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MAP of ONLINE COMMUNITIES
AND RELATED POINTS OF INTEREST

GEOGRAPHIC ARERA REPRESENTS
ESTIMATED SIZE OF MEMBERSHIP

ERE BE
Aﬁummm&?ﬂ Ic
DRAGONS

U e (OVTEE

A B
. ANGST

e TR
%\ﬁl &T“"&(Ogs
o h

=5
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 20h of video content uploaded
every minute at YouTube
(2009)

 3,024,780,142 photos in
Flickr @ 11:52, 12 Nov 2008

* 2 million geotagged photos
uploaded each month (2008)

Facebook:

* More than 250 million active
users

* More than 120 million users
log on to Facebook at least
once each day

* More than 1 billion photos
uploaded to the site each
month

flickr:. .o

Home You Organize & Create Contacts Groups

Winner

‘‘‘‘‘

LWERNOLLIT

The winner of the WekKnowlt Grand Travel Challenge
r
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Tags everywhere

tag cloud

Call for

Eapers
IVR2009
Collective
Intelligence
Conference
content popularity
images Invited
Talk vus
Multimedia
Retrieval
Multimedia
Semantics
NEWS object
detection
Ontologies
Patents proceedings

Project Semantic
Multimedia
Semantics social
bookmarking tutorial
video retrieval
WeKnowlt
Workshop
WWW2009

more tags

Search, Describe content, Extract
knowledge

amsterdam aima animals april architecture art australia baby barcelona
bEEEh bearlin beed biﬂhdaj’ pack Dlackandwhite blue boston nridggn bulding bw

california cameraphone .. canada car cat cats chicago
china christmas church city clouds coor concert day ¢ 0O &= england

europe family wsiva norida flower flowers food france
friends w- garden gectsgged GErmany g« graduation graffiti green hawaii
holiday home nengeang house india iretand itﬂij" japan june kids lake landscape
ight lONAON icsangetes MACrO march may M mexico MObIOG meunains
musesm Music NAUre new NEWYOrkK newyorcity newzealand Night NYC
ocean o ange weger PAMS park PArtY people e photo s portrait red

raflacticn fiver roadtrip rock rome SANTTANCISCO schoa scotiand sea seattle sgn Ei{'}"
SNOW spain SPring street SUMMEr = Sunsel taiwan iexss thailand tokyo

toronto LtFAVE! tree trees tHAP uk unfound uban usa VAacation
vancouver washingon Water weddlng white window WINIET work yellow zoo
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Recent

Sort: Relevant

From sonnyhung

From Warm "n...

“”"'._?
-
AP

From { karen }

From dave~

From nrvica
From arny johanns

Interesting

Search Photos Groups People

[ Everyone's Uploads +| apple

M

View: Small

From Hugo...
From Glenn Waters...

From fwumpbungle From Earl - What... From Bald Monk

From nkpix

From nebarnix

From humedini

From jordanmerric...

From fernando780

Full Text | Tags Cnly
Advanced Search

edium Detail Slideshow

e

Z —

From photophilde
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Very low recall

Tags

Fropertyit
Canada
photo
image
digital
urban
Halifax
park
marning
afternoon
night
Pentax K20D

aigma 70-300

garly

sackyille

7

CERTH-ITI Seminars

Thessaloniki, Feb 3



Search Photos Groups People

Full Text | Tags Only
m Advanced Search
Tag Clusters

Sort: Relevant Recent Int = Photos with TE'QE liee nyc, ng'lﬂ}l'ﬂrh and
- 4l manhattan

Small | Medium @ Detail Slideshow _Z

From sennyhung

_E Photos with tags like frult, red and green

Photos with tags like ipod, iphone and music

From jenbradbury

‘|'|
g

El

1
m
L
i
[
o
Mg

From { karen }

By comblnlng mformatlon from many
photos - tags, it seems that we can

Stable patterns
in tagglng systems over time

; —— e e
WSO, ¢ From humedin
From nrvica Fr{:m jordanmerric...

+

; From f&rr'ar'do?BD
From arny johanns

’
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Stable tagging patterns

Froporions of Tag Llse
1310

04 -

0.3

0.3

a ao 1nn a0 am 241 Fo 3m 400 45

\ y
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Contribute to our

understanding of

the world
o Alcatraz

Tags that are “representative”
for a geographical area

1. Clustering of photos

K-means, based on their
location [Kennedy07]

2. Rank each cluster’s tags Bt o

3. Get tags above a certain Representative tags for San
threshold Francisco [Kennedy07/]

’
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Collective Intelligence, PeopleWeb,
Croudsourcing, Wisdom of crouds ...

