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Data -Pop Alliance is a
global coalition on Big Data &
development created by the

Harvard Humanitarian Initiative, MIT
Media Lab, and Overseas
Development Institute joined by
Flowminder, bringing together
researchers, experts, practitioners

and activists to promote a people
centered Big Data revolution
through collaborative research,
~ capacity building,
and policy work
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A three-step plan for
using data right in an age
of government overreach S
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1. Context
and
Concepts
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“..Big Data comes from things like location data off of your
cell phone or credit card,

...the little data breadcrumbs that you leave behind you as
you move around in the world...
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A field is emerging that leverages the
capacity to collect and analyze data at a
scale that may reveal patterns of individual
and group behaviors, (Science, 2009)

Data and development
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i (2012) Rich countries are deluged with data, developing ones are suffering from drought




Data -bundance In the age of inequalities,
post -truth politics, mass surveillance, climate
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S Science without conscience is the soul's perdition.
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(Big) Data revolution, SDGs &sust. development

How can (Big) Data
help monitor the SDGs

DATA-POP ALLIANCE byofilling da
WORKING NOTE with more granular &

disaggregated data -
and what does
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“Big data [is] an ecosystem,” says
VOLUME @ManulLetouze of @datapopalliance, a global
coalition that includes the @medialab CAPACITIES

—

COMMUNITY

VELOCITY VARIETY

Source: E. Letouzé

circa 2010: the 3 V's of Big Data now: the 3 C's of Big Data



THE 3 C's OF BIG DATA

Big Data is Not About the Datal

Gary King?

Institute for Quantitative Social Science
Harvard University

(Talk at the New England Al Meetup, 5/14/2013)

Source: E. Letouzé




The C of crumbs—i.e. those “digital bread crumbs” or those “digital ,-'“ .°’-_

translations of human actions and interactions passively emitted and :: .'..
captured by digital devices”. At the center of our information societies E 5
is the production of massive amounts of data through connected platforms, '5-_ .:

social networks, and machines. This feature is important as it presides
over a fundamental qualitative shift as much as a quantitative one and gives
Big Data its deeply political nature.

v

OMLINE
MARKETPLACE
(AIrBNB, etc)
TRANSPORTATION
FLEET
TRACKING
(TAXI GPS, BUS E-HAILING &
AN, ETC)

RIDESHARE
(UBER, LYFT,

etc)

FIDELITY
PROGRAMS &
MEMBERSHIP
REWARDS
CARDS

SEARCH
HISTORY

MOBILE BROWSER
COOKIES
BASED

CREDIT/DEBIT

TRANSACTION

CALL DETAIL
RECORDS

MOBILE
GPS DATA

CROWDSOURCING

UNSTRUCTURED
ONLINE CONTENT
(WEB PAGES)

UNMANMNED
AERIAL

VEHICLES

(UWAS)

SATELLITE
IMAGERY
(NASA, TRMM,
LAMDSAT)

SOCIAL e
MEDIA e

STRUCTURED

ONLINE CONTENT

{OFEN STREET
MAR)

CONTENT
OF POSTS

SPEED/WEIGHT
TRACKERS

SOCIAL GRAPHS
BASED OM USER
CONMECTIOMNS




The C of capacities—i.e. tools and methods to collect, aggregate and
analyze data. Algorithms—to be defined and discussed below—fall
squarely under capacities, and stand firmly at the center of this ecosystem,
as both products and drivers of its expansion. Parallel computing is another
key aspect without which Big Data would not exist as a techno-social
phenomenon as it allows making computations in a fraction of the time—
sometimes years—it would take to run them on one machine.
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The C of communities—i.e. all those involved in generating, governing

®
and using data, including data producers, end users, policymakers, experts, Lot e,

) . N ® o® .. @
privacy advocates and civic hacker communities. Namely, groups. To o° .
date the two constituencies that have been the most active in levering s U
algorithms to make decisions of not as the centerpiece of their business . RS M N .
are large private companies and government agencies— notably ¢ : ..' ‘.. :
those in charge of surveillance activities—with academia coming third and - S .

L] [ ]
organized advocacy groups and networks (e.g. in the humanitarian " ..'

space) coming fourth.
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Most research has used Call Detall Records

Caller ID X76VG588RLPQ

Caller ID tower location 2°24' 22.14" |, 35°49' 56.54

Recipient phone number AB1UTCI93KK52A81UTCI3KK52

Recipient cell tower location 3°26' 30.47", 31°12' 18:01"

Call time 3013-11-07T15:15:00

Call duration 01:12:02

Note: only the phone tower location is given for privacy reason.
Source: New primer on mobile phone network data for development.
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Socio -demographic indicators including poverty,

literacy

Scientific Prize and Ethics Mention: Construction of socio-demographic

indicators with digital breadcrumbs
F. Bruckschen M, T. Schmid @, T. Zbiranski

We show that socio-demographic indicators such as population, age, literacy, poverty, religion, ethnicity,
electricity supply and others can be estimated in unprecedented detail and virtually ad-hoc using antenna-
to antenna traffic data only. We offer a uniform approach that can be easily extended to other variables.
Results are tested for spatio-temporal robustness and visualized as heat maps.

