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The Web today

= Data described in different sources using
e Different formats
* Different vocabularies

Agriculture Wikipedia.fr

L'agriculture (du latin agricultura, composé & partir de ager, champ et colere, cultiver ) est un processus par lequel les hommes aménagent leurs écosystémes pour satisfaire les
besoins alimentaires en premier et autres, de leurs sociétés™. Elle désigne I'ensemble des savoir-faire et activités ayant pour objet la culture des terres, et, plus généralement,
I'ensemble des travaux sur le milieu naturel (pas seulement terrestre) permettant de cultiver et prélever des étres vivants (végétaux, animaux, voire champignons ou microbes) utiles
a I'étre humain.

L'agronomie regroupe, depuis le xix® siécle, I'ensemble de la connaissance biologique, technique, culturelle, économique et sociale relative a I'agriculture.

En économie, I’économie agricole est définie comme le secteur d'activité dont la fonction est de produire un revenu financier a partir de I'exploitation de la terre (culture), de la forét
(sylviculture), de la mer, des lacs et des riviéres (aquaculture, péche), de I'animal de ferme (élevage) et de I'animal sauvage (chasse). Dans la pratique, cet exercice est pondéré par
la disponibilité des ressources et les composantes de I'environnement biophysique et humain. La production et la distribution dans ce domaine sont intimement liées a I'économie
politique dans un environnement global.

Culture intensive de pomme de &
terre en plein champ

Sommaire [masquer]
1 Préhistoire et histoire

Agriculture Wikipedia.com

From Wikipedia, the free encyclopedia

Agriculture is the cultivation of animals, plants, fungi, and other life forms for food, fiber, biofuel, medicinal and other products used to sustain and
enhance human life.["] Agriculture was the key development in the rise of sedentary human civilization, whereby farming of domesticated species
created food surpluses that nurtured the development of civilization. The study of agriculture is known as agricultural science. The history of
agriculture dates back thousands of years, and its development has been driven and defined by greatly different climates, cultures, and technologies.
However, all farming generally relies on techniques to expand and maintain the lands that are suitable for raising domesticated species. For plants,
this usually requires some form of irrigation, although there are methods of dryland farming. Livestock are raised in a combination of grassland-based
and landless systems, in an industry that covers almost one-third of the world's ice- and water-free area. In the developed world, industrial agriculture ; (VSR
based on large-scale monoculture has become the dominant system of modern farming, although there is growing support for sustainable agriculture, Agriculture

including permaculture and organic agriculture. General

Until the Industrial Revalution. the vast maiaoritv of the human nanulation lahored in aariculture. Pra-industrial aariculture was tunicallv subsistence Agribusiness - Agricultural science -



The Web today

Web usually contains unstructured information

Agriculture

L'agriculture (du latin agriculfura, composé a partir de ager, champ et colere, cultiver ) est un processus par lequel les hommes aménagent leurs écosystémes pour satisfaire les
besoins alimentaires en premier et autres, de leurs sociétés™. Elle désigne I'ensemble des savoir-faire et activités ayant pour objet la culture des terres, et, plus généralement,
I'ensemble des travaux sur le milieu naturel (pas seulement terrestre) permettant de cultiver et prélever des étres vivants (végétaux, animaux, voire champignons ou microbes) utiles
a I'étre humain.

L'agronomie regroupe, depuis le xix® siécle, I'ensemble de la connaissance biologique, technique, culturelle, économique et sociale relative a |'agriculture.

En économie, I"économie agricole est définie comme le secteur d'activité dont la fonction est de produire un revenu financier a partir de I'exploitation de la terre (culture), de la forét
(sylviculture), de la mer, des lacs et des riviéres (aquaculture, péche), de I'animal de ferme (élevage) et de I'animal sauvage (chasse). Dans la pratique, cet exercice est pondéré par
la disponibilité des ressources et les composantes de I'environnement biophysique et humain. La production et la distribution dans ce domaine sont intimement liées a I'économie
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Web of Data

=" Semantic Web: “An extension of the Web that provides a
common framework for sharing and reusing data.” W3¢

= Web of Data: “Data can be processed by machines.” W3¢

= Semantic Web technologies: RDF, OWL, SPARQL
* Uniform format and structured data



Web of Data: RDF

= RDF fact: property (resource, value)

Ex. rdf:type(Chateau-Morgon-Beaujolais-Rouge, Wine)
hasRegion(Chateau-Morgon-Beaujolais-Rouge, Beaujolais)

Resource

Properties

Chateau-Morgon-Beaujolais-Rouge - i
2 J , g rdf:type Wine
hasRegion o rdf:type
- Beaujolais _— > Region
Maker rdf:type ,
>._Chateau-Morgon _~ > Winery
=== Values
Flavor
—  “Delicate”
Sugar .