Collective Intelligence is the Intelligence which emerges
from the collaboration, competition and coordination
among individuals.

283

...an Intelligence greater than the sum of the individuals’
intelligence

7
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| CI and Web 2.0?

» Analyze user-generated
content, such as tags that
are manually assigned to
photos, and its relation to
context over time, space and

e Sources
— Tags
— Content
— Social info
— Time, Location

— Other sources (e.g.
Wikipedia)

5

social connectivity ujjﬂ =% ;*: |
i =

""""""
&

http://www.iyouit.eu
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flickr:

Deutsches Eck from Ehrenbreitstein
Fortress, Koblenz, Germany

by schaengel
= 121 comments  §f 59 faves

Tagged with koblenz, ehrenbreitstein ..
Taken an Movernber 15, 2009, uploaded
Maovernber 17, 2009

& See maore of schaengel photos, or visit

hiz profile.

‘When you're high up on the hill above Koblenz at Ehrenbreitstein Fortress you can get a
great panoramic view of the city and the surrounding area.

N4

{oungefly

User
Profile

7
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8h ot P‘(\?\oe
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Golc et . e
Ve \\(\\6\\\9

Mobile
Networks /
High
Performance
Computing
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Uses the GPS in cellular phones
to gather traffic information,
process it, and distribute it
back to the phones in real
time

online, real-time data
processing

privacy-preservation

data efficiency, i.e. not

requiring excessive cellular

network Mobile Century Project:
http.//traffic.berkeley.edu/mobilecentury.html

q
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Image search - Tourism

eleome, civr2009 | Sign Out | Help

»  Linguistic g e i s e
semi-
structured
sources

— Wikipedia,
Geoplanet
e Statistical

analysis for
ranking

— User Queries
— Flickr tags

L% ’,

Big Ben
123,477 images

:I:?!jf{t?_n_l_fyf - london 02 JPG bikeathon booze up londen uk
i En il 600 x 450 | 68k bmk_in_uk flickr.com
paolotripmaitrap.com

Tate Modern
223 453 images

Hyde Park

Buckingham Palace
251,334 images

barrier in the background lenden uk  wharf in the background lendon uk

To?ve.meondoi brmk_in_uk flickr.com bmk_in_uk flickr.com

Westminster
16,631 images

British Museum
377 596 images
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Generating photo summaries

* Problem formulation: Having identified a tag x as representative of
a cluster, compute a set of photos that are representative for that tag

Tagged Photos

Discover Views

Clustering

Rank Clusters by "Representativeness”

Location Summary
(Representative Photos)

Discarded Views
(Non-representative Photos)

Generating photo summaries for geographic objects in [Kennedy07]

LN

7
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| Quacko8]

DATASET: Divide the
earth’s surface into square
tiles of 200m2

70000 geographic tiles
220000 geotagged photos
from Flickr

After preprocessing,
73000 photos were
assigned to clusters
Manually labeling of 700
clusters

“Oxford Geek nights”

The most commonly B : . ”
Movie premiere Italy

identified event
(single day covered

by a single
photographer)

“Exhibition gallery paris”

7’
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1A 53::.:‘

el i

1 Ol

L A

’

# lmages 222757 |
mize Metadata 1.1 B
mize Features 111 =B
+ Images assignad to clusters T3'236 [QuaCkOS]
# =imilarities computad 217330144
£ Similarities = 0 T51457
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A scientist or member of the
public collects and records data,
photos and videos then sends
this information to a central
web-based database

e.g. to document the presence
of an animal or plant species

that are .representatlve for a EpiCollect: Linking
geographical area Smartphones to Web
_ _ _ Applications for Epidemiology,
Location information — maps Ecology and Community Data
. _ ] Collection, David M.
Citizen scientists Aanensen, Derek M. Huntley,

Edward J. Feil, Fada'a al-Own,
Brian G. Spratt

’
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Research Fields and Issues

o Statistical analysis, machine learning, data mining,
pattern recognition, social network analysis

» Clustering

e Graph theory

» Image, text, video analysis
* Information extraction

» Fusion techniques

e Trust, security, privacy

» Performance, scalability
= speed, storage, power, grids, clouds

5
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Clustering for Social Media

