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RESUME

Dans des domaines techniques comme la didactique et la bioinformatique, 1’acqui-
sition des connaissances impliquées dans le processus de résolution de problémes
du domaine est sujet a plusieurs défis liés aux outils utilisés ainsi que son do-
maine d’application, e.g., en analyse phylogénétique. En outre, avec le temps, la
taille de données expérientielles (impliquées dans le processus de résolution) aug-
mente de fagon exponentielle avec une trés grande diversité de méthodes et de
modéles informatiques. Ceci rend la tache de résolution de plus en plus complexe
8 automatiser. Nous trouvons plusieurs solutions en ligne fournissant des pipe-
lines d’analyses semi-automatiques comme dans Phylogeny.fr ou Bioextract.org
mais aucune d’elles ne définit de "meilleures pratiques génériques" basées sur
les types de données utilisés et les contraintes d’applications (logiciels). Dans ce
manuscrit, nous proposons un systéme de fouille de motifs processuels fréquents
basé sur une ontologie du domaine représentant différents niveaux d’abstractions
du "savoir faire" dans la littérature phylogénétique (soir par exemple des textes
scientifiques). La tache d’extraction des connaissances processuelles et la désambi-
guisation contextuelle ainsi que la tache de fouille de motifs abstraits serviront par
la suite & définir une base de régles de meilleures pratiques d’analyses phylogéné-
tiques. L’utilisation de cette base de données dans un systéme de recommandation
assistera les chercheurs du domaine dans leurs taches de résolution de problémes
via des flux de travaux en tenant compte leurs niveaux d’expertises.

Mots-clés : bioinformatique, phylogénétique, flux de travauzx, ontologies, extrac-
tion d’information, désambiguisation, fouille de motifs généralisés.






ABSTRACT

In many technical domains such as didactics and bioinformatics, the acquisition of
problem-solving knowledge faces several issues related to data and software skills.
In addition, the dramatic increase of the available sequenced data and the large
diversity of bioinformatics software and tools make the problem solving process
more complex to automate. Different solutions have been proposed in the litera-
ture offering workflow models such as in Phylogeny.fr or Bioextract.org. However,
none of them defines both domain and application best practices to solve very
specific problems taking into account data provenance and domain constraints.
We propose in this manuscript a generalized workflow mining system to acquire
problem solving knowledge from the phylogenetic literature. Our system is based
on a domain ontology enriched from scientific texts to mine abstract problem solv-
ing processes. Multi-level abstract patterns have made workflows more intuitive
and easy to be reused in similar situations. This could provide a stepping-stone
into the identification of the domain best practices and pave the road to a rec-
ommender system to assist both novices and experts in their problem solving
tasks.

keywords: bioinformatics, phylogenetics, workflows, ontologies, information ez-
traction, generalized pattern mining.






INTRODUCTION

Le probléme d’acquisition automatique de connaissances liées a la résolution pro-
blémes, c’est-a-dire les connaissances liées & la formalisation du probléme, les
taches de résolution et de leurs exécutions, est un probléme fortement lié au
contexte de son application. Dans les domaines techniques comme la bioinfor-
matique, la construction automatique de chaines de traitements (fluz de travauz -
ou encore flux de taches) (Taylor et al., 2014) sont devenus des techniques de plus
en plus exploitées. Ces plateformes offrent des solutions généralistes sans prendre
en considération les différents niveaux d’expertises de ses utilisateurs. Ces der-
niers sont généralement confrontés & différentes situations (des fois complexes)
d’acquisition de nouvelles connaissances liés aux différents formats de données et

aux logiciels & manipuler.

Dans un domaine technique comme la phylogénie, il s’agit de résoudre un pro-
bléme d’analyse de séquences nucléiques ou protéiques afin de détecter différents
phénoménes évolutifs tels que les transferts de génes horizontaux (Lemey Phi-
lippe, 2009). L’augmentation de volumes de données génomiques et la grande
diversité des méthodes et des modéles informatiques utilisés dans 1'inférence phy-
logénétique, rendent la tache de ’analyse de plus en plus complexe (Stevens et al.,
2007). En outre, a travers ces tiches, une grande variabilité dans 1’utilisation des
outils bioinformatiques, les jeux de données et les méthodes d’analyses, rend la
comparaison de différentes études portant sur les mémes espéces difficile & réali-
ser (Philippe et al., 2011). Bien que les conditions expérimentales et les choix des

logiciels d’analyses soient dépendants des ressources informatiques disponibles,



d’autres conditions, telles que les méconnaissances des biais liées & chaque outil,

sont aussi responsables de la divergence des résultats (Leigh et al., 2011).

Pour décrire quelques perspectives dans cette problématique, nous prenons 1'ex-
emple suivant. Pour ’analyse phylogénétique de 9 génomes mitochondriaux mam-
miféres, un phylogénéticien dispose de plusieurs ressources, méthodes et approches
phylogénétiques. Il choisit de télécharger la plateforme Armadillo (Lord et al.,
2012) pour analyser ses données. Une collection de méthodes s’affiche. Son ex-
périence en analyse phylogénétique ne lui permet pas de comprendre toutes les
méthodes disponibles. Il choisit donc de se référer & un article proposé par son
directeur. Un flux de travail s’affiche alors 4 1’aide de 1’application Armadillo. En
langant le processus, des erreurs s’affichent & 1’écran. Encore intrigué et perdu dans
un ensemble de paramétres et contraintes logiciels, le phylogénéticien appelle son

directeur pour lui demander de 1'aide dans I’exécution de sa tache.

Les niveaux d’expertise des phylogénéticiens varient et dépendent de ’expérience
phylogénétique personnelle ainsi que l’expérience "logicielle" qui manipule des
représentations symboliques de I’ordinateur. Par exemple, face & un logiciel de re-
cherche de séquences ARN d’une espéce, I’expert doit comprendre 'interface ainsi
que les paramétres de ce logiciel. Il s’agit ici de deux différents types de connais-
sances : connaissances du domaine vs. connaissances logicielles (voire méme, des
fois, matérielles). Cette attitude cognitive doit &tre dirigée et guidée afin d’aider
I’utilisateur & mieux "manipuler" ces représentations. La multitude de connais-
sances & maitriser ainsi que la complexité des méthodes phylogénétiques en-
gendrent des fois des méconnaissances liées au domaine et aux outils utilisés :
ne pas bien paramétrer ces logiciels ou choisir les mauvaises versions de données

peuvent "fausser" les résultats finaux.

Une ontologie (De Raedt, 2008) est une solution qui facilite les taches d’intégration



et de réutilisation des données d’une fagon non ambigués en définissant un vocabu-
laire standard des concepts du domaine. Elle garantit ainsi un langage de partage
de connaissances. Le développement des ontologies, dans les domaines, bioinfor-
matique, et biologique, devient un pivot pour les ezperts, qui s’appuient sur le
traitement de données en grande masse. Concrétement, nous comptons profiter de
la représentation ontologique du domaine phylogénétique afin de faciliter la tache
d’acquisition de connaissances. Nous ne nous intéressons pas ici 4 résoudre un pro-
bléme d’analyse phylogénétique mais plutét & formaliser et abstraire ses concepts
et pratiques processuelles. L’étude phylogénétique ne représente que le domaine
d’application de notre approche ; une approche visant i suggérer un ensemble de

"meilleures" pratiques.

Tout d’abord, au chapitre 1, nous présentons le contexte général de notre projet
soit en (1) analyse phylogénétique, (2) acquisition de connaissances de résolution
de problémes et (3) extraction de flux de travaux concrets a partir des textes
scientifiques, (4) fouille de flux de travaux abstraits et (5) recommandation basée
sur le contenu. Nous présentons aussi dans ce chapitre les objectifs de recherche
et les besoins de développement afin de réaliser notre projet. Au chapitre 2, nous
nous attardons & présenter notre premiére contribution en extraction de flux de
travaux concrets & partir des textes. Nous détaillons dans ce chapitre la solution
proposée afin d’extraire les différents éléments des flux de travaux & savoir les
procédures (techniques) et les types de données impliquées. Au chapitre 3, nous
présentons la deuxiéme contribution de notre approche en fouille de motifs abs-
traits a partir des flux de travaux extraits. Ensuite, au chapitre 4 nous présentons
’architecture du systéme proposé dans ses deux modules d’extraction et de fouille
de connaissances processuelles abstraites. Dans ce chapitre, nous reprenons les

deux contributions dans leur cadre systémique. Enfin, au chapitre 5 nous étudions

les résultats obtenus et leurs pertinences dans le domaine de 1’analyse phylogéné-



tique. Nous présentons aussi une esquisse de solution pour le développement d’un
systéme de recommandation de flux de travaux & partir des modéles abstraits

générés.

Cette thése inclut des textes d’articles publiés, soumis et en cours de soumission

présentant les différentes contributions.

e Chapitre 2 : Halioui, A., Valtchev, P. et Diallo, A. B. (2017). Bioinformatic
workflow extraction from scientific texts using word sense disambiguation,
Dans IEEE/ACM Transactions on Computational Biology and Bioinforma-
tics (TCBB), 2017. (soumis)

e Chapitre 3 : Halioui, A., Martin, T., Valtchev, P. et Diallo, A. B. (2017).
Ontology-based Workflow Pattern Mining : Application to Bioinformatics
Expertise Acquisition, Dans The 32nd ACM SIGAPP Symposium On Ap-
plied Computing (SAC), 2017. (publié)

e Chapitre 4 : Halioui, A., Valtchev, P. et Diallo, A. B. (2017). T-Gowler :

Discovering Generalized Process Models within Texts. Dans Journal of Com-
putational Biology (JCB), 2017. (publié)
Halioui, A., Valtchev, P. et Diallo, A. B. (2015). Acquisition of generic pro-
blem solving knowledge through information extraction and pattern mining,
Dans Tools with Artificial Intelligence (ICTAI), 2015 IEEE 27th Internatio-
nal Conference on (ICTAI), 2015. (publié)

e Chapitre 5 : Halioui, A., Valtchev, P. et Diallo, A. B. (2017). Towards an
ontology-based recommender system for relevant bioinformatics workflows,

Dans le journal BMC Bioinformatics, 2017. (soumsis)



CHAPITRE I

CONTEXTE, NOTIONS DE BASE ET OBJECTIFS DE RECHERCHE

1.1 Préambule phylogénétique

il Qu’est ce qu’une analyse phylogénétique ?

La phylogénie moléculaire est la discipline ayant pour objectif la reconstruction
de T'histoire évolutive des espéces par comparaison des séquences de leurs génes
ou de leurs protéines. L’arbre phylogénétique est la forme-clé utilisée pour repré-
senter 1’évolution d’une séquence. Le cours évolutif présente un point de départ :
une racine (le tout organisme) et des chemins évolutifs. Par exemple, la classifica-
tion phylogénétique de I'homo sapiens (I’'Homme), appartenant au genre " Homo",
permet de classer la lignée humaine dans la super-famille Hominidés ( Hominidae
en anglais) qui englobe aussi des genres non-éteints de singes (grands-singes) ; par
exemple '’homo sapiens partage plus de 95% de ses génes (ADN) avec le chim-
panzé. Aujourd’hui, de plus en plus d’arbres phylogénétiques d’espéces vérifiés sont
disponibles aux chercheurs via des portails Web tel que le projet AToL (A Tree
of Life) 1. Les arbres de génes individuels ou d’espéces nouvellement découvertes

doivent étre réalisés et vérifiés manuellement par différents experts et chercheurs

Le projet Assembling the Tree of Life (ATOL) est un projet sponsorisé par le Natio-
nal Science Foundation du gouvernement américain (http://www.nsf .gov/funding/pgm_summ.

jsp?pims_id=503629) visant a reconstruire I’arbre de toutes les espéces au fil de I’évolution



scientifiques. Des solutions en ligne fournissent des plateformes de flux de travaux,
telles que la plateforme Armadillo (Lord et al., 2012) et Taverna (Wolstencroft
et al., 2013), proposant une variété d’outils d’analyse phylogénétique dans des pi-
pelines d’analyse semi-automatiques (Guler et al., 2016). Cependant, aucun d’eux
ne définit des "meilleures pratiques standards" en se basant sur des informations
apriori comme les types de données, e.g., protéines virales, ADN de plantes, ou

les dépendances logiciels de services Web utilisés.

La reconstruction elle méme de l’arbre phylogénétique ne présente pas le but
de notre étude. C’est plutét les fagons dont les "experts" du domaine résolvent
les problemes phylogénétiques qui nous intéressent. Nous décrivons dans ce qui
suit une description générale des processus de 1’analyse phylogénétique (voir aussi
Fig. 1.1) afin d’aider le lecteur & avoir une vue d’ensemble sur les concepts traités

dans notre étude de cas.

1.1.2  Etapes d’analyse phylogénétique
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FIGURE 1.1: Pipeline général de I'analyse phylogénétique



1. Collection des données moléculaires. La collecte des séquences génomiques
est la premiére étape dans I’analyse phylogénétique. Dans cette étape, il s’agit de
chercher des séquences "similaires" dites homologues & un ensemble d’organismes
(ou taza son nom technique) et leur données moléculaires (ADN, ARN, protéine)
dans des bases de séquences reconnues dans le domaine, telles que NCBI? ou
ENSEMBI?, afin de les "annoter" 4. BLAST (Tatusova et Madden, 1999) est
la méthode de recherche des homologues la plus répandue. Nous trouvons aussi
d’autres outils comme SSEARCH?® ou ceux basés sur des modéles markoviens
cachés comme HMMER® ou HHpred”. Pour de plus amples informations, le lecteur
peur se référer au travail de Finn et al. (2015). La qualité des séquences collectées
par le séquengage et ’assemblage dans un laboratoire de biologie a un impact
direct et majeur sur la reconstruction de I’arbre phylogénétique. Par exemple, une
simple distinction erronée entre les paralogues® et les orthologues® peut générer des
résultats incorrects. Finalement, la recherche des homologues doit répondre aux

questions de 1’analyse : Est ce qu'il y’a un nombre suffisant de données (de taxa

2http://ncbi.nlm.nih.gov
Shttp://ensembl.org

411 s’agit d’identifier les propriétés et les composants moléculaires d’une séquence : régions

codantes, structure, fonctions moléculaires, etc.
Shttp://www.biology.wustl.edu/gcg/ssearch.html
Shittp://hmmer.org
"https://toolkit.tuebingen.mpg.de/hhpred

80n dit que des génes sont paralogues lorsqu'ils proviennent de la duplication d'un méme

géne mais qu'ils vont par la suite évoluer différemment suite & diverses mutations.

9Une fois I'homologie des génes établie, si ces deux génes ont un emplacement équivalent

sur le génome, on dit qu'ils sont orthologues entre différentes espéces.



par exemple) ? ou Quelles séquences doit-on filtrer afin d’augmenter la fiabilité

des résultats finaux.

2. Alignement multiple des séquences. L’alignement multiple représente 1’hy-
pothése d’homologie qui réside dans les séquences a étudier. L’évolution des sé-
quences choisies doit refléter ce que I'on veut calculer. Ainsi, chaque alignement
est une sorte de test de cette hypothése sur un descendant d’un ancétre commun.
Nous trouvons dans la littérature une multitude d’approches et techniques d’ali-
gnement multiple telles que ClustalW (Thompson et al., 2002), MUSCLE (Edgar,
2004) et ALIGN (Cohen, 1997). Cependant, il faut bien étudier la motivation
derriére l'utilisation de chaque méthode. Par exemple, si un alignement structurel
est utilisé, alors il faut prendre en considération le biais qui vient avec une telle
méthode : les séquences peuvent changer de structures durant 1’évolution mais
cela peut ne pas correspondre & une évolution historique. Les méthodes actuelles
d’alignement peuvent engendrer des résultats différents en se reposant sur des hy-
pothéses statistiques et algorithmiques différentes. Ainsi, les chercheurs biologistes

et bioinformaticiens doivent prendre en considération telles types de contraintes.

3. Sélection d’un modeéle d’évolution. Le but de cette étape est d’estimer les
relations phylogénétiques (en termes de probabilités) dans les taza. Les modéles
d’évolution représentent le processus de substitution des nucléotides et des acides
aminés dans I’histoire évolutive. Les méthodes existantes sont généralement inter-
reliées. Elles différent par le nombre de paramétres qu’elles comportent, les types
de substitutions et les différences entre les probabilités de substitution. Nous trou-
vons des méthodes dédiées aux séquences ADN, comme GTR, K80 ou F81 (Cavalli-
Sforza et Edwards, 1967) et des modéles dédiés aux protéines comme JTT et

WAG (Abascal et al., 2005). Il faut noter que, dans la plus part des temps, les



données s’apparient avec plusieurs modéles & la fois puisque chacun de ces mo-
déles représente des propriétés différentes de I’évolution (e.g., structure de codons,
composition dynamique des nucléotides). Alors, il faut bien tester la relation entre

les paramétres des modéles et les processus biologiques & étudier.

4. Inférence phylogénétique. Il s’agit de reconstruire un arbre phylogénétique dé-
crivant ’histoire évolutive des tazra & étudier. Nous trouvons principalement deux
types de méthodes, soit les méthodes basées sur la distance et les méthodes basées
sur les caractéres. Dans la premiére approche, il s’agit de calculer une matrice de
distances génétiques, e.g., distance de Wagner, Neighbor Joining (Lemey Philippe,
2009). Cette matrice représente une estimation du nombre de substitutions faites
au cours de ’évolution. Dans la deuxiéme approche, nous trouvons des méthodes
issues du maximum de vraisemblance et de parcimonie. Ici, il s’agit de calculer la
probabilité de 1'évolution & partir de différents paramétres du modéle d’évolution
utilisé, les différentes structures de l'arbre phylogénétique et d’autres caracté-
ristiques (Durbin et al., 1998). Encore une fois, il faut bien étudier les arbres
phylogénétiques inférés et le support (e.g., probabilités postérieurs, distance de
vraisemblance) qui vient avec chaque méthode. Prendre les mauvais paramétres

peut engendrer des biais systémiques tels que I’Attraction des Longues Branches!.

107 'attraction des longues branches est un artefact de reconstruction en phylogénie mo-
léculaire qui provoque le regroupement des taxons qui évoluent d’une fagon rapide sans refléter
leur véritable lien de parenté. Ce phénoméne est lié a l'accumulation de substitutions conver-
gentes qui sont interprétées comme des synapomorphies (n’ayant pas évoluées dans une ou
plusieurs ’branches’ du taxon). L’attraction des longues branches aflecte particuliérement les
méthodes de parcimonie, notamment parce qu’elles n’autorisent pas de différence dans les taux

de substitutions.
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5. Validation. La robustesse des arbres estimés peut étre évaluée via différentes
approches de validation de topologie (groupes, clades) et/ou de calcul des er-
reurs aléatoires (échantillonnage de caractéres, génes non cohérents) ou systé-
miques (indépendances de caractéres, distances corrigées, etc.). L’hypothése re-
présentée dans l'arbre estimé est généralement validée & 1’aide des techniques de
ré-échantillonnage telles que le Jacknife ou le Bootstrap (Lemey Philippe, 2009) .
Dans le bootstrap paramétrique seqBoot (Plotree et Plotgram, 1989) par exemple :
étant donné les séquences, une phylogénie et un modéle d’évolution, il s’agit de
simuler I’évolution issues aléatoirement d'une distribution indépendante (Felsen-
stein, 1985). Ici aussi, il faut faire attention aux paramétres de la simulation (e.g.,

type de distribution, échantillon de départ).

6. Analyse des arbres phylogénétiques. Il faut bien noter qu’une étude, sans
une analyse de la significance des résultats dans un contexte biologique large, a
peu de valeur scientifique. Dans cette étape, les arbres phylogénétiques générés
sont analysés dans des études plus avancées comme dans les analyses de diver-
gences des espéces dans le temps ou encore dans les analyses biogéographiques
des organismes (dos Reis et al., 2016). Nous trouvons ici des approches basées
sur 1’analyse de parcimonie comme TreeFitter (Ronquist, 2003) ou des approches
statistiques comme GeoDis (Posada et al., 2000) analysant les distributions des
clades géographiques des haplotypes®!. Effectivement, divers facteurs additionnels
sont & considérer pour bien comprendre ces systémes biologiques complexes. Par
exemple, comprendre les niveaux d’expression d’un géne extrait & partir de plu-
sieurs spécimens archéologiques, revient & étudier aussi la conservation de son

ADN dans différentes conditions expérimentales selon plusieurs paramétres.

111 ’ensemble de génes hérités du méme parent dans le méme chromosome.
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7. Visualisation de données. La visualisation des résultats d’analyses phylogé-
nétiques pose un probléme en soi, d’autant plus qu’il s’agit d’analyser les résultats
de grands espaces de distributions. Divers logiciels de visualisation d’arbres sont
disponibles comme Phylodendron, FigTree et TreeView (Saldanha, 2004). La ma-
jorité de ces programmes fournissent des outils statistiques et d’exportation de
données sous différents formats portables. Par ailleurs, une mauvaise visualisation

de données peut déformer l'interprétation des résultats.
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Nous décrivons un scénario d’analyse phylogénétique dans la figure 1.2. Ce flux
de travail décrit des processus phylogénétiques dont l'alignement est I’entrée de
’analyse. La distance phylogénétique a été calculée par DNA Dist!? ; la reconstruc-

tion des arbres phylogénétiques été assurée par MrBayes'3, PhyML'* et NEIGH-

2http://evolution.genetics.washington.edu/phylip/doc/dnadist .html
3http://mrbayes.sourceforge.net

Yhttp://www.atgc-montpellier.fr/phyml
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BOR?'® ; 1a validation des topologies générées été faite par ’algorithme de Robinson

& Fould'S et la validation des longueurs de branches a été assurée par TreeDist'.

Les analyses phylogénétiques présentent différentes approches, algorithmes et pro-
grammes (logiciels) dans chacun de ses processus ainsi que différents types et
formats de données posant ainsi des contraintes additionnelles complexes sur le
probléme & résoudre. Cette mosaique d’objets que nous envisageons de modéli-
ser 'acquisition présente différents défis liés au domaine de 1’application et & la

manipulation "informatique" de ses outils.

1.3 Flux de travaux et acquisition de connaissances de résolution de problémes

Le concept flux de travauz a été initialement définit dans le domaine d’affaires en
1996 par la WEMC!® (Workflow Management Coalition) comme : "the automa-
tion of a business process, in whole or part, during which documents, information
or tasks are passed from one participant to another for action, according to a
set of procedural rules". Par ailleurs, les flux de travaux scientifiques, reconnus
entant "paradigme utile pour décrire, gérer et partager des analyses scientifiques
complezes" (Van der Aalst, 2011) , sont utilisés dans la résolution automatique
de problémes en créant des processus comportant différentes étapes. Ainsi, nous

proposons la définition suivante des flux de travaux :

un flux de travail représente des connaissances de résolution de pro-

bleme dans un ensemble de tdches (activités) interconnectées par des

15http://evolution.genetics.washington.edu/phylip/doc/neighbor.html
http://adn.biol.umontreal .ca/ numericalecology/old/robinson_foulds.html
7http://evolution.genetics.washington.edu/phylip/doc/treedist.html

"8http: //waw . wimc. org
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fluz de contréles (e.g., séquences, procédures paralléles, itérations, etc.)
et des fluz de données (d’entrées et de sorties). Ces objets (tdches et
données) et interactions (relations entre ces objets) sont souvent an-
notés par des descripteurs sémantiques soit des métadonnées décrivant

la provenance de données et les contraintes expérimentales.

Ainsi, nous considérons qu'un flux de travail est un graphe étiqueté orienté (Di-
rected Acyclic Graphs - DAG en anglais) : W(Vw, Ew, Lw, ow) ot Vi et Ew
représenten 1'ensemble d’objets et I’ensemble de relations, respectivement, et gw :
(Vw, Bw) — Lw la fonction qui assigne les étiquettes [ € Ly aux objets et aux re-
lations. Afin de représenter le raisonnement derriére 1’acquisition des connaissances
processuelles Ly, nous avons besoin de comprendre les types de connaissances im-
pliquées et les étapes de leur acquisition. Nous présentons dans ce qui suit une
revue de la littérature servant a éclairer les concepts clés dans 1'acquisition de

connaissances processuelles.

2% Connaissances impliquées dans la résolution de problémes

Toute connaissance scientifique, comme dans la phylogénie et tout autre domaine
scientifique, est fondée sur trois types d’information — observation, lois et théo-
ries. Les observations sont généralisées dans des lois et ainsi expliquées par des
théories. Cependant, dans un laboratoire, les praticiens, et en particulier les bio-
logistes phylogénéticiens, fournissent "intensément" d’effort dans la construction
de protocoles de processus et dans la collecte et le pré-traitement de données et
d’outils. Ceci vient avant méme de raisonner sur les observations ou les théories.
Par conséquent, 1’élément de base dans le processus de résolution de problémes est
la connaissance processuelle et procédurale représentant le savoir faire humain.
Il est important de noter la différence entre les connaissances déclaratives, aussi

dites propositionnelles ou explicites (savoir-quoi) et les connaissances processuelles



14

(savoir-comment). Tandis que le premier type de connaissances repose plutét sur
les faits, les connaissances processuelles sont basées sur ’expérience et la compé-
tence des individus (Sahdra et Thagard, 2003). Myaeng et al. (2013) appellent les

connaissances liées aux processus, des connaissances expérientielles :

"Ezperiential knowledge [...] as the knowledge gained through ezpe-
rience as opposed to a priori (before experience) knowledge” or “know-
ledge that can only be acquired through experience. [...] This definition
has a few elements that affect the process of experience mining and the
associated techniques when it is done automatically. First, something
must “have happened” in the past if it is to be considered as experience.
This s particularly important especially when a tertual description is
analyzed and discerned for existence of an experience. Second, an expe-
rience must have a context because it must have happened. A real event
or activity cannot happen without a context regardless of whether or
not it is described explicitly or assumed implicitly. Third, in order for
an activity or event to become an experience, it must have influenced

the way the experiencer think or behave.”

Dans leur définition, trois éléments interviennent dans ’acquisition de I'expé-
rience : (1) les connaissances apriori, (2) le contexte de ’expérience et (3) le
raisonnement sur ’activité/événement pour produire une expérience. Le savoir
faire est ainsi le produit de ces éléments. Nous revenons plus tard sur ces trois

concepts dans les sections suivantes.

Dans la philosophie du processus, en particulier dans la métaphysique d’Alfred
North Whitehead (Bogost, 2010), tout est impliqué dans des processus dyna-

miques :
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"The idea is that being is an event, beings are events, and that exis-
tence fundamentally involves flow and change and inheritance. [.../
Everything is constantly renewing itself through a series of perishing
occasions [...] Each actual entity is a process proceeding from phase
to phase , each phase being the real basis which its successor proceeds

toward the completion of the thing in question.”

Ici, Whitehead abandonne le matériel en faveur des processus; tout devient des
événements et des continuités. Face a ce rejet du discret, nous trouvons que dans
I'informatique est utilisé plutdt le terme "connaissances procédurales” (Corbett
et Anderson, 1994). Dans ce contexte, un processus représente deux aspects : (1)
la fagon dont les choses fonctionnent (méthodes, techniques, etc.) comme dans
les systémes de gestion de flux de travaux bioinformatiques et (2) la fagon dont
une computation fonctionne. Afin de clarifier toute confusion entre processus et
procédure, nous distinguons bien ’aspect processuel des processus de son aspect
computationnel. Pour cela nous utiliserons le terme "processus" pour désigner un
flux des travaux et les termes "technigque" ou "algorithme" au lieu de "procédure"
pour représenter les logiques (symboles) et leurs computations. Les connaissances
de résolution de problémes impliquent ainsi des connaissances processuelles, pro-

cédurales ainsi que déclaratives.

Toutes ces connaissances présentent plusieurs défis et ceci peu importe le niveau
d’expertise des individus. Sternberg et Ben-Zeev (2001) ont identifié quatre carac-
téristiques distinguant un novice d'un expert en résolution de problémes (voir le
tableau 5.5 dans l'annexe E). Les recherches de Daley (Daley, 1999) ont abouti &
découvrir que les novices tendent & trouver dans leur processus d’apprentissage un
processus d’acquisition de nouvelles connaissances en liant le probléme & résoudre
& des cas ressemblant & ce qu'ils ont déja vu. Dans cette approche (best-fit ap-

proach), il s'agit de trouver le ou les meilleurs modeéles de résolution similaires au
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probléme & résoudre. Par ailleurs, Forneris et Alpine (Forneris et Peden-McAlpine,
2007) prouvent que le raisonnement critique se trouve plutét dans la maitrise de la
connaissance du domaine (déclarative) en impliquant des perspectives plus large
de la connaissance. Dans (Sahdra et Thagard, 2003), les auteurs définissent les
connaissances procédurales chez les experts a travers 1I'Intuition derriére la re-
connaissance des motifs (patrons ou patterns en anglais) les plus pertinents F'P
de son environnement afin de prendre une décision et réagir. Selon Dreyfus and
Dreyfus (1986) et Klein (1998), l'intuition dépend de I'utilisation de l’expérience
pour reconnaitre les motifs clés qui indiquent la dynamicité d’une situation. Face &
différentes taches et grace a son intuition, un expert reconnait facilement le motif
clé F'P et certaines attentes. La reconnaissance de F'P permet ainsi de définir ses
buts et ses actions. Si I’expert détecte une anomalie, il peut chercher les attributs
qui correspondent mieux & la situation. Il peut ainsi modifier son expérience face
aux changements et évaluer (grace 4 une simulation mentale) ses décisions/actions

en imaginant l'impact de ses actions sur les buts/motivations.

122 Raisonnement

Le but du raisonnement est de chercher & produire des stratégies basées sur 1’ap-
prentissage & partir des expériences antérieures. La résolution d’'un probléme pré-
défini implique "une recherche systématique d’une solution dans un espace d’ac-

tions possibles" (Rousse, 2013).

Un espace de problémes peut é&tre défini comme suit :

"A problem space comprises symbolic structures and operators—actions
that begin with an input and produce an output—as well as the problem
itself. The problem is defined through a set of initial states, a set of

goal states, and a set of path constraints". (Sternberg et Ben-Zeev,
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2001)

Par exemple, un chercheur biologiste doit trouver un/plusieurs chemin(s) clair(s)
d’une solution et doit étre capable d’identifier les étapes requises afin d’atteindre
son but. En effet, 1’'identification et I’exécution de ces étapes présentent en soi le
défi & affronter. Sternberg et Ben-Zeev (2001) présentent les stratégies de réso-
lution dans un espace de problémes en définissant non seulement les opérateurs
d’actions mais aussi le colt de 'efficacité de ces opérateurs. Un expert est ce-
lui qui peut, en méme temps, expliquer les étapes choisies et évaluer les actions
qui supportent ses explications. En d’autres termes, un biologiste doit trouver les
meilleurs outils dans chaque sous-probléme afin de résoudre le probléme global.
Par exemple, une fois que les données génomiques sont collectées, il doit résoudre
le probléme d’alignement de ses séquences en tenant compte du type de séquences
(ADN, ARN ou protéines), de ’espéce étudiée (plante, archée, ... ), des fonctions
moléculaires et cellulaires impliquées (enzymes, ligand, ...), etc. Ce probléme est
ainsi défini dans un espace d’objectifs/sous-objectifs & atteindre qui sont inter-
reliés par des contraintes (dépendances logicielles — configurations ou du domaine

—hypothéses).

Les nouvelles techniques de résolution de problémes, notamment basées sur les
flux de travaux et les services Web (Blankenberg et al., 2001; Lord et al., 2015;
Chen et Chang, 2017), sont de plus en plus utilisés grace a leur "facilité" de mise
en place, mais aussi par la qualité des solutions qu’elles sont capables de trouver
en un temps "assez court". Cependant, elles se heurtent 4 un probléme bien connu
en informatique : la "malédiction de la dimension". Bien que les solutions actuelles
de fouille de données se basent sur un nombre important de variables & optimiser
(parfois plusieurs milliers), des heuristiques sont initialement mises au point sur
des problémes d'une dizaine de variables (Witten et al., 2016). On admet dans la

littérature que 'on peut qualifier de "probléme a haute dimension" un probléme
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dont le nombre de variables est supérieur & 100. Ces problémes nécessitent une
approche différente. De fait, la plupart des méthodes cités ne sont pas robustes
a l'augmentation de la dimension, et ne convergent plus en un temps raisonnable
(d’exécution), lorsque ce nombre devient assez important. Le nombre important
des combinaisons de paramétres (configuration de algorithmes), leur dépendances
(non triviales & représenter) ainsi que la grande diversité des solutions actuelles
bioinformatique et des hypothéses adoptées dans chaque étapes rendent la tache
d’optimisation difficile & réaliser avec les méthodes actuelles de fouille de données

et d’apprentissage automatique.

Nous trouvons dans les littératures de la cognition compleze et de 1’apprentissage
automatique différentes stratégies de résolution de problémes (Kahney, 1986; Mit-
chell et al., 2004; Witten et al., 2016). Dans I’approche ascendante il s’agit de
commencer par la résolution du but final et ensuite trouver un chemin dans 1’es-
pace de problémes qui valide I’hypothése et 1’état initial. Contrairement a l’ap-
proche descendante dans laquelle I’algorithme de résolution de problémes cherche
a trouver le meilleur chemin (dans ’espace de problémes) en commencgant par

I’état initial.

En outre, le choix du/des meilleur(s) P dans cet espace de recherche revient a
trouver la meilleure expérience antérieure et la formaliser & travers une infé-
rence (consciemment ou pas) et ensuite la transformer en une action. Les théories
computationnelles actuelles ne permettent pas de répondre "clairement" a la fa-
gon dont l'expert infére des nouvelles connaissances processuelles et procédurales.
L’approche symbolique, avec Newell (1990) et Anderson (1993) de la cognition
propose des modéles basés sur des régles : [F < pattern > THEN < reaction >.
Dans ce contexte, I'expertise est représentée dans la prémisse de la régle, cepen-
dant, elle doit étre verbalisée dans des clauses. Holyoak (1991) soutient plutét

I’approche connexionniste de la représentation de l’expertise dans laquelle la prise
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de décision est basée sur la satisfaction paralléle des contraintes dans un modéle
inspiré du réseau de neurones chez I’humain. Les neurones sont interconnectés
par des contraintes positives et négatives et la décision requiert un processus de
calcul de la meilleure fonction de satisfaction. Cependant, ce modéle est loin de
la représentation "réelle" de la conscience humaine puisque 1’accés paralléle & ces

processus de satisfactions se fait de maniére "inconsciente".

Par ailleurs, nous trouvons d’autres approches socio-cognitives simulant 1’acqui-
sition des connaissances de résolution de problémes. Dans la théorie des activi-
tés (Kuutti, 1996), les chercheurs essayent de comprendre la relation entre les
activités et ’esprit humain (conscience). Nous trouvons ainsi le modéle de Vy-
gotsky qui modélise une activité par le triplet (sujet, outil, objet), le modeéle de
Engestrém qui introduit ’aspect collaboratif (roles des acteurs) dans les proces-
sus et d’autres modéles analysant les aspects, hiérarchique et sémantique, entre
les trois éléments des activités (Myaeng et al., 2013). Dans la théorie des " Scripts"
de Schank et Abelson (voir leur nouvelle édition (Schank et Abelson, 2013)), un
script permet de faire des économies de raisonnement en guidant l'interprétation
d’événements rencontrés dans des récits/activités courantes sauvegardées dans une
mémoire épisodique. Les scripts se reposent sur des schémas (Bartlette (1995) et
d’actions qui garantissent la cohérence et "s’occupent” des détails de résolution de
problémes. Le Raisonnement & Partir des Cas (R4PC) est une implémentation de
cette notion de scripts et de mémoire épisodique ot les cas décrivent des solutions
4 des problémes déja rencontrés. Il s’agit aprés d’apparier les éléments du nou-
veau probléme avec les éléments du schéma des scripts stockés dans la mémoire.
Dans la théorie des " Frames" de Gordon (1998), une différente implémentation
de la théorie de scripts est proposée. Une activité est représentée par un frame,
qui consiste & remplir un ensemble de "slots" (e.g. événement, lieu, individu, etc.)

lorsqu’une situation est rencontrée. Les valeurs de slots sont organisées dans un
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thésaurus de termes (réseau sémantique) liés pour construire des clusters d’ac-
tivités (activités communes). En changeant les frames, le contexte des activités
communes changent aussi. Les frames montrent ainsi 'importance du contexzte

dans la description d’une activiteé.

1.2.3 Problémes d’acquisition de connaissances processuelles

Désormais, avec le Web 2.0 et les nouvelles technologies du Web Sémantique (Faatz
et Steinmetz, 2002), le Web devient de plus en plus structuré (mais encore loin de
la structuration compléte) et donc de plus en plus exploitable en tenant compte
de la grande masse de textes représentant différents types de savoir faire : blogs,
forums, how-to, etc. Les pages Web présentent alors une source intéressante pour
la fouille d’expériences. Dans ce contexte, la tiche d’acquisition de connaissances
de résolution de problémes utilise des techniques de Traitement Automatique de
Langage Naturelle (TALN) (Cunningham et al., 2002a) afin de faciliter 1’élicita-
tion de données & partir des textes. Il ne s’agit pas de remplacer le role d’un expert
dans 'acquisition des connaissances mais plutét de l'aider & encoder et formaliser
ses connaissances. Toutefois, les outils actuels du TALN engendrent des erreurs
d’encodage liées au contexte et & d’autres ambiguités sémantiques (Zempleni
et al., 2007). Impliqué dans un processus d’annotation, le réle d'un expert reste
toujours primordial dans 1’acquisition de processus. Néanmoins, plusieurs difficul-
tés entravent son role (Sternberg et Ben-Zeev, 2001). Nous citons dans la suite

quelques unes.

Habilités Cognitives.  Dans la linguistique cognitive, la rigidité cognitive (ou
entrechment en anglais) référe & la non flexibilité de I’expérience des experts dans
la stabilité/instabilité de leurs schémas du domaine. Dane (2010) a étudié ce

compromis entre ’expertise et la rigidité cognitive :
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"I adopt the term cognitive entrenchment (or, simply, entrenchment)
to refer to a high level of stability in one’s domain schemas. Although
cognitive entrenchment may not arise solely among experts, the acqui-
sition of domain expertise can lead to such entrenchment. The schema
stability characterizing cognitive entrenchment may emerge, at least
in part, from the frequency with which experts tend to draw on their
domain schemas. In particular, because expertise is accrued through
continual training, practice, and performance, the content and rela-
tions comprising an expert’s domain schemas are likely to be activated
and applied innumerable times. This repeated activation and use may
stabilize the structure of the expert’s schemas such that schema revi-

sion becomes relatively unlikely."

Indépendamment du niveau d’expertise de l’encodeur X, ce dernier peut étre
immergé dans des "motifs habituels" de raisonnement qui peuvent biaiser ’ac-
quisition de connaissances. Par exemple, un biologiste X peut se tromper dans
I'identification de la classe d’un outil 0 dans un texte en reconnaissant tout sim-
plement le terme utilisé. Le programme PhyML 1° est généralement utilisé dans
I’étape d’inférence d’arbres phylogénétiques. Toutefois, ce programme peut étre
aussi utilisé comme un paramétre dans un autre programme afin de résoudre une
étape différente, comme par exemple dans le calcul de mesure de vraisemblance
pendant I'étape de la validation des arbres phylogénétiques. X peut se tromper
ainsi dans ’annotation de 1’outil o parce qu’il a ’habitude de voir o dans la méme

étape.

http://www.atgc-montpellier.fr/phyml
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Charge cognitive excessive. La charge cognitive de X peut accroitre lors de
I’attribution des ressources & des activités prédéfinies. X doit décider quelles res-
sources sont impliquées dans la résolution d'une étape. Ceci peut engendrer chez X
une sorte de stress et d’anxiété excessive lorsqu’on accorde une période de temps
bien déterminée pour exécuter sa tdche d’annotation. L’acquisition de connais-
sances processuelles et procédurales peut étre aussi assurée via des canaux de
commnunication classiques comme la communication "de personne & personne'.
C’est 1a4 ol nous trouvons d’autres types d’obstacles d’acquisition. Un expert est
souvent occupé ou débordé et accorde souvent peu de temps a des discussions dont
le but est d’extérioriser des connaissances processuelles touchant son savoir faire.
Il peut, peu importe ses excuses, annuler un rendez vous ou tout simplement avoir
des difficultés a répondre & une question. Aussi, lors d’une discussion, un expert
peut développer un sentiment de crainte, voire de menace, et il peut donner par
conséquent de fausses informations. Il n’existe pas de solutions spécifiques pour ce
genre de problémes. Il faut tout de méme garder une bonne relation personnelle

avec I'expert (Hart, 1988).

La question majeure que nous posons dans la suite est : Comment rendre la grande
masse de connaissances liées aux activités décrites dans des textes sous un format
"compréhensible" par la machine (machine readable) avec un degré de granularité
suffisant afin de les intégrer dans des applications "intelligentes”. Le majeur défi
reste dans I'identification des processus d’activités, ’extraction, I'interprétation,
I'abstraction et 1'agrégation des éléments de I’expérience en différents niveaux de

granularité.

1.24 Une approche basée sur les ontologies

Nous essayons de résoudre le probléme d’acquisition des connaissances proces-

suelles abstraites en nous appuyant sur une approche d’extraction basée sur une
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ontologie du domaine afin de représenter les différents niveaux d’abstraction du
savoir faire. Décrite dans un language formelle, comme avec les logiques de des-
cription (Baader, 2007), ’ontologie définit un ensemble structuré catégorisant les
termes du domaine dans des Concepts et des Relations représentant les différentes
sémantiques dans différents niveaux d’abstraction®. Ainsi, tout comme un flux de
travail W, une ontologie 2 est considérée comme un DAG ou les noeuds repré-
sentent les concepts et les arétes représentent les relations entre ces concepts. Nous
présentons dans la figure 1.3 un exemple d’ontologie dans le domaine bioinforma-

tique.

Ces ontologies peuvent servir de support aux utilisateurs experts ou novices afin
de résoudre leurs problémes complexes selon leurs niveaux d’expertise. Dans un
niveau concret de I’ontologie nous trouvons des concepts et des relations touchant
& des problémes spécifiques tels que le calcul de distances entre des séquences ou
le calcul d’un modéle de substitution de nucléotides. Dans un niveau plus haut
d’abstraction, nous trouvons plutét des concepts génériques qui représentent le
but global d'un probléme : e.g., 'inférence phylogénétique. La généralisation (ap-
pelée aussi subsomption) des concepts concrets en concepts abstraits doit prendre
en considération les niveaux d’abstraction suffisants pour une modélisation de ré-
solution de problémes (Staab et al., 2010). La généralisation doit ainsi se limiter
4 un niveau d’abstraction particulier. Par ailleurs, la finalité des représentations
n’est pas dans la modélisation fidéle de la réalité d'un domaine. Ce n’est pas dans
la théorie que nous devons aller chercher des formes explicites mais c’est plutét
dans certaines attendues pratiques. Le réle de l'ontologie n’est pas alors théo-

rique mais plutét opératoire : Elle vise @ concevoir certaines aptitudes d’analyse

20]] faut noter qu’une abstraction (généralisation) permet de regrouper un certain nombre
de concepts/relations selon des caractéristiques communes. Un niveau d’abstraction décrit alors

la profondeur du concept/relation dans I’ontologie.
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FIGURE 1.3: Portion de l'ontologie "The Software Ontology" (SWO) (Malone

et al., 2014). Les concepts sont représentés par des rectangles gris et les relations
par des arétes étiquetés. La hiérarchie des concepts est décrite par les relations
"has SubClass’ définissant ainsi les différents niveaux d’abstraction (rectangles
pointillés). Par exemple ’ensemble des concepts 'Format’, 'Data’ et ’Process’ re-

présente le premier niveau dans 1’ontologie SWO.

phylogénétique offrant & l’humain une assistance efficace. Notre hypothése d’ac-
quisition de processus repose ainsi sur (1) l'agrégation des instances individuels
des expériences dans des abstractions (catégories), (2) I’ancrage de la sémantique
des concepts expérientiels (de processus) dans des différents niveaux d’abstrac-
tion, (3) l'organisation et la liaison de ces expériences pour obtenir des résultats
interprétables directement avec un niveau raisonnable de confiance pour la prise

de décision.

L’extraction du savoir faire en flux de travaux a partir des textes s’inscrit dans le
contexte de découverte de données et en particulier dans les contextes de fouille de

textes, fouille de motifs processuels et de recommandation basée sur une ontologie
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du domaine. Nous détaillons dans ce qui suit le contexte générale de chacun?!.

1.3 Extraction de flux de travaux & partir des textes

Comme le souligne la plupart .des travaux sur le sujet, notamment de Dufour-
Lussier et al. (2014); Schumacher et al. (2013); Miiller et Bergmann (2014), 'ex-
traction automatique de processus & partir des textes est basée sur le RAPC et est
appuyée par des techniques d’extraction de l'information (Gonzalez et al., 2016)
issues du domaine de TALN. Ces approches sont basées sur des bases de connais-
sances terminologiques afin d’extraire les différents éléments de flux de travaux W.
Ces terminologies peuvent &tre représentées par des ontologies représentant des
concepts et des relations du domaine d’application. Le processus global d’extrac-
tion procéde par couches successives dans la représentation ontologique : termes,
synonymes, concepts, hiérarchies, relations, etc. La difficulté principale est liée au
fait que les concepts se manifestent 4 travers des unités lexicales qui admettent
souvent plusieurs sens : la polysémie (Stevenson et Wilks, 2003). L’extraction de
termes candidats vise les constructions susceptibles de désigner des concepts du
domaine. Nous détaillons, dans ce qui suit, différentes approches utilisées dans
le domaine d’extraction de 1'information, en particulier ’extraction automatique
des termes et celles des relations représentant des connaissances processuelles (voir

aussi les tableaux récapitulatifs 5.6 et 5.7 dans I’Annexe F').

1.3.1 Extraction des entités nommaées.

Une entité nommée est une expression linguistique qui fait souvent référence
& un terme (un ou plusieurs entités lezicales —tokens en anglais), représentant

une/plusieurs catégories de noms telles que génes, espéces, approches d’inférence

21Nous revenons sur chacun de ses contextes d’une fagon exhaustive dans les chapitres

concernés.



26

phylogénétique ou de validation d’arbres. Nous reprenons ici des définitions connues
dans le domaine de Reconnaissance des Entité Nommées (REN) comme celle de
Grishman (2012) : "Information Extraction is the automatic identification of selec-
ted types of entities, relations, or events in free text." et de Cardie (1997) " Very
generally, an information extraction system takes as input an unrestricted text
and "summarizes” the text with respect to a prespecified topic or domain of inter-
est : it finds useful information about the domain and encodes that information
in a structured form, suitable for populating databases.". Ainsi, la REN peut étre
définie comme : la tdche d’identification et de classification des termes dans une
catégorie conceptuelle. Dans ce contexte de classification, les entités nommées sont
décrites via I’ensemble d’attributs qui les définissent : caractéristiques associées
aux termes afin de distinguer ses significations (classes). Dans ce cadre, nous consi-
dérons I’ Apprentissage Automatique (Witten et al., 2016) en tant qu’approche de
classification des entités nommeées. Nous trouvons plusieurs approches proposées
dans la littérature des REN (Leaman et al., 2015; Provoost et Moens, 2015; Choi
et al., 2016). Chacune aborde et redéfinit le probléme de classification de termes
d’une fagon bien particuliére. Nous avons classifié ces approches sous 4 catégories :
(1) approche classique, (2) approche par apprentissage supervisé, (3) approche par

apprentissage semi-supervisé et (4) approche par apprentissage non supervisé.

Approche classique. L’approche classique de reconnaissance est basée sur des
motifs et des régles lexico-syntaxiques écrites & la main. Nous trouvons des tra-
vaux comme (Sekine et Nobata, 2004) utilisant une terminologie/dictionnaire de
mots (Gazetteer en anglais) externe — une liste de mots déja étiquetés — pour
reconnaitre un terme dans le texte. Cette technique simple et rapide ne résout pas
les ambiguités sémantiques du langage naturel (Stevenson et Wilks, 2003). De

plus, cette liste doit étre mise & jour et maintenue d’une fagon réguliére. D’autres
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techniques heuristiques sont aussi utilisées dans la classification des termes (Li
et al., 2012; Bontcheva et al., 2013). Il s’agit de définir une grammaire spécifique
pour identifier chaque catégorie sous forme de régles formelles. Il nous semble
important de mentionner que cette approche est privilégiée lorsqu'un ensemble

d’apprentissage n’est pas disponible.

Apprentissage supervisé. Les techniques d’apprentissage basées sur un modéle
de classification supervisé sont les techniques les plus répandues dans le domaine
de REN. Nous trouvons des systémes d’apprentissage basés sur les Chaines de Mar-
kov Cachées (HMM) (Zhou et Su, 2002), le Maximum d’Entropie (ME) (Chieu
et Ng, 2002b), les Supports & Vaste Marges (SVM) (Kazama et al., 2002) et les
Champs Markoviens Conditionnels (CRF) (Settles, 2004) (voir aussi Nadeau et
Sekine, 2007; Witten et al., 2016; Aparna et Ku, 2016). Par exemple, de Bruijn
et al. (2011) proposent d’utiliser un semi-HMM (Witten et al., 2016) représentant
une série de token-attributs (bag-of-token-features) représentant chaque concept
a classer. Leur modéle est basé sur des attributs de type "niveau-de-discours" :
token (e.g., ponctuation, préfixe, stem??), contexte (e.g., bi-tri-quad-grammes, to-
kens voisins), phrase (e.g., longueur, premier mot) et section (e.g., titres et sous-
titres). Toutefois, il a été montré que la qualité d’annotation peut &tre améliorée
en utilisant des lexiques externes. Xu et al. (2012), par exemple, proposent, en
plus des attributs de niveau-de-discours, d’autres : de type Partie-Du-Discours

2 (ou Part Of Speech - POS en anglais) et de type sémantique en appariant

22En linguistique, la racinisation (ou stemming en anglais) est un procédé de transforma-
tion des flexions (ensemble des modifications subies par le signifiant) en leur radical ou racine,

i.e. la partie restante d'un mot une fois que ’on a supprimé son (ses) préfixe(s) et suffixe(s).

23Les classes grammaticales (nature des mots), e.g., Verbe, Nom propre, Pronom
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les sac-de-tokens avec les mots dans les dictionnaires MeSH?* (Medical Subject
Headings) et UMLS? (Unified Medical Language System). Leaman et al. (2015)
proposent aussi dans leur systéme tmChem des attributs spécifiques au domaine
décrivant des motifs de formules chimiques, séquences nucléiques et protéiques,
etc. Par ailleurs, la segmentation de textes en unités-lexicales est elle-méme une
tache difficile surtout dans un domaine trés particulier comme la phylogénie ot
différents vocabulaires sont utilisés commie 1'informatique, les mathématiques et
la biologie. Pour cela, nous trouvons, par exemple, des modéles comme CRF qui
intégrent a la fois les deux taches de segmentation et d’annotation dans un seul
modéle couplé & des ressources lexicales riches (Aparna et Ku, 2016). Dans ce
cadre, le texte est pris comme des séquences de mots étant dépendants 'un de

I’autre par des liens causaux.

Apprentissage semi-supervisé. La technique de base utilisée dans cette catégorie
est celle du Bootstrapping (Dietterich, 2000) dans laquelle un "petit" échantillon
d’apprentissage est utilisé. Par exemple, un oracle (un expert) disposant d’un
nombre limité et fini de noms de génes, peut créer un vocabulaire de contexte &
partir des noms de génes déja étiquetés dans le texte. Le processus d’apprentissage
ré-applique ensuite les contextes créés dans d’autres échantillons d’exemples pour
en découvrir des nouveaux contextes. En répétant le processus plusieurs fois, un

grand nombre de noms de génes et vocabulaires sont créés. Nous trouvons un

24MeSH est un systéme de métadonnées médicales en langue anglaise en se basant sur
I'indexation d’articles en sciences de la vie. Cette initiative a été lancée et est toujours maintenue
par la Bibliothéque nationale de médecine des Etats-Unis d’Amérique : https://www.nlm.nih.

gov/mesh/

Z5UMLS est un méta-thesaurus médical catégorisant les mots-clés du domaine : https:

//www.nlm.nih.gov/pubs/factsheets/umlsmeta.html
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récent travail de Chen et al. (2015b) qui est basée sur une approche d’apprentissage
actif?® (Witten et al., 2016) visant & réduire le cotit d’annotation. Les auteurs
proposent trois algorithmes basés sur : (1) I'incertitude, (2) la diversité et (3)
un algorithme de base. Dans le premier algorithme, les phrases incertaines (en se
basant sur ’Entropie des mots et des séquences (Ebeling et Nicolis, 1991)) sont
considérées comme les plus discriminants. Dans I’hypothése de diversité, des scores
de similarité deux-a-deux entre les phrases sont calculés, & savoir : (i) la similarité
syntaxique basée sur les fréquences des classes grammaticales dans les phrases et
(ii) la similarité cosinus des concepts UMLS en se basant sur le plus petit ancétre
commun. L’algorithme de base calcule tout simplement le nombre de mots et de
concepts dans chaque phrase et favorise les phrases courtes ayant le plus nombre de
concepts du domaine. Basée sur une extension de 1’algorithme SVM, Provoost et
Moens (2015) proposent, afin de d’équilibrer les données positives et négatives, de
re-positionner 'hyperplan séparant les deux classes en ajoutant deux paramétres
(représentant les distributions des deux classes) dans la fonction de maximisation
de la marge. De plus, un algorithme de pré-sélection de données non-annotées est
proposé pour chercher les exemples négatifs selon un seuil de fonction de masse
(de probabilités) sur les vecteurs d’attributs. Cependant, ce type d’apprentissage
n’améliore la qualité d’annotation et de classification des entités nommées que

lorsqu'une grande collection de documents est disponible.

