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Big Data that we see every day «

@ Coronavirus COVID-19 Global Cases by the Center for Systems Science and Engineering (CSSE) at Johns Hopkins University (JHU)
o i Total Deaths Total Recovered

15,328

5,476 deaths
Htaly Hubei China

Total Confirmed

3,153 deaths

Confirmed Cases by Hubei China Iran

Country/Region/Sovereignty
2,182 deaths
China Spain ltaly

ltaly 1,812 deaths
Iran Spain

us
NORTH . 674 deaths
Spain MERTCA widl L France Korea, South
Germany 281 deaths
United Kingdom France
Iran
179 deaths

France Netherlands Guangdong China
111 deaths

Korea, South
AF RILC.A, Germany Henan China

Switzerland 111 deaths

United Kingdom SOUTH Korea, South Zhejiang China

AMERICA
Netherlands
Austria AUSTRALIA
Belgium
Norway
Portugal

Sweden
Australia Cumulstive Confirmed Cases Active Cases
Admin1 Admin2 Admin3 Lancet Inf Dis Article: . Mobile Version: . Visualization: . Automation Support:

Last Updated at (M/D/YYYY) 1 6 7 Data sources: L . . , 1 5 , state and national government health
. N ) departments, and local media reports. Read more in this L _
3/23/20201 1:25:39 PM LI Downloadable database: GitHub: . Feature layer: . Confirmed
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Defining concepts

Big Data
* Signifies three trends: 1) growing volume of data, 2) new technologies to
capture and process, 3) intention to extract insights from those (2)

Artificial Intelligence

* The simulation of human intelligence through machines, mostly through
computer systems (3)

Machine Learning

* Afield of Al; construction and study of computer algorithms (procedures
for calculations and/or classification) that can teach themselves to grow

and change when exposed to new data (2)
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The rise of Big Data

= Devices with permanent Global Mobile Data - Traffic growth & forecast (terabytes per month) (5)

internet connection e.g.
smartphones, cameras with 2017
image recognition and |
analytics software, sensors,
loT systems etc.) produce vast
amounts of different types of
electronic data (4)

884,906

90,829

= New possibilities of
information collection,
storage, and processing,
which increase the data’s
availability and usability

= New methods of data analysis
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Describing Big Data

Circa 2010-12: the 3 Vs of Big Data (s) Now: the 3 Cs of Big Data (5, 6,7)
. i

Big Data community

Big Data capacities
Volume aishaeced St .
- ' , 1. Exhaust

Big data crumbs | 1,.,7‘4«;_1; ii. Web

Big data \ \ X B N\
& \_ , iii. Sending

Velocity Variety o ’
* Volume: unprecedented data growth *  Crumbs: passively-generated individual and networked
* Velocity: high-speed data creation “traces of human actions picked up by digital devices”
* Variety: wide variety of data structures * Capacities: intent and capacity to yield insights through

storage, computing and analysis
* Community: people and groups having access to and using
the crumbs and capacities o



PN
2 |

4'\ 3:}{,@25“.’7’? oM % Maastricht University

UNU-MERIT

Taxonomies of Big Data

Structure (8)

* Structured data: organised, clearly identifiable, e.g. database with columns and rows

* Semi-structured data: no formal structure but contains “tags” which separate of data records or fields
* Unstructured data: no identifiable structure, e.g. texts, photos, videos and audio files

Source (9)
*  Administrative data: collected for transactional purposes, records of behaviours

* Digital residues: digital data series that resemble administrative data but contain a great deal of potentially
useful text, image or sound information if decoded

Solidity (10)
*  Hard data: traditionally collected administrative statistics
*  Soft data: freely available on the internet, often subject to property rights of public or private actors

Access (11)

*  Personal and proprietary: controlled by individual or commercial entities with rights to restrict access, e.g.
personal health records or credit card information

*  Government-controlled: government can restrict access, e.g. census data or personal tax or health records
*  Open data commons: available to all; private, commercial or government controlled, e.g. geographic data