W,
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Clustering Approaches

» Tag-Based
e Content-Based
e Time-based

CERTH-ITI Seminars Thessaloniki, Feb 3




A
P —— B S ——

Upload media
resources

Add metadata

CERTH-ITI Seminars

Proposed system

Data Crawling

Data Preprocessing

Data Representation

rw—
:i

¥

Clustering Module

Repository

o Mwy "".
L E Y
‘ 00

External Resources
- 0. ‘
Wikipedia m

4
‘h

0,..__,“ o
LE Y A

H user
® Tag

> Resource

clusters N.D ND
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Tag-based Clustering (1)

* 1. Vector data model
* Assume n resources and d attribute-tags
* d: a representative set of tags

* A resource representation in vector space (sf) is
based on semantic similarity and tag co-
occurrence between the resource’s tags and the
attribute-tags

* A resource r, is represented by a d-dimensional

vector r, = (sf,,sf,,...,sf))

* All resources can be represented by an n x d
matrix

CERTH-ITI Seminars Thessaloniki, Feb 3




Tag-based Clustering (II)

* 2. Clustering on n (resources, r) x d (attributes) matrix
(K-means, Hierarchical, COBWEB)

55(t;,t,) = w=*SoS(t,,t,) + (1 —w) = SeS(t,,1,)

=y Yy

o0 =) :r = (0.03, 0.2, 0, 0.9)
0,4

Tag co-
occurrence

N

Tag attributes

- Social
Tagging
Systemy—
CERTH-ITI Seminars Thessaloniki, Feb 3

Tennis, Roland
.,hGarros 2005
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e Dataset: 3000 images downloaded from Flickr

e Meaningful subdomains of roadside:

buildings, roof, street, road

(a)

cars, vehicles, race

(b}

people, street, festive

(e

e Different clusters for the ambiguous tag wave, rock:

wave, sea, ocean

wave, person, hand

rocks, stone, rockyside

rock, music, ba

nd

CERTH-ITI Seminars
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Tag & Content-based Clustering

o After performing tag-based clustering, low-level
features of resources are used for cluster refinement

e Qutlier Detection (mahalanobis distance)

» For each resource the following visual descriptors are
extracted:

Scalable Color, s¢

Color Structure, ¢s

Color Layout, cc

Edge Histogram,
Homogenous Texture, #T

* A single image feature vector per each resource is
produced, encompassing all descriptors normalized in
[0,1]

» Feature extraction and distances between image feature
vectors are according to MPEG-7 XM.

Yy 7
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Definition: Cluster Topic, CT, are the tags that have frequency in
cluster’s resources annotation over a threshold T.

Evaluation Metrics

. - |C:nRR(C
Precision  Pr(C;) = i - %) I “
|("j| w B
. IRR(C)N (Y
Reca” R (_Y) — pa—— §o‘5 ......
)= TIRR(C) g
v 2% Pr(C)xR(C;) "

F-Measure F(C;) = Pr(C;)+ R(C))
~J AT

7’
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o9dnseoswl-4

Tag & Content-based Clustering —

Experimental Results

Dataset: 10000 images (with their
tags) downloaded from Flickr

Evaluation: Manual annotation and

use of F-Measure.

L 2xPr(Cy)xR(Cy)
7 Pr(Cy) 4+ R(C))

0,7-

0,6

0,5

O Tag-based

0,41
0,3
0,2]
0,1

0.

clustering

0 Tag & Content-
based
Clustering

K=10 K=20 K=30 Number of

CERTH-ITI Seminars

clusters

F-measure

15

05F

Temus, garros, wimbledon

utkey. country, mstanbul

Rock, music, band, people

Apple, macintosh, mac

France, pans, cty, bulddmge

Bush, president. war, USA
Tree, forest, green, nature
Sea, beacl, sand

Jaguar, car, road
Street, parade, people, festrval

& 7 8 5 10

Clusters
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Dimension 2

®
1,0 seaside
sea
®
St sand-
@ [ ]
heach
05 22 parade tennis
london e 0
2 wimbledon
strest Hkiilding rock
rocks »
0,0+ church UK = =]
city architecture
france driums
paris stone
o forest
A3 wall . shy .
: &
- ® nature
color @ty ee green
| ] T T
1,0 05 0,0 as 10
Dimension 1
(a) w=0.2

