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Abstract: With the development of economic globalization, the uncertainty of supply chains is
also increasing, and alleviating the bullwhip effect has become an important issue. From previous
discussions on alleviating the bullwhip effect, there was no research on alleviating it by enhancing
supply chain agility through improving big data. Moreover, it has not been found that quality
function deployment is used to analyze the interdependence between big data and supply chain
agility, as well as between supply chain agility and the bullwhip effect. In particular, the interaction of
bullwhip effect factors are not considered. In this study, the multicriteria decision-making integrated
framework is proposed and the largest relay manufacturer in China is taken to identify key big
data enablers to enhance supply chain agility and mitigate the bullwhip effect, thus providing an
effective method for electronic equipment manufacturing enterprises to develop a supply chain that
can quickly respond to changes and uncertainties. These big data enablers can enhance supply chain
agility and reduce the bullwhip effect. This framework provides an effective method for electronic
manufacturers to formulate supply chain agility indicators and big data enablers to mitigate the
bullwhip effect and also provides a reference for other manufacturing enterprises in supply chain
management.

Keywords: big data; supply chain agility; bullwhip effect; quality function deployment; multicriteria
decision-making

1. Introduction

With the advent of globalization, integration, and the knowledge economy, compe-
tition among enterprises is increasingly intensified [1]. Enterprise competition can be
regarded as the competition between supply chains [2]. When supply chains began to
proliferate globally, their management, organization, and coordination became undoubt-
edly great challenges for enterprises [3]. Due to the lack of effective information flow and
sharing mechanisms among many organizations in the supply chain development process,
it is easy to produce a common phenomenon of supply chains—the bullwhip effect [4]. The
bullwhip effect exists widely in supply chain management, especially in the electronics
industry and other fast-growing industries [5]. For example, influenced by the bullwhip
effect and the global economy, Cisco of the United States experienced over USD 2 billion
of inventory product write-offs in 2001, and Cisco’s stock price fell by 6%, resulting in
huge losses [6]. Similarly, Hewlett-Packard was affected by distortions in information
demand, which resulted in the loss of millions of dollars of inventory and unnecessary
increases in capacity costs [7]. Although the demand for many foods increased and market
shelves emptied during the COVID-19 pandemic, the demand for other products decreased,
and many companies had to stop production. These processes clearly demonstrate the
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emergence and adverse effects of the bullwhip effect [8]. In this regard, the bullwhip effect
will not only lead to low efficiency of the supply chain but will even affect the survival of
enterprises [9]. Therefore, reducing the bullwhip effect plays an important role in improv-
ing the performance of supply chain management, helping enterprises solve problems in
supply chain management, and ensuring effective supply chain operation [1,5].

Improving supply chain agility is an effective method for reducing the negative
impact of the bullwhip effect [10–13]. Supply chain agility is a broad multidimensional
concept with alertness, accessibility, resolution, rapidity, and flexibility [14,15], which
enables the supply chain to rapidly adapt to market changes, reduce inventory, and quickly
respond to customer demand [16]. Therefore, supply chain managers are under pressure
to establish agility in the supply chain to cope with market instability and improvements
in competitiveness [17,18].

In addition, big data has attracted extensive attention regarding effective organiza-
tional decision-making, especially in supply chain management [19–21]. Agility makes the
supply chain more information and data-centric, deepening the understanding of order
capacity. Big data has a positive and significant impact on supply chain agility, thus improv-
ing it [22–24]. Considering the increasing influence of big data decisions on supply chains,
which can improve their responsiveness, rapidity, and adjustment to external changes,
enterprises should attach importance to the contribution of big data in developing supply
chain agility [23–26].

In recent years, Quality function deployment (QFD) has been successfully applied
to solve the problems of various supply chains, such as food [27–29], sustainable [30–32],
garment industry [33], shipping [34,35], and green supply chains [36,37]. However, there
are few studies on the application of QFD in electronic equipment manufacturing supply
chain. Deepu and Ravi, 2020 employed an integrated Analysis network procedure (ANP)
and QFD approach to prioritize customer and design requirements in the electronic supply
chain [38]. Hsu et al., 2021 obtained the order of elastic enhancement by developing
two houses of quality in the elevator manufacturing supply chain to connect studies on
interruption risk, elastic capability, and elastic enhancement characteristics [39].However,
there is no research on the development of two houses of quality to connect bullwhip effect
factors (BEFs), supply chain agility indicators (SCAIs), and Big data enablers (BDEs), and
build the ability of China’s electronic equipment manufacturing enterprises’ supply chains
to deal with the bullwhip effect by integrating the multicriteria decision-making (MCDM)
method and QFD.

China is the largest developing country and one of the largest manufacturers of
electronic equipment in the world. Owing to the rapid development of its electronics
manufacturing industry, it is essential that it utilizes big data analytics (BDA) tools in its
supply chain to ensure its competitiveness on a global scale. The use of BDA tools in the
manufacturing supply chain may help in improving supply chain agility and reducing
bullwhip effect to gain competitive advantage. In addition, owing to the limited resources
of electronic equipment manufacturing enterprises, enterprises must invest capital and
manpower in the most critical place. Therefore, the following issues were discussed in this
study to address the aforementioned deficiencies:

1. What are the key BEFs, SCAIs, and BDEs in the electronic equipment manufacturing
enterprises’ supply chains?

2. How could QFD and MCDM be integrated to link the relationships among three
groups of variables?

3. Can these findings help industry decision makers formulate strategies for implement-
ing big data analytics?

To address the aforementioned research questions, this research has the following
objectives:

a. To determine the key BEFs, SCAIs, and BDEs in the supply chain of electronic equip-
ment manufacturing enterprises.
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b. To establish the relationship between the three groups of variables using the QFD
method based on the integrated MCDM framework.

c. To suggest some managerial implications for the use of the proposed BDA in the
supply chain of electronic equipment manufacturing enterprises.

To achieve this goal, the key BDEs were selected using the MCDM-QFD method. QFD
provides a structured approach that aims to integrate customer requirements with product
and service design specifications by using charts and matrices [40]. Among the many
available management methods, the most common is MCDM. MCDM can be considered a
complex and dynamic process [41]. Scholars have integrated MCDM into QFD to improve
the practicality of QFD and proposed valuable extensions [42–45].

The study’s remaining chapters are organized as follows: Section 2 determines initial
BEFs, SCAIs, and BDEs based on the literature review. Section 3 focuses on the integrated
MCDM-QFD framework. Section 4 carries on the empirical research and the result analysis
with the enterprise case. Finally, the contributions and future research directions of this
study are presented in Section 5.

2. Literature Review
2.1. Bullwhip Effect

The bullwhip effect, also known as demand information amplification or the Forrester
effect [46], is a phenomenon in which small changes in customer demand lead to significant
fluctuations in orders received by upstream suppliers in the supply chain system [47].
The bullwhip effect reflects the existence of various forms of uncertainty in the supply
chain system [48], which is also one of the most studied phenomena in supply chain
management [49]. Wang and Disney, 2016 defined the bullwhip effect as the amplification
of order fluctuations throughout the supply chain [50]. In manufacturing, this means
amplifying changes in demand from nodes in the supply chain.

Braz et al., 2018 believed that the bullwhip effect could negatively impact the supply
chain [49]. This is because the bullwhip effect leads to inefficiencies, such as uncertain
production schedules and overstocking, resulting in high costs, low service levels for all
members of the supply chain, excess upstream inventory levels, forecasting and scheduling
difficulties, and poor supplier and customer relationships [50,51]. In fact, the lower the
bullwhip effect, the higher the efficiency regarding managing the supply chain. Therefore,
the bullwhip effect is considered one of the main criteria for evaluating supply chain
performance [52].

Alleviating the bullwhip effect is one of the key issues in supply chain manage-
ment [53]. One must first understand its causes to weaken or eliminate it. Many scholars
have different views on the causes of the bullwhip effect. For example, Bolarin et al., 2011
analyzed the impact of price fluctuations on order variability in traditional multi-level
supply chains [54]. Furthermore, Hussain and Saber, 2012 believe that demand forecasting,
batch size, shortage game, lack of synchronization, information asymmetry, periodicity of
demand changes, sales time, production delay, inventory strategy, and order processing
are the main reasons for the bullwhip effect [55]. Dominguez et al., 2014 believe that de-
mand prediction, order or delivery lead times, neglecting time delays, company processes,
information asymmetry, demand changes, inventory strategies, and lack of coordination
in the supply chain [56]. Hofmann, 2015 proposed the periodicity of demand prediction,
batch ordering strategy, shortage game, and lack of learning and demand [57]. Khan
and Ahmad, 2016 believe that the bullwhip effect is the result of many factors, including
demand prediction, batch ordering strategies, economic fluctuations, the shortage game,
delivery lead times, company processes, lack of synchronization, information asymme-
try, factory capacity constraints, decision-making mechanisms, demand periodicity, the
multiplier effect, lack of coordination in supply chains, and local optimization without
global vision and inventory strategies [58]. Dai et al., 2017 identified demand forecasting,
batch size, price or economic volatility, and inventory strategies [59]. Pastore et al., 2019
identified demand forecasting, batch ordering strategies, batch sizes, the shortage game,
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lack of learning or training, limited supply, factory capacity constraints, and inventory
strategies [60]. Michna et al., 2020 argued that demand forecasting, price volatility, delivery
lead times, and order processing lead to the bullwhip effect [61]. Finally, Dahlin, 2021
believes that there are two types of reasons: operational reasons and behavioral reasons. In
this regard, operational reasons include updated demand forecasts, ordering strategies and
batch processing, the influence of inventory strategies, the influence of delivery times, the
shortage game, price fluctuations, and lack of transparency. Behavioral reasons include
concerns about inventory shortage, lack of learning and training, neglect of time delays,
the risk of coordinating work, and distrust [62].

