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Abstract
The diffusion of big data technology undergirds a fast and far-reaching digitalization
process that has posed challenges for many supply chain organizations. Big data refers to
large volumes of data from various sources in real time. Although the literature indicates
the benefits and challenges of deploying big data within supply chain operations, there is
a lack of research on the problem of lag-behind and the impact of digital disruption. The
purpose of this study was to examine the impact of big data and leadership strategy on
supply chain management. The research questions focused on the current perceptions of
big data by modeling the concepts of assimilation. A qualitative Delphi method was used
to gather multiple sources of information through three rounds of questionnaire to derive
consensus. A purposive sampling procedure was used to select at least 30 participants to
form the expert panel in this study, the overall 78 expertise were involved in the process.
The Delphi findings contribute to the extant knowledge by identifying opportunities,
challenges, barriers, and strategies linked to the emerging 5Vs (volume, velocity,
veracity, variety, and value) digital transformation trend from the perspective of supply
chain experts. The research addresses a gap in the existing knowledge on the desirability,
feasibilities, and challenges of big data related to digital transformation strategy. It further
presents a framework for the role of leadership in digital transformation within supply
chains. The study may effect positive social change by providing knowledge that supply
chain leaders can use to transform siloed operations to an ecosystem, which may result in

the burgeoning of supply chain infrastructure oriented toward meeting customers’ needs.
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Chapter 1: Introduction to the Study

The proliferation of data is a key characteristic of contemporary society.
According to the International Data Corporation (2019), the amount of digital data will be
as high as 40 trillion gigabytes by 2020 as compared to approximately 2.8 trillion
gigabytes in 2012. The International Data Corporation predicted that the big data
technology and service market would grow at a compound annual growth rate of 34%,
reaching a scale of 274,000,000,000 U.S. dollars by 2022. Big data is not only
characterized by its structured, semi-structured, or unstructured format, but it is
voluminous (Vijayarani & Sharmila, 2016). The 5V (volume, velocity, veracity, variety,
and value) feature of big data illustrates the limitations of traditional information
processing. Simply acquiring these data is not enough; business leaders need to have the
capability of strategically maneuvering these data to obtain competitive edge.

In recent years, business researchers have found that big data analytics (BDA) has
a positive influence on supply chain operations (Gunasekaran et al. 2017; Wamba et al.
2017). The supply chains adopting the BDA are referred to as “big data-driven supply
chains” (Kamble & Gunasekaran, 2020). Forty-five percent of the supply chain
operations from retailers like Wal-Mart and Amazon are driven by big data (Sanders,
2016). According to an October 2013 report by the Industry Market Research and
Analysis Company, service providers, manufacturers, and retailers are the main industries
that most often use big data in supply chain management (SCM). Gawankar et al.
(2020) conducted a study on investments in the big data-driven supply chain in Indian

retail 4.0 context and found a positive relationship between BDA and supply chain



performance measurement because big data-driven decision-making contributes to
improvements in supply chain processes, logistics, inventory control, and cost reduction.
The advent of big data has made it possible to integrate management concepts and
information technology (I1T) with supply chain operations, which has allowed for the
innovation of supply chain models and improvements in supply chain services and
management. Now, there are many BDA tools being used in SCM. For example, IBM,
HP, Oracle, SAP, Dell EMC, Amazon, and other vendors have launched many big data
software suites that are highly integrated with existing enterprise resource planning
(ERP), SAP, and other manufacturing execution systems. How to take advantage of
these tools and how to adapt to the Big Data era strategically through digital
transformation have been hot topics among supply chain scholar—practitioners because
only 17% of supply chain managers had adopted BDA techniques (Siddique et al., 2021).
It is necessary to investigate why there is a low uptake in digital transformation in SCM.
Moreover, low adoption of BDA in SCM has overshadowed profit-making capability and
competency of any organizations (Wamba et al., 2017). Compared with other industries
such as banking, healthcare, life science, and energy management (Siddique et al., 2021),
these sectors have succeeded in BDA application when dealing with huge amount of data.
If this study can assist supply chain managers in optimizing organizational performance
with increased profit-making and competency in meeting customer demand, it will
change conventional data handling system (such as siloed system in SCM) to analyze the

complex data structure of today’s business organization (Siddique et al., 2021).



Background

Addo-Tenkorang and Helo (2016) conducted a literature review across all sectors
and found that big data has not only grown at an incredibly fast speed but has also
impacted industrial enterprises as well as governmental institutions. However, a clear
understanding of big data across industrial operations and supply chain network does not
seem adequate. A definition of big data is overdue because there has been a lack of
consistent efficiency and effectiveness across the supply chain network. Therefore,
practitioners in the supply chain network have called for SCM stakeholders to work
together to enhance efficiency and effectiveness in information and communication
processes to obtain competitive advantage (Gunasekaran & Ngai, 2004).

Velocity and veracity of big data necessitates the need for SCM to monitor
product life cycle, product planning, warehousing, and inventory management. These
activities generate a huge amount of data that requires big data technology to store,
manage, process, interpret, and visualize these data into valuable information. At the 13th
International Conference of Computer Systems and Applications in 2016, scholars
emphasized the importance of supply chain process through supply chain operational
reference modeling that called for transformation of the way supply chain is currently
designed and managed since the opportunity and challenges would derive from these data
sources (Abla et al., 2016).

Huang and Handfield (2015) conducted research on the impact of ERP on SCM
maturity models across different companies. Their study findings indicated that the ERP

improved company return on investment and helped businesses in strategic sourcing from
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customer demand all the way through suppliers’ relationship management. However, the
ERP system is inadequate for assessing supply chain performance across different
company environments (Huang & Handfield, 2015). Therefore, the existing ERP system
needs to be enabled to allow for the analysis of big data to strategically advance SCM.

Klein’s report emphasized the importance of the big data in aiding performance
measurement in SCM. The storage, acquisition, and processing of these data for the best
practice of SCM depends on the quantity and quality of the data. The application of the
big data not only enables SCM to be more effective and efficient, but also challenges the
organizational capability of BDA. It is likely that smart utilization of the data will
separate tomorrow’s winners and losers in the SCM arena (Klein, 2017).

Lamba and Singh (2017) conducted a literature review to look for the gaps in
research. They searched literature published between 2012 to 2016 and found that the
utilization of big data in SCM remains nascent when checking business activities from
procurement, manufacturing, and logistics. They stated that the low uptake of big data for
use in making SCM decisions deserves attention. The main reason behind this low
acceptance of big data is due to less theoretical research focused on SCM model that can
be adopted from, let alone a huge upfront investment is required for building business
analytic capability (Blylkdzkan & Goéger, 2018). Lamba and Singh outlined several key
aspects in operation and SCM with a low-adopted usage percentage in the big data
application across different countries and regions. In sum, the application of the big data
in making SCM decision is not seen to gain performance improvement and competitive

edge.



Tiwari et al. (2018) conducted literature review on the development of BDA
applications in SCM. They used systematic literature reviews through key word searching
for articles from 2010 to 2016 and found that BDA applications were an important trend
and tool to extract useful information and wisdom for decision-making. The quick
development of the 5Vs features of big data changed the way in which business leaders
made decisions. The extracting technique for big data mining challenged the reliance on
the existing information processing tool because of the large amount of data flow in the
form of speed and coverage. Big data refers not only to the volume, but also to its
veracity and value. Their study provides an overview of the evolution of big data from a
factor affecting a single sector in one industry to an encompassing feature that covers
every sector of business decision-making.

Kazim (2019) conducted a case study on the impact of leadership style on digital
transformation initiatives in France. Kazim noted that the critical role of any individual
leader, regardless of level, is to execute and implement the initiative through adequate
communications, and vision sharing with followers in the process of digital
transformation. The study findings indicated that building up the leadership
communicative capability in digital technology is the prerequisite for a successful digital
transformation regardless of leadership styles in medium and large-sized organizations.
Therefore, leaders’ knowledge of IT in the digital era may positively change the nature of
work, training, moving, and other dimensions of organizations—for instance, the use of
technology, change in value creation, structural change, new market opportunity,

financial performance, and new models of business operations (Matt et al., 2015).



The advent of big data has changed the way many businesses operate. Many
companies have transformed decision-making process from conventional wisdom to
digitalized analytics based on multiple data sources or big data (Sanders, 2016). Research
articles on SCM in the existing ERP, SAP, IBM, and Oracle systems has indicated both
the impact of big data on business performance and the rethinking of leadership
effectiveness in SCM (Gunasekaran & Ngai, 2004). There might involve in changes in
business operational model, leadership style, management strategy, organizational
culture, and decision-making mechanism. Application of the BDA involves the
prediction, forecasting, assessment, planning, implementation, and evaluation of
organizational performance (Gunasekaran et al. 2017; Lamba & Singh, 2017; Sanders,
2016; Wamba et al. 2017; Tiwari et al. 2018). However, none of these researchers
addressed the relationship between leadership commitment and business analytics
capability building in measuring leadership effectiveness. This gap in the research exists
even though business leaders know that the assimilation process is an important part of
data acquisition, storage, and IT. The extent to which assimilation of big data technology
Is an importance measurement of leadership effectiveness in supply chain operation is not
known, which has resulted in inconsistent criteria for measuring leadership effectiveness
for SCM practitioners.

Problem Statement

The fast and far-reaching operational digitalization process has posed challenges

for many organizations and has resulted in them falling behind in this decision-making

transformation (Heavin & Power, 2018). Every day, 2.5 quintillion bytes of data are



created, and 90% of the data today were created within the past 2 years, according to
research published in 2018 (Shields, 2018). It is expected that the data size will reach up
to 44 zettabytes or 44 trillion gigabytes by 2020 and that it will be approximately 163
zettabytes in 2025, per a report published in Economic Times (Gupta et al., 2020). The
distinctive characteristics of big data as represented by the 5V (volume, velocity,
veracity, variety, and value) concept presents many technical, operational, and social
challenges for business analytics. The general problem was that business leaders are
lagging in the systematic adoption of digital technologies, which may make their
organization’s performance less than optimal. The 5V characteristics of big data are
challenging organizational assimilation because only 17% of enterprises had
implemented BDA in one or more supply chain functions in 2017 (Nguyen et al., 2018).
The process of collecting, organizing, and analyzing large sets of data to discover
patterns and other useful information has not been widely deployed. According to a
report from the International Data Corporation (2011), the overall created and copied data
volume in the world was 1.8 zettabytes, which had increased by nearly 9 times within 5
years (V. Ahmed et al., 2017). It is expected that this figure will soon double at least
every other 2 years (Yin & Kaynak, 2015). Given the growth in data as well as the
emergence of emerging tools, a direct connection between BDA and SCM seems likely
(Waller & Fawcett, 2013).

The specific management problem was that the diffusion of digital technology is
outpacing the ability of leadership to adopt and execute digital transformation strategies

since traditional business models and IT in supply chain operations have been separate



and siloed in many firms (Sibanda & Ramrathan, 2017). Many supply chain leaders are
awash in big data yet are engaged in fragmented implementations rather than a systematic
and coordinated effort (Sanders, 2016). Therefore, there was a gap between leadership
commitment and digital transformation in supply chain operations.
Purpose of the Study

The purpose of this qualitative classical Delphi study was to determine how a
panel of at least 30 subject matter experts, all of whom were SCM professionals in the
United States, viewed the desirability, feasibility, and importance of successful digital
transformation of SCM through use of the big data. In line with the problem statement
and research questions (RQs), | sought to establish criteria to evaluate what constitutes a
successful digital transformation for SCM in the Big Data era. A successful digital
transformation contains a series of elements that builds up a maturity model for
organizations. This maturity level can be viewed as a comprehensive indicator that
reflects an organizational success level in digital transformation. Therefore, as a
subjective and qualitative method, the Delphi method can be used not only in the field of
forecasting, but also in the construction of various evaluation index systems and the
process of determining specific indicators (Daniel & White, 2005; Ju & Jin, 2013). To
assess a successful digital transformation, it is necessary to evaluate its desirable and
feasible elements.

Research Questions
In line with the problem statement indicates, | sought to answer two RQs, which

were:



RQ1. What are the challenges and or barriers that result in SCM being lag in
digital transformation?

RQ2. How is the desirability, feasibility, and importance of digital transformation
of SCM impacted by use of the big data?

Theoretical Foundation

Several theories offer both a deductive and inductive explanation of big data in
SCM. Given the forward-looking view of digital transformation in supply chain
operations, | chose to apply the dynamic capability theory (DCT) in the study. I did so
because the dynamic capabilities” framework is an entrepreneurial approach that
emphasizes the importance of business processes, both inside the firm and in linking the
firm to external partners (Wamba & Akter, 2019). DCT also focuses on the importance of
critical resources and good strategy that could well address how a process of assimilation
could be achieved for a successful digital transformation in supply chain operation as part
of a larger ecosystem in applying the BDA (Chen et al., 2015).

DCT differs from resource-based theory that emphases digging into a firm’s
existing advantage. It emphasizes a firm’s agility to shift the environment toward
favoring the firm’s routine operations. In the era of big data, companies that excel have
demonstrated their ability to leverage data for internal innovation and creativity. This has
translated into rapid product and service innovation to meet customer demand (Hajli et
al., 2020). The leaders of these firms know how to turn their existing internal competence
by integrating external sources into their sustainable competitive edge. Therefore, DCT

emphasizes the key role of strategic management in appropriately adapting, integrating,
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and reconfiguring internal and external organizational skills, resources, and functional
competences toward changing environment (Teece & Pisano, 1994).

Teece and Pisano (1994) argued that the new product and or service would have
to be derived from the firm’s agility capability to meet market demand through digital
capability building and leadership commitment to BDA. Hence, the DCT offers dynamic
capabilities as an emerging paradigm of the modern business firm that draws on multiple
disciplines and advances with the help of industry studies in the United States and
elsewhere (Teece & Pisano, 1994). Given these factors, the DCT was a good fit for me to
address the study’s RQs.

Conceptual Framework

The challenge of big data for organizations is two-fold. First, technically, big data
would impact the existing organizational infrastructure of information processing
capability. Second, externally, the presence of big data has changed the way in which
stakeholders perceive, demand, and expect the service level offered by organizations.
Alternatively, how well organizations as a part of a larger ecosystem adapt themselves to
this changing environment challenges SCM leaders’ agility to respond to big data and
commitment on building the analytic capability for their organizations. It is a process of
mechanizing the decision-making using BDA. The extent of assimilation determines the
level of a successful digital transformation. The conceptual framework for this research is

presented in Figure 1.
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Figure 1

Conceptual Framework

Conceptual Model of a Successful Digital Transformation in Organization

Technological Leadership
Challenge Effectiveness

Supply Chain
Management
Social
Challenge

Analytics Optimized
Hh _
Capability Performance

Building Lead
to

Operational
Challenge

Challenges from Big Data

PRSI Digital Transformation
to Organizations Assimilation

Nature of the Study

How to define a leadership effectiveness has long been associated with task-
oriented performance and financial outcome. Recently, due to the digital revolution,
researchers have begun to link leadership effectiveness with information application
(Gartzia & Baniandres,2016). In general, the leadership performance and effectiveness
measurement have not been differentiated conceptually in the age of the big data, but in
fact, evaluation of a leadership effectiveness has surpassed conventional wisdom
(Marshall et al., 2015; Spil et al., 2017). In the information era, SCM leadership
effectiveness has been implicitly viewed based on how leaders could successfully apply
BDA in SCM. However, there is no consensus on the criteria for gauging leadership

performance in SCM arena due to low uptake of BDA across industries and sectors
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(Siddique et al., 2021). This phenomenon dominates SCM, which impedes the creation of
a unanimous criterion for measuring leadership effectiveness.

A Delphi consensus study with leaders in SCM development and academic
research was conducted. Some background information about information techniques is
discussed and how they are used in the supply chain. Also, previous attempts to measure
leadership with criteria was reviewed, the benefits and uses of information techniques in
operational settings were introduced. How these measures apply to the SCM context, and
how to evaluate key performance indicators in general were illustrated. There is more
information given about the study definition, and the gaps in the literature are outlined.
The overall goal of this research was to contribute to the development of a transparent
and reproducible process to evaluate the leadership effectiveness that will be used across
different SCM networks.

Ever since the initial application of the Delphi method by Rand Corporation for
the U.S. air force project in 1950s, the Delphi method has been widely used in both
academic and practitioner research across different disciplines. The Delphi method has
been applied in the fields of education, business, and health care, in addition to
engineering, environment, and social science (Dimitrijevi¢ et al., 2012). In addition, the
Delphi approach, unlike other research methodologies, has been commonly used in
forecasting; estimates based on the subjective judgment of a panel of experts can be
helpful in areas where no empirical data are available (Farell & Scherer, 1978; Linston &
Turoff, 1975). The Delphi study method was consistent with my desire to build a

consensus on leadership effectiveness criteria for SCM. | sought to do so through three
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rounds of questionnaires to derive at least 51% agreement on the leadership effectiveness
measurement criteria (see Loughlin & Moore, 1979). My findings may aid SCM
practitioners in evaluating leadership performance.

Many studies in the literature have indicated that results of the first round of any
Delphi investigation are characterized by diversified opinion (Linstone & Turoff, 1975).
However, after several iterations, there is a tendency for subjects to achieve consensus.
Dalkey and Helmer (1963) considered this as almost inevitable. An important issue
among researchers who use the Delphi technique is to understand what is referred by the
meaning of consensus. Loughlin and Moore (1979) suggested that there should be at least
equal to 51% agreement among respondents.

The nature of this study consisted of a qualitative classical Delphi approach to
build consensus regarding a forward-looking strategy deemed desirable and feasible for
the use of big data in SCM. By using this qualitative approach, | was able to obtain
consensus to answering my RQs. Focusing on the application of BDA to aid decision-
making process was also consistent with the continuous improvement objective of SCM
leaders. To avoid the subjectivity issue in each round, | applied quantitative analysis to
determine the most common value or variables so that each round of questionnaire was
empirically observed and set. In this way, | could make the Delphi study as objective as
possible. The steps for conducting this Delphi study were as follows:

1. Identify no fewer than 30 respondents (panel of experts from the supply chain

management professionals in the United States).

2. Define the problem (factors, challenges and or elements).
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3. Round 1 brainstorming question with an open-end format on challenges,
factors, and barriers from SCM professionals in the trend of digitalization.

4. Round 2 questions based on the answers to the first-round questions will be
delved deeper into the topic to clarify specific issues (narrow-down).

5. Round 3 questions are aimed to rank essential challenges, factors and or
barriers for a successful digital transformation in terms of desirability and
feasibility for SCM, and hone-in on the elements of agreement like “What is it
the experts are all agreed upon?” A consensus will be generated based on the
most agreed challenges, factors and or barriers.

6. Present the findings.

To minimize the subjective issue in the Delphi method, I quantified the rounds of
question statements to seek consensus. Specifically, this three-round Delphi approach
required at least 30 participants to verify their level of agreement regarding the
challenges, factors, and/or barriers; participants wrote comments on each if they
considered it necessary and ranked the items for importance. Each item was analyzed
guantitatively using the percentage of agreement ratings, importance rankings, and the
number of comments made for each item. Then | qualitatively examined the findings by
performing thematic analysis. The interquartile range (IQR) is a statistical metric that
represents the spread of data around the median. It encompasses the middle 50% of the
observations. Therefore, if the IQR is smaller than 1, it indicates that over 50% of all

opinions are concentrated inside a 1-point range on the scale (De Vet et al., 2005). The
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Delphi method is commonly employed in studies and is well recognized as an unbiased
and rigorous approach for establishing consensus (von der Gracht, 2012).
Definitions

Assimilation: The extent to which technology diffuses across organizational
processes as part of a three-stage post diffusion process (i.e., acceptance, routinization,
and assimilation; Hazen et al., 2012; Saga & Zmud, 1994). Gunasekaran et al. (2017)
paraphrased the term assimilation in detail to denote these three stages with details.
Therefore, assimilation is referred to as the three components with each emphasizing
perception, governance, and diffusion of big data across the entire organization
(Gunasekaran et al., 2017).

Big data: Huge volumes of data captured from a variety of sources in real or near-
real time (Lamba & Singh, 2016).

Big data analytics (BDA): The use of data, analytical tools, computer algorithms,
and techniques to derive meaningful insights and identify patterns (Jeble et al. 2018;
LaValle et al. 2011).

Big data ecosystem: An environment of interconnected systems, platforms, and
databases. The data ecosystems are sociotechnical complex networks in which actors
interact and collaborate with one another to find, archive, publish, consume, or reuse data
as well as to foster innovation, create value, and support new businesses (Oliveira et al.,
2019. P. 589).

Data characteristics: The nature of data features such as structured, semi-

structured versus unstructured, and so forth.
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Data technology: Technologies that enable the collection, storage, processing, and
distribution of data.

Digital transformation: A term that originated from Andal-Ancion et al.’s (2003)
article “The Digital Transformation of Traditional Businesses,” in which the authors
introduced the concept of new IT (NIT). NIT encompasses the harnessing of
opportunities to create new business models. NIT are driven by information intensity,
electronic deliverability, customizability, aggregation effects, search costs, real-time
interface, contracting risk, network effects, standardization benefits, and missing
competencies (Andal-Ancion et al., 2003). With marketplace digitalization, businesses
rethink of what customers value most and creating operating models that take advantage
of what’s newly possible for competitive differentiation (Berman, 2012). Therefore, the
digital transformation is commonly referred to as the need to use new technologies to stay
competitive in the internet age, where services and products are delivered both online and
offline (Mergel et al., 2019).

