
Key	
  discovery	
  in	
  the	
  Seman2c	
  Web	
  

Danai	
  Symeonidou	
  
Researcher	
  (CR2)	
  
INRA	
  Montpellier	
  

	
  
	
  
	
  
	
  	
   	
  	
  

November,	
  24th	
  2015	
  	
  	
  



Web	
  of	
  Data	
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§  Seman9c	
  Web:	
  	
  “An	
  extension	
  of	
  the	
  Web	
  that	
  provides	
  a	
  
common	
  framework	
  for	
  sharing	
  and	
  reusing	
  data.”	
  W3C	
  	
  

§  Web	
  of	
  Data:	
  	
  “Data	
  can	
  be	
  processed	
  by	
  machines.”	
  W3C	
  

§  Seman9c	
  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)	
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rdf:type	
  

“Dry”	
  

Flavor	
  

hasRegion	
  
Beaujolais	
  

Maker	
  

Wine	
  

Chateau-­‐Morgon	
  

Region	
  

Winery	
  

rdf:type	
  

rdf:type	
  

Sugar	
  

“Delicate”	
  

Chateau-­‐Morgon-­‐Beaujolais-­‐Rouge	
  Resource	
  

Proper9es	
   Values	
  



Web	
  of	
  Data:	
  Ontology	
  

RedWine	
   RoséWine	
  

subclassOf	
   subclassOf	
  

Region	
  

domain	
  

range	
  

hasRegion	
  

4	
  

WhiteWine	
  

subclassOf	
  

domain	
  

Maker	
  

Wine	
  

Winery	
  

range	
  

§  Ontologies	
  provide	
  a	
  vocabulary	
  used	
  to	
  represent	
  RDF	
  data	
  



Web	
  of	
  Data	
  

5	
  

Is	
  the	
  use	
  of	
  RDF	
  and	
  ontologies	
  enough	
  to	
  obtain	
  a	
  
Web	
  of	
  Data?	
  



Web	
  of	
  Data:	
  SameAs	
  links	
  

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

“Dry”	
  

Flavor	
  

hasRegion	
  
Beaujolais	
  

Maker	
  

Wine	
  

Chateau-­‐Morgon	
  

Region	
  

Winery	
  

rdf:type	
  

rdf:type	
  

Sugar	
  

“Delicate”	
  

Chateau-­‐Morgon-­‐Beaujolais-­‐Rouge	
  Resource	
  

Proper9es	
   Values	
  

Beaujolais_Rouge	
  SameAs	
  

External	
  
Resource	
  



Data	
  Linking:	
  SameAs	
  links	
  
§  SameAs	
  links:	
  connect	
  instances	
  of	
  a	
  class	
  referring	
  to	
  the	
  same	
  

real	
  world	
  object	
  

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

Beaujolais_Rouge	
  

hasAroma	
  

inRegion	
  

hasColor	
  
“Redd”	
  

BeaujolaisRegion	
  

“Délicate”	
  

Source2	
  

aCouleur	
  

aRegion	
  

ChateauBeaujolaisRouge	
  

“Rouge”	
  

aProducteur	
  

Beaujolais	
  

Château-­‐Morgon	
  

type	
  
Vin	
  

Vin	
  
type	
  

Source1	
   SameAs	
  



Data	
  Linking	
  approaches	
  
Different	
  criteria	
  can	
  be	
  used	
  to	
  dis[nguish	
  data	
  linking	
  approaches	
  [FNS11]	
  

§  Instance-­‐based	
  approaches:	
  exploit	
  property	
  values	
  to	
  link	
  2	
  instances	
  /	
  	
  Graph-­‐based	
  
approaches:	
  propagate	
  similari[es,	
  decisions	
  

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

§  Knowledge	
  based	
  approaches	
  :	
  exploit	
  ontology	
  axioms	
  (eg.	
  func[onal	
  proper[es,	
  
disjunc[ons)	
  or	
  expert	
  rules	
  

§  Logical	
  or	
  Numerical	
  approaches	
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Data	
  Linking	
  approaches	
  
Different	
  criteria	
  can	
  be	
  used	
  to	
  dis[nguish	
  data	
  linking	
  approaches	
  [FNS11]	
  

