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Like vs. Recommendation

= LIKE: Human-initiated endorsement
— Eg, | “like” the photo that you posted

Part | >

= Recommendation: Machine-initiated endorsement

— Eg, Amazon “recommends” books that a user may like
— Machine may use human input: digital footprints

VT
M = [ Part Il >
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Part 1: LIKE in Social Media

Dongwon Lee
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Outline
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Predicting LIKEs

Aggregating LIKEs
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Facebook “Like”

PEOPLE

Local/Travel Website

Timeline About Photos Likes More ~

> @ Visit Florence
181,638 likes 22 hrs

in 4Clnroncg ac nart nf X0 ~maonicalbMitcan

This Sunday, May 3rd enjoy free admission to all civic and state museums

"Cunday ot tho Mucoum®
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YouTube “Like”

PSY - GANGNAM STYLE (dHAEIY) MV

H officialpsy
7 2.320.683.632

- . D &
\l, Download + Add to «, Share ese More
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Google+ “+1”

About the +1 button

+1 is how you signal your appreciation for anything that gra-
When you read a post that makes you want to cheer, +1 is y

:

Everything People and pages Communities Googlet+ posts

The Cathedral complex, with the Baptistery and Giotto's
Campanile.

@ Jennifer Manteca

The Basilica di Santa Maria del Fiore - Florence, ltaly
Il Duomo di Firenze by Cosimo Malesci

QUOTE OF THE DAY

Read more

2 comments

n Christina Lihani

Beautiful!

+1 is your laughter; when you see a photo that perfectly cag

Photol
"L N +1's on Google+

When you +1 a post on Google:
+1 -~ i 9
with can see your +1. The creat|
post. If the post was shared wit

circles, they may also see your

To remove your +1, just click th

. Paul P
Thanks +Michael Donnelly Yes, Florence is
great...beautiful city.

@ J. Griffin Stewart

Entrance door to the Duomo in Florence, Italy. Such
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Twitter “Favorites”

I M 1 TWEETS FOLLOWING FOLLOWERS

2,876 182 2,701

Tweets Tweets & replies Photos & videos

I_ Like To Make Stuff

-'44:‘?.0'"‘a:«::':‘a't.f s - | Like To Make Stuff @illketc nakestuf - 21

e e If you see me gl tmakerfaare201 5 ask me for
Q Savannah, GA a sticker!! #iltms #iliketomakestuff

& iliketomakestuff.com
(9 Joined January 2009

319 Photos and videos

LIKE and Recommendation in Social Media WWW?2015 Tutorial 9



Flickr “Favorites”

¥ favorites from around Flickr Yiaw s siideshow
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Reddit “Upvote”

your frOaas

explore

multireddit

new!
create sets
of
subreddits
to view
together.
for

starters,
trv one of

ﬁreddi’t 'hot| new rising controversial top gilded wiki promotedongwon210

subsc...

T

‘subscribed [ any subreddits yet. want some ideas?

it looks like you haven't

[what are you interested in?

trendin gnter a keyword or topic to discover new subreddits around your

/r/Obscl interests. Be specific!
O L ﬂfﬁ*} You can access this tool at any time on the /subreddits/ page.

whlnt's thisi?

-
E ~ submitted 2 hours ago by spklovestheusa to /r/funny
525 comments save hide report

&-ﬁ One of these people is VERY confused right now

O (imgur.com)

submitted 5 hours ago by CoreyTheEpic to /r/gaming
543 comments save hide report

Ecuador May Decriminalize All Illegal Drug Use (thefix.com)
submitted 7 hours ago by burtzev to /r/worldnews
752 comments save hide report

|
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Pinterest “Re-pin”

Search @mtepeéz Add +  About v ﬁ Tesa v

Recipes

o via pinmarklet

gt | Ti Repin s tired.c B Like

¥ Tweet

<>Embed

@ Email

O Report Pin

Peanut Butter Chocolate Marshmallow Bars - Yum!
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Amazon Star Ratings

ama;p'] e Dongwon's Amazon.com Today'sDeals GiftCards Sell Help
V .7.7\;717“,,

Books Advanced Search New Releases Best Sellers The New York Times® Best Sellers Children's Books Textbooks Textbook Re

How to Sharpen Pencils and over one million other books are available for Amazon Kindle. L4

Lok ke ) How to Sharpen Pencils: A Practical & Theoretical
Treatise on the Artisanal Craft of Pencil

HOW TO Sharpening for Writers, Artists, Contractors,
SHARPEN Flange Turners, Anglesmiths, & Civil Servants

PENCILS Paperback — August 27, 2013

e e Author), John Hodgman (Introduction)
A PRACTICAL wad THEORETICAL “ 76 customer reviews
TREATISE an the ARTISANAL CRAFT

of PENCIL SHARPINING

for; o wvivers - Hunge trmers ; A
o wrion « anglesmith See all 3 formats and editions

+ mntrasters elvil survisty

g oo Kindle Hardcover Paperback
$9.99 from $5.52 $12.77
DAV|D REES Read with our free app 20 Used from 35.52 23 Used from $4.14

“The mumbhar ame 07 pencil eharpane

14 New from $55.35 52 New from $7.05
el = Formmirdl Sy

JOHN HODGMAN

A hilarious guide to the lost art of artisanal pencil sharpening
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Values of LIKEs

" Binary: {0, 1}
— Facebook LIKE
— Google+ +1
— Flickr favorite

= Ternary :
— Reddit Votes: {+1, -1, 0}
— YouTube {Like, Dislike, None}

= N-ary
— Amazon book ratings [1..10]

— YouTube “Like” used to be [1..5] (until 2010) then
changed to ternary
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Meanings of LIKEs

= | saw it or | was here

= Preference

= Endorsement of taste/vote
" Fan or advocate

= Agreement

= Subscription

= Self-expression

= Reciprocal relationship
— Eg, you liked my photo, so | like your photo

" An interesting RQ itself |
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Meaning of LIKEs

= Subscription vs. Endorsement

= |IKE should be protected by the First Amendment
right to free speech? [Robbins, 2013]

U.S. Edition v
News Video TV Opinions More...

U.S. World Politics Tech Health Entertainment Living Travel Money Sports

# YOU’RE HERE TO MAKE A DIFFERENCE:

4 Most Programs One Week or Less

) /. o '
N 1 ) HARVARDKennedy School
AN APPLY NOW Tt R
’ & Executive Education

Virginia deputy fights his firing over a
Facebook 'like’

By Doug Gross, CNN ; 0
(© Updated 6:50 AM ET, Mon August 13, 2012
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Objectives

» Understand users in social media through the lens
of LIKE

— LIKE based network analysis

— LIKE as a dependent factor for analysis

— LIKE as a feature for machine learning
» Understand the evolution of LIKE

— Predict # of LIKE and LIKE relationship

= Use LIKE for recommendation
— Aggregate LIKE

versi LIKE and Recommendation in Social Media WWW2015 Tutorial 17



Outline

—'E

Understanding LIKEs

Predicting LIKEs

Aggregating LIKEs
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LIKE Activities

= |ndication of one’s shared interests toward the
content or the original poster

" May lead to creating & fostering social
relationship
" Commercial values
— Providing recommendations of products, users, or
activities
= RQ: Study SNs through the lens of LIKEs
— Structure
— Context
— Influence
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Medium to Study

= Pew research survey, 2014

Social media sites, 2012-2014

8/ nf rnnkn % ke uiknues ks allan sl moin snohaitoe K
¢ of online adults whouse the following social media websites, by year

2012 =2013 m 2014
7174
23
16 18
Facebook LinkedIn Pinterest Instagram Twitter
PEW RESEARCH CENTER
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Medium to Study

" /nstagram: an online photo-sharing service

— Enables users to take picture and videos, apply digital
filter to them, and share them on a variety of SNSs

" Popularity
— 2/2013: 100 million active users
— 9/2013: 150+ million monthly active users
— Very popular on mobile platform
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LIKE Distribution [Ferrara et al., 2014]

= | |[KE and comments show different behaviors
= Different cost between LIKE and comments

10*

1-month 100 | — Likes
-  Comments |

Instagram data 100F
10
Follow Network (FN) £ iz
2K users o0
1.7M photos 10°
1.2B LIKEs 107 }
41M comments B o 0 7 o .

No. actions per media
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LIKE Network [Jang et al., TR]

%
User A

User B User A User B

o &
(@

Friend Network (FN) LIKE Network (LN)
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LIKE Network [Jang et al., TR]

= 1K seed users, 20M users, 2B LIKEs
" On average, 55.6% LIKEs are from fol

4

User rank
3

2

# of Likes

LIKE and Recommendation in Social Media

0 2 4 6 8

owers

WWW2015 Tutorial 24




LIKE Network [Jang et al., TR]

" Descriptive statistics per user (N=500K)

Variable Median | Mean | Max

# Photos 166 309 57,925 485

# Likes 1,984 11,240 | 61,606,804 235,974
# Tags 103 227 97,248 1,028

# Comments | 58 321 1,112,862 3,851

# Followers 624 2,403 2,751,722 16,454
# Follows 292 723 5,291,779 18,305
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LIKE Network [Jang et al., TR]

= 2 Examples of LNs of random posters p, and p,
— Most LIKEs were from users who gave a single Like
— High sparseness of the network

10K Likes, 34% from followers 63K Likes, 56% from followers
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Contexts and LIKE Activities [Jang et al., TR]

" |nstagram does not have genres

= | DA-based topic generation

" Top-100 topics from Mallet

" Bottom-up semi-manual construction

= 37d parties

— Eg, tagsforlikes.com, tagstagram.com
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Contexts and LIKE Activities [Jang et al., TR]

= Top-20 topics

ID | Topic Tag examples
1 Nature sky, nature, flowers, sea
2 Fashion/beauty makeup, jewelry, model
3 Location/place/area . nyc, boston, spain, Italy
- Art/photos/design photo, interior, architect
5 Holiday/vacation party, holiday, vacation
6 Mood/emotion . love, cute, happy, smile, great
7 Social/people/family family, girlfriend, gay, folks
8 Sports/activity . skateboarding, hiking, soccer
9 Entertainment music, movie, pop, rock
[ o mosonioe | wptoise v
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Contexts and LIKE Activities [Jang et al., TR]

