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Abstract: Today, almost all active organizations manage a large amount of data from their business
operations with partners, customers, and even competitors. They rely on Data Value Chain (DVC)
models to handle data processes and extract hidden values to obtain reliable insights. With the advent
of Big Data, operations have become increasingly more data-driven, facing new challenges related to
volume, variety, and velocity, and giving birth to another type of value chain called Big Data Value
Chain (BDVC). Organizations have become increasingly interested in this kind of value chain to extract
confined knowledge and monetize their data assets efficiently. However, few contributions to this
field have addressed the BDVC in a synoptic way by considering Big Data monetization. This paper
aims to provide an exhaustive and expanded BDVC framework. This end-to-end framework allows
us to handle Big Data monetization to make organizations’ processes entirely data-driven, support
decision-making, and facilitate value co-creation. For this, we present a comprehensive review of
existing BDVC models relying on some definitions and theoretical foundations of data monetization.
Next, we expose research carried out on data monetization strategies and business models. Then,
we offer a global and generic BDVC framework that supports most of the required phases to achieve
data valorization. Furthermore, we present both a reduced and full monetization model to support
many co-creation contexts along the BDVC.
Keywords: big data; big data value chain; big data monetization; big data management; value
co-creation

1. Introduction
A wide variety of data sources such as social media, mobile devices, and the Internet of Things
(IoT) generate a considerable amount of data evolving rapidly in a highly connected society. By 2020,
the International Data Corporation estimates that accumulated data should increase to 44 zeta-octets [1],
and ABI Research predicts that 30 billion devices will be connected [2]. These data are expected to
grow more, marking a new step in the era of Big Data.
Big Data was initially defined as large volume, high velocity, and data asset diversity, which require
new processing capabilities to find hidden knowledge and improve decision-making [3]. These three
essential characteristics (volume, velocity, and variety) have been extended to become more refined.
This new extended definition is called 10Vs [4,5], grouping ten characteristics that should be considered
in every big data use case. These 10Vs are:
Volume: Refers to a large amount of generated data that is no more possible to master using
traditional processing and storage systems.
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Variety: Refers to the nature of data that may follow different forms as structured (e.g., database
records), semi-structured (e.g., XML and JSON documents), or unstructured data (e.g., IoT and
Social Media).
Velocity: Refers to the high speed at which data are both gathered and processed.
Veracity: Refers to the characteristics of Big Data quality. Collected data are often uncertain and
inaccurate and need to be preprocessed before going further.
Variability: Refers to the meaning of continuously changing data, which may impact their
consistency and homogeneity.
Virality: Refers to the spread rate of data and sharing speed of insight over the network.
Viscosity: Refers to the time lag between when the event occurred and when it is described. It is
mainly observed when handling massive datasets.
Validity: Refers to the state of data and its reliability for the intended use.
Visualization: Refers to comprehensive visual data representation, allowing the identification of
correlations and hidden patterns.
Value: Corresponds to the insights and knowledge that are extracted from hidden, varied,
and sophisticated big data.
The consideration of these Vs exposes business model implementations to several challenges,
particularly those relating to computational capabilities and data sharing regulations [6,7]. Therefore,
organizations are forced to redesign their data processes and propose well-adapted Data Value Chains
(DVC) that are more suitable for Big Data needs. This rethinking of data management has led
companies to adopt what we call Big Data Value Chain (BDVC) to master every step the data passes
through [3,8–10].
BDVC allows the management of the flow of data based on several phases to generate value
and follow data evolution. These phases are data generation, data acquisition, data preprocessing,
data storage, data analysis, data visualization, and data exposition [11].
It is worth noting that processes involved in a BDVC act on a large amount of data to achieve a
final objective, extracting reliable information. By contrast, the intermediate states before we can attain
knowledge are also of utmost importance for either the company or its partners. Therefore, each form
of data must be carefully considered. In this regard, BDVC is a suitable pattern. It is a flexible and
adaptable set of stages, not only allowing data to be made useful at each state but also monetizing and
sharing valuable content and insights with contributors partners [12,13].
Big Data monetization, according to Prakash, refers to the organizations’ capabilities to generate
new kinds of revenue from their internal and external data sources, based on data processing, to create
useful information, insight, and observations [14].
The modular and complete structure of the BDVC makes it very promising to monetize Big Data as
each phase allows us to valorize the processed records at its level. Furthermore, Big Data monetization
could be an integral part of the BDVC to support data-driven management based on interconnected
processes with partners [11,12]. It thus reduces the gap between native monetization and the
corresponding business model. However, few contributions to this field have addressed the BDVC in a
general way by emphasizing Big Data monetization aspects.
In this contribution, we propose a marriage between data monetization and BDVC. For this,
we present a comprehensive review of the existing BDVCs. After, we discuss data strategies and
business models in the context of data monetization. Next, we propose an end-to-end BDVC framework
that forms the core platform to take charge of data-driven processes in an agile way. This extended
BDVC will support end-to-end data analysis to ensure efficient decision-making. Furthermore,
we propose and discuss two possible sharing models, a reduced and a full one, enabling monetization
of both data and insights along that BDVC.
The following research questions will guide this contribution:
-

Can the BDVC support data monetization?
How does one achieve end-to-end Big Data monetization?
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What are the different models to ensure data monetization throughout the BDVC?

The rest of this article is structured as follows. In Section 2, we present the adopted research
methodology. Section 3 surveys existing work on both Big Data Value Chain and Data Monetization.
Then, we highlight the monetization strategies and Big Data business models in Section 4. Section 5
provides a synoptic Big Data Value Chain framework. In Section 6, we propose suitable models to
monetize data throughout BDVC. Then, we present and discuss the simulation results in Section 7.
The last section concludes the paper and points to some research outlooks.
2. Research Methodology
We have adopted a systematic literature review methodology to identify, select, and synthesize
relevant research contributions narratively to address the above questions. For this, we have followed
Tranfield et al.’s [15] guidelines to conduct our systematic review.
Several steps were identified in these guidelines, such as planning the study, driving a review,
and extracting reports. This literature review helped us to develop a concrete Big Data monetization
model adapted to several contexts. To conduct the research, we followed three steps:
•
•
•

Research, identification, and selection of articles of primary study.
Filter and evaluate the selected papers.
Validate papers for data synthesis and analysis of finding.