Ecosystem: A set of actors with varying degrees of multilateral, nongenetic
complementarities that are not fully hierarchically controlled (Jacobides et al., 2018).

Leadership effectiveness: A term that has various definitions depending on
leadership styles, behaviors, focus, and strategy. From Quinn’s framework of complex
leadership in 1984 to integrated competing value framework by Vilkinas and Cartan
(2001), there is no consensus of what makes an effective leader (Tricia Vilkinas et al.,
2019). The emergence of big data has challenged notions of conventional leadership and

led to a rethinking of leadership effectiveness. In this study, | used an integrated
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definition of leadership effectiveness. This included a leadership focus on big data, talent
and technology management for big data, and culture development, as managerial and
organizational practices suited to influence big data decision-making capabilities
(Shamim et al., 2018).

Management commitment: Constant support for big data initiatives and the
creation of strategic and action plans for successfully executing them; management
commitment inculcates a data-driven mindset across the entire operations and SCM
(Lamba & Singh, 2018).

Supply chain management (SCM): In this study, a series of integrated activities
that deliver value on a consistent basis to customers and consumers through the
alignment, linkage and coordination of people, processes, information, knowledge, and
strategies across the supply chain to facilitate the efficient and effective flows of material,
money, information, and knowledge in response to customer needs (Stevens & Johnson,
2016. p. 19-37). The term “supply chain management” varies in practice and across
disciplines (Durach et al., 2017). Regardless of the variation in its definition, the core
element in any SCM is business processes (Brinch, 2018).

Assumptions

SCM is a broad topic that covers a large range of aspects starting from market
demand all the way through suppliers’ and buyers’ relationship management. WWhen
people talk about supply chain, it is generally meant for logistic activities in supply and
demand. It could be referred to as the whole stream along the supply chain network, it

could also be related to part of the whole stream, even it could only mean logistics.
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Therefore, the concept of the SCM varies with the underlying activities along the chain.
Further, the practice on industrial standard in the SCM vary with countries and regions
due to different level of economic development. In this study, the SCM, in general, is
referred to as the whole stream starting from front door of a manufacturer all the way
through the end user, i.e, from customer order management to the suppliers’ relationship,
which processes cover procurement of raw material, manufacturing, distribution,
logistics, retail, and individual users along the chain stream.

This research result is based on the survey from a panel of 30 experts in SCM in
the United States. The findings cannot be applied universally since the extent of digital
transformation initiative varies with country and region. Situation in one region or
country might not be applicable in another place due to difference in country policy,
technological status, demographics, economic scale, and customer experiences.
Nevertheless, the findings could serve as a reference across industries of the other
countries in terms of digital transformation effort.

Scope and Delimitations

The purpose of this research is to determine a consensus among a panel of 30
experts from a SCM professional association through a controlled brainstorming process
to addressing the RQs. In the field of SCM, there is no consensus on the evaluation of a
leadership effectiveness in the Big Data era because the existing information processing
technology and system are separate and siloed, which renders the measurement of the
leadership effectiveness inconsistently in the United States. It is vital that a broadly

accepted measurement criteria for gauging the leadership effectiveness for the supply
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chain practitioners. The current criteria for measuring the leadership effectiveness in the
SCM still remain unchanged even though the big data concept is overdue. Moreover, the
low uptake of the BDA technique has far lag behind the pace of digital transformation.
The reason for being lag behind and low acceptance of the BDA capability building is
closely related to the leadership commitment (Silahtaroglu & Alayoglu, 2016; Migliore &
Chinta, 2017; Merendino et al., 2018; Yadegaridehkordi et al. 2018; Raut et al., 2019).
Also, the implementation of the digital transformation and building of the organizational
capability to undertake such a transformation has been costly. To be practical, the
organizations involved will be limit to an annual gross sale of 1,000,000 USD and above
with at least an in-house 1T team with data accessibility.

The empirical studies from literature review emphasized heavily on the critical
role of leadership for various organizations in leading the digital transformation
initiatives regardless the leadership styles in practice. However, conventional leadership
performance measurement missed IT assimilation that a leader shall be agile on. The
commitment on the IT learning and building becomes an integral part of their leadership
effectiveness, which embodies in their decision-making process. Given this call, this
study is limited to the extent of the assimilation of IT for their organizational decision-
making mechanism as an objective performance. To make advantageous use of IT is now
a prerequisite for business analytics capability building. For this reason, the leadership
effectiveness under the Big Data era has been integrated with a new layer of performance

on IT. So is the digital transformation.
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Limitations

It is well known that the Delphi study is good for forecasting, estimating, and
areas where there have been no empirical data available. In addition, the Delphi approach
is a controlled process of brainstorming that is used for gaining consensus on a policy,
strategy, and tactics from a group of experts (Linstone & Turoff, 2002). It is inevitable
that the subjectivity will be remained regardless how well to remove bias in the process
of conducting the research. However, a lot of cautious instrument and approach will be
applied during the process to minimize the effect of bias. To this end, the quantified
result will be aggregated by running statistical analysis for each round of questionnaire to
derive ranking of the issues. Another issue in this study will be from limited data source
because the data collection comes from professional association that might limit the
opportunity of the input from other sources, which could be a biased representation.
Finally, the cost-effective way of conducting this research has rendered our sample size
being limited although 30 participants could satisfy a sample size requirement
statistically.

Significance

To address the problem of lag-behind in digital transformation, impact of digital
disruption on leadership, and management effectiveness as well as organizational
performance (Kumar, 2015; Kane et al., 2016), many companies are setting up corporate
venture capital funds to tap into the digital ecosystem (Sibanda & Ramrathan, 2017).The
ecosystem, according to Jacobides et al. (2018), can be categorized into stream of

business, innovation, and platform with each stream focusing on a unique interactive
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dimension. The platform ecosystem takes a “hub and spoke” form to allow firms to be
connected to a central platform via shared or open-source technologies (Jacobides et al.,
2018). By connecting to the platform, firms can not only generate innovation, but also
gain access to the platform” marketplaces where the platform participants foster
entrepreneurial action under coordination (Jacobides et al., 2018). To address the issue of
leveraging the emerging technologies and the leaders’ capability to apply BDA for sound
decision-making is of a significance in transforming siloed system to the digital
ecosystem (Vera-Baquero et al., 2015; Sanders, 2016; Sibanda & Ramrathan, 2017). If
the supply chain operation leaders are still unaware of the emerging digital disruption
(Bughin, 2017; Skog et al., 2018), they will likely encounter a restrained uptake of digital
technology and obstructed formulation of effective strategies in the supply chain
operations (R. Ahmed et al., 2014).

A review of the literature on this topic showed a paucity of research on
approaches to leaders’ effectiveness in strategically aligning with digital ecosystem in
SCM amidst digital transformation (Andal-Ancion et al., 2003; Berman, 2012;

Sibanda & Ramrathan, 2017; Mergel et al., 2019; Oliveira et al., 2019). Through
addressing this gap, the study will contribute to the strategical alignment of

organizational leadership (Migliore & Chinta, 2017) with SCM effectiveness by
prompting a digital transformation initiative in response to the digital ecosystem

(Sibanda & Ramrathan, 2017).



22

Significance to Practice

The study will create a threshold for building a consensus on leadership
effectiveness criteria for the SCM through three rounds of questionnaires to derive at
least 51% agreement on the leadership effectiveness measurement criteria based on
digital transformation initiative (Loughlin & Moore, 1979), which findings will help
SCM practitioners in evaluating overall leadership performance.
Significance to Theory

The study will contribute new knowledge to the academic research with an
implication of theoretical guidance for the leadership effectiveness in the Big Data era.
Significance to Social Change

This study could generate greater understanding of how the product end-users
envision leadership effectiveness in context of shifting supply chain network from
transforming customer experience, operational process all the way through business
model innovation. The research could bring changes in consumer society by
complementing end-users with a group of suppliers through ecosystem-based value
creating stream instead of a single, combined offerings under a traditional buyer-supplier
arrangement.

Summary

There is an ample discussion on the big data phenomenon, impact of the overall
business society, current situation, and challenges in SCM and operations in this chapter,
each of which has been integrated into the presentation of the problem statement, together

with our conceptual model for a successful digital transformation. Background of the
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study through literature review across disciplines has reflected a need for more academic
research to provide empirically based guideline for practitioners, especially called for
thorough study on the big data that could generate competitive edge for businesses to
gain advantage. The fact that the low acceptance of the big data usage and fragmented
development of the existing I'T system in SCM continues has gone far against the trend.
New management research has shown that about 47% of the total number of indicators of
organizational performance are related to nonfinancial management (Dossi & Patelli,
2010). However, mere financial performance measurement for the leadership
effectiveness has always been a focal criterion for the SCM performance, which renders
SCM far behind the pace of digital transformation initiative. What hinders the
development of the digital transformation, how the digital transformation effort shall be,
and what solutions or suggestions could be made for the SCM practitioners become the
purpose of this research. The rationale for taking the Delphi approach has also been
elaborated based on the nature of this research.

Through the classic Delphi study, it is anticipated that the research findings would
aid SCM practitioners in theorizing leadership effectiveness measurement from the
empirical data observed from a panel of at least 30 experts in SCM as a forward-looking
view, deemed desirable, feasible, and the important use of the big data. Hence, |
examined how big data affects the digital transformation of SCM. This dissertation will
be proceeded with the following order. Chapter 1 is the introduction, Chapter 2 will be
for the literature review, Chapter 3 will be on methodological presentation, Chapter 4 on

result, and Chapter 5 for discussion, conclusions, and recommendations.



24



25

Chapter 2: Literature Review

The fast and far-reaching operational digitalization process has posed challenges
for many organizations that fall behind a decision-making mechanism transformation
(Heavin & Power, 2018). The general problem is that business leaders are lagging in the
systematic adoption of digital technologies, which may make their organization’s
performance less than optimal (Ross, 2015). The 5Vs’ characteristics of the big data are
challenging the capacity of the organizational assimilation because only 17% of the
manufacturing have implemented BDA for enhancing distribution performance in one or
more supply chain functions (Nguyen et al., 2018). The specific management problem is
that the diffusion of digital technology is outpacing the ability of leadership to adopt and
execute digital transformation strategies since traditional business models and IT in
supply chain operations have been separate and siloed in many firms (Sibanda &
Ramrathan, 2017). Many supply chain leaders are awash in the big data yet are engaged
in fragmented implementations rather than a systematic and coordinated effort (Sanders,
2016).

A review of the literature on this topic showed a paucity of research on leaders’
commitment on strategically aligning with digital ecosystem in SCM amidst digital
transformation. Therefore, there is a gap between leadership commitment at senior level
and digital transformation in supply chain operations. Through addressing this gap, the
study will assist in shaping the emergence of the platform-based ecosystem (Jacobides et
al., 2018), and will contribute to the strategical alignment of effective leadership in SCM

through a series of digital transformation initiatives in response to digital ecosystem
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(Sibanda & Ramrathan, 2017). The purpose of this qualitative classical Delphi study is to
determine how a panel of 30 subject matter experts from ISM in the United States views
the desirability, feasibility, and importance of successful digital transformation of SCM
through use of the big data.

Literature Search Strategy

The purpose of the literature review is to obtain as much evidence as possible to
address our RQs. Our search would be conducted in two stages. To begin with, we need
toidentify a series of data concepts like the origin of big data, types of data sets, analytics
skills, techniques, capabilities, leadership commitment, effectiveness, and their
relationship between leaders’ capability and the BDA. These constructs and relationships
have been drawing scholarly attention in the context of SCM.

The Business and Management database comprised of many different
disciplinaries in scholarship from Walden Library was used to search for the concepts
and evidence of the big data, analytics techniques used in the SCM of various business
sectors, the relationship among leadership commitment, leadership effectiveness, and
supply chain performance. For example, the use of the Boolean operator “AND” with
two terms, big data analytics and supply chain management”, yielded 325 peer-reviewed
articles from various disciplines that were published between 2013 and 2020. These
research are mainly reflected in the following aspects: (a) big data, (b) BDA and
decision-making support, (c) operation and SCM, (d) business processes, (e) logistics
performance, (f) value creation and competitive edge, and (g) business model and

sustainability. In sum, BDA is defined as the best SCM practices in keeping the
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organizational performance stay at its optimal level. When the question “when is the big
data analytics initially used in supply chain management?”” was entered into the Google
Scholar, it yielded 20,200 works on the topic for any time frame. When narrowing the
search to works published from 2016 onwards, we still have 18,500 papers, it seems that
the topic on the big data and SCM still prevails in scholarship. For inclusion criteria, we
will only include the peer-reviewed literature published since 2016 to reflect academic
influence on the practice.

The keywords and phrases used for the relationship search between BDA and
leadership commitment were singled out from the concepts and constructs obtained in the
previous concept search. The search strings for the keywords and phrases were set by
way of term or phrase combination. Also, the Boolean, truncating, and asterisk search
filtering skills were applied when the search strings were entered into each database for
each round of Search. The search strings were (@) BDA and leadership commitment, (b)
BDA and leadership effectiveness, (c) BDA capability and leadership effectiveness, (d)
BDA and supply chain management, | BDA and logistics, (f) leadership or management
style and organizational performance, and (g) BDA and organizational performance. The
central database sources selected were Business Source Complete that includes
ABI/INFORM Collection, Emerald Insight, SAGE Journals, ScienceDirect, and
EBSCOhost through the Walden library. Google Scholar was also used as alternative
source in this literature review Search.

With the previous Search experience, we were exposed to a broad coverage of the

subject on BDA and SCM. We decided to apply for a complete search string that
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included all the concepts and constructs in the search string by using two databases:
Business and Management of the Walden Library, and Google Scholar. The search string
(Big Data Analytics AND (supply chain OR supply chain management OR supply chain
operations) AND (leadership commitment OR leadership effectiveness OR leadership
capability) served as the keywords in this Search. We were provided with 17,000 articles
from Google Scholar. For example, when this search string was entered into
ABI/INFORM Collection database, we got 590 peer-reviewed articles. Detailed search
processes and filters used in the selected database search are indicated in Appendix A for
PRISMA.

To narrow down the articles to those with related keywords, terms, and phrases, |
applied the inclusive and exclusive criteria, per the specific rules were outlined in Table
1. For example, I limited search results within the business and social science by
removing the articles from other content providers, which generated 450 articles. Second,
I removed articles without keywords, terms, and/or phrases by title screening; doing so, |
was able to remove an additional 230 articles, narrowing down the results to 220 articles.
To be included, the articles had to be peer reviewed and relevant to the relationship
between BDA and the leadership commitment, leadership effectiveness, and/or
leadership capabilities in SCM; with this restriction, I was able to reduce the number of
results to 190 articles from the Walden Library Business Source Complete Search
database. | initially got 17,000 articles when using the same search string in the Google
Scholar search engine with the same Boolean phrases. Applying the same criteria and

article selection process under the PRISMA model, | was able to narrow down the results
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to 10 articles from Google Scholar after removing duplicates and all doctoral
dissertations through citation checks. In total, 200 articles were selected and included in
this literature review. Appendix A includes more details on the general search and
PRISMA scheme.

Table 1

Inclusion and Exclusion Criteria for Article Selection

Category Criterion
Inclusion Published between 2016 and 2020
Written in English
Abstracts that contain keywords, terms, or phrases of the search
strings
Studies that refer to the involvement of big data analytics and supply
chain management in any context
Aurticles that discuss the relationship between big data analytics and
leadership commitment or leadership effectiveness, or leadership
capabilities or decision-making
Exclusion Articles that were not found in business and management databases
Article that was not peer reviewed
Avrticles that were not from academic journals
Doctoral dissertations from Google Scholar search results
Full text not available
Keyword listing not related to the search string keywords, terms, and
phrases in combination

Note. There is no filter setting in the Google Scholar search engine. Therefore, inclusion
and exclusion criteria were manually applied by performing citation checks and scanning
search results.
Theoretical Foundation
There are several theories used in the academic research with both deductive and
inductive explanation of the big data in SCM. Given the view of forward-looking in

digital transformation in the supply chain industry, the DCT proposed by Teece et al.
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(1997) will be applied to the study as the dynamic capabilities framework is an
entrepreneurial approach that emphasizes the importance of business processes, both
inside the firm and in linking the firm to external partners (Wamba & Akter, 2019). DCT
also focuses on the importance of critical resources and good strategy that could well
address how a process of assimilation could be achieved for a successful digital
transformation in supply chain operation as part of a larger ecosystem in applying BDA
(Chen et al., 2015). The reason for DCT application assumes that the dynamic
capabilities approach as an extension of the resource-based view of the firm (Barney,
1986, 1991), which intends to explain the conditions under which firms may achieve a
sustained competitive advantage based on their bundles of resources and capabilities
(Barreto, 2010).

The phrase “dynamic capabilities” was first introduced in 1997 by Teece et al. in
their paper of Dynamic Capabilities and Strategic Management. The dynamic
capabilities were viewed as organizational ability to integrate, build, and reconfigure
internal and external competences to address rapidly changing environments (Teece et
al., 1997). The idea of dynamic capabilities, to some extent, resembles the concept of
operational capabilities that relate to the current operations of an organization, and these
capabilities pertain to an organization’s capacity to change these operations and develop
its resources efficiently and adaptively (Helfat et al., 2009).

The main assumption of the DCT is that an organization's basic competencies
should be used to create short-term competitive positions that can be further developed

into longer-term competitive advantage. For instance, in the Big Data era, supply chain
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managers can continue to utilize the existing network as their basic competency that can
be further turned into their competitive advantage through digital transformation. Nelson
and Winter (1982) linked the concept of dynamic capabilities to the resource-based view
of the firm and the concept of routines in evolutionary theories of organization in their
book of An Evolutionary Theory of Economic Change. Douma and Scheuder described
DCT as a bridge between the economics-based strategy literature and evolutionary
approaches to organizations (Douma et al., 2002).

The resource-based view of the firm emphasizes sustainable competitive
advantage while the dynamic capabilities view focuses more on the issue of competitive
survival in response to rapidly changing business conditions. The difference between
these two perspectives lies in how the process is to be defined. Hence, the strategy
scholars Gregory Ludwig and Jon Pemberton (2011) had once called for clarification of
the specific processes of dynamic capability build-up in different industries to make the
concept more useful to senior managers in some of their empirical studies (Ludwig et al.,
2011).

DCT concerns the development of strategies for senior managers of successful
companies to adapt to radical disrupt change, while maintaining minimum capability
standards to ensure competitive survival. Before digitalization, organizations that have
traditionally maintained an industry-specific decision-making mechanism are always
unable to change this process responsively when a new technology is launched. Often,
managers need to take time to adapt their routines to the most of their existing resources

while planning for new process changes as the resources depreciate (Ludwig et al., 2011).
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Similarly, the kind of changes that the theory is emphasizing are the internal capabilities
rather than only looking into the external business forces (Alojairi et al., 2019). Given the
view of DCT and its theorizing coverage, it would lay a firm ground for any
organizations that need to tap into their basic or core competencies while responsively
taking steps or measures to adapt to rapid changing environment through assimilating
both internal and external forces to derive a higher level of leadership effectiveness.
Conceptual Framework

The challenge of the big data to organizations is in two major forms; technically
the big data would impact the organizational existing infrastructure of information
processing capability, and externally, the presence of the big data has changed the way in
which stakeholders perceive, demand, and expect the service level that the organizations
have to offer. How well could the organizations as a part of a larger ecosystem adapt
themselves to this changing environment challenges the SCM leaders ‘agility to respond
to the big data and commitment on building the analytic capability for the organizations.
It is a process of mechanizing the decision-making using BDA, i.e, the extent of
assimilation determines the level of a successful digital transformation. This framework
just fits in the DCT that Douma et al (2002) and Ludwig et al (2011) advocated, they
insisted that the senior managers should be able to turn their existing resources into a
long-term competitive advantage while taking steps to new “routines” in the changing
environment. It is more of a process redefining rather than simply investing in new

technology. It calls for leadership commitment to responsively interact with both internal



33

and external forces to drive digital transformation. Only in this way, could their
leadership become effective.

To take advantage of leveraging the emerging technologies and the leaders’
capability to apply BDA for sound decision-making is of a significance in transforming
siloed system to the digital ecosystem (Vera-Baquero et al., 2015; Sanders, 2016;
Sibanda & Ramrathan, 2017). A review of the literature on this topic showed a paucity of
research on approaches to leaders’ effectiveness in strategically aligning with digital
ecosystem in SCM amidst digital transformation (Andal-Ancion et al., 2003; Berman,
2012; Mergel et al., 2019; Oliveira et al., 2019; Sibanda & Ramrathan, 2017). Through
addressing this gap, the study will contribute to the strategical alignment of
organizational leadership (Migliore & Chinta, 2017) with SCM effectiveness by
prompting a digital transformation initiative in response to the digital ecosystem
(Sibanda & Ramrathan, 2017). The study will create a threshold for building a consensus
on leadership effectiveness measure for the SCM, which findings will help SCM
practitioners in redefining the concept of leadership performance. The study will also
contribute new knowledge to the academic research with an implication of theoretical
guidance for the leadership effectiveness in the Big Data era (Arun et al., 2020).

