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Fuzzy Web Data Tables Integration Guided by an
Ontological and Terminological Resource

Patrice Buche, Juliette Dibie-Barthelemy, Liliana Ibangdg/die Soler

Abstract—In this paper, we present the design of ONDINE
system which allows the loading and the querying of a data
warehouse opened on the Web, guided by an Ontological and
Terminological Resource (OTR). The data warehouse, composed
of data tables extracted from Web documents, has been built to
supplement existing local data sources. First, we present the main
steps of our semi-automatic method to annotate data tables drén
by an OTR. The output of this method is an XML/RDF data

&
warehouse composed of XML documents representing data tables XM L;‘RD?
with their fuzzy RDF annotations. We then present our flexible Local data | |Datawarshouse
querying system which allows the local data sources and the data
warehouse to be simultaneously and uniformly queried, using the %Tableﬁ\nnotation

Validation %

<]

OTR. This system relies on SPARQL and allows approximate
answers to be retrieved by comparing preferences expressed as
fuzzy sets with fuzzy RDF annotations. Fig. 1. ONDINE system.

Index Terms—Knowledge and data engineering tools and tech-
niques; XML/XSL/RDF; Uncertainty, "fuzzy,” and probabilistic
reasoning; Representations, data structures, and transforsy

Knowled delling. L .
nowledge madeting application. ONDINE system is composed of two subsystems:

(1) @Web subsystem designed to load an XML/RDF data
. INTRODUCTION warehouse with data tables which have been extracted from
ODAY’S Web is not only a set of semi-structured docuweb documents and semantically annotated using concepts
ments interconnected via hyper-links. A huge amount @fom the OTR; (2) MIEL++ subsystem designed to query
technical and scientific documents, available on the Weher tsimultaneously and uniformly the local data sources and
hidden Web (digital libraries, ...), include data tableto3e the XML/RDF data warehouse using the OTR in order to
data tables can be seen as small relational databases evestifeve approximate answers in a homogeneous way. @Web
they lack the explicit meta data associated with a databasgbsystem has four steps as detailed in Figurin the first
They represent a very interesting potential external sotoc  step, relevant documents for the application domain desdri
loading the data warehouse of a company dedicated to a givethe OTR are retrieved from the Web and filtered by a human
domain of application. They can be used to enrich local dagkpert. In the second step, data tables are semi autonatical
sources. In order to integrate data, a preliminary stepistns extracted from the documents. In the third step, the exacact
in harmonizing external data with local ones, i.e. externghta tables are semantically annotated using the OTR. This
data must be expressed with the same vocabulary as the er® generates fuzzy annotations, represented in a futeg-ex
used to index the local data. We have designed a softwaien of RDF, which are associated with data tables repredent
called ONDINE (ONtology based Data INtEgration), usingn XML. In the fourth and last step, the end-user has to végida
thesemantic Web framewotland language recommendationshe fuzzy RDF semantic annotations associated with data
(XML, RDF, OWL, SPARQL), which implements the entiretables before loading them in the XML/RDF data warehouse.
management system, presented in Figliyeto supplement Let us notice that @Web subsystem does not pretend to
existing local data sources with data tables which have begfnotate all data tables extracted from any Web documents,
extracted from Web documents. _ _but to annotate accurately target data tables extracted fro
ONDINE system relies on an Ontological and TerminGy,ements identified as relevant for a given domain. The
logical Resource (OTR) which is composed of two part$y man intervention at each of its step is therefore required
on the one hand, a generic set of concepts dedicated t0 {i&, ;3 antee the accuracy of the approach. In this paper, we
data integration task and, on the other hand, a specific setgf on the third step, that is the semantic annotation adeth
concepts and a terminology, dedicated to a given domain g @Web subsystem. Its main originality is to produce fuzzy

P. Buche is with UMR INRA IATE and LIRMM, Montpellier, FRANCE RDF annotations which allow: (i) the recognition and the-rep
e-mail: buche@supagro.inra.fr. resentation of imprecise numerical data appearing in ths ce
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fuzzy RDF annotations to be queried usiB§ARQL? which its variations (multi-lingual, synonyms, abbreviations,.)

is recommended by W3C to query RDF data sources. Thisnoting the concepts. We therefore propose to use an Onto-
subsystem is an extension of the MIEL flexible queryintpgical and Terminological Resource (OTH)] gllowing joint
system proposed inl] and [2]. The main originalities of representation of an ontology and its associated terngyolo
our new flexible querying subsystem are: (i) to retrieve nétccording to P], three factors influence the OTR structuring:
only exact answers compared with the selection criteria hilie task to realize, the domain of interest and the apptinati
also semantically close answers; (ii) to compare the selectThe OTR used in ONDINE system has been designed for
criteria expressed as fuzzy sets representing preferemities the data table integration (annotation and querying) tésk.
the fuzzy annotations of data tables. Some preliminaryissudthis paper, the domain of interest is food safety but the OTR
of this work have already been published 8J,[[4] and [5]. structure we propose is generic enough to be applied to many
This paper provides a synthetic overview of ONDINE systemwther domains. For example, in this paper, experimentaltses
which relies on a new modelling of the OTR dedicated to tha aeronautics will be also presented. The application & th
data integration task. The definition of this OTR, central inonstruction of a data warehouse opened on the Web.
ONDINE system, was essential to consolidate the approactSince ONDINE system allows local data sources to be
and ensure its sustainability and its future evolutions. é@Wsupplemented with data tables which have been extracted
subsystem (previously presented 8} nd [4]) and MIEL++ from Web documents, the domain specific part of the OTR
subsystem (previously presented Bj)[have been revised to was manually built by ontologists taking into account (ig th
take into account this new OTR. In Sectidh we present vocabulary used in the preexisting local databases in doder
the new model of the OTR. The new @Web and MIEL+index the data and (ii) the domain information availablehmit
subsystems are then presented in the three next sectidhs.databases schema. Examples given in this paper concern
The semantic annotation method of @Web subsystem, whitle microbial risk domain. We present first, the conceptual
allows data tables, extracted from Web documents, to beg/fuzzomponent of the OTR and second, its terminological compo-
annotated using the OTR, is presented in two sections. riant, using theDWL2-DL modef.

Sectionlll, we present the method which allows one to identify

which concepts of the OTR are represented in a data table. TheThe conceptual component of the OTR

instantiation of these concepts for each row of the anndtate The conceptual component is the ontology of the OTR. It
data table, relying on fuzzy RDF annotations, is presermnted.i ‘

SectionlV. In SectionV, MIEL++ subsystem which allows a® composed of two main parts_: a generic p"’?”’ commonly
. . . called core ontology which contains the structuring concepts
flexible querying of the fuzzy annotated data tables, stared

the XML/RDF data warehouse, using SPARQL is presente%f the data table semantic annotation task, and a specific

Experimental results are given all along Sectidiis IV part, commonly calleddomain ontology which contains the

and V. Our approach is compared with the state of the a%)ncepts specific to the domain of interest.

in SeCtionVl . We Conclude and present the perSpeCtiveS Of Table 1: Approximate temperature values for growth of selected pathogens in food

this work in SectionVIl. Pathogen Temperature | Temperature | Temperature
'\ min (°C) opt (°C) max (°C)

[l. THE ONTOLOGICAL AND TERMINOLOGICAL RESOURCE [ B.cereus\  ||3.9 399 | |498 St

. . . . . P f

In [6]-[10] ontologies are associated with terminological _ I — Tomperatir
and/or linguistic objects. In@], authors motivate why it E °°{ e = 4.8
is crucial to associate linguistic information (part-giegch, g/
InﬂeCtIOH, decomDOSItIOH, etC) W|th Ontology e|ement8I’(C Symbolic concept Symbolic concept Quantity
Escherichia coli Microorganism Temperature

cepts, relations, individuals, etc.) and they introduesinfq
an ontology-lexicon model, implemented as awL® on- Fig. 2. Annotation of a table according to concepts definethinOTR.
tology. AdaptingLexInfq [7] presents a model callei@mon
(Lexicon Model for Ontologies) that supports the sharing of In order to understand the structure of the core ontology, le
terminological and lexicon resources on the Semantic Web @ detail the data table semantic annotation task. A data tab
well as their linking to the existing semantic representa&i is composed of columns, themselves composed of cells. A
provided by ontologies. ThE€TL model from B] is a model data table must be structured in a standardized way, otberwi
for the integration of conceptual, terminological and lirsjic  preliminary transformations are applied on it using state o
objects in ontologies. In9 a meta-model for ontological the art tools like spreadsheets (which is included in the
and terminological resources in OWL DL is presented, calladble extraction step in Figur#). The cells of a data table
an Ontological and Terminological Resource (OTRXtended may contain ternts or numerical values often followed by
afterward in [L1] in order to be used for ontology basedca measure unit. During the semantic annotation of a data
information retrieval applied to automotive diagnosis. table, cells content are semantically annotated in order to
The ontology we used in our previous work3-[5] was identify the symbolic concepts or quantities representedsh
not designed to allow one to define the terminology arcblumns and finally the semantic-ary relationships linking

http://www.w3.0rg/TR/rdf-sparql-query/ 4http:/www.w3.org/TR/owl2-direct-semantics/
Shttp:/www.w3.0rg/TR/2004/REC-owl-features-20040210 5A term is defined as a sequence of words.