The selection process for primary studies was conducted according to inclusion and exclusion
criteria applied to the examined articles, the scope of the study, and according to verifications carried
out by subject and by title and reading the abstract and results. Articles reporting theoretical, empirical,
qualitative, or quantitative case studies were also considered.
This research process allows the focusing of the study on articles that are published in prestigious
academic journals recognized in Business and Big Data Management and Analytics with a focus
on BDVC and Data Monetization. The collected primary studies were carried out from the
following sources:
•
•
•
•
•
•
•

Google Scholar,
ScienceDirect,
Wiley,
IEEE Xplore digital library,
ACM (Association for Computing Machinery) digital library,
Springer,
Other diverse sources (Taylor and Francis, Emerald, Oxford, and Books).

The research strategy aimed at papers and magazines to cover the period from 2000 to 2020.
This allowed us to draw the concepts’ evolution. Thus, to ensure a better approach in literature
analysis, we used specific keywords such as “Big Data,” “Big Data Adoption,” “Big Data Value Chain,”
“Value Chain,” “Big Data Management,” “Big Data Analytics,” “Data Monetization,” “Data Sharing,”
“Business Value,” and “Business Management.”
In this regard, we have conducted an iterative deep examination to identify the most relevant
contributions (Figure 1).
The selection of primary studies identified a large number of articles of the order of 1269. This initial
package was refined by a relevant and careful analysis, using cross-referenced and overlapping keyword
combinations. A total of 223 articles were selected, followed by a more in-depth analysis. They were
then carefully read and reviewed to be relevant to the scope of our study. It is essential to mention that
the final datasets are issued only from peer-reviewed and indexed journals. Finally, the descriptive
details of the articles were checked and then filed in the Zotero database. The final panel consisted of
97 articles.
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Figure 1. Literature review methodology process.
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3.1. Big Data Value Chain to Support Data-Driven Operations
3. Related Work and Background
The Value Chain (VC), initiated by Porter in the 1980s [16,17], consists of decomposing commercial
It is necessary to review the literature to integrate data monetization into BDVC systematically.
activities and identifying the interaction between them. It allows the creation of added value by going
The literature review has covered the evolution of BDVCs, various existing monetization models, and
through the chain activities.
application fields.
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The literature has provided several types of Value Chains such as Knowledge Value Chain [18–20],
Value Grid [21,22], Linked Data Value Chain [23], Data Value Chain network [24,25], and Virtual Value
Chain [26].
In the 2000s, data digitization led to the emerging concept of Data Value Chains, which replaced
the traditional idea of Value Chains for tangible products [25].
The Data Value Chain model is based on a set of activities that consider data as raw materials and a
vital resource, enabling the organization to generate value and useful insights. It allows the movement
from data to knowledge by going through several steps, such as discovery, processing, and exploitation,
to facilitate decision-making [10]. In this regard, the authors in [27] have proposed a framework for
Data Value Chain as a Service (DVCaaS) that allows acquisition, integration, management, and data
sharing related to business flow.
With the advent of Big Data and the large-scale digitization of information systems, organizations
have shown a growing interest in adopting BDVC concepts to define models that engross and support
Big Data characteristics. Researchers have shown keen attention to this field and have provided several
definitions and models that have enriched the literature. According to Curry, “Big Data Value Chains
can describe the information flow within a big data system as a series of steps needed to generate value
and useful insights from data” [3]. In addition, the authors in [11] have listed an extended list of BDVC
models in various application fields.
In [28], the authors have conceived the BDVC as four successive stages: Generation, acquisition,
storage, and data analysis. The authors have discussed this compressed chain of managing data as a
dedicated process focusing on data analysis.
In the business management context, Miller and Mork [10] have proposed a BDVC model
that allows data discovery, data integration, and data exploitation leading to decision-making.
The proposed framework is based on collaborative partnership strategies through data sharing.
For the same field, the authors in [3] have made a model that enables value generation and extracted
meaningful insights through managing information flow from high-level activities within Big Data
ecosystems. This contribution has been adopted to create a new value and bring retail, transport, health,
and manufacturing sectors opportunities. Likewise, the authors in [29] have suggested a framework
for Big Data reduction at a customer level to achieve value creation. This framework provides a
business model aiming at the new data reduction at the customer end, preserving data confidentiality,
the cost reduction of using services, and the delegation of data sharing control to customers. Always
in the same context, the authors in [30] have presented a seven-step model that uses an interactive
Big Data analytical process to help avoid failed business implementations. For this, they have defined
a framework for business managers to understand and evaluate the effectiveness of Big Data processes
before seeking their applications.
In the education context, the authors in [31] have presented a study that follows a BDVC relying
on acquisition, aggregation, linking, processing, analysis, and delivery. The conducted research aims
to identify schools in which students have learning disabilities and a risk to leave the education system
early. The proposed BDVC allows the retained educational institutions to have more knowledge and a
global vision of their students.
In the smart grid context, the authors in [32] have proposed a new approach to segmenting
Big Data systems near real-time for energy visualization scenarios. It introduces a framework able
to manage massive smart grid data, with a visual data analysis aspect. It also provides a guideline
to conduct future research in this field. In the same context, the authors in [33] have proposed a
multi-step Big Data grid architecture to manage smart grid requirements, including processing, storage,
and visualization. The proposed architecture supervises different flows from the power grid and
various energy producers, users, and communicating devices. It provides valuable contributions to the
consumption of energy systems and the monitoring of their sustainability.
It is worth noting that digitalization has led organizations improving the employed technologies
in supply chain management. According to Korpela et al. [34], digital supply chain integration has
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become more dynamic and scalable. The supply chain allows shared access and visibility in tracking
product delivery through intelligent logistics in collaboration with partners. It has also permitted
end-to-end data product integration through digital enablers, following integrated, standardized,
and interoperable processes.
By going over the literature, we noted that BDVCs are becoming increasingly attractive to master
data management processes. However, BDVCs form only the skeleton of big data management
strategies, and it should be coupled with other equally important aspects such as Big Data
monetization. BDVC and Big Data monetization together form extensible and unlimited value
chains. But unfortunately, this area suffers from a lack of contributions. Next, we present a few works
that have tackled data monetization.
3.2. Data Monetization: Definitions and Theoretical Foundations
Organizations are having increasingly more trends to analyze the various data generated from
different sources, look for correlations, and derive market trends. They rely on customer relationship
management techniques to exploit customer data and ensure customer loyalty by providing an excellent
basis to deduce behaviors. Thus, it allows increased marketing effectiveness, allowing the monetization
of data and insights [35].
According to the Gartner glossary, “Data monetization refers to using data for a quantifiable
economic benefit. This may include indirect methods, measurable improvements in performance,
advantageous terms for trading partners, information about the information (for example,
new information-based offers), product information (an existing offer), or outright sale of data
(via a data broker or independently)” [36]. The Gartner Institute has already predicted that from 2016,
a significant increase in organizations will start monetizing information assets directly or indirectly [37].
They explain that generating a monetary value from data could be from either directly selling or
sharing or indirectly creating new products and data-based services.
Likewise, Wixom and Ross consider data monetization as “the act of exchanging information-based
products and services for legal tender or something of perceived equivalent value” [38]. In this regard,
organizations can adopt three different approaches to monetize their data assets: (i) Improving internal
decisions making and operational processes, (ii) guiding and packaging information to frame core
products and services, and (iii) selling information that can provide new and existing markets and
generate new revenues for the organization. To adopt many of these approaches simultaneously,
the organization requires support for specific organizational changes and the alignment of technology
and data management to identify the promising approach to ensure integration of other techniques [39].
This would lead to implementing more focused strategies and sustainable business benefits [40].
For this purpose, computational capabilities have enabled enterprises to build an extensive customer
database, inform business decisions, and provide data-driven products and services or sell data at
different maturity levels [41]. Besides, the IoT explosion has led firms into the Analytics 3.0 era,
allowing them to make all decisions based on data and unlock value through data monetization [42].
Several contributions have tackled data monetization in several contexts. In the retailing context,
Najjar and Kettinger [43] have given lessons on the monetization of data, deduced from an American
retailer’s journey. According to the authors, data monetization can be achieved by improving technical
capabilities, enhancing analytical rigor, or simultaneously.
In the healthcare context, Visconti et al. [12] have presented monetization as an output of the
BDVC, such as creation, storage, processing, and consumption as the sharing model. This approach
is part of a global strategy that includes different actors and several heterogeneous data sources.
The processing of these collected data enables us to achieve the simultaneous creation of value that
could be monetizable.
In the online social networks context, the authors in [44] have proposed six new routes to monetize
value, including affiliate programs, content aggregation, and integrated mobile platforms. They have
also focused on improving customer interaction and creating knowledge within an organization to
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develop unconventional revenue sources. To monetize personal and user data, the authors in [45]
have identified the client’s activity or publications to monetize and eliminate off-topic content in
these publications via relevant keywords and feedback to infer users’ intentions. For the same field,
the contribution presented in [46] has proposed a personal data monetization platform via a broker that
manages the data as a tangible economic asset and sharing activities as a transaction with suppliers
and data consumers.
In [42], the authors have reported that the data economy as an asset has become emerging and
could be monetized. The IoT has generated vast data resources leading to business transformation
and improved human experience. Thus, the supply chain will be transformed into meshed, complex
ecosystems based on interactions of suppliers, retailers, manufacturers, and distributors. The authors
have noted that consumers and partners facilitate the creation of interconnected supply chains that
allow high collaboration, upstream or downstream, based on effective orchestration.
In [47], researchers have proposed a theory-driven Big Data analysis guidance process to reach data
monetization. This theory is based on guidance that relies on a sequence of phases: Data acquisition,
preprocessing, analytics, and interpretation, to protect the analysis process from pitfalls.
The authors in [48] have conducted a systematic review to investigate and clarify data monetization
models’ configuration. They have built the model configuration using a thematic analysis based on
the inductive approach. They have also identified four global themes that constitute the main aspects
of data, namely, monetization layer, data refinement process layer, base layer, and accessing and
processing restrictions layer. They have provided organizations with a practical approach to ensure a
data monetization process.
Finally, several data monetization use cases in the industry have been presented in [41]. The authors
have projected monetization to telecommunication, banking, tourism, and transportation sectors
considered by Franzetti as data monetization industries [49].
Despite the importance of data monetization, the state of the art of BDVC does not consider
it an integrated process. Most existing contributions tackle data monetization in old-fashioned
ways, completely ignoring the Big Data characteristics and capabilities offered by Big Data analytics.
Moreover, they marginalize the need for a data monetization configuration model to be aligned with
data strategy. In the following section, we discuss data strategies that present the foundations of data
monetization and the business model to be implemented.
4. Big Data Monetization Strategies and Business Models
Big Data monetization strategies allow the realization of economic insights and achievement of
more business goals. This section provides various data strategies associated with specific monetization
models that are promising pathways to follow.
The idea herein is that each enterprise should consider different kinds of data and make it available
by creating processes to monetize these business assets [50]. That way, other businesses could exploit
it to reorient their plan and perform transformations based on various approaches.
Data monetization is becoming a core component in business and digital transformations.
According to [51], transformation strategies should follow three essential transitions: (i) Process-directed
transformation, which consists of standardizing processes; (ii) the IT-driven transformation that uses
emerging technologies, such as analytics tools and cloud computing; and (iii) the data-driven
transformation that monetizes global data assets by better decision-making. The convergence of these
transformations would result in better-targeted strategies and sustainable business benefits [35].
In [50], the authors have listed four data strategies to follow up on business emergence. The data
monetization remains a central component in what is projected as strategies, namely:
•
•

