety susceptible taltbease. This means that the variety needs the
genelLr34 to be resistant.

Example 2. [PMID 20002313]

only two alleles, photoperiod insensitive (Ppd-Rtel Ppd-Bla) and
\_/Y

photoprd-le and Ppd-B1b), repely, at each locus were known

The four allele entitiesRpd-D1a Ppd-D1h Ppd-Bla Ppd-B1h and the two phenotype entities
(photoperiod insensitivand photoperiod insensitivegre the argument of four instances of the
allele_expresses_phenotymtationships.




Despite this complexity, the recent progress ofiflREnolecular biology as evaluated in
shared tasks open up possibilities of large scdla&tion of complex events in the wheat
MAS domain.

3 Knowledge model and annotated cor pus

The source of information on the linkage betweeremdar markers and genes in
wheat is diverse. We identified 1,229 scientifiarjeals that published relevant papers.
These references were obtained by querying Webc@nge (WoS) with thevheat
marker and genekeywords. It yielded 3,170 references to scientifapers. Among the
retrieved references, we selected 125 relevanh@siaccording to their availability, their
impact, their scope, their geographical area aedfduency of relevant publication. A
corpus of 2,097 full-textsWheatMAScorpus) was then obtained from the journal
publishers that concentrate the target knowledge.

With the breeder experts, we built the MAS knowledgodel for the representation of
the relevant information of the text. The knowledgedel contains 8 entity types and 14
n-ary relationships (10 binary relationships angrhary relationships) that are shown in
Figures 1a and 1b. The main entity types are madtkmie and gene, trait and phenotype
and variety. Type represents the method used to identify the markeay, AFLP,
microsatellite, which is useful for the evaluatifrits quality.
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Fig. 1. a. Binary relations of the knowledge model for ath&AS.




Binary relations may be used instead of ternatiahs when an argument is missing.
For instancemarker_tags_genis used instead aharker_tags_gene_in_varietyhen the
wheat variety is not mentioned in the text.

marker size in variery marker tags gene in variety

Marker 1 ) ‘Gene

| \’3/
AlleleSize Variety

gene expresses phenotype in variety trait has phenotype in variety

Marker :

, | Phenotype Trait Phenotype

1 2

3

Fig. 1. b. Ternary relations of the knowledge model foeahMAS.

Our RE method relies on the deep linguistic analymid the supervised machine
learning tools of the AlvisNLP pipeline [7]. The parvised machine learning method
requires a training corpus of reference examplesiltiis purpose, we designed a corpus
of 72 papers that were selected for their represi#rness, most of them itheoretical
and Applied Genetics, International Journal of Rld@reeding Researchrhis journal
publishes numerous manuscripts mentioning linkagéwvéen traits and molecular
markers in wheat and is available on-line. 13 don®iperts, mainly breeders and the
GDEC authors of this paper annotated the corpuk thié MAS knowledge model as
annotation schema. To ensure effective and consiatenotation, we provided them with
a guideline manual that describes the entitiesthadelations; it defines them and gives
many examples that illustrate frequent and bondericases. The annotation process
follows the standard practice: double-blind annotaefollowed by adjudication. The text
was automatically pre annotated by AlvisNLP witle tentities that were frequent and
easy to recognize in order to speed-up the manuabtation. The annotation editor
AlvisAE [8] supported the whole process. The antimtacampaign was defined by the
annotation schema, the document collection andtwlestep workflow. The 13 users
were assigned a batch of documents to annotaterande. We chose AlVisAE as
annotation editor for its campaign specificatiooltand for its graphical user interface
that was designed for non-computer scientists (€i@). The annotators were able to use
it after one-day tutorial session. With AlViSAE thesers annotated overlapping and
discontinuous annotations. They also annotated efmances, which avoid the
annotations of the repeated information.
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Linkage analysis of the markers and validation
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Fig. 2. The main screen of AlvisAE annotation editor. Tharkers are highlighted in yellow, their

types in purple, the varieties in pink, the genesight blue and the allele size in grey. The lines
figure the relationships between the entities. fpe of the relationship determines the color &f th

line. For instance, thmaker tags the gerrelationship is in pink.

