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Abstract. Advanced analytics and artificial intelligence are drivers of deep anal-
ysis and change in the perspective of businesses’ digital transformation. Data
mining, as an essential part of artificial intelligence, is a powerful digital technol-
ogy, which provides guidance for businesses in terms of analyzing information
and predicting in business. The key advantage of the application of the data min-
ing approach in business is the impact by improving customers’ experience and
decision-making. The aim of this research is to present a theoretical model to
understand the researchers’ perspectives on data mining application in different
business areas and digital transformation, and the discussion of some benefits and
challenges of the data mining application in improving decision-making along
the digital transformation of businesses. Moreover, this paper analyzes how the
implementation of data mining techniques in business can lead to an increased
efficiency and business productivity along their digital transformation journey.

Keywords: Advanced analytics · Digital transformation · Data mining in
business · Decision-making

1 Introduction

Businesses are striving to adapt their strategies to the digital era, by incorporating novel
technologies in their business models, which places more significance on the subject of
processes and operations management, and, more essentially assesses their businesses’
success of becoming digital [62, 81].

Advanced analytics (AA) and artificial intelligence (AI) are powerful digital tech-
nologies, which provide guidance for businesses, guidance on analyzing information,
predicting and monitoring processes in business [83]. The analytics systems and intelli-
gent applications used by businesses prove the importance of result delivery in improving
decision-making and productivity, efficiency and effectiveness [5].

Data mining (DM), as a confluence of statistics and machine learning (ML), is the
process of sorting through a high volume of information stored in repositories, corporate
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databases, and data warehouses to identify correlations, patterns, and trends and set
relationships through data analysis [55, 67]. Through the DM approach, businesses will
alleviate the process of reducing costs and enhancing customer experience along their
digital transformation (DT) journey [8, 74]. Businesses will become more customer-
oriented by advancing their services and saving their customers’ time by strengthening
their processes [12]. The issue of DM approach delivering linkages between businesses
and customers has prompted to be highly significant for this research.

This research aims to analyze how the implementation of DM approach in busi-
nesses can lead to an improved decision-making and increased efficiency. The theo-
retical contribution and practical implication is to understand the researchers’ insights
and perspectives on DM along the business DT. We place two research questions: (i)
RQ1. Which techniques and tools can be helpful if a business thinks about starting to
use DM aiming to improve decision-making? (ii) RQ2. Which business areas have used
and benefited from DM techniques along the business DT? Both questions have been
answered using the literature review approach. After the introduction, the methodology
for the analysis of DM research and studies is presented, followed by perspectives on
DT, DT technologies, on advanced and big data analytics (BDA) techniques, on DM
applications in business areas, benefits and challenges of applying DM, conclusion and
recommendations on future work.

2 Methodology

The performed study covers the ensuing steps: perspectives on the DT, identification
of DT technologies, perspectives on the DM and other advanced and big data analytics
techniques, identification of DM application areas and identification of benefits and
challenges of applying DM (Fig. 1).

STEP 1 - Perspectives on digital transformation 

STEP 2 - Identification of digital transformation 
technologies

STEP 3 - Perspectives on the data mining and other
advanced analytics techniques

STEP 4 - Identification of data mining application 
areas

STEP 5 - Identification of benefits and challenges of 
applying data mining

Fig. 1. Methodology workflow
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3 Perspectives on Digital Transformation

3.1 Digital Transformation

DT encourages the integration of digital technologies and digital capabilities in inno-
vative business models [68]. Certainly, the role of the digital maturity model (DMM),
covering business dimensions, as an approach to empowering DT of businesses by eval-
uating the situation of the business transformation journey is a very important facet [14].
Agile has become a driving framework in the DT of businesses.

Reis et al. [65] outline DT as the practice of novel digital technologies with the
aim of enabling main business enhancements such as improving customer experience,
simplifying operations or developing new business models. Accordingly, DT surpasses
justly digitizing resources and outcomes in value and incomes being produced.

