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ÅSocialNetworks

ÅSocial Bookmarking & Digg Network

ÅImplicit Versus Explicit Networks

ÅComment Mining

ÅContributions

ÅApplications

ÅDigg Dataset Description



Social Networks
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άΦΦ ŘŜŦƛƴŜŘ ōŜǘǿŜŜƴ ǇŜǊǎƻƴǎ ƻǊ ƎǊƻǳǇǎ ƻŦ ǇŜǊǎƻƴǎ 
with some pattern of interactions or connections 

ŀƳƻƴƎǎǘ ǘƘŜƳΦέ

EXAMPLES:

ÅFriend-to-friend Networks

ÅActor-to-actor Networks

ÅEmailNetworks

ÅBloggerNetworks

ÅReply Networks



Implicit versus Explicit Networks
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Web Forums

ExplicitImplicit

Hybrid

http://wallpapers.free-review.net/r?12
http://images.google.com/imgres?imgurl=http://lawyersusadcdicta.files.wordpress.com/2008/01/enron.jpg&imgrefurl=http://lawyersusadcdicta.wordpress.com/2008/01/page/2/&usg=__hB9rjFiK7wa95Z9C0WA2XEucQTE=&h=358&w=358&sz=20&hl=en&start=1&sig2=GB7aY0u1qsU6EoN2v-Qgpw&um=1&tbnid=KJEJfErOguzozM:&tbnh=121&tbnw=121&prev=/images?q=Enron&hl=en&sa=N&um=1&ei=teEqS8jdJISwMpyRvMII
http://images.google.com/imgres?imgurl=http://www.ctd.northwestern.edu/images/youtube-logo(2).jpg&imgrefurl=http://www.ctd.northwestern.edu/summer/&usg=__CJkClrynyJhhLPBSjbKhgwTe6A4=&h=905&w=1280&sz=56&hl=en&start=3&sig2=UYPEXCLkrpUBZ80gn3Z24Q&um=1&tbnid=JK3T0Bi266AFaM:&tbnh=106&tbnw=150&prev=/images?q=youtube&hl=en&sa=N&um=1&ei=P-IqS56SDovQM_Spgc4I


Social Bookmarking and Digg Network
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ά! ²Ŝō-based service where users can create and store 
links. It is an increasingly popular way to locate, classify, 

ǊŀƴƪΣ ŀƴŘ ǎƘŀǊŜ ƛƴǘŜǊƴŜǘ ǊŜǎƻǳǊŎŜǎέ ςFDLP

ÅDigg®(http://www.digg.com)

ÅTop Ranked

ÅMillions of Links

Å~3 Million Registered Users

http://www.digg.com/


Ranking of social bookmarking services ς
by EBizMBA
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Rank Service Inbound Links Monthly Visitors

1 Twitter 760,750,806 23,579,044

2 Digg 383,598,000 33,433,760

3 Yahoo! Buzz 20,031,000 8,119,906

4 tweetmeme 422,863 18,244,542

5 StumbleUpon 234,000,000 4,418,609

6 Reddit 161,685,000 4,908,990

7 technorati 175,287,000 3,309,174

8 del.icio.us 427,665,000 1,623,083

9 kaboodle 2,600,000 3,941,212

10 Mix 16,005,000 879,108



Social Bookmarking and Digg Network ς
5ƛƎƎΩǎ WŀǊƎƻƴ
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Åstoryςa social bookmark
Åuserςcontributor and/or commenter
Ådiggςpositiverating
Åburyςnegative rating
Ådigg-scoreςpopularity index (# diggs- # buries)
Åcategoryςmain topics
ÅSports, Business, Science, etc.

Åtopicςsub topics
ÅLinux, Elections, Golf, etc.

Åup-scoreςpositive rating for a comment
Ådown-scoreςnegative rating for a comment



Social Bookmarking and Digg Network ς
5ƛƎƎΩǎ WŀǊƎƻƴ
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Social Bookmarking and Digg Network ς
5ƛƎƎΩǎ WŀǊƎƻƴ
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Picture take from Slashdot paper [2]



Comment Mining
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ÅPeople share

Åknowledge, ideas, opinions, and beliefs.

ÅThis leads to

Ådiscussions, arguments, and knowledge sharing.

ÅPatterns of agreement and disagreement

ÅForecasting popularity

Åproduct, person, place, etc.

