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RÉSUMÉ 

Dans des domaines techniques comme la didactique et la bioinformatique, l'acqui­
sit ion des connaissances impliquées dans le processus de résolut ion de problèmes 
du domaine est sujet à 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 résolut ion) aug­
mente de façon exponentielle avec une t rès grande diversité de méthodes et de 
modèles informatiques. Ceci rend la tâche de résolution de plus en plus complexe 
à automatiser. Tous 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 défini t de "meilleures pratiques génériques" basées sur 
les types de données utilisés et les contraintes d 'applications (logiciels). Dans ce 
manuscrit , nous proposons un système de fouill e de motifs processuels fréquents 
basé sur une ontologie du domaine représentant différents niveaux d 'abstractions 
du "savaiT faiTe" dans la littérature phylogénétique (soir par exemple des textes 
scientifiques) . La tâche d'extraction des connaissances processuelles et la désambi­
guïsation contextuelle ainsi que la tâche de fouille de motifs abstraits serviront par 
la suite à définir une base de règles de meilleures pratiques d 'analyses phylogéné­
t iques. L'utilisation de cette base de données dans un système de recommandation 
assistera les chercheurs du domaine dans leurs tâches de résolution de problèmes 
via des flux de travaux en tenant compte leurs niveaux d 'expert ises . 

Mots-clés : bioinfor-rnatique, phylogénétique, flux de travaux, ontologies, extrac­
tion d'information, désambiguïsation, fou ille de motifs généralisés . 





ABSTRACT 

In many technical domains such as didactics and bioinformatics, the acquisition of 
problem-solving knowledge faces severa! 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 solut ions have been proposed in t he litera­
ture offering workfiow models such as in Phylogeny.fr or Bioextract.org. However, 
none of them defines both domain and application best practices to solve very 
specifie problerns taking into account data provenance and domain constraints. 
We propose in this manuscript a generalized workfiow 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 workfiows 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 ex­
traction, genemlized pattern mining. 





INTRODUCTION 

Le problème d 'acquisition automatique de connaissances liées à la résolution pro­

blèm es, c'est-à-dire les connaissances liées à la formalisation du problème, les 

tâches de résolution et de leurs exécutions, est un problème fortement lié au 

contexte de son application. Dans les domaines t echniques comme la bioinfor­

matique , la construction automatique de chaînes de traitements (flux de travaux­

ou encore flux de tâches) (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 à différentes situations (des fois complexes) 

d 'acquisition de nouvelles connaissances liés aux différents formats de données et 

aux logiciels à manipuler. 

Dans un domaine technique comme la phylogénie, il s'agit de résoudre un pro­

blème d'analyse de séquences nucléiques ou protéiques afin de détecter différents 

phénomènes évolutifs tels que les transferts de gènes horizontaux (Lemey Phi­

lippe, 2009) . L'augmentation de volumes de données génomiques et la grande 

diversité des méthodes et des modèles informatiques utilisés dans l 'inférence phy­

logénétique, rendent la t âche de l 'analyse de plus en plus complexe (Stevens et al., 

2007). En outre, à travers ces tâches, une grande variabilité dans l'utilisation des 

outils bioinformatiques, les jeux de données et les méthodes d 'analyses, rend la 

comparaison de différentes études portant sur les mêmes espèces difficile à réali­

ser (Philippe et al., 2011). Bien que les conditions expérimentales et les choix des 

logiciels d'analyses soient dépendants des ressources informatiques disponibles, 
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d 'autres conditions, telles que les méconnaissances des biais liées à chaque outil , 

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

Pour décrire quelques perspectives dans cett e problématique, nous prenons l'ex­

emple suivant. Pour l'analyse phylogénétique de 9 génomes mitochondriaux mam­

mifères, un phylogénéticien dispose de plusieurs ressources, méthodes et approches 

phylogénétiques. Il choisit de télécharger la plateforrne Armadillo (Lord et al. , 

2012) pour analyser ses données. Une collection de méthodes s'affi che. Son ex­

périence en analyse phylogénétique ne lui permet pas de comprendre toutes les 

méthodes disponibles . Il choisit donc de se référer à un article proposé par son 

directeur. Un flux de t ravail s'affi che alors à l 'aide de l'application Armadillo. En 

lançant le processus, des erreurs s'affichent à l 'écran. Encore intrigué et perdu dans 

un ensemble de paramètres et contraintes logiciels, le phylogénéticien appelle son 

direct eur pour lui demander de l'aide dans l'exécution de sa tâche. 

Les niveaux d'expertise des phylogénéticiens varient et dépendent de l 'expérience 

phylogénétique personnelle ainsi que l'expérience "logicielle 11 qui manipule des 

représentations symboliques de l 'ordinateur . Par exemple, face à un logiciel de re­

cherche de séquences AR d 'une espèce, l'expert doit comprendre l'interface ainsi 

que les paramètres de ce logiciel. Il s'agit ici de deux différents types de connais­

sances : connaissances du domaine vs. connaissances logicielles (voire même, des 

fois, matérielles). Cette attitude cognit ive doit être dirigé et guidée afin cl 'aider 

l'utilisateur à mieux "manipuler" ces représentations. La multitude de connais­

sances à maîtriser ainsi que la complexité des méthodes phylogénétiques en­

gendrent des fois des méconnaissances liées au domaine et aux outils ut ilisés : 

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 tâches d'intégr-ation 
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et de réutilisation des données d'une façon non ambiguës 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 experts , qui s'appuient sur le 

t raitement de données en grande masse. Concrètement, nous comptons profiter de 

la représentation ontologique du domaine phylogénétique afin de faciliter la tâche 

d 'acquisi t ion de connaissances. ous ne nous intéressons pas ici à résoudre un pro­

blème d 'analyse phylogénétique mais plutôt à formaliser et abstraire ses concepts 

et pratiques processuelles. L'étude phylogénétique ne représente que le domaine 

d 'application de notre approche; une approche visant à suggérer un ensemble de 

11 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 problèmes et (3) extraction de flux de travaux concrets à 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 chapit re 2, nous 

nous attardons à présenter notre première contribution en ext raction de flux de 

travaux concrets à partir des textes. Nous détaillons dans ce chapitre la solution 

proposée afin d 'extraire les différents éléments des flux de t ravaux à savoir les 

procédures (techniques) et les types de données impliquées. Au chapitre 3, nous 

présentons la deuxième contribution de notre approche en fouill e de motifs abs­

traits à part ir des flux de travaux extraits. Ensuite, au chapit re 4 nous présentons 

l'archi tecture du système proposé dans ses deux modules d 'extraction et de foui lle 

de connaissances processuelles abstraites . Dans ce chapit re, 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 l 'analyse phylogéné-
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tique. Nous présentons aussi une esquisse de solut ion pour le développement d'un 

système de recommandation de flux de travaux à partir des modèles abst raits 

générés. 

Cette thèse inclut des textes d 'articles publiés, soumis et en cours de soumission 

présentant les différentes contribut ions. 

• Chapitre 2 : Halioui, A. , Valtchev, P. et Diallo, A. B. (2017). Bioinformatic 

workfl.ow extraction from scientific texts using word sense disambiguation , 

Dans IEEE/ ACM Transactions on Computational Biology and Bioinforma­

tics (TCBB) , 2017. (soumis) 

• Chapitre 3 : Halioui, A. , Martin , T ., Valtchev, P. et Diallo, A. B. (2017). 

Ontology-based Workflow Pattern Mining : Application to Bioinformatics 

Expert ise Acquisit ion, Dans The 32nd ACM SIGAPP Symposium On Ap­

plied Computing (SAC) , 2017. (publié) 

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

Discovering Generalized Process Models within Texts . Dans Journal of Com­
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CHAPITRE I 

CONTEXTE, NOTIONS DE BASE ET OBJECTIFS DE RECHERCHE 

1.1 Préambule phylogénétique 

1.1.1 Qu'est ce qu 'une analyse phylogénétique? 

La phylogénie moléculaire est la discipline ayant pour objectif la reconstruction 

de l 'histoire évolut ive des espèces par comparaison des séquences de leurs gènes 

ou de leurs protéines. L'arbre phylogénétique est la forme-clé ut ilisée pour repré­

senter l'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 l' homo sapiens (l '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 l'homo sapiens partage plus de 95% de ses gènes (ADN) avec le chim­

panzé. Aujourd 'hui , de plus en plus d 'arbres phylogénétiques d 'espèces vérifiés sont 

disponibles aux chercheurs via des portails Web tel que le projet AToL (A Tree 

of Life) 1
. Les arbres de gènes individuels ou d 'espèces nouvellement découvertes 

doivent être réalisés et vérifiés manuellement par différents experts et chercheurs 

1 Le projet Assembling the Tree of Life (ATOL) est un projet sponsorisé par le Natio­

nal Science Foundation du gouvernement américain (http : 1 /www . nsf . go v /funding/pgm_su.mm . 

j sp?pims_id=503629) visant à reconstruire l'arbre de toutes les espèces au fil de l'évolut ion 
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scientifiques. De.· solution · eu ligne fo urnissent des pla t eformc·s de flux de travaux, 

telles que la platcforme Armadillo (Lord et al .. 2012) et Tavcrna (\1\lolstencroft 

et al., 20 13). proposant une variété l' outils cl ·analyse phylogén 't ique dan · des pi­

pelines d'analyse semi-automatiqucs (C uler et al .. 2016) . Cepenclaut. aucuu d'eux 

ne définit des "meilleures pratiques standards '' en . e basa nt ·ur des informa ti ons 

a priori comme les types de donné s. .g .. protéines virales . ADN de plant<.'S . ou 

les dépendances logiciels de seiTices Web ut ilisés. 

La reconstruct ion elle même de J'a rbre pbvlogéuétique ue présente pas le but 

de uot re étude. ·est plu tôt les fa çons dont les 11 expert s 11 cl u domaine résolvent 

les problèmes phylogénétiques qui nous intéressent. lous clôcrivons cl ans e qui 

suil une description générale des proccssu · de !"analyse ph~·logénét iqu (voi r aussi 

Fig. 1.1 ) afin d 'aider le lecteur à avoir tme vue cl' ensemble sm les ccmcept s trait és 

dans notre étude de cas. 

1.1.2 Étapes d'ana lyse phylogénét ique 

F I RE 1.1: Pipeline général de J'analyse phylogénét ique 
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1. Collection des données moléculaires . La collecte des séquences génomiques 

est la première étape dans l'analyse phylogénétique. Dans cet te étape, il s'agit de 

chercher des séquences 11 similaires 11 dites homologues à un ensemble d'organismes 

(ou taxa son nom technique) et leur données moléculaires (ADN, ARN, protéine) 

dans des bases de séquences reconnues dans le domaine, telles que NCBI 2 ou 

ENSEMBL3
, afin de les 11 annoter 11 4

. BLAST (Tatusova et Madden , 1999) est 

la méthode de recherche des homologues la plus répandue. Nous trouvons aussi 

d'autres outils comme SSEARCH 5 ou ceux basés sur des modèles markoviens 

cachés comme HMMER6 ou HHpred7
. Pour de plus amples informations, le lecteur 

peur se référer au travail de Finn et al. (2015). La qualité des séquences collectées 

par le séquençage et l 'assemblage dans un laboratoire de biologie a un impact 

direct et majeur sur la reconstruction de l'arbre phylogénétique. Par exemple, une 

simple distinction erronée entre les paralogues8 et les orthologues9 peut générer des 

résultats incorrects. Finalement, la recherche des homologues doit répondre aux 

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

2http: //ncbi .nlm . nih.gov 

3http ://ensembl.org 

4 Il s'agit d'identifier les propriétés et les composants moléculaires d' une séquence: régions 

codantes, structure, fonctions moléculaires, etc . 

5http ://www. biology . wustl.edu/gcg/ssearch . html 

6http: //hmmer.org 

7https: //toolkit .tuebingen.mpg.de /hhpred 

80n d it que des gènes sont para logues lorsqu 'il s proviennent de la dupli cation d 'un même 

gène mais qu 'ils vont par la sui te évoluer différemment suite à diverses mutations. 

9 Une fois l'homologie des gènes établie, si ces deux gènes ont un emplacement équiva lent 

sur le génome, on diL qu' ils sont orthologucs entre différentes espèces. 
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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 l 'hy­

pothèse d 'homologie qui réside dans les séquences à étudier. L 'évolution des sé­

quences choisies doit refléter ce que l'on veut calculer. Ainsi , chaque alignement 

est une sorte de t est de cette hypothèse sur un descendant d 'un ancêtre commun. 

Nous trouvons dans la littérature une mult itude 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 

derrière 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 l 'évolution mais 

cela peut ne pas correspondre à une évolution historique. Les méthodes actuelles 

d 'alignement peuvent engendrer des résultats différents en se reposant sur des hy­

pothèses statistiques et algorit hmiques différentes. Ainsi, les chercheurs biologistes 

et bioinformaticiens doivent prendre en considération telles types de contraintes . 

3. Sélection d 'un modèle d 'évolution. Le but de cette étape est d 'estimer les 

relations phylogénétiques (en termes de probabilités) dans les taxa. Les modèles 

d 'évolution représentent le processus de substitut ion des nucléotides et des acides 

aminés clans l 'histoire évolutive. Les méthodes existantes sont généralement inter­

reliées. Elles diffèrent par le nombre de paramètres qu 'elles comportent, les types 

de substit ut ions et les différences entre les probabilités de substitution. Nous trou­

vons des méthodes cl' cliées aux séquences ADN , comme GTR, K80 ou F81 (Cavalli­

Sforza et Eclwarcls , 1967) et des modèles dédiés aux protéines comme JTT et 

WAG (Abascal et al., 2005). Il fau t noter que, clans la plus part des temps, les 
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données s'apparient avec plusieurs modèles à la fois puisque chacun de ces mo­

dèles représente des propriétés différentes de 1 'évolution ( e.g., structure de codons, 

composit ion dynamique des nucléotides) . Alors, il faut bien tester la relation entre 

les paramètres des modèles et les processus biologiques à étudier. 

4. Inférence phylogénétique. Il s'agit de reconstruire un arbre phylogénétique dé­

crivant l'histoire évolutive des taxa à étudier. ous trouvons principalement deux 

types de méthodes, soit les méthodes basées sur la distance et les méthodes basées 

sur les caractère . Dans la première approche, il s'agit de calculer une matrice de 

distances génétiques, e.g., distance de Wagner, Neighbor J oining (Lemey Philippe, 

2009) . Cette matrice représente une estimation du nombre de substitutions faites 

au cours de l 'évolution. Dans la deuxième approche, nous t rouvons des méthodes 

issues du maximum de vraisemblance et de parcimonie. Ici, il s'agit de calculer la 

probabilité de l'évolution à part ir de différents paramètres du modèle d'évolution 

ut ilisé, 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., probabili tés postérieurs , distance de 

vraisemblance) qui vient avec chaque méthode. Prendre les mauvais paramètres 

peut engendrer des biais systémiques tels que l'Attraction des Longues Branches10 . 

10L'attraction des longues branches est un artefact de reconstruction en phylogénie mo­

léculaire qui provoque le regroupement des taxons qui évoluent d' une façon rapide sans refléter 

leur véritable lien de parenté. Ce phénomène est lié à 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 affecte particulièrement 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 être évaluée via différentes 

approches de validation de topologie (groupes , clades) et / ou de calcul des er­

reurs aléatoires (échantillonnage de caractères, gènes non cohérents) ou systé­

miques (indépendances de caractères, distances corrigées, etc.). L'hypothèse re­

présentée dans l'arbre estimé est généralement validée à l'aide des techniques de 

ré-échantillonnage telles que le Ja cknife 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 modèle d 'évolution , il s'agit de 

simuler l 'évolution issues aléatoirement d'une distribution indépendante (Felsen­

stein , 1985). Ici aussi, il faut faire attention aux paramètres 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 résul tats 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 espèces dans le temps ou encore dans les analyses biogéographiques 

des organismes (dos Reis et al. , 2016). Nous trouvons ici des approches basées 

sur l'analyse de parcimonie comme TreeFitter (Ronquist, 2003) ou des approches 

statistiques comme GeoDis (Posada et al., 2000) analysant les distributions des 

clades géographiques des haplotypes11
. Effectivement , divers facteurs additionnels 

sont à considérer pour bien comprendre ces systèmes biologiques complexes. Par 

exemple, comprendre les niveaux d 'expression d 'un gène extrait à part ir de plu­

sieurs spécimens archéologiques, revient à étudier aussi la conservation de son 

AD dans différentes conditions expérimentales selon plusieurs paramètres. 

11 L'ensemble de gènes héri Lés d u même parenL dans le même chromosome. 
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7. Vi ualisation de donné s . La visualisation des ré. ultat cl 'analyses ph y logé-

nétiques pose un problème en soi, d 'autant plus qu 'il s'agit d 'analyser les résul tats 

de grands e paces de distributions. Divers logiciel de visualisation d 'arbres sont 

disponible comme Phylodendmn, FigTree et Tree View (Saldanha, 2004). La ma­

jorité de ces programmes fournissent cl s out ils statistiques et cl 'exportation de 

données sou différents formats portable . Par ailleurs, une mauvaise visualisation 

de données peut déformer l'interprétation des résul tats. 

Robinson&lourëFI--
Inpi t 0•11 11 

Mult1pleT1tn 
Tru )ohtfll( 

--- Muluplelrt-u Ovt~~~Tutl~~ 
Do ne 

TreeDist (Phyli ) 

"' 

l11!t Outputlt•t 
Muh;pltTrn~ Ruult' 

Do nt 

TreeDist (Phylip) 
•1 "' 

Tru OutoutTun 
~ MullipltTrn~o Ruulu. 

___.} , Don t 

F IG RE 1.2: Exemple d 'analyse phylogénétique des génomes mitochondriaux dan 

la plateformc Armadillo (Lord et al. , 2012) 

Nous décri vons un scénario d 'analyse phylogénétique clans la figure 1. 2. Cc flux 

de t ravail décrit des proce ·sus phylogénétique dont l'alignement st l' ntrée de 

l'analy e. La distance phylogénétique a été calculée par DNADist 12
: la reconstruc­

tion des arbres phylogénétiques 'té assurée par MrBayes 13
. PhyMV 4 et NEJGH-

12http ://evolution.genetics.washington.edu/ phylip/ doc/dnadist .html 

13http ://mrbayes .sourceforge. net 

14 http: 1 / www . atgc-montpellier. fr / phyml 
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BOR15 ; la validation des topologies générées ét é faite par l'algorithme de Robinson 

f3 Fould 16 et la validation des longueurs de branches a ét é assurée par TreeDist 17 . 

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 

problème à résoudre. Cette mosaïque d 'objets que nous envisageons de modéli­

ser l'acquisition présente différents défis liés au domaine de l 'application et à la 

manipulation "informatique" de ses out ils. 

1.2 Flux de travaux et acquisition de connaissances de résolution de problèmes 

Le concept flux de travaux a été ini t ialement défini t dans le domaine d 'affaires en 

1996 par la Wflv1C18 (Workflow Management Coalition) comme : "the autom a­

tion of a business process, in whole or part, during which documents, info rm ation 

or tasks are passed from one participant ta another fo r action, according ta a 

set of procedural rules ". Par ailleurs, les flux de t ravaux scientifiques, reconnus 

entant "paradigm e utile pour décrire, gérer et partager des analyses scientifiques 

comple.'Ees " (Van der Aalst , 2011) , sont ut ilisés dans la résolution automatique 

de problèmes en créant des processus comportant différentes étapes. Ainsi, nous 

proposons la définit ion suivante des flux de travaux : 

un flux de travail représente des connaissances de résolution de pm­

blèm e dans un ensemble de tâches (activités) interconnectées par des 

15http://evolution.genetics.washington.edu/phylip/doc/neighbor.html 

16http://adn.biol.umontreal . ca/-numericalecology/old/robinson_foulds.html 

17http : //evolution .genetics.washington.edu/phylip/doc/treedist.html 

18http://www.wfmc.org 
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flux de contrôles ( e. g. , séquences, procédures parallèles, itérations, etc.) 

et des flux de données (d 'entrées et de sorties). Ces objets (tâches et 

données) et interactions (re lations entre ces objets) sont souvent an­

notés par des descripteurs sémantiques soit des métadonnées décrivant 

la pTOvenance de données et les contraintes expérimentales. 
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Ainsi , nous considérons qu 'un flux de travail est un graphe étiqueté orienté (Di­

rected Acyclic Graphs - DA G en anglais) : W(Vw, Ew, L w, Qw) où Vw et Ew 

représenten l'ensemble d'objets et l'ensemble de relations, respectivement, et Qw : 

(Vw, Ew) ~ Lw la fonction qui assigne les étiquettes l E Lw aux objets et aux re­

lations. Afin de représenter le raisonnement derrière l'acquisit ion des connaissances 

processuelles Lw , nous avons besoin de comprendre les types de connaissances im­

pliquées et les étapes de leur acquisit ion . Nous présentons dans ce qui suit une 

revue de la littérature servant à éclairer les concepts clés dans l 'acquisition de 

connaissances processuelles. 

1.2.1 Connaissances impliquées dans la résolu t ion de problèmes 

Toute connaissance scientifique, comme dans la phylogénie et tout autre domaine 

scientifique, est fondée sur trois types d' information - observation, lois et t héo­

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 11 intensément 11 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 même de raisonner sur les observations ou les t héories. 

Par conséquent , l'élément de base dans le processus de résolution de problèmes 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 
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(savoir-comment) . Tandis que le premier type de connaissances repose plutôt sur 

les faits, les connaissances processuelles sont basées sur l'expérience et la compé­

tence des individus (Sahdra et Thagard, 2003). Myaeng et al. (2013) appellent les 

connaissances liées aux processus, des connaissances expérientielles : 

"Experiential knowledge f. .. j as the knowledge gained through expe­

rience as opposed to a priori {before experience) knowledge" or "know­

ledge that can only be acquired through experience . f. .. j This definition 

has a f ew 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 conside1·ed as experience. 

This is particularly important especially when a textual 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 cannat happen without a context regardless of whether or 

not it is described explicitly or assumed implicitly. Third, in arder for 

an activity or event to become an experience, it must have infiuenced 

the way the experiencer think or behave. " 

Dans leur définition, trois éléments interviennent dans l'acquisition de l'expé­

rience : (1) les connaissances apriori, (2) le contexte de l 'expérience et (3) le 

raisonnement sur l'activité/ événement pour produire une expérience. Le savoir 

faire est ainsi le produit de ces éléments. ous revenons plus tard sur ces trois 

concepts dans les sections suivantes. 

Dans la philosophie du processus, en particulier dans la métaphysique d'Alfred 

ort h Whitehead (Bogost, 2010), tout est impliqué dans des processus dyna­

miques: 



"The idea is that being is an event, beings are events, and that exis­

tence fundamenta lly involves flow and change and inheritance. [. . . j 

Everything is constantly renewing itself through a series of perishing 

occasions (. .. J Each actual entity is a pro cess proceeding from phase 

to phase , each phase being the real basis which its successor proceeds 

toward the completion of the thing in question. " 
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Ici, Whitehead abandonne le matériel en faveur des processus; tout devient des 

événements et des cont inuités. Face à ce rej et du discret, nous trouvons que dans 

l'informatique est ut ilisé plutôt le terme "connaissances procédurales " (Corbett 

et Anderson , 1994). Dans ce contexte, un processus représente deux aspects : (1) 

la façon dont les choses fonctionnent (méthodes, techniques, etc.) comme dans 

les systèmes de gestion de flux de travaux bioinformatiques et (2) la façon dont 

une computation fonctionne. Afin de clarifier toute confusion ent re processus et 

procédure, nous distinguons bien l'aspect processuel des processus de son aspect 

computationnel. Pour cela nous ut iliserons le terme 11 processus 11 pour désigner un 

flux des travaux et les termes 11 technique 11 ou 11 algorithme 11 au lieu de "procédure" 

pour représenter les logiques (symboles) et leurs computations. Les connaissances 

de résolut ion de problèmes 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 problèmes (voir le 

tableau 5.5 dans l'annexeE). Les recherches de Daley (Daley, 1999) ont about i à 

découvrir que les novices tendent à trouver dans leur processus d 'apprent issage un 

processus d'acquisition de nouvelles connaissances en liant le problème à résoudre 

à des cas ressemblant à ce qu 'ils ont déjà vu. Dans cette approche ( best-fit ap­

proach), il s'agit de trouver le ou les meilleurs modèles de résolut ion similaires au 
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problème à résoudre. P ar ailleurs, Fm·neris et Alpine (Forneris et Peden-McAlpine, 

2007) prouvent que le raisonnement cri t ique se t rouve plutôt dans la mait rise 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 à t ravers l' In tuition derrière 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'int uition dépend de l'ut ilisation de l 'expérience 

pour reconnaitre les motifs clés qui indiquent la dynamicité d 'une sit uation . Face à 

différentes tâches et grâce à son int uition , un expert reconnait facilement le mot if 

clé F P et certaines attentes . La reconnaissance de F P permet ainsi de définir ses 

buts et ses actions. Si l'expert détecte une anomalie, il peut chercher les attributs 

qui correspondent mieux à la situation. Il peut ainsi modifier son expérience face 

aux changements et évaluer (grâce à une simulation mentale) ses décisions/ actions 

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

1.2.2 Raisonnement 

Le but du raisonnement est de chercher à produire des stratégies basées sur l 'ap­

prent issage à part ir des expériences antérieures. La résolut ion cl 'un problème pré­

défini implique "une recherche systématique d 'une solut ion clans un espace d 'ac­

t ions possibles " (Rousse, 2013). 

Un espace de problèmes peut êt re défini comme suit : 

"A problem space comprises sym bolic structures and operators- actions 

that begin with an input and produce an output- as well as the problem 

itself. The problem is defin ed through a set of initial states, a se t of 

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

Par exemple, un chercheur biologiste doit t rouver un / plusieurs chemin (s) clair (s) 

d 'une solut ion ct doit être capable d 'identifier les étapes requises afin d 'atteindre 

son but . En effet , l 'identification et l'exécut ion de ces étapes présentent en soi le 

défi à affronter. Sternberg et Ben-Zeev (2001) présentent les stratégies de réso­

lution dans un espace de problèmes en définissant non seulement les opérateurs 

d 'actions mais aussi le coût de l'efficacité de ces opérateurs . Un expert est ce­

lui qui peut , en même temps, expliquer les étapes choisies et évaluer les act ions 

qui supportent ses explications. En d 'autres termes, un biologiste doit t rouver les 

meilleurs outils dans chaque sous-problème afin de résoudre le problème global. 

Par ex mple, une fois que les données génomiques sont collectées, il doit résoudre 

le problème d'alignement de ses séquences en tenant compte du type de séquences 

(AD N, ARN ou protéines), de l 'espèce étudiée (plante, archée , .. . ), des fonctions 

moléculaires et cellulaires impliquées (enzymes , ligand , .. . ) , etc. Ce problème est 

ainsi défini dans un espace d 'obj ectifs/ sous-objectifs à atteindre qui sont inter­

reliés par des cont raintes (dépendances logicielles- configurations ou du domaine 

- hypothèses) . 

Les nouvelles t echniques de résolution de problèmes, notamment basées sur les 

flux de t ravaux et les services Web (Blankenberg et al., 2001 ; Lord et al. , 2015; 

Chen et Chang, 2017), sont de plus en plus ut ilisés grace à leur "facilité" de mise 

en place, mais aussi par la qualité des solutions qu 'elles sont capables de t rouver 

en un temps "assez court''. Cependant, elles se heurtent à un problème bien connu 

en informatique : la "malédiction de la dimension 11
• Bien que les solutions actuelles 

de fouille de données se basent sur un nombre important de variables à opt imiser 

(parfo is plusieurs milliers), des heuristiques sont ini t ialement mises au point sur 

des problèmes d 'une dizaine de variables (Witten et al., 2016). On admet dans la 

li ttérature que l'on peut qualifier de "problème à haute dimension " un problème 
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dont le nombre de variables est supérieur à 100. Ces problèmes nécessitent une 

approche différente. De fait , la plupart des méthodes cités ne sont pas robustes 

à 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 paramètres (configuration de algorit hmes), leur dépendances 

(non triviales à représenter) ainsi que la grande diversité des solut ions actuelles 

bioinformatique et des hypothèses adoptées dans chaque étapes rendent la tâche 

d 'optimisation difficile à réaliser avec les méthodes actuelles de fouille de données 

et d 'apprentissage automatique. 

Nous trouvons clans les li ttératures de la cognition complexe et de l' apprentissage 

automatique différentes stratégies de résolution de problèmes (Kahney, 1986; Mit­

chell et al., 2004; Witten et al., 2016) . Dans l'approche ascendante il s'agit de 

commencer par la résolu t i on cl u but final et ensui te trou ver un chemin clans l 'es­

pace de problèmes qui valide l'hypothèse et l'état initia l. Contrairement à l'ap­

proche descendante dans laquelle l'algorithme de résolution de problèmes cherche 

à trouver le meilleur chemin (dans l'espace de problèmes) en commençant par 

l'état init ial. 

En outre , le choix du / des meilleur(s) P dans cet espace de recherche revient à 

t rouver la meilleure expérience antérieure et la fo rmaliser à travers une infé­

rence (consciemment ou pas) et ensuite la transformer en une action. Les t héories 

computationnelles actuelles ne permettent pas de répondr 11 clairement 11 à la fa­

çon dont l 'expert infère des nouvelles connaissances processuelles et procédurales. 

L'approche symbolique, avec Newell (1990) et Anderson (1993) de la cognition 

propose des modèles basés sur des règles : 1 F < pattern > T H E N < reaction >. 

Dans ce contexte , l 'expertise est représentée dans la prémisse de la règle, cepen­

dant, elle doit être verbalisée dans des clauses. Holyoak (1991) soutient plutôt 

l'approche connexionniste de la représentation de l 'expertise clans laquelle la prise 
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de décision est basée sur la satisfaction parallèle des contraintes dans un modèle 

inspiré du réseau de neurones chez l 'humain. Les neurones sont interconnectés 

par des contraintes posit ives et négatives et la décision requiert un processus de 

calcul de la meilleure fonction de satisfaction. Cependant, ce modèle est loin de 

la représentation "réelle" de la conscience humaine puisque l 'accès parallèle à ces 

processus de satisfactions se fait de manière "inconsciente ". 

Par ailleurs , nous t rouvons d 'aut res approches socio-cognit ives simulant l 'acqui­

sition des connaissances de résolution de problèmes. Dans la théorie des activi­

tés (Kuutti , 1996) , les chercheurs essayent de comprendre la relation ent re les 

activités et l'espri t humain (conscience). ous t rouvons ainsi le modèle de Vy­

gotsky qui modélise une activité par le triplet (sujet , outil , objet ), le modèle de 

Engestrëm qui introduit l'aspect collaboratif (rôles des acteurs) dans les proces­

sus et d 'autres modèles analysant les aspects, hiérarchique et sémantique, entre 

les t rois éléments des activités (Myaeng et al., 2013). Dans la t héorie des 11 Scripts 11 

de Schank et Abelson (voir leur nouvelle édit ion (Schank et Abelson , 2013)), un 

script permet de faire des économies de raisonnement en guidant l 'interprétation 

d'événements rencont rés dans des récits/ activités courantes sauvegardées dans une 

mémoire épisodique. Les scripts se reposent sur des schémas (Bartlett e (1995) et 

d 'actions qui garantissent la cohérence et "s'occupent " des dét ails de résolution de 

problèmes. Le Raisonnement à P art ir des Cas (RàP C) est une implémentation de 

cet te notion de scripts et de mém oire épisodique où les cas décrivent des solutions 

à des problèmes déjà rencontrés. Il s'agit après d 'apparier les éléments du nou­

veau problème avec les éléments du schéma des scripts stockés dans la mémoire. 

Dans la t héorie des 11 Frames 11 de Gordon (1998), une différente implémentation 

de la t héorie de scripts est proposée. Une activité est représentée par un frame, 

qui consiste à remplir un ensemble de "slots " (e.g. événement, lieu , individu , etc.) 

lorsqu 'une situation est rencont rée. Les valeurs de slots sont organisées dans un 
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thésaurus de termes (réseau sémant ique) liés pour construire des clusters d'ac­

t ivités (activités communes). En changeant les frames, le contexte des act ivi tés 

communes changent aussi. Les frames mont rent ainsi l'importance du contexte 

dans la description cl 'une activité. 

1.2.3 Problèmes 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 complète) 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 tâche d'acquisition de connaissances 

de résolution de problèmes utilise des techniques de Traitement Automatique de 

Langage Naturelle (TALN) (Cunningham et al. , 2002a) afin de facili ter l'élicita­

t ion de données à partir des textes. Il ne s'agit pas de remplacer le rôle d 'un expert 

dans l 'acquisition des connaissances mais plutôt de l'aider à encoder et fo rmaliser 

ses connaissances. Toutefois, les out ils actuels du TALN engendrent des erreurs 

d'encodage liées au contexte et à d 'autres ambiguïtés sémant iques (Zempleni 

et al. , 2007). Impliqué dans un processus d 'annotation , le rôle d 'un expert reste 

touj ours primordial dans l 'acquisition de processus. Néanmoins, plusieurs difficul­

tés entravent son rôle (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) réfère à la non flexibili té de l'expérience des experts dans 

la stabili té/ instabilité de leurs schémas du domaine. Dane (2010) a étudié ce 

compromis entre l'expertise et la rigidité cogni t ive : 



"1 adopt the term cognitive entrenchment (or, simply, entrenchment) 

to ref er to a high levet 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 em erge, at least 

in part, from the frequency with which experts tend to draw on their 

domain schemas. In par-ticula·r, because expertise is accrued through 

continua! training, practice, and performance, the content and rela­

tions comprising an expert 's domain schemas aTe likely to be activated 

and applied innumerable times. This repeated activation and use may 

stabilize the str-uctur-e of the exper-t 's schemas su ch that schema r-evi­

sion becomes relatively unlikely. 11 
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Indépendamment du niveau d 'expertise de l'encodeur X , ce dernier peut être 

immergé dans des "motifs habit uels " de raisonnement qui peuvent biaiser l 'ac­

quisition de connaissances. Par exemple, un biologiste X peut se tromper dans 

l 'identification de la classe d 'un outil o dans un texte en reconnaissant tout sim­

plement le t erme ut ilisé. Le programme PhyML 19 est généralement utilisé dans 

l'étape d' inférence d'arbres phylogénétiques . Toutefois, ce programme peut être 

aussi ut ilisé comme un paramètre dans un aut re programme afin de résoudre une 

étape différente, comme par exemple dans le calcul de mesure de vraisemblance 

pendant l 'ét ape de la validation des arbres phylogénét iques . X peut se tromper 

ainsi dans l'annotat ion de l 'outil o parce qu 'il a l'habit ude de voir o dans la même 

étape. 

19 http ://www . atgc-montpell ier . fr / phyml 
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Charge cognitive excesszve. La charge cognitive de X peut accroît re lors de 

l'attribu t ion des ressources à cl s act ivités prédéfinies. X doit décider quelles res­

sources sont impliquées dans la résolut ion 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 tâche d 'annotation. L'acquisition de connais­

sances processuelles et procédurales peut être aussi assurée via des canaux de 

communication classiques comme la communication 11 de personne à personne 11
• 

C'est là où nous t rouvons d 'autres types d 'obstacles d 'acquisit ion. Un expert est 

souvent occupé ou débordé et accorde souvent peu de temps à 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 à répondre à 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'exist e pas de solut ions spécifiques pour ce 

genre de problèmes. Il faut tout de même garder une bonne relation personnelle 

avec l 'expert (Hart, 1988). 

La question majeure que nous posons dans la suite est : Comment rendre la grande 

masse de connaissances liées aux activités décri tes dans des textes sous un f ormat 

"compréhensible " par la m achin e (machin e readable} avec un degré de granularité 

suffisant afin de les intégrer dans des applications "intelligen tes ''- Le majeur défi 

reste dans l'identification des processus d 'activités, l 'extraction , l 'interprétation , 

l'abstraction et l 'agrégation des éléments de l 'expérience en différents niveaux de 

granularit é. 

1.2.4 Une approche basée sur les ontologies 

Nous essayons de résoudre le problème d 'acquisit ion 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), l 'ontologie définit un ensemble structuré catégorisant les 

termes du domaine dans des Concepts et des Relations représentant les différentes 

sémantiques dans différents niveaux d'abstraction20
. Ainsi, tout comme un flux de 

travail W, une ontologie D est considérée comme un DAG où les noeuds repré­

sentent les concepts et les arêtes représentent les relations ent re 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 problèmes complexes selon leurs niveaux d 'expertise. Dans urt 

niveau concret de l 'ontologie nous trouvons des concepts et des relations touchant 

à des problèmes spécifiques tels que le calcul de distances entre des séquences ou 

le calcul d 'un modèle de substitution de nucléotides. Dans un niveau plus haut 

d'abstraction, nous trouvons plutôt des concepts génériques qui représentent le 

but global d 'un problème : e.g., l '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 problèmes (Staab et al., 2010). La généralisation doit ainsi se limiter 

à un niveau d'abstraction particulier. Par ailleurs, la finalité des représentations 

n 'est pas dans la modélisation fidèle de la réalité d 'un domaine. Ce n 'est pas dans 

la t héorie que nous devons aller chercher des formes explicites mais c'est plutôt 

dans certaines attendues pratiques. Le rôle de l 'ontologie n'est pas alors théo­

rique mais plutôt opératoire : Elle vise à concevoir certaines aptitudes d 'analyse 

20 Il fau t 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 l'ontologie. 
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FIGURE 1.3: Portion de l'ontologie 11 The Software Ontology 11 (SWO) (Malone 

et al., 2014). Les concepts sont représentés par des rectangles gris et les relations 

par des arêtes étiquetés. La hiérarchie des concepts est décrite par les relations 

' has Sub Glass' définissant ainsi les différents niveaux d 'abstraction (rectangles 

pointillés). Par exemple l'ensemble des concepts 'Format ' , ' Data ' et ' Process ' re­

présente le premier niveau dans l'ontologie SWO. 

phylogénétique offrant à l 'humain une assistance efficace. Notre hypothèse d'ac­

quisition de processus repose ainsi sur (1) l 'agrégation des instances individuels 

des expériences dans d s abstractions (catégories), (2) l'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'extract ion du savoir faire en flux de travaux à 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 chacun21
. 

1.3 Ext ract ion de flux de travaux à partir des textes 

Comme le souligne la plupart des travaux sur le sujet, notamment de Dufour­

Lussier et al. (2014); Schumacher et al. (2013); Müller et Bergmann (2014), l'ex­

traction automatique de processus à part ir des textes est basée sur le RàPC et est 

appuyée par des techniques d 'ext raction 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 t ravaux W. 

Ces terminologies peuvent être représentées par des ontologies représentant des 

concepts et des relations du domaine d 'application. Le processus global d 'extrac­

tion procède par couches successives dans la représentat ion ontologique : t ermes , 

synonymes, concepts, hiérarchies, relations , etc. La difficulté principale est liée au 

fait que les concepts se manifestent à travers des unités lexicales qui admettent 

souvent plusieurs sens : la polysémie (Stevenson et Wilks, 2003). L'extraction de 

t ermes 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 l 'information , en particulier l 'extraction automatique 

des termes et celles des relations représentant des connaissances processuelles (voir 

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

1.3.1 Extraction des entités nommées. 

Une entité nommée est une expression linguistique qui fait souvent référence 

à un term e (un ou plusieurs entités lexicales - tokens en anglais), représentant 

une/ plusieurs catégories de noms telles que gènes, espèces, approches d 'inférence 

21 ous revenons sur chacun de ses contextes d 'une façon exhaustive dans les chapi t res 

concernés. 
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phylogénétique ou de validation d 'arbres . ous reprenons ici des définitions connues 

dans le domaine de Reconnaissance des Entité Nommées (REN) comme celle de 

Grishman (2012) : 11 Information Extraction is the automatic identification of selec­

ted types of entities, relations, or events in free text. 11 et de Cardie (1997) 11 Very 

generally, an information extraction system takes as input an unrestricted text 

and "summarizes 11 the text with respect to a prespecified tapie or domain of inter­

est : it finds useful infonnation about the domain and en codes that information 

in a structured form , suitable for populating databases. 11
• Ainsi , la REN peut être 

définie comme : la tâche d 'identification et de classifi cation des te'rmes dans une 

catégorie conceptuelle. Dans ce contexte de classification , les ent ités nommées sont 

décrites via l'ensemble d 'at t ributs qui les définissent : caractéristiques associées 

aux termes afin de distinguer ses significations (classes). Dans ce cadre, nous consi­

dérons l'Apprentissage Automatique (Witten et al. , 2016) en tant qu 'approche de 

classification des entités nommées. Nous trouvons plusieurs approches proposées 

dans la lit térature des REN (Leaman et al. , 2015 ; Provoost et Moens, 2015 ; Choi 

et al. , 2016) . Chacune aborde et redéfinit le problème de classification de t ermes 

d 'une façon bien part iculière. Nous avons classifié ces approches sous 4 catégori 

(1) approche classique, (2) approche par apprent issage supervisé, (3 ) approche par 

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

Approche classique. L'approche classique de reconnai sance est basée sur des 

motifs et des règles lexico-syntaxiques écrites à la main. ous trouvons des tra­

vaux comme (Sekine et Nobata, 2004) utilisant une terminologie/ dict ionnaire de 

mots ( Gazetteer en anglais) externe - une liste de mots déjà étiquetés - pour 

reconnaître un terme dans le t exte. Cette technique simple et rapide ne résout pas 

les ambiguïtés sémantiques du langage naturel (Stevenson et Wilks, 2003). De 

plus , cette list e doit être mise à jour et maintenue d 'une façon régulière. D'aut res 
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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 grammair spécifique 

pour ident ifier chaque catégorie sous forme de règles 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 modèle 

de classification supervisé sont les techniques les plus répandues dans le domaine 

de RE . Nous trouvons des systèmes d 'apprentissage basés sur les Chaînes de Mar­

kov Cachées (HJVIM) (Zhou et Su, 2002) , le Maximum d 'Ent ropie (ME) (Chieu 

et Ng, 2002b), les Supports à 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). P ar 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 

à classer. Leur modèle est basé sur des attributs de type "niveau-de-discours" : 

token ( e. g. , ponctuation, préfixe, stem22
), contexte ( e.g., bi-tri-quad-grammes, ta­

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 être 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 

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

22 En linguistique, la racinisation (ou stemming en anglais) est un procédé de transforma­

Lion des fl exions (ensemble des modifications subies par le signifiant) en leur radical ou racine, 

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

23 Les classes grammaticales (nature des mots) , e.g., Verbe, om propre, Pronom 
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les sac-de-tokens avec les mots dans les dictionnaires MeSH 24 (Medical Subject 

Headings ) et Uîv1LS25 (Unified Medical Language System ). Leaman et al. (2015) 

proposent aussi dans leur système tmChem des attributs spécifiques au domaine 

décrivant des motifs de formules chimiques , séquences nucléiques et protéiques, 

etc. Par ailleurs, la segmentation de t extes en unités-lexicales est elle-même une 

t âche difficile surtout dans un domaine très particulier comme la phylogénie où 

différents vocabulaires sont utilisés comme l'informatique, les mathématiques et 

la biologie. Pour cela, nous t rouvons, par exemple, des modèles comme CRF qui 

intègrent à la fois les deux t âches de segmentation et d 'annotation dans un seul 

modèle couplé à des ressources lexicales riches (Aparna et Ku , 2016). Dans ce 

cadre, le texte est pris comme des séquences de mots étant dépendants l'un de 

l'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 'apprent issage est utilisé . Par exemple, un oracle (un expert) disposant d 'un 

nombre limité et fini de noms de gènes, peut créer un vocabulaire de contexte à 

partir des noms de gènes déjà étiquetés dans le texte . Le processus d 'apprentissage 

ré-applique ensuite les contextes créés dans d 'aut res échantillons d 'exemples pour 

en découvrir des nouveaux contextes. En répét ant le processus plusieurs fois, un 

grand nombre de noms de gènes et vocabulaires sont créés . Nous t rouvons un 

24 MeSI-I est un système de métadonnées médicales eu langue angla ise en se basant sur 

l'indexation d 'art icles en sciences de la vie. Cette ini t iat ive a été lancée et est toujours maintenue 

pa r la Bibliot hèque nationa le de médecine des Éta ts-U ni s d 'Amérique : https: 1 /www. nlm. nih . 

gov/mesh/ 

25UMLS 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. (201 5b) qui est basée sur une approche d 'apprentissage 

act if26 (Witten et al., 2016) visant à réduire le coût d 'annotation. Les auteurs 

proposent t rois algorithmes basés sur : (1) l'incertitude, (2) la diversité et (3) 

un algorithme de base. Dans le premier algorithme, les phrases incertaines (en se 

basant sur l 'Entropie des mots et des séquences (Ebeling et Nicolis, 1991) ) sont 

considérées comme les plus discriminants . Dans l 'hypothèse de diversité, des scores 

de similarité deux-à-deux entre les phrases sont calculés, à savoir : (i) la similarité 

syntaxique basée sur les fréquences des classes grammaticales dans les phrases et 

(ii) la similarité cos·inus des concepts UMLS en se basant sur le plus petit ancêtre 

commun. L'algorit hme 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 l'algorithme SVM, Provoost et 

Moens (2015) proposent , afin de d'équilibrer les données posit ives et négatives, de 

re-positionner l 'hyperplan séparant les deux classes en ajoutant deux paramètres 

(représentant les dis tri bu t i ons 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 probabili tés) 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 ut ilisant le modèle skip-gram (Levy 

et Goldberg, 2014) comme une méthode de représentation dynamique (ward ern-

26via des "feedbacks" interactifs avec l'expert 
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bedding en anglais) de cooccurrences de mots en des vecteurs de nombres réels 

afin de reconnaître les noms de médicaments clans les résumés des articles MED­

LINE27. Cette t echnique prédit le contexte d 'un mot en se basant sur la représen­

tation de ce mot en maximisant sa probabilité softmax avec son contexte. Plus 

récemment , Choi et al. (2016) proposent un nouveau modèle M ed2 Vec pour ap­

prendre les représentations des cooccurrences de codes médicales dans une large 

base de données de ......,3 millions de visites. Ce modèle, en deux couches cachées de 

Perceptron (Witten et al. , 2016) , représente à la fois les co occurrences de codes 

et les séquences de visites . 

1.3.2 Extraction des relations 

L'extraction automatique des relations sémantiques à part ir d 'un corpus de textes 

représente l 'un des grands défis clans notre approche d 'ext raction de processus. 

Dans cett e tâche, il s 'agit de détecter et classifier des relations explicites et im­

plicites clans le texte 28 . P ar ailleurs, nous trouvons une multitude de méthodes 

et de techniqu s utilisé s dans l 'ext raction automatique des relations. ous avons 

catégorisé les diffé rentes approches selon le type de 1 'apprent issage ut ilisé. 

Approche classique. Les règles d 'extraction écrites à la main (Zhou et al., 2005; 

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

27Bibliothèque nationale de médecine des É t ats-Unis d 'Amérique 

structuredabstracts.nlm . nih . gov 

https:// 

28Selon l'ACE (https : 1 / www .ldc. upenn . edu/ collaborations/past-proj ects / ace ), 

les relations ex plicites fi gurent dans le texte avec une preuve ex plicite et donc syntaxique. Les re­

la tions implicites peuvent ne pas être défini es dans le texte d 'une façon syntaxique. Par exemple 

la relation "es t utilisé dans " peut représenter différentes rela tions sémant iques comme "est un 

a lignement de " ou "esL une source de", ceci selon le conLex Le évoqué. 
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tions Hearst ou NYU Proteus (Bach et Badaskar, 2007) , s' intéressent à modéliser 

des motifs lexico-syntaxiques comme 11 such Y as X" ou "Y , especially X" afin de 

détecter des Hyponymes (is -a) , Hyperonymes (not-is-a) , Holonymes (has-part) et 

des 1éronymes (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 l'espace de motifs explorant ces relations. 

Apprentissage supervisé. Construire des modèles statistiques, mathématiques, 

ou probabilistes , d 'une façon supervisée revient à définir une base d'apprentis­

sage et des attributs représentant les types de relations sémantiques à apprendre. 

Nous trouvons dans la littérature que des modèles comme les Séparateurs à Vastes 

Marges (SVM) (Culotta et Sorensen , 2004) , les réseaux Bayésiens (Chieu et Ng, 

2002a) , ainsi que les modèles bas' s 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-domaine29
. ous t rouvons des attributs 

de "léger poids'' comme les sacs-de-mots , les bigrams avant ou après les entités 

nommées 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 t rouvons dans la littérature d 'autres approches utilisant 

une analyse syntaxique complète (full parsing) du texte afin de modéliser des 

constructions particulières dans la structure du chemin de la relation. Afin de 

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

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

Dans f(x) = y , x csL le domaine et y esL le co-domaine de la relaLion f. 
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basée sur un noyau d'arbres représentant les instances d'att ributs dans des arbres 

de convolut ions (Collins et Duffy, 2002) ayant des structures syntaxiques simi­

laires30 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 modèle 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 l 'échantillon de travail pour 

construire des nouvelles règles d'extraction (soit un B ootstrapping). Les systèmes 

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 à chaque mot un cluster puis les 

combine en maximisant l'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 t uple <Before, Domain, Between, Range, Ajter> 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 t riés et filtrés par leur 11 importance linguistique 11 mesuré 

par le gain d 'information de Quinlan (1986). Po on et al. (2015) proposent un mo­

dèle 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 E1 et une E2 est 11 bonne 11 pour 

30En calculant le nombre de sous-arbres communs. 
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chaque cooccurrence des E dans une phrase. Ensuite, l 'algorithme génère d 'une 

façon aléatoire, les exemples négatifs et calcule des at t ributs classiques comme : la 

direction , la distance et le chemin de dépendances lexico-syntaxiques entre E 1 et 

E2. Cependant , les modèles construits ici sont t rop sensibles à l 'échantillon de dé­

part. De plus, le changement du contexte (échantillon) dans chaque itération peut 

causer des ambiguïtés sémant iques. Ainsi, le taux de précision peut être faible. 

Cependant, l'un des avantages de cett e approche est qu 'on peut t olérer quelques 

at t ributs non discriminants et non sensibles à l 'ensemble d 'apprentissage. 

Apprent issage non-supervisé . Quand une base d 'apprentissage de t extes 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 'ent ités. Si deux chemins représentent des contextes similaires qui corres­

pondent à des phrases similaires, alors les significations t endent d 'être similaires 

aussi, chose qui n 'est pas toujours évidente dans un langage naturel. DIRT (Lin 

et P antel, 2001 ) est un modèle d 'ext raction par règles d 'inférence utilisant Ward­

Net (Fellbaum, 1998) pour l'extraction des instances de relations par similarité de 

chemins de dépendances lexico-syntaxiques . Nous trouvons une amélioration du 

système DIRT dans (Yao et al. , 2012b) où des catégories de chemins de dépen­

dances sont indui tes afin de représenter la synonymie sémant ique d 'une relation . 

