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Strategic Key Elements in Big Data Analytics as
Driving Forces of IoT Manufacturing Value Creation:
A Challenge for Research Framework

Rastislav Rajnoha

Abstract—Big Data (BD)-driven business intelligence (BI) is
considered to be a new development stage within industrial en-
gineering management to achieve higher business value creation.
The article provides extensive research of BD-driven approaches to
identify strategic knowledge and value-creating components within
Internet of Things (IoT) manufacturing. Due to previous research
studies focused mostly on partial solutions and lack a holistic view,
this article topic is still far from being sufficiently explored and
resolved. The article presents the results of an extensive research
study of contemporary professional literature with a specific aim to
provide a more holistic and systematical view on the current state
and future trends in this issue. To solve this high complex research
problem, both quantitative and qualitative research methodology
approaches are used. The article is primarily based on a sys-
tematic literature review covering 187 essential and 36 additional
current research papers within the Web of Science and Scopus
database from 2012 to the present. Research findings identify the
seven key strategic elements determining that Big Data analytics
(BDA) can become a real and tremendous business value creation
driver within IoT intelligent manufacturing. These research results
provide important conclusions and implications for challenging
future investigations into BDA and BI systems in the context of
advancing the Industry 4.0 revolution. In conclusion, we propose
a final suggestion in the form of a strategic future research chain
from IoT through BDA to value creation based on BD intelligence
within IoT manufacturing, whereas seven strategic elements might
play a crucial.

Index Terms—Big Data analytics (BDA), business intelligence
(BI), business performance, cyber-physical production systems,
Industry 4.0, intelligent manufacturing, Internet of Things (IoT),
knowledge information systems, knowledge management, planning
and scheduling, value creation.

1. INTRODUCTION

ASED on initial analysis of the literature, we can draw a
preliminary outline, whose components we intend role to
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explore, and presume that the IoT technologies with real-time
big data analytics (BDA) and real-time-based process elements
are the main potential directions of future research in order to
capture the business and big data (BD) value and consequently
create a higher value, business growth, and competitive advan-
tage within IoT manufacturing (see Fig. 1).

Due to the enormous complexity of the research problem,
Fig. 1 is to be found right in the introduction with the aim so far
only schematically to define a research framework of further
extensive research while more detailed approaches and their
results are presented in the following chapters. We are aware that
the information captured in this figure is still introductory, quite
theoretical, and static. However, in the following sections, we
gradually bring research results that provide more dynamics and
higher added value to the knowledge within [oT manufacturing
theory and practice.

From literature in general, the most emphasized components
to transform the Industry 4.0 driven companies are the utilization
of smart technologies to achieve real-time BD processing to gain
higher value creation and competitive advantage through growth
and knowledge (see Fig. 1 below).

Therefore, we are primarily concerned with BDA in the IoT
regarding value creation, business performance, and knowledge
information systems. The accuracy of this primary orientation in
solving research problems can be confirmed by many authors of
recent literature [1]—[8]. According to Sjodin et al., in order
to optimize IoT manufacturing processes, it is paramount to
effectively employ BDA technologies [8]. Furthermore, data-
driven decision-making business intelligence (BI) and analytics
can create competitive advantages for organizations, given that
they are used effectively [9]-[13]. Moreover, as Thirathon et al.
[14] stated, managers with sophisticated BDA systems are more
likely to base their decisions on sufficient evidence. Also,
Astill er al. [15] declare that BDA technology will simplify
extracting relevant information that endorses decision-making.
According to the survey conducted in Chinese companies, the
article showed that there is a link between BDA capability and
business performance [16].

Based on the above mentioned, we presume that in the fu-
ture, managerial information support will have to be able to
process a lot of distinguished data to capture a higher value
and knowledge. However, as Roberts and Laramee state, a
challenging task is to capture all the value from the data [17].
Also, according to Olszak and Zurada even though BDA topics
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Fig. 1. BDA-based value creation as a driving force of IoT manufacturing—an initial research framework (source: own).

are becoming more researched over the years, there is still a lack
of comprehensive research concerning BD and value creation
[18]. There are still opportunities to explore new indicators
and methodologies to efficiently demonstrate the application of
value creation through BDA, as stated by Furtado et al. [19]. As
also confirmed by Popovi€ et al. [20], the BDA and its effect
on business performance will not be exploited entirely without
more knowledge of BDA in operations. A recent research study
provided by Bordeleau ef al. [21] in manufacturing medium
enterprises displays that it may be demanding to control indi-
vidual processes performance concerning capturing data value.
Once the availability of data increases, a business will incline to
employ the potential of data visualization [17], i.e., Xu et al.
[22] present a paper of a real-time production data tracking
visualization in Bosch Plant in the USA. Moreover, according
to Marjani et al. [23], most BD visualization tools used for the
IoT perform poor results in terms of functionality, scalability,
and response time.

Taking into account the abovementioned, this article topic is
still far from being sufficiently explored and resolved, which also

in data analytics value creation in general remains still an open
research problem and a practical challenge [24]. It is clear that
these studies have focused so far only on partial solutions to this
research problem and lack a holistic view. These previous studies
and alack of comprehensive research concerning BDA and value
creation, also declared in recent research by Olszak and Zurada
[18], were an initial motivation to realize this comprehensive
research study to fill this research gap.

Therefore, based on the all abovementioned, the article aims
to present the results of an extensive research study of contem-
porary professional literature worldwide with a specific aim to
provide a more holistic and systematical view on the possible
future trends and key components in BDA and knowledge infor-
mation support systems to achieve higher business value creation
within IoT-oriented manufacturing.

