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Smartphones are Pervasive

e 75% penetration in the
US as of late 2014

e About 1.7M Android
and iOS apps
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Smartphones are Intimate

i - Mobile phones and
millennials (cisco 2012):

* 75% use in bed before sleep
* 83% sleep with their phones

* 90% check first thing in the
morning

* A third use in bathroom (!!)
e A fifth check every ten minutes
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Smartphone Data is Intimate
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Smartphone Data is Intimate
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The Opportunity

We are creating a
worldwide sensor
network with these
smartphones

We can now capture
and analyze human
behavior at
unprecedented
fidelity and scale

Carnezie Mellon



The Challenge of Getting Data
About Our Cities

— * Today’s methods for getting city

data slow, costly, limited

— Ex. Travel Behavioral Inventory
— US Census 2010 cost $13b
N — Quality of life surveys

3 —=2 4| * Emerging approaches:

Pz o — Installing sensors / cameras

— Call Data Records
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Understanding Urban Areas

e AT&T Work on Human Mobility
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Other Ways of Gathering Data?

e Call Data Records proprietary
* No easy access
 Hard to replicate

e Social Media is an alternative
* |Instagram: 80M photos per day

* Twitter: 500M tweets per day
* Foursquare/Swarm: 3-5M check-ins per day

Flickr: 1.6M photos per day

Small but non-trivial percent is geotagged
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Eric Fischer’s Maps of
Tourists vs Locals
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The Vision: Urban Analytics

e How can we use smartphones + social media +
machine learning to offer new and useful insights
about cities in a manner that is cheap, fast, and

scalable?

Carnegie Mellon



Livehoods, Our First Urban Analytics Tool

 The character of an urban area is defined not just
by the types of places found there, but also by the
people that make it part of their daily life
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Cranshaw et al, The Livehoods Project: Utilizing Social Media
to Understand the Dynamics of a City, ICWSM 2012.
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What comes to mind when you
picture your neighborhood?

B
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The Image of a Neighborhood

You’re probably not imagining this.

15
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The Image of a Neighborhood

What you’re imagining probably looks a lot more like this.

Y PAMELA'S RESTAURANT

- n__

Every citizen has had long associations with
some part of his city, and his image is soaked in
memories and meanings.

---Kevin Lynch, The Image of a City

Carnezie Mellon
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Two Perspectives

“Politically constructed” “Socially constructed”

Neighborhoods have fixed Neighborhoods are organic,
borders defined by the city cultural artifacts. Borders are
government. blurry, imprecise, and may be

different to different people.

\
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Two Perspectives of Cities

Can we discover
automated ways of
identifying the “organic”
boundaries of the city?

Can we extract local
cultural knowledge from
soclal media?

Can we build a collective
cognitive map from data?

AR
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“Socially constructed”
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Neighborhoods are organic,
cultural artifacts. Borders are
blurry, imprecise, and may be
different to different people.
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Livehoods Data Source

* Crawled 18m check-ins otar ot Mot Welipuan
from foursquare

The Cave Bar at Omm Mt.

— People who linked their ks
foursquare accts to Twitter vomicadelddont
» Spectral clustering based E:.u.n::,;msgnm.ﬁ
on geographic and social LA
proximity orbipitioist

The Spa in The Mount
Washington Haotel

Gold Room at Bretton
Woods
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Contactus  About the maps Pittsburgh

o

Welcome to Livehoods!

). Each dot on the map (@) represents a check-in
location. Groups of nearby dots of the same color
form a Livehood.

The shapes of Livehoods are determined by the

3 patterns of people that check-in to them. If many
of the same people check-in to two nearby
locations, then these locations will likely be part of
the same Livehood.

Bedford
Dwellings

Livehoods reveal how the people and places of a
city come together to form the dynamic character
5 of local urban areas.