Un clustering (regroupement ) Hiérarchique Agglomératif (Day et Edelsbrunner , 

1984) est appliqué pour calculer la similarité des vecteurs d 'attributs construits. 

Afi n de prédire les tokens déclencheurs d'événements, Nguyen et Grishman (2015) 

proposent d 'ut iliser trois représentat ions dynamiques ( embeddings) dans un réseau 

de neurones convolut if (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 modèle déjà entrainé afin de capt urer les motifs syntaxiques, (ii ) posit ions 'i 
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(dist ances i entre les tokens du contexte) et (iii) types d 'ent ités nommées de l 'ACE 

en ut ilisant l'annotat ion 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 reconnaître les entités nommées dans 

les textes . Une méthode de clustering de pairs d 'attributs est ensuite utilisée afin 

de reconnaître les relations. Les auteurs proposent ici d 'ut iliser les attributs de bi 

et trigrammes de mots ainsi que des att ributs de 11 barrières '' basés sur les paires 

de classes grammaticales (t, e) où t est le terme déclencheur (généralement un 

adj ectif) et e, le premier terme sit ué à gauche de t. Même 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%) . 

1.4 Fouille de motifs processuels basée sur une ontologie 

La fouille de flux de travaux basée sur des motifs processuels cherche à décou­

vrir des cooccurrences fréquentes entre ses items (événements) . Les travaux de 

recherche existants ont porté principalement sur l'étude des motifs composés 

d 'objets , et clans 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 être peu fréquents , les motifs de concepts ont divers niveaux d 'abstraction 

et sont plus fréquents mais risquent d 'être moins précis. Cependant , ces types de 

connaissances ont pour but d'augmenter à la fois la pertinence et l 'intelligibilité 

des modèles découverts. Par exemple, l 'analyse des associations de gènes-gènes 

(ou gènes proteins) et leurs annotations requiert des informations souvent non ou 

sous-représentées clans 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 clans la fouille. La problé­

matique de la fouille de motifs devient de plus en plus complexe en combinant 

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

nouveaux motifs fréquents. 

1.4.1 Problème de fouille de motifs 

Dans l'approche Apriori (Agrawal et Srikant , 1994) de fouille de motifs, il s'agit 

de construire l 'espace de recherche (appelé aussi treillis de motifs) en commençant 

par des ensembles qui se composent d 'un seul item que l 'on étend en y ajoutant 

d 'autres items et/ ou relations sur plusieurs balayages/ niveaux (k). Le premier 

niveau sert à identifier les candidats CPk 31 et à 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 plutôt de trouver les struc­

tures isomorphes : sous-graphes partageant des sommets et des arêtes de même 

types (Singh, 2016). Tous les candidats dont le support est plus grand qu'une va­

leur prédéterminée appelée min_supp (ou CT) constituent les k-motifs fréquents 

F Pk· Cet ensemble sert d 'amorce pour générer l'ensemble de candidats C Pk+ l en 

étendant les F Pk (y ajoutant des noeuds/ arêtes) . La fonction de calcul de sup­

port est une fonction anti-monotone, ainsi, si un motif p1 est jugé fréquent et son 

support supp(p1 ) ~ CJ alors tous ses sous-motifs candidats (extensions) ont des 

supports supp(p1J :S: supp(p1) . 

La fouille de motifs basée sur des ontologies a été initialement utilisée dans le 

contexte de la fouille d 'association et l'Analyse du P anier de la Ménagère (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 

façon directe au contexte de flux de travaux étant des graphes orientés acycliques 

(DAGs) dont les noeuds / arêtes peuvent avoir différents labels (étiquettes). 

31 Un moLif candidat C Pk. dont on ne conn ait pas encore le support, est un moLi f généré 

dans un niveau k à partir des motifs k - 1. 
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1.4.2 Fouille de graphes généralisés 

Inokuchi (2004) propose une extension de l'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 'adj acence associées avec des structures canoniques afin d 'identifier les graphes 

isomorphes. Les motifs sur-génémlisés sont élagués s' il existe d 'autres motifs re­

présentant la même 11 classe 11 de graphes32
• En outre, la stratégie de parcours du 

treillis en largeur d'abord est elle même 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 l'algorithme Taxogram qui n 'utilise que la 

structure hiérarchique de l'ontologie. Taxogram décrit 3 étapes. (1) Transformer 

les données d 'entrée en une base de graphes avec les concepts les plus généralisés 

(mot concepts) en gardant les étiquettes (labels) originales des instances. (2) Uti­

liser l'algorit hme gSpan (Yan et Han, 2002) pour fouiller les motifs généralisés en 

créant des représentations de motifs basées sur des indexes (noeud, occuT'rences) 

afin faciliter la tâche de calcul d 'isomorphismes de graphes. Et (3) Spécialiser les 

motifs de niveau k à part ir de ceux de niveau k -1 en remplaçant les noeuds/ arêtes 

par leurs descendants hiérarchiques. On obtient alors des motifs de même niveaux. 

Cependant, puisqu 'il n 'y a pas de fonction d 'ordre complet entre les items (noeuds 

et arêtes), l '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 (re lations et) , Jiang 

32 L'ensemble de motifs contenant tout motif qui , en remplaçant ses noeuds/ arêtes par 

leurs ancêtres ou descendants, on obtient le même motif. 
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et al. (2007) proposent l'algorithme GP-Close qui fouille les motifs fermés (Zaki et 

Hsiao , 2002) en (1) générant les mot ifs 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 

fermés, 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 'Abstract ions Procédurales (Back, 1987) qui cherche les 

codes redondants dans un programme en extrayant des nouvelles procédures sub­

sti tuant les motifs de codes fréquents. Leur algori thme DAGMA propose une 

nouvelle représentation canonique basée sur l'ordre topologique des noeuds des 

graphes permettant d 'accélérer la t âche de recherche de graphes isomorphes . La 

forme canonique consiste de créer des tuples (index 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 ancêtre (root 

concept), (2) Insérer un noeud / arête d 'un autre niveau topologique ou (3) rester 

dans le même niveau et remplacer le noeud/ arête par un autre. Et (4) Insérer une 

arête vers le dernier noeud (prédécesseur) . Toutefois , puisqu'il n 'ya pas de rela­

tion d 'ordre entre les arêt es des graphes, l 'approche ne garantit pas la génération 

unique des motifs. En plus , le t emps de calcul des graphes isomorphes avec des 

noeuds non-connectés est supérieur à celui avec des noeuds connectés (plus de 

st ructures isomorphes sont retrouvées) . 

Adda et al. (2010) proposent une approche de fouille de motifs séquentiels enrichis 

par des relations ontologiques à partir des logs : historique de séquences de clicks 

sur des pages Web annotées par des métadonnées. Leur algorithme xPMiner décri t 

dans un premier lieu l'étape de transformation de séquences en des graphes en 

y ajoutant toutes les relations possibles (hiérarchiques et non hiérarchiques) à 
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partir de l 'ontologie du domaine. Quatre opérateurs canomques sont proposés 

afin d 'ajouter/ spécialiser les items (noeuds et relations) d 'un motif généralisé. 

Néanmoins, l'algorithme ne peut être applicable directement à la fouille de flux de 

t ravaux. Ces derniers représentent des mult i-ensembles d 'items: un obj et / concept 

peut être utilisé plusieurs fois dans la même 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 l'unici té des motifs générÉ-s . 

guyen et al. (2014) proposent une approche de fouille de flux de t ravaux enri chie 

par une ontologie. Les DACs de flux de t ravaux sont ini t ialement transformés en 

des arbres (pars e trees ) en appliquant un ordre topologique puis lexicographique. 

Les arbres sont ensuite généralisés en se basant sur la dist ance (la longueur du 

chemin le plus court ent re deux concep ts dans la hiérarchie) pour réorganiser les 

subsompt ions dans chaque ét ape de généralisation. Une fois que les arbres sont 

généralisés , l'approche reprend l'algori thme TreeMiner (Za.ki , 2005) pour fouiller 

les sous-arbres fréquents. Toutefois, les auteurs ne démontrent pas la complétude 

de l'approche suite à cet te t ransform ation. En outre, leur méthode de subsomp­

tion de concept/ relations dépend fortement de la structure de l'ontologie de leur 

domaine d 'application33 (Hilario et al. , 2011) qui représente les éléments de flux 

de travaux en : T âches, Algorithmes, Opérateurs , Données et Modèles . 

Afin de résumer les t ravaux décrits ci-avant , nous avons choisi de les restructu­

rer selon leur domaine d 'application , strat égie de parcours de l'ontologie ct les 

différentes con t ri bu ti ons et li mi tati ons (voir le tableau 5. 8 dans 1 'Annexe G) . 

33 Méta-apprent issage des a lgorit hmes de fouille de données dans RapidMiner http: 

// rapidminer . com. 
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1.5 Systèmes de recommandation 

Depuis l'émergence du domaine des systèmes de recommandation , plusieurs ap­

proches et méthodes ont été proposées (Bogers et Van Den Bosch, 2011; Aggarwal, 

2016; Tarus et al., 2017). Ces dernières sont généralement basées sur les types 

de données : (i) les interactions Utilisate?tr x Item, comme les comportements 

d 'achat ou les notes (ou rating en anglais) données sur un produit , et, (ii) les des­

cript ions (attributs) sur les I tems et/ ou Uti lisateurs comme les métadonnées ou 

les mots-clés pertinents. Les méthodes ut ilisant le premier type de données sont 

des méthodes, dites 11 co llaboratives 11 (Najafabadi et Mahrin, 2016), basées sur les 

corrélations entre les motifs de notes à travers les utilisateurs afin de recomman­

der des items. Les approches utilisant le deuxième type, appelées 11 basées sur le 

contenu 11 (ou content-based en anglais) (Aggarwal, 2016), sont plutôt centralisées 

sur les descriptions (attributs) d 'items d'un seul utilisateur. Ces approches sont 

reconnues par leur pouvoir expressif des recommandations riches en 11 sémantique 11 

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 1 'historique de documents (textes) et/ ou descriptions d'items d'un utilisa­

teur afin de créer un modèle ou un profil d'intérêts et de préférences (généralement 

représentées sous un ensemble de motifs) adaptées aux attentes de l 'ut ilisateur . 

Le processus de recommandation cherche à apparier les attributs du modèle avec 

les attributs de l'objet à recommander. L'ensemble des attribu ts 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 à (i) la définition de l 'ontologie, 

(i i) la représentation et l'annotation des it ems 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 solut ions proposées pour chaque défis (voir auss1 le 

tableau récapitulatif 5.9 dans l'Annexe H) . 

Magnini et Strapparava (2001) proposent Site!F le premier système adoptant une 

approche basée sur le contenu des textes pour créer un modèle d 'intérêts pour des 

sites Web d 'information et d 'actualité (News) multilingues . Les auteurs proposent 

d 'utiliser MultiWordNet34 , une base de données lexicales mult ilingue, afin d 'aligner 

les significations des langues , anglaise et italienne. Chaque terme analysé dans le 

texte est associé automatiquement à une liste de Synsets35 utilisant une technique 

de désambiguïsation 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 système reçoit en entrée la représentat ion du 

synset et le modèle 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 (It em 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 

classifie ur Bayésien binaire est ensui te entraîné et appliqué afin d 'identifier les 

items les plus "intéressants". L'appariement revient à calculer la probabilité d 'ap­

partenance d 'un item à la classe "intéressant" selon les probabili té des synsets 

dans le modèle. 

Vesin et al. (2012) proposent Protus 2. 0 utilisant deux ontologies de type OWL 

(Web Ontology Language )36 , une du domaine et une de t âches, décrivant le do-

34 http ://multiwordnet.fbk .eu/english/ home .php 

35 Regroupement de mots dans des ensembles de synonymes. 

36https ://www . w3.org/OWL 
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maine d 'application soit l 'apprent issage des concepts du language de programma­

t ion JAVA37
. Ici, les auteurs ut ilisent le moteur d 'inférence SWRL (Semantic Web 

Rule Language) 38 et les règles J ess (J ava Expert System Shell) 39 de la logique du 

premier ordre (Baader, 2007) afin de recommander des nouvelles ressources aux 

utilisateurs . 

Cobos et al. (2013) proposent d 'u tiliser une approche hybride basée sur le contenu 

et le fil t rage collaboratif. Leur système RSPP (Recommendation System of Pe­

dagogical Patterns) aide les tuteurs à choisir des stratégies pédagogiques selon 

les données du contexte représentées dans une ontologie de type RDFS modéli­

sant les : caractéristiques sur le cours à enseigner , objectifs à atteindre, profils 

d 'étudiants, professeurs, etc. Ces données sont t ransformées, t out d 'abord , en une 

matrice de valeurs normalisées (ent re 0 et 1), ensui te , en une représentation com­

pacte via une Décomposition en Valeurs Singulières (Golub et Reinsch , 1970) . 

Enfin , il s'agit de calculer les voisins les plus proches à la requête de l'enseignant 

en utilisant la similarité cosinus (Aggarwal, 2016) . 

Pukkhem (2013) propose d 'ut iliser 3 ontologies OWL représentant : l'Apprenant , 

l 'Obj et d 'apprentissage et les Règles de Mapping entre le style et l'obj et d 'ap­

prent issage. Ces dernières sont décrites par un expert et ut ilisées pour extraire 

les caractéristiques des obj ets à apprendre dans les manuels de cours. Ces attri­

buts sont ensuite validées par des experts. Une fois que le profil d 'apprenant et 

le modèle d 'objets associé sont construits, le système applique un algorithme de 

recommandation mult i-agents (Arias et al., 2012) qui apprend à calculer un score 

37http: //www.oracle . com/ technetwork/ java 

38 Un la ngage de règles combina nt la logique de descrip t ion de Horn et OWL : https : 

/ /www . w3 . org/ Submission/SWRL 

39 Langage de règles basé sur J AVA: 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 Obj ectifs de la recherche 

1.6.1 Hypothèse fond atrice 

Nous estimons, et ceci est l'hypot hèse fondatrice de ce proj et, que l'acquisition 

des connaissances pratiques phylogénétiques doit être assistée par la machine. 

Cette machine est "supposée " guider le phylogénéticien dans la résolution de ses 

problèmes tout en considérant le niveau de son expert ise. En effet, l 'extraction des 

ces éléments génériques (connaissances de différents niveaux d 'abstraction) peut 

être 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-à-dire des techniques 

d'extraction automatique de l 'information et de fou ille de données ainsi que des 

techniques de recommandation appropri 'es. 

1.6.2 Analyse des besoins 

ous présentons nos besoins de formalisation de connaissances en deux parties : 

les connaissances fa cto logiques (déclaratives) et les connaissances processuelles. 

Le premier type de connaissances servira à bâtir une ontologie du domaine qui 

représentera les concepts théoriques de 1 'analyse phylogénétique. L'ontologie pro­

cessuelle représentera donc la dimension pratique du domaine. Cette dernière aura 

pour but de représenter d 'une façon explicite des flux de travaux abstraits dont 

les éléments font références aux éléments des flux de travaux concrets, soient des 

exécutions réelles des tâches trouvées dans la littérature. Les représentations fac­

tologiques quant à elles s'intéressent plutôt 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 'esp èces, nom des gènes) et les techniques utilisés dans l 'analyse phylogénétique 

( e. g. , alignement multiple, inférence statistique). 

Afin d 'identifier les besoins systémiques, nous posons les questions suivantes : 

1. Étant donné une ontologie et un ensemble de textes , comment peut-on sup­

porter le processus d'extraction des instances factologiques et processuelles 

à partir des t extes? Concrètement, comment peut-on créer un modèle spéci­

fique au domaine phylogénétique afin d 'annoter automatiquement les objets 

de les relations d 'un processus de résolution de problèmes dans un texte? 

Et comment peut-on représenter un flux de travail concret et le reconstruire 

à partir des éléments annotés dans le texte ? 

2. Comment représenter un motif abstrait de flux de travaux ? Comment calcu­

ler la pert inence de ces motifs dans un corpus de flux de travaux concrets ? 

Cette question mène à poser une autre : comment peut-on régler le problème 

d 'appariement des flux de travaux abstraits étant des DAGs afin de calculer 

leurs fréquences dans une base de connaissances? 

3. Étant 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 à un problèm e donné? 

Le premier ensemble de questions vise à identifier les besoins d 'extraction de 

flux de travaux à partir des t extes. En fait , ces besoins se présentent dans (1) 

la reconnaissance et la classification des éléments de flux de travaux en : objets 

(données et tâches) et relations entre ces objets à partir de l 'ontologi factuelle et 

(2) la reconstruction des flux de travaux à partir de ces éléments. Une fois qu'une 

base de connaissances 'Dw est extraite, il s'agit d 'élaborer des techniques de flux de 

travaux abstraits. À part ir d'un language de motifs abstraits rw et un language de 

processus concret l:-.w , nous élaborons la structure d 'un espace de motifs fréquents 
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F exploitant les conna1ssances enregistrées dans l 'ontologie processuelle. Nous 

appliquons notre approche dans le cadre de recommandation de flux de t ravaux 

phylogénétiques. ous élaborons ainsi une t echnique de recommandation basée 

sur le contenu essayant d 'appairer le flux de t ravaux à recommander Wr avec la 

base de motifs abstraits V w afin de suggérer les objets de la prochaine étape en 

tenant compte les contraintes dans Wr (en séquence d 'objets et relations entre ces 

objets) . 

L'objectif global de ce proj et est d 'apporter une réponse claire à notre question 

principale , à savoir , dans quelle mesure l 'ontologie du domaine favorise l'auto­

matisation du processus d'acquisition de connaissances liées à la résolu t ion de 

problèmes. La poursuite de cet objectif va conduire à poser un ensemble de ques­

tions plus concrètes. Des questions concernent l'élaboration des techniques (i) 

d'extraction de flux de travaux concrets à partir des textes (ii ) de fouille de flux 

de t ravaux abst raits à partir des flux extraits et (iii) de recommandation et leurs 

application dans un domaine technique soit l 'analyse phylogénétique. 

Afin de matérialiser la réponse à 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 À PARTIR DES TEXTES 

Le travail de ce chapitre sera prochainement soumis à la prestigieuse revue TCBB 

IEEE/ ACM liansactions on Computational Biology and Bioinformatic sous le 

t itre "Bioinformatic workfiow extraction from scientific texts using word sense 

disambiguation". Nous présentons la version imprimée de l 'article dans l 'annexe A . 

Cet article présente la solution proposée afin d 'extraire des flux de t ravaux concret s 

à partir des textes en se basant sur une ontologie du domaine. Les résultats de 

ce module constitueront l'entrée pour le prochain module, celui de la fouille de 

motifs de flux de travaux généralisés. 

La rédaction de l'article , l'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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2.1 Résumé 

Nous présentons dans ce papier une méthode d 'extraction automatique de flux de 

travaux à partir des textes basée sur le Raisonnement à Partir de Cas (RàPC). 

Les systèmes actuelles de gestion de flux de travaux implémentent différentes so­

lutions basées sur des représentations graphiques complexes des tâches et des ser­

vices généralement distribués soit par exemple avec le cloud computing ou le grid 

computation. L'acquisition automatique de l'expérience, z. e. connaissances pro­

cessuelles, à partir des textes décrit des représentations sémantiquement riches 

de cas structurées (annotations , raisonnement derrière 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

nières représentent les dépendances du domaine et d 'application. Une méthode 

de désambiguïsation de mots est aussi proposée afin de résoudre les classes sé­

mantiques des tâches dans les textes. Nous avons appliqué not re solution à un 

problème bioinformatique, à savoir l'analyse phylogénétique. L'évaluation basée 

sur la similarité sémantique des flux de travaux clans un Ground- Truth nous a 

permis d 'obtenir des résultats intéressants et encourageants clans le domaine de 

l'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 J\bstract 

This paper introduces a method for automatic workfiow extraction from texts 

using Process-Oriented Case-Based Reasoning (POCBR). While the current worlc­

fiow 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 workfiows and a domain ontology, our extraction process provide a context­

aware approach to recognize workfiow components : data and control fiows. We 

applied our framework in a t echnical domain in bioinformatics : i.e. phylogenetic 

analyses. An evaluation based on workfiow semantic similarities on a Ground­

truth proves that our approach provides promising results in t he process ex­

traction domain. Both data and implementation of our framework are avai lable 

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; Müller 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. Bence, it is very difficult to reuse the proposed ap­

proaches to sorne problem-solving situations where a domain-specifie vocabulary 

is used such as in Phylogenetics (Lerney 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 bas only successfully extracted rv42 % 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 1 (Mitkov, 2014) in texts uses fram e patterns 2 to t rigger phrases. A se­

quential pattern mining is also applied to mine anaphora-rules and then , search 

fo r the most frequent t erm cooccurrences to resolve an anaphoric reference. A 

similar approach is proposed by (Dufour-Lussier et al. , 2014) to resolve 11 univer­

sal references '' using a domain-specifie ontology. Given that ontology, they map 

the anaphoric reference to a concept. Yet, t heir resolut ion 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 art icle into a list of two 

kinds of information : input-tool (predicate t hat describes the tool properties) 

and action (action description with action proper ties). They also use data mining 

and statistical algorithms to identify particular subsequences of plans to specifie 

contexts. Instead of manually composed plans from a set of atomic actions, Te­

north et al. (2010) proposed to generate plans by transforming natural language 

task instructions from how-to sites into formai symbolic robot plans. Their eva­

luation results show that t heir planner is able to transform about 80% of the 

instructions . This number can be increased with a better syntax parser and more 

mappings t o find connections between WordNet synsets (Fellbaum , 1998) and 

ontological concepts. However, t his extension bas never been proved . A recent 

approach to extracting sit uation ontology from how-to instructions is proposed 

by Ryu et; al. (201 3) where an automatic method based on syntactic patterns and 

1The problem of resolving what a pronoun or a noun phrase refers to. 

2 A frame-based structure defi nes t he meaning of a term in a sentence using slots. Each 

frame slot is fi lled using linguistic patterns (heuristic rules) mapped to syntactic roles (subject, 

direct object, and indirect object) to tr igger phrases in texts. 
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a CRF (Condit ional Random Fields) (Settles, 2004) probabilistic mode! are used 

in order to classify actions and objects such as t im and place. Although thcir 

pattern-based approach achieves a high leve! 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 

at tempt to extract procedural knowledge from the PubNied abstracts3 using t he 

TAM mode! - a t ri ple 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/ solut ion 

sentence classification and (3) relat ionship between two processes is assigned to 

a cont rol flow (sequential, parallel, causal, etc.). Po on et al. (2015) proposed a 

distant supervision approach4 for Cancer Pathway Extraction from texts . The 

main idea is to test the significance ( using a latent variable), for each sentence 

evoking two en t i t i es E 1 ( t heme) and E2 (cause), of the relation R (between the 

two ent it ies). Distant supervision is provided by enforcing during t raining that 

for each relational triple (E1 , R, E2 ) , at !east one latent assignment is true if t he 

database contains the relation, and none otherwise. Each instance is represented 

by a linear mode! wit h features over the sentence and ent it ies . The feature weights 

are learned using online learning with Perceptron (Rosenblatt, 1958). Yet, th ir 

semi-supervised approach is sensit ive to t he starting sample. Changing t he context 

at each iteration , while creating automatically posit ive exarnples, may generate 

different conflicting relat ions since t he latent assignment is a simple comparison 

of R in t he training set . Comparing contexts using the t riple ( E 1, R, E2) may 

3https ://www .ncbi . nlm. n i h . gov / pubmed 

4 l n d isla nl supervision, we make use of a n a lready ex isling dalahase, such as KEGG 

(http : 1 / www . genome. jp/ kegg/ pathway) , to collect examples for t he relation t hat we want to 

exlract. T hese examplcs are used lo a utomatically genera le Lhe lraining dala. 
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work only for binary relat ions; lift ing this limitation to handle n-ary and nested 

relations is an important future direction. 

While t hose 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 (Spj uth et al., 2015). The expertise grounded in scientific 

texts is to be mined in order to acquire new experience acquisit ion. Yet, sorne 

complex semantic ambiguit ies are need to be deal with. To t he best of our know­

ledge only anaphora resolutions have been studied in procedural texts. However , 

semantic ambiguities arise more difficult ies : e.g., word sense ambiguit ies . Word 

Sense Disambiguation (WSD) (Stevenson et Wilks, 2003) is the process to identify 

the sense or senses of a polysemie term. Although important , WSD as an 'inter­

mediate' task, is unlikely t hat anyone other than linguistics would be interested in 

its results. However , we found that polysemie words are also common even in very 

technical domains, such as phylogenetic analyses, where specifie software and pro­

grams could be also used for different purposes . Generally, programs may contain 

mult iple packages and processes and offer mult iple supports. Thus, even specifie 

programs may be used in different contexts. Without a context-aware approach it 

is very diffi cult to reconstruct a phylogenetic workflow from texts with a simple 

term-matching process. In addition , identifying activit ies (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 t exts but to a domain specifie problem to extract 

domain-relevant meanings from it . ln this paper , we propose an ontology-based 

approach to extract semantically rich bioinformatics workflows from texts using a 

WSD technique. 

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

process. Two formalisms are presented : workflow representation and ontologies. 
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Additionally, a runmng example is introduced to explain our representational 

choices for phylogenetic analyses. Section 2.5 is t he main core of the paper des­

cribing in det ails t he process of the workfiow extract ion from texts. A text is 

analyzed with a pipes-and-fil ters NLP chain and a dedicated WSD for workfiow 

tagging . Section 2.6 presents experiments and results of the proposed processes 

by comparing automatically obtained workfiows with an expert-curated dataset. 

Finally, section 2. 7 discnsses resnlts and fu t ure work. 

2.4 Formalisms for enriched workfiow representations 

2.4.1 Workfiow representation 

Traditionally, workfiows are 11 the automation of a busin ess 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 pTOcedural rules 11 (Van der 

Aalst, 2016) . In general, workfiows consist of a set of tasks (activities) combi­

ned with a control-flow such as sequences, parallel (conjunction) or ait rnative 

branches (disjunction) , as well as repeated executions (loops). We are interested , 

here, in workfiows as sequences and concurrent runs of program tasks . These lat­

ter consume data items i.e. input sources and output prodncts. The data-flow 

represents interactions (relationships) between data items and tasks. In addition , 

workfiow items are annotated using sernant ic descriptors (metadata) describing 

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

Different types of workfiow 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 su ch mo dels should 

be considered while extracting workfiows, e.g. mult iple instantiations of a task or 

sub-task. Enriched workflows with addi t ional data describing task parameters and 
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metadata are also to be considered while representing workflows in arder 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

m eters 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) 

madel 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 

H emagglutinin sequences collected from the Genbank databasè as input and pro­

duces phylogenetic trees. Duplicates in workflows represent different instantiations 

of one task. For instance, the first mention of M EGA (Kumar et al. , 2016) (at 

t he 3rr cl step) is used with different parameters than the second instance at the 

same step. M EGA is used with both, a Maximum Likelihood (ML) method and 

a Maximum Parsimony (MP) (Tamura et al. , 2011). 

Definition 2.4.1 (Workflow data language). Given a universe of task items 

or (tasks and parameters) and data items OD (data types and metadata), i.e. 

w0 = or U OD , a workfiow language .0.w defines workfiow records of partially 

5https://www.ncbi.nlm.nih . gov/genbank/ 
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F IG RE 2. 1: Example of a work ftow rxcerpted from t he arti cle of Liang et al. 

(2010) . Vve repre ent t he workftovv in four clifFrren t layers . T he firs t layer describc 

cla t a and metaclata annotation ·. T he tasks layer reprcsent s the cont roi Aow and 

the las t layer clescri bes paramet crs. Relati ons bct wecn the different objccLs a t each 

layer dcscri be the cont rol flow (links bct ween tasks). t.hc data ftows (l inks bct wccn 

da La and t asks) and ot her srmant ic Aows (bct wccn da ta and paramcters a ncl ; or 

met ad a ta). 
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ordered sequen ces composed of inter-related abject labels o E w0 . A workfiow w E 

.6.w is a direct acyclic graph w = ((,8) where ( = ({ol,o2, ... ,0;1 }, {o;1 +J, ... , 

0;2 } , ... , {oi(m-l)+l' .. . , o;m }) is a sequence of abject transactions (steps). In turn, 

8 ={el , e2, ek, ... , ep} is the set of triples where ek = (it , l , i2) represents the link 

of type l E wc. between the abject at position i 1 in w.(, i.e. w.( [i 1] and the abject 

at the position i2 , i.e. w.([i2]. 

0 1.1 0 2.1 0 2,2 ) 1 0 3,1 

trees jModeiTest 

( 0 4,2 )( 0 4,3 

i MEGA i MEGA 

01 l [ 02 l [ 03 l [ 04 

(01,1' , (02,1' : (02,1 ' : (02,2' 1 

hasDataSource, 1 islnputOf, 1 islnputOf, 1 isOutputOf, 1 

02,2) 1 03,1) 1 04,1) 04,1) ~') w.e 
ç (02,1' (02,2 ' (02,1' (02,2' 

1 islnputOf, isOutputOf, islnputOf, isOutputOf, 
1 04,2) 04,2) 04,3) 04,3) 

05 ) l 06 l [ 07 oa 

FIG URE 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.8. Here, items belonging 

to the same set are separated with dotted lines. 

Fig. 2.2 shows a sub-workflow w 1 representation from the previous example in the 

figure 2.1. Phylogenetic programs and parameters and their input / outpu t data 

and metadata are represented in a pa1·tially ordered sequence of object transac­

t ions (steps) and a set of links between t hem. For example, Hemagglutinin align­

ments (o1,2 ) are the input (see 83 ) in the neighbour joining program Bion] (o 1,4 ) 

generating phylogenetic trees (see 84 ). The order between phylogenetic programs 

represents t he partial execution of phylogenetic steps. The 11 parallel 11 execution of 

programs is represented by the t ransactions in w.(, e.g. {Bion ] , M EGA, M EGA } 
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are programs in the same step. 

2.4.2 Ontology representation 

The universe of obj ects w0 = 0 , links w.c = L and their corresponding labels 

(references) is defined in the domain ontology D (see a port ion from t he PHAGE 

ontology6 in Fig. 2.3). 

FIGU RE 2.3: A sample from the phylogenetic domain ontology PHAGE. Grey rec­

tangles illustrate concepts , where t he top on es (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 eit her annotation or input / out put propert ics. 

Definition 2.4.2 (Universe of abjects). Let D = ( 0 , C , L , R :Sn , p) be 

an on tology where 0 is the set of all abjects, i .e. individual tasks and data types, 

6http ://bioportal . bioontology . org/ontologies / PHAGE 
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C the set of all concepts, L the set of all links between abjects, and R the set 

of all properties (relations) between concepts. He = (C, ~n) and Hn = (R, ~n) 

denote the concept and relation hierarchies of the ontology where ~n denotes the 

rdfs :subClassOf hierarchical relationship. Objects o E 0 and links l E L are 

instances of concepts c E C and relations r E R , respectively. The ternary relation 

p Ç C x R x C is made of triples c1 x r x c2 expressing the incidence between a 

relation r and its domain c1 and range c2 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 fil ter 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. 

FIG URE 2.4: Pipeline of the workflow extraction from texts. 

The following sections describe t he different sub-tasks of our workflow extraction 

solution. Following the standard NLP pipeline, the very first steps are going from 

the morphological analysis of t he text to the identification of syntactic classes of 

terms and sentences. Section 2.5.1 quickly goes through those steps. We present 

sorne 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 describcs our solut ion 

to recognize domain terms based on the concepts and relations from a domain 

ontology n . Section 2.5.3 proposes a way to recognize word sense ambiguities using 

the hierarchy of concepts inn. Our word sense disambiguation (WSD) technique 

is supported by a supervised machine learning approach. Section 2.5.4 describcs 

the way we create a training set to build a WSD modcl and a link extraction one. 

Sections 2.5 .5 presents the features and the classifier that we use to learn WSD 

and rclationships in tcxts . Section 2.5 .6 details the process to rcconstruct data and 

cont rol flows from the extracted and disambiguated terms and finally section 2.5.7 

presents the similarity measure to assess automatically extracted workflows based 

on expcrt-curated ones. 

2.5.1 Morphosyntactic annotation 

The initial stcp segments the text into lexical items called tokens equivalent to 

"words". In general, tokenization opcratcs tokcns with white spaces bctween them 

as far as we treat English texts . However , due to the specificity of the bioinforma­

t ics vocabulary, we use a sp cialized biomedical tokcnizer which relies on a dedica­

tcd tokcn 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 rcally one. In addition, the 

tcxt is scgmcntcd into sentences using punctuation-bascd patterns (Cunningham 

et al. , 2002b). The extracted tokens and sentences arc further taggcd with t hcir 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 bascd on a HMM (Hidden 

Markov Model) model trained ovcr 1 000 XHTML PubMed texts . Their taggcr 

achieved an accuracy of 97.43%. Next , wc us a lightweight syntactic parscr, the 

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



Sentence 

Noun -----------Activl Verb 
Phrase Phrase 

/

NLn ~Verb 
Phrase Phrase Phrase 

1 1 1 
We validate neighbour-joining trees by MEGA using 
(PRP) (VBP) (JJ) (NNS) ON) (NN) (VBG) 

No un 
Phrase 

1 

1000 replicates. 
(CO) OVNS) 

PRP: Persona! pronoun VBP: Verb, non-3rd person singufar present JJ: Adjective NNS: Noun, plural CO: Cardinal number 

IN: Preposition or subordinating conjunction NN: Noun, singufar or mass VBG: Verb, gerund or present participfe 

FIGURE 2.5: An example of a chunking tree . 
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in sentences . The depth of the "chunk tree" is strictly limited to 3 (root, phrases 

and POS tags) . Chunker complexit ies 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 workfl.ow items in texts : i.e. tasks, parameters, 

data, metadata and links between t hem . 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 (Nad eau et Sekine, 2007). For t his purpose, we use ( 1) specifie J APE7 

7Java Annotation Patterns Engine (JAPE). JAPE language is a finite state t ransducer 

on lhe GATE platform (Cunningham et al., 2013) lhal operates over annotations based on 

regular expressions. Thus, it is useful for pattern-matching, semantic extraction, and many 

olhcr operat ions over syntactic lrees such as those produced by natural language parsers . 
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rules to extract and filter workflow concept and relation instances from t exts and 

(2) a WSD mo del to clarify other semantic ambiguities : i .e. multi-class classifi­

cation ( see next su b-sections). 

In orcier to filter concept bad rnatchings from the ontology, we use specifie-domain 

stop-words, original XHTML markup annotations (from the texts) and regular 

expresswn (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 terrn 

'GA T ' is very similar to DNA codon sequences, e. g. in 'CAT ACT GTA .. . 'or 

even to other terms such 'caterpillar ' or 'cats' . In addition, sorne bioinformatics 

software names have similar issues . For example, t he 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 t he 

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 ita lie 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 adj ectives , a re written in lower case. ClassC.inst 

is the instance ID in the ontology8 , Token .category is the POS tag of a token and 

Token .orth is its orthography. R enee, for all (most) specifie program categories 9 

8Sincc instances might have "synonyms" (e.g. 'MCMC' a nd 'Markov Chain Monte Car­

lo') 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 narne in the domai n ontology ( e.g. Progra­

miD _ 9482394) . 

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

the hierarchies He and Hn. 
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in D, we build one rule for the most sensit ive POS categories grounding lexical 

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

Rule R1 : 

( { ClassC.inst ="' "~ Programf D\_", 

Token.category == (" V B" Il "N N " Il "J J"), 

Token.orth == " lowercase" }) : class 

-- > 

·input.AS.remove(class); 

Since phylogenetics sections describe processual events of how to complete spe­

cifie tasks, sentences represent (a) a causal chain , (b) active , and (c) associated 

with task steps (Diehl et Mills, 2002). However, this ru le is not always applied 

since, these sections use both, narrative and procedural texts. T hereof, for the 

link recognition step , we adopt the following hypothesis : 11 a relation between two 

concepts (domain and range) may exist in the same sentence evoking the instances 

of those con cepts. The link is defined in the verb of this sentence 11 • 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 t his purpose , we propose a frame-based (Gordon, 1998) approach 

using the ontology triple structure p = ( c1 , r , c2 ) to map and match ontological 

relations r E R with links l E L in texts : e = (o1, l , o2). Relation instances 

(links) are recognized based on a ll relation triples that exist in D compatible with 

its elements (domain , range and link type). The interpreter loads all t he 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") E D, we search for all its domain and range terms (instances) 

from t he same sentence in texts. For example, a sentence candidate, in this case, 

would be: 
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11 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 fi lter bad matchings. For example, if the phrase voice is act ive, t hen, the verb 

evoking the relation domain and range might be between these terms taking into 

account the order of domain and range terms in t he sentence (i.e. domain occurring 

before range). The rule R2 annotates the link context in texts where dStart , dEnd 

and TSLaTL correspond to 'S 'tart and 'E'nd posit ions of 'd 'omain/ 'r 'ange terms in 

the triggered sentence. 

Rule R2: 

(({Active V erb Phrase}) contains ({Domain } {Token}+ {Range})): p 

-- > 

{joT(Annotation d : domain) 

for(Annotation r : range) 

} 

i f (dStart < rStart && dEnd < rStart && p is active) 

outputAS.add(dStart , rEnd , "ClassR" , p.verb) 

2.5.3 Word sense ambigu ity recognition 

The previous process of sernantic annotation faces known hurdles rooted in the 

ward sense ambiguit ies : i.e. polysemy (Stevenson et Wilks, 2003). The problem is 

that words often have more t han one meaning ( e. g. Metonymy10 ) and sometimes 

10 Metonymy is a "figure of speech" in which a thing or a concept is referred to the name 

of something closely associated with that t hing or concept. For instance, "human" may refer to 

Lhc Homo Sapiens species orto a "an expert" referring Lo a manual processing. 
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completely different meanmgs (e.g . Homonyms11
). The meaning of a word in a 

particular usage can only be determined by examining its context. This is, in 

general, a trivial t ask 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. 

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

• Tree data was visualized using MEGA. 

In t he first sentence, MEGA is used to validate t he phylogenetic hypothesis which 

corresponds to the ' Hypothesis ValidationProgram' concept. However , in t he se­

cond sentence, the program MEGA is used in t he 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 polysemie concepts in t he domain ontology. This software-related 

polysemy is usually represented with the multiple inheritance 12 feature in the 

domain ontology. For this purpose A new concept ' GeneralPurposePackages' is 

added to the ontology D. This is done automatically while interpreting t he hie­

rarchy of concepts He to search for individuals (instances) belonging to multiple 

t ask concepts . 

For each parent concept ê of a polysemie one c (where c --< can ê is a subClassOf 

RDF relation) belonging to a mult iple inheritance in t he hierarchy He, we add the 

equivalence relationship between c and the ambiguous concept 'Multiple Purpose 

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

ferent meanings ( e.g. date, crane) 

12 1\!Iultiple inheritance is an object-orienied feat ure in which a class (concept) or an object 

ca n inheri t characteristics and features from more than one parent class. 
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We validate neighbor-joining trees by MEGA using 1000 replicates. 
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FIGURE 2.6: Ontology transformation of polysemie concepts. An example of mul­

tiple inheritance grounding polysemie concepts in n : (1) t he on tolo gy before 

(having multiple inheri tance), (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. : < : c > < owl: sam eAs > < : MultiplePurposePackages > (see 

example in Fig . 2.6) . For instance, MEGA could be used in t hree different steps. 

Renee, in order to identify polysemie words in the ontology, we create a new 

latent concept equivalent to all ambiguous concepts while eliminating mult iple 

inheritance in the ontology. 

2.5.4 Word Sense Disambiguation (WSD) 

Next, after discovering polysemie concepts in the ontology, we tag t heir ambiguous 

instances in t exts. 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 

polysemie words, WSD is to classify each ward with its appropriate task concept 

(s ense) 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 R 3 : 

Priority : 90 

( ( {Active V erb Phrase }) contains ( { GeneralPurposeP ackages }) : c) : context 

-- > 

{i f( context is active && 

} 

(context.verb.root in V erbSet : {"val id'', "test", ... } Il 
context.object.root in ParamSet : {" bootstrap", "replicate", . .. } ) ) 

c.putF eature(" resolution"," V alidationProgram" ); 

Rule R3 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 ê ( e. g. valid) in He (i.e. from the level immediately 

above). The ParamSet contains also WordNet synonyms of the corresponding 

pro gram Parameter terms ( e. g. number of bootstraps in validation programs). 

These latter are used (if they exist) as hints to classify the polysemie program to 

its right class. Hence, the pattern R3 verifies if t he 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 polysemie concept created in 
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the previous step. wc geuerate oue \t\!SD rul e. An aciclitionalrule is a.clded by the 

expert to represcnt the lcfault concept if no heurist ic is valid (dcfa1tlt rule) . 

2.5.5 Leaming module 

In orcier to create a mode! for automat ic WSD . a set of fcaturcs is gencratccl 

rcprcscnting the ciataset of a lreacly taggcci worcis in tcxts. For instance. i11 orci er 

lo ·lassify the term "l\IEGA · ( ClassC) from t he cxan1ple of Fig. 2.7. wc gcm'nü 

the set of features (JeatU1·esC) rcflcctin g it s con!cx! (sec a los table' 2. 1). 

Similarly1 alignments were examined.and investigated by MP approach with heuristic search in MEGA. 

~]1 Token IEJEJ G 1 Token 16~ EJGB EJGEJ 
01 ~ I~GŒJI DT 1~[;]0· . 

f t . C Token.category (POS) [-3,t3J 
ea u~es Token:class [-3, +3] 

Classe , 

TokensB 
featuresR TokensBe 

distanCie 
direction 
verbs 

Maximum 
Parsimony 
approach 

... - - . - - -.-=-:-:~.~.-:~ -. __ -- .&..-,~----1.:..-~- - -.·-..:.. -- ;- ~ 

--- -- ----- J: ~~"' .~:.::.. ::;;.' -·· -~: ;- -.. ---~- ~~ 
• 1 

Sentence 

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 

FIGUHE 2.7: An examplc of lcarning feat urcs for VVSD concepts and relat ion 

ex tract ion from texts. 

Here. the context cov rs a winclow macle of: the 1l 7n; concepts ( coucepts surroun­

cling the term to classify) (Token.class) and POS tags (Token.categ01 ·y) prccccl ing 
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Table 2.1: Feature descriptions 

1 Feature 1 D escription 

1 
Token.category lwin;+, win;- 1 The win, (number of) grammatical tags (POS ) 

(ConLexL POS Lags) surrounding Lhe arnbiguous word in Lhe senLence. 

2 
Tokcn. class lwin,+ , win,- 1 The win; (number of) domain concepts surround ing the 

( Coutext coucepts) a tnbiguous word iu t he seuteuce. 

3 
TokensBctween. category The ordered list of POS tags between the domain 

(Surrounding categories) a nd range terrns. 

4 
TokensDeLween.category The ordered lisL of concepts between the domain 

(Surrounrling concepts) and range terrns. 

The uu111ber of tokeus betweeu t he doumiu aud 
5 Distance 

range tenns. 

G DirecLion 
0 if the two annotations overlap, - 1 if range follows 

domain in t he sentence, and -1 if t he range precedes domain. 

7 Verbs 
The orrlererl list of verhs in t he sentence evoking the 

link triple (domain , relation , range) . 

and the W ini on es following the concerned word in t he sentence. The win dow of 

concepts represents surrounded concepts in the sentence (e.g., in a window of 3, 

'MEGA ' is surrounded with a 'Maximum Parsimony approach ' and a ' DataType' 

in Fig. 2. 7) . The window of concepts and POS tags (Win.i) is fixed in the learning 

step . In this example, wini = 3, hence, Token.class = {DataType, MaximumPar­

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 t he 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 repre enting ambiguous 
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concept and relation terms in texts should take into account t he type of these 

(features) representations. Renee, we chose to use the PAUM madel (Perceptron 

Algorithm with Uneven Margins) (Li et al., 2005) to learn WSD and relation 

classifications from on the extracted feature instances. PAU 1 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; 

Dedek, 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 T+ and L into the updating rules for the positive and negative 

examples, respectively. Here, T + and T _ 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 int ui tion that 11 the n earer a n eighbouring concept is close to an ambiguous 

concept, the maTe impoTtant it is joT classifying the given token 11
• It is about the 

same intuition for the relation classification. We represent t he distance between 

posit ive/ 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 t raditional Sequential Forwarcl 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 moclel for an automatic annotat ion of ambiguous worcls in texts 

and relations between them. 

After tuning and training our models , we applied them to the test set (test corpus) 

which constit utes 1/ 3 of the available corpus (we note t he other 2/ 3 are used for 

training) . Extracted terms and links are th en evaluatecl using different evaluation 

measures, i. e. Precision , Recall and F-Measure (Yang, 1999). Precision is t he 

·Y:/ 
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number of correctly identified items (abjects/ 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 . 

where: 

Correct+ 0.5 x PaTtial 
Precision= -=--- -----,.--- ----­

Correct+ Spurious +Partial 

R ll 
Correct+ 0.5 x Partial 

eca = ---------- ----­
Correct+ Missing + Partial 

• Correct : umber of correct annotations; 

(2.1) 

(2.2) 

• 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 harmonie average of the two. 

]\ 1 
2 x (Precision + Recall) F ;, = --~-------------~ 

Precision + Recall 
(2.3) 
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2.5.6 Workflow reconstruction 

From recognized links between concept instances in t exts, we build our concrete 

workflow knowledge database where items are the named entit ies ordered by t he 

top-level pattern in the domain ontology. Concept and relation inst ances serve 

to identify respectively the data-flow and the control-flow. For example, from the 

tuples : p1 = (Alignments, 11 is0utput0f11 , ClustalW) , p2 = (Alignments, 11 islnpu­

t0f11 , MEGA) , we construct the control-flow : w. ( = ( { Alignments} , { ClustalW} , 

{MEGA} ) and the data-flow : w.e = (p1, p2, p3) where p3 = (Alignments, 11 ge­

nlnputTo11 , Clust alW). The partial arder in t he sequence w .( is carried out wi th 

the 'generate input t o' (g en!nputTo) relation which is the result of the t ransit ive 

relation between input and output dat a from the ontology .12. 

Workflow 
W1 

islnputOf 

genlnputTo ------- -~ 

FIGURE 2.8: Example of a workflow reconstruction from a domain-ontology. Here, 

t he hard black arcs represent the possible concept matchings between the onto­

logical workflow pattern (grey rect angles) and t he workflow sequence w 1.( (blue 

rect angles) . 

Fig. 2.8 shows an example of workflow reconstruction from a domain on tolo gy. T he 
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first set in w1.( : {Sequences, Alignments, Tree} represents the data types. While 

relations p between data types and programs 'Clustal W' and 'M EG A' represent the 

data-flow, t he sequence itself in w1 . ( represents the control-flow ('genlnputTo'). 

2.5.7 Workflow similarity measure 

Following the work of? , workflows are compared by the t it les 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 t hem respecting t heir step occurrences. Unlike the work 

of Starlinger et al. (2014) and Bergmann et Gil (2014) p roposing computatio­

nally expensive workflow mapping algori t hms (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 qui te similar . Thus , we com­

pare each workflow item term against all t he others from the same step to discover 

how similar they are. We remind that each workflow a and p is represented by the 

couple((, 8) in 6.w where ( is t he set of object labels organized into t ransactions 

(steps) and 8 is the the set of relation triples connecting a domain object to a 

range one from ( using a link type l E L. The similarity between two workflows a 

and pis then given by t he average similarity in both workflow components ((, 8) : 

. ( ( ) . 8( ) . ( ) szmw a, p + szrnw a , p 
szmw a,p = 

2 
(2.4) 

Let m = fa.( [ be the total number of steps, n the number of items per step and 

k = fa.8f the number of link triples in t he actual workflow a. Each object oi,j is 

weighted by its label correctness measure w< E {0 .. 1} and each property correctness 

(triples) B1c is weighted by w 8 = w 8 ' x w 8
s where the weight w 8 ' E {0 .. 1} is 
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the degree of an abject term correctness (domain and range) and w 8
• E {0 .. 1} 

is t he degree of a link term correctness. We defi ne term "correctness " based on 

the character matchings between a term and its referring label in the ontology 

D. A partial correctness of a term v E p.( is defined as where v is a substring 

in u = a.oi ,J· We apply here the longest common substring algorit hm Salton et 

Buckley (1988) to search for the actual term string in the a.( sequence of abject 

labels. 

(2.5) 

(2 .6) 

2.6 Experiments and results 

2.6.1 Dataset 

For t his study, we downloaded scientific articles from the digital repository Pub­

Med Central PMC database (published from J anuary unt il April2015) in XI-ITML 

format. 320 texts have been extracted. At first we downloaded more t han 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 workftows from texts. T hus, we fil tered the 

downloaded articles based on the smallest ontological pattern t hat 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 workftow. 

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), CBI13 , 

Uniprot KB 14 and from Felsenstein Website 15 (Letovsky, 2006). The terminology is 

t hen reorganized in a domain ontology in arder to recognize terms and relations in 

texts. We used the Quest-Ontop plateform (Rodnguez-Muro et Calvanese, 2012) 

to map MySQL classes to SPARQL concepts in a domain ontology. The genera­

ted on tolo gy presents 17 different abject 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 t he 

BioPortal repository : http : 1 / bioportal. bioontology . org/ ontologies/PHAGE 

and the Gate implementation of our workfl.ow extractor is available in : https: 

//github . com/bioinfoUQAM/ tgowler/tree/master/WfExtractor_l.O. 

In addition, an expert has annotated manually random 100 texts from the PubMed 

database to build a workfl.ow ground-truth. Using the GATE platform and our 

ontology schema, he annotated only terms of concepts and relations that serve to 

reconstruct the phylogenetic workfl.ows from texts. 

2.6.2 Results 

ln t he first experiment , we evaluate t he WSD madel (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 : L = 5, T+ = 50, where L 

and T+ are respectively the negative and positive margins. We have picked the 

best values for L from { - 10, -5 , -1 , 0, 1, 5, 10} and forT+ from { -100, - 50, 

13http ://www. ncbi .nlm. nih .gov 

14 http: //www.uniprot . org 

15http ://evolution .genet ics.washington . edu 
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-10, 0, 10, 50, 100} based on t he validation results. ln 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 wini = 5. 

ln the second experiment , we evaluate t he relat ion extraction model. Same as 

in t he 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 : r_ = 1, T+ = 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 extract ion valuation 

results. 

