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TODAY’S PUBLIC PROBLEMS REQUIRES INNOVATION IN
HOW WE MAKE DECISIONS

3

I

T

AW

Googlemaps #

Street View

n
)
m
=
3
+—
-
o)
o
Q
©)




a DATAFICATION

ARTIFICIAL
INTELLIGENCE

Datafication as the Driver of Al

DIGITAL TWIN




& VARIETY OF DATA

STRUCTURED SEMI-STRUCTURED UNSTRUCTURED
Fixed Fields Tagged/metadata No Fixed Fields
Relational Database XML or HTML tagged Various formats, sizes
Spreadsheets text and structures
Sales data, Birthdates, Email, RSS feeds Texts, Audio, Pictures,
Zip codes Social Media

ID | Name Age | Degree : <University> : The university has 5600
<Student ID="1"> students.
1 John 18 B.Sc. : <Name>John</Name> : John's ID is number 1, he is
- : <Age>18</Age> : 18 years old and already
2 | David 31 Ph.D. : <Degree>B.Sc.</Degree> : holds a B.Sc. degree.
: </Student> : David's ID is number 2, he is
3 | Robert 51 Ph.D. <Student ID="2"> 31 years old and holds a
. : <Name>David</Name> : Ph.D. degree. Robert's ID is
¥ || i i : <Age>31</Age> : number 3, he is 51 years old
5 | Michael 19 B.Sc. : <Degree>Ph.D. </Degree> g and also holds the same
: </Student> : degree as David, a Ph.D.
: degree.
</University>

Variety of Data




A ‘NON-TRADITIONAL DATA

.. Example: Oxford Covid-19 Impact Monitor
Non-traditional data (NTD) refers to
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fl > ulation Mov lonitor

Nov 15, 2020
o

e Digitally captured, mediated or
observed;
e Using new instrumentation

i

mechanisms;
e Often privately held, and;
e Can be re-used for purposes
. P . The Oxford COVID-19 Impact Monitor used mobile phone
unrelated tO |tS |n|t|a| CO”eCtlon data to understand, predict and control the course of

Covid-19.

P Aug21,2020 enm—= Nov 28,2020

Definition of non-traditional data derived from https://www.gdi.manchester.ac.uk/research/publications/di/dd-wp92

Example from Oxford University and the Internet Archive:
https://web.archive.ora/web/20201109160135/https://oxford-covid-19.com/ NTD



https://www.gdi.manchester.ac.uk/research/publications/di/dd-wp92/
https://web.archive.org/web/20201109160135/https://oxford-covid-19.com/

& NON-TRADITIONAL DATA

e Data resulting from consumption, commercial and financial
transactions;

e Data resulting from communicating and engaging in social
interactions - for pleasure, study and/or work;

e Data resulting from having people and products moving around;
e Data resulting from media and entertainment consumption;
e Data emerging from producing products and goodes;

e Data emerging from managing infrastructures and natural assets.

Types of NTD




4 THE NEED FOR COLLABORATION
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The Case for Collaboration




iy DATA COLLABORATIVES:
= MATCHING DEMAND & SUPPLY
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DATA COLLABORATIVES

WHAT ARE DATA COLLABORATIVES

Data Collaboratives


https://datacollaboratives.org/
https://datacollaboratives.org/

iy DATA COLLABORATIVES:
— OPERATIONAL MODELS

e Public Interfaces

e Data Pooling

e Prizes and Challenges
e TJrusted Intermediary

e |[ntelligence Generation

e Research and Analysis
Partnerships

Data Collaboratives

4y DATA COLLABORATIVES

LEVERAGING PRIVATE DATA
FOR PUBLIC GOOD

A Descriptive Analysis and Typology of Existing Practices

Stefaan G. Verhulst
Andrew Young
Michelle Winowatan

Andrew J. Zahuranec


https://thegovlab.org/static/files/publications/data-collab-report_Oct2019.pdf

PUBLIC
INTERFACES

A single data holder provides
access to certain types of
pre-processed and/or data-driven
tools for public use.

Data Holders: One data holder
Data Users: Many data users

Main Types:
e Application Programming
Interfaces (APIs)
e Data Platforms

Google Earth Outreach

Googler 4

Andorra

API: Google Earth Outreach

Towards Solutions: Data Collaboratives


https://www.google.com/earth/outreach/

DATA
POOLING

| =]

CALIFORNIA
DATA
COLLABO RATlVE Data holders pool datasets as a

collection designed to be
accessible by multiple parties.

