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Introduction — DBpedia

« The DBpedia Ontology is a shallow, cross-domain ontology,
which has been manually created based on the most commonly used
infoboxes within Wikipedia. »
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Introduction — Problem statement

Nancy in France Paris in France
Nancy in Europe Paris in Europe
Nancy a City Paris a City

Rome in Italy Le_Louvre in France
Rome in Europe Le_Louvre in Europe
Rome a City Le_Louvre a Museum

French_Cities = {Paris, Nancy}

How to infer definitions in order to complete the web of data ?

French_Cities ≡ (a, City) ⊓ (in, France)
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Data representation
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Data representation in FCA

Nancy in France Paris in France

French_Cities = {Paris, Nancy}

Nancy a City Paris a City

Museums_in_Paris = {Le_Louvre}

Rome in Italy Le_Louvre in France

European_Capital = {Paris, Rome}

Rome a City Le_Louvre a Museum
(in
, F
ra
nc
e)

(in
, I
ta
ly)

(in
, E
ur
op
e)

(a
, C
ity
)

(a
, M

us
eu
m)

Fr
en
ch
_C

iti
es

M
us
eu
ms
_i
n_
Pa
ris

Eu
ro
pe
an
_C

ap
ita
l

FC MP EC

Nancy × × ×

×

Rome × × ×

×

Paris × × ×

× ×

Le_Louvre × × ×

×

5 / 21



Data representation in FCA

Nancy in France Paris in France French_Cities = {Paris, Nancy}
Nancy a City Paris a City Museums_in_Paris = {Le_Louvre}
Rome in Italy Le_Louvre in France European_Capital = {Paris, Rome}
Rome a City Le_Louvre a Museum
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Derivation operators and concepts

FC MP EC
Nancy × × × ×
Rome × × × ×
Paris × × × × ×
Le_Louvre × × × ×

{Nancy}’ = { , , , FC}
{ , }’ = {Nancy, Paris}

Concept

Given A ⊆ G and B ⊆ M , the pair (A,B) is a concept if A′ = B and
B′ = A.

({Nancy, Paris}, { , , , FC }) is a concept.
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Concept lattice

Le_Louvre

, MP

ParisRome

Nancy
FCEC

Concepts are partially ordered.

Implication:

(in, F rance) ⇒ (in, Europe)

Definition:

(a,Museum) ⇔MP

Association rule:

(in, F rance) → (a, City)
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Association rules and
redescriptions
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Association rules

Searching for dependencies between sets of attributes
Quality metrics based on confidence

conf (X → Y ) =
∣ X′ ∩ Y ′ ∣

∣ X′ ∣

Example

FC MP EC
Nancy × × × ×
Rome × × × ×
Paris × × × × ×
Le_Louvre × × × ×

conf ({ } → { }) =
∣ ′ ∩ ′ ∣

∣ ′ ∣
=

∣ {Nancy, P aris} ∣
∣ Nancy, P aris, Le_Louvre ∣

= 2
3
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Association rules – Eclat [Zaki, 2000]

Exhaustive enumeration
Rules are unidirectional
Post-processing in order to select rules satisfying criteria

Quasi-definition

A quasi-definition X ↔ Y holds with a confidence � iff

min(conf (X → Y ), conf (Y → X)) = �
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Redescriptions – ReReMi [Galbrun and Miettinen, 2012]

Searching for two sets of attributes that occurs in the same objects
Rules are bidirectional and more expressive than association rules
Quality metrics based on Jaccard coefficient

Jacc(X ↔ Y ) =
∣ X′ ∩ Y ′ ∣
∣ X′ ∪ Y ′ ∣

Example

FC MP EC
Nancy × × × ×
Rome × × × ×
Paris × × × × ×
Le_Louvre × × × ×

{ } ↔ {FC} Jacc({ } ↔ {FC}) = 2
3
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Redescriptions – ReReMi [Galbrun and Miettinen, 2012]

Searching for two sets of attributes that occurs in the same objects
Rules are bidirectional and more expressive than association rules
Quality metrics based on Jaccard coefficient

Jacc(X ↔ Y ) =
∣ X′ ∩ Y ′ ∣
∣ X′ ∪ Y ′ ∣

Example

FC MP EC
Nancy × × × ×
Rome × × × ×
Paris × × × × ×
Le_Louvre × × × ×

{ , } ↔ {FC} Jacc({ , } ↔ {FC}) = 2
2
= 1
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Experiments
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Experiments : Datasets

Datasets extracted from DBpedia, thanks to a SPARQL query
Various sizes and domains

Person Object Film
Small Turing_Award Samsung_Galaxy Hospital_films

Medium Women_Mathematicians
Smartphones

Road_movies
Sports_cars

Large Mathematicians — French_films
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Experiments : Datasets (statistics)