In research results (Section IV) based on the methodology set
in the previous Section III (Material and Methods), we identify
the key BDA research categories, namely to which primary
utilization and process factors, technologies, and managerial
tools are concerned so that we are able to determine the strategic
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key elements in connection to BDA and value creation within
IoT intelligent manufacturing. The findings of this extensive
research study furthermore indicate that future researches will
be concerned with further examination of IoT intelligent manu-
facturing in the sense of data-driven manufacturing, multisource
heterogeneous BD processing, and cyber-physical systems data
processing. Finally, and following previous partial research re-
sults, also BD integration, prediction, and visualization together
with real-time autonomous production planning present more
investigation challenges to create the higher business value of
IoT intelligent manufacturing through BDA-based knowledge
generation. Based on these research results and key findings,
the previously identified research gap, questions, and hypothesis
evaluated, we conclude that this challenging research study
provides possible directions for future academic research and
practice.

II. LITERATURE REVIEW

After the previous introductory part, where we clarify the
research topic and outline a research gap using the results from
some previous research studies and real practice examples, in
this section, we present a more comprehensive literature review,
inquiring closer into BDA in general, and also specifically in the
BDA-related technologies and their impact on value creation in
the Industry 4.0 intelligent manufacturing. This literature review
is to determine the basis for the specific research framework
identified in the material and methods (Section III). Due to the
high complexity of the research topic, we further continually
pursue our main research goal mentioned above and analyze the
BDA in general and also in the context of business value creation
within IoT manufacturing.

Concerning Fig. 1 as an initial research framework (see
above), identifying BD in general and also its utilization in
the BDA technologies up to covering their impact on the value
creation within data-driven IoT intelligent manufacturing are
deeper analyzed. Therefore, based on the primary research goal
and this initial research framework shown in Fig. 1, we divided
this chapter into three partial subsections (see below) to define
the three main research questions and hypothesis. In the final
part of this Section II (Literature Review), we also examine the
current literature in terms of the methodological approaches used
in previous research on this topic.

Due to the already mentioned complexity of the research
problem and nature of the proposed research methodology (see
Section III), the intention of this section is not to provide an ex-
tensive literature review mostly typical for other researches, but
rather to create a sufficiently base for subsequent extensive and
systematical research study presented in the following sections
of the article.

A. Big Data Analytics—A Brief General Overview

Many authors define BD generally with characteristics as high
volume, velocity, and variety together with analytical methods
and data transformation into a value with its specific challenges
including heterogeneous communication, integration, and data
extraction [2], [23], [25]-[28]. According to Agarwal and Dhar,

BD aims at the right person at the right time in the right form, but
in a significantly sophisticated form than it did in the past [29]. In
addition to this, the term BDA is a more complex process to en-
hance business value and foster growth [2]-[4], [30]-[32]. Data
analysis in the traditional point of view was defined as obtaining
knowledge from information gained by studying, organizing,
reaching conclusions, and sometimes making predictions from
the data [33]. Opposite to this, BDA consists of normalizing,
verifying, filtering, compressing, and analyzing vast amounts
of collected data [34]. Therefore, in contrast to the traditional
point of view, a variety, storage, integration, and processing
of amounts of collected data belong among challenges in BD
management [35], [36]. Some researchers argue that all dimen-
sions of BDA competency (data quality, analytical skills, domain
knowledge, tools sophistication, and bigness of data) have a
significant effect on decision quality [37], [38]. Demirkan and
Delen [39] state that once data, information, and analytics have
been defined, one can observe that the traditional measurement
mechanisms do not work efficiently in terms of decision support
systems.

Moreover, the modern trends also incorporate cloud-based
BDA solutions [40], [41]. Related to cloud computing, BD
processed in various solutions may be descriptive, prescriptive,
or predictive [35].

B. BDA Impact on Performance and Value Creation Within
loT Manufacturing

BD analytics technologies pose additional software and in-
frastructure costs concerning IoT [35]. With the surge of the
vast data volumes using of 5G network, currently employed
approaches are becoming ineffective in terms of scalability, cost,
and flexibility [42]. However, the Industry 4.0 concept requires
high system flexibility, speed, and quality, so that technologies
such as the IoT or cyber-physical systems could work effectively
[43]. The focus of the computer science and engineering litera-
ture is on developing predictive informatics tools to manage BD
in IoT manufacturing [44].

A necessary step forward is to employ Industry 4.0 technolo-
gies in reality [45]. Wang et al. [46] clarify a recent term of deep
learning and state that deep learning advances analytical tools,
algorithms, technologies for processing BD. Moreover, data pro-
filing tools are available for both small and comprehensive data
processing [47]. It is evident that the IoT will play an important
role in the near future in establishing infrastructure and the
deployment of related informatics technology devices, including
BDA [44]. According to Siow et al. [48], the greatest challenges
nowadays in BD analytics within IoT reside in finding tradeoffs
between analytical value, performance, and distribution of the
vast data variety. Phillips-Wren et al. [11] state that data-driven
decision-making Business Intelligence and Analytics (BI&A)
and BD can create competitive advantages and business value
in IoT.

According to the research realized in American companies,
BDA provides two major effects on supply chain value creation:
value productivity and business growth [49]. Moreover, accord-
ing to Dubey et al., [50] world-class manufacturing companies
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benefit from BDA with superior economic, social, and environ-
mental performance. Information from BD can improve corpo-
rate social performance and these improvements occur through
organizational innovation in business practices [51]. Compared
to this, the term of wisdom manufacturing used by Yao et al. [52]
incorporates social computing, crowdsourcing, customization,
sustainability, and innovation promotion in manufacturing.

On the other side, Zhou et al. [53] state that in terms of saving
data, there is still potential regarding the issue of energy-saving
BD. Some may include the speed of collecting, processing,
and using energy data, even data integration. BDA-based soft-
ware may function as cost-based optimizers and can execute
scheduling, network data transfers, or fault tolerance [54]. An
empirical analysis provided in German-speaking countries by
Wiech et al. [7] suggests that BDA helps companies achieve
both product enhancing and internal process performance but
has no significant effect on overall business performance.

BI and other BDA tools are utilized with higher business
performance companies [50], [55]. Some authors suggest that
future researches are to be focused on both automation and
real-time processing of huge-variety BD and their effect on
decision-making and costs [56], [57].