Precision (%) 

PAUM WSD 99.21 

PAUM RE 72 .63 

Recall (%) 

66.66 

84.22 

F-Measure (%) 

79 .74 

77.24 

Table 2.2 shows results ofWSD and relation extraction learning. For PAUM WSD , 

the recall is the ratio of total amount of ambiguous words correct ly disambiguated 

over t he 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 t he total number of 

ambiguous words in t he exert dataset. This is understandable since the context 

of an ambiguous word could be out of its sentence context. Renee , th is is one 

of the limitat ion of our context-aware hypot hesis. PAUM RE model presents dif­

ferent results in terms of precision and recall from the PAUM WSD but it shows 

similar F-Measur s. 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 arder to understand more about our results, we present in Fig. 2.9 the distri­

bution of similarities simw between the predicted and the Ground-Truth concrete 

workflows. The overall similarity is 0.83 over t he 100 extracted conctete workflows. 

This figure shows also details about similarity distribut ions of bot h concepts and 

relat ions in workflows. The overall mean of relation similarity is 0.89 and concept 

similarity is O. 79 . The best concept results are phylogenetic inference programs 

where t he 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 scient ific 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 arder to minimize the error cast 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 madel 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 

specifie tools for madel 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 O. 77. Bat h predicted relations between madel selection 

programs and t heir madel parameters, and predicted relations between bootstrap­

ping programs and their number of replicates are 0.9 similar with the expected 

workflow relations. Even t hough the context-based pipeline support ing 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 met adata in texts (specifically for metadata, e.g. GO annot ations and name 

of organisms) , experiments show satisfying similarity results (between 57% and 

96%) wit h the expert-curated workflows and a good word sense disambiguation 

mode] with an F-Measure > 77%. 

2. 7 Conclusion 

This paper addresses the problem of t he extract ion of enriched workfiows using 

a domain-ontology to resolve word sense ambiguit ies in texts . The framework 

is supported by an application in t he 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 po­

lysemie tasks in texts . It is promising that our method reaches high similarities 

with an ontology-based word sense disambiguation approach for t asks, 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 

cont rol-flow representation with rnore sophisticated relations representing disjunc­

tion and loop controls in workfiows . Outside the context of the case acquisitions, 

we intend to include text adapta tion where, in the case of extraction defici encies 

( missing t asks) , fragments from the wor kflows are au t omatically added based on 

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

FOUILLE GÉNÉRALISÉE DE FLUX DE TRAVAUX 

Le travail de ce chapitre sera prochainement soumis à la prestigieuse conférence 

ECML PKDD 2018 : European Conference on Machine Learning and Principles 

and Practice of Knowledge Discovery in Databases, sous le t itre : 11 0ntology­

powered pattern mining : discovery of frequent abstract workflows in phylogeny 11
• 

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 : 

11 0ntology-based Workflow Pattern Mining : Application to Bioinformatics Ex­

pertise Acquisition'' (Halioui et al., 2017a) . Nous présentons la version imprimée 

de l'article dans l'annexe B. 

Cet article présente la solu tion 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 t âche de calcul 

de fréquence. La rédaction de l'art icle, la conception et l 'implémentation de l'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 l'implémentation de l'algorithme d'appariement de 

motifs a été réalisée par l 'étudiant Tomas Martin , maitrise en informat ique à 
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l'UQAM , sous la supervision du Prof. Petko Valtchev. 
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3.1 Résumé 

Les systèmes de gestion de flux de travaux actuels permettent de construire des 

solutions à des problèmes du domaine ( e.g., analyse phylogénétique, fouille de 

données) dans des processus complexes à multiples étapes qui se composent de 

t âches élémentaires. Dans des domaines riches, comme dans la bioinformatique, 

différentes connaissances liées au domaine sont à maitriser (méthodes, outils, for­

mats de données, paramètres, etc. ). Ainsi, la fouille de processus est appliquée 

afin de découvrir des motifs de flux de travaux pertinents à partir des t races 

d 'exécutions (logs) permettant de découvrir des modèles de "meilleurs pratiques ". 

Cependant, à cause de la non p ertinence (en terme de fréquence) des cooccur­

rences d 'items concrets (d'où la "sous-réutilisabité" de motifs), les motifs gé­

néralisés semblent être plus 11 intéressants '' à 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 contrôle). Nous ramenons 

le problème de la fouille des processus au cadre de la fouille de motifs séquen­

tiels généralisés avec des liens entre ses items. Notre méthode traverse l'espace 

de recherche de motifs en ut ilisant cinq opérateurs de raffinement exploitant les 

liens hiérarchiques dans l'ontologie. De plus, l'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 système ainsi que la comparaison avec xPMiner (une approche proche à 

notre solution) montre des résultats satisfaisantes en termes de temps d 'exécution 

(génération de rv13 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 t heir int ractions. Our 

method relies on workflow representations as double-labeled DAGs. Renee t he 

underlying problem is transformed into : mining generalized (abstract) sequential 

patterns with links between their items. Besicles , we propose a refinement opera­

tor, made of a set of primitives fo llowing the on tolo gy structure to t raverse the 

pattern space. In addit ion , a parsimonious matching discipline exploiting a storage 

for partial pattern-to-data matchings is used. A tudy of scalabili ty and a compa­

rison with t he xPMiner system1 proves that our method behaves in a satisfactory 

manner in t erms of mining t ime (output of 14 416 patterns in 0.75 seconds.). 

Both data and implementat ion of our approach are available in : https: 11 gi thub . 

com/bioinfoUQAM/tgowler/tree/master/WfMiner_l .l. 

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

structure) insiead of workflows as DAGs. 
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3.3 Introduction 

Workfiows, as tools for conceiving and managing complex mult i-step processes, 

are widely used in the resolut ion of complex knowledge-rich domain problems 

e. g., Bioinformatics . CmTent workfiow management systems offer a wide spec­

trum of analytical services (Wolstencroft et al. , 2013 ; Blankenberg et al., 2001; 

Lord et al. , 2012) requiring t o 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 workfiow, the user must ty­

pically mast er a large variety of methods, tools and dat a formats. In many cases, 

the ult imate success of t he 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 workfiow management for non expert users. This , in turn, 

motivates the application of automated tools to t he acquisition of problem solving 

expertise -coherent abstract knowledge about problem resolution-, e.g. , by dist il­

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 dat abases of process records, 

in particular , from workfiow representations, e.g., execution logs. As workfiows 

have an inherent graph structure, effective process mining met hods face related 

complexity issues . 

Independently, as an approach t aming the large variety of services and related 

process elements , domain ontologies have been increasingly adopted (Wolsten­

croft et al., 2013). Ontologies off er , inter alia, a t axonomy of domain en ti ti es th at 

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, t he real value lays in their ma-
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chine readability : an ontology can be leveraged in the process of KDD in orcier 

to cnsurc a variety of bencfi ts . To namc a few, t he intelligibili ty of t he discovc­

red patterns would increase, if st at ed in t he 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 coule! be assessed in a direct way. Yet , t he benefits corne 

with a cost. Ontology-compliant data is typically graph-shaped whereby vert ices 

are ·resources typee! by t he ontological categories and edges are links labeled by 

relations. Thus, mining workfl.ow patterns on t he top of an ontology amounts to 

discover (double) genem lized gm ph pattem s where both concepts and relations are 

minee!. Among the ensuing technical difficult ies , it is noteworthy that t he inter­

play between categories and relations induces a huge and highly irregular pat tern 

space . 

In t his paper , we are investigating the benefits of mining ontology-based work­

flow patterns for t he acquisit ion of bioinformatics expertise. In parti cular , we are 

focusing on Phylogen etic Analyses (Lemey Philippe, 2009) whereby datasets are 

workflows from various origins : t races from Web applicat ion logs (Blankenberg 

et al. , 2001 ; Lord et al., 2012), published workflows as such (Wolstencroft et al. , 

201 3) 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 t he 

discovery of abstract workflows from the dataset of concrete workflow records. We 

approach it as a problem of mining generalized DAG pat terns over an ontology. 

T he single t ruly comparable work from t he 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 clefine two des-
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criptive languages, one for Data (concrete workflows) and t he 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 traversa! 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 pat tern 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. Wh ile 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 t he svp­

port (frequency) of patterns. Section 3.9 shows a running example and section 4.5 

reports experimental resul ts and discusses practical validation of the entire ap­

proach . Finally, section 5.7.4 concludes the paper. 

3.4 Related work 

On tolo gy (Stumme et al., 2006) is a versatile construct that may take vanous 

shapes : from a simple is-a taxonomy, or light-weight ontology, to a fully-blown 

forma! 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 pat terns comprise abs­

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

2T he 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 

th ings - see https : //www . w3. org/ OWL 
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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 workfiows we deal with are similar to sequences where t ransactions 

(ta.sks) are only partially ordered. Besicles, at sorne 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 rE.cord forrns a double layer of 

labeled DAG. 

Moreover , our fully-fiedged 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 t ransactions with inter-concept relations 

which , due to the specifie nature of workflows , amounts to a (double) generalized 

DAG where each node/ link may lay at an arbitrary leve! within its respective 

taxonomy. As a matter of fact , determin ing the proper abstraction leve! 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 

Obj ect-Oriented approach is used to combine levels. 

Generalized graph patterns were formulated by Inokuchi (2004), yet, never fu lly 

explored since; arguably due to t he inherent complexity of t he result ing pattern 

space. For instance, Cakmak et Ozsoyoglu (2008) proposed a specifie type of ge­

neralized graph patterns, yet , the approach includes a preliminary fla ttening of 

t he data graphs : transforming all t he nodes/ edges to root concepts/ relations, 

respectively from the ontology. Similarly, Jiang et al. (2007) proposed to mine ge­

neralized patterns from RDF3 graphs with an RDF schema as a taxonomy. Y et, t he 

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

3https: //www.w3.org/TR/ rdf-primer 
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and afterwards deals with them as transactions of t riple-shaped items. Here, the 

gencralization 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 t he result is mat ched by the covered data 

graphs. Werth et al. (2009) proposed a tuple-based canonicat form (labellndex , 

predecessorlndex) attached to patterns with a 4-steps refinement opera tor : (1) 

adding a root node, (2) adding a nodej edge from a different abstract level , (3) 

replacing a node/ edge from the same abstract level and ( 4) insert an edge painting 

to the predecessor. Yet , pattern extensions do not follow a specifie order which 

yields to generate sorne duplicates. 

Using an ontology to assist mining of usage logs4 (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 a.l. (2010) is an exception since it presents a complete framework to abstract 

patterns from click-streams (logs of a semantic Web porta) ! powered by a domain 

ontology. At the preliminary step , logs are t urned into sequences of content abject 

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 t he pattern space (from the top 

to t he bottom), it uses a refinement operator made of four primitives acting on 

concepts or properties (by addingj 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 , t he mining task is inherently cos tl y. It uses 

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

Weblog database. 
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an expensive data-ta-pattern matching and it is not shown to avoid multiple can­

didate generation . Here, wc 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 th~.s 

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 clown . Howew.r , 

unlike xPMiner , our method is a depth-first miner exploiting (1) an explicit storage 

for partial data-ta-pattern rnatchings to be inherited along a downwards path and 

(2) linear extensions of the respective partial orders on concepts and propert ies to 

generate each frequent pattern exactly once. I3elow, we describe the key elements 

of our mining problem . To that end , we use, besicles an isomorphism-base mat­

ching and an ontology-based refinernent primi t ives, 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 orcier 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 informat ion , i.e. 

DNA , RNA and proteins. Fig. 3.1 shows a phylogenetic workfl.ow designed with the 

Armadillo (Lord et al., 2012) platform. With tools like Armadi llo 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/ da ta 

fim,ys drawn as nodes and links, respectively. Fig. 3.1 represents the compari on 

of phylogenctic trccs built wi th and without alignment processes, re pect ively. It 

comprises three steps : (1) aligning . equencc using ClustalW (Thompson et al. . 

2002) program ; (2) inferring phylogenet ic trees with Phyi\IIL (Guindon et al .. 

2010) and (3) calculating tree di tances using the TrecDi t (Zhang et Shasha, 

19 9) and Robin. on&Fould (Robin on et Foulds, 1981) algorithms. 

lqu t PhyMl Ouwu 

(Phylip) 
Tru 

Multiplûoquon<uAII9"'"'"' (---, Tree • 

.___".:;.;;1~=""';;;.;;1;;;;eln.;::.~1-_.• '" , Cl•-:.:~• D Ahgn..,.nt (J h "" PhyML Ou!P" ~ 1

" ' 
(Phylip) 

Tru 

Multip l~quenc~;g~;T:! Multi pldequtl'lc~::=~: 

Tree 

F IGU RE 3.1: Bioinformati cs workfiow : a recon. truction of phylogenies from the 

TKX23 pro teins (Lord et al .. 2012 ). V\Thil large rectangles depict task ( e. g., 

PhyML. ClustalV\ ) and small ones depict data types ( fultipleSequcnce. , Trec, 

etc.). oriented links stand for dat a fi ow. ·. 

Cornposing the appropriate workfiow is a cha llenging task since iL requires the 

rna tering of a large number of data format . method . . tools, parameters. etc. 

Yct, recordcd workfiows might be used as guidelines for novices and even for 11 ex­

pert 11
• Yet. given the huge variety of possible inputs, iL is unlikely for a workfiow 

to full y fit a new sit·uation. A solution would be to mine higher-level of abstractions 

ummari zing commonalities in a set ofworkfiows. In our case , one uch abstraction 

coull be read as follows : 11 Protein sequence involved in muscle contr-action aTe 

infen ·ed using a chamcteT- based m ethod, on one han d, and a progTessive alignment 

plu a character·-based injàence m ethod, on the otheT hand, and then, Tesults ar·e 
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f ed into a distance-based tree validation m ethod". 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 triples5 
{ (1 , 

isl npv.t , 2) , (1 , isl nput, 3) , ... }. Therefore, workfl.ow tasks and data types are 

organized into a hierarchy of concepts while constraints and dependcncics between 

them bccome instances of propcrtics that arc also organized in a hierarchy of rela­

tions. The respective is-a relationships arc callcd SubClassOf and SubPropertyOf 

in RDF Schema6 . Fig. 3.2 shows a part of the RDF phylogcnctic ontology whcrc 

both hierarchies arc illustratcd scparatcly. Instances arc also connected to their 

concepts/ propcrt ics using the is-a property, e. g. , the ClustalW software and its 

concept Progressive MSA. 

3.6 Data and pattern languages 

The uni verse of workfl.ow items, i.e. concepts C / objccts 0 and relations R / links 

I.. , is defined by t he ontology S1 . 

Definition 3 .6.1. Ontology 

Let S1 = ( 0 , C , I.. , R , En, p) be an ontology where 0 is the set of all abjects, 

i.e. individual tasks and data types, C the set of all concepts, I.. the set of all 

links between abjects, and R the set of all properties (relations) between concepts. 

H e = (C, En) and Hn = (R , En) denote the concept and relation hierarchies of 

the ontology where En denotes the is-a relationship. Objects o E 0 and links l E I.. 

are instances of concepts c E C and relations r E R , respectively . The ternary 

relation p Ç C x R x C is made of triples c1 x r x c2 expressing the incidence 

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

Ghttps://www.w3.org/TR/rdf-schema/ 
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~ 
otherRelations . . 

(defined in 
1
n R 1 Hlerarchy of relations Hn 

subProeero' • 
SubC/assOf 

is_a 

r3 

F IGURE 3.2: Hierarchies in the Phylogenetic PHAGE Ontology (a partial). In both 

hierarchies He and Hn. concepts / relations are light grey rectangle and instances 

are dark-coloured on es wi th data type · to the left. tasks to the right (of H c) and 

links (of Hn) . 

between a T lation T and its domain c1 and mnge c2 concepts. 

Remark (Label in the ontology). In orcier to simplify the mining tep , labels 7 ar 

uniques for each concept c E C and relation T E R in the ontology. For instanc , 

t he concept Alignment method has only one label 'Alignment ' representing the set 

of its individuals (instances) ( e.g. , local, global and structure-basee! a lignments) . 

1oreover , giv n a univer e of tasks and data 0 and links 1: , a workfiow record 

represents a double-labeled DAG with vertex labels from 0 and edge labels from 

1:. Next, we will use the terms "abject " and "link" instead of their corresponding 

labels (usag -. ), re ·pectively, in t he ontology. In addition. vertice are split into 

7 A labe l i. a self-identity and or bchav iour of individuals by the tcrms uscd to describe 

or classify t il c111 . In RDF Schema . for example. nifs :label i. an in tance of T'dj' :Property that 

may be uscd to provide a humau-rca.da ble version of a rcsource name. 
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subsequent laycrs following the steps of the phylogcnetic analysis with possible 

further splits, i.e., through a topological sort , so there is no intra-laycr edges 

rcmain. In this way, the data record becomcs a sequence of objcct transactions 

with a set of cross-transactional links. 

D efinition 3.6 .2. Data language 

.6.w is made of pairs w = ((,8) where ( = ({ol , o2 , ··· , oi1 } , {oi1 +1, . .. , Oi2 }, ..• , 

{ Oi(m- l )+ 1 , .•. , Oi, }) is a sequence of abject transactions. fn tu rn, 8 = { 01, 02, .. . , Op 

} is a set of triples where ek = (il, l , i2) represents a link of type l between the abject 

at position i 1 in w .(, i.e. w.([i1] and the abject w.( [i2] . 

In the above definition , we assume a total order among the items of w, which, in 

t urn , requircs t ransactions to be totally ordcrcd. Wc discuss a way to obtain such 

an order from the hierarchi s in the following paragraphs. At t his point, we define 

a mapping of the objcct ranks in that ordcr into the transaction ranks within w. 

In a valid triple (i1 , l , i 2 ), i 1 and i 2 belonging to different transactions whereby the 

transaction of i 1 is bcforc the one of i 2 : 

D efinition 3.6 .3 . Transaction mapping 

Let Tw : N--+ N be the function that maps item positions ta transaction IDs : 

Examplc 1. w 1 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 weil as a set of 

links. Tasks arc further spli t into steps, thus , inducing the transaction sequence 

({a}, {b,c}, {b} , {d,e}) plus the triples {(l , l2 , 2) , (l , l2 , 2) , ... , (4 , l1 , 6)}. Here, l1 

embodies t he execution order in t he workflow and l2 is the input relation bctwecn 

data types and tasks. 



93 

workflow representation 

: lt : 
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' ' 
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FIG RE 3.3: (A) Workftow representat ion of w1 E ~I l'· (B) Pattern representat ion 

of P1 E fw. 
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Notation-wise, workflow tasks and data types will, henceforth , be denoted by 

lowcrcasc lcttcrs and pattern concepts and relations be dcnotcd by uppcrcase oncs. 

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 

f w is made of pairs p = ((, 8) where p.( is the sequence of concept {labels} bags 

and p.8 is the set of relation triples. 

Re mark (Concept and relation labels m patterns). Wc necd to mention t h at 

concept usages (labels) in the pattern sequence ( arc not uniques, th us pattern 

t ransactions arc multisets8 . 

Examplc 2. p1 in Fig. 3.3 (B) rcprcscnts the sequence ( {A} , {C}, {B} ,{D} ) 

plus the triples el = (1, r2 , 2) and e2 = (2 , rl , 3) linking pattern componcnts. 

3.7 Total ordcr 

To streamline pattern mining, we define a canonical representation for each pat­

tern t hat cases, among othcrs, the detections of idcntical patterns. Such forms 

arc typically bascd on a total ordcring of pattern componcnts whcrcby the last 

position is the fo cus of refinement primitives to guarantee a non redundant and a 

unique spacc t ravcrsal. Hence, given a pattern p, a chain of refin ment operations 

can be built from p up to the root pattern by revcrsing 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. 

8 A multiset is a generalization of the concept "set" , t h at , unlikc a set, allows multiple 

instances of elements. For example, {a, a, b} and {a, b} are different multisets although they are 

the samc ·ct. 
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To that end, we define , at first, a total order between concepts/ relations in D to 

hclp sorting each transaction in workflows and patterns. Since we follow a general­

ta-specifie (top-to-bottom following the hi erarchical relations) traversa! 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 fun ctions ranke : C-----* N and 

rankR : R -----* N mapping concepts and relation types, respectively, into natural 

numbers. Ranking is obtained from t he hierarchy He and HR in the following 

way : (1) t he topological sort of the hierarchy yields to a split of C and R into 

levels, (2) for each concept cE C and relation type r E R , the choice of a unique 

canonicat parent ( e.g. , c' from t he level immediately ab ove : c -<can c' ) is done by 

ignoring multiple inheritance in t he hierarchies9 , and (3) over the resul t ing span­

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

D efinition 3. 7.1. Canonicat parent 

By ignoring the multiple inheritance in !-! e and I-!R using a post-fix traversai, the 

canonicat parent of a concept c E He is the unique concept c' whereas c -<can c' 

denoting that c' is more general than c (c is more specifie than c' ). Same for 

properties, r -<can r' denotes that r' is the canonicat parent of r in JJR . 

In addit ion , in the taxonomies !-f e and HR, a root concept ê or a root relation f, 

respectively, represent the set of the most general items in t he hierarchy besicles 

the em pty set 0, hence : ê -<can 0 and f -<can 0. 

D efinition 3. 7.2. Concept/relation ranking functions 

The .function ranke : C -----* N of a concept c is the position of c in the postfix 

topological arder of He, i.e. c -<can c' ==> ranke(c) < ranke(c'). Similarly for 

9 l n order Lo gu aran tee a unique generaLion of paUerns from Lhe ontology, th is latter might 

present unique specia lization paths in its hierarchies. Therefore, we ignore multiple inheritances 

in l-Ie and HR. 
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relations, the rank of a relation rankn : R ---+ N is the position of r in the postfix 

topological arder of Hn, i.e. r --<can r' ===? rankn(r) < rankn(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 

'Char acter Base cl ' --<can 'Inference Task' . 

Basee! on t he ranke() and rankn() fonctions , 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 t hat workflow transaction 

coule! be sorted w.r.t. a compatible orcier. Indeed, even in t hose cases, it is not 

possible to ensure a pattern and a workflow can be matched like pure sequences due 

to the partial orcier in transactions, e.g., parallel execution of tasks in workfiows . 

In other terms, while there might be no sequence matching over t he canonical 

forms , local reordering in sorne of the workfiow transactions might enable such a 

matching . 

Example 4. Matching p2.( with w2 .( (see Fig. 3.4) amounts to fine! a matching 

for every concept in p2.( while t here still be a non rnatchecl obj ect in Wz .( or a 

complete match is found. In this example, the fi.rst iteration (ordering) in w2 .( 

finds the first rnatching between the first concept c3 and the second object o3 . Next 

iteration places o3 at the fi.rst position in w2 .( and hifts non matched abjects to 

the right. A rnatching is found in this set between c6 and the last obj ect o4 . 

Reordering continues unt il all concept matchings are found (in the 3rd iteration). 

In addition , given a pattern p, t he triples in p. 8 are ordered w. r. t. t he involved 

positions. At fi. rst , we sort upon the destination positions (thi re! element in the 

triple) and then by the source ones (first element in the triple). Since there coule! 

be concept repetitions in a pattern, concept positions in p.G are ordered according 
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C3 C6 C13 

FIGURE 3.4: Matching example between concepts in p2.( and objects in w2 .(. Red 

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

pattern , e. g., at the first iteration, w2 .o3 is matched with P2·c6. 

to source positions ik and relation types rk. 

D efinit ion 3. 7 .3. Relationj link triples arder 

Let (rk, 'ik) and (r-j, 'ij) be the prefixes of two d~[ferent triples 3l , 1 < m < l , 

Since no triples share both t heir source and destination in p (with the same relation 

types), the ab ove ordering is total. This ena bles the defini t i on of the last triple in 

a pattern. 

3, 1'3 ' 7 

ŒJ 
l} p3.0 { [ 1, n , 6 ], [ 3, r2 , 6 ~~ 1, r2 , 7 ], [ 

ŒD œJ lliJ 

FIGURE 3.5: Example of triple set ranking. 

Example 5. p3.8 111 Fig. 3.5 shows a duplication of the concept c10 111 the last 
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transaction . The question t hat we rmse here is : how do we reorder dupli cate 

concepts in the pattern sequence while calculating matching workfl.ows? According 

to the above defini t ion , p3 .8 is sorted according to relation types while considering 

(the order) t he starting positions. Renee, relations on the last concept c10 (7th 

position) have relat ion rank types greater or equal than their previous duplicates 

on the same starting posit ions . For instance, the rank of T3 in e4 is greater than 

the rank of r 2 in Bz. 

3.8 Mining workfl.ow patterns 

3.8.1 Pattern space 

In order to define the pattern space, we need to define t he generality orcier (!;;,;) 

between patterns which follows the instantiation relationship ( <r) between work­

fl.ows and patterns. For a workfl.ow w E 6.w and a pattern p E f w, we assert w<rp 

(said w instantiates p) whenever there exists a sub-structure in w isornorphic to 

p. The mapping function <I> : {1 , .. lp.(l} ---7 {1 , .. !w.(l } defines t he instantiation 

relationship between w and p as follows : 

Definition 3.8.1. Instantiation relationship 

• <I> is an injective function; 

• ViE {1 , .. , IP·(I} , w.([<I>(i) ] En p.([i] ; 

• v ek =('il , T, ·iz) E p.G, 3l E L s.t. l En T and (<I>('il), l , <I>( 'iz)) E w.e. 
• Vi, i' E [1, lp.(l], Tp(i') :::; Tp(i) ifj Tw(<l>(i')) :::; Tw(<l>(i)) 

The rnapping function <I> rnaps every concept (second property) and triple ( t hird 

property) in p wit h its corresponding item in w. The last property of <I> ensures 

t hat item instantiat ions between a pattern p and a workfiow w should fo llow (1) 

the same order of items from t he same transaction in p and w and (2) t he order 

of mapped transactions between p and w. 
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Example 6. w 1 instantiates p1 ( w1 <rp1) in ( {a} , { c}, { b}, { d} ) and in links 

{l1 , l2} while l1 En r1, l2 En r2, a En A , bEn B, etc., (<P( l ), l2, <P(3)) En p 1.81 and 

(<P(3), l1, <P(4)) En p2.82 (see Fig . 3.3). 

In fact, the generality arder between patterns fo llows instantiations as a pattern 

Pl is a super-pattern (canonicat parent) of another one p~ , whenever every data 

corn panent th at instantiates p~ , instantiates also p1 , however the inverse is not 

true. 

D efinit ion 3.8.2. Generality relationship 

Let P1 and p~ be two patterns from r w, p1 is more general than p~ : p~ Ç p1 iff 

{wi E .6.wlwi<rPD Ç {wJ E .6.wlwJ<r pi} . 

Re mark (Limitat ion of the gcnerali ty defini ti on). We need to mention t h at, the 

more generic (real) generality relation between two patterns p2 j p1 implies that, 

for all possible wor kfl.ows (in our case a fin i t e set 10 ) , the fo llowing property holds : 

{wi E .6.wlwi<rp2} Ç {wJ E .6. w lwJ<r pi} (coverage). 

D efinition 3.8 .3. Levels in pattern space 

The lev el of a pattern, denoted as its generality degree g, is the sum of its cam­

panent (co ncepts and relations) depths h from the ontology where a depth h is the 

maximal path (max Depth) from a component to the root according to its hierar­

chy in D. Hence, \fei E C and 81 = (~omain'Ti,c!.ange ) E p, g(p) = L~.ç[ h(ci ) + 
2:::~ · 81 h(81) where h(81) = max Depth(ci, He) and h(81) = max Depth(ri, Hn). 

) 

Example 7. The leve! of the pattern p3 is g(p3 ) = h(c1) + h(c3 ) + h(c7 ) + h(c9 ) + 

3 x h(cw) + h(rJ) + h(r2) + h(r3 ) = 23 (see Fig. 3.2). Thus, a leve! in our pattern 

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

10Since the number of steps is fixed same as Lhe number of each inpuL/ oulpuL Lask 

pa rameters (domain constraints), the number of ail phylogenetic workflows is finite. 
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Furthermore, the generation of k + 1-level patterns from k-level orres 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 al ways clone from its last element (the 

highest rank). 

Let c be the last concept in p.(, r be the relation in the last triple of p. 8 , c a 

root concept and f a root relation in the ontology. Refining p amounts to add a 

concept / relation in the pattern or, alternatively, to replace c by c' for whom c is 

the canonical parent concept : c' -<can c. Similarly, r can only be specialized to a 

relation r' that satisfies r' -<can r. Table 3.1 lists the precise set of conditions for 