The strategy of retaining proprietary data, which can lead to various specific monetization
strategies, such as data licensing.
The trading data strategy with partners for shared benefits considers two monetization strategies:
Trading data with business suppliers or downstream business partners.
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The strategy of selling data to many customers under several big data monetization strategies
depends on the customer priority premium.
The strategy to make data open and available to everyone would lead to monetization strategies
such as “if you are not paying for it, you are the product.”

It is worth mentioning that several monetization models can be adopted in the same data strategy.
Therefore, organizations should rethink the way of dealing with data to extract the maximum benefits.
According to [52], organizations must observe four input components: (i) Business levers,
(ii) decision analysis and agile analytics, (iii) competitive and market information, and (iv) monetization
guiding principles. Indeed, developing a data monetization strategy starts with building business levers
to determine the organization’s strategy impact. The decision analysis will determine monetization
needs and requirements. The study of competitive and market information will also reframe the
solution, which will define the guiding principles necessary for a monetization strategy development.
Thus, Big Data monetization strategies rely on a data strategy. They represent a roadmap to achieve
business goals and realize the value and monetization of big data.
Business models for data monetization are deployed in multiple ways to cover and serve the
different actors and components, internal and external. An exciting contribution to framing a mining
data monetization strategy presented in [53] relates four business models for monetizing data:
•

•
•
•

Return of Advantage: Uses its internal performance data triangulated with external data to create
a business advantage. Customer targeting, risk mitigation, and fraud detection are examples of
this model.
Premium Service: The data are processed, presented, and delivered to end-user consumption via
an access interface offering data products.
Differentiator: Consists of service or value to the customer with zero or negligible costs to build
brand or customer loyalty or develop other services.
Syndication: Refers to data delivered in a nonraw format to third-party entities.

