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M) Human Dimensions

° wend NASA's data policy ensures that all NASA data are available fully, openly, and
9) Ocean without restrictions. Here's what this means for you.
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[ Lasos Kevin Murphy, NASA Program Executive for Earth Science Data Systems

[ seonc | NASA data and data products exist for the purpose of furthering scientific research. In fact, a primary charge of

NASA is ensuring that all data produced by NASA, including the code and algorithms used to produce these data,

are available fully and openly to data users. This full and open data policy also ensures that there is no period of
Learn exclusive use of these data or access to these data, and that they are made available as soon as practical

following the launch of a satellite or the start of a mission. NASA has been a leading advocate for providing full

Getting Started and open access to data and algorithms since the 1990s.

Earth Science Disciplines A key component of this effort is NASA's Earth Observing System Data and Information System (EOSDIS), which is
Data Toolkits responsible for processing, archiving, and disseminating NASA's vast collection of data from Earth observing
satellite &, airborne &, and ground-based missions as well as socioeconomic data. EOSDIS currently provides
access to more than 27.5 petabytes of archived data and more than 11,000 unigue data products along with the
Pathfinders metadata, algorithms, source code, and imagery associated with these products (see NASA's complete Earth
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Find open data

Find data published by central government, local
authorities and public bodies to help you build products
and services

Search data.gov.uk u

Business and economy Government Towns and cities

Small businesses, industry, imports, Staff numbers and pay, local Includes housing, urban planning,

exports and trade councillors and department leisure, waste and energy,
business plans consumption

Crime and justice
Courts, police, prison, offenders, Government spending Transport
borders and immigration Includes all payments by Airports, roads, freight, electric
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Explore datasets and APIs

Concepts
Explore concepts and terminologies
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Why “Big Data"”

DaTa Kow STREAM from daily life: from phones and credit cards
and televisions and computers; from the infrastructure of cities;
from s.cnsm'f:quip]_xd bu]'ldings, trains, buses, p]ancs, bric]gl:ﬁ,
and factories. The data How so fast that the total acoumulation
of the past two years—a zettabyte—dwarfs the prior record of
human civilization. “There is a big data revolution” says Weath-
erhead University Professor Gary King. But it is not the quantity of
data that is revolutionary. “The hig data revolution is that now we
can do something with the data.”

The revolution lies in improved statistical and computational
methods, not in the exponental growth of storage or even comr
putational capacity, King explains. The doubling of computing
power every 18 months (Moore’s Law) “is nothing compared to
a hig alporithm™—a set of rules that can be
used to solve a problem a thousand times
faster than conventional computational

methods could. One cn]lcaguc, faced with

Information

in academia and science, industry and government and nonprof-
its.” says King, who dirccts Harvard's Institute for Quantitative
Social Science (IQ55), a hub of cxpertise for inb:rdisciplinar)r
projects aimed at sol\'ing ]}rahlcrns in human socicty. Among
faculty colleagues, he reports, “Half the members of the govern-
ment department are doing some type of data analysis, along with
much of the sociology department and a good fraction of econom-
ics, more than half of the Schoal of Public Health, and a lot in the
Medical School.” Even law has been scized by the movement to
Eru]}iﬁcal research—*which is social science ” hcsays. “It is hard
to find an area that hasn't been affected ™

The story follows a similar pattern in every field, King asserts.
The leaders are qualitative experts in their field. Then a statistical
researcher who doeso't know the details
of the field comes in and, using modern
data ana])rsis, adds tremendous insight
and value As an cxamplc, he describes

a mountain of data, figured out that he sclence how Kevin Quinn, formerly an assistant
would need a s2-million computer to ana- . professor of government at Harvard, ran
ly=ze it. Instead, King and his graduate stu- promlses to a contest comparing his statistical model
dents came up with an algorithm within to the qualitative judgments of 87 law pro-
two hours that would do the same thing C h an g e fessors to sec which could best predict the

in 20 minutes—on a laptop: a simple ex-
amp]c, bt illustrative.

MNew ways of linking datasets have played
a large role in peneraring new insights And
creative approaches to visudizing data—hu-
mans are far better than computers at see-
ing patterns—frequently prove integral to
the process of creating knowledge. Many of
the tools now being developed can be used
across disciplines as seemingly disparate as
astronomy and medicine. Among students, there is a huge appetite
for the new field. A Harvard course in data science last fall attracted
400 students, from the schools of law, business, government, design,
and medicine, as well from the Caollege, the Schodl of Engineering
and Applicd Scicnces (SEAS), and even MIT. Faculty members have
taken note: the Harvard Schoal of Public Health (HSPH) will intro-
duce a new master's program in computztional hiclogy and quan
titative genetics next year, likely a precursor to a PhD. program. In
SEAS, there is talk of organizing a master’s in data science.