Dataset Triples |G| |M|

|

|

|

Msubj
|

|

|

|

|

Mdescr
|

|

|P | �
Samsung_Galaxy 940 59 277 30 247 33 5.2e−2
Turing_Award_laureates 2642 65 1360 503 857 35 2.2e−2
Hospital_films 1984 71 1265 490 775 46 1.6e−2
Women_mathematicians 9652 552 4243 1776 2467 98 2.9e−3
Smartphones 8418 598 2089 359 1730 98 5.8e−3
Sports_cars 9047 604 2730 435 2295 61 4.7e−3
Road_movies 20056 689 9314 2652 6662 103 2.4e−3
Mathematicians 32536 1660 12279 3848 8431 202 1.2e−3
French_films 121496 6039 25487 6028 19459 111 6.4e−4
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Experiments: extracted rules — Turing_award_laureates

Association Rules
Harvard_University_alumni ≡ ∃almaMater.Harvard_University ⊓ Agent ⊓ Person

⊓ Scientist
Harvard_University_alumni ≡ ∃almaMater.Harvard_University ⊓

∃award.Turing_Award ⊓ Agent ⊓ Person ⊓ Scientist
National_Medal_of_Science_l ≡ ∃award.National_Medal_of_Science ⊓ Agent ⊓ Person

⊓ Scientist
M._I._T._faculty ≢ ∃award.Turing_Award ⊓ Agent ⊓ Person

⊓ ∃birthPlace.New_York_City
Redescriptions

Harvard_University_alumni ≡ ∃almaMater.Harvard_University
Stanford_University_alumni ≡ ∃almaMater.Stanford_University

National_Medal_of_Science_l. ≡ ∃award.National_Medal_of_Science
British_computer_scientists ≢ ∃award.Fellow_of_the_Royal_Society
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Experiments: extracted rules — Smartphones

Association Rules
Nokia_mobile_phones ≡ ∃manufacturer.Nokia ⊓ Device

Samsung_Galaxy ≡ ∃manufacturer.Samsung_Electronics ⊓ Smartphones
⊓ Device

Mobile_operating_systems ≡ Software ⊓ Work
Sony_mobile_phones ≢ ∃input.Capacitive_sensing ⊓ ∃input.Proximity_sensor

⊓ ∃input.Touchscreen
Redescriptions

Nokia_mobile_phones ≡ ∃manufacturer.Nokia
Samsung_Galaxy ≡ ∃manufacturer.Samsung_Electronics

⊓ ∃operatingSystem.Android_OS
Mobile_operating_systems ≡ Software ⊓ Work

MeeGo_Devices ≢ ∃operatingSystem.Sailfish_OS

16 / 21



Experiments : Rules extracted (statistics)
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Experiments – Results

0.6 0.8 1

0

10

20

30

Jaccard

N
um

be
r
of

ru
le
s

Turing_Award_laureates Samsung_Galaxy Hospital_films
Women_Mathematicians Smartphones Road_movies
Mathematicians Sports_cars French_films

0.6 0.8 1

0

50

100

150

200

Confidence

18 / 21



Experiments – Results

0.6 0.8 1

0.4

0.6

0.8

1

Jaccard

P
re
ci
si
on

Turing_Award_laureates Samsung_Galaxy Hospital_films
Women_Mathematicians Smartphones Road_movies
Mathematicians Sports_cars French_films

0.6 0.8 1

0.2

0.4

0.6

0.8

1

Confidence

18 / 21



Discussion – Ordering categories

Concept lattices of the defined categories (Turing_Award_laureates).

⊤

⊥

Redescriptions

⊤

⊥

Living_people

Turing_Award_laureates

Association rules

Definition of Harvard_University_alumni
Red. ∃almaMater.Harvard_University
A.R. ∃almaMater.Harvard_University ⊓ Agent ⊓ Person ⊓ Scientist
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Discussion – Predicates

Pred. Pred (DRD) Pred (DQD)
Turing_Award_laureates 35 4 5
Women_Mathematicians 98 2 3
Mathematicians 202 4 5
Samsung_Galaxy 33 2 7
Smartphones 98 5 8
Sports_cars 61 3 5
Hospital_films 46 5 2
Road_movies 103 3 7
French_films 111 4 10

dbo:award (261), rdf:type (186), dbo:knownFor (182), dbo:doctoralStudent (148),
dbp:workInstitution (123), dbo:birthPlace (117), dbo:almaMater (110), dbo:field (84),

dbo:doctoralAdvisor (36), dbo:deathPlace (36), dbp:workplaces (28),
dbp:workInstitutions (26), dbo:influenced (23), dbo:nationality (15)
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Conclusion and Future work

Redescriptions interesting for defining categories
Association Rules and Redescriptions complete each other

Are definitions operational ?
Integration to knowledge base.
Can we (should we) use more expressive definitions ?
C ≡ A ⊔ B or C ≡ ¬A
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Thanks for your attention.
Questions ?

justine.reynaud@loria.fr
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