Deloitte [14] emphasizes that one of the elements keeping the communications indus-
try back from expansive growth in DT is the lack of a clear roadmap. The DMM is a
useful means to enable guidance for a clear path throughout the transformation journey.
In addition, China Mobile asserts that the DMM will be very helpful and, as a result,
strengthens decision-making.

Morakanyane et al. [49] note two fundamental DT drivers such as digital capabilities
and digital technologies. At the foundation of all DT attempts, are digital technologies.
Digital technologies construct opportunities that businesses leverage. These transforma-
tional opportunities have the power to transform business models, operational processes
and customer experiences. Thus, businesses benefit from the impact of DT.

Orfanidis [54] hints at the digital capabilities as analytical capabilities, business and
IT integration, unified data and processes, and efficient delivery of solutions as the foun-
dations contributing to the formation of digital capabilities in businesses. Morakanyane
et al. [49] hint at the digital technologies such as mobile technologies, internet of things
(IoT), cloud technologies, BDA, etc. as technologies that businesses adopt to improve
their daily operations.

DT is considered as an evolutionary process since it changes with time, and the
impacts bring a major change to the business. Similarly, digital technologies as funda-
mental drivers of DT are evolving. The main impact of DT is value creation. This value
is accomplished by both the business and its customers [11, 49].

Assessing Progress of the Business Digital Transformation. The DMM enables
decision-makers to give a view on matters of digital strategizing to evaluate and
implement the required change to the target areas [4].

The results show that theDMMis to assess the digital capabilitiesmostly across some
common business dimensions, such as customers, strategies, technologies, operations,
organization and culture. The consulted papers on identifying most common dimensions
of DT have been included above in Table 1.

The strategy, in the perspective of DT concentrates on how the business changes to
grow its competitive strength through digital delivering in facility [80]. The customer
experience concentrates on the need of tackling customers’ demands, and benefits as a
foundation for evolving digital service offerings [56]. Technology advances the success
of strategy by supporting to collect, protect, analyze and utilize data to respond the
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Table 1. Dimensions of digital transformation

Industry/field of study Strategies Customers Technologies Operations Organizations
and culture

Telecommunications [80]
√ √ √ √ √

SME [42]
√ √ √

Business [21]
√ √ √ √ √

Corporate [19]
√ √ √ √ √

Telecommunications [14]
√ √ √ √ √

demands of clients at low cost and expenses [29]. The operations dimension focuses on
the capacities that bolster the service provision. Enhanced maturity within this context
proves a better digitized and manageable operation [76]. The organization and culture
dimension outlines as an organizational culture with governance and talent processes to
bolster improvement along the DMM curve [56].

Driving Framework in Business’ Digital Transformation. Agile, the modern app-
roach, has become a driving framework in the DT of businesses. Agile serves as a
unique tool to drive DT as it simplifies how technology is used for handling the opera-
tions of the business. Agilemethodology is the guiding beacon to revolutionize thewhole
business [1, 77]. Gunasekaran et al. [25] highlight that agile provides stability and flex-
ibility, continuous improvement, risk reduction, great communication and engagement,
transparency and high quality.

O’Regan [51] introduces agile as a popular lightweight software development
methodology. Agile claims to be more reactive to customer demands than traditional
methods and its supporters consider that it leads in higher quality and productivity, and
faster time to market and enhanced customer satisfaction.

3.2 The Future of Digital Transformation and Advanced Analytics

Davenport et al. [13] claim that in the future, many segments, such as business models,
customer service options, and customer behaviors will be influenced and transformed
by AI. AI intelligence will enable e.g., online retailers to predict and know customers’
preferences and ship items to customers without an official order; as a result, AI will
transform business strategies, business models, and customer behaviors and will be used
in areas such as analytics and predictive behaviors.

Makridakis [40] asserts the impact of DT on businesses will be significant, resulting
in well interconnected businesses with decision-making according to the exploitation of
big data and strengthened, competition among businesses. In general, AI technologies
will influence how businesses operate. In addition, DT of businesses has significant
impact on different aspects of society, such as our lives and work, our shopping, our
entertainment habits and our employment patterns.
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McCormick et al. [45] assume howAI technologies will be assimilated into analytics
practices, giving business users remarkable access to powerful insights that drive action.
Digital technologies, AI, big data, and IoT, will grow businesses’ access to data, broaden
the variety of data that can be analyzed, and advance the level of sophistication of the
resulting insight. An insights-driven business exploits and applies data and analytics at
each possibility to distinguish its products and customer experiences.