“There is a movement of quantification rumbling across fields

the world.

by
Jonathan Shaw

outcome of all the Supreme Court cases in
a year. “The law professors knew the ju-
risprudence and what each of the justices
had decided in previous cases. they knew
the case law and all the arguments.” King
recalls. “Quinn and his collaborator, An-
drew Martin [then an associate professar
of political scicnce at Washington Uni-
versity]. collected six crude variables on
a whole lot of previous cases and did an
analysis." King pauses a moment. “I think you know how this is
going to end. [t was no contest.” Whenever sufficient information
can be quantified, modern statistical methods will cutperform an
individual or small group of people every time.

In marketing, famniliar uses of big data include “recommendation
engines™ like those used by companies such as Netflix and Amazon
to make purchase suggestions hased on the prior interests of one
customer a5 compared to millions of others. Target famously (or in-
famously) used an algorithm to detect when women were pregnant
by tracking purchases of items such as unscented lotions—and

Is a Big Deal
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Big Data & Society

View »

Journal Home Browse Journal Submit Paper & About
About this journal Publish with Us
Big Data & Society (BD&S) is an Open Access peer-reviewed scholarly journal Authors will enjoy:
that publishes interdisciplinary work principally in the social sciences, « Expert submission support
humanities and computing and their intersections with the arts and natural from Managing Ed, Matthew
i L . L Zook (University of
sciences about the implications of Big Data for societies. Kentucky) & Editor-in-Chief
Evelyn Ru'ppert (Goldsmiths)

The Journal's key purpose is to provide a space for connecting debates about

. . : . « A leading Editorial Board of
the emerging field of Big Data practices and how they are reconfiguring top researchers in Big Data

academic, social, industry, business and governmental relations, expertise, ) ) _
« High quality and efficient

methods, concepts and knowledge. Deer review

« An open access format
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Al Sweden is the Swedlsh National Center for applied Artlflcnal Intelhgence
" Ourmissionis to cccelerote the'use of Al for'the’ benefitof our society, our
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Talent Programs Projects and strategic The Data Factory
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Today:

Which are the advantages of using Big Data in
evaluation?

What can evaluation give in return?

Which challenges must be met to achieve more
collaboration?
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Big Data?

IT organizations are experiencing growing needs for
storage capacity, performance, functionality and
flexibility that is reaching a breaking point for
traditional storage approaches. Big data analytics,
mobility and social platform integration have become
an everyday requirement. (IBM)

These data are also unique because they are “naturally
occurring,” unlike survey data which result from the
intrusion of researchers into everyday life. (Bail 2014,

p- 469)
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Is Big Data more than data?

"We define Big Data as a cultural, technological, and
scholarly phenomenon that rests on the interplay of:

Technology: maximizing computation power and
algorithmic accuracy to gather, analyze, link, and
compare large data sets.

Analysis: drawing on large data sets to identify patterns
in order to make economic, social, technical, and legal
claims.

Mythology: the widespread belief that large data sets
of%,er a higher form of intelligence and knowledge that
can generate insights that were previously impossible,
with the aura of truth, objectivity, and accuracy.”



Big Data in evaluation?

Data sources traditionally not used in evaluation (ex.
some automatically generated)

Digitalized records (ex. combined administrative
records)

New analytics (Al, machine learning, data science...)
e Data does not have to be strictly organized



Why Big Data in evaluation?

There are calls for:
e Ex ante: Quicker delivery of results (RTE etc.)

* Ex post : More generalizable evidence (metaanalysis
etc.): Campbell Collaboration, EPPI, 3ie

Big Data can offer:
e Real-time data
e Predictive modelling
e Larger data sets
 Potentially powerful statistical analyses (precision)



/
Why Big Data in evaluation?