Based on the above discussion and a comprehensive literature review [63], this study
sorted out 27 BEFs. The explanations of the chosen BEFs are shown in Appendix A
(Table A1). These factors contributing to the bullwhip phenomenon will be evaluated in
Section 4.

2.2. Supply Chain Agility

Agility as a business concept originated in manufacturing, especially in flexible manu-
facturing systems [64]. Later, this concept was extended to a wider business context, and
the concept of supply chain agility as an organizational characteristic was born [65]. Supply
chain agility is an operational strategy focusing on the speed and flexibility of supply chain
drive [66]. The basic principle of supply chain agility is that supply chain members must
be able to quickly coordinate their collective capabilities in response to changes in supply
and demand [67]. Supply chain agility is presented as a means of improving customer
responsiveness and addressing market changes [17]. Meyer et al., 2017 pointed out that
supply chain agility is an emerging dynamic capability that has been widely accepted as
an important aspect of successful supply chain management [68]. Supply chain agility
needs to be able to respond to changes in supply and demand, ensure that the company
remains competitive and have a shorter life cycle, promote the company’s sustainable
development, create new products and services, and foster social, environmental, and
economic sustainability within the supply chain [69].

Therefore, many scholars have done the following research on supply chain agility
indicators: Bargshady et al., 2016 believe that the main indicators affecting the agility of
the supply chain are customer satisfaction, information technology, personnel, change and
uncertainty, and advertising [70]. Sangari et al., 2016 summarized 12 evaluation criteria
for achieving supply chain agility, recognized as agility requirements, to integrate the
agility into supply chain strategies in the background: management ability, employee
ability, cooperation within the organization, collaboration between supply chain partners,
supply chain information flow and continuous monitoring of the business environment,
supply chain monitoring, using supporting agile techniques, to create a culture of learning
and change [71]. In evaluating supply chain agility, Wu et al., 2017 divided the evalua-
tion criteria into five levels: collaboration, process integration, information integration,
customer-based measures, and strategic alliance of supply chain ecological design [72].
Martinez-Sanchez and Lahoz-Leo, 2018 identified market sensitivity, virtualization, process
integration, and network-based as key indicators to promote supply chain agility [73]. Irfan
et al., 2019 believe that supply elasticity, process integration, and product complexity can
improve supply chain agility [74]. Rasyidi and Kusumasstuti, 2020 evaluated supply chain
agility from four levels: flexibility, responsiveness, effectiveness, and maturity [75]. Shukor
et al., 2020 highlighted an interactive relationship between supply chain agility and organi-
zational flexibility, and supply chain integration positively impacts enterprise supply chain
agility and organizational flexibility [76]. Rehman et al., 2020 and Al-Zabidi et al., 2021
believe that the driving factors of supply chain agility include six levels: organizational
management, strategic management, information management, strategic commitment,
customer sensitivity, and interpersonal competence [77,78]. Jindal et al., 2021 believe that
the key indicators of agility are mainly divided into seven levels: infrastructure, supplier
and customer information, analysis function, human resources, management decision-
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making power, operational flexibility, and time change [79]. Aprilia et al., 2021 verified
and provided examples whereby supplier innovation, information sharing, and strategic
resources significantly impact supply chain agility [80].

Based on the above discussion and a comprehensive review of the literature [81–86],
this study sorted out 42 SCAIs. The explanations of the chosen SCAIs are shown in
Appendix A (Table A2). In addition, these SCAIs will be evaluated in Section 4.

2.3. Big Data

Big data analysis can be defined as the application of advanced analysis techniques to
big data, including data mining, statistical analysis, and predictive analysis, which is a new
business intelligence practice [87]. It combines two main concepts: big data, which refers
to the processing of data with volume, and diversity and velocity characteristics [88]. By
applying statistics, mathematics, econometrics, simulation, optimizing, and deploying ad-
vanced analytical tools, valuable knowledge can be obtained from a large amount of data to
help companies make better decisions [89]. In addition, case verification shows that big data
has multiple advantages in supply chain management, including reducing operating costs,
improving supply chain flexibility, and improving customer satisfaction [90–92]. Therefore,
more and more enterprises are also applying big data to supply chain management.

Many scholars have studied the application of big data in logistics and supply chain
management. Cakici et al., 2011 use radio frequency identification (RFID) data to redesign
optimal inventory strategies [93]. Tan et al., 2015 proposed big data infrastructure based on
deductive graph theory to improve supply chain innovation capability [89]. Zhong et al.,
2015 explained how big data information could be used for effective logistics planning,
production planning, and scheduling [94]. Furthermore, Mishra and Singh, 2016 proposed
a big data method to minimize waste in the food supply chain [95]. Beyond these studies,
many areas of supply chain management can benefit from big data, including alleviating
the bullwhip effect, multi-criteria decision-making [96], planning and scheduling [97], pre-
dictive maintenance based on sensor data, efficient logistics [98], forecasting and demand
management [99], and sustainable supply chain management [100,101].

In addition, many scholars have also conducted relevant studies on the enablers
of big data. Chen et al., 2015 believe that technology-driven, organization-driven, and
environment-driven big data capabilities can be improved [102]. Queiroz and Telles, 2018
verified the promotion of big data analysis from the perspective of supply chain partner-
ships, personnel knowledge level, and innovation culture [103]. Mandal, 2018 classifies
the professional knowledge capabilities of big data personnel into technical knowledge,
technology management knowledge, business knowledge, and relational knowledge [24].
Further, Mandal, 2019 believes that big data management capabilities include planning,
investment decision-making, coordination, and control [25]. Arunachalam et al., 2018 pro-
posed that data generation ability, data integration and management function, advanced
analytical ability, data visualization ability, and data-driven culture are key to positively
influencing big data analysis [104]. Moktadir et al., 2019 reported that there are five ob-
stacles that should be overcome for the use of BDA in manufacturing supply chains: lack
of infrastructure, complexity of data integration, data privacy, lack of availability of BDA
tools, and high investment costs [105]. Ali et al., 2020 proposed three building blocks of big
data capability: management capability, technical capability, and personnel professional
knowledge capability [106]. Hassen and Hassen, 2020 point out that human, financial, and
technical resources can promote big data capabilities in the supply chain [107].

Based on the above discussion and a comprehensive literature review [108–111], this
study has selected 21 BDEs. The explanations of the chosen BDEs are shown in Appendix A
(Table A3). These BDEs are evaluated in Section 4.

2.4. Bullwhip Effect and Supply Chain Agility

Scholars believe that the agility of the supply chain can effectively weaken the bullwhip
effect [10–13]. Studies on the bullwhip effect and supply chain agility are as follows:
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According to Kim and Lee, 2010, reducing the bullwhip effect requires collaboration
among members of the supply chain [112]. Bhattacharya and Bandyopadhyay, 2011 point
out that information transparency and coordination are needed upstream and downstream
of the supply chain to reduce the bullwhip effect [63]. Chen et al., 2011 believe that
establishing trust among supply chain members is an important factor in reducing the
bullwhip effect because it directly affects the availability and quality of the information
in the supply chain [113]. Zhang et al., 2012 established system dynamics models of
traditional and flexible supply chains by using the concept of systems engineering and
verified that shortening the length of the supply chain, sharing information, cooperation,
and shortening lead time can reduce the bullwhip effect [114]. Lin et al., 2014 argue that
improving customer service capability can stabilize the bullwhip effect [115]. Lee et al.,
2014 posit that using information technology to improve the visibility of the entire supply
chain is also considered an effective means to mitigating the bullwhip effect, and the ability
to respond to customers’ demands on time at multiple levels of the supply chain is another
key factor in mitigating it [116]. Meanwhile, Seles et al., 2016 proposed that, like customer
demand, environmental demand sometimes changes significantly and is transmitted along
the supply chain to varying degrees. The timely development of environmental threats
can prevent the generation of the green bullwhip effect from developing environmental
management practices that can respond to market environment changes [117]. Dai et al.,
2017 used case analysis to show that inventory strategy in supplier management is an
effective way to reduce the bullwhip effect [59]. Sabbaghnia et al., 2018 treated order
demand as the best controller to suppress inventory fluctuations at each node in the entire
supply chain network, thereby controlling the bullwhip effect [118]. Ojha et al., 2019
used a simulation study to verify that using information sharing to coordinate orders
in a supply chain can reduce the negative effects of the bullwhip effect [119]. Ran et al.,
2020 reduce the bullwhip effect and improve performance by increasing the level at which
digital technology is applied in the supply chain [120]. Saffari et al., 2021 determined that
shortening product delivery times is an effective strategy to reduce the bullwhip effect in a
closed-loop supply chain by explaining the structural model [121].

Based on the above, most past studies focused on the influence of individual indicators
of supply chain agility on the bullwhip effect. However, there is still a limited volume of
literature to sort out the complete list of indicators of supply chain agility to mitigate the
bullwhip effect. Therefore, the general indicators of supply chain agility obtained through
the literature review provide a more comprehensive discussion regarding weakening the
bullwhip effect.

2.5. Supply Chain Agility and Big Data

In recent years, research on big data has become increasingly common in various
fields [94–102]. Relevant research on supply chain agility and big data is as follows.

Giannakis et al., 2016 developed a multi-agent-based supply chain system architecture
and showed how agent-based big data analysis and processing systems could improve
supply chain agility [22]. Mandal, 2018 believes that the prominent contributing factors of
supply chain agility are technology management knowledge, business knowledge, and
relationship knowledge [24]. Dubey, 2018 established a theoretical framework in terms
of the dynamic capabilities view and contingency theory. By checking the validity of the
proposed path by partial least squares, it is concluded that big data analysis has a positive
and significant impact on the agility of the supply chain 138 [122]. Through path analysis
by the partial least square method, Mandal, 2019 concluded that planning, coordination,
and control in big data management ability are key contributing factors to supply chain
agility [25]. Srimarut and Mekhum, 2020 believe that big data capabilities have a significant
positive impact on supply chain agility, improving supply chain quality [123].