= Ratio of frequency, # of Likes, and # of photos for

the topics =
Nature
30 Fashion/beauty
Location/place/area L Fre.quency
% 201 Art/photos/design -z llsllfl?gtsos
% | ‘ Holiday/vacation
O
g 1 [ Major Topics
. LT T T —
6

o0

s 7 910111213141516171819 20
Topic ID
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Contexts and LIKE Activities [Jang et al., TR]

= A measure of the uncertainty in a random variable

20

Entropy(p) = — Z P(z;)log P(x;)

= High/low entropy =2 diverse/specific topic

2500
B Entropy

2000
)
g 15007 specialists Generalists
@ 1000
LL

50

LIKE and Recommendation in Social Media WWW?2015 Tutorial 30




Contexts and LIKE Activities [Jang et al., TR]

" Specialists vs. Generalists

# Likes
Type # Posters
Mean Median S.D.
Specialists 5,594 101,666 10,893 1,358,885
Generalists 3,230 15,989 2,375 367,911

Bl Diff (Specialists — Generalists)

10111213141516171819 20
Topic ID

H%
N
0 |
~
o
o |
<
o |
© |
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Popularity and LIKE [Jang et al., TR]

= A poster p, is more popular than a poster p, if:

— p, receives on average a more number of LIKEs per
photo than p, does, and

— p, has a higher ratio of followers over follows than
p, has

, B P F
Popularity (p) = O +(l1-
opularity (p ( )(F+F’)

— L: # of LIKEs F: # of followers
— P: # of photos F': # of follows
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Popularity and LIKE [Jang et al., TR]

%‘0.8- * .

3 0.7_ ” ® Q..*\l
8 * * r - o :
o 0.6 LIS po : " v ® s

0_54.‘; - a | ;.hm”’} %

Specialists

|

0 01 02

y —

L A.',. o ..‘ < a . e o ‘ "
—— - <N
= 0.7_- 5 Ol & < o #oe .
s $ofe 2, o°
Q. 0 6 . ‘.l. ' .. “ > - = ’ a .
0.5 01-..m0. © o ®ogdfoe § -

Generalists
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Popularity and LIKE [Jang et al., TR]

Popular Specialist Popular Generalist
(P > 0.7, LIKE = 6K) (P> 0.7, LIKE = 15.2K)
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Faces Engage More LIKEs [Bakhshi et al., 2014]

= 1M Instagram dataset
= 38% more LIKEs with faces

= 32% more comments with faces

Original photo Face++ API results Our constructed variables

!male between 18 and 35 ‘ears oId. ‘|

) male <18 years old female between 18 and 35 years old
~ e A
¥ = d >
¥

has face: YES
has female: YES
has male: YES

has face <18 years old: YES
has face between 18 and 35 years old: YES
has face >35 years old: NO
number of faces: 4
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Faces Engage More LIKEs [Bakhshi et al., 2014]

Validation test Accuracy Margin of error
has face 97% 0.75%

has female face 96% 0.86%

has male face 96% 0.86%

has face < 18 years old 93% 1.11%

has face between 18 96% 0.86%

and 35 years old

has face > 35 years old 99% 0.44%

http://www.faceplusplus.com/demo-detect/

LIKE and Recommendation in Social Media
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You Are What You LIKE

= Hypothesis: The LIKE pattern in social media may
be correlated with users’ personal traits

S SMEA % Membe
Facebook ¢ Rermrep £ [10A Benchils
- §
LIKES
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You Are What You LIKE f Part 2:

Recommender
Systems
Items to LIKE
1 2 3 i | 5 7 oo N
/
| The problem of
2 Inferring o ) Like
about Users | h

3 /L Al
B Like || B Like

@ 5 Like 5 Like

Users

'] Like 5 Like 5 Like

The Pennsylvania State University

== Arizona State University LIKE and Recommendaﬁon in SOCiaI Media WWWZO].S TUtOFIa| 38
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Workflow

Classification Models

Naive

1) Like Bayes
St Logistic
E) Like > | Features > | | Regression
1) Like 8\7 epceg:t

Machine
T Like
= Learned -
I Like Features Model Prediction
1) Like

S

The Pennsylvania State Universit:

Arizona State Universitz LIKE and Recommendaﬁon in SOCiaI Media WWWZO].S TUtOFIa| 39
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Features from LIKE: Categories

= Semantic labels
= Reduced dimension

Example Like item Category
Nintendo NES Games/toys
New Orleans Ice Cream Food/beverages
Barack Obama Politician
The Bold and the Beautiful TV show
eHarmony Website
Modern Salon Health/beauty
Sheraton Abu Dhabi Hotel & Resort Hotel
Justin Bieber Musician/band
Mercedes-Benz SLK Cars
Cosmo’s Restaurant & Bar Restaurant/cafe
Indianapolis Museum of Art Museunvart gallery
Wheaton Franciscan Healthcare Health/medical/pharmaceuticals
Chicago Air and Water Show Attractions/things to do
German Shepherd Pup’s Local business
The British Armed Forces Aerospace/defense
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Features from LIKE: Ratings

B User-ltem matrix

= Singular Value Decomposition (SVD): eg, selects
top-100 components as features

" Approach by [Kosinski-13]

ltems Components
4|5 112|314 |5]|6]../]100

3

B o

Users

Users
DN W IN =
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Experimental Set-Up

" Facebook LIKE dataset [Kosinski et al., 2013]

= 1,600 FB users who provided their personal traits
information voluntarily

= Gender: {Male, Female}
— Binary classification
= Age: {20-, 20-30, 30-40, 40-50, 50+}

— Multi-class classification

versi LIKE and Recommendation in Social Media WWW2015 Tutorial 42



Binary Classification Accuracy [Kosinski et al., 2013]

Single vs.
In Relationship

Parents together at 21

Smokes Cigarettes

Drinks Alcohol

Uses drugs

Caucasian vs.
African American

Christianity vs. Islam

Democrat vs.
Republican

Gay

Lesbian

Gender

T T
0.50 0.75 1.00

Area Under Curve

I T
0.00 0.25
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Regression Accuracy [Kosinski et al., 2013]

Satisfaction with Life 0.44

Intelligence 0.78
Emotional Stability 0.68
Agreeableness 0.62
Extraversion 0.75
I— I K E - b ase d Conscientiousness 0.7

Test-retest
PCC

SVD prediction —

Openness

Density of
friendship network

Number of
Facebook friends

Age

0.00 0.25 0.50 0.75 1.00
Pearson Correlation Coefficient
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Prediction Accuracy [Kosinski et al., 2013]

1.00 =

0.75 - //

=)
3
]

Openness

AUC / Pearson Correlation Coefficient)
TN

(
o
N
(3

1

Accuracy

0.00 T T T T T T T T I I 1
1 5 10 20 30 40 50 100 150 250 300

Number of analysed Likes
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More Features from LIKE: Topics

= A semantically coherent
topic: a multinomial

= = = =
distribution of all LIKE n\ /n\ “A /n

items
= User is a mixture of a set /\/ \/ \
o D{_L] Like D{j Like D{h Like Uf] Like Dﬁ Like
of topics

— Bag of words vs. bag of

o>lefooel®
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Further Improvement: Gender

Model | Class | P | R | F | AUC | ACC
Male [ 0417 | 0885 | 0567 | 0.713
CATHNB | ponate || 0.841 | 033 | 0474 | 0713 | 9%
Male |1 0757 | 0547 | 0.635 | 0.726
CATHLR | pomate | 0787 | 0.905 | 0.842 | 0.726 | %777
Male || 0721 | 0.678 | 0.699 | 0.835
CATHSVM | pemale || 0.831 | 0.858 | 0.844 | 0.835 | 9-7°°
Male || 0.741 | 0.678 | 0.708 | 0.83
SVD+NB | ponate || 0.833 | 0.872 | 0852 | 03 | 9804
o 33 10, 783 1 0.85
[Kosinski-13] >  SVD4LR Fgﬁlﬁe 00887 8;‘3 8;31 gz 45 0.865
Male || 0.831 | 0.789 | 0.800 | 0.863
SVD+SVM | ponate || 0.889 | 0.913 | 0.901 | 0.863 | %874
LDA+NB : ;
LDA+LR Female
LDA+SYM | Male
Female
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Further Improvement: Age

[Kosinski-13] [> SVD+LR

20- 0.545 | 0.626 | 0.583 | 0.796
20-30 0.655 | 0.547 | 0.596 | 0.685
SVD+NB 30-40 0.363 | 0.413 | 0.386 | 0.784 | 0.548
40-50 0.265 0.29 0.277 | 0.756
50+ 0.13 0.204 | 0.159 0.73
20- 0.659 | 0.539 | 0.593 | 0.838
20-30 0.667 | 0.674 0.67 0.757
30-40 0.391 | 0.403 | 0.397 | 0.764 | 0.583
40-50 0.146 | 0.189 | 0.165 | 0.762
50+ 0.167 | 0.273 | 0.207 | 0.765
20- 0.683 0.59 0.633 | 0.821
20-30 0.651 | 0.806 0.72 0.704
SVD+SVM | 30-40 0.402 | 0.296 | 0.341 | 0.728 | 0.643
40-50 0.311 | 0.178 [ 0.226

0.819
0.719
0.739
0.794
0.831

0.792
0.674
0.756
0.788
0.758

LDA+SVM

LIKE and Recommendation in Social Media

0.826
0.731
0.752
0.831
0.829
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Predicting Personality using LIKE [Youyou et al., 2015]

= Human vs. machine in predicting personality

» Openness

: : : Agreeableness
Spouse (0.98) f————————m e ———— -

Computers’ Average Accuracy (0. 56) f———————— e e ' :
Family (0.50) b————————©_ \\\:\ Mg Five-Trait Average

onscientiousness

Humans’ Average Accuracy (0.49) f——————~ Yo g

Neuroticism

~ _|F| iend (0.45)
Cohabitant (0.45)

Accuracy (self-other agreement)

™~ —| Work Colleague (0.27)

Number of Facebook Likes (log scaled)
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Football Fandom using LIKE

IVINTTTImE

WicniZzas)

WG, Sidie)

- §OW S e

Nebraska [Wotie Dame Ohio
PUrdue; State
Hisi9ts 3 s 2

Wyoming

B Colurady

e

Hansas? Missouri™ § LomEville

Keniueky

A

Uis.C, = S k.. R, oris Gzroliz
' - - A : HENHESSEE ?
: 5Y “ 5.4 Arkansas
‘ ' Oklahonia *

x
.