-  “Dry



Web of Data: Ontology

= Ontologies provide a vocabulary used to represent RDF data

Region Winery

Tra nge Tra nge

hasRegion Maker

domaN/omain

Wine

-, R~

- | S~y
subclassOf _~s0bclassOf i subclassOf g
-~ | ~

WhiteWine =~ RedWine = RoséWine



Web of Data

= |sthe use of RDF and ontologies enough to obtain a Web of Data?



Web of Data

= |sthe use of RDF and ontologies enough to obtain a Web of Data?
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Web of Data

= |sthe use of RDF and ontologies enough to obtain a Web of Data?

Linked Data

10



Web of Data: SameAs links

Ex. rdf:type(Chateau-Morgon-Beaujolais-Rouge, Wine)

hasRegion(Chateau-Morgon-Beaujolais-Rouge, Beaujolais) External
Resource

SameAg____a»; | Beaujolais_Rouge/

Resource p======= ) Chateau Morgon-Beauj olals-Rou e i
© - ’ L g s type udlifs
hasRegion ettal _ rdf:type S -
p— ~.__ Beaujo als/‘ egion
Maker rdf:type ,
> Chateau-Morgon > Winery
Properties == — === Values
Flavor
—  “Delicate”
Sugar —
- -+ Dry 11




Data Linking: SameAs links

= SameAs links: connect instances of a class referring to the same
real world object

Sourcel SameAs Source2

ChateauBeaujolaisRougE/ ______ L N W e s e e o > Beaujolais_Rouge
type gy N
> Vin e ~ type
aRegion . Beaujolais = — : inRegion
BeaujolaisRegion <

aCouleur R “« ” hasAroma
. Rouge “Délicate” «

aProducteur Redd” hasColor
e <

> Chéteau-l\/lorgonr /

More and more data available
* Hard to define manually sameAs links



Data Linking approaches

Different criteria can be used to distinguish data linking approaches [FNS11]

Instance-based approaches: exploit property values to link 2 instances / Graph-based
approaches: propagate similarities, decisions

Supervised approaches : exploit labeled training data given by an expert / Unsupervised
approaches

Knowledge based approaches : exploit ontology axioms (eg. functional properties,
disjunctions) or expert rules

Logical or Numerical approaches

13



Data Linking approaches

Different criteria can be used to distinguish data linking approaches [FNS11]

= Instance-based approaches: exploit property values to link 2 instances / Graph-based
approaches: propagate similarities, decisions

= Supervised approaches : exploit labeled training data given by an expert / Unsupervised
approaches

= Knowledge based approaches : exploit ontology axioms (eg. functional properties,
disjunctions) or expert rules

= Logical or Numerical approaches

Most of these approaches use rules to link data

14



Data Linking using rules

" Linkage Rules

* Logical Linkage Rules
* SSN(p1,y) A SSN(p2,y) =» sameAs(p1, p2)

* Complex Linkage Rules

* max(jaccard(Name(p1, n); Name(p2, m);jarowinkler(address(p1, x);
address(p2, y))) > 0.8 =» sameAs(p1, p2)

15



Data Linking using rules

" Linkage Rules

* Logical Linkage Rules
* SSN(p1,y) A SSN(p2, y) = sameAs(p1l, p2)

{SSN}: discriminative property

* Complex Linkage Rules
* max(jaccard(Name(p1, n); Name(p2, m);jarowinkler(address(p1, x);
address(p2, y))) > 0.8 =>» sameAs(p1, p2)

{Name, Address}: discriminative property set

Rules contain discriminative properties => keys

16



OWL2 Key

= OWL (Web Ontology Language)

= OWL2 Key for a class: a combination of properties that uniquely
identify each instance of a class

VX.VY.VZy,....Z,NTy,..., T,y Ace(X) Ace(Y) \ (opei(X.Z) ANopei(Y,Z))

i=1

N (dpei(X,T;) Ndpei(Y.T;)) = X =Y

i=1

hasKey(Person(SSN)) means:
Type(P,, Person) Atype(P,, Person) ASSN(P,, y) ASSN(P,, y) =» sameAs(P,, P,)

17



Keys declared by experts for data linking

= Not an easy task:

* Experts are not aware of all the keys

Ex. {SSN}, {ISBN} easy to declare
Ex. {Region, Flavor, Produced} is it a key for the class wine?