http://www.w3.org/TR/rdf-sparql-query/
http://www.w3.org/TR/2004/REC-owl-features-20040210/
http://www.w3.org/TR/rdf-sparql-query/
http://www.w3.org/TR/2004/REC-owl-features-20040210/
http://www.w3.org/TR/owl2-direct-semantics/
http://www.w3.org/TR/owl2-direct-semantics/
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Unit_Concept

its columns. For instance, in Figuge the cell content ‘E.coli’
is associated with the symbolic concepscherichia coliby
our annotation method (detailled in Sectidtisand V), the - _ _ : :
content of the three cells 4.9, 41.1 and 45.8 are associated |[omersenOre/|  |Mass Unt| - simele Derved Uit
with the quantityTemperatureand the entire content of the @
second row of the data table is considered as an instance of Gram [ Kg | [Frequency

the n-ary relationGrowthParameterTemperatusghich asso- E =
ciates a given microorganism (like Escherichia coli) wit i }Ce'si“S-DegfeeHFahfe"heit-Degfﬂ Hertz }M‘
temperature growing conditions in a food product.

Derived_Unit

Fig. 4. An excerpt of the unit concepts in microbial risk domain

Symbolic_Concept

Concept

Unit_Concept hasUnit Simple_Concept haslnput Relation
hasQutput ‘Food_Product‘ | Response ‘ ‘ Microorganism |
Base_Unit Qua_ntity Symbolic_Concept Growth_Parameter_ ‘ Gram- | ‘ Gram+ ‘
hasNumericalRange Temperature --i - ‘ T | ‘ T ‘
T 1
\ - \ - T - i i Rice Maize | Wheat | ‘ Escherichia_coli ‘ | Bacillus_cereus |
‘Temperature_Unlt\ _h_aEL_Jn_\t\Temperature‘ Microorganism }(____Eéglﬂ_pin__. H | | ‘ ‘ | |
[ J [ J i
} hasQutput i T /
‘ Rice_Flour Wheat_Flour | ‘ Bacillus_cereus_spores |

Celsius_Degree | | Fahrenheit_Degree ‘ }

‘ Wheat_Bran ‘
\ |

Fig. 5.  An excerpt of the symbolic concepts in microbial riskraon.

Fig. 3. An excerpt of the conceptual component of the OTR in ol
risk domain.

The core ontology is therefore composed of three kind® CFU/g'". Figure4 presents an excerpt of the unit concepts

of generic concepts(1) simple conceptsvhich contain the N Microbial risk domain. _
symbolic concepts and the quantities, (@)t conceptavhich _ 2) The simple concepts: Symbolic conceisw the mean-
contain the units used to characterize the quantities apd {39 Of terms to be represented. Symbolic concepts are hierar
relations which allow n-ary relationships to be representenically organized by the "is-a” relationship. Figusgresents
between simple concepts. an excerpt of the ;peqﬂc §ymbollc .concepts in mlcroblal
The concepts belonging to the domain ontology, Ca"é'(lfk_ domain. T_he mlc_roblal risk d_o_mam OTR contains three
specific conceptsappear in the OTR as sub concepts of thglstm_c_t sub h|e_rarch|es of specific symbohc concepts: the
generic concepts. Figuipresents an excerpt of the concepSPecific symbolic concefftood Productwith more than 400
tual component of the OTR in microbial risk domain. In OwLSUP concepts, the specific symbolic concéfitroorganism
all concepts are represented by classes which are pairafdil more than 150 sub concepts and the specific symbolic
disjoints and are hierarchically organized by thehClassOf ConceptResponsewith three sub conceptgrowth absence
relationship. The nodes represent the OWL classes, the s@dg@rowth and death which represent the possible responses
arrows the "is-a” relationship between classes and theedasi9f @ microorganism to a treatment. These sub hierarchies

arrows properties between classes. For instance, the myop8ave been defined by ontologists. We could not reuse pre-
hasUnit links a quantity (e.g. alemperaturk with its units existing terminologies for food products suchAGROVOC

of measurement (e.@Gelsius DegreeandFahrenheit Degred. (from FAO - Food and Agriculture Organisation of the United

We detail below the three kinds of generic concepts and th&Jptions) orGems-Footf (from WHO - World Health Organ-
sub specific concepts in microbial risk domain. isation) because those terminologies are not specific énoug

1) The unit concepts:Unit concepts allow the meaningcompafed with the one built from our corpus in microbial risk

of units to be represented. Our classification relies on th€SPectively only 20% and 34% of common words).
international system of unfiswhich decomposes the units Quantitiesallow the meaning of numerical values to be
into base units and derived units. There exist several ogies '€Presented. A quantity is described by a set of units, which
dedicated to quantities and associated ur@{, QUDTS, are sub concepts of the.unlt con_cept, and eventgally a numer-
QUOMOS, OBOE, ...). We learn from these ontologies toical range. Two propertieasUnit and hasNumericalRange

build ours, but they cannot contain all the required speciff€/onging to the core ontology, link respectively quaesitio
units for a given domain. For instance, in microbial riskheir associated units and numerical range. The OWL object

domain, the ontologist has added some units such aslopplﬂropertyhasUnitallows a quantity to be described by one or
several unit concepts. OWL2-DL datatype restrictions using

Shttp://www.bipm.org/en/si/ facet spaces allow the numerical range of a quantity to be rep
http://Iwww.wurvoc.org/vocabularies/om-1.8/

8http://www.qudt.org/ 1colony-forming units per gram. Colony-forming units (CFU) imaasure
Shttp://marinemetadata.org/references/oboeontology of viable bacterial or fungal numbers in microbiology

10parts per million. ppm is a unit of concentration often usedewh  http://aims.fao.org/website/AGROVOC-Thesaurus
measuring levels of pollutants in air, water, body fluids, etc Bhttp:/Imvww.who.int/foodsafety/chem/gems/en/


http://www.bipm.org/en/si/
http://www.wurvoc.org/vocabularies/om-1.8/
http://www.qudt.org/
http://marinemetadata.org/references/oboeontology
http://www.bipm.org/en/si/
http://www.wurvoc.org/vocabularies/om-1.8/
http://www.qudt.org/
http://marinemetadata.org/references/oboeontology
http://aims.fao.org/website/AGROVOC-Thesaurus
http://www.who.int/foodsafety/chem/gems/en/
http://aims.fao.org/website/AGROVOC-Thesaurus
http://www.who.int/foodsafety/chem/gems/en/
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c t d Term
Unit_Concept Simple_Concept oncep enote Label
Language
Base_Unit hasUnit Quantity Unit_Concept Relation Term_Fr Term_En
hasNumericalRange Label Label
/ A Simple_Concept|_hasinpu | Language: "Fr’ Language:“En”
. . H asunicl, | | hasOutput T T
Dimension_One hasUnit b b <
hasNumericalRange : :/\ T_Produit_alimentaire || T_Food_Product
\—1 only float[>=0 and <= 14] Qualntity \S bolic_Concent ‘ Label: Label:
[Temperature_Unit |_hasUnit Temperature| ym = P “Produitalimentaire” || "Food product”
\ | | hasNumericalRange ‘ ‘ Language::‘Fr” Language:“En”
1
[Celsius_Degree H Fahrenheit_Degree| Food_Product | denqte __ |
‘ ‘ | | clenote

Fig. 6. An excerpt of the quantities associated with unitoegts in microbial  Fig- 7. An excerpt of the OTR in microbial risk domain.
risk domain.