Design challenges:
e Defining a counterfactual
e [dentifying unintended outcomes

Data challenges:
e Mirror difficult-to-study phenomena
e Cost of data collection
e Sample selection bias

Dissemination of results:
e Data visualization

Competition...
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Perspective

Meaningful measures ofhumansocietyin
the twenty-first century

https jidoi org/10.1038/541586-021-03660-7
Received: 3 March 2021

Accepted: 20 May 2021

David Lazer'*™, Eszter Margittai’, Deen Freelon®,
Katherine Ognyanova’ & Jason Radford'

A @ardrn "

Bailon®, Kevin Munger®,

Published online: 30 June 2021
[®]check for updates

Science rarely proceeds beyond what scientists can observe and measure, and
sometimes what can be observed proceeds far ahead of sclentific understanding. The
twenty-first century offers such amoment in the study of human societies. A vasdly

larger share of behaviours is observed today than would have been imaginable at the
close of the twentieth century. Our interpersonal communication, our movements
and many of our everyday actions, are all potentially accessible for scientific research;
sometimes through purposive instrumentation for sclentific objectives (for example,
satellite imagery), but far more often these objectives are, literally, an afterthought
(for example, Twitter data streams). Here we evaluate the potential of this massive
Instrumentation - the creation of techniques for the structured representation and

quantification - of humanbeh,

through the lens of scientific measurement and

Its principles. In particular, we focus on the question of how we extract sclentific
meaning from data that often were not created for such purposes. These data present
conceptual, computational and ethical challenges that require a rejuvenation of our
sclentific theories to keep up with the rapidly changing social realities and our
capacities to capture them. We require, in other words, new approaches to manage,

use and analyse data.

Sensor technologies have multiplied across many realms of human
activity, from tracking devices in cars to online browsing. Satellites
scan and digitize the planet at regular intervals. The development of
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Technologies to generate

supplementary data

Social Media Survey Apps (Bail 2015):

e request permission to access public and nonpublic data
from users of an organization’s social media page and

e distribute a survey among the users to capture
additional data of interest to a researcher.
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2017 | Evaluation of Aid | Description of method

Geospatial Analysis of Aid: A New
Approach to Aid Evaluation

Ann-Sofie Isaksson

Recent years have seen an increased focus on results in development
cooperation, and a heated debate on the evaluation strategies and
effectiveness of development policies. A rapid expansion in the availability
of sub-nationally georeferenced data on aid interventions as well as of
geocoded data on relevant outcomes and covariates of aid opens for new
possibilities in terms of aid evaluation.

PBA

2011

GEOSPATIAL ANALYSIS OF AID: A NEW APPROACH TO AID EVALUATION

Ann-Sofie Isakssen
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Forest Monitoring for Action (FORMA)

Forest Monitoring for Action (FORMA) uses satellite data to generate regularly updated online maps and alerts of tropical forest clearing. David
Wheeler, now a CGD senior fellow emeritus, assembled and led a small team that created FORMA, which has since become a core component of
the World Resources Institute (WRI) Global Forest Monitoring (GFW) platform launched in February 2014.

FORMA is now available for visualization, analysis, and download at GFW, a dynamic online forest monitoring and alert system that empowers
people everywhere to better manage forests. CGD continues to work closely with WRI on forest monitoring issues as part of our Forests for
Climate and Development initiative.

Using current data accessed via GFW, FORMA can be used to support international efforts to curb greenhouse gas emissions by demonstrating
to those willing to pay for forest conservation (for example, through the Forest Carbon Partnership Facility (FCPF), bilateral programs such as
Morway's Forest and Climate Initiative or UN-REDD) that protected forests are indeed still standing. CGD has developed the Forest
Conservation Performance Rating (fCPR) system as a set of benchmarks that showcase global progress in reducing forest clearing and that

cotlld form the hasis for such navments.



c O @ eba.sse/en/reports/data-science-methods-in-development-evaluation-exploring-the-potential/14944/

%) EXPERTGRUPPEN Reports EBA
Y FOR BISTANDSANALYS

2021 | Description of method

Data Science Methods in Development
Evaluation: Exploring the Potential

Gustav Engstrom, Jonas Norén

This report examines the potential of using data science and Natural

Language Processing (NLP) in development evaluation. It looks at how

such methods can be used produce reliable assessments of what past 2021
evaluations have concluded about aid projects and programmes (relating

to OECD/DAC's evaluation criteria relevance). It also discusses the

strengths and weaknesses of these methods compared to approaches Gusar Enstim, Jnas Mo
relying on manual techniques.
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KB tillgangliggor
kraftfulla modeller
for sprakforstaelse

4 februari 2020
{? Forskning

I dag publicerar KB tre svenska sprakmodeller baserade pa
Googles "BERT” (Bidirectional Encoder Representations
from Transformers). De forsta testerna visar att KB:s
modeller 6vertraffar Googles flersprakiga modell.
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Data Readiness for Natural Language PProcessing

Fredrik Olsson Magnus Sahlgren
RISE RISE
Sweden Sweden
fredrik.olssonfdri. se magnus. sahlgrenfri.se
Abstract

Thiz document concerns data readiness in the context of machine keaming and Matural Language
Processing. It describes how an organization may proceed to identify, make available, validate,
and prepare data to facilitate automated analysis methods. The contents of the document is hased
on the practical challenges and frequently asked guestions we have encouniered in our work as
an applied research instinute with helping organizations and companies, both in the public and
privaie sectors, to use daia in their business processes.