* Erroneous keys can be given by experts

* As many keys as possible
* More keys => More linking rules

18



Keys declared by experts for data linking

= Not an easy task:

* Experts are not aware of all the keys

Ex. {SSN}, {ISBN} easy to declare
Ex. {Region, Flavor, Produced} is it a key for the class wine?

* Erroneous keys can be given by experts

* As many keys as possible
* More keys => More linking rules

= Goal: Automatic discovery of keys from the data

19



Key Discovery - Related Work

= Key discovery previously studied in Relational databases

No strategies to treat incomplete data

No multivaluation of properties

No ontology to take into account

No strategies to be scalable in data found on the Web

Semantic Web
Approach Composite Complete owL2 Approximate Incomplete
keys set keys keys data heuristics
of keys
[SAS11] v v
[SH11] v v v
[ADS12] v v v v

20



Key Discovery - Related Work

= Key discovery previously studied in Relational databases
* No strategies to treat incomplete data
* No multivaluation of properties
* No ontology to take into account

* No strategies to be scalable in data found on the Web

[
Semantic Web
Approach Composite Complete owL2 Approximate Incomplete
keys set keys keys data heuristics
of keys
[SAS11] v v
[SH11] v v v
[ADS12] v v v v

= We are the first to propose an approach that fulfills all these

characteristics

21



Contributions

KD2R™: Key discovery for data linking

Complete set of composite keys
Keys following the definition of OWL2
Incomplete data

Ontology semantics (subsumptions)

SAKey™™: Scalable Almost Key discovery for data linking

Complete set of composite keys

Keys following the definition of OWL2
Incomplete data

Ontology semantics (subsumptions)
Erroneous data

Duplicates

Large datasets

* Journal of Web Semantics (JWS), 2013
** International Semantic Web Conference (ISWC), 2014

22



Problem statement

= How to discover keys in RDF data when

* They contain errors?
* They contain duplicates?

* They are numerous and described by many properties?

23



Key discovery in erroneous data

FirstName | LastName SSN Bornin
pl “Mary” “Tompson” “111111” “26” England
p2 “John” “Tompson” “967483” “42"” USA
p3 “Vincent” “Dupont” “847593” “39” France
pa “Kate” “Martin” “111111” “21” England
p5 “Michael” “Kinard“ “857403” “34” USA

24



Key discovery in erroneous data

= How can we discover keys in the presence of errors and/or
duplicates?

FirstName | LastName SSN Bornin
pl “Mary” “Tompson” “111111” England
p2 “John” “Tompson” “967483” USA
p3 “Vincent” “Dupont” “847593” France
pa “Kate” “Martin” “111111” England
p5 “Michael” “Kinard“ “857403” USA




= How can we discover keys in the presence of errors and/or

Key discovery in erroneous data

duplicates?

= When RDF data contain errors and/or duplicates keys can be lost

FirstName | LastName SSN Age Bornin
pl “Mary” “Tompson” “26” England
p2 “John” “Tompson” “967483” “42"” USA
p3 “Vincent” “Dupont” “847593” “39” France
pa “Kate” “Martin” “21” England
p5 “Michael” “Kinard“ “857403” “34” USA

26



Key discovery in erroneous data

Discovery of sets of properties that are not keys due to few

exceptions

Exception of a key P: an instance that shares values with another
instance for a given set of properties P
* pland p4 are exceptions for {SSN}

FirstName | LastName SSN Age Bornin
pl “Mary” “Tompson” “26” England
p2 “John” “Tompson” “967483” “42” USA
p3 “Vincent” “Dupont” “847593” “39” France
pa “Kate” “Martin” “21” England
p5 “Michael” “Kinard“ “857403” “34” USA