Based on the above studies, it can be seen that in previous studies on the bullwhip
effect, supply chain agility and big data were mostly pin-pall studies. At present, there is
no discussion combining all three. Therefore, this paper builds a two-stage house of quality
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(HoQ) framework to fill this gap by integrating MCDM-QFD based on existing research,
and linking BEFs, SCAIs, and BDEs to find out key BDEs to strengthen supply chain agility
and mitigate the bullwhip effect. Furthermore, this paper provides a point of reference for
supply chain decisions of electronic equipment manufacturers.

3. Methodology

This section begins with a brief description of the proposed MCDM-QFD method,
followed by a further introduction to the method used. The methods in this study include
the fuzzy Delphi method (FDM), fuzzy interpretive structural modeling (FISM), the analysis
network procedure (ANP), and grey relational analysis (GRA).

3.1. Introduction to the MCDM-QFD Method

QFD is a well-known customer-driven approach for capturing customer relationships
and translating them into applicable professional attributes that enable designers to ac-
curately develop products or services [124]. A key technology of QFD is HOQ [125]. As
the basic structure of QFD, HoQ includes technical attributes, the importance weight of
customer demand, and the technical attribute and relationship matrix between customer
demand and technical attributes [126]. The first step in building an HoQ is to understand
the customer’s requirements fully. Customer requirements vary in importance to different
customers; therefore, weighting techniques should be used to measure customers’ require-
ments. Technical attributes are associated with customer requirements. The relational
matrix represents how each customer requirement affects its related technical attributes,
which helps determine the technical attributes of the utmost importance [127]. In this study,
MCDM was integrated into QFD to obtain the most valuable factors.

There are two HoQs in this study’s QFD framework, elaborating the connection
between BEFs and SCAIs as well as the connection between SCAIs and BDEs through an
integrated framework to improve supply chain agility and weaken the bullwhip effect.
The first HoQ links the BEFs to SCAIs. Therefore, BEFs are shown as “what” in this HoQ
because electronic equipment manufacturers first need to identify the bullwhip effect.
SCAIs are shown as “how” because they directly affect how the bullwhip effect is handled.
The second HoQ then relates SCAIs derived from the first HoQ to BDEs. Thus, SCAIs
are listed as “what” in the second HoQ, while BDEs are listed as “how” because they are
practical measures that electronic equipment manufacturers can use to improve supply
chain agility. In addition, as shown in Figure 1, the grey correlation degree of SCAIs
calculated in the first HoQ serves as the starting point for constructing the second HoQ
and can be directly used as the importance weight of the second HoQ. Follow the steps in
the first HoQ when constructing the second HoQ. These steps in this study are shown in
Figures 1 and 2. The symbols numbered from 1© to 12© in the text correspond to the relevant
steps in Figures 1 and 2 for easy recognition.
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3.2. HoQ1: Linking BEFs and SCAIs

Firstly, the initial BEFs were determined, then the potential causes and influence
relationships were confirmed by inviting experts in the industry, and the first round of
FDM questionnaires was designed. Secondly, the consensus value Gi of the bullwhip effect
was obtained using the FDM. According to the threshold value, the top BEFs will be listed
as key BEFs 1©, and these selected key BEFs will be further used to evaluate the interaction
matrix 3© and obtain the key BEFs weight values 4©. The operation of determining the key
SCAIs is the same. The consensus value Gi of SCAIs is calculated according to the FDM,
and the top key SCAIs 2© is listed. Then, the correlation matrix 5© of the key SCAIs and the
correlation matrix 6© of the key BEFs and SCAIs are determined. Based on the interaction
between the two, the grey correlation analysis method is used to get the grey correlation
ranking 7© of the key SCAIs.

3.3. HoQ2: Linking SCAIs and BDEs

After determining the initial BDEs, FDM was used to screen out the key BDEs ac-
cording to the reasonable threshold. Then, the grey correlation degree of each key SCAIs
was weighted and averaged to obtain the key SCAIs weight value 9©. Next, the key BDEs
association matrix É and the key SCAIs and BDEs correlation matrix 11© were identified.
Finally, the grey correlation ranking 12© of key BDEs was obtained by using GRA.

3.4. The Fuzzy Delphi Method (FDM)

Murray et al., 1985 proposed an optimized FDM, which combined the traditional
Delphi method with fuzzy theory [128]. The expert’s judgment in the FDM is represented
by fuzzy numbers. This study uses FDM to screen the key factors that are larger than the
threshold because it can: (1) reduce survey data, (2) fully express the ideas of experts, (3)
rationalize requirements, and (4) save more time and cost [129]. The specific steps of FDM
are as follows:

Step A: The FDM questionnaire was developed based on the factors obtained from
the literature analysis. The value range was indicated to target the level of importance
of the evaluation targets. The minimum value of this value range represents the “most
conservative cognitive value” by the experts. By contrast, the maximum value of the value
range represents the “most optimistic cognitive value.”

Step B: The most conservative value and optimistic values given by all the experts
were calculated. Fuzzy theory was adopted to calculate the minimum value Ci

L,geometric
mean Ci

M,and maximum value Ci
U in the conservative value, as well as the minimum value

Oi
L, geometric mean Oi

M, and maximum value Oi
U in the optimistic value.

Step C: In accordance with Step B, the conservative value of the triangular fuzzy
number for every assessment item i, Ci =

(
Ci

L, Ci
M, Ci

U
)

and the triangular fuzzy number
of the “most optimistic cognitive value” were obtained, Oi =

(
Oi

L, Oi
M, Oi

U
)
.

Step D: The consensus level Gi was calculated. Gi refers to the “value importance level
that has reached a consensus” as far as the experts’ opinions are concerned. The higher the
Gi is, the higher the consensus on a particular assessment criterion among the experts. Gi

can be calculated in the following three ways:

(1) If the fuzzy triangular numbers show no overlap, then Ci
U ≤ Oi

L signifies that the
opinion intervals of the experts possess a consensus section. If so, then the evaluation
item i “value importance level that has reached a consensus”, Gi, equals the average
of Ci

M and Oi
M, which is expressed as

Gi =
Ci

M + Oi
M

2
, (1)

(2) If two fuzzy triangular numbers overlap, then (Ci
U > Oi

L) and (Zi > Mi), where(
Zi = Ci

U −Oi
L
)

and
(

Mi = Oi
M − Ci

M
)
.Then, the consensus importance degree of

the evaluation item is equal to the fuzzy set obtained from the intersection operation
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of the fuzzy relation of the two trigonometric fuzzy functions. The quantized score
with the maximum membership degree of the modified fuzzy set is then obtained
using the following formula:

Gi =

[(
Ci

U ×Oi
M
)
−
(
Oi

L × Ci
M
)(

Ci
U − Ci

M
)
+
(
Oi

M −Oi
L
)], (2)

(3) If the triangle fuzzy functions overlap, (Ci
U > Oi

L) and (Zi < Mi), there is no
consensus segment in the opinion interval value of each questionnaire object, and
the two objects, given the extreme value, have greatly different opinions from other
questionnaire objects, resulting in diverging opinions. Therefore, the evaluation items
whose opinions do not converge are provided to the respondents for reference, and
the steps from A to D are repeated for another round of questionnaires until all the
evaluation items can converge and the value of consensus importance is calculated.

Step E: After setting the Gi threshold, delete all factors that are smaller than the
threshold.

3.5. Fuzzy Interpretative Structural Modeling (FISM)

Warfield, 1974 first proposed FISM [130], and ISM enables researchers and managers
to gain a deeper understanding of the relationships between key issues [131]. Ragade,
1976 proposed the method of FISM by combining fuzzy theory with interpretive structural
modeling [132]. As another extension of ISM, FISM solves the limitations of ISM through
the interactive advantages of a 0–1 scale and transforms the unclear and unclear system
cognitive model into a vivid and well-defined model [133]. The specific calculation steps
are as follows:

Step A: Have each expert evaluate the value of the interaction between each key factor.
Step B: According to the concept of fuzzification, the minimum value Li and maximum

value Ui of each evaluation item are taken as the two endpoints of the fuzzy trigonometric
function to calculate the geometric average value Mi of the evaluation value:

Mi =
∑n

i=1 Xi −
(

Li + Ui)
2

, (3)

where I refers to the number of questionnaire objects and Xi refers to the evaluation project
score.

Step C: Further obfuscation, find Ti is equal to
(

Li + Mi + Ui)/3.

Ti =

(
Li + Mi + Ui)

3
, (4)

Step D: Set the evaluation threshold value and Ti value for comparison, and transform
the structural model into {0, 1} binary variable matrix, where “0” indicates that there is
no mutual influence between the two variables, and “1” represents that there is a mutual
influence between the two variables, to obtain the FISM matrix of the internal relationship
of the reaction factors.

3.6. Analysis Network Procedure (ANP)

Professor Saaty, 1996 proposed ANP [134], which was developed based on analytic
hierarchy process and is one of the most widely used methods in MCDM [135]. The network
analysis procedure improves the interdependence of elements in the analytic hierarchy
process, allowing complex mutual relations between decision levels and attributes, and
reasonably assessing the mutual influence of factors to ensure the objectivity and accuracy
of the evaluation [136].
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In this study, ANP was used to evaluate the correlation and importance of factors.
Table 1 is the evaluation scale of the ANP, and its evaluation scale is “1” to “9” points, as
shown in Table 1.