1 Introduction

At the Research Institutes of Sweden I.'RISE:EL we work in cooperation with other organizations and
companies, both in the public and private sectors, with research and innovation in Natural Language
Processing (NLF). A major challenge that we often encounter is a lack of readiness with respect to data
Even if the research problem is sufficiently well defined. and the business value of the proposed solution
is well described, it is often not clear what type of data is required, if it is available, or if it at all exists.
We find that there is often not even a framework available to discuss issues nelated to data, The purpose
of this document is to outline and highlight issues mlated to data accessibility, validity, and utility that
may arise in such situations. We hope that this document may serve as a goide for working practically
with data in the context of applied NLE.

11 Scope

This document is concerned exclusively with data readine ss in the context of NLP. Other modalities such
as images, video, or sensor data are not covered, but similar considerations apply in those cases.

Work on data readiness relaied to other forms of data include that of abaleial (2T, who address
data wrangling issues from a general stand-point using a st of case studies, as well as the work by [van]
[TFoupen T20T9), and [Harvey and Glocker (Z0TH) that both deal with data quality in medical imaging. We
have not found any work that focuses specifically on data readiness in the context of NLP

1.2 How to use this document

The intzntion 15 for this document to provide insights into the type of challenges one might encounter,
with respect to data, when embarking on a project involving MLP. The document is focused on asking
the right questions rather than providing an explicit guide that covers all possible challenges in a project:
such a guiding will inevitably vary with the specific task at hand. The following four sections make up
the document:

® [ara Readiness Levels introduce the notion of data readiness.

* Project phases outlines the typical structure of a reszarch or innovation project, and puts data readi-
ness into context within that structure.,

hittps: /fri.sa
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Why evaluation in Big Data?

Hanna Wallach

Viewpoint

Computational Social
Science # Computer Science
+ Social Data

The important intersection of computer science and social science.

HIS VIEWPOINT 1 about differ
ences between computer sci

ence and soclal sclence, and

thelr implications for cor

tational social sclence

Spoiler

alen: The punct

ine is sin Desplte

all the hype, machine learning is not a be
all and end-all solution. We still need so
clal sclentists If we are going to use ma
chine learingtostudy social phenomena
in a responsible and ethical manner
1am a machine leamning researcher
by training. That said, my recent work
has been pretty far from traditional
g Instead, ny

nputational soclal sci

machine learnd focus

has been on ¢

ence—the study of soclal phenomena

using digitzed information and com

putational and statistical methods

For example, imagine you want to

know how much activity on websites
such as Amazon or Netflix s caused by
other fac

recommendations versus

tors, To answer this question, you
might develop a statistical model for
estimating causal effects from observa
tlonal data such as the numbers of rec
ommendation-based visits and num

bers of total visie

to Individual product
OF movie pages over thme

Alternatively, Imagine you are inter
ested in explaining when and why sen
ators’ voting patterns on particular is
sues deviate from what would be
expected from their party affiliations

and Idex es. To answer this ques

tlon, you might model a set of lssue

A2 COMMURNICATIONS OF THE ACM “a

based adjustments to each senator's

ideol using their con

cal position

gressional voting history and the corre
sponding bill text.*

Finally, imagine you want to study
the faculty hiring system in the US. to
determine whether there Is evidence of
a hierarchy reflective of systematic so
clal inequality. Here, you might model

the dynamics of hiring relationships

between universities over time using
the placements of thousands of tenure
track faculty

Unsurprisingly, tackling these kinds
of questions requires an interdisciplin
Indeed

ary approach—and compu

=1

tonal social science sit the inter

section of computer sclence, statistics,

and social science

For me, shifting away from

tional achine learning a

rdisciplinary space b

I have needed to think outside the algo

rithmic black boxes often assoclated

with machine learning, focusing in

stead on the opportunities and chal

lenges involved in developing and

machine learni methods 10

analyze realworld data about soclety

This Viewpoint constitutes a reflec

tion on these opportunities and chal

lenges. 1 structure my discussion here
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Cambridge Analytica harvested data from
millions of unsuspecting Facebook users

by Phil MoCaucland and Anna R. Soheoter / Mar.17.2048 / 9:40 PN ET / Updated Mar.18.2048 / 12:50 AN ET
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Elon Musk Joins #DeleteFacebook With a Barrage of Tweets
By NELLIE BOWLES MARCH 23, 2018 o o o °

