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Abstract The continuous and significant growth of data, together with improved
access to data and the availability of powerful computing infrastructure, has led
to intensified activities around Big Data Value (BDV) and data-driven Artificial
Intelligence (AI). Powerful data techniques and tools allow collecting, storing,
analysing, processing and visualising vast amounts of data, enabling data-driven
disruptive innovation within our work, business, life, industry and society.

The adoption of big data technology within industrial sectors facilitates organisa-
tions to gain a competitive advantage. Driving adoption is a two-sided coin. On one
side, organisations need to master the technology necessary to extract value from
big data. On the other side, they need to use the insights extracted to drive their
digital transformation with new applications and processes that deliver real value.
This book has been structured to help you understand both sides of this coin and
bring together technologies and applications for Big Data Value.

This chapter defines the notion of big data value, introduces the Big Data Value
Public-Private Partnership (PPP) and gives some background on the Big Data Value
Association (BDVA)—the private side of the PPP. It then moves on to structure the
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contributions of the book in terms of three key lenses: the BDV Reference Model,
the Big Data and AI Pipeline, and the AI, Data and Robotics Framework.

Keywords Data ecosystem · Big data value · Data-driven innovation · Big Data

1 Introduction

The continuous and significant growth of data, together with improved access to
data and the availability of powerful computing infrastructure, has led to intensified
activities around Big Data Value (BDV) and data-driven Artificial Intelligence (AI).
Powerful data techniques and tools allow collecting, storing, analysing, processing
and visualising vast amounts of data, enabling data-driven disruptive innovation
within our work, business, life, industry and society. The rapidly increasing volumes
of diverse data from distributed sources create significant technical challenges for
extracting valuable knowledge. Many fundamental, technological and deployment
challenges exist in the development and application of big data and data-driven AI
to real-world problems. For example, what are the technical foundations of data
management for data-driven AI? What are the key characteristics of efficient and
effective data processing architectures for real-time data? How do we deal with
trust and quality issues in data analysis and data-driven decision-making? What
are the appropriate frameworks for data protection? What is the role of DevOps
in delivering scalable solutions? How can big data and data-driven AI be used to
power digital transformation in various industries?

For many businesses and governments in different parts of the world, the
ability to effectively manage information and extract knowledge is now a critical
competitive advantage. Many organisations are building their core business to
collect and analyse information, to extract business knowledge and insight [3]. The
impacts of big data value go beyond the commercial world to significant societal
impact, from improving healthcare systems, the energy-efficient operation of cities
and transportation infrastructure to increasing the transparency and efficiency of
public administration.

The adoption of big data technology within industrial sectors facilitates organ-
isations to gain competitive advantage. Driving adoption is a two-sided coin. On
one side, organisations need to master the technology needed to extract value from
big data. On the other side, they need to use the insights extracted to drive their
digital transformation with new applications and processes that deliver real value.
This book has been structured to help you understand both sides of this coin and
bring together technologies and applications for Big Data Value.

The chapter is structured as follows: Section 2 defines the notion of Big Data
Value. Section 3 explains the Big Data Value Public-Private Partnership (PPP) and
Sect. 4 summarises the Big Data Value Association (BDVA). Sections 5, 6 and 7
structure the contributions of the book in terms of three key lenses: BDV Reference
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Model (Sect. 5), Big Data and AI Pipeline (Sect. 6) and the AI, Data and Robotics
Framework (Sect. 7). Finally, Sect. 8 provides a summary.

2 What Is Big Data Value?

The term “Big Data” has been used by different major players to label data with
different attributes [6, 8]. Several definitions of big data have been proposed in the
literature; see Table 1.

Big data brings together a set of data management challenges for working with
data which exhibits characteristics related to the 3 Vs:

• Volume (amount of data): dealing with large-scale data within data processing
(e.g., Global Supply Chains, Global Financial Analysis, Large Hadron Collider).

• Velocity (speed of data): dealing with streams of high-frequency incoming real-
time data (e.g., Sensors, Pervasive Environments, Electronic Trading, Internet of
Things).