4 Digital Transformation Technologies

Ziyadin et al. [38], list digital technologies as in Table 2 that change business models.
Wiesböck and Hess [84] refer to technologies – social, mobile, analytics, and CC tech-
nologies as digital technologies. Hausberg et al. [28] consider the major technological
areas, which enable DT. Those areas include, cyber-physical systems, IoT, cloud com-
puting (CC), big data, AI, augmented and virtual reality. Schwertner [69] highlights that
maturing digital businesses are focused on integrating digital technologies. The use of
analytics empowers business decision-making and the dynamism of decision-making
has to adapt due to altering needs and transforming technologies [78]. Telegescu [79]
outlines that businesses have possibilities to enfold the advantages that the technologies
of the digital economy bring. Finally, the results show that BDA is one of accelerators of
DT of businesses. The consulted papers in identifying potential DT technologies have
been included in Table 2.

Table 2. Digital transformation accelerators.

Author/s Big data analytics IoT Cloud Mobile Social networks

Ziyadin et al. [38]
√ √ √ √

Wiesböck and Hess [84]
√ √ √ √

Hausberg et al. [28]
√ √ √

Schwertner [69]
√ √ √ √ √

Telegescu [79]
√ √ √ √

4.1 Cloud Technologies

Mazumdar and Alharasheh [44] present the key attributes of CC such as on-demand
self-service through a secure portal, scalability and elasticity, pay per use, ubiquitous
access and location-independent resource pooling. The on-demand self-service attribute
is introduced as an independent service,without interactingwith service providers in pro-
visioning server, network, and storage capabilities. Scalability and elasticity attributes are
introduced as increasing or reducing resources elastically to maintain cost efficiencies.

Neware and Khan [50] define CC as a model for offering adequate, on-demand net-
work connection to a shared pool of configurable resources and introduce CC’s three
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major service models. 1) Infrastructure-as-a-Service is addressed as an on-demand ser-
vice of virtualization by offering virtual machine, storage infrastructure and network.
2) Platform-as-a-Service builds application or settings to build application by offering
virtual machine, operating system, application and development structure. 3) Software-
as-a-Service offers on-demand cloud-based foundation for software to the end user, as
a whole package.

Quinn et al. [61], through a survey, show how cloud technology contributed to
decision-making and improved decision-making in comparison to previous systems. The
authors assert that CC provides benefits for decision-making, lowers cost, and alleviates
systems administration.

Lastly, Benlian et al. [3] highlight how, on a societal and economic level, CC is an
enabler of the DT of industries. CC offers the infrastructure that has driven other key
digital trends comprising mobile computing, the IoT, big data, and AI, thus disrupting
current business models, and powering DT.

4.2 Internet of Things

Pflaum and Gölzer [57] affirm that smart products, which are at the heart of the IoT,
drive the future DT of business and change its business model.

Zeinab and Elmustafa [48] elaborate the IoT as a novel technology, which affords
numerous applications to join things to things and humans to things. The applications
enabled through the IoT include smart healthcare, homes, energy, cities and environ-
ments. The authors consider two major challenges of the IoT, and they are as follows:
the coexistence with different networks and big data size of the IoT. The combination
of data from several resources with the IoT makes possible the development of applica-
tions and advanced services that can combine situation and context awareness into the
decision-making components.

Coetzee and Eksteen [10] provide predictions of the future of the IoT, the impact of
the IoT on society and an overview of the challenges and highlight the fact that trust and
privacy are likely to be the major obstacles in the IoT uptake. The key challenge areas
are categorized as follows: 1) privacy, identity management, security and access control;
2) standardization and interoperability; 3) data deluge. Several interesting applications
as identified are environment monitoring; intelligent environments; retail, logistics and
supply chain management; and healthcare. The IoT is presented as a potential and as a
supporter in DT processes.