language. A term denotes a concept; it must denote at least on

resented in the OWL datatype propeftgsNumericalRange concept and it can denote several concepts. The OWL object
Figure 6 presents an excerpt of the quantities in microbigjropertydenote belonging to the core ontology, allows a term
risk domain. Eighteen specific quantities have been defioed fo denote a concept. The OWL functional data properties
the microbial risk domain. The specific quantifgmperature | abel and Language belonging to the core ontology, allow
can be expressed using the ufi€ (represented by the a term to be associated with its label and its language, which
conceptCelsius Degreg or °F (represented by the conceplre represented as a string. Figufepresents an excerpt
Fahrenheit Degreg and has no numerical range. The specifigf the OTR in microbial risk domain. The specific terms
quantity pH is associated with the unDimensionOne (i.e. T Produit Alimentaireand T_Food Product both denote the
with no unit) and is restricted to the numerical rarj@el4].  specific symbolic concepfood Product

3) The relations: Relations allow the meaning af-ary ~ The OTR presented above is at the heart of the ONDINE
relationships between simple concepts to be representedsystem which allows local data sources to be supplemented
relation is defined by its signature, which is composed @fith annotated Web data tables (see Figlye We present
several input simple concepts and one output simple conceptthe next two sections the semantic annotation method of
The input simple concepts represent the domain of the oelati @Web subsystem which allow data tables, extracted from
A relation may have several input simple concepts. Th&%eb documents, to be annotated thanks to the OTR, before
output simple concept represent the range of the relatiba. Theing added to the XML/RDF data warehouse. The semantic
restriction of the range to only one output simple conceghnotation of a data table is composed of two steps: (i)
is justified by the fact that, in a data table, a relation ofdentifying which relations defined in the OTR are represént
ten represents a semanticary relationship between simplein the data table, (i) instantiating the identified relato
concepts with only one result, such as an experimentaltresyhich consists in associating a set of fuzzy RDF annotation
which may have several entry factors. If a data table costaigraphs with each row of the data table.
several result columns, it is then represented by as many
relations as it has results. Two properties, belonging ® th ||| T 4E RELATIONS IDENTIFICATION IN A DATA TABLE
core ontology, calledhasinputand hasOutput link a relation

to its domain and range. Since a relation represents in theG'Ven the OTR, described above, and given a data table
OTR an-ary relationship, we learned fror/3C which extracted from a document found on the Web, we want to

suggests to decompose raary relationship inton binary find which relations of the OTR are represented in this data

relationships. Consequently,raary relation is represented intable' An aggregation approach is used for. that. PUrpose,
OWL by a class associated with the simple concepts of }&okmg first at the contents of the cells, then identifyirg t
signature via the OWL object properhasinputor the OWL glmple concepts of the. OTR represented in the columns and
functional object propertiiasOutputin Figure3, for instance, finally comparing the _S|gnature of the data _table_(the column
the specific relatiorGrowth Paramater Temperaturehas for concept_s) with the S|gnatu_res (_)f th(_a_ rel_at|ons in the OTR.
input the specific symbolic concepicroorganismand for The main steps of the relations identification method are pre

output the specific quantitfemperature The microbial risk sgn.ted n Flgur&. first, symbolic and numerical colgmns_are
domain OTR contains sixteen relations. distinguished, using some of the knowledge described in the

OTR (mainly the unit concepts; for better description ofthi
_ _ step, please refer t@&] which is a preliminary version of this
B. The terminological component of the OTR work); then, the simple concepts represented by the symboli

The terminological component represents the terminolo§@lumns and by the numerical columns are identified; finally,
of the OTR: it contains the terms set of the domain of interedb€ relations represented in the data table are identified.
A term is defined as a sequence of words, in a languageYVe detail below the steps A, B, C and D from Figuge

and has a label. Terms are divided according to their soufeach of these steps was experimented on three domains:
microbial risk, chemical risk and aeronautics. Three OTR

Yhttp://www.w3.org/TR/swbp-n-aryRelations were build, their domain specific part being manually built


http://www.w3.org/TR/swbp-n-aryRelations
http://www.w3.org/TR/swbp-n-aryRelations
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| Distinction between symbolic and numerical columns | SCOT€ final ( ¢, col ) —

!' 1 — (1 — scorege(c, col)) (1 — scorecontent(c,col)) (1)

| A — Annotation of a column by a simple concept |

The final score is inspired fronl] where both combined

— - — scores reinforce each other. Nevertheless, at least ome sco
B - Identification of the C - Identification of the . - )
sunple concept represented sunple concept represented must be h'gh to have a h'gh final score. Those scores Fe|y,
by a symbolic column by a numerical column in particular, on the following term similarity measure jalin
l ! is classically used in Information Retrieval: let and b
D - Identification of the relations represented in be two terms, represented' as W9|ght9d VeC(@ﬁS e ’an)
a data table and (by,...,b,), the coordinate axis corresponding to the
lemmatised words, the coordinate values correspondinigeto t
Fig. 8. The main steps of the relations identification method. weight of the word in the term (O if the word is not part of the
term); the term similarity measure betweerand b, denoted
TABLE | : ; ; LA .
is th ine similarity m réd:
OTR SIZE FOR THREE DOMAINS sim(a,b), is the cosine simila tXL easuréq
. . ab;
sim(a,b) = 2z b 2

domain [#U [#Q [ #SC [#R ]| #T |

m|crop|al r.'Sk 33 16 689 18 | 1,492 Each word found in terms from the Web and in terms from
chemicalrisk || 12 | 8 | 2732 ] 6 | 5413 the OTR is given a weight of 1 (except stopwords such as
aeronautics 45 | 28 | 121 | 26 | 516 articles or prepositions as well as words which contain only
one letter, which are given a weight of 0).

The title score of a simple target concepfor a column
col, presented in EquatioB, is the maximum of the term

\/Z?:l a’zz X Z?:l b’?

TABLE Il
CORPORACHARACTERISTICS

domain | # tables| # columns| # rows | similarities between the termé denoting the concept and
microbial risk 60 342 700 the termt;. denoting the column title. Note that several
chemical risk 12 a7 533 terms can denote a concept.

aeronautics 18 160 128 scoreine(c, col) = max; sim(th, tye) 3)

The content score of a simple target concept for a column

.depends upon the column was categorized as a symbolic

by ontologists. Th_e siz€ OT each set of concepts belong'@@lumn or as a numerical one. We present the way this score
to the three OTR is given in Table whereU is the set of is computed in the next two sub sections

unit concepts,) is the set of quantitiesSC is the set of

symbolic conceptsit is the set of relations arifl is the setof g 14 jgentification of the simple concept represented by a
terms. Characteristics of their associated corpora isepted symbolic column

in Tablell. OTR and corporare available on the Wéh _ _
The computation of the score of a symbolic target concept
for a column according to the column content relies on term
A. The annotation of a column by a simple concept similarities between the terms found in the column and the
we want to identify which simple concept oferms defined in the OTR. To compute this score, we first

In this step, . .
P plore each cell of the column (excluding the title). Foctea

the OTR corresponds to a column classified as a symbo%

column or as a numerical one. Only the simple concep‘fgII cell Off IEe (gfl)_llgr?n,ﬂt_‘he sliogle.of eaChthmbilr']C target
which appear in the signatures of the relations belongir‘f ncepte of the or tne celkeli 1S computed as e sum
to the OTR are considered. As a matter of fact, the mal the maximum of the term similarities between the term

objective of the semantic annotation method is to identi enoting the content of the cell and the tertpsdenoting the

which relations of the OTR are represented in a data tab mbolic cfo.nceptb’, wherec’.is the symbolic target concept
those simple concepts are called in the followsigple target © or one of its sub concepts:

concepts In order to annotate a columml by a simple  scorecu(c, cell) = > (maz; sim(ti,, teen))
target concept, a score is computed for each simple target ¢'€hierarchy(c)
conceptc of the OTR for the columneol. This score, called (4)

final scoreand denotedscore inai(c, col), is computed as a  The proportional advantage of the symbolic target concept
combination of the score of the simple target conceior having the best score is then computed for each @il of

the columncol according to the column title, calldifle score the columniadvantage(best, cell) =

and denotedscorey;t.(c, col), and the score of the simple scorece(best, cell) — scoree(secondBest, cell)

target concept: for the columncol according to the column = scoreqey (best, cell) ®)
ce k)
content, calleccontent scor@nd denotedcore ontent (¢, col):

wherebest is the symbolic target concept with the best score
http:/jwww.paris.inra. frimetarisk/researaimit/data integra- and secondBest the symbolic target concept with the second
tion/softwares/ondineorporaand otr_july_2011 best score.