Size, a spectrum (8)

*  Bigdata: high volume, high velocity, high variety and high complexity, e.g. linked datasets with different
structures

*  Small data: high volume, low velocity, low variety and low complexity, e.g. land use data for a small city
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Big Data value chain

an acquston | \:> [na
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e Structured data
eUnstructured data
eEvent processing
*Protocols
eReal-time
eData-streams
*Multi-modality

ta analysis

| =)

eStream mining
*Semantic analysis
*Machine learning
eInformation extraction
eLinked data

*Data discovery

*Whole world semantics
*Ecosystems
*Community data analysis

*Cross-sectorial data
analysis

L

Lom curation

¢Data-quality
*Trust-provenance
eAnnotation
¢Data-validation
eHuman-data interaction
*Top-down/bottom-up
eCommunity/Crowd
*Human computation
eCuration at scale
*Incentivisation
sAutomation
eInteroperability

-

= |

Data storage

-

-

In-Memory DBs
NoSQL DBs
NewSQL DBs
Cloud storage
Query Interfaces
Scalability and
performance
Data models

Consistency, Availability,
Partition-tolerance

Security and privacy
Standardization

=

Maastricht University

| ) [

eDecision support w
*Prediction
*In-use analytics
*Simulation
sExploration
sVisualization
*Modelling
eControl
*Domain-specific

usage

(12)
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Digital data market and ecosystem

Other forms of revenue

——— e S

Users / Digital platforms

Individuals
App store Data users

(digital Opariting systems
|

Digital services Product improvement

footprint) Social networks

Search engines Advertisers

Exploitation of Big data

Potentialintegration
issues

IIIIEH

KEY
Digital data streams S Big data Sales of data to big players
Monetary flows ::} approach
(12)

* Individuals/ groups who generate data, also data providers (12)

* Technology providers, e.g. data management platforms

* Users who use data to generate value

* Data brokers which collect data from different sources and sell it

* Research organisations and companies creating new ways to extract, process and explore data
* Public bodies which regulate data, provide data-based products or use data in their processes

Vo]
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The potential of Big Data and Al for social
development

“New sources of data (...), new
technologies, and new analytical
approaches, if applied responsibly,
can enable more agile, efficient
and evidence-based decision-
making and can better measure
progress on the Sustainable
Development Goals (SDGs) in a
way that is both inclusive and
fair.”, UN website (13)

“Big data can shed light on
disparities in society that were
previously hidden.”, UN website (13)

Al use cases per domain, number

Security
and justice

16

Public and
soclal sector

16

Information
verification
and validation

Crisis
response

3 7

Equality
and inclusion

Economic
empowerment

15
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Data in policymaking

= Evidence-based policymaking ()
= Replacing ideologically-driven politics with rational decision making
= Adiscourse or set of methods which informs the policy process
= Rational, rigorous and systematic approach

= Minimize policy failures caused by a mismatch between government
expectations and actual, on-the-ground conditions

= Policy-analytics )

= Development and application of skills, methodologies, methods and
technologies, which aim to support relevant stakeholders engaged at any
stage of a policy cycle, with the aim of facilitating meaningful and
informative hindsight, insight and foresight
= Meaningful — relevant and adding value to the process
= QOperational — practically feasible
= |Legitimating — ensuring transparency and accountability
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Needs and trends in European Public

Administrations
= Strategical needsu

= Development of domain specific target and indicator systems

= |nvolvement of the public and citizens, as well as the development of citizen-
centred policy making

= Strengthen citizens’ trust in public administration
=  Continuous evaluation of policies

= Take into account local and regional specificities
= Cross-linked information exchange

» |nformational needs

= Link between impact, quality, performance measurements and financial
information

= Ensure availability of (real-time) information and knowledge
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Big Data in the public policy process

Planning

In the policymaking context, big
data is “the creative application of
large transactional data sets
generated by the internet (such as
comments on social media) to the
processes of policymaking” (18, p.221)

13
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Public policy process — Big Data for policy
planning