4.3 Big Data Analytics

Elgendy and Elragal [17] refer to big data as datasets that are not only big, but also high in
variety and velocity. More importantly, decision makers can gain valuable insights from
such big data, ranging from day-to-day actions, which can be provided using BDA. BDA
is the implementation of AA techniques on big data. Several advanced data analytics
have been elaborated, such as social media analytics, sentiment analysis, advanced data
visualization, etc. BDAprovides opportunities in areas, such as fraud detection, customer
intelligence, and supply chain management. Moreover, its advantages deliver to various
domains.
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Memon et al. [46] introduce BDA as a method for looking at big data to reveal
hidden patterns, incomprehensible relationship and other important data that can be
utilized on enhanced decisions. In addition, Hadoop is elaborated as an open source
distributed processing framework that manages data processing and big data storage.
Predictive analytics is emphasized as a subsequent operation whereupon it utilizes a
range of measurable, displaying, information-mining, and ML strategies and verifiable
information, along these lines allowing experts to make forecast customer behavior and
other future developments.

Dremel et al. [15] consider that the DT of businesses includes establishing BDA
capabilities and that the deployment of the establishment is a challenging process. BDA
enable evidence-based decisions for digital business opportunities. Business benefit from
the potential of BDA and BDA support evidence based decision-making and enable new
digital services.

5 Advanced and Big Data Analytics Techniques Empowering
Business Decision-Making

Elgendy and Elragal [18] present how BDA techniques can be implemented, in the
context of DT, to enable business transformation and, specifically, to improve decision-
making by uncovering hidden insights, and beneficial knowledge. The main aim of the
decision makers of the business is to enhance decision-making, insights, and knowledge
through the application of BDA techniques.

The authors, in their study [64, 58, 82, 70, 23], provide several advanced analytics
(AA) techniques. Finally, the results show that DM,ML, and NLP are the key techniques
of big data and AA of DT of the businesses. The consulted papers in identifying potential
advanced and BDA techniques have been included in Table 3.

Table 3. Analysis on advanced analytics techniques

Authors Machine
learning

Text
mining
(NLP)

Data
mining

Social
network
analysis

Visual
analytics

Web
mining

Statistics

Vivekananth
& Baptist
[82]

√ √ √ √

Sadiku et al.
[70]

√ √ √ √ √

Galetsia et al.
[23]

√ √ √ √ √ √ √

Rehman et al.
[64]

√ √ √ √

Prabhu et al.
[58]

√ √ √
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5.1 Data Mining

Reddy [63] presents DM as a knowledge discovery process (KDD) by analyzing huge
amounts of data from different views and turning them into valuable information
affecting different areas of human life, and incorporating business, science, etc.

Siguenza-Guzman et al. [73] categorize functions, or models, of DM based on the
task done: association, classification, clustering, and regression. ThreeDManalysis tech-
niques have been considered: classical statistics, AI, and ML. Unlike other techniques,
DM benefits additionally include extracting patterns/trends, and predicting behavior.
The authors describe the mining process as an interactive sequence of steps. The first
step takes place the integration of data belonging to different sources and formats. In the
second step, the cleansing process is applied. Additionally, the transformation of data
into an appropriate format is applied. In the third step, knowledge is extracted from the
transformed data. Lastly, knowledge is visualized to the user.

Sharma et al. [72] elaborate the implementation ofDMprojects bypursuing theKDD.
The KDD process consists of a number of stages, such as business understanding, data
understanding, data preparation,modelling, evaluation and deployment. In themodelling
(DM) phase, different techniques are designated and applied. The evaluation phase is
described as consisting of thoroughly evaluating the model and reviewing the steps
that it accomplishes the business goals. Lastly, the deployment model is described as a
formation of the model and usually is not the end of the project.

Data Mining Tools as Modern Solutions. Gergin et al. [24] point out that data science
and DM tools are the modern solutions that the businesses are using in this DT age.
Businesses improve the cost efficiency of quality control processes with the application
of DM methods. Data are processed on DM tools for understanding and inspecting
the patterns and relationships. The results on identifying potential DM tools and their
advantages have been included in Table 4.