Click on a location to learn about its Livehood.
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http://livehoods.org/
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PNC Park

>
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Livehood #42
’ Character Related Stats

The popular check-in locations and the unigue types of

places found in & Livehood teach us about its character

Top five popular places

PNC Park

Aliegheny General Hospital
Anay Warhol Museum
McFadden's

Mubllens Bar & Gnill

Top five unique things to do here

o Baseball Stadium "

o Building "
o Home "
0 Pub "
o Museum "




Evaluation

* Interviewed 27 locals
— Residents, urban planners, businesses
— Asked them to draw their mental maps of areas first
— Then showed them our maps and solicited feedback
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South Side Pittsburgh
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South Side Pittsburgh
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South Side Pittsburgh
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Carson Street runs along the length of
South Side, and is densely packed with
bars, restaurants, tattoo parlors, and
clothing and furniture shops. It is the most
popular destination for nightlife.

\

Carnezie Mellon

30



South Side Pittsburgh
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South Side Works is a recently built,
mixed-use outdoor shopping mall,
containing nationally branded apparel
stores and restaurants, upscale
condeminiums, and corporate offices.

\
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South Side Pittsburgh
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There is an small, somewhat older strip-
mall that contains the only super market
(grocery) in South Side. It also has a liquor
store, an auto-parts store, a furniture rental
store and other small chain stores.

i
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South Side Pittsburgh
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The rest of South Side is predominantly
residential, consisting of mostly smaller row
houses.
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South Side Pittsburgh

WP ey

E i . b = b <
T a: Ay >y . B i, Trde mdpalal
& 1 G L
" E. St 51 j“- T i a..;..n,___
- F
¥ 'E- TR '_ -a.:
Eurwhia 31 1 "l -

= M .

2 i, iy & 0w . 7

o e @ ol F - =

51 1 B
ity i W & f
£ ywgareugion Al B g |1 E‘:J
Wari=n W A W

£ | & Bt 1 il

34

(T .
= P
Sigasth -
Owcland E

gz el Bl ey

T ph
vl Wik

Carnegie Mellon



South Side Pittsburgh

Livehoods Found in South Side

I'll show evidence in support of the Livehoods clusters in South Side,
and will describe the forces that people highlighted.

A
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South Side Pittsburgh

LH8 vs LH9
_ “Ha! Yes! See, here is my division! Yay! Thank
Demographlc you algorithm! ... | definitely feel where the
Differences South Side Works, and all of that is, Is a very
different feel.”

a
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South Side Pittsburgh

o o & ] J . E L 5 e .
- - ; 0 ¥ ! ! o 3
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':J ; "

s BF%

LH7 vs LH8 e ~
_ “from an urban standpoint it is a lot tighter on
Architecture & the western part once you get west of 17th or
18th [LH7].”

Urban Design y
ay
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South Side Pittsburgh

LH7 vs LHS8 /“Whenever | was living down on 15th Street [LH7] | had N

to worry about drunk people following me home, but on

S afety 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.” /

Carnezie Mellon




South Side Pittsburgh

LHG6 “There is this interesting mix of people there | don’t
_ see walking around the neighborhood. I think they
Demog raph|C are coming to the Giant Eagle [grocery store] from

lower income neighborhoods... | always assumed

Differences they came from up the hill.” )
ay

Carnezie Mellon
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South Side Pittsburgh
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South Side Pﬁittsburgh
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Brooklyn Queens Expressway
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Bezerkeley, CA
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repeat proportion

Other Potential Urban Analytics

Whole Foods Market

. 44
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Topic Modeling (LDA)
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Analysis of Geotagged Tweets

[ )
in Pittsburgh
Neighborhood Names Top 3 Emojis per Neighborhood Clear Map
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Analysis of Geotagged Tweets

in Pittsburgh
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Analysis of Geotagged Tweets

Py
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in Pittsburgh

=

=)