C. Big Data-Driven Intelligent IoT Manufacturing

According to Zhong et al. [58], future perspectives in Industry
4.0 are as follows: generic framework for intelligent manufac-
turing incorporating smart design, smart machines, smart mon-
itoring, smart control, and smart scheduling; data-driven intelli-
gent manufacturing models; intelligent manufacturing systems;
human-machine collaboration; and application of intelligent
manufacturing.

The utilization of real-time information is most likely going
to be in the lead of Industry 4.0 [59]. However, nowadays,
centralized approaches are conducted offline for data computing.
Centralized algorithms can employ global information to sup-
port scheduling but often encounter difficulties for a real-time
response [60].

Zhong et al. [58] and also Oztemel and Gursev [59] define
future perspectives in data-driven intelligent manufacturing as
follows: data-driven intelligent manufacturing models using,
i.e., RFID sensors increasing the quality and efficiency in pro-
duction, intelligent manufacturing systems employing cloud
technologies, human—machine collaboration, and application of
intelligent manufacturing. Kang et al. [61] suggest IoT with
regard to smart factories incorporating smart logistics, smart
buildings, smart products, smart grids, and smart mobility.
The authors define the IoT as the core technology for smart
manufacturing in all researched regions; Germany, the USA,
and South Korea. Moreover, there are two main challenges to
overcome regarding processing BD; technology implementation
with necessary organizational changes and the process should be
created to support peoples’ activities and positively affect their
work, as proposed by Poleto et al. [62].

Given all the abovementioned in the introductory part and
also in Section II, we can conclude that from the previous article,
there remains an urgent research gap. In contrast, they have dealt
mostly with partial questions of this a considerably high complex
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research problem. So there is still a research gap that has already
been outlined in the introductory part of this article. Based
on this and together with parallel pursuing the main research
goal, we can fix our research direction in the form of this main
strategic research chain to fill this rather significant research gap:
from IoT- through BDA— to value creation based on Big Data
Intelligence within loT manufacturing, while from literature
review, it appears that the term “BDA” might be considered
as a keyword to higher value creation within IoT intelligent
manufacturing.

Therefore, to solve this challenging research problem and fill
the research gap, we have proposed the following three main
research questions (hypotheses):

HI: BDA presents a high important research topic within current
academic research worldwide in several research areas and cate-
gories. We assume that one of these is also IoT intelligent (smart)
manufacturing area.

H2: We assume that in these selected research areas and categories,
it is possible to identify common factors such as research topics,
technologies, and managerial tools directly related to BDA as the
key elements of the business value creation.

H3: Based on this, we assume that these identified key elements can
be considered as strategic key elements in value creation also within
IoT intelligent manufacturing.

In addition to the above, we also performed a literature review
concerning the methodological approaches used to answer these
research questions and hypotheses.

There are a few recent research studies provided by a sys-
tematic literature review methodological approach [1]-[3], [6],
[11], [25], [32], [59], [63]-[65]. We have found a systematic
literature review that has recently been conducted by Mikalef
et al. helping to explain the mechanisms through which BDA
lead to competitive performance gains [64]. This article pro-
poses six main themes for future research as being strategic
to gain competitive performance and higher business value,
namely BDA’s resources, capability, rationality, turning into
action, trust of top managers, and business value measurement.
In addition, this article also identified an urgent need to examine
BDA through a holistic approach. According to Giinther et al.,
realizing value from BD is the result of continuous interaction
between work practices, organizational models, and stakeholder
interests, and call for empirical research on cross-level inter-
actions and alignment [63]. In another article published by
Alizadeh et al. [65], the biofuels are explored to draw the
state-of-the-art for future-oriented biofuel research. A six-fold
typology mapping from two main future studies methodologies
was used. This research method also appears quite suitable, but
its use is out of our primary research topic.

Other recentresearch conducted by Zhou et al. [66] introduces
relevant aspects of Industry 4.0 smart factory and intelligent
production concerning strategic planning, key technologies, op-
portunities, and challenges and their horizontal, vertical, and
end-to-end integration discussing main challenges such as the
development of smart devices, the construction of the network
environment, BD analysis and processing, and digital produc-
tion. Unfortunately, this article is provided mostly in an infor-
mative and descriptive approach. Similarly, only qualitative and
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descriptive approaches were used by Tao et al. [67] to define a
decisive data-driven smart manufacturing application.

The research article also published recently by Horvath and
Szabé [68] aimed to explore how top executives interpret the
driving forces for introducing new technologies and the main
barriers to Industry 4.0. The authors found that management’s
desire to increase control and enable real-time performance
measurement is a significant driving force behind Industry 4.0.
However, the authors applied only a qualitative case study design
involving semi-structured interviews with 26 leading members
of firms.

The analysis of a series of case studies provided by
Roden et al. [69] examines the role of BD in affecting the core
dimensions of an operations model (namely capacity, supply
network, process and technology, and people development and
organization) in order to generate higher value.

Another interesting research was  provided by
Alizadeh et al. [70] to evaluate the performance of complex elec-
tricity generation systems. The network-based DEA (data en-
velopment analysis) method was built to determine the efficacy
of this system. Although the DEA method appears to be quite a
holistic research approach, the area of research in which it has
been used is not sufficiently consistent with our topic of interest.

Based on the abovementioned, we can conclude that also con-
cerning methodological approaches to solving the researched
problem, there is an additional sufficiently challenging research

gap.

III. MATERIAL AND METHODS

The main objective (see also Section I) of this both quan-
titative and qualitative research study to fulfilling the research
gap is to systematically analyze academic research topics and
the direction of recent findings in the area of BI and BDA
based knowledge information systems that might be used in
the near future to generate higher business value, knowledge,
and competitive advantage in IoT intelligent manufacturing.
Subsequently, we try to identify the strategic key elements in
BDA as driving forces within IoT manufacturing value creation.