T U

Siziz
- B5dy J'Jr | 3 U
Y
< L o 1 N
T oa - AlgFlel:]
e oo |
***  Hawaii Y *
- Viiarsy

http://nyti.ms/1Clhun0
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Baseball Fandom using LIKE

Tigers
e indian]
Retis WRIIELes

Cardinals

Royals

N,
)

Braves

http://nyti.ms/1tF5e2W
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Generation LIKE

" Pew report (2013)

— 47% of all American teens and 82% of all American
young adults own a smartphone

— 81% of teens and 83% of young adults use social media
— 93% of teens and young adults are online

" Q: Do teens use LIKE differently?
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PBS Frontline, 2014
FHONTLINE WATCH | SCHEDULE | CONNECT | TOPICS | ABOUT | SHOP |

(63:41) What happens when the traditional teenage quest for
identity and connection occurs online?
http://www.pbs.org/wgbh/pages/frontline/generation-like/
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Teens vs. Adults w.r.t. LIKE [Han et al., TR]

- Teens (13,533) Adults (13 352)
Median SD
7‘7 a, 74 ‘

# Photos

# Likes 2 29.851

# Tags - 2,595
# Comments 5 1.016
# Followers 3.683
# Followings 2 2,045

" |nstagram study shows:
— Teens post less photos but add more LIKEs

| Teens(13,553) Adults (13,552

# Likes / # Photos

# Tags / # Photos
# Comments / # Photos
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Teens vs. Adults w.r.t. LIKE [Han et al., TR]

sporis/wellness
social/people/family
nature

mood/emotion -

location/place/area -
instagram-tag -
holiday/vacation -
follow/like -
fashion/beauty -
entertainment -
art/photos/design -

LIKE and Recommendation in Social Media

] ]

! . | .
— l} ‘// Posted Z Removed
—
0 10 20 30 40

(a) Teens (N=13.533)
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Teens vs. Adults w.r.t. LIKE [Han et al., TR]

sports/wellness
social/people/family
nature

mood/emotion -

location/place/area-

Instagram-tag

holiday/vacation -
follow!like -
fashion/beauty -
entertainment -

art/photos/design

LIKE and Recommendation in Social Media

1 /’/’ Posted Z Removed

0 10 20 30 40
(b) Adults (N=13.352
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Teens vs. Adults w.r.t. LIKE [Han et al., TR]

9

© 250 -

i o

Q-,» -

3 200 | o1

Q Type

N 150

§_§ -~ Posted
=

1+ Ma } = Removed
& 50

{0

e 0

< Adults Teens
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Teens vs. Adults w.r.t. LIKE [Han et al., TR]

= Two-tailed t-test, 5-point Likert scale
" Q: “Doyouwantto...?”

Teens Adults
2. Have more followers* 3.47 (1.23) 3.13(1.34)
3. Look cool** 3.47 (1.24) 2.98 (1.34)
4. Increase visibility of photos” 3.33(1.19) 3.00(1.17)
5. Become more popular® 3.22 (1.20) 2.80(1.28)
6. Frequency of usage 2.81 (1.40) 2.26 (1.31)

Note: p < 0.10: *p < 0.05; **p < 0.01
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Teens vs. Adults w.r.t. LIKE [Han et al., TR]

= Two-tailed t-test, 5-point Likert scale

" Q: “In looking at other’s photos, do you consider

’P”

1. Matches my interest

2. Like its content

3. Like its quality

4. Poster has a lot of followers™

5. Photo has a lot of Likes*

6. Photo has a lot of Comments®
Note: * p < 0.05

LIKE and Recommendation in Social Media

Teens
4.19 (0.79)

4.27 (0.78)
4.17 (0.78)
2.75 (1.32)

2.86 (1.34)

Adults
4.08 (0.80)
4.12 (0.77)
4.06 (0.84)
2.42 (1.31)
2.42 (1.26)
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Outline

Aggregating LIKEs
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Motivation

" Predicting future # of LIKEs has commercial
implications
— Accurately

— Early

" Eg,
— Viral video based marketing

— Load balancing for popular videos
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What Affects LIKE? [Jang et al., TR]

" Negative binomial regression (0.5M Instagram data)
— Dependent variable : # of LIKEs
— IRR: Incident Rate Ratio

N [ [m Jswe [+ o

[ ronows 0005 o904 floooos [-97 T<oooor
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[Ohsawa and Matsuo, 2013] <=

fb:category

10,754,784 rdf Integer

-about
369,166 rdfInteger

= Facebook LIKE dataset
o ZOM entities’ 3OB LIKES fb stands for “http://facebook com/

= DBPedia entities as dictionary

“Welcome to the official BMW

‘BMW"@en A
Facebock page! ..."@en

" Map Facebook entity to DBPedia entity

Name Category Likes
Facebook Product 68.600.026
Rihanna Musician 57.657.090
Lady Gaga Musician 52.079.088
Harry Potter Movie 52.069.702
Shakira Musician 52.009.693
Michael Jackson Musician 50.165.651
Family Guy Tv show 46.445.463
Katy Perry Musician 44.334.697
AKON Musician 40.409.740
Music Field of study 40.372.722
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[Ohsawa and Matsuo, 2013]

" Q: For each Facebook entity, predict # of LIKE

" |dea:
— Link related entities first using RDF
— Extract features from related entities

— Solve the regression problem

Feature Generation Regression
likesfh o o® o K" likes ,‘.;-“ R"
' I ;4
> feature >feature
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[Ohsawa and Matsuo, 2013]

Eg, Logarithm, square root

Eg, Sum, Avg /

Count, Max \ aggregation  non-linear inner

functions basis functions product

Jp

— fp(X)
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[Ohsawa and Matsuo, 2013]

- ~10% error rates Wikipedia based estimation
Search Engine based
— estimation
0.2 -
mwWv
5 0.15 SR
o mPD
2 0.1 mDD
mLP-1P
0.05
0

Person Company Place
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Predicting Citation [Wang et al., 2013]

= Cell, PNAS, PRB 20 years citation dataset

A 60
S0 B N
1960 1965 1970
40 |-
&
T 30

20

10 e
A B ; L et ¥
0 N LOTSS P 2 N PPV N

1960 1965 1970 1975 1980 >1985> 1990 1995 2000 2005 2010

1) Preferential Attachment az;

t
H’L o T]’L CZ PZ (t) 2) Aging P;(t)

3) Intrinsic Novelty 7);
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Predicting Citation [Wang et al., 2013]

B
300 0 Real data

| s Prediction
250 F W

2

Total Citation
S 2
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Predicting LIKE

" 6 years of Flickr dataset

400

=0 Flickr I

<:| Prediction

oo™ O O O <::|_ Actual

/@wow

500 1000 1500 2000 2500
Time (days)
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Predicting LIKE

300 ; . . . .

v Exposure

0 500 1000 1500 2000 2500 3000
Time (days)
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Heterogeneity of LIKE

" Eg, In YouTube
1. A user viewed a clip
2. A user downloaded a clip

3. Auser liked aclip All some forms

4. A user commented to a clip
of Preference?

= Eg, In Twitter
1. A user favorited a tweet

2. A user re-tweets
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Heterogeneity of LIKE

PSY - GANGNAM STYLE (Z'SAEN) MV V‘G@WS
officialpsy 2,039,187,522

7,302,045 ‘ uh 8,479,767 @ 1,067,784
ﬁ AN
9 Download ~ ‘ About Share Additlikes |
Published on Jul 15, 2012 Source videos Loading...
» Watch HANGOVER feat. Snoop Dogg MV @ v attrioul
PSY - Gangnam Style (%!‘"’AEF%J) Negative

P Available on iTunes: hitp://Sm:

T </senﬁments
ALL COMMENTS (5,223,786) ] | Comments exist
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View vs. LIKE vs. Dislike

YouTube'’s
Anntversary

TOP 10 MOST VIEWED VIDEOS




View vs. LIKE vs. Dislike

Most Disliked Videos

by MyTop100Videos = 405 videos *+ 150,326 views * Updated today

A complete ordered list of YouTube's most disliked videos
(over 50K dislikes)

* Created on: 03/21/13 « Last update: 01/09/15

P Playall «, Share == Save

o ustin Bieber - Baby ft. Ludacris po——
. y JustinBieberVEVO 327, islikes

Friday - Rebecca Black - Official Music Video
by rebecca

N

1,486,000 dislikes

: 1,181,000 dislikes
y officialpsy

tSY - GANGNAM STYLE (Z'J2EHd) M/V ‘

= &% Miley Cyrus - Wrecking Ball -
4 : 1,144,000 dislikes
Prevop =3 by MileyCyrusVEVO ’ :

Miley Cyrus - We Can't Stop

by MileyCyrusVEVO 1,101,000 dislikes

Nicki Minaj - Anaconda

by NickiMinajAtVEVO 830,000 dislikes
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Outline

Predicting LIKEs
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Motivation

= Given users’ LIKEs toward items in social media,
how to form an aggregated ranking?

" Eg, In Facebook, what’s the top-10 best phones in
2015 based on users’ LIKEs?