= For policy planning, big data can add value during (4

= Agenda-setting, problem definition, policy discussion, and citizen participation

= Sources / types of data

= Especially social media: can be used for insights on citizens’ policy preferences

= Techniques

= Sentiment analysis, opinion mining, clustering, machine learning

Planning

14
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Public policy process — Big Data for policy design

= For policy design, big data can add value during «

= Policy formulation and as information-based policy instruments for evidence-
based policymaking

= Sources / types of data

= Mobility data (e.g. geodata), educational data, employer-employee microdata

= Techniques

= Predictive analytics, network science, data visualization, scenario techniques

15
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Public policy process — Big Data for policy
delivery

= For policy delivery, big data can add value during

= Public supervision and public regulation; continuous evaluation of policy
effectiveness to improve future implementation processes

= Sources / types of data

= Real-time data with immediate feedback loops
= Social media data, mobility data, administrative data (e.g. census or budget)

= Techniques

= Sentiment analysis, network analysis, randomized control trials, machine
learning, data mining

16
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Public policy process — Big Data for policy
evaluation

continuoyg = For policy evaluation, big data

can add value during

= The entire policy process, through
continuous evaluation of policies

= Sources / types of data
" Real-time data with immediate
feedback loops
= Techniques
= Sentiment analysis, micro-
experimentation
= Transformative
* Formative (<-> summative)

= Continuous, iterative feedback (<->
after policy implementation)

= Bottom-up, participatory

Agenda Setting

/frovision of
meansN’oIicy Acceptance

>

Evalyation 2

17
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Zooming in on development policy evaluation

" Trends in evaluating development effectiveness (9

= Complex problems and complex assessment: e.g. the SDGs’ focus on
social, economic and environmental impacts rather than a single one

= Adaptive Management and Doing Development Differently: doing “what
works” through agile methodology, iterative learning, modern technology

= Demand to trace impacts and results through value for money

= Challenges with traditional methods
= Data gaps in official statistics (disregarded groups, weak infrastructure)
= Household data often filled by hand causes inevitable time lags
= Limited population groups and sizes, high cost
= Mixed methods (RCT+) may address those trends and challenges
= Yield dynamic and rich sets of indicators

Enable feedback that may reveal unintended consequences while being
more accurate and timely

18
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Risks of using Big Data for development policy

Selection bias and lack of external validity (2)

= E.g. data from non-representative population
Historical bias and lack of internal validity

= E.g. event data from the past is not representative of events in the present
Focus on correlation and prediction over cause, causal inference and
diagnostics leading to prescriptive insights rather than understanding

= E.g. predicting high crime rates rather than explaining why crime occurs
Creating a new digital divide in terms of power and income

= Big Data requires analytical capability and infrastructures
Better data does not necessarily lead to better outcomes

=" Problem-solving requires interpretation, understanding, interoperability and acting
Risk to privacy protection

= Lack of common rules for data privacy and security requirements

= Risk of de-anonymization and re-individualization of data
Machine Learning / Al as black box

= Lack of transparency and accountability for prescriptions delivered by machines
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Challenges and bottlenecks of using Big Data
widely in the policy process

= Low budgets and legacy systems that do not leverage the power of Big
Data (12)

= Limited interoperability of data due to lack of common legal, technical,
operational and semantic alignment

= Lack of strategic leadership
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Case study 1 - COASTAL URBAN DEVELOPMENT
THROUGH THE LENSES OF RESILIENCY (CUTLER)

EU-funded project (20)

Sustainable
development of coastal
areas in different
European cities

Positive economic,

social, and
environmental impact
Data-driven
policymaking
methodology

=" |nform

= Advise

= Monitor

= Evaluate

= Revise

MONITOR FORESIGHT INTELLIGENCE

D:ﬂ Maastricht University

H
ECONOMIC & URBAN DEVELOPMENT ii‘h
THERMAIKOS BAY, THESSALONIKI

EFFECTIVE POLICIES

EVIDENCE BASED DECISION
MAKING COMBINING

WITH PUBLIC PARTICIPATION

BIG DATA ANALYTICS
HYBRID CLOUD INFRASTRUCTURE

21
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Case study 1 — CUTLER
architecture

