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Al was recently referred to as one of the tailwinds to propel economic

growth in the next decades,
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Inflation in the last year is a consequence of a
supply-constrained economy that will last
for some time (ageing, protectionism, etc.)

Asymmetry in productivity increase:

Even though tradable labour productivity (e-
g., manufacturing goods) has significantly
increased in the last years, non-tradable
labour productivity (e.g., haircuts, waiters,
telecom engineers, or travels) has not.

e Their point is that Al has the power of dramatically increasing non-

tradable labour productivity

... and Al/ML algorithms require data, thereby we need a global ecosystem
to gather, organize and exchange data to create economic value
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7 What makes data a special economic/tradable good?
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Data is a peculiar ‘tradable ... whose value shows a special
good’... behaviour

X Available Context-specific

gm Costly @m Inherently combinatorial

ﬂ&l Freely replicable ﬂ{ﬂﬂ Increases with use

.:é:. Non-depletable Quality-driven

L@) Reusable 6@ Dependent on packaging

Non-rivalrous @ Uniqueness & exclusivity
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The nascent data economy is hindered by these particularities and, in
spite of its huge potential, most data remains in corporate silos nowadays

Current data economy

1) Led by horizontally-integrated oligopolies 3) Heavy overall impact
Collection  Transmission  Storage Data economy size and impact

e e e Up to 827 bn€ in 2025 within

EU27+UK (EC)

2) Geographically imbalanced
Top 100 Global Digital Platforms by market capitalization (2021)

America Data-driven decision-making to
. reach USS2.5 trillion globally by
Alibaba ms"ms""gi“ 2025 (M)
Africa Al to potentially deliver
.. additional global economic
Naspers prosus activity of $13 trillion by 2030
i (McK)

Share in value by Region (%) N° top 100 platforms

UNIVERSIDAD
POLITECNICA 5
DE MADRID

= ‘9[- |Dara 1)
l dea 2}@[@&' Transparency ﬂ@ﬂ
5| Group



https://datalandscape.eu/sites/default/files/report/D2.9_EDM_Final_study_report_16.06.2020_IDC_pdf.pdf
https://www.mckinsey.com/business-functions/mckinsey-analytics/our-insights/the-age-of-analytics-competing-in-a-data-driven-world
https://www.mckinsey.com/featured-insights/artificial-intelligence/notes-from-the-ai-frontier-modeling-the-impact-of-ai-on-the-world-economy#part1

EU Strategy for Data focuses on putting people first in developing
technology, and promoting European values and rights in the digital world

-

“Building a European Data Economy” and the “European Strategy for data” as a key pillar of the “Shaping Europe’s digital
future” strategy

Related policies about “Artificial Intelligence” with the strategy for “Artificial Intelligence for Europe”, and about ensuring
EU autonomy with European cloud services.

New regulations:

1) General Data Protection Regulation

2) Regulation for the Free Flow of non-Personal Data and guidelines
3) Data Governance Act

4) Data Act

5) Al Act

Other policy initiatives to create a common data space in the EU:

1) Promote open data initiatives to enable the reuse of public information
2) Recommendation on access to and preservation of scientific information
3) Guidelines to private data sharing

Initiatives and projects towards sovereign, secure, trusted data exchange standards: International Data Spaces and Gaia-X
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https://ec.europa.eu/digital-single-market/en/policies/building-european-data-economy
https://digital-strategy.ec.europa.eu/en/policies/strategy-data
https://ec.europa.eu/info/strategy/priorities-2019-2024/europe-fit-digital-age/shaping-europe-digital-future_en#three-pillars-to-support-our-approach
https://digital-strategy.ec.europa.eu/en/policies/artificial-intelligence
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=COM%3A2018%3A237%3AFIN
https://digital-strategy.ec.europa.eu/en/policies/cloud-computing
http://eur-lex.europa.eu/legal-content/EN/TXT/?uri=uriserv:OJ.L_.2016.119.01.0001.01.ENG
https://ec.europa.eu/digital-single-market/en/news/proposal-regulation-european-parliament-and-council-framework-free-flow-non-personal-data
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=COM:2019:250:FIN
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:52020PC0767
https://digital-strategy.ec.europa.eu/en/library/data-act-proposal-regulation-harmonised-rules-fair-access-and-use-data
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex%3A52021PC0206
https://ec.europa.eu/digital-single-market/en/news/communication-towards-common-european-data-space
https://ec.europa.eu/transparency/regdoc/rep/1/2018/EN/COM-2018-234-F1-EN-MAIN-PART-1.PDF
https://www.vyzkum.cz/FrontClanek.aspx?idsekce=851495&ad=1&attid=851560
https://ec.europa.eu/digital-single-market/en/guidance-private-sector-data-sharing
https://internationaldataspaces.org/
https://www.gaia-x.eu/

The massive collection and exploitation of personal data in exchange of
services has raised a general concern about privacy and Al ethics...

‘Essential reading for those of us who click ‘agree’ ten times a day’
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WHY AND HOW YOU SHOULD
TAKE BACK CONTROL
OF YOUR DATA
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Shortlisted for the FT/McKinsey
Business Book of the Year Award 2019

The International Bestseller

THE AGE OF
SURVEILLANCE
CAPITALISM

THE FIGHT FOR A
HUMAN FUTURE
AT THE NEW
FRONTIER OF POWER

SHOSHANA
ZUBOFF

‘The true prophet of the information age’ FT
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... and remarkable voices have warned against unsustainable digital
economics, and proposed to retribute people for their data as a solution
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JARON LANIER

Te deben 18.490€ al ano por tus datos: una

revolucionaria teoria sacude el capitalismo.
UPROOTING CAPITALISM AND El Confidencial 20 Feb 2020.

DEMOCRACY FOR A JUST SOCIETY jAcabaremos cobrando por ceder nuestros

datos? ABC. 26 Feb 2020.

El investigador que propone recibir un
salario a cambio de nuestros datos. E| Pais
10 mar 2020.