27



n-almost keys

= Exception Set E,: set of exceptions for P

E55N = {p]-; p4}

= n-almost key: a set of properties where |E,|<n

e {SSN}is a 2-almost key

FirstName | LastName SSN Age Bornin
pl “Mary” “Tompson” “26” England
p2 “John” “Tompson” “967483” “42” USA
p3 “Vincent” “Dupont” “847593” “39” France
pa “Kate” “Martin” “21” England
p5 “Michael” “Kinard“ “857403” “34” USA

= nvalueis declared by an expert

28



Almost key discovery strategy

" The key discovery is a #P-Hard problem

e Optimization techniques are needed to scale

= Naive automatic way to discover almost keys
 Examine all the possible combinations of properties
* Scan all instances for each candidate almost key

Example: Class described by 15 properties =»21> = 32768 candidate almost
keys

= Discover almost keys efficiently by:
* Reducing the combinations
e Partially scanning the data

29



Almost key discovery strategy

= Discover sets of properties that are not keys, i.e., non keys first

FirstName | LastName SSN Age Bornin
pl “Mary” “Tompson” “111111” “26” England
p2 “John” “Tompson” “967483” “q2” USA
p3 “Vincent” “Dupont” “847593” “39” France
pa “Kate” “Martin” “111111” “21” England
p5 “Michael” “Kinard” “857403” “34” USA

30



Almost key discovery strategy

= Discover sets of properties that are not keys, i.e., non keys first
= Why discovering non keys first allow to partially scan the data?

FirstName | LastName SSN Age Bornin
pl “Mary” “Tompson” “111111” “26” England
p2 “John” “Tompson” “967483” “q2” USA
p3 “Vincent” “Dupont” “847593” “39” France
pa “Kate” “Martin” “111111” “21” England
p5 “Michael” “Kinard” “857403” “34” USA




Almost key discovery strategy

= Discover sets of properties that are not keys, i.e., non keys first
= Why discovering non keys first allow to partially scan the data?

on ey

FirstName | LastName SSN Bornin
pl “Mary” “111111” England
p2 “John” “967483” USA
p3 “Vincent” “Dupont” “847593” France
pa “Kate” “Martin” “111111” England
p5 “Michael” “Kinard“ “857403” USA




Almost key discovery strategy

= Discover sets of properties that are not keys, i.e., non keys first
= Why discovering non keys first allow to partially scan the data?

on ey

FirstName | LastName SSN Bornin
pl “Mary” “111111” England
p2 “John” “967483” USA
p3 “Vincent” “Dupont” “847593” France
pa “Kate” “Martin” “111111” England
p5 “Michael” “Kinard“ “857403” USA

" n-non keys: set of properties where [E | 2 n



n-non key discovery: Pruning strategies

Inclusion pruning
* Discovery of dependencies between data

Seen intersection pruning
* Avoiding already explored sets of instances

Irrelevant intersection pruning

* Ordering of instances to avoid useless computations

Antimonotonic pruning
e All the subsets of a n-non key are at least n-non keys

34



Efficient key derivation

Intuition: All the sets of properties not belonging to maximal
(n+1)-non keys are n-almost keys

= Existing approaches [SBHRO6, PSS13]:

 Compute the Cartesian product of complement sets

= Efficient derivation of minimal n-almost keys from maximal
(n+1)-non keys

e Algorithm based on frequencies of properties

35



Key discovery in several datasets

o1

—” Ontology Mappings

r r

| n-non key | | n-non key |

: discovery : : discovery :

| 1 | |

| n-almost keyl I n-almost keyl

: derivation : : derivation |
KeyMerge

!

Valid Keys for
D1 and D2

D1: {firstName, LastName} 15 Birth
D2: {DateOfBirth} D12: {firstName, LastName, DateOfBirth}



Experiments

= Evaluation of the quality of discovered keys
e Evaluation of discovered keys by experts
e Keys in Data Linking

= Scalability of SAKey

= Selected datasets
 DBpedia, YAGO, INA, ABES, ChefMoz, GFT - Real data
 OAEI 2010, OAEI 2011, OAEI 2013 - Synthetic data

37



Evaluation of keys by experts

= Discovered keys were shown to experts

= Datasets
* INA (National Audiovisual Institute)
* ABES (Bibliographic Agency for Higher Education)

= Conclusion

* Experts were not always able to decide whether a discovered key was
referring to a real key