http://www.paris.inra.fr/metarisk/research_unit/data_integration/softwares/ondine_corpora_and_otr_july_2011
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TABLE Il

The cellcell is annotated with the symbolic target concept cassirication RESULTS ONBL SYMBOLIC COLUMNS IN MICROBIAL
best if its proportional advantage is higher than a specified RISK.
threshold (for our experiments, this threshold was set #)10 :
Otherwise, the cell is annotated with the generic concept| 1a/get | # of our method using the OTR
Symbolic Concept which means that this cell is a symbolic concept || columns || Food | Micro. | Resp.| Other
one but we cannot say anything else. Food 46 34 0 0 12

Once all cells in the column have been annotated with a | Micro. 16 0 16 0 0
symbolic target concept, we compute the score of a symbolic | Response 1 0 0 1 0
target concept for the column according to the column cdnten Other 18 3 3 0 12
as the proportion of cells in the column which have been precision:82%; recall 85%
annotated with this symbolic target concept. let be a
symbolic column withn,,; the number of cells in the column Target # of SMO
(excluding the column title); a symbolic target concept with concept || columns || Food | Micro. | Resp.| Other
n(e, col) the number of cells in the column annotated with the Food 46 45 0 0 1
symbolic target concept, the content score af for col is: Micro. 16 4 12 0 0

n(c, col
ot <M (R Lo b o Lo

The content score is computed for each symbolic target precision:88%; recall 78%

conceptec of the OTR. Considering the title score given in
Equation3, the final score of each symbolic target concept d for th Other. | q h i
for the column is then computed according to Equafioihe and for the concepOther. In order to assess the quality

column is annotated by the symbolic target concept haviag t f our reTuIts_,f_ weTcotrr?p%redt ofur mithOdl V(;"th ?h maghme
best final score for the column, assuming that its propaatio earning classitier. 10 the best of our knowledge, there IS no

advantage (replacing the score for a cell of EquaBdsy the classifier which is dedicated to the classification of synabol

final score for a column) is greater than a specified thresh(ﬂﬁta .L;_smg ‘Zn O;_.RH Qur methoq yvaz comp_ared :,N't: the ﬁMO
(in our experiments, this threshold was set to 10%). Otheayyj C'aSSITET L4 which is an optimize Version o the well-
the column is annotated by the conc&ymbolic Concept known SVM. We there_fore propose a comparison between two
Computing the content score for a column has a complex@/tematwes' SMO which uses no doma|r_1 know_ledgeuses :
in # CELLS x # STCH x # T with # CELLS the number of arning and our annotation method which relies on domain
cells in the c>(<)lumn 4 S>'<I'CH the average number of Concepknowledgebut has no learning phase. For the SMO classifier,

. following pre-treatment w. : h distinct lenma
sub concepts of a symbolic target concept of the OTR ande oflowing pre treatment was useq eac d;t ct.e dt
W(%rd present in a column results in an attribute; the value

# T the average number of terms denoting a simple conce, this attribute for a given column is the frequency of the

of the OTR This co.mple>.<|ty may be expensive, espemal\xord in the column. The SMO classifier was evaluated using
for application domains with big tables and a large numb:ar([l

) : . eave-one-out cross-validation, with default paransatéthe
of terms denoting symbolic concepts (see, for instance, Bk imolementation
chemical risk corpus and OTR in Tableand II). In @Web, P '

- . . S It appears that our method, which uses domain knowledge
it is possible to make this computation in batch mode, the USe ccribed in an OTR. but no learning phase, gives similar
being alerted when it is finished. ' '

) . _results to the learning classifier. We do not claim that it is
Experimental resultsOur annotation method was experigagier to build an OTR than a learning set, but in our approach
mented using the three OTR presented in Tablnd their o TR js supposed to exist and this step of symbolic columns
associated corpora presented in TalileIn the microbial 5,ntation takes place in a more general system guided by
risk corpus, 81 columns were cIaSS|f|eq as symbolic. Thogs oTR. Besides, those good experimental scores can be
columns were manually annotated with one of the thregained by the fact that we work on restricted domain for

symbolic target concepts of our microbial risk OTR: 4§ ich the OTR is significantly representative of its vocaioyl
columns were annotated witood Product 16 columns were o jts variations. As a matter of fact, the ONDINE system

annotated withMicroorganismand 1 column was annotatedyses not pretend to annotate all data tables extracted from
with Responsethe rest of 18 columns were annotated with,, \weh documents, but target data tables extracted from
the symbolic concepOther. When applying our annotation 4, ments identified as relevant for the studied domain.
method: i) 37 columns were annotated wifood Product o+ annotation method was also experimented on two other
where 34 were true positive and 3 false positive; ii) 19 col8m ¢, rn6r5: chemical risk whose OTR contains 3 symbolic target
were annotated wittMicroorganismwhere 16 were true pos- concepts and aeronautics whose OTR contains 4 symbolic
itive and 3 false positive; iii) 1 column was annotated withy gt concepts. Over the 22 columns of the chemical risk
Responseiv) 24 columns were annotated withther where o5 classified as symbolic, our annotation method abtain
12 were true positive and 12 false positive. Experimentgl precision of 100% and a recall of 100%. Over the 46

results are given in Tabléll, where precision and recall oo mns of the aeronautics corpus classified as symbolic, ou
are calculated as the average of respectively precision and

recall, which have been calculated for each target concept®http:/www.cs.waikato.ac.nz/mliweka


http://www.cs.waikato.ac.nz/ml/weka
http://www.cs.waikato.ac.nz/ml/weka
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annotation method obtains a precision of 82% and a recall of oy acter
100%. The good experimental scores the chemical risk corpus (%)

main be explained by (i) the richness of the terminological 0.07
component (e.g. number of terms denoting symbolic congepts

of the chemical risk OTR (sel§ and (ii) a good distinction in _. .
. . Fig. 9. Example of a numerical column of a data table.
the terminology between the three symbolic concepts (Foog

Product, Contaminants and Countries). TABLE IV
QUANTITY IDENTIFICATION RESULTS IN NUMERICAL COLUMNS.

C. The identification of the simple concept represented by a [ domain [#Q [#NC | precision] recall |

numerical column microbial risk || 18 | 261 96% | 93%
As it has been done for the symbolic columns, we want | chemical risk | 5 65 100% | 85%

to identify which target quantity of the OTR corresponds to aeronautics 29 114 96% 86%

a column classified as a numerical one. For that, the final
score of each target quantity of the OTR for the column, and
therefore its content score, must be computed. The column is annotated by the target quantity having the
The computation of the score of a target quantity for best final score for the column, assuming that its propaation
column according to the column content relies on the uni@slvantage (replacing the score for a cell of EquaBdy the
present in the column and its numerical values, which mu#tal score for a column) is greater than a specified threshold
be compatible with the numerical range of the target quantifin our experiments, this threshold was set to 10%). Otrssrwi
To compute this score, we first compute the score of a tardkeé column is annotated by the generic condg@pantity.
guantity for each unit concept present in the column. A targe Example 1:In the numerical column presented in Fig@e
guantity has a score for each unit concept which depends ugérwas identified as the unit present in the column. There are 5
the number of quantities that can be expressed in this ugitantities which can be expressed in this uN&Cl, N2, O2,
concept in the OTR: a unit concept is especially discrimina@02 andSample PositiveThe score of each quantityfor the
since less quantities can be expressed in this unit conicept. unit concept % is thereforeicore, (¢, %) = % Moreover,
u be a unit concept and, be the set of quantities of the OTRwe havescorecontent (¢, col) = scoreymit(c, %) because only
which can be expressed in this unit concept, the score of thee unit has been identified in the column. Since only the

target quantityc for the unit concept is: guantity Sample Positivewith no numerical range, has a not
Cl if ceC, null title score, then the column is annotated by this qianti
SCOT€ynit (1) = { 0 therwise () with score in.(Sample Positive, col)=1-(1-0.5)(1-0.2)=0.6.