• Variety (range of data types/sources): dealing with data using differing syntactic
formats (e.g., Spreadsheets, XML, DBMS), schemas, and meanings (e.g., Enter-
prise Data Integration).

The Vs of big data challenge the fundamentals of existing technical approaches
and require new data processing forms to enable enhanced decision-making, insight
discovery and process optimisation. As the big data field matured, other Vs have
been added, such as Veracity (documenting quality and uncertainty) and Value [1,
16].

Table 1 Definitions of big data [4]

Big data definition Source

“Big data is high volume, high velocity, and/or high variety information assets that
require new forms of processing to enable enhanced decision making, insight
discovery and process optimisation.”

[10][13]

“When the size of the data itself becomes part of the problem and traditional
techniques for working with data run out of steam.”

[12]

Big data is “data whose size forces us to look beyond the tried-and-true methods
that are prevalent at that time.”

[9]

“Big data is a field that treats ways to analyse, systematically extract information
from, or otherwise deal with data sets that are too large or complex to be dealt with
by traditional data-processing application software.”

[19]

“Big data is a term encompassing the use of techniques to capture, process, analyse
and visualise potentially large datasets in a reasonable timeframe not accessible to
standard IT technologies. By extension, the platform, tools and software used for
this purpose are collectively called “big data technologies”

[15]

“Big data can mean big volume, big velocity, or big variety.” [17]
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Table 2 Definitions of big data value [5]

Big data value definition Source

“Top-performing organisations use analytics five times more than lower
performers . . . a widespread belief that analytics offers value.”

[11]

“The value of big data isn’t the data. It’s the narrative.” [7]
“Companies need a strategic plan for collecting and organising data, one that aligns
with the business strategy of how they will use that data to create value.”

[18]

“We define prescriptive, needle-moving actions and behaviors and start to tap into the
fifth V from big data: value.”

[1]

“Data value chain recognises the relationship between stages, from raw data to
decision making, and how these stages are interdependent.”

[14]

The definition of value within the context of big data also varies. A collection of
definitions for Big Data Value is provided in Table 2. These definitions clearly show
a pattern of common understanding that the Value dimension of big data rests upon
successful decision-making and action through analytics [5].

3 The Big Data Value PPP

The European contractual Public-Private Partnership on Big Data Value (BDV PPP)
commenced in 2015. It was operationalised with the Leadership in Enabling and
Industrial Technologies (LEIT) work programme of Horizon 2020. The BDV PPP
activities addressed the development of technology and applications, business model
discovery, ecosystem validation, skills profiling, regulatory and IPR environments
and many social aspects.

With an initial indicative budget from the European Union of 534 million euros
for 2016–2020 and 201 million euros allocated in total by the end of 2018, since its
launch, the BDV PPP has mobilised 1570 million euros of private investments (467
million euros for 2018). Forty-two projects were running at the beginning of 2019.
The BDV PPP in just 2 years developed 132 innovations of exploitable value (106
delivered in 2018, 35% of which are significant innovations), including technolo-
gies, platforms, services, products, methods, systems, components and/or modules,
frameworks/architectures, processes, tools/toolkits, spin-offs, datasets, ontologies,
patents and knowledge. Ninety-three per cent of the innovations delivered in 2018
had an economic impact, and 48% had a societal impact. By 2020, the BDV PPP
had projects covering a spectrum of data-driven innovations in sectors including
advanced manufacturing, transport and logistics, health and bioeconomy. These
projects have advanced the state of the art in key enabling technologies for big data
value and non-technological aspects, such as providing solutions, platforms, tools,
frameworks, and best practices for a data-driven economy and future European
competitiveness in Data and AI [5].
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4 Big Data Value Association

The Big Data Value Association (BDVA) is an industry-driven international non-
for-profit organisation that grew over the years to more than 220 members across
Europe, with a well-balanced composition of large, small and medium-sized
industries as well as research and user organisations. BDVA has over 25 working
groups organised in Task Forces and subgroups, tackling all the technical and non-
technical challenges of big data value.