38



Keys in Data Linking

Data linking using
* Discovered keys
* Expert keys
* No keys

Evaluation of linking using
* Recall: ratio of relevant retrieved links to the total number of relevant links
* Precision: ratio of relevant retrieved links to the total number of retrieved links
* F-Measure: harmonic mean of precision and recall

Datasets: OAEI 2010, OAEI 2011, OAEI 2013, ChefMoz, GFT

Conclusion
* Linking results using discovered keys are better than expert keys and no keys

* Exceptions provide more correct links without significantly decreasing the
precision

39



Scalability of SAKey

= Evaluate the scalability of SAKey on 9 datasets

= Conclusion

e SAKey can up to million triples thanks to pruning and filtering strategies
* Biggest class of DBpedia, DB:Person 8 million triples

40



Other applications of keys

= Declare keys in an ontology

* Ontology enrichment

= Detect erroneous values and duplicates thanks to n-almost keys

* Check exceptions for erroneous information and duplicates

= Data de-anonymization

* Eliminate sets of properties that have unique values for each instance

41



Conclusion

= Key discovery taking into account:

* Erroneous data, duplicates
* n-almost keys: keys with at most n exceptions

* Being scalable thanks to:
* Filtering and pruning strategies
* Scalable key derivation approach

* Experiments show the scalability of SAKey and the relevance of almost
keys in data linking

42



Conclusion

= Key discovery taking into account:
* Erroneous data, duplicates
* n-almost keys: keys with at most n exceptions
* Being scalable thanks to:
* Filtering and pruning strategies
* Scalable key derivation approach

* Experiments show the scalability of SAKey and the relevance of almost
keys in data linking

Thank you for your attention!
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Publications

= |nternational Journals

Nathalie Pernelle, Fatiha Sais, Danai Symeonidou. An automatic key discovery approach for data linking. Journal
of Web Semantics, Volume 23 pages 16-30, 2013.

= |nternational Conferences/Workshops/Demos

Luis Galarraga, Danai Symeonidou, Jean-Claude Moissinac, Rule Mining for Semantifying Wikilinks, Linked Data
On the Web workshop (LDOW, WWW 2015)

Ziad Ismail, Danai Symeonidou, Fabian Suchanek, DIVINA: Discovering vulnerabilities of Internet accounts, Demo
Paper, World Wide Web (WWW 2015)

Danai Symeonidou, Vincent Armant, Nathalie Pernelle, Fatiha Sais. SAKey: Scalable Almost Key discovery in RDF
data. 13th International Semantic Web Conference (ISWC 2014). To appear in ISWC 19-23 October 2014,
Trento, Italy.

Manuel Atencia, Michel Chein, Madalina Croitoru, Michel Leclere Jerome David, Nathalie Pernelle, Fatiha Sais,
Francois Scharffe, Danai Symeonidou. Defining key semantics for the rdf datasets: Experiments and evaluations.
International Conferences on Conceptual Structures (ICCS 2014), lasi, Romania.

Symeonidou, D., Pernelle, N. and Sais, F. (2013). Discovering Keys in RDF/OWL Dataset with KD2R. 2nd
International workshop on Open Data (WOD 2013), Demo paper, Paris, France

Symeonidou, D., Pernelle, N. and Sais, F. (2011). KD2R: a Key Discovery method for semantic Reference

Reconciliation in OWL2, Workshop on Semantic Web & Web Semantics (SWWS 2011), 392-401, Heraklion,
Greece

=  National Conferences

Nathalie Pernelle, Danai Symeonidou, Fatiha Sais, C-SAKey : une approche de découverte de clés conditionnelles
dans des données RDF, 26es Journées francophones d’ingénerie des Connaissances (IC 2015)

Chein, M., Croitoru, M., Leclere, M., Pernelle, N., Sais, F. and Symeonidou, D. (2014). Defining Key Semantics for
the Semantic Web (A Theoretical View), 25es Journées francophones d’ingénerie des Connaissances (IC 2014)
Clemont Ferrard, France

Danai Symeonidou, Vincent Armant, Nathalie Pernelle, Fatiha Sais. SAKey: Scalable Almost Key discovery in RDF
data. Bases de Données Avancées (BDA 2014), 14-17 Octobre 2014, Grenoble, France.
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