22 lab cathedral canuna -
chevron lul's shadysidepittsburgh

greenfield #pgh magee cemetery save-mor amusement squirrel pedro de #pittsburgh ryan's

| jssaylor: Picking up a sweeper | found on Craigslist. Might get murdered, (@ Greenfield in Pittsburgh, PA)

it https://t.co/TwsMdTbpwk

ees tully_412: So the cops showed up at the house party last night. Guess we were too loud, ooops. Sorry Greenfield &
h2p tully_412: It's kinda sad that | can't walk down the street to the mail box in shorts with out getting honked at. :/ Show
ak some class, Greenfield. #Pgh

akland aolfesh: Skype Fred is better than no Fred at all. #Fredro #catsofinstagram #cats @ Greenfield, Pittsburgh, .

naoco https://t.co/IdRQa9FB2h

niversity ccviking82: Happy Easter with the fam< @ @ Greenfield https://t.co/ORFqglhwrO

iRgham BigSnuke: Anyone else in Greenfield lose their @comcast the last two nights right around 8:30PM? Or is it just our lucky
:d:& few blocks?
’Pm BigSnuke: @brianmcnulty11 not tryin to put it on front street but your honesty is real refreshing. I'm from greenfield so I've
. seenitin action
NickyBelke: Our first Memorial Day picnic was a success [ @ Greenfield, Pittsburgh, Pennsylvania
~, https.//t.co/prMpLMydRD
" NickyBelke: My favorites @ @ Greenfield, Pittsburgh, Pennsylvania https://t.co/10dTZ2pbSJ
ceviking82: Pup's 76th birthday” #toemanymore @ Greenfield https://t.co/OIfZI71156
jssaylor: When you're too tired to cook, there's always the liquid dinner. #wine @ Greenfield https://t.co/QWXAOpqkrk
Monster_C_Lane: New morning view on fleek #dafuq #pittsburgh #niceyellowsuzuki @ Greenfield, Pittsburgh,
Pennsylvania https://t.co/CnyX4dUxIH
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Analysis of Geotagged Tweets

[ ] [ ]
in Pittsburgh
Neighborhood Names Top 10 Words per Neighborhood Clear Map
+ v . \ . Soee ks “-. 2 o8 A 7es | |




50

Analysis of Geotagged Tweets
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Reflections on Urban Analytics

51

Potential Blases m the Data?

onh Ava o g
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| musicians in 20t" century

# | Median Income (2009):
617,939

e o Y S
8 9% o %

Pittsburgh’s Hill District g
Was ground zero for Jazz .
P

8,000 residents and 400
businesses, decimating the
economic center of African-
American Pittsburgh
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Reflections on Urban Analytics
Potential Biases in the Data?

e Socioeconomic bias
— Little foursquare data in lower socioeconomic areas
— (Less of a problem with Twitter though)

 Urban bias

— Social media more active per capita in cities
* Age and gender bias

— Most young, male, technology-savvy

* Is this a problem that will solve itself with time?

_— Or, can we address this in our models?

52

\\ r, use multiple sources of social media data
Carnezie Mellon
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Reflections on Urban Analytics
Privacy Concerns?

e Publicly visible data without requiring logins
— No IRB issues

e Removed venues labeled as “home”

— We only received one request to remove a venue
from Livehoods (wasn’t labeled as a home)

 We only show data about geographic areas vs
individuals

— Can’t identify behaviors of specific individuals

* But still many other questions

B L\
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How Much Can Be Inferred?
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How Much Can Be Inferred?

* Very likely much more can be inferred using rich
data like this
— Demographics, socioeconomic, friends
— Physical and mental health (depression)
— How “risky” you are (bars, clinics, etc)
* Unclear how far inferencing can go
— Also, not much can stop advertisers, NSA, startups,

— Even if an individual hides behaviors, can infer a lot
based on what other similar people are doing

Carnezie Mellon
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How Much Can Be Inferred?