§  Instance-­‐based	
  approaches:	
  exploit	
  property	
  values	
  to	
  link	
  2	
  instances	
  /	
  	
  Graph-­‐based	
  
approaches:	
  propagate	
  similari[es,	
  decisions	
  

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

§  Knowledge	
  based	
  approaches	
  :	
  exploit	
  ontology	
  axioms	
  (eg.	
  func[onal	
  proper[es,	
  
disjunc[ons)	
  or	
  expert	
  rules	
  

§  Logical	
  or	
  Numerical	
  approaches	
  

Most	
  of	
  these	
  approaches	
  use	
  rules	
  to	
  link	
  data	
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Data	
  Linking	
  using	
  rules	
  
§  Linkage	
  Rules	
  

•  Logical	
  Linkage	
  Rules	
  
•  SSN(p1,	
  y)	
  ∧	
  SSN(p2,	
  y)	
  è	
  sameAs(p1,	
  p2)	
  
	
  

	
  
	
  

•  Complex	
  Linkage	
  Rules	
  
•  max(jaccard(Name(p1,	
  n);	
  Name(p2,	
  m);jarowinkler(address(p1,	
  x);	
  
	
  	
  	
  	
  address(p2,	
  y)))	
  >	
  0.8	
  	
  è	
  sameAs(p1,	
  p2)	
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Data	
  Linking	
  using	
  rules	
  
§  Linkage	
  Rules	
  

•  Logical	
  Linkage	
  Rules	
  
•  SSN(p1,	
  y)	
  ∧	
  SSN(p2,	
  y)	
  è	
  sameAs(p1,	
  p2)	
  
	
  
{SSN}:	
  discrimina[ve	
  property	
  

	
  
•  Complex	
  Linkage	
  Rules	
  

•  max(jaccard(Name(p1,	
  n);	
  Name(p2,	
  m);jarowinkler(address(p1,	
  x);	
  
	
  	
  	
  	
  address(p2,	
  y)))	
  >	
  0.8	
  	
  è	
  sameAs(p1,	
  p2)	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

{Name,	
  Address}:	
  discrimina[ve	
  property	
  set	
  
	
  

11	
  

Rules	
  contain	
  discrimina2ve	
  proper2es	
  =>	
  keys	
  



OWL2	
  Key	
  
§  OWL	
  (Web	
  Ontology	
  Language)	
  

§  OWL2	
  Key	
  for	
  a	
  class:	
  a	
  combina[on	
  of	
  proper[es	
  that	
  uniquely	
  
iden[fy	
  each	
  instance	
  of	
  a	
  class	
  
	
  

	
  
	
  
	
  
	
  
	
  
hasKey(Person(SSN))	
  means:	
  
Type(P1,	
  Person)∧type(P2,	
  Person)∧SSN(P1,	
  y)∧SSN(P2,	
  y)	
  è	
  sameAs(P1,	
  P2)	
  	
  	
  

12	
  



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	
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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:	
  Automa2c	
  discovery	
  of	
  keys	
  from	
  the	
  data	
  
14	
  



Key	
  Discovery	
  -­‐	
  Related	
  Work	
  

15	
  

§  Key	
  discovery	
  previously	
  studied	
  in	
  Rela2onal	
  databases	
  
•  No	
  strategies	
  to	
  treat	
  incomplete	
  data	
  
•  No	
  mul[valua[on	
  of	
  proper[es	
  
•  No	
  ontology	
  to	
  take	
  into	
  account	
  
•  No	
  strategies	
  to	
  be	
  scalable	
  in	
  data	
  found	
  on	
  the	
  Web	
  

§  	
  	
  	
  	
  	
  

§  We	
  are	
  the	
  first	
  to	
  propose	
  an	
  approach	
  that	
  fulfills	
  all	
  these	
  
characteris[cs	
  

Seman2c	
  Web	
  
Approach	
   Composite	
  

keys	
  
Complete	
  	
  

set	
  	
  
of	
  keys	
  

OWL2	
  
keys	
  

Approximate	
  
keys	
  
	
  