The double-blind annotation phase is achieved hadhtljudication phase is on-going.
The annotators fully annotated the 293 sectiortken/2 corpus papers that were relevant.
Table 1 displays the distribution of the entity amdhtion annotations. The distribution
reflects the importance of the different informatifor breeding. The gene, variety, trait,
marker and marker type are the most frequent aitidatr Conversely, the alleles are
rarely named, which explains the low number oflalEnnotations.

Table 1. Number of manual annotations in the wheat MAShtraj corpus.

Entities Binary relations Ternary relations

Gene 1,826 marker_of_type 307gene_expresses_phenotype_in_va 103
Variety 1,284 gene_controls_trait 260marker_size_in_varie 58
Marker 703 variety _has_phenotype 224narker_tags_gene_in_vari 24
Type 508 marker_tags_gene 184rait has phenotype in varie 24
Trait 603 allele_expresses_phenotype 107 207
Phenotype 403 is_allele_of gene 107
Alelle 368 is_allele_in_variety 64
AlleleSize 153 marker_alleleSize 55

5848 trait has value 34

1342




It does not affect the extraction results since dliele name is not required for the
extraction of the linkage between the marker aedptienotype.

4 Named entity recognition

We used two different methods for the recognitiohntile named entities. We
distinguished the rigid designators [9] from théest names. They are proper names,
numbers and acronyms. They denote genes, markarkemdentification methods, allele
sizes and varieties. Conversely, the phenotype temtl names are subject to more
variation.

4.1  Recognition of proper names and acronyms

The NER method uses dictionaries such as gene amkemlists of the GrainGerles
database and hand-coded extraction patterns. Ttermidentify typographic variations
and perform word-sense disambiguation with the exintof the target word.
Disambiguation is particularly needed for the redtign of variety names that have
frequent homonyms in the texd,g.Leeds is cited both as a variety and a univerSibe
quality of the method predictions has been evatlatiéh respect to the reference corpus.
Table 2 displays the recall, precision andreasures for an exact match and for a partial
overlap between the predicted and the referendgsesnt is the harmonic mean of the
precision and recall. The recognition of the nawfehe genes and markers is affected by
homonymy: the marker of the gene is denoted bysthime name as the gene. The
reference annotations of markers and genes ardynodgfood quality. Gain in prediction
quality is to be found in the improvement of theahbiguation method and the gene
name boundary identification. The performance oftigla overlap in gene name
recognition is 12 points over the exact match, Whshows that the predicted gene name
boundaries are often not correct.

Table 2. Quality of the named entity recognition.

Exact match Partial overlap
Recall Precision F; Recal Precisior Fi
Gene 0,61 0,49 0,54 0,7 0,61 0,6¢€
Marker 0,58 0,65 0,61 0,59 0,66 0,62
Type 0,54 0,62 0,58 0,56 0,64 0,60
AlleleSize 0,39 0,49 0,43 0,46 0,50 0,48

! http:/iwheat.pw.usda.gov/GG2/



The poor result of the recognition of the alleleesis due to many errors in the
reference corpus. Allele size names are numbeierfet bybp (base pair) at03 bp A
close examination of the reference corpus revealbiyh number of incorrect reference
annotations, for instandepd-Dladesignates an allele and not a size. Many anmbtate
allele size represent an absence of the allelenf&tanceabsence of PCR productan
accurate correction of the reference corpus wilvala more significant evaluation of
AlleleSize prediction quality.

The examination of the experimental results of rdverity recognition shows us clear
directions for further improvement.