PEER-REVIEWED JOURNAL ON THE INTERMNET
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A New Kind of Redlining?

e “denying, or charging more for, services such
as banking, insurance, access to health care, ...
supermarkets, or denying jobs ... against a
particular group of people” (wikipedia)

@NEWS HOME VIDEO | US. | WORLD @ POLITICS | ENTERTAINMENT | TEC

=2 'GMA' Gets Answers: Some Credit Card
e Companies Financially Profiling Customers

Jan. 28, 2009
By CHRIS CUOMO, JAY SHAYLOR, MARY McGUIRT and CHRIS FRANCESCANI via

m"‘f\ m 4] [WrTweet (S| |3+ 3 =y B 1comment S
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@NEWS HOME VIDEO US.  WORLD | POLITICS | ENTERTAINMENT @ TEC

'GMA' Gets Answers: Some Credit Card
Companies Financially Profiling Customers

;znéiii'lzi’ZOUgOMO. JAY SHAYLOR, MARY McGUIRT anc CHi JOhnson Says hIS JaW
dropped when he read one

i Like REH “ wiweet =/ 849 of the reasons American
Express gave for lowering
his credit limit:

"Other customers who have
used their card at

establishments where you
recently shopped have a
poor repayment history
with American Express."




Moving Forward

e At early stage, but lots of potential for
understanding wide range of behaviors for cities

— Business analytics, use of city resources (parks),
how neighborhoods change over time, health care,
location efficiency, and much more

e Many open questions too
— Creating and validating models

— Privacy, inclusiveness, benefiting all citizens
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Tiramisu Bus Tracker App

Forbes Ave opp Craig

* People can see
incoming bus data ekl

. Roue S81A Trpd! 916
e People can also share info 2% ™ © =

G610 | Forbes Ave opp Craig

— Got on bus hodil]
— Hseats available G618 | Forbes Ave at Murray
* Can we create new kinds 61B|_ o

Nt
Inbourg| "

of tools that can engage  §1a
people to be active i
citizens?
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Thanks!

Would love to hear your feedback
and ideas!

More info at cmuchimps.org
or email jasonh@cs.cmu.edu

Special thanks to:

e Justin Cranshaw ¢ Emily Su
e Dan Tasse e Jennifer Tchou
* Hyun-Ji Kim

R

Computer Human Interaction:
Mobility Privacy Security
hitp://cmuchimps.org
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mailto:jasonh@cs.cmu.edu
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How can we create
a connected world we
would all want to live in?
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How Much Can Be Inferred?

Cheome-
skull accessopies

were in the top 1 percent of
products signaling a risk
of default among 85,000 types of

purchases analyzed.

Peemium

wild bicdseed

was in the bottom 1 percent of products
signaling a risk of default among 85,000 types
of purchases analyzed.




Who Gains From this Data?

* Today, most data only flows one way
— Mainly to advertisers (and NSA)

— Also banks, insurance, credit cards

Carnezie Mellon
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Who Gains From this Data?

 Can we design systems that share
the value across more people?
— People co-create data and gain value
— Participatory design philosophy

* Can we also make
people feel more
invested in the
cities they live in?

B L\
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Summary

 Smartphones and cloud computing offer big
opportunity to understand human behavior

* Also pose many large challenges, in privacy and
ethics

* But I’'m optimistic

Carnegie Mellon
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Using Location Data to
Infer Friendships

 2.8m location sightings of e —
489 users of Locaccino g
friend finder in Pittsburgh R

» Place entropy for inferring
social quality of a place
— #unique people seen in a place

~0.0002 x 0.0002 lat/lon grid, Lo i
~30m x 30m

Cranshaw et al, Bridging the Gap Between Physical Location and
Online Social Networks, Ubicomp 2010

@ =
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Inferring Friendships

« 67 different machine learning features
— Location diversity (and entropy)
— Intensity and Duration
— Specificity (TF-IDF)
— Graph structure (overlap in friends)

« 929% accuracy in predicting friend/not

— Location entropy improves performance
over shallow features like #co-locations
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