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the big picture



the big picture

p the digital image of the world is tracking the world
more and more closely

* this allows us to use computation to extract patterns
and establish causal inferences using tools from data
mining, machine learning, statistics

 mathematical modeling and forecast now happen on a
data-rich landscape (e.g., mobility data, OSN data) and
are fed by data streams from multiple sources

 We can assess our models against reality at
unprecedented speed and scale, and feed back to models



facebook P..Butler

digital traces of human behavior




digital traces

historical view
temporal horizon
limited reproducibility
limited context

data protection

available as a side effect of many activities
machine processable, pattern discovery
high coverage, can work at scale



methodology

digital traces of human behavior
as first-order objects
for scientific investigation
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scientific investigation
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the 4th paradigm

1. empirical
2. theoretical
3. computational

“The new model is for the data to be captured by instruments or
generated by simulations before being processed by software
and for the resulting information or knowledge to be stored in
computers. Scientists only get to look at their data fairly late in
this pipeline. The techniques and technologies for such data-
intensive science are so different that it is worth
distinguishing data-intensive science from computational
science as a new, fourth paradigm for scientific exploration.”

- Jim Gray, 2007



Nnot a paradigm shift

“Thus it Is not a paradigm shift in the Kuhnian sense. Data is not
sweeping away the old reality. Data is simply placing a set of
burdens on the methodologies and social habits we use to deal
with and communicate our empiricism and our theory, on the
robustness and complexity of our simulations, and on the way we
expose, transmit, and integrate our knowledge.”

“Data-intensive science, if done right, will mean more paradigm
shifts of scientific theory, happening faster, because we can
rapidly assess our worldview against the ‘objective reality’ we can
so powerfully measure.”

- John Wilbanks (Creative Commons), 2007



the big picture (2)



Complex systems science

_______________________________________________________________________________________________________

large number of components
iInteractions between components
multi-scale hierarchical structures

A. Koblin
self-organization (no blueprint)

v
v
v
v coupling between scales
v
v emergent properties

v

“complex” is more than “complicated”

P. Butler

* the end of linear thinking
* interdependence and systemic risk
* the problem of causal inference



complex
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EXAMPLE: GLOBAL EPIDEMIC FORECAST

D.Balcan, V. Colizza, B. Gongalves, H. Hu, J. J. Ramasco, A. Vespignani Multiscale mobility networks and the spatial spreading of

infectious diseases Proc Natl Acad Sci U S A 106, 21484-21489 (2009).

population layer

epidemic layer

symptomatic
infectious (travel)

__ symptomatic
infectious (no travel)

latent

asymptomatic
Infectious

mobility layers

geographic scale

Parameter Value Description

B from Ry transmission probability

¢ 1.9[1.1-2.5]d average latency period

n! 3[3-5]d average infectious period

Pt 50% probability of traveling
for infectious individuals

o3 33% probability of being
asymptomatic

rp 50% relative infectiousness of

asymptomatic infectious
individuals
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gleamviz.org sGlobal Epidemic and Mobility Model
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GLEaMviz is a multiplatform application that allows environmental effects and the initial conditions of

CUMISLATIVE INFECTED (PER 1000) / DAY

to interactively program and generate data with
the GLEaM computational model.

With the GLEaMviz application you can:

- Configure the epidemic model by setting the
disease natural history.

- Define the simulation scenario by including

the outbreak.

- Define mitigation and containment policies and

analyze their effectiveness.

- Explore simulation results through dynamic plots

and maps.

-Download and share the generated data through a

user-friendly interface.




citizen as (flu) sensors

www.influensakoll.se
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data & metadata




DEPRECATED

The author's

The author of the tweet. This
embedded object can get out of sync.

Number of tweets
this user has.

Text of the tweet.
Consecutive duplicate tweets
are rejected. 140 character
max (http://bit.ly/4ud3he).

/_

The tweet's unique ID. These
IDs are roughly sorted &
developers should treat them
as opaque (http://bit.ly/dCkppc).

{"id"=>12296272736 4
"text"=>
"An early look at Annotations:
http://groups.google.com/group/twitter-api-announce/browse thread/thread/fa5da2608865453",
"created at"=>"Fri Apr 16 17:55:46 +0000 2010" sa

"in_reply to_user_id"=>nil, . The ID of an existing tweet that

‘ Tweet's
creation
date.