4.2  Recognition of phenotypes and traits
3.2.1 TheToMapmethod

The recognition of the trait and phenotype termenca be efficiently achieved by the
direct matching of dictionary entries with the tdsdcause of the high variability of the
terms. Instead we used our ToMap method, previonalyed OntoMap [10]. ToMap
requires a domain terminology and the results térm extractor applied to the text. It
matches the extracted terms with the terms ofdhmitology to determine which type of
entity the extracted terms designate. The princgflahe ToMap method is close to
MetaMap method for the recognition of UMLS thesautarms in a corpus [11]. The
matching relies on the similarity of the syntadticuctures of the terms to be matched
together. ToMap is applicable to any kind of texdl @&erminology, being structured or not.
ToMap has shown good results in the recognitiobaafteria biotopes of the shared task
BioNLP-ST Bacteria Biotopén 2011 and 2013 [12,13]. We used the term extract
BioYateA that is particularly well suited for thtask because it provides the syntactic
structure of the extracted terms and it extraatsisewith prepositional phrases, etg.
crown rotin partial seedling resistance to crown ras$ described in [14].

3.2.2 The WheatPhenotype ontology

We built an ontology dedicated to the descriptidrplenotypes and traits in wheat
called WheatPhenotypeThe available terminologies and ontologies werg fully
relevant to our IE purpose. The most suitable & Trait Ontolog§ (TO), a controlled
vocabulary that describes traits of plants of agmic interest. It includes relevant traits
such as disease resistance, development traitgldémtmany traits that are irrelevant to
wheat selectiong(g. biochemical, molecular, anatomy and morphology) aache over
general trait €.9. plant aspect) that are not mentioned in wheatctete texts.

2 http://archive.gramene.org/db/ontology/search 2@:8D00387



Conversely, TO lacks many specific traits and synuhin all categories. The resistance
to fungal disease is a critical trait in wheat s&tm. Only 8 fungus resistance concepts
relevant to the wheat are defined in TO; we idedif24 in the texts and databases.
Moreover, in the scientific papers disease resigtas often described by the resistance to
the pathogens that cause the disease, for insteggistance to fusarium head bligist
equivalent taresistance to Fusarium graminearumhere Fusarium graminearuns one
of the fungus species that caudesarium head blight TO does not record such
information. Moreover many different names can bedufor each fungus. For instance,
Microdochium nivalehat also causdssarium head blighis also called~usarium nivale
The listing of all pathogen names and acronymsdibrwheat disease is needed for
efficient information extraction. Another importaimtformation is bread-making quality
since the selected varieties determines the qualftythe flour for bread making
(mechanical and sensorial properties).

The current version of th&/heatPhenotypentology defines 409 concepts with 361
synonyms. Its hierarchical structure comprises/8lte Figure 3 shows the main levels.

WheatPhenotypeOntologyRoot

1
1 1 1
[ abiotic condition J [ biotic condition J ( plant density J

to envir
condition

[ fiber quality J [ food property J [ milling quality J [ reproduction J

ies.

development character

resistance to density ] [responsem abiotic stress ] [ response to biotic stress ]

Fig. 3. The highest levels of th&heatPhenotypentology.

The abiotic factors represent the physico-chentoatitions of the plant development
(water availability, temperature, wind force, smiimposition). The properties of the plant
are organized in six sub trees, the response tiooemvental factors, the development, the
reproduction, the product processing and the quefithe product (fiber and food). All
traits and phenotypes are considered, includindetbe studiedd.g. aluminum tolerance),
but the response to biotic factors, in particutaffungal and bacterial pathogens, is the
most developed. Theauserelationship linkspathogengo the corresponding infectious
diseasedefined in the biotic condition sub tree. TW&heatPhenotypentology will be
made publicly available in Obo format after alignmho TO. The common concepts with
TO will be explicitly identified by a cross referamas an xref property.



3.2.3 Experimental results of phenotype and tnatljztion

We applied the ToMap method to the terms extrabte@ioYateA from the training
corpus by using the WheatPhenotype ontology. Asadly noticed for the allele size
annotation, the quality of the trait and phenotgpeotation of the reference corpus was
not sufficient for a reliable evaluation of ToMapegictions. The on-going adjudication
phase will detect these errors and correct them.

