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Mark Spitz

From Wikipedia, the free encyclopedia

Mark Andrew Spitz (born February 10, 1950) is an American former competition
swimmer, nine-time Olympic champion, and former world record-holder in seven events
He won seven gold medals at the 1972 Summer Olympics in Munich, an achievement
surpassed only by Michael Phelps, who won eight golds at the 2008 Summer Olympics in
Beijing. Spitz set new world records in all seven events in which he competed in 1972, an
achievement that still stands. Since the year 1900, no other swimmer has gained so great
a percentage of all the medals awarded for Olympic events held in a single Games.
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Mark Spitz
From Wikipedia, the free encyclopedia

Mark Andrew Spitz (born February 10, 1950) is an American former competition
swimmer, nine-time Olympic champion, and former world record-holder in seven events.
He won seven gold medals at the 1972 Summer Olympics in Munich, an achievement o

surpassed only by Michael Phelps, who won eight golds at the 2008 Summer Olympics in WIKIPEDIA
Beijing. Spitz set new world records in all seven events in which he competed in 1972, an The Free Encyclopedia
achievement that still stands. Since the year 1900, no other swimmer has gained so great

a percentage of all the medals awarded for Olympic events held in a single Games.

1972 Summer Olympics

From Wikipedia, the free encyclopedia

Olympia Schwimmhalle

From Wikipedia, the free encyclopedia
The 1972 Summer Olympics (German: Olympische Sommerspiele 1972), officially
known as the Games of the XX Olympiad, was an international multi-sport event held in
Munich, West Germany, from August 26 to September 11, 1972.

The Olympia Schwimmhalle is an aquatics centre located in the Olympiapark in
Munich, Germany. It hosted the swimming, diving, water polo, and the swimming part of
the modern pentathlon events at the 1972 Summer Olympics. At the 1972 Olympics,
the stadium had a 9000-seat capacity which was reduced to 1,500 soon after. During
the 1972 Olympics, the Olympic Records in all 29 Olympic swimming events were
broken as well as the World Records in 20 events.(ciation needed] Steve Genter

The Schwimmhalle is unique for its roof construction which is a lightweight

From Wikipedia, the free encyclopedia
stressed-skin structure. This curved structure bears loads through tension only, not

compression. The double curvature in the roof design is what provides support which is Robert Steven Genter (born January 4, 1951) is an American former competition
further stabilized through pretensioned guy wires. swimmer and three-time Olympic medalist. He was freestyle specialist who earned a gold
The Olympia Schwimmhalle is where swimmer Mark Spitz broke the record for most medal as a member of the winning U.S. team in the 4x200-meter freestyle relay at the
individual gold medals won in a single Olympics with seven gold medals. This record 1972 Summer Olympics in Munich, Germany. He also won silver medals in the 200-meter
was not surpassed until fellow swimmer Michael Phelps won eight gold medals at the and 400-meter freestyle events.

2008 Summer Olympics in Beijing.

Swimming at the 1972 Summer Olympics

From Wikipedia, the free encyclopedia

The 1972 Summer Olympics were held in Munich, West Germany, 29 events in swimming were
contested. There was a total of 532 participants from 52 countries competing.
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Runner Boris Berian Goes From
McDonald’s Employee to a Symbol of
Athletes’ Rights

An600.mts e, B o il embrfed n gl
et he e apare e, ik whe e st
change gonors

Vashti Cunningham, Daughter of an NFL.

Improvisor, Is Raising the Bar

‘The 18-yesr-old Cusningham, the offsprin of the ormer NEL.
qarterback Randall Cusningham, will compete a the Rio Olympics
in he high jomp.

oRTs sREFNG

Russia Appeals Doping Ban to International Sports Court

“The appesl will b hes by the Courtof Arbiction for Sport on July 19. The Russian
Olympic Commite s it would exten the deadlin fo application o the Olympics i it
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Motivation

Motivation

Definition: Event

“Something that happens at a given
place and time between a group of
actors.” [CSGT02]
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Motivation

Motivation

Definition: Event

“Something that happens at a given
place and time between a group of
actors.” [CSGT02]

For large document collections,
how can we...

e obtain events from unstructured text?
o identify connections across documents?

e support ad-hoc event search?
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LOAD Network

Graph Extraction from Unstructured Text
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LOAD Network

Graph Extraction from Unstructured Text
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LOAD Network