BDVA served as the private counterpart to the European Commission to imple-
ment the Big Data Value PPP program. BDVA and the Big Data Value PPP pursued
a common shared vision of positioning Europe as the world leader in creating big
data value. BDVA is also a private member of the EuroHPC Joint Undertaking and
one of the leading promoters and driving forces of the European Partnership on AI,
Data and Robotics in the framework programmeMFF 2021–2027.

The mission of the BDVA is “to develop the Innovation Ecosystem that will
enable the data-driven digital transformation in Europe delivering maximum eco-
nomic and societal benefit, and, to achieve and to sustain Europe’s leadership on Big
Data Value creation and Artificial Intelligence.” BDVA enables existing regional
multi-partner cooperation to collaborate at the European-level by providing tools
and know-how to support the co-creation, development and experimentation of
pan-European data-driven applications and services and know-how exchange. The
BDVA developed a joint Strategic Research and Innovation Agenda (SRIA) on Big
Data Value [21]. It was initially fed by a collection of technical papers and roadmaps
[2] and extended with a public consultation that included hundreds of additional
stakeholders representing both the supply and the demand side. The BDV SRIA
defined the overall goals, main technical and non-technical priorities, and a research
and innovation roadmap for the BDV PPP. The SRIA set out the strategic importance
of big data, described the Data Value Chain and the central role of Ecosystems,
detailed a vision for big data value in Europe in 2020, analysed the associated
strengths, weaknesses, opportunities and threats, and set out the objectives and goals
to be accomplished by the BDV PPP within the European research and innovation
landscape of Horizon 2020 and at national and regional levels.

5 Big Data Value Reference Model

The BDV Reference Model (see Fig. 1) has been developed by the BDVA, taking
into account input from technical experts and stakeholders along the whole big
data value chain and interactions with other related PPPs [21]. The BDV Reference
Model may serve as a common reference framework to locate big data technologies
on the overall IT stack. It addresses the main concerns and aspects to be considered
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Fig. 1 Big data value reference model

for big data value systems. The model is used to illustrate big data technologies in
this book by mapping them to the different topic areas.

The BDV Reference Model is structured into horizontal and vertical concerns.

• Horizontal concerns cover specific aspects along the data processing chain,
starting with data collection and ingestion, and extending to data visualisation. It
should be noted that the horizontal concerns do not imply a layered architecture.
As an example, data visualisation may be applied directly to collected data (the
data management aspect) without the need for data processing and analytics.

• Vertical concerns address cross-cutting issues, which may affect all the horizontal
concerns. In addition, vertical concerns may also involve non-technical aspects.

The BDV Reference Model has provided input to the ISO SC 42 Reference
Architecture, which now is reflected in the ISO 20547-3 Big Data Reference
Architecture.

5.1 Chapter Analysis

Table 3 shows how the technical outcomes presented in the different chapters in this
book cover the horizontal and vertical concerns of the BDV Reference Model.



Technologies and Applications for Big Data Value 7

T
ab

le
3

C
ov
er
ag
e
of

th
e
B
D
V
re
fe
re
nc
e
m
od
el
’s
co
re

ho
ri
zo
nt
al
an
d
ve
rt
ic
al
co
nc
er
ns

by
th
e
bo
ok
’s
ch
ap
te
rs

H
or
iz
on
ta
lc
on
ce
rn

V
er
ti
ca
lc
on
ce
rn

C
h.