Table 4. Data mining tools [16, 33, 35, 36]

Data mining tool: type Advantages

Weka (Java):
ML

Easy to use – easy user interface, supports
numerous DM tasks

Rapid Miner (Java):
Statistical Analysis; DM; Predictive Analysis

Visualization - user-friendly GUI,
enormous flexibility, offers procedures (such
as attribute selection and outlier detection)

R (C, Fortran, R):
Statistical Computing

Strong choice for DM tasks, very fast
implementation of many machine learning
algorithms, better graphics, has specific data
types

Orange (C++, Python, C):
ML; DM; Data visualization

Better debugger, shortest scripts, poor
statistics
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5.2 Machine Learning

ML is the study of computer algorithms and statistical models to execute tasks without
explicit instructions, such as by using pattern recognition and inference [52]. The imple-
mentation of data-intensive ML techniques can be noticed in science, technology and
commerce, as a result contributing to more evidence-based decision-making [34].

Simon et al. [75] introduce the classification of ML in two categories, such as super-
vised learning (SL) and unsupervised learning (UL). Accordingly, the authors tackle
deep learning and big data as important fields. “Deep learning algorithms extract com-
plex data patterns, across a hierarchical learning process by analyzing and learning vast
reserves of unsupervised data (big data)”.

Bastanlar and Ozuysal [2] introduce the classification of ML tasks when one con-
siders the desired output of a machine-learned system. UL techniques comprise only
the input values in the training data, and the learning algorithm comprehends hidden
structure in the training data dependent to them. SL techniques demand the value of the
output variable for each training sample to be acknowledged.

5.3 Natural Language Processing

NLP is defined as a field of AI, computer science and linguistics preoccupied with the
computers - human languages interacts [20].

NLP is vital because it helps us to construct models and processes which take chunks
of information as input in the form of voice or text or both and manipulates them as per
the algorithm inside the computer. Thus, the output of an NLP system processes speech
as well as written text [32]. NLP applications compose numerous areas of studies, such
as NLP text processing and summarization, machine translation, speech recognition, AI
and expert systems, and so forth [2].

Friedman et al. [22] point out how NLP systems are becoming advanced to ease
decision-making, besides supporting information and relations extraction. In addition to
NLP techniques, through a method make NLP applications enable decision-making.

6 Data Mining Applications in Different Business Domains

The major goal of the overview of DM applications is to understand the researchers’
perspectives on DM implementation in different domains and DT. DM is implemented
in different categories of businesses and impacts driving DT in different businesses
[63]. The study of the application of DM is to alleviate the process of comprehending
businesses in refining their strategies to a new technology epoch. As a result, a number
of research papers are selected to help understand and explain DM in business domains
of a) Retail, b) E-commerce, c) Banking and d) Manufacturing.

6.1 Data Mining in Retail

Chenet al. [9] present an analysis to help businesses better understand their customers and
as a result convey customer-centric marketing more successfully. The authors demon-
strated a case study in how business intelligence for an online retailer is built by tools of
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DM techniques to obtain competitive advantages on the market. The study facilitates the
process of understanding consumers in the perspective of profitability, and implements
appropriate decision-making and marketing strategies, as e result accelerates DT efforts.
Association analyses were supportive in the context of establishing customer-buying
patterns.

Castelo-Branco et al. [7] build a body of knowledge, so that a project can utilize the
techniques related with DM in retail sales, at the same time present concepts as market
basket analysis, association rules and cross-selling and up-selling. The DM implemen-
tation success stories are also introduced, as follows: 1) The Hewlett-Packard analytics
team implemented a manually driven pilot in the online store and call center. Ultimately,
the pilot gave importance to the analytics and data-driven decision-making at Hewlett-
Packard. 2) The Swedish interior giant IKEA featured image recognition and augmented
reality and resulted in increased customer satisfaction and fewer returned products. 3)
Macy, the upmarket department store, utilizes big data to provide a more intelligent cus-
tomer experience. 4) AmazonGo is the technology that is assumed to guide the approach
to the future of AI in retail. The essential concept behind is that it resembles a store that
blossoms on the principle of no checkout requests. 5) The Starbucks CTO proposed to
combine the transaction evidence with other inputs, like weather, promotions, etc. in
order to provide better personalized service.