Literature Review Related to Key Variables and/or Concepts

Literature review have enabled us to be more knowledgeable about the role of big
data and its impact on business practices. From evolution of the big data all the way
through digital transformation across entire world, the big data has brought in upside

down changes in every aspect. Patterns of change and emerging themes could be found in
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every sector of industries as drawn from these literatures. Given our literature review
coverage, we can categorize the evolution of big data into the following patterns and
themes.
Evolving Definitions of Big Data

Andrea De Mauro et al (2016) and Lee (2017) both conducted research on the big
data evolution, its development and definition, they used different research
methodologies in their research, but found the similar result. Andrea De Mauro et al
(2016) studied 1,581 literature sources and found that there were four prevalent themes
on the concept of big data. Big data has its root in the following aspects. They are from
information, technology, method, and impact. These four areas are aggregated into big
data that has brought in many data-related activities, events, programs, paradigms.
Models, and social changes (Andrea De Mauro et al., 2016). Several versions of big data
definition in the past, each of which addressed the big data not to the full feature of it.
Hence these definitions are not complete. However, after thorough review, they have
been able to come up with the most complete definition for the big data so far, which
findings increased the need for advanced technology that could transform these data into
value. Lee (2017) used descriptive study on the big data development from early stage all
the way through current situation and found that each evolutionary stage was
characterized with a major theme from the Big Data 1.0 to the Big Data 4.0, during each
growth period, the big data was accompanied with a focused application from simplicity

to complexity. As such, BDA becomes both a benefit and challenge in business
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operation, marketing, customer service, and privacy, each of which needs a lot of further
addressing.
Impact of Big Data on Organizational Change and Performance Management

Changes in communication have taken places in all walks of life along with the
development of digital platforms and phenomena like the internet, media, and the Internet
of Things (loT), which have created a huge amount of text-based data. These data contain
patterns, trend and meaning. Rob (2014) explored the evolution of big data from its initial
emergence all the way through its impact on current way of knowing things and found
that previously science-driven knowledge was replaced by data-driven science since
many paradigms of current days arise from BDA, and this analytics could accurately
predict result such as customers’ buying behavior, sales demand forecast, transportation
scheduling and more, they are all generated from historical data. Now the knowledge
production shifts from science-driven to data-driven.

Bail (2014) conducted how the big data even shifted social scientist in their
research, and the digital development has resulted in digital humanities in cultural
sociology. However, computer scientists lacked theoretical frame to guide generation of
test-based analysis for cultural sociologists, whereas the cultural sociologists did not have
methodology to retrieve these large amounts of data, so he called for the big data
scientists and cultural sociologists to complement one another since the computer
scientists lacked theoretical frame to guide generation of test-based analysis for cultural
sociologists, whereas the cultural sociologists did not have methodology to retrieve these

large amount of data. Kuoppakangas et al. (2019) and Pugna et al. (2019) conducted
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qualitative research on organizational change and performance management respectively,
they both used thematic analysis in their case studies and found that the awareness,
understanding, and perception of the big data were the key to organizational
transformational change in digital culture. Their studies implied that the big data
application though in trend in organizational change, it is not the only force that drives
organizational change, the change effort depends on the readiness of the organizational
agents (Kuoppakangas et al. 2019); Pugna et al. 2019).

The research on the big data application in the process of organizational change
and performance management highlight the need of executive commitment for the digital
transformation. In customer relationship management CRM), the big data is the critical
success factors in CRM that has been underpinned by big data-enabled CRM. Zerbino et
al. (2018) explored how the big data-enabled strategical CRM, they found that CRM
planning, infrastructure, insight from data management, CRM project and organization
were important factors that were big data-enabled. They addressed the importance of bid
data-enabling factor in successful CRM performance. Furthermore, the feeling about a
brand can be generated through social media that impacts company image. The brand
image is affected first from the reflection on a single product, then spreading onto the
entire branding because brand sentiment characterized with four dimensions (need to get
back to the article to check what are four dimensions are) bring about both positive and
negative impact on the brand itself depending on how the social media convey messages
through tweeter (Shirdastian et al., 2019). Influence has also stretched into human

resource management. Pera (2019) compared result out of several reports on HR
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management via BDA and found that the organizational performance was 50% higher
than those who did not use BDA (Pera, 2019).
Big Data as a Driver of Business Innovation

Many business leaders feel hard to initiate the big data technology investment,
and this situation is often found within supply chain operation as supply chain
practitioners are reluctant to change due to ambiguity in recognizing potential benefit
(Arunachalam et al., 2018). However, science-driven knowledge has been replaced with
data-driven information that has empowered many emerging businesses from launch to
thriving, and this trend continues to give birth to new business models (Rob, 2014).
Evidence has shown that the success of emerging industries is largely due to constant
innovational ideas generated from BDA. Ettlie and Sanders (2017) studied why
innovation theory was ungeneralizable and discussed the relationship between big data
and innovation. They thought disconnection between innovation and practice was due to
many interdisciplinary approaches to science and problem-solving has been in its current,
vague form, and called for innovation process and “big idea” shall be initiated from
industry, not from academia (Ettlie & Sanders, 2017).

Moreover, Erevelles et al (2016) approached innovation idea through digging into
what were unknown, they applied ignorance-based view for driving innovative ideas.
Business shall not only build up an organizational culture that facilitates the process of
extracting, storing, organizing, collecting, and analyzing the big data, but the
organizations shall also understand what they do not know (ignorance). With a view of

ignorance-based perspective to explore what would be the driver for innovation,
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Erevelles et al. (2016) found that ignorance-based view was the prerequisite for
innovation, creativity, and performance. What this research indicated has informed
practitioners to look for what is not known, a starting point to initiate innovative process.
However, in real world, the established businesses seem to have known everything,
leaving no room for innovation.

To find out how the big data would promote organizations for innovation and why
there were large difference between leading organizations and that lag behind, Marshall
et al. (2015) conducted research with a survey from 341 respondents on questionnaire
concerning usage of big data, analytics tools, and measurement metrics used, there
appeared three distinct groups in terms of the big data application, and innovation. These
groups are categorized as leaders, strivers, and strugglers (Marshall et al., 2015). The
report indicated that there was a big difference in those who could take advantage of the
big data application. Study by Marshall et al. (2015) highlights the importance of
organizational commitment on big data application through investing in employee
training, building organizational culture based on innovation metrics measurement, and
facilitating innovation idea across the board.

The source of innovation comes from the big data and business analytics.
Empirical study in this respect can be found in many literatures. To enable
manufacturers’ agility that would generate competitive advantage through the big data
and business analytics, Gunasekaran et al. (2018) surveyed four manufacturing

companies in UK in their explorative case study and found that agility of a company
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reflected in the four aspects: system design, supply chain, manufacturing technology and
organizational empowerment.

Also, the big data is considered as a driving force for innovation. As the
conventional way of intelligence still prevails, but gradually and surely it will be replaced
with an increasing demand in embracing data sharing for innovation across industries.
Witjas-Paalberends et al. (2018) used a quantitative questionnaire to rank challenges in
the order of number of frequency that challenge appeared from a panel of expert in the
health care industry, then formed a focus group from eight key opinion leaders, four of
them completed questionnaire, and the other four were not asked in the questionnaire so
that they had different interview background. The study indicates the effect of big data on
the innovation initiative in the health care sector, which shed light on the big data and
innovation.

Literature review has shown more studies on the relationship between the big data
and innovation, the major theme has been centered on how the big data prompted
innovative ideas in different sectors of businesses. Goldsby and Zinn (2016) informed
several representative technological advancements in SCM. The disruptive technologies
not only change traditional operational pattern, but also changes the way in which
organizational structure, culture, and management and or leadership had been built
(Goldshy & Zinn, 2016). The disruptive technologies have changed SCM in a fast than
expected model and it needs our attention to be paid closely since these technologies not
only impact SCM, but also, they show up quick and newer tech replaces the old quickly

as well, which phenomenon renders scholars hard to observe, and explain (Goldsby &
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Zinn, 2016; Krittika et al., 2017; Len Tiu et al., 2019). Drawing upon these studies, we

can conclude that the characteristics of big data drive innovation between
product/services and customer demand.
Big Data and Business Intelligence

Digitalization has brought in many changes in business world. Online marketing,
shopping online, internet transaction, social media, and Zoom meeting, just name a few,
have been of prevalence in our daily life. In the past, many statisticians had to dig into
various historical data to predict future action in decision-making. However, this entire
situation has been changed by big data. Increasing data continues to stream online, and
many businesses have relied on BDA to generate business intelligence, CRM, ERP, and
other important business systems. How to make the best use of these various data varies
with industrial preferences.

Some scholars studied how to turn big data into marketing mix intelligence
through data source identification, method, and application (Fan et al., 2015). Khan and
Vorley, (2017) researched literature of 196 articles from 2013-2014 through
categorization, visualization and interpretation and found that analysis of text messages
was a very valuable way to generate new knowledge to gain competitive advantage for
the institution and better knowledge management. To find out how social media plays an
increasingly important role, Ram et al. (2016) administered a questionnaire, together with
interviews from across-industrial sectors to see the impact of social media on business
performance and found that the social media development and its widespread usage

created a new stream of data source that further aided the business decision through
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business intelligence effort. The characteristics of structured and unstructured data set
from social media necessitates the business to have BDA to aid business intelligence in a
more and more rapid speed (Ram et al., 2016).

In sum, the prevalence of internet thing has made businesses to take advantage of
BDA through a good number of sources to generate business intelligence in decision-
making process, which enables organizations to gain competitive edge in many respects.
However, there was once a confusion in knowledge management because people cannot
tell if knowledge management (KM) is part of big data or the big data is part of KM.
Pauleen and Wang (2017) clarified the difference between these two constructs as they
considered that the big data, though creates knowledge, is subject to context within which
the knowledge is based on.
Big Data Analytics and Supply Chain Management

Literature review enables us to catch up research advancement of big data and
SCM. Many well-known scholars and practitioners have presented numerous
observations in application of the BDA techniques for SCM decisions. Most of the
research have been focused on how the big data thing aided SCM logistic operations,
transportations, after-sales service, how to take advantage of the BDA to gain innovation,
and how investment on IT technology renewal shall be necessary, but few were engaged
in studying the relationship between leaders’ commitment in building organization-wide
capability and BDA culture fostering.

Our literature review, however, will be weighed more on the empirical study of

why leaders’ commitment is critical in building up organization-wide BDA capability to
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outperform conventional wisdom. Arunachalam et al. (2018) conducted a literature
review to seek out pattern of SCM capability maturity model and found that large volume
of data generated in the process of prior stages made the data become so magnitude that
traditional way of dealing was not able to handle it thereby causing the SCM short of
advanced IT technology. Big data is characterized with 5Vs (volume, variety, velocity,
veracity, verification) that prompts the need of computationally analytics, but many
supply chain organizations were technically limited to handle these data, which was the
main reason making the SCM under maturity.

Since prior research were all about theoretical application, very little had been
related the use of big data empirically, Brinch et al. (2018) conducted research to seek out
empirical evidence of what big data application could do for SCM and found that the big
data application has brought in benefit for SCM in several specific area (planning,
marketing, and customer service.). Wamba et al. (2017) studied the relationship between
big data analytics capabilities and firm performance focusing on the mediating effect of
firm dynamic capability. They identified a causal relationship between the variables. Big
data analytics capabilities were comprised of three capabilities: infrastructure,
management, and personal expertise. This research finding addressed the gap between IT
capability and firm performance in terms of BDA capability. Another reason of being lag
in SCM comes from different buy-in among supply chain managers. Robert Glenn
Richey et al. (2016) studied the influence of big data on supply chain, they interviewed at
three respondents from each country, and collect data from interviews, then coding each

answer to the interview by category to see if there were any consensus in the way in
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which the big data was understood among supply chain managers from different
countries. However, they found that the understanding of big data varied with their
expertise perspectives in the industry.

Moreover, Frederico et al. (2019) argued that the supply chain 4.0 shall be part of
the framework in the evolution of industrial 4.0, they thought that at least BDA as part of
industry 4.0 shall be considered in the evolution of supply chain 4.0. However, supply
chain 4.0 has not been evolved at the same pace, the current evolution of supply chain 4.0
still at its growth period compared to industry 4.0 (Frederico et al., 2019). Again, Wamba
et al. (2019) argued that big data-driven supply chain required firm to quickly take
advantage of organizational existing competence through analysis of big data, Bradlow et
al. (2017) studied the role of big data and predictive analysis in retailing industry,
Shamout (2019) tested the relationship between supply chain analytic, innovation and
robustness capability in SCM in his quantitative study, and concluded that the supply
chain analytics from the big data brought about supply chain innovation, and innovation
brought about robustness capability.

There were a series of organization theories being used and developed during the
Big Dataera. To explore how and to what extent the organization theories have been used
and developed, De Camargo Fiorini et al. (2018) found that 19 theories that have been the
major framework in discussing about the big data and organizational performance, other
theories were also found with evidence, but with little impact. Their research findings
have both provided us with a system view of theories used in addressing the big data and

organizational performance, and it especially tells us how the big data has impacted the
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SCM through the lens of organizational theory series. More studies in this regard from
other scholars and practitioners echoed similarly in calling for the big data application in
routine supply chain operation and decision-making process, and at the same time, these
scholars weighed leadership commitment heavily in roll-out organizational digital
transformation effort.

Our literature review has revealed some patterns in terms of methodologies used,
theories applied, and resulting themes. Among the twenty-two articles on this topic, more
than half of the research were done in quantitative studies, Delphi method was commonly
used for building up consensus from expert opinions from various industries to seek
common ground in both theory and empirical observations. BDA has been most helpful
in the areas of logistics, services, planning, uncertainty reduction, and the promotion of
sustainable SCM, each of which requires a reduction of information processing
requirements and an increase in information processing capability (Brinch et al., 2018;
Kache & Seuring, 2017; Romann et al., 2017; Tseng et al., 2015; Vidgen et al., 2017).
Building of organization-wide capability in application of BDA is vital for the SCM
performance because there were 43 kinds of opportunities and challenges confronted by
the supply chain industry (Kache & Seuring, 2017). Another theme lies in theories
applied in this research. Resource-based view, knowledge-based theory and DCT are
frequently taken to frame the research for the relationship between the big data and SCM
performance in addition to other theoretical models. Systematic review is the major

pattern of research, making the study very empirical to some extent.
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Data-Driven Supply Chain Operations and Performance

BDA has been considered as an analytical tool through computer algorithms and
techniques to derive meanings, insights, patterns from the collected large data sets (Jeble
et al. 2018; LaValle et al. 2011). Application of the BDA is increasingly turned out to
prevail in the SCM in terms of delivering value, improved business performance and
competitive advantage (Wamba et al. 2017). Manyika et al. (2011) mentioned that BDA
might lead to a new movement of productive growth by transforming economies. In fact,
BDA has enabled new ways of organizing and analyzing supply chain processes to
enhance performance (Hazen et al. 2016; Waller & Fawcett 2013), build up
manufacturing capabilities and improve customer satisfaction (Anwar et al., 2018).
Studies have also been found that the BDA has a positive influence on the firm
performance (Gunasekaran et al. 2017; Wamba et al. 2017), sustaining competitive
advantage (Chen et al., 2015) through cost reduction, improved decisions, and
improvements in products and services (Matthias et al. 2017).

These are all the facts that the supply chain operation is driven by BDA, hence the
term “data-driven supply chains.” Yu et al. (n.d) tested the existence of relationship
between data-driven supply chains and financial performance using Likert 7-point scale
pattern and collected data from manufacturing sector located in five regions in China,
through two hypotheses, quantitative method under the resource-based view framework,
and found that coordination and responsiveness are significantly related to financial
performance, whereas activity integration and information exchange are not positively

associated with financial performance. The findings from this study are consistent with
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the fundamental principles of the resource-based view theory that the relationship
between data-driven supply chains and financial performance exists.

Gupta and George (n.d) conducted two studies, one as pilot study to see if there
exist any validity of the testing from the data collected from data managers. The second
study based on the result of the pilot sample, they further test the relationship between
tangle, human and intangible aspects that build up company’s comprehensive capability
in lens of RBT view, and concluded that how big data could build up a firm competitive
advantage not only through investment, but also through the organizational capability of
learning, availability of big data —specific technical and managerial skills, and culture
where insights extracted from data are valued and acted upon. The research by Gupta and
George (n.d) sheds light on how to build up BDA capability in organization. Corte-Real
et al. (2017) found strong relationship between BDA application and organizational
agility as they studied relationship between big data value and organizational
performance in terms of sustaining competitive advantage.

To find solution for improving organizational performance, Vera-Baquero et al.
(2015) used an empirical data set through a cloud-based information sharing system
across diversified organizations to show the power of making use of big data, and how
important business organization shall accommodate to growing demand for big data-
based business analytics. Studies by Mandal (2018), Sundram et al. (2018), and
Gawankar et al. (2020) are each focused on relationship between the big data-driven
analytics and supply chain performance with different emphasis. The central issue seems

to be the capability of information management in the organization. In other words, many
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supply chain organizations have invested heavily on IT technology, infrastructure buy-in,
and hiring data expert, but the research findings show up a different result.

A close look at the issue, we find that acceptance of the big data thing at
executive level is turned out to be a decision for front line managers in making the use of
BDA, which resulted in many investments underperformed in supply chain operations.
The research findings indicated that organizations simply invest in BDA would not
influence performance alone (Mandal, 2018), which study sheds light on the impact of
the big data management capability on supply chain performance. Therefore, the big data
management capability in supply chain activities means entire organizational capability
in making use of BDA.

Big Data Analytics and Leadership

The ability to communicate technical insights to team fellows is one of the vital
leadership skills that comes with an understanding of data analytics. Empirical studies
have otherwise showed a different story. Silahtaroglu and Alayoglu (2016) conducted
study on the popularity of information system (IS) application at company executive level
through interview and literature review. The fact is that only two out of ten companies
have taken advantage of BDA to make strategic and tactical decision on a partial
application of information system in Turkey. Most of the executives who made
strategical and tactical plan or decision do not based their strategy on BDA. The main
reason is that most of executives still do not place full trust on the big data due to lots of
reasons like data being not cleaned or needs purification process, even few executives

still believe in their own experience when making decisions. The study reveals how and
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what still hinders the digital transformation in practice. Also, study on the relationship
between the big data and strategic leadership within the theoretical lens of data as
currency reported that the level of IT understanding perceived by the C-level executives
determined the degree of their decision-making (Migliore & Chinta, 2017).

However, Raut et al. (2019) presented us with a different view on the use of BDA
on how to become greener, sustainable SCM at executive level. The research was in
quantitative study on the relationship between BDA and sustainable operation in supply
chain, using state, central governmental policy, management, and leadership as variables
with BDA as moderator. Seven out of nine factors are contributing to sustainable
operation with moderating BDA, and they found that sustainable operation depended on
how BDA was utilized in sustainability effort. This empirical study provided us with a
detailed explanation of how to implement greener effort in management and leadership in
SCM. Dong and Yang (2020) found market performance from synergy between big data
and firm resources in terms of complementarity when they studied it through social
media diversity and BDA combined. The interaction of combining social media and BDA
existed, and such effect turned out to be large in small- and medium-sized enterprises
than that of large firms (Dong & Yang, 2020), which means that value creation in digital
time needs managers to pay more attention to social media diversity rather than simply a
broad concept of the big data.

The effect on leadership can be further observed in the literature. Merendino et al.
(2018) studied the impact of big data on board decision-making; they invited 20 senior

managers to participate in the interview process thereby to generate theme in the RQs.
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Different interviewers conducted the interviews, one at a time with the same interview
questions. From the response by the respondents, they were able to generate three
categories with each representing an area of concern in big data applications. Through
theme analysis, they were able to figure out three core categories for trigger the dynamic
and adaptive capabilities that support strategic decision-making, which fills the gap in the
literature for big data’s impact on senior level decision-making factor change. BDA
adoption at executive level has never been an easy agenda since many organizational
decision-making is still a final say from the top executives, which creates a curiosity.

To find out what the factors are and how they are important in the order of the
organizational decision-making processes, Yadegaridehkordi et al. (2018) conducted
quantitative study, using DEMATEL-ANFIS framework. Their questionnaire was
categorized in three subjects on technological, organizational, and environmental factors,
then they analyzed the data with the aid from DEMATL-ANFIS technique. data collected
from the managers of various manufacturing companies across Malaysia through survey
and ranked factors in the order of importance in the organizational decision-making
process. They found that the technology was ranked the top for considering big data
adoption compared to organizational, and environmental reasons, which provided us with
a concept of factorial impact on the adoption of BDA.

Another quantitative study by Verma et al. (2018) on the relationship between
attitude toward BDA and intention of BDA usage within technology acceptance model
TAM, they used survey questionnaire and distributed it to managers, IT leaders across

industries in India to test their assumption. They set up nine hypotheses, with six
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independent variables that drive the dependent variable (intention of BDA usage) and
found that six independent variables that drive the dependent variable (intention of BDA
usage). They concluded that intention of BDA application was driven by the belief in
BDA benefit and user’s attitude, which findings provide practitioners with the clue of
how to drive big data usage by fostering user’s belief in the benefit of the big data and
assurance of external information quality. Examples of how BDA was used in SCM in
Brazilian industry was also reported by Francisco et al. (2019) when they recalled the
development of the big data and proposed a series of challenges facing further
explorative use of the big data. This report is of a good source for big data in its trending
usage, and complex concern that needs further address.
The Role of Big Data Analytics in Industry 4.0

BDA uses advanced computing technologies on large volume of various data sets
to uncover valuable correlations, patterns, trends, and preferences for companies to make
better decisions. Historically, we have experienced three waves of industrial revolution
from the first one all the way through the fourth industrial revolution, which is now
referred to as industry 4.0 (Hermann et al., 2016). Recalling the prior three industry
revolutions, it is all about speed efficiency advancement. The fourth one is both
advancement of speed efficiency and intelligence. Industry 4.0 is referred to as the
connection of machines, systems, assets, and organizations to create smart grids along the
value chain to control the production processes autonomously. Within the Industry 4.0

framework, organizations will have the capacity and autonomy to schedule maintenance,
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predict failures and adapt themselves to new requirements and unplanned changes in the
production processes (Jazdi, 2014).