Graph Extraction from Unstructured Text
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LOAD Network

Graph Extraction from Unstructured Text

Organizations Actors
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LOAD Network

Graph Extraction from Unstructured Text

Organizations Actors

[SG16]
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LOAD Network

Edge Weight Generation

For edges (z,y) for which y is a page or

e N/ N —— sentence, count only (co-) occurrences:
e S

1 if y contains x

w(x,y) = ]
() 0 otherwise

Organizations Actors

[SG16]
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LOAD Network

Edge Weight Generation

For edges (x,y) for which y is a page or
///-\ sentence, count only (co-) occurrences:
ot @: 1 if y contains x

‘ ‘ w(x,y) =

T}
,,/
v
5
@
13
I
/
LA—

0 otherwise

|
23N
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|

\
\ |
e s
Locations ‘IQ%\' m Dates
\\‘_—// \\ //

gt setos For edges (z,y) between entity types
and terms, aggregate co-occurrence

S i instances I: sum over similarities

R — derived from sentence distances s.

ALLAALALAN AAAMALAL) AL JALAAMAAALAY soL

e w(a:,y) = Zexp(—s(m,y,i))

e — il

[SG16]
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Applications

LOADing Wikipedia

For the entire English Wikipedia
(~ 4.5M articles with annotations):

e use only unstructured text.
e exclude pages of lists. NOC
e exclude info boxes.

e exclude references.

Extract named entities with:

e Stanford NER for locations,
organizations and actors [FGMO05]

o Heideltime for dates [SG13]
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Applications

Wikipedia LOAD Graph

edges LOC ORG ACT DAT TER SEN PAG

LOC 0

ORG 91 0

ACT 276 106 0

DAT 83 46 128 0

TER 183 94 317 57 0

SEN 71 21 84 38 412 0

PAG 0 0 0 0 0 54 0

nodes 2.7 3.4 7.1 0.2 4.9 535 4.5

Number of edges and nodes (in millions) of the LOAD graph of the
English Wikipedia. ~ 2B edges and ~ 76M nodes in total.
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Applications

Single Entity Queries

How can we rank nodes in one set Y by their neighbours in set X7
Adapt tf-idf scores to the graph [RV13]:

e Term frequency: e Inverse document frequency:
edge weights number of nelghbours
df () g
tf(ma y) ~ w(ma y) ¢ degy ()
Y]
r(z,y) ~w(x,y)log —————
(z,y) = w(z,y)log degy (@)
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Applications

Single Entity Queries

How can we rank nodes in one set Y by their neighbours in set X7
Adapt tf-idf scores to the graph [RV13]:

e Term frequency: e Inverse document frequency:
edge weights number of nelghbours
jdf () ~ -1
tf(may) ~ W(l‘,y) ¢ f( degy ()
Y]
r(z,y) ~w(x,y)log —————
(z,y) = w(z,y)log degy (@)
(LOC : (ACT,Mark Spitz))
location score
munich 1.00000 . .
U 0.70651 Query: (Y : (X, value))
states 0.49010

united states 0.46918
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Applications

Multi-Entity Queries

How can we rank nodes in Y by neighbours in multiple sets X"?
Combine individual set scores:

r(Z,y) == %n(f, y) Zr(ﬂci,y)

n
=1
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Applications

Multi-Entity Queries

How can we rank nodes in Y by neighbours in multiple sets X"?
Combine individual set scores:

’I“(:E, y) = %77(571/) T(l‘i,y)

n
=1

Ensure triangular cohesion when combining results:

a Loif 3000 2 oss Mya, Mya; > 1
n(7,y) == .
0 otherwise

Where M is the adjacency matrix of the graph.
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Applications

Summarization: Sentence Queries

How can sentences in S be used to describe combinations of
entities in X™7?

Find a sentence that contains them:

r(Z,s) == Z M,
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Applications

Summarization: Sentence Queries

How can sentences in S be used to describe combinations of
entities in X™7?

Find a sentence that contains them:

(SEN : (ACT, Mark Spitz))

Mark Spitz of the United States had a spectacular run, lining
up for seven events, winning seven Olympic titles and setting
seven world records.

11 of 49
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Applications

Entity Linking: Document Queries

Since we created the LOAD graph from Wikipedia, can we link
entities in X™ to pages P?