Experimental resultsOur annotation method was experi-
A unit conceptu is considered as present in a columi, mented using the three OTR presented in Tdblnd their
denotedu € Unit.,, if there exists a term in the column suctpssociated corpora presented in TableColumns extracted
that it is similar with at least one of the terms which dent t from data tables and automatically classified as numerical
unit concept in the OTR. Lef.,; be the set of terms presentcolumns were manually annotated with one of the quantity
in the columncol andT,, the set of terms which denote target concepts of the considered OTR. In TaMeQ is the
w € Unitegy if 3t € Trop, oy € Ty sim(ly,teo) =1 (8) Set of quantities in an OTR an¥ C' is the set of numerical
) . ] columns manually annotated with a quantity from the OTR,;
~ Let us notice that if no unit concept from the OTR wagyecision and recall are given for our method. Those good
identified in the column, then the column is considered @§perimental scores can mainly be explained by the combina-
having the unit concefimensionOne (i.e. no unit). tion of evidences used by our method (quantities namess unit
The most discriminant unit for a given quantity is favouredyssociated with guantities, numerical range of values)chvh
Consequently, the content score of a target quantiyr the  give enough constraints to find the right identification ie th
columncol is computed as the maximum of the scores of th@ree experimentations. Nevertheless, the scores magateer
target quantity: for each unit concept present in the columnif gne of those evidences are less discriminant. For instanc
5COT€content(C, COl) = MATyernir.,, Score.it(c,u) (9) units associated with quantities could be poorly discramin

, _in_some applications and therefore lead to lower scores.
The content score is computed for each target quantity of

the OTR. Considering the title score of Equati®nthe final
score of each target quantity for the column is computed Bs The identification of the relations represented in a table

follows: Once all columns of a data table have been annotated with
o if all values in the column are compatible with thea simple concept of the OTR, we want to identify which
numerical range of the target quantity, then the finaklations of the OTR are represented in the data table. For
score of this target quantity for the column is computetthat, Equationl is used to compute the final score of each
according to Equation, relation of the OTR for the data table.
« else, the final score of the target quantitipr the column  The title score of a relation for a data table is computed
col is null: scorefinai(c, col) = 0. using EquatiorB, wheretitle is the title of the data table.
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TABLE V

EVALUATION OF RELATION IDENTIEICATION . V. THE INSTANTIATION OF THE RELATIONS IN ORDER TO
ANNOTATE A DATA TABLE
domain | #R | #RC | precision| recall | In order to index a data table, we annotate each of its rows
microbial risk | 16 123 80% 97% with an instance of each relation represented in the date.tab
chemical risk 4 34 93% 79% An instance of a relation relies on instances of target syimbo
aeronautics 26 113 98% 88% concepts and quantities of its signature, represented &y th

columns of the data table. Instantiations generated fdr eag
depend upon the data present in each cell of the row. These
instantiations are fuzzy and allow one to take into account
The content score of a relationfor the data tableab is (i) the imprecision of the initial data found in the table r(fo
the proportion of simple concepts in the signature-efhich instance an interval for a quantity), (i) similarities tveten
were represented by columns #fb. Let Sign(r) be the set terms presentin the data table and terms denoting the syanbol
of simple concepts in the signature.ofind Sign(tab) the set concepts of the OTR, and (iii) the certainty of the identifica

of simple concepts represented by columngdadf then: of a relation represented in the data table which relies en th
. . lity of the columns’ annotation. We first present briefig t
tab qua . . . o
SCOT€content (T, tab) = | Szgn|(7:s)vﬂ 5('%9) T|L( ab) | (10) theory of fuzzy sets used in the relations instantiatioantive
gn(r

detail the method for symbolic concept, quantity and refati

If the output concept of the relationwas not represented
by a column of the data tabteb, then:score fiyq1(r, tab) = 0. A. The fuzzy sets
When the final scores of all relations of the OTR have beenWe use the definition of fuzzy sets given ih5 and [16].
computed for the data table, we identify which relation(shhe notion of fuzzy set is an extension of classical subsets.
is(are) represented in the data table. A data table cansemre the classical case, elements of a definition dom&irwhich
several relations at a time: for example, if a data tablgve some properties belong to a subsetnd elements which
gives the pH and the water activity of a food product, twdo not have these properties belong to the complementary
separate relations are considerEood property: pHandFood subset ofd in X. In a fuzzy set, elements can belong partially
property: water activity Two relations are calledoncurrent to the fuzzy set with a membership degree betwgézlement
relationsif they have the same output concept. If a relation haghich is not part of the fuzzy set) and (element which is
a non-zero final score for the data table and has no concurreampletely part of the fuzzy set). The membership degree of
relation, this relation is considered as represented irdtita an elementz € X for the fuzzy setA is denotedu(z).
table. If there are several concurrent relations with nerz The support of a fuzzy set defined on a definition domain
final scores for the data table, then we only keep the one with is the set (in the classic definition) of elementsc X
the highest final score. If several concurrent relationshhe such thatua(z) > 0. The kernel of a fuzzy setl defined on
same highest final score, we keep them all. a definition domainX is the set (in the classic definition) of

Experimental resultsOur annotation method was experi—elemem& € X such thapia(z) = 1. A fuzzy set defined on a

mented using the three OTR presented in Tdbknd their contlngous def|n|.t|qr.1 domain !s.callenbntmuous fuzzy Sen.d
: . on a discrete definition domaidjscrete fuzzy sef trapezoid
associated corpora presented in Table Data tables were

manually annotated with the relations of an OTR. In Tale Lu;;;iszij;f 'T) aitpsarstll;:ulir Hconﬂnrogs fuzzy set \]/vf;lrclg 'S
R is the set of relations in an OTR anBC is the set of y by PROBUP = [MiThsup, MAT sup

relations manually annotated in the considered OTR; picetis its kernelker = [minger, mazye,]. The membership degre?
. . ..~ of an elementr in this definition domain is then defined by:

and recall are given for our method. Our method to identify re

lations depends on the identification of the symbolic coteep

and quantities, which can be considered as a weakness. F i ;

this reason, our experimentation to automatically anediae ~ * 't My S S Milker then prrs(z) =

data tables with the relations of the considered OTR was ap- W

plied without validating the intermediate steps. Consetye  * If MATher S TS MATsup then prps(z) =

even columns which were wrongly recognized were further m

annotated and used for the relation identification. The goodSeveral semantics for fuzzy sets are definedlin}: |

experimental scores of Tablecan mainly be explained by the « the semantic of certainty or imprecision: there exists a

o if & <mingy, OF x > mazsy,, thenpurps(z) = 0;
o if minge, <z < mazge thenurps(z) =1;

good experimental scores of the identification of the syiabol “true” value for an element of X, but as it is unknown,
concepts and quantities presented above. Moreover, tipaitout  this “true” value is represented by a fuzzy set defined on
concept identification constraint in the relation idenéfion X. The higher is the membership degree of a valu&in

strengthens the precision scores. Let us notice that werdye o the more probable this value is close to the “true” value
interested in identifyingrn-ary relations which were already of x. This semantic is used in our annotation subsystem
defined in the OTR, and not in discovering nevary relations to represent (i) the imprecision of the initial data found
in data tables, which is conform with our application objest in the data tables (in the instantiation of quantities), (ii
that is to supplement existing local sources with pertinent the certainty of the identification of a relation represente
external data. in the data table;
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« the semantic of similarity: a new element is representedir instantiation method, by order of descending membgershi
by its similarity with known elements iX’. The higher degree. The position is evaluated at worse, i.e. if several

is the membership degree of a known elemerih X,

symbolic concepts of the OTR have the same membership

the more it is similar to the new element. This semantidegree in the fuzzy set used for the instantiation, thenllest"

is used in our annotation subsystem to represent the simatch” is always considered as being at the last positiois Th
ilarity between a term from the Web and terms denotingvaluation at worse comes from the need to manually validate
symbolic concepts of the OTR (in the instantiation othe annotations: if the 5 symbolic concepts having the best

symbolic concepts);

membership degree are presented to the end-user such that

« the semantic of preferences: elements with the highke/she has to choose the best, we want to be sure that the
membership degrees are the preferred elements. Thigst match” will be among those 5. On the 185 terms found
semantic is used in our querying subsystem to represémtdata tables cells, 78% had a not null “best match”, 46%

the end-users query preferences.