Apprentissage non supervisé. Dans cette approche, il s’agit de retrouver des
groupes (clusters) d’entités nommées en se basant sur leur similarité de contexte.
Liu et al. (2015) proposent d’utiliser une variante d’apprentissage profond (deep
learning) (LeCun et al., 2015) avec un CRF en utilisant le modéle skip-gram (Levy

et Goldberg, 2014) comme une méthode de représentation dynamique (word em-

26yia des “feedbacks” interactifs avec 'expert
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bedding en anglais) de cooccurrences de mots en des vecteurs de nombres réels
afin de reconnaitre les noms de médicaments dans les résumés des articles MED-
LINE?". Cette technique prédit le contexte d’un mot en se basant sur la représen-
tation de ce mot en maximisant sa probabilité softmaz avec son contexte. Plus
récemment, Choi et al. (2016) proposent un nouveau modéle Med2Vec pour ap-
prendre les représentations des cooccurrences de codes médicales dans une large
base de données de ~3 millions de visites. Ce modéle, en deux couches cachées de
Perceptron (Witten et al., 2016), représente a la fois les cooccurrences de codes

et les séquences de visites.

15342 Extraction des relations

L’extraction automatique des relations sémantiques & partir d’un corpus de textes
représente 1'un des grands défis dans notre approche d’extraction de processus.
Dans cette tache, il s’agit de détecter et classifier des relations explicites et im-
plicites dans le texte 28, Par ailleurs, nous trouvons une multitude de méthodes
et de techniques utilisées dans 1'extraction automatique des relations. Nous avons

catégorisé les différentes approches selon le type de 1'apprentissage utilisé.

Approche classique. Les régles d’extraction écrites a la main (Zhou et al., 2005;

Poesio et al., 2008; Cunningham et al., 2013), comme proposées dans les applica-

27Bibliothéque nationale de médecine des FEtats-Unis d’Amérique : https://

structuredabstracts.nlm.nih.gov

28Gelon I’ACE (https://www.ldc.upenn.edu/collaborations/past-projects/ace),
les relations explicites figurent dans le texte avec une preuve explicite et donc syntaxique. Les re-
lations implicites peuvent ne pas étre définies dans le texte d’une fagon syntaxique. Par exemple
la relation "est utilisé dans" peut représenter différentes relations sémantiques comme "est un

alignement de" ou "est une source de", ceci selon le contexte évoqué.
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tions Hearst ou NYU Proteus (Bach et Badaskar, 2007), s’intéressent & modéliser
des motifs lexico-syntaxiques comme "such Y as X" ou "Y', especially X" afin de
détecter des Hyponymes (is-a), Hyperonymes (not-is-a), Holonymes (has-part) et
des Méronymes (is-part-of). La limitation majeure de cette approche est dans le
traitement manuel des motifs. Il s’agit de concevoir toutes les relations possibles

ainsi que ’espace de motifs explorant ces relations.

Apprentissage supervisé. Construire des modéles statistiques, mathématiques,
ou probabilistes, d’une fagon supervisée revient & définir une base d’apprentis-
sage et des attributs représentant les types de relations sémantiques 4 apprendre.
Nous trouvons dans la littérature que des modéles comme les Séparateurs & Vastes
Marges (SVM) (Culotta et Sorensen, 2004), les réseaux Bayésiens (Chieu et Ng,
2002a), ainsi que les modéles basés sur le Maximum d’Entropie (Kambhatla,
2004) (Zelenko et al., 2003; Witten et al., 2016, voir aussi) utilisent souvent les pro-
priétés lexicales et syntaxiques du contexte des entités nommées qui sont concer-
nées dans la relation, i.e. domaine et co-domaine®®. Nous trouvons des attributs
de "léger poids" comme les sacs-de-mots, les bigrams avant ou aprés les entités
nommeées concernées (domaine et co-domaine) aussi que des attributs exigeant un
pré-traitement concentré comme la segmentation des phrases (chunking) afin de
représenter le chemin de dépendances lexico-syntaxiques du contexte de la rela-
tion. Ce chemin représente la phrase englobant le domaine et le co-domaine de
la relation. Aussi, nous trouvons dans la littérature d’autres approches utilisant
une analyse syntaxique compléte (full parsing) du texte afin de modéliser des
constructions particuliéres dans la structure du chemin de la relation. Afin de

reconnaitre les interactions Protein-Protein, Li et al. (2015) proposent un SVM

29Le co-domaine d’une relation est 'ensemble des valeurs qui sont images de la relation.

Dans f(z) = y, = est le domaine et y est le co-domaine de la relation f.
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basée sur un noyau d’arbres représentant les instances d’attributs dans des arbres
de convolutions (Collins et Duffy, 2002) ayant des structures syntaxiques simi-
laires®®. Les attributs utilisés ici sont basés sur : les sacs-de-mots (occurrences de
proteins, mots entre les proteins, etc.), les représentations dynamiques de mots
basées sur le modéle skip-gram (Mikolov et al., 2013) et les représentations basées

sur les regroupements de vecteurs de mots (K-means, n-gram, et d’autres).

Apprentissage semi-supervisé. Si les textes sont peu annotés, on peut se ser-
vir des échantillons d’instances de relations disponibles pour construire les mo-
tifs qui les caractérisent. Ensuite, il s’agit d’agrandir 1’échantillon de travail pour
construire des nouvelles régles d’extraction (soit un Bootstrapping). Les systémes
classiques comme Snowball et DIPRE (Cunningham et al., 2013) sont des exemples
connus dans la littérature de la classification semi-supervisée des relations séman-
tiques. Plus récemment, Sun et al. (2011) proposent d’utiliser le regroupement
statistique de Brown et al. (1992) qui assigne & chaque mot un cluster puis les
combine en maximisant ’entropie moyen d’information (Quinlan, 1986). En tra-
versant les étapes de combinaison de clusters, chaque mot est représenté par une
séquence binaire représentant la hiérarchie du mot. Les attributs utilisés sont
basés sur le tuple <Before, Domain, Between, Range, After> qui représente la
relation entre le domaine (Domain) et le co-domaine (Range) dans les contextes
des mots précédents (Before) et suivants (After) les entités de la relation. Ces
attributs sont ensuite triés et filtrés par leur "importance linguistique" mesuré
par le gain d’information de Quinlan (1986). Poon et al. (2015) proposent un mo-
déle de reconnaissance de voies biologiques (Pathways) du Cancer dans la base
de données PubMed. L’idée clé ici est d’introduire une variable latente pour tes-

ter si une relation R entre une entité nommée F; et une F, est "bonne" pour

30En calculant le nombre de sous-arbres communs.
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chaque cooccurrence des E dans une phrase. Ensuite, ’algorithme génére d’une
facon aléatoire, les exemples négatifs et calcule des attributs classiques comme : la
direction, la distance et le chemin de dépendances lexico-syntaxiques entre E) et
Es. Cependant, les modéles construits ici sont trop sensibles & 1’échantillon de dé-
part. De plus, le changement du contexte (échantillon) dans chaque itération peut
causer des ambiguités sémantiques. Ainsi, le taux de précision peut étre faible.
Cependant, 'un des avantages de cette approche est qu’on peut tolérer quelques

attributs non discriminants et non sensibles 4 1’ensemble d’apprentissage.

Apprentissage non-supervisé. Quand une base d’apprentissage de textes n’est
pas disponible, il s’agit de retrouver des similarités partagées dans les contextes
cibles, soit, par exemple, les chemins de dépendances lexico-syntaxiques entre les
paires d’entités. Si deux chemins représentent des contextes siilaires qui corres-
pondent & des phrases similaires, alors les significations tendent d’étre similaires
aussi, chose qui n’est pas toujours évidente dans un langage naturel. DIRT (Lin
et Pantel, 2001) est un modéle d’extraction par régles d’inférence utilisant Word-
Net (Fellbaum, 1998) pour ’extraction des instances de relations par similarité de
chemins de dépendances lexico-syntaxiques. Nous trouvons une amélioration du
systéme DIRT dans (Yao et al., 2012b) ou des catégories de chemins de dépen-
dances sont induites afin de représenter la synonymie sémantique d’une relation.
Un clustering (regroupement) Hiérarchique Agglomératif (Day et Edelsbrunner,
1984) est appliqué pour calculer la similarité des vecteurs d’attributs construits.
Afin de prédire les tokens déclencheurs d’événements, Nguyen et Grishman (2015)
proposent d’utiliser trois représentations dynamiques (embeddings) dans un réseau
de neurones convolutif (Tymoshenko et al., 2016). En fixant le contexte d'un token
dans un phrase, il s’agit de calculer les tables dynamiques de : (i) mots en utilisant

un modéle déja entrainé afin de capturer les motifs syntaxiques, (ii) positions 1
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(distances 4 entre les tokens du contexte) et (iii) types d’entités nommées de ’ACE
en utilisant I’annotation classique BIO (Begin, Inside, Outside). Plus récemment,
Alicante et al. (2016) proposent d’utiliser le méta-thesaurus médical UMLS et un
ensemble de motifs grammaticaux afin de reconnaitre les entités nommées dans
les textes. Une méthode de clustering de pairs d’attributs est ensuite utilisée afin
de reconnaitre les relations. Les auteurs proposent ici d’utiliser les attributs de bi
et trigrammes de mots ainsi que des attributs de "barriéres" basés sur les paires
de classes grammaticales (¢, €) ol ¢ est le terme déclencheur (généralement un
adjectif) et e, le premier terme situé & gauche de ¢t. Méme que ces approches ne
demandent pas de base de connaissances préalables et des textes pré-annotés, les

taux de précisions et de rappels restent faibles (entre 40% et 65%).

14 Fouille de motifs processuels basée sur une ontologie

La fouille de flux de travaux basée sur des motifs processuels cherche & décou-
vrir des cooccurrences fréquentes entre ses items (événements). Les travaux de
recherche existants ont porté principalement sur 1’étude des motifs composés
d’objets, et dans un certain nombre de cas, des catégories d’objets (e.g., ontolo-
gies, taxonomies). Bien que les motifs d’objets sont trop spécifiques, et de ce fait
peuvent étre peu fréquents, les motifs de concepts ont divers niveaux d’abstraction
et sont plus fréquents mais risquent d’étre moins précis. Cependant, ces types de
connaissances ont pour but d’augmenter a la fois la pertinence et I'intelligibilité
des modéles découverts. Par exemple, ’analyse des associations de génes-génes
(ou génes proteins) et leurs annotations requiert des informations souvent non ou
sous-représentées dans les algorithmes de fouille de motifs séquentiels classiques.
Les structures de données complexes, comme les ontologies (e.g., Gene Ontology),
prennent en considération des concepts plus génériques dans la fouille. La problé-
matique de la fouille de motifs devient de plus en plus complexe en combinant

I’aspect structurel de données et ’aspect générique de 1’ontologie. Ainsi, I’espace
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de recherche de motifs s’élargit en augmentant la possibilité de découvrir plus de

nouveaux motifs fréquents.

Ji24::1, Probléme de fouille de motifs

Dans I'approche Apriori (Agrawal et Srikant, 1994) de fouille de motifs, il s’agit
de construire I’espace de recherche (appelé aussi treillis de motifs) en commengant
par des ensembles qui se composent d’un seul item que 'on étend en y ajoutant
d’autres items et/ou relations sur plusieurs balayages/niveaux (k). Le premier
niveau sert 4 identifier les candidats CP;3! et & compter le nombre de fois qu’ap-
parait chaque motif dans la base de données : support. Dans le cas de fouille
de graphes (Kuramochi et Karypis, 2001), il s’agit plutét de trouver les struc-
tures isomorphes : sous-graphes partageant des sommets et des arétes de méme
types (Singh, 2016). Tous les candidats dont le support est plus grand qu’une va-
leur prédéterminée appelée min_ supp (ou o) constituent les k—motifs fréquents
F Pg. Cet ensemble sert d’amorce pour générer ’ensemble de candidats C Py, 1 en
étendant les F P (y ajoutant des noeuds/arétes). La fonction de calcul de sup-
port est une fonction anti-monotone, ainsi, si un motif p; est jugé fréquent et son

support supp(p;) > o alors tous ses sous-motifs candidats (extensions) ont des

supports supp(p1,) < supp(p1). '

La fouille de motifs basée sur des ontologies a été initialement utilisée dans le
contexte de la fouille d’association et 1’Analyse du Panier de la Ménagere (Han et
Fu, 1995, 1999; Srikant et Agrawal, 1996; Plantevit et al., 2006; Sebek et al., 2012).
Bien que ces algorithmes sont efficaces et scalables, ils ne sont pas applicables d’une
fagon directe au contexte de flux de travaux étant des graphes orientés acycliques

(DAGsS) dont les noeuds/arétes peuvent avoir différents labels (étiquettes).

31Un motif candidat C' P, dont on ne connait pas encore le support, est un motif généré

dans un niveau k & partir des motifs k — 1.
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1.4.2 Fouille de graphes généralisés

Inokuchi (2004) propose une extension de 1’algorithme AcGM (Apriori-based connec-
ted Graph Mining) (Inokuchi et al., 2002) pour fouiller des sous-structures gé-
néralisées de graphes étiquetés. Les graphes sont représentés par des matrices
d’adjacence associées avec des structures canoniques afin d’identifier les graphes
isomorphes. Les motifs sur-généralisés sont élagués s'il existe d’autres motifs re-
présentant la méme "classe" de graphes®2. En outre, la stratégie de parcours du
treillis en largeur d’abord est elle méme couteuse en terme de mémoire ce qui ne
permet pas de gérer des taxonomies et des graphes de grandes tailles. De plus,
les auteurs ne donnent pas de preuves concernant la complétude et la génération

unique des motifs.

Cakmak et Ozsoyoglu (2008) proposent 1’algorithme Taxogram qui n’utilise que la
structure hiérarchique de 'ontologie. Taxogram décrit 3 étapes. (1) Transformer
les données d’entrée en une base de graphes avec les concepts les plus généralisés
(root concepts) en gardant les étiquettes (labels) originales des instances. (2) Uti-
liser 1'algorithme gSpan (Yan et Han, 2002) pour fouiller les motifs généralisés en
créant des représentations de motifs basées sur des indexes (noeud, occurrences)
afin faciliter la tache de calcul d’isomorphismes de graphes. Et (3) Spécialiser les
motifs de niveau k & partir de ceux de niveau k— 1 en remplagant les noeuds/arétes
par leurs descendants hiérarchiques. On obtient alors des motifs de méme niveaux.
Cependant, puisqu’il n’y a pas de fonction d’ordre complet entre les items (noeuds
et arétes), ’algorithme peut générer des dupliquants. Ainsi, une étape de post-

traitement basée sur la liste des indexes est proposée.

Dans le cadre de la fouille de motifs de relations sémantiques (relationset), Jiang

321 ’ensemble de motifs contenant tout motif qui, en remplagant ses noeuds/arétes par

leurs ancétres ou descendants, on obtient le méme motif.



37

et al. (2007) proposent 1'algorithme GP-Close qui fouille les motifs fermés (Zaki et
Hsiao, 2002) en (1) générant les motifs fermés locaux (dans chaque niveau) et (2)
élaguant les candidats "enfants" (descendants de chaque relationset) redondants et
leurs sous-arbres conséquents. Se focalisant seulement sur la génération de motifs
fermeés, les auteurs ne présentent pas les processus de généralisation de prédicats

(relations) et ceux de calcul de supports.

Werth et al. (2009) proposent une approche de fouille de DAGs enrichie par une
ontologie du domaine d’Abstractions Procédurales (Back, 1987) qui cherche les
codes redondants dans un programme en extrayant des nouvelles procédures sub-
stituant les motifs de codes fréquents. Leur algorithme DAGMA propose une
nouvelle représentation canonique basée sur ’ordre topologique des noeuds des
graphes permettant d’accélérer la tache de recherche de graphes isomorphes. La
forme canonique consiste de créer des tuples (indezx du label, index du prédéces-
seur) attachés aux motifs dans chaque niveau. Afin d’étendre un graphe, un en-
semble d’opérations canoniques est appliqué : (1) Insérer un noeud ancétre (root
concept), (2) Insérer un noeud/aréte d'un autre niveau topologique ou (3) rester
dans le méme niveau et remplacer le noeud/aréte par un autre. Et (4) Insérer une
aréte vers le dernier noeud (prédécesseur). Toutefois, puisqu'il n’ya pas de rela-
tion d’ordre entre les arétes des graphes, I'approche ne garantit pas la génération
unique des motifs. En plus, le temps de calcul des graphes isomorphes avec des
noeuds non-connectés est supérieur & celui avec des noeuds connectés (plus de

structures isomorphes sont retrouvées).

Adda et al. (2010) proposent une approche de fouille de motifs séquentiels enrichis
par des relations ontologiques & partir des logs : historique de séquences de clicks
sur des pages Web annotées par des métadonnées. Leur algorithme xPMiner décrit
dans un premier lieu ’étape de transformation de séquences en des graphes en

y ajoutant toutes les relations possibles (hiérarchiques et non hiérarchiques) a
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partir de l'ontologie du domaine. Quatre opérateurs canoniques sont proposés
afin d’ajouter/spécialiser les items (noeuds et relations) d’un motif généralisé.
Néanmoins, 1’algorithme ne peut étre applicable directement & la fouille de flux de
travaux. Ces derniers représentent des multi-ensembles d’items : un objet/concept
peut étre utilisé plusieurs fois dans la méme séquence sur plusieurs transactions.
De plus, malgré les contraintes proposées sur les opérateurs canoniques, les auteurs

ne présentent pas de preuves sur la complétude et 'unicité des motifs générés.

Nguyen et al. (2014) proposent une approche de fouille de flux de travaux enrichie
par une ontologie. Les DAGs de flux de travaux sont initialement transformés en
des arbres (parse trees) en appliquant un ordre topologique puis lexicographique.
Les arbres sont ensuite généralisés en se basant sur la distance (la longueur du
chemin le plus court entre deux concepts dans la hiérarchie) pour réorganiser les
subsomptions dans chaque étape de généralisation. Une fois que les arbres sont
généralisés, I’approche reprend l'algorithme TreeMiner (Zaki, 2005) pour fouiller
les sous-arbres fréquents. Toutefois, les auteurs ne démontrent pas la complétude
de l'approche suite & cette transformation. En outre, leur méthode de subsomp-
tion de concept/relations dépend fortement de la structure de ’ontologie de leur
domaine d’application®® (Hilario et al., 2011) qui représente les éléments de flux

de travaux en : Téaches, Algorithmes, Opérateurs, Données et Modéles.

Afin de résumer les travaux décrits ci-avant, nous avons choisi de les restructu-
rer selon leur domaine d’application, stratégie de parcours de l’ontologie et les

différentes contributions et limitations (voir le tableau 5.8 dans I’Annexe G).

33Méta-apprentissage des algorithmes de fouille de données dans RapidMiner : http:

//rapidminer.com.
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1.5 Systémes de recommandation

Depuis ’émergence du domaine des systémes de recommandation, plusieurs ap-
proches et méthodes ont été proposées (Bogers et Van Den Bosch, 2011; Aggarwal,
2016; Tarus et al., 2017). Ces derniéres sont généralement basées sur les types
de données : (i) les interactions Utilisateur x Item, comme les comportements
d’achat ou les notes (ou rating en anglais) données sur un produit, et, (ii) les des-
criptions (attributs) sur les Items et/ou Utilisateurs comine les métadonnées ou
les mots-clés pertinents. Les méthodes utilisant le premier type de données sont
des méthodes, dites "collaboratives" (Najafabadi et Mahrin, 2016), basées sur les
corrélations entre les motifs de notes & travers les utilisateurs afin de recomman-
der des items. Les approches utilisant le deuxiéme type, appelées "basées sur le
contenu" (ou content-based en anglais) (Aggarwal, 2016), sont plutét centralisées
sur les descriptions (attributs) d’items d’un seul utilisateur. Ces approches sont
reconnues par leur pouvoir expressif des recommandations riches en "sémantique"
par rapport aux approches collaboratives qui n’exploitent pas les différentes di-
mensions et niveaux d’abstraction des items. L’approche basée sur le contenu
analyse ’historique de documents (textes) et/ou descriptions d’items d’un utilisa-
teur afin de créer un modéle ou un profil d’intéréts et de préférences (généralement
représentées sous un ensemble de motifs) adaptées aux attentes de l'utilisateur.
Le processus de recommandation cherche & apparier les attributs du modéle avec
les attributs de ’objet & recommander. L’ensemble des attributs et des propriétés
des items sont généralement définies dans une ontologie représentant les séman-
tiques de concepts du domaine dans des relations et des métadonnées descriptives.
Les défis majeurs dans cette approche sont liés & (i) la définition de I'ontologie,
(ii) la représentation et I’annotation des items dans les textes et (iii) la défini-
tion d'une stratégie d’appariement item-profil. Nous décrivons, dans ce qui suit,

différentes approches de recommandations basées des ontologies du domaine en
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discutant dans chacune les solutions proposées pour chaque défis (voir aussi le

tableau récapitulatif 5.9 dans I’Annexe H).

Magnini et Strapparava (2001) proposent Site/F le premier systéme adoptant une
approche basée sur le contenu des textes pour créer un modéle d’intéréts pour des
sites Web d’information et d’actualité ( News) multilingues. Les auteurs proposent
d’utiliser MultiWordNet®*, une base de données lexicales multilingue, afin d’aligner
les significations des langues, anglaise et italienne. Chaque terme analysé dans le
texte est associé automatiquement & une liste de Synsets3® utilisant une technique
de désambiguisation de mots polysémiques (Stevenson et Wilks, 2003). Chaque
profil d’utilisateur créée est un réseau sémantique dont les noeuds représentent les
synsets trouvés dans les textes. Le systéme regoit en entrée la représentation du
synset et le modéle d’utilisateur puis estime la pertinence du document par rapport

aux co-occurrences des concepts dans différents contextes (autres documents).

Semeraro et al. (2009) proposent ITR (Item Recommender) une approche d’ana-
lyse sémantique représentant le "réseau de significations" de chaque document
ainsi chaque item est représenté par un vecteur de synsets (Bag-of-synstes). Un
classifieur Bayésien binaire est ensuite entrainé et appliqué afin d’identifier les
items les plus "intéressants". L’appariement revient a calculer la probabilité d’ap-
partenance d’un item & la classe "intéressant" selon les probabilité des synsets

dans le modéle.

Vesin et al. (2012) proposent Protus 2.0 utilisant deux ontologies de type OWL

(Web Ontology Language)3®, une du domaine et une de taches, décrivant le do-

34http://multivordnet.fbk.eu/english/home.php
35Regroupement de mots dans des ensembles de synonymes.

36https://www.wB.org/OWL
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maine d’application soit I’apprentissage des concepts du language de programma-
tion JAVA?®". Ici, les auteurs utilisent le moteur d’inférence SWRL (Semantic Web
Rule Language)® et les régles Jess (Java Expert System Shell)*® de la logique du
premier ordre (Baader, 2007) afin de recommander des nouvelles ressources aux

utilisateurs.

Cobos et al. (2013) proposent d’utiliser une approche hybride basée sur le contenu
et le filtrage collaboratif. Leur systéme RSPP (Recommendation System of Pe-
dagogical Patterns) aide les tuteurs & choisir des stratégies pédagogiques selon
les données du contexte représentées dans une ontologie de type RDFS modéli-
sant les : caractéristiques sur le cours & enseigner, objectifs & atteindre, profils
d’étudiants, professeurs, etc. Ces données sont transformées, tout d’abord, en une
matrice de valeurs normalisées (entre 0 et 1), ensuite, en une représentation com-
pacte via une Décomposition en Valeurs Singuliéres (Golub et Reinsch, 1970).
Enfin, il s’agit de calculer les voisins les plus proches 4 la requéte de I’enseignant

en utilisant la similarité cosinus (Aggarwal, 2016).

Pukkhem (2013) propose d’utiliser 3 ontologies OWL représentant : I’Apprenant,
I’Objet d’apprentissage et les Régles de Mapping entre le style et ’objet d’ap-
prentissage. Ces derniéres sont décrites par un expert et utilisées pour extraire
les caractéristiques des objets & apprendre dans les manuels de cours. Ces attri-
buts sont ensuite validées par des experts. Une fois que le profil d’apprenant et
le modéle d’objets associé sont construits, le systéme applique un algorithme de

recommandation multi-agents (Arias et al., 2012) qui apprend & calculer un score

3Thttp://www.oracle.com/technetwork/java

38Un langage de régles combinant la logique de description de Horn et OWL : https:
//wuw.w3.org/Submission/SWRL

3%Langage de régles basé sur JAVA : http://herzberg.ca.sandia.gov
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de préférence basé sur la fréquence des caractéristiques de chaque objet/apprenant

en interagissant avec l'environnement (autres objets, apprenants, etc.).

1.6 Objectifs de la recherche

1.6.1 Hypothése fondatrice

Nous estimons, et ceci est I’hypothése fondatrice de ce projet, que ’acquisition
des connaissances pratiques phylogénétiques doit &tre assistée par la machine.
Cette machine est "supposée" guider le phylogénéticien dans la résolution de ses
problémes tout en considérant le niveau de son expertise. En effet, I’extraction des
ces éléments génériques (connaissances de différents niveaux d’abstraction) peut
étre facilitée par les spécificités des ressources que l'on dispose, soient les textes
de la littérature scientifique. L’exploitation optimale de ces ressources nécessite
toutefois la mise en oeuvre des techniques adéquates c’est-a-dire des techniques
d’extraction automatique de l'information et de fouille de données ainsi que des

techniques de recommandation appropriées.

12 Analyse des besoins

Nous présentons nos besoins de formalisation de connaissances en deux parties :
les connaissances factologiques (déclaratives) et les connaissances processuelles.
Le premier type de connaissances servira & batir une ontologie du domaine qui
représentera les concepts théoriques de I’analyse phylogénétique. L’ontologie pro-
cessuelle représentera donc la dimension pratique du domaine. Cette derniére aura
pour but de représenter d’une facon explicite des flux de travaux abstraits dont
les éléments font références aux éléments des flux de travaux concrets, soient des
exécutions réelles des taches trouvées dans la littérature. Les représentations fac-
tologiques quant & elles s'intéressent plutdét aux concepts structurels des flux de

travaux : e.g., les concepts qui touchent les types de données étudiés (e.g., noms
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d’espéces, nom des génes) et les techniques utilisés dans I’analyse phylogénétique

(e.g., alignement multiple, inférence statistique).
Afin d’identifier les besoins systémiques, nous posons les questions suivantes :

1. Etant donné une ontologie et un ensemble de textes, comment peut-on sup-
porter le processus d’extraction des instances factologiques et processuelles
a partir des textes ? Concrétement, comment peut-on créer un modéle spéci-
fique au domaine phylogénétique afin d’annoter automatiquement les objets
de les relations d’un processus de résolution de problémes dans un texte?
Et comment peut-on représenter un flux de travail concret et le reconstruire
A partir des éléments annotés dans le texte ?

2. Comment représenter un motif abstrait de flux de travaux ? Comment calcu-
ler la pertinence de ces motifs dans un corpus de flux de travaux concrets ?
Cette question méne & poser une autre : comment peut-on régler le probléme
d’appariement des flux de travaux abstraits étant des DAGs afin de calculer
leurs fréquences dans une base de connaissances ?

3. Etant donnée une base de motifs abstraits de flux de travaux et une ontologie
du domaine, comment peut-on recommander les objets concrets les plus

intéressants pour un utilisateur final face & un probléme donné ?

Le premier ensemble de questions vise a identifier les besoins d’extraction de
flux de travaux & partir des textes. En fait, ces besoins se présentent dans (1)
la reconnaissance et la classification des éléments de flux de travaux en : objets
(données et taches) et relations entre ces objets & partir de 1’ontologie factuelle et
(2) la reconstruction des flux de travaux a partir de ces éléments. Une fois qu’une
base de connaissances Dy est extraite, il s’agit d’élaborer des techniques de flux de

travaux abstraits. A partir d'un language de motifs abstraits 'y et un language de

processus concret Ay, nous élaborons la structure d’un espace de motifs fréquents
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F exploitant les connaissances enregistrées dans l’ontologie processuelle. Nous
appliquons notre approche dans le cadre de recommandation de flux de travaux
phylogénétiques. Nous élaborons ainsi une technique de recommandation basée
sur le contenu essayant d’appairer le flux de travaux & recommander w, avec la
base de motifs abstraits Dy afin de suggérer les objets de la prochaine étape en
tenant compte les contraintes dans w, (en séquence d’objets et relations entre ces

objets).

L’objectif global de ce projet est d’apporter une réponse claire & notre question
principale, & savoir, dans quelle mesure l'ontologie du domaine favorise 1’auto-
matisation du processus d’acquisition de connaissances liées & la résolution de
problémes. La poursuite de cet objectif va conduire & poser un ensemble de ques-
tions plus concrétes. Des questions concernent 1’élaboration des techniques (i)
d’extraction de flux de travaux concrets & partir des textes (ii) de fouille de flux
de travaux abstraits & partir des flux extraits et (iii) de recommandation et leurs

application dans un domaine technique soit 1’analyse phylogénétique.

Afin de matérialiser la réponse & ces questions, nous développons une méthodo-
logie claire de notre approche que nous présentons les détails techniques dans les

chapitres suivants.



CHAPITRE II

EXTRACTION DE FLUX DE TRAVAUX A PARTIR DES TEXTES

Le travail de ce chapitre sera prochainement soumis & la prestigieuse revue TCBB
IEEE/ACM Transactions on Computational Biology and Bioinformatic sous le
titre "Bioinformatic workflow extraction from scientific texts using word sense
disambiguation". Nous présentons la version imprimée de I’article dans ’annexe A.
Cet article présente la solution proposée afin d’extraire des flux de travaux concrets
& partir des textes en se basant sur une ontologie du domaine. Les résultats de
ce module constitueront 1’entrée pour le prochain module, celui de la fouille de

motifs de flux de travaux généralisés.

La rédaction de l'article, I'implémentation, les expérimentations et le montage
des figures ont été tous réalisés par Ahmed Halioui sous la supervision des Prof.

Abdoulaye Baniré Diallo et Petko Valtchev.
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241 Résumé

Nous présentons dans ce papier une méthode d’extraction automatique de flux de
travaux & partir des textes basée sur le Raisonnement & Partir de Cas (RaPC).
Les systémes actuelles de gestion de flux de travaux implémentent différentes so-
lutions basées sur des représentations graphiques complexes des taches et des ser-
vices généralement distribués soit par exemple avec le cloud computing ou le grid
computation. L’acquisition automatique de l’expérience, i.e. connaissances pro-
cessuelles, & partir des textes décrit des représentations sémantiquement riches
de cas structurées (annotations, raisonnement derriére le choix des outils, etc.).
C’est dans ce contexte que nous présentons notre solution d’extraction de flux de
travaux basée sur une ontologie du domaine. Notre approche est une extension
des techniques classiques de TALN vers une approche d’extraction de processus
enrichie par des connaissances ontologiques. Notre représentation des processus
(flux de travaux) est basée sur des DAGs d’activités et les liens entre ces der-
niéres représentent les dépendances du domaine et d’application. Une méthode
de désambiguisation de mots est aussi proposée afin de résoudre les classes sé-
mantiques des tiches dans les textes. Nous avons appliqué notre solution & un
probléme bioinformatique, & savoir ’analyse phylogénétique. L’évaluation basée
sur la similarité sémantique des flux de travaux dans un Ground-Truth nous a
permis d’obtenir des résultats intéressants et encourageants dans le domaine de
I’extraction de flux de travaux sémantiques. L'implémentation et les sources de

données sont disponibles sur : https://github.com/bioinfoUQAM/tgowler.
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2.2 Abstract

This paper introduces a method for automatic workflow extraction from texts
using Process-Oriented Case-Based Reasoning (POCBR). While the current work-
flow management systems implement mostly different complicated graphical tasks
based on advanced distributed solutions (e.g. cloud computing and grid compu-
tation), workflow knowledge acquisition from texts using case-based reasoning
represents more expressive and semantic case representations. We propose in
this context, an ontology-based workflow extraction framework to acquire pro-
cessual knowledge from texts. Our methodology extends classic NLP techniques
to extract and disambiguate tasks in texts. Using a graph-based representation
of workflows and a domain ontology, our extraction process provide a context-
aware approach to recognize workflow components : data and control flows. We
applied our framework in a technical domain in bioinformatics : i.e. phylogenetic
analyses. An evaluation based on workflow semantic similarities on a Ground-
truth proves that our approach provides promising results in the process ex-
traction domain. Both data and implementation of our framework are available

in : https://github.com/bioinfoUQAM/tgowler.
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2.3 Introduction

Current workflow management systems provide a step by step guidance for users
through sophisticated graphical workflow modelling (Van der Aalst, 2016; Lord
et al., 2012; Blankenberg et al., 2001). Tracking these executions can be used to
adapt workflows to new situations. This can be supported by reasoning methods
like Process Oriented Case-Based Reasoning (POCBR) (Minor et Montani, 2012)
which is a newly merged branch from the Case Based Reasoning (CBR) field. Be-
cause case engineering is a complicated and a costly process, automatic case-based
acquisition from texts has been a major focus research in the last decade (Dufour-
Lussier et al., 2014; Schumacher et al., 2013; Miiller et Bergmann, 2014). Textual
CBR approaches vary widely in their scope according to their use of Natural Lan-
guage Processing (NLP) methods, case representations, and are highly dependent
on the intended applications. Hence, it is very difficult to reuse the proposed ap-
proaches to some problem-solving situations where a domain-specific vocabulary
is used such as in Phylogenetics (Lemey Philippe, 2009) where, as a interdiscipli-
nary domain, it combines different vocabularies from Computer Science, Statistics,

Mathematics, and Engineering to analyze and interprete biological data.

Even though Lau et al. (2009) compared three different approaches : key-based,
grammar-based and machine learning, they only consider imperative sentences
which cover more than 50% of the whole data and their interpretation modules
are limited to the command tuple representation (A : type of the action, textual
parameter to an action, the target on which to act). Liu et Agah (2009) develo-
ped a workflow extractor trained with a few manually created positive samples.
A set of extraction rules are generated and then applied to automatically crawled
documents (from e-how Websites, e.g. www.wikihow.com). However, their mo-

del has only successfully extracted ~42% of these documents. Schumacher et al.
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(2013) proposed to use a full fledged NLP solution to extract and enrich work-
flows from texts. Their frame-based information extraction approach to resolve
anaphoras! (Mitkov, 2014) in texts uses frame patterns® to trigger phrases. A se-
quential pattern mining is also applied to mine anaphora-rules and then, search
for the most frequent term cooccurrences to resolve an anaphoric reference. A
similar approach is proposed by (Dufour-Lussier et al., 2014) to resolve "univer-
sal references" using a domain-specific ontology. Given that ontology, they map
the anaphoric reference to a concept. Yet, their resolution is based on heuristics
(rules) highly dependent on the domain application. Addis et Borrajo (2010) pro-
posed a Plan Acquisition Architecture to build an augmented plan in the form of
predicates from extracted raw content by reducing the article into a list of two
kinds of information : input-tool (predicate that describes the tool properties)
and action (action description with action properties). They also use data mining
and statistical algorithms to identify particular subsequences of plans to specific
contexts. Instead of manually composed plans from a set of atomic actions, Te-
north et al. (2010) proposed to generate plans by transforming natural lénguage
task instructions from how-to sites into formal symbolic robot plans. Their eva-
luation results show that their planner is able to transform about 80% of the
instructions. This number can be increased with a better syntax parser and more
mappings to find connections between WordNet synsets (Fellbaum, 1998) and
ontological concepts. However, this extension has never been proved. A recent
approach to extracting situation ontology from how-to instructions is proposed

by Ryu et al. (2013) where an automatic method based on syntactic patterns and

IThe problem of resolving what a pronoun or a noun phrase refers to.

2A frame-based structure defines the meaning of a term in a sentence using slots. Each
frame slot is filled using linguistic patterns (heuristic rules) mapped to syntactic roles (subject,

direct object, and indirect object) to trigger phrases in texts.
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a CRF (Conditional Random Fields) (Settles, 2004) probabilistic model are used
in order to classify actions and objects such as time and place. Although their
pattern-based approach achieves a high level of accuracy (>73%), its coverage is
limited to rules constructed semi-automatically from small fraction of sentences
(only imperative sentences) in how-to texts. Song et al. (2011) proposed a novel
attempt to extract procedural knowledge from the PubMed abstracts® using the
TAM model — a triple combination of (Target, Method, Action) and designed a
text mining method with deep language processing analysis. This analysis contains
a (1) preprocessing step (syntactic and ontological tagging), (2) purpose/solution
sentence classification and (3) relationship between two processes is assigned to
a control flow (sequential, parallel, causal, etc.). Poon et al. (2015) proposed a
distant supervision approach? for Cancer Pathway Extraction from texts. The
main idea is to test the significance (using a latent variable), for each sentence
evoking two entities E) (theme) and E, (cause), of the relation R (between the
two entities). Distant supervision is provided by enforcing during training that
for each relational triple (E), R, E»), at least one latent assignment is true if the
database contains the relation, and none otherwise. Each instance is represented
by a linear model with features over the sentence and entities. The feature weights
are learned using online learning with Perceptron (Rosenblatt, 1958). Yet, their
semi-supervised approach is sensitive to the starting sample. Changing the context
at each iteration, while creating automatically positive examnples, may generate
different conflicting relations since the latent assignment is a simple comparison

of R in the training set. Comparing contexts using the triple (E), R, £2) may

3https://www.ncbi.nlm.nih.gov/pubmed

4In distant supervision, we make use of an already existing database, such as KEGG
(http://www.genome. jp/kegg/pathway), to collect examples for the relation that we want to

extract. These examples are used to automatically generate the training data.
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work only for binary relations; lifting this limitation to handle n-ary and nested

relations is an important future direction.

While those techniques will continue to be essential, new challenges also emerged
as we are understanding more about the nature of human experience and its role
in making decisions (Spjuth et al., 2015). The expertise grounded in scientific
texts is to be mined in order to acquire new experience acquisition. Yet, some
complex semantic ambiguities are need to be deal with. To the best of our know-
ledge only anaphora resolutions have been studied in procedural texts. However,
semantic ambiguities arise more difficulties : e.g., word sense ambiguities. Word
Sense Disambiguation (WSD) (Stevenson et Wilks, 2003) is the process to identify
the sense or senses of a polysemic term. Although important, WSD as an ’inter-
mediate’ task, is unlikely that anyone other than linguistics would be interested in
its results. However, we found that polysemic words are also common even in very
technical domains, such as phylogenetic analyses, where specific software and pro-
grams could be also used for different purposes. Generally, programs may contain
multiple packages and processes and offer multiple supports. Thus, even specific
programs may be used in different contexts. Without a context-aware approach it
is very difficult to reconstruct a phylogenetic workflow from texts with a simple
term-matching process. In addition, identifying activities (tasks) and organizing
them in a control-flow seem to be a complicated task, especially when it can be
applied in different positions in a workflow. We tried to not limit ourselves to
highly structured procedural texts but to a domain specific problem to extract
domain-relevant meanings from it. In this paper, we propose an ontology-based
approach to extract semantically rich bioinformatics workflows from texts using a

WSD technique.

Section 2.4 presents the choices made in designing our ontology-based extraction

process. Two formalisms are presented : workflow representation and ontologies.
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Additionally, a running example is introduced to explain our representational
choices for phylogenetic analyses. Section 2.5 is the main core of the paper des-
cribing in details the process of the workflow extraction from texts. A text is
analyzed with a pipes-and-filters NLP chain and a dedicated WSD for workflow
tagging. Section 2.6 presents experiments and results of the proposed processes
by comparing automatically obtained workflows with an expert-curated dataset.

Finally, section 2.7 discusses results and future work.

24 Formalisms for enriched workflow representations

24.1 Workflow representation

Traditionally, workflows are "the automation of a business process, in whole or
part, during which documents, information or tasks are passed from one parti-
cipant to another for action, according to a set of procedural rules" (Van der
Aalst, 2016). In general, workflows consist of a set of tasks (activities) combi-
ned with a control-flow such as sequences, parallel (conjunction) or alternative
branches (disjunction), as well as repeated executions (loops). We are interested,
here, in workflows as sequences and concurrent runs of program tasks. These lat-
ter consume data items i.e. input sources and output products. The data-flow
represents interactions (relationships) between data items and tasks. In addition,
workflow items are annotated using semantic descriptors (metadata) describing

constraints (e.g.,input/output) and data provenance (e.g., database, species).

Different types of workflow representations are proposed in the literature of Pro-
cess Oriented CBR (Minor et Montani, 2012). Petri Networks (Peterson, 1981)
are the most popular design representing the dynamic aspect of processes. Ho-
wever, the representational bias (as in other languages) of such models should
be considered while extracting workflows, e.g. multiple instantiations of a task or

sub-task. Enriched workflows with additional data describing task parameters and
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metadata are also to be considered while representing workflows in order to make

the workflow more expressive and hence, easily to be reused in similar cases.

In this study, we illustrate our approach in the domain of phylogenetics Lemey Phi-
lippe (2009). Inferred from nucleic acid (DNA or RNA) or protein sequences, phy-
logenetic relationships represent the evolutionary history of a group of species.
During phylogenetic steps, several bioinformatic programs (software) are used.
Here, the tasks represent phylogenetic programs and their combination of para-

meters and data items referring to input /output data are enriched with metadata.

An example of a phylogenetic analysis of Hemagglutinin (HA) protein sequences,
extracted from the article text of Liang et al. (2010), is illustrated in Fig. 2.1. This
workflow represents the phylogenetic solution to study the evolutionary history of
HA proteins according to the following steps : (1) multiple sequence alignment, (2)
model representation, (3) tree inference and (4) result visualization. Each step is
composed of partially ordered program tasks dependently linked with each other.
These dependencies represent control and data flows enhanced with semantic an-
notations. For instance, BionJ (Gascuel, 1997), a neighbour joining program, gets
Hemagglutinin sequences collected from the Genbank database® as input and pro-
duces phylogenetic trees. Duplicates in workflows represent different instantiations
of one task. For instance, the first mention of MEGA (Kumar et al., 2016) (at
the 3r™ step) is used with different parameters than the second instance at the
same step. MEGA is used with both, a Mazimum Likelihood (ML) method and
a Mazimum Parsimony (MP) (Tamura et al., 2011).

Definition 2.4.1 (Workflow data language). Given a universe of task items
OT (tasks and parameters) and data items OP (data types and metadata), i.e.

w? = OT U OP, a workflow language Aw defines workflow records of partially

Shttps://www.ncbi.nlm.nih.gov/genbank/
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FIGURE 2.1: Example of a workflow excerpted from the article of Liang et al.
(2010). We represent the workflow in four different layers. The first layers describe
data and metadata annotations. The tasks layer represents the control flow and
the last layer describes parameters. Relations between the different objects at each
layer describe the control flow (links between tasks), the data flows (links between
data and tasks) and other semantic flows (between data and parameters and/or

metadata).
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ordered sequences composed of inter-related object labels o € w®. A workflow w €
Aw is a direct acyclic graph w = ({,0) where { = ({01,02,.-,0i, }, {0341, ---,
s P {Oi(m-1)+1: ..., Oin }) is a sequence of object transactions (steps). In turn,
© = {61,62,0k,...,0,} is the set of triples where O = (i1,1,12) represents the link
of type | € w*- between the object at position iy in w.(, i.e. w.C[i1] and the object

at the position iy, t.e. w.[is).
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FIGURE 2.2: Example of a workflow data representation. A workflow w is a set of

partially ordered objects w.¢ and a set of link triples w.©. Here, items belonging

to the same set are separated with dotted lines.

Fig. 2.2 shows a sub-workflow w; representation from the previous example in the
figure 2.1. Phylogenetic programs and parameters and their input/output data
and metadata are represented in a partially ordered sequence of object transac-
tions (steps) and a set of links between them. For example, Hemagglutinin align-
ments (01,2) are the input (see f3) in the neighbour joining program BionJ (014)
generating phylogenetic trees (see 04). The order between phylogenetic programs
represents the partial execution of phylogenetic steps. The "parallel" execution of

programs is represented by the transactions in w.(, e.g. { BionJ, MEGA, MEGA}
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are programs in the same step.

2.4.2 Ontology representation

The universe of objects w® = O, links w® = £ and their corresponding labels
(references) is defined in the domain ontology €2 (see a portion from the PHAGE

ontology® in Fig. 2.3).
#@ 'Phylogenetic ®@ 7. Tree
inference metho... visualization s...
@O 'S. Hypothesis

D@ ‘Character Based isDerivedFrom
Program' 4 validation step...
v !

B. 'Gene Ontology’

/
/

%@ ‘Phylogenetic ® '4. Phylogenetic %
Inference Progr... Inference step'
N\

® 2. Multiple
sequence alignm...

E. 'Distance Based
_Frogram’ R

A\
@ ‘Multiple ‘\>
Sequence Alignm... 2
\\ \\
A

b 3

\ IsinputOf
1

E. ‘Evolutionary
madel’

FIGURE 2.3: A sample from the phylogenetic domain ontology PHAGE. Grey rec-
tangles illustrate concepts, where the top ones (a) and (b) correspond to task
items (steps and program parameters, respectively), (c) and (d) concepts corres-
pond to data items (data types and metadata, respectively). Coloured dotted arcs

represent either annotation or input/output properties.

Definition 2.4.2 (Universe of objects). Let 2 = ( O, C, L, R <q, p) be

an ontology where O 1is the set of all objects, i.e. individual tasks and data types,

Shttp://bioportal.bicontology.org/ontologies/PHAGE
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C the set of all concepts, L the set of all links between objects, and R the set
of all properties (relations) between concepts. Ho = (C,<q) and Hr = (R,<gq)
denote the concept and relation hierarchies of the ontology where <q denotes the
rdfs :subClassOf hierarchical relationship. Objects o € O and links | € L are
instances of concepts ¢ € C and relations r € R, respectively. The ternary relation
p C C xR x C is made of triples c; X r X ¢y expressing the incidence between a

relation r and its domain c¢; and range c; concepts.

2.5 Extraction process

Our framework is based on a pipes-and-filters architecture (Zhu, 2005) using
the NLP software GATE (General Architecture for Text Engineering) develo-
ped by Cunningham et al. (2013). A filter contains an element performing a data
transformation on the data stream. The pipes connect the data stream from the
output filter to the input one. Filters are independent so one could add or delete

them without affecting the execution of others.

FIGURE 2.4: Pipeline of the workflow extraction from texts.

The following sections describe the different sub-tasks of our workflow extraction
solution. Following the standard NLP pipeline, the very first steps are going from
the morphological analysis of the text to the identification of syntactic classes of
terms and sentences. Section 2.5.1 quickly goes through those steps. We present

some commonly used techniques and tools and we discuss how we adapt them to
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our issues. Taking the output of those steps, section 2.5.2 describes our solution
to recognize domain terms based on the concepts and relations from a domain
ontology §2. Section 2.5.3 proposes a way to recognize word sense ambiguities using
the hierarchy of concepts in Q. Our word sense disambiguation (WSD) technique
is supported by a supervised machine learning approach. Section 2.5.4 describes
the way we create a training set to build a WSD model and a link extraction one.
Sections 2.5.5 presents the features and the classifier that we use to learn WSD
and relationships in texts. Section 2.5.6 details the process to reconstruct data and
control flows from the extracted and disambiguated terms and finally section 2.5.7
presents the similarity measure to assess automatically extracted workflows based

on expert-curated ones.

25.1 Morphosyntactic annotation

The initial step segments the text into lexical items called tokens equivalent to
"words". In general, tokenization operates tokens with white spaces between them
as far as we treat English texts. However, due to the specificity of the bioinforma-
tics vocabulary, we use a specialized biomedical tokenizer which relies on a dedica-
ted token lattice design pattern and an adapted Viterbi algorithm (Viterbi, 1967)
for bioinformatics tokens (Barrett et Weber-Jahnke, 2011). For instance, "don’t"
is treated as two tokens, while the gene "4’OMT2" is really one. In addition, the
text is segmented into sentences using punctuation-based patterns (Cunningham
et al., 2002b). The extracted tokens and sentences are further tagged with their ap-
propriate grammatical and syntactic categories. At first, a Part-Of-Speech (POS)
tagging is executed in order to identify grammatical classes of terms. We use the
MedPost POS tagger (Smith et al., 2004) which is based on a HMM (Hidden
Markov Model) model trained over 1 000 XHTML PubMed texts. Their tagger
achieved an accuracy of 97.43%. Next, we use a lightweight syntactic parser, the

OpenNLP chunker (Buyko et al., 2006), to identify active and passive verb phrases
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Sentence

Noun /Active Verb
i L \\
Noun Prepositional Verb Noun

Phrase Phrase Phrase Phrase
We validate neighbour-joining trees by MEGA using 1000 replicates.
(PRP)  (VBP) [} (NNS) (N} (NN} (VBG) CD)  (NNS)

PRP: Personal pronoun  VBP: Verb, non-3rd person singular present  JJ: Adjective NNS: Noun, plural CD: Cardinal number
IN; Preposition or subordinating conjunction NN: Noun, singular or mass VBG: Verb, gerund or present participle

FIGURE 2.5: An example of a chunking tree.

in sentences. The depth of the "chunk tree" is strictly limited to 3 (root, phrases
and POS tags). Chunker complexities are equivalent to a finite-state automaton
and provide a very simple grammar which is sufficient to continue with the ex-
traction process. We present in Fig. 2.5 an example of the generated chunking

tree.

2.5.2 Semantic annotation

This step is about recognizing workflow items in texts : i.e. tasks, parameters,
data, metadata and links between them. For this purpose, an ontology-based ga-
zetteer (terminology) is used to map instances with text tokens. This step is
important to any workflow extraction process. Yet, simple word matchings bet-
ween ontology instances and tokens would not be sufficient to recognize workflow
elements. Different syntactic and semantic ambiguities are present in any natural

language (Nadeau et Sekine, 2007). For this purpose, we use (1) specific JAPE’

"Java Annotation Patterns Engine (JAPE). JAPE language is a finite state transducer
on the GATE platform (Cunningham et al., 2013) that operates over annotations based on
regular expressions. Thus, it is useful for pattern-matching, semantic extraction, and many

other operations over syntactic trees such as those produced by natural language parsers.
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rules to extract and filter workflow concept and relation instances from texts and
(2) a WSD model to clarify other semantic ambiguities : 7.e. multi-class classifi-

cation (see next sub-sections).

In order to filter concept bad matchings from the ontology, we use specific-domain
stop-words, original XHTML markup annotations (from the texts) and regular
expression (regex) patterns written in JAPE language. For example, when gene
or protein names are nouns, verbs or adjectives, their probability to be exact
matchings in a text are never 1 (Kim et al., 2003). For instance, the gene term
"CAT’ is very similar to DNA codon sequences, e.g. in 'CAT ACT GTA ...’ or
even to other terms such ’caterpillar’ or ’cats’ . In addition, some bioinformatics
software names have similar issues. For example, the word ’align’ in the context
of phylogenetics presents a lexical ambiguity too. Commonly, 'align’ is a frequent
verb in phylogenetics texts but it is also used as a program name, that is why the
probability of this term is never 1. However, the probability of ’align’ to be the
name of a software written in lowercase is really near to zero (authors tend to use
different orthography such as uppercase and italic to distinguish program names

in texts). Thus, we build dedicated JAPE rules.

Rule 1 is an example of a pattern-based rule to eliminate program annotations
where terms, as verbs, nouns or adjectives, are written in lower case. ClassC.inst
is the instance ID in the ontology®, T'oken.category is the POS tag of a token and

Token.orth is its orthography. Hence, for all (most) specific program categories °

8Since instances might have "synonyms" (e.g. 'MCMC’ and "Markov Chain Monte Car-
10’) or might refer to software versions (e.g. 'MEGA 5.1'), we choose to identify each instance
with unique identifiers having the prefix as the class name in the domain ontology (e.g. Progra-

mID_9482394).