“The cardinal objective of
CUTLER is to shift the
existing paradigm of
policy making, which is
largely based on intuition,
towards an evidence
driven approach enabled
by big data.” o

Collection

Visualization Business Logic Analytics

Policies

Sensing the
society

L)

Sensing the Q
environment
Hard-wired sensors Open participatory

platforms
Engaged citizens as

- Air pollution
Nolse pollution
Water pollution

- Wastewaters

living sensors
Crowd sourcing platforms

+ +

Social Networks

Pre-processing activities
- Crawling

- Sources extraction
Data cleaning
Data normalization

Archived Data

DEIE]
Collection

Cloud-based
Storage &
Processing

Hybrid cloud-based
infrastructure

Heterogeneous
grid-building blocks

Predictive Analytics

Real time Analytics

KPIs definitions
Environmental impact
Social consequences

Big Data
Analytics

OO

Business
Process Model

Economic activity

Policy-development process

decision making
Foresight Intelligence
- Scenario Planning
- Public Consultation

CUTLER Software Platform
- Facets <> IAMER steps

e
L B
Multi-facet
Dashboard

- Advanced visualizations

L Antalya Antwerp Cork Thessaloniki

Design
Implementation
Evaluation

Coastal Urban
Development
& Resiliency

Integrated
Dataset

CUTLER BPMs on evidence-based

Inform, Advise, Monitor, Evaluate, Revise
- Modular design, widget-based

- Analytics for resilience growth

Sensing the
economy

4

Reporting mechanisms

External Open Data

Legal,
ethical &
privacy
aspects

Security-by-design
approach

Support for loT
sensor interfaces

Translate information
into evidence
&
Actionable
knowledge

Support citles
on policy
design,
implementation
& validation

Integration of
sensing outputs
under a visual
analytics SaaS
solution for City
Data Science

- Pilot preparation

- Co-creation for policy
design

- Policy implementation
& enforcement

- Evaluation and revision

(21)

22
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Case study 1 — CUTLER process model

% Maastricht University

n Water Level

Water Quantity
oo low

Leval tao low?

Reason Level of
Irigation?

Look for Reason

Pumps

Assess Impact
of Reducing
Irvigation | aval

Assess Imp
of Using Water

Environmental,
Economic,
Social

L]

Formulate
Miligation

Measure

Yes

act

\2‘(/ >

Impact OK?

Impact OK7?

//X\ Yes

>

L]

*
Environmental,
Economic,
Social

Formulate

Reduce
rigation Level

Use Water
Pumps

Environmental,
Economic,
Social

L
Impact OK?

Formulate
Mitigation
Measure

L Water Level OK

o+

o=

CUTLER PLATFORM

(22)

23
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Case study 1 — CUTLER dashboards for
social, economic and environm‘entaluimp'act

[CorkSurvey] Parking

1501 Moderate (51.100), Unheathy for Sensive Grougs (101-150), Uniheaky (151.200], Very Unheahy 201-300 Hacartous (301500
rvey] Access