had their “best match” in first position, while 66% had their

“best match” among the five best positions. This validates th

B. The instantiation of symbolic concepts

approach of keeping a fuzzy set for instantiating a symbolic
target concept, instead of only keeping the symbolic conhcep

In order to instantiate, in a row of a data table, a symbolighich has the best membership degree defined in Equation

target concept which belongs to the signature of a relation

represented in this data table, we construct a discretey fuzz

set A.. The definition domainX of the fuzzy setd. is a C. The instantiation of quantities
set of symbolic concepts which contains the symbolic target), orger 1o instantiate, in a row of a data table, a target quan
concepic and all of its sub concepts in the OTR. The definitiog,, . \yhich belongs to the signature of a relation represented

domainX is thus hierarchically organized according to the "is
a” relationship. The membership degree of an elemernt
X in the fuzzy setA. is computed as the maximum of the
term similarities between the term$ denoting the symbolic
conceptz in the OTR and the ternt..;; present in the cell
which was annotated by the symbolic target coneept

pa,(x) = max; sim(t;,tceu) (11)

Example 2:Figure 2 presents an example of a data table
in which the relationGrowthParameterTemperatuteas been
identified, with the input concepMicroorganism and the
output concepTemperatureFor the first row of this data table,
the input conceptMicroorganism is instantiated by a discrete
fuzzy set which has a semantic of similarity: it indicates th

list of symbolic concepts from the OTR, sub concepts of the

symbolic target concepilicroorganism which are denoted by

terms belonging to the OTR and having a close meaning to the

data table term "B. cereus”. Four terms were founded in th

in this data table, there are three possibilities:
a) There is one column in the data table (thus one cell in

the row to annotate) which was annotated by the target
quantity c. Numerical values in the cell are then used to
instantiate the target quantity: it can be an isolated valoe
enumeration of isolated values, an interval or a mean with
a standard error. Intervals and means with standard errors
are recognized using specific patterns; if those pattemns ar
not recognized, then all numerical values in the cell are
considered as isolated.

There are several columns in the data table which were
annotated by the target quantity Relationships between
these columns are then searched, looking for keywords in
the columns’ titles. A column can represent a minimum
value, a maximum value or an optimum value (between
the minimum and maximum values); it can also represent
a mean value or a standard error.

cJ There is no column in the data table which was annotated

OTR: the terms "B. Cereus” and "Bacillus Cereus” which de-
note the symbolic concefBacillus Cereusand the terms "B.

Cereus Spores” and "Bacillus Cereus Spores” which denote

the symbolic concepBacillus Cereus Spores The symbolic
conceptBacillus Cereus(resp.Bacillus Cereus Spore$ has a
maximum term similarity ofl.0 (resp.0.81) with the data table
term "B. cereus”. The input concept is therefore instaatat
in the first row, by the discrete fuzzy sgt.0/Bacillus Cereus
0.81/Bacillus_Cereus Spores.

by the target quantity:. If the target quantityc can be
expressed using unit concepts (different from Bienen-
sion_ Oneconcept in the OTR), we search for occurrences
of a numerical value followed by one of these unit concepts
(using terms denoting these unit concepts in the OTR),
in the data table’s title or in the columns’ titles: those
occurrences are then considered as isolated values.

An instance of a target quantity is represented by a fuzzy

Experimental resultsOur instantiation method was experS€t, for which the definition domain is the numerical range
imented using the microbial risk OTR presented in Tab|edef!ned in the OT_R for this targ_et quantity. This fuzzy sgt is
and its associated corpus presented in Tablin this corpus, defined as the union of trapezoid fuzzy sets, expressed in the

185 instances of food products, which are terms found ffmMe unit concept, each of them being constructed as follows

cells annotated by the symbolic target concepbdd Product
were found. For each instan¢®f food product, we manually
defined its best matchin the OTR, i.e. the symbolic concept,
sub concept ofood Product which is denoted, in the OTR,
by the most similar term to the term The evaluation is done
by looking at the position of the “best match” obtained with

« when recognizing an isolated valuein the data table, a

trapezoid fuzzy set is built witBup = ker = [z, z];

« when recognizing an interv@t, b] in the data table, either

in one cell, or wheru is the value in a cell of a column
recognized as minimum aridis the value in a cell of a
column recognized as maximum with no cell of a column
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recognized as optimum, a trapezoid fuzzy set is built wi
sup = ker = [a, b], isAnnotatedBy

« when having a cell of a column recognized as minimu @”’f yre
with the valuemin, a cell of a column recognized ag GicroT
maximum with the valuenax and a cell of a column
recognized as optimum with its values included[dnb]
wheremin < a < b < max, a trapezoid fuzzy set is
built with sup = [min, maz] and ker = [a, b];

« when having a cell of a column recognized as mean wi
the valuem and a cell of a column recognized as standal
error with the valuee, a trapezoid fuzzy set is built with
sup = [m —e,m + e] and ker = [m, m].

Example 3:For the first row of the data table of Figuge

the output concept is instantiated by a continuous fuzzy set o ,
which has a rapezoidal form and a semaniic of imprecision 19, 0. EXmple of ROF deecritons generated by our arermetho
is expressed in th€elsius Degreeunit concept and indicates represented by ellipses framed in bold).
the possible growth limitg§.9, 49.8]) and the possible optimal
growth limits (39.9, 39.9]) which are respectively represented
as the support and the kernel of the continuous fuzzy set. discrete fuzzy set. This fuzzy set, typed by the OWL class
Experimental resultsOur instantiation method was experi-DFS (for Discrete Fuzzy Set), has a semantic of certainty
mented using the microbial risk OTR presented in Tdlded and indicates the list of relations of the OTR which are
its associated corpora presented in Talblen the microbial the more certainty represented in the data table. Only the
risk corpus, 119 relations were correctly recognized. Thelation GrowthParameterTemperatureelongs to this fuzzy
instantiation of target quantities was analyzed for the foe/  set with the certainty score df.0. This score expresses the
of each data table. We assume that the structure is enouggree of certainty associated with the relation recogmiti
homogeneous inside a data table, so that the instantidtitsm oby the semantic annotation method. The input concept of
first row can be considered as representative of what happéms relation, which is an instance of the symbolic target
in the whole data table. On the 119 relations, there werec@nceptMicroorganism is annotated by the discrete fuzzy set
errors on the instantiation of target quantities (an errbr ¢1.0/Bacillus Cereus 0.81/Bacillus Cereus Spore$, typed
concept recognition, an error of numerical value recognjti by the OWL classDFS. The output concept of the relation,
For 5 tables (corresponding to 13 relations), the targentitya which is an instance of the target quantifgmperature is
Temperaturewas not instantiated because its value was nahnotated by a continuous trapezoid fuzzy set witty =
present in the data table but in its textual environment jB.9,49.8] and ker = [39.9,39.9], typed by the OWL class
the original publication. There were also 3 errors in ingékrv CFS (for Continuous Fuzzy Set).
reconstruction (values were considered as isolated whdg t
represented an interval) and one error in the constructi@n o
minimum/optimum/maximum trapezoid fuzzy set (values were
considered as isolated). For all 100 remaining relatiotis, a We present in this section the querying subsystem, called

target quantities were correctly instantiated. MIEL++, of ONDINE system. MIEL++ querying subsystem
allows a uniform querying of two kinds of data sources: the

local data sources and the XML/RDF data warehouse, which
has been loaded with the data tables extracted from Web doc-
Once all simple concepts of the signature of a relatiooments and semantically annotated. It relies on the OTR used
which are represented by the columns of a data table, hawandex the local data sources and to annotate the datastable
been instantiated for a row of the data table, this row caMlEL++ querying subsystem allows the end-user to express
be annotated with an instance of the relation. This instanpeeferences in his/her query and to retrieve the neareat dat
of a relation has a@ertainty scorethe final score which was stored in the two kinds of data sources corresponding tbdrs/
computed during the relation recognition phase (see Subsselection criteria: the OTR — more precisely the hieramhic
tion 11I-D), and is related to the instances of target quantitisgt of symbolic concepts — is used in order to assess whieh dat
and symbolic target concepts of the relation’s signature. can be considered as near to the selection criteria. The end-
Example 4:Figure 10 presents a part of the fuzzy RDFuser asks his/her query to MIEL++ subsystem through a single
graph corresponding to the instantiation of the relatiographical user interface (GUI), which relies on the OTR. The
GrowthParameterTermperaturan the first row of the data query is translated into a query comprehensible by each kind
table of Figure2. Let us notice that this instantiation isof data source, using two subsystems wrappers: an SQL query
represented using instances of concepts of the OWL OTiRthe relational source (seg][for more details about the SQL
presented in Figureé3and>5. The first description of Figuré0 subsystem wrapper) and a SPARQL query in the XML/RDF
expresses that the first row (having the URIRowlin the datawarehouse (seé][for a complete description of the
XML document representing the data table) is annotated byS®ARQL subsystem wrapper). The final answer to the query

hasSefnantic
hashit]