By correlating the data strategy to its monetization, a generic approach to Big Data business
models
can be
built2020,
around
four
pillars
[54,55] (Figure 3).
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Data Facilitators: Correspond to a technical platform based on tools collection, processing, storage,
analysis, and data visualization. They will enable businesses to ensure more informed decisions.

Designing a business model for a monetization strategy is based on understanding the
organization’s knowledge, mastering its environment and processes, and adopting a data strategy.
However, Big Data characteristics are constraining. For business models, they appear in Big Data users
that often generate scrambled data with low quality. In addition, data sources are diverse and multiple,
making the understanding of data context challenging, especially without homogeneous metadata.
Finally, the violation of data privacy remains an ethical and legal issue to solve. Big Data Value Chain
can manage data-driven processes and achieve data monetization by building computational and
analysis capabilities, sharing information with suppliers, and optimizing costs to overcome these issues.
The BDVC allows, through its various phases, to collect and manage complex and heterogeneous
data and subject them to extensive processing following a well-defined data strategy. These data can
then be analyzed for visualization to assist decision-makers or to share and expose them to other
stakeholders. Thus, conceiving an efficient BDVC offers different forms of value. In the next section,
we describe this BDVC framework before going through monetization models.
5. Big Data Value Chain Framework
As explained above, a BDVC is a succession of steps aiming to manage organizations’ data
processes. Our generic BDVC framework retains the same basic principle. As illustrated in Figure 4,
it relies on several successive phases, namely, data generation, data acquisition, data preprocessing,
Big Data
Cogn. Comput.
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Stream loading mode is continuous data inputs. It should perform in real-time or near realtime and has a faster loading rate than the incoming data rate.
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Machine-generated data, coming from equipment and connected objects.
Human-generated data, coming directly from people through forms, e-mails, research engines,
and social media platforms.
Business-generated data, coming from giant business data aggregators, internal platforms
such as data warehouses, government agencies, and public institutions.

This phase’s challenge is to correctly identify data generation platforms and the nature of data
suitable for the managed use cases.
•

Data Acquisition: Refers to the way data can be received and collected. This phase consists of
identifying the data flow mode when connecting to generation platforms. This data flow could be:
-

-

Batch loading mode can be performed on large datasets, grouped in a defined time interval.
It is often used for data sources from legacy systems with proof processes or when data
streams cannot be technically delivered.
Stream loading mode is continuous data inputs. It should perform in real-time or near
real-time and has a faster loading rate than the incoming data rate.
Micro-batch loading mode allows the dividing of input flows into micro-lots. As a result,
the data are obtained in near-real-time.

Once the acquisition mode is identified, and all kinds of connections are established, the acquisition
phase should go through three sub-phases:
-

Data identification: Refers to determining the content that should be considered.
Data collected: Refers to identifying preliminary data structures that should be followed to suit
the data management strategy.
Data transfer: Refers to transferring the collected raw data to a specific data storage infrastructure.
Most of the time, it is a Data Lake [59].

These sub-phases mainly consist of identifying and collecting data, then transferring them to a
storage infrastructure without considering the preprocessing phase’s quality aspects.
•

Data Pre-processing: The collected data from several heterogeneous sources contain a lot of noise,
redundancy, and anomalies, which increases storage space by retaining unneeded data that could
affect the data management workflow. Besides, analytical methods require a certain level of data
quality [3,60]. For this, data preprocessing is a crucial step to ensure efficient data processing.
This phase includes the following sub-phases:
-

-

Filtration: Refers to eliminating data considered as corrupt according to the organization’s
data strategy requirements. Several techniques could be applied (e.g., filtration of URLs from
web data, low-memory pre-filtration of data streams).
Extraction: Refers to reworking incompatible data, often specifically grouped or compressed.
This sub-phase allows transforming disparate data into supported formats [61].
Transformation: Refers to modifying, adapting, and packaging data into appropriate forms
and the scaling standardization of attributes to improve data analytics processes [13].
Validation: Refers to establishing validation and deletion rules to manage the syntactic and
semantic structures of data and remove invalid and unknown data [62].
Cleaning: Refers to identifying and processing incomplete, inaccurate, and unreasonable
data to remove or complete it.
Fusion: Refers to sensitive data mining processes that consist of merging data from various
multimodal sources continuously. It enables us to produce coherent datasets [29,63].
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Reduction: Refers to techniques used to reduce the dimension of essential data extracted
with redundancy, noise, and inconsistency, to produce highly relevant datasets for Big Data
analysis [64–66].
Linking: Refers to converting and connecting data using appropriate Linked Data vocabularies
and semantic web technologies to provide uniform representation. It reduces Big Data variety
for some less critical dimensions, such as using the RDF (Resource Description Framework)
representation [65,67].
Aggregation: Refers to treating together datasets’ content belonging to the same field.
This aggregation enables us to deal with voluminous data by combining similar and correlated
data and eliminating redundancy to produce a sizeable unified view [62].
Denormalization: Refers to the data modeling process that involves collecting information
from multiple tables to form a larger one. It allows optimizing queries’ performance and
making data-oriented applications [68].

Once the data are preprocessed, they are then transmitted to data centers for storage.
•

Data Storage: refers to storing a massive amount of collected and preprocessed data. Storage
systems strategies have a significant impact on the scalability and performance of BDVC in terms
of data access and exposition. It is based on several aspects, namely:
-

-

•

Storage models: Developed mainly around three storage models: Block, File, and Object.
Data models: Often follow NoSQL topologies such as key-value, column-oriented,
graph-oriented, or document-oriented. This NoSQL view is reasonable for efficient storage,
leading to effective processing and, above all, native exposition capabilities.
Distributed storage systems: Operate as CA systems (consistent and highly available),
CP systems (compatible and partition-tolerant), or AP systems (highly available and
partition-tolerant).

Data Analysis: Refers to manipulating massive data to identify patterns, find correlations,
and discover new emerging knowledge models. This phase mainly relies on dedicated Big Data
analytics capabilities categorized as descriptive, diagnostic, predictive, or prescriptive [4,57,62,69].
-

-

-

Descriptive analysis refers to the description and synthesis of knowledge models using
statistical methods that describe a situation, such as standard reports, dashboards,
and detailed analysis.
The diagnostic analysis identifies causes leading to better performance by reviewing
past performances.
Predictive analysis refers to the prediction probabilities employed to define future trends.
It uses supervised, unsupervised, and semi-supervised learning models to provide predictive
analytical models.
The prescriptive analysis is applied to predict future events and drive proactive decisions
outside human interaction bounds.

