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Motivation

e Growth of Social Media
- User-Generated Content (UGC)

- Information Overload

e “Credibility” models can help to identify useful
information. They can leverage historical and
current information available through social
web APIs

But... Indicators of credibility vary across
contexts. There is a need for more adaptive
models.




What is Credibility?

Broad use, many different definitions:

Social (Golbeck, Ziegler), Cognitive (Gray, Todorov),
Computational (Marsh, Josang), Psychological
(Dellorcas, Erikson)

A degree of believability that can be assigned to a
tweet about a target topic, i.e.: an indication that
the tweet contains believable information.

Message-level
Credibility

The expected believability imparted on a user as a
result of their standing in the social network, based
on any and all available metadata.

Social
Credibility
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Examples

Useless / Nonsensical Tweets
- “yo yo yo, looky here!l”
Spam Tweets

-  ‘Have you heard millions of people are making $5k+/Mo from home?
heres how...t.co/blah’

Credible / Newsworthy Tweets
-  Great keynote by Todorov at #SocialCom2012 in #Amsterdam

-  #LADodgers commentator #vinscully back for another season!

Personal / Conversational

-  @anTusail: thanks for the info!




Related Work - credivility Evaluation

Supervised Semi-supervised Clustering
Classification-

based Kang et al. 2012 Bian et al., 2009 Yin Gupta et al., 2011
Castillo et al., 2011 & Tan, 2011 Canini et al., 2011

Graph Models Agichtein et al., 2008

S":\"a”ty'based Juffinger et al. 2009, O’'Donovan 2005
pproaches

Gan[:]eTheory Ghosh & McAfee, 2011
odels




Credibility Models
Social A NP

Topic-Social

Model Utility Credibility
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Social
Credibily —— 12"

Numeric Indicators Binary Indicators

Positive Sentiment Factor Is Only Urls
COntent Negative Sentiment Factor Is a Retweet

Sentiment Polarit Has a Question Mark
Model y Q

Number of intensifiers Has an Exclamation Mark

Age of Profile Has multiple Questions/
Number of popular topic-specific terms Has a positive emoticon
Number of Uppercase Chars Has a negative emoticon




Number of Followings

Initial Experiments (Kang "12)

= Suspicious

Fo/Fe Ratio
(too few
followers)

Cold Start /
New and

— IrregularUsers

Social model outperforms content-based and hybrid model

Approximately 88.5% accuracy predicting manually labeled
tweets using J48 Learner using our Social Model

However, results varied greatly across different topics.

Average Credibility Score
Low Credibility Zone.
(Many followings
indicates a automated
agent)

Celebrity Zone.
(Following a normal
range, but with many
followers)

Average Credibility Score (Ground Truth)

1000 10000 100000 1x10° 1x107 : : ; : ; : :
Number of Followers - - 9-80  80-150 150-500 500-1500 1.5K-2.5K 25K-10K 10K-100K 100K-7M

Number of Followers (Range)



Research Questions

® How are the features that indicate credibility
distributed in Twitter?

How and why do they vary across different
contexts?

How do we use knowledge of feature
distribution to create more adaptive, better
performing credibility-based information
filters?
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The Twitter Graph

Ui's Following (Friends)

e Follower Group

- the people who \ /

receive my Twitter Qo—'
updates

e Following Group d \

- the people I follow @
(their Twitter updates

U/’s Followers

appear in my personal
timeline)




The Twitter Graph

Ui's Following (Friends)

e Follower Group ,&l

- the people who VA
receive my Iwitter &

updates

//

e Following Group @ ,f

- the people I follow
(their Twitter updates
appear in my personal
timeline)

U/’s Followers




Slicing the TW|tter Graph

Tweeter Age %
~ Composition

Market Share of Publishing Tools

Clasis

Description

# of Contexts

Diverse Topics

Diverse topics in Twiter;
eg: #Romney #Facebook

8 different topics
(see Table II)

Credibility

Manually provided assess-
ments of tweets

Credible or non
credible

Chain length

Mined retweet chains and
classified based on length

Long or short

Dyadic pairs

Mined interpersonal inter-
action and classified

Dyadic or not
dyadic




Feature Sets

hree classes of features were used: Social, Content-
based and Behavioral/Dynamic.




Feature Sets

Content-based
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Feature Sets

Behavioral / Dynamic

Name

%

Present

Average
score

Class

average balance of conversation

100.00

0.32

Behavioral

average number of friends in time-
line

100.00

2086.28

Behavioral

average spacing between statuses
in seconds in timeline

100.00

21959.07

Behavioral

average text length in timeline

100.00

104.52

Behavioral

average general response time

100.00

3.27

Behavioral

average number of messages per
conversation

100.00

4.34

Behavioral

average trust value in conversation

100.00

0.10

Behavioral

fraction of statuses in timeline that
are retweets

100.00

0.55

Behavioral
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Crawling Strategy

twitter \,‘ All Tweets from

Uxoutside of
All Tweets in x : Tx Topic x: U(T)

E@"'El -

NP
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All Users :

Un

All Followers Fe (Un) All Followings Fo (Un)




Segmenting based on Credib

Crawler System

Tweets and Metadata

User Survey

Annotated Tweets

Credibility Modeling

Credibility Scores

Accuracy Analysis

Survey 'Trust Modeling in Microblogs'
University of California, Santa Barbara
Department of Computer Science
FourEyes Lab, http:/ilab.cs.ucsb.edu

INSTRUCTIONS

Normal
Tweets
@Mentions

@Replies

Retweets(RT)

Additional Retweet

Information Types of Tweets and Where They Appear

PLEASE DO NOT USE 'Safari' BROWSER. INSTEAD, USE GOOGLE CHROME / FIREFOX / OPERA ETC.