Data Holders: Some data holders
Data Users: Some data users

Main Types:
e Public Data Pools
e Private Data Pools

Private Data Pool: California Data Collaborative

Towards Solutions: Data Collaboratives


https://www.californiadatacollaborative.org/

— PRIZES &

=

= CHALLENGES - >
. 4
Tiurk Telekom
Data holders make data available Degerli Hissettirir » >

to participants who compete to
solve problems or pioneer
innovative uses of data for the
public interest.

Data Holders: One or more
Data Users: Many data users

Main Types:

Selective Innovation Challenges:
Turk Telekom’s Data 4 Refugees Challenge

e Open Innovation Challenges
e Selective Innovation Challenges

Towards Solutions: Data Collaboratives


https://datacollaboratives.org/cases/turk-telekom-data-for-refugees-d4r-challenge.html
https://datacollaboratives.org/cases/turk-telekom-data-for-refugees-d4r-challenge.html

- POPGRID

DATA COLLABORATIVE

% LandScan 2020 Count

Types of data sources

?3 Surveys § Satellite images

m Censuses ;@} Mobile telecommunications

Administrative records :
with statistical potential @] Resalnefyorks

&5 citizen-generated data

Data Brokerage: The POPGRID Data Collaborative

Towards Solutions: Data Collaboratives

TRUSTED
INTERMEDIARIES

=

Third-party actor mediates
collaboration between (private
sector) data providers and data
users from the public sector, civil
society, or academia.

Data Holders: One or more
Data Users: One or more

Main Types:
e Data Brokerage
e Third-Party Analytics


https://www.popgrid.org/

=

INTELLIGENCE
GENERATION

No data is shared with external
parties, instead the results of
analysis within the data holder’s
organization are shared with
external actors.

Data Holders: One data holder
Data Users: No external data users

Intelligence Generation: BBVA Urban Discovery

Data Collaboratives


https://www.bbva.com/en/innovation/bbva-uses-big-data-restructure-maps-madrid-barcelona-mexico-city/

resilient to climatic

iy RESEARCH & ANALYSIS
= PARTNERSHIPS

A pairing between (private sector)
= = data providers and data analysts
igure igure
Potential Impact of Climate Change in Adaptation capacity for municipalities of

Colombia 2011-2040. Colombia to Climate Change or data USGI’ S fr Om th e p Ub / I C
sector, civil society or academia.

Data Holders: One or more
Data Users: One or more

Main Types:
e Data Transfer

o :
Data Transfer: UN FAQO’s Building Communities Dt [Fellovehly
Resilient to Climatic Extremes

Data Collaboratives



https://www.gsma.com/betterfuture/resources/building-communities-resilient-to-climate-extremes
https://www.gsma.com/betterfuture/resources/building-communities-resilient-to-climate-extremes

Lack of Awareness & Data Literacy

There often exists a lack of awareness and
appreciation regarding the potential of data
sharing.

Absence of Trust

The field of data sharing is characterized by a
pervasive absence of trust. There may be
value in a data sharing framework to address.

Uncertainty and Unclear Incentives

Organizations, particularly in the private
sector, can have concerns that data reuse
won’t advance goals but will instead lead to
risks (e.g. data leaks, reputational loss)

g CHALLENGES FACING DATA COLLABORATIVES

Limited Capacity

Organizations can lack technical knowledge,
financial resources, or simply the awareness
needed to participate in a collaborative.

Transaction Costs

Preparing data, de-risking data, preparing
legal agreements, and establishing
governance structures all take resources.

Limited Community of Practice

Successful initiatives need a community of
practice that can provide an established
knowledge base (e.g. case studies, lessons
learned).
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HOW TO BE MORE
SYSTEMATIC
SUSTAINABLE, AND
RESPONSIBLE
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Challenges



Pathways Toward Systematic,
Sustainable and Responsible
Data Collaboration




z 1. STRENGTHEN DEMAND

THE

100

QUESTIONS

UNLESS WE DEFINE THE QUESTIONS WELL...

HOW CAN WE PROVIDE ANSWERS THAT MATTER?

the100questions.org

Problem
Identification

Articulating the general
problem you hope to
address.

Cycle

Understanding the context,
stakeholders, and process.

t

Clarification

Change Theory

Articulating what will happen

as a result of a particular effort . |

to address the problem and * Question Cycle

why that is the case. Defining what success might

look like by restructuring the
problem as a question.