Some dare estimate a transfer of 9% of the data economy from companies to owners,
meaning +USS$20k yearly income for a family of 4 in the US

ERIC A. POSNER & E. GLEN WEYL
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https://www-elconfidencial-com.cdn.ampproject.org/c/s/www.elconfidencial.com/amp/tecnologia/2020-02-19/ganar-dinero-datos-internet-micropagos_2460216/
https://www.abc.es/economia/abci-acabaremos-cobrando-ceder-nuestros-datos-202002260220_noticia.html?ref=https%3A%2F%2Flaoutaris.info%2F
https://elpais.com/tecnologia/2020-03-09/el-investigador-que-propone-recibir-un-salario-a-cambio-de-nuestros-datos.html

The ‘data dividend’ in California, the ‘data tax’ in NYC, or digital service
taxes (DSTs) in Europe may require to put a financial value on data

$Los Anqgeles Times

Digital Services Taxes in Europe

Legislative Status of Digital Services Taxes (DSTs) in
European OECD Countries, as of June 27, 2022
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Newsom wants companies collecting personal data to share the
wealth with Californians

. Implemented a Digital Services Tax

GP'N'DN | [:l::l MMENTARY . Repeal Contingent on Pillar 1 Implementation

ced, or Shown Intentions

. Soice KPMG, Taaton o theDihalndExoncmy Devekpments s - I S sorices Tox
A Tax on Data Could Fix New York’s Budget — wmmmm

https://taxfoundation.org/digital-tax-europe-2022

New revenue from information brokers to plug the Covid hole.

https://taxfoundation.org/new-york-data-tax-proposal
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https://www.wsj.com/articles/a-tax-on-data-could-fix-new-yorks-budget-11591053159
https://www.latimes.com/politics/la-pol-ca-gavin-newsom-california-data-dividend-20190505-story.html
https://taxfoundation.org/new-york-data-tax-proposal/
https://taxfoundation.org/digital-tax-europe-2022/
https://www.latimes.com/politics/la-pol-ca-gavin-newsom-california-data-dividend-20190505-story.html

Unlocking the value of data and ensuring data markets is key
to harness the potential of Al in the economy

@'f_h Understanding and Measuring the Data Economy

Addressing Technical Challenges

@ Regulating the data economy

Most of the material in this presentation is part of my PhD thesis “Towards a Human-Centric Data Economy”
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https://sandresazcoitia.com/2023/04/24/towards-a-human-centric-data-economy/

@'f_h Understanding and Measuring the Data Economy
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ﬁ We checked more than 190 companies offering data products and

b

O services in order to understand how data is traded nowadays
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https://www.optum360.com/solutions/payer-provider-connectivity/data-sharing-and-intelligence.html
https://datawallet.com/
https://www.automat-project.eu/
https://www.experian.com/
https://www.definedcrowd.com/
https://www.handshakes.com.sg/data.html
https://digi.me/
https://www.iota.org/
https://mydex.org/
https://airbloc.org/
https://datascouts.eu/
https://www.dawex.com/en/
https://spaziodati.eu/en/#startup
https://aws.amazon.com/marketplace/
https://ernieapp.com/
https://www.hubofallthings.com/
https://www.meeco.me/
http://www.ownyourinfo.com/
https://wibson.org/
https://www.lotame.com/
https://www.battlefin.com/
https://www.bookyourdata.com/
http://sales-lead.org/
https://www.telephonelists.biz/
https://geodb.com/en/
https://cogitocorp.com/
https://www.refinitiv.com/
https://saymine.com/
https://aircloak.com/
https://www.acxiom.com/
https://www.openprisetech.com/
https://fysical.org/
https://www.factual.com/
https://algorithmia.com/
https://datum.org/
https://www.qiyfoundation.org/
https://quexopa.io/
https://weople.space/en/
https://www.advaneo-datamarketplace.de/en/
http://people.io/
https://dih.telekom.net/en/
https://oceanprotocol.com/
https://databroker.global/
https://otonomo.io/
https://www.ifeelgoods.com/
https://www.citizenme.com/
https://datasift.com/
https://www.datapace.io/
https://luca-d3.com/
https://www.ibm.com/watson
https://clearview.ai/
https://www.datarepublic.com/
https://www.veracity.com/
https://www.cognite.com/
https://cyber.ee/
https://carto.com/
https://datarade.ai/
https://webhose.io/
https://pikciochain.com/
https://opencorporates.com/
https://www.xignite.com/
https://cloud.google.com/marketplace
https://azure.microsoft.com/es-es/services/open-datasets/catalog/
https://www.salesforce.com/products/marketing-cloud/data-sharing/
https://1dmc.io/
https://theadex.com/
https://www.amo.foundation/
https://www.adition.com/en/
https://aaachain.net/
https://www.adcolony.com/
http://www.admaxim.com/
https://dataxpand.com/
https://adxperience.com/
https://axonix.com/
https://bigtoken.com/
https://www.factset.com/marketplace#/
https://www.bottos.org/#anchor1
https://www.benzinga.com/apis/
https://www.bronid.com/
https://www.burstiq.com/
https://veriscope.network/
https://orderlyhealth.com/
https://liveramp.com/our-platform/data-marketplace/
https://datahub.io/
https://www.complementics.com/data-monetization/
https://coverus.health/
https://www.cxense.com/es/
https://www.dataeum.io/
https://www.datablockchain.io/
https://www.bigchaindb.com/
https://datavant.com/
https://datax.io/
https://www.evotegra.de/
https://www.eyeota.com/
https://knoema.com/
https://dhealth.network/
https://en.gxchain.org/
https://hu-manity.co/
https://healthverity.com/
https://multimedialists.com/
https://www.healthwizz.com/
https://hxgncontent.com/
https://www.inmobi.com/
https://www.improvedigital.com/
https://www.caruso-dataplace.com/
https://www.informatica.com/de/products/data-integration/b2b-data-exchange.html
https://intrinio.com/
https://about.imbrex.io/
https://www.bloomberg.com/professional/product/enterprise-access-point/
https://www.lemochain.com/
https://www.kochava.com/data-marketplace/
https://www.liveintent.com/
https://longenesis.com/
https://www.madana.io/
https://medicalchain.com/en/
https://www.microbilt.com/
http://www.myhealthmydata.eu/
https://zenome.io/
https://iex.ec/
https://www.nielsen.com/us/en/solutions/capabilities/nielsenmarketingcloud-daas/
https://developer.here.com/products/platform
https://osadc.io/en/
https://convexglobal.io/
https://revealmobile.com/
https://www.quandl.com/
https://pubmatic.com/
https://www.rhythmone.com/
https://www.relevant-digital.com/
https://reply.io/data-marketplace/
https://advertising.roku.com/dataxu
https://www.magnite.com/
https://www.smaato.com/
https://smartclip.tv/
https://www.streetcred.co/
https://www.taboola.com/
https://www.taptapdigital.com/
https://dx.network/
https://www.terbine.io/
https://www.thetradedesk.com/
http://www.v10data.com/
https://vetri.global/
https://www.xandr.com/
https://decentr.net/
https://medicalchain.com/en/
https://service.mdm-portal.de/mdm-portal-application/index.do
https://discover.sap.com/data-marketplace/en-us/data-marketplace.html
https://www.oracle.com/cx/marketing/data-management-platform/
https://skychain.global/
https://vinchain.io/es
https://www.nokia.com/networks/services/data-marketplace/
https://market.oceanprotocol.com/
https://demyst.com/
https://datamarketplace.taus.net/
https://www.crunchbase.com/
https://www.esri.com/en-us/arcgis-marketplace/
https://www.marketplace.spglobal.com/en/
https://www.collibra.com/us/en/platform/data-catalog
https://www.narrative.io/
https://swashapp.io/
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] At a high-level, we spotted 3 main families of business models depending on
@+ whom companies target their services:
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X Data management
@ Systems (DMS)