In order to fill this research gap and goal and conduct this
extensive research study, we employed a holistic approach using
systematic both qualitative and quantitative methods to analyze
the research articles published in the most significant academic
journals (according to Impact Factor established by Clarivate
Analytics Journal Citation Report) in the Web of Science and
Scopus database (according to SJR indicator—Scimago Journal
and Country Rank) over the recent period (from 2012 until
present).

The research methods were used, following key methodical
approaches and limitations published in the previous research.
According to Tranfield et al. [71], the systematic research re-
view is defined as finding the objective and relevant conclusion
about a given topic. Researches without proper evidence lack
both relevance and rigor without synthesizing the findings.
Becheikh et al. [72] state that the first step of the systematic
study is to identify individual factors by first defining the targeted
group of research sources, eliminating undesirable sources,
and further reviewing retrieved studies that meet the criteria.

Booth et al. [73] declare that systematic researches reduce the
possibility of bias within a review. In the phase of gathering
sources, the articles with appropriate abstracts, which indicate
that they are relevant to our research topic in the Industry 4.0
context, are selected to be further analyzed [74]. The following
clustering refined results might guide other studies by identify-
ing gaps in the research papers [75].

The systematic literature analysis considers the main aim of
the article so that the articles might be categorized depending
on the keywords, the abstract, and the release year. Given the
previous literature review and the main research goal, the term
“BDA” appears to be a keyword to higher value creation in IoT
intelligent manufacturing.

The research study was realized in the six main stages (see
Fig. 2). These individual stages are characterized below.

The research data were collected in the form of research
papers, in which the key term “BDA” is the most relevant topic
in the Web of Science and Scopus papers as source databases
published to the present with the number of citations exceeding
100. The search was filtered only by the most cited criterion, then
further inquiring into the objectives and directions of the selected
areas and synthesizing the individual classifications. The term
“BDA” was chosen as a keyword to search published articles
sorted by cited times and collected by Web of Science with
the article count of over 5100 results and the Scopus database
containing as many as 5000 results. To avoid any bias, we
resolved to incorporate papers from both databases.

The first phase (Stage 1) was the base of the literature col-
lection (see Fig. 2). First, 187 papers that have been cited more
than 100 times were collected with the alignment of the results
by most cited (as a filter factor, total citation count was used).
The same criterion was applied in the WoS and Scopus database,
excluding the papers that matched to eliminate duplicates. Most
of the searched articles were found simultaneously in both the
Web of Science and Scopus databases (96 results), 75 result
papers were published on the Scopus website only, and 16
exclusively on the Web of Science. For these articles, there were
preliminary categories selected (see Table I below) that fitted the
research field most accurately. The key term for the research was
studied in 187 academic papers registered in the WoS and Scopus
databases. Based on the area in which the keyword inquired into
in the journal, particular categories were selected (Stage 2).

In the researched article, eight major categories based on their
laid foundation in the abstract and their keywords identified, and
the number of the results in each year was depicted (see Table I).
Among services, articles relating to infrastructure, urbanization,
smart city, tourism, education, or astronomy were found. BI
inquired into BD and their information support business together
with decision making. Industry 4.0 is concerned with smart
factory and manufacturing concepts, innovation, Internet of
Things, Cloud systems, and 5G network. General overview of
BD incorporated studies on data science, general literature re-
views, modeling, and usage in companies. The category “other”
is comprised of mainly marketing topics or civil engineering.

In another Stage 3, all articles prior to 2012 were excluded
from the research. Throughout the study of the current trends
and prospects in the literature (100 articles), individual seven
state-of-the-art key elements were identified (Stage 4). The
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Fig. 2. Search and research process (source: own).

TABLE I
IDENTIFYING RESEARCH CATEGORIES (SOURCE: OWN)

Preliminary categories/ Years 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019
Industry 4.0 (smart manufacturing) 1 2 5 7 8 7 5 2
Big Data (General Overview) 4 3 8 7 4 6 0 0
Business Intelligence 2 2 6 3 2 5 1 0
Services 2 2 9 12 10 6 4 1
Quality 0 0 1 4 5 0 0 0
Healthcare 0 0 4 2 6 6 2 0
Logistics 0 1 1 2 1 1 1 1
Other 0 0 5 2 3 3 0 0

abstract, research results, defined methods, technologies, man-
agerial tools, and conclusions were taken into account when
analyzing and classifying these seven primary key elements. The
research gap in academic literature and future research topics
were selected from the current research papers filtered by date
mainly from 2017 to 2020 (Stage 5). Finally, 36 individual papers
with their findings and future implications were closely analyzed
to mediate (so-called pooling approach was used similar to the
identification of Covid-19 virus in a specific group of people)
the current state and future development of these discovered key
elements within IoT intelligent manufacturing (Stage 6).

IV. RESULTS

An overview of the researched articles (including categories)
and their count throughout the article was displayed in Table I.
Only academic journals that were used more than three times
in the first stage (only articles with more than 100 citations) are
displayed in Table II. Journal IEEE Access, International Journal
of Production Economics, and Journal of Business Research are
to be found among the top three academic journals concerned

with the BDA-driven IoT in the searched papers. Most research
articles were from 30 countries originating in the USA (75),
followed by China (21) and the U.K. (10).

A. Big Data Analytics Penetration

Over time, BDA has become a stable topic in the research
worldwide. The research results indicate that BDA is most
frequently used in connection to general BD topics, services,
and also the Industry 4.0 concept including smart manufacturing
(Fig. 3).