(1) A frequent error confuses genotypes with phgmes and alleles. For instance, the
termwild typedenotes an organism, but it is frequently anndtatea phenotype or as an
allele,e.g. wild type alleles WB35#eans the allele WB357 of the wild-type line.

(2) The confusion between the environmental factamsl the phenotypes is also
frequent, for instancwinter is annotated as a phenotype by analogy with tlemqtype
winter habitthat denotes the growth period of the variety.

(3) The phenotype value is also confused with thit, for instanceroxA sensitivityis
confused withToxA sensitive

To obtain a reliable experimental result, we malyuahlidated the results of the
method applied on the abstracts of a subset ofp@pers. The ToMap method classified
299 terms as denoting a phenotype or a trait arttumgerms extracted by BioYateA. The
manual validation of the classified terms yieldegrecision rate but not a recall rate for
which a reference annotation is required. Tabletaits the experimental results for two
versions of the method, without and with disambigua

Table 3. Precision of the phenotype and trait prediction.

Without disambiguation With disambiguation
Category #terms Rate #terms Rate
Positive 245 81% 212 95%
Correct and informative 227 76% 176 79%
Correct and general 18 6% 36 16%
Negative 54 19% 11 5%
Linguistic analysis error 5 1,7% 4 2%
ToMap error 16 5,4% 7 3%
ToMap setting errc 33 11 % 0 0%

The first line gives a high precision rate of 81B&ttwe divided into a correct and
informative category (76%) and a correct but geneategory (6%). General terms are
not useful for breeding but they are relevant foowledge modelingPlant morphologic
trait is an example. A closer analysis of the false pasigxamples showed that a small
number of the errors are due to linguistic prepsestey: word segmentation by the in-
house tool SegMig and POS-tagging by TreeTagggr M&st of ToMap errors were due
to an incorrect setting (11%). ToMap setting inwed\the setting of the list of term heads



that are non-discriminant with respect to the nareetity recognition goal. The list is
dependent of the domain. The warantentis an example of a non-discriminant head. It
occurs in trait terms such &ain Protein Contenor reduction in DON contenbut also
in other terms, e.gpolymorphism information contenfA better discrimination of terms
with such heads was obtained by post-processirgdtigguation hand-coded rules that
used the words of the terms and their contexts.a¥e designed some domain specific
rules to improve the boundary prediction by exahgdirrelevant words such asain in
the termmain growth habitsAs a result, the precision rate increased bydintp to reach
95%. The total number of positive terms decreaseth f245 to 212. Most of the 33
removed terms were not classified as negativemarged with other terms as a result of
the boundary correctiorm@ain growth habitsand growth habits were counted as one
instead of two in the previous setting).

These preliminary experiments are very promisireding a precision rate of 95% in
the prediction of traits and phenotypes for wheeledion. The reference manual
annotations once consolidated will allow measutirgrecall and £

5  TheAlvisIR WheatMarker bibliographical search engine

The semantic search engiA&/isIR WheatMarkeindexes the document collection of
2,097 scientific papers about the linkage betweelecular markers and genes that will
be used for information extraction. The searcheagidex includes all entities defined in
the knowledge model. The trait and phenotype ingag built with the WheatPhenotype
ontology, which means that query terms may cortiégh-level concepts of the ontology
that will be searched together with all speciai@a and synonyms.