Table 1. ANP assessment scale.

Assessment Scale Definition Instruction

1 Equal important Both are of equal importance.

3 A little important As a rule of thumb, one indicator is
slightly more important.

5 quite important As a rule of thumb, one indicator matters.

7 Very important As it turns out, a certain indicator is very
important.

9 Absolutely important There is ample evidence that one metric
is absolutely important.

2, 4, 6, 8 The median of adjacent scales A compromise option

The various steps involved in the ANP are described as follows:
Step A: According to the results of the questionnaire in the previous stage, the paired

comparison matrix of factors is established, where is the evaluation value filled by experts
for the comparison of factors i and j, as shown below:

A =
[
aij
]
=


1 a12 . . . a1n

1/a12 1 · · · a2n
...

1/a1n

...
1/a2n

...
· · ·

...
1

, (5)

Step B: Calculate the eigenvector weight values of each matrix using the following
formula:

Wm =
1
n
×∑n

j aij =
aij

∑n
i−1 aij

, (6)

Step C: Due to numerous factors, the matrix is required to pass the consistency test.
The consistency ratio (C.R.) was used to judge its consistency, and the value of (C.R.) must
be <0.1. If it is greater than 0.1, the questionnaire must be filled out again to ensure the
accuracy of the data. The formula for the consistency test is as follows:

λmax = (1/m) ∗
(
W ′1/W1 + W ′2/W2 + · · ·+ W ′n/Wn

)
, (7)

C.R. = C.I./R.I., (8)

C.I. = (λmax − n)/(n− 1), (9)

where R.I. is a stochastic index, Table 2 below is the corresponding Stochastic index R.I.
for factors.

Table 2. Stochastic index.

(n) 1 2 3 4 5 6 7 8 9 10 11 12

R.I. 0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49 1.51 1.48

3.7. Grey Relational Analysis (GRA)

GRA was first proposed by Deng, 1982 based on grey correlation space theory [137].
It is used to solve the uncertainty problem in the case of discrete data and incomplete
information [138]. Its advantages include ease of understanding and calculation, the
use of relatively little data or factors with large variables, and to help solve problems
with complex interrelationships among multiple factors [139]. In addition, GRA has
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the advantage of converting qualitative evaluation factors into quantitative analysis and
provides a comprehensive evaluation in multi-attribute decision-making [140].

The calculation steps for grey correlation analysis are as follows:
Step A: Construct the original matrix. The GRA original matrix is obtained by stan-

dardizing the direct relation matrix.
Step B: The factor values are processed according to the performance. Transform origi-

nal matrices with different definitions or units into comparable sequences. The calculation
formula is as follows:

Xi(k) =
X0

i (k)−miniX0
i (k)

maxiX0
i (k)−miniX0

i (k)
, (10)

Step C: Calculate the difference between the normalized value and parameter value,
and calculate the grey correlation distance formula as follows:

∆0i(k) = |X0(k)− Xi(k)|, (11)

Step D: The formula for calculating the grey correlation coefficient is as follows:

γ(X0(k), Xi(k)) =
mini∈Nmink∈K |X0(k)− Xi(k)|+ ζmaxi∈Nmaxk∈K |X0(k)− Xi(k)|

|X0(k)− Xi(k)|+ ζmaxi∈Nmaxk∈K |X0(k)− Xi(k)|
, (12)

ζ is the distinguished coefficient, ζ ∈ [0,1], which aims to control the size of the gray
correlation coefficient for the convenience of judgment. However, it is generally recom-
mended to set 0.5 [138], but decision-makers can choose different ζ values for calculation
according to their personal preferences.

Step E: The grey correlation degree of factors was calculated. The grey correlation
coefficient is multiplied by the integration weight value, and the weighted average value is
the grey correlation degree.

Step F: Compare and rank—According to the grey correlation degree of each factor,
the influence importance degree is arranged according to height.

4. Empirical Study

The largest and the leading relay manufacturing and sales enterprises in China and
the world were selected as the research object. The main business areas of the research
case included the design and manufacture of various types of solid state and optical relays,
which are widely used in automotive, home appliances, intelligent power supply, industrial
control, and other fields. Presently, there are 2903 employees in the case companies and the
production base covers an area of 49.42 acres. Electronic equipment manufacturing companies
were selected because it has several electronic product manufacturers with different types
of components suppliers, fluctuations in the order of each supplier and frequent distortion
of demand information, which results in a bullwhip effect and inventory backlog. This is
to ensure the identification of key large data analysis to promote measures to weaken the
bullwhip effect. In this study, six experts with rich subject knowledge from different depart-
ments were selected for in-depth interviews. Thereafter, we made an overall judgment and
designed questionnaires as shown in Appendix B (Tables A4–A19) based on their opinions.
The obtained data and analysis results were transformed into two-stage HoQs to verify the
proposed framework. The overview of the experts interviewed is shown in Table 3.

Table 3. Survey of interviewees.

Respondent Years of Experience

R & D manager 12 years
IT specialist 12 years

Supply chain manger 10 years
Production manager 12 years

Quality manager 15 years
Supply chain manger 15 years
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4.1. First HoQ Linking BEFs and SCAIs
4.1.1. Stage I: Confirmation of Important BEFs and SCAIs, Using FDM

A fuzzy Delphi questionnaire was designed and distributed based on the initial
27 BEFs and 47 SCAIs.

Calculate the Gi value using formulas (1) and (2). After discussions with experts, this
study sets the threshold of BEFs as 5.26 and the threshold of SCAIs as 6.41. Other factors
and indicators that are smaller than the threshold will be deleted. According to the Gi

value, the first 14 factors will be listed as the key BEFs, and the calculation results are
shown in Table 4. Similarly, the first 14 factors will be listed as key SCAIs, as shown in
Table 5.

Table 4. Important BEFs selected by FDM.

NO. Factors Gi

BEF 1 Information asymmetry 7.56
BEF 2 Batch ordering strategy 7.22
BEF 3 Demand forecasting 6.32
BEF 4 Batch size 6.20
BEF 5 The multiplier effect 5.87
BEF 6 Price fluctuation 5.77
BEF 7 Lack of coordination in supply chain 5.76
BEF 8 The company process 5.71
BEF 9 A shortage of game 5.64
BEF 10 Factory capacity constraints 5.58
BEF 11 Inventory policy 5.56
BEF 12 lead time 5.56
BEF 13 Local optimization without Global vision 5.42
BEF 14 Lack of synchronization 5.34

Table 5. Important SCAIs selected by FDM.

NO. Indicators Gi

SCAI 1 Improve data accuracy 8.12

SCAI 2 Improve information transparency in the upstream and
downstream of the supply chain 7.78

SCAI 3 Actively build a shared information platform with partners 7.47
SCAI 4 Improve market sensitivity 7.41
SCAI 5 Jointly manage inventory with suppliers 7.36
SCAI 6 Improve logistics capability 7.22
SCAI 7 Supplier innovation 7.17
SCAI 8 Strategic flexibility 6.91
SCAI 9 Using information technology 6.79

SCAI 10 Automation 6.75
SCAI 11 Improve service quality 6.69
SCAI 12 Timely detecting of threats in the environment 6.48
SCAI 13 Integrate supply chain partners 6.42
SCAI 14 Plan and form long-term cooperative partners with suppliers 6.41

By screening the FDM, the initial 27 BEFs are changed into 14, the initial 47 SCAIs are
changed into 14, and the key BEFs and SCAIs are obtained. These key BEFs and SCAIs
will be included in Parts 1© and 2© of the first HoQ, respectively, as shown in Figure 1,
Figure 2, and Figure 3. As can be seen from Table 4, the three factors with the highest Gi are
“Information asymmetry,” “Batch ordering strategy,” and “Demand forecasting.” Table 5
shows that the three indicators with the highest Gi values are “Improve data accuracy,”
“Improve information transparency in the upstream and downstream of the supply chain,”
and “Actively build a shared information platform with partners.”
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4.1.2. Stage II: Verification of the Interaction between Key BEFs

The interaction between related factors plays a key role in determining the dynamic
behavior and operating performance of the system. The expert group was asked to evaluate
the interaction matrix to understand the influence of BEFs on each other. Based on the
results of the FDM screening, 14 key BEFs were further used to analyze the degree of
interdependence. Evaluators were asked to consider whether BEFs influenced each other
and were asked to evaluate them on a 0-1-2-3 scale.

After obtaining the expert evaluation of the key BEFs interaction matrix, Formulas (3)
and (4) were used to calculate the evaluation value, and the evaluation threshold 2.1
was set to compare with the value of the key BEFs’ interaction matrix to convert the
structural model into {0,1} binary variable matrix. The results revealed that there were
mutual influences among BEF1 information asymmetry, BEF2 batch ordering strategy,
BEF3 demand forecasting, BEF4 batch size, and BEF7 supply chain lack of coordination.

4.1.3. Stage III: Obtain the Key BEFs Interaction Coefficients and Weight Values,
Using ANP

After the FISM of the second stage, it was known that there were mutual influences
among BEF1 information asymmetry, BEF2 batch ordering strategy, BEF3 demand forecast-
ing, BEF4 batch size, and BEF7 supply chain lack of coordination. The ANP questionnaire
was designed and distributed on this basis, and experts were invited to score from “0” to
“9” and assess the degree of interaction between key bullwhip factors.

According to Formulas (3)–(7), the corresponding evaluation values of each expert
were calculated and integrated to obtain the interaction coefficient matrix of key BEFs and
the weight value of key BEFs. The results are shown in Table 6. The BEFs’ interaction
coefficient matrix will be included in Part 3© of the first HoQ, and the key BEFs weight
values under the influence of the correlation matrix will be reflected in Part 4© of the first
HoQ, as shown in Figures 1–3.