Buyers

=il Data Marketplaces (DM)
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https://www.meeco.me/
https://digi.me/
https://databroker.global/
https://www.dawex.com/en/
https://www.terbine.io/
https://www.battlefin.com/
https://mydex.org/
https://www.acxiom.com/
https://www.lotame.com/
https://otonomo.io/
https://ernieapp.com/
https://datarade.ai/
https://opencorporates.com/
https://clearview.ai/
https://www.experian.com/
https://knoema.com/
https://geodb.com/en/
https://www.caruso-dataplace.com/
https://www.evotegra.de/
https://www.bookyourdata.com/
https://www.cognite.com/
https://www.iota.org/
https://datascouts.eu/
https://www.advaneo-datamarketplace.de/en/
https://oceanprotocol.com/
https://www.datarepublic.com/
https://swashapp.io/
https://datamarketplace.taus.net/
https://www.bronid.com/
https://www.nokia.com/networks/services/data-marketplace/
https://airbloc.org/
https://carto.com/
https://www.esri.com/en-us/arcgis-marketplace/
https://fysical.org/
https://dih.telekom.net/en/
https://www.refinitiv.com/
https://multimedialists.com/
https://demyst.com/
https://www.thetradedesk.com/
https://dhealth.network/
https://www.bigchaindb.com/
https://saymine.com/
https://www.veracity.com/
https://weople.space/en/
https://vetri.global/
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- Data Cataloguing

- Search & discovery

- Pricing

- Licensing and contracts
- Transaction
Management

- Charging & Payments

Data requests

»i

Information about
suitable datasets and
their prices

A 4

Data ordering

Contract Management

\ 4

Data Delivery

A 4

Charging
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Personal Information Management Systems (PIMS)

User

Data flow

Data

Providers

.
£
in

User Console and
dashboard

=
=it

—— Workflow

Entity

- Data subject

User profile and PI info

Personal Information Management
System (PIMS)

Consent and contract management
Data cataloging and matching
Information structuring and enrichment
Data pricing & reward management

Data Data Consumer

collection

Banks = Billing, charging, invoicing
Secure storage, access and data transfer
GDPR-enabled 9¢
[ processes (PI
= download, erasure,
modification, etc.)
i d .\q e Data E UNIVERSIDAD S. Andrés Azcoitia and N. Laoutaris, A Survey of Data Marketplaces and their
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We can classify entities based on the kind of data they trade, which also
@+ depends on their business models

Owners

X Data management
@ Systems (DMS)

Buyers

Data Marketplaces (DM) 5 Data Providers (DP)

= Marketing
= Corporate data
® Trading data

= Any
m Healthcare

m Personal Data = Automotive = Contact data
m |oT Sensor )
= Any . = Automotive-related
m Alternative data = Geo-l ted dat
= Marketing = Personal eo-located data
- Tradin = Alternative data
Healthcare data g Al / ML models
Al / ML models
Geo-located data G . Human-generated data
enetic
Industry Web data
Marketing Multu_"nedla
Identity data

UNIVERSIDAD S. Andrés Azcoitia and N. Laoutaris, A Survey of Data Marketplaces and their
POLITECNICA Business Models. ACM SIGMOD Record Sept. 2022 16
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b

O+ dimensions of analysis

Public, semi-private. .
Data exchange privatg Private
Scope Focused Focused
Specific data to be
ype of data Any used within their

service / platform
Boles / _Players Partners, Customers
interacting

Internet, self-
generated, partners,

users
API, Datasets

Partners, Data
providers

API, Access to data
through the system
Partnership & the

ets data from

Provides buyers with

Owhers access Partnership

hrough platform
Buyers get data e aaiees, AFIE Web-service, the
hrough platform

pe of platform Centralised

Access Pricing for Subscription
Pay for data
Partnership (when
applicable)
Platform
Fixed one-off,
subscription,

platform

Partnership
Subscription

Platform, Buyers

Access Pricing for
sellers
Prices set by

o
=
(0]
=
1]

based
Payment method Fiat currency
o i dea ..\.9 [@-, Data E UNIVERSIDAD
ks 5@ o | Transparency o) POLITECNICA
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Included in the main

Platform, Providers

Subscription, domain-

customized, volume- specific (CPC, CPM,...) sabsaTpon En

Public / semi-private
Diversified Focused

Industry-, or type-

Ry specific

Sellers, Buyers

Data providers,

DR BRI self-enriched

API, Datasets
Web-services

Web-services Web-services, APIs

Centralized or Decentralised
Predominantly free. Some freemium,

subscription, and data delivery charges
Predominantly free, freemium, subscription,

and revenue-share charges
Platform, Providers

Fixed one-off, Customised,

customised fixed one-off

Fiat currency, token

volume/usage-based,

E We characterized up to 10 different business models based on different

Private Public / semi-private

Focused

Data to be exchanged

within the system Personal data

Users, Data Providers,
Owner, Requester
Buyers

Data providers Users, Data providers

API, Access to data API, Key to decrypt

through the system data
Data Management Mobile App
platform Web services
Data Management Web-services, APIs,
platform compatible systems
Centralised Decentralised