9A most specific concept/relation is the leaf category (which has no child category) in

the hierarchies Hc and Hyp.
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in 2, we build one rule for the most sensitive POS categories grounding lexical

ambiguities : i.e. verbs (V B), nouns (NN) and adjectives (JJ) (Kim et al., 2003).

Rule R; :

({ClassC.inst =~ "~ ProgramID\ ",
Token.category == ("VB” || "NN” || "JJ”),
Token.orth == "lowercase”}) : class

== B

input AS.remove(class) ;

Since phylogenetics sections describe processual events of how to complete spe-
cific tasks, sentences represent (a) a causal chain, (b) active, and (c) associated
with task steps (Diehl et Mills, 2002). However, this rule is not always applied
since, these sections use both, narrative and procedural texts. Thereof, for the
link recognition step, we adopt the following hypothesis : "a relation between two
concepts (domain and range) may ezist in the same sentence evoking the instances
of those concepts. The link is defined in the verb of this sentence". Since, both
active and passive voices are used to describe phylogenetics events, we deal with
both types of relations; actions between a domain and a range concept in both
directions. For this purpose, we propose a frame-based (Gordon, 1998) approach
using the ontology triple structure p = (¢, 7, c2) to map and match ontological
relations 7 € R with links [ € L in texts : § = (o01,l,02). Relation instances
(links) are recognized based on all relation triples that exist in {2 compatible with
its elements (domain, range and link type). The interpreter loads all the triples
from the ontology and maps tagged concepts as domains and ranges in texts for
each link. For instance, for the triple ( ” BootstrapProgram”, ” hasParameter”,
" NbBootstraps”) € 2, we search for all its domain and range terms (instances)
from the same sentence in texts. For example, a sentence candidate, in this case,

would be :
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"We validate neighbour-joining trees by MEGA (domain) using (link)
1000 replicates (range)".

In addition, if a match is found, a set of syntactic patterns is applied for each link
to filter bad matchings. For example, if the phrase voice is active, then, the verb
evoking the relation domain and range might be between these terms taking into
account the order of domain and range terms in the sentence (i.e. domain occurring
before range). The rule R, annotates the link context in texts where dStart, dEnd
and rStart correspond to 'S’tart and *E’nd positions of ’d’omain/’r’ange terms in

the triggered sentence.

Rule R, :
(({ Active Verb Phrase}) contains ({ Domain} {Token}+ { Range})) : p
——>
{ for(Annotation d : domain)
for(Annotation r : range)
if(dStart < rStart && dEnd < rStart && p is active)
outputAS.add(dStart, rEnd, "ClassR", p.verb)

253 Word sense ambiguity recognition

The previous process of semantic annotation faces known hurdles rooted in the
word sense ambiguities : i.e. polysemy (Stevenson et Wilks, 2003). The problem is

that words often have more than one meaning (e.g. Metonymy'®) and sometimes

10Metonymy is a "figure of speech" in which a thing or & concept is referred to the name
of something closely associated with that thing or concept. For instance, "human" may refer to

the Homo Sapiens species or to a "an expert" referring to a manual processing.
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completely different meanings (e.g. Homonyms!!). The meaning of a word in a
particular usage can only be determined by examining its context. This is, in
general, a trivial task in NLP. For example, in the following two sentences, the
software MEGA (Kumar et al., 2016), a multi-purposes package of programs, is

used in different contexts.

o We assess the neighbor-joining method by MEGA using 1000 replicates.

o Tree data was visualized using MEGA.

In the first sentence, MEGA is used to validate the phylogenetic hypothesis which
corresponds to the 'Hypothesis ValidationProgram’ concept. However, in the se-
cond sentence, the program MEGA is used in the visualization step which corres-
ponds to the ’Tree VisualizationProgram’ concept. A software containing different
packages (algorithms) is usually used for different purposes and contexts. Multi-
purpose packages programs such as MEGA and PHYLIP (Plotree et Plotgram,
1989) refer to polysemic concepts in the domain ontology. This software-related
polysemy is usually represented with the multiple inheritance!? feature in the
domain ontology. For this purpose A new concept ’'GeneralPurposePackages’ is
added to the ontology Q. This is done automatically while interpreting the hie-
rarchy of concepts H¢ to search for individuals (instances) belonging to multiple

task concepts.

For each parent concept ¢ of a polysemic one ¢ (where ¢ <4, ¢ is a subClassOf
RDF relation) belonging to a multiple inheritance in the hierarchy Hg, we add the

equivalence relationship between ¢ and the ambiguous concept ’Multiple Purpose

1Homonyms are words which have the same spelling and pronounciation, but have dif-

ferent meanings (e.g. date, crane)

12Multiple inheritance is an object-oriented feature in which a class (concept) or an object

can inherit characteristics and features from more than one parent class.
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£
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‘
We validate neighbor-joining trees by MEGA using 1000 replicates.
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FIGURE 2.6: Ontology transformation of polysemic concepts. An example of mul-
tiple inheritance grounding polysemic concepts in Q : (1) the ontology before
(having multiple inheritance), (2) the ontology after keeping only one relation
(the most left one) and adding a new concept equivalent to ambiguous tasks.
Here, MSA refer to 'Multiple Sequence Alignment’ and MPP to 'Multiple Pur-
pose Packages’.

Packages’, i.e. : <: ¢ > < owl : sameAs > <: Multiple PurposePackages > (see
example in Fig. 2.6). For instance, MEGA could be used in three different steps.
Hence, in order to identify polysemic words in the ontology, we create a new
latent concept equivalent to all ambiguous concepts while eliminating multiple

inheritance in the ontology.

2.54  Word Sense Disambiguation (WSD)

Next, after discovering polysemic concepts in the ontology, we tag their ambiguous

instances in texts. We propose, here, a supervised machine learning approach to
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WSD. The problem of WSD is defined as follows : "given a set of pre-tagged
polysemic words, WSD is to classify each word with its appropriate task concept
(sense) with high accuracy and efficiency". Pre-tagged words are usually created
manually, but, here, we propose to construct the WSD ground truth in a semi

automatic way using the domain ontology and syntactic tags from sentences.

Rule Rj :
Priority : 90
(({Active Verb Phrase}) contains ({General Purpose Packages}) : c) : context
== >
{i f(context is active &&
(context.verb.root in VerbSet : {"valid”,”test”, ...} ||

context.object.root in ParamSet : {"bootstrap”,”replicate”, ...} ))

c.putFeature(”resolution”,” Validation Program”);

Rule Rj3 shows an example of JAPE rules to generate the WSD learning set.
Here, both of the semantic tags (see section 2.5.2 ) and the syntactic tree (see
section 2.5.1) are used to clarify the polysemy of the concept c. The Verbset are
stem verbs extracted automatically from the WordNet synonyms (Miller, 1995) of
the verb in the parent concept ¢ (e.g. valid) in He (i.e. from the level immediately
above). The ParamSet contains also WordNet synonyms of the corresponding
program Parameter terms (e.g. number of bootstraps in validation programs).
These latter are used (if they exist) as hints to classify the polysemic program to
its right class. Hence, the pattern Rj verifies if the verb, in the active voice, is about
testing or validating something, thereof, the ’GeneralPurposePackages’ concept is
disambiguated to the ' ValidationProgram’ one. Moreover, WSD rules have priority

probabilities to fire them by order. Here, for each polysemic concept created in
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the previous step, we generate one WSD rule. An additional rule is added by the

expert to represent the default concept if no heuristic is valid (default rule).

2.5.5 Learning module

In order to create a model for automatic WSD, a set of features is generated
representing the dataset of already tagged words in texts. For instance, in order
to classify the term "MEGA’ (ClassC) from the example of Fig. 2.7, we generate

the set of features (featuresC) reflecting its context (see alos table 2.1).

Similarly, alignments were examined and mvestlgated by MP approach with heuristic search in MEGA.

Tokenqcategory (POS) [-3,+3]
fealuresC Token.class 3, +3] ' L

i 1
! Maximum )
e T i Parsimony !
\ approach
| | |
]
TokensBetwe en.category
featuresR TokensBe classC ( :
. distance ' : . ' R
. direction
| verbs '
I
| usedinApproach: -were-examingd—investigated .
ClassR

RB: Adverb ; NN: Noun, singular or mass ; VBN: Verb, past participle ; VBD: Verb, past tense ; CC: Coordinating
conjunction ; DT: Determiner ; IN: Preposition or subordinating conjunction

FIGURE 2.7: An example of learning features for WSD concepts and relation

extraction from texts.

Here, the context covers a window made of : the Win; concepts (concepts surroun-

ding the term to classify) ( Token.class) and POS tags ( Token.category) preceding
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Table 2.1: Feature descriptions

Feature | Description

Token.category [win;+, win;—| | The win;, (number of) grammatical tags (POS)

(Context POS tags) surrounding the ambiguous word in the sentence.

4 Token. class [win+, win;—| The win; (number of) domain concepts surrounding the
(Countext concepts) ambiguous word in the sentence.

4 TokensBetween.category The ordered list of POS tags between the domain
(Surrounding categories) and range terms.

4 TokensBetween.category The ordered list of concepts between the domain
(Surrounding concepts) and range terms.

5 | Distance The number of tokens between the domain and

range terms.

o 0 if the two annotations overlap, —1 if range follows
6 | Direction

domain in the sentence, and -1 if the range precedes domain.

The ordered list of verbs in the sentence evoking the
7 | Verbs

link triple (domain, relation, range).

and the Win; ones following the concerned word in the sentence. The window of
concepts represents surrounded concepts in the sentence (e.g., in a window of 3,
"MEGA'’ is surrounded with a 'Mazimum Parsimony approach’ and a ’DataType’
in Fig. 2.7). The window of concepts and POS tags (Win;) is fixed in the learning
step. In this example, win; = 3, hence, Token.class = {DataType, MazimumPar-

simonyApproach} and Token.category = {Determiner, Noun, Preposition}.

In addition, in order to classify a link between the ambiguous word '"MEGA’
(domain) and the data type ’alignments’ (range), we define its context as the set of
tokens between the domain and the range. Here, features (featuresR) represent the
context token POS tags (TokensBetween.category), distance (in number of tokens
between domain and range), direction (domain-to-range) and verbs between the

concerned terms (see table 2.1).

Since proposed features are context-based, the model representing ambiguous
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concept and relation terms in texts should take into account the type of these
(features) representations. Hence, we chose to use the PAUM model (Perceptron
Algorithm with Uneven Margins) (Li et al,, 2005) to learn WSD and relation
classifications from on the extracted feature instances. PAUM is a hybrid SVM
(Support Vector Machine) (Wang et al., 2005) and Perceptron (Tsoumakas et al.,
2009) classifier that was designed especially for imbalanced data and has success-
fully been applied to various semantic annotation problems (Li et Bontcheva, 2007;
Dé&dek, 2010). This algorithm differs from other classifiers, such as CRF (Settles,
2004), since it treats positive and negative examples differently by introducing two
margin parameters 7, and 7_ into the updating rules for the positive and negative
examples, respectively. Here, 7, and 7_ simulate the weights on context examples,
hence, we could increase/decrease the distance between positive/negative contexts
(see features 3-7) of an ambiguous concept and its surrounded ones. This reflects
the intuition that "the nearer a neighbouring concept is close to an ambiguous
concept, the more important it is for classifying the given token". It is about the
same intuition for the relation classification. We represent the distance between
positive/negative domain and range concept examples of one relation. PAUM
learns how to update its learning rate and margin parameters to maximize this
distance (Li et al., 2005). Since we are not dealing with a huge number of features,
we use the traditional Sequential Forward Selection (Doak, 1992) while adding f
features at a time to select. The selected best set of features are then, used in the
construction of a model for an automatic annotation of ambiguous words in texts

and relations between them.

After tuning and training our models, we applied them to the test set (test corpus)
which constitutes 1/3 of the available corpus (we note the other 2/3 are used for
training). Extracted terms and links are then evaluated using different evaluation

measures, i.e. Precision, Recall and F-Measure (Yang, 1999). Precision is the
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number of correctly identified items (objects/links) as the percentage of identified
items. In other words, it measures how many items that our system identified were
correctly tagged, regardless of whether it also failed to retrieve correct items. The
higher the precision, the better the system is at ensuring that what was identified
is correct. Recall measures how many items should have been identified from the
actual (real) set of correct annotations. We note that we consider annotations to
be partially correct if the entity/relation type is correct and the spans (positions
of characters in the text) are overlapping but not identical. Thus, partially correct

responses are allocated a half weight.

Precision = Correct + 0.5 x Partial (2.1)
~ Correct + Spurious + Partial '

Correct + 0.5 x Partial
Ll Correct + Missing + Partial (22)

where :

Correct : Number of correct annotations;

Partial : Number of partially correct annotations (if they overlap in terms);

Spurious : Number of spurious annotations (in the test set);

Missing : Number of missing annotations (in the training set).

The F-measure (FM) is often used in conjunction with Precision and Recall, as

the harmonic average of the two.

__ 2 x (Precision + Recall)

F
= Precision + Recall
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2.5.6 Workflow reconstruction

From recognized links between concept instances in texts, we build our concrete
workflow knowledge database where items are the named entities ordered by the
top-level pattern in the domain ontology. Concept and relation instances serve
to identify respectively the data-flow and the control-flow. For example, from the
tuples : p; = (Alignments, "isOutputOf", ClustalW), p; = (Alignments, "isInpu-
tOf", MEGA), we construct the control-flow : w.{ = ( {Alignments}, {ClustalW},
{MEGA} ) and the data-flow : w.6 = (p1, p2, p3) where p3 = (Alignments, "ge-
nInputTo", ClustalW). The partial order in the sequence w.( is carried out with
the ’generate input to’ (gen/nputTo) relation which is the result of the transitive

relation between input and output data from the ontology (2.

sPhylogenetlc
traas

g‘nuclelc or
proteln
sequences’

- ‘Model Selection | _ ‘Phylogenetic
Program’ Inference Program’

IsOutputOf
InputTc
OB

isinputOr

Ontology
Q

Workflow
w1

isOutputOf

isinputOf

FIGURE 2.8: Example of a workflow reconstruction from a domain-ontology. Here,
the hard black arcs represent the possible concept matchings between the onto-
logical workflow pattern (grey rectangles) and the workflow sequence w;.¢ (blue

rectangles).

Fig. 2.8 shows an example of workflow reconstruction from a domain ontology. The
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first set in wy.¢ : {Sequences, Alignments, Tree} represents the data types. While
relations p between datatypes and programs ’Clustal W' and 'MEGA'’ represent the

data-flow, the sequence itself in w,;.¢ represents the control-flow (’geninputTo’).

2.5.7 Workflow similarity measure

Following the work of?, workflows are compared by the titles of their tasks and
data descriptions (labels). Here, our algorithm consists of taking two workflows
— an expert-curated workflow a and a predicted one p — and analyzing which
terms appear in both of them respecting their step occurrences. Unlike the work
of Starlinger et al. (2014) and Bergmann et Gil (2014) proposing computatio-
nally expensive workflow mapping algorithms (based on graph-edit distance or
A* search), we propose a simple bag-of-words similarity measure which takes into
account both object (data, metadata and tasks) and link (data-flow and control-
flow) terms in texts and their ontological tags. The frequency of terms of scientific
workflows with a high similarity value tends to be quite similar. Thus, we com-
pare each workflow item term against all the others from the same step to discover
how similar they are. We remind that each workflow a and p is represented by the
couple (¢, 0) in Ay where ( is the set of object labels organized into transactions
(steps) and © is the the set of relation triples connecting a domain object to a
range one from ( using a link type [ € L. The similarity between two workflows a

and p is then given by the average similarity in both workflow components (¢, 89) :

sim$,(a, p) + sim®(a, p)
2

simy(a,p) = (2.4)

Let m = |a.C| be the total number of steps, n the number of items per step and
k = |a.©| the number of link triples in the actual workflow a. Each object o; ; is
weighted by its label correctness measure w € {0..1} and each property correctness

(triples) ) is weighted by w® = w® x w®: where the weight w® € {0..1} is
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the degree of an object term correctness (domain and range) and w® € {0..1}
is the degree of a link term correctness. We define term "correctness" based on
the character matchings between a term and its referring label in the ontology
Q. A partial correctness of a term v € p.( is defined as where v is a substring
in u = a.0;;. We apply here the longest common substring algorithm Salton et
Buckley (1988) to search for the actual term string in the a.( sequence of object
labels.

H(ws a.0;,5, D.
s 2 (wH(@-0u5 PC))

3 ¥
simé,(a,p) = . (2.5)

> (w®(a.6;, p.6))
k

sim$(a,p) =

2.0 Experiments and results

2.6.1 Dataset

For this study, we downloaded scientific articles from the digital repository Pub-
Med Central PMC database (published from January until April 2015) in XHTML
format. 320 texts have been extracted. At first we downloaded more than 1 000
recent articles, journals and conference papers having at least one section : 'phylo-
genetic analysis’ or phylogenetic analyses’. However, these sections may have not
sufficient information to reconstruct workflows from texts. Thus, we filtered the
downloaded articles based on the smallest ontological pattern that any phylogene-
tic analysis should represent. A phylogenetic study might use at least one datatype

and one phylogenetic inference program (see Fig. 2.3) to execute a workflow.

To conceive and implement the domain ontology, we build at first a relational

database gazetteer (in MySQL) from different well-known sources of data in the
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phylogenetic literature such as Gene Ontology (Ashburner et al., 2000), NCBI'3,
UniprotKB'* and from Felsenstein Website !° (Letovsky, 2006). The terminology is
then reorganized in a domain ontology in order to recognize terms and relations in
texts. We used the Quest-Ontop plateform (Rodriguez-Muro et Calvanese, 2012)
to map MySQL classes to SPARQL concepts in a domain ontology. The genera-
ted ontology presents 17 different object properties (relations), 44 581 concepts
(with 7 root concepts and 111 unique concepts) and more than 1 300 000 unique
instances without counting the synonyms. Root concepts represent the seven top
tasks (steps) of a phylogenetic analysis. The ontology is free to access under the
BioPortal repository : http://bioportal.bioontology.org/ontologies/PHAGE
and the Gate implementation of our workflow extractor is available in : https:

//github.com/bioinfoUQAM/tgowler/tree/master/WfExtractor_1.0.

In addition, an expert has annotated manually random 100 texts from the PubMed
database to build a workflow ground-truth. Using the GATE platform and our
ontology schema, he annotated only terms of concepts and relations that serve to

reconstruct the phylogenetic workflows from texts.

2:6:2 Results

In the first experiment, we evaluate the WSD model (PAUM WSD). We use
precision, recall and F-Measure metrics. A 10-fold cross validation was run over
the PAUM classifier to choose the best parameters : 7 = 5, 7, = 50, where 7_
and 7, are respectively the negative and positive margins. We have picked the

best values for 7_ from {-10, -5, —1, 0, 1, 5, 10} and for 7y from {—100, —50,

Bhttp://www.ncbi.nlm.nih.gov
Mpttp://www.uniprot.org

Yhttp://evolution.genetics.washington.edu
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—10, 0, 10, 50, 100} based on the validation results. In addition, we chose the
whole set of the proposed features since all POS and concept context tags show

the best F-Measure with a context window win; = 5.

In the second experiment, we evaluate the relation extraction model. Same as
in the previous experiment, we ran a 10-fold cross validation over the PAUM
Relation Extraction (PAUM RE) classifier. We chose the best features and best
parameters as follows : 7 = 1, 7, = 10. Selected features are : token POS tags,
concepts, distance, direction and the list of verbs between domain d and range r

(see table 2.1).

Table 2.2: PAUM Word Sense Disambiguation and relation extraction evaluation

results.

Precision (%) Recall (%) F-Measure (%)
PAUM WSD 99.21 66.66 79.74
PAUM RE 72.63 84.22 77.24

Table 2.2 shows results of WSD and relation extraction learning. For PAUM WSD,
the recall is the ratio of total amount of ambiguous words correctly disambiguated
over the total amount of ambiguous words in the expert-curated dataset. The pre-
cision is the ratio of the total amount of correctly disambiguated words over the
total number of generated ambiguous words. Our PAUM WSD model is highly
precise (99.21%) but predicted words represent 66.66% of the total number of
ambiguous words in the exert dataset. This is understandable since the context
of an ambiguous word could be out of its sentence context. Hence, this is one
of the limitation of our context-aware hypothesis. PAUM RE model presents dif-
ferent results in terms of precision and recall from the PAUM WSD but it shows
similar F-Measures. PAUM RE covers 84.22% from the actual relations in the

expert-curated dataset, however, 72.63% of the generated relations are correctly
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predicted.

In order to understand more about our results, we present in Fig. 2.9 the distri-
bution of similarities sim,, between the predicted and the Ground-Truth concrete
workflows. The overall similarity is 0.83 over the 100 extracted concrete workflows.
This figure shows also details about similarity distributions of both concepts and
relations in workflows. The overall mean of relation similarity is 0.89 and concept
similarity is 0.79. The best concept results are phylogenetic inference programs
where the similarities are above 0.8 except for 5 workflows. Moreover, in one side,
gene ontology and taxa annotations in workflows are 0.6 similar within the actual
workflows which is understandable since only full scientific terms are considered
while tagging the name of species, genes and proteins in texts. Though, synonyms
weren’t considered for the mentioned concepts at the semantic annotation step.
These are dismissed in order to minimize the error cost of the abstractions in
common terms (e.g. cell, RNA, polymerase, etc.). In the other side, all program
terms similarities are above 0.8 except for model selection and hypothesis valida-
tion programs (0.6). This is due to the context ambiguities within these categories.
Bioinformaticians and biologists tend to use general purpose packages instead of
specific tools for model selection and tree validation steps. The context of such

tools are 40% of the cases out if its sentence area.

In the relation side, links between data types and tree visualization programs show
the best similarities (the mean similarity is 0.95). Mean similarities of relations
between : (1) data types and MSA (Multiple Sequence Alignment) programs, (2)
data types and phylogenetic inference programs and (3) data types and species
are all between 0.65 and 0.77. Both predicted relations between model selection
programs and their model parameters, and predicted relations between bootstrap-
ping programs and their number of replicates are 0.9 similar with the expected

workflow relations. Even though the context-based pipeline supporting our sys-
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tem needs to be enhanced in its ability to capture more generic mentions (e.g.
tree validation programs) in wider contexts and a more elaborate model to cap-
ture metadata in texts (specifically for metadata, e.g. GO annotations and name
of organisms), experiments show satisfying similarity results (between 57% and
96%) with the expert-curated workflows and a good word sense disambiguation

model with an F-Measure >77%.

T Conclusion

This paper addresses the problem of the extraction of enriched workflows using
a domain-ontology to resolve word sense ambiguities in texts. The framework
is supported by an application in the bioinformatics domain. Qur graph based
workflow representation extends the classic POCBR workflow structures with a
semantically richer relations that serve for both : extraction and resolution of po-
lysemic tasks in texts. It is promising that our method reaches high similarities
with an ontology-based word sense disambiguation approach for tasks, however,
other term classifications need to be improved, mainly data type metadata such
as the name of genes, proteins and species. Future work will extend the existing
control-flow representation with more sophisticated relations representing disjunc-
tion and loop controls in workflows. Outside the context of the case acquisitions,
we intend to include text adaptation where, in the case of extraction deficiencies
(missing tasks), fragments from the workflows are automatically added based on

more general contexts in texts instead of sentences : e.g. paragraphs.
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CHAPITRE III

FOUILLE GENERALISEE DE FLUX DE TRAVAUX

Le travail de ce chapitre sera prochainement soumis & la prestigieuse conférence
ECML PKDD 2018 : European Conference on Machine Learning and Principles
and Practice of Knowledge Discovery in Databases, sous le titre : "Ontology-
powered pattern mining : discovery of frequent abstract workflows in phylogeny".
Nous notons que la version courte du papier a été publiée dans la conférence
ACM SIGAPP Symposium On Applied Computing (SAC), 2017, sous le titre :
"Ontology-based Workflow Pattern Mining : Application to Bioinformatics Ex-
pertise Acquisition" (Halioui et al., 2017a) . Nous présentons la version imprimée

de l'article dans ’annexe B.

Cet article présente la solution proposée afin d’extraire des motifs abstraits de
flux de travaux en se basant sur une ontologie processuelle et une base de flux
de travaux concrets. Une nouvelle structure d’appariement basée la relation d’in-
cidence entre les motifs générée est proposée afin d’accélérer la tache de calcul
de fréquence. La rédaction de [’article, la conception et 'implémentation de 1’ap-
proche de fouille, les expérimentations ainsi que le montage des figures ont tous été
réalisés par Ahmed Halioui sous la supervision des Prof. Abdoulaye Baniré Diallo
et Petko Valtchev. Seulement 'implémentation de ’algorithme d’appariement de

motifs a été réalisée par 1’é¢tudiant Tomas Martin, maitrise en informatique &
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I"UQAM, sous la supervision du Prof. Petko Valtchev.
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3.1 Résumé

Les systémes de gestion de flux de travaux actuels permettent de construire des
solutions & des problémes du domaine (e.g., analyse phylogénétique, fouille de
données) dans des processus complexes & multiples étapes qui se composent de
taches élémentaires. Dans des domaines riches, comme dans la bicinformatique,
différentes connaissances liées au domaine sont & maitriser (méthodes, outils, for-
mats de données, paramétres, etc.). Ainsi, la fouille de processus est appliquée
afin de découvrir des motifs de flux de travaux pertinents & partir des traces
d’exécutions (logs) permettant de découvrir des modéles de "meilleurs pratiques".
Cependant, & cause de la non pertinence (en terme de fréquence) des cooccur-
rences d’items concrets (d’ou la "sous-réutilisabité" de motifs), les motifs gé-
néralisés semblent étre plus "intéressants" a fouiller. Ce type de motifs per-
met de classifier (catégoriser) les éléments de flux de travaux en des concepts
(classes) et des relations. Ainsi, nous proposons une nouvelle approche de fouille
de motifs processuels basée sur une ontologie du domaine définissant les élé-
ments d’un flux de travail (flux de données et flux de contréle). Nous ramenons
le probléme de la fouille des processus au cadre de la fouille de motifs séquen-
tiels généralisés avec des liens entre ses items. Notre méthode traverse ’espace
de recherche de motifs en utilisant cinq opérateurs de raffinement exploitant les
liens hiérarchiques dans l'ontologie. De plus, 1’étape d’appariement entre les mo-
tifs abstraits et les flux de travaux concrets est supportée par une structure
dédiée afin de réduire le nombre de comparaisons. Une étude de scalabilité de
notre systéme ainsi que la comparaison avec xPMiner (une approche proche &
notre solution) montre des résultats satisfaisantes en termes de temps d’exécution
(génération de ~13 500 motifs en 0.5 secondes.). L’'implémentation de la plate-
forme de fouille ainsi que les données d’expérimentations sont disponibles dans :

https://github.com/bioinfoUQAM/tgowler/tree/master/WfMiner_1.1.
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3.2 Abstract

In complex problem solving domains such bioinformatics, workflows driven by ge-
neric management models, are used to design and execute a wide range of complex
analyses. However, a minimum of expertise is to be capitalized in order to guide
non experts facing a technical problem, e.g., phylogenetic analysis. As a solution,
process mining is applied to extract workflow patterns of abstract components
from system logs in order to cover local variations. However, in rich and complex
structured domains, an additional issue is related to the right choice of abstrac-
tion. We propose, in this paper, a pattern-based workflow mining on the top of a
domain ontology which categorizes workflow elements and their interactions. Our
method relies on workflow representations as double-labeled DAGs. Hence the
underlying problem is transformed into : mining generalized (abstract) sequential
patterns with links between their items. Besides, we propose a refinement opera-
tor, made of a set of primitives following the ontology structure to traverse the
pattern space. In addition, a parsimonious matching discipline exploiting a storage
for partial pattern-to-data matchings is used. A study of scalability and a compa-
rison with the xPMiner system' proves that our method behaves in a satisfactory

manner in terms of mining time (output of 14 416 patterns in 0.75 seconds.).

Both data and implementation of our approach are available in : https://github.

com/bioinfoUQAM/tgowler/tree/master/WfMiner_1.1.

1xPMiner provide a close approach to ours since it mines sequences (a simpler data

structure) instead of workflows as DAGs.
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343 Introduction

Workflows, as tools for conceiving and managing complex multi-step processes,
are widely used in the resolution of complex knowledge-rich domain problems
e.g., Bioinformatics. Current workflow management systems offer a wide spec-
trum of analytical services (Wolstencroft et al., 2013; Blankenberg et al., 2001;
Lord et al., 2012) requiring to master different types of expertise in data collec-
tion, cloud computing, Web services, etc (Blankenberg et al, 2001; Anisimova
et al., 2013). Therefore, in order to build a successful workflow, the user must ty-
pically master a large variety of methods, tools and data formats. In many cases,
the ultimate success of the analysis depends on the right choice of algorithm pa-
rameters and even of software versions. In fact, such a demanding environment
decreases the value of workflow management for non expert users. This, in turn,
motivates the application of automated tools to the acquisition of problem solving
expertise —coherent abstract knowledge about problem resolution—, e.g., by distil-
ling reusable parts from recorded past experience. Process mining (Van der Aalst,
2016), a branch of Knowledge Discovery from Data (KDD) (Fayyad et al., 1996),
studies the discovery of reusable knowledge from databases of process records,
in particular, from workflow representations, e.g., execution logs. As workflows
have an inherent graph structure, effective process mining methods face related

complexity issues.

Independently, as an approach taming the large variety of services and related
process elements, domain ontologies have been increasingly adopted (Wolsten-
croft et al., 2013). Ontologies offer, inter alia, a taxonomy of domain entities that
typically comprises categories at various abstraction levels, plus, if applicable, a
taxonomy of domain relations. While they might positively impact the mastering

of the underlying problem domain by novice users, the real value lays in their ma-
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chine readability : an ontology can be leveraged in the process of KDD in order
to ensure a variety of benefits. To name a few, the intelligibility of the discove-
red patterns would increase, if stated in the ontological vocabulary, while easing
their integration into the body of a formalized knowledge. In addition, ontologies,
representing domain relations and constraints, might be used to limit the explo-
ration of the pattern space and the novelty of the discovered knowledge w.r.t.
what is already known could be assessed in a direct way. Yet, the benefits come
with a cost. Ontology-compliant data is typically graph-shaped whereby vertices
are resources typed by the ontological categories and edges are links labeled by
relations. Thus, mining workflow patterns on the top of an ontology amounts to
discover (double) generalized graph patterns where both concepts and relations are
mined. Among the ensuing technical difficulties, it is noteworthy that the inter-
play between categories and relations induces a huge and highly irregular pattern

space.

In this paper, we are investigating the benefits of mining ontology-based work-
flow patterns for the acquisition of bioinformatics expertise. In particular, we are
focusing on Phylogenetic Analyses (Lemey Philippe, 2009) whereby datasets are
workflows from various origins : traces from Web application logs (Blankenberg
et al., 2001; Lord et al., 2012), published workflows as such (Wolstencroft et al.,
2013) or reconstructed from the text of scientific papers (Duck et al., 2014; Halioui
et al., 2015). Our ultimate goal is to automate assistance to non expert analysts
(see (Spjuth et al., 2015) for a discussion). The underlying technical goal is the
discovery of abstract workflows from the dataset of concrete workflow records. We
approach it as a problem of mining generalized DAG patterns over an ontology.
The single truly comparable work from the literature tackles click-stream analysis
for an ontology-powered Web portal (Adda et al., 2010) by applying a mining
methodology from the work of De Raedt (2008). Similarly, we define two des-
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criptive languages, one for Data (concrete workflows) and the other for Patterns
(generalized workflows), and a pattern space on top of them with a dedicated
refinement operator to traverse it. Patterns are exploited by a Top-Down Depth-
First traversal method (Aggarwal, 2016) using support as a quality criterion for

patterns.

The remainder of the paper is organized as follows. Section 3.4 summarizes cur-
rent works on pattern mining with ontologies. Section 3.5 motivates the data
format and describes the essential components of our mining problem. Section 3.6
describes the workflow data and pattern languages. While section 3.7 defines a
total order between workflow and pattern elements, section 3.8 presents the pat-
tern space and proposes a mining method based on canonical operations and a
dedicated matching DAG-based pattern-to-data structure to calculate the sup-
port (frequency) of patterns. Section 3.9 shows a running example and section 4.5
reports experimental results and discusses practical validation of the entire ap-

proach. Finally, section 5.7.4 concludes the paper.

3.4 Related work

Ontology (Stumme et al., 2006) is a versatile construct that may take various
shapes : from a simple is-a taxonomy, or light-weight ontology, to a fully-blown
formal ontology in OWL 2. Light-weight ontologies have been used in data mi-
ning from its onset as a source of domain knowledge to improve the mining pro-
cess (Aggarwal et Han, 2014). In sequence pattern mining (Han et Fu, 1995;
Plantevit et al., 2006; Sebek et al., 2012), the generalized patterns comprise abs-

tract items i.e. item categories from a domain taxonomy, a.k.a. concepts. For

2The W3C Web Ontology Language (OWL) is a Semantic Web language designed to
represent rich and complex knowledge about things, groups of things, and relations between

things — see https://www.w3.0rg/0OWL
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instance, GSP (Srikant et Agrawal, 1995) mines frequent patterns from sequences
of user transactions. It traverses the pattern space in an Apriori-like level-wise
descent (Agrawal et Srikant, 1994) by exploring the support monotony over the
taxonomy. The workflows we deal with are similar to sequences where transactions
(tasks) are only partially ordered. Besides, at some steps the ordering is flexible.
Yet, a key difference here is that items can be connected by links labeled by on-

tological properties (a.k.a. relations). Thus, a data record forms a double layer of

labeled DAG.

Moreover, our fully-fledged ontology also provides a taxonomy on relations as well
as adjacency constraints on those (domain and range concepts). Respectively,
target patterns are sequences of concept transactions with inter-concept relations
which, due to the specific nature of workflows, amounts to a (double) generalized
DAG where each node/link may lay at an arbitrary level within its respective
taxonomy. As a matter of fact, determining the proper abstraction level is a key
issue. Most miners detect generalized patterns made of same-level items (Han
et Fu, 1995), with the noteworthy exception of (Fortin et Liu, 1996) where an

Object-Oriented approach is used to combine levels.

Generalized graph patterns were formulated by Inokuchi (2004), yet, never fully
explored since; arguably due to the inherent complexity of the resulting pattern
space. For instance, Cakmak et Ozsoyoglu (2008) proposed a specific type of ge-
neralized graph patterns, yet, the approach includes a preliminary flattening of
the data graphs : transforming all the nodes/edges to root concepts/relations,
respectively from the ontology. Similarly, Jiang et al. (2007) proposed to mine ge-
neralized patterns from RDF? graphs with an RDF schema as a taxonomy. Yet, the

proposed method decomposes at first the graphs into (vertex, edge, vertex) triples

3https://www.w3.0org/TR/rdf-primer
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and afterwards deals with them as transactions of triple-shaped items. Here, the
generalization is operated separately on the individual items following the schema.
In this paper, key shortages are the patterns —(multi-)sets of generalized triples—
(1) might not constitute a connected graph or, alternatively, (2) compiling them
back into a graph might not ensure the result is matched by the covered data
graphs. Werth et al. (2009) proposed a tuple-based canonical form (labellndex,
predecessorIndex) attached to patterns with a 4-steps refinement operator : (1)
adding a root node, (2) adding a node/edge from a different abstract level, (3)
replacing a node/edge from the same abstract level and (4) insert an edge pointing
to the predecessor. Yet, pattern extensions do not follow a specific order which

yields to generate some duplicates.

Using an ontology to assist mining of usage logs* (Srivastava et al., 2000) has
proven popular in the last decade. A number of studies have used ontologies to
enrich patterns mined from sequences of clicks, or similar navigation traces (Dai
et Mobasher, 2002; Adda et al., 2010; Senkul et Salin, 2012). The work of Adda
et al. (2010) is an exception since it presents a complete framework to abstract
patterns from click-streams (logs of a semantic Web porta)l powered by a domain
ontology. At the preliminary step, logs are turned into sequences of content object
IDs further enhanced with semantic links from the ontology. Then, an Apriori-like
method, xPMiner, extracts patterns as are sequences of concepts labels connected
with properties from the ontology. To traverse the pattern space (from the top
to the bottom), it uses a refinement operator made of four primitives acting on
concepts or properties (by adding/specializing the last concept/relation). Unfor-
tunately, the paper does not present a true validation, e.g., a study of the utility

of the discovered patterns. Moreover, the mining task is inherently costly. It uses

4Frequent pattern mining techniques for discovering different types of patterns in a

Weblog database.
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an expensive data-to-pattern matching and it is not shown to avoid multiple can-
didate generation. Here, we deal with a comparable problem with a different input
format. Instead of pure sequences, we deal with DAGs. Due to the complex na-
ture of the underlying domain problem, DAGs are split into ordered layers, thus,
our problem is restated as Mining Generalized Sequential Patterns (as opposed to
sequence patterns in (Adda et al., 2010)). Following the schema proposed in (De
Raedt, 2008), we define dedicated data and pattern languages and show how these
are combined into a pattern space w.r.t. a generality relation. We also identify le-
vels in the space and provide a refinement operator to move a level down. However,
unlike xPMiner, our method is a depth-first miner exploiting (1) an explicit storage
for partial data-to-pattern matchings to be inherited along a downwards path and
(2) linear extensions of the respective partial orders on concepts and properties to
generate each frequent pattern exactly once. Below, we describe the key elements
of our mining problem. To that end, we use, besides an isomorphism-base mat-
ching and an ontology-based refinement primitives, concept and relation rankings
over the hierarchies in the ontology to ensure a total order among pattern com-
ponents. This ensures two valuable properties : (1) a canonical representation for
each pattern as a sequence of linked concept bags (reducing the matching cost),
and (2) a unique order among unit refinements of a pattern that allows to trace

it back to the root pattern (via a unique generation chain).

3.5 Motivating example

Phylogenetics (Lemey Philippe, 2009) is a core bioinformatics discipline. It re-
constructs the evolutionary history of species based on molecular information, i.e.
DNA, RNA and proteins. Fig. 3.1 shows a phylogenetic workflow designed with the
Armadillo (Lord et al., 2012) platform. With tools like Armadillo or Galaxy (Blan-
kenberg et al., 2001), users can build solutions to complex analytical problems from

basic blocks, e.g., algorithms, data types and sources. A workflow graph depicts
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an analytical resolution in terms of blocks and their interactions —control/data
flows— drawn as nodes and links, respectively. Fig. 3.1 represents the comparison
of phylogenetic trees built with and without alignment processes, respectively. It
comprises three steps : (1) aligning sequences using ClustalW (Thompson et al.,
2002) program; (2) inferring phylogenetic trees with PhyML (Guindon et al.,
2010) and (3) calculating tree distances using the TreeDist (Zhang et Shasha,
1989) and Robinson&Fould (Robinson et Foulds, 1981) algorithms.

—_—
o TreeDist ..

FIGURE 3.1: Bioinformatics workflow : a reconstruction of phylogenies from the
NKX23 proteins (Lord et al., 2012). While large rectangles depict tasks (e.g.,
PhyML, ClustalW) and small ones depict data types (MultipleSequences, Tree,

etc.), oriented links stand for data flows.

Composing the appropriate workflow is a challenging task since it requires the
mastering of a large number of data formats, methods, tools, parameters, etc.
Yet, recorded workflows might be used as guidelines for novices and even for "ex-
perts". Yet, given the huge variety of possible inputs, it is unlikely for a workflow
to fully fit a new situation. A solution would be to mine higher-level of abstractions
summarizing commonalities in a set of workflows. In our case, one such abstraction

could be read as follows : " Protein sequences involved in muscle contraction are

inferred using a character-based method, on one hand, and a progressive alignment

plus a character-based inference method, on the other hand, and then, results are
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fed into a distance-based tree validation method". In a hypothetical pattern lan-

guage, this would become the following sequence of steps (bags of categories) :
({ Muscle Contraction, Protein Sequence}, { Character Based, Progressive MSA
}, {Character Based}, {Tree Distance}) with interactions as the triples® { (1,
isInput, 2), (1, isInput, 3), ...}. Therefore, workflow tasks and data types are
organized into a hierarchy of concepts while constraints and dependencies between
them become instances of properties that are also organized in a hierarchy of rela-
tions. The respective is-a relationships are called SubClassOf and SubPropertyOf
in RDF Schema®. Fig. 3.2 shows a part of the RDF phylogenetic ontology where
both hierarchies are illustrated separately. Instances are also connected to their
concepts/properties using the is-a property, e.g., the ClustalW software and its
concept Progressive MSA.

3.6 Data and pattern languages

The universe of workflow items, i.e. concepts C/objects O and relations R /links

L, is defined by the ontology 2.

Definition 3.6.1. Ontology

Let Q= (0, C, L, R, €q, p) be an ontology where O is the set of all objects,
i.e. individual tasks and data types, C the set of all concepts, L the set of all
links between objects, and R the set of all properties (relations) between concepts.
Hc = (C,€q) and Hr = (R, Eq) denote the concept and relation hierarchies of
the ontology where €q denotes the is-a relationship. Objects o € O and linksl € L
are instances of concepts ¢ € C and relations v € R, respectively. The ternary

relation p C C x R x C is made of triples ¢; x 7 X ¢y expressing the incidence

5Triplets here represent links between the sequence positions instead of labels

Shttps://www.w3.org/TR/rdf-schema/
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FIGURE 3.2: Hierarchies in the Phylogenetic PHAGE Ontology (a partial). In both
hierarchies Hc and Hp, concepts/relations are light grey rectangles and instances
are dark-coloured ones with data types to the left, tasks to the right (of Hs) and
links (of Hz).

between a relation r and its domain ¢, and range cy concepts.

Remark (Labels in the ontology). In order to simplify the mining step, labels’ are
uniques for each concept ¢ € C and relation r € R in the ontology. For instance,
the concept Alignment method has only one label ’Alignment’ representing the set

of its individuals (instances) (e.g., local, global and structure-based alignments).

Moreover, given a universe of tasks and data O and links £, a workflow record
represents a double-labeled DAG with vertex labels from O and edge labels from
L. Next, we will use the terms "object" and "link" instead of their corresponding

labels (usages), respectively, in the ontology. In addition, vertices are split into

7A label is a self-identity and/or behaviour of individuals by the terms used to describe
or classify them. In RDF Schema, for example, rdfs :label is an instance of rdf :Property that

may be used to provide a human-readable version of a resource name.
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subsequent layers following the steps of the phylogenetic analysis with possible
further splits, i.e., through a topological sort, so there is no intra-layer edges
remain. In this way, the data record becomes a sequence of object transactions

with a set of cross-transactional links.

Definition 3.6.2. Data language

Aw is made of pairs w = ((,0) where { = ({01,02,-.-,0;, }, {0i341, -+, Oig}s -+,
{0i(n-rys1s - - » Oim }) 18 @ sequence of object transactions. In turn, © = {61,6s,...,0,
} is a set of triples where 6, = (43,1, 12) represents a link of type | between the object

at position i, in w.C, i.e. w.C[i;] and the object w.([iz).

In the above definition, we assume a total order among the items of w, which, in
turn, requires transactions to be totally ordered. We discuss a way to obtain such
an order from the hierarchies in the following paragraphs. At this point, we define
a mapping of the object ranks in that order into the transaction ranks within w.
In a valid triple (3,1, 5), ¢; and i, belonging to different transactions whereby the

transaction of i; is before the one of i, :

Definition 3.6.3. Transaction mapping

Let 1, : N = N be the function that maps item positions to transaction IDs :

VO = (i1,1,42) € 0.0, (1) < Tp(32)

Example 1. w; in Fig. 3.3 (A) is a schematic representation of the workflow
from Fig. 3.1. It comprises tasks b,c,d,e and data type a as well as a set of
links. Tasks are further split into steps, thus, inducing the transaction sequence
({a}, {b,c}, {b}, {d, e}) plus the triples {(1,1,,2), (1,5,2), ..., (4,11,6)}. Here,
embodies the execution order in the workflow and l; is the input relation between

data types and tasks.
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workflow representation
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Notation-wise, workflow tasks and data types will, henceforth, be denoted by
lowercase letters and pattern concepts and relations be denoted by uppercase ones.
In addition, same for the pattern side, we define a second language representing

different types of semantics : categories of objects and links.

Definition 3.6.4. Pattern language
I'w is made of pairs p = ((,©) where p.( is the sequence of concept (labels) bags
and p.© is the set of relation triples.

Remark (Concept and relation labels in patterns). We need to mention that
concept usages (labels) in the pattern sequence ¢ are not uniques, thus, pattern

transactions are multisets®.

Example 2. p; in Fig. 3.3 (B) represents the sequence { {A}, {C}, {B} .{D} )
plus the triples 8; = (1,72,2) and 6, = (2, r;,3) linking pattern components.

3.7 Total order

To streamline pattern mining, we define a canonical representation for each pat-
tern that eases, among others, the detections of identical patterns. Such forms
are typically based on a total ordering of pattern components whereby the last
position is the focus of refinement primitives to guarantee a non redundant and a
unique space traversal. Hence, given a pattern p, a chain of refinement operations
can be built from p up to the root pattern by reversing its generation in terms
of successive refinements. The chain is unique whenever at each step, the last
refinement is unambiguously defined, both in terms of primitive and argument

pattern.

8A multiset is a generalization of the concept "set", that, unlike a set, allows multiple
instances of elements. For example, {a,a,b} and {a, b} are different multisets although they are

the same set.
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To that end, we define, at first, a total order between concepts/relations in €2 to
help sorting each transaction in workflows and patterns. Since we follow a general-
to-specific (top-to-bottom following the hierarchical relations) traversal of the pat-
tern space, ranks need to be monotonous (the more general a concept/relation
type, the higher its rank). Therefore, we define the functions rankc : C — N and
ranky : R — N mapping concepts and relation types, respectively, into natural
numbers. Ranking is obtained from the hierarchy Hs and Hy in the following
way : (1) the topological sort of the hierarchy yields to a split of C and R into
levels, (2) for each concept ¢ € C and relation type r € R, the choice of a unique
canonical parent (e.g., ¢ from the level immediately above : ¢ <4, ¢) is done by
ignoring multiple inheritance in the hierarchies®, and (3) over the resulting span-

ning tree of the hierarchy, we assign ranks along a depth-first postfix traversal.

Definition 3.7.1. Canonical parent

By ignoring the multiple inheritance in Hc and Hx using a post-fix traversal, the
canonical parent of a concept ¢ € Hg 1is the unique concept ¢ whereas ¢ <can €
denoting that ¢ is more general than ¢ (c is more specific than ¢'). Same for

properties, T <can ' denotes that v’ is the canonical parent of r in Hg.

In addition, in the taxonomies Hs and Hg, a root concept é or a root relation 7,
respectively, represent the set of the most general items in the hierarchy besides

the empty set @, hence : é <¢an @ and 7 <cqn 0.

Definition 3.7.2. Concept/relation ranking functions
The function rankc : C — N of a concept c is the position of ¢ in the postfix

topological order of Hc, i.e. ¢ <ean ¢ => rankc(c) < rankc(c). Similarly for

91n order to guarantee a unique generation of patterns from the ontology, this latter might
present unique specialization paths in its hierarchies. Therefore, we ignore multiple inheritances

in Ho and Hy.
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relations, the rank of a relation rankgr : R — N is the position of r in the postfix

topological order of Hg, i.e. T <ean ¥ => rankg(r) < rankg(r').

Example 3. The Fig. 3.2 shows the result of our ranking method on the phylo-
genetic ontology (see numbers above rectangles) : e.g., rankc(Tasks) = 14 while

'CharacterBased’ < q, 'Inference Task’.

Based on the rankc() and rankg() functions, a pattern can be generated in its
canonical representation. However, this is of little help for matching, even if the
ranking is extended to instances in the hierarchies so that workflow transaction
could be sorted w.r.t. a compatible order. Indeed, even in those cases, it is not
possible to ensure a pattern and a workflow can be matched like pure sequences due
to the partial order in transactions, e.g., parallel execution of tasks in workflows.
In other terms, while there might be no sequence matching over the canonical
forms, local reordering in some of the workflow transactions might enable such a

matching.

Example 4. Matching p;.¢ with wy.¢ (see Fig. 3.4) amounts to find a matching
for every concept in pp.( while there still be a non matched object in ws.¢ or a
complete match is found. In this example, the first iteration (ordering) in wsy.¢
finds the first matching between the first concept c3 and the second object o3. Next
iteration places o3 at the first position in ws.¢ and shifts non matched objects to
the right. A matching is found in this set between cg and the last object oy4.

Reordering continues until all concept matchings are found (in the 37 iteration).

In addition, given a pattern p, the triples in p.© are ordered w.r.t. the involved
positions. At first, we sort upon the destination positions (third element in the
triple) and then by the source ones (first element in the triple). Since there could

be concept repetitions in a pattern, concept positions in p.© are ordered according
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FIGURE 3.4: Matching example between concepts in p,.{ and objects in w,.{. Red

rectangles show that the object is matched to the corresponding concepts in the

pattern, e.g., at the first iteration, ws.03 is matched with p;.ce.

to source positions i, and relation types 7.

Definition 3.7.3. Relation/link triples order
Let (rx, i) and (r;,i;) be the prefizes of two different triples : 3, 1 < m < I,

Gjm = Tk 0Nd Tankg(r;,) < rankg(re,) = i, < ik,

Since no triples share both their source and destination in p (with the same relation
types), the above ordering is total. This enables the definition of the last triple in

a pattern.
ra2

iy e DN o
ps-C{ 5 e }{ =y }

rankap(r2) = rankg(rs) rankR(ra) 2 rank72 rz)
\N~——-/

FIGURE 3.5: Example of triple set ranking.

Example 5. p3.© in Fig. 3.5 shows a duplication of the concept c;o in the last
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transaction. The question that we raise here is : how do we reorder duplicate
concepts in the pattern sequence while calculating matching workflows ? According
to the above definition, ps;.© is sorted according to relation types while considering
(the order) the starting positions. Hence, relations on the last concept cjo i
position) have relation rank types greater or equal than their previous duplicates
on the same starting positions. For instance, the rank of r3 in 64 is greater than

the rank of ry in 6,.

3.8 Mining workflow patterns

3.8.1 Pattern space

In order to define the pattern space, we need to define the generality order (C)
between patterns which follows the instantiation relationship (<) between work-
flows and patterns. For a workflow w € Aw and a pattern p € I'w, we assert w<p
(said w instantiates p) whenever there exists a sub-structure in w isomorphic to
p. The mapping function & : {1,..[p.¢|} = {1,..|w.C|} defines the instantiation

relationship between w and p as follows :

Definition 3.8.1. Instantiation relationship

e & is an injective function;

o Vi€ {1,.,|pcl}, wl[®()] €ap(li;

o V0 = (i1,7,92) € p.©, A € L s.t. L €qr and (®(i1), I, $(42)) € w.O.
o Vi, i’ € [1,[p.Ll], 7(¢") < (i) iff 7 (@(¥)) < 7u(B(2))

The mapping function ® maps every concept (second property) and triple (third
property) in p with its corresponding item in w. The last property of ® ensures
that item instantiations between a pattern p and a workflow w should follow (1)
the same order of items from the same transaction in p and w and (2) the order

of mapped transactions between p and w.



o8

Example 6. w; instantiates p; (w1<tp1) in ( {a}, {c}, {b}, {d} ) and in links
{ll,l2} while ll €qTl, [ €q T2, @ €0 A, beq B, etc., (@(1),12, @(3)) €n p1.91 and
(@(3),[1, @(4)) €q p2.62 (see Fig. 33)

In fact, the generality order between patterns follows instantiations as a pattern
p1 is a super-pattern (canonical parent) of another one p}, whenever every data
component that instantiates pj, instantiates also p;, however the inverse is not

true.

Definition 3.8.2. Generality relationship

Let p; and py be two patterns from 'y, p; is more general than p| : p} C p; iff
{wi € Aw|wi<p|} C {w; € Aw|w;<tp1}.

Remark (Limitation of the generality definition). We need to mention that, the
more generic (real) generality relation between two patterns p, < p; implies that,
for all possible workflows (in our case a finite set!?), the following property holds :
{wi € Aw|wi<p2} C {w; € Aw|w;<p1} (coverage).

Definition 3.8.3. Levels in pattern space

The level of a pattern, denoted as its generality degree g, is the sum of its com-
ponent (concepts and relations) depths h from the ontology where a depth h is the
mazimal path (maxDepth) from a component to the root according to its hierar-
chy in Q. Hence, Ve; € C and 0; = (Clomgin: ™ Glange) € £, 9(p) Z'p L hic) +
le U h(6;) where h(8;) = mazDepth(c;, He) and h(6;) = mazDepth(r?, Hy).