Kaur and Jagdev [37] research the influence of changes brought in the retail sector by
big data. It is highlighted that retail is entirely reliant on BDA. The mining of customers
analytics is to increase profits, increase growth and be competitive, whether it is in-
store or online. Through digital technologies, as a fundamental driver of DT, retailers
make well-informed decisions using online data. Next, it is demonstrated howML takes
big data to gather, to utilize and to predict important insight about customers spending
patterns and how these patterns experience changes. Big data is intelligent to directly
affect sales by collecting data about consumer’s exact spending habits. For example,
Amazon responds to the competitive market promptly because of its analytical platform,
which provides dynamic pricing, and compared to other retailers, it makes this change
about every 3 months. Similarly, Metro Group retailers use retail analytics to identify
movement of goods within the stores to enable real time information to concerned store
personnel and customers for their ease of use. Furthermore, Staples use Hadoop and big
data technologies to predict sales by processing around 10 million data transactions per
week across 1100 retail outlets in the US.

6.2 Data Mining in e-commerce

Ismail et al. [31] present theDMprocess for e-commerce. Benefits and challenges of DM
are the topic within the paper. The tackled benefits of DM in e-commerce are related
to planning, forecasting, basket analysis, segmentation, etc. The tackled e-commerce
DM challenges are related to spider identification, data transformations, etc. Herein the
concept of DM in e-commerce is elaborated as an integration of statistics, databases
and AI with some subjects with the intention of better decision-making. CC, as a key of
technology in the age of DT, in e-commerce is considered to effectively utilize resources
and reduce costs for companies embracing efficient DM. Additionally, some common
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DM tools are described in detail. The end product of DM builds a possibility for deci-
sion makers to be capable to pursue their buying customers’ patterns, need trends and
locations, bringing in the effective way of the strategic decision for the advancement and
the revenue of the business.

Zhao [6] studies big data algorithms and their implementations in e-commerce to
deliver some recommendations to e-commerce businesses along the implementation of
big DM. In the age of DT, big DM perform an important role in the improvement of
e-commerce and it is the future of global e-commerce. The challenges of ecommerce
applications are presented such as the enhancement of DM algorithms, the enhancement
of mobile data and social network mining. Mobile e-commerce is presented as fast
developing and changing consumers’ behavior and habits. Similarly, social network-
related e-commerce is presented as a novel significant e-business model. The presented
e-commerce models use big data technology, eliminate risks, analyze market state, make
strategies, increase profits, etc. In the paper, eBay is introduced as a model of the largest
online business website and DM is the priority. EBay’s big data platform comprises of
three layers such as the data platform, the data integration and the data access layer. In
the end, the presented goals of big DM algorithms in e-commerce are predominantly
for: 1) optimization of the platform to advance the customer e-shopping experience;
2) enhancement of the capacity of CRM to improve decision-making; 3) provision of
personalized services to advance the e-sales; 4) provision of value-added service.

6.3 Data Mining in Banking

Preethi and Vijayalakshmi [59] study the different DM techniques that can be practiced
in the banking area to improve its performance and reduce costs. The authors consider
handling enormous transactional data and making decision is an essential task; on the
other hand, manual and conservative processing of decision-making is retarding, time
consuming and error prone. In this situation, DM techniques offer an effective form of
processing and decision-making. In the paper, two areas of banking application tackled
are CRM and fraud detection. In addition, DM, by involving processes makes it possible
to use the information in applications such as fraud detection,market analysis, production
control, science exploration, etc. A CRM system is mainly used by banks to build brand
value and find and understand their customers’ needs. In this case, DM techniques are
used to discover the new customers by using clustering techniques and to retain the
customers by using Apriori algorithms. Furthermore, algorithms are another topic that
has been tackled. Fraud detection is the next important area elaborated since fraudulent
actions are very concerning for banks and most banks are utilizing a hybrid approach to
detect fraud patterns. In the end, in the context ofDT, it is concluded that by implementing
data-mining techniques in data processing and decision-making, banks increase their
profit tremendously.