Use sentences to find the page that contains them most frequently:

n
r(Z,p) = Z Z Mg, M),

seS i=1
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Applications

Entity Linking: Document Queries

Since we created the LOAD graph from Wikipedia, can we link
entities in X™ to pages P?

Use sentences to find the page that contains them most frequently:

n
r(Z,p) = Z Z Mg, M),

seS i=1

(PAG : (ACT, Mark Spitz))

Wiki page ID 66265: Mark Spitz
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Applications

Sentence and Document Queries

(SEN : (ACT, Mark Spitz))

Mark Spitz of the United States had a spectacular run, lining
up for seven events, winning seven Olympic titles and setting
seven world records.
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Applications

Sentence and Document Queries

(SEN : (ACT, Mark Spitz))

Mark Spitz of the United States had a spectacular run, lining
up for seven events, winning seven Olympic titles and setting
seven world records.

(PAG : (ACT, Mark Spitz))

Wiki page ID 66265: Mark Spitz

Extraction and Applications of Implicit Networks from Unstructured Text Andreas Spitz 13 of 49



Applications

Event Extraction and Completion

Intuition:
e Events correspond to triangular
structures in the network
o Participating entities can be used to
complete events
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Applications

Query Answering Speed

Query Execution Time

avg processing time in ms

)
1 5 10 15 20
number of query entities

query type —= entities sentences —*— pages

Asymptotic complexity of entity queries: O(degx (y) degy (x))
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Applications

Historic Event Evaluation Data

Evaluation data set from a “This Day in History” website
e old enough to not contain
Wikipedia data
e exactly one date per sentence t:\:—,;emi,._..,_,,l@y_,x

e 500 hand-annotated
historic events

(wounded)

e example: Ernest Hemingway,
Red Cross volunteer, wounded
in Italy on 1918-07-08.

[SG16]
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Applications

Evaluation on Historic Event Data

Retrieving Dates of Historic Events

o
w
1

o
N
1

o©
[
1

fraction of included dates

0.0
T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100
maximum rank

method

— LOADTsq
LOADsq

-— LOAD

- - BASEw

Extraction and Applications of Implicit Networks from tructured Text Andreas Spitz

17 of 49



Applications

LOAD Network: Summary

The Good:
e fast entity and event exploration
e can support most entity-related IE tasks
e can be extended to any kind of entity

e scalable and parallelizable
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Applications

LOAD Network: Summary

The Good:
fast entity and event exploration

e can support most entity-related IE tasks

e can be extended to any kind of entity

scalable and parallelizable

The Bad (i.e. ongoing work):
e no streaming data support (yet)
e entity triangles # events: requires filtering
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Applications

LOAD Network: Summary

The Good:
fast entity and event exploration

e can support most entity-related IE tasks

e can be extended to any kind of entity

scalable and parallelizable

The Bad (i.e. ongoing work):
e no streaming data support (yet)
e entity triangles # events: requires filtering

The Ugly:
e strong dependence on quality of NER

Extraction and Applications of Implicit Networks from Unstructured Text Andreas Spitz 18 of 49



KB Support

Adding Knowledge Base Support: Wikidata

label rank value identifier

San Francisco Q62

coordinate location § 37°46'0"N, 122°26'0"W
» 1 reference

population £ 805,235

point in time 1 April 2010

» 1 reference

| I
property statement qualifier
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KB Support

Named Entity Extraction in Wikipedia & Wikidata

Los Angeles
:‘*‘ « Los Angeles, Callfornia
AN 2 Article Talk
Wi o
N £
i 1984 Summer Olympics
WIKIPEDIA
he Free Encyclopedia From Wikipedia, the free encfclopedia roundd n e ides by s €3chg 9

Main page
Contents

Featured content
Current events
Random article
Donate to Wikipedia

WIKIDATA

to bid due to the concurrent Iranian political and social chapdes,

Wikipedia store the 10C awarded Los Angeles the Games [ Tepra, €~
second occasion Los Angeles hosted the  romwiesss e es encyciopass [rrpryr——
Interaction N
hosted in 1932. Forotheruses,see
Help ‘Tehran @ pronunciaton ges e Persian: b - Tehrdn) s i
the capial of ran and Tehran Povince. With a population of .
around 9 millon n the ciy and 16 milion n the wider =
metopotan area, Tehran s th largest ity and urban ara
‘of Iran, the second largest city in Western Asia, and the 3rd. olep ypulic- Tabme Molrnpalle

largest inthe Midde East. I i ranked 29th inthe world by the
populaton of its metrapolitan area "]

In the Classical ra, partof the present.day city of Tehran was
occupied by a Median city which in the Avesta occurs a5
'Ahaga 711t was destroyed by the Mongals n the early 13th
century, and remains now s cityin Tehran Province, located
towards the south end of the moderr-day cty of Tehran,
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KB Support

Wikidata Challenges: Location, Location, Location

Coverage comparison of populated places in GeoNames (yellow)
and human settlements in Wikidata (red).