Phones
o0 e - o
\%
5 Like 5 Like TOp-lO
. B Like # best
Users | = =T phones  V
5 Like 5 Like
5 Like v
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Modeling LIKEs

= N-ary LIKE
LIKE as Preference

= Quantitative
— | rate “Godfather” 4 (out of 5)

= Qualitative
— | prefer “Godfather” to “Pulp Fiction”

" Rating @ ¢ O 0@ O
= Ranking QQ>Q>Q>Q>Q§
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Rating vs. Ranking as LIKE

" A rating of items assigns a numerical score to each
item

—[10011]

— When sorted, a rating of items form a ranked list

" A ranking of items is a ranked list of items

— A ranking vector: a permutation of integers 1 ... N
—[13 25 4]
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Model 1: Rating Aggregation

" The Rating Aggregation Problem
— Input: N rating lists: L, ..., Ly
— Output: An aggregated ranked list: L,

— Goal: Consensus at L,

" Eg, NSF uses rating lists from panelists
—P,: 1VG, 3G

—P,: 2E, 2G > P,>Py>P

— P,: 1E, 1VG, 2G
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Model 2: Rank Aggregation

" The Rank Aggregation Problem
— Input: N ranked lists: L,, ..., Ly
— Output: An aggregated ranked list: L,

Full Ranking >B>Bp>Ba>8a>0

Top Ranking >a>n8>

Sub Ranking B > B >
[Chen, 2014]

" Hypothesis
— Q(worst) < Q(L) < Q(L,) < Q(best)

— Q(): some imaginary quality function

LIKE and Recommendation in Social Media
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81

Possible Workflow

INPUT

LIKES

74 N

, Ranked Lists|!NPUT

Rating Lists (—

Rating % JRank
Aggregation OUTPUT Aggregation

Final
Ranked List

INPUT

S

Arizona State University

gw (hePennsylvaniastate University ) 1 30 Recommendation in Social Media WWW2015 Tutorial 81



1. LIKE (as Rating) Aggregation

= Solution #1
— Convert ratings to rankings
— Solve the rank aggregation problem

= Solution #2

— Derive the final ranking from ratings directly
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Eg, Movie Ranking

IMDb Charts

Top 250

As voted by regular IMDb users

Showing 250 Titles Sort by: IMDb Rating v 4

IMDb Yolir

Rank & Title Rating Raking

. 1. The Shawshank Redemption (1994) 9.2

H 2. The Godfather (1972) 9.2

} 3. The Godfather: Part II (1974) 9.0

—
4. The Dark Knight (2008) 8.9

5. Pulp Fiction (1994) 8.9
6. Schindler's List (1993) 8.9
'v
2 7. 12 Angry Men (1957) 8.9
T
=< “‘:.
8. The Good, the Bad and the Ugly (1966) 8.9
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Eg, Doodle Scheduling

RESULTS COMMENTS MORE

Volley with Victor

11.12.13 (Wed) 13.12.13 (Fri) 18.12.13 (Wed) 20.12.13 (Fri) 25.12.13 (Wed)
19:00-21:00 15:00-21:00 19:00-21:00 19:00-21:00 19:00-21:00

7

@ v v

& 2 ]

& J v
U

Consensus
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Amazon Example

= 10 Amazon users rated 4 books in [1..5]

" Q: rank 4 books from highest to lowest?

Book1l | Book2 | Book3 | Book4

User 1 4 2 2

User 2 3 1 2
User 3 1 2

User 4 2 4 2

User 5 3 2 5
User 6 2 3

User 7 4 1 3
User 8 3 1 1

User 9 3 2 5
User 10 2 2 4

LIKE and Recommendation in Social Media

amazoncom
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Average Rating Method

= Simple but could be counter-intuitive

Book1l | Book2 | Book3 | Book4

User 1 m 2

User 2 l 3 1 J 2
User 3 1 2

User 4 [ 2 4 ] 2

User 5 3 5
User 6 | 2 3 I

User 7 4 1 3
User 8 l 3 1 l 1

User 9 3 2 5
User 10 2 2 4

AVG rating 2.43 2.63 1.75 3.8
Rank 3 2 4 1
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Average Rating Method

= May not work well when rating lists have different
lengths (ie, different # of ratings)

SALTON HOUSEWARES, INC. KitchenAid KP26M1XLC

TR2500C ULTIMATE PLUS Professional 600 Series 6-Quart
BREAKMAKER Stand Mixer, Licorice

Buy new: $135.99 Buy new: 348888 $329.99

In Stock 10 Used & new from $325.00

e (1) Get It by Monday, Feb 9 if you orger in
the next 19 hours and choose one-day
shipping.

Eligible for FREE Super Saver Shipping

drf: (580)

http://www.evanmiller.org/how-not-to-sort-by-average-rating.html
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Centroid Rating Method [Langville and Meyer, 2012]

Theorem: for a set of ratings on n items, the best
rating is given by the centroid vector r:

_Ke
n

where K is the skew-symmetric matrix of average

rating differences and can be approximated by the
score difference matrix S, such that k; = s, — s,
where s; = (1) average rating given to item j by the
user who rated both itemsiandj, and (2) O

otherwise

I
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Centroid Rating Method [Langville and Meyer, 2012]

Book 1 Book 2 Book 3 Book 4 Sip = (4 +3+2+2+ 3)/5 = 14/5
User 1 4 2 2 \
User 2 3 1 2 5
User 3 1 ) Book 1 Book 2 Book 3 Book 4
User 4 2 4 2 Book 1 0 Q4/5 12/5 5/2
User 5 3 5 c |:> Book 2 11/5 0 17/6 11/4
User 6 ) 3 Book 3 9/5 10/6 0 7/4
User 7 4 1 3 Book 4 6/2 15/4 17/4 0
User 8 3 1 1
User 9 3 2 5 @ kij =S Sji
User 10 2 2 4 K
Book 1 ngk\z Book 3 Book 4
Book 1 0 (3/5) 3/5 -1/2
r = K_e Book 2 -3/5 \O, 7/6 -1
Centroid Vector r Rank 4 Book 3 -3/5 -7/6 0 -10/4
Book 1 7/40 = 0.175 2 Book 4 1/2 / 1 10/4 0
Book 2 -13/120 =-0.108 3
Book 3 -16/15 =-1.07 4 /
Book 4 1 1 ki, =51,-S,; =14/5-11/5=3/5
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2

. LIKE (as Rank) Aggregation

Old problem

— Voting theory (social choice)
Many disciplines

— Economics

— Political Science

— Mathematics

— Statistics

— Computer Science

Many modern applications

LIKE and Recommendation in Social Media
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Eg, US College Football Ranking

USAT CFCC
Payne

Laz Index
Kirkpatrick
RoundTable

=
i
W]

O U 5 W N
W WU <J & WM

o

10 9 12
12 12 14
11 18 10
s aly aldl
14 13 22
18 19 20
e ils kg
20 20 19
17 21 18
21 22 21

o]
o
't

H Ww-ao ! Wds N

o

s
=

o
O H O G U W N

20
15
17
18
13
19
21
22

Coffey
Bihl
Donchess Inference
England
AccuRatings
COF BIH DII
1 1 1
2 2 2
4 3 4
3 5 3
[/ & 5
6 11 8
8 < &
5 7 7
11 12 9
9 10 11
COF BIH DII
10 8 10
12 9 13
iLlE ks s
20 17 14
17 15 12
1eé 18 20
14 19 17
189 22 18
18 16 19

21 21 22

1 1
4 %
2 3
3 <
6 11
7 8
5 5
10 7
14 9
9 10
ENG ACU
8 6
12 14
11 12
13 17
17 19
s Ils
22 22
16 16
19 13
18 20

O W -Jm s W

[

1Ll
12
13
14
15
16
17
18
19
20

Ohio St
Oregon
Alabama

TCU
Michigan St
Georgia
Florida St
Baylor
Georgia Tech
Mississippi

UCLA
Mississippi St
Missouri
Wisconsin
Clemson
Auburn

Boise St

USC

Arizona St
Kansas St

SEC
SEC
B10
ACC
SEC
MWC
P12
P12
B12

14-1
1L3=F
7=
1z=il
1Lil=7
10-3
1L33=il
11-2
1L11=5;

9-4
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http://www.masseyratings.com/cf/compare.htm
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Eg, Meta Search Engine

; ; ;

search engine @l search engine J search engine

Top-k Top-k

Top-k

meta search engine

query T response
Top-k

LIKE and Recommendation in Social Media WWW?2015 Tutorial 92



Average Rank Method

" |ntegers representing rank are averaged
= Simple but ties are frequent

“ank | rank | rank | AVE | AveRank
Brazil 1 3 2 ) 1
Argentina 2 1 3 ) 1
Germany 3 ) 1 ) 1
Netherlands 4 5 4 4.3 4
Colombia 5 4 5 4.7 5
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Average Rank Method

" Counter-intuitive if input ranks have different
lengths

Voter 1 | Voter 2 | Voter 3 Voter Av Avg

rank rank rank 10 rank g Rank
Brazil 3 2 1 1 1 1.2 2
Argentina 4 3 2 2 2 2.3 4
Germany 5 4 3 4 5
Netherlands 2 1 1.5 3
Colombia 1 1 1
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Average Rank Method

" Counter-intuitive if input ranks have a skewed
distribution

Voter1l | Voter2 | Voter3 Avg Avg

rank rank rank Rank
Brazil 1 1 5 2.3 2
Argentina 2 3 3 2.6 3
Germany 3 2 1 2 1
Netherlands 4 5 4 4.3 5
Colombia 5 4 2 3.6 4
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Median Rank Method [Fagin et al., 2003]

" Median of each rank is used for aggregated rank
" Used in Olympic figure skating

Voter 1 | Voter 2 | Voter 3 Median Median
rank rank rank Rank
Brazil 1 3 4 3 2
Argentina 2 1 3 2 1
Germany 3 4 1 3 2
Netherlands 4 2 5 4 i}
Colombia 5 5 2 5 5
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Median Rank Method [Fagin et al., 2003]

" Could address some of counter-intuitive problems
of average rank method

Voter 1 | Voter 2 | Voter 3 Voter 10 . Median
Median

rank rank rank rank Rank

Brazil 3 2 1 1 1 1 @
Argentina 4 3 2 2 2 2 3
Germany 5 4 3 3 5
Netherlands 2 1 2 3
Colombia 1 1 1
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Borda Count Method