Apart from the sole usage of BDA with Industry 4.0, together
with BI, logistics, and quality, BDA in connection with Industry
4.0 incorporates 40% of the research papers. Frequent utilization
in academic researches may also be found in services (18%),
healthcare (11%), or general papers along with the BDA topic
(24%). Moreover, we might observe a stable rising trend of
BDA usage connected to Industry 4.0, BI, quality, and logistics
during the period analyzed (2012-2019). The all-time count
of the published articles on the topic “BDA” reached its peak
during the period of 2018-2019. The trend appears to have been
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TABLE I
MosST USED ACADEMIC JOURNALS IN THE RESEARCH (SOURCE: OWN)

Journal

No. of results

IEEE Access

International Journal of Production Economics

Journal of Business Research

International Journal of Information Management

Health Affairs

IEEE Network

Journal of Big Data

Big Data and Society

Decision Support Systems

Future Generation Computer Systems-the-International Journal of Science

IEEE Communications Magazine

IEEE Communications Surveys and Tutorials

IEEE Systems Journal

IEEE Transactions on Industrial Informatics

International Journal of Advanced Manufacturing Technology

International Journal of Production Research

WWIW W W(WW W WK A |OV|o|0|O

4% 7
11%
5%

24%

= Industry 4.0 (smart manufacturing)

Business Intelligence
= Quality

= Logistics

Fig. 3. Division of individual big data analytics fields (source: own).

plummeting since 2018, which we consider acceptable given
that the latest academic papers have not had enough time to gain
sufficient citation amount (100 citations) as this filter criterion
was established in the first stage of the search. In the near future,
it is expected that citing papers in the years 2020-2021 and the
following years will rise.

B. Big Data Analytics Key Categories, Factors, Technologies,
and Managerial Tools

Based on the results mentioned above, in the following Ta-
bles IIT —VI, selected factors such as research topics, technolo-
gies, and managerial tools are displayed in four main categories
identified in the previous stage. These were chosen from rel-
evant papers after undesirable sources older than 2012 were
eliminated (Stage 4). Based on their abstract, research results,
conclusion, researched context, managerial and process tools,
and technologies, we analyzed the 100 articles. Based on the
research results achieved in the previous stages, these four
categories were selected: Industry 4.0 (smart manufacturing),
BD (general overview), BI, and quality. Mainly due to the fact

%

20%

0,
= Big Data0 (General Overview)

Services
= Healthcare
= Other

that the General BD approach is significantly represented in the
fourth research stage and together with the smart manufacturing
category, articles in these two categories, followed by the BI
category, generate most of the IoT-related technologies and
methods. Real-time data processing is simultaneously the main
interest in many authors’ researches.

Selected categories and their factors (meaning the aspect and
the context of the research topics) are primarily defined (see
Tables I1I-VI), where possible, managerial tools and technolo-
gies were also defined to provide further insight into the depicted
factors so that the contemporary strategic key BDA elements of
IoT smart manufacturing within the final Stage 6 of our research
can be identified.

C. Exploration of Big Data Analytics Key Elements in the
Context of Industry 4.0

The final part of this comprehensive and systematic research
study includes synthesizing the contemporary academic lit-
erature analysis realized in the previous stages and the dis-
play of how BDA interconnects different key elements. Fig. 4
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TABLE III
INDUSTRY 4.0 SMART MANUFACTURING: KEY CATEGORIES, FACTORS, TECHNOLOGIES, AND MANAGERIAL TOOLS (SOURCE: OWN)

Category | Factor (Research topics) Technologies, gerial tools References
Industry Automated real-time monitoring, real-time production management system | IoT, cloud-computing, industrial wireless network, RFID utilization, dynamic [40], [46], [58],
4.0 demand response, cyber-physical system, data driven manufacturing models [601, [76], [77],
(smart - - — - [78]
manufactu Intell1gent algorlthms,.self-aware an§ selfjmalntalned maf:hmes [73]
ring) Intelligent tlnanufz.icturmg systems, biological manufacturmg systems,
manufacturing science and technology, cyber-physical system [45]
Autonomous management to effective planning, decision-making support, | Autonomous management to support decision making, company performance,
company performance, visualization, predictive analytics, value creation visualization, predictive analytics, value creation [9], [35], [79]
Hadoop [80]
Cloud computing, stochastic systems, decision-making simulation
optimization algorithms [81]
Data preprocessing, analytics software [82]
Socio-technical feature of big data, organizational models [63]
Predictive manufacturing, cyber-physical systems, efficiency increase, SM | RFID, prognostics and health management, MTConnect communication
system protocol [83]
3V processing, data mining and storage, data integrity Big Data security, IoT, wireless sensor networks, cloud computing, mobile internet, industrial
data analytics ecosystem, operation management wireless network [27], [28]
10T, RFID, wireless sensor and actor networks, cloud, Lambda Architecture,
MySQL, MongoDB, Casandra, SQLite [84], [85]
Not available [86]
Not available [87]
Parallel processing, time/space efficiency DRAM, relational databases, query processing, HTM, RDMA, NoWQL,
NewSQL, NUMA [88]
5G network, network virtualization [891, [90]
Data dimensionality, scalability, applicability Not available [91]
Machine learning, deep learning, online learning algorithms, deep 5G, mobile packet core networks, Hadoop eco-system [42]
measuring IoT, multi-layer perceptron, Spark SQL, Spartk Streaming, GraphX, Hadoop,
H20, Apache SAMOA [92]
Neural networks, online learning algorithms, cloud computing, deep learning
interfaces, deep learning datasets utilization, deep learning languages [93]
Not available [94]
Sustainable manufacturing Total Quality Management, Total Productive Maintenance, lean methods [50]
Auto-ID, smart sensor technology [95]
Augmented reality, remote maintenance, prognostics, query engine Hive,
Mahout, cloud computing, loT [96]
Not available [97]
Global value chain, organizational activities, digital technologies utilization | IoT, robotic systems [98]
System management, strategic management, new concepts in Industry 4.0 Not available [99]
TABLE IV

BIG DATA (GENERALLY): KEY CATEGORIES, FACTORS, TECHNOLOGIES, AND MANAGERIAL TOOLS (SOURCE: OWN)