Dimension 2

05 ®
seasitle gag
Al wimbledon
0.6 tennis heac"_ﬁ
° )
london  east Seivid
037 ci paracde
“ypgar!s car o
s'ﬂ‘eledt'"g ot K rock
0,0 france a
architecture o
church HEMTEIS stone rocks
-0,34 roof [#]
=Y
wall SKY green e nature
color' T
0,6 tres
T T T T T
-0, 03 0,0 03 06
Dimension 1
(b) w =0.5

Dimension 2

[ ]
wimbledon
06 ;
#tennis
™
uk  [ondon seaside
; sea
0,3 - pars france heach &
city east Sa"d.
s | parade green  "OKS rock
' stone
© drums ngtureg o b
architecture forast
@ church
4 & sky
=83 Phuilding %, Wal
i car® roof tree  color
street
-0.6 T T T T T T T
4 02 00 02 04 05 08
Dimension 1
(c) w=0.8

Attributes Assignment to k=8 clusters,

7/ . weighting factor of semantic similarity against
similarity derived from tag co-occurrence
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Why consider time?

* Motivation

Events, Trends, Changing of user interests

U

Users Tagging Behavior changes over time

U

Time is a fundamental dimension in analysis of
users and tags in a social tagging system
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Many times, a user’s targeted interest is
hidden in the general tagging activity....

User 1 User 2 User 3

UUUUU

......... Z-Z:Z-Z-Z-TZ'Z'Z'.'Z-ZC'Z-Z-

|

1
1
1
1
1
1k
)
1
1
1
1

[=] [=] o [=] [=] [=]
T T T T T
EEEEEEER LN ]

1 I I I
12000 Feb 2000 har 2000 Apr2000 May 2000 Jun 2000 Jul 2000 Aug 2000 Sep 2000
time

1 1 1 1 1
92000 Feb 2000 Mar 2000 Apr 2000 May 2000 Jun 2000 Jul 2000 Aug 2000 Sep 2000
time

D 1 1 =t 1 1 1 1
Jan 2000 Feb 2000 Mar 2000 Apr 2000 May 2000 Jun 2000 Jul 2000 Aug 2000 Sep 2000
tirme

Cars, football, New York, hat,
holidays, horses, trousers,
sea, turkey, fashion fashion, Gucci

animals, elephants,
nature sea, turkey,

bags
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Wiy Mgy

My | i

I Iy
b |ty By
£y | Hyy  Efg

£y Lt wEs

Bl p

Biqp

Step 1: Representation

Step 3: Focus on
time locality

..........f............
l

time information

(u,t)= SemSim(u,t) * InnerProduct(u,t)

Step 4: Combination of segnantic and

: WordNet :
Step 2:"Foclis on
contents
(tags semantics)

) iq
Wy Wi
Wy M

| Wan  Wim
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120 ser 1 200 T T T US‘G'Q T T T Userd
— fashion & related = fashion & related = . fashion & related

: ]
9 7 | g’ 7 g W
g L 7o 1

Ja?m;;mmmc;/gr:émcgu:;;:;’m’...‘;;x;m Jon 2000 Feb 2000 Ner 2000 Apr 2000 w?yéom TN2000 JI2000 Aug 2000 Sep 2000 N0 T2 20 Aor 00 N:yr%:oo 00 S0 A0 S 2m0

(u,t)= SemSim(u,t) * InnerProduct(u,t)
N ’
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Cluster of users»
interested
regularly in
weddings and ~
related tags

Cluster of ~
users

interested in
Olympics and >
related tags
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.\

' Time-aware user/tags clusters
on Flickr (II)

AN
13
>
Tags distribution in a User1’ s tags User2’ s tags
cluster distribution distribution

—— Olympics —related tags

----- » Ancient Greece —related tags
L ’
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[ J ®
Cluster evolution (timestamp 1)
gold dragon
Limis.npst * bgﬁangmms
oz
0254161 @M03 r  arclhine Lncient greek military equipment
azs72e0@Mos 14 % < Rt rg:;m’icﬂm = 10 million photos
» beijing
‘{i-.'l-'* opening ceremony o
stadium l {h
9 DIEZTESEM0Y
]
. ent greek sculpturs
C23ZE525@M00
i . Timestamp 1:%ure-2008
- | Timestamp 2: July, 2008
| Timestamp 3: August 2008
L% 7
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Cluster evolution (timestamp 2)