- f 4 T = "‘
” "; (resistance to a fungal pathogen) sr2 (search)
A Search Engine

Results  Query details Ontology navigation Refinement -+
ST it Query terms :  resistance to a fungal Pathogen (pathogen resistance) T2 (gene) More details... &
Concepts
rust resistance
stem rust resistance
black chaff 1.  BAC-derived markers for assaying the stem rust resistance gene, Sr2, in wheat breeding programs
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r— 2. Fine genetic mapping fails to dissociate durable stem rust resistance gene Sr2 from pseudo-black chaff in common
wheat (Triticum aestivum L.)
Sr2 Journal: THEORETICAL AND APPLIED GENETICS Date: 2006
532 Fine genetic mapping fails to dissociate durable stem rust resistance gene Sr2 from pseudo-black chaff in common wheat
(Triticum aestivum L.) wheat. Phytopathology 82:835-838 Sorrells ME, La Rota M, Bermudez-Kandianis CE et al. (2003)
Varieties Comparative DNA sequence analysis of wheat and rice genomes. Genome Res 13:1818-1827 Spielmeyer W, Sharp PJ, Lagudah
o— ES (2003) Identification and validation of markers linked to broad-spectrum stem rust resistance gene Sr2 in wheat (Triticum
Hal i" K aestivum L.). Crop Sci 43:333-336 Yan L, Loukoianov A, Tranquilli G, Helguera M, Fahima T, Dubcovsky J (2003) Positional
E;’a‘ 199, cloning of the wheat vernalization gene VRN1. Proc Natl Acad Sci USA 100:6263-6268 More...
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Yri8 3.  BAC-derived markers for assaying the stem rust resistance gene, Sr2, in wheat breeding programs
Sunzzgl Journal: MOLECULAR BREEDING Date: 2008
MG BAC-derived markers for assaying the stem rust resistance gene, Sr2, in wheat breeding programs rust resistance genes
Journals that can mask the effect of this gene (McIntosh et al. 1995). Moreover, the resistance phenotype is only expressed at the adult

which delays the classification of progeny (Roelfs 1988). The phenotypic trait pseudo-black chaff (PBC), that

n Aanraac nf darl ni An tha ctam i and aliimac hac haan tHahth acenriatad with tha €3 nana

MOLECULAR BREEDING

Fig 4. Interface of the semantic search engihgsIR WheatMarker

Figure 4 shows the results of the queBsi{stance to a fungal pathogesr2 that aims
at retrieving papers abogt2 involvement in any resistance to fungal pathogérse
snippets (short extracts) of the 46 relevant documare displayed below the query. The
relevant terms are highlighted in the same colsrsha query termsr2 gene in green,
resistance to fungal pathogen in red. With its seimacapabilities, AlvisiR retrieves
many different fungal pathogen resistances sudteas rust resistancas highlighted in
the three first snippets. The left panel displdes flacets, the most frequent index values
in the answer set. The query can be refined by dblection of a facetAlvisIR
WheatMarkersemantic search engine is publically availablée current version of the
search engine does not index the relations for hvttie information extraction methods
are under development.

Once the marker information will be fully extractedwill be indexed by thélvisIR
WheatMarkersearch engine. It will also be integrated in aljguttatabase interconnected
with all relevant genetic information, physical mape 4000 known markers and the
available wheat chromosome sequences [16,17,18. Wtorth to note that ToMap not
only extract phenotypes and traits from the papatslso normalize them with respect to
the WheatPhenotype Ontology, enabling heterogengatasintegration.

3 http://bibliome.jouy.inra.fr/test/alvisir/FSOV/



6 Conclusion

The extraction of the available information on noollar marker published in scientific
papers is a key issue for marker-assisted selectias particularly critical for wheat
breeders that do not have access to this informatictructured databases. We proposed
a knowledge model that formalizes the knowledgedsee the form of an entity-relation
schema. Our annotation framework involving a tedm3 breeders produces reference
examples for training supervised machine learniregghaeds and for the evaluation of
prediction results. We proposed two methods basedlirguistic analysis for the
recognition of entities denoted by proper names tmohs. The results evaluated on
reference data yielded very encouraging resulte Bk of structured vocabulary for
extracting and normalizing phenotypes and traitb ue to build thewheatPhenotype
ontology. The prediction results and tNéheatPhenotypentology are used by the
semantic search engimdvisIRWheatMarkethat index the full-text of the major papers
of the domain. In the future, once consolidated,rdference wheat marker corpus will be
made available to the community. It will be usedtfee training of the relation extraction
methods. The overall approach will be then appitedther plants of agronomic interest,
such as maize.
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