Add-on to the data
management platform

Subscrition to the

Pay for data

platform s
Open Users, Platform
Open Open, Bid by buyer
Open Token, fiat currency

S. Andrés Azcoitia and N. Laoutaris, A Survey of Data Marketplaces and their
Business Models. ACM SIGMOD Record Sept. 2022 17



h We went further and, in another recent market study, we scraped metadata of
O+ +210k products from 10 DMs, +2k DPs

Non-paid (e.g., open

data, samples)

With explicit
prices (33%)
Paid (0,55%) o
rice upon
Request (66%)

i dea .\9?' :a“ E UNIVERSIDAD S. Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Measuring the Price of Data in
9%‘:. G::':;parency s Pl A Commercial Data Marketplaces. In Proc. of 1st ACM DE Workshop (2022)
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What’s the price of data? The problem

How valuable is this?
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? What'’s the price of data? The problem
||

38
53

28
37
49
52
31
42
37
30
23
32
40
34
25
32
38
43
40
54
35
43

59

dea

Private
Private

Private

Private

Private
Self-emp-not-inc
Private

Private

Private
State-gov
Private

Private

Private

Private
Self-emp-not-inc
Private

Private
Self-emp-not-inc
Private

Private
Federal-gov
Private

Private

.\'q /‘ ° Dara

215646
234721

338409
284582
160187
200642

45781
150449
280464
141297
122272
205019
121772
245487
176756
186824

28887
292175
193524
302146

76845
117037

109015

Bachelors
Masters

9th

HS-grad
Masters
Bachelors
Some-college
Bachelors
Bachelors
Assoc-acdm
ASS0C-VOC
Tth-8th
HS-grad
HS-grad
11th
Masters
Doctorate
HS-grad

Gth

11th

HS-grad
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And this?

S

9 Divorced
7 Married-civ-spouse

13
14

14
13
10
13
13
12
11

Married-civ-spouse
Married-civ-spouse
Married-spouse-absent
Married-civ-spouse
Never-marned
Married-civ-spouse
Married-civ-spouse
Married-civ-spouse
Never-marned
Never-married
Married-civ-spouse

4 Married-civ-spouse

9 Never-marned

9 Never-marnied

14
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Married-civ-spouse
Divorced
Married-civ-spouse
Separated
Married-civ-spouse
Married-civ-spouse

Divorced
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Handlers-cleaners Mot-in-family  White Male
Handlers-cleaners Husband Black Male
Prof-specialty Wife Black Female
Exec-managerial Wife White Female
Other-service Not-in-family Black Female
Exec-managerial Husband White Male
Prof-specialty Not-in-family White Female
Exec-managerial Husband White Male
Exec-managerial Husband Black Male
Prof-specialty Husband Asian-Pac-Islander  Male
Adm-clerical Own-child White Female
Sales Not-in-family ~ Black Male
Craft-repair Husband Asian-Pac-Islander  Male
Transport-moving  Husband Amer-Indian-Eskimo  Male
Farming-fishing Own-child White Male
Machine-op-inspct  Unmarried White Male
Sales Husband White Male
Exec-managerial Unmarried White Female
Prof-specialty Husband White Male
Other-service Unmarried Black Female
Farming-fishing Husband Black Male
Transpori-moving Husband White Male
Tech-support Unmarried ‘White Female

o o o o o o

14084

w
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40

40
40
16
45
20
40
a0
40
30
50

40 7

45
35
40
50
45
60
20
40
40

40

United-States
United-States

Cuba
United-States
Jamaica
United-States
United-States
United-States
United-States
India
United-States
United-States
2

Mexico
United-States
United-States
United-States
United-States
United-States
United-States
United-States
United-States

United-States
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How does a data product look like in a data marketplace?

Explore | Consumer Transaction Data

C ksl Yodlee's 4M Panel (US Consumer Transaction Data, S

de-identified) $400,000 year

A dataset by Envestnet ! Yodlee

SECONDARY_MERCHANT_NAME PRIMARY_MERCHANT_NAME TRANSACTION_CATEGORY_NAME TRANSACTION_BASE_TYPE +4 MORE

debit

1 Paypal

¢ * " X

3K Merchants 99% High precision USA covered 9 years of historical

mapping for 600 tickers data
@ Contact Provider -
"Our most granular offering providing line-by-line transactions for 4 millions US consumers."
Access to Consumer spend data of de-identified 4M users over 9 years. Clean tagged consumer g Envestnet | Yodlee

Powering Dynamic Innovation

transaction data on millions of merchants public and private. Suitable for all investment use cases - o .
for Financial Services

Fundamental, Quant, Private Equity, Venture Capital.
@ Verified Provider

100% Response rate

Data Attributes

Trusted by

Attribute & Description Example ;k:;- ;&: E-k:

- institute Dara
zi dea .
Transparency

networks "lé Group

universinan S, Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Measuring the Price of Data in
A Commercial Data Marketplaces. In Proc. of 1st ACM DE Workshop (2022)
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How does a data product look like in a data marketplace?

Consumer transaction and payment data Continue to subscribe [

Provided By: Alliant

Alhant

The Aumen[}e Bl]mllaﬂ\f' out by block group Alliant's proprietary payment score metric

Alliant consumer transaction and payment data, sourced from Alliant's proprietary cooperative
database of billions of transactions. Examples: Credit card transactions, dollar and number broken

Product offers Overview Usage Support

Product offers

The following offers are available for this product. Choose an offer to view the pricing and access duration options for the offer. Select an offer and continue to subscribe. Your subscription begins
on the date that your request is approved by the provider. Additional taxes or fees might apply.