/ppng Cycle
Charting out the different
|

elements related to the
problem.

bit.ly/ODPLProbTool




@ DEVELOP A NEW SCIENCE OF QUESTIONS

THE

100

QUESTIONS

UNLESS WE DEFINE THE QUESTIONS WELL...

HOW CAN WE PROVIDE ANSWERS THAT MATTER?

https://the100questions.org/



@ DEVELOP A NEW SCIENCE OF QUESTIONS

SPECIFY
DOMAIN
& PARTNERS

CREATE
BILINGUALS
COMMUNITY

PUBLICLY
PRIORITIZE
QUESTIONS

INITIATE DATA
COLLABORATIVES

MATCH
QUESTIONS
& DATA

SOURCE
QUESTIONS

https://the100questions.org/
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TAXONOMY OF QUESTIONS

BACKWARD
LOOKING

FORWARD
LOOKING

SITUATION ANALYSIS
DESCRIPTIVE

WHAT HAPPENED?

FORECASTING
PREDICTIVE

WHAT WILL HAPPEN?

CAUSE AND EFFECT

DIAGNOSTIC
WHY DID IT HAPPEN?

EXPERIMENTATION (WHAT IF?)
PRESCRIPTIVE

WHAT SHOULD HAPPEN?



4 DESCRIPTIVE
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https://www.researchgate.net/figure/Nowcast-scores-as-on-February-18-2021-for-different-cities-in-the-study-region-for-a_fig4_353011333

Z DISRUPTIVE DESCRIPTION

. o abor

B —— When Workers Began Falling Behind p«oducffif;
Until the 1980s labor productivity, real GDP per capita, »

private employment, and median family income all rose

in tandem in the U.S. Then median income started to

trail, and around 2000 job growth slowed.

higher income

Median family income
2

Map & Visualization: T
Research & Data: |
Daniele Quercia, L

s the prevalence of diabetes in London

ith the diversity of nutrients of 1.68 grocery

of diabetes prevalence, socio-economic

conditions matter less than food habits: lower-income areas
with healthy eating habits do not tend to be associated with
diabetes. Hover on the quadrants to discover the areas with the 5 ’60 ’65 g = 80 85 ‘90
healthiest eating habits. Hover on the map to see how different
areas fare in terms of health and nutrition habits. Find out more SOURCE FEDERAL RESERVE BANK OF ST. LOUIS; ERIK BRYNJOLFSSON AND ANDREW MCAFEE
FROM “THE GREAT DECOUPLING,” JUNE 2015

EBOW . LHE CBEVL DECONbIING', INKE 5012
[20NBCE EEDEBVI BEREBAE BYMK Ok 21 rONI2* EBIK BEAWMIOrk2201 YMD YMDBEM WCVEEE

Poor But Healthy Visualization The Great Decoupling, HBR
https://goodcitylife.org/food/ https://bit.ly/3ibN5Jn




4 DIAGNOSTIC

Figure 3: Facility Locations and Share of 80F+ Days per Year

Notes: Temperature ranges split the 29 included counties into quintiles with an average share of days that
are 80F+ per year. Counties without fill are not in our analysis. Markers show facility locations: circles
indicate a single facility at that location, and diamonds indicate two locations sharing the same address (e.g..
a main facility and a satellite facility on the same grounds).

Mexico

Neighborhoods Matter, Opportunity Insights The Causal Effect of Heat on Violence: Social Implications of

https://opportunityinsights.org/neighborhoods/ Unmitigated Heat Among the Incarcerated
https://www.nber.org/papers/w28987



4 PREDICTIVE

Predicting poverty

Satellite images can be used to estimate wealth in remote regions.

Neural network learns features in satellite images that correlate with economic activity

Daytime satellite Convolutional Neural Network (CNN) associates features Satellite nightlights
photos capture details from daytime photos with nightlight intensity are a proxy for
of the landscape economic activity

Road
Metal roof
Water
= =, Concrete

Daytime satellite images can be used to predict regional wealth

Household survey CNN processes satellite photos of Features from
locations each survey site multiple photos
are averaged

Ridge
regression
N model
reconstructs
ground truth
estimates of

poverty

Fighting poverty with data, Science
https://bit.ly/36 FFORG

Special Collection: Lessons
learned from telco data informing
COVID-19 responses: toward an
early warning system for future
pandemics?

Data & Policy Blog (I
4
Jun 287 minread " Ainl £ A

Photo by Jeremy Zero on

In this blog, Guest Editors Richard Benjamins (Telefonica), Jeanine Vos
(GSMA) and Stefaan Verhulst, Data & Policy Editor-in-Chief, introduce the
first set of peer-reviewed, open access articles in a Data & Policy special
collection dedicated to Telco Big Data Analytics for COVID-19.