Table 6. Interaction coefficient matrix of key BEFs.

BEF1 BEF2 BEF3 BEF4 BEF5 BEF6 BEF7 BEF8 BEF9 BEF10 BEF11 BEF12 BEF13 BEF14 Weight
Value

BEF1 0.53 0 0 0 0 0 0.27 0 0 0 0 0 0 0 0.013
BEF2 0 0.40 0 0.19 0 0 0 0 0 0 0 0 0 0 0.006
BEF3 0 0 0.51 0 0 0 0 0 0 0 0 0 0 0 0.007
BEF4 0 0 0 0.13 0 0 0 0 0 0 0 0 0 0 0.001
BEF5 0 0 0 0.14 1.00 0 0 0 0 0 0 0 0 0 0.012
BEF6 0.47 0 0.49 0 0 0.63 0 0 0 0 0.33 0 0 0 0.027
BEF7 0 0 0 0 0 0.79 0.41 0 0 0 0 0.68 0 0 0.024
BEF8 0 0 0 0 0 0 0 1.00 0 0 0 0 0 0.77 0.018
BEF9 0 0 0 0.15 0 0 0 0 1.00 0 0.61 0 0 0 0.020
BEF10 0 0.60 0 0.19 0 0 0 0 0 1.00 0 0 0 0 0.018
BEF11 0 0 0 0.20 0 0 0 0 0 0 0.45 0 0 0 0.007
BEF12 0 0 0 0 0 0 0 0 0 0 0 0.58 0 0 0.005
BEF13 0 0 0 0 0 0 0 0 0 0 0 0 1.00 0 0.013
BEF14 0 0 0 0 0 0 0.67 0 0 0 0 0 0 0.38 0.016

4.1.4. Stage IV: Identify the Association Matrix of Key SCAIs

Fourteen key SCAIs were selected as Part 2© of the first HOQ, as shown in the fig-
ure. Next, experts will be invited to assess the internal correlations of key SCAIs to see
whether they reinforce or conflict with each other. The correlation between key SCAIs was
evaluated on a scale from “0” to “9”, with “1” indicating slight correlation, “3” indicating
moderate correlation, and “9” indicating absolute correlation, and each intermediate value
representing a weakening degree. The correlation matrix shown in Table 7 will be included
in Part 5© of the first HOQ, as shown in Figures 1–3.
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Table 7. Correlation matrix of key SCAIs.

SCAI1 SCAI2 SCAI3 SCAI4 SCAI5 SCAI6 SCAI7 SCAI8 SCAI9 SCAI10 SCAI11 SCAI12 SCAI13 SCAI14

SCAI1 1.00 6.33 5.50 6.17 5.00 5.17 4.50 4.50 3.00 4.00 7.00 5.83 5.00 5.00
SCAI2 6.33 1.00 6.17 6.00 5.33 5.00 5.00 3.67 6.33 5.00 3.67 4.83 5.83 5.50
SCAI3 5.50 6.17 1.00 5.17 5.00 5.50 6.17 6.50 5.83 4.00 5.50 5.00 5.83 5.67
SCAI4 6.17 6.00 5.17 1.00 4.83 6.50 5.17 5.33 5.00 3.50 5.83 7.33 5.17 4.33
SCAI5 5.00 5.33 5.00 4.83 1.00 4.17 6.00 4.67 5.50 5.83 5.50 4.50 4.00 5.00
SCAI6 5.17 5.00 5.50 6.50 4.17 1.00 4.67 4.50 4.17 5.17 3.50 4.17 4.00 5.50
SCAI7 4.50 5.00 6.17 5.17 6.00 4.67 1.00 4.17 3.17 3.67 3.17 3.50 3.83 5.00
SCAI8 4.50 3.67 6.50 5.33 4.67 4.50 4.17 1.00 4.83 3.33 5.50 7.17 4.17 4.17
SCAI9 3.00 6.33 5.83 5.00 5.50 4.17 3.17 4.83 1.00 7.83 5.50 6.33 5.83 5.17
SCAI10 4.00 5.00 4.00 3.50 5.83 5.17 3.67 3.33 7.83 1.00 4.17 5.50 3.83 4.00
SCAI11 7.00 3.67 5.50 5.83 5.50 3.50 3.17 5.50 5.50 4.17 1.00 5.50 3.83 5.50
SCAI12 5.83 4.83 5.00 7.33 4.50 4.17 3.50 7.17 6.33 5.50 5.50 1.00 6.50 5.17
SCAI13 5.00 5.83 5.83 5.17 4.00 4.00 3.83 4.17 5.83 3.83 3.83 6.50 1.00 5.83
SCAI14 5.00 5.50 5.67 4.33 5.00 5.50 5.00 4.17 5.17 4.00 5.50 5.17 5.83 1.00

4.1.5. Stage V: Evaluate the Correlation Matrix between Key BEFs and SCAIs

Experts were invited to assess the relationship between key BEFs and SCAIs, and
describe the interaction between the two using a scale from “0” to “9.” The evaluation
results are the correlation matrix shown in Table 8, which will be included in Part 6© of the
first HOQ, as shown in Figures 1–3.

Table 8. Correlation matrices of key BEFs and SCAIs.

SCAI1 SCAI2 SCAI3 SCAI4 SCAI5 SCAI6 SCAI7 SCAI8 SCAI9 SCAI10 SCAI11 SCAI12 SCAI13 SCAI14

BEF1 7.33 5.33 6.17 3.33 3.17 4.50 4.83 3.50 5.50 4.50 2.50 4.00 4.67 4.67
BEF2 4.33 5.83 5.33 4.83 7.33 6.33 5.33 5.50 4.00 4.33 4.67 4.83 3.83 4.83
BEF3 5.17 4.33 4.17 6.50 5.67 5.67 5.33 5.00 4.67 5.17 3.17 5.50 5.33 3.50
BEF4 4.00 4.67 4.50 6.00 6.33 6.00 4.83 5.67 4.50 3.67 6.33 4.83 3.50 4.17
BEF5 4.67 4.00 3.83 4.83 4.67 4.83 4.17 3.33 2.67 4.17 2.33 5.17 4.67 3.33
BEF6 4.83 7.00 6.83 7.17 3.50 6.33 6.33 6.67 4.67 5.83 5.17 7.17 5.50 5.83
BEF7 6.00 7.67 4.67 5.83 4.83 6.33 5.00 7.17 5.17 4.67 4.83 6.50 6.00 4.17
BEF8 6.00 4.17 6.00 5.33 4.17 4.83 4.50 3.17 3.67 3.67 3.50 4.00 6.00 5.67
BEF9 3.33 4.50 3.50 7.17 4.50 5.83 6.17 5.17 4.33 4.67 3.67 4.50 4.17 5.50

BEF10 4.33 4.00 3.83 6.00 5.17 5.67 7.00 7.17 5.00 3.67 3.33 5.33 3.83 5.17
BEF11 5.50 5.17 4.33 4.67 5.83 4.50 6.67 3.50 4.83 3.33 3.00 3.00 3.00 4.67
BEF12 5.17 5.17 6.33 4.33 4.33 4.83 4.50 4.00 3.33 3.00 4.83 4.50 5.33 4.17
BEF13 4.17 6.83 3.50 6.00 4.50 4.17 4.67 4.83 5.50 3.83 4.67 5.33 4.67 4.67
BEF14 7.33 7.50 5.83 5.17 5.50 5.67 5.17 5.33 4.67 5.33 6.00 5.00 7.67 6.67

4.1.6. Stage VI: Arrange the Priority of Key SCAIs

GRA can be used to obtain the correlation degree and ranking of key SCAIs that can
reduce the bullwhip effect. The GRA is calculated as follows:

A. Obtain the original evaluation matrix: multiply the matrices in Tables 7 and 8 to
obtain the original data matrix, then conduct the GRA, as shown in Table 9.

Table 9. Important BEFs and SCAIs original evaluation matrix.

SCAI1 SCAI2 SCAI3 SCAI4 SCAI5 SCAI6 SCAI7 SCAI8 SCAI9 SCAI10 SCAI11 SCAI12 SCAI13 SCAI14

BEF1 463.36 541.25 572.61 533.61 501.17 470.25 451.97 509.78 502.86 486.19 513.11 552.17 512.56 500.03
BEF2 558.50 597.33 653.50 604.11 547.22 531.92 531.14 576.28 597.42 558.17 578.42 616.17 583.33 569.64
BEF3 553.92 621.28 668.94 613.39 569.17 545.67 528.36 593.42 589.92 556.89 585.25 640.83 582.50 581.33
BEF4 541.39 574.03 624.08 577.75 526.56 498.44 504.44 555.47 559.08 530.03 538.97 608.19 549.25 546.75
BEF5 473.94 533.89 567.97 526.03 481.67 462.92 463.64 518.81 516.97 481.06 508.92 540.89 506.72 495.08
BEF6 628.00 685.28 738.17 685.67 648.42 610.31 582.56 666.03 672.39 618.00 646.75 701.47 665.44 651.86
BEF7 579.33 635.39 702.56 642.42 598.39 563.36 545.22 604.44 623.22 581.28 609.33 665.89 613.94 610.56
BEF8 502.64 562.28 591.53 551.25 508.56 486.64 484.03 539.11 536.78 504.19 529.64 581.47 525.64 520.25
BEF9 518.75 570.53 618.00 558.19 531.44 503.42 485.50 544.92 551.86 512.33 538.69 590.67 542.75 526.39

BEF10 527.47 574.22 630.06 573.78 527.92 508.19 492.06 542.53 550.81 524.97 552.75 591.42 552.56 542.31
BEF11 497.92 565.03 617.03 565.67 521.94 500.53 480.56 548.25 525.33 520.89 536.92 584.22 543.28 529.33
BEF12 504.42 556.22 596.50 558.75 512.58 490.36 479.22 543.86 542.28 513.06 521.08 566.64 532.06 529.75
BEF13 533.69 580.14 639.08 576.25 542.17 516.81 502.19 560.31 572.25 539.97 557.83 605.47 568.28 552.06
BEF14 614.69 679.86 746.03 681.92 630.00 599.89 580.75 651.72 658.78 620.69 645.08 706.67 650.00 646.31
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B. Normalization of the original data matrix: Formula (10) is used to normalize the
original evaluation matrix in Table 9 After normalization, the matrix will be between
[0,1]. Table 10 shows the normalized matrix.