Example 7. The level of the pattern p; is g(ps) = h(c1) + h(cs) + h(cr) + h(co) +
3 x h(ci0) + h{r1) + h(re) + h(r3) = 23 (see Fig. 3.2). Thus, a level in our pattern

space is defined as the set of patterns having the same generality degree.

0Gince the number of steps is fixed same as the number of each input/output task

parameters (domain constraints), the number of all phylogenetic workflows is finite.
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Furthermore, the generation of k + 1-level patterns from k-level ones amounts to
the calculation of the following five canonical operations : (1) root concept inser-
tion in a new transaction, (2) root concept insertion at the end of one transaction,
(3) concept specialization, (4) root relation insertion and (5) relation specializa-
tion. Since pattern elements are indexed using the total order induced by the
ontology ranking, refining a pattern is always done from its last element (the

highest rank).

Let ¢ be the last concept in p.¢, r be the relation in the last triple of p.©, ¢ a
root concept and 7 a root relation in the ontology. Refining p amounts to add a
concept/relation in the pattern or, alternatively, to replace ¢ by ¢ for whom c is
the canonical parent concept : ¢’ <o ¢. Similarly,  can only be specialized to a
relation 7’ that satisfies r’ <, 7. Table 3.1 lists the precise set of conditions for

a canonical operation to be applicable for all the five of them.

M @ @ @
IA‘CID;D

appC(A) addQ(A)

Pl A c D | D

G s
iy addR(rs,1)
SUbC(DV subR(r2)

& ®D. EB . ED
A | c | D!

FIGURE 3.6: An example of canonical operations.
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Table 3.1: Canonical operations.

Definition

Constraints

appC (é)

appends a new
transaction with
a root concept

in it.

bl

¢ is a root concept.

addC (&) : adds
a root concept to
the last transac-

tion.

. ¢ is a root concept;

. rankc(¢) = rankec(p.¢([|p.Cl))-

subC(c’) : re-
places the last
concept with ¢.

- € <ean PLIP-LN 5
. rankc(pC[lp-€| — 1]) < rankc(c’) (where rankc(p.{[|p.¢| —1]) is the 2nd

last concept).

addR(#, 7)

adds a relation #
belween position
4 and the last

position.

. 7 is & root relation;

- pL[lpCl] €n Tan(?);

. pLls] €a dom(F);

. Vk 3y with (k, 7k, |p.€l) € p.© = k < j (right most domain).

if plllpgl — 1] = pLlpCl] then VL 3m, (i.r,|pgl — 1) € p.O=

rankg () 2 rankr(n), 4 2 j.

subR(r’) : re-
places the last
relation of the

pattern with 7.

let 3 = maz(F1(F, i, [p-€]) € p-©) and r” s.t. (jm. 7", |p€|) €p.O in :

.
2. pL[lp<l] €a ran(r');
3.

4. if plllpgl - 1] =

7.I _<mn 7'” 3

p-L[im] €n dom(r').
pL[pLl] then Vi, 3r, (i, 7, |p¢l — 1) € pO =

rankg(r') 2 rankg(ri), it 2 jm-

Here ran(r’) and dom(r’) functions return the corresponding range and domain concepts,

respectively, of one relation v/ from Hyg.
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Example 8. Fig. 3.6 illustrates all the canonical operations that we can apply on
a pattern py. To append the concept A to a new transaction in ps.(, we only
verify if A is a root concept. However, in order to add a concept A at the last
transaction of ps.C, we check if A is a root and its rank is higher than the last
rank in ps.C. Specializing the last concept subC(D') in ps amounts to replace the
last concept D with its descendent D’ while its rank is higher than the rank of
the previous concept (B) in last the transaction. The addR(rs,1) operation on
ps adds the relation rs between the first concept A and the last one D. To that
end, we need at first to verify if there is at least one relation pointing to the
last position. Next, we check the compatibilities between the concept A and the
domain of 75 and between D and the range of r5 from the ontology. After that, we
add the concerning triple after the right most one in p;.© having 4 (last concept
position) as the ending point (destination) and rs as a relation. We remind that
p4.© set is sorted by its ending and starting positions and then, by its relation type
rank. The final operation subR(r2) specializes the last relation on r3 having the
concept A as a starting position (source). In order to preserve the order in p,.0,
79, the canonical descendant of r3 from the ontology, should start from the highest
starting point (source) in the subset of triples of 3 in p,.© which is 8, = (1,73, 4).

Hence, subR(r2) replaces 0, with the triple : (1,72,4).

3.8.2 Mining method

Mining abstract workflows from a database Dy on top of an ontology {1 and a
minimum support threshold o amounts to find all the frequent patterns F, = {p €
T'w|supp(p) > o}. Here supp(p) is the number of workflows from Dyy matching
p |w<p|. We propose to use a depth-first overall traversal in which we apply our
refinement operator to find all candidate patterns from a given frequent pattern
p. The algorithm starts with the generation of the frequent 1-patterns which are

made of unique root concepts from the ontology. For each one of them, the gene-
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ration is applied recursively to subsequent levels k¥ 4+ 1. The level candidates are

generated from frequent patterns at level £ by applying the canonical operations.

Algorithm 1 Generate frequent patterns
1: procedure GENERATEANDTESTDF(f : frequent k-level pattern; M S : matching

workflows ; o : minimum support )
2: CP « ADDC(f) U APPC(f) U sUBC(f) U ADDR(f) U SUBR(f); © Apply all

the canonic operations (if the constraints are satisfied)

3 for all p € CP do > For each candidate
4 M' + FINDMATCHINGWORFKLOWS(p, M S) ;

5 if size(M') >= o * |Dy| then v If the support of p is above the throshold
6: F P+ add(p); > Save k + 1 Frequent Patterns
7: GENERATEANDTESTDF(p, M’,0); > Generate k + 2 candidates
8: end if

9: end for

10: end procedure

Algorithm 1 provides the pseudo-code to expand a k-level frequent pattern to a
set of k£ 4+ 1 candidate patterns and then, filter these w.r.t. the set of sequences
matching the key pattern. Candidate generation from f € F amounts to tentati-
vely applying all of the five canonical operations. For each generated candidate,
we search for its workflow matching set (M’) to calculate its frequency starting
from the last matched operation (on concept/relation) position. If the pattern is
frequent, we save this latter and its matching set to calculate recursively pattern
candidates of the next levels k + 2, k + 3, ... until there is no frequent patterns to

generate.

A legitimate question with our new mining method is whether it is complete, i.e.
it generates all the frequent patterns. Another one is about the non redundancy

in generation.



104

Proposition 1. Non redundancy

There is only one way to generate a pattern p**1 from a parent pattern ok,

Proof. If there is a root relation # on the last concept ¢ in pF*1, thereof, the
last operation applied on p* would be addR(7, jm), where jn, is the most right
domain (see the fourth constraint on addR operation). However, if 7 is not a
root relation, then, the last operation is subR(#) while there is only one way
to specialize a relation ' : # <¢n ' from the spanning tree. Moreover, if the
position of the last concept é is not j and ¢ is a unique root concept in the last
transaction (singleton), then, the last operation is appC(é) (see the constraint
on appC operation). However, if ¢ is a not a root concept in the last singleton
transaction, then, the last operation is subC(é) (see the definition of subC). If ¢
is a root concept in the last transaction (non-singleton), then, the last operation
is addC(é) (see the definition of addC). In addition, if € is not a root concept
in the last transaction (non-singleton), then, the last operation on p* is subC/(é)
while & is obtained from a unique ¢ : é <cqn € (see the second constraint on subC
operation). Finally, as we shown above, if there is only one way to obtain patterns
p*+! from p*, then, recursively, there is only one way to obtain patterns p! from
the root pattern py = (). p* patterns represent only root concepts c in singleton
transactions, hence, the only operations that could be done on py are appC(c)

operations. O

Proposition 2. Completeness
If frequent patterns at the level k+1 ezist, then, any of them could be generated by

at least one pattern from f € F at level k by the means of the canonical operations.

Proof. According to the generality order defined in definition 3.8.2, Vp* € FPCk

k—1

is frequent (supp(p*) > o), its parent pattern p*~! is frequent too (due to the
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monotony of the generality relationship). Since patterns are generated recursively
by applying canonical operations on the last element and there is alway one way
to do it (see previous proof), then the root pattern pg is frequent. This is always

true since the empty set is always frequent. O

Due to the combinatorial number of generated sub-patterns at each level, we
propose to generate less patterns while there exists no super pattern (in some
higher level) p; C p; with the same support or a p; with {w; € Aw|w; C p;} C
{w; € Aw|w; C p,} (coverage property).

Remark (Not closed patterns). Since our pattern space is not built on the generic
generality order?!, it is trickier to spot all the closed patterns or maximals (Zaki
et Hsiao, 2002) due the proposed canonical operation. However, we only prune
here a set of patterns "covering" the same set of workflows in order to prune more

patterns for the end-user interpretability.

The algorithm 2 resumes the first algorithm of mining while pruning all patterns p;
satisfying the above "covered" pattern assumption. At the first place, we eliminate
all candidate patterns p; € C'P having the same support as their parent f (lines
6-9), then, verify if p; has no super pattern p; D p; verifying the "coverage"
property (see lines 11-17).

Matching workflows

In order to improve the matching operation, we propose to calculate frequent
patterns p € F, starting from the last visited concept or relation. Hence, we do

not need to recalculate all the matchings for each concept and relation positions in

1Each level in the pattern space is defined by the five canonical operators in order to

maintain a total order between pattern items.
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Algorithm 2 Prune "covered" patterns

1: procedure PRUNEPATTERNS(f : frequent k-level pattern;M.S : matching work-

flows ;o : minitnum support )

2:  CP « ADDC(f) U APPC(f) U sUBC(f) U ADDR(f) U suBR(f);
3: for all p; € CP do
4: covered + False;
5: M' + FINDMATCHINGWORFKLOWS(p;, M S) ;
6: if size(M') >= o * |Dy| then
T if size(M') = size(MS) then o if the number of a candidate matchings
s equals to the number of its parent matchings
8: removeFromFP(p;) ; > the candidate is covered by its parent
9: covered < True;
10: else © Search for covered patterns within the set of all other candidates
11 for all p; € CP do
13: if {w; € Aw|w; C pi} C {w; € Aw|w; E p;} then > if all
candidate matchings is covered by (intersects with) an another candidate
13: removeFromFP(p;) ;
14: covered + True;
15: break;
16: end if
17: end for
18: end if
19: if covered = False then
20: FPC**1 add(p;) ; > if the frequent pattern is not covered by any other
pattern, then, we generate its frequent sub-patterns
21: PRUNEPATTERNS(p;, M/, 0) ;
22: end if
23" end if

24: end for

25: end procedure
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the pattern. Besides, calculating the frequency of a candidate pattern generated
from a canonical parent amounts to find all the workflows that match with the
candidate based on the workflows matching its parent. For example, if p] C p; and
w;<{p1, then, all we need is to verify if the matchings between p} still hold starting
from the last operation on p}. Therefore, the matching set of pattern candidates

is reduced correspondingly to the matching set of parent patterns.

For this purpose, we propose a linked list of canonical operations on pattern
items that we call blocks. Each block in the matching structure corresponds to
a canonical operation divided into concept blocks and relation blocks. Concept
blocks represent the operations of appending, adding and specializing concepts
and relation blocks represent constraints on concept blocks i.e. operations on
Source and Destination concepts of adding and specializing relations. Hence, we
divided relation blocks into two types of blocks : source blocks representing the
starting points of a relation and destination blocks representing the ending ones.
Concept and relation blocks are ordered so each matching structure represents the

sequence of operations to generate a pattern (see Fig. 3.7).

Adding a new relation addR(r,7;) amounts to create a source block and a desti-
nation one in the matching structure M'S. At first, we search for the matching on
the destination position 73 based on previous matchings of the parent M S(p) and
create a destination block in the right place (according to relation constraints if
they exist). Moreover, the source position 7, validations start from the destination

solutions of 5.

Looking for the triple in w.© which matches in destination with the position 7,
is presented in the Algorithm 4. The search for workflow instantiating M S(p) is
done on the set of workflows instantiating its parent (line 3). The array m stores

matching positions between w.© and p.© (line 5). The search begins from the last
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Algorithm 3 Adding relation blocks in M.S(p)

1: procedure ADDRELATIONBLOCKS(M S(p) : matching structure of a pattern p;r :

10:
ikl

12:
13:

14:
15:
16:
ER:
18:
19:

20:
21:
22:
23:

relation to add, ; : position of starting concept)

> destination validation
sib—0;
i2 + [pCl;
ranB «— MS(p).getCptBlock(is) ;
mRan + MATCHINGDESTINATION (M S(p), ranB, iz, ) ;
if ranB.lastRelationOn(iz) then > create a link with the previous position
sib « M S(p).nextRelBlock(iz) ;
else
sib + M S(p).getCptBlock(iz) ;
end if
CREATEDESTINATIONBLOCK (ranB, mRan, iy, sib);
> source validation
domB « MS(p).getCptBlock(i,) ;

mDom +— MATCHINGSOURCE(M S(p), domB, 11, i2, v); > if there’s no other

relation constraint on ¢

if domB.lastRelationOn(i;) then > create a link with the previous position
sib + M S(p).nextRelBlock(iy) ;
else
sib «— M S(p).getCptBlock(i1) ;
end if
CREATESOURCEBLOCK(domB, mDom, i1, sib);
> update MS(P)
MS(p).lastAddedsource «+ domB;
M S(p).lastAddeddestination + ranB;
M S(p).lastAddedRelation « r;
return MS(p);

24: end procedure
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Algorithm 4 Verifying destination matchings

1: procedure MATCHINGDESTINATION(M S(p) ; ranB; iz; )

2: result « 0;

3 while w € MS(p).listW() do
4 notFound « true; > for each w which previously matched M S(p)
5 m + w.0.getMatched Pos(M S(p)); > get all matched positions in w
6: if ranB.hasRan() then > if the source block points to a source already
iy Jj « m.getLastPos(ranB.getRelPos()) ; > search begins from that source
8 else
9 j < m.getLastPos(|p.8|) ;
10: end if
11 i+ |lwOl;
12: while i >= j and notFound do > for each relation in w
13: matchp « r €q w.Oi].lnk() ;
14: match, + p.([iz] €q w.Bli].ran();
15: if matchr and match, then
16: m[w.Bli]] = [p.6] + 1;
17: notFound + false;
18: end if
19: i1——;
20: end while
21: result.add(wip, MS(p)ip, m);

22: end while
23: return result;

24: end procedure
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FIGURE 3.7: Example of adding a relation addR(r;,3) in the matching structure
of MS'(p}) based on MS(p;). Rectangles in A1S; and ALS] correspond to blocks

showing the output of canonical operations. m stores matched triple positions bet-

ween w;.© and p,.0. For instance, the value 2 in the 3" cell of m represents the

matching between p;.©[2] and w, .©[3]. Grey rectangles in w, and m represent pre-

viously matched positions. Red rectangles represent the newly matched positions

after adding the relation addR(r;, 3).
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Algorithm 5 Verifying source matchings

1: procedure MATCHINGSOURCE(M S(p); domB; i1; i3; T)
2: result « §;

3 while w € MS(p).listW() do

4 notFound « true;

5 m « w.0.getMatchedPos(MS(p)) ;

6: i < m.getLastPos(|p.©| + 1);

7 if not (p.¢(41) €q w.6[i].dom()) then
8 1——;

9

while 7 > 0 and notFound do

10: is_ R« r €q w.O[i].lnk() ;

I is_r « p.(lis] €q w.O[i].ran();

12 is_d « p.C[i1] €q w.O[i].dom();
13: if is_R and is_r and is_d then
14: notFound « false;

15: end if

16: i——;

17: end while

18: update(wrp, MS(p)1p, m);

19: end if

20: end while
21: return result;

22: end procedure

element in w,.© and ends at the last found matching in m (lines 6-9). Next, we
search in w.© the triple ©[i] that matches in the destination 15 and in the relation
r. If ©[¢] is found, then, we add the new triple occurrence at the i** position in
m (line 15). Finally, we store the matching informations in the hash table result

(line 18). For example, in Fig. 3.7, adding a relation r, between the 3™ concept B
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and the last one D amounts to find, at first, a matching to its destination element
D in the workflow triple set w.©. The search begins from the last triple fg and it
ends at the last matched triple in m which is 83. The first matching is found in 85
since the last element in p; matches with the 5** element in w;.¢ (d €q D) and
I, €q 1. Hence, a new element 3 is added at the 5t* position of m representing a

matching between w;.©[5] and p;.0[3].

The algorithm 5 describes how source solutions are found based on previous mat-
chings from the last operation on the element of 5. All potential workflows instan-
tiating the pattern p are already stored in the hash table result from the previous
matching validation on ;. The search for the source matching of 4; in a workflow
starts from the last triple matching found in m (line 5). If this triple still matches
in the source position i;, then, a final solution is found and m will not be updated
(line 7). However, if the triple does not match, then, we restart the search in w.©
while reverifying all operation constraints until a new matching is found, then, we
tentatively update m (line 16). For instance, in order to find the source matching
the 3" concept (B) in the workflow w; (see Fig.3.7), we need at first to point to
the last destination solution in m which is the the 5%* triple in (w;.©). The search
begins from this triple position until a possible solution is found. The next object
instantiating B is the 4** object (b) found also in w;.©[5]. The search stops here

since a full matching is found. No matching update is required in this case.

3.9 Running example

Consider the table 3.2 introducing a set of three workflows, whereas the mem-
bership classes of each individual object and link are given in the phylogenetics

ontology in Fig. 3.2. Assume, also, that the relative minimum of support is o = 2.

Each 1—frequent pattern is tentatively extended by the means of all the five

canonical operations to produce the set of 2—frequent patterns (see the second



Table 3.2: Example of Workflow sequences.

Object transactions.

ID Objects

w; | ( {KCC2D, sequence, alignment, tree}, {ClustalW}, {MrBayes} )

wy | ( {multipleSequences, alignments, trees}, {PhyML}, {PhyML} )

w3 ( {Myosin-7, multipleSequences, alignment}, {T-Coffee} )
Link triple sets.

ID Links

wy | (2, islnput, 5 ), (3, isOutput, 5), (3, isInput, 6), (4, isOutput, 6)

wy | (1, islnput, 5 ), (2, isOutput, 5), (2, isInput, 6), (3, isOutput, 6)

w3 (2, isInputA, 4 ), (3, isOutputA, 5)

113
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Table 3.3: Frequent patterns, their associated supports (Supp.) and corresponding

workflow instantiation IDs (Inst.).

Frequent 1-patterns.

ID Pattern Supp. | Inst.

pr | (({Data}), {})| 3 |1,23

p2 | (({Task}),{})| 3 (1,23

Frequent 2-patterns.

ID Pattern Supp. | Inst.

D3 ( ( {Data, Data} ), {} ) 3 1,2, 3
pa | ( ( {Data}, {Task} ), {}) 3 1.2.8
ps | (( {Task}, {Task} ), {}) 3 (1,23

ps | ( { {GeneOntology} ), {} ) 2 1.8

pr | (({DataType} ), {}) 3 11,23
po | ( { {InferenceTask} ), {} ) g 152

sub-table in table 3.2). For instance, concept specialization on the last concept
of pa : i.e. subC('Task’), produces the patterns ps and py. This latter is success-
fully instantiated by the first and the second workflow but it fails the matching
with the third one, hence its support is 2. At the first step, generated patterns
p1 and py have only one concept generated from the root concepts in  using

the 'appC’ operation on {#} (see the first sub-table in table 3.3). The matching



Frequent 3-patterns.

ID Pattern Supp. | Inst.
P10 ( ( {Data, Data, Data} ), {} ) 3 123
P11 ( ( {Data, Data}, {Task} ), {} ) 3 (P
piz | (({Data}, {Task}, {Task} ), {} ) 2 1,2
P13 ( ( {MuscleContraction} ), {} ) 2 1.8
P14 ( ( {Alignment} ), {} ) 3 128
P15 ( ( {Sequence} ), {}) 3 1,9, 3
P16 ( ({Tree} ), {}) 2 1,2
D17 ( ( {progressiveMSA} ), {}) 2 P
D18 ( ( {CharacterBased} ), {} ) 2 1,2
p1e | { ( {Data}, {Task} ), {(1, isI/O, 2)} ) 3 )
P20 ( ( {Data, Sequence} ), {} ) 3 1,23
P21 ( ( {Data, Alignment} ), {} ) 3 g2y 3
D22 ( ( {Data, Tree} ), {} ) 2 1,2
P23 ( ( {Data}, {MSATask} ), {} ) 3 133
paa | ( ( {Data}, {InferenceTask} ), {} ) 2 1,2
p2s | ( ( {Task}, {InferenceTask} ), {} ) 2 i
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procedure calculates, for each candidate pattern, the number of its workflow ins-

tantiations in the database. Here, both patterns matches with each workflow in

the database, hence, its support is 3. For compactness reasons, we only show,

here, frequent patterns for the first three steps and eliminate infrequent candi-

dates. Generated sub-patterns from 2-frequent patterns are presented in the third

sub-table of table 3.2. As an illustration, consider the extension of the pattern

ps. Extending this latter yields to generate the frequent patterns (1) p;o by using

the appC('Task’) operation, (2) pig by adding a new relation addR('isI/0’,1)



116

between 'Data’ and 'Task’ and finally (3) pes and po4 by using the subC('Task’)

operation.

3.10 Experimental study

At the preparatory step, we used a dedicated text miner (Halioui et al., 2015)
to extract phylogenetic workflows out of a corpus of 2 500+ articles from the
PubMed PMC repository. We also used the PHAGE phylogenetic ontology publi-
shed in Bioportal!? with the following metrics : 114 concepts, 1 000+ objects (we
ignore here vocabularies on species, genes and proteins) and 1 105 links of 14
different properties. Out of the discovered workflows, we composed two datasets :
(1) WFG, contains 500 expert-validated workflows (12 objects and 6 links, on
average), constitutes our ground truth, (2) WFPub_ 1, with 2 783 workflows (11

objects and 7 links), is our mining target.

In addition, and in order to study the scalability of our system, we formed another
two datasets, WFPub_2 and WFPub_3 of different sizes (Halioui et al., 2015).
These are described in Table 3.4 which provides metrics such as the number of
workflows as well as the average workflow size in terms of objects and links. In
addition, we created two other categories of datasets with different object and
link sizes, based on a simulation on the top of the domain ontology. In the first
group, WFSimO_ X, we kept the average number of objects in the workflow under
control whereas in the second one, WFSimL_X, we did the same for the links.
In generating these datasets, we put a maximal effort on plausibility : on the
general knowledge from the processual ontology, we used 15 top-level workflow
patterns provided by the aforementioned expert (e.g., pg = ({Data Collection},
{Sequence Alignment}, { Phylogenetic Inference})). Hence, these patterns are used

2http://bioportal.bioontology.org/ontologies/PHAGE
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Table 3.4: Workflow datasets.

#wf | avg. #obj. | avg. #links
WFPub_ 1 2783 Il 7
WFPub_ 2 631 12 6
WFPub_ 3 100 11 5
WFG 500 12 6
WFESimO_ 05 100 5 11
WEFSimO_ 15 100 15 39
WFSimO_ 25 100 25 88
WFSimL_ 05 100 5 5
WFSimL_ 15 100 10 15
WFSimL_ 25 100 12 25
WFSimL_200 || 100 34 200

The #wf column presents the total number of concrete workflows in each database. The
numbers in avg. #obj. and avg. #links columns are the average number of objects and

the average number of links, per workflow in the database, respectively.

to generate randomly workflows as multisets of objects and triple sets .

3.10.1 Sample mining output

Fig. 3.8 presents a sample of patterns extracted from the intersection of the WF-
Pub_ 1 dataset (automatically extracted workflows) and the expert-curated one

WFG starting from the third level of the ontology. The first pattern P, is ~60%



118

frequent in the database. It represents Bayesian phylogenetic tree reconstruction

from aligned set of proteins. The second pattern P, (support of ~30%) also repre-

sents a protein-related workflow. At first, sequences are aligned with a multiple

sequence alignment program, then, the result is used in a character based method

from a general purpose packages program to infer phylogenetic trees. The latter is

further used in order to validate trees using more than 1 000 bootstrap replicates.

Suppon ~60%

CharacterBased
Method

Protein P.lM r':':m.m BayeslnnProgrnm J

Method

isinstanceOf

AI:gnedBy
P2 i nferrod®
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FIGURE 3.8: Example of generated patterns.

s )
\ GeneralPurpose
] Packages

DistanceBased
Method

The third pattern P; is even less frequent, yet, it comprises more specific concepts

and relations. It is about DNA and RNA sequences extracted from an internatio-

nal nucleotide sequence database using a pairwise alignment program. The output

alignments were used in a model selection program with a GTR (Yang, 1994) as

a model. Then a phylogenetic tree is inferred using a multiple-purpose packages

program based on the distance-based

approach.
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3.10.2 Scale-up study

Fig. 3.9 (A) shows the number of generated patterns while increasing values of ¢
over 3 workflow databases diverging on their size. The curve shapes indicate that
dataset size is not a universally decisive factor for the size of the output. However,

unsurprisingly, decreasing o leads to larger pattern sets.

Fig. 3.9 (B), illustrates the evolution of total time spent on matching upon increase
in the ontology level (with a constant ¢ = 0.7). Unexpectedly, we found a pick
in the matching time at level one (except in WDPub_ 1 database). At this point,
since patterns are pre-filtered lately on roots, an important number of matching
combinations might occur from level 0 to level 1. Hence, the matching cost at level

one is superior to the matching cost starting from the most general concepts.

Fig. 3.9 (C) and (D) show the impact of increasing workflow size on the total
matching time. In both cases, as the number of objects or links increases, the
number of matching operations increases too (more so in the case of links, up to
an exponential function). This is expected since more matching operations are

done.

Fig. 3.9 (E) and (F) show the mean running time over increasing prefixes of the
WFPub_1 and WFPub_ 3 datasets (increments of ca. 10%). The overall shape of
the curves indicates that there is a clear correlation between the number of work-
flows and the time spent to generate the underlying sets. In addition, pruning
already covered patterns yields to decrease significantly the number of generated
patterns (~15 orders of magnitude). Even if our method of pruning is not mono-
tone, with such rapidity (processing of ~3K workflows in 45 seconds), the overall

cost remains reasonable.

In the next experiment, we compared our method to xPMiner (Adda et al., 2010)
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FIGURE 3.10: Qur method vs xPMiner using the WFPub_ 3 dataset.

while running on the WFG dataset (expert-curated). Even if that xPMiner does
not handle workflows, we managed to transform our input into sequences while
"ignoring" the partial order of steps. We compared the running time executions
for the entire mining task as well as the proportion spent on matching for a range
of values of o. The outcome is depicted in the Fig. 3.10. The top diagram shows
that our algorithm spends only a tiny proportion on matching for lower values of
o (larger pattern sets). For example, with o = 0.6, only ~10% of the total time
goes to the matching task. However, in xPMiner (bottom diagram), the matching
takes ~50% of the total time, a ratio of our method reaches with ¢ above 0.9. In
addition, over the entire mining process our method steadily outperforms xPMiner

by a factor of three even with much complex representations (workflows) instead
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of sequences in xPMiner.

3.11 Conclusion

In this paper, we proposed a generalized pattern mining method as a way to au-
tomate the acquisition of problem solving experience (in terms of workflows) that
effectively exploits a domain ontology. The major challenges we faced, here, were
the design of an (1) expressive, yet tractable pattern languages and (2) efficient
mining methods preserving a total order between workflow items in order to gua-
rantee that all patterns are generated exactly once. To that end, we described the
pattern space (data and pattern languages, instantiation and generality relations)
and a refinement operator to move downwards in the pattern space. Finally, we de-
signed a depth-first mining method to generate non redundant patterns (patterns
covered by the same set of workflows) exploiting the generalization relationship
to reduce the matching computations. Our method was validated on different si-
mulated and expert-curated datasets of phylogenetic workflows retrieved from the
domain literature. A challenging research avenue to look at would be the design
of a domain-specific interestingness criteria —instead of support—, e.g., exploiting
the ontological knowledge to measure the "semantic" similarity between abstract

patterns and concrete workflows.
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CHAPITRE IV

UN SYSTEME D’ACQUISITION DE FLUX DE TRAVAUX ABSTRAITS

Le travail de ce chapitre a été accepté et est en cours de publication dans le journal
Journal of Computational Biology (JCB), 2017, sous le titre "T-Gowler : Disco-
vering Generalized Process Models within Texts" (Halioui et al., 2017b). Nous
présentons la version imprimée de l’article dans I’annexe C. Nous notons que la
version courte du papier a été publiée dans la conférence IEEE 27th Internatio-
nal Conference on Tools with Artificial Intelligence (ICTAI), 2015, sous le titre
" Acquisition of generic problem solving knowledge through information extraction

and pattern mining" (Halioui et al., 2015).

Ce chapitre consiste & introduire ’architecture de notre systéme T-Gowler dans
ses deux modules : (1) extraction de flux de travaux concrets & partir des textes et
(2) fouille de motifs généralisés. Dans cet article, nous reprenons les deux contri-
butions dans leur cadre systémique afin de présenter ’architecture compléte de

notre plateforme d’acquisition de flux de travaux abstraits.

La rédaction de l'article, les expérimentations et le montage des figures ont été
tous réalisés par Ahmed Halioui sous la supervision des Prof. Abdoulaye Baniré

Diallo et Petko Valtchev.



124
4.1 Résumé

Le probléme d’acquisition de connaissances génériques de résolution de problémes
présente des limites bien que d’énormes quantités de données processuelles concrétes
existent dans la littérature du domaine. L’apprentissage automatique des cas de
résolution de problémes est confronté & plusieurs défis majeurs, & savoir, la com-
plexité du domaine d'application (en concepts, relations, événements, processus,
etc.) et la "lisibilité" par des machines automatiques (machine-readability). Nous
étudions dans ce papier le probléme d’acquisition d’expertise dans le domaine de
I'analyse phylogénétique qui présente, dans sa littérature de textes, des sources
d’information riches en connaissances processuelles et factuelles. En effet, nous
proposons le systéme T-Gowler qui offre une solution d’extraction de connais-
sances processuelles en utilisant des outils d’analyse de textes et de fouille de
motifs basée sur une ontologie. T-Gowler génére des abstractions de motifs géné-
ralisés & partir des flux de travaux concrets extraits du texte. Ainsi, notre systéme
comporte deux modules (1) un extracteur de flux de travaux et (2) un moteur de
fouille de motifs processuels. Ces deux modules sont basés sur deux types d’onto-

logies : une ontologie processuelle et une deuxiéme factuelle (du domaine).
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4.2 Abstract

Contemporary workflow management systems are driven by explicit process mo-
dels specifying the inter-dependencies between tasks. Creating these models is
a challenging and time-consuming task. Existing approaches to mining concrete
workflows into models tackle design aspects related to the diverging abstraction
levels of the tasks. Concrete workflow logs represent tasks and cases of concrete
events —partially or totally ordered- grounding hidden multi-level (abstract) se-
mantics and contexts. Relevant generalized events could be rediscovered within
these processes. We propose in this paper an ontology-based workflow mining sys-
tem to generate patterns from sequences of events which are themselves extracted
from texts. Our system T-Gowler (Generalized Ontology-based WorkfLow minER,
within Texts) is based on two ontology-based modules : a workflow extractor and
a pattern miner. To this end, it uses two different ontologies : a domain one (to
support workflow extraction from texts) and a processual one (to mine generalized
patterns from extracted workflows). T-Gowler implementation and data sources

are available in : https://github. com/bioinfoUQAM/tgowler.
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4.3 Introduction

Workflows (Taylor et al., 2014) are increasingly designed as an efficient way of ma-
naging complex multi-step processes for the resolution of complex problems from
knowledge-rich domains such as medicine, biology, chemistry and bioinformatics.
This conducts to a growing popularity of workflow platforms offering a wide spec-
trum of analytical services (Wolstencroft et al., 2013; Blankenberg et al., 2001;
Lord et al., 2012). However, in order to build successful workflows, the user must
typically master a large variety of methods, tools, data formats, etc. In many
cases, the ultimate success of the workflows depends on the right choice of the
included methods, software parameters and versions, etc. In fact, such a deman-
ding environment reduces the value of Workflow Management Systems (WMS)
for non expert users. Facing these challenges, Process Mining (Ellis et al., 2006;
Van der Aalst, 2016), a branch of Knowledge Discovery from Data (KDD) (Fayyad
et al., 1996), studies the discovery of reusable knowledge from databases of process
records, in particular, from workflow representations such as execution logs. As
workflows have an inherent graph structure, effective process mining methods face
the related complexity issues. A workflow graph depicts an analytical resolution
in terms of blocks and their interactions (control/data flows) drawn as nodes and
links, respectively. Yet, given the large spectrum of possible inputs, it is unlikely
for a recorded workflow to fully fit a new situation. A solution could be to mine
higher-level of abstractions summarizing commonalities of a set of workflows. Re-
presenting abstraction levels using ontologies to assist mining of usage logs has
proven popular in the last decade (Dai et Mobasher, 2002; Adda et al., 2007;
Senkul et Salin, 2012). A complete framework for abstracting ontology-based pat-
terns out of click-streams (from the logs of a semantic Web portal powered by
a domain ontology) provides an alternative view (Adda et al., 2010). Yet, here,

we deal with a comparable problem on a different type of input format. Instead
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of pure sequences, we consider workflows as DAGs. However, due to the complex
nature! of the underlying domain problem, the DAGs are split into ordered layers.
In the next section, we define first, the different elements of the ontology, followed
by two descriptive languages : Data and Pattern languages. We also introduce the
pattern space, the instantiation relationship between workflows and patterns, and
the generality order between patterns. Finally, we describe the pattern space and
the refinement operators to generate patterns at each level from that space. Ge-
nerated pattern are then, exploited by a Top-Down Depth-First traversal method

using the support metric as a quality criterion for the generated patterns.

Since we already described the technical details about the proposed methods to
extract and mine generalized workflow patterns from texts, we only present. here,
a brief summary of the proposed methods (see chapters 2 and 3 for more details)
and goes quickly through the empirical results of our system in the Phylogenetics

domain.

4.4 T-GOWler : ontology-based workflow pattern acquisition from texts

We describe, in this section, the pipeline of the methods to extract abstract pat-
terns within texts. Our T-Gowler system contains two modules : (A) WfExtractor
extracts workflows W from texts and builds a workflow database Dy, and (B)
WfMiner mines frequent generalized patterns F from Dy, (see Fig.4.1). The first
module (developed on GATE platform? by Cunningham et al. (2013)) requires

IThe definition of the domain concepts and constraints is a complex task itself.

2GATE (www.gate.ac.uk) is a well-known environment for annotation tasks using dif-
ferent NLP (Natural Language Processing) techniques such as OpenNLP parser and Stanford
POS tagger.
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FIGURE 4.1: T-Gowler system architecture.

Processual
Ontology

plain text articles and an RDF?® domain ontology representing the domain ter-
minology (Gazetteer) categorizing, into abstract concepts and relations, domain
terms. The extraction pipeline is based on a simple NLP chain and a specific
workflow tagger to classify workflow components, i.e. objects O and links £, into
their ontological categories, i.e. concepts C and relations R, respectively. In order
to preserve processes order in workflows. abstract patterns from the processual
ontology are used. Once the ontology is loaded and concrete workflows are recons-
tructed, the WfMiner tool deals with the generation of frequent patterns using a
level-wise pattern generation on the top of the ontology and a specific pattern-to-

workflow matching algorithm to filter non frequent patterns.

Shttps://www.w3.org/TR/rdf-primer
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44.1 WiExtractor : workflow extraction from texts

The extraction process takes place 3 different steps : (1) named entity (o € O)
extraction, (2) link (! € L) extraction and (3) workflow w € Dy reconstruction
from the extracted elements. Yet, before workflow component extraction, a classic
NLP tool chain is executed in order to tag terms with their morphosyntactic
tags, i.e. : grammatical classes within sentences. This chain is composed from :
(1) the specialized biomedical tokenizer (Settles, 2004) and a simple sentence
splitter (Bontcheva et al., 2013), (2) the MedPost/SKR POS tagger (Smith et al.,
2004) and (3) the lightweight OpenNLP chunker (Buyko et al., 2006) to identify

active and passive verb phrases in texts.

For both named entity and link extraction, a domain ontology is applied as a Ga-
zetteer in order to recognize workflow elements in texts. However, this process faces
some hurdles due to the syntactic and semantic ambiguities, i.e. polysemy (Ste-
venson et Wilks, 2003) in some domain concepts. For instance, the program term
MEGA (Kumar et al., 2016) could be used to either validate the phylogenetics
hypothesis or to visualize output data, e.g. phylogenetic trees. Thereof, we pro-
pose to use a supervised machine learning approach (Nadeau et Sekine, 2007) to
disambiguate software contexts using specific JAPE rules*. For example, when
the passive verb phrase (context) contains a 'program’ term in its object and the
root verb is a synonym to "valid" (from the Hypothesis Validation concept), then,
its probability to be a validation program is very high. Hence, for each polysemic

term in the texts, we create two rules : one for the active and the other for the

4Java Annotation Patterns Engine (JAPE). JAPE language is a finite state transducer
on the GATE platform (Cunningham et al., 2013) that operates over annotations based on
regular expressions. Thus, it is useful for pattern-matching, semantic extraction, and many

other operations over syntactic trees such as those produced by natural language parsers.
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passive voice phrases. In such way, a learning set is constructed. Next, two sets of
features are calculated to annotate ambiguous terms automatically, i.e. : (1) POS
annotations and (2) surrounded concepts (domain concepts in the context sen-
tence of the ambiguous word) in a window of the five next and previous concepts
and tokens. In order to represent our context-based extracted features, the PAUM
(Perceptron Algorithm with Uneven Margins) model (Li et al., 2002) is applied to
learn Word Sense Disambiguation (WSD) (Stevenson et Wilks, 2003) and relation
classifications from the extracted feature instances. PAUM is specifically designed
to simulate the distance between positive and negative examples which fits the
nature of our features since positive and negative contexts are represented with

distance-based features (in POS tags and concepts in the same sentence).

For the relation side, we adopt the following hypothesis : A link between two
related concepts exists in the same sentence evoking the instances of its domain
(source term) and range (destination term). Such link is represented in the verb
located between the concerned terms (depending on the sentence voice). Hence,
in order to recognize links in texts, we map the couple ¢, ¢z, from the triple p =
(c1,7,¢2) in the ontology, on text sentences. For example, for the relation instances
of r : isRetrievedIn, defined with ¢, : DataType as the relation domain, and ¢, :
Database as the relation range, we tag the context of the link with its relation
type, e.g. alined in in the text is tagged with the isRetrievedIn relationship. A
PAUM model is then constructed using the following set of features : (1) token
POS tags, (2) distance, (3) direction and (3) the list of verbs between domain and

range instances in the context phrase (see table 2.1).

Finally, from the recognized links between named entities in texts, we build a
concrete workflow knowledge database Dy where items are named entities orde-
red by the geninputTo properties (relations) from the processual ontology. For

example, from the tuples : (p;) (16sTRNA, "isInputOf", ClustalW), (p2) (Clus-
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talW, "genInputTo", PHYLIP) and (p3) (PHYLIP, "genlnputTo", TreeView), we
construct the sequence ( { {16srRNA}, { ClustalW}, {PHYLIP}, { TreeView} }, {
(1, "isInputOf", 2) } ) where 1 and 2 correspond the domain and range positions,

respectively, in the workflow sequence.

4.4.2 WiMiner : mining generalized workflows

Here, we propose an Depth-First approach to generate generalized sub-graphs of
workflows out of concrete ones. We propose two descriptive .la.nguages to represent
the pattern space. The data language A, is derived from sequences of objects and
sets of link IDs from the processual ontology 2. For instance, the workflow DAG
w; in Fig. 4.2 is a poset w.¢ of object items 7 € {1,..7} and a set of link triples
w.0 of with link types ! € {1,..6}. The second language I, is used to represent a
pattern p as an abstraction of w € Dw (e.g., w1<{p: : w; instantiates p;). Hence,

we represent a pattern p as a sequence of concept itemsets p. and a set of relation

C R )

Cr

triples p.6.
T G T G ) T (T )|
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FIGURE 4.2: Workflow and pattern representations.
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Level-wise descent in the pattern space relies on the generation of k + 1-level
patterns from k-level ones, which amounts to the computation of five canonical
operations in a Depth-First search strategy from the ontology : (1) appC - appends
a root concept to a new transaction, (2) addC - adds a root concept to the last
transaction, (3) addR - adds a root relation between a concept and the last one
in the last transaction, (4) subC - specializes the last concept and (5) subR -
specializes the last relation in the pattern. Hence, for each pattern p, we apply
all the five canonical operations. Although these operations constitute an effective
generation mechanism. Their unrestricted use is redundancy-prone and hence,
would harm the efficiency of the global mining process. In the previous work of
Adda et al. (2007), calculating the support of a pattern p amounts to match p
with all the workflow concrete sequences in Dw. For this purpose, we introduce
a new data structure to prune patterns while calculating their supports using the

generality relationship between them. Calculating frequent patterns p**!

begins
from the last visited concept/relation in the parent pattern p* and hence, we don’t
need to recalculate all the matching possibilities for each concept and relation
previously matched at level k. The proposed matching structure M S is a "stack"
of operation results (adding/specializing concepts/relations) on parent patterns.
For example, the arrows in Fig. 4.3 show the way we obtain a pattern p, using the
refinement operator. Calculating the support of p, is done starting from the last
operation on py, i.e. addR(rs, c;). If the next operation in the k + 1** iteration
is to add another relation addR(r3, c14) to ps, then, the matching structure of
p2 (MS(p2)) puts relation blocks (’source’ and ’destination’ relation blocks s) in

their proper positions and calculates the possible matchings from the matching

set of the parent pattern M S(p;).



133

. MSi D)
(]
P (p“ Multiole Sequence Character Tree
E Seque:c e Alignment Based Visualization
T Program Program Program
S /
| destination
= isinputOf isinputOf
E
L
A
R1
; Cr b o,
E the last visited operation
geninputTo
L2 LEVEL K
MS: LEVEL K+1
c c10 cn c14
(]
v (P2
c Multiole Sequence Character Tree
: s ue:oes Alignment Based Visualization
o eq Program Program Program
/ /
m source destination
isinputOf isinputOf
4
L
: o) / (R )
o
N
s geninputTo geninputTo
B (R2)

FIGURE 4.3: Pattern matching structures over levels k and & + 1.

4.5 Experiments and results

4.5.1 Case study : phylogenetics analyses

Phylogeny (Lemey Philippe, 2009) represents the evolutionary history of a group
of organisms having a common ancestor. Inferred from nucleic acid (DNA or RNA)
or protein sequences, phylogenetic relations are discovered with tools detecting

different evolutionary phenomena such as duplications, insertions and deletions

(see Anisimova et al., 2013).
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FIGURE 4.4: A portion from the phylogenetic PHAGE ontology (which merges do-
main and processual ontologies). Step concepts (a) represent processual tasks
(activities). Parameter concepts (b) are program parameters from the step sub-
hierarchy. Data type concepts (c) are input /output data and data sources (d) are
annotations on data (provenance). PHAGE is composed of 37 different object pro-
perties (relations), 47 031 concepts (with 4 root concepts and 111 unique concepts)
and more than 1 000 000 unique individuals (instances) without counting syno-

nyms.

We downloaded more than 3 000 scientific articles (published from 2013 until April
2015) about phylogenetics studies from the PubMed Central (PMC) repository®
in XHTML format. In addition, we constructed a terminology from different well-

known databases in the phylogenetics literature such as the UniprotKB® (for gene

Shttp://www.ncbi.nlm.nih.gov/pmc

Shttp://www.uniprot.org
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and protein names), Gene Ontology (Ashburner et al., 2000), Taxonomy Browser’

and the Felsenstein Website 8. This gazetteer is then, reorganized in a domain
ontology in order to recognize terms and relations in texts like described in the
WfExtractor module. Next, we build manually a processual ontology with the
help of experts. An example of an abstract processual knowledge is : (1) Protein
collected from the PDB database® are fed to (2) a homology search program and
(3) a phylogenetic inference one. Finally, both domain and processual ontologies
are merged into one'’ (see Fig. 4.4) in order to mine frequent patterns from the

workflow database using the WfMiner engine.

We present, next, the obtained results from the workflow extraction and the pat-

tern mining modules.

d: 53 Named entity learning results

An expert has annotated manually 300 random phylogenetic sections to build a
Ground Truth workflow database that we call here PhyloFlows. Extracted terms
are then, compared to the PAUM model results in order to validate their accu-
racies (with a 10-fold cross-validation) in terms of strict Precision, Recall and
F-Measure (Salton et Buckley, 1988) (see table 4.1). More details about the vali-

dation strategy is described in the previous section 2.5.5.

Model context features have well learned and applied several top-level domain

relation and concept terms, i.e. : data types, gene ontology annotations, phylo-

Thttp://www.ncbi.nlm.nih.gov/Taxonomy
8http://evolution.genetics.washington.edu/programs.html
Shttp://www.rcsb.org/pdb

10http://bioportal.bicontology.org/ontologies/PHAGE



136

Table 4.1: Evaluation results of the extracted workflow elements based on the
expert curated dataset from the PubMed PMC articles (published from January
2013 to April 2015).

Concept/Relation # Instances Precision Recall F-Measure

DataType 597 0.68 0.75 0.71
GeneOntology 139 0.94 0.44 0.60
Taxon 202 0.72 0.58 0.64
Method 326 0.84 0.84 0.84
InferenceProgram 205 0.56 0.88 0.68
Overall (concepts) 1 469 0.74 0.69 0.1
Overall (relations) 325 0.72 0.84 0.78
Overall 1794 0.74 0.72 0.73

The table shows the number of annotated instances of (some from the top level of abs-
traction) concepts and relations and their Precision, Recall and F-Measure evaluation

values.

genetic methods and phylogenetic inference programs. In total, 1 469 workflow
objects have been extracted from the phylogenetic analyses sections with an ave-
rage of 71% of F-Measure. In the relation side, the system annotated 325 links with
72% of precision and 84% of recall (78% of F-Measure). Hence, workflow overall
F-Measure is 73%. Indeed, with only context POS tags and concept neighbours,

we did recognize workflow components in texts with good accuracies.

4.5.3 Generalized-pattern results

For the rest of our experiments, we consider only expert curated datasets (that
we call here PhyloFlows) in order to assess the WfMiner module. This database

is composed from 300 workflows with an average of 11 object items and 9 links
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FIGURE 4.5: (A) Varying support for the PhyloFlows and e- TP tourism databases.

(B) Comparing the mining running time of WfMiner and xPMiner.

per workflow. In addition, we use the e TP-tourism (Electronic Tourism Platform)
workflow database which is a portion of a log file describing Web pages navigation
of 56 different users in a Web travel site (Adda et al., 2007). This database has
an average of 19 different items and 6 links per sequence and enhanced by an

ontology of 157 concepts and 35 object properties.

Fig. 4.5 (A) shows the difference in mining time between the PhyloFlows and e TP-
tourism databases. Running time does eventually increases when more concepts
and links are mined. Our system spends ~10 times the mining time to generate
patterns with more 500 items and 100 links. While e T'P-tourism database presents
more dense graphs, matching sub-graphs and mining processes become heavier to
handle. However, taking 23 seconds to do the whole process of matching and ge-
nerating ~6 000 frequent graph patterns is still a reasonable time. In addition,
our WfMiner outperforms xPMiner by Adda et al. (2007) (see Fig. 4.5 (B)) with
2 times order of magnitude in high threshold supports (>0.8). With 60% of mini-
mum support, our approach executes ~10 times faster the mining algorithm than

xPMiner.
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Table 4.2: A sample from the phylogenetic extracted patterns within the texts in
the PubMed PMC database (articles published from January 2013 to April 2015).

Workflow patterns

p.¢ (concepts) p.© (relations) ’
({DataType}, {DataCollection}, | (1, isInputOf,2), (1, isOutputOf, 4), | 40%
{ MultipleSequence Alignment }, (2, genInputTo, 3), (3, genInputTo,

{ PhylogeneticInference}) 4)

({RNA, Tree}, {Homology-| (1, isInputOf,2), (2 ,isOutputOf,5), | 10%
Search},  {CharacterBasedPro- | (3, genlnputTo, 4), (3, hasParame-
gram}, {TreePlottingProgram}, | ter, 6), (4, genInputTo, 5)

(GTRY)
({ ProteinSequence, Alignments, | (1, hasTazxon, 4), (1, isInputOf, 5), | 1%
Trees}, {Virus}, {GlobalMSA}, | (2 , isOutputOf, 5), (2 , isInputOf,
{ModelSelection}, {Mazimum- | 6), (5, genlnputTo, 6), (5, hasPa-

Likelihood }, { Bootstrapping}, | rameter , 9), (6, genInputTo, 7),
{PDB, JTT}) (6, hasParameter , 10), (7, genln-
putTo, 8)

Generated DAG patterns are sequences of concept multisets and sets of relation triples.
For instance, in the 1°* pattern : (1, isInputOf, 2) represents the input relation between

the 1°¢ concept (DataType) and the 2" one (DataCollection) in p.C.



139

Finally, we present in table 4.2 a sample from the generated set of patterns obtai-
ned from the PhyloFlows database. These patterns could be used in a semantically
rich recommendation framework considering the diversity of levels of abstraction
in pattern representations. For instance, if we know that the 16s rRN A gene is
used as input in the ClustalW alignment program (Thompson et al., 2002), then
a concrete recommendation could offer for example MrBayes (Ronquist et Huel-
senbeck, 2003) as a phylogenetic inference tool (~1% frequent). However, offering
"any" character based Inference program (see 2" pattern in table 4.2) is a more
relevant recommendation due to its (pattern) higher frequency (~10%) in the

database : since it contains more "general" concepts.

4.6 Conclusion

Our ontology-based approach to mine generalized patterns from texts proves that
different kinds of knowledge could be extracted from the Phylogenetics litera-
ture. Processual and domain knowledge from articles show interesting patterns to
mine. Different ontologies have been used to represent the different types of know-
ledge categorized into concepts and relations. Extracted workflows are enhanced
with ontological annotations to produce generalized frequent patterns. These lat-
ter, covering a wider range of values than concrete elements, could be used to
assist practitioners during their problem-solving task with a richer vocabulary.
The proposed system could also be applied to different domains when expertise
is confronted to domain knowledge. Video games, for example, is a good domain
application to our approach when gamers are constantly faced to cognitive proces-
sual gestures (e.g. facing other character players or events). Workflows of events
could be extracted from game sessions and mined in order to recommend and
predict generalized patterns like : what type of event is going to happen during
a game based on gamer logs or what kind of item a player is willing to buy to

accomplish a mission.
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CHAPITRE V

VERS UN SYSTEME DE RECOMMANDATION DE FLUX DE TRAVAUX

Le travail de ce chapitre est divisé en deux parties. La premiére partie présente le
cadre applicatif de notre approche d’extraction et de fouille de motifs abstraits,
soit en analyse des méthodes d’inférence phylogénétique. Nous présentons aussi des
résultats avancés et nous discutons leurs pertinences dans le domaine de ’analyse

phylogénétique.