Public offer

Payment schedule: Upfront payment | Offer auto-renewal: Supported
© $3,500 for 1 month
P $35,000 for 12 months

Overview

Consumer transaction and payment data, aggregated at the geographic block group level. Data is sourced from Alliant's proprietary cooperative database which
aggregates hundreds of leading DTC brand's 1st party detailed transactional CRM data. Deterministic view into IU.S. geographic block groups transaction and payment
detail. Example data points include: -total number and dollar amount of credit card transactions by block group in last 5 years -total number and dollar amount of
write offs by block group in last 5 years -Alliant's proprietary payment score metric (grouped 1-20)

Overview one sheeter: https://info.alliantinsight.com/hubfs/Downloadable%:20Content%20/Alliant%20AWS_Geo_Performance.pdf

Provided By
Alliant [

UNIVERSIDAD S. Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Measuring the Price of Data in
Pl A Commercial Data Marketplaces. In Proc. of 1st ACM DE Workshop (2022)
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R ﬁ We found very heterogeneous data that sells at an immensely wide range
= of prices up to US$800k or US$150k per month, ...

Subscription-based data product prices One-off data product prices

400 1.0 400 1.0
0.9
350 350
2300 0.8 < 0.8
S Median: 0.7 g 300 » /
% 200 0.5 5 S 700 2.2 kUSS a)
© 150 0.4 - 04~
ol .
Z 100 0.2 2 100 0.2
S 111 ° Il
0 I I.||“. I I ||| Lo - 0.0 0 || ... . . 0.0
O O n O O O O O O o O o N ©O O O O O O o O O
— N O N O O O O o O I <- &N O O O O O O O
- <t O un O O o O | < N O O O O O
— N O 1n O O T < & O O O
- T O - < &N O
— - <
Monthly subscription price (USS, log scale) One-off price (USS, log scale)
o i Data universioan S, Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Measuring the Price of Data in
- dea 95"’ Transparency "‘g' Pl A Commercial Data Marketplaces. In Proc. of 1st ACM DE Workshop (2022) 23
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... which depend on the category of data products

Data product prices by category AWS
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We built a cross-DM database of metadata of products offered in different DMs

@ |ld & Description @ Category % Granularity
@ Time scope i Use cases @ |ldentifiability

a# Volume & units -_EB Delivery method

Limitations @ Geo scope

7y Update Add-ons
Q frequency 5?,}’

Data

H 9
I d e a .; @Qg Transparency Q
= |Group

UNIVERSIDAD S. Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Understanding the Price of Data in
POLITECNICA

poLLe Commercial Data Marketplaces. In Proc. of 39th IEEE ICDE (2023) 25




? So, which are the features actually driving the prices of data products?
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We tested 9 regressors and optimized 4 of them. At least one shows RZ > 0.78
-w for predicting the price of financial, marketing and health-related data

R2 score by model and category

Model\Cat. Financial Marketing Healthcare All
RF 0.85 0.86 0.78 0.84
kN 0.78 0.74 0.77 0.69
GB 0.82 0.80 0.73 0.79
DNN 0.73 0.77 0.68 0.72
Bi dEa et mmmuee B e e o o S e e oy e oo T

o
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E We studied the most relevant individual features which sellers rely on for
@+ pricing financial, marketing and healthcare data using two different techniques

Financial Marketing Healthcare
RF kNeigh GB RF kNeigh GB RF kNeigh GB
units units units units units Csv units csv wordlist
entities Email S3Bucket entities History units people units Del. Methods
S3Bucket Download wordmonthli IdSessions USA yearly wordhealth daily wordhospit
wordsubmit daily wordstock Download IdSessions people wordtrend wordmarket wordidentifi
Download [dCompanies worddeliv REST API N° Countries REST API wordmedic wordgo wordamerica
people USA people wordcustom Financial wordqualiti wordglobal Limitations wordhealth
txt wordmarket Del. Methods USA Others wordaccur csv location data wordreport
wordedgar Retail txt yearly people wordidentifi DelMethod wordpopul wordstudi
wordcustom wordcontact wordneed monthly wordcontact wordwebsit wordinsight wordprofil wordupdat
wordlist realtime wordsubmit [dCompanies Email UIExport wordreport wordinsight wordcontact
i dea ‘:‘g@ ::;:sparemy _EE_ UNIVERSIDAD S. Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Understanding the Price of Data in
Xl poLLe Commercial Data Marketplaces. In Proc. of 39th IEEE ICDE (2023) 28

/&> | Group

POLITECNICA




h Due to the heterogeneity of the sample, there is no single feature other than

@+ perhaps units that relates to the price of data across categories

’3‘@\ o« | Transparency

“[=>.| Group

POLITECNICA

POLITECNICA
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Commercial Data Marketplaces. In Proc. of 39th IEEE ICDE (2023)

Financial Marketing Healthcare
RF i GB RF kNeigh GB __RE___ kNeigh GB
& units units uniD; units Er units ) CSV /, units CSV wordlist
< entities Emai S3Bucket \_ entittes _A  History units M %oﬁpl_e?i units D Del. Methods
 S3Bucket Download wordmonthli 'ldSessions USA ear wordhealth daily wordhospit
wordsubmit daily wordstock Download IdSessions people) wordtrend wordmarket wordidentifi
Download [dCompanies worddeliv REST API N° Countries | REST APl wordmedic wordgo wordamerica
people USA people wordcustom Financial wordqualiti wordglobal Limitations wordhealth
txt wordmarket Del. Methods USA Qthers wordaccur csv location data wordreport
wordedgar Retail txt yearly <‘ people ) wordidentifi DelMethod wordpopul wordstudi
wordcustom wordcontact wordneed monthly wordcontact wordwebsit wordinsight wordprofil wordupdat
wordlist realtime wordsubmit [dCompanies Email UIExport wordreport wordinsight wordcontact
i dea « 9/ |Data E universioan S, Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Understanding the Price of Data in
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E Among the rest of features, the ones related to
@+ stand out in terms of importance

data is being offered

dea

\9 [ @-. Data

5@ o | Transparency

| £~ | Group

POLITECNICA

g )