Incomplete	
  	
  
data	
  heuris2cs	
  

[SAS11]	
   ✓	
   ✓	
  

[SH11]	
   ✓	
   ✓	
   ✓	
  

[ADS12]	
   ✓	
   ✓	
   ✓	
   ✓	
  



Key	
  Discovery	
  -­‐	
  Related	
  Work	
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§  Key	
  discovery	
  previously	
  studied	
  in	
  Rela2onal	
  databases	
  
•  No	
  strategies	
  to	
  treat	
  incomplete	
  data	
  
•  No	
  mul[valua[on	
  of	
  proper[es	
  
•  No	
  ontology	
  to	
  take	
  into	
  account	
  
•  No	
  strategies	
  to	
  be	
  scalable	
  in	
  data	
  found	
  on	
  the	
  Web	
  

§  	
  	
  	
  	
  	
  

§  We	
  are	
  the	
  first	
  to	
  propose	
  an	
  approach	
  that	
  fulfills	
  all	
  these	
  
characteris[cs	
  

Seman2c	
  Web	
  
Approach	
   Composite	
  

keys	
  
Complete	
  	
  

set	
  	
  
of	
  keys	
  

OWL2	
  
keys	
  

Approximate	
  
keys	
  
	
  

Incomplete	
  	
  
data	
  heuris2cs	
  

[SAS11]	
   ✓	
   ✓	
  

[SH11]	
   ✓	
   ✓	
   ✓	
  

[ADS12]	
   ✓	
   ✓	
   ✓	
   ✓	
  



Problem	
  statement	
  
§  How	
  to	
  discover	
  keys	
  in	
  RDF	
  data	
  when	
  

•  They	
  are	
  incomplete?	
  	
  

•  They	
  contain	
  errors?	
  

•  They	
  contain	
  duplicates?	
  

•  They	
  are	
  numerous	
  and	
  described	
  by	
  many	
  proper[es?	
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Contribu[ons	
  
§  KD2R*:	
  Key	
  discovery	
  for	
  data	
  linking	
  

•  Complete	
  set	
  of	
  composite	
  keys	
  
•  Keys	
  following	
  the	
  defini[on	
  of	
  OWL2	
  
•  Incomplete	
  data	
  
•  Ontology	
  seman[cs	
  (subsump[ons)	
  

§  SAKey**:	
  Scalable	
  Almost	
  Key	
  discovery	
  for	
  data	
  linking	
  
•  Complete	
  set	
  of	
  composite	
  keys	
  
•  Keys	
  following	
  the	
  defini[on	
  of	
  OWL2	
  
•  Incomplete	
  data	
  
•  Ontology	
  seman[cs	
  (subsump[ons)	
  
•  Erroneous	
  data	
  	
  
•  Duplicates	
  
•  Large	
  datasets	
  

18	
  
*	
  Journal	
  of	
  Web	
  SemanMcs	
  (JWS),	
  2013	
  
**	
  InternaMonal	
  SemanMc	
  Web	
  Conference	
  (ISWC),	
  2014	
  	
  



Key	
  discovery	
  in	
  incomplete	
  data	
  

-­‐	
  hasFriend(i1,i4)	
  ….	
  ?	
  
-­‐	
  hasFriend(i2,	
  i3)	
  ….	
  ?	
  	
  	
  	
  
-­‐	
  firstName(i1,	
  Elodie)	
  …	
  ?	
  

…	
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id	
   lastName	
   firstName	
   hasFriend	
  

i1	
   Tompson	
   Manuel	
   i2,i3	
  

i2	
   Tompson	
   Maria	
  

i3	
   David	
   George	
   i2,	
  i4	
  

i4	
   Solgar	
   Michel	
  



Key	
  discovery	
  in	
  incomplete	
  data	
  

	
  
§  Op2mis2c	
  heuris2c	
  	
  

•  All	
  Proper[es	
  è	
  only	
  given	
  values	
  are	
  considered	
  

§  Pessimis2c	
  heuris2c	
  
•  Not	
  instan[ated	
  property	
  è	
  value	
  possibly	
  one	
  of	
  the	
  exis[ng	
  ones	
  