= By Jean-Charles de Borda in 1770

" For each ranked list, candidate gets points = # of
outranked candidates + 1

— n for 15t preference, n-1 for 2"9, ... 1 for the last

" Final ranking is based on the sum of points

Voter 1 Voter 2 Voter 3 Borda Count Borda Rank Point
rank rank rank Rank

Brazil 1 1 3 13 @ ! >
Argentina 2 3 2 11 3 <:| 2 4

Germany 3 2 1 12 2 3 3
Netherlands 4 4 4 6 4 4 2
Colombia 5 5 5 3 5 > 1
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Borda Count Method

" Good for consensus winner

" Not necessarily good for majority winner

" Eg,
— 6/10 voted for Brazil as 1°t - majority winner
— But, Germany is the Borda winner

6 voters 2 voters 2 voters Country Borda Point izr:;
1st Brazil Germany Argentina Brazil 6x5 + 2x1 + 2x3 = 38 2
2nd Germany Argentina Germany Germany 6x4 + 2X5 + 2x4 = 42 @
3rd Argentina Netherlands Brazil |:> Argentina 6x3 + 2x4 + 2x5 = 36 3
4th Netherlands Colombia Colombia Netherlands 6x2 + 2x3 + 2x1 = 20 4
5th Colombia Brazil Netherlands el 6x1 + 2x2 + 2x2 = 10 5
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Condorcet Method

= By Marquis de Condorcet in 1785

" Candidate wins by majority rule against each other
candidate in one-on-one contests

— Condorcet Winner: candidate who defeats every other
candidate in pairwise majority rule election

1st Brazil Germany Argentina Brazil B>G: 6, B<G: B>A: 6
:> s B<A: 4
2nd Germany Argentina Germany
Germany G>A: 10
3rd Argentina Brazil Brazil Argentina

Brazil > Germany: 6 & Brazil > Argentina: 6
=» Brazil is Condorcet winner

LIKE and Recommendation in Social Media
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Condorcet Paradox

= VVoter 1: Germany > Brazil > Argentina
" Voter 2: Brazil > Argentina > Germany
= VVoter 3: Argentina > Germany > Brazil

Germany

Loser > Winner

A

Brazil Argentina

" Condorcet winner may not exist
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Borda winner # Condorcet winner

" Borda Count
— Brazil: 6x3 + 4x1 = 22
— Germany: 6x2 + 4x3 =24
— Argentina: 6x1 +4x2 =14
" Condorcet Method

— Brazil beats both Germany and Argentina

< Winner

< Winner

LIKE and Recommendation in Social Media

6 voters 4 voters Brazil Germany Argentina
1st Brazil Germany Brazil B>G: 6, B<G: B>A: 6
:> 4 B<A: 4
2nd Germany Argentina
Germany G>A: 10
3rd Argentina Brazil Argentina
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Copeland Method

= By A. H. Copeland in 1951
= Ranked by:

# of pairwise wins — # of pairwise losses

" Good fit for sports: round-robin tournaments

6 voters 2 voters 2 voters Brazil Germany Argentina Colombia
1st Brazil German Argentina ; B>G: 6, B>A: 6 .
Y g Brazil B<G: 4 B<A. 4 B>C: 10
2 A i
nd Germany rgentina Germany |:> Germany GoA: 10 G>C: 10
3rd Argentina Brazil Brazil ETETE ASC: 10
4th Colombia Colombia Colombia Colombia
o :
Uses “upvotes —
” Wins Losses Win - Loss Copeland Rank
downvotes —
Brazil 3 0 3 ( 1>
as part of story
. . Germany 2 1 2 2
ranking algorithm
Argentina 1 2 -1 3
Colombia 0 3 -3 4

http://amix.dk/blog/post/19588

== LIKE and Recommendation in Social Media
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Toward Perfect Voting Theory

" Arrow’s Impossibility Theorem, 1951
— Nobel prize in Economics in 1972

= NO “ranked” voting systems with > 3 candidates can
simultaneously satisfy 4 properties:

— Every voter is able to rank candidates in any order -
Unrestricted domain

— Ranking higher should not hurt a candidate = Monotonicity

— No single voter should have disproportionate control over an
election 2 Non-dictatorship

— If Ais preferred to B out of the choice set {A,B}, it must remain
the same even if expanded to {A,B,C}, 2 Independence of
Irrelevant Alternatives (lIA)
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llA Criteria Controversy

= ||A: relative rankings within subsets should be
maintained when expanded to supersets

" Eg, US 2000 Presidential Election

— In Florida, Gore was Condorcet winner

e Gore > Nader & Gore (+Nader) > Bush (+Buchanan)

— But Bush won in plurality scheme
e Bush > Gore > Nader
— Violation of lIA

e {Gore, Bush} = Gore > Bush
e {Gore, Bush, Nader} = Bush > Gore

George W. Bush Al Gore
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Which is a better method? [Kumar 2008]

= Kemeny’s Proposal, 1959

— Ideal rank aggregation method yields the aggregated
ranking that is the least distant from input rankings

" How to measure distance between rankings?
— Kendall Tau distance
— Spearman’s Footrule distance

— Lots more
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Kendall Tau Distance

" Degree to which one rank (dis)agrees with another
— Ranges from-1to 1

" Eg,
— p: Argentina > Brazil > Colombia > Germany
— q: Brazil > Germany > Argentina > Colombia
e Argentina-Brazil : X
e Argentina-Colombia: O
* Argentina-Germany : X
e Brazil-Colombia : O
e Brazil-Germany : O
e Colombia-Germany : X

(# agreements - # disagreements) / all #
=(3-3)/6=0
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Spearman’s Footrule Distance

= |1 distance between two ranks p and g
— |p-q|

" Eg,
— p: Argentina > Brazil > Colombia > Germany

— q: Brazil > Germany > Argentina > Colombia
e Argentina: |[1-3| =2
e Brazil=[2-1] =1 (2+1+1+2)
e Colombia=[3-4| =1 - 6
e Germany=14-2|=2
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Spearman’s Weighted Footrule Distance

" Weighting to reflect that disagreements near top
are more troubling than those near bottom
— |p-q|/min(p,q)
" Eg,
— p: Argentina > Brazil > Colombia > Germany
— g: Brazil > Germany > Argentina > Colombia
e Argentina: |1-3|/1=2
e Brazil=|2-1|/1=1
e Colombia=13-4|/3=1/3=0.3
e Germany=14-2|/2=2/2=1

(2+1+0.3+1)
=4.3
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Findings [Kumar 2008]

" Diaconis-Graham inequality shows:

— Kendal distance < Footrule distance < 2 x Kendal
distance

" Optimal Aggregation: Given a set of rankings R, an
optimal aggregation A is the one that has the
minimum sum of Kemeny distances to all rankings
In R

LIKE and Recommendation in Social Media WWW2015 Tutorial 110



Findings [Kumar 2008]

= Kemeny optimal aggregation problem is NP-hard
— NP-hard even for 4 rankings

" Given an optimal aggregation A, C-approximate
aggregation A’ satisfies:
— Sum of distances to A’ £ C x sum of distances to A
— At worst, C times off from the optimal solution
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Findings [Kumar 2008]

= Copeland rank aggregation is a 6-approximation to
Kemeny optimal aggregation

" Borda rank aggregation is a 5-approximation to
Kemeny optimal aggregation

" Median rank aggregation is a 3-approximation to
Kemeny optimal aggregation
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Outline

| GE—
— ©

Predicting LIKEs

Aggregating LIKEs
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Summary

= |LIKE as an interesting and novel lens to
understand people and their lives in social media

" | IKE activities are correlated with personal traits
to some extent

= Teens have somewhat different LIKE activities
from other age groups

" Predicting # of LIKE accurately is still challenging

" Using LIKEs for global recommendation is doable
=» More on recommendation in Part 2
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Social Media [Zafarani et al., 2014]

= Social media greatly enables [ \what Is Your #1 Social
people to participate in Media Online Activity?
online activities

— Networking, tagging and
commenting
" |t shatters the barrier for
online users to create and
share information at any
place at any time

http://www.marketingprofs.com/charts/2010/4101/social-media-brand-followers-hunting-for-deals
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Information Overload

= Social media data increases at an
unprecedented rate

Twitter: Tweets Per Day Facebook User Growth

Copyright © 2012 Dave Feinleb dave@vcdave com blogs.forbes.com/davefeinieib

" |t becomes increasingly difficult for online
users to get their interested information
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YouTube

" 100 hours of videos are uploaded into YouTube in

Yu@D =-

BEST OF YOUTUBE
| E Popular on YouTube

MUSIC

ﬂ Spornts

D Gaming

D Education

Movies

D TV Shows

E News

P} Spotight

© Browse channels

Sign in now to see your
channels and

LIKE and Recommendation in Social Media
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Search

Recommended

Las mgjorgs melodias

| 1)
D

|
Inwlrunwmulm lj

LAS MEJORES 20 MELODIAS  Richard Clayderman PR 5% DALADA PARA ADELINA
INSTRUMENTALES DE... RN AEEN (SEAR]Y... richard clayderman

Dy Maomo Spodkek ", . ews by @8 2740004 by Diego Armando Barreras eQat

Richard Clayderman - One RICHARD CLAYDERMAN MIX 4 Richard Clayderman 2012 The
Right in Paris Audio Concert.. ! TEMAST 3 vy finest tunes

NP E 2TS S22 W by Hussam Abusata 9022 926
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Yelp

= Among hundreds Of Restauranﬁ\tsUpstate
thousands of restaurants @ B e ot et v o
in New York City, which V@’ ;m
one | should go for B cicocicne ™ e

1 ‘: 3 Prosper ty Dumpling
‘., 5 F CopRgs s

4 The Cinnamon Snail

[ Yel p Ca n S u ggest SO m e . a lIwh':‘::n':ac;:j!u, donut is one of the best things
restaurants based on their R 50600 e

ratings and your current i
locations automatically
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Foursquare

= During a short visit in New York City, where should
we go?