RELATED COVERACE

§~ Mark Zuckerberg's Reckon.ng ‘Thislsa
' Major Trust Issue’

For Many Facebook Users, a ‘Last Straw’
That Led Them to Quit :

SpaceX’s Explosion Reverberates Across
Space, Satellite and Telecom Industries
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Jillian C. York What #DeleteFacebook tech bros
don't get: Without viable alternatives, walking away
is still a privilege

We need to start listening to people who are concerned about closing their accounts and building tooks
that can fulfill their needs.
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TECH SAN BERNARDINO SHOOTING FEB 17 2016, 12:38 PMET

Apple Fights Order to Unlock San
Bernardino Shooter's iIPhone

by ALASTAIR JAMIESON, DAVID WYLLIE and ANDREW BLANKSTEIN
Apple is fiercely opposing a court order to unlock the iPhone used by one of the San

Bernardino shooters, accusing the federal government of an "overreach” that could potentially
breach the privacy of millions of customers.

CEO Tim Cook published a bullish open letter |late Tuesday, pledging to fight a judge's ruling
that it should give FBI investigators access to encrypted data on the device.

"The government is asking Apple to hack our own users and undermine decades of security
advancements that protect our customers — including tens of millions of American citizens —
from sophisticated hackers and cybercriminals," Cook wrote, calling the ruling a "dangerous
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AT TIIE END OF THEORY THE DATA DELUGE
SSSSS MARES THE SCIENTIFIC METHOD
@ OBSOLETE




Correlation vs. causation

"Correlation supersedes causation, and science can
advance even without coherent models, unified theories,
or really any mechanistic explanation at all. There’s no
reason to cling to our old ways” (Anderson 2008)



4 misconceptions about Big Data

(Lemire — Petersson 2017)

A shift from theory to data-driven knowledge
production

A shift from causation to correlation

A shift from samples to total populations (n=All)

A shift from clean to messy data
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Simpson’s paradox

[s a frequently cited reason why causation cannot be
reduced to correlation

Morris Cohen and Ernst Nagel (1910) studied death
frequencies for tuberculosis. Death rates...

For afro americans: lower in Richmond than in New
York.

For caucasians: lower in Richmond than in New
York.

For afro americans and caucasians: higher in
Richmond than in New York.



Google flu trends revisited ...

In 2008: most accurate predictions

But difficult to repeat this success
e Algorithm dynamics? ( )
e Changes in the knowledge base of users?



Objectives in RBM and evaluation?

We wish to influence reality:

e Not correlations — but mechanisms: the responses of
individuals

e Which parts of a program activate mechanisms?
e Would another program activate the same mechanisms?

Again - we will need theory!
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"Digital smoke signals™: theory!

The invisible descent into poverty:

Additional income, reduced expenses, help from
family and friends

Spending of savings, new debts, sell property
Children are not sent to school etc.



/

Evaluator competencies

Identifying informational needs
Understanding theories of the intervention: ToC etc.
Utilizing social scientific theory

Utilizing causality theories (design)

Managing primary data: Big Data + Small Data

Estimating validity and reliability risks : Construct
validity potentially increasingly important



Evaluator competencies

Ethical concerns

Making value judgements

Making sure results are used: "People, people and
people”

Etc.!

Conclusion: There are important synergies!
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Challenges: evaluators

Learn about new designs and tools
Update statistical skills

Broaden our role in the policy process: Ex-ante
discussions

Update our ethical guidelines?

Market our strengths!
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Challenges: updated ecosystem

Academic training that combines Big Data and
evaluation approaches and methods

Funding for collaborative research

Organizational structures in government agencies that
facilitate cooperation and convergence

Open data access for all sectors

Data sharing partnerships
Federated learning (GDPR)



Challenges: managers

Realise complementarities

Build joint teams for evaluative inquiry (not separate
departments)

e Helps form a common language!
Data sharing partnerships

Data readiness — Outsourcing of analytics?



Challenges: commissioners

Realise complementarities

Enhance collaboration and convergence through ToRs

Forss — Norén (2017):
studied 25 ToRs from international development
agencies

75% contained detailed prescriptions for design and
data collection - frequently closing the door for Big
Data.
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Summarizing words

The public sector has much to gain from collaboration
between the evaluation and Big Data communities

Evaluators have much to learn — and much to give

We need an ecosystem that enhances collaboration
and convergence, regarding for instance:

e academic training

e research funding

e organizational structures

e commissioning practices



Thanks for listening!

gustav.j.petersson@gmail.com