UNIVERSIDAD
POLITECNICA

Financial Marketing Healthcare
RF kNeigh GB RF kNeigh RF kNeigh GB
units units units units units units csv [« :
entities Email S et entities History ~_people units ‘Del. Methods
S3Bucket Download wordmonthli ldSessions USA Wordhealm daily )ﬁrdhosﬁﬂ\
— wordsubmit D daily wordstock ) Download ldSessions wordtrend ) wordmarket ~n/ wordidentifi \
~ Download | IdCompanies \worddeliv/' REST APl | N° Countries REST API wordmedic \u\ wordgo wordamerica
people - ___USA__ _people (:Wordcusto@; Financial mequm wordglob Limitations wordhealth
e — __wordmarket_23 Del. Methods | ~— USA | Others ,/| wordaccur \ CsV location data wordreport
~  wordedgar Retail A . S yearly wordidentifi ) DelMethod |~~wordpopul™l wordstudi
wordcustomﬁordcontaﬂ wordneed N monthly | wordcontact__| ordweblsu/,mw\ wordprofil wordupdat
~. Wwordlist realtime \\Wordsubmit I[dCompanies Email — wordrepcm)( wordinsight _/\ wordcontact /

S. Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Understanding the Price of Data in
Commercial Data Marketplaces. In Proc. of 39th IEEE ICDE (2023)
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and update rate seem somewhat important for the prices of
financial and marketing data

Financial Marketing Healthcare
RF kNeigh GB RF kNeigh GB RF kNeigh | GB
units units . units units units | csv units ' csv ! wordlist
| entities | Email | S3Bucket ! entities History units people units | Del. Methods _
|____S3Bucket | Download [ wordmonthli IdSessions USA | yearly » wordhealth « daily -3 wordhospit
| wordsubmit ¢ daily D wordstock L~ Download ™ ldSessions people wordtrend wordmarket wordidentifi
| Download —r [dCompanies worddeliv.  {.. REST APl _¢ N° Countries ¢ REST APl b wordmedic wordgo wordamerica
| nennle USA people wordcustom Financial wordqualiti wordglobal Limitations wordhealth
|_ txt wordmarket ~ Del. Methods ™ US4 Others wordaccur | csv i, location data wordreport
wordedgar Retail ' txt » : yearly | people wordidentifi [~ DelMethod _! wordpopul wordstudi
wordcustom wordcontact wordneed monthly I wordcontact wordwebsit wordinsight wordprofil wordupdat
wordlist | realtime . wordsubmit ldCormpanies I Email i UIExport »  wordreport wordinsight wordcontact
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and the possibility of connecting data points
from the same owner are also present especially in marketing data

Financial Marketing Healthcare
RF kNeigh GB RF kNeigh GB RF kNeigh GB
units units units units units Csv units csv wordlist
entities Email S3Bucket entities | History units people units Del. Methods
S3Bucket Download wordmonthli ¢ IdSessions S_ USA I yearly wordhealth daily wordhospit
wordsubmit ~_daily wordstock | Download ¢ IdSessions_>  people wordtrend wordmarket C:wordidentiD>
Download ‘@CompanieLD worddeliv REST API N° Countries > REST API wordmedic wordgo ~ wordamerica.
people | USA | people wordcustom Financial wordqualiti wordglobal Limitations wordhealth
txt wordmarket Del. Methods | USA Others W cur csv | location data wordreport
wordedgar Retail txt yearly people C‘ WordidentiD DelMethod wordpopul wordstudi
wordcustom wordcontact wordneed monthly wordcontact - wordwebsit wordinsight wordprofil wordupdat
wordlist realtime wordsubmit <@Companiesj D Email UIExport wordreport wordinsight wordcontact

i dea ‘39 f@', :a“ E UNIVERSIDAD S. Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Understanding the Price of Data in
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: E We studied the most influential feature groups, as well, resulting in notorious
@ differences across data categories

100% 0 E—
} 7% 6% _% 8% 59 00—
90% 6% 5%
9%

80%

5%
20% 9%
70% &7 7% 5%
60%
50% 28% 23% 64%
40% i
30% 10% B6% =
(o)
e 10%
14%

6%

5%
8%

21%

Predictive power (% of LOO / Shapley)

7%
o How much?
0%
LOO Shapley value Shapley value Shapley value LOO Shapley value
Financial Marketing Healthcare All
W Volume Update Rate M Description Category Identifiability
B Format Delivery Method = Add-ons B History Scope
o i 9 [o, |22t universioan S, Andrés Azcoitia, C. Iordanou, and N. Laoutaris. Understanding the Price of Data in
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Addressing Technical Challenges
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During our survey and research of SOTA we identified a number of challenges
data markets are facing:

Protecting ownership & earning trust

Federating and standardizing data sharing to deal with the current

Q fragmentation of data markets
Setting up knowledgeable neutral price references
MARKET
CHALLENGES Anticipating the value of data for a specific task
Computing fair compensations for data providers and owners at scale
B dea “ao:tamsarency (B |

DE MADRID

o
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MARKET
CHALLENGES

Setting up knowledgeable neutral price references
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3 Several “schools” of researchers are dealing with data pricing problems with
i
I very different approaches:

X, AUCTION & A/ €&  QUERY DM

Are they useful when pricing
data?

Random auctions [Goldberg01]
CORE auctions [Goldberg03]

They artificially create
competition between Bidders

Model-based pricing [Chen18]
Utility & quality-based
[Agarwall19]

Collaborative ML markets
[Ohrimenko19]

Query determinacy [Koutris12]

Arbitrage freeness
[Balazinskal3]

Revenue maximization
[Chawla19]

&> PRIVACY DM

Selling privacy at auction
[Ghosh11]

Privacy preserving for buyers
(e.g., info of their purchases),
sellers (sensitive, PI or info
about sales), and third parties
(e.g. PI of individuals)

QUALITY-BASED

Asseses value of data
depending on quality features
[Heckman15]

Monopolistic quality-based
pricing [Yul7]

DYNAMIC PRICING

Pricing dynamic data: e.g.
history-aware pricing (API,
Query)

Dynamic data pricing:
[Niul19] maximize cumulative
revenue in time

d \.9 fé-. Dara E UNIVERSIDAD
ea 5@ o | Transparency S POLITECNICA
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Some tools widely used when pricing digital products may be useful in pricing

data, as well

-~

N

£y

= BUNDLING

+

[ | versIONING

Data (service) providers price together the
access to data products (e.g., data for a
platform)

When is it convenient? In general, it is
convenient when price-sensitive buyers
consider products as complementary

There is a framework to study the conditions
under which bundling produces more
revenues [Daskalakis17]

Pure bundling is optimal if consumers with
higher values for the grand bundle have
comparatively higher relative values for
smaller bundles [Haghpanah20]

In general, Both papers assume a multi-
product monopolist.