Table 10. Normalized comprehensive evaluation matrix of key BEFs and SCAIs.

SCAI1 SCAI2 SCAI3 SCAI4 SCAI5 SCAI6 SCAI7 SCAI8 SCAI9 SCAI10 SCAI11 SCAI12 SCAI13 SCAI14

BEF1 0.000 0.049 0.027 0.048 0.117 0.050 0.000 0.000 0.000 0.038 0.030 0.070 0.037 0.032
BEF2 0.578 0.419 0.503 0.489 0.393 0.468 0.606 0.426 0.558 0.563 0.504 0.469 0.483 0.476
BEF3 0.550 0.577 0.593 0.547 0.525 0.561 0.585 0.535 0.514 0.554 0.554 0.622 0.477 0.550
BEF4 0.474 0.265 0.330 0.324 0.269 0.241 0.402 0.292 0.332 0.358 0.218 0.419 0.268 0.330
BEF5 0.064 0.000 0.000 0.000 0.000 0.000 0.089 0.058 0.083 0.000 0.000 0.000 0.000 0.000
BEF6 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
BEF7 0.704 0.670 0.791 0.729 0.700 0.681 0.714 0.606 0.710 0.732 0.729 0.778 0.676 0.737
BEF8 0.239 0.188 0.138 0.158 0.161 0.161 0.245 0.188 0.200 0.169 0.150 0.253 0.119 0.161
BEF9 0.336 0.242 0.294 0.201 0.299 0.275 0.257 0.225 0.289 0.228 0.216 0.310 0.227 0.200

BEF10 0.389 0.266 0.365 0.299 0.277 0.307 0.307 0.210 0.283 0.321 0.318 0.315 0.289 0.301
BEF11 0.210 0.206 0.288 0.248 0.242 0.255 0.219 0.246 0.133 0.291 0.203 0.270 0.230 0.218
BEF12 0.249 0.148 0.168 0.205 0.185 0.186 0.209 0.218 0.233 0.234 0.088 0.160 0.160 0.221
BEF13 0.427 0.306 0.418 0.315 0.363 0.366 0.385 0.323 0.409 0.430 0.355 0.402 0.388 0.363
BEF14 0.919 0.964 1.046 0.977 0.890 0.929 0.986 0.908 0.920 1.020 0.988 1.032 0.903 0.965

C. Substitute the normalized comprehensive evaluation matrix in Table 10 into Equation
(11) to obtain the difference sequence matrix between key BEFs and SCAIs, as shown
in Table 11.

Table 11. Difference sequence matrix between key BEFs and SCAIs.

SCAI1 SCAI2 SCAI3 SCAI4 SCAI5 SCAI6 SCAI7 SCAI8 SCAI9 SCAI10 SCAI11 SCAI12 SCAI13 SCAI14

BEF1 1.000 0.951 0.973 0.952 0.883 0.950 1.000 1.000 1.000 0.962 0.970 0.930 0.963 0.968
BEF2 0.422 0.581 0.497 0.511 0.607 0.532 0.394 0.574 0.442 0.437 0.496 0.531 0.517 0.524
BEF3 0.450 0.423 0.407 0.453 0.475 0.439 0.415 0.465 0.486 0.446 0.446 0.378 0.523 0.450
BEF4 0.526 0.735 0.670 0.676 0.731 0.759 0.598 0.708 0.668 0.642 0.782 0.581 0.732 0.670
BEF5 0.936 1.000 1.000 1.000 1.000 1.000 0.911 0.942 0.917 1.000 1.000 1.000 1.000 1.000
BEF6 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
BEF7 0.296 0.330 0.209 0.271 0.300 0.319 0.286 0.394 0.290 0.268 0.271 0.222 0.324 0.263
BEF8 0.761 0.812 0.862 0.842 0.839 0.839 0.755 0.812 0.800 0.831 0.850 0.747 0.881 0.839
BEF9 0.664 0.758 0.706 0.799 0.701 0.725 0.743 0.775 0.711 0.772 0.784 0.690 0.773 0.800

BEF10 0.611 0.734 0.635 0.701 0.723 0.693 0.693 0.790 0.717 0.679 0.682 0.685 0.711 0.699
BEF11 0.790 0.794 0.712 0.752 0.758 0.745 0.781 0.754 0.867 0.709 0.797 0.730 0.770 0.782
BEF12 0.751 0.852 0.832 0.795 0.815 0.814 0.791 0.782 0.767 0.766 0.912 0.840 0.840 0.779
BEF13 0.573 0.694 0.582 0.685 0.637 0.634 0.615 0.677 0.591 0.570 0.645 0.598 0.612 0.637
BEF14 0.081 0.036 0.046 0.023 0.110 0.071 0.014 0.092 0.080 0.020 0.012 0.032 0.097 0.035

D. Substitute Formula (12) into the difference sequence matrix in Table 11 to obtain the
grey correlation coefficient matrix between key BEFs and SCAIs, as shown in Table 12.

Table 12. Grey correlation coefficient matrix between key BEFs and SCAIs.

SCAI1 SCAI2 SCAI3 SCAI4 SCAI5 SCAI6 SCAI7 SCAI8 SCAI9 SCAI10 SCAI11 SCAI12 SCAI13 SCAI14

BEF1 0.333 0.345 0.340 0.344 0.362 0.345 0.333 0.333 0.333 0.342 0.340 0.350 0.342 0.340
BEF2 0.542 0.463 0.501 0.495 0.452 0.485 0.559 0.465 0.531 0.534 0.502 0.485 0.491 0.488
BEF3 0.526 0.542 0.551 0.525 0.513 0.533 0.546 0.518 0.507 0.528 0.528 0.570 0.489 0.526
BEF4 0.487 0.405 0.427 0.425 0.406 0.397 0.455 0.414 0.428 0.438 0.390 0.463 0.406 0.427
BEF5 0.348 0.333 0.333 0.333 0.333 0.333 0.354 0.347 0.353 0.333 0.333 0.333 0.333 0.333
BEF6 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
BEF7 0.628 0.603 0.705 0.649 0.625 0.611 0.636 0.559 0.633 0.651 0.648 0.693 0.606 0.655
BEF8 0.396 0.381 0.367 0.373 0.373 0.373 0.399 0.381 0.385 0.376 0.370 0.401 0.362 0.373
BEF9 0.430 0.397 0.415 0.385 0.416 0.408 0.402 0.392 0.413 0.393 0.389 0.420 0.393 0.385

BEF10 0.450 0.405 0.440 0.416 0.409 0.419 0.419 0.387 0.411 0.424 0.423 0.422 0.413 0.417
BEF11 0.388 0.386 0.413 0.399 0.397 0.402 0.390 0.399 0.366 0.414 0.386 0.406 0.394 0.390
BEF12 0.400 0.370 0.375 0.386 0.380 0.381 0.387 0.390 0.394 0.395 0.354 0.373 0.373 0.391
BEF13 0.466 0.419 0.462 0.422 0.440 0.441 0.448 0.425 0.458 0.467 0.437 0.455 0.450 0.440
BEF14 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333 0.333
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E. Multiply the moment of grey correlation degree in Table 12 by the weight value in
Table 6, then calculate the grey correlation degree of each indicator using Formula (12),
and sort the grey correlation degree, as shown in Table 13.

Table 13. Grey correlation degree and ranking of key SCAIs.

NO. Factors Correlation Degree Ranking

SCAI 1 Improve data accuracy 0.0981 3

SCAI 2 Improve information transparency in the upstream and
downstream of the supply chain 0.0944 13

SCAI 3 Actively build a shared information platform with partners 0.0988 1
SCAI 4 Improve market sensitivity 0.0957 9
SCAI 5 Jointly manage inventory with suppliers 0.0956 10
SCAI 6 Improve logistics capability 0.0955 11
SCAI 7 Supplier innovation 0.0972 4
SCAI 8 Strategic flexibility 0.0931 14
SCAI 9 Using information technology 0.0964 6
SCAI 10 Automation 0.0971 5
SCAI 11 Improve service quality 0.0957 8
SCAI 12 Timely detecting of threats in the environment 0.0987 2
SCAI 13 Integrate supply chain partners 0.0945 12
SCAI 14 Plan and form long-term cooperative partners with suppliers 0.0960 7

As can be seen from Table 13, the top three key SCAIs that can be used to weaken the
bullwhip effect are “SCAI3 Actively build a shared information platform with partners,”
“SCAI12 Timely detecting threats in the environment,” and “SCAI1 Improve data accuracy.”
In the grey correlation degree, the correlation between internal BEFs, the interaction
between SCAIs, and the interaction between BEFs and SCAIs have been fully considered.
Therefore, in the second HoQ, the grey correlation degree will be used as the weight basis
for the key SCAIs. The calculation results shown in Table 13 will be included in part 7© of
the first HoQ, as shown in Figures 1–3.

In the first HoQ, the grey correlation degree and ranking of key SCAIs can be obtained
using the FDM, FISM, ANP, and GRA. The first HoQ result in this framework is shown in
Figure 3.
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Figure 3. The first HoQ between key BEFs and SCAIs. 