These analysis processes combine both statistical and computational approaches, such as:
•

-

-

Machine learning (ML) belongs to the scope of artificial intelligence (AI). It relies on analytical
methods to create predictive models. ML models could be either supervised, semi-supervised,
or unsupervised. The most common ML techniques are classification, association analysis,
regression, graph analysis, clustering, and decision tree [70–72].
Deep learning is a set of methods allowing us to create computational models based on
nonlinear processing and hierarchical representations. It is used to build classification patterns
and learn feature representations from multiple layers of abstraction.
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Data analysis output is either a piece of final information that could be represented visually with
concrete meaning or another projection of data that requires other data analysis rounds.
•

•

Data Visualization: Refers to illustrating data relationships with an artistic visual representation
such as graphs, maps, data grids, and alerts, which help rapid and efficient decision-making [73–75].
Big Data Visualization uses suitable tools with extended capabilities that allow business users to
find new trends or discover answers to questions not formulated [62].
Data Exposition: Refers to making data available for consumption. This exposition consists of
setting up many APIs (application programming interfaces), respecting security and confidentiality
policies, and allowing the access to data in different states: Analyzed, preprocessed, transformed,
or even as raw as collected. The data exposition generally serves many internal applications,
such as CRM (Customer Relationship Management), to promote specific products, but it could be
extended to serve partners as well.

The proposed BDVC framework covers most of the required steps needed to accompany and fully
exploit data from data generation to data exposition. It is worth mentioning that conceiving the BDVC
as a sequential chain is not a realistic approach; we should always have flexibility in going through
BDVC phases. Therefore, we propose in our framework a connection between all stages, allowing for
example, to re-ingest the output of data exposition to serve as input (data acquisition) to other use
cases. This flexibility in the chain of value allows for the reworking of the data as necessary to make it
meaningful. Furthermore, each phase in the proposed BDVC has an interface that exposes data at its
level, leading to a full Big Data monetization strategy.
6. Big Data Monetization through the BDVC Framework
We propose in this section two big data monetization models integrated into the proposed BDVC.
Whereas the monetization at every phase is sometimes very expensive to set-up, the first model is a
reduced strategy only to monetize data at some specific stages. The second model is more exhaustive
and consists of monetizing every step throughout the BDVC.
6.1. Reduced Big Data Monetization Model
The described model below allows monetizing data at two different states. The first stage
consists of those already generated, acquired, preprocessed, and ready for analysis. This first way of
monetization enables data sharing (data as goods), allowing other entities or partners to use it for their
specific use cases. The second way of monetization refers to sharing insights, which is the output of
the whole BDVC. It relies on data that represents readily added values and strategic orientations.
In the proposed BDVC framework, presented in the previous section, data exposition is placed at
the value chain’s end. However, to support data and insights sharing under the reduced monetization
model, the BDVC has to be slightly adapted. Data exposition should be coupled with storage
and visualization phases (see Figure 5). This data exposition is ensured through interfaces called
“data monetization nodes,” which implement all required security rules.
In more details, data exposition under the reduced monetization model respects the following:
•

•

Data could be either raw or specially prepared to serve for extensive analysis processes at the
storage phase. This kind of sharing is often useful for the data scientist to run their models or
entities with their analysis platforms. The challenge here is to find a balance between confidentiality
and exposure. Therefore, an efficient sharing strategy must be implemented by employing suitable
tools to control this exposure up to the most exquisite detail.
At the visualization phase, insights are shared as final components. This kind of sharing,
which consists of dashboards, maps, or just some text reflecting some strategic information,
is often useful for entities that do not prefer to deal with BDVC phases and prefer to rely on
ready-for-use insights.
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useful for entities that do not prefer to deal with BDVC phases and prefer to rely on ready-foruse insights.
Many security and access rules are established at both exposition stages to allow authorized
entities and partners to access exposed data and insights.
6.2. Full Big Data Monetization Model
The whole Big Data monetization model is a generalization of the reduced one. As the reduced
model consists of monetizing data at storage and visualization phases, the entire model is conceived
to support monetization at every part crossed by the data. For this, the proposed BDVC has been
slightly adapted to support this way of monetization. Namely, data storage becomes transversal to
the acquisition, preprocessing, and analysis (see Figure 6). On the other hand, the analysis output in
data storage is considered to come from the fact that it is sometimes necessary to store the analysis
output to serve for further analysis or as a monetizable asset.
The data exposition through this model supports two kinds of monetization, data sharing and
insights sharing (see Figure 4). The data sharing is possible via the data storage layer. The insights
sharing is possible via either data analysis or data visualization phases. It is worth mentioning that
data analysis could serve both data and insights, depending on the data maturity.

Figure 6. A full model for monetizing data via a BDVC.
Figure 6. A full model for monetizing data via a BDVC.

To support these different layers of monetization, dedicated storages have been associated with
acquisition, preprocessing, and analysis, which is described as follows:
•

Data lake storage: Contains the data as it is collected. As many use cases require one to rely on
the original data to go over their BDVC, this storage allows the sharing of the raw data gathered
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The data exposition through this model supports two kinds of monetization, data sharing and
insights sharing (see Figure 4). The data sharing is possible via the data storage layer. The insights
sharing is possible via either data analysis or data visualization phases. It is worth mentioning that
data analysis could serve both data and insights, depending on the data maturity.
To support these different layers of monetization, dedicated storages have been associated with
acquisition, preprocessing, and analysis, which is described as follows:
•

•

•

Data lake storage: Contains the data as it is collected. As many use cases require one to rely on
the original data to go over their BDVC, this storage allows the sharing of the raw data gathered
from several operating systems.
Data preprocessing storage: Contains the filtered, transformed, extracted, validated, cleaned,
merged, and reduced data. This kind of sharing allows many entities to gain more time by relying
on data respecting some maturity. This phase enables their processes to go faster in implementing
their Big Data use cases.
Data analysis storage: Contains the outputs of the analysis models and programs. This kind of
sharing is more useful for either use cases that aim at building their visualization components or
as input to other BDVCs seeking extensive analysis targets.

