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Tagging Widely Adopted in Social Media
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Navigation in Social Tagging Space
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Challenges for Effective Navigation

* Challenge 1: Tag Sparseness
* Challenge 2: Personalization

* Challenge 3: Resource Ranking



Challenge 1: Tag Sparseness

* Many resources are untagged.

Resource Type Amount Untagged

[Abel et al. 2008] URLs, Photos, Publications, etc. >50% (GroupMe!)
[Hu et al. 2010] News Articles >65% (Delicious)

 Many resources have few tagse——_"1 .-

max = 197

mean = 8.68
median =5

* Tag sparseness affects finding
relevant resources.

* Task 1: Tag Prediction

Number of Resources

0 50 100 150
Number of Distinct Tags
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Challenge 2: Personalization

Tag Recommendation
— Target User
— Target Resource web

Ease tagging; But
Low utility without personalization.

— Individual Tagging Preference

Q o

Q internet
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Challenge 3: Resource Ranking

Tag assignments are useful for resource ranking:

— Popularity = number of annotations
— Recency = time of the latest annotation

Tags are assigned at different time.
Temporal profiles are not analyzed.

o
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Time
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Main Contributions

e Study three prediction tasks that address the
current challenges for navigating the social

tagging space.

— Tag Prediction

— Personalized Tag Recommendation
— Trend Discovery

* Propose and develop holistic methods for solving
these prediction tasks.
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Outline

* Motivation
e Studies and Results:

— Personalized Tag Recommendation
— Trend Discovery

* Conclusion
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Tag Prediction Task
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An Example

Nato's cyber defence warriors

By Frank Gardner
Security correspondent, BBC News

Nato officials have told the BBC their computers are under
constant attack from organisations and individuals bent on
trying to hack into their secrets.

The attacks keep coming despite the establishment of a co-ordinated
cyber defence policy with a quick-reaction cyber team on permanent
standby.

The cyber defence policy was set up after a wave of cyber attacks on
Nato member Estonia in 2007, and more recent attacks on Georgia -
so what are they defending against and how do they do it?

Tags on Delicious

security
cyber
cybersecurity
cyberattack
cyberwarfare
nato

otan

sota

u.s.

europe
dossier_otan

bbc 17



Intuitions and Research Questions

* Tags # Content Words
* Tags form topics.

e Research Questions:

— How to solve tag prediction using
topics?

— How to model the topics of tags?

— How to relate the topics of tags to
the target resource?

bbc
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LDAtgg Model Assumptions

Topics for Content Words Topics for Tags
i Correspondence

e e — 1 B

v 4

Word Distribution for Topics Tag Distribution for Topics

cyber 0.3
security 0.3

technology 0.3
security 0.2

A Resource with Known Tags




LDAtgg Approach Overview

Formulation
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Encodes the latent variables and
relationship that generate the
training data.
Model Tag
Inference Prediction
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Tag Prediction using LDAtgg

Word Distribution for Topics Tag Distribution for Topics
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Methods Compared

Assumptions on the

Method Source of Coupling between
Group Candidate Tags | Topics of Tags and
Topics of Words
Words
Content-based . None
tf-idf Words
Conditional
Topic-model-  tagLDA  Tags dependEnaE
based
LDAtgg Tags Correspondence

Our Proposed Method
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Dataset from Delicious

News Articles BBC, CNN, USAToday
Number of Resources 4,493
Average word tokens per resource 344
Average tag tokens per resource 17
Size of word vocabulary 24,322
Size of tag vocabulary 12,468

Data collected during April 2009.

We split the dataset into 5 folds for cross-validation.

24



R-precision and Significance Test for
Tag Prediction Performance

LDAtgg outperforms other methods significantly. N
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R-precision Friedman Test Statistics



Contributions for Study 1

* Proposed LDAtgg Model
— Model topics, tags and words.

— Assume correspondence between the topics of tags
and topics of words.