4.2. Second HoQ Linking SCAIs and BDEs 
4.2.1. Stage I: Selection of Key BDEs Using FDM 

In a globally competitive market with increasing uncertainties, manufacturers have 
recognized the need to create supply chains for manufacturing systems that respond 
quickly to uncertainties. From the perspective of the supply chain, this study mainly con-
siders BDEs, SCAIs, and BDEs, and broadens the perspective of electronic equipment 
manufacturers’ supply chain management. Through example verification, the key find-
ings are as follows: 

In this study, the FDM and GRA are used to connect key SCAIs and BDEs. Through 
literature analysis and expert discussion, 21 initial enablers were selected. Based on this, 
the FDM questionnaire was designed and sent to experts, and the experts were asked to 
evaluate the minimum and maximum of each project in a range of 0–10. After collecting 
the questionnaires, extreme values exceeding two times the standard deviation were de-
leted. The results show that there is no extreme value in the range of two standard devia-
tions. Formulas (1) and (2) were used to calculate the 𝐺  value. 
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4.2. Second HoQ Linking SCAIs and BDEs
4.2.1. Stage I: Selection of Key BDEs Using FDM

In a globally competitive market with increasing uncertainties, manufacturers have
recognized the need to create supply chains for manufacturing systems that respond
quickly to uncertainties. From the perspective of the supply chain, this study mainly
considers BDEs, SCAIs, and BDEs, and broadens the perspective of electronic equipment
manufacturers’ supply chain management. Through example verification, the key findings
are as follows:

In this study, the FDM and GRA are used to connect key SCAIs and BDEs. Through
literature analysis and expert discussion, 21 initial enablers were selected. Based on this,
the FDM questionnaire was designed and sent to experts, and the experts were asked to
evaluate the minimum and maximum of each project in a range of 0–10. After collecting the
questionnaires, extreme values exceeding two times the standard deviation were deleted.
The results show that there is no extreme value in the range of two standard deviations.
Formulas (1) and (2) were used to calculate the Gi value.

According to the needs of the case company, the threshold value of this study was
6.55. The number of big data capability improvement strategies was screened from the
original 21 to 10, and BDEs below the threshold were deleted. The filtering results, shown
in Table 14, will be included in Part 8© of the second HoQ, as shown in Figure 1, Figure 2,
and Figure 4.

Table 14. FDM results of key BDEs.

NO. Enablers Gi

BDE 1 Data integration and management capability 7.70
BDE 2 Get financial support 7.55
BDE 3 Big data storage maintenance 7.33
BDE 4 Advanced analytical skills 7.00
BDE 5 Data-driven culture 6.91
BDE 6 Value data security and privacy 6.86
BDE 7 Develop IT infrastructure 6.86
BDE 8 Developing cloud computing technology 6.79
BDE 9 Developing the Internet of Things 6.78

BDE 10 Data visualization capability 6.77

4.2.2. Stage II: Calculate the Weight Value of the Key SCAIs

In the first stage of the HoQ calculation, the grey correlation degree of 14 key SCAIs
was obtained. Therefore, in the second stage of the HoQ, the grey correlation degree of
each index was weighted and averaged to obtain the weight value of the key SCAIs in
the second HoQ. The results are shown in Table 15 and will be included in Part 9© of the
second HoQ, as shown in Figure 1, Figure 2, and Figure 4.

Table 15. Weight values of key SCAIs.

Indicators SCAI1 SCAI2 SCAI3 SCAI4 SCAI5 SCAI6 SCAI7 SCAI8 SCAI9 SCAI10 SCAI11 SCAI12 SCAI13 SCAI14

Weight
Value 0.0728 0.0701 0.0733 0.0710 0.0710 0.0709 0.0722 0.0691 0.0716 0.0721 0.0711 0.0734 0.0702 0.0712

Stages III–V of the second HoQ are the same as stages IV–VI of the first HoQ: (1) The
correlation matrix between BDEs, (2) the relationship matrix between SCAIs and BDEs,
(3) the comprehensive relationship matrix between SCAIs and BDEs, and (4) the grey
correlation degree and ranking of BDEs. (1) and (2) will be included in Parts É and 11© of
the second HoQ, respectively, as shown in Figure 1, Figure 2, and Figure 4.

Input the weight values of key SCAIs in Table 15 in the first HoQ into the second HoQ
to calculate the grey correlation degree and rank of the BDEs. These will be included in the
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second HoQ, respectively, as shown in Figures 1, 2 and 4. As can be seen from Table 16,
the most important BDEs is “BDE2 Get financial support,” followed by “BDE9 Developing
the Internet of Things.” Ranked third is “BDE10 Data visualization capability.” Ranked
fourth and fifth are “BDE8 Developing cloud computing technology” and “BDE7 Develop
IT infrastructure,” respectively. Table 16 and Figure 4 show the calculation results of the
whole process.

Table 16. Grey correlation degree and ranking of BDEs.

Enablers BDE1 BDE2 BDE3 BDE4 BDE5 BDE6 BDE7 BDE8 BDE9 BDE10

Correlation Degree 0.5663 0.5842 0.5718 0.5597 0.5612 0.5634 0.5721 0.5749 0.5819 0.5767
Ranking 7 1 6 10 9 8 5 4 2 3
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Figure 4. The second HoQ between key SCAIs and BDEs. 

4.3. Discussion of Results 
Regarding the results of the first HoQ linking BEFs and SCAIs, Table 4 shows that 

the first three BEFs are “BEF1 Information asymmetry,” “BEF2 Batch ordering strategy,” 
and “BEF3 Demand forecasting.” The ranking of key SCAIs shown in Table 13 reveals that 
“SCAI3 Actively build a shared information platform with partners,” “SCAI12 Timely de-
tecting of threats in the environment,” and “SCAI1 Improve data accuracy” are the top 
issues on which the case enterprise’s senior management should pay attention. 

As Figure 3 shows, prioritizing key SCAIs would significantly mitigate the bullwhip 
effect. The results show that SCAI3 ranks first in “Actively build a shared information 
platform with partners.” In the case of opaque information, it is easy to increase the vari-
ability of orders in the supply chain. Information sharing can actively make advance plans 
for orders and inventory changes. Therefore, SCAI3′s “Actively build a shared infor-
mation platform with partners” is one of the most effective strategies to weaken the bull-
whip effect. The second on the list is “SCAI12 Timely detecting of threats in the environ-
ment.” More and more companies face a wide range of environmental threats associated 
with their supply chains; for example, in 2001, Dutch customs officers blocked the import 
of nearly 1.3 million SONY PlayStation game consoles into Europe because the cadmium 
content in those cables exceeded new Dutch environmental regulations. As a result, SONY 
had to bear substantial costs regarding replacing parts, storing goods, and repackaging 
the final product. Therefore, the need to detect threats in the environment in a timely man-
ner can reduce the bullwhip effect. In third place was “SCAI1 Improve data accuracy.” 
The nature of globalized businesses requires supply chain information integration to 
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Figure 4. The second HoQ between key SCAIs and BDEs.

4.3. Discussion of Results

Regarding the results of the first HoQ linking BEFs and SCAIs, Table 4 shows that
the first three BEFs are “BEF1 Information asymmetry,” “BEF2 Batch ordering strategy,”
and “BEF3 Demand forecasting.” The ranking of key SCAIs shown in Table 13 reveals
that “SCAI3 Actively build a shared information platform with partners,” “SCAI12 Timely
detecting of threats in the environment,” and “SCAI1 Improve data accuracy” are the top
issues on which the case enterprise’s senior management should pay attention.

As Figure 3 shows, prioritizing key SCAIs would significantly mitigate the bullwhip
effect. The results show that SCAI3 ranks first in “Actively build a shared information
platform with partners.” In the case of opaque information, it is easy to increase the
variability of orders in the supply chain. Information sharing can actively make advance
plans for orders and inventory changes. Therefore, SCAI3′s “Actively build a shared
information platform with partners” is one of the most effective strategies to weaken
the bullwhip effect. The second on the list is “SCAI12 Timely detecting of threats in the
environment.” More and more companies face a wide range of environmental threats
associated with their supply chains; for example, in 2001, Dutch customs officers blocked
the import of nearly 1.3 million SONY PlayStation game consoles into Europe because the
cadmium content in those cables exceeded new Dutch environmental regulations. As a
result, SONY had to bear substantial costs regarding replacing parts, storing goods, and
repackaging the final product. Therefore, the need to detect threats in the environment
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in a timely manner can reduce the bullwhip effect. In third place was “SCAI1 Improve
data accuracy.” The nature of globalized businesses requires supply chain information
integration to make responsive management decisions, such as forecasting and inventory
replenishment, to fully meet the rapidly changing needs of international production and
marketing activities. In view of this, the integration of information data has a certain
inhibitory effect on the bullwhip effect. In addition, other key SCAIs screened by this study
can also be used as a reference for case companies to reduce the bullwhip effect.

In the second HoQ linking SCAIs and BDEs, this study uses SCAIs as an intermediary
of the other two variables. As can be seen from Table 16, the top five enablers for improving
big data are “BDE2 Get financial support,” “BDE9 Developing the Internet of Things,”
“BDE10 Data visualization capability,” “BDE8 Developing cloud computing technology,”
and “BDE7 Develop IT infrastructure.”

