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Outline

O Leveraging the wisdom of crowds in
mobile and social contexts

O Combining the power of crowd sourcing
and machine learning

O Two contexts:
B Understanding the dynamics of cities

B Time permitting, we will also discuss
work on enhancing app quality in a
mobile app store
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Have you ever wondered...

|
B Where people who attend a football game on Sunday go
after the game is over

B Where people who come to a mall on Saturday
afternoon were in the morning

B What are the neighborhoods most at risk if a given
individual is found to be infected with a new strand of
the flu virus

B How the construction of a new highway in a given
neighborhood might impact people’s activities

B What people in a given area of town are most likely to
be doing on a given day and at a given time

B How you might want to modulate public bus schedules
to accommodate shifting traffic demands over time
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State Race® Breakdown

2010 Censu %. c
Highlights -

Population by Sex and Age
Highlights of GAD-12-905T, a testimony st sl 5
before the Subcommittee on Federal Financial :
Management, Government Information,
Federal Services, and International Security,
Committee on Homeland Security and
Governmental Affairs, U.S. Senate

Why GAO Did This Study

- Obtaining an accurate census inthe |} i
face of societal trends such as ;

| increased privacy concerns and a

| more dwerse populanon has greatly

Housing Tenure

changes fu[ure enumeranons could be
fiscally unsustainable. GAQO's past -,
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Taken together,
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The Livehoods Project

18 million foursquare check-ins
that people shared publicly on
their Twitter feeds

(patent pending)

“J. Cranshaw, R. Schwartz, J. Hong, N. Sadeh, “The Livehoods Project: Utilizing Social
Media to Understand the Dynamics of a City”, in Proc. of the 6% International AAAI
Conference on Weblogs and Social Media (ICWSM-12), Dublin, Ireland, June 2012 —
best paper award

www.livehoods.org

info@livehoods.org
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The South Side “Flats” (Pittsburgh)
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The South Side “Flats” (Pittsburgh)

“Whenever | was living down on 15th Street [LH7] |
had to worry about drunk people following me home,

Safety but on 23rd [LH8] | need to worry about people trying
to mug you... so it’s different. It's not something | had
anticipated, but there is a distinct difference between
the two areas of the South Side.”
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The South Side “Flats” (Pittsburgh)

Architecture

& tighter on the western part once you
get west of 17th or 18th [LH7].”

Urban Design
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They came from up the hill...”
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Beyond Municipal Boundaries
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Some Limitations
Foursquare data is skewed

.but the methodology can be applied to other
data sets
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Typology of a City

O Can we identify canonical city
neighborhoods — across different cities?

B Shopping areas
B University neighborhoods

B Entertainment districts
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Topic Modeling Applied to Venues

Topke 3 Topke 4 Topke 6 Toplc § Topke 11 Tophe 12 Topk 4 Topke 15 Tophe 19 Tophe 20

Rl Tral Mrdcal Air Tranel Theprons University Couttal Outidoors Koreu Town China Town Sporting Evests
Train Hospaal Alrpont Gt Clothag Stoe College Academic iz, Aparimeni/Condo  Park Koman Restat Chines: Restnt, Basebad Stadeam
Train Station Docior's Oice Plane Office Collepe Residence Hall Harbor / Marina Hiking| Trail Karaokz Bar Metican Resint. Bar

O Medical School Airpon Termezal Bousqu a Heoat or Femy Gt Ouatdooey A Restst Vietames Rednl  Emleflainisent
Traia Platform Medical Centie Airpont Women's Sioge Bidng. Mk Vesme L Balery Spons Bar
Collee Shop Collee Shop Trel Shae Siore Bas Sumn Fretamsenl Colloe Shop Enletains Boet Garden
Bar Metican Restnt Airport Loxnge Ametican Reint v Beach Soniclokot  Cale Baicbal Fickd
AmercmRest  American Resnl Coffee Sbop Cosmetics Shop College A Bidng Patk o Metican Restat Parking

Bakery Puk Purking Cofloe Shop College ! Usivensity B Line Haboe/Matina Balery Pk Ametican Besing
Fueza Plce Fmergency Reom American Ressal far St Center Geeat Ouoons Lake Cherch Plara Srip Ol

Bus Line Sanchuich Pla Bus Line [ Collge Sciene Bidng.~ Office Souipre Garden.~ Japunese Reint. Tea Fooom Minic Vesue
D/ Bodega Offce Fiara Pace An Gallery College Quad Soesic Lookoat AmercanRestt  Ofe Gt Shop

Light Rail Fast Food Reunt B Sakn/ hatendop  Apariment/ Condo om Ant Maseum Groery S Buiiding

Bidng. Can Station [ Gange  Fast Food Resial Hotel Frateraity Howse American Resint Cale Chirese Restnt.  Asiam Restasrant

Faeramment Bus Line Kental CorLocation:~ Mew's Siore B et Spuce Apatment /| Coodo ~ Hoel Muic Ve

B Sution School Mevican Resat Sandwich Place Collee Caibteria Falerusinmens Monsment Bidng Charch

Table 2. Here we highlight 10 topics discovered by posterior inference on our model. The 15 most probable categories from each topic are shown.
Topic names are supplied by us to capture what we felt each collection of veneus represents.