Also, please double make sure ALL GIVEN QUESTIONS ARE ANSWERED before submiting.

Please carefully read the following questions and choose the answer describing you the best.

How frequently do you use Twitter?
1.Idon'tuse it 2. Monthly 3. Weekly 4. Daily 5. Multiple times per day

How familiar are you with the MICROBLOGGING SERVICES such as Twitter?
Unfamiliar Neutral Very Familiar
1 2 3 4 5

Social Model
best performed




Method

® Algorithm used
Use Weka3 toolkit
Train a J48(C4.5) Decision Tree Algorithm
70:30 train-test ratio (both kept separate)
10 Fold Cross Validation




Segmenting based on Topics

Set Core Core F, and F, F, and F,
Name Tweeters Tweets (overlapped) (distinct)

Libya 37K 126K 94M 28M
Superbowl 191K 227K N/A N/A
Romney 226K 705K N/A N/A
Facebook 433K 217K 62M 37M
EnoughlsEnough|| 85K 129K 13M 4M

Egypt 49K 217K 73M 36M
Earthquake 67K 131K I5M SM

TABLE 11
OVERVIEW OF 7 TOPIC-SPECIFIC DATA COLLECTIONS MINED FROM THE
TWITTER STREAMING API.




Segmenting based on Behavior:

Q@
jO-V

* For our experiments, a
“dyadic pair” is a o
conversation between two
twitter users that contains
at least three messages.
Tweets from such
conversations make up the
“dyadic pair” data set.
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Results: Retweet Chains

char ¢

Longer Tweets
and tweets with
URLSs tend to
be retweeted
more frequently
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Results:

retweet

Content Features

sentiment

num_hashtag

num_mention [

ellipsis

question

facebook
romney
love
enoughisenough
Esuperbowl
earthquake
“egypt
Elibya

| | | |
T

0.1 0.2 0.3 04

T T T T T T T T T

Average Occurence Score [0-1]

tweet_type

pronoun

sentiment_pos

uppercase

sentiment_neg

Features Across Topics

| | | |

0.1 0.2 0.3 0.4

T T T T T T T T T T

Average Occurence Score [0-1]




Results: Credibility Distribution

word 7

tweet_type !

|
char

® Analyzed feature roroun |
distribution across ol —
credible and non- sentiment,_pos M
credible sets of sentiment_neg =

retweet M

tweets. —

frown

news

Z

E.g. Long tweets are
usually more credible

% mean(neg)
uppercase

ellipsis £ ® mean(pos)

Content Features

num_hashtag ¢

E.g. Negative contimont |
sentiment occurred aum_mention |
more In tweets that question
were tagged as “not -~
credible”.

smile

0.1 0.2 0.3 0.4 0.5 0.6
Average Occurrence Score [0-1]




Results: Dyadic Pairs

Analyzed sets of word
tweets that were part tweet type NI

of pairwise "I

conversations with at - WWW

IeaSt three messages uppercase [l

. sentiment_pos W
Conversational tweets W

tended to be shorter

num_hashtag (

D%

sentiment_neg % non dyadic

%
News ® dyadic

More use of rotwoot |
uppercase terms in num_mention |
non-conversational sl |
tweets question

Content Features

“
excl

More retweet tags in mie
. 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8
conversational tweets Average Occurrence Score [0-1]




Results: Feature Utility Scores

e (Computed the .
utility of each tweet_type
feature based pm::j:
on occurrence sentiment_pos
across all url
contexts in our .
experiments.

sentiment_neg
frown
retweet

news

Most useful sentiment
features include num_hashtag
tweet length, B
sentiment, url, excl
use Of question
uppercase.
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Results: Per-Topic Features

| | | ® Average Score
Interestingly, less

credibility-indicating Topic(Dataset)
features in the political
data set “#Romney”.

® Analyzed how often
our credibility
indicators occurred in
each of our topic-
based slices.

Credibility indicating
features tended to be
used more In
emergency and unrest
situations.
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L ocation and Devices

e Analysis on the Crawled Data Set shows the
Distribution of Frequent Information Sources and

Topics.

snaptu
tweet button slashgear for ipad
occurences: 119

twitter for &

Word cloud showing origin of tweets in the Libya data set

Trquavis
arresting Stre -
Syria protestorsNAr blocked
exécuted"™

Palestinian-
= Wall Peace‘ '

Ibt

o Blockmqstate h OOd
5 bombing bombed arrs%ted
_Today “Intl

@julieclawson

Word cloud showing distribution of popular terms in the
Libya data set.
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Future Work

Integration of distribution knowledge into
credibility-based filtering algorithms.

Analysis of behavioral patterns for groups of
features (a correlation-based analysis).

Cognitive modeling of users while interacting
with data from different filters.




Conclusion

How are the features that indicate credibility
distributed in Twitter?

Feature distribution changes substantially
across different slices of the network. (Dyadic,
Topic-based, Chain-based segmentations)

How/Why do they vary across different
contexts?

Many influencing factors. For example, strong
indicators tend to occur more frequently in
conversational tweets, and in topics about
emergency or social unrest situations




Thank yout!




Overview of Experimental Framework
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Social Impact

® As of February 2010