[SDR*16]
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KB Support

Wikidata Challenges: Organizational Issues

(Q43229)

organization

Subclasses of organization (Q43229)

e overlap with locations
(company headquearters)

fraternity (Q996839) |

neighbourhood (Q123765) |

religion (Q9174) |

L| Buddhism (Q748) |

Buddhism in {(country)

prison (Q40357) |

e overlap with persons
(small architecture and law firms)

e form a complicated hierarchy
that is difficult to clean

cultural institution (Q5193377) |

L| art institution  (Q20897549) |

art school (Q383092)

[SDR*16]
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KB Support

Wikidata Challenges: Actors Acting Up

fictitious entity
(Q14897293)

P279: subclass of

person

fictional character
[{ (Q215627)

Q95074) P1074: fictional analog

P279: subclass of

fictional animal character fictional humanoid

(Q3542731) (Q6619679) P279: subclass of

P279: subclass of

fictional human

human
(Q15632617) Q5

P1074: fictional analog

[SDR*16]

t Networks from Unstructured Text Andreas Spitz 23 of 49



KB Support

Wikidata Challenges: In Times Gone By

former entity (Q15893266)

Subclasses of former entity:

destroyed settlement (Q22674930) |

e discretize time

ghost town (Q74047) |

e hard-code temporal information

former country (Q3024240) |
L| empire (Q48349) |

L| Arab Caliphate  (Q12297902) |

e create classes that are
perpetually in the past

former municipality (Q19730508) |

L' former municipality of (country) |

[SDR*16]
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KB Support

Summary: Wikidata Supported NER in Wikipedia

Challenges:

complicated, evolving hierarchies

hard-coded, discretized information

achieving full coverage in NER is difficult

limited to Wikipedia as a source of text

Benefits:
e easy entity extraction
e easy entity linking

e creates a language-agnostic LOAD network from Wikipedia
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Location Network

Location Subnetwork

Pages

Sentences

Locations o /o
8 g T8\
\ 7 \_® 4
\\_// \\_//
Organizations Actors

[SGG16, GSSG15]
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Location Network

Graph Extraction from Text

EPREVHIIVRYWEN] [y W Eewee
AL AR o) DAL
00 DUAAALAALAAAN AR DAL A
AL DA AR DAL
[ B oo o
AL DR AR DAL
00 DALY DAk

AL AR A DAL
AL AR A DAL
s s E ]
AL AR A DAL
AL AR A DAL
00 DUAAALAALAAAN AR DAL A
AL AR A DAL
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Location Network

Graph Extraction from Text

EPREVHIIVRYWEN] [y W Eewee
AL AR o) DAL
00 DUAAALAALAAAN AR DAL A
AL DA AR DAL

O - PPN

ervrsmremmesd OO
BUTIRUTISTISVINVINVI RS SVISTY)

o ek St S ——
o i) o
s st s [ €]
B
b i) S o

AR DAMAMAAAAAN DA DAL  Dhkid
AR X AR JARAAS DAIAA AL AL

s(v,w) := distance in sentences between toponyms v and w

d(v,w) := exp <_w)
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Location Network

Graph Extraction from Text

20 DAL JAAARS DAY DA
DUAUAUARAN JAMA  JAAAAR DAL AL
) QALY DA AN DA

SAALAALAN DALY AN DAL d(A,B,i) u
U DALY JUAA) DA Al /
DA DA ] A >

AN DALY 0k n

d(A,C,i)

ko Sk Sk ks
A Sk S bk

[N oy <o NV aech <]
O iracwrv N
Ak Stk Sk bk
S Ak Do) Aakash o) Dok

s(v,w) := distance in sentences between toponyms v and w

d(v,w) := exp <_w)
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Location Network

Edge Aggregation

instances i
d(A,B,i) 1 2 3 4 5 6
/ d(ACH G — Aldy|d;[d;[dy|ds| O
d;|dy,| 0| 0|0 [dg
d(B.Ci) C 0|0 |dy|ds|ds|dg
dicos