"in_reply to_screen_name"=>nil, this tweet is in reply to. Won't
be set unless the author of the
referenced tweet is mentioned.

"in reply to status id"=>nil
"favorited"=>false,
"truncated"=>false

The screen name &
user ID of replied to
tweet author.

Truncated to 140
characters. Only
possible from SMS.

user'"=>
\\%"id"=>6253282,

biography.

The author's
user name. I
- The author's

screen name.

The author's |

"name"=>"Twitter API", -«

"description'"=>
"The Real Twitter API. I tweet about API chan sues and
happily answer questions about Twitter and our API. Don't get an answer? It's on my website.",
"url"=>"http://apiwiki.twitter.com" s

_"‘ - The author's "location". This is a free-form text field, and

there are no guarantees on whether it can be geocoded.

- The author's |

I URL.

Rendering information
for the author. Colors
are encoded in hex
values (RGB).

The creation date
for this account.

Whether this account has

contributors enabled
(http://bit.ly/50npuu). Number of
— favorites this
/)'"statuses_count"=>1628, I Number of user has.
"friends count"=>13 4 users this user
"time zone"=>"Pacific Time (US & Canada)", . The timezone and offset is following.
"utc offset"=>-28800, - (in seconds) for this user.
"lang"=>"en" @— - The user's selected
"protected"=>false I language. |
*




Number of tweets
this user has

Whether this user has geo
nabled (http://bit.ly/4pFY77).

>.L

The geo tag on this tweet in
GeoJSON (http://bit.ly/b8L1Cp

"contributors"=>[3191321]
"geo"=>nil g

"coordinates"=>nil, DEPRECATED
"place"=> l_h i

"source"=>"web"
}‘\ The application

L LY e e T —
£ for this account. _
Whether this account has
. ‘created at’=>"Wed May 23 06:01:13 +0000 2007", contributors enablog
"contributors enabled"=>true 4— (http://bit.ly/50npuu). Number of
"favourites_count"=>1 - favorites this
"statuses count"=>1628, Number of user has.
—7 friends count"=>13 .q users this user

"time zone"=>"Pacific Time (US & Canada)", . The timezone and offset is following.

"utc offset"=>-28800, - ! (in seconds) for this user. '

"lang"=>"en" m— - The user's selected
l language.

Whether this user is protected
or not. If the user is protected,
then this tweet is not visible
except to "friends".

"protected"=>false
"geo enabled"=>true,
"notifications"=>false,
"following"=>true,
"verified"=>true

DEPRECATED
in this context

Number of
followers for
this user.

Whether this user
has a verified badge. l

The contributors' (if any) user

{ | The place ID | IDs (http://bit.ly/50npuu).

"url"=>"http://api.twitter.com/1/geo/id/2b6£f£f8c22e .Jjson" —

The URL to fetch a detailed

country_code =>"ys" The type of this
"country"=>"The United States of America" place - can be a The place associated with this
"bounding box"=> "neighborhood" ’ Tweet (http://bit.ly/b8L1Cp).
{"coordinates"=> or "city"
[[[-122.42284884, 37.76893497], S —

[-122.3964, 37.76893497],

The country this place is in
[-122.3964, 37.787528971, Ii—l

[-122.42284884, 37.787528971]111,
"type"=>"POlngn" } } ,

The bounding
box for this
place

that sent this
tweet

Map of a Twitter Status Object
Raffi Krikorian <raffiQtwitter.com>
18 April 2010




http://flickr.com

$ 6 & Popular Tags on Flickr Photo Sharing

Q© 2(Q~ Google

|< '»—] C| + | _f http://flickr.com/photos/tags/

Photos: Yours - Upload - Organize - Your Contacts' - Explore

flickr

Tags (SEARCH )

(Or, try an advanced search.)