V. THE FUZZY QUERYING METHOD

D. The instantiation of relations
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is the union of the local results retrieved from the two kinfls Instances of the relatioBrowthParameterTemperatuteving
data sources, which are ordered according to their relevarccertainty score smaller thdn5 are discarded.
to the query selection criteria. In this section, we preseat  In a MIEL++ query, the end-user can express preferences in
extension of MIEL++ subsystem which allows the end-usdiis/her selection criteria as fuzzy sets. Since fuzzy setsat
to query fuzzy RDF annotations of data tables, represemtedsupported in a standard SPARQL query, we propose to ‘de-
XML documents, by means of SPARQL queries. We remindizzify’ the MIEL++ query before translating it into SPARQL
the notions of view and MIEL++ query (se@][for more This allows any implementation of SPARQL to be used by
details). We then present the construction of a MIEL++ amsweur querying subsystem. The SPARQL query is automatically
retrieved from the XML/RDF data warehouse. We concludgenerated (i) from the signature of the relation represehye
this section with experimental results. the view and associated with the MIEL++ query and (ii) from
the sets of projection and selection attributes of the MIEL+
query. B] provides a complete description of the SPARQL
query generation.

A MIEL++ query is asked in a view which corresponds to
a given relation of the OTR. A view is characterized by its .
set of queryable attributes and by its actual definition.hEa8: The construction of a MIEL++ answer
queryable attribute corresponds to a simple concept of theAn answer to a MIEL++ query must (1) satisfy the minimal
relation represented by the view. The notion of view must eEceptable certainty score associated with the queryaffy
understood with the meaning of the relational database modal its selection criteria and (3) associate a constantevalu
It allows the complexity of the querying into different datawith each of its projection attributes. An answer to a MIEL++
sources to be hidden to the end-user. A MIEL++ query is ajpuery into the XML/RDF data warehouse is computed in three
instantiation of a given view by the end-user, by specifyingteps. First, the corresponding SPARQL query is generated
among the set of queryable attributes of the view, whichlage tand executed into the XML/RDF data warehouse. Then, the
selection attributes and their corresponding searchegesal values associated with the selection attributes in eachyfuz
and which are the projection attributes. An important femtuRDF answer graph are extracted in order to measure how the
of a MIEL++ query is that searched values may be expressaaswer graph satisfies the selection criteria. Finallyyvtiees
as continuous or discrete fuzzy sets. A fuzzy set allows tlssociated with the projection attributes in each fuzzy RDF
end-user to express his/her preferences which will be takenswer graph are extracted to be retrieved to the end-user.
into account to retrieve not only exact answers (corresipgnd Let us notice that the values extraction from an answer graph
to values associated with the kernel of the fuzzy set) bigt performed through SPARQL queries which are defined
also answers which are semantically close (correspondingfor each selection and projection attributes of the MIEL++
values associated with the support of the fuzzy set) (sgeery (see ] for more details). To measure the satisfaction
SubsectiorlV-A). When a MIEL++ query is asked by the end-of a selection criteria, the two semantics — imprecision and
user into the XML/RDF datawarehouse which contains fuzaimilarity — associated with fuzzy values of the XML/RDF
RDF graphs generated by our annotation method to annotdsga warehouse must be considered. On the one hand, two
XML data tables, the query processing has to deal with fuzzjassical measures have been proposedl1B} fo compare
values. More precisely, it has (1) to take into account the fuzzy set representing preferences to a fuzzy set having
certainty score associated with the relations representdte a semantic of imprecision: a possibility degree of matching
data tables and (2) to compare a fuzzy set expressing qgeryitenotedI and a necessity degree of matching denatedn
preferences to a fuzzy set, generated by our annotatioroahetithe other hand, we propose to use the adequation degree as
having a semantic of similarity or imprecision. For the firstlefined in [L9] to compare a fuzzy set representing preferences
point, the end-user may specify a threshold which detersning® a fuzzy set having a semantic of similarity.
the minimum acceptable certainty scote retrieve the data. Definition 1: Let (a ~ v) be a selection criterion of the
The second point is studied in SectivrB. MIEL++ query @, v" a fuzzy value of the attribute stored

Example 5:Let us define a MIEL++ query) expressed in in the XML/RDF data warehousegm,. the semantic o/,
the viewGrowthParameterTemperatur® = {Microorganism, ., andu,  being their respective membership degrees defined
Temperature| GrowthParameterTemperature(Microorganismpn the domainDom. The comparison result depends upon the
Temperature\ (Microorganism~ MicroPreferences)\ (Tem- semantic of the fuzzy set: lfem,, = imprecision the com-
perature ~ TemperaturePreferences) (thresh > 0.5)}. parison result is given by thpossibility degree of matching
The discrete fuzzy seMicroPreferenceswhich is equal to betweenv andv’ denotedll(v,v") = supse pom (Min(w, (x),
{1.0/Gram+, 0.5/Gram-}, means that the end-user is interx,/(z)) and thenecessity degree of matchimgtweenv and
ested in microorganisms which are filGram+ and second v’ denotedN (v,v’) = inficpom(Mmaz(p,(x), 1 — py (x)).
Gram- The continuous fuzzy seTemperaturePreferences If sem, =similarity, the comparison result is given by
which is equal t0[39.0, 40.0, 41.0,42.0], means that the end-the adequation degredetweenv and v’ denotedad(v, v’)
user is first interested in temperature values in the interva sup.ecpom (min(u,(z), p,(x)).
[40.0,41.0] which corresponds to the kernel of the fuzzy set; The comparison results between fuzzy sets having the same
but he/she accepts to enlarge the querying till the intervegmantic (similarity or imprecision) are aggregated ushey
[39.0, 42.0] which corresponds to the support of the fuzzy senin operator (classically used to interpret the conjumjtié\n

A. MIEL++ query
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TABLE VI TABLE VII
RDF DATASET SIZE FOR THE QUERYING EXPERIMENTAL RESULTS EVALUATION OF QUERY RESULTS FOR THE MICROBIAL RISK
APPLICATION.

size ) . . . _
domain # RDF triples | # RDF graphs | Queried relation][ Selection criteria | p | r [ #G |
microbial risk 22,000 312 Lag Time Microorganism = | 100% | 100% | 47
chemical risk 94,580 1,407 ‘ L..Monocytf)genes i i
aeronautics 18,000 330 Lag Time Microorganism = | 100% | 100% | 29

P. Fluorescens
Growth Kinetics || Microorganism = | 100% | 100% | 39

answer is a set of tuples composed of the certainty score : E. Coli

associated with the relation represented in the queryethrg-29 Time FoodProduct = 0% | 100% | 24

comparison scores associated with the selection criteria: || Eog salad

global adequation scored, associated with the comparison| Growth Kinetics gof’ddprc’d”‘:t = | 54% | 100%| 26
ala

results having a semantic of similarity and two global matc
ing scoredl, and IV, associated with the comparison results
having a semantic of imprecision, and, the values assmbiaEVALUAmN OF QUERY RESU
with each projection attribute. Based on those scores, we
propose to define a total order on the answers which givegyeried Selection criteria p r #G
greater importance to the most pertinent answers comparegdiation
with the OTR. Thus, the answers are successively sor
according tocs, ad, and a total order defined oV, and
II,, N, being considered as of greater importance thign
Example 6:The answer to MIEL++ query of Examplg
compared with the data table presented in Figiaf which
the first row is annotated in Figur®) is given below:
{{es =1, ad;, = 1.0, N, = 0, II, = 0.9, Microorg
= (1.0/Bacillus Cereust0.5/Bacillus Cereus Spores), Tem

TABLE VIII
LTS FOR THE CHEMICAL RISK APPLICATI®.