Nous avons soumis la premiére partie de ce chapitre au journal BMC Bioinfor-
matics, 2017, sous le titre " Towards an ontology-based recommender system for
relevant bioinformatics workflows". Nous présentons la version imprimée de I'ar-
ticle dans I’annexe D. La rédaction de I'article, les expérimentations et le montage
des figures ont été tous réalisés par Ahmed Halioui sous la supervision des Prof.
Abdoulaye Baniré Diallo et Petko Valtchev. Dans la seconde partie de ce chapitre,
nous proposons une esquisse de solution vers le développement d’un systéme de
recommandation de processus de la prochaine étape & partir des flux abstraits gé-
nérés. Cette esquisse décrit un modéle de recommandation basé sur les hiérarchies
de concepts et de relations dans les motifs généralisés ainsi que sur des mesures

de qualité des Top-k meilleurs objets recommandés.
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Sl Résumé

Les solutions bioinformatiques actuelles deviennent de plus en plus complexes
et couteuses en terme computationnel, surtout avec ’explosion quantitative de
grandes masses de données biologiques. Des nouvelles compétences doivent étre
acquises par les chercheurs scientifiques afin de suivre cette évolution. D’ailleurs,
les solutions actuelles font face & plusieurs défis dont la réutilisation des modéles
(motifs) abstraits pour des taches spécifiques. La grande masse de données ainsi le
cout qui vient avec les outils issus des nouvelles technologies peuvent faire "trom-
per" les utilisateurs dans leurs analyses. Afin de pallier & ces problémes, nous
proposons une solution basée sur des motifs abstraits (cooccurrences fréquentes
de processus) de flux de travaux afin d’assister les biologistes et les bioinformati-
ciens dans leurs taches de résolution de problémes bioinformatiques. Conséquem-
ment, des flux de travaux concrets sont extraits & partir de la littérature de textes
scientifiques. Découvrir des motifs fréquents & partir des flux de travaux extraits
aidera 4 monter un systéme de recommandation basé sur des abstractions de dif-
férents niveaux d’abstraction. Dans ce papier, nous étudions des sujets spécifiques
en analyse phylogénétique. Nous avons annoté automatiquement plus de 2 500
articles publiés récents (du Janvier 2015 au Mars 2017) en utilisant les différents
concepts et relations ontologiques. Les supports (fréquences) relatifs des flux de
travaux abstraits fouillés montrent des résultats intéressants dans 'utilisation des
outils et des types de données "pertinents" dans les différentes étapes de l’analyse
phylogénétique. Ces motifs abstraits rendent les flux de travaux "plus expressifs",
ainsi, faciles & &tre réutilisés dans un systéme de recommandation de "meilleures

pratiques" phylogénétiques.
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5.2 Abstract

Contemporary Workflow Management Systems are driven by explicit process mo-
dels specifying the inter-dependencies between tasks. Creating these models is a
challenging and time-consuming task. Existing approaches to mine concrete work-
flows into models (abstractions) tackle design aspects related to the diverging abs-
traction levels of the tasks. Concrete workflow logs represent tasks and cases of
concrete events —partially or totally ordered— grounding "hidden" multi-level (abs-
tract) semantics and contexts. Relevant generalized events could be rediscovered
within these processes. We propose, in this paper, an ontology-based workflow mi-
ning system to generate patterns from sequences of events which are themselves ex-
tracted from texts. Our system T-Gowler (Generalized Ontology-based WorkfLow
minER within Texts) is based on two ontology-based modules : a workflow extrac-
tor and a pattern miner. To this end, it uses two different ontologies : a domain
one (to support workflow extraction from texts) and a processual one (to mine ge-
neralized patterns from the extracted workflows). T-Gowler implementation and

data sources are available in : https://github.com/bioinfoUQAM/tgowler.
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5.3 Introduction

The advances in biotechnology have revolutionized bioinformatics into a data-
intensive discipline. The rapidly increasing amounts of available data, from new
large scale analyses, have made data processing without automated pipelines
(a.k.a. workflows) difficult to handle (Anisimova et al,, 2013). This situation is
mainly due to the complexity of integrating diverse data formats and databanks,
interfacing numerous programs with various parameters, as well as to the assess-
ment of data inputs and outputs (Leigh et al., 2011). Current bioinformatic plat-
forms offer a variety of computational solutions using High-Performance (Becker
et al., 1998) and Cloud Computing (Armbrust et al., 2010) with different levels
of computational abstractions (Spjuth et al., 2015). Two types of models are em-
ployed by Workflow Management Systems (WMS) : (1) concrete ones, in which
the tasks are bound to specific resources, and (2) abstract ones, representing an
abstract view of the resources used in tasks. Service-oriented systems such as Pe-
gasys (Barnard, 2000), Taverna (Wolstencroft et al., 2013), Galaxy (Blankenberg
et al., 2001) or Armadillo (Lord et al., 2012) offer models based on Web Ser-
vices providing an abstraction layer which separates the workflow platform from
programming-language details. The state-of-the-art analysis revealed that biome-
dical services are currently used in an ad-hoc style with a low reusability (Leipzig,
2016). This suggests a need for techniques that help scientists to better locate
interesting services and workflow fragments and reuse them to attain their re-
search purposes. Current frameworks such Taverna (Wolstencroft et al., 2013)
and Galaxy (Blankenberg et al., 2001) offer different approaches for Web Ser-
vices Discovery (Stevens et al., 2003) and a semi/full automated way to workflow
composition. However, none of them provide recommendations to guide users and
suggest the next steps to do while taking into account the specific nature of data

(complete vs partial genomes, viral proteins, plant DNA, type of the evolutio-
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nary model, etc.) and relevant analyses (phylogenetic analyses, function predic-
tion, homology studies, Genome Wide Association studies, etc.). For example, in
phylogenetics (Lemey Philippe, 2009), the evolutionary history of a group of or-
ganisms is inferred using different types of data including nucleic acid (DNA or
RNA) or protein sequences. Depending on tools which one would use, different
types of evolutionary events could be included in the study such as point muta-
tions, duplications, insertions and deletions, genome rearrangements (Anisimova
et al., 2013). Such a study requires to define several complex steps, specific tool
parameterizations and the acquisition of raw data. Current bioinformatics work-
flow repositories like myExperiment (Goble et al., 2010) offer a large but a very
generic scope of workflow-based analyses over different kinds of platforms. Solving
very specific bioinformatic problems such phylogenetic analyses is still limited to
few published and shared -non validated- workflows!. Moreover, the literature of
scientific texts offers a more concise and complete information about bicinforma-
tics analyses. Phylogenetic analysis constitutes a typical bicinformatic workflows
in life sciences. This is witnessed by the large number of publications on the topic.
This resource could be exploited to enrich workflow solutions. The difficulties in
the process of workflow reconstruction from scientific text publications are illus-

trated in the following example.

Example 1. A biologist U; downloads a set of 9 Hemagglutinin sequences of

different Influenza viruses from the NCBI database®. To carry out the analysis of

1Less than 100 workflows representing phylogenetic analyses in the myExperiment da~

tabase.

2https://www.ncbi.nlm.nih.gov/protein
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those sequences, U; chooses the Armadillo platform® (Lord et al., 2012). Several
algorithmic options are displayed : i.e. software parameters (e.g. the number of
bootstraps and mutation rate) and data constraints (e.g. input/output to pro-
grams). U prior abstract experience does not cover all the available methods and
tools, therefore, the backup solution is to adapt a workflow from the literature
(see Fig. 5.1). Yet, none of the workflows drawn from scientific publications could
exactly match his needs. These workflows may not properly execute since a part

of the analysis requires some specific software versions and dependencies.

The above example shows several problems which could occur while constructing
bioinformatic workflows. Even simple routine projects can involve a number of
different software requiring specific but also abstract problem solving knowledge.
Even though software experimental conditions are related to several choices, the
amount of data and the misuse of tools could also deteriorate the results of studies.

This is where the user skills and experience do make the difference.

Example 2. Suppose that a bicinformatician U, chooses to study the same pro-
tein sequences of the Hemagglutinin. He runs ClustalX (Thompson et al., 2002) to
align sequences and then, chooses the JT'T evolutionary model (Jones et al., 1992)
during the tree reconstruction. If we want to recommend a concrete phylogenetic
program to U, such as the program MEGA (Kumar et al., 2016), we propose to
calculate the frequency of the sequence sg : ( {Clustal X}, {JTT}, {MEGA} )
in the extracted workflow database. However, such sequence is very rare due to
the vast varieties of the available tools for each specific task. Thus, using frequent
sequences of tool categories such as the " Mazimum Parsimony (MP)" or " Mazi-

mum Likelihood (ML)" in a recommendation scenario is more relevant (due to

3Armadillo (www.bioinfo.uqam.ca/armadillo) is a drag and drop workflow platform de-

dicated to phylogenetics as well as general bioinformatics analysis.
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the higher support of tool categories over instances). An abstract pattern such
po : { {Local Alignment}, { ProteinModelSelection}, { MazimumLikelihood} )

is more frequent than the concrete pattern sg.

Here, we propose to use ontologies (Ashburner et al., 2000) to represent the dif-
ferent categories (concepts) of tools and input/output data at different levels of
abstractions. The constraints on combining tools and parameter values are ex-
pressed using properties (relations) between categories. In fact, the ontological
representations are effectively exploited by two key processes : (1) the extraction
of workflow terms and relations from texts (concrete workflows), and (2) the ex-
traction of generalized workflow patterns (abstract workflows). Thereof, we distin-
guish concrete workflows made of individuals (instances) and links between them,
from abstract workflows, comprising labels of concepts and properties at various
levels of abstraction. In our approach, mining processual abstract patterns out of
the concrete workflow cases is based on the hierarchies of both, concepts and re-
lations, from the domain ontology. This could be the foundation of a semantically

rich recommendation system to suggest the best next step methods.

The remainder of the paper is organized as follows : section 5.4 presents related
work to workflow recommender systems in bioinformatics. Section 5.5 presents the
experimental evaluation and results of the extracted workflows and patterns from

texts. Finally, section 5.6 discusses the quality of our approach.

54 Related work

Current bioinformatics WMS have emerged as global intelligent infrastructures?

by integrating new technologies to maintain a certain level of reusability through

4For example, these systems do not suggest local configurations for tools but a global

way to manage tasks through Web Services.



149

grid and cloud computing (Yu et Buyya, 2005; Saltz et al., 2006; Spjuth et al,
2015). For example, they may offer an efficient way to abstract services for data
transformation and searching resources in distributed secure databases. Yet, in
practice, the sharing service-based capabilities may open a gateway to reuse work-
flows, however, the degree of reuse is still very low (Yao et al., 2012b). For example,
repositories like myExperiment, CrowdLabs and SHIWA (see (Leipzig, 2016)) of-
fer a restricted number of workflows (e.g ~2 500 workflows in myExperiment) for
very various disciplines, e.g., Chemistry, Astronomy, Sequence Analyses, and in
different data formats, e.g., Taverna 1 XMLS, Taverna 2 SCUFL2%, Galaxy .ga
format’, etc. which decreases the reusability of workflows. Hence, in the literature
of bioinformatics best practises, more work reported on service oriented pipelines
and/or provide expert-based suggestions (Anisimova et al., 2013). In this vein,
Spjuth et al. (2015) review the most advanced projects defining general guide-
lines for the methodological choices at various stages of a bioinformatics pipeline.
The authors recommend dedicated practices in maintaining reproducibility and
standardization in local and distributed environments. Anisimova et al. (2013)
criticize the outdated methodology and provides practical guidance on issues and
constraints faced by each of the phylogenetic analysis steps. Garijo et al. (2014)
propose a set of high-level abstract motifs (patterns) as a view of activities un-
dertaken within workflows. They performed their manual analysis over a set of
real-world scientific workflows extracted from Taverna (Wolstencroft et al., 2013)
and Wings (Gil et al., 2007) systems. However, expert recommendations are better
used in solving problems and making decisions if they are supported by the help

of Knowledge Management (KM) discipline. KM is the subject that provides stra-

5https://taverna.incubator.apache.org
Shttps://taverna.incubator.apache.org/documentation/scufl2

"https://galaxyproject.org
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tegy, process and technology to share information and expertise among users. For
instance, Semantic Web (SW) technologies (Staab et al., 2010), as a special case
of KM, allow automatic discovery and execution of Web Services that can handle
the workflow tasks using ontologies to improve knowledge integration, querying,

and sharing (Hashmi et al., 2012).

Next, we present current solutions for bioinformatics recommendation and auto-
matic workflow composition into three categories : (1) semantic-based recommen-
dation, (2) similarity-based recommendation and (3) pattern-based recommenda-

tion.

Semantic-based recommendation.  Proteus (Cannataro et al., 2004) is one of the
first projects to integrate an ontology-based design in bicinformatic workflows. It
exploits a DAML + OIL ontology for the data mining domain describing resources
and processes of knowledge discovery in databases. Lee et al. (2007) describe a
SW solution assuming a grid computing environment. The proposed Bio-STEER
system offers SW services in OWL-S®. A small-size ontology is employed in the re-
presentation of both abstract workflows (for Grid resources) and concrete ones (to
bind tasks to specific resources). Ison et al. (2013) introduce the EDAM ontology
for bioinformatic operations, types of data, identifiers, topics and formats. EDAM
supports semantic annotations for Web Services, databases, interactive tools and

libraries. Offered annotations have been integrated in a set of frameworks such

80OWL-S is an ontology built on top of WebOntology Language (OWL) for describing
Semantic Web Services. It enables users and software agents to automatically discover, invoke,

compose, and monitor Webresources offering services.
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as EMBOSS ° and eSysbio 1°. However, these systems do not exploit the entire
richness of EDAM semantics. For example, eSysbio uses "EDAM Data and For-
mat" to decide how to handle data by an adequate visualization and search. This
navigation, as static as it is'!, does not take benefits from the relation semantics
between concepts. In the same scope, we find the Software Ontology (SWO) (Ma-
lone et al., 2014) offering an extended version of EDAM through new concepts
and relations for information processing tasks (phylogenetic construction, protein
structure analysis, etc.), algorithms (ANOVA, t-test, etc.), software and software
versions. The ontology has been used so far in only service discovery frameworks
like BioMedBridges'? and the Gene Expression Atlas repository!3. Yet, EDAM and
SWO represent only very generic concepts/relations that still need to be specified
for very specific technical domains such as phylogenetics (Lemey Philippe, 2009)
or genome rearrangements (Bafna et Pevzner, 1996). Moreover, GBrowse (Wilkin-
son, 2006) and then, Seahawk (Gordon et Sensen, 2007) are two end-user orien-
ted with ontology-based data centric approaches. Users can either specify input
and/or output data and the application determines the corrected data type and
proposes what to do with it instead of proposing a specific service. DiBernardo
et al. (2008) use the BioMoby (Wilkinson et Links, 2002) services registry and

construct the workflow at each step by ranking the services according to the si-

9www.ebi.ac.uk/Tools/emboss

Owww.esysbio.org

1The current version of eSysbio uses a limited subset of EDAM for static navigation
(allowing grouping and filtering of data by their type), without taking into account the relations

other than the closure of "is format of ".

2vrww.biomedbridges.eu

13www.ebi.ac.uk/gxa/home
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milarity of their data type inputs and other non-functional measurements like the
number of retrievals of a service in the definition metadata. Finally, we find the
SADI project (Wilkinson et al., 2009) aiming to maximize the interoperability
between Web Services unlike BioMoby which may contain inconsistent data (Wi-
thers et al., 2010). SADI indexes both data and properties and offers a search
engine which is designed to mimic the linguistics of scientific queries through very
specific ontological relationships. Navigating and searching for the "best" tool in
the set of task categories may not be enough to guide users to achieve their ana-
lysis. In addition, formulating queries could be a very difficult task if users do not
know what is the next step and the best method/tool and configurations for that

step.

Similarity-based recommendation. Similarity-based approaches aim to tackle
two important problems of workflow reuse : (1) the retrieval of similar work-
flows form potentially large repositories and (2) the adaptation of workflows in
new case studies. Here, the Process-Oriented Case-Based reasoning (Schumacher
et al., 2013; Bergmann et Gil, 2014) comes to support and partially automates
experience-based problem solving by creating new workflows and adapt them for
new purposes and circumstances. Bergmann et Gil (2014) propose a graph-based
approach with generalization of workflows over the concept taxonomy in the do-
main ontology. The similarity between a case workflow and a query one is cal-
culated using a local similarity assessing the similarity between two nodes/edges
of the same type which is aggregated into a global similarity within a graph
mapping process. Their similarity measures are based on an Object-Oriented ap-
proach (Bergmann et Stahl, 1998) calculating intra and inter class similarities
between abstract and concrete objects. Their approach is used later on with Miil-

ler et Bergmann (2014) where during adaptation, deficiencies in the retrieved
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case are incrementally compensated by replacing fragments of the retrieved case
by appropriate workflow streams. Yet, their work is limited to strongly structured
texts like cook recipes and software manuals where sentences (imperative phrases)

explicitly describe series of actions.

Pattern-based recommendation. Most of bioinformatic pattern-based recom-
menders use sequential pattern mining algorithms in order to discover recurring
software and data usage patterns (Aggarwal, 2016). For example, Duck et al.
(2014) propose to use Natural Language Processing (NLP) tools to extract soft-
ware and database terms from scientific texts. The process uses the bioNerDS
terminology !* in order to categorize terms in texts. In the pattern mining step,
a straightforward mining algorithm discovers frequently occurring resource pairs.
Each resource is paired with the one that immediately follows it in a text while ac-
counting for the direction within the ensuing pairs. However, the order of the terms
in the text is not always reliable. Without a context-aware extraction approach,
the occurrence of such a pair could mean nothing but simple mentions. Rios et al.
(2009) propose Magallenes, a Web service discovery and an automatic workflow
composition tool which associates data types to connect available and compatible
Web Services into workflows that can process data sequentially to reach desired
output given a particular input. A Breadth-First search with pruning algorithm
is used to find the shortest path from source to target services. In the same scope,
Yao et al. (2012a) use the ServiceMap algorithm (Tan et al., 2011) to model and
evaluate workflow "reputations" based on the number of downloads, views, credits
and friends taking into account reputation time fading and its popularity. They
propose a service-based recommender platform based on the paths from input

to output data using the classic Apriori approach (Agrawal et Srikant, 1994) to

M www.bionerds.sourceforge.net
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find frequent associations between services and then, find a path between two ser-
vices/operations in the reputation network. In a different vein, methods for mining
patterns and associations on top of an ontology have been proposed in (Svatek
et al., 2006). As an example, the GSP (Generalized Sequential Patterns) algo-
rithm (Srikant et Agrawal, 1996) mines frequent patterns from sequences of user
transactions. It traverses the pattern space with an Apriori-like level-wise disci-
pline and by exploring the anti-monotony property of itemset frequencies over the
taxonomy. Besides, using an ontology to enrich patterns of Webusages has been
researched on for at least a decade (Dai et Mobasher, 2002; Senkul et Salin, 2012).
Yet, these latter only process the class hierarchy. Adda et al. (2010) present a com-
plete framework for Webusage mining from the logs of a Webpage clicks content
where its (page resources) objects are described by an ontology. The input data
are sequences of clicks further translated into IDs of content objects with their
semantic links. Patterns are also sequences, yet, made of concept IDs linked with
ontological properties. Their proposed xPMiner method defines a total order bet-
ween sequence items and applies a level-wise mining through the pattern space
with a refinement operator (De Raedt, 2008) made of four primitives following

the hierarchies from the ontology : addition/specialization of concepts/relations.

Inspired by the model of Adda et al. (2010) and beside that input data is au-
tomatically extracted from texts, we offer a new pattern miner, where, instead
of sequences, we deal with workflows as posets!® (where transactions represent
steps) of objets linked with each other, thus, forming (double)-layered DAGs (Di-
rect Acyclic Graphs). Here, the DAG nodes represent task, data and metadata
items and edges represent the control and data flows. In addition, on top of the

workflow DAGs, an ontology provides two taxonomies, one for concepts and one

5Ppartially ordered sets which formalize and generalize the intuitive concept of an orde-

ring, sequencing, or arrangement of the elements of a set.
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for relations (a.k.a. generalized items). Hence, patterns are made of concepts with
inter-concept relations which may belong to different generality levels in the onto-
logy. Interested readers may refer to our publication (Halioui et al., 2015) which
represents the framework of our project and present preliminary results of the
extracted concepts and relations from texts. Yet, we present in this work the full
description of our approach of workflow extraction and pattern mining and of-
fer a domain validation of the extracted patterns in the phylogenetics experience

acquisition domain.

5.5 Advanced experiments

BeHsl Dataset

The experiments are derived from a sample of +5 000 recent articles, journals and
conference papers collected from the digital repository PubMed Central (PMC)*®
in the XHTML format using the followingAquery :

"open access "[filter/f AND "2017/01/01"[PubDate] : "2017/08/10"[Pub-
Date] AND ( "Phylogenetic analysis"[Section Title] OR "Phylogenetic
analyses "[Section Title] ).

However, phylogenetic analyses sections may not have sufficient information to
reconstruct the full workflows from texts. Thus, we filtered the downloaded articles
based on the smallest pattern that any phylogenetic analysis should present : (
{DataType}, { PhylogeneticIn ferenceProgram} ). A phylogenetic study might
use at least one data type and one phylogenetic inference program (see Fig. 5.3)

to produce a phylogenetic tree. Finally, we retained a set of 2 969 articles.

https://www.ncbi.nlm.nih.gov/pmc/
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Our public PHAGE ontology on BioPortal 17 is composed of 37 different object pro-
perties (relations), 47 031 concepts (with 4 root concepts and 111 unique concepts)
and more than 1 000 000 unique individuals (instances) without counting syno-
nyms. Fig. 5.3 shows a sample from the proposed PHAGE ontology. ’'Root concepts’
represent data types, their provenance (data sources), steps and tool parameters.
'Step concepts’ represent the seven steps of phylogenetic analyses and relations
between concepts represent data flows and control flows. 'Program concepts’ re-
present the software concepts (e.g. Local Alignment, Distance based approaches).
'Parameter concepts’ represent the different types method/program parameters
(e.g. number of bootstraps, DNA /protein evolutionary models) and ’Data type
concepts’ represent the different data types (DNA, RNA, distance matrices). Fi-
nally, 'Data source concepts’ represent provenance metadata (e.g. data formats,
databases, GO annotations, types of organisms). The proposed ontology have been
collected in a semi-automated way from well-known databases in the phylogenetics
domain. From the NCBI Taxonomy browser (Federhen, 2012), we extracted +1
000 000 (all) scientific terms and synonyms of organisms and organized them into
12 ranks (plants, bacteria, mammals, etc.). From the Gene Ontology (Ashburner
et al., 2000), we extracted recent (2016/04/12) GO concepts and relations. This
ontology presents 112 unique concepts and 9 object relations. More than 116 000
(all) reviewed unique gene and protein terms were extracted from the UniProtKB
database (Kiefer et al., 2009). Each term was then inserted as an instance for
the related GO concept. Finally, the Felsenstein’s Website (Felsenstein et Felen-
stein, 2004) is crawled using simple data transformation scripts in XSLT leading

to create more than 500 software terms categorized into 32 categories.

1Thttps://bioportal.biocontology.org/ontologies/PHAGE



158
5.5.2 Extracted workflows from texts

Using the GATE platform!®, a human expert has corrected (created, deleted, up-
dated) manually annotations from randomly chosen 500 texts to build a workflow
ground-truth database. This latter serves as a test set for the evaluation step.
The expert annotates the given texts using our domain ontology schema on the
platform GATE. He annotated only terms of concepts and relations that serve to
reconstruct the phylogenetic workflows from texts. Although this task is costly
in terms of time/energy (~ 80 hours), the expert validation step is important to

guarantee a credible perspective of our approach.

Next, we measure whether a term is annotated correctly, partially or simply mis-
sing. We show in Table 5.1 details about the total number of the discovered an-
notations. We calculate the classic Information Retrieval F-Measure (Salton et
Buckley, 1988) based on correct, partially correct and spurious annotations (see
also section 2.5.5). In total, our system has annotated 2 561 terms while the ex-
pert has annotated 2 641. The overall strict F~-Measure (overlaps discarded) is
70% and the overall lenient F-Measure (overlaps included) is 76%. We notice that
118 annotations (~20%) represent ambiguous program terms (GuessedProgram).
In this case, the average F-Measure (between strict and lenient) is 84% with a

precision of 73% and a recall of 98%.

The manual annotation of ambiguous programs highlights all the textual men-
tions referring to a multiple purposes tool as indirect references. In some cases,
correct results from our workflow tagger were not fully annotated, leading to false

positives. The following sentences :

IBGATE (www.gate.ac.uk) is a well-known environment for annotation tasks using widely
known NLP techniques such as the OpenNLP parser (https://wiki.apache.org/incubator/
OpenNLPProposal) and the Stanford POS tagger(Toutanova et al., 2003).
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A phylogenetic tree was constructed with MEGA 5 using the aligned

sequences [.. .| The phylogenetic tree was drawn using the neighbor-joining

method with p-distance and 1,000 bootstrap replications.

show an example of such case where our tagger correctly detects MEGA (Kumar
et al., 2016) as a phylogenetic tree inference in the first sentence but in the follo-
wing sentence, MEGA, a neighbor-joining method, is also used to validate trees
using 1 000 bootstrap replications. The class of MEGA ( Hypothesis Validation) was
not detected by our context-based approach. The reference in the second sentence
is implicit (hidden in the Neighbor-Joining concept), hence, it is difficult to detect
that trees generated by MEGA are also validated using the bootstrap method.
In addition, both of the verbs in the two sentences are very generic and mislea-
ding for an automatic tagging, i.e., aligned and drawn. MEGA, in the previous
sentences, is not used to align or visualize sequences or trees. Consequently, the
precisions obtained by our pipeline for tree validation tasks are very low (~40%).
In fact, 30% of the hypothesis validation programs are ambiguous programs (mul-
tiple purpose packages). Yet, our context-based pipeline supporting our system
needs to be enhanced in its ability to capture more generic mentions in wider

contexts (e.g. paragraphs).

Although strict and lenient F-Measure values are very close (~0.3% of difference),
some categories, i.e. DataCollectionProgram, Tree VisualizationPrgram and Gues-
sedGeneralPackagesCategories, show the same values for strict and lenient F-
Measures (see also the 'O’ column). Our tagger is able to recognize the exact
mentions in texts : these categories does not present non-standard program names
(e.g. common names) or generic mentions. In addition, we note that almost the
half of the presented categories show reasonably high lenient F-Measure agree-
ment (> 80%). Yet, besides hypotheses validation software names, data collection

programs, species names, protein and GO annotations show the worst tagging
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F-Measure results (with a lenient F-Measure between 60 and 67%). The recall
values in data collection programs explain the weak F-Measure (for both strict
and lenient agreements). Thereof, our database for this category need to be up-
dated. In addition, since no specific JAPE rules are modelled for the metadata
(GO annotations and species), some common false negatives (i.e. missed resource
mentions) are discovered including common names of genes (e.g. the g20 gene) or

species (e.g. birds).

Fig. 5.3 shows the workflow similarity distribution results based on the evaluation
of the 500 expert-curated workflows. Generated workflows are 82.89% similar with
the actual workflows extracted by the expert (first figure on the top). While,
the best mean workflow similarity is 100%, the worst similarity is 54.68% which
means that, in the worst case scenarios, our workflow extraction framework will
(probably) extracts half of the "actual" workflow components and the mean of

object (tasks) similarities is 78.71% (second figure in Fig.5.3).

The best workflow task similarity is found in phylogenetic tree inference programs
(100%). We found that phylogenetic methods are frequently co-occurred in the
context of the phylogenetic inference programs which explains the high values of
the mean similarities of this task. However, the worst task similarity is obtained
by the HypothesisValidationProgram. This is due to the context of this task which
is ambiguous to be resolved in one sentence as we explained previously. Concepts
and POS categories surrounding these programs in one sentence are not very

conclusive to disambiguate this category of software.

The relation side of workflows represents the data and control flows (third figure
in Fig.5.3). The mean similarity in the control flow is 89.1% and 88.92% in the
data flow. While the worst similarities in the data-flow is 74.43% which represents

the relations between Data Types and Multiple Sequence Alignment programs,
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S G P O SP SR SFM LP LR LFM

BootstrapsParms 61 19 8 1 087 0.75 080 0.88 0.76 0.82
DataBase 43 19 13 3 0.72 066 0.69 0.77 0.70 0.74
DataCollectionProgram 36 29 5 0 0.87 0.55 0.67 0.87 0.55 0.67
DataType 597 103 186 89 0.68 0.75 0.71 0.78 0.86 0.82
GeneOntology 139 172 5 3 094 044 060 0.96 0.45 0.61
HypothesisValidationProgram 25 40 29 2 044 037 040 0.48 0.40 043
Method 326 48 46 14 084 084 0.84 0.88 0.87 0.87
ModelSelectionProgram 42 50 17 1 0.70 0.45 0.54 0.71 046 0.56
PhylogeneticInferenceProgram 205 16 146 10 0.56 0.88 0.69 059 0.93 0.72
SequenceAlignmentProgram 70 15 19 4 0.75 0.78 0.76 0.79 0.83 0.81
SourceTaxon 202 125 57 19 0.72 058 0.64 0.79 0.63 0.70
TreeVisualizationProgram 18 T 2 0 090 0.72 0.80 0.90 0.72 0.80
GuessedGeneralPackagesCategories 87 1 31 0 0.73 098 084 0.73 0.98 0.84
Sum 1851 644 564 146

Macro summary 0.75 0.67 0.69 0.78 0.70 0.72
Micro summary 0.72 0.69 0.70 0.78 0.74 0.76

The ’S’ column represents the number of Successfully recognized annotations. The 'G’ (only

in Gold set) column represents missed annotations while the 'P’ (only in Prediction set)

column shows the number of unknown annotations. The 'O’ (Overlap) column shows the

number of (partially recognized) annotations. While the SFM’ and "LFM’ columns shows

the Strict (overlaps discarded) and Lenient (overlaps included) F-Measures, respectively,

the 'SP’, ST’ and 'LP’, 'LR’ columns represent Strict and Lenient values of Precision

and Recall, respectively. Micro averaging essentially treats the corpus as one large docu-

ment while Macro averaging calculates the F-Measure on a per document basis, and then,

averages the results.

the best data-flow similarity is the relation similarity between Data Types and

Hypothesis Validation programs (100%). Hence, this part of data flows is recons-

tructed perfectly. Verbs like "validate" and "test" are commonly and precisely

used between Data Types and Tree Validation programs which explains the high
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FIGURE 5.3: Workflow similarities results. The top figure represents the overall
similarity between the actual a (expert curated) workflows and the predicted p
ones. The second and third figures represent box-plots and contour distributions
of concept and relation similarities between a and p. Bold points represent the

interquartile range outliers.

similarity in this concept. The worst similarities in the control-flow are found

in the links between Phylogenetic Inference programs and their types of Methods
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(approaches) with a mean of 79.84%. However, links between Program Parameters
like the Number of Bootstraps and the type of Evolutionary Models are, generally,
explicitly described in the sentence which explains also its high similarity in the

control-flow with (100%).

5.5.3 Generalized bioinformatics patterns

At the mining step, we used an ontology-based sequential mining algorithm that
exploits the domain ontology to output the most frequent generalized workflow
patterns. In an unrestrained run, the algorithm scans the pattern space from the
top downwards, at each step, exploring the patterns at a specific generality level.
After the first few levels, each step generates a considerable number of patterns.

Hence, we prune patterns that cover the same set of workflows (see Algorithm 2).

Next, in order to characterize the "interestingness" of the generated patterns (Geng
et Hamilton, 2006), we propose to use the depth of pattern elements in the onto-
logy to represent their abstraction level. We remind that the abstraction level of a
pattern defines how pattern elements are specific or abstract in the domain onto-
logy. Yet, the ultimate interestingness of a pattern depends on the decision-maker
(subjective criteria) and does not solely depend on the statistical strength of the
pattern (objective criteria, e.g. support or concept depth). Albeit useful, objective
measures are not enough to determine the interestingness of a pattern, particu-
larly, in complex structured domains like phylogenetics. Our intended solution
is to let users choose their levels of interest in the ontology min_level'®. Then,

ranking could be used to avoid checking all of the generated patterns (Collard et

9The expert proposes the minimum of abstraction level that interests him. This level is
normalized by the maximum depth in the ontology (in both of concepts and relations). So a
score of 1 means that the expert demands only the most specific patterns and the score of 0

means that he want all of the generated abstract patterns.
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Vansnick, 2007).

In order to motivate our ranking method, we propose to use the patterns p; :
(( {Protein}, { Bayesian} ), {(1, isDataInAlignment, 2) }) and p, : ({ {Protein,
MuscleContraction}, {MSA}, {ML} ), {(1, isDatalnAlignment, 2), (1, isDatal-
nlnference, 3)}) and the ontology from the Fig.5.3.

Depth ranking score (rankgepr). In order to rank the pattern abstraction le-
vels based on the distance from the minimum of depth suggested by the ex-
pert min_ level we use here, the nonparametric two-sample Wilcoxon Rank-Sum
Test (Wilcoxon et al., 1963) where pattern depth lists are compared two-by-two.
Suppose that we have a set of concept depth lists depth(p;) = {mazDepth(c; €
pi-¢, Hc)} (see definition 3.8.3) and we wish to test the hypothesis that the dis-
tribution of concept depths Fj of a pattern p, is the same as that (F3) in p, and
the means p of both of the distributions are greater or equals to the min_level
given by the expert. Hence, our null hypothesis is Hy : F1 = Fy = wy = pa,
w1 = man_level. The two sided-alternative hypothesis would be, H : F} # F, =
p1 # pa2, (g1, p2) < min_level. We remind that the Wilcoxon rank-sum test is
based upon ranking the |depth(p,)| + |depth(ps)| observations of the combined
sample. Each depth is assigned to a rank : e.g., the smallest has rank 1, the 2¢
smallest rank has 2, and so on. The rank-suin test statistic is, hence, the sum of
the ranks for depth observations from one of the patterns. Next, the test finds all
the possible permutations of the ranks and calculates their p_values. If there are
depth ties, where concepts from different patterns have the same ranks, we assign,

to each observation in a tie, its median rank®.

20We choose to use the median, here, instead of averages since y; —uz is strongly influenced

by some of the "very specific" or "very abstract" concepts in a pattern.
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Next, we calculate the quantity of information in a pattern in terms of the number
of elements covered from the domain ontology. Patterns representing the maximum
amount of phylogenetic informations are preferred, hence, we use the coverage

measure as a ranking feature to sort our patterns.

Coverage of steps (CCg). Let ng(2) be the number of all 'root concept steps’ in
the ontology. The fraction of steps that a pattern covers is : |p.(|/ns(Q). For ins-
tance, if the ontology defines 7 steps, as in the phylogenetic domain (see Fig. 5.3)

and the pattern presents only 6 transactions, then, its step coverage is ~85.7%.

Coverage of data (CCp). Let np(p,Q) be the number of all data concepts?!
that could be plugged into pattern program concepts from the ontology. The data
coverage of a pattern is, then, the number of data used in the pattern divided by
np(Q). For instance, given the pattern p,, if the number of relations (incoming
and outgoing) that could be connected to both of MSA and ML in the ontology
is 4, then, CCp(ps, ) = 2/4 = 50%.

Coverage of metadata (CCpy). Let np(p,§2) be the number of all metadata
concepts that could be connected to pattern data concepts from the ontology. The
metadata coverage of a pattern is, then, the number of its metadata divided by he
number of all metadata in 2 that are connected to pattern data. For example, if the
number of metadata connected to Protein in the ontology is 4, then, CC)s(ps, Q) =

1/4 = 25%.

21Data from the lowest abstraction level.
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Coverage of programs (CCp). Let np(p, 2) be the number of all program concepts
that could be used in the pattern steps from the ontology. The pattern program
coverage is, then, the number of program concepts in p.¢ divided by np. For ins-
tance, if the number of program concepts in the second and the third step of the

ontology is 10, then, np(pz, ) = 2/10 = 20%.

Coverage of relations (CCg). Let |A,(t)| and |Ap(u)| be the numbers of ele-
ments at the t** and u’* transaction where ¢t # u, then, ng(p) = 37 <A ()] %
Z!f;ft'_l |Ap(u)|) is the number of all possible combinations between pattern ele-
ments in p.¢. The pattern relation coverage is, hence, the number of triples in p.©

divided by ng(p), e.g. nr(p2) = 2/10 = 20%.

Finally, patterns are ranked using the weighted ranking function rankpetern (see
5.1) where o and S are the weights given, for the coverage score and the abstraction
level score, respectively, and avgC is the average function calculating the mean of

coverage scores of a pattern p.

TaNkpattern = ®-T0NMKcoverage + B.7aNKdepth (5.1)

where :

rankeoverage = A09C(CCs, CCp,CCp, CCp, CCh). (5.2)

We remind that, we are ranking patterns given their abstraction level towards
the expert abstraction threshold and the information quantity of a pattern in
terms of the number of covered elements from the domain ontology. Patterns with
high values avgC' (containing more elements from the ontology) and rankgep are

assigned with the highest ranks rankysiern.
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FIGURE 5.4: Pattern coverage metrics distributions Vs. pattern ranking function.

In our next experiment, we apply the pattern ranking function to the generated
patterns with the following parameters : o = 8 = 0.5 and min_level = 0 (to
generate all possible patterns) where o = 0.1. Fig. 5.4 shows the correlation results
between pattern ranks and the proposed features. The distribution of the number
of steps demonstrates a good correlation with the pattern ranking function. The
figure shows that our patterns cover mostly 60-70% of the total number of the
phylogenetic steps which is a good coverage. These patterns contain information
about most of the phylogenetic steps and thus, they could be useful for novice
users. In addition, generated patterns contain an average of ~25% of data (from
the ontology) annotated with a maximum of 15% from all ontological metadata
per pattern. The distribution of program frequencies shows that patterns use up to
20% of program categories per pattern and most of the discovered pattern concepts

are 80% linked with each other. This means that generated pattern workflows are
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FIGURE 5.5: Pattern raking function Vs. coverage and depth rankings.

"highly" connected digraphs.

The Fig. 5.5 shows the correlations between the pattern ranking function, the co-
verage and depth ranking measures. The figure shows similar correlations between
the depth ranking and the coverage ranking which means that patterns covering
the most (85%) of elements are very specific too (with low abstraction levels).
Thereof, discovered patterns with a low support (o = 0.1) might contain the most
interesting patterns (for expert users) since they are both large (covering most of

the elements from the domain ontology) and contain very specific elements.

5.6 Discussion

A well-known regularity in patterns over the hierarchy of items can easily be
observed here : patterns with high support (o) tend to be too general, i.e. involve
concepts and properties from higher levels of the ontology, and therefore, they have
little practical value. Conversely, specific patterns —whose component concepts and

properties lay close to the leafs of the ontological hierarchies— typically have lower
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supports and thus, they might not make it to the mining result. Hence, without
a very conclusive subjective criteria, given by "an expert" (or experts), it is hard
to choose what are the most interesting patterns. Besides objective criteria such
support and coverage, we ranked patterns based on their concept depths in the
ontology and the minimum of depth level given by the expert. Yet, it is really hard
to represent the minimum of abstraction level based on one minimum of depth,
especially when concept semantics are very dissimilar at one level. For instance,
if, at a level [ in the ontology, we represent different types of concepts, e.g., the
16sRNA protein and the bootstrap>1000 parameter, then, the min_level = [
means that the expert demands more specific concepts than both of the 16sRNA
concept and the range of [1000, +-00) one at the same time. One simple depth level
threshold might not be a very conclusive criteria to measure the different types of
interrestingess for users (according to the different semantics in workflows, e.g.,

tasks, metadata, parameters).

Moreover, recommendation-based validation experiments would present more in-
teresting results to study the interrestingess of the generated patterns. The ranked
abstract workflows generated, here, could be used to suggest the next tool/data
to the user who might got lost after some number of steps. This could be the
ultimate validation process. To that end, the system has to match the partial
workflow corresponding to the user session against (the prefixes of) the abstract
patterns from our pattern base. The remaining part (suffix) of a matched pat-
tern represents a potential hint to the way the user session might continue from
that step on. More specifically, if we take Example 2. as an illustrative basis,
we can apply the pattern p, (see section 5.5.3) since it matches the sequence of
the concrete workflow s, : ( {Histatin 3}, {ClustalX} ). s, matches with p, on
the data type Protein Sequences’ and in the alignment method too (" Multiple Se-

quence Alignment’). Thereof, from p, we can recommend to use the DAMBE (Xia
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et Xie, 2001) program for instance, as a ' Mazimum Likelihood Inference’ approach.
With a concept-based recommendation, the system could work on different gra-
nularity levels and, hence, could offer more flexibility to users. Indeed, instead of
objects as concrete tools and resources from concrete workflows, we suggest a set of
sorted objects and links to assist users with more semantically rich recommenda-
tions. Semantic suggestions could guide novices and even experts to compose more
complex pipelines by presenting likely compositions. Users shouldn’t be worried
about very specific details (software versions, very specific parameters, technical

supports, etc.) while building their workflows.
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5.7 Vers un systéme de recommandation

BT Une nouvelle approche de recommandation

Nous présentons dans ce qui suit une esquisse de solution pour la construction d'un
systéme de recommandation basé sur le contenu des motifs abstraits générés. Un
état de 'art des approches de recommandation existantes est présenté dans (Ag-
garwal, 2016) — voir aussi (Nguyen et al., 2014; Chen et al., 2015a; Tarus et al.,
2017). Les systémes de recommandations actuels peuvent étre classifiés dans deux
grandes catégories : soit les systémes de recommandation orientés items ("object-
based recommender systems") et les systémes orientés concepts ("concept-based
recommender systems"). Dans la premiére catégorie, les objets fréquents utili-
sés par un utilisateur U sont recommandés lorsqu’au moins un de ces objets est
utilisé par le nouvel utilisateur. Dans les systémes orientés-concept, les supports
(fréquences) des objets sont interprétés par les supports de leurs concepts (classes
d’objets) & différents niveaux d’abstraction. Ensuite, les instances des concepts
qui apparaissent ensemble sont recommandées. Cependant, les systémes orientés
concept se basent seulement sur la taxonomie de concepts afin de suggérer une
classe d’objets. Nous proposons, ici, une stratégie de recommandation basée, a la
fois, sur les concepts et les propriétés (relations) dans les flux de travaux. En par-
ticulier, nous nous intéressons a la recommandation de/des items (objets - selon
les contraintes de leurs liens) de la prochaine transaction (étape) en se basant sur

des motifs de flux de travaux générés a partir de la littérature.
Notre stratégie se présente comme suit :

1. A partir d’'une base de motifs fréquents F,, une base de flux de travaux
Dw et une base de test Ty, nous recommandons pour chaque scénario un
ensemble d’items pour la prochaine étape, i.e. en "cachant", chaque fois, le

restant des transactions & partir d’une transaction > 2 pour chaque w €
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Tw?2. Par exemple, pour le flux de travail test wo € Tw = ( {KCC2D},
{BLAST}, {ClustalX }, {PhyML, JTT} ) de taille 4, nous générons les deux
scénarios suivants : (1) we = ( {KCC2D}, {BLAST} ) et (2) wgy = (
{KCC2D}, {BLAST}, {ClustalX} ). Le probléme de recommandation s’agit
de prédire les items de 1'étape suivante d’un scénario.

2. Trouver tous les appariements (matchings) entre le processus en cours d’exé-
cution (le scénario w € Ty ) et les préfixes A des motifs fréquents sous la
forme d’associations (A,B) (ou A est I'ensemble de concepts du préfixe
et B est la décision sur la prochaine transaction (étape) en respectant les
contraintes relationnelles des concepts de A et B dans w. Ainsi, pour chaque
motif p;, nous créons les régles r; de prémisse A; et de conclusion B;.

3. Trouver tous les objets o, dans la base de connaissances Dy qui, en les
ajoutant & A;(w) (le préfixe maximal de p; qui s’apparie avec w;), restent

encore appariés avec B;.

Afin d’expliquer notre approche, nous prenons l'exemple de recommandation dé-
crit dans le tableau 5.2. Soit la base de flux de travaux Dy, décrivant les 3 premiers
flux d’analyse phylogénétique du tableau. Soit le scénario de recommandation dé-
crit dans wyp = 4 (noté aussi wy). Ce scénario simule le fait qu’un utilisateur
U s’arréte devant ’exécution du programme d’alignement ’TCoffee’ (Notredame

et al., 2000).

Nous décrivons dans l’algorithme 6 les étapes de recherche des objets & recom-
mander o, en testant chaque fois I’appariement du couple (p, w) et en mettant a

Jjour la liste des objets & recommander pour tous les motifs p € F,. En premier

22(’est généralement & partir de la deuxiéme étape (une fois que les données sont collec-
tées) que l'utilisateur commence & poser des questions sur la/les fagons optimales qui devraient

achever son analyse.
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Tableau 5.2: Exemple de base de flux de travaux.

wyp| Sequence d’objets Ensemble de liens
1 | ( {KCC2D, GO0060048}, {Clus- | { (1, isDatalnAlignment, 3), (1,
talX}, { PhyML} ) isDatalInInference, 4)}

2 | ( {Myosin-7, GO0060048}, | {(1, zsDatalnAlignment, 3), (1,
{ClustalW}, { PhyML}, { PhyML, | isDatalnInference, 4), (1, isDa-
>1000Bootstraps} ) talnValidation, 5)}

3 | ({CAVS3}, {MrBayes} ) {(1, isDatalInAlignment, 2), (1,
isDataInInference, 3)}

4 | { {NKX23, GO0006936}, {TCof- | {(1, isDatalnAlignment, 3),
fee}, ... 7) .7

lieu, 'algorithme recherche les images du préfixe A dans w s’appariant avec le
flux de travail w (voir la ligne 7 et ensuite I'algorithme 7 qui est trés similaire
a l'algorithme FINDMATCHINGWORFKLOWS() de test d’instantiation basé sur la
nouvelle structure d’appariement dans ’algorithme 1). Ainsi nous construisons la
liste A(w) contenant les appariements A(w). Ensuite, nous calculons les indices
du début du suffixe B, par rapport & w & l'aide de la fonction TESTNEXTSTEP(),
s’ils existent (voir ligne 8). Finalement, la procédure FINDNEXTMATCHINGS()
est appelée afin de calculer la liste des objets o, a partir de la base de connais-
sances D,, (voir ligne 9). En fait, cette liste correspond a ’ensemble des images

qui s’apparient avec B selon la prémisse A dans Dw.

La recherche du préfixe dans un motif revient & chercher tous les appariements
en concepts et en relations avec les items du w. L’algorithme 7 cherche cet appa-
riement maximal. A cette fin, nous sauvegardons dans les variables posI Maz, et

1mgsPot la plus grande position de tous les appariements déja testés ainsi que les
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Algorithm 6 Get recommended objects for w from closed patterns

1:

10:

151

12:

13:

14:

procedure GETRECOMMENDATIONS(F, : the set of frequent patterns from

Dw ; w : recommendation scenario from 7w )

o — 0; > recommended objets

for each p € F, do > for each frequent pattern

A(w) « 0; > premiss of a pattern which matches with the workflow
scenario

if |p.¢| < |lw.{| and |p.6| < |w.O| then b if the pattern is larger then
the workflow
return A(w); > break
A(w) < FINDPREFIXMATCHING(p, w); © find the maz. prefic
if A(w) <> 0 and TESTNEXTSTEP(B < p— A) then » test if

the next step (conclusion) is plausible

o,.add(FINDNEXTMATCHINGS(A, B, Dw)); > add the
conclusion matching (from the learning set) as a recommended object
end if
end if
end for
return(o,);

end procedure

images associées & ces appariements. Lorsqu’on remet en cause un appariement

(si Iindice du dernier concept est supérieur & posI Maz), nous mettons & jour les

valeurs de posI Maz et imgsPot (voir les lignes 9 & 12). L’algorithme se termine

soit une fois qu'un appariement complet est retrouvé (voir la ligne 28), soit que

tous les appariements possibles ont été testés (voir les lignes 6 4 7). Dans les deux

cas, la position de la derniére classe de ’appariement maximal (s'il existe) est
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Algorithm 7 Find the maximal matching between w and p
1: procedure FINDPREFIXMATCHING(p; w)

2: posI Mazx,i + 0; > maximal position of a matching (image)
3: imgsPot « FINDALLIMAGES(p, w) ; > a table containing all the potential

matchings of each concept

4: while ¢ < |p.¢| do > iterate though the concepts of p

5: if imgsPot[i]. next ==false then b if there is no matching to verify

6: if 1 == 0 then

7 return (posI Mazx, Images) > fail

8: else

9: if i > posIMax then © if a maxz. image (object) is found ©
success

10: posIMazx < 1;

T Images < imgsPot.GETELEMENTS(posImax — 1); © get
the objects matching with the last concept

12: end if

13: imgsPot[i|. BEFOREFIRST() ;

14: i—— > get the other tmages as well

15: end if

16: end if

17: if 4 > 1 and imgsPot[i]. NEXT() < ¢mgsPot[i — 1].CURRENT() then >
if the next matching is equals to the current matching

18: break ;

19: end if

20: if TRIPLEMATCHING(p, w, %, imgsPot, imgsPot[i].NEXT()) then ©»
verify if the matching is hold where there is a link on the matched position

21: i+ +;

22: . end if

23: end while
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24: if ¢ == [p.¢| then > if we reach the end of the pattern concepts

o5 Images <+ imgsPot.GET() ;

26: posIMaz « |p.(|;

27: end if

28: return (posImaz, Images); > return the maz position (prefix) and its
images

29: end procedure

retournée conjointement avec toutes les images associées.

Etant donné la base de donnée Dy, (décrite dans les trois premiéres lignes du
tableau 5.2), la base de motifs fréquents F, (décrite dans le tableau 5.3 et les
instances de chaque concept sont décrites dans le tableau 5.4), et un scéna-
rio de recommandation w, (derniére ligne du tableau 5.2), la tache de recom-
mandation consiste & trouver tous les motifs, dont les préfixes maximaux A qui
couvrent wy, et de lul suggérer des instances & partir des suffixes B s’appariant
dans la base de connaissances Dy . Soit, par exemple, le motif p, dans le ta-
bleau 5.2. L’algorithme 7 trouve, tout d’abord, le prefix maximal entre py et
wy. Aprés avoir déterminé la liste d’images potentielles de chaque concept dans
p2 (Protein, MuscleContraction, MSA et ML), soit dans notre cas les positions
imgsPot = [{{1},{2}}, {{3}}, {{}}] dans wy, l’algorithme vérifie bien si la posi-
tion maximale potentielle correspond au dernier concept apparié. Dans notre cas,
le troisiéme objet 'T'Coffee’ s’apparie avec l’avant dernier concept ‘M SA’, ainsi,
posIMax = 3. L’algorithme vérifie ensuite si les contraintes relationnelles sont
respectées (un appariement est retrouvé entre py.6; et wy.6;) et renvoie le couple
(posImazx et Images = imgsPot). Ainsi, le préfixe maximal retrouvé dans p, est :
A = ({Protein,MuscleContraction}, { MSA }). L’algorithme recommande ensuite
tous les objets qui s’apparient avec le suffixe de p, : B = {M L} dans Dy, . Etant
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Tableau 5.3: Exemple de base de motifs.

prp| Sequence de concepts Ensemble de relations

1 | ( {Protein}, { Bayesian} ) {(1, isDataInAlignment, 2)}

2 | ( {Protein, MuscleContraction}, | {(1, isDataInAlignment, 3), (1, is-
{MSA}, {ML} ) DataIninference, 4)}

donnée que p, s’apparie avec w; et w, dans la base de connaissance, 1’algorithme
]

suggere, ainsi, la liste des objets o,, = {PhyM L, > 1000Bootstraps} pour wy.

Tableau 5.4: Mise en correspondance concept/instance.

Niveau | Concept (classe) Objets (instance)
3 MuscleContraction G00060048, GOO006936
3 Protein KCC2D, Myosin-7, NKX23
1 MSA ClustalX, ClustalW, TCoffee, ALIGN
3 ML PhyML, RAzML
3 Bayesian MrBayes, PhyloBayes

5.7.2 Stratégie d’évaluation

Nous revenons ici sur notre question principale : comment peut-on valider les

motifs abstraits générés dans le cadre de la recommandation basée sur le contenu 7

Etant donnée que trés peu de données de validation sont disponibles sur le Web et
que notre systéme n’est pas encore déployé dans une infrastructure en ligne, nous
adoptons une stratégie de validation hors-ligne (Shani et Gunawardana, 2011)
qui cherche & valider les motifs générés sur un ensemble de flux de travaux déja
construits qui servira & créer des scénarios de recommandation. Nous reprenons

ainsi la base d’entrainement Dy, (& partir de laquelle nous avons généré les asso-
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ciations) et une base différente de test 7w extraite manuellement par un expert.
Chaque régle d’association r; = (A;, B;) générée & partir d’'un motif p; € F, ser-
vira & recommander un ensemble d’objets (items) o, & partir de Dy pour chaque
scénario € Ty . Finalement, la liste de tous les items suggérés, par toutes les asso-
ciations possibles, est recommandée. Cependant, cet ensemble peut présenter un
grand nombre d’items (selon le nombre d’appariements valides dans Dy/). Ainsi
nous choisissons de ne présenter que les meilleurs top-k items selon la "pertinence"

des associations impliquées dans une recommandation.

Top-n associations

Ici les associations sont triés selon leur degré de confiance et de support dans la
base de connaissances Dy . La confiance d’une recommandation peut étre défi-
nie par la "certitude" du systéme dans ses recommandations générées (Bogers et
Van Den Bosch, 2011). Ainsi le degré de confiance donnée & une regle d’associa-
tion peut &tre mesurée par son indice de support (Agrawal et Srikant, 1994). La
confiance détermine la fréquence de la cooccurrence des items de B dans la liste

des transactions contenantes A. La définition formelle de la confiance est :

A.,;.B,'
conf(r;) = conf(4;, B;) = %(A—,) (5.3)
Nous rappelons que le support d'une association (Agrawal et Srikant, 1994) définit

la fréquence d’une association dans Dw :

supp(r;) = supp(A;, Bi) = (5.4)

La mesure de confiance, ainsi que celle de support, sont utilisées dans une méthode

heuristique d’agrégation de prédictions dans le cas ou plusieurs régles r recom-
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mandent le méme objet o pour la prochaine étape dans w. Ainsi, nous proposons
d’utiliser la fonction M PR(r;) (Mean Percentage Ranking) (Hu et al., 2008) qui

combine les alternatives de tri de motifs selon la confiance et le support de chacun.