(patent pending)

J. Cranshaw and N. Sadeh, “The Latent City: Discovering City Neighborhood
Typologies Using Spatial Topic Modeling”, Proc. of the 15th ACM International
Conference on Ubiquitous Computing (Ubicomp2013), Zurich, Switzerland, Sept.
2013 — pending final acceptance
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Examples: College Neighborhoods
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Or Shopping Areas in Lower Manhattan

SoHo, NoLlIta, Union Square (and Madison Square), Harold
Square, and the Meat Packing District
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Imagine the Possibilities

Urban Planning
Transportation

Personal Recommendations
Real Estate

Public Health Travel & Tourism

Public Safety
Marketing
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The WisCom Project

13 million mobile app reviews
171,000 Android Apps

“Why People Hate Your App: Making Sense of User Feedback in a Mobile App Store”,
Bin Fu, Jialiu Lin, Lei Li, Jason I. Hong,
Christos Faloutsos, Norman Sadeh — to appear KDD 2013
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Gobal Mobile App & Mobile Ad Markets

$25

= Mobile Apps $19B

® Mobile Advertising

$20
$10

$5

so .

2008 2009 2010 2011 2012E

Saurce: Garer, eMaketer, Stategy AndyScs. CAGR is compound amudl gowth mie
Note: Apple has pad $6584 1 dewelopors as of 9012, implying gross app market reverue of $98+ in 4 years: Google indicated during O3 12
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Mobile Ad + Apps Spending ($B)
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Life Before the App Store

The App Store Is
about addressing
fundamental trust
and usabllity issues

SUIlITITNIT WV ucl. _yUUI vIiTUIL valu vicuciliiua
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Lots of Bad Apps

O From malware

Could App stores leverage
user comments to
automatically take down
bad apps and help
developers fix their apps?

m . ..dl}arrore...

“Why People Hate Your App: Making Sense of User Feedback in a Mobile App Store”,
Bin Fu, Jialiu Lin, Lei Li, Jason I. Hong,
Christos Faloutsos, Norman Sadeh — to appear KDD 2013
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Distinct
Features of

App Reviews
(in contrast to other
product reviews)

U Shorter in length

33

Plants vs. Zombies
Ele

U More typos, slang, ill-structured sentences

U Reviews of the same app can refer to

different versions
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Motivations for Analyzing User Reviews

O App store: Manual inspection of hundreds of
thousands of apps is impractical. Maintaining
user trust & prevent manipulation

[0 End-user: Develop summary of what others

think about an app

O App developer: Help identify & diagnose
problems associated with user complaints

O Analyze overall market & spot trends

B What are those issues that matter most to
users in different app categories
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WisCom: A Multi-level Review Summarization System

Copyright ©2012-2013 Norman Sadeh

C .-n\“nl_\- \lﬂﬁ and real HH I'm ““IH”"“! ( Micro level )

Per Review Analysis:
Sentiment analysis on each
review, identify inconsistent
reviews

Per App Analysis: Topic
modeling on aggregated
reviews, detect major
releases and identify major
sources of complaints

Market Analysis: analyze
market segments & spot
trends, incl. user
preferences. Can also help
develop/refine app
development guidelines
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Dataset: 13 million Android App Reviews

8000000

7000000

7243864

6000000
5000000

4000000 —+
3000000 -+

Rating Count

2046564

2000000 - TTET
1000000 - 647967 .
ol =
2 3

1
Rating Score

-Crawled Google Play — Looked at 171,000 Android apps(Nov. 2012)
- Info about the identity of the reviewer is not available
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Apps by Categories Dataset
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=< ™
= Category ; O Average number of comments = 101.90, STD = 460.25,
median=8
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PER REVIEW ANALYSIS Preprocessing

O Sample 8% of the comments (1 million
reviews)

Works great on my evo! Peﬂcl thing ever! <3 O Remove HTML tags and delete non-

o English reviews
Constantly crashes and real slow. I'm uninstalling. )
= O Segment comments into words

O Remove rarely used words.