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

m rn rn rn rn 0] rn rn rn 
A 1 C D [ D A A 1 C D i D A 

11 , r 2, 3 [ 1 , r 3 , 41 
appC(A~ 

CD ŒJ 

~~~ A 1 C 1 D D 

p4.011, r 2, 3 i 1, r 3, 41 

V 
'-.addR{rs,1) 

subC{D subR{r2) ' 

c;;:lzl~ic;;;ljl~lzl~ 
11, r 2 , 3 i 1, r 3 , 41 11, r 2 , 3 i 1, r 3 , 4 i 1, r 5, 41 

mrnrnrn 
A 1 C D [ D 

j1 , r 2 , 3 f 1, r 2, 41 

FIGURE 3.6: An example of canonical operations. 
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Definition 

appC(ê) 

appends a new 

trallSactioll wit lt 

a root concept 

in iL. 

addC(ê) : adds 

a root concept to 

the last transac-

tio 11 . 

subC(c' ) : re­

places the last 

concept with c'. 

addR(r , j) 

adds a relation 1° 

between posit ion 

j and the last 

position. 

Table 3.1: Canonical operations. 

Il Constraints 

1. ê is a root concept. 

1. ê is a root concept ; 

2. Tankc(ê) 2: Tankc(p .Ç[Ip.Ç I]). 

1. é -<can p.([ lp.( l); 

2. rankc(p.([lp.(l - 1)) ~ mnkc(é) (where rankc(p.Ç[Ip.Ç I- 1)) is the 2nd 

last concept). 

1. r is a root relat ion ; 

2. p.([lp.(l ) En Tan(f} ; 

3. p.Ç[j) En dom(r}; 

4. Vk 3Tk with (k , Tk, lp.(l} E p.8 =? k < j (right most domain) . 

5. if p. ([lp.( l - 1) = p.([p.(l) t hen VI, :!Tt, (it, Tt, lp.(l - 1} E p.8=? 

Tankn.(f} 2: Tankn(Tt), it 2: j. 

subR(r') re- let Jm = max(jl(j ,T., lp(l) E p.8) and r" s.t. (jm , T" , IP(I) E p.8 in : 

places the last 

relation of the 

pattern with 1° . 

1. r' -<can T,, ; 

2. p.([lp.(l) En Tan( T'); 

3. p.([.im) En dom(T'). 

4. if p.([lp.(l - 1) = p.Ç[p.ÇI) theil VI, :!Tt, (it, Tt, IP·(I - 1) E p.8 =? 

mnkn.(T' ) 2: mnkn(Tt), it 2: Jm· 
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Here ran(T') and dom(T 1
) fun ctions return t he corresponding range and doma in concepts, 

respectively, of one relation r ' from I-ln. 
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Example 8. Fig. 3.6 illustrates all the canonical operations that we can apply on 

a pattern Pl\· To append the concept A to a new t ransaction in p-1_.(, we only 

verify if A is a root concept. However , in order to add a concept A at t he last 

transaction of p4 .(, we check if A is a root and its rank is higher t han t he last 

rank in p4 .(. Specializing the last concept subC(D') in p4 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 (r5 , 1) operation on 

p4 adds the relation r 5 between the first concept A and the last one D. To th at 

end, we need at first to verify if there is at !east one relat ion painting to the 

last position. Next, we check t he compat ibili ties between the concept A and the 

domain of r5 and between D and the range of r5 from the ontology. After that , we 

add the concerning triple after the right most one in p4 .8 having 4 (last concept 

posit ion) as t he ending point (destination) and r 5 as a relation. We remind that 

p4 .8 set is sorted by its ending and starting posit ions and then , by its relation type 

rank. The final operation sub R( r 2 ) specializes t he last relation on r3 having the 

concept A as a starting position (source). In arder to preserve the arder in P4. 8 , 

r 2 , the cano ni cal descendant of r 3 from the ontology, should start from the highest 

starting point (source) in t he subset of triples of T3 in P4·8 which is e2 = (1 , r3 , 4) . 

Bence, subR(r2 ) replaces fJ2 with t he triple : (1, r 2 , 4) . 

3.8. 2 Mining method 

Mining abstract workfiows from a database Dw on top of an ontology D and a 

minimum support threshold a amounts to find all the frequent patterns Fa = {p E 

fwl supp(p) 2: a}. Here supp(p) is t he number of workfiows from Dw matching 

p lw<rpl. We propose to use a depth-first overall traversa! in which we apply our 

refinement operator to find all candidate patterns from a given frequent pattern 

p. The algori thm starts with t he 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 + 1. The leve! candidates are 

generated from frequent patterns at levcl k by applying the canonical operations. 

Algorithm 1 Generate frequent patterns 

1: procedure GE ERATEA oTESTDF(f : frequent k-level pattern; MS : matchiug 

workflows ; a- : minimum support ) 

2: CP f- ADDC(j) U APPC(f) U SUBC(j) U ADDR(j) U SUBR(j); t> Apply all 

3: 

the canonic operations {if the constraints are satis.fied) 

for all p E CP do 

4: M ' f- FI DMATCH ING WORPKLOWS(p, MS) ; 

t> For each candidate 

5: if size(M') >= a-* I"Dw 1 then t> If the support of p is above the throshold 

6: F pk+1 add(p); t> Save k + 1 Frequent Patterns 

7: GENERATEANDTESTDF(p, M', a-) ; t> Generate k + 2 candidates 

8: end if 

9: end for 

10: end procedure 

Algorithm 1 provides t he pseudo-code to expand a k-level frequent pattern to a 

set of k + 1 candidate patterns and th en , fil ter these w. r. t . t he set of sequences 

matching the key pattern. Candidate generation from f E 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 

frequ ent , we save this latter and its matching set to calculate recursively pattern 

candidates of the next levels k + 2, k + 3, ... un t il there is no frequent patterns to 

genera te. 

A legitimate question wit h our new mining method is whether it is complete , i.e. 

it generates all t he frequent patterns. Another one is about the non redundancy 

in generation . 
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Proposition 1. Non redundancy 

There is only one way to generate a pattern pk+l from a parent pattern pk. 

?roof. If there is a root relation f on the last concept ê in pk+l , thereof, the 

last operation applied on pk would be addR(f , jm) , where Jm is the most right 

domain (see the fourth constraint on addR operation). However, if f is not a 

root relation, then, the last operation is subR(f) while there is only one way 

to specialize a relation r' : f -<can r' from the spanning trec. Morcovcr, if the 

posit ion of the last concept ê is not j and ê is a unique root concept in the last 

transaction (singleton), thcn , the last operation is appC(ê) (see t he constraint 

on appC operation). However , if ê is a not a root concept in the last singleton 

transaction , then , the last operation is subC(ê) (see t he definition of subC). If ê 

is a root concept in the last transaction (non-singleton) , then, the last operation 

is addC(ê) (see t he definit ion of addC). In addit ion , if ê is not a root concept 

in the last transaction (non-singleton) , t hen , the last operation on pk is subC(ê) 

while ê is obtaincd from a unique c' : ê -< can ê (sec the second constraint on ubC 

operation). F inally, as we shown above, if there is only one way to obtain patterns 

pk+l from pk , t hen, rccursively, there is only one way to obtain pat terns p1 from 

the root pattern p0 = (0). p1 patterns re present only root concepts c in singleton 

transactions, hcncc , the only operations that could be done on Po are appC(c) 

operations. D 

Proposition 2. Completeness 

If frequ ent patterns at the level k + 1 exist, then, any of them could be generated by 

at least one pattern from f E F at lev el k by the means of the canonicat operations. 

Proof. According to the generality order defined in definition 3.8.2 , '\/pk E F PCk 

is frequent (S'Upp(pk) 2: a-), its parent pattern pk- I is frequent too (due to the 
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monotony of t he generality relationship) . Sin ce patterns are generated recursive! y 

by applying canonical operations on t he last element and t here is alway one way 

to do it (see previous proof), t hen t he root pattern p0 is frequent . This is al ways 

t rue since t he empty set is always frequent. 0 

Due to t he combinatorial numb er of generated sub-patterns at each leve!, we 

propose to generate less pat terns while there exists no super pat tern (in sorne 

higher leve!) Pi Ç Pi with the same support or a Pi with { wi E ~wlwi Ç Pi} C 

{wi E ~w l wi Ç Pi } (coverage property) . 

Remark (Not closed patterns). Sin ce our pattern space is not built on the generic 

generality order11
, it is t rickier t o spot all the d osed patterns or maximals (Zaki 

et Hsiao, 2002) due the proposed canonical operation. However, we only prune 

here a set of patterns 11 covering '' the same set of workfiows in order to prune more 

pat terns for the end-user interpretability. 

The algorithm 2 resumes the first algorit hm of mining while pruning all patterns Pi 

satisfying the above "covered " pattern assumpt ion. At t he first place, we eliminate 

all candidate patterns Pi E C P having the same support as t heir parent f (li nes 

6- 9), t hen , verify if Pi has no super pattern Pi ~ Pi verifying t he "coverage " 

property ( see lin es ll- 17). 

Matching workfiows 

In order to improve the matching operation , we propose to calculate frequent 

patterns p E F u start ing from t he last visited concept or relation . Renee, we do 

not need t o recalculate all t he ma tchings for each concept and relation posit ions in 

11 Each leve! in the pattern space is ciefi neci by t he five canonicat operators in orcier to 

maintain a total orcier bctween pattern items. 
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Algorithm 2 Prune 11 covcred 11 patterns 

1: procedure PRU EPATTERNS(j : frequent k-level pattern ;MS matching work-

flows ;a : minimum support ) 

2: CP f- ADDC(j) U APPC(j) U SUBC(j) U ADDR(j) U SUBR(j) ; 

3: for all Pi E CP do 

4: cover ed f- False ; 

5: M ' <- F'I NDMATC III NC WORFKLOWS (pi , MS) ; 

6: if size(M' ) >= a* IVwl then 

7: if size(M') = size(M S) then r> if the number of a candidate matchings 

is equals ta the number of its parent matchings 

8: 

9: 

10: 

11 : 

12: 

13: 

14: 

15: 

16: 

17: 

18: 

19: 

20: 

removeF:romFP(pi); r> the candidate is covered by its parent 

covered f- True ; 

e lse r> S earch for covered patterns within the set of ali other candidates 

for all Pj E CP do 

if {wi E tl w lwi [.;;; p.;} C {wj E tl wlwj Ç Pj} then 

candidate matchings is covered by (intersects with) an another candidate 

removeFromFP (pi); 

cover-ed True ; 

break ; 

end if 

end for 

end if 

if covered = False then 

r> if ali 

F pck+1.add(pi) ; r> if the frequent pattern is not covered by any other 

patter-n, then, we genemte its frequent sub-patterns 

21: PRU EPATTERNS(pi , M', a) ; 

22: end if 

23: end if 

24: end for 

25: end procedure 
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the pattern. Besicles, calculating the frequency of a candidate pat tern generated 

from a canonical parent amounts to find all the workfiows that mat ch with t he 

candidate based on t he workfiows matching its parent . For example, if p~ [:;; p1 and 

wi<I.p 1 , t hen , all we need is to verify if t he matchings between p~ still hold start ing 

from the last operati on on p~. Therefore, t he matching set of pattern candidates 

is reduced correspondingly to t he matching set of parent patterns. 

For t his purpose, we propose a linked list of canonical operations on pattern 

items that we call blacks. Each block in t he matching structure corresponds to 

a canonical operation divided into concept blocks and relation blocks. Concept 

blocks represent t he operations of appending, adding and specializing concepts 

and relation blocks represent constraints on concept blocks i.e. operations on 

S ource and Destination concepts of adding and specializing relations. Renee, we 

divided relation blocks into two types of blocks : source blocks representing the 

start ing points of a relation and destination blocks representing the ending ones. 

Concept and relation blocks are ordered so each mat ching structure represents the 

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

Adding a new relat ion addR(r , il) amounts to create a source block and a desti­

nation one in the mat ching structure MS . At first, we search for the matching on 

t he destination posit ion i 2 based on previous matchings of t he parent M S(p) and 

create a destin ation block in the right place ( according to relation constraints if 

t hey exist) . Moreover , t he source position i 1 validations start from t he destination 

solut ions of i2. 

Looking for t he t riple in w. G which matches in destination wit h the posit ion i 2 

is presented in t he Algorithm 4. The search for workfiow instantiating M S(p) is 

done on t he set of workfiows instant iating its parent (line 3). The array m stores 

matching positions between w. G and p. G (line 5). The search begins from the last 
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Algori thm 3 Ad ding relation blacks in MS (p) 
1: procedure AooRELATI O! BLOCKS(M S(p) : matching structure of a pattern p ;r : 

relation to add, i1 : position of starting concept) 

1> destination validation 

2: sib {-- 0; 

3: i2 {-- IP-(1 ; 
4: ranB {-- MS(p) .getCptBlock(i2) ; 

5: mRan {-- MATCHINGDESTINATIO (MS(p) , ranB, i2 , r); 

6: if ranB.lastRelationOn(i2) then 1> create a link with the previous position 

7: sib {-- M S(p).nextRelBlock(i2) ; 

8: e lse 

9: sib {-- MS(p).getCptBlock(i2) ; 

10: end if 

11: CREATEDESTINATIONBLOCK (ranB, mRan, i2, sib); 

1> source validation 

12: domB {-- MS(p).getCptBlock(i 1); 

13: mDom {-- MATCHINGSO "RCE(MS(p) , domB , i1 , i2 , r); 1> if there's no other 

relation constmint on c1 

14: if domB .lastRelationOn(i 1 ) t hen 1> create a link with the previous position 

15: sib {-- MS(p).nextRelBlock(i 1 ); 

16: else 

17: sib {-- MS(p).getCptBlock(ii); 

18: end if 

19: CREATESOURCEBLOCK(domB, mDom, i1 , sib); 

1> update MS{P) 

20: MS (p) .lastAddedsource {-- domB ; 

21: M S(p).lastAddeddestination {-- ranB; 

22: M S(p).lastAddedRelation {-- r; 

23: r e turn MS(p) ; 

24: end procedure 
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Algorithm 4 Verifying destination matchings 

1: procedure MATC HINGDESTINATION(M S(p) ; ranB; i2; T) 

2: result +--- 0 ; 

3: while w E MS(p).listW() do 

4: notF ou nd +--- true ; 1> foT each w which previously matched MS (p) 

5: m +--- w .G.getMatchedPos(MS(p)) ; 1> get all matched positions in w 

6: if ranB .hasRan() then 1> if the source black points to a source already 

7: j +--- m .getLastPos(ranB.getRelPos()); 1> search begins from that source 

8: else 

9: j +--- m.getLastPos( lp.GI) ; 

10: end if 

11 : i +--- lw.81; 

12: 

13: 

14: 

15: 

16: 

17: 

18: 

19: 

20: 

21: 

22: 

23: 

while i >= j and notFound do 

matchR +--- r En w. 8[i].lnk() ; 

match7. +--- p.([i2] En w.8[i] .mn() ; 

if matchR and matchr then 

m[w.8[i ]] = IP-81 + 1 ; 

notFound +--- fals e; 

end if 

z-- . 
) 

end while 

result.add(wiD, MS(p)w , m) ; 

end while 

return result ; 

24: end procedure 

1> for each relation in w 
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co 
Ec 
pK 
T S 

F IG RE 3 . 7: Example of add ing a re lation odr!R(1" 1 • 3) in the mc1.tc!Jing st ructure 

of j\JS' (p'1) based on !1 1S(p1 ) . Rectangles in !1151 and !l i S; correspond to blacks 

showing the ou t pttt of C'èUJOJlical operations. m store.· nmtched triple positions b et­

we n w1 .8 and p1 .8 . For instance. t he value 2 in the 3•·d cell of 'Ill represents the 

m atching b etween p 1 .8 [2] ancl1u 1 .8 [3]. Grey rec taugles in w 1 a nd 111 represent pre­

viously matched positions. Red recta ngles repre.-eut the ncwly matclwcl posit ions 

aftcr addiug t he re lat io u oddR(1" 1 • 3) . 



Algorithm 5 Verifying source matchings 

1: procedure MATCH INGSOURCE(MS(p); domB ; i1 ; i2; r) 

2: 

3: 

4: 

5: 

6: 

7: 

8: 

9: 

10: 

11: 

12: 

13: 

14: 

15: 

16: 

17: 

18: 

19: 

20: 

21: 

r esult +- 0; 

while w E M S(p).l-istW() do 

notFound +- true; 

m +- w.e.getM atchedPos(M S(p)); 

i +- m.getLastPos( fp.G f + 1) ; 

if not (p.((il) En w.8[i] .dom()) then 

i--. 
) 

while i > 0 and notFound do 

·is _ R +- r En w.G[i].lnk() ; 

i s_ r +- p.( [i2] En w .G [i ].ran() ; 

is_d +- p.( [i1] En w.8[i].dom(); 

if is R. and is r and is d then 

notFound +- fa lse; 

end if 

i--. 
) 

end while 

update(wrn , M S(p)Jo , m) ; 

end if 

end while 

return result; 

22: end procedure 

111 

element in w1.8 and ends at t he last found matching in m (lines 6-9) . Next, we 

search in w.G the triple 8[i] that matches in the destination i2 and in t he relation 

r. If 8[·i] is found , t hen , we add the new triple occurrence at the ·ith position in 

m (line 15) . Finally, we store t he matching informations in t he hash table r esult 

(line 18). For example, in Fig. 3.7, adding a rela tion r 1 between the 3rd 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 workfiow triple set w. 8. The scar·ch begins from the last t riple B6 and it 

ends at t he last matched tr iple in m which is B3 . The first matching is found in B5 

since t he last element in p1 matches with the 5th element in w 1.( (d En D) and 

l1 En r 1 . Hence, a new element 3 is added at the 5th position of m representing a 

matching between w 1 . 8 [5] and PI· 8 [3]. 

The algorithm 5 describes how source solutions are found based on previous mat­

chings from the last operation on t he element of 'i2 . All potential workflows instan­

tiating the pattern p are already stored in the hash table result from the previous 

matching validation on ·i2 . The search for the source matching of ·i1 in a workfiow 

starts from the last triple matching found in m (line 5). If t his t riple still matches 

in the source position ·i1 , then , a fin al solu tion is fou nd and m will not be updated 

(line 7). However , if the triple does not match , then , we restart the search in w. 8 

while reverifying all operation constraints until a new matching is found , t hen , we 

tentatively update m (line 16). For instance, in orcier to find t he source matching 

t he 3rd concept (B) in the workfiow w1 (see Fig.3.7) , we need at first to point to 

the last destination solution in m which is th the 5th triple in (w1.8) . The sear·ch 

begins from t his t riple position unt il a possible olu t ion is found. T he next object 

instantiating Bis the 4th abject (b) found also in w1.8[5]. The search stops here 

since a full matching is fo und. No matching update is required in t his case. 

3.9 Running example 

Consider t he table 3.2 introducing a set of three workfiows , whereas the mem­

bership classes of each individual abject and link are given in the phylogenetics 

ontology in Fig. 3.2 . Assume, also, that t he relative minimum of support is 0' = 2. 

Each 1-frequent pattern is tentatively extended by the means of all t he five 

canonicat operations to produce the set of 2-frequent patterns (see the second 



Table 3.2: Example of Workfiow sequences. 

Object transactions. 

ID 1 Objects 

w 1 ( {KCC2D , sequence, alignment , tr }, {ClustalW} , {MrBayes}) 

w2 ( {multipleSequences, alignments, trees}, {PhyML}, {PhyML} ) 

w3 ( {Myosin-7, multipleSequences, alignment}, {T-Coffee} ) 

Link triple sets. 

ID 1 Links 

w 1 (2, islnput , 5 ), (3, isOutput, 5), (3, isl nput, 6) , (4, isOutput, 6) 

w2 (1, islnput , 5 ), (2, isOutput, 5) , (2, islnput, 6) , (3, isOutput , 6) 

w3 (2, islnput A, 4 ), (3, isOutputA, 5) 

113 
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Table 3.3: Frequent patterns , their associatcd supports (Su pp.) and corresponding 

workflow instantiation I D s (Inst .). 

Frequent 1-patterns . 

ID 1 Pattern 1 Supp.l Inst. 

P1 (({Data}) , {}) 3 1, 2, 3 

P2 (( {Task} ) , {}) 3 1,2, 3 

Frequent 2-patterns. 

ID 1 
Pattern 1 Supp. l Inst . 

P3 ( ( {Data, Data} ) , {} ) 3 1, 2, 3 

P1 ( ( {Data}, {Task} ), {} ) 3 1, 2, 3 

Ps ( ( {Task}, {Task} ) , {} ) 3 1, 2, 3 

P6 ( ( { GcneOntology} ) , {} ) 2 1, 3 

P1 ( ( {Data Type} ) , {} ) 3 1, 2, 3 

PB ( ( {MSATask} ) , {} ) 3 1, 2, 3 

pg ( ( {InferenceTask} ) , {} ) 2 1, 2 

sub-table in table 3.2) . For instance, concept specialization on the last concept 

of p2 : i.e. S'UbC('Task') , produces t he patterns PB and pg. This latter is success­

fu lly instantia ted by the first and t he second workfiow but it fails t he matching 

with the third one, hence its support is 2. At the first step, generated patterns 

p1 and p2 have only one concept generated from the root concepts in D using 

t he 'appC' operat ion on {0} (see the first sub-table in table 3.3). The matching 
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Frequent 3-patterns. 

ID 1 Pattern 1 Supp.l Inst. 

P10 ( ( {Data, Data, Data} ) , {} ) 3 1, 2, 3 

Pu ( ( {Data, Data}, {Task} ), {} ) 3 1, 2, 3 

P12 ( ( {Dat a}, {Task} , {Task} ), {} ) 2 1, 2 

Pl3 ( ( { M uscleCont raction} ) , {} ) 2 1, 3 

P1 4 ( ( {Alignment} ), {} ) 3 1, 2, 3 

P1s ( ( {Sequence} ) , {} ) 3 1, 2, 3 

PI 6 ( ( {Tree} ) , {} ) 2 1, 2 

Pl1 ( ( {progressiveMSA} ) , {} ) 2 1, 3 

P1 s ( ( {Char acter Based} ) , {} ) 2 1, 2 

Pl9 ( ( {Data}, {Task} ), {(1, isl / 0 , 2)} ) 3 1, 2, 3 

P2o ( ( {Data, Sequence} ) , {} ) 3 1, 2, 3 

P21 ( ( {Data, Alignment} ) , {} ) 3 1, 2, 3 

P22 ( ( {Data, Tree} ), {} ) 2 1, 2 

P2:3 ( ( {Data} , {MSATask} ) , {} ) 3 1, 2, 3 

P24 ( ( {Data}, {InferenceTask} ) , {} ) 2 1, 2 

P 2s ( ( {Task} , {InferenceTask} ) , {} ) 2 1, 2 

procedure calculates, for each candidate pattern, t he number of its workflow ins­

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

the database , bence, 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 t he pattern 

p4 . Extending t his latter yields to generate the frequent patterns (1) p12 by using 

the appC('Task') operation, (2) p19 by adding a new relation addR('·isl /0' , 1) 
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between 'Data' and 'Task' and finally (3) p23 and p24 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 workftows out of a corpus of 2 500+ art icles from the 

PubMed PMC repository. We also used the PHAGE phylogenetic ontology publi­

shed in Bioportal12 with t he following metrics : 114 concepts, 1 000+ abjects (we 

ignore here vocabularies on species, genes and proteins) and 1 105 links of 14 

different properties. Out of the discovered workftows , we composed two datasets : 

(1) WFG, contains 500 expert-validated workftows (12 abjects and 6 links, on 

average), constitutes our ground truth , (2) WFPub_l , wit h 2 783 workftows (11 

abjects 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 

workftows as well as the average workftow size in tenns of abjects and links. In 

addition , we created two other categories of datasets with different abject and 

link sizes, based on a simulation on th top of t he domain ontology. In t he first 

group , WFSimO _ X, we kept the average number of abjects in the workftow 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 plausibili ty : on the 

general knowledge from the processual ontology, we used 15 top-level workftow 

patterns provided by t he aforement ioned expert (e .g., PE = ({Data Collection}, 

{Sequence Alignment} , { Phylogenetic Inference })). Renee, these patterns are used 

12http: //bioportal.bioontology.org/ontologies /P HAGE 
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Table 3.4: Workftow datasets. 

Il # wf 1 avg. # obj.l avg. # links 

WFPub 1 2 783 11 7 -

WFPub 2 631 12 6 

WFPub 3 100 11 5 

WFG 500 12 6 

WFSimO 05 100 5 11 

WFSimO 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 

T he # wf column presents the total number of concrete workflows in each database. The 

numbers in avg. # obj. and avg. # links eolumns are the average number of abjects and 

t he average number of links , per workfl ow in the database, respectively. 

to generate randomly workftows as multisets of abjects 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 ext racted workftows) and the expert-curated one 

WFG starting from the t hird leve! of the ontology. The first pattern P1 is rv60% 



118 

frequent in the database. It represents Bayesian phylogen etic tree reconstruction 

from aligned set of proteins. The second pattern ? 2 (support of "'30%) also repre­

sents a protein-related workfl.ow. At first , sequen ces are aligned with a multiple 

sequen ce alignment program, then, the result is used in a character based m ethod 

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

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

islnstaqceOf Pt Execution Order . ......... . ...... 
Relation 

Concept 

Afig~edBy 
Step separator 

FrG RE 3.8: Example of generated patterns. 

The third pattern ? 3 is even less frequent , yet , it comprises more specifie concepts 

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

nal nucleotide sequence databas e using a pai?·wise alignment program. The out put 

alignments were used in a madel 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 di.stan ce-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 Œ 

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 Œ leads to larger pattern sets. 

Fig . 3.9 (B) , illustrates the evolution of total time spent on matching upon increase 

in the ontology leve! (with a constant Œ = 0.7). Unexpectedly, we found a pick 

in the matching time at leve! 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 leve! 0 to leve! 1. Hence, the matching cost at leve! 

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 sin ce more matching operations are 

do ne. 

Fig. 3.9 (E) and (F) show the mean running time over increasing prefixes of the 

WFPub_l 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 (rv15 orders of magnitude). Even if our method of pruning is not mono­

tone, with such rapidity (processing of rv3K 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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w hile running on the W FG cl ataset ( expert-curated) . Even if th at xPMiner do es 

not handle workfiovvs, we managee! Lo Lransform our input inLo sequences while 

"ignoring " the partial orcier of steps. We comparee! the running t ime execution. 

fo r the entire mining ta k as well as the proportion spent on matching for a range 

of values of CJ. The outcome is depictecl in the Fig. 3.10. The top diagram shows 

that our algorithm spends only a tiny proportion on matching for lower values of 

CJ (larger pattern set} For example. with CJ = 0.6 , only "' lü% of the total t ime 

goes to the matching task. However. in xPMiner (bottom diagram). the matching 

takes rv50 7b of the total t ime, a ratio of our method reaches with CJ above 0.9. In 

addition , over the entire mining process our method st adily outperforms xPMiner 

by a factor of three even wit h much complex representation. (workfiows) in tead 
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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 workfiows) 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 arder b tween workfl.ow items in arder 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 t he pattern space. Finally, we de­

signed a depth-fi.rst mining method to generate non redundant patterns (patterns 

covered by the same set of workfl.ows) exploiting the generalization relationship 

to reduce the matching computations. Our method was validated on different si­

mulated and expert-curated datasets of phylogenetic workfiows retrieved from the 

domain literature. A challenging research avenue to look at would be the design 

of a domain-specifie interestingness criteria - instead of support- , e.g., exploit ing 

the ontological knowledge to measure the "semantic" similarity between abstract 

patterns and concrete workfl.ows. 
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CHAPITRE IV 

UN SYSTÈME D'ACQUISITION DE FLUX DE TRAVAUX ABSTRAITS 

Le travail de ce chapitre a été accepté et est en cours de publication dans le journal 

J ournal of Computational Biology (JCB), 2017, sous le t itre 11 T-Gowler : Disco­

vering Generalized Process Models within Texts 11 (Halioui et al., 2017b). Nous 

présentons la version imprimée de l'article dans l 'annexe C. Nous notons que la 

version courte du papier a été publiée dans la conférence IEEE 27th Internatio­

nal Conference on Tools wi th Artificial Intelligence (I CTAI), 2015, sous le titre 

11 Acquisition of generic problem solving knowledge t hrough information extraction 

and patt rn mining 11 (Halioui et al., 2015). 

Ce chapitre consiste à introduire l'architecture de notre système T -Gowler dans 

ses deux modules : (1) extraction de flux de t ravaux concrets à part ir des textes et 

(2) fouille de motifs généralisés. Dans cet article, nous reprenons les deux contri­

butions dans leur cadre systémique afin de présenter l'architecture complète 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. 
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4.1 Résumé 

Le problème d 'acquisition de connaissances génériques de résolution de problèmes 

présente des limites bien que d 'énormes quantités de données processuelles concrètes 

existent dans la littérature du domaine. L'apprent issage automatique des cas de 

résolution de problèmes est confronté à plusieurs défis majeurs , à savoir , la com­

plexité du domaine d'application (en concepts, relations, événements , processus, 

etc.) et la 11 lisibilité 11 par des machines automatiques (machine-readability). Nous 

étudions dans ce papier le problème d 'acquisition d 'expertise dans le domaine de 

l'analyse phylogénétique qui présente, dans sa littérature de textes , des sources 

d 'information riches en connaissances processuelles et factuelles . En effet, nous 

proposons le système T - Gowle r 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 génère des abstract ions de motifs géné­

ralisés à partir des flux de travaux concrets extraits du texte. Ainsi , not re système 

comporte cl ux 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 deuxième factu lle (du domaine). 
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4.2 Abstract 

Contemporary workfl.ow 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 

workfl.ows into models tackle design aspects related to the diverging abstraction 

levels of the tasks. Concrete workfl.ow logs represent tasks and cases of concrete 

events -part ially or totally ordered- grounding hidden mult i-level (abstract) se­

mant ics and contexts. Relevant generalized events could be rediscovered wit hin 

these processes. We propose in this paper an ontology-based workfl.ow mining sys­

tem to generat e pat terns 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 workfl.ow extractor and 

a pattern miner . To this end, it uses two different ontologies : a domain one (to 

support workfl.ow extraction from texts) and a processual one (to mine generalized 

patterns from cxtracted workfl.ows) . T-Gowler implementation and data sources 

are available in : https: 11 gi thub. com/bioinfoUQAM/tgowler. 
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4. 3 Int roduction 

Workfiows (Taylor et al., 2014) are increasingly designed as an efficient way of ma­

naging complex mult i-step processes for t he resolut ion of complex problems from 

knowledge-rich domains such as medicine, biology, chemistry and bioinformatics. 

This conducts to a growing popularity of workfiow platforms offering a wide spec­

t rum of analytical services (Wolstencroft et al., 2013 ; Blankenberg et al., 2001 ; 

Lord et al., 2012). However , in or der to build successfu l workfiows, t he user must 

typically master a large variety of methods, tools, data formats , etc. In many 

cases , the ult imate success of the workfiows depends on t he right choice of t he 

included methods, software parameters and versions, etc. In fact , such a deman­

ding environment reduces the value of Workfiow Management Systems (W MS) 

for non expert users. Facing these challenges, Process Mining (Ellis et al., 2006 ; 

Van der Aalst , 2016) , a brand1 of Knowledge Discovery from Data (KDD ) (Fayyad 

et al., 1996) , studies the discovery of reusable knowledge from data bases of pro cess 

records , in part icular , from workfiow representations such as execut ion logs . As 

workfiows have an inherent graph structure , effective process mining methods face 

the related complexity issues . A workfiow graph depicts an analytical resolu t ion 

in ter ms of blocks and t heir interactions (control/ data fiows ) drawn as no des and 

li nks, respectively. Yet, given the large spectrum of possible inputs , it is unlikely 

for a recorded workfiow to fu lly fit a new sit uation. A solut ion could be to mine 

higher-level of abstractions summarizing commonali ties of a set of workfiows. 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 abstract ing ontology-based pat­

terns out of click-streams (from the logs of a semant ic Web portal powered by 

a domain ontology) provides an alternat ive view (Adda et al. , 2010). Yet , here, 

we deal wit h 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 t he complex 

nature1 of th underlying domain problcm, the DAGs arc split into ordered layers. 

In the next section, we define first t he different elements of t he ontology, followed 

by two descript ive languages : Data and Pattern languages. We also introduce t he 

pattern space, the instant iation 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-Dawn Depth-First t raversai method 

using t he support metric as a quali ty criterion for the generated patterns. 

Since we already described t he t echnical details about t he proposed methods to 

extract and mine generalized workflow pat terns 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 Phylogcnetics 

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

t erns within t exts. Our T -Gowler system contains two modules: (A) WfExtractor 

extracts workflows W from texts and builds a workflow database Dw and (B) 

WfMiner mines frequent generalized patterns F from Dw (sec Fig.4.1 ). The first 

module ( developed on GATE platform2 by Cunningham et al. (2013)) requires 

1The defini tion of the domain concepts and constraints is a complex task itself. 

2 GATE (www . gate . ac. uk) is a well-known environment for annotation tasks using clif­

ferent NLP ( atural Language Processing) techniques such as Open LP parser and Stanford 

POS tagger . 
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4.4. 1 WfExt ractor : workflow extraction from texts 

The extraction process takes place 3 different steps : (1) named entity (o E 0) 

extraction , (2) link (l E .C) extraction and (3) workflow w E 'D w 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 (Sett les , 2004) and a simple sentence 

split ter (Bontcheva et al. , 2013) , (2) the MedPost / SKR POS tagger (Smith et al. , 

2004) and (3) t he lightweight Open LP chunker (Buyko et al., 2006) to identify 

active and passive verb phrases in texts. 

For bath 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 

sorne hurdles due to t he syntactic and semantic ambiguities, i.e. polysemy (Ste­

venson et Wilks , 2003) in sorne domain concepts . For instance, t he program term 

MEGA (Ku mar et al. , 2016) could be used to eit her validate t he 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 specifie JAPE rules4
. For example, when 

the passive verb phrase (context) contains a 'program' term in its obj ect and the 

root verb is a synonym to 11 valid 11 (from the Hypothesis Validation concept), t hen , 

its probability to be a validation program is very high. Renee, for each polysemie 

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

4Java Annotation Patterns E ngi ne (JAPE). JAPE language is a fi ni te state transducer 

on the GATE platform (Cunningham et al. , 2013) thaL operates over annotations based on 

regular expressions. Thus, it is useful for pattern-matching, semantic extraction, and many 

other operations ovcr syntactic trces such as thosc prod uced 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 t he five next and previous concepts 

and tokens. In arder to represent our context-based ext racted features, t he PAUM 

(Perceptron Algorithm with Uneven Margins) madel (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 t he distance between posit ive and negative examples which fi ts t he 

nature of our features since posit ive and negative contexts are represented with 

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

For t he relation side, we adopt the following hypothesis : A link between two 

related concepts exists in t he same sentence evoking t he instances of its domain 

(source tenn) and range (destinat ion term ). Such link is represented in the verb 

located between the concerned terms (depending on t he sentence voice). Renee, 

in arder to recognize links in texts , we map t he couple c1 , c2 , from the t riple p = 

( c1 , r , c2 ) in the ontology, on text sentences. For example, for the relation instances 

of T : ·is R eLr ievedln, defined wit h c1 : D alaType as t he relation domain , and c2 : 

Database as t he relation range, we tag t he context of t he link wi th its relation 

type , e.g. alined in in t he text is tagged wit h t he 'isRetrievedl n relationship. A 

PAUM mode! is t hen constructed using the fo llowing set of features : (1) token 

POS tags, (2) distance, (3) direct ion and (3) t he list of verbs between domain and 

range instances in t he context phrase ( see table 2.1). 

Finally, from the recognized links between named ent it ies in texts, we build a 

concrete workfl.ow knowledge database 'Dw where items are named entit ies ordc­

red by the genl nputTo propert ies (relations) from the processual ontology. For 

cxample, from the t uples: (p1 ) (16srRNA , "isl nputOj" , ClustalW ), (p2 ) (Glus-
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talW, 11 genlnput To 11
, PHYLIP) and (p3 ) (PHYLIP, 11 genlnputTo 11

, TreeView), we 

constructthesequence ( { {16srRNA} , {ClustalW} , {PHYLIP} , {TreeView} }, { 

(1, 11 islnputOj" , 2) } ) where 1 and 2 correspond the domain and range positions, 

respectively, in the workfiow sequence. 

4.4.2 WfMiner : mining generalized workfiows 

Here, we propose an Depth-First approach to generate generalized sub-graphs of 

workfiows out of concrete ones . We propose two descriptive languages to represent 

the pattern space. The data language 6.w is derived from sequences of abjects and 

sets of link IDs from the processual ontology D. For instance, t he workfiow DAG 

w1 in Fig. 4.2 is a poset w.( of abj ect items i E {1 , .. 7} and a set of link triples 

w.e of with link types l E {1, .. 6}. The second language r w is used to representa 

pattern pas an abstraction of w E Vw (e .g. , w 1<J:p1 : w1 instantiates PI)· Renee, 

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

triples p.B. 

i2 i3 i4 is is i? 

w • .( 

w •. e 
11 12 ) ( 13 14 15 ) 16 

Workflow representation (w•) 

Pattern representation (p•) 

C10 C11 C14 ) C1s 

e Multiple • Sequence e Character • Tree 

J 
Allgnment Based Vlsuallzatlon Sequences 
Program Program Program 

• (1 ' • (1 ' 
lslnputOf, 2) genlnputTo, 4) 

R2 

FIGURE 4. 2: Workfiow 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 orres , which amounts to the computation of fivc canonical 

operations in a Depth-First sear·ch strategy from the ontology: (1) appC- appends 

a root concept to a new transaction, (2) addC - adds a root concept to the last 

t ransaction, (3) addR - adds a root relat ion 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 mechanisrn. Their unrestricted use is redundancy-prone and hence, 

would harm the efficiency of the global mining process. In t he previous work of 

Adda et al. (2007) , calculating the support of a pattern p amounts to match p 

with all the workfl.ow 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 pk+l begins 

from the last visited concept/ relation in th parent pattern pk and bence, we don 't 

need to recalculate all the matching possibilities for each concept and relation 

pr viously match d at level k. The propo ed matching structure N!S is a 11 stack 11 

of operation results (ad ding/ specializing concepts/ relations) on parent patterns. 

For example, the arrows in Fi_r]. 4.3 show the way we obtain a pattern p2 using t he 

refinement operator. Calculating t he support of p2 is clone starting from the last 

operation on p1 , i.e. ad dR( r-2 , cu). If the n xt operation in the k + 1 th iteration 

is to add another relation addR(r3 , c14 ) to p2 , then, the matching structure of 

p2 (MS(p2 )) puts relation blacks ('sour-ce' and 'destination' relation blacks s) in 

their proper positions and calculates the possible matchings from the matching 

set of t he parent pattern M S(p1). 
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4.5 Experiments and resul ts 

4.5.1 Case study phylogenetics analyses 
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Phylogeny (Lemey Philippe, 2009) represents the cvolutionary history of a group 

of organisms having a common ancestor. Inferrcd from nucleic acid (DNA or R NA) 

or protein sequen es, phylogenetic relations are discovered with tools detecting 

diff r nt evolut ionary phenomena such as dupli cations, insertions and deJetions 

(s Ani imova et al. , 201 3). 
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known cla tabases in the phy logenet ics li tera ture sucl1 as t he UuiprotKB6 (for gene 

5http:/ / www.ncbi.nlm.nih . gov/ pmc 

6http: //www.uniprot.org 
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and prat in names) , Gene Ontology (Ashburner et al., 2000), Taxonomy Browser7 

and the Fclsenstein Website 8 . This gazcttecr is then , reorganized in a domain 

ontology in arder to recognize terms and relations in texts like described in the 

WfExtractor module. Text , 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 databas e9 are f ed to (2) a homology search program and 

(3) a phylogenetic inference one. Finally, bath domain and processual ontologies 

are merged into one10 (see Fig. 4.4) in arder to mine frequ ent 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 . 

4.5.2 Named entity learning results 

An expert bas 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 madel results in arder 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. 

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

relation and concept terms, i.e. : dat a types , gene ontology annotat ions , phylo-

7http ://www .ncbi.nlm .nih . gov/Taxonomy 

8http: // evolution.genetics.washington.edu/programs.html 

9http: //www.rcsb.org/ pdb 

10http://bioportal.bioontology.org/ontologies/PHAGE 
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Table 4.1: Evaluation results of the extracted workflow elements basee! on the 

expert curated dataset from the PubMed PMC articles (published from January 

2013 to April 2015). 

Concept / Relation # Instances Precision Recall F -M easure 

Data Type 597 0.68 0.75 0.71 

Geneüntology 139 0.94 0.44 0.60 

Taxon 202 0.72 0.58 0.64 

Method 326 0.84 0.84 0.84 

InferencePrograrn 205 0.56 0.88 0.68 

Overall (concepts) 1 469 0.74 0.69 0.71 

Overall (relations) 325 0.72 0.84 0.78 

Overall 1 794 0.74 0.72 0.73 

The table shows the number of annotated instances of (some from the top leve! of abs­

tract ion) concepts and rela tions and their Precision, Recall and F-Measure evaluat ion 

values. 

genetic methods and phylogenetic inference programs. In total , 1 469 workflow 

abjects 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 tag. and concept neighbours , 

we die! recognize workflow components in texts with goocl accuracies. 

4.5.3 Generalized-pattern results 

For t he rest of our experiments, we consider only expert cu ratee! datasets ( that 

we call here PhyloFlows ) in orcier to assess the WfMiner module. This database 

is composee! from 300 workflows with an average of 11 abject items and 9 links 
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<> WfMiner PhyloFiows () e-TP tourism A 30 000 6 000 

<> xPMiner B 

î 22 500 4 500 

Cl> 
E ., 

::::> 15 000 3 000 
CL 
ü 
0> 
c: 
"ë 

7 500 1 500 
~ 

0 0 
0.5 0.6 0.7 0.8 0.6 0.7 0.8 

Support threshold Support threshold 

F rc R.E 4.5: (A) Varying .·upport for the PhyloFlows and e- TP tourism database 

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

per -vvorkfiow. In addition , we use the eTP-tow·ism (Electronic Tourism Platform) 

workfiow database which i. a portion of a log fil e describing vVcb pages navigation 

of 56 different us ers in a \iVeb trav l sit e (Adda et al., 2007). T hi databas has 

an average of 19 different items and 6 link pcr sequence and enhanced by an 

ontology of 157 concepts and 35 object properties. 

Fig. 4.5 (A) shows the difference in mining t.ime between the PhyloFlows and eTP­

tourism databases . Running t ime does eventually increase wh n more concepts 

and links are mined . Our system spends rv lO t imes the mining time to generate 

patterns with more 500 items and 100 links. While eTP-tourism database presents 

more dense graph , matching sub-graphs and mining proces. es b come heavier to 

handle. However , taking 23 seconds to do the whole process of matching and ge­

nerating ,..._,5 000 frequent graph pattern is ·till a reasonable t ime. In addit ion, 

our WfMiner outperforms xPMiner by Adda et al. (2007) (see Fig. 4.5 (B)) with 

2 t ime · orcier of magni tude in high threshold supports (> 0.8) . With 60% of mini­

mum support. our approach executes ,..._, 10 times faster the mining algorit hm than 

xPMiner . 
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Table 4.2: A samplc from the phylogenet ic extracted patterns within t he tcxts in 

the PubMed PMC database (art icles publishcd from January 2013 to April 2015) . 

Workflow patterns 
a 

p .( (concepts) p .8 (relations) 

( {Data Type}, { DataCollection} , (1 isi nputOJ, 2) (1 , isOutputOf, 4) , 40% 

{ MultipleSequenceAlignment} , (2 , geni nputTo, 3) , (3 , gen fnputTo, 

{ Phylogeneticl nje1·ence }) 4) 

({RNA , Tree }, {Homology- (1, isi nputOf, 2) , (2 ,isOutputOj, 5), 10% 

Search } , { CharacterBasedPro- (3 , geni nputTo, 4) , (3 , hasParame-

gram} , { TreePlottingProgram }, ter, 6) , (4 , geninputTo, 5) 

{ GTR }) 

( { ProteinSequence, Alignments, (1 , hasTaxon, 4) , (1 is fnputOJ, 5) , 1o/c 

Trees }, {Virus } , { GlobalMSA }, (2 , isOutputOf, 5) , (2 , islnputOJ, 

{ M odelS election} , {Maximum- 6) , (5 , geninputTo, 6) , (5 , hasPa-

Likelihood } , { Bootstrapping }, rameter , 9) , (6 , geni nputTo, 7), 

{PDB, JTT}) (6 , hasParameter , 10) , (7, genl n-

putTo, 8) 

Generated DAG patterns are sequences of concept multiset:; and set:; of relation triple:;. 

For instance, in t he 181 pattern : (1 , i,s]nputOj , 2) rcpresents t he input relation between 

the pt concept (DataTI.Jpe) and t he 2"'d one (DataCo llection) in p .( . 
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Finally, we present in t able 4.2 a sample from the generat ed 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 pat tern representations. For inst ance, if we know that the 16s r RN 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 

11 any 11 character based Inference program (see 2 nd pat tern in table 4.2) is a more 

relevant recommendation due to its (pattern) higher frequency ("'10%) in the 

database : sin ce it con t ains more 11 general 11 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 pat terns to 

mine. Different ontologies have been used to represent the different types of know­

ledge cat egorized into concepts and relations. Extracted workflows are enhanced 

wit h ontological annotations to produce generalized frequent pa t terns. These lat­

t er , covering a wider range of values than concrete element s, could be used to 

assist practitioners during their problem-solving t ask with a richer vocabulary. 

The proposed system could also be applied to different domains when expert ise 

is confronted to domain knowledge. Video games, for example, is a good domain 

application to our approach when gamers are constantly faced to cogni t ive proces­

sual gestures (e. g. facing other character players or events). Workftows of events 

could be extract ed 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 garner logs or what kind of item a player is willing to buy t o 

accomplish a mission. 
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CHAPITRE V 

VERS UN SYSTÈME DE RECOMMANDATION DE FLUX DE TRAVAUX 

Le travail de ce chapitre est divisé en deux parties. La première 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 l 'analyse 

phylogénétique. 

Nous avons soumis la première partie de ce chapitre au journal BMC Bioinfor­

matics, 2017, sous le titre 11 Towards an ontology-based recommender system for 

relevant bioinformatics workflows 11
• Nous présentons la version imprimée de l'ar­

ticle dans l'annexe D. La rédaction de l'art icle, 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 solut ion vers le développement d 'un système de 

recommandation de processus de la prochaine étape à part ir des flux abstraits gé­

nérés . Cette esquisse décri t un modèle 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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5.1 Résumé 

Les solutions bioinformatiques actuelles deviennent de plus en plus complexes 

et couteuses en terme computationnel, surtout avec l'explosion quantitative de 

grandes masses de données biologiques . Des nouvelles compétences doivent être 

acquises par les chercheurs scientifiques afin de suivre cette évolution. D'ailleurs, 

les solutions actuelles font face à plusieurs défis dont la réutilisation des modèles 

(motifs) abstraits pour des tâches spécifiques. La grande masse de données ainsi le 

cout qui vient avec les outils issus des nouvelles technologies peuvent faire "t rom­

per" les utilisateurs dans leurs analyses. Afin de pallier à ces problèmes, nous 

proposons une solut ion basée sur des motifs abstraits ( cooccurrences fréquentes 

de processus) de flux de travaux afin d 'assister les biologistes et les bioinformati­

ciens dans leurs tâches de résolut ion de problèmes bioinformatiques. Conséquem­

ment, des flux de travaux concrets sont extraits à partir de la li ttérature de textes 

scientifiques . Découvrir des motifs fréquents à partir des flux de travaux extraits 

aidera à monter un système de recommandation basé sur des abstractions de dif­

férents niveaux d'abstraction. Dans ce papier , nous étudions des suj ets spécifiques 

en analyse phylogénétique. Nous avons annoté automatiquement plus de 2 500 

articles publiés récents (du Janvier 2015 au Mars 2017) en ut ilisant les différents 

concepts et relations ontologiques. Les supports (fréquences) relatifs des flux de 

t ravaux abstraits fou illés montrent des résultats intéressants dans l'utilisation des 

outils et des types de données 11 pertinents 11 dans les différentes étapes de 1' analyse 

phylogénétique. Ces motifs abstraits rendent les flux de travaux "plus expressifs ", 

ainsi, faci les à être réutilisés dans un système de recommandation de 11 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 t hes models is a 

challenging and time-consuming task. Existing approaches to mine concrete work­

flows into mo dels (abstractions) tackle design aspects related to t he diverging abs­

traction levels of the tasks. Concrete workflow logs represent tasks and cases of 

concrete events - partially or totally ordered- grounding 11 hidden 11 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 t hemselves 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 revolut ionized 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 sit uation is 

mainly due to the complexity of integrating diverse data formats and databanks, 

interfacing numerous programs with varions parameters, as well as to t he assess­

ment of data inputs and out puts (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 typ s of models are em­

ployed by Workflow Management Systems (WMS) : (1) concrete ones, in which 

the tasks are bound to specifie resources , and (2) a bstract 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 wi th a low reusability (Leipzig, 

2016) . This suggests a need for techniques t hat help scientists to bett er locate 

interesting service and workfiow 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/ fu ll 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 t he specifie nature of data 

(complete vs partial genomes, viral proteins , plant D A, type of the evolutio-
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nary mo del , 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 typ es of data including nucleic acid (DNA or 

R A) 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). Su ch a study requires to define sever al complex steps, specifie tool 

parametE.rizations and the acquisition of raw data. Current bioinformatics work­

fiow repositories like myExperiment (Go ble et al. , 2010) offer a large but a very 

generic scope of workfiow-based analyses over different kinds of platforms. Solving 

very specifie bioinformatic problems such phylogenetic analyses is still limited to 

few published and shared -non validated- workfiows1
. Moreover , the literature of 

scientific texts offers a more concise and complete information about bioinforma­

tics analyses. Phylogenetic analysis constit utes a typical bioinformatic workfiows 

in life sciences. This is witnessed by the large number of publications on the topic. 

This resource could be exploited to enrich workfiow solutions . The difficulties in 

the process of workfiow reconstruction from scientific text publications are illus­

trated in the following example. 

Example 1. A biologist U1 downloads a set of 9 Hemagglutinin sequences of 

different Influenza viruses from the NCBI data base2
. To carry out the analysis of 

1 Less Lhan 100 workflows represenling phylogenetic ana lyses in Lhe myExperimenl da­

tabase. 

2https://www .ncbi.nlm.nih.gov/protein 
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those sequences, U1 chooses the Armadillo platform3 (Lord et al., 2012). Sever al 

algorithmic options are displayed : i.e. software paramet ers ( e.g. the number of 

bootstraps and mutation rate) and data constraints (e. g. input / output to pro­

grams). U1 prior abstract experience do es not cover all the available methods and 

tools, t herefore, 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 mat ch his needs. These workflows may not properly execute since a part 

of t he analysis requires sorne specifie software versions and dependencies. 

The above example shows severa! problems which could occur while constructing 

bioinformatic workflows . Even simple routine projects can involve a number of 

different software requiring specifie but also abstract problem solving knowledge. 