•  Instan[ated	
  property	
  è	
  only	
  given	
  values	
  are	
  considered	
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id	
   lastName	
   firstName	
   hasFriend	
  

i1	
   Tompson	
   Manuel	
   i2,i3	
  

i2	
   Tompson	
   Maria	
  

i3	
   David	
   George	
   i2,	
  i4	
  

i4	
   Solgar	
   Michel	
  



Key	
  discovery	
  in	
  incomplete	
  data	
  

	
  
§  Op2mis2c	
  heuris2c	
  	
  

•  All	
  Proper[es	
  è	
  only	
  given	
  values	
  are	
  considered	
  

§  Pessimis2c	
  heuris2c	
  
•  Not	
  instan[ated	
  property	
  è	
  value	
  possibly	
  one	
  of	
  the	
  exis[ng	
  ones	
  
•  Instan[ated	
  property	
  è	
  only	
  given	
  values	
  are	
  considered	
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id	
   lastName	
   firstName	
   hasFriend	
  

i1	
   Tompson	
   Manuel	
   i2,i3	
  

i2	
   Tompson	
   Maria	
   i2,	
  i3,	
  i4	
  
i3	
   David	
   George	
   i2,	
  i4	
  

i4	
   Solgar	
   Michel	
   i2,	
  i3,	
  i4	
  



Key	
  discovery	
  in	
  erroneous	
  data	
  
§  How	
  can	
  we	
  discover	
  keys	
  in	
  the	
  presence	
  of	
  errors	
  and/or	
  

duplicates?	
  

22	
  

FirstName	
   LastName	
   SSN	
   Age	
   BornIn	
  

p1	
   “Mary”	
   “Tompson”	
   “111111”	
   “26”	
   England	
  

p2	
   “John”	
   “Tompson”	
   “967483”	
   “42”	
   USA	
  

p3	
   “Vincent”	
   “Dupont”	
   “847593”	
  	
   “39”	
   France	
  

p4	
   “Kate”	
   “Mar[n”	
   	
  “111111”	
   “21”	
   England	
  

p5	
   “Michael”	
  
	
  

“Kinard“	
   “857403”	
   “34”	
   USA	
  

key	
  



Key	
  discovery	
  in	
  erroneous	
  data	
  
§  How	
  can	
  we	
  discover	
  keys	
  in	
  the	
  presence	
  of	
  errors	
  and/or	
  

duplicates?	
  
§  When	
  RDF	
  data	
  contain	
  errors	
  and/or	
  duplicates	
  keys	
  can	
  be	
  lost	
  

23	
  

FirstName	
   LastName	
   SSN	
   Age	
   BornIn	
  

p1	
   “Mary”	
   “Tompson”	
   “111111”	
   “26”	
   England	
  

p2	
   “John”	
   “Tompson”	
   “967483”	
   “42”	
   USA	
  

p3	
   “Vincent”	
   “Dupont”	
   “847593”	
  	
   “39”	
   France	
  

p4	
   “Kate”	
   “Mar[n”	
   	
  “111111”	
   “21”	
   England	
  

p5	
   “Michael”	
  
	
  

“Kinard“	
   “857403”	
   “34”	
   USA	
  



Key	
  discovery	
  in	
  erroneous	
  data	
  
§  Discovery	
  of	
  sets	
  of	
  proper[es	
  that	
  are	
  not	
  keys	
  due	
  to	
  few	
  

excep[ons	
  
§  Excep2on	
  of	
  a	
  key	
  P:	
  an	
  instance	
  that	
  shares	
  values	
  with	
  another	
  

instance	
  for	
  a	
  given	
  set	
  of	
  proper[es	
  P	
  
•  p1	
  and	
  p4	
  are	
  excep[ons	
  	
  for	
  {SSN}	
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FirstName	
   LastName	
   SSN	
   Age	
   BornIn	
  

p1	
   “Mary”	
   “Tompson”	
   “111111”	
   “26”	
   England	
  

p2	
   “John”	
   “Tompson”	
   “967483”	
   “42”	
   USA	
  

p3	
   “Vincent”	
   “Dupont”	
   “847593”	
  	
   “39”	
   France	
  

p4	
   “Kate”	
   “Mar[n”	
   	