" Foursquare can suggest some places to visit and

as some useful tips base on your locations
au to ma tl ca | Iy Foursquare helps you find the perfect places in New York to go with friend

@ The Metropolitan Museum of Art

People also say (182 tips) People also say (996 tips
n Time Qut New York "The best birthday WS | The Wall Street Journal "Hanging out on the
restaurant offers a homey French feast, centere | | Met steps 1s a New York tradition, and billionas
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Recommendation and Social Media

[Zafarani et al., 2014]

= Recommendation is widely used to mitigate
information overload problem in social media

= Social media and recommendation can
mutually benefit each other [6uy and carmel, 2011]

(" ) (" - )
Social media introduces new types of data, ™
‘5’ advancing current recommendation research 8
8- as well as expanding research frontiers 3
- 3
g ()
=
® . . . Q.
o Recommendation suggests to social media Q
Q users relevant information, significantly g
impacting the success of social media >
. _J . _J
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Recommendation in Social Media [Tang et al., 2014]

" Social media users can be described with three types
of information

— Social information
SOCIAL CONTENT

— Content information Friends News and Tags
. . . Followees Music and Movie
— Location information Followers Products

" Three information types

correspond to three

recommendation tasks LOCATION

— Friend Recommendation Geo';gfaﬁon
S

— Content Recommendation

— Location Recommendation
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Special Characteristics of Recommendation

" Search starts with a user’s explicit query

= Recommendation is triggered with a user’s implicit
query

= A user is provided with relevant and timely
information without explicitly stating his needs

= Why is this necessary and critical?

— If successful, a user will choose to stay longer on the
site, or pay more attention, leading to more clicks,
more purchases, more contributions, ...
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Recommendation in Social Media

Vv VvV
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Fundamental Recommendation Approaches
_[Adomavicius and Tuzhilin, 2005]

= User and content item relation can be represented as an
user-item matrix R

&
&
&

= Content-based recommendation

 lalselclD]E
5 3 a4 2 2
EN : : : 4 >
Bl : - : 2 s

=)

00000

— Recommending items similar to the ones that the user has preferred in
the past

= Collaborative filtering (CF) — based recommendation
— Using the user's past behavior to uncover user preferences
- Memory-based CF and Model-based CF

LIKE and Recommendation in Social Media WWW2015 Tutorial 12




Memory-based Collaborative Filtering

® |t uses either the whole user-item matrix or a
sample to generate a prediction

— Needing memory to store the user-item matrix
= User-oriented collaborative filtering

— Calculating user-user similarity

— Aggregating ratings from similar users
" [tem-oriented collaborative filtering

— Computing item-item similarity

— Aggregating ratings from similar items

LIKE and Recommendation in Social Media WWW2015 Tutorial 13



User-oriented collaborative Filtering

mCalculating user-user similarity e the set of i
"1 IS The set orT Items

—Cosine similarity rated by ui and u;

Z RkRjk
(i, J) = \/ZERZK \/2 R =Rik is the rating to the
= = " kth item from ui

mAggregating ratings from similar users

) u;iSkRm
AR S

u EN,

Ni is the set of users who have rated the j-th item
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An lllustration of User-oriented Collaborative Filtering

_ lalsBlc D] E 1, 2, and 3 are users
5 3 4 ? ?

SEEE. . A, B, C, D, and E are items
n 1 ? 2 2 5 R(llD) = ?

" Calculating cosine similarity
3*3+4*4
S(1,2) = =
42 V3*34+4*4/3%3+4% 4
5*1+4*2

S(1.3) = — 0.9080
&3 J5* 54 4% 411+ 2% 2

1

= Aggregating ratings
R(1D) = R(2,D)* S(12) + R(3, D) * S(1,3)

S(1,2) + S(1,3)
_ 4*1+ 2*0.9080

1+ 0.9080

=3.05
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Model-based Collaborative Filtering

" |t assumes there exists a model that generates the ratings
and the model parameters can be learned
— Storing only parameters instead of the rating matrix
— Using the assumed model with parameters to do prediction

= Matrix factorization methods are very competitive and

are widely adopted to build recommender systems [Koren
et al., 2009]

[
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An lllustration of Matrix Factorization based CF

-nnnﬂ 1,2 and 3 are users
3 5 3 4 2 ?

- A, B, C, D, and E are items
Bl : ¢« 4+ - The latent dimension k =1
B : ¢ 2 2 s R(LD) = 7
" Learning Latent FactorsUandV 1625
2.6308 Lzl
_ 24109 V= 15740
14706 1.5990
25716

" Reconstructing the rating matrix

) 42756 32047 4.1408 42066 6.7654

)
R=UV' = 39180 29368 37946 3.8550 6.1999
23901 17915 2.3147 23515 3.7819

S
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Content Recommendation in Social Media

" New types of data introduced by social media have
greatly enriched the sources available for content

recommendation
— Social information
— Location information

= Content recommendation with social networks

— How to include social information in content
recommendation?

= | ocation-aware content recommendation

— Given the locations of users, how to recommend their
interested content?

LIKE and Recommendation in Social Media WWW2015 Tutorial 18




Recommendation in Social Media

Vv VvV
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Location Recommendation in Social Media

= A nhumber of location-based social networking
services have emerged in recent years  Gusgeme

— Foursquare, Yelp, and Facebook Places

" | ocation recommendation is to recommend to a

user some POls for his future visits based on his
LBSN context

LBSN
Context

.
“
.
L2
.
£
.
‘e
L4

9/30/2012 10/7/2012 10/14/2012 10/21/2012
9/26/2012 10/26/2012
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Recommendation in Social Media

Vv VvV
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Recommendation Evaluations

= Different evaluation metrics assess recommender
systems from different perspectives

— Prediction power: the ability to accurately predict
users’ choices

— Classification accuracy: the ability to differentiate
relevant items from irrelevant ones

— Novelty and exploration: the ability to discover new
items or explore diverse items

LIKE and Recommendation in Social Media WWW2015 Tutorial 22



Prediction Accuracy Evaluation

" Prediction Accuracy Evaluation measures the
average error of predicted ratings

— Mean Absolution Error (MAE)

E|F§,/—1R>L>

<y;,V; >0

oL

— Root Mean Squared Error (RMSE)

MAE =

Y (R, -R))?

RM$ _ \/<u WV >0
O]
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Ranking Accuracy Evaluation

= Ranking Accuracy evaluates how many
recommended items are acquired by the users

= Precision@N
— How many top-N recommended items are acquired?
— For a target user ui

[ TopN (1) N L({Iv
| TOPN(H—,

Precision@ N =

= Recall@N
— How many top-N acquired items are recommended?

— For a target user ui _ _
Recall @N < TN NLO)|
|L() |
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Coverage Evaluation

" |[tem coverage

— Evaluating how good the items recommended
by a recommendation system S are

| = | Nd | N is the set of items supposed to be recommended,
c | N | while Nd is the set of items recommended by S

= User coverage

— Evaluating how good the users recommended
by a recommendation system S are

| M | M is the set of users supposed to be recommended,
= ———  while Md is the set of users S recommends

WWW2015 Tutorial 25
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The Scope of Content Recommendation in the Tutorial

" Content may be manifested in diverse ways such
as tweets, images, music, products, or videos

— We do not assume that an item-feature matrix is

available
— User-item relations can be represented as a user-item
matrix
"\We only focus on collaborative filtering algorithms
— Widely used Ak bbb h
— Promising performance : : :
in many real-world - : : 2 1
recommender systems w5 12 4| 3
ug 4 | 3 2 4 3 5
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Challenges of Traditional Approaches

=Data sparsity problem

—Content in social media is big but the available content
for most individuals is very limited

—The user-item matrix is extremely sparse with less than
1% observed entities —~C

mCold-start users

o,
1

—The number of entities per user follows a power-law
distribution

—Many users have no or few entities

LIKE and Recommendation in Social Media WWW2015 Tutorial 29




Opportunities from Social Media

" Social media provides additional sources for
content recommendation ’

C . i i i . &
— Social information and location mformauQn . ¢ '\/' 4

— Mitigating data sparsity problem v S,

" We may make recommendations for cold-start
users based on other information sources

— Users’ preferences are similar to their networks

— Reducing significantly the number of cold-start users
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Content Recommendation
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Content Recommendation
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Why Social Networks

= Social networks provide complementary
information

— Overlap between one’s similar users and her social
network is less than 10% [crandall et al., 2009]

" Users’ preferences are likely to similar to their
networks [ Caroi } { o J

Characteristics Relations

— Homophlly [McPherson et al., 2001]

— Social influence [Marsden and Friedkin, 1993] B ﬁ
Social Individual
{ Relations } [Characteristics}
A: Homophily B: Influence
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Categorization of Social Recommendation [Tang et al., 2013]

= Most existing social recommender systems are CF-
based methods

= T

= \We can categorize social recommender systems

based on their basic CF models
— Memory-based social recommender systems
— Model-based social recommender systems
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Memory-based Social Recommendation

" |t uses memory-based CF methods, especially
user-oriented methods, as basic models

" |t usually consists of two steps
— Step 1: obtaining relevant users N for user i,
— Step 2: aggregating recommendations from N

= Different systems in this category provide
different ways to obtain relevant users in Step 1

LIKE and Recommendation in Social Media WWW2015 Tutorial 35



TidalTrust and MoleTrust

= TidalTrust only considers users at the shortest
distance [colbeck, 2005

— Efficient
— High precision
— Low recall
" MoleTrust considers raters up to a maximum-
depth d [massa and Avesani, 2004]
— Trade-off between precision and recall

E ukEN Sik(Rrj — Ri)

R, i = R; + S
Z U E-"\':’i (o ¥ 1:.’

LIKE and Recommendation in Social Media WWW2015 Tutorial 36




TrUStWa|ker [Jamali and Ester, 2009]

" |n addition to distant users who have rated the target
item, it also uses near friends who have rated similar
items

— Distant users on the exact target item
— Close friends on similar items

i ™
&7 -
user U A s :
owo;j N | ~
\, ™ s B o
o o) - Z 5 3

= |t combines item-based recommendation and trust-
based recommendation via random walk
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TrustWalker

" Each random walk starts from a target user u to
seek rating score for item i

4% 0 9 4% %

*)’0 2 2 A '.—." - Sl & 3 2
i ¢34 1 N %Y

@7 A= q>ud &

:‘ : # N F | IV‘.‘ o .}9 “>‘ !