Even though software experimental conditions are related to severa! choices, the 

amount of data and the misuse of tools could also deteriorate t he results of studies. 

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

Example 2. Suppose that a bioinformatician U2 chooses to study the same pro­

tein sequences of the Hemagglut inin . He runs ClustalX (Thompson et al., 2002) to 

align sequences and then , chooses the JTT evolutionary model (Jones et al. , 1992) 

during the tree reconstruction . If we want to recommend a concrete phylogenetic 

program to U2 such as the program MEGA (Kumar et al., 2016) , we propose to 

calcula te the frequency of t he sequence s0 : ( { CluslalX}, { JTT}, { M EG A} ) 

in the extracted workfl.ow database. However, such sequence is very rare due to 

the vast varieties of the available tools for each specifie task. Thus, using frequent 

sequences of tool categories such as the 11 Maximum Parsimony (MP) " or "Maxi­

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

3 Armadillo (www.bioinfo .uqa m .ca/an nadillo) is a drag and drop workflow platforrn de­

d icaied io phylogenetics as well as general bioinformaiics analysis. 
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the higher support of tool categories over instances). An abstract pattern su ch 

p0 : ( {LocalAlignment } , {ProteinModelSelection} , {Maximum Likelihood} ) 

is more frequent than the con crete pattern so. 

Here, we propose to use ontologies (Ashburner et al., 2000) to represent t he dif­

ferent categories (concepts) of tools and input / output data at different levels of 

abstractions. T he constraints on combining tools and parameter values are ex­

pressed using properties (relations) between categories. In fact, t he ontological 

representations are effectively exploited by two key processes : (1) the extraction 

of workflow terms and relations from texts ( concrete workfiows), and (2) the ex­

traction of generalized workflow patterns ( abstract workfiows). Thereof, we distin­

guish concrete workflows made of individuals (instances) and links between t hem, 

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 . 

5.4 Related work 

Current bioinformatics WMS have emerged as global intelligent infrastructures4 

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

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

way to manage tasks t hrough Web Services. 
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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 rv2 500 workfiows in myExperiment) for 

very various disciplines, e.g., Chemistry, Astronomy, Sequence Analyses, and in 

different data formats, e.g. , Taverna 1 XML5 , Taverna 2 SCUFL26 , Galaxy .ga 

format? , etc. which decreases the reusability of workflows. Renee, 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 t he 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 t he 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 extra.cted from Taverna (Wolstencroft et al., 2013) 

and Wings (Gilet 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 t he subj ect that provides stra-

5 https ://taverna . incubator .apache .org 

6https: //taverna.incubator .apache . org/ documentation/ scufl2 

7https ://galaxyproject . org 
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tegy, process and technology to share information and expertise among users. For 

instance , Scmantic Web (SW) technologies (Staab et al. , 2010) , as a special case 

of KM , allow autornatic 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 bioinforrnatics recomrnendation and auto­

matie workflow composit ion into three cat egories : (1) semantic-based recommen­

dation , (2) sirnilarity-based recornmendation and (3 ) pat tern- based recommenda­

tion . 

Sernantic-based recornmendation . Proteus (Cannataro et al., 2004) is one of the 

first proj ects to integrate an ontology-based design in bioinfo rmatic workflows. It 

exploits a DAML + OIL ontology for t he data mining domain describing resources 

and processes of knowledge discovery in databases. Lee et al. (2007) describe a 

SW solution assuming a gri d computing environment . T he proposed Bio-STEER 

system offers SW services in OWL-S8 . A small-size ontology is employed in the re­

presentation of bath abstract workflows (for Grid resources) and concrete ones (ta 

bind t asks to specifie resources) . Ison et al. (2013) int roduce the EDAM ontology 

for bioinforrnatic operations, types of data, ident ifiers , tapies and formats. EDAM 

supports semant ic annotations for Vveb Services, databases, interactive tools and 

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

8 0WL-S is an ontology built on top of WebOntology Language (OWL) for descr ibing 

Semantic Web Services. It ena bles users and softwa re agents to automatically discover, invoke, 

compose, and moni tor Webrcsourccs offcring services. 
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as EMBOSS 9 and eSysbio 10 . However , these systems do not exploit the entire 

richness of EDAM semantics. For cxamplc, 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 is11
, does not take benefi t s from the relation semantics 

between concepts . In t he same scope, we find t he Software Ontology (SWO) (Ma­

lone et al., 2014) offering an extended version of EDAM t hrough new concepts 

and relations for information processing tasks (phylogeneti c construction , protein 

structure analysis, etc.), algorithms (A OVA, t- test, etc.), software and software 

versions. The ontology bas been used so far in only service discovery frameworks 

like BioMedBridges12 and t he Gene Expression At las repository13 . Yet , EDAM and 

SWO represent only very generic concepts/ relations that still need to be specified 

for very specifie technical domains such as phylogenetics (Lemey Philippe, 2009) 

or genome rearrangernents (Bafna et Pevzner , 1996) . Moreover , GBrowse (Wilkin­

son , 2006) and t hen, Seahawk (Gordon et Sensen, 2007) are two end-user orien­

ted with ontology-based data centric approaches. Users can eit her specify input 

and/ or out put data and the application determines t he corrected data type and 

proposes what to do with it instead of proposing a specifie service. DiBernardo 

et al. (2008) use the BioMoby (Wilkinson et Links , 2002) services registry and 

construct t he workflow at each step by ranking the servi ces according to the si-

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

10 www .esysbio.org 

11 The current version of eSysbio uses a limited subset of EDAM fo r static navigation 

(allowing grouping and fi lte ring of data by t heir type), wi t hout taking into account t he relations 

other th an the clos ure of "is format of". 

12www. 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 definit ion metadata. Finally, we find t he 

SADI project (Wilkinson et al. , 2009) aiming to maximize the interoperability 

between Web Services unlike Bio1V!oby 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 

specifie ontological relationships. Navigating and searching for t he 11 best 11 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 

ste p. 

Similarity-based recommendation. Similari ty-based approaches a1m to tackle 

two important problems of workfiow reuse : (1) the retrieval of similar work­

fiows form potentially large repositories and (2) t he adaptat ion of workfiows in 

new case studies . Here , the Process-Oriented Case-Based reasoning (Schumacher 

et al. , 2013; Bergmann et Cil, 2014) cornes to support and part ially automates 

experience-based problem solving by creating new workfiows and adapt them for 

new purposes and circumstances . Bergmann et Cil (2014) propose a graph-based 

approach with generalization of workfiows over the concept taxonomy in the do­

main ontology. The similarity between a case workfiow 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 Obj ect-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 Mül­

ler et Bergmann (2014) where during adaptat ion , deficiencies in t he retrieved 



153 

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 arder 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 dat a base terms from scientific texts. The pro cess uses the bioN erDS 

terminology 14 in arder to categorize terms in texts. In th pattern mining step, 

a straightforward mining algorit hm discovers frequently occurring resource pairs. 

Each resource is paired with the one that immediately follows it in a text while ac­

counting for t he direction within t he ensuing pairs. However , the arder 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 

composit ion 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 madel and 

evaluate workflow "reputations " based on t he 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 t he paths from input 

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

14 www. bionerds.sou rceforge. 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 ant i-monotony property of itemset frequencies over t he 

taxonomy. Besicles , 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 t he logs of a Webpage clicks content 

where its (page resources) obj ects are described by an ontology. The input data 

are sequences of clicks furt her translated into IDs of content objects with their 

semantic links. P atterns are also sequences, yet, made of concept IDs linked wit h 

ontological properties. Their proposed xPMiner method defines a total order bet­

ween sequence items and applies a level-wise mining through t he 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 t hat input data is au­

tomatically extracted from texts , we offer a new pattern miner , where , instead 

of sequences , we deal with workfiows as posets15 (where transactions represent 

steps) of objets linked with each other, thus , forming (double)-layered DAGs (Di­

rect Acyclic Graphs) . Here, the DAG nades represent task, data and metadata 

items and edges represent the control and data fiows . In addition , on top of t he 

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

15Parti ally ordered sets wh ich fonn a li ze a nd generalize t he intui tive 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 t his work the full 

description of our approach of workfl.ow extraction and pattern mining and of­

fer a domain validation of t he extracted patterns in t he phylogenetics experience 

acquisit ion domain . 

5.5 Advanced experiments 

5.5.1 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) 16 

in the XHTML format using the fo llowing query : 

"open access" ffilterj AND "2011/ 01/ 01"/PubDatej: "2011/ 03/ 10"/Pub­

Datej AND ( "Phylogenetic analysis "(Section T itlej OR "Phylogenetic 

analyses "(Section Titlej ) . 

However, phylogenetic analyses sections may not have sufficient information to 

reconstruct the fu ll workfl.ows from texts. Thus , we fi ltered the downloaded articles 

based on the small est pattern that any phylogenetic analysis should present : ( 

{DataType } , {Phylogenetic!nferenceProgram} ). A phylogenetic study might 

use at !east one data type and one phylogenetic inference program (see Fig. 5.3) 

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

16 https ://www.ncbi .nlm .nih.gov/pmc/ 
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Our public PHAGE ontology on BioPortal 17 is composed of 37 different abject pro­

pert ies (relations), 47 031 concepts (with 4 root concepts and 111 unique concepts) 

and more than 1 000 000 unique individuals (instances) without count ing syno­

nyms. Fig. 5.3 shows a sample from the proposed PHAGE ontology. 'Root concepts' 

re present data types, their provenance (data sources), steps and tool parameters. 

' Step concepts' represent t he se ven steps of ph y logenetic analyses and re lations 

between concepts represent data Hows and control Hows. 'Progmrn con cepts ' re­

present the software concepts ( e. g. Local A lignment, Distance based approaches ). 

' Pararneter 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 ( D NA, RN A, 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, rnarnmals, etc.). From the Gene On tolo gy (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 t erms were extracted from the UniProtKB 

database (Kiefer et al., 2009). Each term was t hen 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. 

17https : //bioportal.bioontology.org/ontologies/PHAGE 
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5.5.2 Extracted workflows from texts 

Using the GATE platform18 , a human expert has corrected (created , deleted , up­

dated ) manually annotations from randomly chosen 500 texts to build a workflow 

ground-t ruth database . This latter serves as a t est set for the evaluation step. 

The expert annotates t he 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 t his task is costly 

in terms of t ime/ energy (rv 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 t he 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 t he ex­

pert has annotated 2 641. T he overall strict F-Measure (overlaps discarded) is 

70% and the overall leni nt F-Measure (overlaps included) is 76%. We notice that 

118 annotations ( rv20%) represent ambiguous program terms (GuessedProgram). 

In this case, t he 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 mult iple purposes tool as indirect references. In sorne cases , 

correct results from our workflow tagger were not fu lly annotated, leading to false 

posit ives. T he following sentences : 

18 GATE (www .gate.ac. uk) is a well-known env ironment for a nnotation tasks using widely 

known LP techniques such as the Open LP parser (https : 1 / wiki. apache . org/ incubator 1 

OpenNLPProposal) a nd the Stanfo rd POS tagger (Toutanova et al. , 2003) . 
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A phylogenetic tr-ee was constructed with MEGA 5 using the aligned 

sequences (. . . j 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 MEG A ( 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 ( rv40%). 

In fact, 30% of the hypothesis validation programs are ambiguous programs (mul­

t iple 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 (rv0.3% of difference), 

sorne categories, i.e. DataCollectionProgram, Tree VisualizationPrgram and Gues­

sedGeneralPackagesCategories, show the same values for strict and lenient F­

Measures (see also the '0 ' 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 , besicles hypotheses validation software names, data co llection 

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 t he weak F-Measure (for both strict 

and lenient agreements) . Thereof, our dat abase for t his category need to be up­

dated. In addit ion , since no specifie JAPE rules are modelled for t he metadata 

(GO annotations and species), sorne common false negatives (i.e. missed resource 

mentions) are discovered including common names of genes ( e.g. t he g20 gene) or 

species (e.g. bir-ds). 

Fig. 5.3 shows the workfl.ow similari ty distribution resul ts based on t he evaluation 

of the 500 expert-curated workfl.ows . Generated workfl.ows are 82.89% similar with 

the actual workfl.ows extracted by t he expert (first figure on the top) . While, 

t h best mean workfl.ow similarity is 100%, the worst similarity is 54.68% which 

means that, in the worst case scenarios , our workfl.ow extract ion framework will 

(probably) extracts half of t he 11 actual 11 workfl.ow components and the mean of 

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

The best workfl.ow task similarity is found in phylogenetic tr-ee infer-ence programs 

(100%). We found that phylogenetic methods are frequently co-occurred in the 

context of t he phylogenetic infer-ence pr-ogmms which explains t he high values of 

t he mean similarit ies of this task. However, the worst task similarity is obtained 

by the Hypothesis ValidationPr-ogmm. 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 clisambiguate this category of software. 

The relation si de of workflows re presents t he data and control fl.ows ( t hircl figure 

in Fig.5.3). The mean similarity in the control flow is 89.1% and 88.92% in t he 

data flow . While t he 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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Table 5. 1: Concepts Evaluation Distribut ion 

s G p 0 SP SR SFM LP LR LFM 

BootstrapsParms 61 19 8 0.87 0.75 0.80 0.88 0.76 0.82 

DataBase 43 19 13 3 0.72 0.66 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 

Data Type 597 103 186 89 0.68 0.75 0.71 0.78 0.86 0.82 

GeneOntology 139 172 5 3 0.94 0.44 0.60 0.96 0.45 0.61 

Hypothesis ValidationProgram 25 40 29 2 0.44 0.37 0.40 0.48 0.40 0.43 

Method 326 48 46 14 0.84 0.84 0.84 0.88 0.87 0.87 

ModelSelectionProgram 42 50 17 0.70 0.45 0.54 0.71 0.46 0.56 

PhylogeneticinferenceProgram 205 16 146 10 0.56 0.88 0.69 0.59 0.93 0.72 

SequenceA lignmentProgram 70 15 19 4 0.75 0.78 0.76 0.79 0.83 0.81 

SourceTaxon 202 125 57 19 0.72 0.58 0.64 0.79 0.63 0.70 

TreeVisualizationP rogram 18 7 2 0 0.90 0.72 0.80 0.90 0.72 0.80 

G uessed General PackagesCategories 87 31 0 0.73 0.98 0.84 0.73 0.98 0.84 

Sum 1851 644 564 146 

!aero 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 '0 ' (Overlap) column shows the 

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

t he Strict (overlaps discarded ) and Lenient (overl aps included) F-Measures, respectively, 

t he 'SP ' , 'ST' and 'LP' , 'LR' columns represent St rict and Lenient values of Precision 

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

ment while iacro averaging calculaLes 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 

Hypoth esis Validation programs (100%). Renee, 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 : Workftow similarities results. The top figure represents the overall 

similarity between the actual a (expert curated) workfiows and the predicted p 

ones. The second and third figures represent box-plots and contour distributions 

of concept and relat ion similarit ies 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 M ethods 
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(approaches) with a mean of 79.84%. However , links between Program Parameters 

like t he Number of Bootstraps and the type of Evo lutionary Models are, generally, 

explicit ly described in t he sentence which explains also its high similarity in t he 

control-flow with (100%). 

5.5.3 Generalized bioinformatics patterns 

At the mining step , we used an ontology-based sequential mining algorithm that 

exploi ts the domain ontology to output the most frequent generalized workfl.ow 

patterns. In an unrestrained run , t he algorithm scans the pattern space from the 

top downwards , at each step , exploring the patterns at a specifie generality level. 

After the first few levels, each step generates a considerable number of patterns. 

Renee, we prune patterns that cover the same set of workfl.ows (see Algorithm 2) . 

Next, in order to characterize t he "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 specifie or abstract in the domain onto­

logy. Yet, the ultimate interestingness of a pattern depends on the decision-maker 

(sub jective criteria) and does not solely depend on the statistical strength of t he 

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 t heir levels of interest in the ontology min _ level19 . Then , 

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

19 The expert proposes the minimum of abstraction leve! that interests him . T his leve! is 

normalized by Lhe maximum depth in the ontology (in both of concepts and relations). So a 

score of 1 means that the expert demands only the most specifie patterns and the score of 0 

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

In arder to motivate our ranking method , we propose to use the patterns p1 : 

( ( { Protein} , { Bayesian} ) , { (1, isDatalnAlignm ent, 2) } ) and p2 : ( ( { Protein, 

MuscleContmction} , {MSA} , {ML} ), {(1 , isDatalnA!ignment, 2), (1 , isDatai­

nlnference, 3)}) and the ontology from the Fig.5.3 . 

Depth ranking score (rankdept.h). In arder to rank t he pattern abstraction lc­

vels based on t he distance from the minimum of depth suggested by t he ex­

pert min_level we use here, t he 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;) = { max D epth( c1 E 

p;.(, He )} (see definition 3.8.3) and we wish to t est t he hypothesis that t he dis­

t ribution of concept depths F1 of a pattern p1 is t he same as that (F2 ) in p2 and 

the means fL of bat h of t he distributions are grea t er or equals to t he min _ lev el 

given by the expert. Renee, our null hypothesis is H 0 : F1 = F2 =} /L l = fL2, 

fL1 ;:::: min_ level . The two sided-alternative hypothesis would be, H1 : F1 =/= P2 =} 

/L l =/= /L2, (fL1, /L2 ) < min_level. We remind that the Wilcoxon rank-sum test is 

based upon ranking the ldepth(p1 ) 1 + ldepth(p2 ) 1 observations of t he cornbined 

sample. Each depth is assigned to a rank : e.g., t he smallest has rank 1, t he 2 nd 

srnallest rank has 2, and so on. The rank-sum test statistic is , bence , 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 t ies , where concepts from different patterns have t he same ranks , we assign, 

to each observation in a tie, i ts median rank20 . 

20We choose to use the median , here, instead of ave rages sin ce /-tl- ~-t 2 is strongly infl uenced 

by sorne of the "very specifie " 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. P atterns representing the maximum 

amount of phylogenetic info rmations are preferred , hence, we use the coverage 

measure as a ranking feature to sort our patterns . 

Coverage of steps (CCs). Let ns(D) be the number of all ' root concept steps' in 

the ontology. The fraction of steps that a pattern covers is: IP.( I/ns(D). 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 rv85. 7%. 

Coverage of data (CCD)· Let nD(P, D) be t he number of all data concepts21 

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 

nD(D). For instance, given the pattern p2 , if the number of relations (incoming 

and outgoing) that could be connected to both of MSA and ML in the ontology 

is 4, then, CCD(p2 , D) = 2/4 =50%. 

Coverage of metadata (CC M). Let nM(P, D) be t he number of all metadata 

concepts that could be connected to pattern data concepts from the ontology. The 

metadata coverage of a pattern is , t hen , the number of its metadata divided by he 

number of all metadata inn that are connected to pattern data. For example, if the 

number ofmetadata connected to Protein in the ontology is 4, then , CCM(p2 , D) = 

1/4 = 25%. 

21 DaLa from the lowesL abstraction leve!. 
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Coverage of programs (CCp) . Let np(p, D) be the number of all pro gram 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.Ç divided by np. For ins­

tance , if the number of program concepts in t he second and the third step of the 

ontology is 10, then, np(p2 , D) = 2/ 10 = 20%. 

Coverage of relations (CCR)· Let 1>-P(t)i and 1>-p(u)i be t he numbers of cle­

ments at the tth and uth transaction where ti= u , then, nR(P) = I:: ~p . ( J ( i>-P(t) i x 

I::~i(tJ -l i>-p(u) i) is t he number of all possible combinations bctween pattern cle­

ments in p .(. The pat tern relation coverage is , hence, the number of triples in p.G 

divided by nR(p) , e.g. nR(P2) = 2/ 10 = 20%. 

Finally, patt erns are ranked using the weighted ranking function rankpauern (see 

5. 1) where a and {3 are the weights given, for t he coverage score and the abstraction 

leve! score, respectively, and avgC is the average function calculat ing the mean of 

coverage scores of a pattern p. 

rankpaitern = a.rankcoverage + {3 .rankdepth (5. 1) 

where: 

(5.2) 

We remind that , we are ranking patterns given their abstract ion leve! towards 

the expert abstraction threshold and t he 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 on tolo gy) and rankdepth are 

assigned with t he highest ranks rankpattem · 
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FIGURE 5.4: Pattern coverage metrics distribut ions Vs. pattern ranking function . 

In our next experiment 1 we apply t he pattern ranking function to t he generated 

patterns with the following parameters : a = f3 = 0.5 and m in_level = 0 (to 

generate all possible patterns) where CY = 0.1. Fig. 5.4 shows t he correlation resul ts 

between pattern ranks and the proposed features. The distribut ion of the number 

of steps demonstrates a good correlation wi th t he pat tern ranking fun ction . 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 t he phylogenetic steps and t hus, t hey could be useful for novice 

users. In addit ion , generated pat terns contain an average of "'25% of data (from 

the ontology) annotated with a maximum of 15% from all ontological metadat a 

per pattern . The distribut ion of program frequencies shows that patterns use up to 

20% of pro gram categories per pattern and most of the discovered pattern concepts 

are 80% linked wit h each other. This means t hat generated pat tern workflows are 



168 

1.0 

0.9 

0.8 

0.7 

E 0.6 
lî 

.!<!&. 0.5 
.:: 
<:l 0.4 ... 

0.3 

0.2 

0 .1 

. :;: 

.. 1! 
! ! i . 

. i 1 
1 1 ' 

:' : 
' ' ' 

0.0 4--.--.--.--.-~-.--.--.--.---,----.---.---.----.-~ 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.0 0.2 
rankctYUe-rage 

0.4 0.6 0.8 
rankdepth 

1.0 

FIG URE 5.5 : P attern raking function Vs . coverage and depth rankings. 

"highly" connectee! 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 t he coverage ranking which means that patterns covering 

t he most (85%) of elements are very specifie too (with low abstraction levels). 

Thereof, discoverecl patterns with a low support (a = 0.1 ) might contain t he most 

interesting patterns (for expert users) sin ce they are both large ( covering most of 

the elements from t he domain ont ology) and con tain very specifie elements . 

5.6 Discussion 

A well-known regularity in pat terns over t he hierarchy of items can easily be 

observee! here : patterns with high support (a) tend to be too general, i.e. in volve 

concepts and properties from higher levels of the ontology, and therefore, t hey have 

little practical value. Conversely, specifie patterns - whose component concepts and 

propert ies 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 . Bence, without 

a very conclusive subjective criteria , givcn by "an expert" (or experts), it is hard 

to choose what are the most interesting patterns. Besicles obj ective criteria such 

support and coverage, we ranked patterns based on their concept depths in the 

ontology and the minimum of depth leve! given by the expert . Yet, it is really hard 

to represent the minimum of abst raction leve! based on one minimum of depth, 

especially when concept semantics are very dissimilar at one level. For instance, 

if, at a leve! l in the ontology, we represent different types of concepts , e. g., the 

16sRNA protein and the bootstrap> lOOO parameter , then, the min_level = l 

means that the expert demands more specifie concepts than both of the 16sRNA 

concept and the range of [1000 , +oo) 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 interrest ingess of t he 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 sorne number of steps. This could be the 

ultimate validation process. To that end , the system has to match the partial 

workfiow 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 t he way the user session might continue from 

that step on. More specifically, if we take Example 2. as an illustrative basis , 

we can apply t he pattern p2 (see section 5.5.3) since it matches the sequence of 

the concrete workfiow s2 : ( {Histatin 3} , {ClustalX} ). s 2 matches with p2 on 

the data type Protein S equences' and in t he alignment method too (' Multiple Se­

quence Alignment ' ). Thereof, from p2 we can recommend to use the DAMEE (Xia 
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et Xie, 2001) program for instance, as a 'Maximum Likelihood Inference' approach . 

With a concept-based rccommendation , the system could work on different gra­

nularity levels and, hence, could offer more fiexibility to users. Indeed, instead of 

abjects as concrete tools and resources from concrete workfiows, we suggest a set of 

sorted abjects and links to assist users wit h 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 specifie detai ls (software versions , very specifie pararneters , technical 

supports, etc.) while building t heir workfiows. 
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5.7 Vers un syst ème de recommandation 

5.7.1 Une nouvelle approche de recommandation 

Nous présentons dans ce qui suit une esquisse de solut ion pour la construction d 'un 

système de recommandation b asé sur le contenu des motifs abstraits générés . Un 

état de l '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 systèmes de recommandations actuels peuvent être classifiés dans deux 

grandes catégories : soit les systèmes de recommandation orientés items ( '' object­

based recom mender systems ") et les systèmes orientés concepts ("concept-based 

recommender systems "). Dans la première catégorie, les objets fréquents u t ili­

sés par un utilisateur U sont recommandés lorsqu 'au m oins un de ces obj et s est 

utilisé p ar le nouvel ut ilisat eur . Dans les syst èmes orientés-concept , les supports 

(fréquences) des objets sont interprétés par les supports de leurs concepts (classes 

d 'obj ets) à différents niveaux d'abstraction . Ensuite, les instances des concepts 

qui apparaissent ensemble sont recommandées. Cependant, les systèm es orientés 

concept se b asent seulement sur la taxonomie de concepts afin de suggérer une 

classe d 'objets. Nous proposons, ici, une stratégie de recommandation basée, à la 

fois, sur les concepts et les propriétés (relations) dans les flux de travaux . En par­

t iculier , nous nous intéressons à la recommandation de/ des items (obj ets - selon 

les cont raintes de leurs liens) de la prochaine t ransaction (étap e) en se basant sur 

des motifs de flux de t ravaux générés à partir de la littérature. 

Notre stratégie se présente comme suit : 

1. À part ir d 'une base de motifs fréquents F a, une base de flux de travaux 

'Dw et une base de test TV.r, nous recommandons pour chaque scén ario un 

ensemble d 'items pour la p rochaine étape , i.e. en "cachant " , chaque fois, le 

restant des t ransactions à part ir d'une t ransaction ~ 2 pour chaque w E 
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Tw 22
. Par exemple, pour le flux de travail test w0 E Tw = ( {KCC2D} , 

{ BLAST} , { ClustalX} , { PhyML, JTT} ) de taille 4, nous générons les deux 

scénarios suivants : (1) w01 = ( {KCC2D} , {BLAST} ) et (2) w02 = ( 

{KCC2D} , {BLAST} , { ClustalX} ) . Le problème de recommandation s'agit 

de prédire les items de l'étape suivante d 'un scénario . 

2. Trouver tous les appariements (matchings) entre le processus en cours d 'exé­

cution (le scénario w E Tw) et les préfixes A des motifs fréquents sous la 

forme d 'associations (A, B) (où A est l'ensemble de concepts du préfixe 

et B est la décision sur la prochaine transaction (étape) en respectant les 

contraintes relat ionnelles des concepts de A et B dans w. Ainsi, pour chaque 

motif Pi, nous créons les règles ri de prémisse /l i et de conclusion Bi· 

3. 'l\·ouver tous les objets Or; dans la base de connaissances V w qui, en les 

ajoutant à Ai(w) (le préfixe maximal de Pi qui s'apparie avec wi), restent 

encore appariés avec Bi· 

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 V w décrivant les 3 premiers 

flux d 'analyse phylogénétique du tableau . Soit le scénario de recommandation dé­

crit dans W JD = 4 (noté aussi w4 ). Ce scénario simule le fait qu 'un utilisateur 

U s'arrête devant l'exécution du programme d 'alignement ' TCoffee' (Notredame 

et al., 2000). 

Nous décrivons dans l'algorit hme 6 les étapes de recherche des objets à recom­

mander Or en testant chaque fois l 'appariement du couple (p, w) et en mettant à 

jour la liste des objets à recommander pour tous les motifs p E Fa· En premier 

22 C 'est généra lement à partir de la deuxième étape (une fois que les données sont collec­

tées) que l'uti lisateur commence à poser des quest ions sur la / les façons optimales qui devra ient 

achever son ana lyse. 
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Tableau 5.2: Exemple de base de flux de travaux. 

W JD Sequence d'objets Ensemble de liens 

1 ( {KCC2D, G00060048}, {Glus- { (1, isDatalnAlignment, 3), (1, 

taiX}, {PhyML} ) isDatalnlnference, 4)} 

2 ( {Myosin-7, G00060048}, { (1, isDatalnAlignment, 3)) (1) 

{ClustalW} , {PhyML} , {PhyML, isDatalnlnference, 4), (1, isDa-

> 1 OOOBootstraps} ) tain Validation, 5)} 

3 ( {CAV3} , {MrBayes } ) { (1, isDatalnAlignment, 2), (1, 

isDatalnlnference, 3)} 

4 ( {NKX23, G00006936} , { TCof- {(1, isDatalnAlignment, 3), 

fee}, ... ? ) ... ?} 

li eu, l'algorithme recherche les images du préfixe A dans w s'appariant avec le 

flux de travail w (voir la ligne 7 et ensui te l'algorithme 7 qui est très similaire 

à l'algorithme FI oMATCHINGWORFKLOws() de test d 'instantiation basé sur la 

nouvelle structure d 'appariement dans l 'algorit hme 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 à w à l'aide de la fonction TESTNEXTSTEP(), 

s'ils existent (voir ligne 8). Finalement, la procédure FINDNEXTMATCHI 1GS() 

est appelée afin de calculer la liste des objets Or à partir de la base de connais­

sances 'Dw (voir ligne 9). En fait , cette liste correspond à l 'ensemble des images 

qui s 'apparient avec B selon la prémisse A dans Vw . 

La recherche du préfixe dans un motif revient à chercher tous les appariements 

en concepts et en relations avec les items du w. L'algorithme 7 cherche cet appa­

riement maximal. À cette fin , nous sauvegardons dans les variables pas! Max, et 

'i:mgsPot la plus grande position de tous les appariements déjà testés ainsi que les 
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Algorithm 6 Get recommended objccts for w from closed patterns 

1: procedure GETR ECOMMENDATIO rs(F o- : the set of frequent patterns from 

Dw ; w : recommendation scenario from Tw) 

2: 

3: 

4: 

for each p E Fa do 

1> r-ecommended objets 

1> for- each fr-equent patter-n 

A(w) r 0; 1> pTerniss of a patter-n which matches with the workfi ow 

scenano 

5: if IP-(1 < lw.(l and lp.8 l < lw.81 then 1> if the pattern is la-rge-r then 

G: 

7: 

8: 

9: 

10: 

11: 

12: 

13: 

14: 

the workfiow 

return A(w) ; 1> break 

A(w) r FI ND PREFIXMATCI-!1 G(p, w); 1> find the max. prefix 

if A(w) <> (/J and TESTNEXTSTEP(B r p-A) then 1> test ~f 

the next step (conclusion) is plausible 

Or .add( FI ND EXTMATCI-!1 GS(A, B, Dw)); 1> add the 

conclusion matching (from the leaming set) as a recommended abject 

end if 

end if 

end for 

return( Or) ; 

end procedure 

images associées à ces appariements. Lorsqu 'on remet en cause un appariement 

(si l'indice du dernier concept est supérieur àposi Max ), nous mettons à jour le 

valeurs de pas! Max et imgs Pot (voir les lignes 9 à 12) . L'algorit hme 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 à 7). Dans les deux 

cas, la position de la dernière classe de l'appariement maximal (s'il existe) est 
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Algorithm 7 Find the maximal matching between w and p 

1: procedure FI NDPREF'IXMATCI-IING(p ; w) 

2: pos J Max, i ~ 0 ; C> maximal position of a mat ching (image) 

3: imgsPo/; ~ F INDALLl MAGES(p , w); C> a table con taining all t he potential 

matchings of each concept 

4: while i < [p.( [ do C> iterate though the concepts of p 

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

6: 

7: 

8: 

if i == 0 then 

ret urn (pos J Max, J mages) 

el se 

C> fail 

9: if i > pos! Max then C> if a max. image (a bJect) is found C> 

success 

10: pos! Max ~ i; 

11: Images~ ·imgsPol .GETELEME TS(pos l max- 1); C> get 

the abjects matching with the last concept 

12: end if 

13: imgsPot [i].BEFOREFIRST() ; 

14: 2--; C> get the other images as well 

15: end if 

16: end if 

17: if i > 1 and imgs Pot [i]. EXT() < imgsPot[i - l] .CURRENT() then C> 

if the next matching is equals to the current matching 

18: break ; 

19: end if 

20: if TRIPLEMATCHING(p, w, i, imgsPot, imgsPot[i].NEXT()) then C> 

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 i == IP.(I then t> if we reach the end of the pattern concepts 

25: Images +--- imgsPot .GET(); 

26: pas! Max+--- lp.(l ; 

27: end if 

28: return (pos fm ax, Images); t> return the max position (prefix) and its 

images 

29: end procedure 

retournée conjointement avec toutes les images associées. 

Étant donné la base de donnée Dw (décrite dans les trois premières lignes du 

tableau 5.2), la base de motifs fréquents Fa (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 w4 (dernière ligne du tableau 5.2) , la tâche de recom­

mandation consiste à trouver tous les motifs , dont les préfixes maximaux A qui 

couvrent w4 , et de lui suggérer des instances à partir des suffixes B s'appariant 

dans la base de connaissances 'Dw. Soit , par exemple, le motif p2 dans le ta­

bleau 5.2. L'algorithme 7 trouve, tout d'abord, le prefix maximal entre p2 et 

w4 . Après avoir déterminé la liste d 'images potentielles de chaque concept dans 

P2 (Protein, MuscleContra ction , MSA et ML), soit dans notre cas les positions 

imgsPot = [{ {1} , {2} }, { {3} }, { {} }] dans w4 , l'algorithme vérifie bien si la posi­

t ion maximale potentielle correspond au dernier concept apparié . Dans notre cas , 

le troisième objet ' TCoffee' s 'apparie avec l 'avant dernier concept 'MSA' , ainsi, 

posl Max = 3. L'algorithme vérifie ensuite si les contraintes relationnelles sont 

respectées (un appariement est retrouvé entre p2 .81 et w4 .Bl) et renvoie le couple 

(pos l max et Images= ·imgsPol). Ainsi , le préfixe maximal retrouvé dans p2 est : 

A= ({Protein,MuscleContraction} , { MSA }). L'algorithme recommande ensuite 

tous les objets qui s'apparient avec le suffixe de p2 : B = {ML} dans 'Dw. Étant 
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Tableau 5.3: Exemple de base de motifs. 

p 1 D Sequence de concepts Ensemble de relations 

1 ( {Protein } , {Bayesian }) {(1, isDatalnAlignment, 2)} 

2 ( {Protein, MuscleContraction} , {(1, isDatal nAlignment, 3), (1, is-

{MSA}, {ML}) Datal n!nference, 4)} 

donnée que p2 s'apparie avec w1 et w2 dans la base de connaissance, l 'algorithme 

suggère, ainsi , la liste des objets Or2 = {PhyM L , > 1000Bootstraps} pour w4 . 

Tableau 5.4: Mise en correspondance concept/ instance. 

Niveau Concept (classe) Objets (instance) 

3 Muscle Contraction G00060048, G00006936 

3 Protein KCC2D, Myosin-1, NKX23 

1 MSA ClustalX, ClustalW, TCoffee, ALIGN 

3 ML PhyML, RAxML 

3 Bayesian MrBayes , PhyloBayes 

5.7.2 Stratégie d 'évaluation 

Nous revenons 1c1 sur notre question princ.ipale : comment peut-on valider les 

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

Étant donnée que très peu de données de validation sont disponibles sur le Web et 

que notre système n 'est pas encore déployé dans une infrastructure en ligne, nous 

adoptons une stratégie de validation hors-ligne (Shani et Gunawardana, 2011) 

qui cherche à valider les motifs générés sur un ensemble de flux de travaux déjà 

construits qui servira à créer des scénarios de recommandation. Nous reprenons 

ainsi la base d 'entraînement Dw (à partir de laquelle nous avons généré les asso-
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ciations) et une base différente de t est Tw extraite manuellement par un expert. 

Chaque règle d 'association T i = (A, Bi) générée à partir d 'un motif P ·i E F u ser­

vira à recommander un ensemble d 'obj ets (items) o T; à partir de Dw pour chaque 

scénario E Tw . Finalement , la list e 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 Dw ) . Ainsi 

nous choisissons de ne présenter que les meilleurs top-k items selon la 11 pert inence 11 

des associations impliquées dans une recommandation. 

Top-n associations 

Ici les associations sont t riés selon leur degré de confiance et de suppoTt dans la 

base de connaissances Dw. La confiance d 'une recommandation peut être défi­

nie par la 11 certitude 11 du syst ème dans ses recommandations générées (Bogers et 

Van Den Bosch , 2011). Ainsi le degré de confiance donnée à une règle d 'associa­

tion peut être 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 t ransactions contenantes A . La défini t ion formelle de la confiance est : 

( ( 
supp(A.; .B;) 

conf Ti ) = conf Ai, Bi ) = (A ) · supp i 
(5.3) 

Nous rappelons que le support d 'une association (Agrawal et Srikant, 1994) défini t 

la fréquence d 'une association clans Dw : 

( 
supp(Ai.Bi) 

supp(ri ) = supp A.; , B;) = [Dw[ . (5.4) 

La mesure de confiance, ainsi que celle de support , sont utilisées clans une méthode 

heuristique cl 'agrégation de prédi ctions clans le cas où plusieurs règles r· recom-
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mandent le même objet o pour la prochaine étape dans w. Ainsi, nous proposons 

d 'utiliser la fonction MPR(ri) (Mean P crccntage Ranking) (Hu et al. , 2008) qui 

combine les alternatives de t ri de motifs selon la confiance et le support de chacun . 

(5.5) 

Ici , Ur; (utilité23
) indique si une règle d 'association ri est ut ilisée dans un scénario 

de recommandation ou non et rankri dénote le rang centile de chaque ri dans la 

liste ordonnée des associations (selon la confiance puis le support). Des valeurs 

faibles du M P R ( < 50%) sont désirées. rankri = 0% indique que la règle ri 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 (Schütze, 2008). La Précision est la fraction des items recommandés qui sont 

peTtinents. Étant donné que le nombre de ces items dépend fortement de la taille 

de 1 'ensemble de tou tes les données "valides " possibles (ou au moins du ground­

t·ruth) , 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 

23 L'utilité d'une association est une mesure addit ive obtenue pa r la somme des recom­

mandations individuelles. ous utilisons ici la forme la plus basique de l'util ité: nombre de foi s 

que le système de recommandation ut ilise une règle. 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 façon suivante : 

, . k () - ((100-MPR(ri))xlol) 
ran objet o - max l l 

Or; 
(5.6) 

Le rang d 'un item o correspond au maximum des rangs de règles d 'associations 

aux top-n (voir la section précédente) qui recommandent le même item o. Nous 

favorisons ici les associations qui recommandent le moindr nombre d 'items. La 

fraction lol / lor; l, où loi est le nombre de règles recommandant l'objet o et lorJ est 

le nombre d 'objet recommandé par r.i, représente le poids, c'est à dire la fréquence 

d 'items recommandés par la règle qui a la plus grande confiance. 

Précision et Rappel 

Admettant qu 'un expert a fixé le paramètre k d'objets à recommander pour un 

scénario donné. Notons S(k) l'ensemble contenant les k items : IS(k) l = k. Soit Ç 

l'ensemble d 'items pertinents contenant les objets positifs dans w E Tw pour la 

prochaine étape (la partie cachée d 'un scénario de recommandation) . Par exemple, 

pour le scénario w02 = ( {KCC2D} , {BLAST} , { ClustalX} ) extrait à partir de 

w 0 E Tw = ( {KCC2D} , {BLAST} , {ClustalX} , {PhyML, JTT} ), on obt ient 

Ç = {PhyML , JTT}. Ainsi, la Précision des k-items est définie par le pourcentage 

des obj ets recommandés qui sont effectivement positifs (consommés par le flux de 

travaux test w E Tw ) : 

Precision(k) = 100. ~ ~~~)1 (5.7) 

La valeur de la Précision évalue le système 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 système 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 l 'ensemble d 'items 9 

peut contenir à la fois des objets et des métadonnées sur ces obj ets, par exemple 

le nom d 'un logiciel (e.g. PhyML) et j ou ses paramètres (e.g . JTT) . De ce fait, 

nous définissons ici deux façons pour calculer le nombre de hits (vrais positifs) 

dans l'ensemble du gound-truth afin de d 'identifier si notre système recommande 

le bon logiciel avec les bons paramètres. Soit 9* l'ensemble des objets pertinents 

excluant les objets de types 11 métadonnée 11 
: 

IS(k) n 9*1 
Rappel1 (k) = 100. 

191 
(5.8) 

IS (k) n 91 
Rappel2(k) = 100. 

191 
(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 - M es·uTe représente une 

façon d'agrégation des deux mesures par leur moyenne harmonique : 

Precision x Rappel 
F - mesure = 2 x -=-------=------=­

Precision + Rappel 

5.7.3 Résultats préliminaires 

(5.10) 

Afin de tester le pouvoir prédictif de notre système de recommandation , nous 

avons pris l'ensemble de flux de t ravaux extrait à part ir 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 6liens) et le lot extrait à 

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 

not re modèle basé sur les motifs extraits. Afin d'évaluer la sensitivité de notre 

algorithme de recommandation , nous prenons différentes valeurs de k : 5, 10, 20 , 

30, 40 et 50 (voir figure 5.6). Comme déjà mentionné dans la section précédente, 

l 'exactitude de notre approche est sensible à la définition même du rappel (voir 

l 'équation 5.9) et ainsi aux données du lot de test. 

80 

~ 75 
::; 

70 

80 
e 
~ 60 
~ 

40 

20 

0.1 0.2 
min_supp 

0.3 0.4 0.5 

05 10 20 30 40 50 05 10 20 30 40 50 05 10 20 30 40 50 05 10 20 30 40 50 05 10 20 30 40 50 
Top k 

FIGURE 5.6: Quali té de Top k meilleures recommandations. 

Nous remarquons qu'à partir des expérimentations , les taux de Rappel, de Préci­

sion et ainsi la F-Mesure baissent en diminuant le seuil de supports cr (min _supp ) 

à l'exception de cr=0.3. Les valeurs élevées du seuil représentent des motifs géné­

riques couvrant la majorité des classes d'où les taux élevés du Rappel. De plus , 

augmentant la valeur de k revient à améliorer les performances du système. Nous 

remarquons que d 'autant plus que cr est élevée d 'autant k deviendra plus stable 
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avec des valeurs faibles . P ar exemple, pour k > 10, le taux de Rappel devient 

stable (92%) avec CT = 0.5 et CT = 0.4 . La différence ent re les deux types de Rappel 

est moindre pour des valeurs élevées de k mais elle est frappante pour k = 5. Cela 

revient à la définition stricte du Rappel (où plusieurs posit ions sont à 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 à 50 respectivement . Tout 

en gardant des t aux de Th1esure raisonnables (> 60%), k reste un paramètre im­

portant dans l'amélioration des performances de notre syst ème. Nous rappelons 

que la sélection des top k est basée sur les confiances des règles générés et donc 

elle est sensible aux données d 'entrée. 

Nous présentons dans la figure 5.7 les distribution de la fon ction d 'agrégation de 

la pert inence des motifs M P R . Nous rappelons que cette fonction trie les associa­

t ions selon leurs degré de confiance et de support. La première figure (a) mont re 

la corrélation ent re le MPR, la Précision et la fréquence d 'utilisation de motifs 

(ut ili té) pour un seuil de support CT = 0.5. Dans ce cas, peu de motifs sont générés 

(12 motifs) et les meilleurs motifs (top n = 40%) mènent à recommander des 

objet s avec une Précision élevée de 85%. Les figures (b) , (c), (d ) et (e) décrivent 

la même évolution de MPR, Précision et Rappel. Diminuer CT t end à baisser lé­

gèrement la qualité des top n motifs t out en gardant des valeurs satisfaisantes 

de Rappel et de Précision. De plus, la couverture (ut ili té) des motifs baisse en 

diminuant la valeur de CT. Les meilleures motifs pour CT = 0.1 (top 8% ~ 70 mo­

t ifs) présentent une moyenne de fMesure "'86.5%. Ainsi, nous const atons que les 

performances de not re système sont à la fois stables (ent re 82% et 89%) et sa­

t isfaisantes (> 82%) en termes de ! Mesure, tant pour des motifs génériques que 

pour des motifs spécifiques. Cependant, afin d 'obtenir une idée plus claire de la 

qualité des recommandations, la façon la plus directe est de mesurer l 'efficacité 
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de notre système dans son utilisation avec différents utilisateurs . Néanmoins, une 

telle étude est difficile à implémenter : une communauté assez large doit avoir accès 

à notre infrastructure en ligne. otre stratégie de validation hors ligne vient avec 

l'avantage de l'ut ilisation d 'une base de connaissances représentant l 'historique 

des meilleurs pratiques phylognétiques dans la littérature du domaine. Toutefois , 

l'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 à la repré­

sentativité des vrais positifs dans la base de connaissances. ous trouvons dans 

la li ttérature 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. P ar exemple, la notion de diversité 

de la liste des top-k items mesure la 11 dissimilarité 11 entre les items recommandés 

et la liste 9 . Il serait ainsi intéressant, dans notre cas, de proposer une mesure 

semblable qui étudie la diversité de classes d 'items recommandés dans l'ontologie 

du domaine. Un algori t hme de recherche du plus petit ancêtre commun entre les 

items recommandés peut être utilisé pour le calcul de la distance "sémantique" 

entre les items des deux listes. 

5. 7.4 Conclusion 

ous venons de montrer l 'efficacité de notre approche de recommandation en 

termes de Précision de Rappel. En effet, l'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. 1 otre approche 

a l'originali té d'être 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 à partir de la littérature phylogénétique. Au deuxième 

niveau de fil t rage, les top k prochaines sous-tâches 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 

l'efficacité de notre approche dans son cadre réel de recommandat ion 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 solut ions généralistes qui ne fournissent 

pas de niveaux conceptuels spécifiques adaptés aux niveaux d 'expertise de ses 

ut ilisateurs . Ces derniers sont généralement confrontés à des situations d 'acqui­

sit ion de nouvelles connaissances afin de résoudre leurs problèmes. Bien que les 

conditions expérimentales et le choix des logiciels d 'analyses soient dép endants 

des ressources informatiques disponibles, souvent en relation avec le volume des 

données à analyser, d 'autres conditions telles que la méconnaissance du problème 

et les biais reliés à chaque outil sont responsables de la divergence des résultats . 

Dans cette thèse, nous avons proposé de résoudre un problème bien particu­

lier d 'acquisition de connaissances processuelles celui de l'analyse phylogénétique. 

Nous avons proposé d 'utiliser une approche basée sur les ontologies dans chacune 

des couches, représentationnelle et fonctionnelle, de notre système T -Gowler. Ce 

dernier utilise deux types d'ontologie. Une ontologie du domaine dont le but est de 

représenter les données descriptives de l 'analyse phylogénétique et une ontologie 

processuelle qui est utilisée afin de représenter les connaissances processuelles des 

flux de travaux. La première ontologie a été spécifiquement utilisée dans l 'extrac­

tion des éléments de flux de travaux concrets à partir des textes. La deuxième 

quant à 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 où les données théoriques ne sont pas tou­

jours structurés ou même accessibles comme en mathématiques ou en didactique. 

En outre , il est nécessaire de prendre conscience que la conceptualisation des onto­

logies n 'est pas touj ours fourni aux utilisateurs, même pour un expert du domaine. 

ous pensons que l 'accès 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 ut ilis?-nt des bases de graphes 

pour représenter des groupes de termes dans un réseau sémantique (Angles et 

Gut ierrez, 2008; Bollacker et al., 2008; Shao et al., 2013) . 

Nous avons discuté dans le chapitre 2 de cette thèse notre première contribution 

principale, soit en extraction de flux de travaux concrets à 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. ous avons proposé un langage 

spécifique aux flux de travaux basé sur la structure des DACs. Ces graphes repré­

sentent les différentes activités et types de données dans des flux de : contrôle et 

de données. 1 ous avons aussi proposé un modèle d'apprentissage automatique de 

désambiguïsation des éléments processuels dans le texte. Cc modèle 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 modèle de désambiguïsation afin de prendre en considé­

ration un contexte plus large de termes polysémiques : soit l'analyse par section 

(ou paragraphe) au lieu des phrases. Il serait aussi possible d'étendre le système 

d 'extraction avec une modélisation des paramètres 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 être 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 à 

enrichir la sémantique des paramètres en générant des motifs de flux de travaux 

plus intéressants (dans la configuration des tâches) et plus faciles à interpréter par 

les utilisateurs finaux . 

Dans le chapitre 3 de la thèse nous avons présenté la deuxième contribution prin­

cipale de notre approche soit la fouille de motifs abstraits à partir des flux de 

travaux extraits. otre solution, basée sur une de fouille de données, applique une 

stratégie de parcours descendante en profondeur d 'abord de l'espace des motifs 

construits à partir de l'ontologie. ous nous sommes inspirés du langage de motifs 

d 'Adda et al. (2010) et nous avons proposé une structure avancée adaptée aux 

flux de t ravaux étant des DAGs à 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 thèse nous avons présenté l'architecture du sys­

tème au com plet 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 l'analyse phylogénétique. 

Nous avons aussi proposé une esquisse de solution pour le développement d 'un 

système de recommandation de flux de travaux à partir des motifs abstraits géné­

rés. Nous avons pu montrer , à travers notre approche, la pertinence et le pouvoir 

prédictif de différents motifs fréquents dans l 'acquisit ion automat ique des connais-
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sances de résolution de problèmes. 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 difféTents utilisateurs. Il serait intéressant de tester les 

modèles générés dans différents cas d 'utilisation de flux de travaux, suivis par plu­