Predicting future pandemics with data
https://www.cambridge.org/core/journals/data-and-policy



4 PRESCRIPTIVE

Policy

Medicaid Eligibility for Teenagers in South Carolina

Causal Estimates: Jacome (2020)
MVPF Construction: Jacome (2020)

Supplemental Security Income (SSI) for Adults

Causal Estimates: Deshpande, Gross and Su (2021)
MVPF Construction: Deshpande, Gross and Su (2021)

Introduction of Food Stamps

Causal Estimates: Bailey et al. (2020)
MVPF Construction: Bailey et al. (2020)

Massachussetts Adams Scholarship

Causal Estimates: Cohodes and Goodman (2014)
MVPF C i Hendren and Spi K (2020)

Head Start Impact Study

Causal Estimates: Kline and Walters (2016)
MVPF Construction: Kline and Walters (2016)

MVPF Value
MVPF = Benefits / Net Cost

WAbE Couzfacqiou: K|iue Sug MsKst2 (504e)

The Policy Impacts Library
https://bit.ly/36IFUD2

what works centre for
oo local economic growth

Evidence Reviews

Access to Finance Apprenticeships Area Based Initiatives Broadband Business Advice

Estate Renewal Innovation Public Realm Sport and Culture Transport

Evidence Reviews

Read our evidence reviews around a range of policy

interventions

What Works Center
https://whatworksgrowth.org/



E 2.STEWARD THE SUPPLY

’) DATA STEWARDS

The Data Stewards Network (DSN) connects responsible data leaders from the private
and public sectors seeking new ways to create public value through cross-sector data
collaboration. Watch this space for regular insights and outputs from the Network.

iy ROCKEFELLER
4 GOVLAB  [ENDATiON

https://datastewards.net/
S



%) INVEST IN DATA STEWARDS

NURTURE DATA COLLABORATIVE INTERNAL COORDINATION AND STAFF DISSEMINATION AND COMMUNICATIONS
TO SUSTAINABILITY ENGAGEMENT OF FINDINGS
« Strategize for scaling and sustaining + Gain approval from and coordinate « Raise awareness of findings
data collaboratives the actors within the company « Communicate with actors on issues
« Share insights to build the societal and » Map and match staff with skills to such as regulatory compliance and
business case for data collaboration positions within the collaboration contractual obligations

PARTNERSHIP AND COMMUNITY DATA AUDIT, ETHICS, AND ASSESSMENT
ENGAGEMENT ] OF VALUE AND RISK
« Vet and engage with possible partners J ¢ Assess the value and risk of using data
« Inform beneficiaries of the insights « Consider the ethical implications and
generated validate ways to measure impact

https://bit.ly/30k5jHq




W9 DATA AUDIT (MVDpoints)

(=10)

® What type of data can be used? (modality)

@® Where can the data originate from? (source)

HOW @® How does the data need to prepared / transformed?

® How does the data need to be stored / managed?

@® How old can the data be? (independently of relevance)

@® How longisit ok to use it?

WHAT CONTEXT ® What application can the data and its underlying applications be used for?
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DATA QUALITY

ccuracy
recision
elevance

ransparenc
imeliness
Consistency

Datasheets for Datasets

Movie Review Polarity ‘Thumbs Up? Sentiment Classification usi ine Learning Techniques

s are words b coud be e 1 describe e cmotions of John sylew
s his et limbo . but 00

A Was et  spechegap et 10 ed Posss e
adescription
‘The dataset was created to enable research on predicting seni-

tings . bt using some hackneyed , whacked-out , scrowed up * sen *

opical v
complete and total copout fnle - dos sayles think he's rger comman ?

aity—i of English
it has a posiive or negative affect—or stance—toward is topic.
‘The dataset was created lmcnllum.\ly with that task in mind, fo-

quently expressed.