  “111111”	
   “21”	
   England	
  

p5	
   “Michael”	
  
	
  

“Kinard“	
   “857403”	
   “34”	
   USA	
  



n-­‐almost	
  keys	
  
§  Excep2on	
  Set	
  EP:	
  set	
  of	
  excep[ons	
  for	
  P	
  

•  ESSN	
  =	
  {p1,	
  p4}	
  	
  
§  n-­‐almost	
  key:	
  a	
  set	
  of	
  proper[es	
  where	
  |EP|≤	
  n	
  

•  {SSN}	
  is	
  a	
  2-­‐almost	
  key	
  

§  n	
  value	
  is	
  declared	
  by	
  an	
  expert	
  
25	
  

FirstName	
   LastName	
   SSN	
   Age	
   BornIn	
  

p1	
   “Mary”	
   “Tompson”	
   “111111”	
   “26”	
   England	
  

p2	
   “John”	
   “Tompson”	
   “967483”	
   “42”	
   USA	
  

p3	
   “Vincent”	
   “Dupont”	
   “847593”	
  	
   “39”	
   France	
  

p4	
   “Kate”	
   “Mar[n”	
   	
  “111111”	
   “21”	
   England	
  

p5	
   “Michael”	
  
	
  

“Kinard“	
   “857403”	
   “34”	
   USA	
  



Almost	
  key	
  discovery	
  strategy	
  
§  The	
  key	
  discovery	
  is	
  a	
  #P-­‐Hard	
  problem	
  

•  Op[miza[on	
  techniques	
  are	
  needed	
  to	
  scale	
  

§  Naive	
  automa2c	
  way	
  to	
  discover	
  almost	
  keys	
  
•  Examine	
  all	
  the	
  possible	
  combina[ons	
  of	
  proper[es	
  
•  Scan	
  all	
  instances	
  for	
  each	
  candidate	
  almost	
  key	
  
	
  
Example:	
  Class	
  described	
  by	
  15	
  proper[es	
  è215	
  =	
  32768	
  candidate	
  	
  almost	
  
keys	
  
	
  

§  Discover	
  almost	
  keys	
  efficiently	
  by:	
  
•  Reducing	
  the	
  combina[ons	
  
•  Par[ally	
  scanning	
  the	
  data	
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Almost	
  key	
  discovery	
  strategy	
  
§  Discover	
  sets	
  of	
  proper[es	
  that	
  are	
  not	
  keys,	
  i.e.,	
  non	
  keys	
  first	
  
§  Why	
  discovering	
  non	
  keys	
  first	
  allow	
  to	
  par[ally	
  scan	
  the	
  data?	
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FirstName	
   LastName	
   SSN	
   Age	
   BornIn	
  

p1	
   “Mary”	
   “Tompson”	
   “111111”	
   “26”	
   England	
  

p2	
   “John”	
   “Tompson”	
   “967483”	
   “42”	
   USA	
  

p3	
   “Vincent”	
   “Dupont”	
   “847593”	
  	
   “39”	
   France	
  

p4	
   “Kate”	
   “Mar[n”	
   	
  “111111”	
   “21”	
   England	
  

p5	
   “Michael”	
  
	
  

“Kinard“	
   “857403”	
   “34”	
   USA	
  



Almost	
  key	
  discovery	
  strategy	
  
§  Discover	
  sets	
  of	
  proper[es	
  that	
  are	
  not	
  keys,	
  i.e.,	
  non	
  keys	
  first	
  
§  Why	
  discovering	
  non	
  keys	
  first	
  allow	
  to	
  par[ally	
  scan	
  the	
  data?	
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non	
  key	
   key	
  

FirstName	
   LastName	
   SSN	
   Age	
   BornIn	
  

p1	
   “Mary”	
   “Tompson”	
   “111111”	
   “26”	
   England	
  

p2	
   “John”	
   “Tompson”	
   “967483”	
   “42”	
   USA	
  

p3	
   “Vincent”	
   “Dupont”	
   “847593”	
  	
   “39”	
   France	
  

p4	
   “Kate”	
   “Mar[n”	
   	
  “111111”	
   “21”	
   England	
  

p5	
   “Michael”	
  
	
  

“Kinard“	
   “857403”	
   “34”	
   USA	
  



Almost	
  key	
  discovery	
  strategy	
  
§  Discover	
  sets	
  of	
  proper[es	
  that	
  are	
  not	
  keys,	
  i.e.,	
  non	
  keys	
  first	
  
§  Why	
  discovering	
  non	
  keys	
  first	
  allow	
  to	
  par[ally	
  scan	
  the	
  data?	
  