MPR(r,) = —___ngr":"k" (5.5)

Ici, u,, (utilité?®) indique si une régle d’association r; est utilisée dans un scénario
de recommandation ou non et m dénote le rang centile de chaque r; dans la
liste ordonnée des associations (selon la confiance puis le support). Des valeurs
faibles du M PR (< 50%) sont désirées. rank,, = 0% indique que la régle r; est

située dans le top de la liste.

Top-k recommandations

Afin de mesurer la pertinence (ou non) des items recommandés, nous utilisons
les métriques issues de la recherche d’information comme la Précision et le Rap-
pel (Schiitze, 2008). La Précision est la fraction des items recommandés qui sont
pertinents. Etant donné que le nombre de ces items dépend fortement de la taille
de I'ensemble de toutes les données "valides" possibles (ou au moins du ground-
truth), nous ne prenons ici que les top-k meilleurs objets o (Deshpande et Karypis,

2004) en se basant sur les confiances des associations qui sont recommandés o. Par

231, 'utilité d’une association est une mesure additive obtenue par la somme des recom-
mandations individuelles. Nous utilisons ici la forme la plus basique de 'utilité : nombre de fois
que le systéme de recommandation utilise une régle. Le lecteur peur se référer au travail de

Aggarwal (2016) pour de plus amples informations.
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conséquent, les items sont ordonnés de la fagon suivante :

(100 — MPR(r;)) % |o|

|or,|

rankgpjet(0) = max(

) (5.6)

Le rang d'un item o correspond au maximum des rangs de régles d’associations
aux top-n (voir la section précédente) qui recommandent le méme item o. Nous
favorisons ici les associations qui recommandent le moindre nombre d’items. La
fraction |o|/|ox]|, o |o| est le nombre de régles recommandant 'objet o et |or,| est
le nombre d’objet recommandé par r;, représente le poids, c’est & dire la fréquence

d’items recommandés par la régle qui a la plus grande confiance.

Précision et Rappel

Admettant qu'un expert a fixé le paramétre k d’objets & recommander pour un
scénario donné. Notons S(k) 1'ensemble contenant les k items : |S(k)| = k. Soit G
’ensemble d’items pertinents contenant les objets positifs dans w € 7w pour la
prochaine étape (la partie cachée d’un scénario de recommandation). Par exemple,
pour le scénario wez = ( {KCC2D}, {BLAST}, {ClustalX} ) extrait & partir de
wo € Tw = { {KCC2D}, { BLAST}, {ClustalX}, {PhyML, JTT} ), on obtient
G = {PhyML, JTT}. Ainsi, la Précision des k-items est définie par le pourcentage
des objets recommandés qui sont effectivement positifs (consommés par le flux de

travaux test w € Ty ) :

k
Precision(k) = 100.‘SI(TI)l (5.7)
La valeur de la Précision évalue le systéme de recommandation dans le contexte

d’un seul scénario de recommandation. Le Rappel défini le pourcentage des positifs

du ground-truth qui ont été recommandés par le systéme dans la liste de taille k.
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Cependant, le Rappel n’est pas utile dans la recherche d’information si nous ne
connaissons pas l’ensemble de tous les items pertinents possibles pour un flux de
travail. Ainsi, nous prenons en considération le biais qui vient avec la définition du
Rappel dans un ensemble de test. De plus, étant donnée que ’ensemble d’items G
peut contenir & la fois des objets et des métadonnées sur ces objets, par exemple
le nom d’un logiciel (e.g. PhyML) et/ou ses paramétres (e.g. JTT). De ce fait,
nous définissons ici deux fagons pour calculer le nombre de hits (vrais positifs)
dans ’ensemble du gound-truth afin de d’identifier si notre systéme recommande
le bon logiciel avec les bons paramétres. Soit G* I’ensemble des objets pertinents

excluant les objets de types "métadonnée" :

Rappel (k) = 100.|S(1€|)TTQ*|- (5.8)
Rappely(k) = 100.% (5.9)

Tandis qu'un compromis naturel existe entre la Précision et le Rappel, qui n'est
nécessairement pas un compromis non monotone, la F' — Mesure représente une

fagon d’agrégation des deux mesures par leur moyenne harmonique :

Precision x )
i a0 Tecision X Rappe

’ |
Precision + Rappel i)

5l Résultats préliminaires

Afin de tester le pouvoir prédictif de notre systéme de recommandation, nous
avons pris I’ensemble de flux de travaux extrait & partir des textes afin de générer
des motifs abstraits fréquents et ainsi tester ces derniers sur un ensemble de flux

de travaux validés annotés par un expert. Nous rappelons que ce lot se compose
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de 500 flux de travaux (avec une moyenne de 12 objets et 6 liens) et le lot extrait a
partir des textes se compose de 2 783 flux de travaux (avec 11 objets et 7 liens en
moyenne). Nous avons testé les tops k meilleurs recommandations en reprenant
notre modéle basé sur les motifs extraits. Afin d’évaluer la sensitivité de notre
algorithme de recommandation, nous prenons différentes valeurs de & : 5, 10, 20,
30, 40 et 50 (voir figure 5.6). Comme déja mentionné dans la section précédente,
I'exactitude de notre approche est sensible & la définition méme du rappel (voir
I’équation 5.9) et ainsi aux données du lot de test.
min_supp
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FIGURE 5.6: Qualité de Top k£ meilleures recommandations.

Nous remarquons qu’a partir des expérimentations, les taux de Rappel, de Préci-
sion et ainsi la F-Mesure baissent en diminuant le seuil de supports ¢ (min__supp)
a I'exception de 0=0.3. Les valeurs élevées du seuil représentent des motifs géné-
riques couvrant la majorité des classes d’ol les taux élevés du Rappel. De plus,
augmentant la valeur de k revient & améliorer les performances du systéme. Nous

remarquons que d'autant plus que o est élevée d’autant k deviendra plus stable
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avec des valeurs faibles. Par exemple, pour & > 10, le taux de Rappel devient
stable (92%) avec 0=0.5 et 0=0.4. La différence entre les deux types de Rappel
est moindre pour des valeurs élevées de k mais elle est frappante pour k = 5. Cela
revient & la définition stricte du Rappel (ol plusieurs positions sont & recomman-
der chaque fois). Pour le calcul de la F-Mesure, nous ne prenons que la moyenne
des deux Rappels. Ici, la moyenne des fMesures s’améliore progressivement par
3.75%, 4.75%, 5.5%, 2.75% et 3.5% en variant k de 5 & 50 respectivement. Tout
en gardant des taux de fMesure raisonnables (>60%), k reste un paramétre im-
portant dans ’amélioration des performances de notre systéme. Nous rappelons
que la sélection des top k est basée sur les confiances des régles générés et donc

elle est sensible aux données d’entrée.

Nous présentons dans la figure 5.7 les distribution de la fonction d’agrégation de
la pertinence des motifs M PR. Nous rappelons que cette fonction trie les associa-
tions selon leurs degré de confiance et de support. La premiére figure (a) montre
la corrélation entre le MPR, la Précision et la fréquence d’utilisation de motifs
(utilité) pour un seuil de support ¢ = 0.5. Dans ce cas, peu de motifs sont générés
(12 motifs) et les meilleurs motifs (top n = 40%) ménent & recommander des
objets avec une Précision élevée de 85%. Les figures (b), (c), (d) et (e) décrivent
la méme évolution de MPR, Précision et Rappel. Diminuer o tend & baisser 1é-
gérement la qualité des top n motifs tout en gardant des valeurs satisfaisantes
de Rappel et de Précision. De plus, la couverture (utilité) des motifs baisse en
diminuant la valeur de o. Les meilleures motifs pour o = 0.1 (top 8% = 70 mo-
tifs) présentent une moyenne de fMesure ~86.5%. Ainsi, nous constatons que les
performances de notre systéme sont & la fois stables (entre 82% et 89%) et sa-
tisfaisantes (>82%) en termes de fMesure, tant pour des motifs génériques que
pour des motifs spécifiques. Cependant, afin d’obtenir une idée plus claire de la

qualité des recommandations, la fagon la plus directe est de mesurer l'efficacité
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de notre systéme dans son utilisation avec différents utilisateurs. Néanmoins, une
telle étude est difficile & implémenter : une communauté assez large doit avoir accés
& notre infrastructure en ligne. Notre stratégie de validation hors ligne vient avec
I’avantage de l'utilisation d’une base de connaissances représentant 1’historique
des meilleurs pratiques phylognétiques dans la littérature du domaine. Toutefois,
I’étude de l'efficacité vient souvent avec les biais liés aux mesures de scallabilité,
couverture, prédiction, etc. Par exemple, le taux de Rappel est sensible & la repré-
sentativité des vrais positifs dans la base de connaissances. Nous trouvons dans
la littérature de recommandation d’autres différentes mesures (Tarus et al., 2017)
(e.g., calcul d’erreur quadratique, diversité, sérendipité) étudiant chacun un as-
pect bien particulier de la recommandation. Par exemple, la notion de diversité
de la liste des top-k items mesure la "dissimilarité" entre les items recommandés
et la liste G. Il serait ainsi intéressant, dans notre cas, de proposer une mesure
semblable qui étudie la diversité de classes d’items recommandés dans 1'ontologie
du domaine. Un algorithme de recherche du plus petit ancétre commun entre les
items recommandés peut étre utilisé pour le calcul de la distance "sémantique"

entre les items des deux listes.

5.7.4 Conclusion

Nous venons de montrer l'efficacité de notre approche de recommandation en
termes de Précision de Rappel. En effet, I'inclusion des concepts et des relations
dans le processus de recommandation nous a permis d’avoir une bonne Précision
tout en raisonnant sur différents niveaux d’abstraction variables. Notre approche
a l'originalité d’étre basée sur une double procédure de filtrage. Au premier ni-
veau, nous calculons un ensemble de motifs fréquents, représentant au mieux les
flux de travaux extraits & partir de la littérature phylogénétique. Au deuxiéme
niveau de filtrage, les top k£ prochaines sous-tdches sont recommandées. En outre,

il serait intéressant, dans la continuité de ce projet, d’intégrer les motifs générés
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dans une plateforme de construction de flux de travaux bioinformatiques comme
Armadillo (Lord et al., 2012) ou Galaxy (Blankenberg et al., 2001) afin de tester

'efficacité de notre approche dans son cadre réel de recommandation en ligne.



CONCLUSION

Les flux de travaux en sciences deviennent des techniques de plus en plus exploitées
et utilisées surtout par les chercheurs et les praticiens. Les plateformes actuelles
de gestion de flux de travaux offrent des solutions généralistes qui ne fournissent
pas de niveaux conceptuels spécifiques adaptés aux niveaux d’expertise de ses
utilisateurs. Ces derniers sont généralement confrontés & des situations d’acqui-
sition de nouvelles connaissances afin de résoudre leurs problémes. Bien que les
conditions expérimentales et le choix des logiciels d’analyses soient dépendants
des ressources informatiques disponibles, souvent en relation avec le volume des
données & analyser, d’autres conditions telles que la méconnaissance du probléme

et les biais reliés & chaque outil sont responsables de la divergence des résultats.

Dans cette thése, nous avons proposé de résoudre un probléme bien particu-
lier d’acquisition de connaissances processuelles celui de 1’analyse phylogénétique.
Nous avons proposé d’utiliser une approche basée sur les ontologies dans chacune
des couches, représentationnelle et fonctionnelle, de notre systéme T-Gowler. Ce
dernier utilise deux types d’ontologie. Une ontologie du domaine dont le but est de
représenter les données descriptives de 1’analyse phylogénétique et une ontologie
processuelle qui est utilisée afin de représenter les connaissances processuelles des
flux de travaux. La premiére ontologie a été spécifiquement utilisée dans l’extrac-
tion des éléments de flux de travaux concrets & partir des textes. La deuxiéme
quant & elle, a été utilisée dans la couche du raisonnement sur les connaissances
extraites afin de générer des motifs abstraits de flux de travaux. Cependant, la
fouille de motifs généralisés requiert le développement préalable d’un schéma onto-

logique détaillé du contenu du domaine d’application. Cette exigence peut s’avérer
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contraignante dans d’autres domaines ou les données théoriques ne sont pas tou-

jours structurés ou méme accessibles comme en mathématiques ou en didactique.

En outre, il est nécessaire de prendre conscience que la conceptualisation des onto-
logies n’est pas toujours fourni aux utilisateurs, méme pour un expert du domaine.
Nous pensons que l'accés aux ontologies par des utilisateurs, autres personnes que
leurs créateurs, nécessite une maintenance périodique des termes, concepts et re-
lations en langage naturel représentant les attentes pratiques de ces utilisateurs.
Ainsi, soit qu’il faut séparer les termes et les concepts d'un domaine dans des
terminologies ou des thesaurus sémantiques, soit s’écarter de la formalisation des
ontologies en cherchant des proximités conceptuelles permettant d’en appréhen-
der intuitivement la complexité : par exemple en utilisant des bases de graphes
pour représenter des groupes de termes dans un réseau sémantique (Angles et

Gutierrez, 2008; Bollacker et al., 2008; Shao et al., 2013).

Nous avons discuté dans le chapitre 2 de cette thése notre premiére contribution
principale, soit en extraction de flux de travaux concrets & partir des textes. Ce
chapitre décrit la solution proposée afin d’extraire, enrichir et reconstruire les dif-
férents éléments de flux de travaux dans le texte. Nous avons proposé un langage
spécifique aux flux de travaux basé sur la structure des DAGs. Ces graphes repré-
sentent les différentes activités et types de données dans des flux de : contrdle et
de données. Nous avons aussi proposé un modéle d’apprentissage automatique de
désambiguisation des éléments processuels dans le texte. Ce modéle a servi pour
améliorer la qualité d’annotation automatique des termes et des relations dans le
texte. En outre, il serait important, dans la continuité de ce projet, de développer
une extension de notre modéle de désambiguisation afin de prendre en considé-
ration un contexte plus large de termes polysémiques : soit ’analyse par section
(ou paragraphe) au lieu des phrases. Il serait aussi possible d’étendre le systéme

d’extraction avec une modélisation des paramétres dans les flux de travaux en
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utilisant une approche floue de représentation de ses domaines de valeurs. Par
exemple, les instances du concept ’Nombre de bootstraps’ peuvent étre représen-
tées par des "sous-domaines de valeurs" : nombre élevée, peu élevée, toutes les
valeurs possibles (all) ou pas de valeur (null). Cette représentation reviendrait a
enrichir la sémantique des paramétres en générant des motifs de flux de travaux
plus intéressants (dans la configuration des taches) et plus faciles & interpréter par

les utilisateurs finaux.

Dans le chapitre 3 de la thése nous avons présenté la deuxiéme contribution prin-
cipale de notre approche soit la fouille de motifs abstraits & partir des flux de
travaux extraits. Notre solution, basée sur une de fouille de données, applique une
stratégie de parcours descendante en profondeur d’abord de 1’espace des motifs
construits & partir de ’ontologie. Nous nous sommes inspirés du langage de motifs
d’Adda et al. (2010) et nous avons proposé une structure avancée adaptée aux
flux de travaux étant des DAGs & plusieurs couches. Nous avons aussi proposée
une structure d’appariement de graphes qui profite de la relation de précédence
entre les motifs afin d’accélérer le processus de calcul de support. Par ailleurs,
dans la génération des motifs candidats dans la fouille généralisée, il serait aussi
important de proposer une méthode de pré-élagage de motifs afin de ne garder

que les motifs maximaux (Zaki et Hsiao, 2002; Yan et al., 2003).

Ensuite, dans le chapitre 4 de la thése nous avons présenté 1’architecture du sys-
téme au complet dans ses deux modules d’extraction et de fouille de connaissances
processuelles abstraites. Enfin, c’est dans le chapitre 5 que nous avons étudié les ré-
sultats obtenus et leurs pertinences dans le domaine de I’analyse phylogénétique.
Nous avons aussi proposé une esquisse de solution pour le développement d’'un
systéme de recommandation de flux de travaux a partir des motifs abstraits géné-
rés. Nous avons pu montrer, a travers notre approche, la pertinence et le pouvoir

prédictif de différents motifs fréquents dans ’acquisition automatique des connais-



190

sances de résolution de problémes. La représentation de concepts et de relations
ontologiques a permis de générer des motifs de meilleures pratiques de différents
niveaux d’abstraction avec des taux de précision et de rappel satisfaisants. Ce-
pendant, nous n’avons pas pu valider les motifs générés dans leur réutilisabilité :
la recommandation pour différents utilisateurs. Il serait intéressant de tester les
modeles générés dans différents cas d’utilisation de flux de travaux, suivis par plu-
sieurs phylogéniticiens de différents niveaux d’expertise. C’est & ce moment que
nous pourrions tester et valider les différents niveaux d’abstraction utilisés dans

les motifs processuels générés.
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Bioinformatic workflow extraction from scientific
texts using word sense disambiguation
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1 INTRODUCTION

URRENT workflow management systems provide a
Cstep by step guidance for users through sophisticated
graphical workflow modelling {1]~{3). Tracking these exe-
cutions can be used to adapt workflows to new situations.
This can be supported by reasoning methods like Process
Oriented Case-Based Reasoning (POCBR) [4] which is a
newly merged branch from the Case Based Reasoning (CBR)
field. Because case engineering is a complicated and a costly
process, automatic case-based acquisition from texts has
been a major focus research in the last decade [5]-{7]. Textual
CBR approaches vary widely in their scope according to
their use of Natural Language Processing (NLP) methods,
case representations, and are highly dependent on the in-
tended applications. Hence, it is very difficult to reuse the
proposed approaches to some problem-solving situations
where a domain-specific vocabulary is used such as in
Phylogenetics [8] where, as a interdisciplinary domain, it
combines different vocabularies from Computer Science,
Statistics, Mathematics, and Engineering to analyze and
interpret biological data.

Even though Lau et al [9] compared three different ap-
proaches: key-based, grammar-based and machine leamning,
they only consider imperative sentences which cover more
than 50% of the whole data and their interpretation modules
are limited to the command tuple representation (A: type
of the action, textual parameter to an action, the target on
which to act). Liu et Agah [10] developed a workflow extrac-
tor trained with a few manually created positive samples. A
set of extraction rules are generated and then applied to
automatically crawled documents (from e-how Websites, e.g.
www.wikihow.com). However, their model has only suc-

o Al authors are with the Dep i Uni-
versité du Québec 4 Monmal H2X 3Y7 Québec, CANADA E-mail:
diallo.abdoulaye@ugam.ca

cessfully extracted ~42% of these documents. Schumacher et
al. [6] proposed to use a full fledged NLP solution to extract
and enrich workflows from texts. Their frame-based infor-
mation extraction approach to resolve anaphoras' {11] in texts
uses frame patterns® to trigger phrases. A sequential pattern
mining is also applied to mine anaphora-rules and then,
search for the most frequent term cooccurrences to resolve
an anaphoric reference. A similar approach is proposed in
[5] to resolve “universal references” using a domain-specific
ontology. Given that ontology, they map the anaphoric refer-
ence to a concept. Yet, their resolution is based on heuristics
(rules) highly dependent on the domain application. Addis
et Borrajo [12] proposed a Plan Acquisition Architecture to
build an augmented plan in the form of predicates from
extracted raw content by reducing the article into a list of
two kinds of information: (i) input-tool (a predicate that
describes the tool properties) and (ii) action (description
with properties). They also use data mining and statistical
algorithms to identify particular subsequences of plans to
specific contexts. A recent approach to extracting situation
ontology from how-to instructions is proposed in [13] where
an automatic method based on syntactic patterns and a CRF
(Conditional Random Fields) {14] probabilistic model are
used in order to classify actions and objects such as time
and place. Although their pattern-based approach achieves
a high level of accuracy (>73%), its coverage is limited to
rules constructed semi-automatically from small fraction of
sentences (only imperative sentences) in how-to texts. Song
et al. [15] proposed a nove! attempt to extract procedural

1. The problem of resolvi
to.

2. A frame-based structure defines the meaning of a term in a
sentence using slots. Each frame slot is filled using linguistic patterns
(heuristic rules) mapped to syntactic roles (subject, direct object, and
indirect object) to trigger phrases in texts.

g whata p or a noun phrase refers
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knowledge from the PubMed abstracts® using the TAM
model - a triple combination of (Target, Method, Action) and
designed a text mining method with deep language process-
ing analysis. This analysis contains a (1) preprocessing step
(syntactic and ontological tagging), (2} purpose/solution
sentence classification and (3) relationship between two
processes is assigned to a control flow (sequential, parallel,
causal, efc.). [16] proposed a distant supervision approach?
for Cancer Pathway Exiraction from texts. The main idea is
to test the significance (using a latent variable), for each
sentence evoking two entities E; (theme) and E; (cause),
of the relation R (between the two entities). Distant supervi-
sion is provided by enforcing during training that for each
relational triple (E;, R, Es), at least one latent assignment
is true if the database contains the relation, and none oth-
erwise. Each instance is represented by a linear model with
features over the sentence and entities. The feature weights
are learned using online learning with Perceptron [17]. Yet,
their semi-supervised approach is so sensitive to the starting
sample. Changing the context at each iteration, while creat-
ing automatically positive examples, may generate different
conflicting relations since the latent assignment is a simple
comparison of R in the training set. Comparing contexts
using the triple (Ey, R, E2) may work only for binary
relations; lifting this limitation to handle n-ary and nested
relations is an important future direction.

While those techniques will continue to be essential,
new challenges also emerged as we are understanding more
about the nature of human experience and its role in making
decisions [18]. Processual knowledge, grounded in scientific
texts are exploited to enhance the experience acquistion.
Yet, some complex semantic ambiguities are need to be
dealt with. To the best of our knowledge only anaphora
resolutions have been studied in procedural texts. How-
ever, semantic ambiguities arise more difficulties: e.g., word
sense ambiguities. Word Sense Disambiguation (WSD) [19]
is the process to identify the sense or senses of a polysemic
term. Although important, WSD as an ‘intermediate’ task,
is unlikely that anyone other than linguistics would be
interested in its results. However, we found that polysemic
words are also common even in very technical domains,
such as phylogenetic analyses, where specific software and
programs could be also used for different purposes. Gener-
ally, programs may contain multiple packages and processes
and offer multiple supports. Thus, even very specific tools
may be used in different contexts. Without a context-aware
approach, it is very difficult to reconstruct a phylogenetic
workflow from texts with a simple term-matching process.
In addition, identifying activities (tasks) and organizing
them in a control-flow seem to be a complicated task,
especially when it can be applied in different positions
in a workflow. Thereof, we tried not limit ourselves to
highly structured procedural texts but to a domain specific
problem to extract domain-relevant meanings from it. In this
paper, we propose an ontology-based approach to extract
semantically rich bioinformatics workflows from texts using

3. hitps:/ /www.nebi.nlm.nih.gov/pubmed

4.In distant supervision, we make use of an already existing
database, such as KEGG (http://www.genome jp/kegg/pathway), to
collect examples for the relation that we want to extract. These exam-
ples are used to automatically generate the training data.

a WSD technique. Here we use the domain ontology for
two purposes: (1) to encode non ambiguous concepts (of
different levels of abstraction) and the relations between
them and thus, the domain terminology is modelled as a
DAG of different level and (2) to classify terms from texts
using this terminology. Its very difficult to represent the a
DAG of hierarchical concepts and relations using relational
datab Section2 p the choices that we made to de-
sign our ontology-based extraction process. Two formalisms
are presented: workflow representation and ontologies. Ad-
ditionally, a running example is introduced to explain our
representational choices for phylogenetic analyses. Section 3
is the main core of the paper describing in details the process
of the workflow extraction from texts. A text is analyzed
with a pipes-and-filters NLP chain and a dedicated WSD
for workflow tagging. Section 4 presents experiments and
results of the proposed processes by comparing automat-
ically obtained workflows with an expert-curated dataset.
Finally, section 5 discusses results and future work.

2 FORMALISMS FOR ENRICHED WORKFLOW REP-
RESENTATIONS
2.1 Workflow representation

Traditionally, workflows are “the automation of a business
process, in whole or part, during which documents, information
or tasks are passed from one participant to another for action,
according to a set of procedural rules” [1]. In general, workflows
consist of a set of tasks (activities) combined with a control-
flow such as sequences, parallel (conjunction) or alterna-
tive branches (disjunction), as well as repeated executions
(loops). We are interested, here, in workflows as sequences
and concurrent runs of program tasks. These latter consume
data items ie. input sources and output products. The data-
flow represents interactions (relationships) between them
(data items) and tasks. In addition, workflow items are
annotated using semantic descriptors (metadata) for do-
main constraints and data provenance. Different types of
workflow representations are proposed in the literature of
POCBR [4]. Petri Networks [20] are the most popular design
representing the dynamic aspect of processes. However,
the representational bias (as in other languages) of such
models should be considered while extracting workflows,
¢.g. multiple instantiations of a task or sub-task. Enriched
workflows with semantics describing task parameters and
metadata on data items are also to be considered while
representing workflows in order to make the workflow
more expressive and hence, easily to be reused in similar
cases.

In this study, we illustrate our approach in the domain of
phylogenetics [8]. Inferred from nucleic acid (DNA or RNA)
or protein sequences, phylogenetic relationships represent
the evolutionary history of a group of species. During phy-
logenetic steps, multiple bioinformatics programs (software)
are used. Here, the tasks represent phylogenetic programs
and their combination of parameters and data items referring
to input/output data are enriched with metadata.

An example of a phylogenetic analysis of Hemagglu-
tinin (HA) protein sequences, extracted from the article text
of (21], is illustrated in Fig. 1. This workflow represents the
phylogenetic solution to study the evolutionary history of
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Fig. 1. Example excerpts from the article of Liang et al. [21]. We represent the workfow i in four different Iayers The first layers describe data and

metadata annotations. The tasks layer represents the control flow and the last layer

between the different objects

at each layer describe the control flow (links between tasks), the data flows (links between data and tasks) and other semantic flows (between data

and parameters and/or metadata).

HA proteins according to the following steps: (1) multiple
sequence alignment, (2) model representation, (3) tree in-
ference and (4) result visualization. Each step is composed
of partially ordered program tasks dependently linked with
each other. These dependencies represent control and data
flows enhanced with semantic annotations. For instance,
Bion] [22), a neighbour joining program, gets Hemagglutinin
sequences collected from the Genbank database® as input
and produces phylogenetic trees. Duplicates in workflows
represent different instantiations of one task. For instance,
the first Af EG A [23] instance (at the 37" step) is used with
different parameters than the second instance at the same

5. hitps:/ /www.ncbi.nim.nih.gov/genbank/

step. MEGA is used with both, a Maximum Likelihood (ML)
method and a Maximum Parsimony (MP) one [24).

Definition 2.1 (Workflow data language). Given a universe
of task items (tasks and parameters) 0" and data items
(data types and metadata) 0P, ie.w? = 0" UOP, a work-
flow language Aw defines workflow records of partially
ordered sequences composed of inter-related object labels
o € w”. A workflow w € Aw is a direct acyclic graph
w = ((,0) where ( = ({01,03....,0,}) is the sequence
of object transactions O; = {045}, where j ranges from 1
to the size of O; (the number of element at the ith step).
In tum, © = {0,.03,64,...,0,} is the set of tnples where

= (iy,1.42) represents the lmk of type | € w’ between
the object at position iy in w.¢, i.e. w.([#1] and the object at
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the position iy, i.e. w.([iz).

Fig. 2 shows a sub-workflow w; representation from the
previous example in the figure 1. Phylogenetic programs
and parameters and their input/output data and metadata
are represented in a partially ordered sequence of object
transactions (steps) and a set of links between them. For ex-
ample, Hemagglutinin alignments (0, 2) are the input (see f3)
in the neighbour joining program Bion] (01,4) generating
phylogenetic trees (see 04). The order between phylogenetic
programs represents the partial execution of phylogenetic
steps. The “parallel” execution of programs is represented
by the transactions in w.(, eg. {BionJ, MEGA, MEGA}
are programs in the same step.

(O )% (%22 J( % )
|Memigglu|lnln1 alignments | trees [ jModelTest |__
W e 00 (e (e )
N G | Blons | MEGA ' MEGA I
[t (e 1) (e ) eal )
T T T 1
{ow, ) (o1, (o, | {ora, 1
hasDataSource, | leinputOt, | lslnputOf, | leOutputof, |
©23) : o) | o) | ou) [
w.e —
Q o, | fou, 1 (o,
| lelnputOl, | leOutputof, isinputol, | l9OutputOl,
1 ew) 1 o) ou) o4)
(=)= J (o ) (=)
Fig. 2. Example of workflow data rep A wis a set

of partially ordered objects w.¢ and a set of link triples w.8, Here, items
belonging to the same set are separated with dotted lines.

2.2 Ontology representation

The universe of objects w? = O, links w¢ = £ and their
corresponding labels (references) is defined in the domain
ontology §1.

Definition 2.2 (Universe of objects and links), Let Q = {
0, C, L, R <q, p} be an ontology where O is the set of
all objects, i.e. individual tasks and data types, C the set
of all concepts, £ the set of all links between objects, and
R the set of all properties (relations) between concepts.
H¢ = (C.<q) and Hr = (R, <q) denote the concept and
relation hierarchies of the ontology where <g denotes the
rdfs:subClassOf hierarchical relationship. Objects 0 € O and
links { € £ are instances of concepts ¢ € C and relations
r € R, respectively. The ternary relationp CC x R x Cis
made of triples ¢; X r x c; expressing the incidence between
a relation r and its domain c; and range c; concepts.

Fig. 3 shows a sample from the ontology of the phyloge-
netic analyses domain PHAGE °.

3 EXTRACTION PROCESS

The problem of workflow extraction from texts consists of
(1) recognizing workflow elements, ie. O and L - object

6. http:/ /bioportal bicontology.org/ontologies/PHAGE

and link terms in the text — and (2) classify them to their
ontological classes, i.e. C and R - concepts and relations -
» respectively. The following sections describe the different
sub-tasks of our workflow extraction solution (see Fig. 4 ).
Following the standard NLP pipeline, the very first steps
are going from the morphological analysis of the text to
the identification of syntactic classes of terms and sentences.
Section 3.1 quickly goes through those steps. We present
some commonly used techniques and tools and we discuss
how we adapt them to our issues. Taking the output of those
steps, section 3.2 describes our solution to recognize domain
terms based on the concepts and relations from a domain
ontology . Section 3.3 proposes a way to recognize word
sense ambiguities using the hierarchy of concepts in Q. Our
word sense disambiguation (WSD) technique is supported
by a super distant machine learning approach where the
learning set is generated automatically using ontological
rules. Section 3.4 describes the way we create a training set
to build a WSD model and a link extraction one. Sections 3.5
presents the features and the classifier that we use to learn
WSD and relationships in texts. Section 3.6 details the pro-
cess to reconstruct data and control flows from the extracted
and disambiguated terms and finally section 3.7 presents
the similarity measure to assess automatically extracted
workflows based on expert-curated ones.

3.1 Morphosyntactic annotation

The initial step segments the text into lexical items called
tokens equivalent to “words”. In general, tokenization oper-
ates tokens with white spaces between them as far as we
treat English texts. However, due to the specificity of the
bioinformatics vocabulary, we use a specialized biomedical
tokenizer which relies on a dedicated token lattice design
pattern for bioinformatics tokens [25]. For instance, “don’t"
is treated as twa tokens, while the gene "4'OMT2" is really
one. In addition, the text is segmented into sentences us-
ing punctuation-based patterns. The extracted tokens and
sentences are further tagged with their appropriate gram-
matical and syntactic categories. At first, a Part-Of-Speech
(POS) tagging is executed in order to identify grammatical
classes of terms. We use the MedPost POS tagger [26] which
is based on a HMM (Hidden Markov Model} model trained
over 1 000 XHTML PubMed texts. Their tagger achieved
an accuracy of 97.43%. Next, we use a lightweight syntac-
tic parser, the OpenNLP chunker [27], to identify active
and passive verb phrases in sentences. The depth of the
“chunk tree” is strictly limited to 3 (root, phrases and POS
tags). Chunker complexities are equivalent to a finite-state
automaton and provide a very simple grammar which is
sufficient to continue with the extraction process.

3.2 Semantic annotation

This step is about recognizing workflow items in texts: i..
tasks, parameters, data, metadata and links between them.
For this purpose, an ontology-based gazetteer (terminology)
is used to map instances with text tokens. This step is
important to any workflow extraction process. Yet, simple
word matchings between ontology instances and tokens
would not be sufficient to recognize workflow elements.
Different syntactic and semantic ambiguities are present in
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Fig. 4. A sample from the proposed PHAGE ontology published in the
BioPortal repository (see the link on the top right corner). Grey reclan-
gles rep flow concept to: steps and prog

the blue cloud), data types (in the green cloud), sources (|n the purple
cloud) and parameters (in the yellow cloud). The hard arcs represent
hierarchical relations and the dotted arcs represent other semantic
properties (domai and inp pul relations) Terms under

pts show some individuals (i from

any natural language [28]. For this purpose, we use (1) spe-
cific JAPE rules to extract and filter workflow concept and
relation instances in texts and (2) a WSD model to clarify
other semantic ambiguities: i.e. multi-class classification (see
next sub-sections).

In order to filter concept bad matchings from the ontol-
ogy, we use specific-domain stop-words, original XHTML
markup annotations (from the texts) and regular expression
{regex) patterns written in JAPE language. For example,
when gene or protein names are nouns, verbs or adjectives,
their probability to be exact matchings in a text are never
1 [30]. For instance, the gene term ‘CAT’ is very similar

7.Java Annotation Patterns Engine (JAPE). JAPE language is a fi-
nite state transducer on the GATE platform [29] that operates over
annotations based on regular expressions, Thus, it is usemr for pattern-
matching, semantic extraction, and many other operations over syntac-
tic trees such as those produced by natural language parsers.

p pond to data items (data types and metadata, respectively).

properties.

to DNA codon sequences, 8. in ‘CAT ACT GTA ... or
to other terms such ‘caterpillar’ or ‘cats” . In addition,
some bioinformatics software names have similar issues. For
example, the word ‘align’ in the context of phylogenetics
presents a lexical ambiguity too. Commonly, ‘align’ is a
frequent verb in phylogenetics texts but it is also used as
a program name, that is why the probability of this term is
never 1. However, the probability of ‘align’ to be the name of
a software written in lowercase is really near to zero®. Rule
1is an example of a pattern-based rule to eliminate program
annotations where terms, as verbs, nouns or adjectives, are
written in lower case. ClassC.inst is the instance ID in the
ontology®, Token.category is the POS tag of a token and
Token.orth is its orthography. Hence, for all (most) specific
program categories ¥ in §1, we build one rule for the most
sensitive POS categories grounding lexical ambiguities: i..
verbs (V B), nouns (N N) and adjectives (JJ) [30].

Rule R; :

({ClassC.inst =~ " ProgramID_",
Token.category == ("VB*||"NN"|["JJ™),
Token.orth == "lowercase”}) : class
-—>

input AS.remove(class);

Procedural texts describe processual events of how to
complete specific tasks, hence, sentences represent (a) a

8. Authors tend to use different orthography such as uppercase and
nahc to d.lsunglush pmgram names in texts from other terms.

9. Since t have " yms” (.. ‘MCMC’ and ‘Markov
Chain Monte Carlu’) or might refer to software versions {e.g. MEGA
5.1'), we choose to identify each instance with unique identifiers
having the prefix as the class name in the domain ontology (e.g.
ProgramID_948239%4).

10. A most specific concept/relation is the leaf category (which has
no child category) in the hierarchies Hc and Az
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causal chain, in an (b) active voice (c) associated with
task steps [31]. However, this rule is not always applied
since, the phylogenetic analyses sections use both, narrative
and procedural texts. Thereof, for the link recognition step,
we adopt the following hypothesis: “a relation between two
concepts (domain and range) may exist in the same sentence
evoking the instances of those concepts. The link is defined in
the verb of this sentence”. Since, both active and passive
voices are used to describe phylogenetics events, we deal,
here, with relations describing actions between domain and
range concepts in both directions. For this purpose, we
propose a frame-based [32] approach using the ontology
triple structure p = {c1, 7, ¢3) to map and match ontological
relations r € R with links [ € RL in texts: § = (o1,1.00).
Relation instances (links) are recognized based on all re-
lation triples that exist in R compatible with its elements
(domain, range and link type). The interpreter loads all
the triples from the ontology and maps tagged concepts
as domains and ranges in texts for each link. For instance,
for the triple ( " BootstrapProgram”, " hasParameter”,
" NbBootstraps”) € R, we search for all its domain and
range terms (instances) from the same sentence in texts. For
example, a sentence candidate, in this case, would be:
“We validate neighbour-joining trees by MEGA (do-
main) using (link) 1000 replicates (range)”.

In addition, if a match is found, a set of syntactic patterns
is applied for each link to filter bad matchings. For example,
if the phrase voice is active, then, the verb evoking the
relation domain and range might be between these terms
taking into account the order of domain and range terms
in the sentence (i.e. domain occurring before range). The
rule R, annotates the link context in texts where dStart,
dEnd and rStart correspond to ‘S'tart and ‘E'nd positions
of “d’omain/’r"ange terms in the triggered sentence.

Rule Ry :
(({Active Verb Phrase}) contains ({ Domain} {Token}+
{Range})) : p
e
{for(Annotation d : domain)
for(Annotation r : range)
if (dStert < rStart && dEnd < rStart &&
pis active)
output AS.add(dStart, rEnd, " ClassR",
p.verb)

3.3 Word sense ambiguity recognition

The previous process of semantic annotation faces known
hurdles rooted in the word sense ambiguities: ie. poly-
semy [19]. The problem is that words often have more than
one meaning (e.g. metonymy) and sometimes completely
different meanings (¢.g. homonyms). The meaning of a word
in a particular usage can only be determined by examining
its context. This is, in general, a trivial task in NLP. For exam-
ple, in the following two sentences, the software MEGA [23],
a multi-purposes package of programs, is used in different
contexts.

o We nssess the neighbor-joining method by MEGA using
1000 replicates.

o Tree data was visualized using MEGA.

In the first sentence, MEGA is used to validate the phylo-
genetic hypothesis which corresponds to the ‘HypothesisVal-
idationProgram’ concept. However, in the second sentence,
the program MEGA is used in the visualization step which
corresponds to the “TreeVisualization Program’ concept. A soft-
ware containing different packages (algorithms) is usually
used for different purposes such as in MEGA [23] and
PHYLIP [33], thus, these are referring to polysemic concepts
in the domain ontology. This software-related polysemy
is represented with the multiple inheritance'! feature in the
domain ontology. Hence, in order to identify polysemic
words in the ontology, we create a latent concept ‘Gen-
eralPurposePackages’ equivalent to all ambiguous concepts
while eliminating multiple inheritance in the ontology. This
is done automatically while interpreting the hierarchy of
concepts He to search for individuals (instances) belonging
to multiple task concepts. For each parent concept ¢ of a
polysemic one ¢ {(where ¢ <mn € is a subClassOf RDF
relation) belonging to a multiple inheritance in the hierarchy
Hg, we add the equivalence relationship between ¢ and the
ambiguous concept ‘Multiple Purpose Packages', i.e.: <: ¢ >
< owl: sameAs > <: MultiplePurposePackages >.

3.4 Word Sense Disambiguation (WSD)

Next, after discovering polysemic concepts in the ontology,
we tag their ambiguous instances in texts. We propose,
here, a supervised machine learning approach to WSD.
The problem of WSD is defined as follows: “given a set
of pre-tagged polysemic words, WSD is to classify each word
with its appropriate task concept (sense) with high accuracy and
efficiency”. Pre-tagged words are usually created manually,
but, here, we propose to construct the WSD ground truth
in a semi automatic way using the domain ontology and
syntactic tags from sentences.

Rule Ry :
Priority : 90
(({Active Verb Phrase}) contains
({General PurposePackages}) : c) : context
-—>
{if (context is active &&

(context.verb.root in VerbSet : {"valid’,"test”,
...} || contezt.object.root in ParamSet : {"bootstrap”,
“replicate”, ... }))

c.putFeature("resolution”, " Validation Program™);

Rule R; shows an example of JAPE rules to generate
the WSD learning set. Here, both of the syntactic tree (see
section 3.1) and the semantic tags (see section 3.2) are
used to clarify the polysemy of the concept c. The Verbset
are stem verbs extracted automatically from the WordNet
synonyms [34] of the verb in the parent concept ¢ (e.g. valid)
in He (ie. from the level immediately above). The Param-
Set contains also WordNet synonyms of the corresponding
program Parameter terms (¢.g. number of bootstraps in val-
idation programs). These latter are used (if they exist) as

11. Multiple inheritance is an object-oriented feature in which a class
{concept) or an object can inherit characteristics and features from more
than one parent class.
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hints to classify the polysemic program to its right class.
Hence, the pattern Ry verifies if the verb, in the active
voice, is about testing or validating something, thereof,
the ‘GeneralPurposePackages’ concept is disambiguated to the
'ValidationProgram' one. Moreover, WSD rules have priority
probabilities to fire them by order (e.g., the priority of Ry
is 90% among the other rules). Here, for each polysemic
concept created in the previous step, we generate one WSD
rule. An additional rule is added by the expert to represent
the default concept if no heuristic is valid (default rule).

3.5 Learning module

In order to create a model for automatic WSD, a set of
features is generated representing the dataset of already
tagged words in texts. For instance, in order to classify
the term ‘MEGA' (ClassC) from the example of Fig. 5, we
generate the set of features (featuresC) reflecting its context
(see also table 1 - features 1 and 2).

ined and i

Similarly, nmenh

Tokencless'(3, +3]

RB: Adverb, NN: Now, singular or maes ; VB Vert, pant panicils
‘conjunction

. VED Varb, paat lanse, CC: Coordating
: OT- Dasaminer, N Prepuason or subardinating conknction

Fig. 5. An le of learning fi

extraction from texts.

for WSD and relation

In addition, in order to classify a link between the
ambiguous word ‘MEGA’ (domain) and the data type
‘alignments’ (range), we define its context as the set of
tokens between the domain and the range. Here, features
{featuresR) represent the context token POS tags (Tokens-
Between.category), distance (in number of tokens between
domain and range), direction (domain-to-range) and verbs
between the concerned terms (see table 1 - features 3 and 7).

Since proposed features are context-based, the model
representing ambiguous concept and relation terms in texts
should take into account the type of these (features) repre-
sentations. Hence, we chose to use the PAUM model (Per-
ceptron Algorithm with Uneven Margins) [35] to leam WSD
and relation classifications from on the extracted feature
instances. PAUM was designed spefically for imbalanced
data and has successfully been applied to various semantic
annotation problems [36], [37]. This algorithm differs from
other classifiers, such as CRF [14], since it treats positive and
negative examples differently by introducing two margin

TABLE 1
Feature descriptions
Feature Description
= The win, (number of) grammatical
1 Token.category [win) tags (PO.S) surrounding the ambiguous

{Coatext POS bng3) word in the sentence.

The uan, (number of) concepts
surrounding the ambiguous word in
the sentence.

The ordered Tist of POS tags

between the domain and range terms.
The ordered List of concepts

between the domain and range terms.
The number of tokens between the

Token. class [unn, ]
(Context concepts)

3 TokensBetween category
(Surrounding categories)
TokensBetween concepts

-] 2pts)

35 Distancé domain and range terms.
0 if the two annotations overlap,

6 | Direction +1 if the range follows the domain and
-1 if the range precedes the domain.

7 | verbs The ordered st of verbs in the sentence

evoking the link triple.

parameters 7, and 7.. into the updating rules for the pos-
itive and negative examples, respectively. Here, 7 and 7_
simulate the weights on context examples, hence, we could
increase/decrease the distance between positive/negative
contexts (see features 3-7) of an ambiguous concept and
its surrounded ones. This reflects the intuition that “fhe
nearer a neighbouring concept is close to an ambiguous concept,
the more important it is for classifying the given token”. It is
about the same intuition for the relation classification. We
represent the distance between positive/negative domain
and range concept examples of one relation. PAUM learns
how to update its leamning rate and margin parameters to
maximize this distance [35). Since we are not dealing with a
huge number of features, we use the traditional Sequential
Forward Selection [38] while adding f features at a time
to select. The selected best set of features are then, used in
the construction of a model for an automatic annotation of
ambiguous words in texts and relations between them.

After tuning and training our models, we applied them
to the test set (test corpus) which constitutes 1/3 of the
available corpus (we note the other 2/3 are used for train-
ing). Extracted terms and links are then evaluated using
different evaluation measures, i.e. Precision, Recall and F-
Measure {39]. Precision is the number of correctly identified
items (objects/links) as the percentage of identified items. In
other words, it measures how many items that our system
identified were correctly tagged, regardless of whether it
also failed to retrieve correct items. The higher the precision,
the better the system is at ensuring that what was identified
is correct. Recall measures how many items should have
been identified from the actual (real) set of correct annota-
tions. We note that we consider annotations to be partially
correct if the entity/relation type is correct and the spans
(positions of characters in the text) are overlapping but not
identical. Thus, partially correct responses are allocated a
half weight.

Presivione= Correct + 0.5 x Partial a
" Correct + Spurious + Partial
Recall = Correct +0.5 x Partial

" Correct + Missing + Partial

@

where:
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o Correct: Number of correct annotations;

o Partial: Number of partially correct annotations (if
they overlap in terms);

o Spurious: Number of spurious annotations {in the test
set);

o Missing: Number of missing annotations (in the train-
ing set).

The F-measure (F M) is often used in conjunction with
Precision and Recall, as the harmonic average of the two.

2 x (Precision + Recall)

Pt = Precision + Recall

©)

3.6 Workflow reconstruction

From recognized links between concept instances in texts,
we build our concrete workflow knowledge database where
items are the named entities ordered by the top-level
pattern in the domain ontology. Concept and relation in-
stances serve to identify, respectively, the data-flow and the
control-flow. For example, from the tuples: p; = (Align-
ments, “isOutputOf”, ClustalW), p; = (Alignments, “isIn-
putOf”, MEGA), we construct the control-flow: w.{ = (
{Alignments}, {ClustalW}, {MEGA} ) and the data-flow:
w.8 = (p1,p2,p3) where p3 = (Alignments, “genInputTo”,
ClustalW). The partial order in the sequence w.( is carried
out with the ‘generate input to” (genlnputTo) relation which
is the result of the transitive relation between input and
output data from the ontology §2.

ST =
-

ot

Ot
ool

Fig. 6. E: le of a reco from a domain-ontology.
Here the hard black arcs represent the possible concept matchings

the pattern {grey rectangles) and the
wi.{ {blue r gles).

Fig. 6 shows an example of workflow reconstruction
from a domain ontology. The first set in w,.{: {Sequences,
Alignments, Tree} represents the data types. While relations
p between datatypes and programs ‘ClustalW’ and "MEGA’
represent the data-flow, the sequence itself in w;.{ repre-
sents the control-flow ('genlnputTo’).

3.7 Workflow similarity measure

Here, we calculate the similarity measure simy(a,p) €
{0..1} which calculates the similarity between an expert-
curated workflow a and a predicted one p. Unlike the
work of [40] and [41] proposing computationally expen-
sive workflow mapping algorithms (based on graph-edit

distance or A* search), we propose a simple bag-of-words
similarity measure which takes into account both object
(data, metadata and tasks) and link (data-flow and control-
flow) terms in texts and their ontological labels. We remind
that each workflow a and p is represented by the couple
(¢, ©) in Aw where ( is the set of object labels organized
in transactions (steps) and © is the the set of relation triples
connecting a domain object to a range one from ¢ using a
link type ! € L. The similarity between two workflows a
and p is given by the following formulas:

simé,(a,p) + simS(a. p)

81t (,p) = 3 4
E"" E?(wc(a'o".il p())
¢ e Tl —
s“mw(ax P) = m (5)
Tt (P (as, 20))
simy(a.p) = —‘k—, )]
Here, m = |a.(|, n and k = |0.©)| are the total number

of steps, items per step and link triples, respectively, in
the actual workflow a. Each object o. g 1s wexghted by its
Iabel “correctness” measure w¢ = {wf', i, w$'} and each
property (triple) 8; is weighted by w® = w® x w®-
where the weight w®* ¢ {0..1} is the degree of an object
term correctness (domain and range) and w® € {0..1} is
the degree of a link term correctness. We define the term
“correctness” based on the character matchings between a
term and its referring label in the ontology 2. A partial
correctness of a term v € p.( is defined as where v is a
substring in u = a.0; ;. We apply here the longest common
substring algorithm to search for the actual term string in
the a.¢ sequence of object labels.
w§t = 1is the welght given if the object a.0; ; is found in

p.{ and is correct. w§* = 0.6 is the weight given for a term
1f the ob]ect 0.0;; is found in p.{ and is partially correct.
Finally, w§' = 0 if the object a.0, ; is not found in g( In
the relation side, we tuned the weights as follows: wy
ws* = 06, wi = 0.1, wd =1, wdr —oeandw$ =
0. In addition, w®: are the weights given if the term of a
link (e.g. ‘were-examined'} is correct, partially correct or not.
Same for w®+, the weights represent the correctness degrees
of the relations structure: domain and range terms. Here,
weights values are inspired from the work of [42] where
lenient precisions and recalls are calculated given a partial
overlap measure of terms.

4 EXPERIMENTS AND RESULTS
4.1 Dataset

For this study, we downloaded scientific articles from the
digital repository PubMed Central PMC database (pub-
lished from January until April 2015) in XHTML format.
320 texts have been extracted. At first we downloaded
more than 1 000 recent articles, journals and conference
papers having at least one section: ‘phylogenetic analyses’.
However, these sections may have not sufficient informa-
tion to reconstruct workflows from texts. Thus, we filtered
the downloaded articles based on the smallest ontological
pattern that any phylogenetic analysis should represent. A
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phylogenetic study might use at Jeast one datatype and
one phylogenetic inference program in order to execute a
phylogenetic analysis.

To conceive and implement the domain ontology, we
build at first a relational database gazetteer (in MySQL)
from different well-known sources of data in the phyloge-
netic literature such as Gene Ontology'?, NCBI¥, Unipro-
tKBM and from Felsenstein Website ™. The terminology is
then reorganized in a domain ontology in order to recognize
terms and relations in texts. We used the Quest-Ontop
platform [43] to map MySQL classes to SPARQL concepts
in a domain ontology. The generated ontology presents 37
different object properties (relations), 48 543 concepts (classi-
fied into 4 root concepts — besides the mast abstract concept
owl:Thing) and 111 unique concepts'®) and more than 1 300
000 unique instances without counting the synonyms. Here
the root concepts represent the four different layers of a
workflow ~ see Fig,1. The ontology is free to access under
the BioPortal repository?, the Gate implementation of our
workflow extractor and extracted workflows and result are
available in: https://github.com/bioinfoUQAM/tgowler/
tree/master/WfExtractor_1.0.

Using the GATE platform and the Stanford POS tag-
ger [44], a human expert has extracted (created, deleted,
updated) manually annotations from randomly chosen 100
texts to build a workflow ground-truth database. This latter
serves as a test set for the evaluation step. The expert anno-
tates the given texts using our domain ontology schema on
the platform GATE. He annotated only terms of concepts
and relations that serve to reconstruct the phylogenetic
workflows from texts. Although this task is costly in terms
of time/energy (~ 10 hours), the expert validation step
is important to guarantee a credible perspective of our
approach. We note, that we don’t prefer an inter-annotator
agreement validation since it was demonstrated that Kappa
measure (not used to measure the accuracy) works only for
discrete and mutually exclusive classes [45].

4.2 Results
4.2.1 Workfiow elements

In the first experiment, we evaluate the WSD model (PAUM
WSD). We use precision, recall and F-Measure metrics. A
10-fold cross validation was run over the PAUM classifier
to choose the best parameters: 7_ = 5, 74 = 50, where 7_
and 74 are respectively the negative and positive margins.
We have picked the best values for 7_ from {-10, -5, -1,
0, 1, 5, 10} and for 74 from {-100, 50, —10, 0, 10, 50,
100} based on the validation results. In addition, we chose
the whole set of the proposed features since all POS and
concept context tags show the best F-Measure with a context
window win; = 5.

In the second experiment, we evaluate the relation ex-
traction model. Same as in the previous experiment, we
ran a 10-fold cross validation over the PAUM Relation

12. http://www.geneontology.org
13. http:/ /www.ebindmanih.gov
14. http:/ /www.uniprot.org

15. hutp:/ /evolution.geneti gton.edu

16. The rest of the concepts are synonyms to the 111 ones.
17. http:/ /bioportal bi logy.org/ontologies/PHAGE

Extraction (PAUM RE) classifier. We chose the best features
and best parameters as follows: 7_ = 1, 7, = 10. Selected
features are: token POS tags, concepts, distance, direction
and the list of verbs between domain d and range r (see
table 1).