Category | Factor (Research topics) Technologies, managerial tools References
BD Data quality, data security, access control Virtual Machine Monitor, Apache, Hadoop [100]
(generally) Cloud computing, network monitoring [101]
Decision making, data acquisition and processing systems [102], [103],
[104], [105],
Not available [106]
Standard Network Analysis Platform, C++ platform [107]
Structure modeling [108]
NoSQL, BigQuery, MapReduce, Hadoop, WIBIData, Skytree [109]
Data gathering, Big Data capabilities Not available [110]
Deep learning, machine learning, computational power Mobile big data processing, Apache Spark [111]
Not available [112],[113]
Predictive analytics Model optimization and real-time constraints, statistical learning tools, signal
processing, principal component analysis, dictionary learning, compressive
sampling, subspace clustering, cloud [114]
Text analytics (emails, audio, video, social media analytics), predictive
analytics [115]
Parallel processing, real-time detection, data security, data processing
platforms, effective information extraction Hadoop, Hive, Mahout, Peer-to-Peer [116], [117]
Online learning, batch learning methods Not available [118]
Big Data optimization, cost-efficient process 10T, MapR, Hadoop, LucidWorksSearch, real-time analytics [119]
Associating strategy and information practices, environment, social media,
online data capturing RFID, sensor-generated data, log records, CCTV [120]
Healthcare, economic productivity, security, innovation, decision making,
digitization Not available [121]
Competitive advantage Sensors, smart phones, RFID, social media [122]
Supply chain, organizational performance, visualization, organizational
performance, top management commitment Not available [123], [124]
IoT, wireless technologies, sensors, social media, health care applications,
real-time analytics, smart cities, data query, supply chains, smart grid, e- MapReduce, HANA, Greenplum, Scribe, Kafka, Timetunnel, Chukwa,
commerce, data mining MongoDB [23], [125]
geography data, spatial-temporal data, real-time data, visual data, security,
data applications, prediction, smart cities, analysis algorithms IoT, mobile data, online network, MapReduce [57]
Data storage, data monitoring MySQL [126]
BDA general applications, network infrastructure 10T, Fog Computing, BDA, cloud technologies [127]
Convex optimization algorithms for big data, data approximation Statistical tools [128]

Video analytics Cloud computing, IoT, metropolitan area networks [129]
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TABLE V
BUSINESS INTELLIGENCE (BI): KEY CATEGORIES, FACTORS, TECHNOLOGIES, AND MANAGERIAL TOOLS (SOURCE: OWN)
Category | Factor (Research topics) Technologies, managerial tools References
BI Decision support systems, reporting, visualization Cloud computing, Information-as-a-service, OLAP, simulation, [oT [16], [39], [130]
Big data governance mechanisms [131]
Analytics [132]
Big data architecture, Hadoop [133]
Not available [134], [135]
Mobile visualization, sensors, data security, monitoring in financial sectors | OLAP, mobile BI [136]
Knowledge from digital datasets, complex data Data warchouse, software as a service, platform-as-a-service, infrastructure-
as-a-service [137]
Cloud computing, MapReduce, Hadoop, NoSQL, software as a service,
platform-as-a-service, infrastructure-as-a-service [138]
Real-time analysis, data acquisition, transmission, storage, and processing Data analysis applications (MapReduce, Dryad, Pregel, Dremel), NoSQI
STORES, Hadoop [139], [140]
System modeling, parallel data analysis [54]
Value creation, organizational growth Not available [49]
Business analytics and decision support systems BI ERP extensions [141]
Technological capabilities to succeed with Big Data, the role of
management in Big Data, BDA effect on firm performance Not available [142]
Agile BI framework, data acquisition, Big Data Analysis and visualization,
data validation and deployment Not available [143]
Strategic performance, financial performance, competitive advantage
agility, value creation, data quality Not available [144], [145]
TABLE VI
QUALITY: KEY CATEGORIES, FACTORS, TECHNOLOGIES, AND MANAGERIAL TOOLS (SOURCE: OWN)
Category | Factor (Research topics) Technologies, managerial tools References
Quality Data quality, IT capability Not available [146]
Product lifecycle management efficiency RFID, social networks [36]
Material design, material data, knowledge Not available [147]
Multiphysics simulations [148]
Molecular dynamic, density functional theory simulations [149]
Smart electricity grid Smart grid [150]
Smart electricity meters, cloud, artificial intelligence, IoT [151]
Consumer reviews, predictions Not available [152]
Big Data transformation into value, BG system life cycle Not available [153], [154]
Systematic research analysis of 187 research papers from 2012 to present
Plannin .
& Intelligent Process o IoT data S Data
and . Predicting . Visualization .
c manufacturing | management analytics security
scheduling
Fig. 4. Key BDA future research framework elements in IoT manufacturing (source: own).

(see above) depicts seven selected critical elements based on the
previous analysis of the most cited research papers with a BD
analytics search keyword.

The factors analyzed in the Industry 4.0 smart manufacturing
category provide enough insight to define intelligent
manufacturing, predicting, planning and scheduling, and process
management as the BDA key elements in 0T intelligent manu-
facturing. The aspects such as real-time monitoring, autonomous
management, decision-support making, and predictive analytics
were also included. BI category factors (with the knowledge and
decision-making focus) favored process management elements
pursue as well. Technologies sensor-based data mining,
3V processing, parallel processing, and real-time analytics
determine another factor that required further contemporary
exploration within IoT data analytics. Visualization associated
with managerial information in the Industry 4.0 category is also

a useful topic in value creation. The general BD category also
indicates the need for data security, decision-making support
system, data analytics research, and efficient data processing,
which correlated with the findings from the categories above
(Industry 4.0, BI). The quality category did not return enough
evidence to determine any element for further analysis.

After this extensive systematic analysis of the selected papers
merged into four preliminary categories, the seven distinctive
key elements were selected for the last research Stage 6.

Given this outcome, the contemporary academic literature
was also analyzed (see Table VII below) to see possible future
research fields regarding BDA in the context of Industry 4.0
implementation value creation.