sieurs phylogéniticiens de différents niveaux d 'expertise. C'est à 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 

Ahmed Halioui, Petko Valtchev and Abdoulaye Baniré Diallo 

Abstract- Th is paper introduces a method for automatic workllow extraction from texts using Process-Oriented Case-Based 
Reasoning (POCBR). White the current workflow management systems implement mostly different complicated graphical tasks based 
on advanced distributed so lutions (e.g. cloud computing and grid computation), workllow knowledge acquisition from texts using 
case-based reasonlng represents more expressive and semantlc case representations. We propose ln this context, an ontology-based 
workllow extraction framework to acquire processual knowledge from texts. Our methodology extends classic NLP techniques ta 
extract and disambiguate tasks in texts. Using a graph-based representation of worktlows and a domain ontology, our extraction 
process provides a context-aware approach to recognize workllow cornponents: data and controlllows. ln arder ta validate our 
approach, we applied our plallorrn ta a very known bioinformatic domain, i.e. phylogenetic analyses. An evaluat ion based on workflow 
semantic similarities on a Ground·truth proves thal our approach provides promising results in the idenlilicalion ol semantically 
enriched workllows from scientific texts. Bath data and implementation of our framework are available in: 
h«ps:t/github.comlbioinloUOAM/Igowler. 

Index Terms-Workllow extraction, Ward Sense Disambiguation, Ontologies, Workflow Similarity. 

INTRODU CTION 

C URRENT workflow management systems provide a 
step by step guidance for users through sophisticated 

graphical workflow modelling [1)-[3). Tracking these exe­
cutions can be used to adapt workflows to new si tuations. 
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 c.:ase-based acquisition from texts has 
been a major focus research in the last decade [5]-[7] . Tex tuai 
CBR approaches vary widely in their scope according to 
their use of atural Language Processing (NLP) methods, 
case representations, and are highly dependent on the in­
tended applications. Hence, it is very diJficult to reuse the 
proposed approaches to sorne problem-solving si tuations 
where a domain-specifie vocabulary is used such as in 
Phylogenetics [8] where, as a interdiscip linary domain, it 
combines different vocabularies from Computer Science, 
Statistics, Mathematics, and Engineering to analyze and 
interp ret biological da ta. 

Even though Lau et al [9[ compared three differen t ap­
proaches: key-based, grammar-based and machine learning. 
they on! y consider imperative sentences which cover more 
than 50% of the whole data and their interpretation modules 
are limited to the conunand tuple representation (A: type 
of the action, textual parameter to an action, the target on 
which to act). Liu el Agah [JO) developed a workflow extrac­
tor trained with a few manually created positive samples. A 
set of extraction rules are generated and then applied to 
automa tically crawled documents (from e-how Websites, e.g. 
www.wikihow.com). However, thei r mode! has only suc-

Ali nuthors nrt will! tltr Drpartmrrrl Dfpartemorl d'informatiqutt, Uni­
vtrsîU du Qutbec d Mo1rtrtal. H2X 3Yl, utbtc, CANADA. E~11UJil: 
dinllo.nbdoulnyf@uqtim.cn 

+ 

cessfull y extracted ~42% of these documents. Schumacher et 
al. [61 proposed to use a full fledged LP solution to extract 
and en rich workflows from texts. Their frame-based infor­
mation extraction approach to resolve anap/10ras1 [Ill in texts 
uses frame pnttemsl to trigger phrases. A sequential pattern 
mining is also applied to mine anaphora-mles and then, 
sea rch for the most frequent tenn cooccurrences to resolve 
an anaphoric reference. A similar approach is proposed in 
[5] to resolve "universa l references" using a domain-specifie 
ontology. Given thal ontology, they map the anaphoric refer­
ence to a concept. Yet, their resolution is based on heuristics 
(mies) highly dependent on the domain application. Addis 
et Borrajo [121 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 statistica l 
algori thms to identify particular subseq uences of plans to 
specifie contexts. A recent approach to extracting situa tion 
ontology from hmv-to instructions is proposed in [1 31 where 
an automatic method based on syntactic patterns and a CRF 
(Conditional Random Fields) [1 4) probabilistic mode! are 
used in order to classify actions and abjects such as time 
and place. Although their pattern-based approach achieves 
a high leve! of accuracy (>73%), its coverage is limited to 
mies constructed semi-automatica lly from sma ll fraction of 
sentences (on! y imperative sentences) in /10w-to texts. Song 
et al . [1 SJ proposed a novel attempt to extract procedural 

l. The problcrn of rt..'SOiving what a pronoun or a noun phrase rcfcrs 
lo. 

2. A frame-based stmcturc dcfincs the me;ming of a tcrm in a 
sentence using s/ots. Each frame slot is filled using lingujstic patterns 
(heuristic rulcs) mapped to syntachc roles {subject, direct abject, and 
mdircct object) to trigger phrases in texts. 
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knowledge from the PubMed abstracts3 using the TAM 
mode!- a triple combina tian of (Ta rget, 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 (sequent ial, para !le!, 
causal, etc.). [1 6] proposed a distant supervision approach4 

for Cancer Pathway Extraction from texts. The main idea is 
to test the significance (using a la tent variable), for each 
sentence evoking two entities Et (theme) and E2 (cause), 
of the relation R (between the two entities). Distant supervi­
sion is provided by enforcing during training that for each 
relational triple (Et, R, E2), at !east one latent assignment 
is true if the database contains the relation, and none oth­
erwise. Each ins tance is represented by a linear mode! with 
features over the sentence and entities. The feature weights 
are learned using on line learning with Perceptron (17] . Ye t, 
their semi-supervised approach is so sensitive to the starting 
sample. Changing the context at each iterat ion, whi le crea t­
ing automatically positive examples, may genera te different 
con fli cting relations since the latent assignment is a simple 
comparison of R in the training set. Comparing contexts 
using the triple (Et, R, E2) may work only for binary 
relations; lift ing 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 na titre of human experience and its raie in making 
decisions (1 8]. Processual knowledge, grounded in scientific 
texts arc exploited to enhance the experience acquistion. 
Yet, sorne 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., ward 
sense ambiguities. Word Sense Disambiguation (WSD) (19] 
is the process to identily the sense or senses of a polysemie 
term. Although important, WSD as an ' intermediate' task, 
is unlikely that anyone other than linguistics would be 
in terested in its results. Howcvcr, we fotmd that polysemie 
words are also common even in very technical domains, 
such as phylogenetic analyses, where specifie software and 
programs could be also used for different purposes. Cener­
ally, programs may con tain multiple packages and processes 
and ofler multiple supports. Thus, even very specifie 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. 
ln addition, identilying 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 specifie 
problem to extract domain-relevant meanings from it. ln this 
paper, we propose an ontology-based approach to extract 
semantically rich bioinformatics workflows from texts using 

3. https:/ / www.ncbi.nlm.nih.gov /pubmed 
4. ln distant supervision. we make use of an already existing 

database, such as KEGG (httpJ /www.genome.jp/kegg / pathway), to 
collect cxamplcs for the relation that wc want to cxtract. Thcsc cxam­
ples are used to automatically generale 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 abst raction) and the relations between 
them and thus, the domain terminology is modelled as a 
DAC of different leve! and (2) to classily terms from texts 
using this terminology. lts very difficult to represent the a 
DAC of hierarchical concepts and relations using relational 
databases. Section 2 presents the choiccs that wc 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 deta ils the process 
of the workflow extraction from texts. A text is analyzed 
with a pipes-and-filters NLP chain and a dedicated WSD 
fo r workflow tagging. Section 4 presents experimen ts and 
results of the proposed processes by comparing automat­
ica lly obtained workflows with an expert-curated dataset. 
Finally, section 5 discusses results and future work. 

2 FORMALISMS FOR ENRICHED WOR KFLOW REP­

RESENTATIONS 

2.1 Workflow representation 

Traditionally, workflows are "the automation of a business 
process, in wlwle or part, during which documents, information 
or tasks are passed from one participa11t to another for actio11, 
according to a set of procedural ru/es" [1] . ln general, workflows 
consist of a set of task> (activities) combined with a col!trol­
flow such as sequences, parallel (conjunction) or alterna­
tive branches (disjunction), as weil as repeated executions 
(loops). We are interested, here, in workflows as sequences 
and concurrent runs of program tasks. These latter consume 
data items i.e. input sources and output products. The data­
flow represents interactions (relationships) between them 
(data items) and tasks. ln 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 etworks (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 workAows, 
e.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 arder to make the workflow 
more expressive ë\ nd hcnce, easi ly to be reused in simi lë\r 
cases. 

ln this study, we illustra te our approach in the domain of 
phylogenetics [8]. lnferred 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. !-lere, the tasks represent phylogenetic programs 
and their combination of pnrameters 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 stitdy the evolutionary history of 
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Fig. 1. Example excerpts tram the article al Liang et al. [21 [. We represent the workllow in laur dillerent layers. The fi rst layers describe data and 
metadata annotations. The tasks layer represents the control flow and the last layer describes parameters. Relations between the different abjects 
at each layer de scribe the control !law (links between tasks) , the data llows (links between data and tasks) and other semanlic llows (between data 
and parameters and/or metadata). 

/·/A proteins according to the following steps: (1) multiple 
sequence alignment, (2) madel representation, (3) tree in­
ference and (4) result visualizalion. Each step is composed 
of partially ordered program tasks dependent! y linked with 
each e ther. These dependencies represent control and data 
flows enhanced wilh semantic annotations. For instance, 
Bion) (22], a neighbour joining program, gets Hemagglutinin 
sequences collected from the Genbank database5 as input 
and produces phylogenetic trees. Duplicates in workflows 
represenl d ifferent instantiations of one task. For instance, 
the fi rst M EGA [231 instance (a t the 3r'" step) is used with 
different paramelcrs than the second instance at the same 

5. https:/ / www.ncbi.nlm.nih.gov/genbank/ 

step. M EGA is used with bath, a Maxi11t11m Likelihood (ML) 
method and a Maximum Parsimmry (MP) one [24]. 

Definition 2.1 (Workfl ow data language). Given a universe 
of task items (tasks and parameters) o-r and data items 
(data types and metadata) av. i.e. w0 = o'l' u av, a work­
flow language 6 w deCines workflow records of partially 
ordered sequences composed of inter-related object labels 
o E :.P. A workflow w E 6w is a direct acyclic graph 
w = ((, 8) where ( = ({Ot , 02 ..... 0,.)} is the sequence 
of abject transactions 0, = {o, ,1 ), where j ranges from 1 
to the size of 0, (the number of element al the ith step). 
ln lu rn, e = { o, . 02, o., ... 'o.) is the sel of trip les where 
O, = (it , /. i2) represents the link of type 1 E :./ between 
the abject at position i 1 in w.(. i.e. w.( [i ,J and the abject al 
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the position i2, i.e. w.( [i2]. 

Fig. 2 shows a sub-workflow Wt representation from the 
previous example in the figure 1. l'hylogenetic programs 
and parameters and their input/output data and metadata 
are represented in a partially ordered sequence of abject 
transactions (steps) and a set of links between them. For ex­
ample, Hemagglutinin alig11meuts (ot ,2) are the input (see 0,.) 
in the neighbour joining program Bio11j (O t,1 ) generating 
f1hylogwetic trees (sec 04). The arder bctween phylagcnetic 
programs represents the partial execution of phylogenetic 
steps. The "parallel" execution of programs is represented 
by the transactions in w.(, e.g. { Bion}, M EG A, M EG A} 
are programs in the same step. 

(01,1, ' (O>.o, (Ol.t, (ou , 
hssO.t1Souroe, 1 islnpuiOf, illnputOf, 110Utput01, 

Ou) 1 OJ,1) O..o) o._,) 
w.e 

'·' (OJ.l, (ou, (ou , (Ou, 

1 fslnputOI, lsOutputOf, lslnputOI, lsOutputOI, 
1 O..o) 0'-J) 0..>) 0..>) 

Fig. 2. Ex ample of workflow data representation. A workflow w is a set 
of parti ally ordered abjects w.( and a set of link triples w.e. He re, items 
belonging ta the same set are separaled wilh dotted lin es. 

2.2 Ontology representat ion 

The universe of abjects w0 = 0, links wc = [ and thcir 
corresponding labels (references) is defined in the domain 
ontology n. 
Definition 2.2 (Universe of abj ects and links). Let !1 = ( 
0, G, C, 1?. 'S n, p) be an ontology where 0 is the set of 
ali abjects, i.e. individual tasks and data types, C the set 
of ali concepts, [ the set of ali links between abjects, and 
1?. the set of ali properties (relations) between concepts. 
Ht.: = (C. <S n) and fln = (1?., <Sn) denote the concept and 
relation hierarchies of the ontology where <S n denotes the 
rdfs:subCinssOJ hierarchical re lationship. Objects o E 0 and 
links l E [ are instances of concepts c E C and relations 
,. E R, respectively. The ternary relation p Ç C x R x C is 
made of triples Ct x r x c2 expressing the incidence between 
a relation r and its domain Ct and range c2 concepts. 

Fig. 3 shows a sample from the ontology of the phyloge­
netic analyses domain PHAGE 6. 

3 EXT RACTI ON PROCESS 

The problem of workflow extraction from texts consists of 
( 1) recognizing workflow elements, i.e. 0 and [ - abject 

6. http:/ /bioportal.bioontology.org/ontologies/PHAGE 

and link terms in the text - and (2) classify them ta their 
ontological classes, i.e. C and 1?. - concepts and relations -
, respectively. The fo llowing 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 ta 
the identification of syntactic classes of terms and sentences. 
Section 3.1 quickly goes through those steps. Wc present 
sorne commonly used techniques and tools and we discuss 
how we adapt them to our issues. Ta king the output of those 
steps, section 3.2 describes our solution ta recognize domain 
terms based on the concepts and relations from a domain 
ontology fl. Section 3.3 proposes a way ta recognize ward 
sense ambiguities using the hierarchy of concepts in !1. Our 
ward sense disambiguation (WSD) technique is supported 
by a super distant machine learning approach where the 
learn ing set is generated automatically using ontologica l 
ru les. Section 3.4 describes the way we crea te a train ing set 
ta build a WSD madel and a link extraction one. Sections 3.5 
presents the features and the classifier that we use ta 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 ta assess automatically extracted 
workflows based on expert-curated ones. 

3.1 Morphosyntactic annotation 

The initial step segments the text into lexical items called 
toke11s equivalent ta "words". ln genera l, 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, "do11't" 
is treated as two tokcns, while the gene "4'0MT2" is really 
one. ln addition, the text is segmented into sentences us­
ing punctuation-based patterns. The extracted tokens and 
sentences are further tagged with their appropriate gram­
matica l and syntactic categories. At first, a Part-Of-Speech 
(POS) tagging is executed in arder to identify grammatical 
classes of terms. We use the MedPost POS tagger (26] which 
is based on a HMM (Hidden Markov Madel) madel trained 
over 1 000 XHTML PubMed texts. Their tagger achieved 
an accuracy of 97.43%. Next, wc 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 ta 3 (root, phrases and ros 
tags). Chunker complexities are equivalent to a fini te-sta te 
automaton and provide a very simple grammar which is 
sufficient ta continue with the extraction process. 

3.2 Sema ntic annotation 

This stcp is about recognizing workflow items in texts: i.e. 
tasks, parameters, data, metadata and links between them. 
For this purpose, an ontology-based gazetteer (terminology) 
is used ta map instances with text tokens. This step is 
important to any workflow extraction process. Yet, simple 
ward matchings between ontology instances and tokens 
would not be sufficient ta recognize workflow elements. 
Different syntactic and semantic ambiguities are present in 
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Fig. 3. A sample from the phylogenet ic domain ontology PHAGE. Grey rectangles illustrate concepts, where the top on es (a) and (b) correspond ta 
task items (steps and program parameters, respeclively) , (c) and (d) concepts correspond ta data items (data types and metadata, respectively). 
Coloured dotted arcs represent either annotation or inpuVoutput properties. 

Fig. 4. A sample from the proposed PHAGE ontology published in the 
BioPortal repos itory (see the 1ink on the top righi corner). Grey rectan­
gles represent workl low concept references ta: steps and programs (in 
lhe blue cloud), daia types (in lhe green cloud), sources (in the purple 
cloud) and parameters (in lhe yellow cloud). The hard arcs represenl 
hierarchical relations and the dotted arcs represent other semantic 
properties (domain constraints and input/output rel ations). Terms under 
concepts show sorne individuals (instances) from categories. 

any naturallanguage [28]. For this purpose, we use (1) spe­
ci fi e )APE7 ru les to extract and filter workflow concept and 
relation ins tances in tex ts and (2) a WSD madel to clarify 
ether semantic ambigui ties: i.e. mulU-class class ifica tion (see 
next sub-sections). 

ln a rder to fil ter concept bad matchings from the a nta l­
ogy, we use specifie-domain stop-words, original XHTML 
markup annotations (from the tcxts) and regular expression 
(regex) patterns wri tten in )APE language. For example, 
when gene or protein names are nouns, verbs or adject ives, 
their probabil ity to be exact matchings in a text are never 
1 [30]. For instance, the gene term 'CAT' is very similar 

7. java AmlOtation Patterns Engine UAPE). jAPE language is a fi­
nite state transducer on the GATE platform l29j tha t operatcs over 
annotations based on regular expressions. Thus, it is useful for pattern­
mate JUng, scmant ic ext raction, and many othcr operations ovcr syntac­
tk tn~es ~uch as tho~e produced by natu rallanguage parsecs. 

to DNA codon sequences, e.g. in 'CAT ACT GTA . .' or 
to ether terms such 'caterp illar' o r 'cats ln add ition, 
sorne bioinformatics software na mes have similar issues. For 
example, the ward 'a lig11' in the context of phylogenelics 
presents a lexical ambiguity too. Commonly, 'a ligrr ' is a 
frequent verb in phylogenetics texts but it is also used as 
a program name, thal is wh y the probabili ty of this lerm is 
never 1. However, the probability of 'a lign' to be the name of 
a software writ ten in lowercase is rea lly near to zeros. RILle 
1 is an example of a pattern-based rule to elimina te program 
annotations where terms, as verbs, nouns or adjectives, are 
written in lower case. ClassC.insL is the instance ID in the 
ontology9, Token.category is the POS tag of a token and 
Token.orth is ils orthography. Hence, fo r ail (most) specifie 
program categories 10 in n, we build one rn le fo r the most 
sensitive POS categories grounding lexical ambiguities: i.e. 
verbs (V B), nouns (N N) and adjectives (J J) [30]. 

Rule Rt : 
( { ClllssC.insL =~ ., P1·ogrmnl D _.,, 
Token.category == C' \1 B"'ll"' N N" il"' J J " ), 
Token.orth == ., lowerwse"}) : cluss 
-- > 
inputAS. remove( class ); 

l' rocedu ra l tex ts describe processual events of how lo 
complete specifie tasks, hencc, sen tences represenl (a) a 

8. Au thors tend ta use diffe rent orthography such as uppercase and 
italie ta distinguish program namcs in tcxts from othee lerms. 

9. Since instances might have "synonyms" (t -K- 'MCMC' and 'Markov 
Chain Monte Carlo') or might rcfcr ta software versions (e.g. 'MEGA 
5.1 '), wc choosc to idcnti fy cach instance with unique identifiees 
h,wing the prefi x as the class name in the domain ontology (r.g. 
Progr•m 1 D _9482.194). 

10. A most speci fie concept/relation is the lcaf catcgor}1 (which has 
no chi ld catcgory) in the hierarchies He and fln . 
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causal chain, in an (b) active voice (c) associated with 
task steps 131 ). HO\\'ever, this rule is not always applied 
since, the phylogenetic analyses sections use bath, narrative 
and procedural texts. Thereof, for the link recognition step, 
we adopt the following hypothesis: "a relat ion 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 dea l, 
here, with relations describing actions between domain and 
range concepts in bath direct ions. For this purpose, we 
propose a frame-based 132) approach using the ontology 
triple structure p = (c1, r, c2) to map and match ontological 
relations r E R with links l E 1?.[ in texts: 8 = (o,.l. 02). 
Relation instances (links) are recognized based on ali re­
lation triples that exist in n compatible with its elements 
(dnmain, ra nge and link type). The interpreter loads ali 
the triples from the ontology and maps tagged concepts 
as domains and ranges in texts for each link. For instance, 
for the triple ( '' BootstmpPrograrn", "hasParameter", 
., NbBoot straps'' ) E R, we search for ail its domain and 
range terms (instances) from the same sentence in texts. For 
example, a sentence candidate, in this case, would be: 

"We validate neighbo11r-joining trees by MEGA (do­
main) 11sing (/ ink) 1000 replicates (range)". 

In addition, if a match is fmmd, a set of syntactic patterns 
is applied for each link to fi l ter bad matchings. For example, 
if the phrase voice is active, then, the verb evoking the 
relat ion domain and range might be between these terms 
taking into account the arder of domain and range terms 
in the sentence (i.e . domain occurring before range). The 
rule R2 annotates the link context in texts where dStart, 
etEnd and rStart correspond to 'S'tart and 'E'nd positions 
of 'd'omain/'r'ange terms in the triggered sentence. 

Rule R2 : 
(((Acti.ve Verb Phrase )) contains ({Domain) {Token )+ 
{Range)) ) : p 
-- > 
{for( Annotation d: domain ) 

for ( Annotation r: range) 
if (dSt<Lrt < rStart && dEncl < rStart && 

p is active) 
outputAS.add(dStart, rEnd, "Glass/l". 

p.verb ) 

3.3 Word sense ambiguity recognition 

The previous process of semantic annotation faces known 
hurdles rooted in the ward sense ambiguities: i.e. poly­
semy 119] . The problem is that words often have more than 
one meaning (e.g. metonymy) and sometimes completely 
different meanings (e.g. homonyms). The meaning of a ward 
in a particu lar usage can only be determined by examining 
its context. This is, in general, a trivia l task in NLP. For exam­
ple, in the following two sentences, the software MEGA 123), 
a multi-purposes package of programs, is used in different 
contexts. 

We assess the 11eighbor-joini11g melllod by MEGA 11sing 
1000 replicatcs. 

Tree data was visualized using MEGA. 

ln the first sentence, MEGA is used to validate the phylo­
genetic hypothesis which corresponds to the 'HypothesisVal­
idalionProgrnm' concept. However, in the second sentence, 
the program MEGA is used in the visualization step which 
corresponds to the 'TrceVisllalizatioi!Progrnm' concept. A soft­
ware containing different packages (algorithms) is usually 
used for different purposes such as in MEGA 123] and 
I'HYLIP [33], thus, these are referring to polysemie concepts 
in the domain ontology. This software- related polysemy 
is represented with the multiple inheritance" feature in the 
domain ontology. Hence, in arder to identify polysemie 
words in the ontology, we create a la tent concept 'Gel! ­
eraiP11rposePackages' equivalent to ali ambiguous concep ts 
while elimina ting multip le 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 pa rent concept é of a 
polysemie one c (where c -<cnn é is a subC/assOf RDF 
relation) belonging to a multiple inheritance in the hierarchy 
He, we add the equivalence relationship between c and the 
ambiguous concept 'Miûliple Purpose Packages', i.e.: <: c > 
< owl: sameAs > <: MultiplePurposePackages >. 

3.4 Word Sense Disambiguation (WSD) 

Next, after discovering polysemie concepts in the ontology, 
we tag their ambiguous instances in texts. We propose, 
here, a supervised mach ine learn ing approach to WSD. 
The problem of WSD is defined as fo llows: "give11 a set 
of pre-tagged polysemie words, WSD is to classify each word 
will! ils appropriate task concept (sense) will! higll acc11rncy and 
efficiency". Pre-tagged words are usually created manually, 
but, here, we propose to constmct the WSD ground tnuth 
in a semi automatic way using the domain ontology and 
syntactic tags from sentences. 

Rule R:< : 
Priol'ity : 00 
(({ Active V er·b Phrase )) contains 
({ Gener·alPurposePackages }) : c) : context 
-- > 
{i f (context is active && 

(context.verb.root in VerbSet : {"valid'' , ., test", 
. .. } Il context.object.rootin ParamSet: {"bootstrap'' , 
··replicate" , ... } )) 

c.putFeature("resolution'' , ., ValidationProgram'' ); 

Rule R3 shows an example of )APE nules to generate 
the WSD learning set. Here, bath 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 134] of the verb in the parent concept ê (e.g. va/id) 
in He (i.e. from the leve! immediately above). The Param­
Sel contains also WordNet synonyms of the corresponding 
program Para meler terms (e.g. number of bootstraps in val­
idation programs). These latter are used (if they exist) as 

11. Multiple inheritance is an object-oriented featnre in which a dass 
(concept) or an objcct can inhcrit charactcrîstics and featurcs from more 
than one parent class. 



IEEEIACM TRANSACTIONS ON COMPUTATIONAL BIOL OGY AND BIOINFORMATICS 

hints ta classify the polysemie program ta its right class. 
Hence, the pattern R3 veri fies if the verb, in the active 
voice, is about testing or validating something, thereof, 
the 'Ge, eraiPurposePacknges' concept is disambiguated ta the 
'ValidatiottProgrmn' one. Moreover, WSD cules have priority 
probabili ties ta fire them by arder (e.g., the priority of R:o 
is 90% among the other rules). Here, for each polysemie 
concept created in the previous step, we genera te one WSD 
ru le. An addi tional ru le is added by the expert ta represen t 
the default concept if no heuristic is va lid (default ru le). 

3.5 Learnlng module 

ln o rder to crea te a mode! fo r automatic WSD, a set of 
features is generated representing the dataset of already 
tagged words in texts. For instance, in a rder ta classify 
the term 'MEGA' (CiassC) from the example of Fig. 5, we 
generale the se t of featu res (jea turesC) reflecting its context 
(see also table 1 - features 1 and 2). 

1 ~ C Tok&n.cat&Qoty (POS)!-3.+3) 
ut ,es Token.cillnJ-3. •31 

RB.Aoo't!'tl , tfl ~SI'lgiJII ar mass , VBH V~. pmlpwtq* . VBD Vfltl,piiSitenSe , CC C~ 
~OTOelfttnlner~PrfiCICiâOI!cr~~ 

Fig. 5. An example of learning features lor WSD concepts and rela1ion 
extraction from texts. 

In add ition, in arder ta classify a link between the 
ambiguous ward 'MEGA' (domain) and the da ta type 
'a lignments' (range), we de fine its context as the se t of 
tokens bctwccn the domain and the range. !-lere, features 
(jea turesR) represent the context token POS tags (Toketts­
Betweell.category), distance (in number of tokens between 
domain and range), direction (domain-ta-range) and verbs 
between the concerned terms (see table 1 - features 3 and 7). 

Since proposed features are context-based, the madel 
representing ambiguous concept and relation terms in texts 
should take in ta account the type of these (features) repre­
senta tions. Hence, wc chose ta use the PAUM mode! (l'er­
ceptron Algorithm with Uneven Margins) [35] ta learn WSD 
and relation classifications from on the extracted feature 
ins tances. PAUM was des igned spefically for imbalanced 
da ta and has successfully been applied ta various semant ic 
annotation problems {36], {37] . This algorithm di ffers from 
other classifiees, such as CRF {1 4], since it trea ts posit ive and 
negative examples differently by introducing two margin 

TABLE 1 
Feature descriptions 

Future 

1 
Token.ci\tegory !u...,n,J 
(Context POS tags) 

Token. dass (mm, J 
(Context concepts) 

okensBetween.cl'tegory 
(Surrounding co~,tegories) 

Distance 

Direction 

7 Verbs 

Description 
The u;in , __ (num er~~ gr.tmmo~t tcd 
tags (POS) surrounding the .unb1guous 
word in the sentence. 
The wm,,.(number ~~~concepts 
surround ing the ambiguous word in 
the sentence. 
rhe ordered 1 ist 0 ros tags 
between the domo~, in "nd range terms. 
T 1c ordcred ltst o concepts 
between the domain and rM e terms. 
the number of tokens between the 
domi'lin and ran e terms. 

1 the two annotations over ap, 
+ l if the rMge follows the domain i\nd 
·1 i( the r<lni'e precedes the domain. 
T 1e ordcred I.St o vcrbs 111 l IC sentence 
evokinR the link triple. 

parameters r+ and r_ into the updating cules for the pos­
itive and nega tive examples, respect ive! y. He re, r + and L 

simu late the weights on context examples, hence, we cou id 
increase/decrease the dis tance between positive/negative 
contexts (see features 3-7) of an ambiguous concept and 
ils surrounded ones. This reflects the intuition that "tite 
neorer a neigilbouring concept is close to an ambiguous concept, 
tite more important il is fo r classifyiug Ille giveu tokeu". lt is 
about the same intuition for the relation classification. We 
represent the dis tance between positive/nega tive domain 
and range concept examples of one re lation. PilUM lca rns 
how ta update its learning ra te and marg in pa rameters ta 
maximize this distance {35]. Since we are not dea ling with a 
huge number of featu res, we use the tradit ional Sequential 
Fonvard Selection {38] whi le adding f features a t a time 
ta select. The selected best set of features are then, used in 
the construction of a madel for an automatic annotation of 
ambiguous words in texts and relations between them. 

Alter tuning and training our models, we applied them 
ta 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 correct/y iden tified 
items (abjects/links) as the percentage of identified items. ln 
other words, it measures how many items tha t our system 
identi fi ed were correctly tagged, regard less of whether it 
a Iso fai led ta retrieve correct items. The higher the p recision, 
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 thal we consider annotations ta be partial/y 
correct if the entity/relation type is correct and the spans 
(positions of characters in the text) a re overlapping but not 
identical. Thus, partially correct responses are allocated a 
hall weight. 

p . . Correct + 0.5 x Partial 
reo slon = Correct + Spurious + Partial 

Reca/1 = Correct + 0.5 x Partial 
Correct + Missmg + Partial 

where: 

(1) 

(2) 
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Correct: Number of correct annotations; 
Partial: Number of partially correct annotations (if 
they overlap in terms); 
Sp11rious: Number of spurious annotations (in the test 
set); 
Missing: Number of missing annotations (in the train­
ing set). 

The F-measure (FM) is often used in conjunction with 
Precision and Recall, as the harmonie average of the two. 

FM = 2 x (Precision + Recall) 
Precision + Recall 

3.6 Workflow reconstruction 

(3) 

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-leve! 
pattern in the domain ontology. Concept and re lation in­
stances serve to identify, respectively, the data-flow and the 
control-flow. For example, from the tuples: p 1 = (Aiign­
ments, "isOutputOf", ClustalW), P2 = (Alignments, "isln­
putüf", MEGA), we construct the control-flow: w.( = ( 
{Aiignments), {ClustaiW}, {MEGA}) and the data-flow: 
w.O = (Pl , P2 , P3) where P3 = (Alignments, "genlnputTo", 
ClustaiW). The partial order in the sequence w.( is carried 
out with the 'generale input to' (genlnp11tTo) relation which 
is the result of the transitive relation between input and 
output data from the ontology n. 

Fig. 6. Example of a workllow reconstruction from a domain·ontology. 
Here, the hard black arcs represent the possible concept matchings 
between the ontological workflow pattern (grey rectangles) and the 
workflow sequence w1.Ç (blue rectangles). 

Fig. 6 shows an example of workflow reconstruction 
from a domain ontology. The first set in w1.(: {Sequences, 
Alignments, Tree} represents the data types. While rela tions 
p betwcen datatypes and p rograms 'CiustaiW' and 'MEGA' 
represent the data-flow, the sequence itself in w1.( repre­
sents the control-flow ('geulnputTo'). 

3.7 Workflow slmllarlty measure 

Here, we calculate the similarity measure sùnw(a ,p) E 
{ 0 .. 1} which calcula tes the similarity between an expert­
curated workflow a and a predicted one p. Unlike the 
work of [40] and [41 ] proposing computationally expen­
sive workllow 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 ontologicallabels. We remind 
that each workflow a and p is represented by the couple 
((, 8) in t.w where ( is the set of object labels organized 
in transactions (steps) and (:) is the the set of relation triples 
connecting a domain abject to a range one from ( using a 
link type 1 E L. The similarity between two workflows a 
and pis given by the following formulas: 

. ( ) siln~(a , p) + sim~ (a . p) 
S'Ufl.w a,p :;:::: 

2 
(4) 

I:'" 2::7 ( w< ( a.o, ,; , p ()) 

sim~(a.p) = 
1 

n (5) 
m 

. "( ) _ I:7(w6 (a.O,, p.8)) (6) 
Sl.mw a,p - k 

Here, m = la.(], n and k = la. (:l i are the tota l number 
of steps, items per step and link trip les, respectively, in 
the actual workflow a. Each abject O; .; is weighted by its 
label "correcllwss" measure w< = { wi', wÎ' , w~'} and each 
propcrty (triple) O, is weighted by w6 = we, x we· 
where the weight w"• E {0 .. 1} is the degree of an abject 
term correctness (domain and range) and ·u;9 • E { 0 .. 1) is 
the degree of a link term correctness. We define the term 
"correctness" based on the character matchings behveen a 
term and its referring label in the ontology n. A partial 
correctness of a terrn v E p.( is defined as where v is a 
substring in" = a.o; ,;. We apply here the longest common 
substring algorithm to search for the actual terrn string in 
the a.( sequence of object labels. 

wi' = 1 is the weight given if the object a. o;,1 is found in 
p.( and is correct. w~' = 0.5 is the weight given for a term 
if the object a.o; ,; is found in p.( and is partially correct. 

Finally, w~' = 0 if the object a.o, ,,; is not found in If.·(· ln 
the relation side, we tuned the weights as follows: w1 ' = 1, 
w~· = 0.6, wf• = 0.1, w?· = 1, w~· = 0.6 and w~· = 
O. ln addition, w9 • are the weights given if the term of a 
link (e.g. 'were-examined') is correct, partially correct or not. 
Same for w6 · , the weights represent the correctness degrees 
of the relations structure: domain and range terrns. 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
lishcd from January until April 2015) in Xl-lTML format. 
320 texts have been extracted. At first we downloaded 
more than 1 000 recent articles, journals and conference 
pa pers having at !east 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 analys is should represent. A 
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phylogenetic study might use at !east one datatype and 
one phylogenetic inference program in arder 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
nctic literature such as Gene Ontology12, NCBIJJ, Unipro­
tKB14 and from Felsenstein Website IS. The terminology is 
then reorganized in a domain ontology in arder to recognize 
terms and relations in texts. We used the Quest-Ontop 
platform [43] to map MySQL classes to SrARQL concepts 
in a domain ontology. The generated ontology presents 37 
different abject properties (relations), 48 543 concepts (classi­
fi ed into 4 root concepts - besicles the most abstract concept 
owi:Thing) and 111 unique concepts16) and more than 1 300 
000 unique instances wi thout counting the synonyms. 1 lere 
the root concep ts represent the four different layers of a 
workflow - see Fig.!. The ontology is free to access under 
the BioPortal repository 17, the Gate implementation of our 
workflow extractor and extracted workflows and result are 
available in: https:/ /github.com/bioinfoUQAM/ tgowler/ 
trec/ mas ter 1 W fExtractor_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-tru th database. This latter 
serves as a test set for the evaluation step. The expert anno­
tales the given texts using our domain ontology schema on 
the platform GATE. He annotated only terms of concepts 
and relations thal serve to reconstruct the phylogenetic 
workflows from texts. Although this task is cast! y 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-annota tor 
agreemen t validation si nee it was demonstrated that Kappa 
measure (not used to measure the accuracy) works on! y for 
discrete and mutually exclusive classes [45]. 

4.2 Results 

4.2. 1 Workflow elements 

ln the firs t experiment, we evalua te the WSD mode! (PAUM 
WSD). We use precision, recall and F-Measure metrics. A 
10-fold cross validation was mn over the rAUM classifier 
to choose the best parameters: L = 5, T + = 50, where L 

and T+ are respectively the negative and positive margins. 
We have picked the best values for L from { - 10, - 5, - 1, 
0, 1, 5, JO} and fo r T t from {- 100, - '0, - 10, 0, 10, 50, 
100} based on the validation resu lts. ln addition, we chose 
the whole set of the proposed featu res since ali ros and 
concept context tags show the best F-Measure with a context 
window win1 = 5. 

ln the second experiment, we eva luate the relation ex­
traction madel. Same as in the previous experiment, we 
ran a 10-fold cross validation over the rAUM Relation 

12. http://www.gcnrontology.org 
13. http:/ /ww\'v'.ncbi.nlm.nih.gov 
14. http:/ /www.uniprot.org 
15. http:/ /evolution.gcnctics.washington.ed ll 
16. The rest of the concepts arc synonyms to the 111 ones. 
17. http:/ /bioportal.bioontology.org/ ontologie$/ PHAGE 

Extraction (PAUM RE) classifier. We chose the best featu res 
and best parameters as foJiows: r_ = 1, r + = 10. Selected 
features are: token ros 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 

resu~s. 

Precision (%) 
l'i\OM WsiJ 99.21 
PAUM RE n.63 

Rccall (%) 
66.66 
84.22 

1·-Measurc (%) 
79.74 
77.24 

Table 2 shows results of WSD and rela tion extraction 
learning. For rAUM WSD, the recaJI is the rat io of to tal 
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 rAUM WSD madel 
is highly precise (99.21 %) but predicted words represent 
66.66% of the total number of ambiguous words in the exert 
dataset. This cou Id be expla ined by the range of the chosen 
context of ambiguous words, i.e. the sentence. The rAUM 
RE mode! presents different results in terms of precision and 
reca JI from the rAUM 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 dassic Information 
Retrieva l F-Measure [42] based on correct, partiaJiy correct 
and spurious annota tions (sec also section 3.5). ln total, 
our system has annotated 2 561 terms while the expert has 
annota tcd 2 641. The avera JI strict F-Measure (overlaps dis­
ca rded) is 70% and the overaJI !enien t F-Measure (ovcrlaps 
included) is 76%. We notice that 118 annotations (- 20%) 
represent ambiguous program terms (Guessedrrogram). ln 
this case, the average F-Measure (between strict and lenient) 
is 84% with a precision of 73% and a recaJI of 98%. Although 
strict and Jenient F-Measure values are very close (-0.3%), 
sorne categories, i.e. DataCol/ectiouProgram, TreeVisualization­
Prgram and GuessedGenera/PackngesCategories, show the same 
values for strict and lenient F-Measures (see also the '0 ' 
column). Our tagger is able to recognize (or not) the exact 
mentions in texts: these catego ries does not present non­
standard program names (e .g. common names) or generic 
mentions. ln addition, we note that almost the half of 
the presented categories show reasonably high lenient F­
Measure agreement (> 80%). Yet, besicles hypotheses valida­
tiou software names, data collection programs, species names, 
protei11 and GO atmotatious show the worst tagging F­
Measure results (with a lenient F-Measu re between 60 and 
67%). The reca JI values in data collection programs exp lain 
the weak F-Measure (for bath strict and len ient agreements). 
Thereof, our database fo r this category need to be updated. 
ln addi tion, since no specifie )ArE mies are modeJied for the 
metadata (GO annotations and species), sorne common fa lse 
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 0 SP SR SFM LP LR LFM 
BootstrapsParms 61 19 8 1 0.87 0.75 0.80 0.88 0.76 0.82 
Data Base 43 19 13 3 0.72 0.66 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 
Data Type 597 103 186 89 0.68 0.75 0.71 0.78 0.86 0.82 
GeneOntology 139 172 5 3 0.94 0.44 0.60 0.96 0.45 0.61 
HypothesisValidationProgram 25 40 29 2 0.44 0.37 0.40 0.48 0.40 0.43 
Method 326 48 46 14 0.84 0.84 0.84 0.88 0.87 0.87 
ModelSelectionProgram 42 50 17 1 0.70 0.45 0.54 0.71 0.46 0.56 
PhylogeneticlnferenceProgram 205 16 146 10 0.56 0.88 0.69 0.59 0.93 0.72 
SequenceAlignmentProgram 70 15 19 4 0.75 0.78 0.76 0.79 0.83 0.81 
Source Taxon 202 125 57 19 0.72 0.58 0.64 0.79 0.63 0.70 
TreeYisualizationProgram 18 7 2 0 0.90 0.72 0.80 0.90 0.72 0.80 
GuessedGeneralPackagesCategories 87 1 31 0 0.73 0.98 0.84 0.73 0.98 0.84 
Sum 1851 644 564 146 
Macro sumrnary 0.75 0.67 0.69 0.78 0.70 0.72 
Micro sumrnary 0.72 0.69 0.70 0.78 0.74 0.76 

The 'S' column represents the number of Successfully recognized annotations. The 'G' (onJy in Cold set) column represents missed annotations 
wtule the ·p· (onJy in Prcdictlon set) column shows the nwnber of unknown annotations. The '0' (Overlap) colwnn shows the numbcr of 
(partially recognizcd) annotations. While the 'SFM' and 'LFM' columns shows the Strict (overlaps discarded) and Lenient (overli\ps included) 
F·Measures, respeclively, the 'SP', 'Sf' and 'LP', 'LR' columns represent Strict and Lenient values of Precision and Rccall, respectively. Micro 
averaging essentially trea ts the corpus as one large document whilc Macro avcraging calculatcs the f·Measure on a pcr document basis, and 
then, averages the results. 

The manual annotation of ambiguous programs high­
lights ali the tex tual mentions referring to a mu ltiple pu r­
poses tool as indirect references. In sorne cases, correct 
results from our workflow tagger were not fully annotated, 
leading to false positives. The following sentences: 

A pllylogenetic tree was constructed wit/J MEGA 5 
using the aligned sequences { .. . / Tiie pllylogeuetic tree 
was drawn usilrg tire neigllbor-joining metlrod will! p-distnnce 
and 1,000 bootstrap '"Piications. ---

show an cxample 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 dass of MEGA 
(HypotllesisVnlidation) was not detected by our context-based 
approach. The reference in the second sentence is implicit 
(hidden in the Neigllbor-joining concept), hence, it is difficult 
to detect tha t 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 previot1S 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 simifarities with a the ground /ruth 
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 
sim ilarity dist ributions of both concepts and re lations 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, etc.). 
In the other side, ali program terms similarities are above 
0.8 except for mode! selection and hypothesis validation 
programs (0.6). This is due to the contcxt ambiguities within 
these categories. Bioinformaticians and biologists tend to 
use general purpose packages instead of specifie tools for 
mode! selection and tree validation steps. The context of 
such tools are 40% of the cases out if ils sentence area . 

ln 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 
: (!) data types and MSA (Multiple Sequence Alignment) 
programs, (2) data types and phylogcnetic infe rence pro­
grams and (3) data types and species are ali between 0.65 
and 0.77. Both predicted relations between mode! selection 
programs and their mode! parameters, and predicted rela­
tions between bootstrapping programs and their number of 
rep licates 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. Workllow similarity distribut ions with the grou nd truth. 

more generic mentions (e.g. tree validation programs) [n 
wider contexts and a more elaborate mode! to capture 
metadata in texts,e.g. Gene Ontology annotations and name 
of species, experiments s how satisfying similarity results 
(between 57% and 96%) with the expert-curated workflows 
and a good ward sense disambiguation madel with an F­
Measure >77 11/u. 

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 PCX:BR 
workflow stmctures with a semantically richer relations that 
serve for both: extract ion and resolution of polysem ie tasks 
in texts. lt is promising that ou r method reaches high sim i­
larities w ith an ontology-based ward sense disambiguation 
approach for tasks, however, other term classifications need 
to be improved, main ly data type metadata such as the 
name of genes, proteins and species. Besides, the implication 
of an expert is always mandatory fo r a good validation of 
extracted terms. We intend to extend our ontology-based 

mining framework in arder to considera variety of criteria, 
for example other method parameters (e.g. Gamma rates, 
transition ratios, etc.), more complex control stmctures (e.g. 
parallel 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 ou r text corpora wi th the most recent articles 
wtU 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 ins tance, abstract ing the proposed workflow in a 
submitted article is used to assist the reviewer assessment. 
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ABSTRACT 
Workfiow plat.forms ena ble the construction of solutions t.o 
complcx problcms as st.cp-wisc pruccssc.:; made of cumpo­
ncnt.s including mcthods, t.ools: data formats, parametcrs, 
etc. Succcssful workflow solut ions rcquirc a mus t.cring of 
the different componcnts paving the way t.o automatcd ac­
quisit ion of prohlr.m sc1lving expmt ise. Thn~ , prnrc!'s mininJ!: 
t:uu ld !Je upplicJ lu Jismvcr wurkHuw poltcrus. Dut:: tu t he 
combina tories of component. instances in rich demains such 
as bioinformatics. gcneralizcd patterns could be a releva nt. 
way of abstraction. Hcre, wc propose an approach for mining 
workftow patterns: dcfincd on the top of a domain ontolcJ~·y 
which categorizes workflow clements and thcir interactions. 
While original workOows arc doubly-labelled DACs, the un­
dcrlying problcm is transfonned into a mining of gcncralized 
f:~f} llr:ntia l pat.tr.rns with li nk~ hr.twœ n t h~ir itr.ms. 'l'br. pro­
poscd 1niuing mcthuJ tn.t.vcrscs the cnsuiug palh.:n1 spuœ 
using fivc refincmcnt primitives that exploit the t.S-a links 
fruw Liu.! uut.ulugy. 1ù asscss the prellil.:tiun power uf tilt: aJ.r 
proach: wc applicd the gcncrated patterns as templat.cs in 
a rccommendation pla tfurm to complete partial workflow:s 
und er construct ion. The analyses of rccommendat ions vs. 
art ua\ content. of a rcal-world datasct rcvcals t hat non trivia l 
patterns can be fo und and furthcr uscd to provide plausible 
recornmcndations with high accuracies (~ lea'i urc > 75%). 

CCS Concepts 
elnfo1·mation syst ems --t Data mirling; 

Keywords 
s~f} IICnt. i a l pal I.P.rll mining: Workflowf.>; Onto\Oj!;ÎP$ 

1. INTRODUCTION 
Viorkflows arc inc.rcasingly designed as the efficient way 

of rnanaging romplr.x mult i·slr.p prorP.o;:~r:~ for 1 hr. fP.';Ohll ion 
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of complex problems from knowledge- rich domains such as 
mr.dirinr.1 hiolop.;y. chr.mif.>t.ry and hioinforrnat ic~ . 'l'hi~ ron­
Jud.s tu u g;rowîug puJJU iar îty uf wurkflow platlimns carl! 
offcring a wiùe spect.rum of analyt.icul services [1 1 2, :1]. How­
evcr: în urder tu build ::; ucccssfu l wurkflows, th<' u:-;er mus t 
typica lly mastcr a large varict.y of met.hods, t.ools, data for­
mals, etc. ln many cases, the ult.imat.c success of the work­
fiows depends on the right choite of the includcd met.hods 1 

algorithms1 tool parameters, softwore versions, et.c. ln fact. 
:mch a denwnding environmcnt rcduccs the va lue of work­
f\ow rnanap;r.mr.nl. for non expr.rl. IISP. r~. Fadn~ 1 hmm d~al­
lcnges, pruœss 111iuing [4: 5j us a bruuch of knuwlcc.lge Jis­
covery from data (KDD). studics t he discovcry of rcusable 
knowledge from data bases of proces::; records: in particular 1 

from workAow represcnt at ion such as cxccut ion logs. As 
wurkflow!'i have an inherent graph struct ure, effect ive pro­
cess mining met hods face the rclated complcxity issues. A 
workflow t:,rra ph ùcpicts an analytieal reso lution in !.enns of 
blacks and their interactions (control/ data Aows) drawn as 
nociPR'î ancllink;;:. n~spr:rtivdy. YP.t.= p,-ivr.n t.hr. larp;P. spr.rtrmn 
of possible inputs. it is unlikely for a recorded workflow to 
fully li t a new situation. A solution could be to mine higher­
lcvel uf aLstradiuus suunnariziug c..:on nnunalitics uf a set uf 
workflows. Representing abstrac.:tion tevels using ontologies 
tu assist. mining of usage log:-; has proven pupular in the 
last decade [6, 71 8]. A complete framework for abstract­
ing ontology-hascc.l patterns out of click-st.rcams (from the 
lo&rs of a scmantic web portal powered by a domain ontol­
ogy) provides an alternative view [7 ]. ln this papen::. wc 
deal with a comparn ble prohlem on a different type of input 
format.. ln~tr.arl of pm~ ~r.qHr:nc :P.~. wr: <·on:-;idr:r workflow.:: 
<1 S Dircctcll Ac.:yd it.: Grapl1s (DACs) . Howcvcr1 J uc to tbe 
very complex nature of the undcrlying domain problem. the 
DACs arc split in to ordercd laycrs. ln th<' next ::;cction . wc 
define fi rst. the di fferent clements of the ontology. followcd 
by two descriptive languar.es {data and pattern language). 
'Wc also introducc t.he pattem spacc. the inst.antiation rcla­
tionship bet.ween workOows and patterns. and the gcnernl­
ity orcier hct.wecn patterns. Finally1 wc dcscribe the pattern 
:-:pare lr:vr.l~ anclthe n~finr.mr.nl opr.rat.ors lo gr.nr.ra te pat­
tems at. cac.:h leve\. Gcncratcd pattcru arc tlccn cxpluit.ccJ by 
a top-down dept h-first tnwcrsal method using the ~~~mpport" 
metric a::; a quali ty criterion for patterns. 

2. DEFINITIONS 

Dr::r iNIT!ON 1. Ontolo,qy 
Let Il = ( 0, C , L , n <::n , p) be an ontology wher·e 0 i• 



!he seL of al! ob;ecls, t.e. mdtmdual !asks and data types, C 
the seL of al! r.onccpls, [. the set of al! links between objecls, 
and 'R. l.ht: 8F:/. nf nil pmpP.rl.iP~~t (rd alinn..ç) bt:Lw f.t: n r.nnr.r.pt.~~<. 

He = (C, ~u) und Hn = (n , ~u) dwu!e the concept and 
relation hierarchies of the ontology whue :5:n denotes the is-a 
nlu.tiu r1-~hip. Tite tcnw'y t-datiun p Ç C x 'R. xC i.s madt: uf 
triples Ct x r x c2 expressing the incidence between a relation 
r and its domam c1 and range c2 concepts. ObjecLç o E 0 
and links l E C are. mstances of concepts cE C and relations 
T E n, rcspccttvely. 

Givcn a univcrse of tasks and data 0 and li nks[. dcfi ned 
in il , a workfiow record represents a doubly labelled DAG 
with vert ex labels in 0 and cdgc labels in C. lts vertex 
set can be sp lit int.o subsequent layers following the steps 
of t.hc workHow analy~is with possible furthcr splits so t.hat 
no intra-layer edgcs rcmain. In th is way: the data record 
hr:mmr::: a SP.CJ.IIPnr.r: nf nhj P.r: t. bag-::; (t.ram:ar:1ionf') with a sr.t 
of ~..: russ-tl'ansad, iuu liuks. 

DEFINITION 2. Data language 
Lr.L ôw br. i.llf. da/.a lan.qua_qr. madr. nf pntr.< w = ((. 9) 
u;here ( = ({o1 . o~ ~· ··· o,1 }, {o,1 +l1 ... , 0 ,1 } , . .. , {o,c ... - 11 11, 
.. . , o;,. }) is a sequence of transactions (s!eps) . ln !urn, 
9 = {//1 . //2 .... ,Il,,} tS a set of tnpleis whcre 1/k = (id,i,) 
reprrsents a link of type l between the object at position i 1 

mw.(. t.e. w.(lid and Ute ob;ect w.(ji, l. 

WOfkflow representation 

pattem representation 

P1 ~: ,,j lsl ;~ 
;LW; 

n ' = = = = 
1 C 1 B 1 O 1 

F'ig-um 1: (A) Workflnw rP.pfP$P.nta t.ion of 1111 E 6-w . (B) 
Pattern representation of Jlt E rw . 

Example 1. In Fig. 1 (A): WJ is a workflow representing 
tasks b1 c: d1 e and data type a as weil as a set of links. Tasks 
are furthcr split int.o st.cps1 thus inducing the transaction 
sequence (( al. {b,c}. {bi. {d,c } ) with the folluw in ~ trip le 
set {( 1,1, ,2). (1,1, , 2), ... (4,11.6)}. Here, /1 emhodies the 

execution a rder in the workflow and l2 rcpresents the input 
link between data type and tasks. 

DEFINITION 3 . Pattern lan_qua.qe 
Let r iV be set of pairs p = ((. 9) whrre p.( is !he sequence 
of bags of concepts and p.e 1s the set of relahon tnple.i.s. 

Example 2. The pattern P l in Fig. 1 (B) represent.s the 
sequence ( {A}. {C'}. {il} . {D) ) and the tr iplets O, = 
(l , r, , 2) and o, = (2, n , 3) . 

For a workAow w E ~IV and a pattern p E rw , we as­
~rr t. w<t.p (~aie! w iru; l. anf.ùJ.tf'~'> Jl) whr:nP.vP-r t.hP.rn P.XÎ ~ t. ~ a 
sul>-st rudurc iu ·w iSUtHorpiL ic lu p. Th~~ mapping fu n~..:t iu n 

<1> : {l , .. lp.(l) _, {1 , .. lw.( l} defines t.he instantiation rela­
tionslt ip l;~twœn w alH.l p as fu lluws: 

DEFINITION 4. fn.">l.anl.iatin n rdal.inn.">hip 

• 1]> is an iujedive /tmcliuu ; 
• Vi E {1 , .. lp.(l), w.(j<l>(i) l En p.( Iii ; 
• \/i,i' E IJ, If!.( ll, Tp(i') ~ Tp(i) ilf r,.( <f>(i')) ~ Tw(<l>( i)) 
• \10, = (i 1, r ,i2) E p.9, 31 E C s. L. 1 En,. and (<!>(it), 

l, <!> (i,)) E w.e . 

Example 3. Wt<IPI in ({a}. {c}. {b}. {d}) and in links 