O Yield 19K distinct words, from 988K
comments.

Used 3 as threshold between “positive review” and “negative review”
-Avg rating is 3.9 and 54% of apps are rated 5 stars.
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Linear Regression Model

L(W) =S, (Y — (wo + X)=y Xeywy))? + yP(W)

Where m=988K, n=19K, Y: reported ratings
Xij is frequency of j-th word in i-th comment
Wj is the weight of j-th word in vocabulary

P(W) =31, ((1 — a)w? + afuwi|)

Normal Tikhonov regularization to reduce overfitting,

L1 norm, penalty of complexity of model — forces a
number of zero weights for words that don’t matter
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Most Positive and Negative Words

(a) (b)
Word Weight Freq Word Weight Freq
awsome 0.67 4893  sucks -1.24 13178
excellent 0.67 31971 lame -1.16 2701
awesome 0.63 63257 rubbish -1.12 2127
fault 0.61 1027 worthless  -1.03 1628
sweet 0.60 3572 poor -1.02 6307
superb 0.58 3694 boring -0.99 3529
brilliant 0.58 6384 useless -0.98 8075
yvay 0.57 1134 horrible -0.96 4428
greatest 0.56 1148 crap -0.95 7515
amazing 0.56 18753 garbage -0.93 2217
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Examples of Negative Words that Imply Problems

Word Weight Freq | Word Weight  Freq
bloatware -0.89 1778 | slow -0.44 9939
misleading -0.84 465 | confusing -0.38 1300
crashes -0.71 9081 | expensive -0.26 1538
spam -0.62 1601 | permission -0.18 1409
freezes -0.54 3960 | privacy -0.10 962

Some negative words are particularly informative and hint to the
source of a user’s complaint
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Detect Inconsistent Reviews

M Positive sentiment [ Negative sentiment

Predicted Rating

Actual Rating

Coggigntly cius and real “ I'm uniuiing.

Predicted Rating

Actual Rating

Works gH on my evo! Pmct thing ever! =4%

O 0.9% of the reviews are inconsistent with their ratings.

O Might be attributed to carelessness or could be sign of
intentional manipulation

O Inconsistent reviews were removed for later analysis
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PER APP ANALYSIS

Can we monitor apps and, based
on reviews, identify and help
diagnose problems associated with
complaints?
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Topic Analysis

OO0 Preprocessing:

B Only on negative reviews, and negative words - avg. 71
characters, median length is 47 characters.

O Removed inconsistent comments

O Only negative comments associated with 1-star and 2-star
ratings

O Removed words with non-negative weights

B Concatenate comments from the same app as documents
(otherwise too short)

B Remove apps with too few comments: This left us with >52K
apps to analyze
O Latent Dirichlet Allocation model (LDA)

B Identify 10 topics

Copyright ©2012-2013 Norman Sadeh
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Top 10 Root Causes

Table 5: The most frequent words from top 10 eauses found by WisCom-topic model.

cause Attract- Stability Accuracy Compati-  Connee- Cost Telephony Picture Media i
boring closes find galaxy log free uninstall pictures  video ads
bad close location  battery error money want picture  sound notification
stupid load search  support account buy need pics watch spam
hta overy dafe  off et vy sead cumiin  vidsos, bar
Words dont crashes  useless  droid login paid IMCSSAEes  save songs notifications
hard keeps data nexus connection  refund delete wallpaper audio adds
make won way compatible sign want let soe sounds  annoying
way start list install let back contacts  photos  hear many
graphics  please  sync samsung  slow bought calls upload record pop
controls closing  wrong  worked website waste off pic anything push
189 13% 13% 11% 109% 9% B [ 5% 5%
Stardunk  Opera  Kindle  App 25D Zedge Sygic LINE Pho.to IMDB Brightest
Example Lab Flashlight
app Blast Bible Kobo  Solar Dropbox  Cut the  WhatsApp HRetro Tuner Shoot  the
Monkeys Charger Rope Apple
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Dynamic View: Life Story of App (1)

100
| ——Positive rating
g 80 } = = Negative rating
/
§ &0 /
- 3
% w0 "
3
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_— ’\,,,[T} 3 o ) 121 151 g:,’v:’ a1 Mgy M 301 331
ec 21, 2
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Dynamic View: Life Story of an App (I1)

——Positive rating
= = Negative rating

Number of comments

1 (a) 3 61 (b) 91 n 151 [C} 181 m 1 {d:. m 301 i
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Understanding the Problem

12/30/2011: Fix it! It keeps force closing
on stage 1, need an update.... pleasell!

a2

2

s

é v« E

28 ;

i , \l \ Na »
L]
1 [ﬂ] n 61 [h} 2 121 151 (C 181 211 41 ld} m 301 331

Days
vays
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The Life Story of an App

05/30/2012: Would give 0 stars if | could.