Hasheminejad and Khorrami [27] review DM techniques utilized for analyzing bank
customers consequently to designate more effective marketing strategies. Elaboration is
performed for certain DM techniques, which are used to support the businesses to make
decisions. CRM is considered having the aim to increase the business relationships with
customers in this paper. The study of the analysis on customers by implementingDMwill
be easier. Importance is given to revealing the customers and their demands, as a pillar
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of DT. Through customer clustering, banks can detect the customers’ crucial attributes.
Customer clustering is highlighted to be a facilitator on directing the implementation
of design marketing strategies for each group of customers. A conduction of research
on data sets of recent studies of different researchers is performed. DM techniques are
reviewed and summarized in order to identify customers’ behavior, which results in the
banking industry gaining a competitive advantage.

6.4 Data Mining in Manufacturing

Harding and Shahbaz [26] review applications of DM in manufacturing. This paper
has a target to exclusively represent the relation of DM to the manufacturing indus-
try and how DM is becoming important in the face of DT. DM is applied to support
decision-making processes. The study in this paper has essentially focused on algorithm
applications. An in-depth study has been conducted related to the applications in areas
such as manufacturing systems, decision support systems, etc.

Oliff & Liu [53] present the utilization of DM techniques and the advancement of
their usage in Industry 4.0 ready factories. Hence, the methodology contoured embraces
the principles of DM and utilizes them to help decision-making with regard to quality.
Advanced data analytics and ML, as an integral part of DT, are crucial digital technolo-
gies and DM and knowledge discovery for utilization of enormous amount of data to
comprehend the manufacturing processing are highlighted in the paper. Algorithms are
the next subject matter. A study is conducted with the intention to elaborate the best way
of utilization of DM to advance assembly and quality control processes and to apply
into current systems without drawback. Most of the algorithms are based on Rule Based
Learning where those function by means of mathematical relationships.

Dai et al. [11] bring an overview and discuss the demands and challenges of BDA
in manufacturing IoT (MIoT). The analytics of MIoT, as a key driver of DT, offers
benefits in manufacturing processes. Subsequently, data analytics plays a significant role
in extracting information, estimating the upcoming events and predicting the increment
of products. Consumer behavior prediction has a vital role in themanufacturing area. The
life cycle ofBDAforMIoTcomprises of the three stages. The challenges of data analytics
tackled include: 1) data temporal and spatial correlation, 2) efficient DM schemes and
3) privacy and security. This paper also develops a system prototype in order to prove
the feasibility of distributed computing models in MIoT.

7 Benefits of Applying Data Mining

DMadoption is beneficialwith regard to driving business digitalizing of processes asDM
enables predictive analytics, improves decision-making, increases profitability, enables
risk mitigation, and signifies customer behavior [68]. DT makes possible novel business
models that depend on smart data analytics, which are applied to obtain new insights
and better digitalized decision-making [66]. The study of the decision-making benefit
of DM is to ease the process of encouraging businesses in adapting their strategies to a
new digital epoch.
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7.1 Improvement of Decision-Making

Milovic and Milovic [47] tackle the context of prediction in two phases such as the
learning phase and the phase of decision-making. The phase of decision-making by
people is usually considered not qualitative when there is a huge amount of data to be
classified. As a result, insights obtained with the usage of DM practices can be useful to
take effective decisions that will enhance the success of an organization. Pulakkazhy and
Balan [60] assume that useful information is hiddenwithin the volume of data, which can
be utilized for decision-making processes if they are revealed. Businesses that apply DM
techniques immensely benefit since interesting patterns and knowledge can be mined.
Ltifi et al. [39], in their paper, propose a model with visual DM methods for supporting
dynamic DM.Moreover, the authors note the importance of trends such as visualization,
DM and dynamic decision-making. Integration of visual DM techniques in real-time
decision-making is crucial for treating compound, complicated and temporal data, and
application of DM techniques allows digitalizing the processes. As a result, decision
makers are able to visually predict trends in the temporal data and their behaviors.Manita
et al. [41] demonstrate the increasing interest of digitalization in businesses and how
digital technology affects businesses. Moreover, the paper brings out the significance of
implementing digital strategies to provide regulators with the necessary modifications in
the context of DT. Data analytics and DM improve the effectiveness of decision-making
and enable to predict the performance of businesses with a higher level of confidence.