Refers to selling different versions of a data
product, with different utility and price

Freshness, history, features, scope, volume,

format, resolution or accuracy of data are
being used to offer different versions of a
data product

AI / ML: noise injection to data or models
Query DM: Noise injection to data
Location-based: precision of data location
Privacy DM: noise injection to increase
differential privacy ¢

Quality-based: different versions of data
with different mix of quality features

=i dea
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MARKET
CHALLENGES

Anticipating the value of data for a specific task
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A data marketplace model

Data
Sellers

S={s,,...,S5}

(2) Datasets

d(s)

[
»

<
«

‘lg\

(7) Compensations c(s)

Data

Group

i .\9 @. E UNIVERSIDAD
@& - | Transparency o) POLITECNICA

DE MADRID

POLITECNICA

Data
Marketplace

(1) Data request

l

(3) Inform about
suitable datasets S and
their prices

‘(4) Select Pc S

‘(5) Send data d(P)

(6) Charging (r)

A 4

Data Buyer

value
v(a(d(P)))

S. Andrés Azcoitia and N. Laoutaris. Try Before You Buy: A practical data purchasing
algorithm for real-world data marketplaces. In Proc. of 1st ACM DE Workshop (2022)
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P1: How do buyers select data that suit their tasks?

Data
Sellers

S={s,,...,S5}

(2) Datasets

(1) Data request

<
«

d(s)

[
»

mi dea .

‘lg\

(7) Compensations c(s)

Dara B

Transparency o) POLITECNICA
DE MADRID

Group POLITECNICA
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Data

Marketplace

l

(3) Inform about

their prices

suitable datasets S and

——

Sy

(4) Select P S

(

(6) Charging (r)

A 4

A 4

ata Buyer

value
v(a(d(P)))

S1: Buy the most valuable combination of datasets

SeS

S* = arg max (1 (a(d(S

)

SES

S. Andrés Azcoitia and N. Laoutaris. Try Before You Buy: A practical data purchasing
algorithm for real-world data marketplaces. In Proc. of 1st ACM DE Workshop (2022)
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We proposed a preliminary “evaluation” phase prior to buyers selecting which
data to acquire and a family of algorithms (Try-Before-You-Buy)...

(1) Model (M), accuracy (a), test set

(2) Datasets
> (3) Inform:
d(s) i) Price (p),
ii) Description
iii) Accuracy (a)
Szﬁ:"s Data " Data Buyer
S={s.,...5 <} Marketplace <(4) Select Pc S
av i (5) Send data d(P)
» value
v(a(d(P)))

.. Which is “easily” implementable using “sandboxes” of some commercial DM:

BattleFin »</[[> otonomo swash
ADVA N EO GJCARUSO
arkabplad \
— 9 Data S. Andrés Azcoitia and N. Laoutaris. Try Before You Buy: A practical data purchasing
I dea }{iofﬁ :ﬁnspafeﬂcv “‘g‘ Eg[ﬁ%‘i@f algorithm for real-world data marketplaces. In Proc. of 1st ACM DE Workshop (2022) 42
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https://www.battlefin.com/
https://www.advaneo-datamarketplace.de/en/
https://otonomo.io/
https://www.caruso-dataplace.com/
https://swashapp.io/

We proposed a preliminary “evaluation” phase prior to buyers selecting
L which data to acquire and a family of algorithms (Try-Before-You-Buy)

n TBYB was shown to yield near-optimal TBYB allows buyers to filter individuals
profits to buyers under a wide range of whose data is more suitable for a certain

parameters and data in O(N) - O(N?) task, reducing the amount of information
execution time exchanged and hence the privacy leakage
1.0 EpereRe—R—f—o—0
1 g X=X —X—X—X— X —X—x— XXX E A
0.5 08 <
A
0.0 06 ¢
0.4
-0.5
0.2
-1.0 0
0 = 10 1357 91113151719
TCOD #datasets purchased

TBYB algorithms select the best datasets and stop purchasing in the right time

I dea -\9 o, Data E UNIVERSIDAD S. Andrés Azcoitia and N. Laoutaris. Try Before You Buy: A practical data purchasing
5@ o |Transparency o POLITECNICA algorithm for real-world data marketplaces. In Proc. of 1st ACM DE Workshop (2022) 43
o’lg\ Group - DE MADRID
[ POLITECNICA |



v

MARKET
CHALLENGES

Computing fair compensations for data providers and owners at scale
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P2: What is the relative value of data from different data sources?

Data
Sellers

S={s,,...,S5}

—
/‘
l

(2) Datasets
d(s)

[
»

(1) Model (M), accuracy (a), test set

Data
Marketplace

(3) Inform about
suitable data and its
price

(4) Select P S

<

«

(5) Send data d(P)

A 4

(6) ChaTging (r)j‘

(7) Compensations c(s)

e

P2: How do DMs distribute pavoffs fairly?

M(Si) — f(SSi7 {S_j},M,U),j €P— {91}

-

C(Si)
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v(a(d(P)))
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? Can you think of ways to reward data sellers/owners for their data?
||
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Most research works resort to the Shapley value, which is the average marginal
I contribution of a data source to every possible combination of the rest of them

Guess Error Score @

N° years get
old @
Q= 3
& - &
0
) o OFf
- L0
Average
(target) 30
i dea .:9@%, ::at:sparency _g-
“J&.|Group
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However, slight variations of the model, the valuation function, the test set or
the initial data have a dramatic impact on the value of different players, ...