Industry 4.0 requires the adoption of proper big data technologies that be
integrated to fulfil the data collection, storage, processing, and analysis needs (Santos et
al., 2017). As the supply chain heads toward digitalized SCM in industry 4.0 (Hofmann et
al., 2019), BDA still plays irreplaceable role in areas of smart factories, where sensor data
from production machinery is analyzed to collaborate between machine and human
beings for operations. Tjahjono et al. (2017) conducted a preliminary analysis of the
impact of Industry 4.0 on SCM, aiming to provide a thought towards Supply Chain 4.0
through literature review of all sources. Analysis of the theoretical review was limited on
procurement, warehousing, transportation, and order fulfillment, they come up with many
potential opportunities and threats facing the factories of future in Industry 4.0
environment. Of these four areas, most affected are the order fulfilment and transport
logistics with 53.84% of the impact of the technology being opportunities, while the
reminders being opportunities or threats (Tjahjono et al., 2017). Transport logistics has
61.54% of the impact can be identified as opportunities, 7.69% being threats and the rest
being opportunities or threats (Tjahjono et al., 2017). Concerning warehouse, 66.6% can
be opportunities and 33.3% can be opportunities or threats (Tjahjono et al., 2017).

Finally, within the procurement function, Industry 4.0 shows 71.43% of opportunities, the
remainder being opportunities or threats (Tjahjono et al., 2017). The implication of these

findings give rise of alert for SCM executives since almost the other half are the threats
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that have been either overlooked or ignored, which raises the question of why SCM is lag
behind in the big data utilization.

To explore the impact of industry 4.0 on SCM to fill the gap in the existing SCM
theory, Hofmann et al. (2019) reviewed 26 articles on the impact of Industry 4.0 on SCM
and came up with the four themes identified. They are digitally dominant paradigm in
SCM, changed procurement landscaping, real-time data processing in SCM, and manual
labor replaced by automated robot (Hofmann et al., 2019). Each of these four themes
proposes challenges for SCM executives due to increasing automation, transparency,
communications and decreasing manual labor in products and services that were
traditionally handled at different levels of operations. How supply chain executives are
going to spot gaps between them, monitor the efficiency of production, and to plan future
action from descriptive-based reporting to predictive analysis remains challenging. The
development of the 10T would eventually bring about the industrial loT (110T) where a
series of changes would take place from a simple internet thing to a complex networking.
Within this network, the integration of BDA process into 10T would be value creation
that maximize profitability. ur Rehman et al. (2019) studied on the trend of BDA under
I1oT environment, and concluded that the integration of BDA into 110T, there involves
eight steps, with each sub-system aggregated becomes a technological ecosystem
(Hofmann et al., 2019).

Within this ecosystem, opportunities, research challenges, and future technologies
emerge and complement each other in I10T environment, which predicts the future IT

development and where value creation could be arising from. How Industry 4.0 would
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work in a data-oriented operational system, Santos et al. (2017) presented a big data
system that implements and validates a specific set of components of this architecture,
using the ongoing work on a multinational organization (Bosch Car Multimedia — Braga)
as a case study to show the big data model system. Big data architecture is comprised of
several layers, each with specifically proposed architecture, and specific components for
those layers, they were then integrated into a data workflow from data collection to data
analysis and visualization (Santos et al., 2017). The case study on Bosch demonstrated
how each component in the big data architecture complement one another to assist
decision-making from data collection all the way through data analytics and visualization,
serving a comprehensive goal of decision-making.

There has been more literature on the trending of Industry 4.0 study, all of which
are centered on the impact of businesses, and opportunities and threats facing the
factories of future including supply chain operation. we just listed a few for
acknowledgement. In the context of Industry 4.0, leaders and managers including top
executives need to adapt their skills to the needs of the Factories of the Future. The
manual labor will be replaced by automated robots, raising new challenges to SCM
decision-makers, in an environment of huge technological variety and challenges
(Hermann et al., 2016). In sum, when operating under the industry 4.0 environment, what
SCM practitioners should think about is not new technology, but of how to organize, and
schedule operations in a smart way given three levels of integration; the cyber-physical
objects level; the big data infrastructure and models of machine learning and human

intervention; and the services based on the available big data (Drath & Horch, 2014).



54

Nowadays various sources of data structured, semi-structured and or unstructured
continue to stream both online and offline. With advanced technologies, these data are
either turned or integrated into existing business intelligence, CRM, ERP, and other
important business systems, which gives rise to BDA for every industry and business.
With Industry 4.0, and further digitalization that makes automation connected with
human intervention possible, this brings disruptive innovation of the SCM into concern.
Even though the impact has not been felt by most supply chain operations and SCM
leaders and managers, some companies are striving to see how that impact can come to
play soon.

We have reviewed most recent studies on SCM and big data. The presence of big
data from its initiation to a fast evolution has been so disruptive in every step of the way
leaving the businesses far behind, especially in supply chain operation. Empirical
observations have also showed that many organizations that quickly adopted changing
strategy have been able to outperform by applying BDA, building data analytic skills, and
investing on new IT thereby gaining competitive advantage, becoming more intelligent,
and being an industrial leader. However, none of the observations has been paid attention
on the leadership commitment. Therefore, there is a gap between the digital capability
building and leadership commitment. The aim of this research paper is to identify the
challenges, factors and or elements that result in being lag behind in digital
transformation in SCM through addressing the digital capability building and the

organizational leadership commitment in terms of desirability and feasibility under the
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Big Data era. Our research findings will fill this gap and contribute to the knowledge of
BDA and leadership effectiveness for SCM.
Summary and Conclusions

Literature review, though inadequate from exhaustive coverage, has enabled us to
see the progression of academic development within the SCM research arena, and
informed us of the theories applied, commonly used research methods, research findings
and results that have improved the SCM performance and enhanced practitioners’ ability
to innovate, create new business processes and models, and initiate social changes. To
synthesize, the studies from 2014 to 2020 demonstrated following strengths and
attributes. Most of the research is conducted using literature review with meta-analysis.
Deductive approach in quantitative analysis is found to be a main theme in research
method. Resource-based view, knowledge-based view, DCT, systems theory, and
sustainability are the most frequently applied framework. Delphi studies are a commonly
applied research method in addressing RQs about consensus, recognition, and awareness
of a new technology and or solutions to the problem in question. Case studies and
hypotheses are used to show examples in testing authors’ theories for the relationship
between what was observed and empirically found. In addition, the literature during these
periods is found to address more on the impact of the big data on supply chain operation,
SCM, and frontline managers and fellow workers, very rare or little attention is paid onto
the top executive commitment when addressing the need to build organizational

capability in using BDA.
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The BDA seems to be a tool only for mid-level leaders, frontline managers, and
fellow workers, leaving the top executive commitment behind the BDA capability
building. Therefore, organization-wide, it is hard to foster a data-driven culture in SCM
platform. Finally, much research is conducted in a regional effort, and most of the
research are found to have a low response rate when questionnaire and survey were
administered, all of which have rendered this research with limited generalization. The
aim of this research is to explore challenges that cause the pace of SCM lag in the use of
BDA so that we could fill the gap between BDA capability building and leadership
commitment for the measurement of effective leadership. The chapters that follow will be
organized as methodology, research result and findings, discussions, limitations, and

conclusions.
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Chapter 3: Research Method

The purpose of this qualitative classical Delphi study is to determine how a panel
of 30 subject matter experts from SCM professionals in the United States views the
desirability, feasibility, and importance of successful digital transformation of SCM
through use of big data. In Chapter 1, we have introduced the development and impact of
big data that have changed peoples’ life, market condition, and social environment
(Barkham et al., 2022), these changes force organizational leaders rethink business
processes to make right decisions. Adaptation, digitalization, transformation, agility,
assimilation, big data, and ecosystem are common terms in organizational change agenda.
Therefore, the problem statement, RQ formation, aim of study, theoretical framework
application, and significance and limitation of the study are each discussed in association
with the challenge facing the current SCM status quo given the 5Vs of the big data
proliferation that forces businesses adapt to this changing environment.

Research Design and Rationale

The research question for this study was “How does a panel of at least 30 subject
matter experts from supply chain management professionals in the United States views
the desirability, feasibility, and importance of successful digital transformation of SCM
through use of the big data?”” The central constructs in this research question are
desirability, feasibility, and digital transformation under the Big Data era. To understand
these constructs, we need to see what these constructs mean in the context of SCM.
Alternatively, what does it mean by desirability, feasibility in a successful digital

transformation? There have always been new findings and implications from empirical



58

research in literatures that inform businesses across industries on how to adapt to the
changing situations. Old patterns are often replaced with new models, products and
services that were once impossible can now be easily accessible through digitalization,
and digital revolution has brought many impossibilities to possibilities.

All these developments are due to innovations and creativity in the Big Data era
(Del Vecchio et al., 2018), which drives business leaders to rethink of the business
models. The definition of digital transformation has been so far inconsistent from
academic and practical view (Morakanyane et al., 2017), its meaning varies with
organizational digitalization agenda. How shall experts from SCM view, perceive, and
interpret a success of digital transformation would provide us with insight of
digitalization in SCM arena. Since this research is grounded on forward-looking
perspective on how digital transformation in the Big Data era would impact performance
of supply chain operation, we choose Delphi design to answer our RQs. The rationale of
taking Delphi method to conduct this research is based on the nature of the Delphi
method that it is used to forecast, predict, evaluate result from decision-making process
(Linston & Turoff, 2002).

The Delphi method was developed by RAND Corporation during the 1950-1960s
(Rescher, 1998). The name Delphi originated from the ancient Greek myth about the Sun
of God Apollo who had the ability to predict the future. In 1946, RAND used this method
for the first time to make predictions, and later this method was soon recognized widely
(Ju & Jin, 2013). The Delphi method is also known as a structured communication

technique using a systematic, interactive forecasting method that relies on a panel of
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experts. It is a method of presenting a particular issue to a group of experts who are asked
to offer their opinions through back-to-back communicational loop for problem-solving,
then these experts’ opinions are collected and summarized, and sorted out in an
aggregated way. The aggregated opinions and predictive questions are fed back to the
experts anonymously for further opinions. The experts revise their original ideas based on
the aggregated opinions, then correct their early answers. This iterative process last two
to three rounds, then the response would gradually become a more converged idea
thereby we can derive consensus.

The Delphi method is based on a systematic procedure of communication within a
panel of experts by anonymously expressing their opinions (Y ousuf, 2007). For our
dissertation study, the selected experts do not discuss face to face with each other,
instead, they can only communicate with the facilitators or researchers who are their
contact windows. Through multiple rounds of surveys, the experts’ opinions on the
questions raised in the questionnaire are summarized, revised, and sorted out to look for
consensus pattern. Hence, the Delphi method is purposefully chosen and considered
reliable for our study.

To check how many research on SCM were applied with Delphi study, we have
conducted a thorough search from the Business Source Complete database by using
Search term “Delphi” as method in the first line, the second line, we entered “supply
chain management or SCM”, we were provided with over 90 literatures in SCM topic
that were applied with Delphi method to predict, forecast the performance in SCM. Then,

we limited our search result to peer-reviewed, language in English and year range from
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2000 to 2021, we got 77 research articles on the topic. We have categorized these papers
into five main purposes, they are identification, forecasting, investigation, framework
development, evaluation, exploration and understanding. Table 2 shows a list of literature
on SCM with Delphi methodology.

Table 2

Delphi Studies on Supply Chain Management

Statistics on 77 Delphi Studies in Supply Chain Management from Business Source

Complete Database (2000-2021) as of March 31, 2021

Publication Date Main Subjects Involved Main Purpose of Study
Years Frequency % Topics Frequency % Purpose Frequency | %
2000s 15 19.48 Sustainable SC 16 20.78 Identification 27 35.06
2010s 50 64.94 IT Technology 3 3.9 Evaluation 12 15.58
2020s 12 15.58 Management and | 22 28.57 Investigation 18 23.38
Performance and
framework

development

Big data 4 5.19 Forecasting 7 9.09

application and

processing
Transportation 4 5.19 Exploration 6 7.79
and logistics and
understanding
Decision-making | 5 6.49 Others 7 9.09
Others 23 29.87
Percentage 100% 100% 100%

Another reason why Delphi method is chosen to conduct this research is due to

the uniqueness of the Delphi used for the research topic with little or even without
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existing empirical evidence or observation (Powell, 2003). Also, there is no secondary
data source accessible. The RQs in our study were grounded in forward-looking
perspective to forecast desirability and feasibility for a successful digital transformation
in SCM under the Big Data era. Literature review has been so far found mostly in the
relationship between the big data impact and organizational performance, very few
studies are found on the topic of how a successful digital transformation shall be viewed
for SCM in terms of a sweeping changes in customer experience, business model, and
organizational structure. Therefore, a Delphi approach is the best to answer this RQ since
an aggregated view collected from panelist groups could enable us to forecast future
pattern although with a subjective inference (Daniel & White, 2005). Finally, literature
review has exposed us to many studies in SCM with Delphi method, and these studies by
scholar-practitioners have brought in significant impact on the advancement of both
academic research and practical implications. For example, the research by Kache and
Seuring (2017) and Brinch et al. (2018) were not only furnished with answers to the RQs,
gap filling, but also significantly impacted the organizational performance. Through
addressing the intersections between SCM and BDA, the scholar practitioners can
provide solutions to real world problem, which reflects a practical utility of the Delphi
methodology.

Given the RQs, we need to establish criteria to evaluate what constitutes a
successful digital transformation for SCM in the Big Data era. A successful digital
transformation contains a series of elements that makes up a maturity level for an

organization in digitalization process. This maturity level can be viewed as a
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comprehensive indicator that reflects an organizational success level in digitalization
transformation. Therefore, as a subjective and qualitative method, the Delphi method can
be used not only in the field of forecasting, but also in the construction of various
evaluation index systems and the process of determining specific indicators (Daniel &
White, 2005; Ju & Jin, 2013). For this research, when we consider the importance of a
successful digital transformation, we need to evaluate the desirable and feasible elements
that are contained in the process of a successful digital transformation.

A general search engine in Google for what elements is contained in a successful
digital transformation, we were provided with several versions of it. Some researchers
listed five elements, some listed three, even some listed twelve. Among these listed
elements, we found that they were overlap or cross reference one another. And these
elements are industry-oriented, meaning organizations vary with the importance of digital
transformation given their differing agenda in digitalization initiatives. To determine
what elements are considered desirable and feasible in digital transformation, we prefer
to take nine elements in digital transformation proposed by Westerman, Bonnet, and
McAfee (2014) from MIT Center for Digital Business who categorized these nine
elements into three patterns related to transforming customer experience, operational
processes, and business models (Westerman et al., 2014). As the advancement in
digitalization, and increasing emphasis on data analytics for innovation and creativity and
proliferation of Al use and 10T, Westerman and Bonnet revisited their original 2014
version and updated these elements through further interviews, teaching and surveys with

hundreds of company executives, the updated framework for the elements reflected two



shifting dimensions that emphasize on digital capability and leadership capability in

organizational digital transformation (Bonnet & Westerman, 2021). Given evidence-

based management view, we will list these relevant elements in Table 3 and Figure 2.

Table 3

Nine Elements of Digital Transformation (2014)

Transforming Customer Experience

Transforming Operational Process

Transforming Business Models

Customer Understanding

Process Digitization

Digitally Modified Businesses

Top-line Growth

Worker Enablement

New Digital Businesses

Customer Touch Point

Performance Management

Digital Globalization

Adapted from Westerman, G., Bonnet, D., & McAfee, A. (2014). The nine elements of digital
transformation. MIT Sloan Management Review, 55(3), 1-6.

Figure 2

The New Elements of Digital Capability (2021)

Business Model

Digital Enhancements

Information-based service extensions

Multisided platform businesses

Customer Experience

Operations

Employee Experience

Experience design

Core process automation

Augmentation

Customer intelligence

Connected and dynamic operations

Future-readying

Emotional engagement

Data-driven decision-making

Flex forcing

Digital Platform

Core

Externally facing

Data

Adapted from Bonnet, D., & Westerman, G. (2020). The new elements of digital transformation. MIT
Sloan Management Review, 62(2)., p. 85.
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This comprehensive indicator viewed by the experts is equal to the weighted sum of the
elements. The importance of each element in composing a successful digital
transformation is the weight and the score of the element needs to be determined by the
subjective judgment of the expert panel.
Role of the Researcher

Given the nature of a classic Delphi design, researchers have two roles (i.e., to
plan and to facilitate the entire structured communications among a panel of experts
through anonymity; Avella, 2016). In planning stage, researchers need to identify the
discipline, creates number of groups and content design, and establish the method and
procedures of communication. For this study, we will work out a list of experts from
different disciplines and selection criteria for qualified experts such as number of years of
working experience in SCM, educational background, management tenure status or age
groups, and professional technical experience. Based on experts’ qualification and
background, we will decide number of panels and number of experts in each panel.
Detailed grouping is presented in Table 4.
Table 4

Panelist Grouping Criteria

Disciplines Organizations ISM Member Non-ISM Membership | Each Panel
Practitioners Manufacturing, 5 5 10

Retailing,

Distributing,

Transportation and
Logistics,

Wholesales and Trade

Academics Universities, 5 5 10
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Research Institute,

Consulting Firms

Government Agent Federal, State, County, 5 5 10

City

Total Participants 15 15 30

Next step for the researchers is to work out procedures and processes to facilitate
anonymous communications for each round of questionnaire, and based on the feedback
from each round, the researcher consolidates, organizes, and categorizes all inputs from
prior round for further inquiries from the experts to obtain answers to the questionnaire
through iterative involvement in the questionnaire intersperse until consensus is reached
(Linstone & Turoff, 2002).

I solicited answers to the questionnaire items from experts of ISM. Like any other
Delphi studies, there are four types of biases inherently residing in the process of Delphi
approach, each of which might unavoidably take effect on resulting judgement by the
expert panel since these experts might have been preconceived with cognitive bias,
perseverance in belief bias, anchoring, framing, bandwagon, and desirability biases
(Hallowell, 2009; Winkler & Moser, 2016). To bring these types of biases to its
minimum, for example, we will deliberately apply for group heterogeneity in forming
each panel to minimize framing and anchoring effect as the group judgement is shown to
be significantly better or worse depending on the extent to which group member diversity
is achieved (Belsky & Gilovich, 2010; Yaniv, 2011). Other biases such as desirability,

believe perseverance, and bandwagon effect will also be brought under control by using
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heterogeneity in terms of participants’ educational background, professional tenure,
divergent industrial experience and geographic disperse.

Participants in our study will be randomly selected from a pool of SCM
professionals associates based on our predefined selection criteria. These participants
have no prior direct contacts with the researcher since these SCM professionals are from
all walks of life across the United States. Some may be from academic disciplines such as
university teachers, social scientists from research institutes, some are from business and
industrial sectors like CEOs, COOs and frontline managers and logistics planners, and
even some are from government departments such as purchasing directors, buyers, and
planners whose role is in sourcing, purchasing and logistics. There is not any power
relationship between our dissertation committee and computer-assisted randomly chosen
participants. To counter against bias, a third-party platform will distribute questionnaire
and collect answers to the questionnaire so that the researcher will have no direct
connection to any of the participants during this entire Delphi study. All these measures
are in place to make the dissertation research as objective as it is supposed to be. Finally,
in view of ethical concern, this research will be completely conducted outside the
researcher’s current workplace, there are no issues regarding power relationship between
the researcher and researcher’s organization or management in terms of financial support
and authoritative dominance, meaning the research result will be in no way either

favoring or bringing harm to the organization where the researcher works.
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Methodology

Implementation of the Delphi method involves a careful and deliberate execution
of several stages. For our dissertation research, we will follow the procedures and steps
outlined by Okoli and Pawlowski (2004) as the format in which my research is to be
undertaken.

Participant Selection Logic

To begin with, we will predefine a rigorous participant selection criterion to
obtain qualified experts. In this research design, we plan to create three panelist groups
with each representing a different sector in the supply industry since there is a need to
obtain perspectives from heterogeneous sources (Linston & Turoff, 2002). In this way,
we could bring biases down to the minimum. The three panelist groups are categorized as
academics, practitioners, and government sector. Following the empirical Delphi studies
in literature, there will be 10 experts in each categorized panel, and each panel shall have
at least over half of the experts who are associate members of ISM. This design can
obtain enough perspectives from ISM membership so that we could compare perspectives
and figure out differences for analysis from both inside and outside respondents. The goal
for this type of design structure is to set up a transparent platform from which we can
obtain a reasonable degree of consensus while heterogeneity is maintained to reduce
biases. Next, we will work out a list of panelists following the Delphi methodology
guideline by Delbecq et al. (1975), identification of expert participants will be made

through the following five steps as shown in Table 5.
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Steps for Identifying and Recruiting Panelists

Step

Action

Prepare ISM membership
directory of Dallas
chapter.

Populate ISM membership
names of Dallas chapter.

Nominate additional
experts.

Rank experts.

Invite experts.

Identify relevant disciplines: academics, practitioners, government
officials.

Identify relevant organizations.

Identify relevant academic and research institutions.

Write in names of individuals in relevant disciplines.

Write in names of individuals in relevant organizations.

Write in names of individuals from academic and research institutions.

Contact experts listed in ISM membership directory of Dallas chapter.
Ask contacts to nominate other experts.