Who croated the dataset (o.g. which team, resoarch group) and on

s 1. b gl gyl oo, i foe 1
neq/cv452.tok-18656.

exception that no more than 40 posts by a single author were in-
cluded (see “Collection Process” below). No tests were run to

‘The dataset was created by Bo Pang and Ll
University.

jan Lee at Comell

ina dat does sz nsance consstof?“Faw’ a5, urrc
cossed text o Images)or features? In ofther case, please provide a
scrpton.

with
the granior obvious ratings information removed from that lext (some errors
Funding was provided from five distinct sources: the National later ixed). d and HTML

Science Foundation, the Department of the Interior, the National
Comell University, and the

Any other comments?
None.

removed. Some additional unspecified automatic filtering was
done. Each instance also has an associated target value: a positive
(+1) or negative (-1) sentiment polarity rating based on the num-

that that review gave (details on the mapping from
number of stars to polarity is given below in “Data Preprocess-
ing").

uments, photos, people, countries)? _ Are there mulpl types of n-

0, please
provide a descriton.

em; nod and edges)? Please provide a descrpton
from

The label
from the star rating, as described above.

ings, together with
corresponds to a review with a rating that is either strongly pos-

ive (high number of stars) or strongly negative (low number of
stars). The sentiment polarity rating is binary {positive, nega-
tive}. An example instance is shown i figure 1.

There are 1,400 instances in total in the original (v1.x versions)
and 2,000 instances in total in v2.0 (from 2014),

necessary random) ofinstancesfom o rger set? 1h Gataset s
o o sampl reprocentative of the
o e (. Qoograis cvorage? s plosse s row s

Is any issingfom Indidul instances? I o pesso
provide a descriptn, explaining why his nformaion is missin (e
B s o). T dues ot ko ardonay emaved
Information, but migh nclude, .9, redacted tex.
Everything is included. No data i missing.
Aro rolaionships betweon individual instances made explici (63,
raing, soclal atworklins)? 0, dosros

hawthose rolaionships aro mado oxpct
N ety gt e gt g o e

ame and emai addres, 50 some nformaton (sch 5
threads, replies, or posts by the same author) could be extrag

ded.

rocommended_data raining, develop-

i

(e0.
esting)? 1 5. plodss provis a desepion o hosa

eliobo vyt Bt ety
‘The dataset is a sample of instances. It s intended (o be a ran-

ha

cation of cross-validation experiments; resuls are measured in
lassifcat

‘dom sample of with the.

TAN information i this datashet is taken fom one of the folloing fve
S R S e St o B 0
dtahect

any errors, sources of noise, or redundancies In the
et 50l ol & dssoon.
below.

[
README.1 01x:

s the , or does It link to or
websites, tweels, Hitinks



g%“g GEN Al DATA: Garbage in/Garbage out

Training Data (Inputs) Prompts (Interactions) Generated Data (Outputs)
Any data used to develop an Al Data Output of a trained Al
(pre-training and post-tuning) @ By extension, synthetically generated data

® Raw data (often agentless)
® “Human”data

Long-Lasting Often Subjective “Insidious” :2::::'

’ ,”
’ \ ’ \ ’ \
/ ] @@@ i !

t — — —

Self-supervised
learning

Fine-tuned

model Augmented

model

&

Prompting

Human involvement with
specialized knowledge




%T“E;% Making Data “Al ready”

“Classical” Data Science / ML

Model type Supervised Semi-Supervised

® “Deep” architectures more likely to hallucinate
Data type | Structured Unstructured
Data quantity = M (depends on model) XL (depends on architecture)
Modality | Defined, specific | Any, mixed

Provenance Often enterprise-owned Anywhere, can be open source

Use case Targeted use cases Generative Al, AGI = potentially any




& SANDBOXES

CHARACTERISTICS OF
A DATA SANDBOX

A Primer by the Open Data Policy Lab

Data Sandboxes:

Managing the Open Data Spectrum TEMPORAL

IN NATURE

Figure 1. The six characteristics of a data sandbox. Image by The GovLab.

\ DATA
/ SANDBOX

Authors: E e
Uma Kalkar, Sampriti Saxena and Stefaan Verhulst e ¢ e

©

B LM EC B openpatarolicyrad

NSMIT {; Viandersn T8

bit.ly/3QyBjL8
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3. MATCHING SUPPLY AND DEMAND

BLT

- Business
- Legal and Governance
- Technical

Toward the Data Infrastructure and Ecosystem We Need



g BUSINESS CASE FOR PROVIDING ACCESS

" Responsibility and
Repytation Philanthropy

Enhancing an organization's image and reputation,

attracting media as well as new users, customers Fulfiling an organiziation's social responsibilities,

and investors who value socially conscious improving the environment in which they operate
corporate actors 0 and bolsteriing their reputation

Recruiting and
Retaining Talent

Attracting and retaining data science talent with
projects that are compelling and socially relevant

Reproducibility
Testing results of analysis by allowing others to
conduct identical or related work