* Evaluated Tag Prediction
— Online news articles.
— Tags from Delicious.
— LDAtgg outperforms baselines.
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Outline

* Motivation
e Studies and Results:
— Tag Prediction

— Trend Discovery

* Conclusion
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Personal Tagging Preferences

2

web

internet)

web
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Deriving Preference Patterns

P( personal tag | resource tag, user)

Y P(internet|web,u,)

internet) )

U,

P(web|web,u,)
Q>
U,
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Applying Preference Patterns

P(internet | web, u, )

Target Resource Target User
internet
L T .
web d |internet
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When Preference Patterns are Missing...

P(? | cat, u, ) is not seen for the target user.

Target Resource Target User

?
2

u .
web d linternet
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Borrowing Preference Patterns

Intuition:

Borrowed tagging preference patterns can help
recommend more tags to the target user.

internet web 9 linternet

cat kitten
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Finding Like-minded Users

a2 q
o ea
P




Like-minded Users

Assumption:

Users are like-minded if they show similar tagging
preference patterns.

interned®

interne®

kitten (>
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Profiling Users by Preference Patterns

P(social | ,u,)

P(internet| ,Uy)
04
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0.4 /
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Measuring Similarity Between Users

Q Distributional Divergence Q

U, Uq

0.4 0.4

0 0

0.4 0.4
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0 0

36




Methods Compared
_ intuitions

Extract Tagging Leverage Like-minded
Preference Patterns Users
knn v
trans-U v
trans-N v v

\ Our Proposed Method
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Dataset from BibSonomy

FEB 06 ™ JAN Q9 ™ JuLQ9 ~

Time Frame DEc 08 JUN 09 DEc 09
Number of Users 1,185 136 57
Number of Bookmarks 64,120 775 279

e Users in the test set are those

— who appear in both training and validation sets.

— whose tags used in the test are seen in the training set, but
may not be used by themselves.
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Precision-Recall Curve for
Recommendation Performance

Macro-average for All Users
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Contributions for Study 2

Proposed a probabilistic framework. m
— Extract tagging preference patterns. Q

— Find like-minded users. web 0) 1| e
— Borrow tagging preference patterns. | ©/ itten
Evaluated Tag Recommendation £
— Dataset from BibSonomy. Q Q
— trans-N outperforms baselines. Q Q Q
2 o
2
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Outline

* Motivation
e Studies and Results:
— Tag Prediction

— Personalized Tag Recommendation

* Conclusion
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Intuitions

e Tags arrive at different times...
— Tagging captures interest in the annotated resources.
— Tags carry interpretations of the annotators.
- From different aspects of interest.

E.g. Social Media E.g. Education

D o o B e 15D D
[ () (1) (1) (N> (i 1) (M) (11D (1D i (1D (D

Time
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Motivating Questions

Given an annotated resource,
— How trending (amount of interest) are the resources?
— When did the trends emerge?
— How fast was the emergence?
— Which aspect of trends (e.g. topics)?

TR o

C o A A T T N 4

O o O O o o O o O T O O A O O




Research Objectives

Task: Trend Discovery using Social Annotations

Research Questions:

* How to discover emerging trends of the resource
using social annotations?

* How to use the discovered trends to perform
resource ranking tasks?

44



Proposed Trend Discovery Process

1. Topic Modeling: 2. Trend Estimation:

To analyze the multiple aspects  To parameterize the

of interest in the annotation characteristics of emerging
content. trends.

We adopt latent
Dirichlet
allocation (LDA)

Trend
Estimation

Topic
Modeling

45



Social Annotation Profiles (SAP)

Corpus-wise SAP ) o
O O O 4 O 2 (I 1
2 C] O O O R4 (I G O (4 (R O

Time

To slice the corpus-wise SAP by two dimensions.