D
at
a
m
gm

t.
D
at
a

pr
ot
ec
ti
on

D
at
a
pr
oc
es
si
ng

ar
ch
it
ec
tu
re
s

D
at
a

an
al
yt
ic
s

D
at
a
vi
su
al
is
at
io
n

an
d
U
I

D
at
a
sh
ar
in
g

E
ng
in
ee
ri
ng
/

D
ev
O
ps

St
an
da
rd
s

Pa
rt

I.
Te

ch
no

lo
gi

es
an

d
m

et
ho

ds
2

+
+

3
+

+
4

+
+

+
+

+
+

+
+

5
+

+
6

+
+

7
+

+
8

+
+

+
+

Pa
rt

II
.P

ro
ce

ss
es

an
d

ap
pl

ic
at

io
ns

9
+

+
+

10
+

11
+

+
+

12
+

+
+

13
+

+
+

+
+

14
+

+
+

+
+

+
15

+
+

+
+

+
16

+
+

+
+

17
+

+
+

18
+

+
+

19
+

+
20

+
+

+
+

21
+

+
22

+
+

+
+

23
+

+
+

+
To

ta
ls

11
6

13
14

6
7

11
7



8 E. Curry et al.

As this table indicates, the chapters in this book provide a broad coverage of
the model’s concerns, thereby reinforcing the relevance of these concerns that were
spelt out as part of the BDV SRIA.

The majority of the chapters cover the horizontal concerns of data processing
architectures and data analytics, followed by data management. This indicates the
critical role of big data in delivering value from large-scale data analytics and the
need for dedicated data processing architectures to cope with the volume, velocity
and variety of data. It also shows that data management is an important basis for
delivering value from data and thus is a significant concern.

Many of the chapters cover the vertical concern engineering and DevOps,
indicating that sound engineering methodologies for building next-generation Big
Data Value systems are relevant and increasingly available.

6 Big Data and AI Pipeline

A Big Data and AI Pipeline model (see Fig. 2) suitable for describing Big Data
Applications is harmonised with the Big Data Application layer’s steps in ISO
20547-3. This is being used to illustrate Big Data Applications in this book and
a mapping to the different topic areas of the BDV Reference Model. Chapter 4
describes the Big Data and AI Pipeline in more detail and relates it to the Big
Data Value Reference Model in Fig. 1 and the European AI, Data and Robotics
Framework and Enablers in Fig. 3.

6.1 Chapter Analysis

Table 4 gives an overview to which extent the technical contributions described in
the different chapters of this book are related to the four Big Data and AI Pipeline
steps and in particular any of the six big data types.

The Big Data and AI Pipeline steps are the following:

• P1: Data Acquisition/Collection.
• P2: Data Storage/Preparation.
• P3: Analytics/AI/Machine Learning.
• P4: Action/Interaction, Visualisation and Access.

Part I on Technologies and Methods includes chapters that focus on the various
technical areas mainly related to the pipeline steps P2 and P3, and mostly indepen-
dent of the different big data types.

Part II on Processes and Applications includes chapters which typically covers
the full big data pipeline, but some chapters also have a more specific focus. With
respect to the big data types, a majority of the chapters are related to time series and
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Fig. 3 European AI, data and robotics framework and enablers [20]

IoT data (12), followed by image data (8), spatiotemporal data (7), graph data (6)
and also chapters with a focus on text and natural language processing (2).

7 AI, Data and Robotics Framework and Enablers

In September 2020, BDVA, CLAIRE, ELLIS, EurAI and euRobotics announced the
official release of the Joint Strategic Research Innovation and Deployment Agenda
(SRIDA) for the AI, Data and Robotics Partnership [21], which unifies the strategic
focus of each of the three disciplines engaged in creating the Partnership.
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Together, these associations have proposed a vision for an AI, Data and
Robotics Partnership: “The Vision of the Partnership is to boost European industrial
competitiveness, societal wellbeing and environmental aspects to lead the world in
developing and deploying value-driven trustworthy AI, Data and Robotics based on
fundamental European rights, principles and values.”

To deliver on the vision, it is vital to engage with a broad range of stakeholders.
Each collaborative stakeholder brings a vital element to the functioning of the
Partnership and injects critical capability into the ecosystem created around AI,
Data and Robotics by the Partnership. The mobilisation of the European AI,
Data and Robotics Ecosystem is one of the core goals of the Partnership. The
Partnership needs to form part of a broader ecosystem of collaborations that cover
all aspects of the technology application landscape in Europe. Many of these
collaborations will rely on AI, Data and Robotics as critical enablers to their
endeavours. Both horizontal (technology) and vertical (application) collaborations
will intersect within an AI, Data and Robotics Ecosystem.