- © Sonstepuing © © et i 0 #a3003 ov
© Or-sice Parking ® 5 foot Wab @031 H
) = |
Y < )} iz . g
4l
K.-
[CorkSurvey] Timeline
P— _I||I-I-.._ - = —— - -
o ’ o cronted datspordoy
A TY K ook
CorkSurvey) Datatable
wsooe < 1 CUTLER economic model executed successfully. Please check below the results. @
Time. parkingelaborate standout attraction comment tourguide comment toilet comment ticket comment siteattractions comment_parking comment cafe comment a
N i ey et i Rasiin ol oeve ks b of rer e e Estimated impact by variable of interest: Select all / Unselect all
il T i gttt
SonbieTor . gang e hrarbes
Wkl e Regional Capital Stock v
VAot n 2010, 200D Arauptypresenccr slocn oy F— Secme ot socasen gy Soudbe ondes
it g o o it 308 ot e 2wt oot
S ot i, S o o PSR
ok s Regional Capital Stock
Regional Total Production Qutput
[Twitter] Hashtag Cloud P N Regional Pald Staff Expenses
p ~ unmep DENMARK i =
a\On\\d » DoM s it Regional Employment
TRF S 269,056 =
32 8 (JO\O (‘&/ Ny 2 € L e Regional Product Prices 0% =
- ” - e
e % oy | T et
t.0 9 X \ G N £ FRANCE A oania | Regional Demand for Investments
g3 % 8 ( O E /\kg/ 5 Twiter] Sentiment by e i
8 2. \ a AnooRsA ITALY MONTENEGACBULGARIA 5 .
*eE 30 N A H#tray, > 4 ot Sl Regional Aggregate Consumption
e :tt %, T C \‘y(( \ % e/ I PORTUGAL* Mt o
() aO Y, S
#Ant % O N & "oy sevia e AT Regional Disposable Income
We r (@) # A\ bzﬁ Ovih P wvalletta
Pen 3 ° N St
woroccor R su Regional Gross Domestic Product

N

(23, 24, 25) *4
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Case study 2 — Mapping Education Insecurity

https://data.humdata.org/visualization/mapping-education-insecurity/

Mapping Education Insecurity

This visual shows reports of attacks on educatien in Africa and the
Middle East from the Armed Conflict Location & Event Data Project
(ACLED) as well as social media posts from Twitter about education
insecurity identified by the Artificial Intelligence for Digital
Response (AIDR) platform. The blue dircles represent the number of
tweets about attacks on education; the orange triangles represent
verified reports of attacks on education from ACLED.

The OCHA Centre for Humanitarian Data created this visual in
partnership with the Education Above All Foundation and the Qatar
Computing Research Institute o increase access to timely data
about education insecurity.

LEGEND:

Number of Insecurity Tweets

1 2k

Insecurity Event

All Countries v

Insecurity tweets by language:
Arabic

English
French

2019-05 2015-06 20 2 2 2015-11

Insecurity events

Median 790

25
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Methodology of a data project

Step 1: Understand the problem and its context .
Step 2: Formulate a specific field of interest /\/\’

Step 3: Get Your Data
Step 4: Explore and clean your data I

Step 5: Formulate your question e
Step 6: Enrich your dataset T d
Step 7: Build visualizations (+ models, analyses, predlctlogns etc.)
Step 8: Place findings in context

Step 9: Formulate actionable policy

Step 10: Iterate

26
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Computational basics

= print()

= A function in python which writes content

= Data types:
* |nt(integer), e.g. 5
" Float,e.g. 5.1
= String, e.g. hello
= Boolean, either TRUE or FALSE

+ - * / %
=  (QOperators:
I= < <= > >=
is is not in not in

=  DataFrame:

= Two-dimensional tabular data structure
with labelled axes (columns and rows)

O N A W N = O

Columns

N\ T

Position Age

Number

Maastricht University

Name Team

Avery Bradley  Boston Celtics
John Holland Boston Celtics
[m Boston Celtics
Jordan N‘]ickey",I :@
Terry Rozier "wl Boston Celtics | I"
Jared Sulllnger ‘ Boston Celtics |
Evan Turner \ Boston Celtics

\
L

0.0

(5)

‘NaN
12.0
‘70
‘110

L Data

PG

25.0
27.0
29.0
21.0
22.0
Nan|
rzm

27
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Practical exercises in Kaggle

Introduction to Data Visualisation

https://www.kaggle.com/learn/data-visualization

Introduction to Geospatial Analysis

https://www.kaggle.com/learn/geospatial-analysis

Maastricht University

28
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Annex 1 — Use cases for Big Data in the public
policy planning phase

Phase Literature

. Longo et al.
Planning Phase £

Hischd et al.
(2016)

Severo et al.
(2016)

Alfaro et al.
(2016)

Whitman Cobb
(2015)