8 Challenges and Limitations of Applying Data Mining

A few research papers studied will ease the process of revealing the challenges and
limitations of applying DM in businesses. The study intends to contribute an approach
on how to apply DM by taking into account the limitations coped with.

Zain andRahman [43] list the five common challenges and disadvantages of applying
DM such as technology, skills, inconsistent or missing data as well as privacy and data
security. Poor technology utilized in DM prompts the poor handling the data, differently
powerful technology prompts the more effective the DM processes as well as can avoid
the problems regarding technology. Skills are crucial to handle and manage the vast
amount of data, consequently the DM application. Inconsistent data or missing data
could give a big and many negative impacts towards businesses. DM is a violation to
privacy and a risk to data security due to the fact that it is a threat through the objective
of preserving statistics secured and guarding against the intrusion on privacy.

Sharma et al. [71], in their paper list three limitations of DM as follows: security and
privacy issues, and misusage of/unreliable information. Businesses collect information
about their customers in many ways and the possibility of violating privacy of its users
is possible. Security is considered a high-risk challenge since data are collected and the
probability of hacking the collected data is a serious matter for businesses. And, lastly,
the misuse of information/inaccurate information is considered to be very harmful and
cause serious consequences in case it will be used for decision-making by unethical
people.

Ikenna et al. [30] list challenges faced with implementing DM in a business as fol-
lows: problem of poor data quality, employee empowerment, data integrity and security
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issues and complexity of integration. DM techniques empower managerial decision-
making processes in a business. The authors consider that applying DM techniques to a
business problem entails disposal of high quality data, which are usually primary data
produced within the business functions.Moreover, finding a DM expert for a DMproject
within a business can present a challenge. Furthermore, integrity and security are consid-
ered crucial challenges with any data collection that is shared and utilized in a business.
Finally, complexity of integration is considered a critical issue because the ability to
effectively integrate DM projects into the business processes is a difficult task.

9 Conclusions

An inclusive research of data mining has been carried out, and different researchers’
perspectives, insights and overviews of domains of application of data mining approach
have been provided, together with several important aspects of benefits and challenges
of data mining along the business digital transformation journey.

The paper demonstrates advantages and impact of business digital transformation
assessing progress - maturity model, and most common digital transformation dimen-
sions. Moreover, the IoT, cloud and big data analytics, as the best suited digital trans-
formation technologies, have been presented as accelerators of digital transformation of
businesses. Herewith, data mining, machine learning and natural language processing
are the main techniques of big data and advanced analytics of digital transformation
of the businesses have been considered. In addition, Weka, RapidMiner, Orange and R
have been outlined as important data mining tools.

More importantly, the paper introduces advanced analytics and big data techniques
tools by demonstrating their significance and digital transformation as the necessary
trend, which influence businesses. The challenges of applying data mining are as fol-
lows: technology, skills, problem of poor data quality, misuse of information/inaccurate
information, complexity of integration as well as data security, and privacy. The benefits
of data mining include facilitating the process of streamlining decision-making, increas-
ing efficiency and business productivity and enhancing customer experience along their
digital transformation journey. The data mining technology is being adopted in many
domains of businesses for its benefits. The main business domains where data mining is
being implemented include retail, e-commerce, banking and manufacturing.

This paper helps businesses in particular, as key beneficiaries, and managers, to
understand the positive aspects of datamining along their business digital transformation.
Our future research goal is to conduct a case study, based on empirical studies, collect
and analyze data, and obtain feedback from a business case study on using the advantages
of the data mining techniques and approach in improving decision-making competency
along the digital transformation journey.
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