Figure 3 sets out the primary areas of importance for AI, Data and Robotics
research, innovation and deployment into three overarching areas of interest. The
European AI, Data and Robotics Framework represents the legal and societal fabric
that underpins the impact of AI on stakeholders and users of the products and ser-
vices that businesses will provide. The AI, Data and Robotics Innovation Ecosystem
Enablers represent essential ingredients for practical innovation and deployment.
Finally, the Cross Sectorial AI, Data and Robotics Technology Enablers represent
the core technical competencies essential for developing AI, Data and Robotics
systems.

7.1 Chapter Analysis

Table 5 gives an overview to which extent the technical contributions described in
the different chapters of this book are in line with the three levels of enablers covered
in the European AI, Data and Robotics Framework.

Table 5 demonstrates that the European AI, Data and Robotics partnership and
framework will be enabled by a seamless continuation of the current technological
basis that the BDV PPP has established.

All cross-sectorial AI, Data and Robotics technology enablers are supported
through contributions in this book. However, we observe bias towards the topics
“Knowledge and Learning,” “Reasoning and Decision Making” and “System,
Methodologies, Hardware and Tools.” This is not surprising as the topics related
to the management and analysis of heterogeneous data sources—independently
whether they are stored in one or distributed places—is one of the core challenges
in the context of extracting value out of data. In addition, tools and methods and
processes that integrate AI, Data, HPC or Robotics into systems while ensuring that
core system properties and characteristics such as safety, robustness, dependability
and trustworthiness can be integrated into the design cycle, tested and validated for
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use, have been in the past and will be in the future core requirements and challenges
when implementing and deploying data-driven industrial applications. Finally, many
of the chapters describe how data-driven solutions bring value to particular vertical
sectors and applications.

8 Summary

The continuous and significant growth of data, together with improved access to
data and the availability of powerful computing infrastructure, has led to intensified
activities around Big Data Value and data-driven Artificial Intelligence (AI).

The adoption of big data technology within industrial sectors facilitates organi-
sations to gain a competitive advantage. Driving adoption requires organisations to
master the technology needed to extract value from big data and use the insights
extracted to drive their digital transformation with new applications and processes
that deliver real value. This book is your guide to help you understand, design and
build technologies and applications that deliver Big Data Value.

References

1. Biehn, N. (2013). The missing V’s in big data: Viability and value.
2. Cavanillas, J. M., Curry, E., & Wahlster, W. (Eds.). (2016). New horizons for a data-driven

economy: A roadmap for usage and exploitation of big data in Europenull. https://doi.org/
10.1007/978-3-319-21569-3

3. Cavanillas, J. M., Curry, E., & Wahlster, W. (2016). The big data value opportunity. In J. M.
Cavanillas, E. Curry, & W. Wahlster (Eds.), New horizons for a data-driven economy (pp. 3–
11). https://doi.org/10.1007/978-3-319-21569-3_1

4. Curry, E. (2016). The big data value chain: Definitions, concepts, and theoretical approaches.
In J. M. Cavanillas, E. Curry, & W. Wahlster (Eds.), New horizons for a data-driven economy
(pp. 29–37). https://doi.org/10.1007/978-3-319-21569-3_3.

5. Curry, E., Metzger, A., Zillner, S., Pazzaglia, J.-C., Robles, G., & A. (Eds.). (2021). The
elements of big data value: Foundations of the research and innovation ecosystem. Springer
International Publishing.

6. Davenport, T. H., Barth, P., & Bean, R. (2012). How ‘big data’ is different. MIT Sloan
Management Review, 54, 22–24.

7. Hammond, K. J. (2013). The value of big data isn’t the data. Harvard Business Review.
Retrieved from https://hbr.org/2013/05/the-value-of-big-data-isnt-the

8. Hey, T., Tansley, S., & Tolle, K. M. (Eds.). (2009). The fourth paradigm: Data-intensive
scientific discovery. Microsoft Research.