We note that there is no storage associated with visualization, as it is continuously updated with
volatile content. Thus, the monetization of this layer is actually in real-time. Moreover, data exposition
and data storage layers should be efficiently protected as they are the entry points for the core of each
organization’s business. Data monetization interfaces are also significant bridges connecting many
data management strategies.
In term of data value, BDVC can traditionally be segmented into: (i) Value discovery, achieved by
Big Data sources and processing; (ii) value creation, reached by Big Data analytics and capabilities;
and (ii) value realization, by Big Data analytics and value insights [13]. However, the models studied
can reach value realization prematurely compared to the classical BDVC approaches by providing a
new way to monetize end-to-end data.
The gradual richness of data storage levels in the BDVC allows for sudden value realization,
which demolishes the boundaries of the already fragile DIKW (data, information, knowledge, wisdom)
hierarchical model [76].
On the other hand, the proposed models offer alternative and scalable implementations, according
to the organization’s data strategies and analytical capabilities, which enable customized integration
into a co-creative value system. Indeed, the first model allows monetizing data on two main outputs,
storage and visualization. This reduces constraints related to data governance, sharing metadata,
and data exchange negotiation standards. Moreover, the second model contains several nodes for data
production and monetization. In this case, the setting up of a data quality policy and the holding
of adequate analytical capacity are required to share processed data, smart and actionable datasets,
and analysis patterns. Hence, the second model’s chain becomes strongly connected to a value
co-creation system through various data monetization nodes.
It is worth mentioning that Big Data monetization is very contextual and mainly depends on the
addressed use cases and functional perimeter.
6.3. Value Co-Creation via the BDVC and Cloud Computing
Intrinsic qualities of the Value Chain and the modularity of proposed models allow the BDVC to
focus on business modeling and planning. However, it remains tributary on the definition of strategic
goals, the framing of the functional perimeter, and the business ecosystem’s technological alignment,
ensuring suitable conditions for data monetization and value co-creation.
Wixom has defined three business models, such as Data Selling, Bartering, and Wrapping,
while Moore has proposed direct and indirect monetization types for customer-related data. Hence,
the direct monetization can be mapped to data sales processes, and the indirect monetization can be

Wixom has defined three business models, such as Data Selling, Bartering, and Wrapping, while
Moore has proposed direct and indirect monetization types for customer-related data. Hence, the
direct monetization can be mapped to data sales processes, and the indirect monetization can be
assigned to data barter and wrapping information around products. In Figure 7, we show how to
project these concepts on the proposed BDVC, according to Moore’s and Waxon’s models [37,38,48].
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Service” (XaaS) for different phases. Namely, Raw data-as-a-Service, Preprocessing data-as-a-Service,
Storage-as-a-Service, Analytics-as-a-Service, Insight-as-a-Service, and Visualization-as-a-Service [77]
(see Figure 8).
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Storage-as-a-Service, Analytics-as-a-Service, Insight-as-a-Service, and Visualization-as-a-Service [77]
Figure 8. Big Data monetization using cloud computing.
(see Figure 8).
Monetizing data in such an environment would enable enterprises to quickly develop appropriate
Monetizing data in such an environment would enable enterprises to quickly develop
professional networks to exchange and share data and resources. Companies can co-create new values
appropriate professional networks to exchange and share data and resources. Companies can cowithin a Big Data ecosystem that no single enterprise can achieve alone [78]. BDVCs can share and
create new values within a Big Data ecosystem that no single enterprise can achieve alone [78].
exchange data in a cloud network environment via interfaces of monetization using metadata standards
BDVCs can share and exchange data in a cloud network environment via interfaces of monetization
and communication protocols such as APIs (application programming interfaces) [79] to provide timely
using metadata standards and communication protocols such as APIs (application programming
services (see Figure 9).
interfaces) [79] to provide timely services (see Figure 9).
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However, affiliated organizations need to be aware of this kind of open platform’s challenges, such
However, affiliated organizations need to be aware of this kind of open platform’s challenges,
as data discovery, type of storage, linking, business modeling, and synchronization. Regulators deal
such as data discovery, type of storage, linking, business modeling, and synchronization. Regulators
with legal and data privacy issues, standards, and whether organizations ensure suitable standards [28].
deal with legal and data privacy issues, standards, and whether organizations ensure suitable
Blockchain is a possible solution that can guarantee reliable transactions by executing a
standards [28].
decentralized consensus protocol. It consists of a blocklist containing a cryptographic hash of the
Blockchain is a possible solution that can guarantee reliable transactions by executing a
previous block, timestamps, and transaction data conducted without any third party. The blockchain
decentralized consensus protocol. It consists of a blocklist containing a cryptographic hash of the
is an exchange and decentralization technology, following a Public, Private, and/or Consortium mode,
previous block, timestamps, and transaction data conducted without any third party. The blockchain
characterized by decentralized, immutable, fraud-free, secure, user anonymity, and auditability aspects.
is an exchange and decentralization technology, following a Public, Private, and/or Consortium
It also uses digital networks in which different stakeholders interact and share data. It could reduce
mode, characterized by decentralized, immutable, fraud-free, secure, user anonymity, and
the risk of privacy leakage, mitigate the failure point, and avoid transaction disputes [34,80–82].
auditability aspects. It also uses digital networks in which different stakeholders interact and share
However, value co-creation needs to work differently in blockchain business models than in
data. It could reduce the risk of privacy leakage, mitigate the failure point, and avoid transaction
digital business models. The latter rely on pivoting platforms to federate the co-creation of value while
disputes [34,80–82].
blockchains operate in a decentralized way, without dominant players. Thus, it is difficult to evaluate
However, value co-creation needs to work differently in blockchain business models than in
the blockchain because it presents a shareable good by its participants instead of a quantifiable firm
digital business models. The latter rely on pivoting platforms to federate the co-creation of value
asset. This is why the collateral value of the blockchain often depends on its related applications.
Thus, it can be valued as an asset owned by a firm or as a value brought to an external user [83].
Thus, Big Data has increasingly brought data to the mainstream of enterprise strategies,
determining the business model approach to use, leading to efficient VC implementation. As a core
part of BDVC, the Big Data analysis allows data manipulation mainly in data preprocessing
and analysis phases, based on artificial intelligence technologies, potentially machine learning,
and deep understanding. This leads to innovation in decision-making processes, product delivery,
and digital marketing intangibles, which mark a strong discontinuity in business models and evolving
extra-returns [84]. This approach significantly impacts the organization’s digital know-how, fed by the
wealth of knowledge in business data models.
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7. Simulation and Evaluation
To validate our approach, we built a prototype for a specific use case on a Big Data platform.
This simulation has been conducted to extract several metrics over two scenarios, with and without
BDVC. The next subsections describe the guided simulation by showing the evaluation part for different
BDVC phases. Furthermore, we provide a detailed discussion regarding the extracted results.
7.1. Use Case Description and Scenario
In our simulation, we rely on a geolocation dataset of a trucking company [85]. It essentially consists
of geolocation data collected from sensors that transmit the location, event, speed, and mileage of trucks.
It also contains data extracted from a relational database that describes trucks and their characteristics.
It is essential to mention that IoT-based trucking is beneficial for companies. It allows them
to interact in real-time with drivers and to anticipate through predicting specific incidents and
events. In our case study, the objective is to understand the risks of trucking like driver’s behavior,
tiredness, speed, abnormal occurrences, and knowing which cities have drivers with a high-risk factor.
We consider the risk factor for a driver as the number of bizarre events recorded over a total of miles.
Due to the absence of a dataset with low data quality in our case, the dataset was intentionally
scrambled to stress the work performed by different phases. This dataset will be loaded and injected
into a BDVC pipeline to be handled by various steps. Likewise, the same dataset will be processed
by a conventional process involving data discovery, processing, and exploitation phases to compare
the outputs.
7.2. Adopted Platform and Tools
In this section, we discuss platforms, tools, and used technologies to build our use case.
When writing these lines, the Big Data tools’ landscape is highly diverse and diversified. The choice of
tools is not exhaustive but selective to fit the case.
Considering the wide variety of Big Data tools and their associated tasks and roles, we propose
a set of components based on the Cloudera distribution based on the open-source Apache Hadoop.
It covers all functions for building BDVC phases, such as processing, analysis, and monetization,
as shown
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1.1. Data
DataAcquisition
Acquisition