(1) Humboldt Universitat Berlin, Germany - (2) Freie Universitat Berlin, Germany
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Figure 1: a) Ie density ibutions for the the Mekong region; b) close-up picture eofpoplmndtbtons
(100x100m) for the Hanoi re region; ¢ )I’overtyh adcounts for Nigeria (<1.25 USD/day) per 1 km?; d) Uncertainty in poverty
headcount estimates per 1 km? area.




Mobility

FLOWMINDER.ORG
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FLOWMINDERORG

Nepal Population Estimates
as of May 1, 2015

'3 Ncell

Pre-earthquake population Population outflow

(above normal)

+390,000

(246,000~540,000)

Population inflow
(above normal)

~247,000

(-155,000~-339,000)

2.8m

2. Kathmandu Valley

Kathmandu Valley is here defined as the districts
Kathmandu, Bhaktapur and Lalitpur. Kathmandu
Valley is one of the most densely populated areas
in Nepal and home to ca 2.8 m people [1].

Key findings:

- An estimated 390,000 people more than
normal had left the Kathmandu valley -
comparing May 1 with the day before the
earthquake April 24 (ratio to the
population: 14%).

-  An estimated 247,000 persons less than
normal had come into the area during the
same period(ratio to the population: 8.8%)

= People leaving Kathmandu Valley went to
a large number of areas, notably the
populous areas in the south and the
Central and West Development Regions.

[1] www.worldpop.org

Contacts;
linus.bengtsson@flowminder.org
erik.wetter@flowminder.org
andy.tatem@flowminder.org

+4178 964 88 28
+46 70 893 88 37
+44 7703 392 192

Above normal flows from Kathmandu Valley to other districts

@ Negative @ Positive
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Above normal flows from Kathmandu Valley to other
districts (comparing pre-earthquake April 24 and May 1).

Flowminder.org is a non-profit organization registered in Stockholm, Sweden, Ncell is a mobile operator in Nepal
and part of the TeliaSonera group. Analyses are based on de-identified mobile network data and conducted in
accordance with mobile industry (GSMA) Guidelines on the protection of privacy in the use of mobile phone data for
responding to the Ebola outbreak, published October 2014, 4
Produced 8 May 2015



Criminality

ORIGINAL ARTICLE

Moves on the Street: Classifying Crime Hotspots Using
Aggregated Anonymized Data on People Dynamics

Andrey Bogomolov,' Bruno Lepri** Jacopo Staiano,® Emmanuel Letouzé, > Nuria Oliver? Fabio Pianesi,? and Alex Pentland’

Table 3: Metrics Comparison

Model Acc.,% | Acc. CI, 95% | F1,% | AUC
Baseline Majority Classifier 53.15 (0.53, 0.53) 0| 0.50
Borough Profiles Model (BPM) 62.18 (0.61, 0.64) | 57.52 | 0.58
Smartsteps 68.37 (0.67, 0.70) | 65.43 | 0.63
Smartsteps + BPM 69.54 (0.68, 0.71) | 67.23 | 0.64
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Algorithm 2: Esimating Direct Distance

Function: directDistance

Input: {lat, longi, latz, long2} € R.
Output: d € R.

begin

Initialization:

R +—6371.009

latq +—0, longs +—0, a «—0, c +—0
«(laty —lat

latq +— W
ws(longa—long;)

longq +— s

a +—sin( l—“—;—‘) * sin(l—“z-'i) + cos( ——J"l's"ot ) * cos("—-—-"llg‘o‘ ) *
sin( ’—9-4‘"; ) * sin(—“""; )

c+—2%* arctan(ﬁ‘/‘;z)

return R*c

end

FIG. 3. Algorithm 2: Estimating direct distance.