The aim of this last research stage was to highlight major
points that the authors identify to be an actual research gap.
Following Fig. 4, selected research directions were classified
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TABLE VII
CHALLENGING RESEARCH DIRECTIONS OF BIG DATA ANALYTICS IN THE CONTEXT OF INDUSTRY 4.0 IN THE NEAR FUTURE (SOURCE: OWN)

Key elements Research directions and general comments

Planning and

Enterprise resource planning is to be conducted in real time [60].

scheduling

Planning and innovating production management as the level of process automation increases [155].

BDA-based demand planning, manufacturing, production and operation management [44].

Knowledge-based scheduling decision-making model [156].

Intelligent

Data-driven manufacturing, RFID sensors in production, cloud technologies, human-machine collaboration [58], [59].

manufacture Cyber-physical systems with BD algorithms [45], [157].

Multisource heterogeneous big data processing and obtaining desired knowledge from vast amounts of data [41], [95].

Creating efficient Al algorithms to retrieve real-time information using historical data to analyze information patterns [56].

Complex event processing enables optimizing machine uptime and maintenance processes [158].

Smart manufacturing and IT strategic management supported by Big Data Analytics [159].

Process

Data-based decision-making utilization potential in process management [108], [160].

management Connection of productivity and analytics [31].

Internal processes performance improving through BDA [7].

Big Data affecting process and technology dimension of operations model in order to generate higher value [69].

Improving firm agility with effective use of BDA tools [99].

Conducting Big Data Analytics-driven project activities [161].

Predicting

Predicting future system behavior through, i.e., cloud computing [138].

Prediction of production KPIs [162].

Predictive informatics tools development to manage Big Data in IoT manufacturing [44].

Establishing predictive maintenance model and multi-time-horizon predictions with regard to data security [163].

Predicting work-in-progress model to optimize efficiency and reliability [156].

IoT data 5G network to process vast data volumes effectively [23].

analytics Privacy, data mining, visualization, and integration [23].

New methods, tools, and concepts; real-time system operations [164].

Data organization, domain-oriented tools to create technologically advanced Big Data infrastructures [165].

value in IoT manufacturing [11].

Data-driven decision-making Business Intelligence and Analytics (BI&A) and Big Data to create competitive advantages and business

Production capacity increase by means of collecting the transforming Big Data [15].

Visualization

Capturing all the value from the data in highly distinguished volumes of data [17].

Virtualization of a cyber-physical system in production processes [166].

Pre-processing and smoothing data for valid visual data interpretation [167].

Data security

Identifying data that contribute to the value creation and assess IT security risks [30].

Improving security and reliability of the data in cyber-physical systems [168], [169].

10T devices as security platform in a manufacturing process [170].

into seven categories, respectively strategic key elements men-
tioned above.

V. DISCUSSION, LIMITATIONS, AND IMPLICATIONS

Based on the literature review and the systematic comprehen-
sive research study and results achieved, BDA appears a critical
driving force of value creation in various sectors, including loT
smart manufacturing. Due to the high complexity of the research
problem and pursuing the main goal and research questions and
hypotheses, we have provided, unlike many previous research
studies, a more holistic and systematical view on the current and
future trends in this area. Most previous research studies have
addressed only a partial problem in this area, and therefore, we
discuss achieved results gradually.

Original definitions of BD incorporate volume, variety, and
velocity [86]. Some authors define more attributes regarding
BD with another Vs as Valence, Variability, Value, and Veracity
[2], [27], [41], or complexity [26], which we consider essen-
tial to manage smart manufacturing challenges. Based on our
research results, we are consistent with the claim of Roberts
and Laramee [17] that extracting value from BD will need to
be a subject of future research. We find it essential to utilize
the IoT to acquire data value because only this type of data
is vital for sophisticated analytics in the prediction systems
(see Figs. 4 and 5).

Some previous studies underscore manufacturing perfor-
mance and the connection of BDA and strategic business
decision-making [3], [11], [56], [57]. As we identified in Fig. 5,
there are not only IT and analytics capabilities contributing to the
increased performance, but one should not omit the process orga-
nization (identifying KPIs, logistics and production scheduling,
strategic goals definition, and process optimization efforts). This
is consistent with Wang et al. [162] that future researches will
need to be concerned with complex production KPIs prediction
algorithms. Moreover, and beyond the scope of our research
study according to Oztemel and Gursev [59], or Horvéth and
Szabé [68], we need to note that Industry 4.0, together with the
leading role of BI, is not only a technological step forward but
also has a behavioral impact on managers and society.

In the context of research results achieved, we agree with
Seddon et al. [4], Al-Fuqaha et al. [9], and Phillips-Wren ef al.
[11] that within IoT, many implications for managers arise. One
of those might be that data-driven decision-making BI&A and
BD can create competitive advantages for an organization by ob-
taining knowledge [4], [9], [11]. However, according to the latest
current research published by Phillips-Wren ef al. [11] in the
journal decision support systems (July, 2021), this requires fur-
ther research into the nature of organizational decision-making
processes from BI&A and BD business value perspectives. We
are pleased to find that the results of our research realized
mostly during the year 2020 are well interconnected to this
oncoming research. Also, according to Duan et al. [37], Oztemel
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Fig. 5.
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and Gursev [59], and Zhong et al. [58], BD algorithms con-
tribute to gaining knowledge which also corresponds with own
findings.

The ToT has been a subject of many researches in the past
years [9], [27], [28], [34], [35], [40], [76], [78] and this relevant
topic pose many challenges nowadays, such as new concepts of
real-time operation, efficient utilization of data, and production
increase with BDA [2], [3], [15], [23], [46], [57], [69], [164],
[171]. Moreover, based on our research results, we suggest once
the BDA is fully implemented and optimized, benefits such as
the production capacity increase, process predictions, knowl-
edge obtaining, production flexibility increase, and scheduling
system may be obtained (see research findings displayed in
Figs. 4 and 5).

Our article results also answered the three partial research
questions by confirming all research hypotheses set before in
Section II:

H]I: BDA presents a highly important and discussed research topic.
The article results confirmed that BDA is most frequently used in
connection to general BD topics, services, and also the Industry 4.0
concept including smart manufacturing (see also Table I, Fig. 3).