S 1 \ o b | - A\ =Y

- % e R R \\A*EB aa

N~ | \2 3/ g4 %9

OBV am . B | . 53

[ | k O i 3 5 a ! - 20

In step k at user v: o] am >E0D9

3 4 Py

— If v has rated i, return Rui

— With the probability Quik, stop random walk, select a similar
item j rated by u and return Ry

— With the probability 1 - Qui, continue the random walk to a
direct neighbor of v
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Model-based Social Recommendation

" |n such systems, model-based CF methods are

used
— Matrix factorization is widely chosen as the basic model

" There are three common ways to integrate social
information under the matrix factorization
framework [rangetal., 2013]

— Co-factorization methods
— Ensemble methods
— Regularization methods
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Co-factorization Methods

= Co-factorization methods perform co-factorization
on the user-item matrix R and the user-user social
matrix S

" SoRecC ma etal., 2008]

.
RJ - UiVj

31 =UiZjT
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Ensemble Methods

" EFnsemble methods combine recommendations for
a user and her social network

+ a

® STE [maetal., 2009]

R, =UV |+« Z SU WV

u, EN(u;)
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Regularization Methods

= Regularization methods add a regularization term
to force users’ preferences to be close to those of
their social networks

= SocialMF [Jamali and Ester, 2010]

minE”Ui —

S U

u.EN(u,)

LIKE and Recommendation in Social Media
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Handling Heterogeneity

" Users trust their friends differently in different
domains [Tang et al. 2012]

® o
i~ -
o
| ©
”
o
®
o *
%2
221
%3
%0
%4
o .
5
% o LS &
(b) Trust in Home & Garden (¢) Trust in Restaurants
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Circle-based Social Recommendation [Yang et al. 2012]

= Trust circle inference

— visin inferred circle c of u iff u connects to v and both
of them are interested in the category c

(¢, . .(: ((:.('2.(3

((:.(‘:.('.\@ (c,_‘-: (,.(,) ((‘,.c'\@ (- .C)
(¢, C5) . 3 : : A ' -
. - @((MJ __ u_,.w@ @H'l.u) ‘
- — | (€5, )‘ @u;.(;)
€2 €y €y m )

| )
((':.(';)@ (("(': .) . ( |
(;.L: (1.({
(t'_\.til @(('.(g)

= SocialMF is applied to make recommendations for
each circle
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Distrust in Social Media [Tang, 2015]

= Distrust tends to be more noticeable and credible,
and weighed more in decision making than trust

= Distrust is not the negation of trust and has
significant added value

— A small amount of distrust information can

make remarkable improvement Visfﬂlﬁ and

in link prediction ot - -
~ parents of securtty.

— Benjamin Franklin
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Distrust in Social Recommendation [Victor et al., 2009]

= Distrust as a filter

— Using distrust to filter out "'unwanted” users in the
recommendation processes

Zl‘\p .‘,"'l»’.j'l'. T ,_"v ) X f’ll..jlv‘

Z tu U

Tug = Ty T

" Distrust as a dissimilarity measure

Zl‘\P (,.'17,'2.. o I_."U ) X f’ll«,l.’ Zl.ep (ll'l — ,_"l.-‘ ) X (['U,‘l.-‘

Z tu v B Z d W,

Fug = Ty T
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Is Distrust Dissimilarity? [Tang, 2015]

= Distrust is not a dissimilarity measurement
— Cl: Commonly-rated ltems
— COSINE: Rating-cosine similarity
— COSINE-CI: Rating-cosine similarity of commonly rated items

@ COSINE | COSINE-CI
Distrust (s;) 0.4994 0.0105 0.0142
Trust s; 0.6792 0.0157 0.0166
Random Pairs (s,) 0.1247 0.0027 0.0032

® Using distrust for recommendation is still an open
challenge
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Content Recommendation
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Why Users’ Locations Matter ?

" Users’ preferences may differ based on the user

locations

— New York Times has a very interesting visualization
tool for Netflix rental patterns by zip code

Most rented in 55418 Most rented in 55113 Most rented in 55404
T 1. Mik 1. The Curious Case of Benjamin Button i 1. Burn After Reading
2. The Curious Case of Benjamin Button & 2. slumdog Milionaire 2 Mik
3' PR oy 3. Burn After Reading 3. Gran Torino ¥ 3. The Curious Case of Benjamin Button
\
: A 4. The Wrestler 4. Doubt 4, Slumdog Milionaire
4. My Best Friend's Girl 5. Slumdog Milionaire 5. Milk 5. The Wrestler
5. Nick and Norah's Infinite Playlist & 6. Gran Torino 6. Seven Pounds | 6. Twilight
6. Sunshine Cleaning 7. Doudt 7. Burn After Reading 8 7 Doubt
7. Forgetting Sarah Marshall 6, Changeling | 8. Changeling ! 8. Rachel Getiing Married
8. Away We Go 9. Rachgl Getting Married 0. The Wrestler £ 9. Changaling
10 TVI'lllht 10 aw in Town 10 ran Tac
9. Role Models '
I 10. Confessions of @ Shopaholic

—" semm mmrm e sren ol

16. ILove You, Man 24. ILove You, Man 12 | Love You, Man

http://www.nytimes.com/interactive/2010/01/10/nyregion/20100110-netflix-map.html? r=0

e
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Why Users’ Locations Matter?

= Users are more interested In content that Is
close to their current locations

Florence, Italy

Tuesday 12:00 AM

o 10 Top Tourist Attractions in Florence
5 1 OF ] OC 7 ‘ .

The capital city of Italy’s Tuscany region, Florence is internationally esteemed for

Renaissance art and architecture. Because it served as a wealthy and important «

commerce, the city gave birth to the Italian Renaissance movement. Simulating o

museum, the city of Florence attracts millions of tourists every year. An overview

61 Florence.

85° 79° 80° 71°
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Why Users’ Locations Matter?

= |n terms of locations, users tend to travel a limited
distance

— 75 % of users travel less than 50 miles
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Location-aware Content Recommender Systems

" | ocation Distance Weighted Methods
— Confounding effects =) (=)

Relations

" User-partition Based Methods

— Partition users based on their locations

" |[tem-partition Based Methods

— Partition items based on their associated locations

LIKE and Recommendation in Social Media WWW?2015 Tutorial 56




Location Distance Weighted Methods [Yue et al. 2013]

" Geographically closed users are likely to share

similar user preferences
— Confounding

Individual Social
= Calculating location similarity as [C“"m”“‘“} [ s J
_ 1
1+ a* distance(u, V)

uv

" |ncorporating location similarity into user-oriented
collaborative filterin
g R.li = 2 LUVWUVR/i
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User Partition Based Methods [Levandoski et al., 2012]

1. Partition ratings by user locations
Cell 1 Cell 2 Cell 3

i

(x5, ¥s)
2. Build collaborative filtering model for each cell using 3. Generate recommendations using collaborative
only ratings contained within the cell filtering using the model of the cell containing the
Cell 1 Cell 2 Cell 3 target user
Build Collaborative Build Collaborative Build Collaborative Cell1 Cell 2 Cell 3
Filtering Model using: Filtering Model using: Filtering Model using: °
A &: 4 - = ; B ﬁ 4 user
c ) 5 : c e 5 I
¢ ﬁ 4 Recommendation :
. ===
List
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User Partition Structure

= Adaptive Pyramid
Structure

—Hotel Caravaggio,
Florence, Tuscany,
Italy, EU

" Two main goals:
— Locality
—Scalability

LIKE and Recommendation in Social Media

Regular Collaborative Filtering

/A\\
/
/ I\

/ >\ 2\

Locality

Smaller cells 2 more “localized” answers
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Item-partition based Methods

e Partition items
based on their
associated
locations

e Penalizing the !
item based on its i
distance from the
user i

e Recommending
items within a
certain distance
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Location-based Social Networks [Gao et al., 2014,2015]

" Location-Based Social Networking Sites {ftumsrme
— Foursquare, Facebook Places, Yelp

-

ad

Pa

Real World ~ CHECKIN Online Social Networks
Bridge the gap between

real world and OSNs
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Information in LBSNs

) 1@@ @;g/

Content Layer ﬁ What

User-Generated Content

Social Layer ﬁ W h O

Social Friendships

Geographical o _
Layer Check-in POls

| A Ne.l4 When
e — s Timeline :: > Time Stamps

9/5/2012
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Challenges for Location Recommendation

= Geographical Properties
of Social Connections

d (Vd / _ i i
gy e, Layer Geographical Distance
<Photos>\ T.ps g — Social Connections

... = Temporal Cyclic Patterns
of Geographical Check-ins
— Going to a restaurant

Social Layer

______________ - around noon

— Watching movie in a
theater during the
weekend

Geographical
Layer

T T e

T

= Content information could
be important

Timeline

9/5/2012

LIKE and Recommendation in Social Media WWW?2015 Tutorial 67



Categorization of Location Recommendation

" [ocation recommender systems can be divided into three
groups according to the information used

1 ah‘m‘wpm%l >
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Location Recommendation in Social Media
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Geographical Properties of Social Connections

" There is a strong correlation between friendship and
trajectory similarity in LBSNs

10
%0‘2»
0-LL.
10 — 0 % ’
10 10 10 525
Trajectory Similarity é ,
[Cho et al., 2011] g,
= Nearby friends have a much higher c !
Q05
probability to share common A NN

Distance between friends (km)

locations [Mao et al., 2010]
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Friend-based Methods [Mao et al., 2010]

" Friend-based Collaborative Filtering: FCF

Tij =

" Geo-Measured FCF: GM-FCF

— Assuming a power-law relation between trajectory
similarity y and geographical distance x
B

Yy = QX
— Similarity is computed as
y(CE’ — d(’UnL‘,’U,k),O{,,B)
ZukEUi y(x — d(u’w uk)? Oé,,@)

Wi g —
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Preference and Friend based methods

= A fusion model: USG [Mao et al., 2011]
— The probability score of i-th user at j-th location is

A N

= A Social-Historical Model: SHM [Gao et al., 2012a]

— Users’ historical information is modeled by Hierarchical
PitmanYor process

$Ho_ (1- o)
Corpus Check-in Collection Fl),j _ aFI),J + 1 a EukENi Vvl,k I:?<,j
Document Individual’'s Check-ins ¢ ¢
Paragraph Monthly Check-in Sequence
Document Sentence  Check-in Weekly Check-in Sequence
Structure Phrase  Structure Daily Check-in Sequence
Word Check-in Location
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Some Observations for Geo-social Location Recommendation

" Social information can consistently improve the
recommendation performance, however, the
improvement is very limited

0.04
0.4k i MFC
—&— MFT
Order-1
=z 003 : 0351r —O—S'r:‘er—z
c g o =
S 0.02 _ G 8
g R| s \—u
o 0.01! ] G a f")_‘\\"a
Bl USG °
0 0.15 ‘ l l . . . . .
) 10 20 10 20 30 40 50 60 70 80 90
N Fraction of Training Set
[Mao et al., 2011] [Gao et al., 20123a]
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Geo-social Circles [Gao et al., 2012b]

" Friends with long distance share a small number of
commonly visited locations

" Non-friends with short distance share a large
number of commonly visited locations

= Users are segmented into four geo-social circles

j Geo-Social Circles F
D|Sgp: Local Friends  |Szp: Local Non-friends

DiSgp: Distant Friends |Szp: Distant Non-friends
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A Cold-start Location Recommendation Framework

" A framework is proposed to address cold-start
problem in location recommendation based on

geo-social circles PL(l) = &1 PL(I|Spp) + PPl (1S pp)
) + 4P, (1 ).