Create three sublists, one for each discipline.
Categorize experts according to the appropriate list.
Rank experts within each list based on their qualifications.

Invite experts for each panel, with the panels corresponding to each
discipline.

Invite experts in the order of their ranking within their discipline sublist.

Target size is eight to 10 experts.

Stop soliciting experts when each panel size is reached.

Note. The procedure for selecting experts was adopted from Okoli and Pawlowski (2004).

The specific actions taken in each step were as follows:

1. ldentify classes of experts through ISM membership directory to create a

nomination worksheet (Delbecq et al., 1975). The purpose of creating this

worksheet is to group expert by category before identifying them. Therefore,

we will invite a person in charge of ISM membership service who is familiar

with membership mapping and workplace concerning organizational change

to fill in the worksheet so that we could identify the most appropriate

disciplines, and organizations.
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2. Enter the worksheet with names. After the worksheet is completed, we will
enter each category with actual names of potential experts in table 5 for each
corresponding discipline, each discipline in the table represents a different
approach of identifying experts. There might be overlapping in entering the
expert names between and within each heading since some experts are known
for cross-disciplinaries.

3. Start initial contact in worksheet and request for referrals from the identified
experts. Given the name list in the worksheet, we can contact the identified
experts and ask them to refer any other experts that they know well to include
them in the selection pool. The biographical information of these experts will
enable us to understand which expert is qualified for which panelist group.

4. Qualify experts by ranking. Based on the obtained biographical information
about each expert and their disciplinaries, we will be able to categorize each
expert into three different groups, and within each group, then to create a sub-
list nomination for each category because some experts are known for
multiple roles. To place all the experts into their appropriate panelist group,
we will manually rank them given the bios and qualifications that each expert
possesses to derive a top 10 experts who will be assigned for the three
different panelist groups before invitation.

5. Invite identified experts for the research. Given the ranking derived from
aggregating the three different ranking lists, the top 10 experts in each

category for panelist building will be invited. Due to certain unforeseeable
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reason such as one or two experts drop-out, more experts than we need for
each panel will be invited so that we could have back-up list. During the
invitation process, we will expressly state the purpose of our Delphi research,
and the reason why they are identified and needed for the duration of our
study. we will contact these experts through email to begin with, then
followed by a phone call to make sure if the contacted experts have received
our invitation and check to see if they are able to participate in the survey. For
those who are interested in the survey, we will send an invitation letter to each
contacted expert who would then reply for their interest to participate by a
return email so that we could be assured of their participation. In addition, the
interested experts will also be informed of the requirement on response time,
communication channel, and procedures for feedback loop. For this study, we
will use Google Form to be sent via email for receiving and returning
questionnaire.

For each panel group, there will have maximum 10 experts in each panel, at least
half of the experts shall be from ISM associate members who are knowledgeable for the
digitalization progression in SCM of the United States, these experts are from various
organizations that include manufacturing, retailing, wholesale, government agencies,
research, and consulting firms. The reason for this design is that the perspectives from
these experts represent mainstream of the digital capability building, and we could
compare the resulting view of the ISM members with the element benchmark stated by

MIT center for digital business so that we could understand better the reason of being



71

lag-behind and challenges facing the SCM of the United States in digital transformation
under the Big Data era.
Instrumentation

Data collection in Delphi design is mainly through each round of survey
questionnaire. | administered the Delphi questionnaires by emailing via the platform of
Institute for Supply Management (ISM) or ISM professional local chapter. The selected
experts will be free to choose whichever questionnaire to answer or not to answer.
Delbecq et al. (1975) estimated that the average Delphi study could take 45 days to 5
months. However, in this study, we have all the selected participants within the United
States, this would enable us to have a shorter turn-around time. We assume that a
panelist from 1ISM membership would fill out and return a questionnaire within a few
days after the receipt of each round questionnaire. Surely it would not take long for us to
conduct analysis between each round before the next one could be sent out. Finally, we
will follow the Delphi questionnaire administrative guideline to conduct survey in this
electronic world (Dillman et al., 2014, p. 1), which process would end up with the same
validity as that by conventional mail-in answers.
Questionnaire Design

Questionnaire compilation is another important issue in the Delphi study. To
effectively work out a set of workable questionnaires, we are going to adopt the
questionnaire design by Kache and Seuring (2017) with some minor modifications
tailored to fit our research context and purpose. The questionnaire includes two main

levels (organizational and management) of questions, with each level followed by three
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sub-questionnaires that tap into desirability, feasibility, and challenges involved in digital
transformation. In this way, a pilot study will not be needed in terms of saving time and
cost. Table 6 shows the modified questions that will be administered in this research.
Table 6

Questionnaire Items

Question Subguestion

1. What are the potential implications of 1. What is the potential desirability in a
an effective leadership in digital forward-looking perspective?
transformation through the use of the 2. What are potential feasibilities in a
big data on the supply chain forward-looking perspective?
organizational level? 3. What are potential barriers?

2. What are the potential implications of 1. What is the potential desirability in a
an effective leadership in digital forward-looking perspective?
transformation through the use of the 2. What are potential feasibilities in a
big data on the supply chain forward-looking perspective?
management level? 3. What are potential barriers?

Adapted from Kache, F., & Seuring, S. (2017). Challenges and opportunities of digital information at the
intersection of Big Data Analytics and supply chain management. International Journal of Operations &

Production Management, 37(1), 10-36.

There are times when questionnaire is administered, low response rate or non-
response from the participants results in. There are many reasons why less than expected
response rate appears, one of the issues, according to Dillman et al. (2014), is that
researchers fall prey on one of the four types error (coverage, sampling, non-response,
and measurement) in the survey design. To avoid these shortcomings, and motivate
selected participants to respond, we are going to apply customized survey questionnaire
based on the knowledge about big data, data application and analytic capability, and the
IT infrastructure available in SCM. Next, the content of survey questionnaire will be
compiled based on the daily work relevant to digital transformation processes where their

organizations have undergone. For example, we may raise a question like “How digitally
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capable is your organization compared with other organizations that you know of?”.
“What steps or measures do you think critical for organizations to consider when going
from conventional to digital model?”,
Procedures for Recruitment, Participation, and Data Collection

Questionnaire administration will follow the ranking-type procedure in which
three rounds of data collection are normally taken. There are three stages involved in the
process: brainstorming, narrowing, and ranking (Schmidt, 1997). Each stage will be
divided into two phases with the first phase serving as initial data collection and second
phase as validation of the responses obtained after the categorization. we will use Okali
and Paolowski’s diagram (2004) to depict these three rounds as shown in Table 7.
Table 7

Phases of Data Collection

Phase Action

1. Brainstorming For this phase only, treat experts as individuals, not
panels.

Questionnaire 1: Ask experts to list relevant challenges,
factors and/or elements (not in any order) for digital
transformation in terms of desirability and feasibility.

Consolidate these two lists from all experts, regardless of
panel.

Remove exact duplicates and unify terminology.

Questionnaire 2: Send consolidated lists to experts for
validation.

Refine final version of consolidated lists.

2. Narrowing Down Thereafter treat experts as three distinct panels.
Questionnaire 3: Send desirability and feasibility items
(factors, challenges, and elements) list to each expert.
Each expert selects (not ranks) at least ten items on each
list.
For each distinct panel, retain items selected by over 50%
of experts.
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3. Ranking Questionnaire 4: Ask experts to rank items on each of

their panel’ s pared-down lists.

Calculate mean rank for each item.

Assess consensus from the list using Inter-Quartile Rater
(IQR).

Share feedback with each panelist and ask them to re-rank
each list.

Reiterate until panelists reach consensus or consensus
plateaus.

Result is six ranked lists, two for each panel.

Note. The Delphi study process used in this study was adopted from Okali and Pawlowski
(2004, p. 24).

In the Brainstorming Phase 1 stage, | used an open-ended questionnaire survey to
brainstorm three types of survey questions, i.e, challenges that result in SCM lag behind,
milestone that indicates the success of a digital transformation, and relationship between
building organizational business analytics capability from the big data and leadership
commitment. Given these question categories, we will ask each group to identify any
barriers or factors that result in the SCM lag behind in digital transformation within their
organizations, to list any milestone progress that they could think to indicate the success
of digital transformation in their industries in terms of desirability and feasibility, and to
comment on the rationale of business analytic capability building and leadership
commitment. The experts will be asked for giving a brief description to explain the
reason foreach question answered in the category so that we could better understand their
meanings.

In the Brainstorming Phase 2 stage, | consolidated a list of responses by the
experts from the initial questionnaire and categorize these responses into patterns and

themes. To validate our understanding of the experts’ responses, we will send back what
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we sorted it out, together with the responses that individual expert made in the first phase
so that they could review against their response to make sure that we have correctly
understand and interpret their answers. Therefore, in this phase two, we will ask experts;
1) to verify that we have correctly interpreted their responses and entered them in an
appropriate category; 2) verify and refine their answers. Without these steps, there is no
basis to claim that a valid, consolidated list has been produced (Schmidt, 1997). Often at
this moment, the experts can come up with additional items that they probably ignored
initially. After this validation process, we can be assured of the consolidations and
refinement.

The aim of the Narrowing Phase 1 stage was to understand important opinions
that different stakeholder groups indicate on the three categorized solicitations. To
narrow down, we need to ask the experts to cluster each of their responses into major
constructs/themes and rank these themes in terms of relative importance. Since some
groups of experts might view these categorized issues in SCM somewhat differently, and
some feedbacks might have overlapped cross one another, or there are potential
implications for government policy and managerial action. Therefore, our strategy is to
have groups with similar opinions reconcile among themselves which responses are the
most essential, rather than trying to elaborate different perspectives individually. By so
doing, we would be not only able to identify the reasons why they furnish me with their
answers to each category, but also generate insight into how they view the challenges and

factors more critical than that of others (Keil et al., 1998). In this specific research, their
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answers to the questionnaire indicate what essential actions would have to be taken in
terms of a success of digital transformation in SCM under the big Data era.

In the Narrowing Phase 2 stage, | focused on listing the most important
challenges, factors and/or elements for this phase. There are three constructs in this
research. That is the reason why we intentionally map the question content into three
categories. The first round of questionnaire is designed with open-ended solicitation so
that all the experts from three different panelist groups could brainstorm any challenges
and/or factors facing digital transformation in SCM, necessary steps and measures that
shall be taken toward digital transformation in terms of desirability and feasibility for
SCM, and commitment level from organizational leaders on building business analytic
capability. The first two phased questionnaire, although validated by experts, still
represent a broad coverage in their replies.

Therefore, the purpose of narrowing is to list the most important factors, steps,
and elements that they think desirable and feasible in achieving a successful digital
transformation from their prior broad coverage. Data from the prior two phases will be
fully transcribed into a spreadsheet and coded independently by applying the process for
the data reduction, data display, conclusion drawing, and verification technique described
by Miles and Huberman (1994) who suggested qualitative analysis needs to be well
documented. Therefore, the third questionnaire will be randomly arranged to cancel out
bias in the order of the item listings. Each panelist will be asked to select (not rank) at
least six factors and/or elements from each listed category that they consider important to

the success of a digital transformation in terms of desirability and feasibility in the Big
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Data era. When all panelists have returned their responses, we will analyze each panel
separately to identify the factors and elements selected by over half of the experts in the
panel; we will retain these results for each panel. This process will reduce the lists to a
manageable size. The target size for ranking will be about 30 to 48 items.

The aim of the Ranking stage in the classic Delphi approach is to obtain
consensus through the several rounds of questionnaires. | needed to have each panel
group to list their relevant factors and/or elements within each group. The reason is that
consensus is relatively easier to be reached within each panelist group than to gain a
consensus from Delphi groups (Okoli & Pawlowski, 2004). Therefore, the panel design
for consensus is the best for my purpose since the participants assigned to a specific panel
group are deliberately selected given their demographic homogeneity by the researcher,
in this way, the participants can have direct and adequate interaction over the issues in
question.

The next step in the Ranking stage is to list the most important factors, challenges
and/or elements on an individual basis within each panelist group in the order of their
priorities. Each panelist will rank their listed items to a level at which only they think
is necessary in terms of desirability and feasibility for a successful digital transformation.
Meanwhile, we will also ask the experts of each panel in this round of questionnaire to
give me their inputs as for why they rank these factors and/or elements in the order of
their preference to justify their ranking.

Finally, we will ask the experts to provide us with their ranking explanation

behind their reasoning. According to Schmidt (1997), solicitation of experts’ comment on
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their reasoning can help understand experts’ thought process from which their ranking is
derived. Another reason, from researcher’s perspective, is to gain insight behind each
ranking. Sometimes, there might be a situation where a different item ranking shares the
same reasoning at expert individual level, or there might be a case that the same
reasoning from two different experts rank the same item in a different order given their
differing perspective in the order of importance. When it is necessary for us to reiterate
for consensus seeking within that panel, we could across reference these explanations to
the same panelist group so that it is easy for them to review, revise, reevaluate each
other’s ranking to reach unanimity.
Data Analysis Plan

Completion of the three rounds of questionnaire will enable us to organize, sort,
and categorize challenges, factors and elements that have been listed in the order of their
importance based on individual expert’s responses of each panelist group. To gain
qualitative meaning of their responses, we will arrange them into two categories, i.e,
desirability, and feasibility. Under each category, we will list the items in the order of the
importance by panelist group, then we will rank them in priority order and code these
items by meaning, i.e., if the item listed by different experts share the same meaning, we
will code them the same so that we can further pare-down the list. After that, we could
figure out patterns, and from these patterns, we will be able to derive themes under each
category so that we could have a clear understanding of what stakeholders are thinking
about a successful digital transformation as business analytics capability increases and

leadership commitment in SCM is to be re-enforced. Since this is a qualitative analysis of
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the responses obtained from experts’ feedback, different researchers might have differed
interpretation of the pattern and themes that have been derived from category.

The ranking by individual experts varies with personal preference, which makes
the researcher hard to list them in the order of priority when considering the most
essential elements that shall be contained in a successful digital transformation in the Big
Data era. Therefore, we must determine the ranking in a quantitative approach. In this
regard, we will follow the guideline of non-parametric ranking by Schmidt (1997) as my
analytic technique. The reason why we decide to take non-parametric ranking principle is
that all these rankings are ordinal in nature, meaning nonparametric statistics does not
rely on numbers, but rather on the order of sorting. For this specific research, the listing
of items conveying individual preferences ranging from unsuccess to success in digital
transformation would be considered ordinal data. we will then apply interquartile range
(IQR) a statistical metric that represents the spread of data around the median. It includes
the middle 50% of the observations. If the IQR is smaller than 1, it indicates that over
50% of all opinions are concentrated inside a 1-point range on the scale (De Vet et al.,
2005). The IQR is commonly employed in Delphi studies and is well recognized as an
unbiased and rigorous approach for establishing consensus (von der Gracht, 2012).

At the end of this ranking phase, we will have six ranked lists: two from each
panel, representing the priorities that each of the panels placed on various factors in
achieving the success in digital transformation in SCM in terms of desirability and
feasibility. This rigorous process assures that the challenges, factors and/or barriers in the

list are the most essential, and that the rankings are a valid indicator of a successful
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digital transformation. Based on these results, we will be able to figure out the reason of
being lag behind and leadership strategies for a successful digital transformation in SCM.
Meanwhile the theoretical observations from the literature, together with this research
findings, we can offer propositions on desired relationships between organizational
business analytic capability building and leadership commitment in affecting a successful
digital transformation in SCM.
Issues of Trustworthiness

Delphi study is always vulnerable to criticism for lacking scientific rigor with
vagueness of concepts from experts, lack of standard statistical analytical procedures and
the findings being merely a collection of personal opinions subject to researcher bias (Ju
& Jin, 2013). It is often a challenge for qualitative researchers to demonstrate
trustworthiness in research findings with transparency in data collection and
interpretation where bias is inevitable. Therefore, we won’t intend to convince on how
we build credibility, transferability, dependability, and conformability into our research,
but to indicate what measures we have adopted to make this research finding as much
objective as to be reflective of reality. From post-positivist perspective, human
knowledge is based on a set of warranted conjecture, and these warrants can be modified
and withdrawn in the light of further investigation (Lindlof & Taylor, 2017). In this view,
our research findings can be credible, but are still subject to further empirical observation
or study. We acknowledge that biases in the research process is undesirable but

inevitable. Therefore, the researcher must work to detect and correct them as necessary
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(Katherine, 2002. p. 35-45). Given this axiological perspective, we will address the
trustworthiness of our research under this token.
Credibility

We have adopted a strict procedure for expert selection and back-to-back
qualification assessment on the part of experts before they are actually assigned into
different panelist group. The reason to phase in this process is to avoid homogeneity in
terms of sharing the same experience from one industry. Thus, the inputs from the
different panels will reflect differing views given their different work experience from
different industries. Another outcome for this type of design is that it would be less
subjective to authoritative power when these experts offer their own views because these
experts are not familiar with one another. Hence, whatever feedback from individual
expert is solely their own opinions, there is no influence among them. A big difference
for this design also comes from the entire Delphi group as each panelist group act on their
own pattern, there have no interaction between or among the panelist groups except
interaction with the research facilitators. Moreover, to ensure the interpretations of data
consistent and transparent, we conduct coding process through data analysis so that each
description abstracted from data reading is interpreted individually in the research, then
aggregate these interpretations into a reasonable understanding of the message thereby
deriving patterns and themes. Therefore, the analytical result from each round of

questionnaire is reliable in terms of coding process for each panel.
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Transferability

In qualitative study, transferability means what we measured is based on what
data we have collected (i.e., our data shall objectively reflect the reality and our research
findings can be reproducible if the same procedures are followed by other researchers).
Therefore, transferability is referred to as validity and the integrity that we applied in the
methods undertaken and the findings accurately reflect the data. In this study, we have
clearly indicated each step of the way in which | went from expert nomination, selection,
questionnaire content design and generation, administration of rounds of questionnaire all
the way through data collection, data organization and assortment, and data analysis, each
of these processes were strictly followed the guideline stipulated by Schmidt (1997) and
Delbeq et al. (1975) to prevent from data distortion and researcher’s bias. For example,
feedback from each individual expert is totally based on their own opinion, no
dominating opinion is from authoritative power since these experts do not know each
other in any of the panelist groups, they are free to express themselves throughout the
entire questionnaire administration. we treated each individual expert equally in terms of
feedback loop by my research facilitator. In coding process, we coded each entry
individually, then synthesized to derive category, patterns, and themes accordingly.
Finally, we have adopted a transparent procedure and method in the entire research
process, which makes it easy for any researcher to reproduce the same result if the same

procedures are followed.
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Dependability

We build our panelist groups by inviting heterogeneous and qualified experts who
come from different industries across the nation. Using heterogeneous panelist design
would secure the stability and dependability of Delphi results (Cornick, 2006). Given the
post-positivist perspective, a single, objective reality exists in human conjecture that is
subjective to modification and/or withdrawn (Lindlof & Taylor, 2017) since both human
beings and contexts change constantly (Wallendorf & Belk, 1989). Thus, we cannot
guarantee that our results would be repeated if we replicate the research with similar
experts in a similar context. Regardless, there shall be a boundary beyond which the
dependability would be subjective to time frame constraints. It is recommended that we
explore the boundaries of dependability by applying a longitudinal approach and
repeating investigations later when things should have changed in various ways
(Wallendorf & Belk, 1989). With the dynamics of the technology development and
business environment, results vary with time should not be surprising. Although this
might appear to be a limitation on this study, such challenge is unavoidable to all
qualitative research approaches. Furthermore, we shall know that the Delphi method is
not only used for theorizing, but also can furnish us with a snapshot of expert opinion at a
specific moment in time (Maceviciute & Wilson, 2009; Thompson, 2009). If we take this
into account for our study and combine it with a longitudinal design as deem fit,
dependability should not be an issue with the Delphi method in the research. For

triangulation, this research findings will be checked against relevant findings in the
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literature and see if my research results can be grounded in the prior empirical
observations by other scholars and/or practitioners.
Confirmability

We establish the confirmability of our research by applying several procedural
steps. As mentioned earlier, we have implemented strict criteria for expert selection from
nomination all the way through expert role assignment. In solicitation of expert
feedbacks, we follow exactly the conventional Delphi approach in which three stages of
questionnaires are administered with the follow-up rounds based on the analysis of the
prior result. The analysis of each round is a statistical process under which the experts’
feedback of each panelist group is weighted so that the order of priority or importance
can be found as a basis for the following round questionnaire. Therefore, the
brainstorming serves as an initial source for us to discover what issues are involved in
SCM digital transformation across different industries. For instance, the second round of
the questionnaire can be narrowed down to ask for major issues facing different
industries when calling for the digital transformation. To gain consensus on the topic, we
administer the third round of questionnaire focusing on prioritizing the list of issues that
each industry experiences. The entire solicitation process is leveraged with triangulation
across researchers by involving multiple analysis, planning, execution of question
surveys and consensus building as well as the analysis of textual data (Wallendorf &
Belk, 1989). The most important of all, we have implemented an internal audit trail of
data gathering and interpretation to increase confirmability in Delphi research (Skulmoski

et al., 2007). We understand that any research cannot be objective and be free of biases,
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but we can remedy it by ourselves given the perspective of the post-positivists who
consider our knowledge is based on conjectures of which can be later modified and
withdrawn in the light of further investigation (Lindlof & Taylor, 2017). Moreover, as
another layer of enhancing the objectivity, we will check our research findings against
empirical observations by the MIT Center for Digital Application as an external audition
to maximize confirmability. Finally, to achieve confirmability of our coding process, we
leverage triangulation across researchers by aggregating and synthesizing feedback
content to derive categories, patterns, and themes for the analysis of contextual data.
Ethical Procedures

This dissertation study aims to determine how a panel of 30 subject matter experts
from the Institute of Supply Management in the United States views the desirability,
feasibility, and importance of successful digital transformation of SCM through use of
big data. To seek consensus from these experts, we have applied Delphi approach with
three rounds of questionnaires. I obtained approval from Walden University’s
Institutional Review Board (IRB) before collecting data (approval no. 08-30-22-
0667528). If there is anything that requires me to revise, amend, and edit, we will stick to
these procedures for compliance.