8 ontamination|| Food = 100% | 100% | 83
Level Breakfast cereand
Contaminant =

Ochratoxin A

Limit of Food = Wheatand 78% | 100% | 33
Quantification || Contaminant =
Ochratoxin A

= 0, 0,
perature— [3.9,39.9,39.9,49.8]}, {es = 1, ad, — 0.5, | >2Pe Food ={1.0/Wheat +| 93% | 100% | 79
: I ; Positive 0.9/Breakfast cerejl

N, = 0, II, = 0.9, Microorg = (1.0/Escherichia Coli), . -

Mean Contaminant = 100% | 100% | 394
Temperature= [4.9,41.1,41.1,45.8]} }. - .

Contamination|| Ochratoxin A

. Mean Food = 31% | 100% | 35
C. Experimental results Contamination|| Red wine10°
Experimental results about the querying of the RDF dataset

of the XML/RDF data warehouse in three domains (micro- TABLE IX

bial risk. chemical risk and aeronautics) are presented iﬁVALUATION OF QUERY RESULTS FOR THE AERONAUTICS APPLICATION

Tables VII, VIII and IX. The size of the data warehouse

in terms of RDF triples and RDF graphs (a RDF graph s?ellzir;end Selection criteria o/po 0;0 #G
an instance of an-ary relation) are given in Tabl&/l. In - _ ,

preliminary tests performed on a RDF dataset associatdd witrcraft Width || Width ~ [35, 40, 50, 65jm | 100 | 100 | 12
the microbial risk application, five queries were evaluated Aircraft Width |- AircraftName ~ 100 | 100 | 10

{1.0/A350 + 0.9/A340}

in Table VII p is the precision,r is the recall andG is

the set of answer graphs. Better results were obtained in rfircraft Cruise || Width ~ [0.7,0.79, 100 | 64 | 11
queries where the selection criteria concerns microosgasi | SPeed 0.83,0.9] mach

than in the ones concerning food products. This is due [t&€liveries NbDeliveries~ 100 | 100 | 48
the fact that microorganism names are more standardized fyumPer (10,20, 30, 60]

data tables than food product names. Therefore, the quility

the fuzzy annotations associated with the symbolic concept

Microorganismis better than the ones associated with theoncerns contaminant names which are more standardized tha

symbolic concepfood product Nevertheless, a precision offood products names. Nevertheless, as for the microbikl ris

100% was obtained for the two last queries concerning foegplication, a precision of 100% was obtained for the last

product if a threshold of).7 was added for the adequationquery concerningRed winel0° if a threshold 0f.5 was added

degreesdd,) in the query. for the adequation degreed,) in the query, discarding other
The second application on which experimental results wel¢pes of wines (white, rose, ...).

obtained concerns chemical risk in food. Five queries (seeOur querying subsystem was also experimented on an aero-

Table VIII') were evaluated on the associated RDF datasetutic application. Four queries (see Tal{g were evaluated

The results are similar to the ones obtained for the mictobian the associated RDF dataset. The recall of 64% for the third

risk application: they are better when the selection ddterquery is due to the fact that six answer graphs were anngtated
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by our annotation method, with the utkitn/hinstead ofmach a complete and integrated solution which allows one (1) to
which was specified in the query. annotate Web data tables with the vocabulary defined in an
OTR, (2) to perform a flexible querying of the annotated
tables using the same vocabulary and taking into account the
fuzzy degrees generated by the annotation method according
Recent propositions in the Semantic Web community prte their associated semantic. Our work did not use the fuzzy
pose to extract, filter, annotate and query Web data tabkegension of SPARQL based on a fuzzy extension of DL-
(see RO-[22], [23]), but they have not been designed wittLite proposed by 29 for two main reasons: (i) our OTR
the same objectives as ours. TableSeer (868 for instance requires a higher level of expressiveness (OWL2-DL) which
allows a set of predefined metadata (caption, cell conteiy, useful for consistency checking (for example, in order
geographical position of the data table in the HTML pagg, .to express that the class Quantity is distinct from the class
to be extracted from Web data tables, but it does not comp@ygmbolic Concept); (ii) the SPARQL extension does not yet
the schema of the Web data tables with preexisting schenadisw the distinction between fuzzy sets having a sematrftic o
defined in an ontology. We can also cite WebTables (8&k [ similarity and imprecision.
[22]) which proposes a system to identify relational tables in
a huge amount of tables included in HTML documents and to
index them, this in order to query and rank them. Nevertiseles
the WebTables querying language is only composed of a seWe have presented in this paper a complete system, called
of key-words which are compared with the attribute names GMNDINE, built, using the recommendations of the W3C, on
the Web data tables. The row content of the Web data tabegeneric OTR expressed in OWL. ONDINE system allows
is not used in the querying process which is only based &ML data tables, which have been extracted from Web doc-
global co-occurrences frequencies statistics of attilmaimes. uments, to be annotated with fuzzy RDF descriptions and to
In [24], relations from an ontology are instantiated usinge flexibly queried using SPARQL. Fuzzy RDF annotations
various HTML structures including tables. However, thegre used to represent (1) the set of most similar symbolic
only identify binary concept-role relations between ins&s concepts of the OTR which are automatically associated with
which are assumed to be already annotated (manually or usihg content of a cell belonging to a symbolic column, (2)
another information extraction system). Our work diffessrge  imprecise values associated with a quantity expressedamon
focus on the recognition af-ary relations and we propose aseveral numerical columns, (3) a degree of certainty astaati
step-by-step algorithm including the recognition of cquise with each n-ary relation recognized in a data table. ONDINE
From this point of view, the work presented 2] is closer to system has been implemented through the development of
ours, as they transform data tables of different structines @Web software on the one hand and the development of
a common relational database schema withry relations. MIEL++ software on the other hand. Moreover, ONDINE
However, our approach extenda5] in several ways: a better system has been implemented in the Sym’Previus predictive
distinction in the OTR between the concepts and the termmiicrobiology modeling system which allows the behavior of a
nology, annotation of cells with either the most similamtsr microorganism in a given food matrix to be predicted (3@ [
of the OTR or imprecise values; flexible querying ofary for more details). To the best of our knowledge, ONDINE
relations handling those fuzzy annotations. The work2d [ is the only software which allows one to simultaneously (1)
focuses on the recognition of quantities in Web data tablaeanotate accurately a data table with an OTR and (2) perform
guided by an ontology of measure units. Heuristic rules jternapproximate reasoning during the flexible querying pracess
to define disambiguation strategies when the same ternmsrefesmparing preferences expressed by the end-user with fuzzy
to different quantities. This case is unusual in our conteahnotations. ONDINE has been successfully tested on three
where the OTR is dedicated to a given application domain, different applications (microbial risk in food, chemicask in
which only a subset of the ontology of measure units definéobd and aeronautics) which illustrate the generic potéiati
in [23] is involved. But, this work is complementary to our'sthe proposal. In the very next future, we want to explore four
and could be integrated as an extension of our method for thew ideas to extend our approach. The first one consists in
recognition of quantities. associating the data tables, which have been extracted from
Our proposal in this paper can also be compared with pap&veb documents, with a reliability degree which takes into
studying flexible querying extending XPATH or SPARQL. Dif-account several criteria to qualify the trust in the datare®u
ferent approaches have been propos2@. defines FUZZYX- as for example the type or the reputation of the data source.
PATH, a fuzzy extension of XPATH to query XML docu-The other perspectives concern the improvement of ONDINE
ments. P7] proposes an extension of the SPARQL ?Optionakystem by (1) completing the cosine similarity measure tsed
clause (called Relax). This clause allows the computation compare terms with other syntactical and semantic teclesiqu
a set of generalizations of the RDF triplets involved in th€2) completing the semantic annotation of data tables in Web
SPARQL query using especially declarations done in the R2Iecuments with the annotation of the text using the OTR and
Schema. 28] also proposes the same kind of extension d¢8) managing OTR evolution by taking into account annotatio
the SPARQL query using a distance function applied to thesults and other ontologies. For example, we would like to
classes and properties of the RDF Schema. The originalityinfegrate the unit conversion rules defined in OBML][ to
our approach in flexible SPARQL querying is that we proposeanage standardization of measure units associated with a

VI. COMPARISON WITH THE STATE OF THE ART

VIl. CONCLUSION
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given quantity. Those perspectives will allow us to test thes] A. Campi, E. Damiani, S. Guinea, S. Marrara, G. Pasi, ar@pBletini,

genericity of our OTR, which we pretend to be dedicated to

the data integration task.
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