TABLE 2
PAUM Word Sense Disambiguation and relation extraction evaluation
results.

~Precision (%) Recall (%o F-Measure (%)

“PAUM WSD B2 66.66 7978
PAUM RE 7263 84.n 77.24

Table 2 shows results of WSD and relation extraction
learning. For PAUM WSD, the recall is the ratio of total
amount of ambiguous words correctly disambiguated over
the total amount of ambiguous words in the expert-curated
dataset. The precision is the ratio of the total amount
of correctly disambiguated words over the total number
of generated ambiguous words. Our PAUM WSD model
is highly precise (99.21%) but predicted words represent
66.66% of the total number of ambiguous words in the exert
dataset. This could be explained by the range of the chosen
context of ambiguous words, i.e. the sentence. The PAUM
RE model presents different results in terms of precision and
recall from the PAUM WSD but it shows similar F-Measures.
PAUM RE covers 84.22% from the actual relations in the
expert-curated dataset, however, 72.63% of the generated
relations are correctly predicted.

We show in Table 3 details about the total number of the
discovered annotations. We calculate the classic Information
Retrieval F-Measure [42] based on correct, partially correct
and spurious annotations (see also section 3.5). In total,
our system has annotated 2 561 terms while the expert has
annotated 2 641. The overall strict F-Measure (overlaps dis-
carded) is 70% and the overall lenient F-Measure (overlaps
included) is 76%. We notice that 118 annotations {~20%)
represent ambiguous program terms (GuessedProgram). In
this case, the average F-Measure (between strict and lenient)
is 84% with a precision of 73% and a recall of 98%. Although
strict and lenient F-Measure values are very close (~0.3%),
some categories, i.e. DataCollectionProgram, TreeVisualization-
Prgram and GuessedGeneralPackagesCategories, show the same
values for strict and lenient F-Measures (see also the 'O’
column). Our tagger is able to recognize (or not) the exact
mentions in texts: these categories does not present non-
standard program names (e.¢. common names) or generic
mentions. In addition, we note that almost the half of
the presented categories show reasonably high lenient F-
Measure agreement (> 80%). Yet, besides hypotheses valida-
tion software names, data collection programs, species names,
protein and GO annotations show the worst tagging F-
Measure results (with a lenient F-Measure between 60 and
67%). The recall values in data collection programs explain
the weak F-Measure (for both strict and lenient agreements).
Thereof, our database for this category need to be updated.
In addition, since no specific JAPE rules are modelled for the
metadata (GO annotations and species), some common false
negatives (i.e. missed resource mentions) are discovered
including common names of genes (e.g. the g20 gene) or
species (e.g. birds).
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TABLE 3
Concept Evaluation Distribution
S G P O SP SR SPM LP LR LFM

BootstrapsParms 61 19 8 1 087 075 080 088 076 082
DataBase 43 19 13 3 072 066 069 077 070 074
DataCollectionProgram 36 29 5 0 087 055 067 087 055 067
DataType 597 103 18 8 068 075 071 078 086 082
GeneOntology 13 172 5 3 094 044 060 09 045 0.61
HypothesisValidationProgram 25 408 A9 2 044 037 040 048 040 043
Method 326 48 46 14 084 084 084 088 087 087
ModelSelectionProgram 42 50 17 1 070 045 054 071 046 056
PhylogeneticInferenceProgram 205 16 146 10 056 088 069 059 093 072
SequenceAlignmentProgram 70 15 19 ¢4 075 078 076 079 083 081
SourceTaxon 22 125 57 19 072 058 064 079 063 070
TreeVisualizationProgram 18 7 2 0 09 072 080 090 072 0.80
GuessedGeneralPackagesCategories 87 1 31 0 073 098 084 073 098 084
Sum 1851 644 564 146

Macro summary 075 067 069 078 070 072
Micro summary 072 069 070 078 074 0.76

The 'S’ column represents the number of fully

The ‘G’ (only in Gold set) column represents missed annotations

while the ‘P’ (only in Prediction set) column shows lhe number of unknown annotations. The "0’ (Overlap) column shows the number of
(partially recognized) annotations. While the ‘SFM’ and "LFM’ columns shows the Strict (overlaps discarded) and Lenient {overlaps included)
F-Measures, respectively, the 'SP, 'ST* and "LP’, 'LR’ columns represent Strict and Lenient values of Precision and Recall, respectively. Micro
averaging essentially treats the corpus as one large document while Macro averaging calculates the F-Measure on a per document basis, and

then, averages the results.

The manual annotation of ambiguous programs high-
lights all the textual mentions referring to a multiple pur-
poses tool as indirect references. In some cases, correct
results from our workflow tagger were not fully annotated,
leading to false positives. The following sentences:

A phylogenetic tree was constructed with MEGA 5
using the aligned sequences [...] The phylogenetic tree
was drawn using the neighbor-joining method with p-distance
and 1,000 bootstrap replications.

show an example of such case where our tagger cor-
rectly detects MEGA [23] as a phylogenetic tree inference
in the first sentence but in the following sentence, MEGA,
a neighbor-joining method, is also used to validate trees
using 1 000 bootstrap replications. The class of MEGA
(HypothesisValidation) was not detected by our context-based
approach. The reference in the second sentence is implicit
(hidden in the Neighbor-Joining concept), hence, it is difficult
to detect that trees generated by MEGA are also validated
using the bootstrap method. In addition, both of the verbs
in the two sentences are very generic and misleading for
an automatic tagging, i.e., aligned and drawn. MEGA, in
the previous sentences, is not used to align or visualize
sequences or trees. Consequently, the precision obtained by
our pipeline for tree validation tasks are very low (~40%).
In fact, 30% of the hypothesis validation programs are
ambiguous programs (multiple purpose packages). Yet, our
context-based pipeline supporting our system needs to be
enhanced in its ability to capture more generic mentions in
wider contexts (e.g. paragraphs).

4.2.2 Workflow similarities with a the ground truth

We present in Fig. 7 the distribution of similarities sim,,
between the predicted and the Ground-Truth concrete work-
flows. The overall similarity is 0.83 over the 100 expert

curated workflows. This figure shows also details about
similarity distributions of both concepts and relations in
workflows. The overall mean of relation similarity is 0.89
and concept similarity is 0.79. The best concept results are
phylogenetic inference programs where the similarities are
above 0.8 except for 5 workflows. Moreover, in one side,
gene ontology and taxa annotations in workflows are 0.6
similar within the actual workflows which is understand-
able since only full scientific terms are considered while
tagging the name of species, genes and proteins in texts.
Though, synonyms weren’t considered for the mentioned
concepts at the semantic annotation step. These are dis-
missed in order to minimize the error cost of the abstrac-
tions in common terms (e.g. cell, RNA, polymerase, efc.).
In the other side, all program terms similarities are above
0.8 except for model selection and hypothesis validation
programs (0.6). This is due to the context ambiguities within
these categories. Bioinformaticians and biologists tend to
use general purpose packages instead of specific tools for
model selection and tree validation steps. The context of
such tools are 40% of the cases out if its sentence area.

In the relation side, links between data types and tree
visualization programs show the best similarities (the mean
similarity is 0.95). Mean similarities of relations between
: (1) data types and MSA (Multiple Sequence Alignment)
programs, (2) data types and phylogenetic inference pro-
grams and (3) data types and species are all between 0.65
and 0.77. Both predicted relations between model selection
programs and their model parameters, and predicted rela-
tions between bootstrapping programs and their number of
replicates are 0.9 similar with the expected workflow rela-
tions. Even though the context-based pipeline supporting
our system needs to be enhanced in its ability to capture
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Fig. 7. Workiflow similarity distributions with the ground truth.

more generic mentions (.. tree validation programs) in
wider contexts and a more elaborate model to capture
metadata in texts£.g. Gene Ontology annotations and name
of species, experiments show satisfying similarity results
(between 57% and 96%) with the expert-curated workflows
and a good word sense disambiguation model with an F-
Measure >77%.

5 CONCLUSION

This paper addresses the problem of the extraction of en-
riched workflows using a domain-ontology to resolve word
sense ambiguities in texts. The framework is supported by
an application in the bioinformatics domain. Our graph
based workflow representation extends the classic POCBR
workflow structures with a semantically richer relations that
serve for both: extraction and resolution of polysemic tasks
in texts. It is promising that our method reaches high simi-
larities with an ontology-based word sense disambiguation
approach for tasks, however, other term classifications need
to be improved, mainly data type metadata such as the
name of genes, proteins and species. Besides, the implication
of an expert is always mandatory for a good validation of
extracted terms. We intend to extend our ontology-based

mining framework in order to consider a variety of criteria,
for example other method parameters (¢.3. Gamma rates,
transition ratios, ef¢.), more complex control structures (e.g.
paralle] executions, if-else statements) and resource quality
in terms of time (the most recent tools/databases), author
(focusing on domain’s experts), journals, popularity, etc,).
Updating our text corpora with the most recent articles
will help to produce more relevant patterns. Moreover, the
proposed generalized patterns could be used to improve
even journals quality to select the most relevant articles us-
ing the abstract and concrete workflow information within
texts. For instance, abstracting the proposed workflow in a
submitted article is used to assist the reviewer assessment.
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ABSTRACT

Workflow platforms enable the construction of solutions to
complex problems as step-wise processes made of compo-
nents including methods, tools, data formats, parameters,
etc. Successful workflow solutions require a mastering of
the different components paving the way to automated ac-
quisition of prohlem solving expertise. Thus, process mining
could be applied to discover workflow patterus. Due to the
combinatorics of comp instances in rich domains such
as bioinformatics, generalized patterns could be a relevant
way of abstraction. Here, we propose an approach for mining
workflow pattcrns, defined on the top of a domain ontology
which categorizes workflow elements and their interactions.
While original workflows are doubly-labelled DAGs, the un-
derlying problem is transformed into a mining of generalized
sequential patterns with links hetween their items. The pro-
posed mining method traverses the ensuing pattern space
using five refinement primitives that exploit the is-a links
from the ontology. To assess the prediction power of the ap-
proach, we applied the generated patterns as templates in
a recommendation platform to complete partial workflows
under construction. The analyses of recommendations vs.
actual content of a rcal-world datasct reveals that non trivial
patterns can be found and further used to provide plausible
recommendations with high accuracies (fMeasure >75%).

CCS Concepts

eInformation systems — Data mining;

Keywords
Sequential pattern mining; Workflows; Ontologies

1. INTRODUCTION

Workflows are increasingly designed as the efficient way
of managing complex multi-step processes for the resolution
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of complex problems from knowledge-rich domains such as
medicine, hiology, chemistry and hicinformatics. This con-
ducts to a growing popularity of workflow platforms each
offering a wide spectrum of analytical services [1, 2, 3]. How-
ever, in order to build successful workflows, the user must
typically master a large variety of methods, tools, data for-
mats, efc. In many cascs, the ultimate success of the work-
flows depends on the right choice of the included methods,
algorithms, tool parameters, software versions, efe. In fact.
such a demanding environment reduces the value of work-
flow management. for non expert. users. Facing these chal-
lenges, process mining [4, 5] as a branch of knowledge dis-
covery from data (KDD), studies the discovery of reusable
knowledge from databases of process records, in particular,
from workflow representations such as execution logs. As
workflows have an inherent graph structure, cffective pro-
cess mining methods face the related complexity issues. A
workflow graph depicts an analytical resolution in terms of
blocks and their interactions (control/data flows) drawn as
nodes and links, respactively. Yet, given the large spectrum
of possible inputs, it is unlikely for a recorded workflow to
fully fit a new situation. A solution could be to mine higher-
level of abstractions summarizing commonalities of a set of
workflows. Representing abstraction levels using ontologies
to assist mining of usage logs has proven popular in the
last decade [6, 7, 8. A complete framework for abstract-
ing ontology-bascd patterns out of click-strcams (from the
logs of a semantic web portal powered by a domain ontol-
ogy) provides an alternative view [7]. In this papers, we
deal with a comparable problem on a different type of input
format. Instead of pure sequences, we consider workflows
as Directed Acyclic Graphs (DAGs). Huwever, due to the
very complex nature of the underlying domain problem, the
DAGs are split into ordered layers. In the next section, we
define first, the different el of the logy, followed
by two descriptive languages (data and pattern language).
We also introduce the pattern space. the instantiation rela-
tionship between workflows and patterns. and the general-
ity order hetween patterns. Finally, we describe the pattem
space levels and the refinement operators to generate pat-
terus at each level. Generated pattern are then exploited by
a top-down depth-first traversal method using the "support”
metric as a quality criterion for patterns.

2. DEFINITIONS

DEFINITION 1. Ontology
Let Q= (0, C, L, R <q, p) be an ontology where O is



the sel of all objects, v.e. indwidual tasks and dala types, C
the sel of all concepts, L the sel of all links between ob]ccl.s
and R the sel of all pmperiies (velations) bet

He = (C.<q) and Hr = (R,<q) denote the concept a.ml
relation hierarchies of the onltology where <qn denotes the is-a
relationship. The lernary relation p C C xR x C i made of
triples ¢y X r X ¢; ezpressing the incidence between a relation
r and its doman ¢; end renge c3 concepls. Objects o € O
and links | € L are mstances of concepts ¢ € C and relations
r € R, respectively.

Given a universe of tasks and data O and links £ defined
in 1, a workflow record represents a doubly labelled DAG
with vertex labels in O and cdge labels in £, Its vertex
set can be split into subsequent layers following the steps
of the workflow analysis with possible further splits so that
no intra-layer edges remain. In this way, the data record
becomes a sequence of object bags (transactions) with a set
of cross-transaction links.

DEFINITION 2. Date languege
Let Aw be the dota langquage made of pars w = ((,0)

where ( = ({01,02,.--.0“ }: {0.,1.1, aevy ”’2)1 ) {oi(m—ljll’
.eo 0i, }) 15 a sequence of lransactions (sleps). In turn,
© = {0).0;....,8,) is a set of trnplets where 8 = (i.1,i2)

represents a link of type ! between the object at position i)
mw.(, 1.e. w.[ir] and the object w.C[ia).

0)
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Figure 1: (A) Workfow representation of wy € Aw. (B)
Pattern representation of py € T'w.

execution order in the workflow and /2 represents the input
link between data type and tasks.

DEFINITION 3. Pattern language
Let Tw be set of pairs p = ((,0) where p. is the sequence
of bags of concepts and p.© is the sel of relation triplets.

Example 2. The pattern p; in Fig. 1 (B) represents the
sequence ( {A}, {C}, {B}, {D} ) and the triplcts 8, =
(1,72,2) and 63 = (2,71,3).

For a workflow w € Aw and a pattern p € Tw, we as-
rert wdp (said w instantiales p) whenever there exists a
sub-structure in w isomorphic to p. The mapping function
& : {1,.p€|} = {1..Jw.]} defines the instantiation rela-
tionship between w and p as follows:

DFFINITION 4. Insianiiation relationship

o & iy an injective function ;

o Vi€ (1. IpC]}, w[®()] €a pCli] ;

o Vi,i' € [L[p.Cl], () < 7(8) iff 7u(P()) < 7u(®(i)

o Vi = (i1.1,i2) € p.O, A€ Lst lenrand (®(i1),
I, ®(i2)) € w.B.

Example 3. widp in ({a},{c}.{b}.{d}) and in links
{b b2} while ly €a r1. la €a 12, a €a A, b € B ete. and
(®(1), 2, 9(3)) €n p1.8; and ($(3), b, B(4)) €q pr.bs (see
Fig. 1)

DEFINITION 5. Generality relationship

Let p1 and py two patlerns from T'w, py is more gen-
eral than pi: p) C ;o iff {wi € Awlw<pi} € {w, €
Aw|w,<pi}.

DEFINITION 6. Levels in pattern space
Lel g be the generality degree of a pattern defining the level
kofa patlcm in the patlern space. g is the sum of a pattern
pts and relations) depths from the ontology
when-. a depth h is the mazimal path from a component to
the root according to He and Hg mn Q.

According to the previous definition, the generation of
k + 1-level patterns from k-level oncs amounts to the calcu-
lation of five canonical operations: (1) root concept insertion
in a new transaction, (2) root concept inscrtion at the end of
one transaction, (3) concept specmhzatlon (4) root relation
insertion and {5) relati tion. Pattern el
are indexed using a topolog'lcal order induced by the ontol-
ogy hierarchies. Thus, refining a pattern is always done from
its last element (the highest rank). Let rankc and rankg be
the functions ranking concepts/objects and relations/links,
respectively, from . Let ¢ be the last concept in p.¢ and
7 be the relation in the last triple of p.B. Refining p leads
to add a concept /relation in the pattern or, alternatively, to
replace ¢ by & for whom ¢ is the canonical parent concept
i.e. € <can . Similarly, r can only be specialized to a rela-
tion f that satisfies # <can r. Table 1 lists the precise set of
conditions for each canonical operation.

Example 1. In Fig. 1 (A), i is a workflow rep

Example 8. Fig. 7? illustrates the last three canonical op-

tasks b, ¢, d, € and data type a as well as a set of links. Tasks
are further split into steps, thus inducing the transaction
sequence { {a}, {b,c}, {b), {d.c} ) with the following triple
set {(1,12,2), (1,43,2). ... (4,11.6)}. Here, !y embodies the

erations. For instance, specializing the last concept subC(D’)
in pa amounts to replace the last concept D with its descen-
dent D' whilc its rank is higher than the rank of the previous
concept in the transaction B. The addR(rs, 1) operation on



Table 1: Canonical operations.

Definition Constraints

appC(e) =
Appends a new
transaction
with a root
coneept in it.
addC (&) =
Adds a root
concept to the
last transaction.
subC(¢) =
places the last
concept with &

1. ¢ is a root concept.

—

. & is a root concept ;

. ranke () 2 ranke (P ¢llp-¢l)-

»

. € <can P ([Ipq]a
. ranke(pllpgl - 1) <
rankc(é) (2nd last concept).

-

addR(,j) =
Adds a relation
7 between posi-
tion j and the
last position.

1. # is a root relation ;

2. pg[lp<ll <a ran(f) ;

3. pClj] < dom(F) ;

4. Yk 3r with (k,re.|pCl) €
.0 = k < j (right most do-

main).

5. if pgllpg) - 1] = p<lp<l]
then Wi, 3r, (inr,lpgl —
1) € pO=> rankr(f) 2>
rankn(ri), it 2 j.

subR(F) =

places the last
relation of the
pattern with .

fet jm = maz(j|(j. r.pCl) € pO)

and ' s.t. (]..., pCl) € p® in:

F <can 1 2

. p(lp<l] < ran(f) ;

. pGlim| Sa domff).

- if pgllp¢|=1] = p.¢pCl] then
v, Iry, (i, i, |p¢) ~ 1) € PO
= rankr(f) > rankr(ni),
it 2 Jjm-

P

4 8dds the relation r5 between the first concept A and the
last one D. To that end, we need at first to verify if there
is at least one relation pointing to the last position. Next,
we check the compatibilities b the pt A and the
domain of rs in the ontology and between D and the range
of rs. After that, we add the concerning triple after the right
most triple in p4.© having 4 (last concept position) as end-
ing point (destination) and 15 as a relation. We remind that
74.© set is sorted by its ending and starting positions and
then by its relation type rank rankgr. The final operation
subR(r3) specializes the last relation on r3 starting from the
first concept A. In order to prescrve the order in pe.©, 12, as
the canonical descendant of rs from the ontology pointing to
the last concept D, should start from highest starting point
(source) in the subset of triples on ry which is 82 = (1. ry,4).
This operation replaces then 6, with the triple (1,r1,4).

3. MINING METHOD

Mining abstract workflows frum a workflow database Dw
on the top of an ontology § and a minimum support thresh-
old o consists of finding all the frequent patterns Fp = {p€
T'w|supp(p) > o} in Dw. Here. supp(p) corresponds to

LEVEL K (D D) B

D
mei(afc]o o]

et e

addRi(rs,1)
/ SubRir2) \

bCD)
(I)(I)CDCD o3 e s
MES &_| Ac]o:o]

1,0, 201,1,4 1103011, 411,74

Figure 2: Au example of canonical operations.

LEVEL X+1

the number of workflows from Dy matching with p jwdp|.
To find all the candidate patterns from a given [requent pat-
tern p, we perforin a depth-first overall traversal in which we
apply the refinement operators. The algorithm starts with
the generation of the frequent 1-patterus that are made of
unique root concepts from the ontology. For each pattern,
the gencration is applicd recursively for the subsequent levels
k+ 1. The candidates are generated from frequent patterns
at level k by applying all the canonical opcrations.

Algorithm 1 Depth first pattern generation

1: procedure GENERATEANDTESTDF(S: frequent k-level pat-
tern ; M S: matching workflows : o: minimum support )

2:  CP « apDC(f) U APPC(f) U SuBC(f) U ADDR(f) U
SUBR(f):

3 for all p€ CP do

14 M' « FINDMATCHINCWORFXLOWS(p. M S);

5 if size(M') >= 0 » [Dyy| then

6: FP**+1.add(p) ;

T:

8:

9:

GENERATEANDTESTDF(p, M, 0);
end if
end for
10: end procedure

Algorithm 1 provides the pscudo-code to cxpand 2 k-level
frequent pattern to yield a set of k + 1 candidate patterns
and then filter these w.r.t the set of sequences matching
the key pattern. Candidate generation from f involves the
application of the five canonical operations. Then, for cach
generated candidate, we search for its worklow matching
set (M') to calculate its frequency, starting from the last
matched operation position. If the pattern is frequent, we
save it with its workflow matching set to calculate recursively
pattern candidates of the next levels k+2, k43, ... until there
is no frequent patterns to generate.

4. EXPERIMENTAL STUDY

We evaluated the developed’ method on two datasets com-
posed of concrete bicinformatic workflows that were retrieved
from scientific publications. At the preparatory step. we
used a dedicated text miner tu extract bivinformatic work-
flows out of a corpus of 2 500+ articles from the PubMed
PMC repository [9). We also used the PHAGE phyloge-

!Source code and data are available in: https://github.com/
bioinfoUQAM/tgowler.



netic ontology published in Bioportal®. lu our experiments,
the mined associations from WFPub were used as recom-
mendation templates in workflows from WFG. To this end,
out of the discovered workflows, we formed two datasets:
WFG. which contains 500 expert-validated workflows (12
vbjects and 6 links, on average), constitutes our ground
truth, whereas WFPub, with 2 783 workflows (11 objects
and 7 links) is the mining target. While recommending
plausibl et ibhs:oF intaliiae iker Seikions i plete
workflows), we test the predictive accuracy of the developed
method’s output. Thus, the patterns mined from the first
dataset were split into associations that further generated
recommendations for (prefixes of the) workflows from the
second dataset. To examine the usefulness of our method’s
output (and hence of the method itself): we count a hit
whenever the top & items {10] are in the workflows w’ that
match in the knowledge base WFPub. We rank items i ac-
cording to the confidence of rules suggesting i. Furthermore,
we compute the recall [10] based on the number of hits in
the next step objects from w’ whenever the total number of
program objects is found®.

(1) os
Prachien M2 Precinon 8923

Figure 3: Top k item recommendation experiments.

5. RESULTS

In this study, we explore the complexity aspect of our
method due to the limited availahility of set of workflows.
The experiments have been analyzed over the set of 2 783
workflows leadiug to output 14 416 patterns (35 coucepts
and 15 relations in average) in 753 seconds. To evaluate
the sensitivity of our wethod on the value of k, we per-
formed an experiment in which we values of k of 5, 10, 20,
30 and 40. The predictive accuracics for these experiments
under different values of ¢ (min_supp) are shown in Fig. 3.
The overall recall and fMeasure increases in relation with k
and o leading to the generation of more general rules. The
resnlts indicate that (i) increasing the value of k leads to
significant improvements (>5%) in terms of fMeasure and
(ii) for higher levels of abstraction (7 > 0.3}, small values of
k could be sufficient to generate a high recall but when rules
tend to be more "specific™, small values of k decrease signif-
icantly the recall while maintaining good precisions (>75%

2http:/ /bioportal.bicontologv.org/ontologies/PHAGE
3Here, we ignure the object parameters while computing the
number of hits.

*Rules using lower levels of abstraction for concepts and
relations.

where 0>0.1). This is due to the stringent definition of the
recall, especially when the system recommends different ob-
ject sub-tasks at the same time (parallel executions) for the
subsequent step.

6. CONCLUSION

In this paper, we proposed a workflow pattern mining
method for aut ic acquisition of problem solving exper-
tise that effectively exploits a domai tology. The ma-
jor challenges were the design of expressive, yet tractable
pattern languages and efficient mining methods. Our ap-
proach consists of mining generalized DAG patterns (even-
tually reduced to scquential oncs). To this end, we described
the pattern space (data and pattern languages, instantia-
tion and generality relations) and a refinement operators to
move downwards in the pattern space. Finally, we designed
a depth-first mining method that visits all patterns only
once. Our method was assessed using a dataset of bivin-
formatic workflows that were retrieved from the dedicated
literature. The vutcome shows that workfows unseen by
the mining tool were correctly guessed with a high accu-
racy. A challenging rescarch dircction would be the design
of a domain-specific inter gness criteria exploiting the
semantic knowledge in the ontology.
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Abstract
C porary workflow t sy are driven by explicit
process models specifying the inter-dependencies between tasks. Cre-
ating these models is a chall and time- ing task. Existing

approaches to mining concrete workflows into models tackle design as-
pects rclated to the diverging abstraction levels of the tasks. Concrcte
workflow logs represent tasks and cases of concrete events ~partially or
totally ordered- grounding hidden multi-level (abstract) semantics and
contexts. Relevant generalized eveuts could be rediscovered within these
processes. We propose in this paper an ontology-based workflow mining
system to generate patterns from sequences of events which are themselves
extracted from texts. Our system T-Gowler (Generalized Ontology-based
WorkfLow minER within Texts) is based on two ontology-bascd mod-
ules: a workflow extractor and a pattern miner. To this end, it uses two
different. ontologies: a domain one (to support workflow extraction from
texts) und a processual one (to mine generalized patterns from extracted
workflows). T-Gowler impl ion and data sources are available in:
https://github.com/bioinfoUQAM/tgovwler.

1 Introduction

Workflows (Taylor et al., 2014) are increasingly designed as an efficient way of
managing complex multi-step processes for the resolution of complex problems
from knowledge-rich domains such as medicine, biology. chemistry and bioinfor-
matics. This conducts to a growing popnlarity of workflow platforms offering
a wide spectrum of analytical services (Wolstencroft et al., 2013: Blaukenberg
et al., 2001: Lord et al.. 2012). However, in order to build successful workflows.
the user must typically master a large variety of methods, tools, data formats.
etc. In many cases, the ultimate success of the workflows depends on the right
choice of the included methods, software parameters and versions, eic. In fact.

*Correspondance author.



such a demanding environment reduces the value of Workflow Management Sys-
tems (WMS) for non expert users. Facing these challenges. Process Mining (El-
lis et al., 2006; Van der Aalst. 2016}, a branch of Knowledge Discovery from
Data (KDD) (Fayyad et al., 1996), studies the discovery of reusable knowledge
from databascs of process records, in particular, from workflow representations
such as execution logs. As workflows have an inherent graph structure, effective
process mining methods face the related complexity issues. A workflow graph
depicts an analytical resolution in terms of blocks and their interactions (con-
trol/data flows) drawn as nodes and links, respectively. Yet. given the large
spectrum of possible inputs, it is unlikely for a recorded workflow to fully fit
2 new situation. A solution could be to mine higher-level of ebstractions sum-
marizing commonalities of a set of workflows. Representing abstraction levels
using ontologics to assist mining of usage logs has proven popular in the last
decade (Dai and Mobasher, 2002; Senkul and Salin, 2012). A complete frame-
work for abstracting ontology-based patterns out of click-streams (from the logs
of a semantic web portal powered by a domain ontology) provides an alternative
view (Adda et al., 2010). Yet, here, we deal with a comparable problem on a
different type of input format. Instead of pure sequences, we consider work-
tlows as DAGs. However, due to the complex nature! of the underlying domain
problem, the DAGs are split into ordered layers.

The rest of the paper is organized as follows: section 2 presents related
work and background information on pattern mining. In section 3, we define
the pipeline of our approach to extract workflows from texts and thus, mining
abstract patterns from them. Scction 4 presents the experimental evaluation and
results on Bioinformatics workflows, i.e.: Phylogenetics and section 5 concludes
the paper.

2 Background and related work

Given a universe of items O, a database D = {W} of records (e.g. processes)
w € W combining items from O, and a frequency threshold o, the pattern
mining goal is to extract the family F, of patterns p present in at least o
records. Two binary relations are generally used in the pattern mining problem
combining hierarchies: the generality? between patterns Cr (where I' is the
pattern language) and the instantiation & between a data record and a pattern.

Inspired from the work of Bamshad Mobasher (1995} including knowledge
representations in pattern mining domein, Srikant and Agrawal (1996) pro-
pose to usc hicrarchics in their GSI algorithm (Generalized Sequential Pat-
terns) which searches for ¥, through the pattern space (I', =r) by exploring the
monotony in frequency w.r.t the generality operator Tr. Their Apriori miner
performs a level-wise top-down traversal of the patteru space. Ou itewsets, it
examines patterns at level k - that is, of size k - on two points: the method
computes the frequency of candidate patterns by matching them against the

"The definition of the domain concepts and constraints is a complex task itself.
2Also know as the raising operation



records in D whereas it generates k + 1 candidates by combining pairs of fre-
quent k-patterns. However, their approach is expensive in terms of memory and
computation. Their representation of D becomes huge while exploring deeper
levels on the hierarchy. Han and Fu (1995) use associations in one level at a
time. while Fortin and Liu {1996) proposc an OO rcpresentation to gencrate
association rules of different levels of abstraction. Furthermore, Phillips and
Buchanan (2001) propose Prolog ontologies in an inference rule-based system
using the first logic order language. Zhou and Geller (2007) propose a Gener-
alization Impact measure based on support in order to estimate the sufficient
level of abstraction to generate interesting generalized patterns.

Adda et al. (2010} propose a fully-blown ontology. First. the data sequences
are enriched with domain properties from the domain ontology. The resulting
structures arc akin to labeled digraphs, in which vertices arc objects O and cdges
represent links £ between objects or the induced sequential order. Patterns are
generalized ontological digraphs, i.e., made of sets of ontology classes connected
by properties (plus sequencing). Matching between data sequences and patterns
is defined on-top of the standard ontological instantiation between objects and
classes and represents an order preserving injective graph morphism. Their
proposed xPMiner wethod applies an Apriori-like level-wise mining whereby
levels in the pattern space are defined w.r.t. the overall depth of the pattern
clements within the ontology. Candidates of level k + 1 arc gencrated from
k-level frequent patterns by a refinement operator (see De Raedt, 2008). A
major shortage of the proposed approach is the cost of the plain pattern-to-
data matching opcration. Indeed, as no optimization is proposed, the large
number of labeled digraph morphism computations takes a significant toll on the
method performances. In our own stidy, we choose to enhance that. approach by
saving in the wemory previous matched sequences (frout level k) using the last
operation information from the refinement operator. In addition, data records.
i.e. workflows (instead of sequences) that we deal with are partially ordered
multisets where sets (transactions) represent workflow steps, hence, forming
(double)-layered DAGs. Here, DAG nodes represent tasks, parameters. data
and metadata items and edges represent the control and data flows. In addition.
these elements are extracted automatically from scientific texts.

3 T-GOWler: ontology-based workflow pattern
acquisition from texts

We describe, in this section, the pipeline of the methods to extract abstract
patterns within texts. The proposed T-Gowler system contains two main en-
gines: (A) WEExtractor extracts workflows W from texts and builds a workflow
database Dy and (B) WfMiner mines frequent generalized patterns F from Dw
(see Fig_1). The tirst module (developed on GATE platforin® by Cunningham

SGATE (vww.gata.ac.uk) is a well-known envi for ion tasks using different
XNLP (Natural L P ing) techni e.g., the OpenNLP and Stanford POS tagger.




et al. (2009)) requires plain text articles and an RDF* domain ontology rep-
resenting the domain terminology (Gazetteer) categorizing, into abstract con-
cepts and relations, domain terms. The extraction pipeline is based on a simple
NLP chain and a specific workflow tagger to classify workflow components, i.e.
objects O and links Z, into their ontological catcgorics, .e. concepts C and
relations R. respectively. In order to preserve processes order in workflows,
abstract patterns from the processual ontology are used. Once the ontology is
loaded and conerete workflows are reconstructed, the WfMiner tool deals with
the generation of frequent patterns using a level-wise pattern generation on the
top of the ontology and a specific pattern-to-workflow matching algorithm to
filter non frequent patterns.

3.1 Wf{Extractor: workflow extraction from texts

The extraction process takes place 3 different steps: (1) named eutity (o € 0)
extraction, (2) link (I € £) extraction and (3) workflow w € Dy reconstruction
from the extracted elements. Yet, before workflow component extraction, a clas-
sic NLP tool chain is executed in order to tag terms with their morphosyntactic
tags, i.c.: grammatical classes within sentences. This chain is composed from:
(1) the specialized biomedical tokenizer (Scttles, 2004) and a simple sentence
splitter (Bontcheva et al., 2013), (2) the MedPost/SKR POS tagger (Smith
et al., 2004) and (3) the lightweight OpenNLP chunker (Buyko et al., 2006) to
identify active and passive verb phrases in texts.

For both named entity and link extraction, a domain ontology is applied
as a Gazetteer in order to recognize workflow elements in texts. However, this
process faces some hurdles due to the syntactic and semantic ambiguities, i.e.
polysemy (Stevenson and Wilks. 2003) in some domain concepts. For instance.
the program term MEGA (Kumar et al., 2016} could be used to either validate
the phylogenetics hypothesis or to visualize output data, e.g. phylogenetic trees.
Thereof, we propose to use a supervised machine learning approach (Nadeau and
Sckine, 2007) to disambiguate softwarc contexts using specific JAPE rules®. For
example, when the passive verb phrase (context) contains & 'program’ term in
its object and the root verb is a synonym to "valid” (from the HypothesisVal-
wlation concept), then, its probability to be a validation program is very Ligh.
Hence, for each polysemic term in the texts, we create two rules: one for the
active and the other for the passive voice phrases. In such way, a learning set
is constructed. Next, two sets of features are calculated to annotate ambiguous
terms automatically, i.e.: (1) POS annotations and (2) surrounded concepts
(domain concepts in the context sentenee of the ambiguous word) in a win-
dow of the five next and previous concepts and tokens. In order to represent
our context-based extracted features, the PAUM (Perceptron Algorithm with

4hetpa://uwe.v3.org/TR/rdf-primer

3Java Annotation Patterns Engine (JAPE). JAPE language is a finite state transducer
on the GATE platform (Cunningham et al., 2008) that operates over annotations based on
regular expressions. Thus, it is useful for pattern hi i jon, and many
other operations over syntactic trees such as those produced by natural language parsers.




Uneven Margins) model (Li et al.. 2002) is applied to learn Word Sense Disam-
biguation (WSD) (Stevenson and Wilks, 2003) and relation classifications from
the extracted feature instances. PAUM is specifically designed to simulate the
distance between positive and negative examples which fits the nature of our
featurcs since positive and negative contexts are represented with distance-based
features (in POS tags and concepts in the same sentence).

For the relation side, we adopt the following hypothesis: A link between
two related concepts exists in the same seutence evoking the instances of its
domain (source term) and range (destination term). Such link is represented
in the verb located between the concerned terms (depending on the sentence
voice). Hence, in order to recognize links in texts, we map the couple ¢y, €2,
from the triple p = (c1,7,¢2) in the ontology, on text sentences. For example.
for the relation instances of r: isRetrievedIn, defined with ¢;: DataType as
the relation domain. and ¢p: Database as the relation range. we tag the context
of the link with its relation type. e.g. alined in in the text is tagged with
the isRetrievedIn relationship. A PAUM model is then constructed using the
following set of features: (1) token POS tags, (2) distance, (3) direction and (3}
the list of verbs between domain and range instances in the context phrase (see
table ??).

Finally, from the recognized links between named entities in texts. we build
a conercte workflow knowledge database Dw where items are named cntitics
ordered by the genlnputTo properties (relations) from the processual ontology.
For example, from the tuples: (p1) (16srRNA, "islnputOf”, ClustalW), (p2)
(ClustalW,  genlnputTo”, PHYLIP) and (ps) (PHYLIP, " gennputTo”, Tree-
View), we construct the sequence { { {16srRNA}. {ClustalW}, {PHYLIP}.
{ TreeView} }, { (1, "isInputOf®, 2) } ) where 1 and 2 correspond the domain
and range positions, respectively, in the worktlow sequence.

3.2 WifMiner: mining generalized workflows

Here, we propose an new approach to generate generalized sub-graphs of work-
flows out of concrete ones. We propose two descriptive languages to represent
the pattern space. The data language A, is derived from sequences of objects
and sets of link IDs from the processual outology §2. For instance, the workflow
DAG w; in Fig.2 is a poset w.{ of object items ¢ € {1,..7} and a set of link
triples w.0 of with link types { € {1,..6}. The second language ', is used to
represent & pattern p as an abstraction of w € Dw (e.g., w1¥p1: w1 instantiates
p1). Hence, we represent a pattern p as a sequence of concept itemsets p.{ and
a sct of relation triples p.6.

Level-wise descent in the pattern space relies on the generation of k + 1-level
patterns from k-level ones, which amounts to the computation of five canonical
operations in a Depth-First search strategy from the ontology: (1) appC - ap-
pends a root concept to a new transaction, (2} addC - adds a root concept to
the last transaction, (3) addR - adds a root relation between a concept and the
last one in the last transaction, (4) subC - specializes the last concept and (5)
subR - specializes the last relation in the pattern. Hence, for each pattern p.



we apply all the five canonical operations. Although these operations constitute
an effective generation mechanism. Their unrestricted use is redundancy-prone
and hence, would harm the efficiency of the global mining process. In the previ-
ous work of Adda et al. (2007), calculating the support of a pattern p amounts
to match p with all the workflow concrete scquences in Dy . For this purposc.
we introduce a new data structure to prune patterns while calculating their
supports using the generality relationship between them. Calculating frequent
patterns p¥+! begins from the last visited concept/relation in the parent pat-
tern p* and hence, we don’t need to recalculate all the matching possibilities
for each concept and relation previously matched at level k. The propased
matching structure MS is a “stack” of operation results (adding/specializing
concepts/relations) on parent patterns. For example, the arrows in Fig_3 show
the way we obtain a pattern py using the refinement operator. Calculating the
support of p; is done starting from the last operation on py. i.e. addR{rs,
€11). If the next operation in the k + 1** iteration is to add another relation
addR{rs, c14) to pa, then, the matching structure of pa (M S(p2)) puts relation
blocks ('source’ and "destination’ relation blocks s) in their proper positions and
caleulates the possible matchings from the matching set of the parent pattern
MS(py).

4 Experiments and results

4.1 Case study: phylogenetics analyses

Phylogeny (Anne-Mieke, 2009) represents the evolutionary history of a group
of organisms having a common ancestor. Inferred from nucleic acid (DNA or
RNA) or protein sequences, phylogenetic relations are discovered with tools de-
tecting different evolutionary phenomena such as duplications, insertions and
deletions (see Anisimova et al., 2013). We downloaded more than 3 000 scien-
tific articles (published from 2013 until April 2015) about phylogenetics studies
from the PubMed Central (PMC) repository® in XHTML format. In addition,
we constructed a terminology from different well-known databases in the phylo-
genetics literature such as the UniprotKB? (for gene and protein names), Gene
Ontology (Ashburner ct al., 2000), Taxonomy Browscr® and the Felscnstcin web
site . This gazetteer is then. reorganized in a domain ontology in order to rec-
ognize terms and relations in texts like described in the WiExtractor module.
Next, we build manually a processual ontology with the help of experts. An
example of an abstract processual knowledge is: (1) Protein collected from the
PDB database!® are fed to (2) o homology search program and (3) a phylogenetic
inference one. Finally, both domain and processual ontologies are merged iuto

Shttp://uww.ncbi.nlm.nih.gov/pac
Thttp://wvu.uniprot.org

Shttp://wvw.ncbi.nlm, nih, gov/Taxonomy
Shttp://evolution.genetics. vashington.edu/programs. html
pttp://ven. reab. org/pdd



one!! (see Fig4) in order to mine frequent patterns from the workflow database
using the WfMiner engine.

4.2 Named entity learning results

An expert has aunotated manually 100 phylogenetic sections to build a reference
workflow database. Each extracted term has been compared to the proposed
PAUM models results in order to validate (with 10-fold-cross-validation) their
accuracies in terns of precision and recall and Measure (see Table 1). Models
context features have well learned and applied several top-level domain relation
and concept terms, i.c.: data types, gene ontology annotations. phylogenctic
methods and phylogenetic inference programs. In total, 1 469 workflow objects
have been extracted from the phylogenetic analyses sections with an average
of 71% of fMeasure. In the relation side. the system annotated 325 links with
72% of precision and 84% of recall (78% of fMeasure). Hence. workflows overail
fMeasure is 73%. Indeed. with only context POS tags and concept neighbours.
we did recognize workflow compouents in texts with good accuracies.

4.3 Generalized-pattern results

For the rest of our experiments, we consider only expert curated datasets (that
we call here PhyloFlows) in order to assess the WfMiner module. This database is
composed from 300 workflows with an average of 11 object items and 9 links per
workflow. In addition, we use the eTP-tourism (Electronic Tourism Platform)
workflow database which is a portion of a log file describing web pages navigation
of 56 different users in a Web travel site (Adda et sl., 2010). This database has
an average of 19 different items and 6 links per sequence and enhanced by an
ontology of 157 concepts and 35 object propertics.

Fig.5 (A) shows the difference in mining time between the PhyloFlows and
eTP-tourism databases. Running time does eventually increases when more
concepts and links arc mined. Our system spends ~10 times the mining time
to generate patterns with more 500 items and 100 links. While eTP-tourism
database presents more dense graphs, matching sub-graphs and mining pro-
cesses become heavier to handle. However, taking 23 seconds to do the whole
process of matching and generating ~6 000 frequent graph patterns is still a
reasonable time. 1n addition. our WfMiner outperforms xPHiner by Adda et al.
(2010) (see Fig_5 (B)) with 2 times order of magnitude in high threshold sup-
ports (>0.8). With 60% of minimum support. our approach executes ~10 times
faster the mining algorithm than xPMiner.

Finally, we present in Table 2 a sample from the genersted set of patterns
obtained from the PhyloFlows database. These patterns could be used in a
semantically rich recommendation framework considering the diversity of levels
of abstraction in pattern representations. For instance, if we know that the 16s
rRNA gene is used as input in the ClustalW alignment progrsm (Thomp-~
sou et al., 2002), then s coucrete recommendation could offer for exsmple

1hetp://bioportal .bicontology.org/ontologies/PHAGE



MrBayes (Ronquist and Huelsenbeck, 2003) as a phylogenetic inference tool
(~1% frequent). However, offering "any” character based Inference program
(see 2" pattern in Toble 2) is a more relevant recommendation due to its (pat-
tern) higher frequency (~10%) in the database: since it contains more " general”
concepts.

5 Conclusion

Our ontology-based approach to mining generalized patterns from texts proves
that different kinds of knowledge could be extracted from the phylogenetics liter-
aturc. Processual and domain knowledge from articles show interesting patterns
to mine. Different ontologies have been used to represent the different types of
knowledge into concepts and relations. Extracted workflows are enhanced with
ontological annotations to produce generalized frequent patterns. These latter,
covering a wider range of values then concrete elements, could be used to as-
sist. practitioners during their problem-solving task with a richer vocabulary.
The proposed system could also be applied to different domains when expertise
is confronted to domain knowledge. Video games, for example, is & good do-
main application to our approach when gamers are constantly faced to cognitive
processual gestures. Workflows of events could be then extracted from game ses-
sions and mined in order to recommend and predict generalized patterns like:
what type of event is going to happen during a game based on gamer logs or
what kind of item & player is willing to buy to accomplish a mission.
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Tables

Table 1: Evaluation results of the extracted workflow elements based on the
expert curated dataset from the PubMed PMC articles (published from January
2013 to April 2015).

Concept/Relation  # Instances Precision Recall fMeasure

DataType 597 0.68 0.75 0.71
GeneOntology 139 0.94 0.44 0.60
Taxon 202 0.72 0.58 0.64
Method 326 0.84 0.84 0.84
InferenceProgram 205 0.56 0.88 0.68
Overall (concepts) 1469 0.74 0.69 0.71
Overall (relations) 32 0.72 0.84 0.78
Overall 1794 0.74 0.72 0.73

The tabie shows the number of annotated instances of (some - from the top level of
abstraction) concepts and relations and their precision, recall and fMeasure evaluation
values.

1



Table 2: A sample from the phylogenetic extracted patterns within the texts
in the PubMed PMC database (articles published from January 2013 to April

2015).

Workflow patterns

Trees}, {Virus), {GlobalMSA},
{ ModelSelection},

{ MazimumLikelihood),

{ Bootstrapping}, {PDB, JTT})

s o
p.( {concepts) p.9 (relations)
{{DateType}, { DataCollection}, | (1. isinputOf. 2). (1, isOutputOf, | 40%
{ MultipleSequenceAlignment}, | 4), (2 .geninputTo, 3), (3, genn-
{ PhylogeneticInference}) putTo, 4)
({RNA, Tree}, {HomologyS}, | (1, islnputOf, 2), (2 ,isOutputOf, | 10%
{ CharacterBased Program}, 5). (3, genInputTo, 4), (3, hasPa-
{ Treellottsngrogram}, remeler, 6), (4, genlnputTo, 5)
{GTR))
{{ ProteinSequence, Alignments, | (1. hesTazon, 4), (1, isInputOf, | 1%

5), (2, isOulputOf, 5), (2 , isln-
putOf, 6), (5, genlnputTo, 6),
(5, hasParameter , 9}, (6, gen-
InputTo, 7), (6, hasPeremeter ,
10). (7, gendnputTo, 8)

Generated DAG patterns are sequences of concept multisets and sets of relation triples.
For instance, in the 1** pattern: (1, 15/nputOf, 2) represents the input relation between
the 1% concept (DataType) and the 24 one (DataCollection) in p.(.
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Workflow Pattern Acquisition out of

Bioinformatic Scientific Texts
Ahmed Haliouil, Petko Valtchev! and Abdoulaye Baniré Diallo*2*

Abstract

Background: Contemporary workflow management systems are driven by explicit process models specifying
the inter-dependencies between tasks. Creating these models is a challenging and time-consuming task.
Existing approaches to mining concrete workflows into models tackle design aspects related to the diverging
abstraction Jevels of the tasks. Concrete workflow logs represent tasks and cases of concrete events —partially
or totally ordered— grounding hidden multi-level (abstract) semantics and contexts. Relevant generalized events

could be rediscovered within these processes.

recommender system,

Results: We propose in this paper an ontology-based workflow mining system to generate patterns from
sequences of events which are themselves extracted from texts. Our system T~Gowler (Generalized
Ontology-based WorkfLow minER within Texts) is based on two ontology-based modules: a workflow extractor
and a pattern miner. To this end, it uses two different ontologies: a domain one (to support workflow
extraction from texts) and a processual one (to mine generalized patterns from extracted workflows).
T-Gowler implementation and data sources are available in: https://github.con/bioinfoUQAM/tgowler.

Conclusions: Extracted patterns would make workflows more intuitive and easy to be reused in similar
situations. This could provide a stepping-stone into the identification of best practices and pave the road to a

Keywords: ontologies; workflow extraction; pattern mining

1 Introduction

The advances in biotcchnology have revolutionized
bioinformatics into a data-intensive discipline. The
rapidly increasing amounts of available data, from new
large scale analyses. have made data processing with-
out automated pipelines (a.k.a. workflows) difficult to
handle. This situation is mainly due to the complexity
of integrating diverse data formats and databanks, in-
terfacing numerous progranis with various parameters.
as well as to the assessment of data inputs and out-
puts. Current bioinformatic platforins offer a variety
of computational solutions (using High-Performance
and Cloud Compnting) with different levels of com-
putational abstractions [1]: two types of models are
employed by Workflow Management Systems (WMS):
(1) concrete ones, in which the tasks are bound to spe-
cific resources. and (2) abstract oncs, presenting an
abstract view of the resonrces used in tasks. Nowa-
days, service-oriented systems such as Pegasys (2], Tav-

ke d Diallo.Abdoulaye® 0
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erna (3], Galaxy (4] or Armadillo [5] offer models based
on Web services providing an abstraction layer which
separates the workflow platform from programming-
language dctails. The statc-of-the-art analysis revealed
that biomedical services are currently used in an ad-
hoc style with a low reusability [6]. This suggests a
need for techniques that help scientists better locate
interesting services and workHow fragments and reuse
them to attain their research purposes. Current frame-
works such Taverna and Galaxy offer different ap-
proaches for Web services discovery and a semi/full au-
tomated way to workflow composition. However, none
of them provide roecommendations to guide users and
suggest the next steps to do while taking into ac-
count the specific uature of data (complete vs partial
genomes, viral proteins, plant DNA, type of the evo-
lutionary model, etc.) and relevant analyses (phyloge-
netic analyses, function prediction, homology studies.
genome wide association studies, etc.). For example, in
phylogenctic tree reconstruction, the cvolutionary his-
tory of a group of organisms is inferred using different
types of data including nucleic acid (DNA or RNA)
or protein sequences. Depending on tools which one
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would use, different types of evolutionary events could
be included in the study such as point mutations, du-
plications, insertions and deletions, genome rearrange-
ments. etc. (7). Such a study requires several complex
steps and tool parameterizations and the acquisition
of raw data.

Current bioinformatics workflow repositories like
myExperiment [8] offer a large but » very generic
scope of workflow-based analyses over different kinds
of platforms. Solving very specific bioinformatic prob-
lems such phylogenetic analyses is still limited to few!!)
published and shared -non validated- workHows. More-
over, the literature of scientific texts offers & more
concise and complete information about bioinformat-
ics analyses. Phylogenetic analysis constitutes a typ-
ical bioinformatic workflows in life sciences. This is
witnessed by the large number of publications on the
topic. This resource could be exploited to enrich work-
flow solutions. However, the difficulties in the process
of workflow reconstruction from scientific text publi-
cations are illustrated in the following example.

Ezample 1. A biologist U; downloeds a set of 9
hemagglutinin sequences of different Influenza viruses
from the NCBI database. To carry out the analy-
sis of those sequences. Uy chooses the Armadillo [5]
platforml?). Several algorithmic options are displayed:
i.e. software parameters {e.g. the number of boot-
straps, mutation rate, etc.) and data coustraints (e.g.
input/output to programs). U; prior abstract experi-
ence does not cover all the available methods and tools,
therefore, the backup solution is to adapt a workflow
from the literature (see Fig. 1). However, none of the
workflows drawn from scientific publications could ox-
actly match his needs. These workflows may not. prop-
erly execute since a part of the analysis requires several
specific software versions and dependencies.

The above example shows several problems which
could occur while constructing bioinformatic work-
flows. Even simple routine projects can involve a num-
ber of different software requiring specitic but also ab-
stract problem solving knowledge. Even though soft-
ware experimental conditions are related to several
choices. the amount of data and the misuse of tools
could also deteriorate the results of studies. This is
where uscr skills and expericnce do make the differ-
ence.

MLess than 100 workflows representing phylogenetic
analyses in the myExperiment database.

1 Aradillo  (www.bioinfo.ugam.cafarmadillo) is a
drag and drop workflow platform dedicated to phy-
logenetic as well as general bioinformatics analysis.
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Ezomple 2. Suppose that a Dioinformatician U
chooses to study the same protein sequences of the
hemagglutinin. He runs ClustalX (9] to align sequences
and then chooses the JTT evolutionary model [10]
during the tree reconstruction. If we want to recom-
mend a concrete phylogenetic program to U, such as
the program MEGA [11), we propose to calculate the
frequency of the sequence sg : { {ClustalX}, {JTT}.
{MEGA} } in the extracted workflow database. How-
ever, such sequence is very rare due to the vast va-
rieties of available tools for each specific task. Thus,
using frequent sequences of tool categories such as the
" maxi parsimony” or " mazi likelihood” in
a recommendation scenario is more relevant {due to
the higher support of tool categories over instances).
An abstract pattern such py : { {LocalAlignmnent},
{ ProteinModelSelection}, { MazimumLikelihood} )
is more frequent than the concrete pattern s.