9. Jacobs, A. (2009). The pathologies of big data. Communications of the ACM, 52(8), 36. https:/
/doi.org/10.1145/1536616.1536632

10. Laney, D. (2001). 3D data management: Controlling data volume, velocity, and variety.
Application Delivery Strategies, 2.

11. Lavalle, S., Lesser, E., Shockley, R., Hopkins, M. S., & Kruschwitz, N. (2011). Big data,
analytics and the path from insights to value. MIT Sloan Management Review, 52(2), 21–32.

http://dx.doi.org/10.1007/978-3-319-21569-3
http://dx.doi.org/10.1007/978-3-319-21569-3_1
http://dx.doi.org/10.1007/978-3-319-21569-3_3
https://hbr.org/2013/05/the-value-of-big-data-isnt-the
http://dx.doi.org/10.1145/1536616.1536632


Technologies and Applications for Big Data Value 15

12. Loukides, M. (2010, June). What is data science? O’Reily Radar. Retrieved from http://
radar.oreilly.com/2010/06/what-is-data-science.html

13. Manyika, J., Chui, M., Brown, B., Bughin, J., Dobbs, R., Roxburgh, C., & Byers, A. H. (2011).
Big data: The next frontier for innovation, competition, and productivity. Retrieved from
McKinsey Global Institute website: https://www.mckinsey.com/business-functions/mckinsey-
digital/our-insights/big-data-the-next-frontier-for-innovation

14. Miller, H. G., & Mork, P. (2013). From data to decisions: A value chain for big data. IT
Professional. https://doi.org/10.1109/MITP.2013.11.

15. NESSI. (2012, December). Big data: A new world of opportunities. NESSI White Paper.
16. Rayport, J. F., & Sviokla, J. J. (1995). Exploiting the virtual value chain. Harvard Business

Review, 73, 75–85. https://doi.org/10.1016/S0267-3649(00)88914-1
17. Stonebraker, M. (2012). What does “big data mean.” Communications of the ACM, BLOG@

ACM.
18. Wegener, R., & Velu, S. (2013). The value of big data: How analytics differentiates winners.

Bain Brief.
19. Wikipedia. (2020). Big data. Wikipedia article. Retrieved from http://en.wikipedia.org/wiki/

Big_data
20. Zillner, S., Bisset, D., Milano, M., Curry, E., Hahn, T., Lafrenz, R., O’Sullivan, B., et al. (2020).

Strategic research, innovation and deployment agenda – AI, data and robotics partnership.
Third release (third). Brussels: BDVA, euRobotics, ELLIS, EurAI and CLAIRE.

21. Zillner, S., Curry, E., Metzger, A., Auer, S., & Seidl, R. (Eds.). (2017). European big data value
strategic research & innovation agenda. Retrieved from Big Data Value Association website:
https://www.bdva.eu/sites/default/files/BDVA_SRIA_v4_Ed1.1.pdf

Open Access This chapter is licensed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license and
indicate if changes were made.

The images or other third party material in this chapter are included in the chapter’s Creative
Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter’s Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.

http://radar.oreilly.com/2010/06/what-is-data-science.html
https://www.mckinsey.com/business-functions/mckinsey-digital/our-insights/big-data-the-next-frontier-for-innovation
http://dx.doi.org/10.1109/MITP.2013.11
http://dx.doi.org/10.1016/S0267-3649(00)88914-1
http://en.wikipedia.org/wiki/Big_data
https://www.bdva.eu/sites/default/files/BDVA_SRIA_v4_Ed1.1.pdf
http://creativecommons.org/licenses/by/4.0/

	Technologies and Applications for Big Data Value
	1 Introduction
	2 What Is Big Data Value?
	3 The Big Data Value PPP
	4 Big Data Value Association
	5 Big Data Value Reference Model
	5.1 Chapter Analysis

	6 Big Data and AI Pipeline
	6.1 Chapter Analysis

	7 AI, Data and Robotics Framework and Enablers
	7.1 Chapter Analysis

	8 Summary
	References