Distance-based cosine for nodes v and w:

2 d'( )d‘(w) s
\/Z d \/Z d : dicos(A,C)

dicos(B,C)

dicos(v,w) =
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Location Network

Nonreciprocal Relationships

Dirk Beyer, Wikimedia Commons
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Location Network

Inducing Edge Directions

dicos(A,C) — / w (CA)
o4

dicos(A,B)

dicos(B,C)
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Location Network

Inducing Edge Directions

dicos(A,C) — / w (CA)
o4

Normalize weights of outgoing edges:

dicos(A,B)

dicos(B,C)

dicos(v,w)

w(v = w) = > ey dicos(v, x)
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Location Network

Network Overview

Network statistics:

\4 |E| density  clustering coefficient
723,779 178,890,238 6.8-10 7 0.56
Node types:
Location types:
@ continent @ country
. river O city
. mountain range . POI
. mountain . other
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Location Network

Network Overview

Network statistics:

V] |E| density  clustering coefficient
723,779 178,890,238 6.8-10 1 0.56
Node types: Wikidata location hierarchy:
Location types: continent
@ continent @ country
. river O city
g 8%
city
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Network Properties

Location Network

% of remaining edges clustering coefficient
100 - P
09+ ¢ /‘ée
75 b}
N 0.8+ P
B o,
50 Y 0.7 -
LY [ -

g 254 %k 0.6+ S
] o N
€ 0.5
b= number of components assortativity
o
z 087 phm
S >

60000 - § of.
= osf |/ A,

40000 - ~ 044 ¢ -

S 5 N ——
20000 4 3 029 .
0d = 009 |
1 1 1 1 1 1 1 1 1 1 1 1
0.0000 0.0005 0.0010 0.0015 0.0020 0.0025 0.0000 0.0005 0.0010 0.0015 0.0020 0.0025

Networks from

dicos threshold

structured Text

Andreas Spitz
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Location Network

Network Centrality

H H

City Cdeg Cindeg Cdeg Cindeg
Paris 63,150 89.87 8,064 7.56
New York City 79,398 71.74 9,294 1212
Chicago 54,217 51.84 8,074 7.70
Los Angeles 49,961 51.47 7,276 7.76
Washington, D.C. 62,858 51.05 8,138 8.65
Boston 45,895 50.43 6,121 6.08
Philadelphia 51,237 45.19 6,372 5.03
Vienna 35,724 4455 4827 7.44
Moscow 29,026 43.77 4,644 19.47
San Francisco 43,759  40.87 6,029 4.76

Network between the top 10 European cities by in-degree centrality.
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Location Network

Centrality-Based Hierarchy Classification

precision

recall

Classification into classes country and city based on centrality.

centrality
-— Cdeg

H
o Cdeg
—_— Cindeg

H
Cindeg
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Location Network

Geographically Embedded Network

e
7
<
O
O‘i £ Legend
<& & < city
connection strength
0.007 -0.015
— 0.015-0.030
— 0.030-0.045
— 0.045-1.000
o
<\//f> o
<

35 of 49

Extraction and Applications of Implicit Networks from Unstructured Text Andreas Spitz



Location Network

Disambiguation Problem

9

?{’\

Locations of towns and cities with the name Heidelberg.

9
9

Extraction and Applications of Implicit Networks from Unstructured Text
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Location Network

Network-based Toponym Disambiguation

SOOI .y EVVO Given a document with toponyms, the
s following information is available:

) ARAAAALA  DUALAR) DUAAARAL D AAlAA

o[ Eoponym ] sy s e a set of locations L in the network
T i e aset of seeds S C L in the
O document (unambiguous toponyms)

20 DAL WMM
UALARAAAN DAL DAL JAAALARAALAL

LA ALY Ak M e an ambiguous toponym ¢ in the
" . . document with candidates [ € L

IUAAARAAAN DAAAAMAL  JARAA JARAAIARAALAN
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Location Network

Network-based Toponym Disambiguation

SOOI .y EVVO Given a document with toponyms, the
s following information is available:

- EOPORYM | sstas dtastan s e a set of locations L in the network
PUTIEVIEVISVTRUYTEVIUVURR SVTUVTR WYTETVEVVSVIEVY)
s i e aset of seeds S C L in the
OO = | document (unambiguous toponyms)

- e an ambiguous toponym ¢ in the

AN DAL DAL DAL

" . . document with candidates [ € L

IUAAARAAAN DAAAAMAL  JARAA JARAAIARAALAN

Resolve toponyms by their neighbourhood in the network:

resolve(t) := arg max Z w(l,s)
leL scS
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Evaluation on AIDA CoNLL-YAGO data set

Precision in % mean distance in km
all  seeds ambig. all seeds ambig.