Here, we use ontologies to represent the different
categories (concepls) of tools and input/output data
at different levels of abstractions. The constraints on
combining tools and parameter valucs arc cxpressed
using propertics (relations) between categorics. In fact,
the ontological representations are effectively exploited
by two key processes: (1) the extraction of workflow
terms and relations from texts (concrete workflows),
and (2) the extraction of generalized workflow patterus
(abstract workflows). Thereof, we distinguish concrete
workflows made of individuals (iustances) and links
between them, from abstract workflows, comprising la-
bels of concepts and properties at various levels of ab-
straction. In our approach, mining processual abstract
patterns out of the concrete workflow cases is based on
the hierarchies of both, concepts end relations, from
the domain ontology. This could be the foundation of
a semantically rich recommendation system to suggest
the best next step practices.

The remainder of the paper is organized as follows:
section 2 presents related work to workflow recom-
mender systems in bioinformatics. Section 4 presents
the experimental evaluation and results of the ex-
tracted workflows and patterns from texts. Finally, sec-
tion 5 discusses the quality of our approach.

2 Related work

Current bioinformatics WMS have emerged as global
intelligent infrastructures® by integrating new tech-
nologies to maintain a certain level of reusability
through grid and cloud computing [1, 12, 13]. For ex-
ample, they may offer an efficient way to abstract ser-
vices for data transformation and searching resources

M For example, these systems do not suggest local con-
figurations for tools but a global way to manage tasks
through Web services.
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in distributed secure databases. Howerver, in practice,
the sharing service-bascd capabilitics may open a gate-
way to reuse workflows, however, the degree of reuse
is still very low [14]. For example, repositories like
myExperiment, CrowdLabs and SHIWA (see the re-
view in {6]) offer a restricted number of workflows
(e.g ~2 500 workflows in myExperiment) for very var-
ious disciplines (chemistry, astronomy, sequence anal-
yscs, efc.) and in different formats (Taverna, Galaxy.
Rapidminer. etc.) which decreases the reusability of
workflows. Hence. in the literature of bioinformatics
best practises, more work reported on service ori-
ented pipelines and/or provide expert-based sugges-
tious [3]. In this vein, [1] review the wost advanced
projects defining gencral guidelines for the mcthod-
ological choices at various stages of a bioinformat-
ics pipeline. The authors recommend dedicated prac-
tices in maintaining reproducibility and standardiza-
tion in local and distributed environments. [7] criti-
cize the outdated methodology and provides practical
guidance on issues and constraints faced by each of
the phylogenetic analysis steps. [15] propose a set of
high-level abstract motifs (patterns) as a view of ac-
tivities undertaken within workflows. They performed
their manual analysis over a set of real-world sci-
entific workflows extracted from Taverna and Wings
systems. However, expert recouunendations are bet-
ter used in solving problems and making decisions if
they are supported by the help of Knowledge Man-
agement (KM) discipline. KM is the subject that pro-
vides strategy, process and technology to share infor-
mation and expertise among users. For instance, Se-
mantic Web (SW) technologies [16], as a special case
of KM, allow automatic discovery and execution of
Web services that can handle the workflow tasks using
ontologies to improve knowledge integration, query-
ing, and sharing [17]. Next. we present current so-
lutions for bicinformatics recommendation and auto-
matic workflow composition into three categories: (1)
semantic-based recommendation, (2) similarity-based
recommendation and (3) pattern-based recommenda-
tion.

Q Ate

tic-based rec Proteus (18] is one
of the first projects to integrate an ontology-based de-
sign in bioinformatic workflows. It exploits a DAML
+ OIL ontology for the data mining dowmain describ-
ing resources and processes of knowledge discovery in
databases. [19] describe a SW solution assuming a grid
computing environment. The proposed Bio-STEER
system offers SW services in OWL-S". A small-size

WIOWL-S is an ontology built on top of Web Ontology
Lenguage (OWL) for describing Semantic Web Ser-
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ontology is employed in the representation of both ab-
stract workflows (for Grid resources) and concrete ones
(to bind tasks to specific resources). [20] introduce the
EDAM ontology for bioinformatic operations, types of
data, identifiers, topics and formats. EDAM supports
semantic annotations for Web services. databases. in-
teractive tools and libraries. Offered annotations have
been integrated in a set of frameworks such as EN-
BOSS Bl aud eSysbio 1®. However, these systems do
not exploit the entire richness of EDAM semantics. For
example, eSysbio uses "EDAM Data and Format” to
decide how to handle data by an adequate visualiza-
tion and search, However this navigation, as static as
it is!™. does not take benefits from the relation seman-
tics between concepts. In the same scope, we find the
Software Ontology (SWO) [21] offering an extended
version of EDAM through new coucepts and relations
for information processing tasks (phylogenetic con-
struction, protein structure analysis. eic.), algorithms
(ANOVA, t-test, etc.), software and software versions.
The ontology has been used so far in only service
discovery frameworks like BioMedBridges'® and the
Gene Expression Atlas repositoryl®). Yet, EDAM and
SWO represent only very generic concepts/relations
that still need to be specified for very specific techni-
cal domains such as phylogenenetics or genome rear-
rangements. Moreover. GBrowse [22] and then, Sea-
hawk [23] are two end-user oriented with ontology-
based data centric approaches. Users can either specify
input and/or output data and the application deter-
mines the corrected date type and proposes what to do
with it instead of proposing a specific service, [24] nse
the BioMoby [25] services registry and construct the
workflow at each step by ranking the services accord-
ing to the similarity of their data type inputs and other
non-functional measurements like the number of re-
trievals of a service in the definition metadata. Finally,
we find the SADI project [26] ainiing to maximize the
interoperability between Web services unlike BioMoby
which may contain inconsistent data [27]. SADI in-
dexes both data and properties and offers a search
engine which is designed to mimic the linguistics of

vices. It enables users and software agents to auto-
matically discover. invoke, compose, and monitor Web
resources offering services.
Blwww.ebi.ac.uk/Tools/emboss

Mwww.esysbio.org

MThe current version of eSysbio uses a limited subset
of EDAM for static navigation (allowing grouping and
filtering of date by their type, and sorting by type
and format). without taking into account the relations
other than the closure of is format of.
www.bjomedbridges.eu

lyww.ebi.ac.uk/gxa/home
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scientific queries through very specitic ontological rela-
tionships. Navigating and scarching for the "best” tool
in categories of tasks are not enough to gnide users
to complete their processes. In addition, formulating
queries could be a very difficult task if users do not
kuow what is the next step and the best method/tool
and configurations for that step.

St dation

ilarity-based 1 Similarity-based
approaches aim to tackle two important problems
of workflow reuse: (1) the retrieval of similar work-
flows form potentially large repositories and (2) the
adaptation of workflows in new case studies. Here.
the Process-Oriented Case-Based reasoning [28] comes
to support and partially automates expericnce-based
problem solving by creating new workflows and adapt
them for new purposes and circumstances. [29] pro-
pose a graph-based approach with generalization of
workflows over the concept taxonomy of a dowmain on-
tology. The similarity between a casc workflow and a
query one is calculated using a local similarity assess-
ing the similarity between two nodes/edges of the seme
type which is, then, aggregated into a global similarity
within & graph wmapping process. Their similarity wes-
surcs arc based on an object-oricnted approach [30]
calculating intra and inter class similarities between
abstract and concrete objects. Their approach is used
later on with [31] where during adaptation, deficiencies
in the retrieved case are increinentally compensated by
replacing fragments of the retrieved case by appropri-
ate workflow streams. Their work is limited to strongly
structured texts like cook recipes and software manuals
where sentences explicitly describe series of actions.

Pattern-based recommendation. Most of Dbioinfor-
matic pattern-based recommenders use sequential pat-
tern wining algorithms in order to discover recur-
ring softwarc and data usage patterns [32]. For cxam-
ple, [33] propose to use Natural Language Processing
(NLP) tools to extract software and database terms
from scientific texts. The process uses the bioNerDS
terminology "%l i order to categorize terms in texts. In
the pattern mining step, a straightforward mining al-
gorithm discovers frequently occurring resource pairs.
Each resource is paired with the one that immediately
follows it in a text while accounting for the direction
within the ensuing pairs. However, the order of the
terms in the text is not always reliable. Without a
context-aware extraction approach, the occurrence of
such a pair could mean nothing but simple mentions.
[34] propose Magallenes. a Web service discovery and
automatic workflow composition tool which associates
data types to connect available and compatible Web

"www.bionerds.sourceforge.net
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services into workflows that can process dats sequen-
tially to reach desired output given a particular input.
A breadth-first with pruning algorithm is used to find
the shortest path from source to target service. In
the same scope [14] usc the ServiceMap algerithm (35]
to wodel/evaluate worklow "reputations” based on
the number of downloads, views, credits and friends
taking into account reputation time fading and popu-
larity. They propose a service-based recommendation
platform based on the paths from input to output data
using the classic Apriori approach to find frequent as-
sociations between services [36] and then, find a path
between two services/operations in the reputation net-
work. In a different vein, methods for mining patterns
and associations on top of an ontology have been pro-
posed in [37]. As an cxample, the GSP (Generalized Se-
quential Patterns) algorithm [38] mines frequent pat-
terns from sequences of user transactions. It traverses
the pattern space with an Apriori-like level-wise disci-
pline [36) and by exploring the anti-monotony property
of itemset frequencics over the taxonomy. Besides, us-
ing an ontology to enrich patterns of Web usages has
been researched on for at least a decade (39, 40). How-
ever, these latter only process the class hierarchy. [41]
present & complete framework for Web usage mining
from the logs of a Web page clicks content where its
(page resources) objects are described by an ontol-
ogy. The input data are sequences of clicks further
translated into IDs of content objects with their se-
mantic links. Patterns are also sequences. yet, made
of concept IDs linked with ontological properties. The
proposed xPMiner method defines a total order be-
tween sequence items and applies a level-wise mining
through the pattern space with a refinement opera-
tor [42] made of four primitives that follow the hier-
archies from the ontology: addition/specialization of
concepts/relations.

Iuspired by the model of [41] and beside that in-
put data is automatically extracted from texts, we of-
fer a new pattern miner, where, instead of sequences,
we deal with workflows as posets!!!] (where transac-
tions representing steps) of objets linked with cach
other, thus, forming (double)-layered DAGs (Direct
Acyclic Graphs). Here. the DAG nodes represent task.
data and metadata items and edges represent the con-
trol and data flows. In addition, on top of the work-
flow DAGs, an ontology provides two taxonomies, one
for concepts and one for relations (o.k.a. generatized
items). Hence, patterns are made of concepts with
inter-concept relations which may belong to differ-
ent generality levels in the ontology. Interested read-
ers may refer to onr publication [43] which represents

Partially ordered sets which formalize and general-
ize the intuitive concept of an ordering, sequencing. or
arrangement of the elements of a set.
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the framework of our project and present preliminary
results of the extracted concepts and relations from
texts. Yet. we present in this work the full description
of our approach of workflow extraction and pattern
mining and offcr a domain validation of the extracted
patterns in the phylogenetics experience acquisition
domain.

3 Methods

The proposed solution consists of reconstructing a set
of workflows from the scientific literature and then
mining higher-level of abstractions (generalized work-
flow patterns) from these (sce Fig 2). A specific do-
main ontology is used to extract concrete workflows
from texts. The included concepts and properties are
further used as building blocks in the pattern gener-
ation process. Thus, the ontology is exploited for two
purposes: (1) as a schema to create a terminology an-
notating workflows in texts and (2) as a knowledge
Lase to mine generalized patterus from the extracted
workflows.

3.1 Formalisms for enriched workflow representations
3.1.1 Workflow representation

In general, a workflow consists of a sct of tasks (also
called activities) combined in a control-flow and a
date-flow whereby the data-flow describes interactions
(relationships) between tasks and data items (task in-
putsfoutputs corresponding to data types). Given a
universe of task items and data O and links £, a work-
flow record is a vertex- and edge-labeled DAG. How-
ever, by following the steps of the oversll analytical
process —and performing a topological sort, if needed—
it can be split into leyers of independent vertices (no
intra-layer edges). This allows a workflow representa-
tion as: (1) a sequence of object sets (item scts). plus
(2) a set of cross-itemset links.

A data language Aw defines workflows as pairs
w = ((.©) where ( = ({01,09,....04, }, {04, 41,105, }
w3 {Oigm_1ys12+++1 04, }) 15 the sequence of object trans-
actions (steps). Objects, here, represent tasks and data
items. In turn, © = {6y,0,,...,6,} is the set of triples
where 8¢ = (i;.1,12) represents a link (in the con-
trol/data flows) of type [ between the object at posi-
tion ¢y in w.¢, i.e. w.([i1]) and at w.([is] where §; < ia.
Fig.3 shows an example of workflow representation in
Ay.

3.1.2 Ontology representation

Workflow components are encoded in a specific domain
ontology Q. Formally, an ontology is defined as a six-
tuple Q = (0, L,C, R, <q.p) where O is the set of all
object items, f.e. individual tasks and data types, £
the set of all links between objects, C the set of all
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concepts, and R the set of all relations between con-
cepts. Moreover, concepts and relations are organized
in taxonomies w.r.t. the generality order {subClassOf
hicrarchical relationship in RDF) of the ontology <q,
i.e. Ho = {C,<n) and Hg = (R,<q). pC CxRxC
is a ternary relation whose triples ¢; x r x ¢; cxpress-
ing the connection between a relation and its domain
(c1) and range (cz) concepts. Objects o € O and links
| € L are instances of concepts ¢ € C and relations
r € R. respectively. Fig. 4 shows an example of a phy-
logenetic processual ontology representing workflows
abstract components.

3.2 Workflow extraction from texts

Below. the sub-tasks of our workflow extraction solu-
tion are described. Following a standard Natural Lan-
guage Processing (NLP) pipeline. we are going from
morphological analysis of the text to the identification
of grammatical classes and recognition of domain con-
cept occurrences. The remainder addresses the known
semantic ambiguity issues in a semi-automated way.
Our approach, as an ontology-based annotation, is
about learning how to recognize and classify workflow
components (data and control flows) in texts using the
ontological categories.

3.2.1 Murphosyntactic annotation

The initial step divides the text into lexical items
called tokens. In fact. the tokenization operates words
with white spaces between them. In our context. due to
the specificity of the grammar used in bioinformatics
texts, a specialized biomedical tokenizer is used relying
on a dedicated pattern for bivinformatics tokens [44].
The text is also segmented into sentences by recog-
nizing a set of known punctuation patterns (given as
regex). The extracted tokens are further tagged with
their appropriate grammatical classes, e..a. part-of-
speech ([0S} taggings. To this cnd. we usc the Med-
Post [’OS tagger [45] which is based on a HMM
(Hidden Markov Model) model trained over several
biomedical MEDLINE texts. This tagger was able to
achieve high accuracy (97.43% on 26 566 tokens) by
using the contextual information in the HMM to re-
solve grammatical ambiguities.

3.2.2 Semantic annotation

A specific OWL ontology gezetteer (terminology) is
used in order to recognize bioinformatics concept and
property instances in the text. This gazetteer was
generated from widely-used databases: Gene Ontology
[46], UniprotKBH3l, NCBI Genbank(™ and the Joe

1¥2lheep://uvw. aniprot . org
113ty¢ep: //uvv. ncbi . nln.nib . gov
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Felsenstein Web site 1", Gene Outology, NBCI Gen-
bank and UniProtKB offer structured and up-to-date
databases widely popular in the context of bioinfor-
matics. We cxtracted scientific terms and their syn-
onyms {common names, short/long forms, etc.) using
ETL (Extract, Transform and Load) tools (47). Felsen-
stein's Web site offers also a very interesting catego-
rization of 392 phylogeny packages and 54 free Web
servers where each packsge and Web server lists a
set of services and programs. Entries in this site are
frequently (~6 months) updated. We crawled HTML
contents from this Web site using simple XPATH ex-
traction rules [48]. Generated terms from the different
databases and HTML peges are first stored in a re-
lational database as a common storage before trans-
forming them into an ontology using the schema pro-
vided by an expert (see Fig.4) and the SQL-SPARQL
mapping tool ONTOP [49]. Also, we used the Sesame
ontology repository [ as a knowledge base manager.
The resulted terminology is used to recognize term to-
kens and N-grams in texts and support the reconstruc-
tion of workflow sequences. This provess faces known
hurdles rooted in the semantic ambiguities that we ad-
dress in the following paragraph.

3.2.3 Disambiguation rules

For this purpose, we choose to create manually specific
pattern rules to concepts grounding special semantic
ambiguities i.e. polysemy [50]. The name of proteius,
genes and species are metadata on date sequences in
the workflow, hence, we are not specifically interesting
in disambiguating them but only in software terms.
For example, the term '"MEGA' is a polysemic term
in our context: it could be either the common term
(huge) or the name of a general purpose program.
'MEGA' could be used in sequence alignment, phy-
logenetic tree inference or/and in other phylogenetic
tasks. To solve this type of ambiguities, we first cre-
ated a set of disambiguation rules in JAPE 1'% These
rules cnabled the construction of a large sct of terms
already annotated (classified) to be further integrated
in & machine learner (see next section). For example,
to verify if 'MEGA' was used in the inference step, we
search for the verb 'infer’ in the context of ‘MEGA'.
By context here we mean the sentence in which the

Mlyrww.cvolution.genctics. washington.cdu
ISwww.rdf4j.org

41Java Annotation Patterns Enginc (JAPE). JAPE
language is a finite state transducer on GATE plat-
form [51] that operates over annotations based on
regular expressions. Thus, it is useful for pattern-
matching, semantic extraction, and many other oper-
ations over syntactic trees such as those produced by
natural language parsers.
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term appears (see Fig. 5). However, a sentence could
carry a lot of information and has different forms (ac-
tive or passive). Thus, we use a syntactic analyzer to
construct a 2-levels parsing tree (chunk) [52] to detect
the appropriate context of the term 'MEGA’ in order
to fire JAPE rules. For example the rule M searches if
the term "MEGA’ was used to infer phylogenetic trees.
Rule M (sentence) : { if the verD's root in 'MEGA’
chunk is ‘infer’ or there is a phylogenetic approach in
the object of the chunk then create ‘PhylogeneticIn-
ferenceProgram’ Annotation }. The chunk of MEGA'
is the verb phrase in the sentence where 'MEGA' is its
Object/Subject (depending on the active or the pas-
sive voice of the sentence). The sentence in Fig. 5 shows
that MEGA' is used a phylogenetic inference program
since it is preceded by the approach 'MaximumParsi-
mony’ in its context. For each polysemic ‘Step Con-
cept’ (see Fig. 4), we create n disambiguation rules
(where n is number of ‘concept steps’ in the ontology)
in order to clarify the ambiguities of program classes
and gencrate a training sct to the final disambiguation
model. For example, in the phylogenetic framework, 7
rules represent the 7 seven steps where program classes
represent. the most polysemic terms.

3.2.4 Learning features

A supervised learning approach is applied to ambi-
guity resolution. To this end, we created a set of
features to support proper classification of bioinfor-
matics concepts and properties in texts. For exam-
ple in Fig.5. in order to classify the term 'MEGA'
(ClassC), we generate the set of features ( featuresC)
reflecting its context. The context covers a window
made of: the win; = 3 concepts preceding and the
win, ones following (Token.class) the concerning word
(e.g. 'MEGA’) in its context sentence. It also com-
prises the sequence of POS tags of the selected to-
kens (Token.category). In this example Token.class
= { DataType, Mazimum ParsimonyApproach } and
Token.category = { Delerminer, Noun. preposilion

In addition, in order to classify a relation between
the software ‘'MEGA’ (domain) and the data ‘align-
ments’ (range) - clessR, we define its context as the
set of tokens between the domain and the range.
Now, features ( featuresR) represent token POS tags
(TokensBetween.category), distance between domain
and range, relation dircction and the list of verbs be-
tween the concerned terms. The overall set of fea-
tures is then used in the construction of a statistical
model for automated annotation of the texts. Relation
types between terws are already defined in the schemna
of the ontology (see Fig. 4). Tuples of concepts are
then queried in order to recognize properties in text
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and caleulate its features. For example, the ontologi-
cal property "has_used_by_program’ between datatypes
and phylogenetic inference programs is used to calcu-
late the set of features featuresC representing the re-
lation’s context in the sentence,

3.2.5 Model creation and application

In this study. we choosc PAUM (Perceptron Algorithm
with Uneven Margins) Gate implementation [51, 53]
of as a classificr over others i.e.: CRF (Conditional
Random Fields), SVM (Support Vector machines) and
Random Forcst [54]. We compared the PAUM model
with the mentioned algorithms in terms of F-Measure
and speed, but we only present here the best classifier
results. The PAUM algorithm was used to learn term
and relation classifications from the extracted features.
PAUM was designed especially for imbalanced data
and has been successfully applicd to various named cn-
tity recognition problems: [55, 56]. PAUM differs from
other classificrs as it approximates the best distance
between positive and negative sets. As our approach is
based on concept contexts to disambiguate polyscmic
words. the distance between surrounded concept exam-
ples (negatives) and the concerned word is important.
same for domain and range relations. PAUM uses a
specific margin function to adjust weights of positive
and negative example features and thus shows com-
petitive results. This function updates weights w for
each example z; based on a fixed bias parameters 74
and 7. representing the number of positive and nega-
tive examples, respectively. After creating and tuning
our models to annotate the texts automatically, we ap-
plied a 10-fold cross-validation analysis (57]. Extracted
terms and links are then assessed using classic evalua-
tion metrics 4.e.: precision. recall and F-Measure.

3.2.6 Workflow reconstruction

From recognized links between concept instances
in text, we build our concrete workflow knowledge
database where items are the named entities or-
dered by the top-level pattern in the domain ontol-
ogy. Concept and property instances serve to identify
respectively the date-flow and control-flow of work-
flows. For example, from the tuples: (p;) (alignment,
"has_dataSource”, hemagglutinin), (p2) (alignment.
"used.in_SequenceAlignmentProgram®, ClustalW )
and ( p3 ) (alignment, "used.in Phylogeneticinfence
Program”®, MEGA), we construct the workflow se-
quence S1 : { hemagglutinin, alignment, ClustalW.
MEGA ). We flatten then the workflow structure into
a sequence of deta and programs enriched with seman-
tic relations (tuples) in order to represent the data and
control flows.

Page 7 of 20

9.2.7 Workflow quality criterion

We propose here & semantic-based approach on work-
flow and knowledge representation as textual descrip-
toes, set of tags or abstract features In order to evalu-
ate the extracted concrete workflows, we calculate the
similarity measure s,(a,p) € {0..1} which represents
the similarity between the actusl a and the predicted p
workflow components. Unlike the work of [58] and [29]
proposing computationally expensive workflow map-
ping algorithms (based on graph-edit distance or A*
search), we propose a simple bag-of-words similarity
measure which takes into account both objects (data.
metadata and tasks) and links (data-flow and control-
flow) and their ontological mappings since transactions
(steps) arc ordered using abstract patterns from the
domain onutology (see previous subsection). Forwally.
given a,p € Aw and w = ((,0), where ( is the se-
quence of workflow items ¢ at each step j, © is the set
of triples 8 = (4),7,42) counecting relations r to the
object domain at position i1 end the object range at
i3, then the similarity s,, between e and p is given by
the following formulas:

85, + 8%
su(e.p) = % m

m Z?(w< (-0.5; P-C))

(0P = — )

)=MM

F ®

s9(ap
where m, n and p are, respectively, the total num-
ber of steps, items per step and relations in the ac-
tual workflow. Each object o; ; is weighted by the ac-
curacy measure w® and each property 0y is weighted
by the accuracy w® = w® x w® where the weight
w® ¢ {0..1} is the degree of a concept term accuracy
and ©® € {0..1} is the degree of a relation term ac-
curacy. The similarity ratio of a workflow is then the
mean of its components accuracies. Table 1 shows the
weights that we propose to measure the degrees of ac-
curacies of workflow components. If a term (concept
or relation) in the actual workflow « is well annotated.
then, its weight w is 1. Otherwise, if a term is par-
tially correct, we assign a weight of 0.6. In the case
where a relation type is partially correct (where the
relation type term is not correct and the domain and
range are correct), 8 much lesser weight is given (0.1).
Finally, if a term/step is not correct or absent, the
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weight is 0. These weights are inspired from the work
of {57} where lenient precisions and recalls are calcu-
lated given a partial overlap measure.

3.3 Generalized pattern mining

Next, we generate more abstract workflows from the
set of concrete workflows extracted from the texts, i.e.
the workflow database D.

3.3.1 Cendidate generation

Two descriptive languages are defined to represent
both concrete workflows and abstract workflows. A
data language Aw is derived from workflow sequences
W translated into IDs from the proposed ontology Q2.
The second language ['w is used to represent patterns
pin a canonic language [41). T'w compriscs generalized
DAG patterns p = ((,©) where p.( is the sequence of
concepts and p.© is the set of relation triples.

Our Apriori-like [36] level-wise mining approach con-
siders the global pattern space as being made of levels.
A level is defined w.r.¢ the overall depth of the pattern
components within the ontology. Pattern candidates of
a level k + 1 arc generated from the k*-level frequent
pattern by a refinement operator [59]. Here we extend
the work of Adda et al. [41] by applying five different
canonic operations to refinc a pattern p: 1) append a
root concept to a new transaction (step) in p.(. 2) add
a root concept to p.{, 3) replace a concept from p.{ by
a dircct instantiation (specialization) thereof, 4) add a
root property between two concepts in p.8 and 5) re-
place a property from p.4 by a direct instantiation. For
example (see Fig. 6), a possible specialization of the
concept 24-' MultipleSequenceAlignmentProgram™ in a
pattern p, would be to replace it by one of its imme-
diate successors in the ontology, say 25-' Progressive’.

The starting point is the computation of frequent
level 1 patterns directly from the ontology (made of on-
tological root concept singletons). For each of the sub-
sequent levels k + 1, the level candidates are generated
from frequent patterns at level k by applying canonic
operations to them. The resulting candidates are first
tested for the known infrequent sub-patterns and then
the surviving candidates are sent to the database D
for a direct evaluation of their interestingness.

3.3.2 Pattern quality criterion

In order to characterize the "interestingness” of the
generated patterns, we propose to use the depth of
pattern elements in the ontology to represeut their ab-
straction level. We remind that the abstraction level
of a pattern defines how pattern elements are specific
or abstract in the domain ontology. Yet, the ultimate
interestingness of a pattern depends on the decision-
maker (subjective criteria) and does not solely depend
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on the statistical strength of the pattern (objective
criteria, e.g. support or concept depth). Albeit uscful,
objective measures are not enough to determine the
interestingness of a pattern, particularly, in complex
structured domains like phylogenetics. Our intended
solution is to let users choose their levels of interest
in the ontology mén_evell!”]. Then, ranking could be
used to avoid checking all of generated patterns [60].

In order to motivate our ranking method, we propose
to use the patterns p: ({ { Protein}. { Bayesian} }, {(1,
isDataInAlignment, 2) }) and pa: ({ {Protein, Mus-
cleContraction}. {MSA}, {ML} ). {(1, isDatalnAlign-
ment, 2), (1, isDatalnInference, 3)}) and the ontology
from the Fig.4.

Depth ranking score (rankgeps). In order to rank
the pattern abstraction levels based on the distance
from the minimum of depth suggested by the cx-
pert minevel, we use, here, the nonparametric two-
sample Wilcoxon Rank-Sum Test [61] where pattern
depth lists are compared two-by-two. Suppose that
we have a set of concept depth lists depth(p;) =
{maxDepth(c, € p;.(, Hc)} and we wish to test the
hypothesis that the distribution of concept depths F}
of a pattern p, is the same as that (F}) in p; and
the means p of both of the distributions are greater
or equals to the minlevel given by the expert. Hence,
our null hypothesis is Hy: Fy = Fp = py = pg, py >
min_level. The two sided-alternative hypothesis would
be, Hy : Fi £ F = py # pa, (p1,m) < minlevel.
We remind that the Wilcoxon rank-sum test is based
upon ranking the |depth(p, )| +|depth(p2)| observations
of the combined sample. Each depth is assigned to a
rank: e.g., the smallest has rank 1, the 2" smallest
rank has 2, and so. The rank-sum test statistic is.
hence, the sum of the ranks for depth observations
from onc of the patterns. Next, the test finds all the
possible permutations of the ranks and calculates their
p-values. If there are depth ties, where concepts from
different patterns have the same ranks, we assign, to
euch observation in a tie, its median rankl'8l,

Next, we calculate the quantity of information in a
pattern in terms of the number of clements covered
from the domain ontology. Patterns representing the
maximum amount of phylogenetic informations are
preferred, hence. we use the coverage measure as a
ranking feature to sort our patterns.

1"The expert proposes the minimum of abstraction
level that interests him. This level is normalized by the
maximuw depth in the ontology (in both of concepts
and relations). So a scorc of 1 means that the expert
demands only the most specific patterns.

9We choose to usc the median instcad of averages
since py - py is strongly influenced by some of the "very
specific” OF "very abstract” concepts in a pattern.
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Coverage of steps (CCs). Let ns(2) be the number
of all 'root concept steps' in the ontology. The frac-
tion of steps that a pattern covers is: |p.{|/ns(€). For
instance, if the ontology defines 7 steps, as in the phy-
logenetic domain (see Fig. 7) and the pattern presents
only 6 transactions, then, its step coverage is ~85.7%.

Coverage of data (CCp ( Let np(p, ) be the num-
ber of all data conceptsi!® that conld be plugged into
pattern program concepts from the ontology. The data
coverage of & patteru is, then, the number of data used
in a pattern divided by np(€2). For instance, given the
pattern py, if the number of relations (incoming and
outgoing) that could be connected to both of MSA and
ML in the ontology is 4. then, CCp(p2, D) = 2/4 =
50%.

Coverage of metadate (CCu). Let nar(p. ) be the
number of all metadata concepts that conld be con-
nected to pattern data concepts from the ontology. The
metadata coverage of a pattern is. then, the number
of its iwetadata divided by he number of all metadata
in Q) that are connected to pattern data. For example.
if the number of metadata connected to Protein in the
ontology is 4, then. CCay(ps, ) = 1/4 = 25%.

Coverage of programs (CCp). Let np(p,(1) be the
number of all program concepts that could be used
in the pattern steps from the ontology. The pattern
program coverage is, then, the number of program con-
cepts in p.¢ divided by »p. For instance, if the number
of progran: concepts in the second and the third step
of the ontology is 10, then, np(pq. Q) = 2/10 = 20%.

Coverage of relations (CCr).  Let [Ap(t)| be the num-
ber of elements at the t'* transaction, then, nx(p) =
TP A0 x T2 | Ap(w)]) is the number of all
possible combinations between pattern clements in p.¢.
The pattern relation coverage is, hence, the nuuber of
triples in p.© divided by nx(p), e.g. nu(p2) =2/10=
20%.

Finally, patterns are ranked using the weighted rank-
ing function rankpaseern (see 4) where a and g are the
weights given, for the coverage score and the abstrac-
tion level score. respectively, and avgC is the average
function caleulating the mean of coverage scores of a
pattern p.

renkyatern = Q10K coveraye + Borankuu  (4)

1 Data from the lowest abstraction level.
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where:

renkeoverage = avgC(CCs,CCp.CCx,CCp. CCp).
(5)

We remind that. we are ranking patterns given
their abstraction level towards the expert abstraction
threshold and the information quantity of a pattern in
terms of the number of covered elements. Patterns with
high values avgC (containing more elements from the
ontology) and rankdeys are assigned with the highest
ranks rankpaseern.

4 Results

4.1 Dataset

The experiments arc derived from a sample of +5
000 recent. articles, journals and conference papers col-
lected from the digital repository PubMed Central
(PMC)9 in the XHTML format using the following
query:

“open access"[filler] AND *2011/01/01" [Pub-
Date] : "2017/03/107[PubDate] AND ( "Phy-
logenetic enalysis”[Section Title] OR " Phyloge-
netic analyses”[Section Title] ).

However. phylogenctic analyses scctions may not
have sufficient information to reconstruct the full
workflows from texts. Thus, we filtered the down-
Joaded articles based on the smallest pattern that any
phylogenetic analysis should present : ( {DataType},
{ PhylogeneticInference Program} ). A phylogenetic
study might use at least one data type and onc phy-
logenctic inference program (sce Fig. 7) to produce a
phylogenetic tree. Finally, we retained a set of 2 969
articles.

Our public PHAGE ontology on BioPortal Y is com-
posed of 37 different object properties (relations), 47
031 concepts (with 4 root concepts and 111 unique con-
ceptsi??l) and more than 1 000 000 unique individuals
(instances) without counting synonyms. Fig. 4 shows a
sample from the proposcd PHAGE ontology. 'Root con-
cepts’ represent data types, their provenance (data
sources). steps and tool parameters. "Step concepls’
represent the seven steps of phylogenetic analyses and
relations between concepts represent data flows and
control flows. 'Program concepts’ represent the soft-
ware concepts (e.g. Local Alignment. Distance based
approaches). ‘Parameter concepls’ represent the dif-
ferent types method/program parameters (e.g. number

129l tepg://wuw. 0cbt  nim.nih. gov/poc/
131 ¢ eps: //bioportal . bloontology. org/votologles/PHAGE
13 Without counting synonym concepts.
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of boutstraps, DNA/protein evolutionary models) and
'Data type concepts’ represent the different data types
(DNA, RNA, distance matrices). Finally, ' Date source
concepls’ represent provenance metadata (e.g. data
formats, databases, GO annotations, types of organ-
isms). We remind that our ontology has been collected
in a semi-automated way from well-known databases
in the phylogenetics domain. From the NCBI Taxon-
omy browser [62], we extracted +1 000 000 (all} sci-
entific terms and synonyms of organisms and orga-
nized them into 12 ranks (plants. bacteria, mammals.
etc.). From the Gene Ontology [46], we extracted re-
cent (2016/04/12) GO concepts and relations. This on-
tology presents 112 unique concepts and 9 object re-
lations. More than 116 000 (all) reviewed unique gene
and protein terms were extracted from the UniPro-
tKB databasc [63]. Each term was then inscrted as
an instance for the related GO concept. Finally, the
Felsenstein's Web site [64] is crawled using simple data
transformation seripts in XSLT leading to create more
than 500 software terms categorized into 32 categories.

4.2 Extracted workflows from texts

Using the GATE platform®l, a human expert s cor-
rected (created. deleted, updated) manually annota-
tions from 500 texts to build a workflow ground-truth
databasc. This latter scrves as a test set for the cvalu-
ation step. The expert annotates the given texts using
our domain ontology schema on the platform GATE.
He annotated only terms of concepts and relations
that serve to reconstruct the phylogenetic workflows
from texts. Although this task is costly in terms of
time/energy (~ 80 hours), the expert validation step
is important to guarantee a credible perspective of our
approach.

Next, we measure whether a term is annotated cor-
rectly, partially or missing. We show in Table 2 de-
tails about the total number of discovered annota-
tions. We calculate the classic Information Retrieval
F-Measure [57) based on correct, partially correct and
spurious atmotations. In total, our systew has anno-
tated 2 561 concept terms while the expert has an-
notated 2 G41. The overall strict F-Mcasure (over-
laps discarded) is 70% and the ovcrall lcnient F-
Measure (overlaps included) is 76%. We notice that
118 annotations (~20%) represent ambiguous program
terms (GuessedProgram). In this case, the average F-
Measure (between strict and lenient) is 84% with a
precision of 73% and a recall of 98%.

BIGATE (www.gatc.ac.uk) is a well-known cnviron-
ment for annotation tasks using widely known NLP
techniques such as the OpenNLP parser™ and the
Stanford POS tagger|65].
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The manual annotation of awmbiguous prograins
highlights all the textual mentions referring to a multi-
ple purposes tool as indirect references. In some cases.
correct results from our workflow tagger were not fully
annotated, leading to false positives. The following
sentences:

A phylogenetic tree was constructed with MEGA
5 using the aligned es. The phylogenctic tree
was drown using the neighbor-joining method with
p-distance and 1,000 bootstrep replications.

show an example of such case where our tagger cor-
rectly detects MEGA as a phylogenctic tree inference
in the first sentence but in the following sentence.
MEGA, as a neighbor-joining method, is also used
to validate trees using 1 000 bootstrap replications.
This class of MEGA (Hypothesis Validation) was not
detected by our context-based approach. The refer-
ence in the second sentence is implicit (hidden in the
neighbor-joining concept), hence, it is difficult to de-
tect that trees generated by MEGA are also validated
using the bootstrap method. In addition, both of the
verbs in the two sentences are very generic and mis-
leading (aligned and drawn) for an automatic tagging.
MEGA, in the previous sentences, is not used to align
or visualize sequences or trees. Consequently, the pre-
cision obtained by our pipeline for tree validation tasks
are very low (~40%). In fact, 30% of the Lypothesis
validation programs are ambiguous programs (multi-
ple purpose packages) Yet, the context-based pipeline
supporting our system nceds to be cnhanced in its abil-
ity to capture more generic mentions in wider contexts
(e.g. paragraphs).

Although strict and lenient F-Measure values are
very close (~0.3%), some categories (i.e. DataCollec-
tionProgram, TreeVisualizationPrgram and Guessed-
GeneralPackagesCategories) show the same values for
strict and lenient F-Measures (see also the ‘O’ col-
umn). Our tagger is able to recognize (or not) the ex-
act mentions in texts: these categories does not present
non-standard program names {e.g. common names) or
generic mentions. In addition, we note that almost
the half of the presented categorics show reasonably
high lenient F-Measure agreement (> 80%). Yet, be-
side hypotheses validation software names, data col-
lection programs, species names, protein and gene GO
annotations show the worst tagging F-Measure results
(with a lenient F-Measure between 60 and 67%). The
recall values in data collection programs explain the
weak F-Measure (for Loth strict and lenient agree-
ments). Thereof, our database for this category need
to be updated. In addition, since no specific JAPE
rules are modelled for the metadata (GO annotations
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and species), sonie counnon false negatives (i.e. missed
resource mentions) are discovered including common
names of genes (e.g. the g20 gene) or species (e.g.
birds).

Fig. 7 shows the workflow similarity distribution re-
sults based on the evaluation of the 500 expert-curated
workflows. Generated workflows arc 82.89% similar
with the actual workflows extracted by the expert (first
figurc on the top). Whilc, the best mean workflow sim-
ilarity is 100%, the worst similarity is 54.68% which
means that, in the worst case scenarios, our workflow
extraction framework will (probably) extracts half of
the "actual” workflow components. The mean of object
(tasks) similarities is 78.71% (second figure in Fig.7).
The best workflow task similarity is found in phyloge-
netic tree inference programs (100%). Generally, this
task is explicitly defined in phylogenetic analysis texts.
We found that phylogenetic methods are frequently co-
occurred in the context of the phylogenetic inference
programs which explains the high values of mean sim-
ilarities of this task. However, the worst task similar-
ity is obtained by the 'HypothesisValidationProgram’.
This is due to the context of this task which is am-
biguous to be resolved in one sentence as we cxplained
previously. Concepts and POS categories surrounding
these programs in one sentence arc not very conclusive
to disambiguate this category of software.

The relation side of workflows represents the data
and control flows (third figure in Fig.7). The mean sim-
ilarity in the control flow is 89.1% and 88.92% in the
data flow. While the worst similarities in the data-flow
is 74.43% whicl represents the relations between data
types and multiple sequence alignment programs, the
best data-flow similarity is the relation similarity be-
tween data types and hypothesis validation prograims
(100%). Hence, this part of data flows is reconstructed
perfectly. Verbs like "validate” and "test” are com-
monly and precisely used between data types and tree
validation programs which cxplains the high similarity
in this concept. The worst similarities in the control-
flow arc found in the links between phylogenctic in-
ference programs and their methods with a mean of
79.84%. However, links between program parameters
like the number of bootstraps and the type of evolu-
tionary models are, generally, explicitly described in
the sentence which explains also its high similarity in
the control-flow with (100%).

4.3 Generalized bioinformatics patterns

In our next experiment, we apply the pattern ranking
funetion to the generated patterns with the following
parameters: a = 8 = 0.5 and minJevel = 0 (to gener-
ate all possible patterns) where ¢ = (.1. Fig. 8 shows
the correlation results between pattern ranks and the
proposed coverage features.
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The distribution of the rumber of steps demonstrates
a good correlation with the pattern ranking function.
The figure shows that our patterns cover mostly 60-
70% of the total number of the phylogenetic steps
which is a good coverage. These patterns contain infor-
mation about most of the phylogenetic steps. In addi-
tion, generated patterns contain an average of ~25% of
data (from the ontology) annotated with a maximum
of 15% from all ontological metadata per pattern. The
distribution of program frequencies shows that pat-
terns use up to 20% of program categories per pattern
and most of the discovered pattern concepts are 80%
linked with each other. This means that generated pat-
tern workflows are ”strongly” connected digraphs.

The Fig. 10 shows the correlations between the pat-
tern ranking function. the coverage and depth rank-
ing measures. The figure shows similar correlations
between the depth ranking and the coverage ranking
which means that patterns covering the most (85%)
of elements are very specific too (with low abstrac-
tion levels). Thereof, discovered patterns with a low
support (¢ = 0.1) might contain the most interesting
patterns (for expert users) since they are both large
(covering most of the elements from the domain ontol-
ogy) and contain very specific elements.

5 Discussion

5.1 A generic framework

In order to discuss the ”genericity” aspect of our ap-
proach, we need to present the abstract and domain-
related techniques that we propose in (1) workflow
extraction and (2) pattern mining. Although exper-
tise is domain-related. extraction methods could use
abstract heuristics to extract processual components
from texts. The proposed workflow extractor clas-
sify domain concept/relation terms from texts using
s word sense disambiguation method. This step is re-
lated to the domain ontology conceptualization itself.
If a domain concept/relation could be represented in
a clear unambiguous way, the problem become trivial.
Hence, this step of disambiguation is highly depend-
ing on the processual representation of the cxpertise.
Beside ontology schema, data provenance of tasks and
data terms reveal a problem of terminology extraction
itsclf. Yet, the popularity of ontologics as a mean to
store heterogeneous data through a common vocabu-
lary facilitate the task of data extraction aud version-
ing!%, In similar subdomains like functional genomics,

12%8ince domain categories are not in a very dynamic
changing. the problem of versioning [66] in our case
was not presented. For now, if the ontology is silently
changed, the previous version is replaced by the new
version without any (formel) notification.
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we found the MGED ontology focusing on experiments
involving microarray technology.

Another aspect touching our method genericity is
the interestingness measure of generated pattern: here
we use the frequency as a measurc of a pattern rele-
vancy. As shown in the previous section, our solution
may produce truly relevant results, yet the traversal
of the levels in the ontology structure and, to an even
greater extent, the levels in the pattern space, may
prove costly. Thus, if the appropriate levels in the on-
tology could be fixed beforehand, so that only the cor-
responding concepts and propertics arc uscd for pat-
tern generation. the overall mining step will be per-
formed much faster and the output is more likely to
be of interest. The ultimate interestingness of a pat-
tern depends on the decision-msker (subjective cri-
teria) and does not solely depend on the statistical
strength of the pattern (objective criteria, e.g. sup-
port) [60, 67]. Albeit useful, objective measures are
not enough to determine the interestingness of a pat-
tern particularly in complexly structured domains like
phylogenctics problem solving. Our intended solution
is to let users choose their levels of interest in the on-
tology. Then. the ranking score could be used to avoid
checking too many patterns [60]. To the best of our
knowledge existing solutions for semantic-based work-
flow mining [18, 33, 68, 69] propose domain-specific
solutions while producing substantially different types
of abstract models. Thercfore, comparing our frame-
work with systems like Proteus or eSysbio in terms
of generated models, while conceivable, is not a triv-
ial task. Furthermore, in order to validate the quality
of our results, a human expert has already evaluated
the building blocks of the generated workflows (see the
above section 4).

5.2 Towards a workflow recommender system

The abstract workflows produced here could be used
in a pattern-based recommender to suggest a next tool
to a user who got lost after a certain number of steps
with thc workflow manager platform. To that cnd,
the system has to match the partial workflow corre-
sponding to the user's session against (the prefixes
of) the abstract patterns from our pattern base. The
remaining part (suffix) of & matching pattern repre-
sents a potential hint as to the way the user’s ses-
sion might unfold from that step on. More specifi-
cally, if we take Ezample 2. as an illustrative cxam-
ple, we can apply the pattern P3 (see section 4.3)
since it matches the sequence of the concrete workflow
52 : (rRN A_sequences, ClustalX, MAPPS). 52 do
matches with P3 in the data type "Protein sequences’
(same as in the source and database metadata) and
in programs used: 'Global MSA Program’ and "Model
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Selection Program’. From P3 we can recomnend to
use a JTT model, a maximum likelihood inference ap-
proach and a bootstrap-bused tree validation for the
next steps. With a concept-based recommendation, the
system could work on different granularity levels and
hence offer more flexible recommendations. Indeed, in-
stead of objects as concrete tools and resources from
concrete workflows, we suggest a class of objects to
assist users with morc scmantically rich reccommenda-
tions. Semantic suggestions could guide to compose
more complex pipelines by presenting likely compo-
sitions. Users shouldn't be worried about very spe-
cific details (software versions, technical supports, efe.)
while constructing their workflows.

6 Conclusion

With many biologists and bicinformaticians having lit-
tle experience of automating bioinformatics analyses,
it is important to provide relevant recommendations in
order to improve the efficiency of analyses. Concept-
based pattern recommendation helps users not only
to acquire contextual information but also to provide
valuable suggestions. In this article, we presented the
foundation of such reccommendation system. We intend
to extend our ontology-based mining framework in or-
der to consider a variety of criteria, for example other
method parameters (e.g. Gamma rates, transition ra-
tios, ete.), more complex control struetures (e.q. paral-
lel executions. if-else statements) and resource quality
in terms of time (the most recent tools/databases).
author (focusing on domain’s experts), journals, pop-
ularity. etc,). Updating our text corpora with the most
recent articles will help to produce more relevant pat-
terns. Moreover, the proposed generalized patterns
could be used to improve even journals quality to select
the most relevant articles using the abstract and con-
crete workflow information within texts. For instance,
abstracting the proposed workfow in a submitted ar-
ticle is uscd to assist the reviewer asscssment.
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Figure 1 A Phylogenetic analysis example drawn from the publication [70] using the Armadillo [S] platform, From the highlighted
softwares, data, descriptive metadata and parameters in texts, an expert drew a phylogenetic workflow. Task programs are
represented with coloured rectangles and data flow with labeled links (input/ocutput parameters),
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Figure 2 Overview of the pattern extraction pipeline from texts using 3 domain ontology. The implementation of the system is
available in: https://github.com/bicinfoUQAM/tgowler. This figure shaws the two main components of our system: (1)
WFExtractor extracts workflows from texts using standard NLP tools and a supervised learning for word sense disambiguation and
(2) WFMiner mines frequent generalized patterns out of the extracted workflows using an Apriori-like method traversing the
hierarchies of workflow objects and links (from the domain ontology).
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Figure 3 An example of workflow representation. Workflow items: i.e. tasks, data and p are ded in the set
w1. while links between them are encoded in the triple set w;.0. Each triple reps 2 link b item positi Here, the
links ¢y, {3 and I3 represent respectively, the is/npul, isOulpul and husPurarmeter relations.

Ntp ribiopartal bonriiogy ot GRNEISUPHAGE

TreeVimsal zmonProgram 2 1
B hueics @ haligatty = bisinevein @)~ Kialaredly

8 o B—

Ll s subriass () ==

Figure 4 A sample from the proposed PHAGE I blished in the BloPortaI raposltory (pleale

visit http://labo.bioinfo.uqam. ca/lndex php?action=tgowler to download data). G: workflow refi

concepts to: steps and programs (in the blus cloud), data types (in the green cloud) sources (in the purple cloud) and parameters
(in the yellow cloud). The hard arcs represent hierarchical (the inverse of rdfs:subClassOf) relations and the dotted arcs represent
other semantic properties (domain constraints and Input/output relations). Terms under concepts show some Individuals (instances)

for each category.
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RB Adver . NN Noun, eingules o messs . VBN Verb, past particple , VBD Vb, pas tense , CC Coat-lv
conunchon , DT Determmner , N Praposion of subordinalng coryuncaion

Figure 5 An example of concept and refation annotation in texts, After segmenting the text into tokens and POS tags, we construct
a set of concept features featuresC to learn how to classify concepts ClassC and relation features featuresR to learn how to classify
relations ClassR. Since our feature extraction method is context-based, we recognize each concept and relation in its sentence.

LEVEL K+1

Figure 6 An example of pattern refinement from a level & to k + 1. Let p be an abstract workflow pattern (grey ovals) and w the
concrete workflow sequence (blue rectangles). After refining/replacing the concept 24: MultipleSequenceAlignment with its
immediate ontological child concept 25: Progressive, we need to verify if the matching between the concepts and relations of p and
w still hold from the level k to k + 1.
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Figure 7 Workflow similarities results. The top figure represents the overall similarity between the actual a (annotated by the expert)

kflows and the predicted p ones. The experi have been performed on 100 recent articles downloaded from the PMC
database. The second and third figures represent bax-plots and contour distributions of concept and relation similarities between o
and p. Bold points represent the interquartile ranges outliers,
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Figure 8 Pattern coverage metrics distributions Vs. pattern ranking function.
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XPMiner over the mining and matching time. Fig. B plots and
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Figure 9 Pattern raking function Vs. coverage and depth rankings
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Figure 10 WFMiner vs xPMiner [41] using the expert dataset. Fig. A shows the matching and the overall mining CPU time of
WFMiner over different values of minimum support (MIN.SUPP): 0.6, 0.7, 0.8, 0.9 and 1. Same for Fig. C, it shows the speed of
compares the speed time of xPMiner and WFMiner. The number of
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“Weight__ Description Value

wz‘ The object term v;,; in p.( is correct. )

ugt The object term o; 5 in p.( is partially correct. 0.6

"% The object term 0y ; in p.( is not correct. 0

w b' The relation term of 2.8, in p.6 is correct. 1

mL' The relation term of 2.8y in p.© is partially correct. 0.6

"'é' The relation term of a.8 in p.© is not correct. 0.1

unb' The domain and range terms of a.fy in p.© are correct. 1

mg‘ The domain or range terms of a./i in p.© are correct, 0.6

we? The domain and range terms of a.0; in p.© are not correct. 0

Weights values represent strings/' hi between predicted item
and triple terms against the gold standard terms,
Table 2 Concepts Evaluation Distribution
M G P [] SP SR SFM P Rs _ FM
BootstrapsParms 61 19 8 1 0.87 075 0.80 088 0.76 0.82
DataBase 43 19 13 3 072 066 069 077 070 074
DataCollectionProgram 36 29 0 087 055 067 087 055 0.67
DataType 597 103 186 89 068 075 071 078 086 0.82
GeneOntaology 139 172 5 3 094 044 060 096 045 0.61
HypothesisValidationProgram 25 40 29 2 044 037 040 048 040 043
Method 326 48 46 14 084 084 084 088 087 087
ModelSelectionProgram 42 50 17 1 070 045 054 071 046 056
PhylogeneticinferenceProgram 205 16 146 10 056 0.88 0.69 059 093 072
SequenceAlignmentProgram 70 15 19 4 075 078 076 079 0.83 0.81
SourceTaxon 202 125 57 19 072 058 0.64 079 063 070
TreeVisualizationProgram 18 7 2 1] 090 0.72 0.80 090 072 0.80
G G IPackagesCateg 87 1 31 [ 073 098 084 073 098 084
Sum 1851 644 564 146

Macro summary 075 067 069 078 070 0.72
Micro summary 0.72 0.69 070 0.78 0.74 0.76
The ‘M’ column represents the number of fully r d The 'G' (only in Gold set)

column represents missed annotations while the 'P’ {only in Prediction set) column shows the number
of unknown annotations. The 'O’ (Overlap) column shows the number of lenient (partially recognized)
annotations. The SFM and LFM columns shows the strict and lenient F-Me:sures [57] uspectlvdy Micro
the

averaging essentially treats the corpus as one large document while Macro

on a per document basis, and then averages the results.
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Tableau 5.5: Différences entre un expert et un novice.

Les experts se rappellent des informations pertinentes de leur domaine
d’expertise mieux que les novices méme que ’acquisition de connaissances
chez les experts s’étend au-deld de ’accumulation des informations. Les
experts regroupent inconsciemment les informations dans un nombre plus
restreint d’unités (chunks) qui sont sauvegardées dans leur mémoire de

travail.

Les experts sont capables d’utiliser des représentations structurelles "pro-
fondes” de résolution de problémes tandis que les novices tendent de

rester dans un niveau "superficiel" de définition de probléme.

Les experts prennent plus de temps dans le développement d’une ap-
proche globale de résolution de probléme avant de tenter de fouiller dans
les détails du probléme. Pourtant, les novices tendent de se "plonger"
immeédiatement dans la résolution du probléme sans examiner le fond ou

le contexte du probléme.

Les experts résolvent plus rapidement et efficacement un probléme que

les novices.
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