Hot tags

In the last 24 hours

playconference, museumnacht, n8, november5th, nycmarathon, mindcamp10

bonfirenight, tamron, novemberS, guyfawkesnight, lewes, guyfawkes, grdigital, dux05, shizuoka, auspctagged, funfair,
japanesemaple, sparklers, heineken

Over the last week

vegoose, trickortreating, allsaintsday, guyfawkesnight, nov2005, fotosafarisantos

worldcantwait, dux05, nov05, flickrtreat, bonfirenight, november2005, eid, teamzissou, fawkes, october31, dux2005, guyfawkes,
cnbloggercon, novembre

All time most popular tags

amsterdam animal animals april architecture art australia baby barcelona
beach beriin i blrthday biack blackandwhite blue boston bridge building DW

california cameraphone camping canada car cat cats chicago
china christmas church city clouds color colorado concert day dc dog dogs england

europe family festival reworts florida flower flowers food france

friends mun garden geotagged germany gir graduaton graffiti green hawaii
holiday home honeymoon house india ireiana italy J@P@N july june kids lake
landscape light london losangeles MACrO march may IME mexico moblog
mountains museum MUSIC NAture new NEwyork newyorkcity newzealand Night

nyc ocean orange oregon parIS park party people phone photo pink portrait
red reflection river roadtrip rock rome sanfrancCiSCO school scotland sea seattle sign
SsKy snow spain spring street SUMMET sun sunset taiwan texas thailand

tokyo toronto tFAVE! tree trees triP uk unfound uban usa Vacation
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vancouver washington Water Weddlng white winter yellow zoo
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Explore / Tags /(nyc)
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Fromuncommon From The Visions of
Kai

From orgutcayli From CiaoChessa

From C-Monster '

From Sir Francis
Canker...

From CiaoChessa
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fag co-occurrence

umbrella, red, tokyo, japan,
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L} airport, tokyo, japan
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tag networks
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ideas we have just seen:

 metadata in place of content

* co-occurrence of tags / terms
e CO-Occurrence network

« communities in a network
 (degree) centrality of a node

* bridges between communities

... hetwork science



computational social science



a social network of US political bloggers

L. Adamic and N. Glance
The political blogosphere and the 2004 US election: divided they blog
Proc. 3rd international workshop on Link discovery, p.36 (2005)


http://bibsi6.cms.si.umich.edu/node/287
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political discourse on Twitter
..~ TRUTHY.INDIANA.EDU

retweet

mention

http //chets 1nd1ana edu/groups/nan/truthy/
v1suallzlng the polltlcal -discourse-on-twitter


http://cnets.indiana.edu/groups/nan/truthy/visualizing-the-political-discourse-on-twitter
http://cnets.indiana.edu/groups/nan/truthy/visualizing-the-political-discourse-on-twitter
http://cnets.indiana.edu/groups/nan/truthy/visualizing-the-political-discourse-on-twitter
http://cnets.indiana.edu/groups/nan/truthy/visualizing-the-political-discourse-on-twitter

similarity in a social network: the case of aNobii

20 . | .
- . average
15 —
- real data vs null model |  number of
_ common
T books of
) fwo users
g %)
I
i average
| similarity
] between two
| users
—¢= —J
8
distance along network
L. Aiello et al.,

http://arxiv.org/abs/1006.4966
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an experiment within Facebook

acebook

News Feed Top News - Most Recent EEEED L] News Feed Top News - Most Recent (EEED
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4% Came Requests (| Thes is a little bittersweet 4% GCame Regquests ) Profile Pictures
. - .
8 Questions The Sad, Beautiful Fact That We're All Coing To & Questions

Miss Almost Everything : Monkey See : NPR

o

&/ View a comments
m You look beautiful! Congratulations

I am so overwheimed!!! People from all over the country have sent me
facebook messages and/or called me 10 wish me a happy birthday. | wam
to you know that it's because of YOU that | had such a happy birthday!
THANKS SO MUCH!

Profile Pictures

-

£J View nent ) 2 people like this
m You look beautfult Congratulations
‘ . 1 find myself taking on particularly challenging tasks most of the time
| am 30 overwhelmed'™! People from all over the country have sent me ’
. This is good, but also exhausting
facebook messages and/or called me 10 wish me 2 happy birthday. | want .
to you know that it's because of YOU that | had such 2 happy birthday'

THANKS 50 MUCH!