WLND | 85.7 86.0 85.6 | 327.5 5229 179.1
AIDA 849 86.0 83.2 | 1204 87.7 1423
Bprsr | 81.6  86.0 78.5 | 683.1 5229 800.8
Bviv | 814 86.0 78.8 | 650.9 5229 745.0

WLDN  Wikipedia Location Network disambiguation
AIDA  AIDA named entity disambiguation

Bprsr Baseline using minimum geographic distance
Byrn  Baseline using lowest Wikidata ID
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Location Network

Location Network Summary

Refined method for implicit network extraction:

e improves the weighting scheme (dicos),

includes direction for edges,

supports disambiguation and entity linking,

e is language-agnostic and supports alternative spellings
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Social Network

Social Subnetwork

Pages

Sentences

Ve N
/® e \)
\ [ 2 e
N ®
\\_’ - \\_//
Dates

i o
Locations ey ¢
\
N 7

~——

Organizations Actors

[GSG15)
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Social Network

(Un-) Availability of Social Network Data

tw\\:‘ﬂefé i\\'*'-"‘r =

" &j Like

M‘@ \Ie\p - “hl!\l’
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Social Network

Wikipedia Social Network: Topology

probability

cumulative distribution

\ no threshold
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Social Network

Wikipedia Social Network: Me

€O —occurrence dicos
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Social Network

Summary Social Network

Benefits of an implicit social network from Wikipedia:
e large-scale social network based on real persons
e entity linking adds personal information

e stand-in data set for unavailable online social networks
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Temporal Network

Temporal Subnetwork

Pages

Sentences

Organizations Actors

[SSBG15]
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Temporal Network

Date Similarity: U.S. Elections Days

Date similarities:

e can we recognize dates
with similar content?

Example: U.S. Election days

e Always on the Tuesday
after the first Monday in !
November

e Every four years:
presidential Election Day
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Temporal Network

Predicting U.S. Elections Days

Model: bipartite graph

o N\
// \
\

I
. |
|
| ]
\ /
&7 </

Dates Terms

Prediction:
e Collaborative Filtering

o For example: cosine
similarity of adjacencies
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Temporal Network

Predicting U.S. Elections Days

. . 06-
Model: bipartite graph
§o05-

P N — N 'é

I/ \ Zo4-
\
I | 03
| | i 20 20 60 80 100
| | k
\ / electionday  — presidential — general
& </

1.0-

Dates Terms

Prediction: 0s-

AUC

e Collaborative Filtering

e For example: cosine
similarity of adjacencies

i
13‘50 ldOO 19‘50 2000
year

electionday - general * presidential
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Summary: Implicit Textual Networks

LOAD network:
e fast entity and event exploration
e can support most entity-related IE tasks
e can be extended to any kind of entity
e scalable and fast

e language-agnostic with entity linking

Entity-based subnetworks of LOAD:
e flexible selection / extraction for individual tasks

e allow more involved weighting (edge direction, dicos)
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Summary: Implicit Textual Networks

LOAD network:
e fast entity and event exploration
e can support most entity-related IE tasks
e can be extended to any kind of entity
e scalable and fast

e language-agnostic with entity linking

Entity-based subnetworks of LOAD:
e flexible selection / extraction for individual tasks

e allow more involved weighting (edge direction, dicos)

LOAD your data for entity-based analyses.
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Available for download:
Wikipedia LOAD networks

Social and location subnetworks

Code for generating LOAD networks

Code for LOAD query interface

http://dbs.ifi.uni-heidelberg.de/index.php?id=1load
http://dbs.ifi.uni-heidelberg.de/index.php?id=data
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Available for download:
Wikipedia LOAD networks

Social and location subnetworks

Code for generating LOAD networks

Code for LOAD query interface

http://dbs.ifi.uni-heidelberg.de/index.php?id=1load
http://dbs.ifi.uni-heidelberg.de/index.php?id=data

questions > answers
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