" birds nest

SHEG5442@MN00

o 7

marathons

actor 8

7 20 % ®cient presk military eguipmEnt
W
T L
hY -

gold dragon

=

E254181@M03
- CRET24R@EM0G

10 millian phatas z o &
9% hedjing olympics 54, i
fantastic R | 8
dodekatheon
athens
ancient jewslleny (-
ancisnt column
o g
" athietics

SIRITEA@MOS

1

stadium

world record

Timestamp 1: June 2008
Timestamp 2: July 2008

Timestamp 3: Auglist 2008
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Cluster evolution (timestamp 3)

T

Qold dragon

Eetor 0 million photos

Biiri=
anciefit greek military eguipment

antastic

Timestamp 1: June 2008
Timestamp 2: July 2008

2 ancient jewsllery
AT
= ancient column
= IIIEEHED%NM &
27
4 todekatheon A back to the roots
athens
2 ir 0005T40EHMN00
g o) % ancient greek pghﬁjr Ta
o
g & & a7
L) 10142204@N03 ancient gresk sculpture
&t
B40ZEISENIE i
X 5
H3I52758@MNIS
& ancient temple
L
i Nuﬂ?@
athilefics
beijing naticnal stadium
s
]
antigua grecia
o,
readia P

7

L Timest 3 7 £ 2008
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Social Media “teacher” of the
machine

W,
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Problems:

Object detection schemes require
region-detail annotations

Manual annotation is laborious and
time consuming

Tagged images

sea, sand

Region-detail annotated

sand, wave, rock,
skv
'S

sand, sky person, sand,
wave, see

Social , Image
information  analysis

[Chatzilari09]

/ A

ions: . Object | |

Solutions; | - Machine D { tors |

Exploit user tagged images from social sites L : ‘petectors |-
like flickr earning e

Combine techniques operating on tag and
visual information space

7’
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Ao o0

Users— User
Communiti es

sand, wave, rock,

see

sea,

L 3

Web resources

person, sand, wave,

Clustering

Image
Group 1

Tag-based
Processing

> Image

Group 2

Image
GroupN

Tag frequency Check

E Img1: sand, wawve, rock, sky

¢ ImgZ: sea, sand

Imga: sand, sky

i Imgd: person, sand wave, see

Segmentation | e,

—,

Positive Examples

Machine

EETEETEED

BT

Negative Examples

> Learning

Visual Feature
Extraction

Object Detection

Model for Sand




SEMSOC, vector space model where
each image is projected onto a space

defined by the most prominent tags

g

#appearances

# appearances
- - -

=3

(=]

cl =) o ch

cd
Objects
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Segmentation & Visual
Descriptors

* Segmentation

— K-means with connectivity constraint
(KMCC)

[Mezaris et al., 2004]

* Visual Descriptors

— MPEG-7 standard

* Dominant Color , Color Layout, Color Structure,
Scalable Color, Edge Histogram, Homogeneous
Texture, Region Shape.
[Bober et al., 2001], [Manjunath et al., 2001].

\ y
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rRegion-based Clustering & Cluster
Selection Region clustering

s s s s . s s s
0 50 100 150 200 250 300 350 400

group

S E—
450

50

< Pick the most populated cluster as
the one representing the most
frequently appearing tag of the

< Perform segmentation and visual feature extraction
from all images in an image group (ldentified by
SEMSOC)

/

% Perform clustering based on
visual features to gather
together regions depicting the
same object

0

0 50 100 150 200 250 300 350 400 450 500

CERTH-ITI Seminars

L s s s s n s n s
0 50 100 150 200 250 300 350 400 450 500
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(a) Sky (b) Sea (c) sand

Setting:

* Visualise the way regions are distributed

among clusters

* Use shape-code (squares) to indicate the
regions of interest and color-code to indicate
a cluster’s rank (largest cluster: red)

ainted red and
erently

* Ideally all squares should berp
all dots should be painted dif

Goal:

* Validate our theoretical claim that the most
populated cluster contains the majority of
regions depicting the object of interest

Conclusions:

* Ourclaim is valid in 5 (i.e., sky, sea, person,
in 2 (i.e.,

vegetation, rock) and not vali
boat, sandS cases

(d) Person

;
H i
i)
]

w E vl
L T et
Paﬁ%
_l;- i ; ;
{e) Boat () Vegetation (g) Rock
. ‘ a6 T red:311
2 o ;.. | black:243
o] -
-1
2] o _
g e
4 H““x_} s _
= -
H‘x‘-\_& d___g_r""’f T
-2 hﬁ‘““-=-:""—-d- -2
4 _4