For the selection of experts, participant contacting, participant qualification,
panelist group assignment, and each round of feedback by panelist groups, | followed the
guidelines stipulated in Delbe et al. (1997) and Linston and Turoff (1997). Selected
participants will be contacted with a letter of consent, and they will be informed of my

research purpose, duration of their participation, and requirement of their time dedication.
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All these will be expressly indicated in their willingness to take part in my questionnaire
survey with their signed letter of content. They are free to make their decisions on
participation. In addition, all feedback is anonymously sought out, these experts would
not have direct contact within their individual panelist group except for research
facilitators. Collection of data and data storage, re-organization, assortment, process, and
analysis of these data are only accessible to researchers. Unauthorized users would never
be allowed to access data. | have established a procedure to transcribe all feedbacks from
three rounds of questionnaires and maintain an environment of back-to-back discussion
loop throughout the entire survey and store all survey responses in a database and
recording notes on my analysis in Nvivo.

We will include at least 30 participants from both ISM associate members and
non-associate members. All participants will complete all three surveys, and they will be
assigned into two different panelist groups based on their membership status and be
asked to complete anonymously through back-to-back feedback loop; there will be 50%
of ISM associate members and 50% of non-associate member. These participants will be
assigned into two panelist groups for researchers to compare different perspectives
between ISM members and non-1ISM members. This dissertation study is not in any
conflict with any organizations in terms of prejudice or in the interest of financial favor to
produce a preferential outcome on purpose.

Summary
Chapter 3 has been focused on the Delphi methodology and design with which

this dissertation study is to be conducted. We have elaborated the procedures of each step
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that a Delphi approach will be undertaken from candidate nomination to participant
selection all the way through panel group assignment. The design of questionnaire
content and questionnaire administration are also introduced so that audience will be
informed of the feedback process. Collection of data and data storage and access have
also been regulated for compliance given IRB requirement and National Institutes of
Health guidelines. Statistical tools and techniques used for data analysis are chosen based
on the need of our research procedure. Interquartile range (IQR) is used to measure
consensus because it is widely used in applied Delphi studies (Schmalz et al., 2021). IQR
is applied for this statistical analysis as we need to rank the importance of priority
according to experts’ preferential feedback and measure the difference between rounds
for saturation. To minimize biases in interpreting experts’ feedback, we have applied
synthesized content coding process from which the pattern, category and themes are
derived. The implementation of the instrument and measurement is to make our research
with rigor and objectivity in terms of credibility, dependability, transferability, and
confirmability. Ethical issue has also been disclosed based on the compliant requirements
in the light of the National Institutes of Health and IRB. In Chapter 4, | will present the
research results along with a detailed explanation of what | found in terms of consensus

building.
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Chapter 4: Results

This qualitative classical Delphi study aims to determine how a panel of 30
subject matter experts from SCM professionals in the United States view the desirability,
feasibility, and importance of successful digital transformation of SCM using big data. To
gain consensus on the desirability, feasibility, and importance of successful digital
transformation, | posed two questions to SCM professionals: (a) “What are the challenges
and/or barriers that result in SCM lagging in digital transformation?” and (b) How is the
desirability, feasibility, and importance of digital transformation of SCM impacted using
big data?” This study's RQs were grounded in a forward-looking perspective to forecast
the desirability and feasibility of a successful digital transformation in SCM in the big
data era. In Chapter 4, we will detail the data collection process outlined in Delphi
methodology that includes survey questionnaire design, platform selection, participant
enrollment and qualifying, administration of three-round survey questionnaires, and data
analysis between each round. The final study result is obtained through statistical
processing of the collected data.

Setting

This Delphi study aims to determine how a panel of at least 30 SCM professionals
can view the desirability, feasibility, and importance of successful digital transformation
in SCM in the Big Data era. Initially, we chose the Institute for Supply Management
(ISM) as the platform for data collection through the ISM Dallas local chapter. With IRB
approval, | contacted the ISM Dallas chapter president and asked for his help

administering a survey questionnaire to obtain data for this research. The chapter
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president showed great support and helped in this process by disseminating the survey
guestionnaire, IRB-approved letter of invitation, and consent form to about 200 ISM
associate members within the Dallas chapter platform. However, the response rate did not
meet the minimum required responses for data analysis for each round. To continue the
research with the Delphi approach, we decided to enlarge the audience base by switching
to a wider platform Interview that can pull the audience from all types of social media.
We officially used the User Interview platform with the IRB approval to continue
participant enrollment and selection. To gain potentially qualified participants, | applied
screening questions to qualify participants on the User Interview platform. The screening
question aims to filter out participants who are neither SCM professionals nor familiar
with using big data in SCM. Some of the screening questions, for example, were "Are
you working as a supply chain professional for at least 2 years?" And "Do you have any
experience in big data usage in SCM at either organizational or management levels?"
These screening questions are included in Appendix B. Potential participants needed to
meet the criteria set forth in the screening questions to be qualified for the survey. Before
accessing the first-round survey questionnaire, qualified participants received the IRB-
approved letter of invitation (see Appendix C) and consent form. Therefore, all
participants are well informed of the purpose and duration of the survey for each round.
With a limited timeframe and policy of no compensation, we simplified the
process of each round questionnaire from the originally complex design to avoid drop-out
since the longer it takes, the more drop-out cases will occur. A ranking-type Delphi is

used to reach a group consensus about the relative importance of issues (Strasser, 2017).
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This Delphi Method uses an iterative-controlled feedback process that includes
brainstorming, narrowing down, and ranking steps to identify and rank key issues
(Schmidt, 1997). Therefore, the variant version of the Delphi method can still validate the
interpretation of the study results (Strasser, 2017). Strasser (2017) studied variant Delphi
methodologies and found that variant Delphi methods' generic features (anonymity,
controlled feedback, iterative, and statistical aggregation) remain the same.
Demographics

There were 76 participants in total. After removing duplicate answers to the first-
round survey questionnaire, answers to the first-round questionnaire from 64 participants
were valid. The demographics of these 64 participants can be categorized into the
following characteristics. In the survey, participants were only asked to provide their
email address, number of years working as a SCM professional, and 1SM membership.
Also, participants were required to take screening questions before they were qualified to
take the survey questionnaire. Therefore, the researcher knew that participants should
have at least 2 years of working experience in SCM and were from various industries
across the country. Given the collected information, the largest group of participants is
from non-ISM membership, followed by participants from ISM membership. In these
two groups, most participants have worked between 6 to10 years as SCM professionals,
there are 15 participants with 2 to 5 years of working experience as SCM professionals,
and we have 12 participants with 11 to 20 years working experience in the supply chain,
and four participants with over 20 years of experience in the SCM. Among the final 32

participants, 17 are with ISM membership, and 15 are non-ISM members. We have no
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information on participants’ ethnic group, their sex, and ages due to privacy concerns.
Since the Delphi study requires three rounds of questionnaires, we often experience
participants’ drop-out during the following two rounds. Hence, the Delphi study takes
longer than usual in data collection. This dissertation took us almost a year to collect data
due to the frequent drop-out of participants in the data collection stage.

Data Collection

We used Okali and Paolowski’s diagram (2004) to conduct three rounds of
questionnaires. There are three stages involved in the process: brainstorming, narrowing,
and ranking (Schmidt, 1997). Initially, the ISM Dallas chapter platform was used to
administer survey guestionnaires. After the survey questionnaires were disseminated for
several months, the response rate was too low to meet the minimum requirement in
headcount. With the IRB approval, the survey platform was switched to User Interview,
which was able to drive potential participants to respond to the survey from Linked In,
Twitter, and other social media. To qualify for participation, the researcher intentionally
created a screening process for which the researcher can qualify participants. Potential
participants must pass the screening questions before accessing the survey gquestionnaires.
The screening questionnaire is included in Appendix B.

The first round is brainstorming, in which participants were treated as individual
experts and asked to list relevant challenges, factors, and elements (not in any order) for
digital transformation regarding desirability and feasibility. After removing exact
duplicates and unifying terminology, we consolidated all listed challenges, factors, and

elements into two separate lists from all experts, regardless of the panel, one for
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desirability and feasibility at the organizational level and the other for desirability and
feasibility at the management level. Then, these lists were sent to individual experts for
validation after this consolidation.

The second-round questionnaire was for narrowing down. At this stage, we listed
two separate groups of questionnaires into six sub-groups so that we could present
challenges, factors, and/or elements specifically for desirability, feasibilities, and barriers
at organizational and management levels, respectively. For example, the questionnaire
was presented to experts as “Please select at least 10 items among the factors, challenges,
and elements in terms of feasibilities at the organizational level given the listings below”
and “Please select at least ten items among the factors, challenges, and elements in terms
of desirability at management level given the listings below.” After the second round,
responses from all participants were exported to Excel, where each expert’s answer to all
six sub-grouped questionnaires was calculated and consolidated according to the number
of times these participants chose a specific item. Based on the number of times these
participants chose a specific item, we can develop the most critical 20 challenges, factors,
and barriers from the broadly listed items at both organizational and management levels
contributing to the third round.

Ranking was the third round. It required participants to list the most critical
challenges, factors, and barriers at both organizational and management levels according
to their order of importance given their preference. To avoid confusion, we specifically
asked the respondents to list challenges, factors, and barriers in ordinal order so that their

preferences can be interpreted correctly. Most respondents listed their preferences in
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ordinal order, but only a few that were needed to follow up with their preference order

via additional email contacts or took their order as initially listed. Nevertheless, the

survey response is still valid because we can take their order as naturally indicated.
Data Analyses

As Franc et al. (2023) proposed, the Delphi method engages experts in a
progressive series of iterative questionnaires to attain consensus. This study's primary
focus was brainstorming feasibility, desirability, and barriers at both managerial and
organizational levels. The qualitative nature of the three rounds featuring the
conventional Delphi approach employed an inductive qualitative technique and
quantitative analysis in the Delphi study.

Theme development through the Delphi qualitative method involves the
extraction and refinement of recurring concepts, continuing until theme saturation is
achieved, thus identifying pivotal thematic patterns. Spranger et al. (2022) highlight this
method's emphasis on anonymity, allowing unbiased contributions and fostering
consensus among participants. Ultimately, the Delphi method systematically explores and
develops themes based on collective expertise and perspectives, facilitating
comprehensive understanding within the research process (Franc et al., 2023). Within
three rounds of survey questionnaires, the second-round questionnaire was built on the
result of the first round. For this reason, the Delphi study involves quantitative analysis
since the Delphi methodology involved collating input from a panel of 32 experts.

Quantitative approaches were used to process the gathered data, involving numerical



94

aggregation of responses and statistical assessments to ascertain expert consensus levels
(Paré et al., 2013).

Despite its potential to significantly impact study quality and validity, this method
has often needed more attention within the research methodology sections. Improved
reporting guidelines could rectify this discrepancy, enhancing transparency in data
accuracy and conclusive outcomes. Sekayi et al. (2017) applied the qualitative Delphi
method, gathering experts' responses using closed-ended questions in the third round to
ascertain consensus.

Data Analysis Approach

Analyzing qualitative data through the Delphi technique using NVivo involved a
systematic approach integrating qualitative analysis methodologies with the iterative
nature of the Delphi method. Here are the detailed steps used in the analysis:

1. Data Organization and Importation: The data collected from Microsoft Excel

and Word, organized into distinct data sets representing each round of the
Delphi method based on main categories and six significant domains, were
imported into NVivo. This step facilitated easy accessibility and management
of expert responses within NVivo.

2. Initial Review and Coding: Each round's data underwent a thorough review to

comprehend the content, and preliminary themes were identified. Initial codes
were created during this review to encapsulate respondents' ideas, opinions,

and perspectives.
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3. lterative Analysis: Iterative coding was conducted for every round, employing
NVivo's query tools like coding comparison queries, matrix coding queries,
and code hierarchy. This approach aimed to compare coded segments across
rounds, identifying changes and areas of consensus.

4. Consensus Building and Synthesis: Visualizations of coded comparisons aided
in identifying convergence and consensus among experts. The analysis
focused on pinpointing areas of agreement and divergence and exploring
reasons behind conflicting viewpoints regarding managerial and
organizational feasibilities, desirabilities, and barriers.

5. Refinement and Reporting: Insights gathered from visualizations and analysis
refined subsequent rounds, addressing unresolved issues. Findings were
documented, highlighting significant agreements and least prioritized areas
among feasibilities, desirabilities, and barriers. A comparison between
organization and management entities was drawn.

6. Continuous Review and Conclusion: Continuous review and refinement were
conducted iteratively to draw comprehensive conclusions based on insights
gathered from the entire Delphi process.

By employing these steps using strategic and authentic analysis processes (Braun &
Clarke, 2006; Franc et al., 2023), the researcher used NVivo for qualitative data analysis
that can minimize subjectivity, increase objectivity, and enhance the rigor and credibility

of their analysis.



96

Theme Development

The current study's thematic development process involved an iterative approach
where recurring themes and patterns surfaced from the participants' responses. These
emergent themes were carefully identified, refined, and elucidated by integrating the
collective input derived from the responses. Specifically, six axial codes were formulated
based on narrative statements provided by the participants, encapsulating distinct aspects
related to organizational and management levels. This thematic development process was
essential to capture and categorize the insights conveyed by the participants
systematically. By identifying these axial codes through iterative analysis, the study
sought to elucidate multifaceted perspectives regarding organizational and management
aspects. These emergent themes provided a structured framework to understand the
feasibility, desirability, and barriers at both organizational and management levels,
facilitating a comprehensive exploration of the research topic. Through this methodical
approach, the study aimed to enhance the depth and clarity of understanding regarding
the nuanced dimensions of organizational and managerial considerations expressed by the
participants (Sekayi et al., 2017).

Evidence of Trustworthiness

Credibility

A strict process was followed from participant selection to coding. To avoid
homogeneity, we used the third-party platform to pull potential respondents from all
walks of life, and these potential participants were required to take screening questions to

qualify themselves as potential respondents. Selected participants did not know each
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other since they came from different industries within the United States. Therefore, the
answers to each round of the questionnaire were solely representative of their opinions
without authoritative pressure.
Transferability

We have indicated how the study went from expert nomination, selection,
questionnaire content design, and generation. The administration of questionnaire rounds
through data collection, data organization and assortment, and data analysis strictly
followed the guidelines stipulated by Schmidt (1997) and Delbeq et al. (1975) to prevent
data distortion and researcher bias. For example, feedback from each expert is based on
their own opinion; no dominating opinion is from authoritative power, and they are free
to express themselves throughout the entire questionnaire survey. We treated each expert
equally regarding the feedback loop by the research facilitator (third -party platform). We
used the NVivo system to code categories, patterns, and themes accordingly. Finally, we
have adopted a transparent procedure and method in the entire research process, which
makes it easy for any researcher to reproduce the same result if the same procedures are
followed.
Dependability

We built our panelist groups by inviting heterogeneous and qualified experts from
different industries nationwide. A heterogeneous panelist design would secure the
stability and dependability of Delphi results (Cornick, 2006). For example, the sampling
population pool for this study was set for all SCM professionals regardless of sex, age,

ethnicity, religion, and cultural background as long as the selected participants were
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qualified and given the screening questions. Also, these research findings will be checked
against relevant findings in the literature for triangularity.
Confirmability

We followed the conventional Delphi approach in which three stages of
questionnaires were administered with follow-up rounds based on the analysis of the
prior result. The analysis of each round is a statistical process under which the experts’
feedback of each round is weighted so that the order of priority or importance can be
found as a basis for the following round questionnaire. Therefore, brainstorming is an
initial source for discovering what issues were involved in SCM digital transformation
across different industries. For instance, the second round of the questionnaire can be
narrowed down to ask for significant issues faced at organizational and management
levels when calling for digital transformation. To gain consensus on the topic, we
administer the third round of questionnaires focusing on ranking the issues at both
organizational and management levels. Then, these rankings were scored using
interquartile rating (IQR) to derive consensus among these expert raters.
Coding Scheme

The coded units, derived from participants' feedback, underwent examination

based on six categories (see Figure 3).
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Figure 3

Categories and Themes

Category 1: Organizational Level

Theme 1. Theme 2. Theme 3.
Feasibilities Desirabilities Barriers

Category 2: Management Level

Theme 4. Theme 5. Theme 6.
Feasibilities Desirabilities Barriers

These coded units, reflective of diverse opinions and perspectives, were systematically
organized into preliminary categories based on shared concepts, ideas, and axile codes
(Spranger et al., 2022). Through an iterative process guided by the inductive qualitative
technique, these preliminary categories were scrutinized and refined to identify
overarching themes that encapsulated the essence of the participants' feedback. The
progression from coded units to categories and subsequently to themes involved

continual comparison, consolidation, and re-evaluation, ensuring coherence and
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relevance across the emerging representations (Franc et al., 2023). This iterative and
rigorous process facilitated the extraction of central themes, contributing to a
comprehensive understanding of the feasibility, desirability, and barriers evident at
managerial and organizational levels, as highlighted in the qualitative Delphi study.
Results

Using the coding matrix, | explored the participants’ ranked feasibilities at the
organizational level (see Figure 4). The highest ranking feasibility was “Availability of
technology, Scalability, Data accessibility, and strategic partnerships. After that, the
respondents stated that “Identifying opportunities, Avoiding risks, Making better
decisions, Improving efficiency, Enhancing innovation, Achieving goals, and Living a
more fulfilling life,” “Data availability, sharing can help planning, task execution, and
efficiency,” and “Preparedness, Planning, Motivating, Adaptability, Trendsetter” were

the main feasibilities at the organizational level.
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Feasibility at the Organizational Level
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the respondents ranked the desirabilities as “Anticipate Disruptive Changes, Strategic

Planning, and Innovation” as greater desirability at the organizational level.
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Figure 5 illustrates desirabilities at the organizational level. Under this category,



Figure 5

Desirabilities at the Organizational Level
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Besides this, “Competitive advantage, Future-proofing, and Improved agility”,
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“Technology, Cost, Effectiveness, Access, Reliability, Performance,” “To better forecast,

plan, purchasing decisions, and strategies in a way that is cost and time effective.

Visibility and can be utilized to data-model multiple scenarios”, “To see where the

business is falling short and create new solutions based on the data and allow the data to

validate solutions,” and “Sustainability, innovation, competitive advantage, and agility

and flexibility” are the most desirabilities at the organizational level.
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Figure 6 reveals that there is a “lack of expertise, how to evaluate, too much data,
insufficient staffing, “Limited information about the future, biases and assumptions,
resistance to change, and lack of resources to implement changes,” and “Hesitancy to
partake in such an innovative and new type of data gathering for fear of miss use, and
also monopolization, and privacy issue” are the most significant barriers to organizational
level sustainability.

Figure 6

Barriers at the Organizational Level
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Figure 7 shows the coding matrix query based on several coded references to
explore feasibilities at the management level. The visualization explored “Resource
assessment and allocation, desired outcome to be achieved, team-building, management
strategies, informed decision-making,” “Collaboration with partners, technology
availability, data storage, and access,” “Enhanced Decision Making, Increased Agility,
and Improved Collaboration,” Expertise as Understand when and what will happen”,
“Financial and marketing”, “Staffing, experience, and training”, and “Technology
Integration and data availability” are the top-ranked feasibilities at management level.
Figure 7

Feasibilities at the Management Level
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Figure 8 presents the desirabilities at the management level by the respondent's
ranking order. The coding matrix of coded references revealed that the greater
desirability at the management level is "Innovation and Growth, Improved Customer
Satisfaction, and Competitive Advantage.” The respondents revealed that "Competitive,
enhanced customer experience, and efficiency,” "Budgeting and forecasting,” In a
competitive market, big data can better planning, strategies, and retrospective,”
"Management training,” "Sustainability, innovation, competitive advantage, and Agility
and Flexibility,” and "Understand past due reduction, lead-time, and cost impacts" as
more effective desirabilities at management level.

Figure 8

Desirabilities at the Management Level
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The management level within the organization also faced several barriers (see
Figure 9). The results indicated that “Data quality and accuracy and security,”
“Resistance to change,” “Integration with Legacy Systems, costs, and quality concerns,”
“Lack of Expertise,” “Any type of delays could be catastrophic,” “Lack of knowledge
and understanding. Overwhelming amount of data. Customer resistance to change. The
continual need to refresh data mining.” and “A clean master data is always the immediate
barrier” to the management level.
Figure 9

Barriers at the Management Level

Row

Figure 10 displays the comparison of organizational and management levels
regarding feasibilities. The comparison of coded reference count explored that at the
management level, lead-time prediction and stabilizing stocks (14.68%), money

(14.18%), improved success (13.42%), financial and marketing (9.37%), predictive
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analytics (8.19%), and losing touch with projects (7.85%) are the most prominent
feasibilities.
Figure 10

Comparison of Feasibilities Between Organizational and Management Levels
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While at organizational level these “Feasibilities are limited by organizations not having
the expertise, and customers are fixated on incumbent sources, which limits/hamstrings
the ability to use big data to change suppliers” (15.90%), “Availability of technology,
Scalability, Data accessibility, and strategic partnerships” (12.66%), staffing, experience,
and training, “Competitive Advantage, Improved Customer Experience, and Increased
Efficiency” (12.24%), and “Knowing how to analyze the overwhelming amount of big

data and applying it the highly changeable future demand and customer requirements



108

hamstrings the feasibility of using big data” (9.31%) are the most critical feasibilities at
organizational level. Regarding coded references, the management level is found more
with coded references than the organizational level. The result demonstrated that the
feasibilities between organization management were found to be different.