Server error. App will not open. 2nd device it

will not work on. Want a refund!

06/06/2012: Finally fixed. Hooray,
no more crashing. Thanks, now
for zombie killing. >:)

——Positive rating

‘2 80 - = = Negative rating
g Stability
E w Cost____
o Connectivity
S ol Compatibility
@
£
£ -
H

0

! () n 8 (p) 121 151 (c) ¥ m T 301 331
Days
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Dynamic View: Life Story of an App

05/30/2012: Would give 0 stars if | could.
Server error. App will not open. 2nd device it
will not work on. Want a refund!

06/06/2012: Finally fixed. Hooray,
no more crashing. Thanks, now

\ 12/30/2011:  Fix it! It keeps force closing
for zombie killing. >:)

on slage 1, need an updale.... pleasell!

——Positive rating

§ 80 < = = Negative rating
Ew
2
-
2w
@
£
E .
=

o

1 [a] 3 61 {b} 9 121 151 i}?‘:l m 241 [d] m 301 331
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Market-Level Analysis

O Do users care about the same issues
and/or exhibit the same level of
tolerance for different app categories?

[0 Possible guidelines for developers
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Outstanding Complaints in Each Category

Ist Complaints

2nd Complaints

3rd Complaints

Brain & Puzzle
Cards & Casino
Racing

Sports Games
Casual

Attractiveness (60%)
Attractiveness (49%)
Attractiveness (41%)
Attractiveness (61%)
Attractiveness (65%)
Attractiveness (54%)

Stability (18%)
Stability (18%)
Cost (23%)

Stability (14%)
Stability (15%)
Stability (17%)

Cost (11%)
Cost (8%)
Stability (19%)
Cost (11%)
Cost (10%)
Cost (8%)

Books & Reference
Business

Comics
Communication
Education
Entertainment
Finance

Health & Fitness
Libraries & Demo
Lifestyle

Media & Video
Medical

Music & Audio
News & Magazines
Personalization
Photography
Productivity
Shopping

Social

Sports

Copy!

Tools

Accuracy (26%)
Connection (319%)
Attractiveness (29%)
Phone (33%)
Attractiveness (17%)
Attractiveness (28%)
Connection (43%)
Accuracy (38%)
Attractiveness (21%)
Accuracy (26%)
Media (28%)
Accuracy (30%)
Media (32%)
Connection (40%)
Picture (29%)
Picture (61%)
Accuracy (31%)
Accuracy (54%)
Connection (34%)
Connection (25%)
Compatibility (29%)

Phone (13%)
Accuracy (22%)
Picture (17%)
Connection (18%)
Accuracy (13%)
Media (16%)
Accuracy (25%)
Stability (119%)
Compatibility (19%)
Stability (12%)
Picture (15%)

Cost (19%)
Stability (17%)
Stability (19%)
Compatibility (19%)
Stability (10%)
Compatibility (16%)
Connection {16%)
Phone (13%)
Accuracy (21%)
Accuracy (16%)

Connection (137)
Cost (15%)
Connection (16%)
Compatibility (13%)
Phone (13%)
Stability (11%)

Cost (9%)
Attractiveness (10%)
Phone (15%)
Connection (12%)
Stability (12%)
Connection {129%)
Attractiveness (11%)
Accuracy (12%)
Spam (13%)

Cost (6% )
Connection (15%)
Stability (12%)
Stability (12%)
Stability (16%)
Phone (13%) Slide 50

Users’ Reception of Free

Unstable

and Paid Apps

[ A: Application
| G: Game

Unstable

/

Costl
t
oeey (a) Free apps

A
AR

#
Unattractive Costly

Unattractive
(b) Paid apps

100 free/paid apps/games with the most reviews:

*For paid apps: cost dominates
*For paid games: other factors matter too

Copyright ©2012-2013 Norman Sadeh

Hong Kong May 2013- Slide 51

Summary

O WisCom provides analysis at 3 different

levels

O WisCom can

B Detect inconsistent reviews,

B ldentify root causes of complaints

B Provide historical view of apps

B Help identify market trends and develop
guidelines
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Concluding Remarks

O Lots of complex decisions can benefit
from crowd sourcing

O Combining ML and crowd sourcing can
help us:

B Understand complex questions,
automate processes, and more

B Make crowd sourcing more efficient

O This presentation was intended to
illustrate some of the research in this
area at the Mobile Commerce Lab.
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mMebile commerce Iab

http://mcom.cs.cmu.edu
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