H?2: In these four most discussed selected research areas (categories),
we identified common factors such as research topics, technologies,
and managerial tools directly related to BDA as the key elements of
the business value creation (see Tables ITII-VI).

H3: These identified key elements and methodological approach
allowed us to find the strategic key elements in value creation within
ToT intelligent manufacturing.

These article findings (see also Fig. 4, Table VII) allow us
to define seven strategic elements—data analytics, predicting,
process management, intelligent manufacturing, planning and
scheduling, visualization, and data security as the key driv-
ing forces of business value creation within IoT smart man-
ufacturing. This also concerns their future research frame-
work (see Fig. 5 above). It complies partially with Qin [108],
Liu et al. [160] that BDA is becoming a tremendous tool with
decision-making in the context of the IoT intelligent manu-
facturing future research issue. Our research results are also
in accordance with Phillips-Wren er al. [11] that data-driven
decision-making BI&A and BD can create competitive advan-
tages and higher business value in IoT manufacturing identifying
as a new research opportunity. However, our findings are not
consistent with the results of a systematic literature review
provided by Ardito et al. [1], Saggi and Jain [2], Sheng et al. [3],
Barlette and Baillette [6], Giinther et al. [63], Mikalef et al. [64],
as well as a descriptive qualitative studies conducted by Zhou
et al. [66], Tao et al. [67], Horvath and Szabé [68], considering
different factors to be crucial within this topic in future research.

Therefore, we can provide a key theoretical and practical
implication that BDA within IoT in our comprehensive research
study revealed to be overwhelmingly connected with both pro-
duction and strategic processes in the company in the context of
higher business value creation. Process management and process
optimization have inevitably become a driver in managing the
vast area of operating with and interpreting collected data. The
IoT is a bridge between physical manufacturing and immaterial
information flow. It is an essential asset to reach the BI level

IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT

mediated by smart manufacturing. Planning and scheduling,
data prediction, and visualization are closely related to the
real-time data analytics in current production systems in order
to pursue knowledge and business value creation following the
vision of intelligent manufacturing, including also data security
issue (see Fig. 5, e.g., also Fig. 4 above).

Regarding the limitations of this article, we believe that our
research findings are valid; however, the results may not be
comprehensive and representative in terms of such a broad term
“Internet of Things.” The results also do not consider applica-
tions in other branches as services, healthcare, civil engineering,
etc. Another limitation is the focus only on the Web of Science
and Scopus database. Research results are partially also limited
by using citation as only one search filter criterion (only papers
with more than 100 citations were used).

On the other side, we can also propose some implications to
future research. The results might be confronted with the find-
ings achieved in future research papers worldwide. Unlike our
holistic research approach based on a comprehensive systematic
literature research study in possible future research, other dif-
ferent methodological approaches for example, a questionnaire
survey in the practice can be used to compare with our research
results achieved. It could also be interesting to examine this
issue in other sectors such as services, healthcare, or even link
our research scope to the behavioral aspects of this complex
research problem.

VI. CONCLUSION

This article provides a comprehensive and holistic re-
search study, uncovering relations between BDA and IoT key
components, and at the same time finds a research gap in terms
of Industry 4.0 and usage of BDA in the context of value creation
within [oT intelligent manufacturing.

From the results, it can be concluded that BDA has become
a stable topic in terms of usage starting in 2014. Out of overall
results, the 187 articles (from the WoS and Scopus database)
incorporating selected Industry 4.0 fields have slightly decreased
over the last four years. However, these topics can still be
considered very frequently used areas of research.

According to many previous research studies provided in
the last decade, the BDA plays a significant and stable role
within IoT and real-time-related technologies and approaches
as cyber-physical systems, automated real-time data monitoring
and processing, 5G network to manage data with vast volumes,
variety, and velocity, or optimization through modeling in man-
aging processes in companies within the Industry 4.0 concept.

Also, in the current academic research papers (see Table VII),
the findings show potential directions of the IoT and BDA
information support concerning Industry 4.0 manufacturing.
One of the most important research directions is processing
vast amounts of heterogeneous data alongside desirable network
attributes and visualization. Another essential point is the utiliza-
tion of the collected and processed data in large innovation ca-
pacity, autonomous production rescheduling, autonomous main-
tenance, smart manufacturing strategies, business planning, and
predicting future outcomes of the managerial decisions.
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However, our key research findings display that BDA and
knowledge information support type BI are also imperative in
value creation in Industry 4.0. The main state-of-the-art fields,
whose context Industry 4.0 is researched and will need to be fur-
ther exploited, are according to our results, these seven strategic
key elements as driving forces to higher value creation within
IoT intelligent manufacturing, namely data analytics, predict-
ing, process management, intelligent manufacturing, planning
and scheduling, visualization, and data security.

Itis these seven strategic key elements and their connection to
the application of recent technologies and methods in [oT man-
ufacturing identified in the final research outcome (see Fig. 5),
which can lead to higher stability, productivity, and growth to
create higher business value and competitiveness advantage.
This fundamental research finding is precisely what makes Fig. 1
shown in the introductory part of the article more dynamic and
applicable in further research as well as in practice.

We dare to provide this final statement on the basis of our
sufficient evidence presented in the article, when, unlike other
previous studies [66], [68], we applied a systematic and rela-
tively holistic research approach to solve this quite a complex
research problem. This is also in line with the theory of strate-
gic management and the theory of systems in general, whose
primary task is to define crucial elements in a complex system
based on a comprehensive analysis using a holistic approach.

Based on the presented above, we can conclude this article
with the final suggestion in the form of the main strategic
future research chain: from loT- through Big Data Analytics— to
value creation based on Big Data Intelligence within loT man-
ufacturing, whereas seven abovementioned strategic elements
might play the crucial role in higher value creation within IoT
intelligent manufacturing.
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