{11, 1,} whilc l1 En •·1. 1, En ,.,, u En A, & En B etc. anJ 
(<!> (1),1, , <1> (3) ) En )J1 .01 and (<!>(3), 1,.<!>(4)) En p,.o, (sec 
Ftg. 1). 

DEFIN ITION 5. G'eneraltty n!lationsh1p 
Dd Pl und lA twu puttem.s ft ·ur/1 r iV' 111 is mure yt:.a· 

eralthanp'1 : p'1 ç; Pl if!{w, E ôw lw,<lp~} Ç {w1 E 
ôw lw,<lpt}. 

DEFI NITION 6. Level.s in pattern space 
Let 9 Uc the ycuemlity deyn~t uf a JJUttem dr-jininy tlle lr:vd 

k afa pattern in /he pattern space. g is Ute sum of a pat!em 
component (conce pts and relattons) deptii.S from the ontology 
where a depth h is /h e maximal palh from a componenL to 
the root accordmg to He and Hn mn. 

According to the previous definition, the generation of 
k + 1-lcvcl patterns from k-lcvcl one::; amounts lo the calcu­
lation of five canonicat operations: ( l ) root concept insertion 
in a new transaction , (2) root concept. insertion at the end of 
one transaction, (3) concept. spcciali zation 1 (4) root relation 
in!'r.rt. ion anrl (.!>) rP.lat.ion ~r~c.ializat.ion. Pat.tr:rn clr.mP.nl.i' 
are indexed using a t.opological arder induccd by t he ontol­
ngy hir:rarc:hi P~c::. Th11~1 rdlning; a pat.t.P.rn is al ways rlonP. from 
its last element (the highest n.111 k). Let ranke: amJ 1·ankn l;e 
the funct ions ranking conceptsjobjects and rclat.ions/ links, 
rœ;pectively: from O. Let c be t. he last concept in p.( and 
r be the relation in the last tr iple of p.S. Refining p leads 
to adda concept/ relation in the pa1t.crn or: altcrnat.ivcly, to 
replace c by é for whom c is t.hc canonical parent concept 
i.e. é -< ,. .. n c. Similarly. r can only be specializcd ta a rela­
tion f that sat isfies f --< c:,u-1 r. Table l Jists the precise set of 
rnnrl it inn~ for r:arh <:annn ir.a l operat ion. 

Example B. Ftg. ?? illustra tes the last three canonical op­
erations. Fur instance: specializing the last concept subC( D') 
in p., amount.s t.o replace t.he last. concept D with it s desccn· 
dent D' while it.s rank is highcr than the ran k ufthe prcvious 
conc:ept in the transaction B . The addR(r;., 1) operat ion on 



Table 1: Canonical opera tions. 

Defin it io n 

appC(ê) -
Appenrl:: a new 
tr<.liiSactiun 
with root 
(.;UII CC]Jt Îll Ît. 

addC(ê) 
Adds a root 
concept t.o the 
last ln\nsact ion. 
subC(ê) - He­
pl ac :P.~ 1 hP. l a~t. 
cuuœ pt. wit h é;. 

addR(r , j) 
Adds a relation 
f lJci.\\'L't~ ll pu:SÎ­
tÎOil j and t.hc 
last. posit ion . 

subR(T) - Hc­
plar:P.s thr. la!'! 
relation of the 
pattern with ,-:. 

Il Constraints 

1. ê is a root concept.. 

1. r. i..:; a root. r.o nrnpt : 
2 . .-ankc:(ê) ?:: •·unkc:(p.(i!fl.( l]). 

1. ê -<, •• P·<IIP·< Ii: 
2. rankc;(p.Ç ll p.Ç 1 - 11) <0 

nmkc(ê) (2nd !ast concept.). 

1. r is a root relation ; 
2. P·CIIP·CII 'On •·an(r') : 
3. p.Ç[j j <On dom(r) ; 
4. Vk 3r• wit h (k , r•·l1•.(1) E 

p.~ => k < j (righi must ou­

main). 
5. if p.ÇIIP·<I - iJ ~ j!.(lp.ÇIJ 

t.hcn Vl, 3.-,, (ir, •·•·II'·CI -
!) E p.E'J rrmkn(r) ?:: 
rankn (rt). it ?:: j. 

let j,. - IIIIIX(j l(j, r., lp.<l) E p.E'J) 
anrl •-'_s. t. (j": , ,.._ 11•·<1) E )>.A in: 

l . f '-(c:auf': 

2. p.(Jil!.(IJ <On ran(f) ; 
:l. p.Ç[j .. l <O n dom(r). 
4. if P·C II P·<I - !J ~ p.([p.çiJ thcn 

Vl.3.-, , (i, , ,·,, Jp.ÇI - 1) E p.E'J 
=> rankn(f) ?:: ralfkn(rt). 
il~ j,.. . 

p., adds the relation r!i bct wccn the fin.;l concept A and the 
last one D. To t hat end. wc need at first to vcrify if thcrc 
is al lca.c;t one relation point.ing to the last position. ext.. 
wc check the compatibilit ies hctween the concept A and the 
domain nf n. in 1 hf' nnt nloey and hr.t.wcr.n D anrl !lu~ ran~r: 
of n;. 1-\ft cr t.hat , wc add the concerning triple aftcr the right 
most triple in p4 .9 having 4 (last concept position) as cnd­
ing puiut (c..lestiual.iuu) aml1·5 as a relation. Wc rculiuc..lthat. 
]J4 .9 sel is sortcd by ils cn<.li ng and starting positions and 
thcn hy it:; relation type rank t·ankn. T he final operation 
subR(r2) specializes the last. relation ou TJ ~ta rting from the 
fi rst concept A. ln ordcr to pr~crvc the orùcr in p4.e t 1'1· as 
the canonical descendant of r3 from the ontology poit1t ing l.o 
the last concept D. ~hould st.art from highest. slarti ng point. 
(source) in the subsct of triples on r, which isO., = (1. r,. , 4). 
Thi!> npf'ral iou rr.pl ac~P.s 1 he:n 02 wit h tlu~ 1 rip!P. (1. 1' t , 4). 

3. MINING METHOD 
Mining abstract workflows from a wurkfiow data base Vw 

on the top of an ont ology 0 and a minimum support thresh­
old a consist.s of finding all thc f1·cqucnt. patterns Fa = {p E 
r \V I.supp(p) ?:: a) in V w. Berc. supp(p) corresponds to 

LEVELK 

!Ir 1, r2, 3 ' 1, r3 , 4 
"-•ddR(r' 1) 

subC(D') subR(n) '1., 

mrnm ml mrnmm IA i c l o: o·l IAicloi o 
11. r

2
, 3; 1, rl, 4J jt, 11, 3i 1, r3, 4: 1, r5, 4J 

mm mm 
1 A 1 C 1 D > 1 

l.EVELK+1 jt. r1, 3:1, r20 4J 

Figure 2: Au cx;;mplc uf Glllunical operations. 

the number of workflows from Vw mat ching with 7J lw<tpl. 
To finri allt lu~ randidat P. pat.IP.rn!' frnm a p.,ivcn fmqur:nL pal.­

tcm ]J
1 

Wt! pcrfonn a c..l t.: pth-ti rst. uvcn.li l t raversai iu whi c.:h we 
apply the refincrnent opcrators. T he algorit.hm st arts wit.h 
the geucraiÎUll of the frc4U t!lll l-pal.tci'IIS thaL C\I'C II HHJt• uf 
unique root. concept s from the ontology. F'or cach patt ern. 
the generat ion is app liec..l rccursivcly for the subsequent lcvcls 
k + 1. Thl" candidates arc gcnt'rat.cd from frequent patterns 
at leve! k by applying ali the canonira l operat ions. 

Algorit hm 1 Depth flrst patt.ern generation 

1: procedure GENEHAn:A NOTESTOF(J: frequent k-level pat­
tern ; MS: matching workflows : u: minimum :~upport ) 

2: C P t- ADDC(f) U APPC(/) U SL>UC(/) U ADDR(/) U 

su oR (/) : 
3: for ali p E CP do 
4: M' (- PINOMATCIIINCW OitFKl.OWS{p. MS) ; 
5: if size(M'/ >= u · IVw l lhen 
6: pp< + .odd(p) ; 
7: C~:NEitAn:ANDTESTDF(p . M' , u ) ; 
8: end if 
9: end for 
lU: end procedure 

Alg:urit.hm 1 providcs Lhe pseudo-code to expand a k- level 
frequent pattern to yicld a set of k + 1 candidate patterns 
and then Hltcr t.hese w. r .L the set of sequences matching 
the key pattern. Candidate generat ion from f iuvolvcs the 
applirat ion nf thn fivP. r anoniral opr.ra t. inn~. Tlu~n . for r.aC'h 
~cucrutcc..l canc..liùalc. we scmd1 fur ils wurkllow nwlchiug 
~ct (M') lo calculate ils frcqucncyl start.ing from the last 
mat.chcd operat ion position . If t. hc pattern is frequent : we 
save it with its workfiow matching set to calcula tc recursive\ y 
patt ern comc..lidatcs uf the next. lcvcls k -t 2: k+ 3, ... until thcre 
is no fTcqucnt, patterns to genera tc. 

4. EXPERIMENTAL STUDY 
Wf' Pvalttal r.cl t.hr. rir:vclopnd 1 mP.I hocl nn t.wo dai a"e:l ~ r.o m­

poscd of concrctc bioi ufonnatic workfiows that werc retr icved 
from scientific publications. At the preparat.ory step: wc 
USl!d a ùet.lkatct.l tcxt minet lu cxtrad Liuiutimna t.ic wurk­
flows out of a corpus of 2 500+ articles from the PubMed 
PMC' rcposi tory 191. Wc also us<d t.hc PHAGE phylogc-

1 Source code and data are ava ilablc in: hL! ps:/ /git.huh.rom/ 
bioinfoUQAM / tgowlcr. 



netir. ontology published in 13ioport.ae. ln our experiments. 
the mined associat ions fro m WFPub were usee! as recom~ 
Jll(!nda1ion tcmplat P..;:: in workflnw.;:: from WFG. To t.his e:nd , 
out uf the discuvercd workllows1 wc fonned t.wo dat<.~sets: 
WFG, which contai tlS 500 expcrt-va lidatcd workflows (12 
uLjeds i:I. ILd li li uks1 oH CIVt:ri:l.ge) : w ustit utc.'i ou r gwuuJ 
truth, whereas WFPub, with 2 783 workflows (11 abjects 
and 7 links) is the mining target. . \Vhilc recommending 
plausible completions of unfolding user sessions (iucomplete 
workHows) 1 wc test. the predictive accuraC~' of the devclopcd 
method's output. . Thus, the patterns mined from the fi rst 
dat. asel were split int.o a!-:sociations thal fur ther generatcd 
recommendat.ions for (prefixes of the) workflows from the 
::nc:ond da!t\SP.I. To examine 1 he: m;e:fnlnr.~'i of om mr.t hocP:: 
output. {auJ heuœ of the 1nethuJ itse\f} : wc t:uuut. a hit. 
whenever the top k items [10] are in the workfJows w' t.hat 
match in t.he knowledge base WFPub. Wc rank items i ac­
corcliug t.o the confidence of rules suggest.ing i. Furt.hennore, 
wc compute the rccall poJ basctl un the numbcr of hit.s in 
the next st.cp abjects from w' whcncver the total number of 
progra.m abjects is found3

. 

---

Figure 3: Top k item recommcndatiou cxpcriment.s. 

S. RESULTS 
ln this st udy. wc explore the complexity aspect of our 

mcthod duc t.o the limit.ed availahili ty of set of workHows. 
Ttu~ expP.rÎmf!nt.s havr. hœ n analyzr.d over t.he se t. nf 2 7R~ 
wurkHuws lcadiug tu uut.J.Ju t 14 41() pat.terus (;i5 concept s 
and 15 relations in average) in 75:1 seconds. To evaluate 
the scusitivity of uur mcthull un the va lut! of k, we per­
formed an experiment. in which we va lues of k of 5, 10, 20, 
:m and 11Q. T he predictive accuracics fur thc:sc cxpcrimcnt:s 
undcr different values of a (min...supp) are shawn in Fig. :t 
The ovcra ll rcca. ll anll l?vlcasurc incrcascs in relation with k 
and a lcading to the genera tion of more general rules. The 
m"nh.s indirat.e thal. (i) inr. re:asin~ t.hr. va ine of k }f!ads t.o 
significant improvement.s (>5%) in terms of fMeasurc and 
(ii ) for hi!!;he:r levd s of ah.;:: t.raction (a> 0.:1) , small va i11P.S of 
k wultl !Je suttidcul tu gcucratc a high n~caliiJut wheu ru les 
tend t.o be more "speciflc''4 , small values of k dccrease signif­
icantly t.he reca ll wh ile maintaining good precision:; (> 75o/c 
2 http; f /bioport,aL bioontolog,vmg/ ontologies/P H ACE 
3 Hcre1 wc ig1 1un! the u iJj c~.:t pi:!.rameters while <.:umputing tllu 
number of hit.s. 
,.. Rule.s using lower levels of abst raction for concepts and 
relations. 

whcre a>O.l). This is due to the stringcnt defini tion of the 
recall 1 especially when the sys tem rccommends different ab­
ject. snh-t.a!-:ks at. thP. same l.ime (parallr.l exr.1:nt.ions) for t.hr. 
suUscqueut stcp. 

6. CONCLUSION 
ln this paper, we proposed a workflow pat tcrn mining 

method for aut.omatk acquisi tion of prohlr.m sol vin~ P.x pr.r~ 

tise t. luJL ctfed. ivdy exploits il Jomaiu out.ulug,y. T ilt! lnü­

jor challenges were t.he design of expressive: yct tractable 
pattern languagc:s and efficient mining methods. Our ap­
proach consist.s of mining generalized DAG patterns (even~ 

1ually rcllucell t.o sequent.ial oncs). To this end: wc dcscribcd 
the pattern spacc (data and pattern languages: instantia­
tion and genera lit~· relations) and a refinement opcrators ta 
movc downwards in the pattern space. Finally, wc dcsigncd 
a ci r.pt.h~firs l. mining- mr.t ho ri t.hat. vi;:: il.s ail patt.erns on! y 
unœ. Our 111cthuJ was assesscJ usiug. a dataset. uf biuiJI­
formatic workflows tha t were ret.rieved from the dedica t.cd 
literat.urc. T he uutt:ulnt:! shuw:s that. workHuws UIISC.!e ll Uy 
t he mining tool wcre corrcct ly guessed with a high accu­
racy. A cha lleng,ing rcscarch direct ion would be the dcsig,11 
of a domain~specific intcrest. ingness criteria exploiting the 
semantic knowlcdg;c in the ontology. 
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Abstract 

Contcrnporilry workAow management systems arc driven by cxplicit 

proc:css modcls specifying the intcr-dcpendcncics bctwccn tasks. Crc­
atiug: thcsc wudcls is a t.:ha llcuging ami ti llll~t:unsumiug t(C)k . Exist.iug 
approachcs to mining concrctc workflows int.o modcls t ackle desif:,'ll as­
pects rclatcd to the djvcrging abst ract icm lcvcls of the t.asks. Concrctc 
workfiow logs rcpresent tasks and cases of concrctc events - partially or 
totally nrrle.rr.cl- ~rounding hicidr.n mnlti -lr.vr.l (ahf' trart) !'Pmantir~ anrl 
c.:uutcxts. Rc lcvüul gl!ucrulizeù event s t.:u uld lu! n:Jiswvcrct..l withiu thcsc 
proc:esses. \Ve propose in this paper an ont.ology-bascd workJiow mining 
system to general e patterns from sequences of cvcnt.s which are t . hcrnsclv~ 

extractcd from tcxts. Our system T-Gowler (Generalized Onto\ogy-bascd 
WorkfLow minER within Tcxt.s) is bascd on two ontology-ba~cd mod­
ules: a workflow extractor and a pattern miner. To this end. it uses t.wo 
diff~r~nt. onto logir~" : a domain onr. (t.o ~u pport. workHow rxl. ra('l.inn [rom 

lcxts} unJ u lJI'Ol.:cSsuul u11c (tu tuinc gcncrali~cJ puttcrus f'ro111 cx tructcd 
workflows). T-Gowler implementation and data sources are availablc in: 
https: //github . com/bioinfoUQAM/tgowler. 

1 Introduction 

Workflows (Taylor ct al. , 2014) are incrcasingly designcd as an efficient way of 
munuging complcx mul t i-stcp proccsscs for the resolution of com plcx problcms 
from knowlcdge-rich domuins such as medicine, biology. chcmistry and bioinfor­
rnatic::;. This l'onrhu:ts to a growing popularity of workflow platfnrm:; nffPring 
a wide SJlt't:trum of aualytical services (Wolsteucroft et a l. , 20Ll: Blaukeuucrg 
et al.. 2001 : Lord et al.. 2012) . However. in order to build snccessful workflows. 
the user must. typic:ally m;"t er a large variety nf methnrls. tnnls, rlala formats. 
etc. ln many cases, the ultimute success of the workflows depends on the right 
choicc of the included methods, software parameters and v rs ions. etc. In fact. 

"Corre:.;pondanœ author. 



such a demand ing environ ment reduces the value of Workflow Management Sys­
tems {WMS ) for non expert users. Facing these challenges. Process Mining (El­
lis ct al. , 2006: Va n der Aalst. 2016), a branclr of Knowledge Discovery from 
Data (KDD) (Fan•ad et al. , 1996). studics the discovery of reusable knowledge 
from data baS<'s of proccss records, in particular, from workfl ow representations 
such us execution logs. As workfl ows have an inherent graph structure, effective 
proc:Pss mininp; met.hods fac:e thP relat.ed c:omplrxit.y issues. A workftow graph 
tlcpids au auulytical resolut iuu in tenus uf blocks ulltl. their iuterud iow; (cuu­

trol/ data ftows) drawn as nades und links, respectively. Yet . given the large 
spert:rum of pos.s ible inputs, it. is unlikely for a rec:ordrrl workflow t.n lully fi t: 
a new situation. A solution could be to mine highcr-levcl of abstractions sum­
marizing conrmona li ties of a set of workflows. Representing abstraction lcvels 
using ontologies to assist mining of usage Jogs has proven popular in the Just 
decade (Dai and Mobasher, 2002; Senkul and Sali n, 2012). A complete frame­
work for abstracting ontology-based patterns out of click-strcams {from the logs 
of u SC IIIt~ ll t ir wt>U portu l po\\'ered Uy u ll ou ~ain outology) provilles uu ultt>ruutive 

view {Adda et al. , 2010). Yet, here, we deal with a comparable problem on a 
difff"rf"nt typf' of input. format. lnst.f"ad of purP sf'qur.nr.r.s, wr. r.onsict r.r work­
tlows as DAGs. Howcver, duc tu the complex natme 1 of the underlying donwiu 
problem. the DAGs are spli t into ordered layers. 

The rest of the paper is orga.nizerl as follows: section 2 presents relnterl 
work and background information on pattern mining. In section 3, wc definc 
the pipeline of our approach to extract workflows from tcxts and thus, mining 
abstract patterns from them. Section 4 presents the experimental evaluation and 
results on Bioinformatics workftows. i. e.: Phylogenetics and section 5 concludes 
thr paprr. 

2 Background and related work 

Given a universe of items 0 , a data base 'D = {W) of records (e. g. processcs) 
w E W combining items from 0 , and a frequency threshold u. the pattern 
mining goal is to rxt.ra<: t. the family Fa of patterns p present in at !Past u 
records. Two biuury rclatious ure gcucra lly u&d iu the putteru llliuiug prohlem 
combining hierarchies: the genemlity2 betwcen patterns ç; r (wherc r is the 
pattern language) anrl the instantiation ~ betwcen a rlatil rccorrlanrl a pattern. 

Inspired from the work of Bumshad Mobasher {1995) including knowledge 
representations in pat tern mining domain , Srikant and Agrawal {199G) pro­
pose to use hierarchies in their GSP ulgorithm (Generalized Sequentiol Pat­
terns) which searches for Fa through the puttern spacc ( f , ç;r) by exploring the 
monotony in frequency w. r.t the generality operator ç;r. Their Ap1io•i miner 
perfonus u lcvd -wise top-clown truvcr:ml of the patteru spuce. Ou îtelliSctti , it 

examines patterns at leve! k - that is. of size k - on two points: the method 
rompu! es t.hr frequr nr:y of candi rlat.r pat.t.erns bv mat.c:hinl!; them ap;ainst. the 

1The definition of the domain concepts and const raints is a complex task itsel f. 
2 A Iso know as the raising operation 



records in V whereas it gcncrates k + 1 candidates by comuining pairs of fre­
quent k-paltcrns. However 1 thcir approach is cxpensive in Lerms of memory and 
computat iou. Their representation of V becomes huge whi le exploriug deeper 
levels on t he hierarchy. Han and Fu (1995) use associations in one leve! at a 
ti me. wh ile Fortin und Liu ( 1 OOG) propose un 00 representation to generutc 
associa tion ru les of different levels of abst ract ion. Furthermore. Phillips and 
Bnrhanan (2001 } proposP Prolog ontologif's in an infPrPilf'P rnlP....basc•d systrm 
usiug t he tirst Jugie urdcr lauguage. Zhou and Gdlcr (2007) propoS!: a Geucr­
alization Impact mensure based on support in arder to est imate the sufficicnt 
levrl of abst.ract inn t.o grnerat.e intrrrsting p;pneralized pat.t.erns. 

Adda ct ul. (2010) propose a fully- blown ontology. First. t he data scqucuces 
are cnriched with domain propCities from the demuin ontology. The rcsulting 
structures arc ak in to labclccl cligraphs, in which verticcs arc abjects 0 ancl eriges 
reprcsent links C bctwccn abjects or t he induced sequcutial order. Patterns are 
generalizcd ontological digraphs. i.e .. made of sets of ontology cla.~~cs connected 
uy prupert ics (plus scqueucing). Matchiug uctwœn data sequences and patterns 
is defin ed on- top of the standard ontological insta ntiation between abjects and 
c·lasses and represent.s an orrler preserdng injrc:tive graph morphism. Thrir 
prupo:-;ed xPMiner lll t:lhud upplic:s uu Apriuri-like lcvcl-wise miuiug wlH.:.•n:by 
levels in the pattern spa ce are defined w. r. t. the o,·crall depth of t he pattern 
d ements withi n the ontology. Cunrlirlatcs of leve! k + 1 ure ~;cneraLcd from 
k-lcvcl frequent putterus by a mjinemenl. oprrator· (sec De Raedt , 2008). A 
major shottugc of the proposed approach is t he cast of the plain pattern-ta­
data mutching operation . lndccd , as no optim iwtion is proposed, t he large 
numbcr of lubcled digraph morphism computations takcs a significant to ll on the 
mrthnrl prrformancrs. In our own stud_v1 wr choosr t.n rnhanrr that. approaeh by 
saviug iu the UU:'lllory prcviuus uwtdLt·U ::>t:quew . .:cs ( fruut lcvd k) usiug the lu::;t 
opemtion information from the rcfinemcnt operator. In addition , data records. 
i.e. workflows (instcad of sequences) thal. we deal with arc parLiully orrlered 
multisets whcre sets (transactious) represeut workflow steps. heuce, fonning 
(double)-laycrcd DAGs. Here, DAG nodes rcprcscnt tusks, paramcters. data 
and metndata items und cdgcs rcprcscnt the control und da ta ftows. ln addition. 
t hese elements arc cxtractcd automatically from scientific texts. 

3 T-GOWler: ontology-based workfiow pattern 
acquisition from texts 

We dcscribe, in t his sect ion, the pipeline of the methods to extract abstract 
pottcrns within texts. The proposcd T- Cowler system conta ins two main rn­
gincs: (A) WfExtractor cxtracts workflows W from tcxts und builds a workftow 
rlatabasr Vw and (8) WfMiner mines frequent genr ralizerl patterns F from Vw 
(sœ Fig.! ). The lirst module (develu}lt'd ou GATE plat funu3 by Cuu uiughaut 

JG ATE ( v~o~~o~ . gale .ac. uk) is a \VCil-known cnvironmcnt for annotation tasks using different 
:\LP {Natural Language Processing) techniques, e.g. , the OpcnNLP and Stanford POS tagger . 
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rt al. {2009)) requires plain text articles and an RDF4 domain ontology rep­
rescnting tho domain terminology ( Gazelteer) categorizing, into abstract con­
cepts and relat ions, domain terms. The extraction pipeline is based on a simple 
NLr chain and a specifie workfiow tagger to dassify workflow components. i.e. 
abjects 0 and links C. , into thci r ontological categories, i.e. concepts C and 
relations 1?.. respectively. In order to preserve processes arder in workfiows. 
abstrac:t patterns from the pror·rssual ontology arr usrrl . Once thr ontolog_y is 
loa<k.od uuc..l couc.:rt!tt:! workfiows are recuustructetl , the WfMiner toul tleu ls wîth 
the generation of frequent patterns using a lcvcl-wisc pattern generation on the 
1 op of i.hr ontolop;y and a specifie pal.l.ern-1.<>-workflow mal.c:hinp; alp;oril hm to 
filter non frequent patterns. 

3.1 WŒxtractor: workflow extract ion from texts 

The extractiou proœ.s take" place :J dilfereut "t"p": {1) ua111ed c:ul:ity (o E 0) 
extraction, {2) link (1 E C.) extraction and (3) workAow w E 'Dw reconstruct ion 
from the rxtruct.ed elements. Yrt, brforr workflow c:omponent extrartion , a r·las­
sk NLP tuol cl miu is executeU in order tu tug: tenlls with their lllorpltusyutut:tic.; 
tags, i.e.: grammatical classes within sentences. This chain is composed from: 
(1) the sperialized biomedical tokenizer (Settles, 2004) and a simple sentence 
spli tter (Bontcheva et al .. 2013). {2) the Medrost/ SKR ros tagger (Smith 
et al. , 2004) and (3) the lightweight OpenNLr chunkcr (Buyko ct al. , 2006) to 
identify active and passive vcrb phrases in texts. 

For both named entity and link extract ion , a domain ontology is applied 
as a Ga'l.rtt.Pf'r in orciPr to rrcoguizr workflow rlrmrnt~ in t.Pxts. Howevrr, this 
pruc.:ess fuœs suute lmnlles due tu the syHtadk utH.l selllautk uwbiguities, i.e. 
polysemy {Stevenson and Wilks. 2003) in sorne domain concepts. For instance. 
the program Lerm MEGA (Kumar et al. , 2016) could be userl to either valirlate 
the phylogenetics hypot.hesis or to visualize out.put data , e.g. phylogenetic t.rccs. 
Thereof, wc propose to use a supervised machine learuiug approach (Nadeau and 
Sckinc, 2007) to disambiguate software c:ontcxts using specifie .lAPE ru les5 . For 
cxa mple, when the passive verb phrase (context) contains a 'prognun ' term in 
its object and the root vcrb is a synonym to "val id" (from the flypothesis Val­
<dal.iun concept), theu , it" prubauility tu be a va lidutiou progrun1 i• very high. 
Hence, for cach polysemie term in the texts , wc crcatc two rules: one for the 
a(tiv(' and thP othPr for tbP passivP voirP phn.1sPs. In sm:h way, a lrarning sPt 

is constructcd. 'cxt. two sets of features are calculated to annotate ambiguous 
tenns automatically, i.e.: {1) ros annotations and {2) surrounded concepts 
{domain concepts in the context sentence of the ambiguous word) in a win­
dow of the five next and previous concepts and tokens. In ordcr to represent 
our context-based extracted features , the r AUM (rcrceptron Algorithm with 

4ht tps: 1 / !J!J\1 , v3, org/TR/rdf- prirter 
:; Java Annotation PatLcrn~ Engine (JAPE). JA PE language is a fini tc sta tc transduccr 

on the GATE platrorm (Cunningham et al. , 2009) that opera tes over annotations bascd on 
rcgular expressions. Thus, it is uscful for pattcrn-matching, scmantic extraction, and many 
other operations ovcr syntactic trees such as those produced by naturallanguage parsers. 



Uneven Mm·gins) mode! (Li et al.. 2002) is applied to learn Word Sense Disam­
higuation (WSD ) (Stevenson anrl Wilks, 2003) and relation classifications from 
the extracted feuture instances. PAUM is specifically designed to simulate the 
distance between positive and negative examples which lits t he nature of our 
fra.t urcs sinr.c positive und nega tive contcxts arc rcprcscntcd with distancc-bascd 
[entures (in POS tags and concepts in the same sentence). 

For t he relation sirle. wr adopt t he following hypot.hesis: A link bet.ween 
two n::lutctl t:Ullt:ep ts exbt::> Îll the :SUUlt' seuteiH.:C evukiug the ÎllstaUt:eS u[ it:s 
domain (source term ) and range (destination term). Such link is represented 
in \.he verb lor:at:ed bet:ween 1 br c:nnœ rnerl \:erms ( depenrling on \.he sentence 
voice). Hence. in arder to recognize li nks in texts, wc map the couple Ct , C2. 
from t he triple p = (c1. r, c2) in t he ontology, on tcxt sentences. For example. 
for lite relation insta nces of r: is Ret!·ievedl n, rlcfined with cr : DaLaType as 
the relat ion domain. and c2: DaLabase as the rela t ion range. wc t ag t he context 
of the link wi th its relation type. e.g. alined in in the tcxt is tagged wi th 
tl1e i.sRetrievedln relat ionship. A PAU M 111odel b theu cuustructed usi ug the 
fo llowing set of featmes: ( 1) tokcn POS tags, (2) distnncc, (3) direction and (3) 
t·he list of vrrbs between domain and range instances in the mnt.PXt plu·a.,r (see 

taule ?? ). 
Finally. from t he recognizcd links betwccn named entities in texts. wc build 

a concrctc workllow knowlcrlg:r rlniabasc 'Dw whcrc items arc namccl cnt.iLics 
ordered by the genlnpuLTo properties (relat ions) from the processual ontology. 
For cxample, from the tuplcs: (p1) ( JusrRNA , ''is/npuLOj" , ClusLalW ), (p2) 
(ClusLalW, "genlnputTo" , NI YL!l') and (p3 ) (l'HYUI', ''genlnpuLTo'', Tree­
View), we construct the sequence ( { {16s1RNA }. {ClusLal W ), {PHYLIP }. 
( Tree View} }, { (1 , ., ;_,[npni.Of" , 2) } ) whore 1 and 2 correspond t he domain 

uml ruuge pusitiuus1 n:·spcdively1 iu the wurkHuw ::;equeuœ. 

3.2 WfMiner : mining generalized workflows 

Here, wc propose an new approaeh to genera te gcnerolized sub-graphs of work­
ftows out of coucrcte ones. We propose two descriptive languages to represent 
the pattern space. The data language t:,w is derived from sequences of objccts 
oud "'ts uf liuk IDs fru tn the processual uutulugy IL Fur in;tauœ , th<· wurklluw 
DAG w1 in Fig_2 is a posct w.( of abject items i E {1 , .. 7) and a set of Jink 
triples w.O of with link typrs 1 E {1. .. fi}. The second lan)\llttRe r, is usrd to 
represcnt a pattern pas an obstruction of w E Vw (e.g., Wt1-Pt' Wt instant ia tes 
Pt ). Hente. wc reprcsent a pattern pas a sequence of concept itemsets p.( and 
a set of relat ion triples p.O. 

Levcl-wise dcsccnt in the pattern space relies on the genera tion of k + l-Ieve! 
patterns from k-levcl ones, which amounts to the computation of five canonicat 
operations in a DqJth-l'irsL scarch strategy fro m the ontology: (1) op pC - op­
pends a root concept to a new tra nsaction. (2) addC - adds a root concept to 
the last. transaction , (1) ad dR - arlos a root. relation between a conc:rpt. and the 
last une in the lust trunsuctiou, (4) subC- specializes t he last concept und (5) 
subll - spccializcs the last relation in t he pattern. Hcnce, for each pattern p. 



wc apply ali the five ca non ica! operations. Alt hough t hese operations constitute 
an effective genera l ion mechanism. Their unrestritteri use is rcdundancy-prone 
and hence, would harm t he effi ciency of t he global miuiug process. lu the previ­
ous work of Adda et al. {2007), ca lcula t ing t he support of a pattern p amounts 
to match p with ali t he workRow concretc seq uences in V w. For t his purpose. 
we introduee a new data structure to prune patterns whilc ca lculating their 
supports usinp; t he generality relat.ionship bet.ween them. Cakulat.inp; frequent 
pat tem s l'k+ 1 begius from t he last visited conceptfrclatiou ill t he parellt pat­
tern p1' and bence, we don't nccd to recalculate ali t he matching possibilit ics 
for rach c:onc:ept. anrl relation previously mat.rl1erl at. leve! k. The proposrrl 
matching structure MS is a ''stack" of opera t ion results (addiugfspecializing 
concepts/relations) on parent patterns. For example. the arrows in Fig.:J show 
the "'"Y wc obtaiu a pattern P2 using the rcfincmcnt opera tor. Calcula t ing t he 
support of P2 is clone start ing from t he last operation on p1• i.e. addR(r2 . 

c11 ). If t he next operat ion in the k + 1 "' iteration is to add another relation 
addR(r:~, c14 ) tu 1'2· t heil , the llla tchillg structure of P2 (MS(p2)) puts J·elat ion 
blocks ('source· and 'destination· relation blocks s) in t heir proper posit ions and 
calc:ulatrs t.hr possible mat.c:h iup;s from t he matr.hinp; set. of t.hr parent pat.t.rrn 
M S(p,). 

4 Experiments and results 

4.1 Case study: phylogenetics analyses 

Phylogeny (Anne-M icke, 2009) rcprcscnts the evolutionary history of a group 
of organ isms having a common unccstor. Infcrrcd from nuclcic ucid (DNA or 
RNA) or protcin sequences, phylogenctic relations are discovered wi t h tools de­
te<:t.inp; rl ifferent. evolut.ionary phenomr.na su<:h as rl upli<:at ions, inse1tions an rl 
deletious (sc'C All isiwuva et a l. , 2UJ;J ). We duwuluaded more thau :! UUU scieu­
t ific articles (publishcd from 201 3 unt il April 2015) about phylogenetics studies 
from t.he PubMerl Central (PM C) reposit.orl in XHTML format .. In arl rlit.ion. 
we constructed a termiuology from differeut well-kuown data bases in the phylo­
gcnctics li terat ure such as t he UniprotKB7 (for gene and protcin namcs), Gene 
Ontology (Ashburncr rt. al. , 2000), Tuxonomy Drowscr• anrl the Fclscnstcin \\'Cb 
site 9. This gazettccr is t hen. reorganized iu a domain ontology in order to rec­
ognize tcrms and relations in texts like dcscribed in the \lfExt ractor module. 
Next. we bui ld lllallualiy a pruccssual uutulugy \\'ith t he hd p of experts. Au 
exa mplc of an abstract processual knowledgc is: (1) Proteiu collected from the 
PDB llat.ahnsc10 arc fcd t.n {2) a hnmnlngy scarr.h pmgram and (1) a phylngenct.ir. 
·mf r.n.mœ mu~. Fiuully, Luth tluutaiu aud prucc~suu l outulugics ure wcrgcd iuto 

6ht t p: 1 /'oJ!JTJ. ncbi, n lm . ni h. go v/pme 
7 ht t p: / /www , un i prot, org 
ght t p : / / www. ne bi. nlm . ni h . go v/Taxonomy 
9ht t p : 1 / evolution. genetics. was hington. edu/programs . html 

10ht t p: 1 / IJ 'WW. rcsb . org/pdb 



onc11 (sec FigA) in orcier to mine frequent patterns from the workftow data base 

using the WfMiner engine. 

4.2 Named entity learning results 

An expert hus unnotated tnanuully lOU phylug;enetic wctions tu uui ld u reference 
workflow databusc. Each extracted term hus been com pared to t he proposed 
PAUM models rrsult.s in order to validatr (wit.h 10-fold-cross-validation) t hr ir 
aeeuracieo in tcnuo uf prccioiou aud recul\ aud li\1easure (st!C Ta/,le 1). Models 
context features have weil learned and applied severa! top-levcl domain relation 
and concept terms, i.e.: data types, gene ontology annotations. phylogenctir 
methods and phylogenetic inference progrums. In tota l. 1 469 workflow abjects 
have been extructed from t he phylogenetic analyses sections with an average 
of 71 % of li\•leasure. l n t he relation side. t he system annotatcd 325 links with 
72% of precision and 84% of recu l\ (78% of li\1easure). Hence. workflows overull 
fMrasm e is 7:1%. 1ndrrd. with only r:nntrxt POS t.ap;s and r:onc:ept neighboms. 
wc tl id n.::cuguizc wurkHuw c;u UIJWill'llt::; iu tt:xts with guu<.l a<.:curm.: it':;. 

4.3 Generalized-pattern results 

For the rest of ou r experiments, we consider ouly expert curated datasets (t hat 
we cali here PhyloFlows) in arder to assess the WfMiner module. This da ta base is 
composed from :lOO workflows wit h un m-erugc of 11 abject items und 9 links per 
workflow. In addition , wc use the eTP-totwism (Eiectronic Tourism Platform) 
workfiow database whic:h is a portion of a log file rlesr:ribing web pap,rs navigation 
of 5ü di tfereut. u;er; iu u Web truvel ; ite (Adda et ul. , 2010). Thb du tauu,;e hu; 
an t~verage of 19 di fferent items and 6 links per sequence and enhanced by an 
ontology of IG7 concepts anrl :lo abject propcrtics. 

Fig_5 (A) shows t he differeuce in miuing time betwecu t he PhyloFlows and 
eTP-tourism databases. Running t ime does eventually increases when more 
concepts and links arc mincd. Our system spcnds ~ 10 times the min ing ti mc 
to generate patterns with more 500 items and 100 links. While eTP-toul'ism 
rlat.abasr presents more dense graphs. matf'hin p; Sl!U-I(raphs and mining pro­
œ.sses bec.:omc heuvicr tu lliludle. Huwcvcr, tukiug 2;j se~.:uuù.s tu tlo the wlwle 
process of matching and generating ~6 000 frequent graph patterns is st ill a 
reasonablc t ime. l n arlrliüon . our \If Miner outperforrns xPMiner by Arlrla et al. 
(2010) (sce Fig_5 (B)) wit h 2 t imes arder of magni t 11de in high threshold sup­
ports ( >0.8). With 60% of minimum support . our approach executes -10 times 
fastcr the mining ulgorithm thun xPMiner. 

Finally. wc present in Table 2 a sa mple from the generutcd set of patterns 
obtained from the PhyloFlows database. T hese patterns co111d be 11sed in a 
scmuntit:a lly rich rccolllllleJH.iutiun frm newurk c.:uH:::iitlering tl1c divcrsity of leveb 
of abstraction in pattern representations. For instance. if we know that the lüs 
rRNA p;ene is l!Sf'O as inpllt in t. he ClustalW t~!ip,nmrnt program (T homp­
:sull d ul. , 2002). theil a cuw..:rl:'te mcuJuJHei1Jatiuu cuultl utfer fur cxuiu}Jlt' 

Il ht tp: 1 /biopo rtal. bi oonto logy, org/ontologies/PHACE 



MrBayes (Ronquist and Huelsenbeck , 2003) as a phylogenetic inference tool 
( -1% frequent). However, offering ''a ny" character based Inference program 
(see 2"d pattern in 1àble 2) is a more relevant recommendat ion due toits (pat­
tern) higher frequency ( - 10%) in t he data base: sin ce it contains more., genera l" 
concepts. 

5 Conclusion 

Our ontology-based approach to mining genemlized patterns from texts proves 
that different kinds of knowledge cou id be extracted from t he phylogenetics liter­
at ure. Proccssual and domain knowlcdgc from articles show intcrcsting patterns 
to mine. Different ontologies have been used to represcnt the different types of 
know lcdgr into conr:epts and relations. Extrar:ted workflows are enhanr:rd with 
Olltulugicul uuuututiuus tu pruduce geuera lizetl frequent patterus. Thes!:' lutter 1 

covering a wider range of values t hen concrete elements, could be used to as­
sist practitioners during their problem-solving task with a richer voca bulary. 
The proposed system could a iso be applied to different domains when expert ise 
is confronted to domain knowlcdge. Video games. for example, is a good do­
main application to our approach whcn ga mers arc constant ly faccd to cogn itive 
processual gestures. Workflows of events could be then extracted from game ses­
sions and mined in a rder to recommend and predict generalized patterns like: 
whut typl-! of eVt! llt is guiug tu happeu Juriug agame lmsed uu ga1uer lug:s or 
what ki nd of item a player is willing to buy to accomplish a mission. 
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Tables 

Table 1: E'·uluution resul ts of the cxtracted workflow elements bused on the 
expert r:uraterl rlat.asrt from the PubMerl PMC art. idrs (publishrrl [rom .l anuary 

201:l tu April 2015 ). 

Concept/ R elation # Insta nces Precision Recall fMeasure 

OataTyp e 597 0.68 0.75 0.71 

GeneOntology 139 0.94 0.44 0 GO 
Taxon 202 0.72 0.58 O.G1 

Method 326 0.84 0 84 0.84 

InferenceProgram 205 0.56 0.88 0.68 

Overall (concepts) 1 469 0.74 0.69 0.71 

Ovcrall (relat ions) :l25 0.72 0.84 0.78 

Overa ll 1 794 0.74 0.72 0.73 

The table shows the number of annotated instances of (some- from the top leve! of 
abstraction) concepts and relations and their precb:ion, recall and f)Jeasu re evaluation 
values . 
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Table 2: A sample [rom the phylogenetic extractcd patterns within the tcxts 
in the PubMed PMC database (atticles published [rom .J anuary 2013 to April 
2015). 

Workflow patterns 
(J 

p.( (concepts) p .O (relations) 
( {Data Type}, { DataCollection} , (1. islnputOf. 2). (1, isOutputOJ, 40% 
{ MultipleSequenceAlignrnent} , 4). (2 .genlnputTo, 3). (3, genln-
{ Phylogeneticlnference} ) putTo, 4) 
({ RNA , 1\-ee}, {HomologyS), (1, islnputOj, 2). (2 ,isOutput.OJ. 10% 
{ CharacterBasedProgram}, 5). (3, genlnputTo, 4). (3 , hasPa-
{ fuel'lotllng l'rogram) , rameter. ü). (4. genlnputTo, 5) 
{G TR )) 
( { ProteinSequwce, Alignments, (1. hasTaxon, 4) , (1, islnputOJ, 1% 
fues) , {Virus), { GlobalMSA) , 5). (2 , isOutputOf. 5) , (2 , isln-
{Mode/SelectiOn}, putOJ, G) , (5 , genlnputTo, ü) , 
( M aximumLikelihood) , (5. hasParameter . 9), (G, gen-
{Bnnt.<tmppin_q), {PDB, .!TT) ) lnputTn, 7) , (fi , ha.< Parametm· , 

10). (7, gwlnputTu, 8) 
Generated DAG patterns are sequences of concept mulusets and sets of relation tnples. 
For instance, in the 1"1 pattern: (1, ISlnputO/, 2) reprcscnts the input relation bctwccn 
the l 5 t concept (Data Type) and the 2••d one (DataCollectton) in p.( . 
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RESEARCH 

Workflow Pattern Acquisition out of 
Bioinformatic Scientific Texts 
Ahmed Ha lioui1, Petko Va ltchev1 and Abd ou laye Bani ré Dia llol.2' 

Abst ract 

Background: Contemporary workflow management systems are dr iven by explicit process models specifying 
the inter-dependencies between tasks. Creating these models is a chal lenging and time-consuming task. 
Existing approaches to min ing concrete workflows into models tackle design aspects related to the diverging 
abstraction levels of the tasks. Concrete workflow legs represent tasks and cases of concrete events - partially 
or totally ordered- ground ing hidden multi-level (abstract) semantics and contexts. Relevant generalized events 
could be rediscovered within these processes. 
Results : We propose in this paper an ontology-based workflow mining system to genera te 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- Gowl er implementation and data sources are available in : https: 11 gi thub. com/b io i nfoUQAM/tgowler . 

Conclusions: Extra cted pa tterns wou ld make workflows more intuitive and easy to be reused in similar 
situations. This cou Id provide a stepping-stone into the identi fi cation of best practices and pave the road to a 
recommender system. 

Keywords: ontologies; workflow extraction; pattern mining 

1 Introduction 
The advanccs in biotcchnology have rcvolutionizcd 
bininfnrmatic·' int.o a data-intensive discipline. The 
mpidly increasing amounts of available data , from new 
large seule analyses. have made data proccssing with­
out automated pipelines (a.k.a. workflows) difficult to 
ha nd le. T his situation is mainly duc to the complcxity 
nf int.f'grating rlivPrSP rlata formats anrl rlatabanks, in­
tcrfacing numerous progmms with various paramctcrs. 
as weil as to t he asscssment of data inputs and out­
puts. Current uiuiufunnutic plut fun ns utfcr u variety 
of com putationa l solutions (using High-Pcrformunce 
and Cloud Compnt.ing) with different lrvels of com­
putational abstractions I!J: two types of modcls arc 
cmployed by Workflow Management Systems (WMS): 
( 1) cum.:rctc ullc:-J. iu wltidt the tu/:iks are bou ml tu spe­
cifie resourccs. and (2) abstract cnes, prescnting an 
abstrac.t. vif'w of tbP rPMmrc:r.s HSf'd in tasks. Nowa­
days, scr\'ice-oricntcd systems such as PcgllSyS !2J, Ta v-

' Correspon dence: Diallo.Abdou laye~uqam .u 
10é:partement d'informatique, Université du Québec l Monuhl (Québec) , 
PO BOX 8888 DowntOYo'n Station, HJC 3P8 Montréal (Quebec), Canada 
Fu ll list of author inform ation is aviti l <~ble at the end of the article 

erna j3J. Gu luxy !4J or Annadillo !51 offer modcls bascd 
on \Vf'b ~PrvÏC'P.s provirling an abstraction layPr which 
scparatcs the workflow plutform from programming­
langungc rlrtails. The slatc-of- thc-nrl nnalysis rcvca lcrl 
that biomedical services are current ly used in an ad­
hoc style wi t h a law reusubi li ty [6J. This suggests a 
need for techniques thut hclp scicntists bctter locatc 
iuterc::;tiug servit.:t--s u11c..l wurkHuw fraglllellts uwJ reusl' 
t.hrm to att.ain thPir rPSParl'h purposPS. CnrrPnt. framP­
works such Taverna and Galaxy offcr different ap­
proaches for Web services discovery anrl a semi / full au­
tomatcd way to workflow composition. However 1 none 
of them providc rccommcndalions to guide uscrs nnd 
suggest t he ncxt stcps to do whilc tnking into ac­
c.:uuut the specifie uatun: of Uutu (t.:ulllplctl' YS purtiul 
genomes, viral proteins, plant DN A, type of the evo­
lutionury mode!. etc.) and relevant analyses (phyloge­
nr l.i r analyses, funrt.ion pred irt ion. homolo~ty 't.udies. 
genome wide association studies. etc.). For example, in 
phylogcnetic trec reconstruction, the cvolutionury his­
tory of a group of organisms is inferred us ing different 
types of du tu iudu~ing uudeic acid (DN A ur RN A) 
or prote in sequences. Depcnding on tools which one 
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wuuld use, dilkreut types of evolutiouury events could 
be inclurlcd in t he study such us point mutntions, du­
plications, insert ions und deletions, genome rearrungc­
mcnts ." etc. I7J. Such a study requi res severa! complex 
strps and tool parameterizations and the acquisition 
of ruw duto. 

Current bioinformatics workfiow repositories like 
1nyExpcriuu.:ut [~J uH.t'r u lurgt· l>ut u very gcucric 
scope of workflow-hased analyses m·er different kinds 
of plutforrns. Soh·ing very specifie bioinformat ic prob­
lems such phylogenetic analyses is still limited to fewfl l 
puhlished und shared -11on vu lidutcd- wurkllows. Mure~ 

ovcr, the li tcraturc of sdcnlific Lcxts oiTcrs a more 
concise and complete information about bioinformut­
ics ana lyses. Phylogenetic analysis constitutes a typ­
ical hioinformatic workfiows in !ife sciences. T his is 
witnessed by the largo number of publications on t he 
t.opic:. T his resourr·e r·ould be exploit.rd to enric:h work­
fiow solutions. Howcver. the difficult ies in the process 
of workflow reconstruction from scicntific text publi­
cutiun:; un · illu:;tratctl in the folluwing exa 1nple. 

Examp/e 1. A biologist U1 downloads a set of 9 
hemugglut inin sequences of different Influenza viruses 
frun1 the NCBI da talm:;e. Tu carry uut t he unaly­
sis of those sequences. U1 chooses t he Annndillo I5J 
platfonu121. Severa! algorit hmic options are displayed: 
i.e. software parameters (e.g. the number of boot­
strnps. 111utatio11 rate, etc.) u11d data w 11stra iuts (e.g. 
input/output ta programs). U1 prior ab.stract experi­
ence does not cover ali the avui luble methods and tools. 
t herefore. t he backup solution is to adapt a workftow 
from t he li tera ture (sec Fig. 1 ). However, none of the 
workAows drawn from scicntific p11blications could cx­
ar.t ly matr.h his neerl s. Thcsr workflows may not. prop­
erly execute sin ce a part of the analysis requires severa! 
specifie software versions and dependencies. 

T he above example shows severa! problcms whic:h 
could o<;eur while constructing bioinformatic work­
fiows. Even simple routine project ca 11 involve a num­
hcr uf ditfereut software rcquiriug specifie but a lsu uu­
stract problem solv ing know ledge. Even t hough soft­
ware experimental conditions are relutcd to severa! 
choiccs. the amount of data and the misusc of tools 
cuult! ulso deteriora te the re:;ults ur studies. T his is 
whcre user skills und experience do makc the differ­
ence. 

"'Less t han 100 workftows rcprcsenting phylogenetic 
a 11alyscs in the myExperiment data base. 
''' An11ud illo (www.hiuinlu.IHiaiiLcu/u nllud illu) is a 
drag anrl drop workftow platform dcdicatcd ta phy­
logcnetic as weil as general bioinformatics ann lysis. 
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Exmn7Jlc ~. Su ppose t lwt a uioinfornmticiau U2 
chuoses to ::;tuùy the suu1e protciu sequctH.:t'::i of the 
hemugglutinin. He runs C/ustalX I9J to a ligu scque11ces 
und then chooscs t he JTT cvolutionary modcl I!OJ 
d uring t he trec reconstruction. If we want to recom­
mend a concrete phylogenetic program to U2 such as 
the program MEGA [l! J, wc propose to calculate the 
freq uency of the sequence sn: ( {ClustalX ), {JTT }. 
{M EGA}) in the extracted workflow data base. How­
cver, such sequence is very rare due to the vast va­
rieties of available tools for each specifie task. Titus. 
using frequent sequences of tool categories sucb as the 
n maximum 7Jarsimo ny, or , maximum likelihooda in 
a recommendation scenario is more relevant (due ta 
the higher support of tool categories over insta nces). 
An a bstract pattern su ch Po : ( { LocalAlignment }. 
{ P1·oteinM ode/Selection} , { M aximumLikelihoocl} ) 
is more frequent than the ronr-rete pattern s0 . 

Herr. wr use ontologies to represent. t he different. 
c:at.egories (r.nn.r.ep l.s) of t:ools and inp11t. j nutpul. data 
at different levels of abstractions. The constraints on 
combining lools anrl pnrnmct.cr \·a lucs arc cxprcsscrl 
using propcrtics (relations) bctwecn categories. In fact , 
the ontological representations arc effectivcly exploited 
by two key proc:csscs: ( 1) the extract ion of workftow 
terms uud relatiun:; fru111 text.s (c:unc!dt wu,.kf/uw>). 
and (2) the extraction uf gem!ra li"ed wurkHuw patterns 
( ah>tmc:t WU1-i.}luw> ). T herc"f, we distiuguish cu11cnte 

wurklluw:; uwde of individ uals (iustuuces) uud liuks 
betwecn t hem, from abstract workAows, compris ing la­
bels of concepts and properties at 1·urious levels of ab­
stractiou. In our approach. miuing processual abstruct 
patterns out of the concretc workflow cases is based on 
the hierarchies of both. concepts and relations, from 
the domain ontology. This could be the foundution of 
a semantica lly rich recommendation system to suggest 
t he best next step practices. 

The remainder of t he paper is organi"ed as follows: 
section 2 presents related work to workflow recom­
mender systems in bioinformatics. Section 4 presents 
t he experimenta l eva luation and resnl ts of the cx­
t racted workflows and patterns from texts. Finally, sec­
t ion 5 discusses the qnal ity of our approach. 

2 Related work 
Cnrrent bioinformatics WMS have emerged as global 
intelligent infrastructures!"! by integrat ing new tech­
nologies to maintain a certain leve! of reusabili ty 
through grid and cloud computing [1, 12, 13J. For ex­
ample, they muy offcr an efficient way ta abstract sel"­
vices for data t ransformation and searching resonrccs 

'' 'For example, these systems do not suggest local con­
figurations for tools but a global way to manage tasks 
through IVeb services. 
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iu UistributcU se<..: ure Uutubu~:;. Howerv~:·r , iu prm.: ti<..:e. 
the sha ring servicc-bascd ca pubilit ies may open u gate• 
,,·a.r to rP II SP wnrkfinws , howf'vPr. thC' riP.grf'f' nf rPHSP 

is st ill very low [14[. For example, reposit.ories like 
myExpcriment, CrowdLabs and SHIWA (see the re­
view in [G[) offer a restricted numbcr of workflows 
(e. g ~2 500 workflows in myExperiment) for very var­
ious disciplines (chemistry, ustronomy, srquence onu l­
yses, c!c.) and in different formats (Tavernu , Galaxy. 
Rapirlminer. P. l.o.) which rlec:reases tho reusabilitr of 
workflows. Hence. in the literature of bioinformatics 
best practises, more work reported on service ori­
ented pipelines and/or prov ide expert-buscd sugges­
tiuus [:.iJ. lu this veiu , [1] rev iew the n10:;t udvuu<..:c<.l 
projects rlefining general gui rlelines for the methorl­
nln~i(:a l chnic:rs at ,·arions st.agrs of a bioinformat­
ics pipeline. The authors recommend dedicated prac­
tices in maintuining reproducibili ty und standardizu­
t ion in local and distributed environments. [7[ criti­
cize the outdated methodology und provides practical 
guidance on issues und constraints fuced by euch of 
the phylogenetic nnalysis steps. [15[ propose a set of 
high-level abst.ract. mot.ifs (pat.torns) as a view of ar·­
tivities undmtaken within workflows. They performed 
thcir manual analysis over a set of real-world sci­
ent ific workflows extructed from Tavema and Wings 
systetns. l·[uwever, expert ret:umwewJatiuus ure \;et­
ter user! in soh·ing problems nnrl making decisions if 
t. hey are snpport.crl by t.hr help of Knowlcdp;e Man­
agement (KM ) discipline. KM is the subject that pro­
vides strategy, process and tcchnology to share infor­
lll l:ltion aud expertise among uscrs. For instance, Se­
uoautic Weu (Sv\") tedmulugies [Hi]. as a special case 
of K 1, allow automutic discovery and execution of 
Web services that can hanrlle the workflow tasks using 
ontologies to improve knowledge integration , query­
ing, and sha.ring [17J. Next . we present current so­
lut ions for bioinformutics recommendation and auto­
matie workfiow composition into thrcc categories: (1) 
" ""untic-uased n·couJuoeudatiou , (2) similari ty-uuscd 
recommendation und (3) pattern-baser! rccommenrla­
t. ion. 

Semantic-based 1ecommendation. Proteus [ 18[ is one 
of the first projects to integrale an ontology-bascd de­
sign in bioinformatic workllows. lt exploits u DAM L 
+ UIL uutulugy fur the Uutu tuiuiug duwuiu tkosailr 
ing resourcrs and proresses of knowledgc discovery in 
rlat.abasos. [ 19[ rlr":ribr a SW solut ion assnminp; a p;rid 
computing environment. The proposcd 13io-STEER 
system offers SW services in OWL-S141. A small-size 

I•IOWL-S is an onlolog,y bui!l. on lop of Web Onto!op;y 
Language (OWL) for describing Semantic Web Ser-
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Olltulugy is Clllpluyed in the represcutatioll of Uuth ah­
Stract workflows (for Grid resolU'ccs) and concrete ones 
(to bi nd tasks to specifie resources). [20[ introduce the 
EDAM ontolog,v for bioinformati(' operations, types of 
data, ideuti~crs. tupics ami furuouts. EDAM supports 
semantic annotations for Web services. databases. in­
teractive tools and libraries. Offcred annotations have 
bccn integrated in a set of framcworks such as E~l-
13üSS \SI aud eSysuiu Jo;J. Huw<·vcr, thcse systems du 
not exploit the entire richness of EDAM semantics. For 
example. eS ys bio uses "EDAM Data and Format" to 
decide how to handle data by an adequate visualiza­
tiuu ttllÙ sear<..:h. Huwevt·r thi ::; llllvigutiuu, u.s sta.tic u:; 
it is1 71. does not take benefits from the relation seman­
tics between concepts. In the same scope, wc fi nd the 
Software Onl.o!og,-y (SWO) [21[ o!foring an rxl ended 
versiuu uf EDAtvi thruugh uew <..:ow . .:ept.s uu<.l rclutiuu:; 
for information proccssing tasks (phylogenetic con­
struction , protein structure analysis. etc.) , algori thms 
(AN OVA, 1-test., P. l.r. .), softwa re and snftwaro vorsions. 
The uutulugy ha!:i l.H;.'t'll ust:d su fur iu uuly !:ic.-:rviœ 
discovery frameworks like BioMedBridgesl81 and the 
Gene Expression Atlas repository191. Yct. EDAM and 
SWO represrnt. only very genorir mncrpts/ rr lat:ions 
t loat stiJl "'"'u tu ue specili~d fur very specifie tedon i­
cul domains such as phylogenenetics or genome rcar­
rangements. Morcover. GBrowse [22[ and then, Sea­
hawk [2:![ are two end-user orienter! with ont:olngy­
based data centric approaches. Users ca n either speci fy 
input and/or output da ta and the application deter­
mines the corrected data type and proposes whut to do 
wit.h it inst.Pad of proposing a spPdfic srrvic:P. (24JusP 
the BioMoby [25[ services registry and construct the 
workftow at each step by ranking the services accord­
ing to the similarity of their data type inputs and other 
non-func:t.ional mrasurrmrnt.s JikP t.hP nnmbrr of rP­
t rieva ls of a serv ice in the definiti on metudata . Fi nully. 
we find the SADI project [26[ ai ming to maximize the 
interoperability betwccn Web services unlike 13ioMoby 
whi r.h may r:onta in inronsist.ent data [27]. SADI in­
dexes bath data und properties und offers u scao·ch 
enginc which is designed to mimic the linguistics of 

vices. l t enn bles user ~ und software ogcnts to uuto­
nmtica lly discover. invokr , compose. and monitor Web 
resources offering services. 
'''www.cbi.ac.uk/ Tools/ rmboss 
1"~1 www .esysbio.org 
1' 1The current version of eS ys bio uses a limited subset 
of EDAM for stutic navigation (a llowi ng grouping und 
filteri ng of data by their typr, and sorting by ty pe 
and format ). without taking into account thr relat ions 
othcr thun the clos ure of u fo,.,nat of. 

l•l www. hiomcd bridges.eu 
l!.tl www.cbi.o<..: .uk /gxa/ hoHlC' 
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sch-:utiik queries thruugh very spedhc uut.ulugical rela­
tionships. Nuviguting und seurching for the '' bcsl" tool 
in c·atcgorirs nf tasks arr not. cnou)(h t.o )(llirle users 
to complete their processes. In addition, fonnulating 
qucries could be u very dilficult task if users do not 
kuuw what is t!Jc llcxt stcp UllU t!Jc uest tuet!Jud/tuul 
and configurations for thut step. 

Simila1'ity-based recommendation. Similarity-based 
upprour.hes uim to tar.kle two importa nt problcms 
of workftow rruAA: ( 1) t.hr rrt.rieval of similar work­
flows fonn potentiully large repositories and (2) the 
adaptation of workftows in new case studies. Herc. 
the Process-Oriented Case-Bused reasoning [28J cames 
to support und purtiully automates cxperiencc-bused 
prob!Pm w lving by c:rPating nPw workHnws anrl aria pt. 
them for new pm·poses and circumstances. [29J pro­
pose a graph-based approach with generalization of 
wurkfluws uver tilt• cuucept tuxuuu1uy of a c.luuwiu ou­
lology. The similurily betwccn a cuse workflow unrl a 
qurr)' onr is r.akulatrrl usin)( a local similar it.y assess­
ing the similarity between two nodes/cdges of the sa me 
type which is, then, uggregated into a global similarity 
withiu a g:ruph umppiug prm.:ess. Their similarity IlleCl.­
surcs arc bascrl on an object-oriented approach jJOJ 
ealculat ing intra and inter class similarities between 
abstract and concretc abjects. Their approach is used 
Inter on wit h [3l j where during adaptation. deficiencies 
in tht! rctrievcJ CUSe ure im:relllelltBlly CUIIljJtmsated uy 
replacing fragments of the retrieverl case by appropri­
a te workftow streams. Their work is limited to strongly 
structurer! texts like cook recipes and software ma nuais 
where sentences explicitly descrihe series of actions. 

Pattem-bMed recommendat.ion. Most of bioinfor­
matic pattern-based rccommenders use sequential pat­
teru IHiniug ulguritluus iu ortler tu <.lbcuver recur­
ring software anrl data usuge patterns [32]. For cxu m­
plr, [:l:lj propose t.o use Natnral Langua)(c Proces.<ing 
(NLP) tools to extract software and database terms 
from scientific texts. The proccss uses the bioNerDS 
tcr iJIÎilUiugy JI U] iu urJer tu ~.;atcg:urizc tt::rius ilt texts. lu 
lhe pattern mining step. a straightforwarcl mining al­
gorithm discovers frequently occurring resource pairs. 
Each resomce is paired with the one that immediate! y 
follows it in a text while accounting for the direction 
within the CIISiling pairs. Huwever, the oroer uf the 
terms in the text is nol always reliable. Without a 
context-aware extraction approach, the occurrence of 
such a pair coulrl mean nothing but simple mentions. 