Use case Alice | Bob | Carlos | Sum
| | Base case 042 | 0.33 | 0.25 l
2 | Max 0.14 | 0.06 0.8 l
3 | Biased testset | 0.32 | 0.24 | 0.35 | 0.91
4 | Using RMSE 049 | 0.36 | 0.15 l

.. let alone distributing rewards based on value can be arguable and difficult to
explain to end users.
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We found that the number of rides does not necessarily reflect the value that
data from a taxi company adds to predicting future transportation demand...

goon @G’emw“’ SV vs. n° rides by company in small districts of Chicago
(4}
Des Plaines (14} Evansteg 60(%) ®
Grove i
“ag-.: ' _=‘ The number of rides e,
o *-= 509% underestimates the contribution of -~ o ‘\
& e small companies... N \
I - f
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Bridgeview ‘g > //
_(?.aera % 200/0 7 4
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it Alsip ‘ﬂ[;/‘ 221 % o -~
912 0 _ -~
Orland Park 10% - =.”whereas it overestimates
. the contribution of large ones.
Data from a taxi company can 0%

be very useful to predict
vehicle-for-hire demand in a
certain district of the city, but -10%
not in others
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... nor does it reflect the value of data from individual taxies at city level, that
I shows more correlation with the averageness of its data instead (R? = 0.67)

Shapley value vs. n° rides by driver at city level Shapley value vs. averageness at city level
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The Shapley value for estimating transportation time in Porto is different for
I each driver, and weakly correlated with the n° rides reported ...

Shapley value vs. % rides reported by each taxi
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... or with their LOO-values.

Shapley vs. LOO values
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Interestingly, the diversity of data reported, measured as Shannon’s entropy (H)
I of key spatio-temporal features, showed a stronger correlation in this case

Pearson correlation of Shapley values with data features
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g&% Regulating the data economy
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@ Data markets and data-related regulation respond to different strategies
2 and objectives in the EU

_ Shaping Europe’s digital future Data Strategy

Legal basis Article 114 TFEU Article 114 TFEU

Objectives Protection of data subject/end Reconcile economic goals in realising
users/business users’ rights (fairness) full potential of data

Targets of Big Tech — market power dynamics Shift to other types of operators

regulation (alternative)

Form of Prescriptive and proscriptive Alternative means - siloed-approach

obligations via limitations

Business Discontinuation of existing market New opportunities for new businesses

models power

Digital Markets Act
Data Governance Act

Digital Services Act
Al Act

Data Act

— d “ 9o |Data E UNIVERSIDAD PLAMADISO Talk - Weizenbaum Institut - 2 November 2023
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https://www.youtube.com/watch?v=E1KJf8KIhno

=

The EU is looking forward to pioneering the regulation of data markets
and Al, as it happened with data protection & GDPR back in 2016

Data Protection and Privacy Legislation Worldwide

@ Legislation
Canada

+ ——

[

e <2
T

4

However, recent legislations will create frictions with the industry and
will make enforcement very challenging
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https://unctad.org/page/data-protection-and-privacy-legislation-worldwide

& Some data marketplaces may “somehow” be tied to existing
=Y complementary platforms

Examples of private data marketplaces embedded

in data-driven services or management systems:
Key characteristics

Marketing /
Audience Data

n Accessible only by users of host systems / platforms

m M theTradeDesk Data to be used primarily within the platform

AliveRamp Easier to bootstrap the DM targets already-existing

platform users

General purpose DMs

v/ aws marketplace

How to comply with the principles of neutrality — 12(a) - and independency - 12(b) of DGA?

UNIVERSIDAD PLAMADISO Talk - Weizenbaum Institut - 2 November 2023
POLITECNICA S. Andrés Azcoitia, A. Ribera Martinez Data Marketplaces and the Data 57
Governance Act: A Business Model Perspective. Kluwer Competition Law Blog
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https://carto.com/
https://www.esri.com/en-us/arcgis-marketplace/
https://developer.here.com/products/platform
https://www.lotame.com/
https://www.thetradedesk.com/
https://liveramp.com/our-platform/data-marketplace/
https://aws.amazon.com/marketplace/
https://www.youtube.com/watch?v=E1KJf8KIhno

U Data providers usually tailor prices (and products/services) to
users

Key characteristics

Explicit n DPs request information about potential users -
prices identity, purpose of using the data
. 33% : i i
Paid S upon( 2 The price (and the product) are tailored to their
(0,55%)

needs

Request
N Potentially infinite data products can be around
(versioning), with different prices and characteristics

How to ensure compliance with non-discrimination principles stated in DGA Art. 12(f)?
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https://www.youtube.com/watch?v=E1KJf8KIhno

% Model-based DM and federated leaning architectures tend to
2 value (and price) data based on its contribution to a task

Key characteristics
Data Providers Marketplace Potential User

Q@ AL/ML Task n DMs or data holders are able to train or evaluate the
— \ /_\ utility of a dataset for a particular AI/ML task
@%/i‘ \ Some studies propose to price data / rewards DPs
ﬂ Data products & 7 ‘ based on the utility it brings to the task
/ (value-based) prices 3 DMs may deliver the data, whereas FL hides data
3

\/ and only delivers trained models

Data selection,

Suitable Data

delivery and payment

Revenue allocation

How to ensure compliance with non-discrimination principles stated in DGA Art. 12(f)?
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https://www.youtube.com/watch?v=E1KJf8KIhno

Conclusion
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=1 Unlocking data silos by solving the challenges of data markets is key to realise
=% the immense potential of Al in the economy, but will require work on:

Continuing to develop Al/ML use cases capable of delivering true value to the industry, to
Governments, and to end users

Streamlining DMs by fighting against fragmentation and piracy, standardizing data sharing,
setting knowledgeable price references, and improving the experience of buying and selling

Involving end users: protecting ownership and privacy, increasing trust, making the data
economy explainable, and rewarding them fairly for their contributions

Increasing the information and transparency of data markets, and measuring the true value
of data in the economy

Reshaping existing policies and regulations, and not only those related to data/Al
(Data labor unions? Intellectual property? Robot-tax?)
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Thanks for listening and participating!
Now Q&A time!
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m Research Questions Publications

Part I.
Understanding
and Measuring

the Data
Economy

Part II1. Buying
and Selling
Data

How are entities trading data doing business?

How is data being traded in the market?

What kind of data products are being traded?

What is the price of data products in commercial
marketplaces?

Which features are driving the price of data in the
market?

How can data consumers select suitable data for
their tasks?

What is the relative value of data from different
individuals for A ML task?

How can we efficiently reward users based on the
value of their data?
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