Research and Insights \
organizations with insights that may not have
been extracted otherwise

Regulatory Compliance
Helping comply with
becoming transparent, or otherwise promote
responsible data management

Research and
or o Insights
Rectifying Errors

Identifying errors in datasets by letting

others access them
Gaining access to data sources and other

e Rectifying Errors
assets held by organizations that may be

important to business decisions o Reciprocity

Revenue Generation
and Recovery of Costs

Providing opportunitiies to generate new
revenue or cut costs

Reciprocity

Business

bit.ly/3QyBjL8



& GOVERNANCE

PROCESSES __———__ PRINCIPLES
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Disputes
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LEGITIMACY/ L () ) EFFECTIVENESS/
TRUST AGILITY

PRACTICES




z GOVERNANCE: DATA SHARING AGREEMENTS

PUBLICATION AND (PREJDISSEMINATION REQUIREMENTS
PURPOSE OF THE DATA COLLABORATIVE
JURISDICTION IMPLICATIONS (INCLUDING INDEMNIFICATION)
SCOPE & LIMITATIONS
ENFORCEMENT PROCEDURES
\2
o Wiy,
DURATION (PERIOD OF AGREEMENT)
DATA ASSETS & (REISOURCES
FREQUENCY OF UPDATES z =
w B FORMATS STANDARDS AND TECHNICAL REQUIREMENTS
DATA RETENTION I >
= =1 PROVENANCE
TERMINATION & MODIFICATION
A/OM/ \N\,\O
OPERATIONAL MODELS & SHARING MECHANISMS PARTIES (PROVIDERS & USERS)
RESOURCES & COSTS CUSTODIAL DUTIES
PERMISSIONS
ACCESS CRITERIA
LEGAL & PROFESSIONAL REQUIREMENTS IGHTS & RESPONSIBILITIES
GOVERNANCE & AUDIT
DISPUTE RESOLUTION & RISK MITIGATION STRATEGIES

https://contractsfordatacollaboration.org/




4. STRENGTHEN THE SOCIAL LICENSE

THE DATA ™) AsSEMBLY

[ 2]

PUBLIC DELIBERATION ON THE
RE-USE OF DATA

The Data Assembly is an initiative from The GovLab with support from the Henry
Luce Foundation to solicit diverse, actionable public input on data re-use for crisis
response in the United States.

DOWNLOAD THE NYC COVID-19 REPORT DOWNLOAD THE NYC COVID-19 BRIEFING

ABOUT

https://thedataassembly.org/




The Data Stewardship Canvas

e _

The Data Stewardship Canvas is a step by step process that maps a data steward’s journey when building a data collaborative to support data re-use—whether the data steward is requesting
or providing access to data. The steps of the canvas seek to create a systematic and responsible approach to effectively re-using data for positive social and economic outcomes.

1. Defining the
Demand for Data

Do you need to scope out the
domain using a topic map?
Are there certain issues you ought
i on their need,
and feasibility?

t is the guiding question

2. Defining the
Supply of Data

What are the differer

sources available for

* Whatis the return on investment of this project?

Do the benefits of this project o

gh the costs?

led to make

th

progress

1t data

1S

5. Matching Demand &

Supply:
Operational Models

@Q

s the data going to
en the project
partners?
* What does a fit-for-purpose

collaborative model look

Data Collaborative

s Canvas

C Decision Provenance Mapping. Too

6. Matching Demand &

Supply:
Governance

* What are the 4 Ps of data governance

ject and

7. Matching Demand &

Supply:
Tech Infrastructure

What data standard
teroperability of the data?
* How can the data be handled to
balance privacy with efficiency?

access and re-use the data?

4. Assessing the Risk

What are the potentia
>xternalities (including

ternalities)

8. Using Data Responsibly

* What are the ethical

cations of this projec

* Do you need to establish a social license for this project?

e How canyoua ss and mitigate the envirc

of your project?

Toolkit

nmental impact

9. Measuring Impact
How will you capture the impact and succe:

1 know when to end this project?

Building &

f this project?



https://drive.google.com/file/d/1nPUIH5PcROWLbAMvi2JL3oqqRux_vrWh/view?usp=share_link

iy DATA COLLABORATIVES:
= MATCHING DEMAND & SUPPLY

T O FeeTEs T
-

DATA COLLABORATIVES

WHAT ARE DATA COLLABORATIVES

Data Collaboratives


https://datacollaboratives.org/
https://datacollaboratives.org/

& THEGOVLAB

www.thegovlab.org