Lee et al.
(2016)

Burnap &
Williams (2015)

Schintler &
Kulkarni (2014)

Bright & Mar-
getts (2016)

Panagiotopou-
los et al. (2111?}

Soft data analy-
518

Text & sent-
ment analysis;
OpPINION Mmining

Machine classi-
fication; statis-
tical modeling

Supervised
machine learn-
ing

Social media
analysis; cluster
mapping

Social media
data

Social media
data

Social media
data

Social media
data

Social media
data

Social media
data

Social media
data

Social media
data

Agenda-setting;
policy discus-
si0n

Agenda-setting

Identifying
opinion
streams and
INCOrpOrating
this feedback
into the pu]icg.'
process

Measuring
salience

Informing
policymaking
to formulate
policy that is
suited to the
needs of local

people

Monitoring the
reaction to
large-scale
cmonve events
that may lead
to hate crimes

Enhancing
stakeholder
participation &
accountabiliry

Enabling more
accessible
forms of public
(mass) partici-
pation in poli-
cymaking

Discover con-
versations and
spontaneous
reactions

in,/ near real
tme t

(2017)
Technique
Data Types

Agenda-setting
Goal
Example

Boston's Street
Bump Applica-
ton

Measuring
public opinion
of space policy
in the U.S.

Measuring the
effect of envi-
ronmental
attitudes of
citizens on the
ﬂdu]‘ﬂitm of
green electricity
policies 1n the
LS.

Analyzing the
spread of
online hate
speech imme-
diately after the
murder of
Drummer Lee
Rigby in Lon-
d(]l'l

Analyzing
collective input
by farmers on
Twitter for
policy activities
of the DEFRA

(4)

31



<JI> UNITED NATIONS . L
‘/,lk UNIVERSITY % Maastricht University

~L7

UNU-MERIT

Annex 2 — Use cases for Big Data
policy design phase

in the public

Phase

Literature

Design Phase

Giest (2017)

Williamson (2016)

Hachtl et al. (2016)

Guerrero & Lopez (2017)

De Gennaro et al. (2016)

Semanyski et al. (2016)

Data visualization

Learning analytics platforms

Advanced predictive analyt-

Network science; computa-

Data collection with naviga-

Smartphone app based dara

Technique ics methodologies; scenario tional methods tion systems; data pro- collection process; machine
techniques cessing platform learning
Administrative dara, com- Educarional dara Big data from administra- Darasers of driving and Mobility dara contribured
plemented with (real-time) tive records (administrative  mobility patterns by citizens
Data Types data based on social med dat.
ata based on social media ata)
npur, cameras and sensors
Shaping information-based Providing fine-grained Contributing to evidence- Using highly granular big Increasing the effecuveness  Providing insights on mo-
policy instruments knowledge and intelligence based policymaking i the data sets to create better of furure policies in the bility indicators and immi-
G to formulate policy options  phase of policy formation policymaking tools fields of transport and nent feedback on imple-
oal energy mented measures; shorter
data collection and pro-
cessing phases
Providing real-time infor- Learning analytics platforms Using employer-employee Using the Transport Tech- Using the application Rote-
mation on the education capture data from children’s microdata in the labor flow nology and Mobility As- coach, 8300 citizens in Leu-
system for by creating educational activities to nerwork (LEN) model to sessment (TEMA) pro- ven voluntarily contribure
Example digiral and interactive data track and algorithmically capture labor mobility cessing platform s to sup- their mobility data. Their

visualizations

optimize their educational
experience; predicring the
future performance of the
systern and the student

patterns and construct new
labor market measures and
policymaking tools for
unemployment policies

port the development of
effective rransport regula-
tion in the EU

crowd-sourced behavior
was mapped to the wider
population using machine
learning approach

(4)
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Annex 3 —

policy delivery phase
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Maastricht University