Vegetation in magnification

7’
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F measure

Manual annotation vs automatic annotation

Observations:

100

B Vanual
I Flickr 10000
[ 1Flickr 3000

Sky Vegetation Sea

Person

* Performance lower than
manually trained
detectors

* Consistent performance
improvement as the
dataset size increases

7’
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Observations: T e e
* In 5 cases the objects were too : ] : :
diversiform to be described by I H I H
the employed feature space (not ;._..._lﬂ_ ,..||..IIL ST ST B S o

even the manual annotations (&) bosy “ 9 ok B chax
performed well) " ] :

 In 5 cases the annotation we got :EI i

rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr

from F”Ckr grou pS Were not (1) cowr () deg (k) face 1) flower
appropriate ] ] : ]
« In 6 cases, our method has E ] "E. ]
failed to select the appropriate o ne "TD— ;._(..._.[L ]'--—-[L
m) 108 n) ep 0) sign (p) water
cluster
* In 5 cases our method worked .ig
We” M ......... o
{q) car (1) grass (=) trea () buildmz

7’
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:
Experimental Resulis - gl SRrRY

MSRC vs Flickr groups SEEEE

Target object: Tree A i

#1 Chaster - mees

0.9 4 #2 Cluster - prass
08 i
07F i
06 ,
% #1 Cluster - mountain with o
g 05 i
S oaf - ;
03F .
02r
#4 Cluster - nodse
01f 1 B el -
0 - I I I m f:';"-'h
Good example: Semantic objects #5 Cluste - condy sky

are correctly assigned to clusters
and the most-populated cluster
corresponds to the target object)

=0 Cluster - water
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F-Measure

Experimental Results -
MSRC vs Flickr groups
Target Object: Sky

09

08

0.7+

06
23 Claster - sky (best performing model)

02} 4 #5 Cluster - nodss

#5§ Cluster - sky (mostly dark)

By

#7 Closter - sky (mostly light)

05

04

03

0.1

0 \\-\\
A A

Bad example: Sky regions are split in
many clusters and the most populated
cluster contains noise regions
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Community Detection




Community Detection in Complex
Networks

e Community Detection: The Problem

* Global vs. Local Community Detection
* Bridge Bounding

» Conclusions - Future Work

o .~ ! \'1. r -
@ T
P
‘l
a
e
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communities context...

o typically ... communities are defined with
reference to some graph (network) which
represents a set of entities / objects (nodes) and
their relations (edges).

... even when there is no explicit graph, one can
infer it, e.q.:
feature vectors = distances >threshold
application - graph

 Given a graph, a community is loosely defined as a
set of nodes that are more densely connected to
each other than to the rest of the graph vertices.
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a simple example ...

inter-community edge
o extremely profound

community structure.

» key-concepts : within-
community nodes, intra-
community edges, inter-
community edges.

intra-community edge

Definition of communities is
; : heavily dependent on graph
. rely dppearing in rea | properties and subgraphs
systems. discovery

L% ’,
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Global vs. Local

» Global: Process the whole graph to derive
a partition into communities
+ Abundant research

+ Good results (community quality, algorithm
efficiency)

* Not practical for huge graphs or for real-time
applications

» Local: Incremental process of the graph
and output communities (streaming)
= Relatively little research
= Great potential for demanding applications
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Bridge Bounding

Algorithm
. . Algorithm 1 LocalCommunityDetection
* Start a Communlty Wlth Require: Seed node s e G = (V. F)
Require: Community mapping go : V — P
a seed _nOde _ Require: Bridge function b : £ — [0.0, 1.0]
 Add neighbouring nodes 1: C.=0

2: Frontier set F' = {s}

as long as they are connected 3 while |F| >0 do {F is non-empty}
4: e — F.pop()
by edges that are not 5 C.—CUle
inter-community (“bridges”). 5 @A
o Stop when it is not possible oo ?ﬁﬁs}hﬁ"” and b(ecn) < Br, then

for all n € N{¢c) such that e, = (e,n) € £ do
10: end if
to add any more nodes. o endd

12: end while
13: P — PUCE.

Basic success factor:

Edge Bridge-ness: The property of an edge to lie between
two communities.