[34J propose Magallenes. a Web serv ice discovery and 
lllltomatic workflow composition tool which associ<~tes 
dat.a typrs t.o connec'!. availahle and c·ompat.ible Web 

JlnJ www. bioncrds.soun:etorge. net 
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services iutu worktluws that ca u prucess c.lata sequeu­
tially to reach desired output given a particular input. 
A breadth-first with pruning algorithm is used to fi nd 
the shmtest path from source to target service. In 
the samc scopc [14j use the ScrviceMap algorithm [3oj 
tu Uluc.lcl/cvCl. luatt~ wurktiuw "mputatiu11s:' ba~cJ ou 
the number of downloads, views, credits and friends 
taking into account reputation time fading and popu­
larity. They propose a service-baserl recommendation 
platform baserl on the paths from input lo output ria ta 
using the clussic A priori approach to find frequent as­
sociations betwcen services [36j and then, find a path 
between two services/operations in the reputation net­
work. In a different vein, methods for mining patterns 
and assodat.ions on t.op of an ontolop,_y havP bwn pro­
poscd in J37J. As un examplc. the GSP (Gcncrul i"ed Sc­
quentin! Patterns) algorithm [38J mines frequent pat­
terns from seq uences of user transactions. lt traverses 
the pattern space with an Apriori-like level-wise disci­
pline [ ~ôJ and by explorin~ the ant.i-monotony proprrty 
of itemset frequencics over the taxonomy. 13esiclcs, us­
iug un uutulugy tu curidt patterns uf Weu usages hus 
bcen researched on for at !east a decade J30, 40J. How­
cver, these latter only process the class hierarchy. [41J 
present a complete framework for Web usage mining 
from the logs of a Web page clicks content where its 
(page resuurccs) uujcds are u.,;criùeJ ùy an uutul­
ogy. The input data ure sequences of clicks further 
translated into IDs of content abjects with t heir se­
mantic links. Patterns are also sequences. yet , made 
of c:onc:rpt IDs linkerl with ont.ologir.al proprrt.irs. Thr 
proposeJ xPMiner method defines a tota l arder be­
tween sequence items and applies a level-wise mining 
through the pattern space with a refinement opera­
tor [42) made of fom primitives that follow the hier­
archies fro m t.hr ontolo~y: acld it.ionfs prciali"at.ion of 
concepts/relations. 

InspireJ uy the CllUUcl uf [4Jj Ull(J UCS iUC t!Jat ill­
put data is automatically extracted from tcxts, we of­
fer a new pattern miner: where, instead of sequences. 
we rie al wit.h work!lows as poset:sl111 ( where t.ransac:­
tions rcprcsenting stcps) of objets linked with each 
uthcr, thus, furcning (duuulc)-luyereJ DAGs (Direct 
Acyclic Graphs) . Here. the DAG nades represent task. 
data and metadata items and cdges rcprcsent the con­
trol and data ft ows. In addition , on lop of the work­
flow DAGs: an onLology provides l wo taxonomies, one 
for cuuccpts auJ oue fur rclutiuus (a.k.a. geucrulized 
items) . Hence, patterns arc made of concepts with 
inter-concept relations which muy belong to differ­
ent generality levels in the ontology. Interested read­
rrs may refrr t.o our public:at.ion j4:1J whif'h rrprrsent.s 

'" 'Partially ordered sets which formalizc and general­
ize the int ui tive concept of an ordering, sequencing. or 
arrangement of the elements of a set. 
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the fru iiiewurk uf uur prujcd uud prc:;cut preli ll1iuury 
results of t he cxtructed concepts and relations from 
texts. Yet. wc present in this work the full description 
of our upprouch of workllow extraction and pattern 
mining und offcr u domain validation of t.hr extra<:ted 
patterns in the phylogenetics experience acquisition 
domain. 

3 Methods 
The proposed solution consi ts of reconstructing a set 
of workflows from the scicnt ific literature and then 
mining higher-lcvcl of abstractions (genera li ~ed work­
flow patterns) from these (sec Fig 2). A specifi e do­
muin ontology is used to extruct concrete workftows 
from tcxts. The included concepts and propcrties arc 
further used us build iug blacks iu the pattern gener­
ation procrss. Thus, the ont.ology is exploited for two 
pur poses: ( 1) as u schema to crea te a tcrmiuology an­
notating workflows in texts and (2) as a knowledge 
Uu.sc tu uliut' g:eueruli"t.cJ pu ttt: l'lt~ fruiU the extructecl 
workflows. 

3. 1 Formalisms for enriched workflow representations 
3. 1. 1 Workflow representation 
ln general , u workflow consists of a set of tasks (aise 
culled adivitics) combincd in a control-flow and a 
data-fl ow whcreby the data-flow describes interactions 
(relatiollships) between tasks and data items (task ill­
put.sfout.puts corresponrling to data t:yprs) . Givr n a 
univerS<' of tusk items and data 0 and liuks L. u work­
flow record is a vc1tex- und cdgc-labeled DAG . How­
ever, IJy fulluwi11g the steps uf the uvcrull uuulytku l 
process - and performing a topological sort, if needed­
it cun be split into luycrs of indcpcndcnt ,·ertices (no 
intra-laycr edges). This allows a workftow representa­
tion as: (l) a sequence of abject sets (item sets). plus 
{2) a srt of cross-itemset links. 

A data language 6 w defi nes workflows as pairs 
w = {Ç.8) where Ç = ({o,.o2 , .... o;,} , {o;, +I··· .. o; , }. 
.. . , {o,(.,. _,,..,: .. . : Oi," }) i~ thr Sf'(]\IPI1C'f' of objrc:t. f.mns­
acliom (stcps). Objects. hcrc, represcnt tasks and data 
items. ln tu rn , 8 = { Ot, 02 . . . . , Ov) is the set of t riples 
whcrc O, = (i, . l , i2) represcnts u link (iu t he cuu­
trol/ data flows) of type 1 between the abject at posi­
tion i1 in w.Ç , t.c. w.Ç[i d und at w.Ç[i2] where i, < i2 . 
Fig.3 shows an exumple of workflow representation in 
6w . 

3. 1. 2 O!Ltology t ~prese7Ltation 

\•Vorkfiow components arc encoded in a specifi e domain 
ontology fl . Formally, an ontofogy is dcfincd as a six­
t.uplr fl = (0 , L , C. 1?., Sn. p) whrrr 0 is !.hr set. of ali 
abject items, i.e. individual tusks und data types, L 
the set of ali links between abjects, C the set of ali 
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cuuœpt::; , uuJ R the :;et of ull relutiuu::; bl'tWL'Cil t:uu­
œpt~. Mureuver, cu iH..:epts ll lH.I relutiuus ure urg:uuizL·c.l 
in tuxouuuties w.r.l .. the generu li ty urdcr (su bCla . .sUf 
hicrarchica l rclutionship in RDF ) of the ontology Sn. 
t.c.: fic = {C, :Sn) and fln. = (1?., 5n). p Ç Cx1?.xC 
is u ternm·y relation whosc triples c1 x r x c1 ex press­
ing the connect.ion between a relation and ils domain 
(ci) and range (c2) concepts. Objrcts o E 0 and links 
l E [. arr instancrs of conr·C'pts c E C and rrlatinns 
,. E 1?.. resprrtivrly. Fi_q. 4 shows an examplr of a phy­
logenetic processual ontology represent ing workflows 
abstract components. 

3.2 Workflow extraction fro m texts 
Brlnw. t he s11b-t.asks of our workflmv extraction solu­
tion are described. Following a standard Nutural Lan­
guage Processing (N LP ) pipeline. wc are going from 
morphological anal)'Sis of the text to t he identification 
of grammatical classes and recognition of domain con­
cept occurrences. The remuindcr addrcsses the known 
semant ic ambiguity issues in a semi-automatcd way. 
Our approach, as an ontology-based annotation , is 
about learning how to recognize and dassify workflow 
components (data and control ftows) in tcxts using the 
ontological categories. 

:J.:!. 1 Mutphu8y1dadic a11uutatiu1L 

The initial step dividcs the text into lexica l items 
called tokens. ln fa ct. the tokenization operates words 
with white spaces bctween them. ln our contcxt. due to 
the specificity of the grammar used in bioinfonnatics 
tcxts. a spcciafized biomedical tokeni~cr is used relying 
uu a dcùkatctl patteru fur biuiufunuutics tukcus j44]. 
Tht' text is ulsu ~eg:lllcute<.l iuto scutcm;c~ Ly l'l'cug­
uil:iug u set uf knuw11 puuctuutiuu putleru~ (g:iveu us 
regex). The cxtracted tokens ore furt hcr tagged with 
their oppropriatc gru mmot ico l rlosS<'s, a.k.a. part-of­
speech (POS) t aggings. To this end. we use the Merl­
Post POS tagger [451 which is base<! on n llM ~l 

(Hidden Markov Mortel) mode! lntined over severa! 
biomrrfical MEDLlNE trxts. This taAArr was able to 
arhirve high ac<·urary (97.4:1% on 2fi ofifi tokens) by 
usin~ t hP ront.rxtnal information in thr HMM to rf'­
solve grammatical ambiguities. 

3. 2. 2 Semantic annotation 
A sprdfi r: OWL ontology ga~rtt rrr (terminolog_y) is 
used in arder to recognize bioinformatics concept and 
property instances in the text. This gazetteer was 
gencrated from widely-used data bases: Gene Ontology 
[4GI, UniprotKBi121, NCBI GenbankJl"i and the .loc 

112lhttp: 1 / vwv . un1prot .org 

llllhttp://ww. ncbt . nlm.nt b .gov 
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Febeusteiu Web site P•l. Geue Outology, NBCI Geu­
bank and UniProt.I<B offer stnwtnrrd and up-to-rlat.e 
dutubases widely popular in the context of bioinfor­
mutics. Wc cxtractcd scicntifi c tcrms and thcir syn­
onyms (common names, short / long f01·ms. etc.) using 
ETL (Extract. Transfonn and Load) tools J4 7J. Felseu­
stein 's Web site offers also a very int;eresting catego­
rizution of 392 phylogeny packages and 54 free Web 
serven; where eucli pucku!{t: ami WelJ 1:ïervcr lists a 
set of services and programs. Entries in this site are 
freq uently (~6 months) updated. We crawlcd HTML 
contents from this Web site using simple XPATH ex­
tmction ru les J48J. Generated terms from the different 
databases and HTML pages are first stored in a re­
lational rlatabasr as a mmmon storage before trans­
forming them into an ontolog_y using the schema pro­
vided by an expert (sec Fig.4) and the SQL-SPARQL 
mapping tool ONTOP J49J. Also, wc used the Sesame 
ontology repository psJ us a knowledge base manager. 
The resulter! tcrminology is user! to recognizc tenu ta­
kens and N-grums in texts and supp01t the reconstruc­
tiou of wurkfluw sequeuces. This pruct'SS face:; kuuw11 
hnrrl les rooteri in the semantir: aml>ip;ui t irs t.hat. wr ad­
dress in the followi ng puragraph. 

. 7.2.3 Disambiguation ru/es 
For this purpose, we choose to crcate manually specifie 
puttern ru les to concepts grounding speciul semantic 
nlHbiguit.ies i .e. puly1:ïellly [50]. The llùlllC of protdus, 
genes and species are metadata on data sequences in 
t lie workflow. hence, we are not specificu lly interesting 
in rl isambiguating them but only in software terms. 
For example, t lie term 'MEGA' is a polysemie term 
in our context: it could be eithcr tlie common tenn 
(liuge) or the name of a general pnrpose program. 
'MEGA ' cou ld be used in sequence ulignment, phy­
Jogcnetic trec inference or/a nd in other phylogcnctic 
tasks. To solve this type of umuigui t ies, wc first cre­
atcd a set of disambiguation rules in JAPE Jl 61. Thcse 
ru les enahlcrl the construction of a Jnrgc set of tcnns 
already annotatcd (classified) to be further integrated 
iu u Juuchiue lt•antl:'r (!:it.>e uext :;cctiou}. Fur example. 
t.o vrrify if 'MEGA' was nsed in t lie inference strp. we 
scarch for the verb 'infcr' in the context of 'MEGA'. 
Dy contcxt hrre wc mean the sentence in which the 

11"1www .cvolution.gcnctic:s. wush ington.cd u 
ll:.lwww.nlf4j.urg 
I"I .J ava Annotation Patterns Engine (Ji\PE). Ji\PE 
language is a finite state transducer on GATE plat­
form J5!J that operates over annotatious based ou 
rPp;ular PxprPfisions. Thus, it ifi us<'ful for pattr.rn­
nwtching, semantic extraction, and many other oper­
utiuns uvt·r syll tiidic tnx:s :;uch u:; tho:;c pruliuccJ Uy 
natural language parscrs. 
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tenu appear:; (st."'C Fig. 5). Huwevcr, a :;cuteuce ~.:o ulU 

carry a lot of information and has different forms (ac­
tive or passive). Thus, we use a syntactic analyzer to 
construct a 2-lcvcls parsing trec (chunk) Jo2J to dctrct 
the appropria te context of the term 'MEGA' in arder 
to fire JAPE rules. For example the rule M searches if 
the term 'MEGA' was used to inier phylogenetic trecs. 
Rule M (sentence) : { if tlie veru's root ill 'MEGA' 
chunk is ïnfcr· or thcre is a pliylogenetic approach in 
the ohject. of the chunk t hen r:reat.e 'Phylop;enetir:ln­
ferenceProgram· Annotation }. The chunk of 'MEGA' 
is the verb phrase in the sentence wliere 'MEGA' is its 
Object/ Subject (depending on the active or the pas­
sive voicc of the sentence). The sentence in fig. 5 sliows 
that 'MEGA' is used a phylogeuetic inference program 
since it is preccdcd by the approach 'MaximumParsi­
mony' in it.s mut.ext.. For earh polysemir· ·stop Con­
cept' (sec F'ig. 4) , wc create n disa111uiguat ion rub 
( whcre n is number of 'concept stcps · in the ontology) 
in arder to clarify the ambiguities of program elusses 
anrl generale a training set to the final rlisambiguat ion 
madel. For example, in the phylogenetic framework , 7 
rules reprcsent the 7 seven steps wherc program elusses 
rPJHT·SPnt t.hP mofit. poly~Pmir. tf'rms . 

3. 2. 4 Leaming features 
A supcrviseù learuiug appruuch is applieli tu alllbi­
guity resolution. To this end , we created a set of 
featmes to support proper r:lassifir:at.inn of l>ioinfor­
mutics concepts und propertics in tcxts. For exum­
ple in Fig. 5. in arder to classify the tenn 'MEGA' 
( ClassC) , we genera tc the set of features (/ eaturesC) 
rcflcct ing its contcxt. The context covers a winrlow 
made of: the win; = 3 concepts preccding and the 
win, ones following (Token.class ) the concerning word 
(P..,q. 'MEGA') in it.s mnt.ext. sentence. lt. also mm­
prises the sequence of POS tags of the sclc<:tcd to­
kens (Token.category). In this example Token.class 
= { DataType, MaximumParsimonyApproach) and 
Token.category = { Determiner, Noun . preposition 
}. 

ln addition, in arder to classify a relation between 
the software 'MEGA' (domain) and the data 'align­
ment.s· (range) - classR, we rlofinr it.s mnt.ext us thr 
set uf toke11s Uctween tl1c liunmin uni.J the r~:~nge . 

Now, features (JeaturesR) represent tokcn POS tags 
(TokensBetween.category) , distance betwccn domain 
anrl range, relation direction and thr list of vcrbs bc­
twecn the concemed terms. The overall set of feu­
turcs is then used in the construction of a statistical 
morle! for automat.ed annotation of t.hr t.ext.s. Relation 
types betwœu tenus are already tlcfiued ill the schewu 
of the ontology (see Fig. 4) . Tuplcs of concepts are 
then queried in arder to recognize properties in text 
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uud cukulutc it!:i fcaturcs. Fur exumple. the uutulugi­
cal propcrty 'bas_usecLby_program' bctween data types 
u11U phylugt·uetic iufen·uce prugralll:l i:; u:;cd tu calcu­
late the set of features f eaturesC rcpresenting the re­
laliuu·:; t:outext iu the :;cntcuce. 

3.2.5 Madel creation and application 
In t his study. wc chooSC' PAUM (Pcrccptron Algorithm 
with Uneven Margins) Gate implementation J5!, j3J 
of as a class ifier ovcr othcrs i.e.: CllF (Cond it ionu l 
Random Fields) , SVM (Support Vector mach ines) and 

Random Forest Jo4 J. Wc comparcd the PAUM madel 
with t he mcntioned ulgorithms in terms of F-Measure 
und speed , but wc only present hcrc t he bcst class ifier 
rcsults. The PAUM algorithm was used to learn tern1 
und relation clussifications from t he cxtractcd fcatures. 
PAUM was designed especially for imbalanced data 

und hus becn succcssfully applicd to vurious numed cn­
t ity recognition problems: J55 . 5GJ. PAUM differs from 
other elus ifiers as it approximatcs the brst distance 
between posit ive a nd negative sets. As our approuch is 

bascd on concept contcxts to disambiguutc polysemie 
words. the distance between surrounded concept exam­
ples (negatives) and the conccrncd word is important. 
sa me for domain and range relations. PAUM uses a 
specifie murgin funclion to adj ust wcigbts of positive 
and negative exa mple features and t hus shows com­
petitive rcsults . This fon ction updates wcigbts u· for 
eu ch example x, based on a fixed bias paramcters r + 
and r_ represcnting the number of posit i,·e anrl nega­
tive examples, respectively. After creating and ttmi ng 
our morlels to an notule t he lexts automatically, we ap­
plied a 10-fold cross-validation ana lysis J5ïJ. Extracted 
terms and links are then assesserl using clnssir evalua­
t ion metrics i.e.: precision. recall and F-Measure. 

3. 2. 6 Workfiow reconstruction 
From recognized links between conœ pL instances 
in trxt, WP lmilrl om c:nnr.rf'tP workfimv knnwlPdp;P 
databusc where items ure the namcd ent itics or­
rlererl by t he top-leve! pattern in the domain ontol­
ogy. Concept and property instances serve to identify 
respeC"tively t.hr rlata-flow anrl control-flow of work­
fiows. For cxumple. from the tuples: (pi) (alignrncnt. 
"has_dataSom ce'', hemagglutinin) , (P2) (a lignmcnt. 
" uscdjn..SequenceAiigumentProgram''. ClustaiW ) 
and ( p3 ) (alignment. ''usedjnYhvlogenetidnfence 
Progrum·•. MEGA), we constr uct the workftow se­
quence SI : ( hcmagglutinin , alignmcnt, Clusta iW. 
MEGA ). We ftatten then the workftow structure into 
u sequence of data and programs cnriched with seman­
tic relations (tu pies) in arder to represcnt the du tu und 

control flows. 
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J.l!. 7 W01 ·kjluw qualil.y c:t·itctiun 
We propose here a semantir·-baserl approar·h on work­
fl ow und knowlcdgc representation us textuul descrip­

tuc,, "'tuf tag' ur " ~'tmct feu ture' ln unJer tu <'Valu­
utr thr rxtrar.trd c:onc:rPtP workflows, wr c:a lc:nlatr thP 

similarity measurc s.,(a. p) E {0 .. 1} which represents 
t he , imilurily ~ctwœu t he udual a aw.l the predicted p 
workllow m mponents. Unlike the work of JfiRJ anrl J29J 
proposing computationally expensive workflow map­
piug algurit lum; (ba:ied un gra ph-t'd il Uistauce or A* 
SC'nrc·h). wr propose' a simpiP bag-of-wonis similarity 
mcasure which tukes into account bath abjects (data. 
u•ctuùutu uud tu,b) uuù liniŒ ( ùuta-How and cuntrul­
ftow) anrl t lwir ont.ologiral ma ppings sinc·p transactions 
(stcps) ure ordered using abstract patterns from the 
duuwiu uutolog:y (see pn•vious su~sl'ctiou). Funuully. 
givrn a,p E 6w anrl w = ((, A) , wherr ( is t he se­
quence of workflow items i at each step j. 8 is the set 
of triple:; Ok = (i1.r,i2) CUHIJedÎilg relation:; r lu thl' 
objrrt domain at. position ·i1 anrl t he object rangr at. 
i 2 , then the similari ty Sw between a and p is given by 
t he fulluwiug fun uulus: 

( 0 

( ) 
_ s,.+s," 

Sw a. p -
2 

(1) 

L:;'" L:::'(w'(n.o,,, p.()) 

sS(a.p) = 
1 

n 

"' 
(2) 

(3) 

where m , n and p are. respcctively, the tota l num­
ber of steps, items pcr step und relations in the ac­
tuai workftow. Each abject o,,1 is wcightcd by the ac­
curacy meastu·e w' and each property o. is weighted 
by t he accuracy w" = w"' x w"· "·hcrc the wcight 
tc9 • E {0 .. 1} is t he degree of a concept term accuracy 
and u·9 • E {0 .. 1} is the degree of a relation tcrm ac­
curacy. T he similurity ratio of u workftow is then the 
m an of its componcnts uccuracies. Table 1 shows the 
weights t hat we propose to measure the degrees of ac­
curacics of workftow componcnts. If a term (concept 
or relation) in the actual workftow u is weil annotated. 
thcn, its weight w is !. Otherwise, if a term is par­
tiu lly correct, wc ussign u weight of 0.6. In the case 
where a relation type is partially correct (where the 
relation type term is not correct und t he domain and 
rungr arc rorrec:t), u much lcsser weight is givcn {0.1 ). 
Finally, if a tcrmjstep is not correct or absent, the 
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wcight Îl) U. Tl1e:::;e wcîghtl) are inspin:•tl frulll the wurk 
of [57[ where lenient precisions and rccnlls arc calcu­
lat.ed )l;iven a partial overlap mrasm e. 

3.3 Generalized pattern mining 
N<'xt., w<' g<'tlf'rat<' mor<' abstrad workflows from tlw 
st•t of coucretl' workHows cxtrad<'U fro111 the tcxts, i.e. 
the workflow data base V. 

.7. 3. 1 Candidate generation 
T wo descriptive languages are defi ned to represcnt 
bath concrete workflows and abstract workflows. A 
du ta language L'. w is derived from workAow sequences 
W tn111slatcd iuto IDs from the proposed ontology n. 
The second language f w is used to represent patterns 
pin a cunon ic language [4 Ij. rw comprises gencrulized 
DAG pattems p = ((, 8) where p.( is the sequence of 
concepts and p.8 is the set of relation triples. 

Our Apriori-like [36[ level-wise mining approach con­
sidcrs t he globa l pattern space as being made of levels. 
A lcvcl is defincd w. r. t the ovcrall depth of the pattern 
components within the ontology. Pattern candidates of 
u lcvcl k + 1 arc gencrated from the k"' -levcl frequent. 
pattern by a rcfinement opera tor [59J . 1-Iere we extend 
the work of Adda et al. [41[ by applying five different 
cunonic operations to rcfinc u pattern p: 1) appcnrl u 
root concept to a new transaction (step) in p.(. 2) add 
a root concept top.(, 3) replace a concept from p.( by 
n direct insta nt iation (spccializat ion ) thcrcof, 4) arlrl a 
root propcrty bctween two concepts in p.O and 5) re­
place a property from p.O by a direct instantiat ion. For 
example (sec Fig. 6), a possible specializat ion of the 
concept 24-' Mulli)JleSequwœA ligrtmwtP,·ug,·am' in a 
pa ttern p, would be to replace it by one of iLs immc­
rlia tr SIH-:tl:ossors in thP ontology, say 2fi-1 Prn.fJms.lïitiP. ·. 

The starting point is the computation of frequent 
lcvel 1 pattem s direct.Jy from the ontology (made of on­
tological root concept singletons). For each of the sub­
sequent levels k + 1, the level candirlates are genera teri 
from frequent patterns at level k hy applying canonic 
operat ions to them. The resulting candidates are first 
l.r$1.r rl for 1 hr known infrrrpwnt; ' ub-pat.terns and thrn 
the surviviug canùiùutes are sent. tu the uatabase v 
for a direct evaluation of t heir interestingness. 

S. 3. 2 Pattem quality c1iterion 
In arder to characterize the " interestingness" of the 
grnrratrrl patterns, we propose t.o li'*' t.hr rl r pt.h of 
patteru Plemclltl) iu the uutology tu rcprest'llt tlieir uU­
straction level. \>Ve remind that the abstraction level 
of a pattrrn r!P.finrs how pattr.rn rlrmrnts arr sprc:ifk 
or o bstract in the domain ontology. Y et, t he ultimute 
intercstingness of a pattern depends on the dccision­
maker (subjective criteria) and does not solely depend 
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on the statistical strength of the pattem (objective 
criteria , c.g. support or concept dcpt h). Albcit useful. 
objr.('t ivP mPas11rrs arr. not rnough t.o (lrtrrminP t hr 
interestingness of a pattern, part icularly, in complex 
structured domains like phylogenetics. Our intended 
solution is to let users choose t heir levels of interest 
in the ontology min_levetl 17l. The11. ranking could be 
used to ovoid checking ali of gencrated patterns [60[. 

ln orrler to motiva te our ranking method , we propose 
tousethepatternsp1: (( {Pl'Otein}. [Bayesian} ). {(!. 
isDatalnA lignment, 2) }) and p2: (( {P,.otein, Mus­
cleContraction}. {MSA}, {ML}). {(1 , isDntalnA lign­
ment, 2) , (1, isDatalnlnference, 3)}) and the ontology 
frou! the Fig.4. 

Depth rankinq score (rankd,r><h)· ln arder to rank 
the pattern uustradiou levels huscu 0 11 t he ùistn uce 
from t he minimum of depth suggcstcd by t he cx­
pPrt minJevel, wP usP. bPrf' , thP nonparamPt.ric: two­
sample Wilcoxon Runk-Sum Test [61] where pattern 
depth lists are compared two-uy-two. Suppose that 
wc have a set of concept dcpth lists depth(p;) = 
{maxDepth(c1 E p;.(. He)} and we wish to test the 
hypothcsis that the distri bution of concept depths F1 

of n pattern p1 is t he same as thal (Ft) in P2 and 
t he means 1" of bath of the distribut ions are greater 
or equals to t he min_level given by the expert. 1-Ience. 
our rntl l hypothesis is Ho; F1 = F2 => l" l = 1"2· 111 ?: 
min_level. The two sided-alternative hypothesis would 
be, H, F, >1 F2 => l'l ol/"2 , (i<t , /<2) < m.in_level. 
Wc remind that the Wilcoxon rank-sum test is based 
upon rank in)!; the ldepth(p, )1 + ldepth(p2) l observation' 
of t he combined sample. Each depth is assigned to a 
rank; e.g., the smallest has rank 1, t he 2"d smallest 
rank hus 2, and so. The rank-sum test sta tistic is. 
he11ce, the l) lilll uf the ruuks fur depth ol>servatiuus 
from one of t he patterns. Ncxt, the test fin ds a li t he 
po"ible permutat ions of the rauks anrl r;alculate' t.heir 
p_vatues. If t here are depth t ies, where concepts from 
different pat terns have the same ranks, we assign. to 
each observation iu a tie, its median rauki' 81. 

Next, we c..:ak:ulute the quantity uf iufunuatiou in a 
pattern in terms of the number of clements covcrcd 
from t he domain ontology. Patterns representing the 
maximum umount of phylogenetic informations are 
preferred 1 bence. we use the coverage measure as a 
runking feat ure to sort our patterns. 

P'IThe expert proposes the minimum of abstraction 
level that interests him. This level is uormalized by the 
maxinJ UIII ùept h iu the ontology (in both of concepts 
und re lat ions). So a score of 1 mca ns that the expert 
rlemnnrls onl.r t:he most. sprr;ifir; patterns. 
'"'Wr choosc to use the median instr ad of uveruges 
SÎIH'P 1'1 - 11 1 is slrongl.Y influ<'n<:N\ b.Y somP of t.lw n,,,.,ru 

specifie'' or ., ccry 11bstmct'' concepts in a pattern . 
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Cuucmgc uf stc1JS (CCs). Let ns(ll) be the uuu.l;cr 
of ali 'mot concept steps' in the ontology. T he frac­
tion of stcps that a pattern covcrs is: lp.(l/ns( fl ). For 
instance, if the ontology defi nes 7 steps, as in the phy­
logenet ic domain (sce Fig. ï ) and the pattern presents 
only (i t ran:~ac:lions , t.hPn: it s st.Pp r.ovPragP is -Rfl.7%. 

Couerage of data (CCv). Let no(p , fl) be the num­
bcr of ali rlat.a r.onr.eptsi191 t. ha t. c:oulrl be plngp;prl into 
pattern program concepts from the ontology. The rla tu 
~..:uvcragc uf u patteru isl theu, t ltt! uu1uher uf Juta ust!d 
in u pattern dividcd by nv (fl ). For insta nce. given the 
pattern p2, if t he numbcr of relat ions (incoming and 
outgoing) that could be connected to both of MSJI and 
ML in the ontology is 4. then, CCo(p2, fl) = 2/ 4 = 

fiO%. 

Couerage of metadata (CCM)· Let no~~(p . fl ) be the 
numbcr of ali mctarlata r.onr.cpts t.hat. r:onlrl be m n­
ncctcrl to pattern rla ta concepts from the ontology. T he 
rnctadata covcrage of a pattern is. then. the nurnbcr 
uf its llletudutu divided uy he II UIIIber uf ali llletudutu 
in n t hat are conuccted to pattern data. For cxamplc. 
if the number of metudata conncctcd to Protein in the 
ontology is 4, then. CC,,i(P2, fl) = 1/4 = 25%. 

Couerage of pmgrams (CCp). Let n p(p, fl) be the 
number of ali prog~·am concept. that could be used 
in the pattern steps from t he ontology. The pattern 
program r.ovf'ragP is, t.hPn, thr 1111mbr r of prop;ram c:on­
ccpts in p.Ç di,·ided by np . For instance, if the numbcr 
uf progrum cuucepts iu tlw :>c{.;ullLI uHc.l the thirtl st~p 
of the ontology is 10, then, llf'(P2· fl) = 2/10 = 20%. 

Cuvomgo uf 1datiu11> (CC Il )· Let I.À.(t)i be the nutn­
bcr of elements at t lw t11' transaction. then, n u(p) = 
L:!"·"(I .Àr(tll x L:~~~I-I I .À 1, (u)l) is t.he numbcr of ali 
possible combinations bctwccn pattern clements in p.Ç. 
The pattt!rll relutiuu ~..:u,·eruge is, hcuœ : the numbt·r uf 
triples in p.8 divided by n 11 (p), e.g. n 11 (p2) = 2/ 10 = 
20%. 

Finally, patterns arc rankcd using the weightcd rank­
ing funrt.ion mnkpa""" (s"" 4) whrre a anrl f3 arc t. hc 
wcights given1 for the coveragc score and the abstrar­
tion leve! score. respcctivcly, and avgC is the m·crugc 
fuuctiuu ~..:u ku lu ting: the IIICUH of ~..:ovt!rugc scores uf u 

pattern p. 
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wherc: 

rank'"''"''"' = avgC(CCs. CCn.CCM. CCp. CCn). 
(5) 

Wc rcmind that. wc are ranking pat terns given 
lhcir abstraction lcvcl towarrls the expert abstraction 
thrrshold and the information quant ity of a pattern in 
terms of the number of covered clements. Pat terns wi th 
high vaincs avgC (mnt.aining more r lrmrnt.s from the 
uutulugy) uud rankrl,pth ure assigned witl1 the lt igl1est 
ranks rankpn ttcrn · 

4 Results 
4.1 Dataset 
The cxpcriments ure dcrh·ed from a sample of +5 
000 rrcPnt. urtirlPs, jou rna l~ and c:onfrrrncr papf'l"S (·ol­
lected from the digital rcpositury PubMed Crntrul 
(PMC)i201 in the XHTM L for111at using the following 
query: 

"open access"fjilterf AND '"2017/01/01"/Pub­
Dat./ '" 2017/0:J/W{PubDati:f AND ( '"Phy­
logenetic analysis"{Section Titlef OR "Phyloge· 
nP. I.ir. analys r..<'jSP.r.l.inn Til.lr. f ). 

HowcYcr. phylogenctic analyses sections may not 
have sufficient informat ion to reconstruct the full 
workflows from tcxts. T hus, we filtered the down­
loaderl art iclcs based on the smallest pattern t.hat any 
phylug;enetic unuly ·is shuuld preseut : ( { DataType} . 
( Phylogeneticl nf erence Program) ). A phylogenct ic 
study might use at !east one data type and one phy­
logenetic inference progrum (sec Fig. 7) to prod ucc n 
phylogenetic trec. Finally, wc retaiued a set of 2 969 
mt iclcs. 

Our public PHAGE ontology on BioPortal 1211 is com­
poserl of ~7 rlilferent objec:t propert. ies (mlat.ions) , 47 
OJ 1 cuucepts (with 4 ruut cuuccpts and I ll unique cull­
ccptsi221) und more than 1 000 000 unique individuals 
(instances) without counting synonyms. Fig. 4 shows a 
sa m pk [rom the propose<! PHAGE ontology. 'Root con­
cepts' rrprescnt data types, their provenance (data 
sources). stcps and tool parameters. ·step concepts · 
represont. t.he seven st.cps of phylogenctic analyses and 
n~laliuu .. ., Uct.wœll couœpt::; rt!presellt dutu 1\uw.::; um.l 
control Aows. 'Pmgram concepts' rcprcscnl the soft­
ware concepts (e.g. Local Aligmnent. Dista11 ce based 
approaches). î ' arametcr concepts· rcprcscnt the dif­
ferent types tnethod/ progrum pa rumcters ( e. g. numbcr 

rafl.kjm/ten& = Q.ra n k c"UIIt:ruye + f3. rankucvL/i {4) llO)htt pS:// IIIIV . nCb i.nllll. ni h .gov/ptnC/ 

121 lht tps: //bio portal . b1oont ol ogy .o rg/onto log i es/PHACE 

'"' Data from the lowcst abstraction leve!. '" 'Without count ing synonym concepts. 
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of hootstraps. DNA/ protcin evulutiunary llludeb) and 
' Data l.ype c:u11cept .. > r~present th~ diH'erent data types 
(DNA, RNA , distance matrices). Final! y,' Data source 
concepts rrprescnt provena nce metarla ta (e .g. rlu ta 
formats. rlatabases, GO annotations, types of orga n­
isms). We reminrl that. our ontolol{y has been rollec:t.erl 
in a scmi-automated way from well-known databases 
in the phylogenetics domain. From the NCBI Taxon­
emy browser J62). we extracted + 1 000 000 (aU) sci­
entific terms and synonyms of organisms and orga­
nized them into 12 ranks (plants. bacteria, mammals. 
etc.). Ft-mu the Gene Ontology J46J, we extracted re­
cent (2016/ 04/ 12) GO concepts and relations. Thison­
tology presents 112 unique concepts and 9 object re­
lations. Mure thau l Hi 000 (ali) revie1wd tllliq ue gene 
uml protciH tt:rtu:; wert: t:xtn.u.:tt:<.l frou1 the UuiPro­
tKD dutubasc JG:l ). Euch term was then inserted as 
un instance for the rclaterl GO concept. Finu lly, the 
Felsenstein 's Web site J64) is crawlerl using simple rlata 
transformation sc:ript.s in XSLT learlin!; to c:reate more 
thun 500 software tem1s categorized into 32 categories. 

4.2 Extracted workflows from texts 
Using the GATE platforntf2'' l, a huu,au expert hus cor­
rect~d (created. deleted, updated) 111a nua lly annota­
t ions from :iOO tcxts to build a workftow grou nd-truth 
rlatabnsc. This latter serves as a test set for the evalu­
ation ~ l .rp . The expert. annot.at.e~ l;he ~;iven t.ext.s u~inp; 

our nomain ont.olol{y schema on the plat.form GATE. 
He annotated only tcrms of concepts and relations 
that serve to reconstruct the phylogenetic workftows 
from texts. Although this task is costly in terms of 
timefenergy (~ 80 hours). the expert validat ion step 
is important to guarantee a cred ible perspective of our 
approach. 

Ncxt, wc measure whether a term is annotated cor­
rectly, partially or missing. Wc show in Table 2 de­
tails about the total number of discovered annota­
tions. Wc ca lculate the classic Information Retrievul 
F-Meusure [57) based on correct, part ia lly correct and 
:;puriuu:; unuututiolli5. lu tutul1 our ::;y:;tc.:•m hu!::i aBHo­

tuteJ 2 5tH cuuœpt ten us while the expert lw:; au­
notuted 2 G4 1. The overall strict F-Measure (over­
lups rliscurded) is 70% and the overull lcnient F­
~leasure (overlaps inclurlerl ) is 76'/c. Wc notice thaL 
!IR annot.at.ions (~20%) reprrsent ambigiiOIIS prog1·am 
tmns (G11esserlProl(ram). ln this rase. the averal(e F­
Measure (between strict and lenient) is 84o/c with a 
precision of 73% and a rccall of 98%. 

ll•IGATE (www.gate.ac.uk) is a well-known environ­
ment. for annotat ion tasks usinp; wirlely known NLP 
tel'hniques sul'h as the OpenNLP parS<'r'"' anrl t.he 
Stanford POS taggerJ65). 
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Tht: tuauutd uuuututiuu uf atubiguou:; prognuus 
highlights a li the tcxtual mentions rcfcrring to a multi­
ple purposcs tool as indirect references. In some cases. 
correct rcsul ts from our workflow tagger were not fully 
annotated , leadiug to false positives. The fo llowing 
sentences: 

A phylogenetic tr~e was constructed wit.h MEGA 
5 using the altgncd sequences. The phylogenetic trec 
was draw" usi"g the neighbor-joining method with 
p-distance and 1,000 bool.strap replications. 

show an example of such case where om taggcr cor­
rectly detects MEGA as a phylogcnet ic trec inference 
in the first sentence but in the following sentence. 
MEGA , as a neighbor-joining method, is also uscd 
to vali<late t.rees 11sinl\ l 000 bootst.rap replications. 
This dass of lv!EGA (Hyputhe•i.Validatiun) was uot 
detected by our context-based approach. The refer­
ence in the second sentence is implicit (hidden in the 
neighbor-Joimng concept) , bence. it is rlifficult to rlc­
tect that trees generated by MEGA arr ulso vulidated 
using the bootstrap method . In addition, both of the 
vf'rbR in tlw two sP.nt.P.nc:Ps an~ vPr.Y p;Pneric ami mis­
leuding (aligned and drawn) for an automatic tagging. 
MEGA , in the prev ious sentences, is not used to align 
or visualize sequences or trees. Consequently, the pre­
cision obtainerl by our pipeline for tree valirlation tasks 
ure very low ( ~40%). In fa ct , JO% of the hypothesis 
validation programs are ambiguous programs (multi­
ple purpose packages) Y ct. the context-based pipeline 
supporting our system nccrls to be enhancerl in its ab il­
ity to ca pture more geueric mentions iu wider contexts 
( e.g. paragraphs). 

Al though strict and lcnicnt F-Measure va lues are 
very close (~0.3%) , some categories (i.e. DataCollec­
tionl'rogram, Trec Visualizationl'rgram and Guessed­
GeneralPackagesCategories ) show the sa me values for 
strict and lenient F-Mcasures (see also the ·o· col­
umn). Our taMer is able to rer:o!;nize (or not.) t.hc ex­
act meutiou:; iu text:;: the:;e cutegurie:; tlue:; uot preseut 
non-standard program names (e. g. common namcs) or 
generic ment ions. lu add it ion, we note that almost 
the hulf of the prcscnterl categories show rcasonably 
high lenient F-Measure agreement (> 80%). Yct , be­
sicle hypotheses va lidation software names, data col­
lr.r:tion programs, spP.dr.s nanws. protrin anrl gPnP. GO 
annotations show the worst tugging F-Measure rcsults 
(with a lenient F-Measure between 60 and 67%) . The 
reca ll va lues in data collect ion programs explain the 
weak F -Measure (for both strict anrl lenient agree­
ments). Thereof, our ùatuba:;e fur this category ueed 
to be updatcd. In addition , since no specifie .lAPE 
rules are modelled for the metadata (GO annotations 
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uutl :;pcdcs) . so1uc cuu uuuu fub:ic uegutivc:s (i.e. mÎ::>.':ictl 
resource mentions) are discovered including commun 
nullleS u[ genes (e.g. the g~U gene) ur speties (e.g. 
birds) . 

Fig. 7 shows the workflow simi larit.y distribution re­
sults bascd on t he evaluation or the 500 expert-curated 
workAows. Gcncrutcd workflows arc 82.8Q% similar 
with the actual workflows extracted by the expert (first 
figure on the top). Whilc. the bcst mcn n workBow sim­
ilarity is 100%, the worst similarity is 54.ü8% which 
mr.ans that. , in t.he worst c:ase scenarios: our workflow 
extract ion framework will (probably) extracts ha l[ of 
t.lJP n ac:t.ual" \Vorkflow (·omponrnt.s. The n1Pan of ob.iPc:t. 

(tasks) similarit ies is 78.71 % (second figure in Fig.7). 
Tho bost workfiow t.ask similarit,y is fonnrl in phylogo­
netic trec inference programs ( lOO%) . Generally, t his 
task is explicit ly defined in phylogenetic analysis texts. 
We round thut phylogenetic met hods ure l"requent ly co­
occurred in t he context of t he phylogcnet ic inference 
prognum; whid1 expiai us the high vuiUl'S of IIU:.'tl ll sim­
ilarit ies of this task. However , the worst task similar­
ity is obtained by the "Hypothesis ValidationProgram·. 
This is due to the context of this task which is am­
biguous to be resolverl in one sentence as wc explained 
previously. Concepts and POS categories surroundi ng 
t.hcse programs in one sentence arc not very conclush·c 
to disumbiguate this category or software. 

Tho relation sido of wnrkllows represont:s t.he dat:a 
and cont rol ftows (third figure in Fig.7). The mean sim­
ilarit.y in the control flow is R9.1% and RR.92% in t he 
data flow. Wh ile the worst similarities in the data-flow 
is 74.43% which represents the relations between data 
types and mult iple sequence alignment programs. the 
best data-Aow similarity is the relation similarity be­
tween data types aud hypothesis vaJidatiou prograt liS 
( l OO%). Bence, this part of data ftows is reconstructed 
pcrfcct.ly. VerUs likc 11 Vulidate, u11d :l tesf' ure C..:Oill­

monly and precise! y used betwecn data types and trec 
va lidation programs which cxplai tlS t he high similar ity 
in this concept. The worst similarities in the control­
fl ow arc round in the links bctwecn phylogcnctic in­
ference programs and t hcir mcthods with a mean of 
7!).84%. Howcvcr, links betwccn prognun paramctcrs 
like the numbcr of bootstraps and t he type of evolu­
t.iona.ry modrls arr. , gr.nrrally1 rxplidt.ly dr.sc:ribr<i in 
the sentence which exp lains also its high similari ty in 
t.he r:ont:rol-flow with ( l OO%) . 

4.3 Generalized bioinformatics patterns 
In our next cxperime11t , we apply t he pattem ranking 
[unrtion t.o tho !\Pltera t:erl patterns with the following 
parameters: or = /3 = 0. 5 and minJevel = 0 (ta gencr­
at.e ali possible patt.erns) where a= 0.1. Fi._q. S shows 
the correlation rcsnlts bctwecn pattern ranks and the 
proposed coverage features. 
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The dbtributiuu uf t h~· uuwUL·r uf titep:; dt!lllUHstrutl-':> 
u guoU currclatiou with the putteru ruukiug fuw.:tiuu. 
The figure shows that our patt.em s caver mostly (i0-
70% of the total numbcr of the phylogenctic steps 
which is a good coverngc. Thcse patterns contuin infor­
mat ion about most or the phylogenet ic steps. In addi­
tion, genera ted patterns contain an average of ~25% of 
dutu (from the ontology) annotated with a maximum 
of 15% from a li ontological metadata pcr pattern. The 
distribution or program frequenci es shows that pat­
terns use up to 20% of program categories pcr pattern 
and most of the discovered pattern concepts are 80% 
linked with each other. This means that genera ted pat­
tern workflows are ''strongly'' conneded digraphs. 

The Fig. 10 shows the correlations betwecn the pat­
tern rank ing function. t he coverage and dcpt h rank­
ing measures. The figure shows simi lar correlations 
bctwecn the depth runking and t he coveragc ranking 
which means that patterns covering the most (85'lc) 
of elements are very specifie tao ( with law a bstrac­
tion levcls). Thereof, discovered patterns wi th a law 
support (a= 0. 1) might contain t he most interesting 
patterns (for expCit users) since they arc bath large 
( covcring most of the elements from the domain antal­
ogy) and contain rery specifie elements. 

5 Discussion 
5. 1 A generic framework 
In arder to discuss the "'genericity"' aspect of om ap­
proach. wc necd to present t he abstruct and domain­
rela ted techniques th at we propose in ( 1) workflow 
extraction and (2) pattern mining. Although exper­
tise is domuin-related. extraction methods could use 
ubstract heuristics to extract processual components 
[rom texts. The proposed workftow extractor clas­
sify domain concept/relation terms from texts using 
a word sense disambiguation method. T his step is re­
lat.r.rl t.o t:hc domain ontology conr:ept.nalizat.ion it.self. 
If a domain r:onr:rpt. f rolation r:m tld be reprr.sentrd in 
a rlrar nnambiguous wa.y, t:hr problrm brcomr trivial. 
Hcnce, this stcp of disa mbiguation is highly depend­
in:; on t he proccssuul representat ion of the expertise. 
Desidc ontology schema, data provenance of tasks anrl 
data tenns revca l a problcm or tcrminology extract ion 
itscl f. Yet, the popularity of ontologies as a mea n to 
store heterogeneous da ta through a common vocabu­
lury facilita te the tusk ur datu t• xtraction und version­
iugl251. lu :;i1uilar subdumui11s like fum:tiuuul gellUII IÎt:s , 

I'"•ISince domain categories are not in a very dynamic 
changing. t he problem of versioning [Güj in our case 
was not prescnted. For now, if t he ontology is silcntly 
changed . t he previous version is rcplaced by t he new 
version without any (formai) notificat ion. 
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Ive fuund tht' MGED uutulugy fu cusing un cxperiuoents 
involving microarray technology. 

Another aspect touching our method genericity is 
the interestingness mensure of generated pattern : here 
wc use the frcqucncy as a mcasurc of a pattern rclc­
vancy. As shown in the previous section, our solution 
muy produce truly relevant results. yet the traversai 
of the lcvels in the ontology structure anrl . to an even 
grcutcr extt~Ht. t.he levcls iu the putteru spa<..:e, may 
prove cost ly. Thns. if the appropriate Je,·els in the on­
tology could be fi xed beforehand, so that only t he cor­
rcsponding concepts and propNt.ics arc uscd for pat­
teru genernt ion. the overall mi ning step will be pcr­
formcd much fastcr and the output is more likely to 
be of interest. The ul t imate interest ingncss of a pat­
tcru tlepPtH.Is ou the tlcd:)iuu-umkt!r (:)uUjectivc cri­
teria) and cloes not solely depend on the statistical 
stronp;t.h of t.ho pat.tern (ohjrc:t. ivn c:ri trria , e. _q . sup­
port) [60, 67]. Albeit useful , object ive mensures arc 
not cnough to determ ine the intcrcstingness of a pat­
tern particularly in complexly structured domains like 
phylogcnctirs problcm solving. Our intcnrlcrl solution 
is to let users choose their levels of interest in the on­
tology. Theo. the ranking score could be used to avoid 
d oec-king t.oo many pat.t.orns [fiOJ. To thr brst. of our 
kuuwledge existing sulutious fur seuwntk-l..w:setl work­
fl ow mini ng [18, 33, 68. 69] propose domain-specifie 
solut ions while prod ucing substantia lly different types 
of ubstract modcls. Thcrcforc, com puring our framc­
work with systems likc Proteus or cSysbio in terrns 
of generated modcls, wh ile conceimble, is not a tr iv­
ial t.ask. F\nt hrrmoro, in order t.o validato the ~ua lit.y 

of uur results, a hu man expert hu. aln:auy evaluatcd 
the building blocks of the generated workflows (see the 
abovc section 4). 

5.2 Towards a workflow recommender system 
The abst rart II'Orkflows produced here could be used 
in a pattern-based recornmcnder to suggest a next tool 
to a user who got !ost after a certain nurnber of steps 
with the workflow manager plntfonn . To that cnrl . 
the system hns to ma teh the partial workflow corre­
sponding to the user's scs~ion against (the prefixes 
of ) i.he ahst:ruc:l. patterns from our pattern haso. T ho 
rcuwiniug part (sutlix) of a matd ling pattern repre­
scnts a potential hint as to the way the user's ses­
sion might unfold from that step on. More specifi­
cally, if wc tukc Exam1ile 2. as an ill ustrativc cxam­
ple, wc cnn apply the pattern P3 (see section 4. 3) 
since it matches the sequence of the concrete workflow 
S2 (r RN A_sequences ,CiustalX, MAPPS ). S2 rlo 
uoatches with ? 3 iu the Juta type 'Prutci n sequences' 
(same as in the source and data base metadata) and 
in programs used: 'Global MSA Program· and 'Mode! 
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Sclcd iou Prugrum'. Ftolll PJ w c.:; t:au ret:Ulllllleutl tu 
use a .)TT mode!, a maximum likelihood inference ap­
proach auu a bootstrap-based trec validat iou for the 
next stops. Wit h a concept-based recommendation, the 
system cou id work on different granula ri ty levels and 
hence offer more flexible recommendat ions. Indeed, in­
steno of objccts as concrctc tools and rcsourccs from 
concrete workflows, we suggest a class of objects to 
nssist uscrs with more scmanticnlly rich rccommcnrla­
tions. Semantic suggest ions could guiM to compose 
more complex pipelines by present ing likely com po­
sit ions. Users shouldn 't be worried about very spe­
c:ifi<: details (software versions, t.ec:hnical suppm1.s, r. l.r..) 
while construct ing their workflows. 

6 Conclusion 
\Vith many biologists and bioinlormat icians having li t­
tle cxperiem:c of uuto1uatiug Uioi ufunuatîcs auulyses, 
it is important to prov ide relevant recommendations in 
arder to improve the effici ency of analyses. Concept­
baserl pattern rccommcndat ion helps users not only 
t.o arquirc contcxtual information hut also to providc 
valuable suggest ions. In this article, we presented the 
founrlation of su ch rccommcndat ion system. Wc intcnrl 
to extend our ontology-based mining framework in or­
der to consirler a variety of cri teria, for exa mple other 
method parameters ( e.g. Gamma rates, transition ra­
t ios, r. l.r.. ), more r:omplex control strnc: t. mes ( r.. _q. parai­
lei executions. if-else stntements) and resource quali ty 
in t.orms of timo (the most. rec:ent. toolsf rla tabases). 
author (focusing on domain 's experts), jolU'nals, pop­
ularity. etc.). Updat ing our text corpora wit h the most 
reœut articles will hd p to prouucc mure relevant pat­
terns. Moreover, the proposed generalized patterns 
cuulu be uscd tu inoprove cveu juumals quali ty to select 
the most relevant art icles using t he abstract and con­
crete workAow informa tion within texts. For instance. 
abstract ing the proposed workftow in a submitted ar­
ticle is uscd to assist the rcvicwcr asscssmcnt. 
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Figure 1 A Phylogenetic .1na lysis example drawn from the publication (70) using the Armad illo (5 ) platfOfm. From the highl ighted 
softwares, dat01 , descriptive met01data and parameters in texts, an expert drew a phylogenetic workflow. Task programs <1re 
represented with colou red rectangles <~nd ddta flow with Labeled links (input/ output parameters) . 

'-----r---' 1w":';,~;~::';'" 
(Gate 8.1) 

}

Worldlow Minlng 
WFMlner 

Fig ure 2 Overview of the pattern extr<~ction pipeli ne from texts using a domain ontology. T he i mp l ement<~tion of the system is 
avai lable in : https:ffgithub.com / bioinfoUQAM/ tgowler. This figure shows the two main components of ou r system: (1) 
WFExtractor ext racts workflows from texts using standard NLP tools and a su pervised learning for word sense dis01mbiguation 01nd 
(2) WFMiner mines freq uent generalized patterns out of the extracted workflows usi ng :~n Apriori-like method traversing the 
hierarchies of workflow abjects 01 nd links (from the domain ontology) . 
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Figure 3 An example of workflow representation . WOf'kflow items: i.e. t01sks, d01ta 01nd parameters are encoded in ti"le sequential set 
Wt.( wi"li le links between ti"lem ;are encoded in ti"le triple set w,.e. Each triple represents a link between item posit ions. Here, ti"le 
links lt , /1 and IJ re present respectively, ti"le i :,., ''JiuL, Ï$0 utpu L 01nd llu s l~ur· c.mu:tr.r rel;ations. 
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Figure 4 A s01mple from the proposed PHACE ontology published in the BioPortal repository (please 
visi t http:/ flabo . bioinfo . uqam .c<~ / index . php?act ion=tgowler to download dat01) . Grey rectangles represent workflow reference 
concepts to: steps and programs (in the blue cloud) , data types (in the green cloud) , sources (in the purple cloud) and parameters 
{in the ycllow cloud) . The h ;~ rd ;~res reprcscnt hier<~rch ical (the Inverse o( rdfs:subCI;~ssOf) relations 01nd the dotted arcs rcpresent 
ether semant ic properties (domain constr<~ints and input/ out put relations) . Terms under concepts shOIN some lndivldua ls (instances) 
for e01ch c<~ tegory. 
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Figure 5 An cxample of concept and relation annotation in texts. After segmenting the text into tokens and POS tags , wc const ruct 
a set of concept features fe:JturesC to learn how to dassify concepts CIOJssC and relation features featuresR to learn how to dassify 
relat ions C/;~ssR. Sincc our featurc ext raction mcthod is contcxt-b01sed, wc recognize e01ch concept and relation in ils sentence. 

"' ..J pattern 

~ uqu1nc:1~ 
~ 

workflow 
uqutnct ~ 

~ 
..J pltttfn 

~ uquenn{ 
LU 
_J 

Fig ure 6 An ex01mple of pattern refinement from a level 1.: to 1.: + \. Let p be an abstract workflow poattern (grey ovals) and w the 
concrete workflow sequence (blue recungles ). After refiningf replacing the concept 24 : Mulr ip/eSequenceA/ignmenr with its 
immediate ontolor;ical chi ld concept 25 : Progressive, we need to verify if th e matchinr; between the concepts and relations of p and 
w st ill hold from the level k to k + 1. 
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Figure 7 Workflow similarities resu lts . The top figure represents the overall simi larity between the actual a (annotated by the expert) 
workflows and the prcdictcd Il oncs. The cxpcrimcnts have becn pcrformed on 100 recent articles downloaded from the PMC 
database. The second and third figures re present box· plots and contour distributions of concept and relation similarities between a 
and 11. Bold points represent the interq uartile ranges outliers. 
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Figure 8 Pattern coverage metrics distributions Vs . pattern ranking function . 
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Figure 9 Pattern raking fu nction Vs. coverage and depth rankings 
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Figu re 10 WFMiner vs x PMiner {41J using the eJ~;pert dataset. Fig. A shows the matching 01 nd th e overall min ing CPU ti me of 
WFMiner over different values of min imum support (M IN.5UPP) : 0.6, 0.7 , 0.8 , 0.9 01nd 1. Same for Fig. C. it shows t he speed of 
XPM iner over the min ing and matchi ng ti me. Fig. B plots and compares the speed ti me of xPMiner and WFMiner. The number of 
generated patterns for each experiment is indicated in to pa rentheses . 
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Table 1 Objects and relations weights 

Table 2 

~W~e~;gEht~~D;e~,,~,;~pt~;o~n========~====================~V~.I~ue~ 
u1 ' The abject term u, ,1 in p.( correct. 
w~' The abject term o ,,1 in p .( partia tly correct. 0 .6 

'
',',t, The abject term o, ,1 in 11 . ( not correct. 

The relation term of fi.O~,. in p.A is correct . 1 
w.~' The relation term of '' ·04. in fl.e is partia lly correct . 0 .6 
111b, The relation term of n . O~,. in p.9 is not correct . 0 .1 

'
",,;,l.a: The domain and range term s of a.fh. in p.9 are correct. 1 

The domain or range terms of a . fl~r; in p.9 are correct. 0 ,6 
w~' The do main .and range terms of a .Ok in JJ.9 are not correct. 

Weights values represent st ringsfs ubstrings matchings between predicted item 
and t rip le terms against the gold standard terms. 

Concepts Eva luation Distribution 

li< ~ ~ b s~ SR s~~ [~ 
Bootstraps~arms 61 19 8 0.87 0.75 0.80 0.88 
DataBase 43 19 13 0.72 0.66 0.69 0.77 
Da taCollectionProgram 36 29 5 0 0.87 0.55 0.67 0 .87 
D:anType 597 103 186 89 0.68 0.75 0.7 1 0 .78 
GeneOntology 139 172 5 3 0.94 0.44 0.60 0 .96 
HypothesisV:al id ationProgram 25 40 29 0.44 0.37 0.40 0.48 
Method 326 48 46 14 0.84 0.84 0.84 0.88 
ModeiSelectionProgram 42 50 17 1 0.70 0.45 0.54 0.71 
PhylogeneticlnferenceProgram 205 16 146 10 0.56 0 .88 0.69 0.59 
S~uenceAi ignmentProgram 70 15 19 4 0.75 0.78 0.76 0.79 
Source Ta x on 202 125 57 19 0.72 0.58 0.64 0.79 
TreeVisualiz ationProgram 18 7 2 0 0.90 0.72 0.80 0.90 
GuessedGener:aiP:ackagesCategories 87 1 31 0.73 0.98 0.84 0.73 
Sum 1851 644 564 146 
Mdcro summdry 0.75 0.67 0.69 0.78 
Micro summary 0.72 0.69 0.70 0.78 

CRs cnJt 
0.16 0.82 
0.70 0.74 
0.55 0.67 
0.86 0.82 
0.45 0.61 
0.40 0.43 
0.87 0.87 
0.46 0.56 
0.93 0.72 
0.83 0.81 
0.63 0.70 
0.72 0.80 
0.98 0.84 

0.70 0.72 
0.74 0.76 

The 'M' column represents the number of successfully recognized :annot:ations. The 'G' (only in Gold set) 
column represents missed annotations white the 'P ' (only in Prediction set) column shows the nu mber 
of unknown annot:ations. The '0' (Overl :ap) column shows t he number of lenient (parti:ally recognized) 
:annotations. The SFM :and LFM columns shows the strict and lenient F-Measures (57] , respectively. Micro 
01ver:aging essenti01lly tre01ts the corpus as o ne large document white Mdcro dvcr:aging calculates the F- Measure 
on a per document b:asis, and then aver:ages the results. 





AN EXE E 



248 

Tableau 5.5: Différences entre un expert et un novice. 

1 Les experts se rappellent des informations pertinentes de leur domaine 

d 'expertise mieux que les novices même que l'acquisition de connaissances 

chez les experts s'étend au-delà de l'accumulation des informations. Les 

experts regroupent inconsciemment les informations dans un nombre plus 

restreint d 'uni tés ( chunks) qui sont sauvegardées dans leur mémoire de 

travail. 

2 Les exper ts sont capables d'utiliser des représentations structurelles "pro­

fondes 11 de résolution de problèmes tandis que les novices tendent de 

rester dans un niveau "superficiel" de définit ion de problème. 

3 Les experts prennent plus de temps dans le développement d 'une ap­

proche globale de résolution de problème avant de tenter de fouiller dans 

les détails du problème. Pourtant , les novices tendent de se "plonger" 

immédiatement dans la résolution du problème sans examiner le fond ou 

le contexte du problème. 

4 Les experts résolvent plus rapidem nt et efficacement un problème que 

les novices . 
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