Use cases for Big Data in the public

Phase Literature
. Hiichtl et al. Hachtl et al. Hécht et al. Longo et al. Dunleavy Dunleavy Maciejewski Maciejewski Maciejewski
Delivery Phase \ pt - : - - - Brayne (2017)
(2016) (2016) (2016) (2017) (2016) (2016) (2017) (2017) (2017)
Real-time Online ran- Sentiment Sentiment Big data analyt-  Performance Predictive
T . micro- domized con- analysis; ma- analysis ICS OO analytics; net-
echnique . . . . _ o o
experimenta- trol rials chine learning; network analy-  work analysis
tion (online RCTSs) data mining sis
Real-time data Budgerary data  Real-time data Social media Social media Mobility data
Data Types d
ara data
Testing new [mproving the Improving Testing policies  Evaluating Preventive Deriving feed- 1) Public su- Optimizing the  Using big dara
policies by accuracy of decisions on by manipulat- small-scale policing to back about pervision transport infra-  for a law en-
using real-ime  information required per- ing input varia-  effects using improve arrest  policies o 2) Public regu-  structure and forcement-
Goal dara produced sources for sonnel and bles the availability records, crime make an imme-  lation COmMMmuMng related acrivi-
in the execu- policy imple- financial means of huge da- prevention and  diate response patterns ties
ton mentation, e.g.  for policy tasets deterrence
census data implementation effects
Reducing crime Analysing the Using online 1) Police forces  Using the 1) Using big The Land The LAPD
rates at their data generated RCTs to test in Manchester software Vizie data analytics Transport compiles and
origin by focus- from budgerary the design of monitored (monitoring to detect tax Authority in analyzes big
INg AN iNCrease processes o reminder letters  would-be and analysis fraud, e.g. the Singapore data for predie-
in policing detect patierns for court fines rioters” chatter tool for social British Connect  (LTA) applies tive policing,
more specifical- and design (and 1st influ- on social media  medn) o system big dara meth- Geo-fences are
Example ly on problem more efficient ence on peo- and broadcast-  quickly alert 2) Using big ods to improve  used to gener-

areas

provision of
means for a
policy;

ples' willingness
to pay)

ed own mes-
sages

2) Predictive
policing in LA

dec
makers of any
changes that

m-

might require
their attention

data to monitor
adverse effects
of FDA-

approved drugs

public
transport by
gathering
information of
daily commuter
rides

ate real-time
notifications
and ALPR data
15 used for
investigatons

(4)
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Annex 4 — Use cases for Big Data in the public

policy evaluation phase

Phase Literature

Evaluation . . \ . \ " - p \ . - \

Phas Ceron & Negri (2016) Hachtl et al. (2016) Schintler & Kulkarni (2014) Ruggeri er al. (2017) Lavertu (2014)

rse ' : b :
. Supervised Aggregared Sentiment

Technique pervised H" B
Analysis (SASA)
Social media data

Data Types
Ex-post evaluation of policies Contnuous evaluation using big Ongoing evaluation of existing Smart regulatdon: using big data Eixternal political actors are in-
(runcriun of online pubhc U]“Ji[liu[l data as an i[ltugrrﬂ part Ufu\'ur}' p:1|icics LlHin;_( big data to cmpower when rnlling out ]“Juli(_‘iuﬁ Lo revise Crcaﬁin;_dj.' able to observe and

Goal on policy alternatives and moni- policy process phase and engage citizens and stake- interventions in real time evaluate the administratdon of
toring mobilization of opposition holders in the process public programs, using perfor-
groups) mance information
Analysing citizens’ opinions on The Automated Continteous Evalua-
rwo majot public policies in taly tion Syitem of the U.S. Army uses
(job market reform & school big data analytics and context

Example reform) using Twitter dara aware security to analyze govern-

ment, commercial, and social

media data to uncover patterns of

applicants

(4)
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Annex 5 — Taxonomy for Big Data in
development

Applications

UN Global

Pulse report

Taxonomy!
(Letouzé,

2012) Early warning

Real-time
awareness

Explanation

Early detection of
anomalies in how
populations use digital
devices and services
can enable faster
response in times of
crisis

Big Data can paint a
fine-grained and
current representation
of reality which can
inform the design and
targeting of programs
and policies

Examples

Predictive policing is based upon the
notion that analysis of historical data can
reveal certain combinations of factors
associated with greater likelihood of
crime in an areq; it can be used to
allocate police resources. Google Flu
trends is another example, where
searches for particular terms (*runny
nose", "itchy eyes") are analyzed to
detect the onset of the flu season —
although its accuracy is debated.

