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“In 2008, 57% of all users of
social networks clicked on an ad
and only 11% of those clicks
lead to a purchase”

Limited user profile information
Readily Available Social Network

How to leverage the social
network to help advertizing?
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The “America's Favorite Stains”
campaign, offered on Facebook
by Procter & Gamble, asks for
members' ideas. It recently
displayed 18 submissions.
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not ignored entirely.”

advertising have been watching,

however, and what they see is a myriad of
difficulties in making brand advertising work on
social networking sites. Members of social networks
want to spend time with friends, not brands.

When major brands place banner advertisements
on the side of a member’s home page, they pay
inexpensive prices, but the ads receive little
attention. Seth Goldstein, co-founder of
SocialMedia Networks, an online advertising
company, wrote on his Facebook blog that a banner
ad “is universally disregarded as irrelevant if it’s

When advertisers invite members to come to pages dedicated to their

products, they can attract visitors only by investing in expensive creative
material or old-fashioned promotions like prize contests.



Given:
socilal network information

some actors with identified behavior (labels)
buying interest, topics,
political views
positive/negative response to an event

Output:
Behavior (labels) of other actors within the network



Homophily: Birds of a feather flock together”
Similiarity breeds connections
Behavior correlation between neighboring nodes

Within-Network Classification (Relational Learning)

Markov Assumption
Labels of one node dependent on that of its neighbors

Training --- Build a relational model based on labels of neighbors

Prediction --- Collective inference
Predict the labels of one node
while fixing lables of neighbors



Fail to capture long distance dependency
Can be alleviated by expanding the neighbor set
Impractical due to small-world phenomenon in social networks

Treat connections homogeneously

Heterogeneous relations within the same social network
Alumni
Colleagues
Family
Friends

The connection type information is seldom known in social media
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Training:
Extract latent social dimensions to represent potential affiliations of actors
Build a classifier to select those discriminative dimensions
Prediction:
Predict labels based on one actor’s latent social dimensions
No collective inference is necessary
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Desirable Properties
Informative: indicative of affiliations
Plural: one actor can have multiple affiliations
Continuous: various degree of affiliations

Community Detection

Find clustering that members within one group interact more
frequently

Prefer soft clustering to avoid randomness

Modularity maximization is selected to handle power-law
degree distribution in large scale networks.
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Node degrees in large-scale networks follow power law distribution

Most existing community detection methods do not consider this
pattern

Modularity : A measure that compares the within group interaction
with uniform random graph with the same node degree distribution

Modularity matrix
Equivalently,

Soft clustering corresponds to the top eigenvectors of B.
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Networks in social media are noisy and heterogeneous

SocDim outperforms other relational learning methods
via capturing the potential affiliations of actors

No collective inference is necessary
Can be combined with other content, profile features



Social dimension extraction in multi-dimensional

networks where users involve in a variety of activities

preliminary result published in workshop on analysis of dynamic networks
(SDMO09)

Sparse Social Dimension Extraction

Social dimensions in current framework are dense, not scalable
due to the memory constraint

Need to develop schemes to extract sparse social dimensions.

Behavior classifier construction with influence patterns
E.g. Submodularity (diminishing returns) of influence



Welcome to visit my homepage for updates:
http://www.public.asu.edu/~Iltang9/
Or Google Lel Tang




ke
Relational Learning via Latent Social Dimensions, KDD 2009

Uncovering Cross-Dimension Group Structures in Multi-Dimensional
Networks, workshop on Analysis of Dynamic Networks, SDM 2009

On Multiple Kernel Learning with Multiple Labels, IJCAI 2009
Large Scale Multi-Label Classification via MetaLabeler, WWW,2009
Community Evolution in Dynamic Multi-mode Networks, KDD 2008

Topic Taxonomy Adaptation for Group Profiling, TKDD, 2008

|dentifying the Influential Bloggers in a Community, WSDM, 2008

Acclimatizing Taxonomic Semantics for Hierarchical Content
Categorization, KDD, 2006