	
  

	
  
	
  	
  

§  n-­‐non	
  keys:	
  set	
  of	
  proper[es	
  where	
  |Ep|	
  ≥	
  n	
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2-­‐non	
  key	
  

FirstName	
   LastName	
   SSN	
   Age	
   BornIn	
  

p1	
   “Mary”	
   “Tompson”	
   “111111”	
   “26”	
   England	
  

p2	
   “John”	
   “Tompson”	
   “967483”	
   “42”	
   USA	
  

p3	
   “Vincent”	
   “Dupont”	
   “847593”	
  	
   “39”	
   France	
  

p4	
   “Kate”	
   “Mar[n”	
   	
  “111111”	
   “21”	
   England	
  

p5	
   “Michael”	
  
	
  

“Kinard“	
   “857403”	
   “34”	
   USA	
  

key	
  



Scalability	
  of	
  SAKey	
  
§  Scalability	
  in	
  n-­‐non	
  key	
  discovery	
  

•  Inclusion	
  pruning	
  
•  Discovery	
  of	
  dependencies	
  between	
  data	
  

•  Seen	
  intersec2on	
  pruning	
  
•  Avoiding	
  already	
  explored	
  sets	
  of	
  instances	
  

•  Irrelevant	
  intersec2on	
  pruning	
  
•  Ordering	
  of	
  instances	
  to	
  avoid	
  useless	
  computa[ons	
  

•  An2monotonic	
  pruning	
  
•  All	
  the	
  subsets	
  of	
  a	
  n-­‐non	
  key	
  are	
  at	
  least	
  n-­‐non	
  keys	
  

§  Scalability	
  in	
  n-­‐almost	
  key	
  deriva2on	
  
•  Efficient	
  deriva2on	
  of	
  minimal	
  n-­‐almost	
  keys	
  from	
  maximal	
  (n+1)-­‐non	
  

keys	
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Key	
  discovery	
  in	
  several	
  datasets	
  

31	
  

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



Experiments	
  
§  Evalua[on	
  of	
  the	
  quality	
  of	
  discovered	
  keys	
  

•  Evalua[on	
  of	
  discovered	
  keys	
  by	
  experts	
  
•  Keys	
  in	
  Data	
  Linking	
  	
  

§  Scalability	
  of	
  SAKey	
  	
  

§  Selected	
  datasets	
  
•  DBpedia,	
  YAGO,	
  INA,	
  ABES,	
  ChefMoz,	
  GFT	
  -­‐	
  Real	
  data	
  
•  OAEI	
  2010,	
  OAEI	
  2011,	
  OAEI	
  2013	
  -­‐	
  Synthe[c	
  data	
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Evalua[on	
  of	
  keys	
  by	
  experts	
  
§  Discovered	
  keys	
  were	
  shown	
  to	
  experts	
  	
  

§  Datasets	
  
•  INA	
  (Na[onal	
  Audiovisual	
  Ins[tute)	
  
•  ABES	
  (Bibliographic	
  Agency	
  for	
  Higher	
  Educa[on)	
  

§  Conclusion	
  
•  Experts	
  were	
  not	
  always	
  able	
  to	
  decide	
  whether	
  a	
  discovered	
  key	
  was	
  

referring	
  to	
  a	
  real	
  key	
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Keys	
  in	
  Data	
  Linking	
  
§  Data	
  linking	
  using	
  

•  Discovered	
  keys	
  
•  Expert	
  keys	
  
•  No	
  keys	
  

§  Evalua[on	
  of	
  linking	
  using	
  
•  Recall:	
  ra[o	
  of	
  relevant	
  retrieved	
  links	
  to	
  the	
  total	
  number	
  of	
  relevant	
  links	
  	