Using data released by Orange,
researchers found a high degree of
association between mobile phone
networks and language distribution in
Ivory Coast — suggesting that such data
may provide information about
language communities in countries
where it is unavailable.

Comments

This application assumes that certain
regularities in human behaviours
can be observed and modelled.
Key challenges for policy include
the tendency of most malfunction-
detection systems and forecasting
models to over-predict —i.e. to
have a higher prevalence of 'false
positives’.

The appeal for this application is the
notion that Big Data may be a
substitute for bad or scarce data;
but models that show high
correlations between ‘Big Data-
based' and 'fraditional' indicators
often require the availability of the
latter to be trained and built. ‘Real-
time' here means using high
frequency digital data to get a
picture of redlity at any given time.

3. Real-time
feedback

The ability to monitor a
population in real time
makes it possible to
understand where
policies and
programmes are failing,
and make the
necessary adjustments

Private corporations already use Big Data
analytics for development, which
includes analysing the impact of a policy
action — e.g. the introduction of new
traffic regulations — in real-time.

Although appealing, few (if any)
actual examples of this application
exist; a challenge is making sure that
any observed change can be
attributed to the intervention or
‘freatment’. However high-
frequency data can also contain
‘natural experiments' — such as a
sudden drop in online prices of a
given good — that can be
leveraged to infer causality.
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Annex 6 — Taxonomy for Big Data in

Applications

Alternative
taxonomy

(Letouzé et
al., 2013)

Descriptive

Predictive

Prescriptive

Explanation

Big Data can
document and convey
what is happening

Big Data could give a
sense of what is likely to
happen, regardless of
why

Big Data might shed
light on why things may
happen and what
could be done about it

development cont’d

Examples

This application is quite similar to the
‘real-time awareness' application —
although it is less ambitious in its
objectives. Any infographic, including
maps, that renders vast amounts of data
legible to the reader is an example of a
descriptive application.

One kind of ‘prediction’ refers to what
may happen next —as in the case of
predictive policing. Another kind refers to
proxying prevailing conditions through
Big Data—as in the cases of
socioeconomic levels using CDRs in Latin
America and Ivory Coast.

So far there have been few examples of

this application in development contexts.

Comments

Describing data always implies
making choices and assumptions —
about what and how data are
displayed — that need to be made
explicit and understood; it is well
known that even bar graphs and
maps can be misleading.

Similar comments as those made for
the 'early-warning’ and ‘real-time
awareness' applications apply.

Most comments about ‘real-time
feedback' apply. An example

would require being able to assign
causality. The prescriptive

application works best in theory

when supported by feedback

systems and loops on the effect of

policy actions. (2)
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Annex 7 — Links to relevant organisations,
initiatives and research

= https://www.unglobalpulse.org/

= https://olc.worldbank.org/content/big-data-action-development
= https://data.humdata.org/
= https://datapopalliance.org/

=  https://www.opalproject.org/home-en

=  https://www.centreforpublicimpact.org/design-thinking-in-policymaking/

= https://www.weforum.org/agenda/2019/01/ai-for-human-development

=  https://www.hbs.edu/socialenterprise/blog/post/tech-accelerator-for-nonprofits-
supports-impact-that-scales

=  https://www.tno.nl/en/focus-areas/strategic-analysis-policy/expertise-
groups/strategy-policy/policy-lab-developing-data-driven-policies/

=  https://www.bigpolicycanvas.eu/

=  https://ec.europa.eu/info/sites/info/files/research and innovation/contact/docu
ments/egov brochure interactive 1.pdf
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