Several
Several tools
tools are needed to collect data depending
depending on their nature (real-time data streams and
data flows).
•

Spark-Streaming: A component of the Spark core. It enables high-speed and scalable processing
of real-time data from a variety of sources with fault tolerance. Once processed, data are
delivered in real-time to databases, file systems, or dashboards. Spark Streaming works
internally by dividing input data streams into batches and processes them through the powerful
Spark engine [86].
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Spark-Streaming: A component of the Spark core. It enables high-speed and scalable processing of
real-time data from a variety of sources with fault tolerance. Once processed, data are delivered in
real-time to databases, file systems, or dashboards. Spark Streaming works internally by dividing
input data streams into batches and processes them through the powerful Spark engine [86].
Kafka: An open-source distributed event messaging platform. It offers high-performance data
pipelines, stream analysis, and integration of complex data and applications. It provides three
main capabilities to publish and distribute event streams to and from other systems, store event
streams sustainably and reliably, and process event streams on-the-fly or retrospectively. Kafka also
provides high scalability and message consistency. Kafka is also a message broker that provides a
data flow pipeline to Spark-Streaming to be divided into micro-batches for processing [87,88].
NiFi: An open-source dataflow management system that integrates data streaming and simple
event processing. It allows us to automatically inject data streams between different source
systems and other systems. Fault-tolerant and scalable, NiFi ensures the entire data stream and
authentication and access authorization security via Kerberos [89,90].
Data Pre-processing
During this phase, we mainly use Hive and Spark to improve the quality of collected data.

•

•

3.

Hive: A data platform that exploits Hadoop’s capacities to offer reasonable possibilities to handle
massive preprocessed and post-processed datasets. It is based on its HQL (Hive query language)
similar to standard SQL statements for data query and analysis. It is used to summarize Big Data
and facilitate querying and data aggregation. It is also considered a language for real-time queries
and row-level updates [91].
Spark: A parallel and unified analysis engine for large-scale data processing, known for its speed,
ease of use, and versatility. It provides high-level APIs through several languages such as Java,
Scala, and Python. It consists of several components such as Spark SQL to preprocess and process
structured data, Structured Streaming [92].
Data Storage

This is based on Hadoop/HDFS linked to Hbase and Hive to ensure various processing kinds
of storage.
•

•
•

4.

HDFS (Hadoop distributed file system): A distributed file system with a high level of fault
tolerance that stores files as a replicated series of blocks. It is one of the core components of
the Apache Hadoop framework. It provides high-speed data access and is suitable for Big Data
applications based on distributed processing [93].
Hbase: Based on the concept and features of Google BigTable as a nonrelational structure (NoSQL).
It relies on a family column-oriented concept with key-value-pair data stores [94].
Hive (warehouse): Besides its processing capability, it is a data warehouse that allows reading,
writing, and managing large dataset files stored in HDFS. Hive tables are similar to those in a
relational database, are organized from largest to most granular, and are queried using HQL.
Simultaneously, storage is more scalable than a relational database, and schema reading is faster.
It supports many forms, such as Avro, orc, and parquet [91].
Data Analysis
Concerning analysis, we mainly rely on the Spark engine and its rich API.

•

Spark: In addition to what was presented, Spark allows the application of machine learning
analysis through Spark MLib and GraphX. The API MLlib provides several functionalities for
learning, underlying statistics, optimization, and linear algebra. It supports multiple languages
and harnesses the rich Spark ecosystem, and feeds the ML pipeline from end to end. In addition,
the GraphX component for Spark is dedicated to model and graph processing [92].
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Data Visualization
The following tools will carry it out:

•

•

Zeppelin: A tool that provides a web interface as a notebook form to analyze and display visually
and interactively a large volume of processed data. It is coupled with various software components,
such as Spark. It is based on a set of plugins that make it more flexible [95].
Superset is a fast and intuitive tool. It allows for simple exploitation and ready-to-use data
visualizations by creating shared dashboards. It supports linear graphs and very detailed
geospatial maps. It also ensures integration with most SQL-speaking RDBMS (Relational DataBase
Management System) [96].

6.

Exchange/Data Monetization
It allows data exchange using standardized communication protocols based on APIs.

•
•

Kafka: Previously presented above, it remains the centralized standard platform for data exchange
pipelines for data consumption and data production.
APIzation: Refers to using third-party services and data access interfaces to allow external/internal
applications to connect to a resource application to exchange data and outsource services [97].

For stability and integration of these tools, the choice was made on Hortonsworks Data Platform
version 3.0 [98]. It is a data platform based on the Hadoop ecosystem, which includes HDFS, Pig,
Hive, HBase, Spark, Zeppelin, ZooKeeper, and Data Analytics Suite (DAS). This platform is used to
manipulate, store, and analyze large amounts of data.
The simulation is carried out over HP Z4 G4 Workstation, having 32 GB of memory and an
Intel Xeon 3.60 GHz processor. It runs on a Oracle VM VirtualBox 6.1 virtual machine, on which
Hortonworks Data Platform 3.0 is pre-installed.
7.3. Simulation and Results
This subsection aims to experimentally prove the positive impact of adopting BDVC on the
performance results. For this, we compare data processing with and without BDVC, using the following
set of criteria to assess different aspects:
•
•
•
•

Data quality dimensions: To assess the impact on data handling and to measure data relevance
and maturity, i.e., credibility, consistency, time penalty, accuracy, and reliability.
Computational capabilities: To calculate the speed of processing and responses to different tasks.
Generated insights: To verify the two processes’ ability to deliver value, knowledge, and wisdom.
Data monetization and exchange: To check the ability of both processes to monetize valuable data.