+ P

Si5  PulllSs )

P (11Sep )

SFp

- Sz Pu(llSz5)
Ly L, L “New FD : FD
Check-in”

at location |

> SFD Put(l | SFD )
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Observations about Geo-social Circles

" Local friends are more important than distant friends

= Dijstance friends contain more additional information
than local friends when combining with local non-friends

= These four geo-social circles contain complementary
information although their contributions differ

. Methods Top-1 Top-2 Top-3 R
Srp 6.51% 8.31% 9.32%
SED 3.65% 4.75% 5.34%

p Szq 1R 37% 24 10% 27 .34% -
SepUSEp 18.62% 24.44% 27.79%

L Sep USFD 19.01% 24.95% 28.35% )
Opp Y OFD 3.397/0 10.79% 12.237%

SepUSppUSEp | 19.21% | 25.19% | 28.69%
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Location Recommendation in Social Media
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Why Temporal Information Matters?

" Human movement exhibits strong temporal cyclic
patterns
— Days of the week patterns [cho et al., 2011]

18 —Brightkite ~ , 28 Gowalla
§ 1.6 [Cellphones - & % | § 2.7 4
I PUAIRE £ 26 ﬁi
c L 3 A S - o
L L HE S t 2-51% fﬂr
c 12 pisbFig c \ L [
2 Wow o S 24 i
5 T 7% % s 23 w { {
5 o8 8 22
0.6 2.1

M Tu W Th F Sa Su

— Hours of the day patterns

[Gao et al., 2013a]
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Location Recommendation with Time Preference: UT
[Yuan et al., 2013]

" Splitting data into 24 slots based on hours
— Nov. 6 2012, 10:30 = 10

" |Introducing time dimension into user-location
matrix c

- Cu,l%Cu,t,I

" | everaging time factor when
— Computing the similarities between users over time

W) — ZZ/ CutiCor
Hl
DA

w(l)
— Making predictions ¢ Z L]

utl
Z Mfux
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Enhancing UT by Smoothing

" Data in each slot becomes even sparser after
splitting

= Check-in behaviors of users at different time are
correlated

1

= Smoothing cuti based on
the similarity between £ .|
different time slots § owl —ASTT
. 0.04‘5’\\/ |
—~ ptatl WS 46 5 0 L 1i6 18 20 22
CLl,f,l — Z Cu,t’_)] Time (hour)

T
t’'=1 Zt”:l ptat”
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Enhancing UT by Location Popularity

" The popularity of a location varies over time

— A restaurant is more popular around noon and evening

" |ocation popularity is calculated as

.|

B =p 74 Cly |

I

+ ﬁ)z:zl Iy

Prob

LIKE and Recommendation in Social Media

0.16

0.14

0.12

0.1}
0.08 r
0.06 |

0.04 |

|_O ;F
L»] —h—
—LZ —&—

Ly ——

-L4 -~

) /
” ‘ 1
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Location Recommendation with Temporal Effects [Gao et al., 2013]

" One user’s daily check-in activity w.r.t. his top 5
frequently visited locations

61

12a 1a 2a 3a 4a 5a 6a 7a 8a 9a 10allal2p 1p 2p 3p 4p 5p 6p 7p 8p 9p 10p1llp 0

" Temporal Non-uniformness

— A user presents different check-in preferences at different
hours of the day

= Temporal Consecutiveness

— A user presents similar check-in preferences at nearby
hours of the day
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Modeling Temporal Non-uniformness

" A user presents different check-in preferences at
different hours of a day

t24
m n 1011‘f12
I T\2 4 \
min EEY”(CIJ._UiLj) ...... i
UiZO,LjZO | ] ’ ' 7;3 2

|
t t t,
TR TR TR
o L'?_ o Lz # t >
9 3 9 3 eecses 9 3
8 4 8 4 8 4
7 5 5 7 5 5 7 5 5

U > U = U By
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Modeling Temporal Consecutiveness

" A user presents similar check-in preferences at
nearby hour of the day

min -0, 6:) -V

t I

G (1,:)-C,y(1,)

>, CHi)y Y, Gl

(4 (t’t —1) =
|
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Framework of Location Recommendation with Temporal
Effects

G e C
B uw INT W

| L | far [ ~=
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Location Recommendation in Social Media
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Content in LBSNs

= Content in LBSNs is usually available
— Tags, tips or comments

Spices |

The spicy beef tendon, cumin lamb, and mapo tofu are all great.

= Content contains semantic words that reflect a
user’s interested topics and the location property

— Chinese’” and "Spicy”
" Content can reflect users’ preferences
— all great”
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Why Sentiment in Content is Important?

= Ratings in traditional recommendation can capture user
preferences

e m Excellent

— Like/dislike, voting scores from 1 to 5 Above Average
‘ AL A \** Average
‘ " 7.2 Y Y W Below Average
*ﬁ** Poor

= Check-in behavior represents users’ habitual behavior
and may not be sufficient to reflect users’ preferences
— High check-in frequencies may represent positive opinions
— Fewer checked locations are not necessarily less favored

= Sentiment extracted from content contains more precise
information about a user’s preference on a location

— In addition to positive feedback, there could also be negative
feedback from content
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Sentiment-enhanced Location Recommendation [Yang et al., 2013]

" Extracting check-in preferences from check-in data

" Extracting sentiment preferences from content

= Combining check-in preferences and sentiment
preferences

" Performing traditional CF based on the combined
preferences
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Preference Extraction from Check-ins

" Check-in frequencies can reflect users’ preferences
— Users prefer those locations with high check-in frequencies

" Mapping frequencies to five-point preferences
— Check-in frequencies follow the power law distribution

Frequency Preference
Scores

1 2 (Fair)

2 3 (Good)

3 4 (Very Good)
>=4 5 (Excellent)

= Constructing a check-in preference matrix Pc
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Preference Extraction from Content

= Sentiment extracted from content could reflect user’s
preference on a location

" Mapping sentiment scores to five-point preferences

— Sentiment scores are highly centralized around O
— A slight bias towards positive sentiment

x 10°* Sentiment score for all english tips

14 T . T
. Sentiment | Preference
_ ‘ Scores Scores
S 10} ]
3 . [-1,-0.05] 1
é | (0.05,-0.01] 2
s 4 (-0.01,0.01) 3
2 [0.01,0.05) 4
% 05 0 E 1 [0.01,1] 5

Sentiment Score

= Constructing a sentiment preference matrix Ps
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Sentiment-enhanced Location Recommendation [Yang et al., 2013]

" Combining the check-in preference matrix and the
sentiment preference matrix

— Sentiment preference has a bigger impact for one-time
check-in locations

— Sentiment preference has some impact for multi-time
check-in locations

Pfinal:Pc+3 n(Pc_Ps)H(’Pc_PS|—2)

L e e
10 |- 1

L | ]
08 | .
Bt I ]

L | ]
06 |- 4
04 |- ]
0.2 |

......................................
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Geographical Topics from Content in LBSNs

= Geographical topics are discovered from LBSNS [Yin
et al., 2011]

— Assigning semantic topics to locations
— Reflecting users’ interests
— Connecting users and locations in the semantic level

Locations

Geographical
Topics

Users
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Topic-aware Location Recommendation [Liu and Xiong, 2013]

" Building an aggregated LDA model to discover
geographical topics
— User interest topic distribution 6,

— Location topic distribution =,

" Defining topic and location influence index

TL; =a(l-Dy(6,,7,)) + 1- )P,
i) v

" Modeling users check-in behaviors as
¢, =TLU,'C,
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Recommendation with Cross-Media Data

= Users usually join multiple social media sites
[Zafarani and Liu, 2014]

— More than 97% of users

have joined at most 5 sites
— Users exist on as many
as 16 sites

---Power Fit
|—Account Distribution |

o
»

Probabil

=
(8}

5 10 15 20
Number of Joined Sites

" A new user on one site might have existed on
other sites for a long time

— Cross media data can mitigate data sparsity problem
— Cross media data can reduce cold-start users
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Deep Learning in Recommendation

" Deep learning has been proven to be effective in
various domains

— Pattern recognition and natural language processing

= Recently deep convolutional neural networks is used
to predict latent factors from music audio for music
recommendation [VanDeOord et al., 2013]

— A content-based method without data sparsity problem in
collaborative filtering

— Viable for recommending new and unpopular music

= How to apply deep learning with rich social media data is
still an open issue
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Privacy-preserving Recommendation

= Recommender systems in social media may utilize
sensitive information from users to produce better

recommendations
— Users’ locations in location-aware content recommendation

— Social networks in social recommendation
— Check-in data in location recommendation

= New privacy threats are introduced by recommender
systems in social media [Jeckmans et al., 2013]
— The privacy of social relations
— The privacy of their locations
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