ÅBrand Management



Contributions
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ÅComment Mining
ÅAnalyzed Comment Threads
ÅUser Characterization - Egonet Analysis

ÅDefined Implicit Social Networks
ÅCo-participation Network
ÅCompared with Reply Network

ÅPredicted Popularity of stories
Å10 hours versus 15 hours versus total time

ÅAttempted Opinion Mining
ÅSentiWordNet

ÅDynamic Network Analysis
ÅTimed Egonets 



Some Applications
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Åά¢ƘŜ 5ƛƎƎ 9ŦŦŜŎǘέ
ÅBeing Slashdottedby the Flash Crowds

ÅBehavior Focused Marketing
ÅOffbeat versus World & Business

ÅEnhancements in Social Bookmarking platform
ÅHomepage worthy links

ÅIdentifying spam

ÅBrand Management
ÅInfluencing Opinions



Digg Dataset Description and Statistics
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Category (topicscount) Stories Users Members Comments/Story

World & Business(5) 7341 133468 84220 252

Technology (11) 7536 117441 48567 135

Offbeat (4) 4715 118446 51111 205

Entertainment (5) 3850 90414 19634 150

Science (3) 4924 82575 14765 113

Lifestyle (6) 4221 93161 16465 143

Gaming (6) 2399 69110 13331 177

Sports (11) 2199 51257 5753 90



Digg Dataset Description and Statistics
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Å8 Categories and 51Topics 

ÅAverage Degree for varying threshold

Å1 => 2414.5, 4 => 114.4, 8 => 26.8

Å37185popular stories

ÅNov 16th, 2007 to Mar 10th, 2009

Å6,188,266comments

Å253,846unique commenters

Å1,204average digg-score

Å~24comments per user on average



Part 2
User Characterization
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ÅDefining DiggImplicit Network

ÅDegree Distribution

ÅEgonet Analysis

ÅUserMembership Analysis



Defining Digg Implicit Network
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Reply 

Network

Co -participation 

Network



Network Properties
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ÅN = |number of nodes|

ÅM = |number of edges|

ÅMC = Maximum Cluster Size
ÅGiant Component

ÅD = Average Degree

ÅAC = Assortativity Coefficient

ÅWCC = Weighted Clustering Coefficient

ÅAverage Path Length

ÅMaximum Distance b/w two Users



Social Network Statistics for Co-participation 
and Reply Network
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Indicator
Slashdot Reply

Network
Digg Reply Network

Digg Co-

participation

Network (4)

Digg Co-

participation

Network (8)

N 80962 188494 253846 253846

M 1052395 3084333 14519792 3397267

N/M 0.077 0.055 0.0046 0.0084

MC 73% 76% 99.9% 99.8%

AC -0.016 0.000103 -0.45 -0.39

D 13 16.363 114.398 26.766

L 3.62(0.7) 3.79(0.72) 2.4(0.56) 2.29(0.48)

MD 10 10 10 6

N - Number of 
nodes

M - Number of 
Edges

MC - Maximum 
Cluster Size

AC - Assortativity
Coefficient

D- Average Degree L - Average path 
Length

MD- Maximum 
Distance b/w two 
users

N/M - Nodes to 
edges ratio



Degree Distribution
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Cumulative 
Distribution 
(CDF) of 
degree/user 
separated 
based on 
category 
membership



Degree Distribution ςcontinued
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Cumulative 
Distribution 
(CDF) for that 
ratio of 
in-category 
degree to the 
overall degree
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CDF for the 
ratio of the in-
topic degree 
to the overall 
degree 
corresponding 
to five 
selected topics 
within the 
eight categories 

Degree Distribution ςcontinued



Egonets
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A one level egonet for 
a user is defined as the 
user, the set of users 
who interact directly 

with the user 
(neighbors), and the 

relationships between 
those users.

Black Edge: same category
Green Edge: different category



Egonets
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(a) World & Business (b) Technology

(c) Offbeat (d) Entertainment

(e) Science (f) Life Style

(g) Gaming (h) Sports



Hierarchical Entropy Distribution: User 
Entropy (X) versus Number of Users (Y)
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ÅWe calculate entropy to 
capture user focus.

ÅFor a user X, if H(X) is the 
entropy, then

where H1 is w.r.t. category, 

and H2 is w.r.t. topic,

where i & j iterate over topics & categories for H1 and H2 respectively,
ϧ Ǉƛ ƛǎ ǘƘŜ ǳǎŜǊΩǎ ōŜƭƻƴƎƛƴƎƴŜǎǎ ǇǊƻōŀōƛƭƛǘȅΦ 



Part 5
Timed Egonets
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ÅTracing Evolution

ÅProcess

ÅExperimental Results



Tracing Evolution 
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Å Full versus limited knowledge of dataset
Å Time bins (e.g. 100 days each)

Å Tracing patterns of user activity
Å Multiple, mutually exclusive egonets per user
Å Influence Factors on Behavior
Å Current Affairs



Timed Egonets - Process
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[u1, cardinality]
[u2, cardinality]
[u3, cardinality]

.

.

.
[u253846, 
cardinality]

Sort By Cardinality

SORTED (DESC)

[u1, cardinality]
[u2, cardinality]
[u3, cardinality]

..
[u253846, 
cardinality]

TOP 15 
ACTIVE USERS

[u1, c1]
[u2, c2]
[u3, c3]

..
[u15, c15]

Complete 
Digg Dataset
37185 Stories

500 Days

From 16th Nov, 07 to 
10th Mar, 2009

Time Bin 1

Time Bin 2

Time Bin 3

Time Bin 4

Time Bin 5

Time Bin 6

Time Bin 7

Time Bin 8

15 users x 8 bins