Figure 11 shows the comparison of desirabilities between organization and
management levels.
Figure 11

Comparison of Desirabilities Between Organizational and Management Levels
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The results indicated that organization level had desirabilities of “Expertise in Big Data
can better-sourcing decisions” (23.27%), “Thinking ahead, having modern thoughts and

ideas” (10.88%), “Technology, Cost, Effectiveness, Access, Reliability, Performance”
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(7.88%), improved success (7.13%), and “Drone deliveries, driverless cross-country
shipments, & efficient transportation” (7.08%). Management level had the desirabilities
of “Results, Execution, Effectiveness, Strategy” (15.16%), “Improved agility, better
customer service, and cost-saving” (14.98%), “Innovation and Growth, and Improved
Customer Satisfaction, and Competitive Advantage” (11.98%), management training
(11.19%), and “Understand past due reduction, lead -time, and cost impacts” (9.75%).
The desirabilities among organization and management levels were found to be different
from their priorities.

Figure 12 illustrates the barriers at the organizational and management levels. The
results indicated that the organization level faced barriers as organizations wanted to pay
less for expertise. Management needs to understand big data, and there is no buy-in.
Customers have preferred incumbents (20.75%). Moreover, organizations faced
significant barriers of "Data Quality, Data Privacy and Security, and Implementation
Challenge™ (17.76%), "Age, thought perspective” (16.31%), "Limited information about
the future, biases and assumptions, resistance to change, and lack of resources to
implement changes” (11%), "Integration with Legacy Systems, increased costs, Lack of
Expertise, and data quality can be compromised” (10.91%), and "Too much data, lack
expertise, how to evaluate the data, insufficient staffing” (9.36%). On the other hand, the
management level faced the barriers of "Lack of or insufficient data, resources, executive
leadership support, time™ (12.32%), "Lack of knowledge and understanding.
Overwhelming amount of data. Customer resistance to change. Continual need to refresh

data mining", (9.89%), bad management (9.41%), "Resistance to Change, Data Quality
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and Security, and Lack of Expertise™ (9.12%), "Unfamiliarity with current processing
Workflow complications, Interrupted work, Learning new routine, Time training"
(8.92%), and "Limited information about the future, biases and assumptions, resistance to
change, and lack of resources to implement changes™ (8.15%).

Figure 12

Comparison of Barriers Between Organizational and Management Levels
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The most common barrier between an organization and management is a need for more
resources, technology integration, and expertise to utilize the processes.

In the third round, the experts ranked a comprehensive list of factors, challenges,
issues, and components pertinent to feasibilities, desirabilities, and barriers both

organizations and management confront (see Figure 13).



Figure 13

Hierarchy of Coded References
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The data analysis process unfolded across five key steps.

1. Identify the factors, challenges, elements, and categories arranged by the

experts.

2. Discovering the frequency of each item the expert suggests for a specific

rank.

3. Application of mean rank against each item and calculating rank score

4. Arranging final rank order

5. The final study results are presented in the data presentation phase through

tabulation and interpretations.

Table 8 shows how the experts ranked each concept of factors, challenges, and
elements in terms of feasibility at the organizational level. The rank scores were
calculated using frequencies on each item. The lowest rank score indicated the highest
importance. Based on the rank scoring, the top 10 feasibilities at the organizational level
are

1. Knowledge of how to analyze the overwhelming amount of big dataand apply

it to the highly changeable future demand and customer requirements.

2. Competitive advantage, improved customer experience, and increased

efficiency.

3. Availability of technology and access to data.

4. Resource assessment and allocation, desired outcome to be achieved, team

building, management strategies, and informed decision-making.
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5. Collaboration between different stakeholders, automation, and advanced
analytics.

6. Improved success.

7. Availability of technology, scalability, data accessibility, and strategic
partnerships.

8. Something new.

9. Misunderstanding.

10. Lack of expertise and customer fixation on incumbent sources.

Table 8

Experts’ Ranking of Feasibility Factors at the Organizational Level

Statement Rank order frequency Rank Final
1 2 3 4 5 6 7 8 9 10 score rank
Knowing how to analyze the overwhelming amount 9 6 2 0 01 0 0 3 O 60 1
of big data and applying it to the highly
changeable future demand and customer
requirements hamstrings the feasibility of using
big data
Competitive advantage, improved customer 3 83 1 20011 2 79 2
experience, and increased efficiency.
Availability of technology, access to data 21 11111 2 1 3 84 3
Resource assessment and allocation, desired 4 2 7 1 2 1 1 0 3 1 93 4
outcome to be achieved, team building,
management strategies, informed decision-
making
To facilitate collaboration between different 0 3 2 0 2 3 412 0 94 5
stakeholders, automation, and advanced analytics
Improved success 101 01 3 4 0 3 2 102 6
Availability of technology, scalability, data 2 3 31 3111 3 2 104 7
accessibility, and strategic partnerships
Something mew 1 3 4 0 3 3 3 2 1 2 118 8
Misunderstanding 1 2 2 2 2 2 4 4 0 2 121 9
Feasibilities are limited by organizations not having 3 027 15031 2 125 10
the expertise, the customers are fixated on
incumbent sources which limits/hamstrings the
ability to use big data to change suppliers.
Preparedness, planning, motivating, adaptability, 2 3 05 2 25 41 1 136 11
trend setter
Lead-time prediction, stabilizing stocks 0 00 33 2 0 4 2 5 139 12
Talent availability, technology integration, and data 1 0 3 4 4 2 4 4 2 1 146 13
availability
Data sharing can help planning, task execution, and 2 01 4 3 2 3 15 4 162 14

efficiency
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Identifying opportunities, avoiding risks, making 11 2 3 2 5 2 5 4 4 191 15
better decisions, improving efficiency, enhancing
innovation, achieving goals, and living a more
fulfilling life

Table 9 presents the ranked concept of factors, challenges, and elements in terms
of desirabilities at the organizational level. The rank scores were calculated using
frequencies on each item. The lowest rank score indicated the highest importance. Based
on the rank scoring, the top 10 desirabilities at the organizational level are

1. Customer satisfaction in terms of delivery, price, and quality can be positively

influenced.

2. Expertise in big data can facilitate better-sourcing decisions.

3. Drone deliveries and driverless cross-country shipments, and efficient

transportation.

4. Sustainability, innovation, competitive advantage, and agility and flexibility.

5. Improved success.

6. Time.

7. Competitive advantage and cost-saving.

8. Thinking ahead, having modern thoughts and ideas.

9. Anticipate disruptive changes, strategic planning, and innovation.

10. To better forecast, plan, purchasing decisions, and strategies in a way that is

cost and time effective. Visibility and can be utilized to data-model multiple

scenarios.
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Table 9

Experts Ranking of Desirability Factors at the Organizational Level

Statement Rank Order Count by Experts Rank Final
1 2 3 4 5 6 7 8 9 10 score rank
Customer satisfaction in terms of delivery, price 0 00010110 O 20 1
and quality can be positively influenced.
Expertise in big data can better-sourcing 3 002 20012 2 67 2
decisions.
Drone deliveries, driverless cross-country 01 45 2 2 3 00 1 87 3
shipments, & efficient transportation.
Sustainability, innovation, competitive 1 3 2 4 21 2 2 1 1 94 4

advantage, and agility and flexibility

Improved success 2 1 3 212 01 2 3 94 5

Time 3 3 2105312 1 106 6

Competitive advantage, and cost-saving. 4 1 1 0 40 2 2 2 3 107 7

Thinking ahead, having modern thoughts and 4 3 4 4 3 3 2 1 1 1 112 8
ideas.

Anticipate Disruptive Changes, Strategic 1 4 0 0 0 0 5 3 4 2 124 9
Planning, and innovation

To better forecast, plan, purchasing decisions, 3 214 15 2 2 3 1 128 10
and strategies in a way that is cost and time
effective. Visibility and can be utilized to
data-model multiple scenarios

Budget management, risk management and 0 020110 2 2 38 131 11
overall profit

Improved decision-making, Increased efficiency, 1 4 3 3 3 2 5 2 3 0 135 12
Enhanced innovation, Greater sustainability,
and Strengthened relationships

Better able to handle fluctuations in demand; 7 1 12 21 26 3 1 135 13
better ability to satisfy consumers

Technology, Cost, Effectiveness, Access, 0 2 4 3 6 2 2 2 2 2 138 14
Reliability, Performance

To see where the business is falling short and 3 3 20 3 3 2 2 4 3 144 15

create new solutions based on the data and
allow the data to validate solutions.

Competitive advantage, Future-proofing, and 0 4 32 25 1 4 2 3 152 16
Improved agility

Table 10 indicates the ranked potential barriers at the organizational level. Based
on the rank scoring, the top 10 potential barriers at the organizational level are
1. Too much data, lack of expertise, how to evaluate the data, insufficient
staffing.

2. Data quality, data privacy and security, and implementation challenge.
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3. Too much data, lack expertise, how to evaluate the data, and insufficient
staffing.

4. Cross training and updating protocols.

5. Organizations are not willing to pay more for expertise. Management needs to
understand big data, and there is no buy-in. Customers have preferred
incumbents.

6. Limited information about the future, biases, and assumptions; resistance to
change; and lack of resources to implement changes.

7. Integration with legacy systems, increased costs, lack of expertise, and data
quality can be compromised.

8. Continued delays and crashes, and shortages of products.

9. Fear of the unknown, lack of information, short-term thinking, lack of
resources, and lack of support.

10. Clean master data is always the immediate barrier.



Table 10

Experts’ Ranking of Potential Barriers at the Organizational Level
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Statement Rank Order Frequency Rank Final
Score Rank
1 23 4 5 6 7 8 9 10
Too much data, lack expertise, how to evaluate 1 00 0 O 1 1 1 1 2 51 1
the data, insufficient staffing.
Data Quiality, Data Privacy and Security, and 0 10 6 0 1 1 2 1 O 64 2
Implementation Challenge.
Too much data, lack expertise, how to evaluate 5 00 4 1 1 0 3 3 0 83 3
the data, insufficient staffing
Cross training, updating protocols 2 42 1 3 0 1 2 1 2 87 4
Organizations are not willing to pay more for 4 33 0 2 4 1 1 2 1 96 5
expertise. Management doesn't understand
big data and there is no buy-in. Customers
have preferred incumbents.
Limited information about the future, biases 3 40 0 2 2 1 1 0 6 108 6
and assumptions, resistance to change, and
lack of resources to implement changes
Integration with Legacy Systems, increased 2 27 2 4 3 1 2 1 1 115 7
costs, Lack of Expertise, and data quality
can be compromised
Continued delays and crashes; shortages of 1 24 1 3 3 0 3 2 2 116 8
products.
Fear of the unknown, Lack of information, 0 24 3 3 0 6 2 1 1 120 9
Short-term thinking, Lack of resources, and
Lack of support
A clean master data is always the immediate 2 12 4 5 3 2 1 1 2 120 10
barrier.
Money. 4 21 0 2 5 2 1 1 4 122 11
Age, attitude. 0 13 0 1 0 1 2 7 2 122 12
Data quality and availability, and Data security 2 42 3 1 2 2 0 2 5 127 13
and privacy
Age, thought perspective 2 12 1 1 2 8 2 2 2 141 14
Hesitancy to partake in such an innovative and 4 41 3 5 3 3 2 3 1 144 15
new type of data gathering for fear of miss
use, and monopolization, and privacy issue
Unrealistic, Unreliable, Unsound, Faulty 0 11 3 1 3 2 8 3 2 165 16

thinking.

Table 11 illustrates ranked concepts of challenges, elements, and feasibility at the

management level. Based on rank scores, the list of top 10 feasibilities at management are

1. Staffing, experience, and training.

2. Lead-time prediction and stabilizing stocks.

3. Money.



4. Understanding when and what will happen.

5. Improved success.

6. Financial and marketing.

7. Enhanced decision-making, increased agility, and improved collaboration.
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8. Resource assessment and allocation, desired outcome to be achieved, team

building, management strategies, and informed decision-making.
9. Management style remains old.

10. Collaboration with partners, technology availability, and data storage and

access.

Table 11

Experts Ranking of Feasibility Factors at the Management Level

Statement Rank order frequency Rank  Final
score  rank
1 2 3 4 5 6 7 8 9 10
Staffing, experience, and training. 6 1 3 2 1 3 1 0 1 1 74 1
Lead-time prediction, stabilizing stocks. 3 0311 212 2 1 84 2
Money 2 1 13 1 0 1 4 2 1 91 3
Understand when and what will happen 2 3 2 2 1 0 15 2 0 92 4
Improved Success 0 1.3 01 2 11 1 4 92 5
Financial and marketing 3 4 2 4 2 3 3 1 0 1 100 6
Enhanced Decision Making, Increased Agility, and 2 3 01 4 3 2 0 1 3 103 7
Improved Collaboration
Resource assessment and allocation, desired outcome 6 2 2 3 2 1 3 1 3 1 110 8
to be achieved, team building, management
strategies, informed decision-making
Management style remains old. 4 4 4 3 1 4 3 3 0 O 110 9
Collaboration with partners, technology availability, 2 2 26 4 2 10 2 2 113 10
data storage and access
Predictive Analytics, Automation, and increased 0 4 1 2 2 3 2 2 2 2 115 11
collaboration
Better future, creating strategic changes 2 4 3 2 3 3 4 1 0 2 116 12
Technology Integration and Data Availability. 01 4 2 1 1 2 3 2 3 119 13
Losing touch with the project or item. 0 1 2 2 4 3 1 1 5 1 124 14
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Table 12 presents the ranked concept of factors, challenges, and elements

regarding desirabilities at the management level. Based on the rank scoring, the top 10

desirabilities at the management level are

1. In product/service, with analysis of consumer trends, market research, and
emerging technologies, it will aid decisions on product/service to meet
customer's needs and wants.

2. Improved success.

3. Link technology use to value proposition, understand how technology can
meet needs and concerns.

4. Management training.

5. Responsive to changing market, competitive, and gain market share.

6. Competitive, enhanced customer experience, and cost-saving.

7. In competitive market, big data can better planning, strategies, and
retrospective.

8. Improved agility, better customer service, and cost-saving.

9. Budgeting and forecasting.

10. Time.

Table 12

Experts’ Ranking of Desirability Factors at the Management Level

Statement Rank order frequency Rank  Final
Score  Rank
1 2 3 4 5 6 7 8 9 10
In product/service, with analysis of consumer trend, 3 2 2 1 2 00 11 1 54 1

market research, and emerging technologies, it will aid
decisions on product/service to meet customer's needs

and wants

Improved success. 0 1. 00 00 3 31 1 66 2
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Link technology use to value proposition, understand 4 2 01 1 0 3 0 1 2 67 3
how technology can meet needs and concerns

Management training. 4 6 31 21 1 11 O 69 4
Responsive to changing market, competitive, andgain 2 4 0 1 0 1 1 3 1 1 70 5
market share.

Competitive, enhanced customer experience, and cost 11 9 3 1 1011 o0 70 6
saving.

In competitive market, big data can better planning, 12 06 3 21 10 1 81 7
strategies, and retrospective

Improved agility, better customer service, and cost 1 0 01 5 2 3 00 2 83 8
saving.

Budgeting and forecasting 6 4 1 4 3 2 0 1 1 1 87 9
Time 12 2 1 012 3 2 1 87 10
Competitive, enhanced customer experience, and 11 51100 2 3 2 90 11
efficiency.

Results, Execution, Effectiveness, Strategy 01 211 3 0 0 3 3 92 12
Understand past due reduction, lead-time, and cost 1 0 2 3 0 0 1 0 4 4 102 13

impacts

Table 13 indicates the ranked potential barriers at the management level. Based

on the rank scoring, the top 10 potential barriers at the management level are

1.

2.

Resistance to change, data quality and security, and lack of expertise.

No training.

Limited information about the future, biases and assumptions, resistance to
change, and lack of resources to implement changes.

Data quality, data privacy and security, and implementation challenges.

Data quality and accuracy and resistance to change.

Potential barriers from the supply chain manager may be adversity to change
their process or accept new technology for the organization based on their lack
of understanding of the positive attributes.

Lack of knowledge and understanding. Overwhelming amount of data.
Customer resistance to change. The continual need to refresh data mining.

Integration with legacy systems, costs, lack of expertise, and quality concerns.



9. Any delay could be catastrophic.

10. Lack of data, resources, executive leadership support, and time.

Table 13

Experts’ Ranking of Potential Barriers at the Management Level
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Statement Rank order frequency Rank Final
1 2 3 4 5 6 7 8 9 10 score rank
Resistance to Change, Data Quality and Security, 0 32 0 1 0 0 0 2 2 55 1
and Lack of Expertise.
No training 12 01 1 1 0 2 1 3 75 2
Limited information about the future, biases and 1 0 32 0 1 1 2 3 1 84 3
assumptions, resistance to change, and lack of
resources to implement changes.
Data Quality, Data Privacy and Security, and 01 4 2 1 3 2 2 0 1 85 4
Implementation Challenges
Data quality and accuracy and resistance to 4 2 2 3 3 4 1 1 0 1 90 5
change
Potential barriers from the supply chain manager 4 5 2 4 2 2 2 0 1 1 91 6
may be adversity to change their process or
accept new technology for the organization
based on their lack of understanding of the
positive attributes.
Lack of knowledge and understanding. 31 2 3 3 2 1 1 2 1 93 7
Overwhelming amount of data. Customer
resistance to change. Continual need to refresh
data mining.
Integration with Legacy Systems, costs, Lack of 01 2 2 5 3 1 0 2 1 94 8
Expertise, and quality concerns
Any type of delay could be catastrophic 4 3 3 3 3 0 3 1 0 2 95 9
Lack of or insufficient data, resources, executive 6 1 2 0 1 2 0 1 4 2 95 10
leadership support, time
Trends could change, customers, and supply 1 4 0 3 2 1 2 2 1 2 96 11
issues.
Clean master data is always the immediate barrier 1 3 1 5 3 2 5 3 0 0 116 12
Money 31 1 2 3 3 1 4 1 2 117 13
Bad management 1 3 4 0 2 3 4 2 3 1 128 14
Unfamiliarity with current processing Workflow 2 0 3 3 0 1 3 4 4 2 138 15

complications, Interrupted work, Learning new
routine, Time training

Table 6 indicates the top 10 ranked potential barriers at the management level.

They are 1) Resistance to Change, Data Quality and Security, and Lack of Expertise, 2)

No training, 3) Limited information about the future, biases and assumptions, resistance

to change, and lack of resources to implement changes. 4) Data Quality, Data Privacy and
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Security, and Implementation Challenges, 5) Data quality and accuracy and resistance to
change, 6) Potential barriers from the supply chain manager may be adversity to change
their process or accept new technology for the organization based on their lack of
understanding of the positive attributes, 7) Lack of knowledge and understanding.
Overwhelming amount of data. Customer resistance to change. The continual need to
refresh data mining, 8) Integration with Legacy Systems, costs, Lack of Expertise, and
quality concerns, 9) Any type of delay could be catastrophic, and 10) Lack of or
insufficient data, resources, executive leadership support, time. Given this rank, the
potential barriers at management level fall into three aspects; resistance to change due to
concern over data quality, data overwhelming, and data mining. Integration issues with
cost, existing system, and expertise knowledge. Lack of leadership commitment is also a
culprit.
Summary

In Chapter 4, discussions were about research ethics, trustworthiness, procedures,
and results. We began this chapter with platform selection and procedures. Due to the
limit in generating enough potential participants from the ISM Dallas chapter, we
switched the platform to User Interview to broaden the participant pool with IRB
approval. In the data collection process, participant selection procedures, and
qualifications, we outlined each step in qualifying participants and forming two panelist
groups. The demographics of participants were disclosed based on the available
information collected. For evidence of trustworthiness, we reiterated our guidelines to

ensure the research strictly follows credibility, transferability, dependability,
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trustworthiness, and conformity requirements. In data analysis, we detailed processes and
procedures in coding terms and theme development, followed by qualitative and
quantitative data analysis. We presented three groups of comparison on feasibility,
desirability, and barriers between management and organization. | also calculated the
IQR to generate ranking scores for items in ordinal order. IQR result was illustrated
based on 32 expert feedbacks. Visual presentation and tabulations on feasibility,
desirability, and barriers at management and organizational levels are displayed so
readers can easily understand the research findings.

Research results are presented and discussed given NVivo analysis and IQR. Two
categories with six themes were explained in the coding procedure. Study results showed
that feasibility, desirability, and barriers at both organizational and management levels
indicated a different focus given the ranking score from most important to least. Under
each level, we analyzed three different themes to look closely into each topic to
understand how these panelists think of feasibility, desirability, and barriers given their
perspectives. This detailed analysis gives us insight into these differences between the
two levels. Leaders at the organizational level are more on a macro basis, such as what an
organization can do about it, whereas leaders at the management level pay more attention
to things closely related to operative activities, like who can do it. Hence, at the macro
level, executives are concerned about issues like lack of staffing, overwhelming data, and
no expertise. In contrast, there needs to be more training; uncertainty about the future and

unfamiliarity with workflow hinder managers from developing BDA skills for the
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existing work process. More discussion on how these results can shed light on practice

and implications for future research will be illustrated in Chapter 5.