O likes this

L people ke this

feed no-feed

E. Bakshy et al., WWW2012, http://arxiv.org/abs/1201.4145
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an experiment within

00'030 | condition
= 0.025 - -+ feed
50020 B no feed
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6

number of sharing friends

E. Bakshy et al., WWW2012,

The Role of Social Networks in Information Diffusion

http://arxiv.org/abs/1201.4145
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earable sensors
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http://www.vimeo.com/1180738
http://www.vimeo.com/1180738

2nd grade

1st grade

\'\,/ A _.-“-.’ ‘?-“-' : =

& \ Hl ’°...o

4th grade °, / ﬁ 5th grade
e ®eoe®

Thu, 11:20- 12:00 .
WWW.Ssocl1opatterns.org
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groups and trajectories

£ 2 LUNCH B 2 2 LUNCH

a2
' l . OUTDOORS .

£ RECESS

4 BREAK



: _,” (S [L ez 1_._[&

Lt r\ wibrlr Lrknks
]

1y

hospital

W LZE"5ZE

.= EE_

i g Ik o

SIE-E1E

LR
.........
GlEGE

-l
atEd
Bint:

L
—

@ BICLIE

i
mﬁmﬁ.q_
I

B
EmERC
pEh

m.Et_.

m FEL L

BEEL

¢ zo

L ]

4

O) | /e @
BELE =

g0

ﬁ@:@ (L zecoee
_.w . mmlm%__n_mWF 92¢-92¢

Rt

mwm_um

L F Y¥70-72¢
CEAL

N _m_ﬂw zal
=

__.I_-_m_wm_"
y 0ZC-8IE
BEGL O F
08
Ir

27aL w LHIL
Bl
W||_ bt 0551 @ ZIE-0IE

Pac) Jnl

SO

L 90C-905
960" m_HW

3
m m:E _
e —

m ¥05-Z0¢

-3

Fo-a




parents

= — e
M , ,/./J_,.ﬂ,.,.-..-._..I-.”.l,/ﬂ/....\.\ml.luﬂ :
S AN ,;/‘,,,.,,//// //,,.s\\\/ow\\\_\
\////,,,,.,,_, égf/ WA
,,// \ ,
A\
o || I
N
O
Vp
-
.
Q
)
)
S
Q
O
_L
U
% %
v
g._“
1/
W) 7
Y
P
£
3 == =

laries

auxi


http://www.sociopatterns.org
http://www.sociopatterns.org

models




many types of models

mathematical models
statistical models
generative models
agent-based models
machine learning models

descriptive models vs predictive models vs
dynamical models



>> forward




decision and policy making

human-machine compositionality

B [

data mining,

complex systems, machine learning,
network science natural language

processing

¥ \L

digital platforms




HACKING DEVELOPMENT,
VISUALIZATION & SCIENCE ° 0 @

BIG DIV

ABOUT PROGRAM TEACHERS & SPEAKERS ADMISSION PRICING DATASET WHERE CONTACTUS

A four-week training program to boost the technical skills
needed to dive into the BIG DATA universe.

HOME / ABOUT / CONTACT US APPLY
The idea behind BIGDIVE is to boost 20 candidates admitted Starting date: October 1st, 2012 We are looking for:
the growth of a new generation of
developers. 3 cross-disciplinary study paths Ending date: October 26th, 2012 Hackers
A street-fighting gym where high 3 special events with Lessons from Monday to Thursday Designers skilled in coding

valiia datacate aro the raw matorial national/international experts



the new role of data

TRADITIONAL APPROACH NEW PERSPECTIVE

Data actively collected with user awareness Most. data from machjne to machi'ne'tra.ngactions and
passive collection - difficult to notify individuals

Definition of personal data is predetermined Definition of personal data is contextual and dependent
and binary on social norms

Economic value and innovation come from combining

Data collected for specified use data sets and subsequent uses

User is the data subject User can be the data subject, the data controller,
and/or data processor

Individual provides legal consent but is not Individuals engage and understand how data is used
truly engaged and how value is created

Policy framework focuses on minimizing risks Policy focuses on balancing protection with innovation
to the individual and economic growth

Source: World Economic Forum and The Boston Consulting Group

http://www.weforum.org/1ssues/rethinking-personal-data


http://www.weforum.org/issues/rethinking-personal-data
http://www.weforum.org/issues/rethinking-personal-data

reflecting on big data

e Bigger data are not always better data
e Just Because it iIs Accessible Doesn’t Make it Ethical

e Limited Access to Big Data Creates New Digital Divides

d. boyd, K. Crawford

Six Provocations for Big Data
Oxford Internet Institute’s “A Decade in Internet Time:
Symposium on the Dynamics of the Internet and Society”