  
•  Precision:	
  ra[o	
  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	
  beyer	
  than	
  expert	
  keys	
  and	
  no	
  keys	
  
•  Excep[ons	
  provide	
  more	
  correct	
  links	
  without	
  significantly	
  decreasing	
  the	
  

precision	
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Example:	
  Data	
  Linking	
  using	
  almost	
  keys	
  	
  
§  OAEI	
  2013	
  -­‐	
  Person	
  	
  

•  BirthName,	
  BirthDate,	
  award,	
  comment,	
  label,	
  BirthPlace,	
  almaMater,	
  
doctoralAdvisor	
  

Almost	
  keys	
   Recall	
  	
   Precision	
  	
   F-­‐Measure	
  

0-­‐almost	
  key	
   {BirthDate,	
  award}	
  	
   9.3%	
  	
   100%	
  	
   17%	
  	
  

2-­‐almost	
  key	
   {BirthDate}	
  	
   32.5%	
  	
   98.6%	
  	
   49%	
  	
  

#	
  excep2ons	
  	
   Recall	
  	
   Precision	
  	
   F-­‐measure	
  	
  

0,	
  1	
  	
   25.6%	
  	
   100%	
  	
   41%	
  	
  

2,	
  3	
  	
   47.6%	
  	
   98.1%	
  	
   64.2%	
  	
  

4,	
  5	
  	
   47.9%	
  	
   96.3%	
  	
   63.9%	
  	
  

6,	
  ...,	
  16	
  	
   48.1%	
  	
   96.3%	
  	
   64.1%	
  	
  

17	
  	
   49.3%	
  	
   82.8%	
  	
   61.8%	
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Scalability	
  of	
  SAKey	
  
§  Evaluate	
  the	
  scalability	
  of	
  SAKey	
  on	
  9	
  datasets	
  (DBpedia,	
  Yago,	
  

OAEI,	
  etc.)	
  

§  Conclusion	
  
•  SAKey	
  can	
  up	
  to	
  million	
  triples	
  thanks	
  to	
  pruning	
  and	
  filtering	
  strategies	
  

•  DB:Person,	
  biggest	
  class	
  of	
  DBpedia	
  with	
  	
  
–  8	
  million	
  triples,	
  	
  
–  9	
  hundred	
  thousand	
  instances,	
  	
  
–  508	
  proper[es	
  

36	
  



Conclusion	
  
§  Key	
  discovery	
  taking	
  into	
  account:	
  

•  Incomplete	
  data	
  	
  
•  Two	
  heuris[cs	
  to	
  deal	
  with	
  incomplete	
  data:	
  op[mis[c/pessimis[c	
  keys	
  

•  Erroneous	
  data,	
  duplicates	
  
•  n-­‐almost	
  keys:	
  keys	
  with	
  at	
  most	
  n	
  excep[ons	
  

•  Being	
  scalable	
  thanks	
  to:	
  
•  Filtering	
  and	
  pruning	
  strategies	
  
•  Scalable	
  key	
  deriva[on	
  approach	
  

•  Experiments	
  show	
  the	
  scalability	
  of	
  SAKey	
  and	
  the	
  relevance	
  of	
  almost	
  
keys	
  in	
  data	
  linking	
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Conclusion	
  
§  Key	
  discovery	
  taking	
  into	
  account:	
  

•  Incomplete	
  data	
  	
  
•  Two	
  heuris[cs	
  to	
  deal	
  with	
  incomplete	
  data:	
  op[mis[c/pessimis[c	
  keys	
  

•  Erroneous	
  data,	
  duplicates	
  
•  n-­‐almost	
  keys:	
  keys	
  with	
  at	
  most	
  n	
  excep[ons	
  

•  Being	
  scalable	
  thanks	
  to:	
  
•  Filtering	
  and	
  pruning	
  strategies	
  
•  Scalable	
  key	
  deriva[on	
  approach	
  

•  Experiments	
  show	
  the	
  scalability	
  of	
  SAKey	
  and	
  the	
  relevance	
  of	
  almost	
  
keys	
  in	
  data	
  linking	
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  for	
  your	
  aIen9on!	
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