127

Chapter 5: Discussion, Conclusions, and Recommendations

This qualitative classical Delphi study aims to determine how a panel of at least
30 subject matter experts from SCM professionals in the United States views the
desirability, feasibility, and importance of successful digital transformation of SCM
through big data. The research results present a comprehensive understanding of
consensus areas and disparities between the organizational and management levels
regarding feasibilities, desirability, and barriers related to lead -time prediction, stock
stabilization, and utilizing big data. At the management level, crucial feasibilities revolve
around enhancing success rates, financial and marketing facets, and predictive analytics.
Conversely, at the organizational level, emphasis is placed on technological availability,
scalability, competitive advantages, and augmenting customer experience. Despite these
aligned aspirations, management and organizations must overcome persistent hurdles.
These shared challenges encompass insufficient resources, a need for more expertise,
concerns over data quality/security, and resistance to change. Particularly noteworthy is
the prominent shared obstacle—Ilack of resources, technology integration, and expertise
highlighting the urgent necessity for investment and synchronization between
management and organizational strategies.

Interpretation of the Findings
The research findings answered the two RQs, which were
RQ1. What challenges and/or barriers resulted in SCM being lagged in digital

transformation?
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RQ2. How is the desirability, feasibility, and importance of digital transformation
of SCM impacted by the big data?

Data collection from the three rounds of questionnaires provided insight into the
feasibility, desirability, and barriers at both organizational and management levels. We
used two separate questionnaires, one at the organizational level and the other at the
management level. At the organizational level, we applied three stages for each round,
from brainstorming to ranking. The same pattern questionnaire was made at the
management level. Data analysis indicated that challenges, factors, and barriers faced by
organizations and management differ as each is emphasized differently. For example, at
the organizational level, emphasis is placed on technological availability, scalability,
competitive advantages, and augmenting customer experience, which coincidently
aligned with Wamba et al.'s opinion that technological availability, scalability,
competitive advantages, and improving customer experience in their research (Corte-Real
et al., 2017; Wamba et al., 2017). At the management level, our findings echoed some
scholars' research that enhancing success rates, financial and marketing facets (Brinch et
al., 2018), and predictive analytics (Bradlow et al., 2017) are the primary concerns in
business operations.

Furthermore, our research results disconfirmed that money is the key to digital
transformation as the research findings indicated that organizations simply investing in
BDA would not influence performance alone (Mandal, 2018), which study sheds light on
the impact of the extensive data management capability on SCM performance. Therefore,

the big data management capability in SCM activities means the entire organization can
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use BDA. Again, our study extended the concept of digital transformation to include the
most common barrier between an organization and management: a need for more
resources, technology integration, and expertise to utilize the processes. Finally, this
research has contributed to the organizational theories that have been the significant
framework in discussing big data and organizational performance (De Camargo Fiorini et
al., 2018); our study extended the organizational theories on the synchronization between
management and organizations (i.e., organizational change is a twofold concern).
Feasibility, desirability, and barriers at both organizational and management levels differ
due to different emphases given common challenges.

The analysis of feasibilities, desirability, and barriers at management and
organizational levels revealed that lead-time prediction, stock stabilization, and utilizing
big data reveal crucial insights. At the management level, key feasibilities center around
improving success rates, financial and marketing aspects, and predictive analytics.
Meanwhile, organizational feasibilities emphasize technological availability, scalability,
competitive advantages, and customer experience enhancement. However, desires at both
levels include better strategy execution, agility, innovation, and a deeper understanding of
lead time and cost impact. Despite these aspirations, both management and organizations
face persistent barriers. They grapple with challenges like insufficient resources, a lack of
expertise, data quality and security concerns, and resistance to change. Notably, a shared
barrier surfaces prominently—Ilack of resources, technology integration, and expertise,
underscoring the critical need for investment and alignment between management and

organizational strategies (Helfat et al., 2009)
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Based on the comprehensive ranking of various feasibilities, desirability, and
potential barriers, a holistic picture emerges regarding the significant determinants and
challenges faced at both organizational and management levels in handling big data and
technological integration. Critical factors like leveraging and applying big data
effectively to meet future demands, achieving competitive advantages, and ensuring
technological availability and scalability emerge as key feasibilities at the organizational
level. However, limitations in expertise, data privacy concerns, and challenges in
implementing changes appear as significant barriers. Concurrently, management-level
feasibilities predominantly revolve around staffing, predictive analysis, financial aspects,
and improved success rates. Conversely, barriers at this level center on resistance to
change, data quality, and security concerns, among others.

Limitations of the Study

The same limitation arises as the other studies; this Delphi research was initially
designed to obtain consensus from the ISM professional community. Due to the iterative
feature of the Delphi approach, some participants dropped in the middle of a survey,
which resulted in multiple repeating processes to meet the minimum head count. To
maintain a relatively stable sampling size, we had to enlarge the sampling pool to include
more possible participants, which process might exclude some potentially better
participant candidates. Demographically, most participants did not want to share their
personal information fully, such as salary, sex, ethnicity, education, workplace, and place
of current living within the States. Therefore, we cannot demographically categorize our

participants into three panelists, which limits our interpretation of the findings. Also, a
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cost issue limited our further rounds to gain better insight for consensus. Hence, we used
IQR instead of Kendall’s W to generate rank scores to derive consensus areas. Finally, all
samples were collected within the United States and the interpretation of the research
findings is limited, therefore, we cannot apply the findings universally.
Recommendations

Our research findings have cleared some misconceptions about digital
transformation in SCM, such as leaders' knowledge of digital technology in initiating
digital transformation in medium to large organizations (Matt et al., 2015). This research
indicated that feasibility and desirability for digital transformation were confronted
differently at the organizational and management levels. In DCT, practitioners are
informed to turn short-term competitive positions into long-term competitive advantages
by combining the business's existing internal competency and external advantage. In this
sense, our research findings indicated that focus on organization and management levels
varies with differing emphasis. Change leaders at the organizational level shall know how
to use feasibility and desirability to avoid barriers. The same token shall be applied at the
management level while managers initiate process change. Synchronization between
organizational and management levels in change strategy is imperative.
Recommendations for Practice

The significance of this study is two-fold. It can recommend to organizational
leaders and managers what they must do to initiate digital transformation in SCM. The
comparative table (see Table 14) summarizes feasibility, desirability, and barriers for

organizational leaders and managers at their respective levels. In other words, at the



132

organizational level, listing items ranked in ordinal sequence for feasibility, desirability,
and barrier can inform organizational leaders what, where, why, and how these elements,
factors, and issues will affect organizational changes. For example, at the organizational
level, the reason why digital transformation is feasible is that the application of big data
will help the organization gain a competitive advantage through data analysis; the
importance of data analysis will bring a positive impact on customer satisfaction and take
this change, leaders know what and how to overcome some challenges in this process.

The same logic will be used for managerial-level leaders when promoting digital
transformation in the operative process. Managers are concerned about who can take the
job, what skills their team workers will need, how these changes will impact the existing
process, and where issues will arise during the change process. In Practice, this ranking
summary can inform managers to prepare for these changes. For instance, managers can
foresee lead-time predictions and make well-educated stocking decisions. If a digital
transformation in SCM takes place, it will improve management performance. In
achieving this goal, managers understand what barrier there is; in this case, if team
workers can have enough training, their team will accomplish improved success.

At the management level, crucial feasibilities revolve around enhancing success
rates, financial and marketing facets, and predictive analytics. Conversely, at the
organizational level, emphasis is placed on technological availability, scalability,
competitive advantages, and augmenting customer experience. Despite these aligned
aspirations, management and organizations must overcome persistent hurdles. These

shared challenges encompass insufficient resources, a need for more expertise, concerns
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over data quality/security, and resistance to change. Particularly noteworthy is the
prominent shared obstacle—lack of resources, technology integration, and expertise
highlighting the urgent necessity for investment and synchronization between
management and organizational strategies.

Table 14

Comparative Summary of Items Ranking

At Organizational Level At Management Level
Ranking Feasibility Desirability Barriers Feasibility Desirability Barriers
Score

1 Knowinghow to analyze the | Customer Too much data, lack Staffing, In Resistance to
overwhelmingamount of big | satisfaction in expertise, how to experience, and product/service, | Change, Data
dataand applyingit to the terms of delivery, | evaluate the data, training with analysis of | Quality and
highly changeable future price and quality | insufficient staffing consumer Security, and
demand and customer can be positively trend, market Lack of
requirements hamstrings the influenced research, and Expertise
feasibility of usingbigdata emerging

technologies, it
will aid
decisions on
product/service
to meet
customer's
needs and
wants

2 Competitive Advantage, Expertise in Big Data Quality, Data Lead-time Improved No training
Improved Customer Data can better- Privacy and Security,and | prediction, success
Experience, and Increased sourcingdecisions | Implementation stabilizing stocks
Efficiency Challenge

3 Availability of technology, Drone deliveries, Money Link Limited
access to data. driverless cross- technology use | information

country to value about the
shipments, & proposition, future, biases
efficient understandhow | and
transportation technology can | assumptions,
meet needs and | resistance to
concerns change, and
lack of
resources to
implement
changes.

4 Resource assessment and Sustainability, Cross training, updating [ Understandwhen | Management Data Quality,
allocation, desired outcome to | innovation, protocols and what will training Data Privacy
be achieved, team building, competitive happen and Security,
management strategies, advantage, and and
informed decision-making agility and Implementation

flexibility Challenges

5 To facilitate collaboration Improved success | Organizations are not Improved Responsiveto | Dataquality
between different stakeholders, willingto pay more for | Success changing and accuracy
automation, and Advanced expertise. Management market, and resistance
Analytics doesn't understand Big competitive, to change

Data and there is no buy- and gain
in. Customers have market share
preferred incumbents

6 Improved success Time Limited information Financial and Competitive, Potential

about the future, biases | marketing enhanced barriers from
and assumptions, customer the supply
resistance to change, and experience,and | chain manager
lack of resources to cost saving may be
implement changes adversity to
change their
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process or
accept new
technology for
the
organization
based on their
lack of
understanding
of the positive

attributes
7 Availability of technology, Competitive Integrationwith Legacy | Enhanced In competitive | Lack of
Scalability, Data accessibility, | advantage, and Systems, increased costs, | Decision market, big knowledge and
and strategic partnerships cost-saving Lack of Expertise, and Making, data can better | understanding.
data quality can be Increased planning, Overwhelming
compromised Agility, and strategies, and amount ofdaa
Improved retrospective Customer
Collaboration resistance to
change.
Continual ned
to refresh data
mining
8 Something New Thinking ahead, Continued delays and Resource Improved Integration
having modern crashes; shortages of assessment and agility, better with Legacy
thoughts and ideas | products allocation, customer Systems, costs,
desired outcome service, and Lack of
to be achieved, cost saving Expertise, and
team building, quality
management concerns
strategies,
informed
decision-making
9 Misunderstanding Anticipate Fear of the unknown, Management Budgetingand Any type of
Disruptive Lack of information, style remainsold | forecasting delay could be
Changes, Strategc | Short-term thinking, catastrophic
Planning, and Lack of resources, and
innovation Lack of support
10 Feasibilities are l[imited by To better forecast, | A clean master data is Collaboration Time Lack of or
organizations not havingthe | plan, purchasing | always the immediate with partners, insufficient
expertise, the customers are decisions, and barrier technology data, resources,
fixated onincumbent sources | strategies in a way availability, data executive
which limits/hamstrings the that is cost and storage and leadership
ability to use Big Data to time effective. access support, time
change suppliers Visibility and can
be utilized to date-
model multiple
scenarios
11 Preparedness, Planning, Budget Money Predictive Competitive, Trends could
Motivating, Adaptability, management, risk Analytics, enhanced change,
Trend setter management and Automation, and customer customers, and
overall profit increased experience,and | supply issues
collaboration efficiency
12 Lead-time prediction, Improved Age, attitude Better future, Results, Clean master
decision-making, creatingstrategic | Execution, datais always
stabilizing stocks Increased changes Effectiveness, | theimmediate
efficiency, Strategy barrier
Enhanced
innovation,
Greater
sustainability, and
Strengthened
relationships
13 Talent Availability, Better able to Data quality and Technology Understand Money
Technology Integration, and handle availability, and Data Integration and past due
Data Availability fluctuations in security and privacy Data Availability | reduction, lead-
demand; better time and cost
ability to satisfy impacts
consumers
14 Data sharing canhelp planning | Technology, Cost, | Age, thoughtperspective | Losingtouch Bad
task execution, and efficiency | Effectiveness, with the project management
Access, oritem
Reliability,
Performance
15 Identifying opportunities, Technology, Cost, | Hesitancy to partake in Unfamiliarity
avoidingrisks, makingbetter | Effectiveness, such an innovative and with current
decisions, improving Access, new type of data processing
efficiency, enhancing Reliability, gathering for fear of miss Workflow
innovation, achieving goals, Performance use, and monopolization, complications,
and living a more fulfilling life and privacy issue Interrupted

work, Learning
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new routine,
Time training

16 Unrealistic, Unreliable,
Unsound, Faulty thinking

Recommendations for Research

Following the summary table, we recommend that future researchers focus on
interactions among these elements, factors, and challenges since we primarily illustrated
the importance of these elements, factors, and challenges in ordinal sequence. In other
words, we figured out these elements, factors, and challenges from the most important to
the least so that organizational leaders and managers better understand the feasibility,
desirability, and barriers in digital transformation for SCM under the Big Data era. Since
organizations are different in terms of their internal existing resources and external
environment, the items ranked the most important can be of no significance at other
organizations given a varying external setting. Therefore, we call for future Research to
be conducted on the same topic in different parts of the world so that SCM leaders and
managers from all walks of life can practically benefit.

Tackling the hindrances requires academically concerted efforts to address data
management concerns, fortify technological infrastructure, and bridge skill deficiencies
in future Research. Additionally, future Research shall also be conducted on the impact
of customer allegiance to established sources since this poses a significant impediment
for organizations aiming to leverage big data for supplier modifications, necessitating
strategies to mitigate customer resistance. Finally, achieving strategic alignment,

investing in resources, and employing proactive approaches to address these shared
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barriers are imperative for management and organizations to effectively leverage big
data's potential and foster innovation within their respective domains in future studies.
Implications

The synthesis of responses underpins the importance of integrating data-driven
insights into strategic decision-making for both management and organizational levels.
The need for enhanced expertise, streamlined data management, and overcoming
resistance to change are recurrent themes across both domains. Addressing these
challenges is imperative to harnessing the full potential of big data, fostering innovation,
and achieving competitive advantages in today's dynamic business landscape. This
comprehensive analysis provides invaluable insights into the multifaceted nature of
challenges and opportunities within big data utilization, guiding stakeholders toward
informed strategies and proactive measures in addressing critical organizational and
management concerns.
Implications for Practice

The study results informed that effective adoption of big data lies in a clear
understanding of feasibility and desirability at both organizational and management
levels. In other words, focusing on what is feasible and desirable is essential in
effectively initiating digital transformation from the organizational and management
perspective. Big data application at the organizational level means process changes and
process change evolves, shifting management style. With findings from this study, we
understand that changes in management and organization urge synchronization of

management and organization. The context for changes lies in feasibility, desirability,
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and barriers facing management and organization. To successfully initiate these changes,
executives at both management and organization shall take advantage of feasibility,
desirability, and barriers in the change process. Therefore, this Research provides
business managers and organization leaders with a guideline in preparing for
organizational changes.
Implications for Research

As outlined in Chapter 1, this study could better understand how the product end -
users envision leadership effectiveness in shifting the supply chain network from
transforming customer experience and operational process through business model
innovation. The Research could bring changes in a consumer society by complementing
end-users with a group of suppliers through an ecosystem-based value-creating stream
instead of a single, combined offering under a traditional buyer-supplier arrangement. In
this sense, the organizations aiming to leverage big data for supplier modifications
necessitate strategies to mitigate resistance among customers by addressing a significant
impediment on the impact of customer allegiance to established sources.
Implications for Positive Social Change

SCM is closely related to people's daily lives since its operation covers the entire
process from raw material procurement through finished product distribution, which
affects all societal stakeholders. Application of the big data throughout the entire supply
chain will change organizational incumbent process, bring about innovation, and result in
better decision-making in swiftly meeting customers' demand; it will all end up with

changing consumers' behavior such as shopping experience, cost-saving pattern, and
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buyer-supplier's relationship as well. Hence, our research results can significantly
illuminate how to initiate the successful digital transformation of SCM in the Big Data
era.

Conclusion

This study comprehensively understands consensus areas and disparities between
the organizational and management levels regarding feasibilities, desirabilities, and
barriers related to digital transformation in SCM, customer experience expectation, and
utilizing big dataamong 32 experts. The result demonstrated that the feasibilities between
organization and management were found to be different. The desirabilities among
organization and management levels were found to be different from their priorities. The
most common barrier between an organization and management is a need for more
resources, technology integration, and expertise to utilize processes.

Despite these aligned aspirations, management and organizations must overcome
persistent hurdles. Tackling these hindrances requires concerted efforts to address data
management concerns, fortify technological infrastructure, and bridge skill deficiencies.
Additionally, the impact of customer allegiance to established sources poses a significant
impediment for organizations aiming to leverage big data for supplier modifications,
necessitating strategies to mitigate resistance among customers. Ultimately, achieving
strategic alignment, investing in resources, and employing proactive approaches to
address these shared barriers are imperative for management and organizations to
effectively leverage big data's potential and foster innovation within their respective

domains.
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Databases, Search Engines, Keywords, and Search Parameters for Literature Search

Database/s  Search Search string

Discipline

Expander

Limiter

Language

earch date (Boolean No. of
. results
engine range phrase)
Walden 2016- "big data Business and 1. Apply Scholarly  English
Library 2020 analytics and ~ Management related words  (peer-
Search supply chain using the reviewed)
management" EBSCOhost journals,
Thesaurus. reports.
2. Apply_ ) Year range 305
search within
the full text of
the articles.
3. Apply
equivalent
subjects.
Google 2016— "Big data Any Year range  English 18,500
Scholar* 2020 analytics and
supply chain
management”

Note. Google Scholar had no filters for discipline(s), expanders, limiters, or content

providers.
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Figure Al

Article Selection Process

Business Source Complete Google Scholar
2016-2020 2016-2020
590 Citation(s) 17000 Citation(s)

N/

1000 Non-Duplicate

Citations Screened

Inclusion/Exclusion i
16140 removed due to other content providers

Criteria Applied

450 Articles Retrieved

i ; | ) 220 Articles Excluded 30 Articles Excluded
Removed the article without keywords, terms and or phrases by title screening After Full Text S Durine Data Extracti
er Full Text Screen uring Data Extraction

200 Articles Included

Note. Adapted from “Preferred Reporting Items for Systematic Reviews and Meta-

Analyses: The PRISMA Statement,” by D. Moher, A. Liberati, J. Tetzlaff, D. G. Altman,
& The PRISMA Group, 2009, PLOS Medicine, 6(7), Article e1000097

(https://doi.org/10.1371/journal.pmed.1000097). CC BY.
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Appendix B: Screening Questions

Screening Questions
1. Question 1 (Pick one)
Are you working as a supply chain professional for at least two years?
o Yes (accept)
o No (reject)
o Not sure (reject)

2. Question 2 (Pick one)
Do you know big data concept
o Yes (accept)
o It depends where it is used (accept)
o No (reject)

3. Question 3 (Pick one)
Do you have any experience in big data usage in supply chain management at
either organizational level or management level?
o Yes, at both levels (accept)
o Only at either level (accept)
o Not at any level (reject)

4. Question 4 (Pick one)
Can you commit to complete entire survey since this Delphi Study requires a
three-round questionnaire so that we could issue you the following round
guestionnaire to obtain your feedback if you are selected?
o Yes (accept)
o Not sure (reject)
o No (reject)

5. Question 5 (Pick one)
Do you reside in the United States of America
o Yes (accept)
o Resided before but not now or temporarily stay (reject)
o No (reject)



Appendix C: Letter of Invitation

Walden University

Letter of Invitation to Participate in Research
Title of study: What Makes an Effective Leader of Supply Chain Management in the Big Data Era
Date: Aug 30, 2022
Dear Participants

You are invited to participate in a research study conducted by Doctoral candidate Tianshu
(James) Wu from Walden University under committee chair Dr. Richard Dool.

The purpose of this study is to determine how a panel of 30 subject matter experts from supply
chain management in the United States views the desirability, feasibility, and importance of
successful digital transformation of supply chain management through use of the Big Data. You
are eligible to participate in this study since you work as a supply chain professional. | will ask
you to complete three rounds of questionnaires which should take approximately 10-15 minutes
for each round questionnaire. The questionnaire will be administered at three different time
frames. This survey contains questions about:

1) What are the challenges and or barriers that result in supply chain management being lag
behind in digital transformation? Please list them in any order.

2) How is the desirability, feasibility, and importance of digital transformation of supply chain
management impacted by use of the Big Data? Please list them in any order.

Your responses will be confidential.

Your participation in this study is entirely voluntary. If you are interested in participating, please
read attached consent form which contains additional information about the study. You may
discontinue participation at any time during the survey and or choose any questions you wish to
answer. There is no any obligation regardless participation or choose not to participate. Feel free
to contact me at tianshu.wu@waldenu.edu if you have any further questions.

Sincerely,

Tianshu (James) Wu
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