The following table shows our simulation’s comparative study between with and without BDVC
applied to the geolocation trucking use case.
In addition to the impact of the two scenarios on quality dimensions, insights and monetization,
the two scenarios’ final results display a value shift, as shown in Figure 11. Catches (a) and (b) reflect
values recorded by the BDVC, respectively, to the risk factor per driver and city. They show as a
maximum value the driver A39 with a risk factor of 27.4 M and Santa Rosa city with a risk factor
of 46.9 M. Catches (c) and (d) correspond to similar values recorded by the classical process to the
2nd scenario. They display as a maximum value the driver A 80 with a risk factor of 0.68 M and Santa
Rosa city with a risk factor of 465 M.
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Conclusions
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Research
more complicated. This latter is dedicated to organizations having advanced analytical capabilities
Big Data analysis has allowed us to discover hidden insights and define new trends by analyzing
deployed in the Cloud. These two models, potentially the second one, offer the possibility to share
and predicting behaviors. With data becoming more valuable than ever, organizations have to adapt
and monetize the BDVC insight via APIzation interfaces, allowing organizations to evolve within big
all processes dealing with big data specificities to make them more profitable. For that, researchers
data ecosystems.
have assigned the utmost attention to conceive well-defined Big Data management strategies with
detailed processes, called Big Data Value Chains (BDVC), aiming to master data in its different states.
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Table 1. Comparative results of the simulation with and without BDVC.
Criteria

with BDVC

Processes
Acquisition

Credibility

Consistency

-

-

Pre-Processing

91%

81%

Storage

-

-

without BDVC
Analysis

89%

-

Visualization

-

-

Monetization

-

-

Discover

-

-

Storage

-

-

Processing

55%

42%

Impact

Conclusions

Medium

In the first scenario, the dataset was
preprocessed by filtering, cleaning, and
detecting the missing and outlier values, thus
generating more credible insights. Meanwhile,
in the second scenario, collected raw data only
underwent Null values treatment, leaving the
information still impure and sometimes biased.
The generated data throughout the BDVC were
much more credible than the second case.

Medium

In the BDVC, we applied several techniques to
obtain consistent data such as transformation,
reduction, and aggregation operations on
collected data using Spark and Hive SQL. These
operations allow us to build smart datasets that
are preprocessed and directly exploitable,
potentially by the analysis phase or
monetization. By contrast, in the second
scenario, this process was limited to simple SQL
operations, with unreliable data.

Strong

The access to stored data (i.e., in HDFS, HBase,
Hive in our case) in the BDVC is variable.
However, as a data warehouse, Hive offers
high-speed and granular access to data, far
exceeding the performance. In addition, the use
of Spark RDD during data analysis in the BDVC
allows a fast display of data compared to the
second scenario, which uses standard
JDBC access.

Strong

In the BDVC, we prepared and processed the
data using different techniques implemented on
Spark and Hive, which gave us a reliable and
smart dataset. Then, we analyzed them using
Spark SQL, which made them more accurate.
The processing pipeline by which the data flows
into the BDVC allows the ensuring of efficient
data processing, while in the second case, raw
data are not fully preprocessed, which raises
serious questions about the process outputs’
accuracy and reliability. In our case, it reduced
drastically the accuracy of the results, which
made queries on the database inaccurate.

Visualization

-

-

Data Quality
Dimensions

Time
Penalty

Accuracy
and
Reliability

-

-

-

91%

90%

-

90%

89%

-

-

-

90%

-

-

51%

-

31%

45%

-

35%
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Table 1. Cont.
Criteria

with BDVC

Processes
Acquisition

Computation

Insights

Exchange/
Monetization

80%

35%

90%

Pre-Processing

80%

70%

90%

Storage

90%

80%

90%

without BDVC
Analysis

90%

90%

90%

Visualization

90%

90%

90%

Monetization

90%

80%

99%

Discover

25%

25%

-

Storage

50%

50%

40%

Processing

40%

40%

-

Impact

Conclusions

Strong

Hortonworks, as a big data platform, offers high
computation capabilities when combined with
dedicated hardware. Despite the modest test
platform, the queries were executed in the
milliseconds, and the dataset loading did not
exceed one second.
Meanwhile, without the BDVC, data loading
and the execution of nested or complex analysis
are penalized. If not prepared in boxes or views,
they can have a polynomial behavior in terms of
execution time in the Big Data context.

Strong

The simulated BDVC provides multiple
valuable outputs. Indeed, the storage contains
raw data (in HDFS), which are then filtered well
and updated, resulting in preprocessed data
(in HBase). Then, they are transformed and
aggregated to become intelligent datasets
(in Hive), ready for analysis and visualization. It
is essential to highlight that this configuration
allows the generation of insights into several
points through the BDVC. By contrast, without
BDVC, we only have access to stored, unreliable
data and their visualization by a query. Thus,
the use of the BDVC allows the generation of
more valuable insight in a different format.

Strong

As mentioned above, the BDVC generates
end-to-end insight under different formats
(e.g., raw, preprocessed, smart data, analysis
model, web page). These data can be exchanged
or shared as needed by other systems using
exchange, APIzation, and exchange protocols.
The low level of insight without BDVC makes
the process limited only to its output and
eventually to the storage level.

Visualization

45%

45%

40%
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8. Conclusions and Research Outlooks
Big Data analysis has allowed us to discover hidden insights and define new trends by analyzing
and predicting behaviors. With data becoming more valuable than ever, organizations have to adapt
all processes dealing with big data specificities to make them more profitable. For that, researchers
have assigned the utmost attention to conceive well-defined Big Data management strategies with
detailed processes, called Big Data Value Chains (BDVC), aiming to master data in its different states.
Another aspect that widely attracted organizations, but a little less the research community, is Big Data
monetization. This latter consists of exposing data to entities and partners to form vast and homogenous
interconnected data value chains. We believe that coupling BDVC and Big Data monetization would
attract much interest in inefficient data management systems. This contribution aims to propose a
marriage between these two concepts. For this, above all, we went through a literature review of BDVC
models. Then, we proposed a global and generic BDVC framework that supports most of the needed
phases, namely: Data generation, data acquisition, data preprocessing, data storage, data analysis,
data visualization, and data exposition.
Furthermore, we discussed how this generic BDVC framework could be slightly adapted to host
two possible monetization models that expose data and insights. The first model is a reduced form
aiming to monetize data only through storage and visualization phases. The second one, which is
more generic but expensive to set-up, supports monetization data and insights along the whole BDVC.
Both models cover most of the data monetization needs, contribute to co-creating value, and help data
monetization models. In future work, we plan to detail other monetization aspects such as security
and privacy, projecting both BDVC and its sharing models to real-use cases.
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