By Target Resource

Regardless
Rega rdless Resource-specific SAP

By Target Topic
Topic-specific SAP Resource-Topic-specific SAP
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Resource-specific SAP

Resource 1

O 3 O S (4 Ol

Resource 2 time
N

S ————————————————————————
Time

* All tags are assigned to the same resource.
— Regardless of topic.
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Topic-specific SAP

Topic 1
e (i (e (o)

o o

e
Topic 2 Time
I
O, ok Dk Dk Dk ©

R
Time

* All tags are for the same topic.
— Regardless of target resource.
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Resource-Topic-specific SAP

Resource 1, Topic 1
Time
Resource 1, Topic 2
_—
Time
Resource 2, Topic 1
> o) (o
—_—- s -
Time
Resource 2, Topic 2
—_— s
Time
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Social Annotation Time Series (Q)

T T - S - N
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Time

count=2 count=0 count=3 count=2 count=1 count=0

° Q = { (tllz)l(tzlo)l(t3)3)i(t412)1(t511)1(t610) }
* Trend Estimation on Q
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Proposed Trend Estimator

* The Sigmoid Estimator

A A
Q) = 1+ e—o=T)

— amplitude : A =2 how trending

— offset time : T2 when \
— gradient at t=7: ¥A0 = how fast Fit to Data
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Experiments

* Target Resources: Scientific Publications

* Social Annotations Common
: : : Characteristics:
— Social Tags from CiteULike
1. From the
annotators;
DD D D D .
I 5 55 D () i D i D D FD D I® 2. Assigned to
- the target
— Citing Documents from ACM DL oublications;
5 = = 3. Arrive at
= = = = different time.
\ ........ [ [ r— Y . %
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Trend Analysis Tasks

Corpus-wise Trending Topics
Resource-specific Topic Trends

Topic-specific Resource Ranking

Topic-specific SAP

Resource-Topic-specific SAP
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089

027
103

Corpus-wise Trending Topics

acm vldb sigmod
social community

recommender personalization
collaborativefiltering

ir retrieval relevancefeedback

hci interaction interface ui user

Results using CiteULike data.

124.1
62.7

55.2

50.2
44.5

SEp 07
Nov 05
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35.1
18.9
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29.6
11.8
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Resource-specific Topic Trends
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Resource-specific Topic Trends (2)

For Resource: Convex Optimization

Topic ID Topic Keywords tren:?nv; When Hf:::
155  channel capacity 194.5 2008 1378.9
012  optimization problem 91.4 2007 28.7
073  wireless networks 28.6 2007 11.6
145 sensor networks 24.0 2008 190.9
199  noise signal filters 20.5 2008 110.0

Results using ACM DL data. -



Topic-specific Resource Ranking

For Topic 155: channel capacity

How How

Title e When foct Citations
Elements of Information Theory 200.0 2008 1018.6 2410
Convex Optimization 1945 2008 1378.9 1239
e i 146.5 2008 782.5 487
ST 930 2008 5625 242
Matrix Computations (3rd ed.) 43.5 2008 224.2 1121

Results using ACM DL data. -



Contributions for Study 3

* Trend Discovery Process
— Analyze social annotation profiles.
— Characterize emerging trends.
— Perform trend analysis tasks.

* Experiments for Scientific Publications

— Dataset from CiteULike and ACM DL
* Corpus-wise Trending Topics
* Resource-specific Topic Trends
» Topic-specific Resource Ranking
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Outline

* Motivation

* Studies and Results:
— Tag Prediction
— Personalized Tag Recommendation
— Trend Discovery
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Conclusion

e Studies in this dissertation address current
challenges for navigating the social tagging
space:

— Tag prediction addresses tag sparseness for
resources.

— Personalized tag recommendation addresses the
tagging preferences of individual users.

— Trend discovery using social annotations is a novel
task for resource ranking.
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Summary of Contributions

* Tag Prediction
— Model topics, tags and words.
— Assume correspondence.
* Personalized Tag Recommendation

— Extract tagging preference patterns.
— Find like-minded users.

* Trend Discovery
— Analyze temporal profiles.
— Characterize emerging trends.
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Other Publications

Conference Publications:
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Thank you!
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