Big Data

Volume 3 Number 3, 2015
© Mary Ann Liebert, Inc.
DOI: 10.1089/big.2014.0054




Using Mobile Phone Data to Predict the

EpldemlOIOQy Spatial Spread of Cholera

* i ._,,,ﬁ > Linus Bengtsson'2, Jean Gaudart®, Xin Lu*'2, Sandra Moore®, Erik Wetter?¢, Kankoe Sallah?,
& e . .
2 s Stanislas Rebaudet® & Renaud Piarroux®
& C 3 N Average daily numbers of sims that moved out from the I i sur di
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Transmission seasonality

Social Media Monitoring of Discrimination and HIV Testing

FI_OWM I N I] EH. ﬂ RG in Brazil, 2014-2015

René Clausen Nielsen' - Miguel Luengo-Oroz' - Maeve B. Mello? -
Josi Paz’ - Colin Pantin® - Taavi Erkkola*
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Annex: Uses of Big Data for SDG monitoring

(

SDGs adopted by Big data examples What 1s How is monitored Country(ies) Advantages of using big
the OWG monitored data
1. Poverty Satellite data to estimate poverty™ Poverty Satellite images, Global map 2009 International comparable
eradication might-lights data, which can be
updated more frequently
Estumating poverty maps with cell- Poversty Cell phone records Cote d'Ivowre 2013-4
phone records™
Internet-based data to estimate Puce Online pnces at Argentina 2013 Cheaper data available at
consumer price index and poverty indexes retailers websites higher frequencies
rates®
Cell-phone records to predict socio- Socio- Cell phone records “Major city in Latin 2011 Data available more
eDDnGIII.‘lI: levelsn ECGﬂOH].ic Alnﬂfic‘ﬂ” I%'Ulﬂﬂy ﬂnd [ileﬂpﬂr t}lﬂﬂ
levels (Actually Mexico-City) official data; informal
economy better reflected
2. End hunger, Muining Indonesian Tweets to Food price Trweets Indonesia 2014
achieve food understand food prce crses® crises
security and Uses indicators derived from mobile Food Cell phoﬂe data and A country in Central 2014
improved phone data as a proxy for food secunty secugity airtime credit Africa
nutrition, and indicators purchases
prom?te Use of remote-sensing data for drought Drought Remote sensing Afghamstan, India, 2004
sus?unahle assessment and momitoring Pakistan="
e China™ 2008
3. Health Internet-based data to identify influenza Influenza Google search us 2009 Real-time data; captures
breakouts™ queries disease cases not officially
Data from onhne searches to monitor Influenza Online searches data China 2013 recorded; data available
influenza epidemics™ earher than official data
Detecting influenza epidemics using Influenza Twitter Japan 2011
Monitoring influenza outbreaks using Influenza Twritter Us 2013
twitter=x
Syste.ms to momnitor the mty of Influenza Vuluutn[y IePnrting Be]gium, Itxly, ougmng
influenza-like-illness with the aid of through the mternet Netherlands, Portugal,
volunteers wia the internet=== United Kingdom,
United States
Cell-phone data to model malana Malana Cell-phone data Kenya 2012

spread=
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Next frontiers: sample bias correction

The ABCDE of Big Data: Assessing Biases in Mean age e

Call-detail records for Development Estimates

o | [l under200 .
Gabriel Pestre* Emmanuel Letouzé! T B 200-206 @
Data-Pop Alliance Data-Pop Alliance B 20s-212
Emilio Zagheni? B 22-217
University of Washington, Seattle N [ 217-223
March 15, 2016 ;S B 223-220
%_ [ 229-239 ..‘
[=]
Abstract % : = . over 289 ° ® .

This article contributes to improving our understanding of biases in estimates
of demographic indicators, in the developing world, based on Call Detail Records
(CDRs) . CDRs represent an important and largely untapped source of data for
the developing world. However, they are not representative of the underlying pop-
ulation. We combine CDRs and Census data for Senegal in 2013 to evaluate biases e 4
related to estimates of population density. We show that: (i) there are systematic
relationships between cellphone use and socio-economic and geographic characteris-
tics that can be leveraged to improve estimates of population density; (ii) when no
‘ground truth’ data is available, a difference-in-difference approach can be used to
reduce bias and infer relative changes over time in population size at the subnational ®
level; (iii) indicators of development, including urbanization and internal, circular, » L ]
and temporary migration, can be monitored by integrating Census data and CDRs. T T T
The paper is intended to offer a methodological contribution and examples of appli- 2
cations related to combining new and traditional data sources to improve our ability lOg (P i) =k lOg (U i ) + bias; + &;
to monitor development indicators over time and space.

RA2 =0.7699

bias; = f(mobile phone penetration;)
Preliminary Draft prepared for submission to the Annual World
Bank Conference on Development Economics - 2016

Y; = Bo + [1 mobile phone penetration; + €;



Environmental effects

Greenhouse gas emissions

How viral cat videos are warming the

Data centers CO ,
emissions > Entire
airline industry




Beyond technologies, methodologies and
policies: ethics, politics and power

A development data revolution |
needs to go beyond the geeks
and bean-counters

Jonathan Glemmie ,
The Guardian, Oct 3, 2013

“A ‘true’ big data revolution should be one
where data can be leveraged to change power
structures and decision-making processes, not
just create insights.’”

Emmanuel Letouzé



People should and (probably) will get greater
control over the use of their data
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