7
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Local bridging of an edge

N(s) AN ()

(est) =1-CF =1-

s, t: endpoints of edge
N(s), N(t): neighbourhoods of s, t
d(s), d(t): degrees of s, t

min[(d(s) — 1), (d(t) — 1)]

012+

B

A
! "'l
L ~'|\

A
1.7
';'lf'

|

0 01 02 03 04 05 06 07

08 09

1

7’
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Local bridging not suitable for scale-free
networks

Solution (partial) 2™ order local bridging.

by (est) = av - br(es sj+[1—ﬂ:

ZbL

B, = 0.17 leaves just 1% of edges as non-bridges.

0=
B, as low as 0.05 leaves 8% of edges az
L
-bri DS ."II \
as non-bridges. . * 5 f
L anoz L II.' |ILI
| ‘ I o= i fu |
i P !
ll am fl (R |
AR
L[| YRR AN Ilr |I ! I al L
J 01 02 03 04 05 05 07 0B D8 1 0 0 02 03 04 05 06 07 08 OE 4 y
(a) by distribution (b) by distribution,_c = 0.7
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Synthetic networks according to method of
Newman and Girvan.

l—C"PAR — {:\' I, Ztots Pout, """t-'a-:'}

(a) pour = 0.01 (b) Pour = 0.08
Change complexity of underlying Change relative sizes of underlying
communities. communities.
Fo NMI I NMI
meut || BE | BB" | GN | BB | BB' | GN swar || BB | BB' | GN [ BB | BB | GN
0.01|[ 100 | 100 [ 100 | 1.0 | 1.0 | 1.0 1.1 | 100 [ 100 [100] 1.0 | 1.0 | 1.0
0.05 4 100 | 100 | 100 | 1.0 1.0 1.0 1.5 100 | 100 | 100 [ 1.0 1.0 1.0
0.1 |[ 100100 | 50 | 1.0 | 1.0 | 0.86 1.6 995 100 [ 100 [ 099 | 1.0 | 1.0
015 100 [ 99 | 50 | 1.0 | .98 | 0.86 1.7 88 | O% | 100 | 0.82 [ 0.96 | 1.0
020f 99 | 74 | 50 | 0.98 | 0.84 | 0.86 1.8 [ 855 9F [ 100|079 (095 | 1.0
0.25) 24 | 24 0 |054]056 |[002| ——[1.0 | 585 87 | 90 [ 068 [0.82 ]| 088 —
] 2.0 | 125] 80 | 82 [ 0.45 | 0.73 | 0.81
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(d) Animals

Computers:

A densely interconnected
community

UM
operating systems. -“?;b.:;“

B
)

S AN
> ‘,‘?\%
Computerlizom
ompy

1 | | ! =
=0 /
o] \ [musket] ||
(Worawar] \\ oo

Y greek mythology K
league of Ancient Greeks
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Future Work for Community
Detection

o Investigate label propagation techniques.

* Application on external memory graphs.

» Possibilities for incremental community detection.

* Application on large dynamic networks (e.g. Social
Tagging Systems)

» Applications on different domains:

» Hybrid image clustering (use of both visual and tag
features)

» Domain-specific clustering, e.g. Points-Of-Interest in
travel applications.

A y,
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WeKnowlIt and CI



Profile of contributor
What to send where,

e n lneatinn_age

Buncefield 2005

Collective®intelligence - the full picture emerges

[U dild TeeUDACK v \\
Determine trustworthiness l / [" ‘

and hub-structures by SNA o)

7’
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Further Issues

* Not all data always available (e.g. User queries, fb)

e Long tail is forgotten (e.g. flu trends in 3" world
countries)

* “"More data, less analysis”,....
» Applications and commercialization
o Efficiency of semantics and analysis

» Real integration
= not just sum of different analysis
= formal framework and approach
" representation

e User interaction - Interfaces

7
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Thank you!

<?xml version="1.0" enc
<rdf:RDF xmins:rd="ht
<rdf.Description rdf.ab
<rdftype rdfresourc
</rdf.Description>
<rdf.Description rdf.e
<rdfiype rdf-resour
</rdf.Description>
<rdf.Description rdf,
<ns0:depicts xmins TS0 P T WYvWemmgm— e
</rdf.Description> S —
<ndf.Descnption rdf:about="http:/Mww.iti.grlontologies/INSTANCES#Sky (">

mt—ou}

CERTH-ITI Seminars

HICAL-OBJ

Fesource="htt
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