BDE2 requires the case firm to invest in ensuring that it has specially designed hard-
ware and software tools for data aggregation and processing across many supply chains.
Meanwhile, in the supply chain, BDE9’s developing the Internet of Things helps to pro-
mote more accurate and timely information sharing in production, quality assurance, and
distribution. BDE10 reduces the time lag between data collection, storage, analysis, and
reporting processes, enhancing decision makers’ analytical capabilities. At the same time,
BDE8 can really benefit firm’s supply chain management. Therefore, the above BDE10 and
BDE8 strategies provide corresponding support from identifying supply chain bottlenecks
to promoting supply chain recovery. Finally, a well-developed IT infrastructure (hardware,
software, and expertise) lays a technical foundation for data analysis, equipped with which
the firm can initiate the big data business enterprise smoothly. As supply chain agility is a
multidimensional concept with multiple characteristics, it is difficult to improve supply
chain agility through a single variable. Case companies should focus on integrating these
five metrics to enhance supply chain agility. While improving supply chain agility, it can
also reduce the bullwhip effect. At the same time, other key BDEs can also be used by case
companies for decision-making to improve supply chain agility and mitigate the bullwhip
effect.

5. Managerial Implications

The novelty of this study is established in the utilization of an integrated MCDM-QFD
framework to provide a tool for withstanding fluctuations in supply chain demand. This
will help decision-makers and managers in electronic equipment manufacturing industries
understand the implications of adopting big data to improve agility and reduce bullwhip
effects in the supply chain, and identify the most critical big data improvement measures.
Further, this will encourage them to develop tactical and strategic plans for the adoption
of big data. In addition, the research may help decision-makers in making management
decisions. The management significance of this study is summarized as follows:

This study will enable the consolidation of the foundation of information tech-
nology and the formulation of management policies: it is crucial to develop advanced
methods and technologies to support the application of big data analysis in supply chain
management. In addition, the Internet of Things (IoT) is changing the traditional enterprise-
to-customer interaction in an unprecedented manner, while cloud computing technology
can effectively analyze and manage big data with parallel computing capabilities, thus
improving the efficiency of big data acquisition and processing. To apply IoT and cloud
computing technologies in every supply chain activity to build reliable supply chains,
managers should develop big data analytics management policies in their manufacturing
supply chains.

This study highlighted the expansion of investment and addition of advanced
equipment for big data analytics: To maintain business in a competitive global mar-
ket, it is critical to include advanced equipment for big data analytics to the manufacturing
of enterprise supply chain. Because massive data sets are vast and complex, capital avail-
ability is a decisive factor in digital transformation. Therefore, managers should focus on
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securing funding for the development of big data analytics tools, and ensuring that they
possess specially designed hardware and software tools for the aggregation and processing
of data across numerous supply chains.

Develop strategic planning for the big data management of manufacturing supply
chains: Plato principle emphasizes key management. Owing to the limited resources of
enterprises, enterprises can invest the most important resources in strategic planning. On a
global scale, the value of digital transformation has attracted widespread recognition by
businesses and the society. Therefore, manufacturing enterprises need to integrate digital
transformation thinking into strategic planning, and make strategic deployment of digital
transformation resources from a top-level design perspective.

6. Conclusions

In a globally competitive market with increasing uncertainties, manufacturers have
recognized the need to create supply chains for manufacturing systems that respond
quickly to uncertainties. From the perspective of the supply chain, this study mainly
considers BDEs, SCAIs, and BDEs, and broadens the perspective of electronic equipment
manufacturers’ supply chain management. Through example verification, the key findings
are as follows:

• The top three BEFs are “Information asymmetry,” “Batch ordering strategy,” and
“Demand forecasting.”

• The top three SCAIs are “Actively build a shared information platform with partners,”
“Timely detecting of threats in the environment,” and “Improve data accuracy.”

• The top five BDEs are “Get financial support,” “Developing the Internet of Things,”
“Data visualization capability,” “Developing cloud computing technology,” and “De-
velop IT infrastructure.”

The main contributions of this study are described as follows:
Firstly, a QFD method based on the integrated FDM-FISM-ANP-GRA framework

was proposed. By identifying key BEFs, SCAIs, and BDEs, the constructed MCDM-QFD
provides decision support for improving electronic equipment manufacturing

Secondly, BEFs, SCAIs, and BDEs are integrated into the QFD framework. By consid-
ering the mutual influence of BEFs, the relationship between BDEs and SCAIs, SCAIs, and
BDEs is explored. It provides a feasible solution for electronic equipment manufacturing to
apply BDEs to enhance supply chain agility and weaken the bullwhip effect.

Finally, electronic equipment manufacturers can effectively adjust their manufacturing
system strategy, operations, and management through the proposed framework, and
clearly understand where to improve their BDEs to enhance supply chain agility, thereby
reducing the bullwhip effect.

This study provides two suggestions for future research. First, manufacturing systems
in different industries can use the framework to reduce the bullwhip effect. However, the
different characteristics of the industries being studied must be considered to determine
the extent to which they require supply chain agility, which can then be imported into the
proposed framework. Finally, a user-friendly decision support system can be developed for
the framework to enable manufacturers and manufacturing systems to effectively establish
big data and improve the level of automation of related activities to help monitor, plan,
and optimize supply chains in real-time.
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(BEFs) Bullwhip effect factors
(SCAIs) Supply chain agility indicators
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(BDA) Big data analytics
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(ANP) Analysis network procedure
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Appendix A

Tables A1–A3 provide a brief description of the key factors.

Table A1. Important BEFs.

NO. Factors A Brief Explanation of Each Factor Relevant Literature

BEF 1 Information asymmetry Information asymmetry occurring in the upstream
of the supply chain

Dahlin and Safstrom
(2021) [62].

BEF 2 Batch ordering strategy Refers to the phenomenon involved in the
placement of orders to upstream echelons in batches Hussain and Saber (2012) [55].

BEF 3 Demand forecasting Adjustment of the supply chain order and demand
changes using a demand forecasting model

Dahlin and Safstrom
(2021) [62].

BEF 4 Batch size
This refers to the quantity of a product, which is
identical in quality, construction, and method of

manufacture, produced at one time

Lee, Padmanabhan and
Whang (1997) [47].

BEF 5 The multiplier effect
Generally refers to a case of direct multiplication of

orders with a knock-on effect between product
manufacturers and their capital equipment suppliers

Bhattacharya and
Bandyopadhyay (2011) [63].

BEF 6 Price fluctuation Price changes caused by price discounts, coupons,
and other special promotions in the market

Dahlin and Safstrom
(2021) [62].

BEF 7 Lack of coordination in supply
chain

Inadequate communication between suppliers and
supply chain partners

Dahlin and Safstrom
(2021) [62].

BEF 8 The company process

Includes the “variability of machine reliability and
output” and

“variability in process capability and subsequent
product quality”

Bhattacharya and
Bandyopadhyay (2011) [63].

BEF 9 A shortage of game This refers to the approach of Buyer in managing
supply shortages in the event of a shortage event

Dahlin and Safstrom
(2021) [62].

BEF 10 Factory capacity constraints Capacity limits on merchandise in the warehouse of
a dealer

Pastore, Alfieri and Zotteri
(2019) [60].
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Table A1. Cont.

NO. Factors A Brief Explanation of Each Factor Relevant Literature

BEF 11 Inventory policy

Inventory policies specify decision rules with respect
to the point in time when a replenishment of the
inventory should be initiated, as well as to the

replenishment quantity that should be ordered from
the supplying node in the supply network.

Dahlin and Safstrom
(2021) [62]; Bhattacharya and
Bandyopadhyay (2011) [63].

BEF 12 Lead time Refers to the order to delivery time Bhattacharya and
Bandyopadhyay (2011) [63].

BEF 13 Local optimization without
Global vision

This focuses only on the optimization of its own
echelon without considering its impact on other

echelons

Bhattacharya and
Bandyopadhyay (2011) [63].

BEF 14 Lack of synchronization
This includes the lack of synchronization in the

delivery, receipt, ordering, transportation, and other
aspects of supply chain members

Bhattacharya and
Bandyopadhyay (2011) [63].

Table A2. Important SCAIs.

NO. Indicators A Brief Explanation of Each Indicator Relevant Literature

SCAI 1 Improve data accuracy This determines the accuracy of the data source or
data source logic

Chan, Ngai and
Moon(2017) [84].

SCAI 2

Improve information
transparency in the upstream

and downstream of the
supply chain

Indicates adequate information sharing between an
enterprise and a supplier Yang (2014) [85].

SCAI 3
Actively build a shared

information platform with
partners

For establishing a shared information system
between the company and suppliers, and sharing

information between different
business units

Rasi, Abbasi, Hatami
(2019) [82]; Jermsittiparsert

and Srisawat (2019) [83].

SCAI 4 Improve market sensitivity Companies must be aware of any in-demand
changes relating to consumer tastes and preferences

Jermsittiparsert and Srisawat
(2019) [83].

SCAI 5 Jointly manage inventory with
suppliers

Integrate and synchronize information to eliminate
excess inventory and improve inventory Pandeyand Garg (2009) [86].

SCAI 6 Improve logistics capability Improve logistics planning and management ability Pandeyand Garg (2009) [86].

SCAI 7 Supplier innovation

This is a process that creates opportunities for
organizations to capture new markets and eliminate

stagnation and downturns that threaten existing
businesses

Rasi, Abbasi and Hatami
(2019) [82].

SCAI 8 Strategic flexibility
Superior knowledge and ability to adjust objectives
and improve the ability of a company to respond to

the market environment

Chan, Ngai and Moon
(2019) [84]

SCAI 9 Using information technology
This includes a variety of tools for supply chain

software solutions to meet the requirements of all
stages of the supply chain

Pandey and Garg (2009) [86].

SCAI 10 Automation
This involves the replacement of manual operations
with computerized methods, or the implementation

of decisions with minimal human intervention
Pandey and Garg (2009) [86].

SCAI 11 Improve service quality The result of providing products or services that
meet customer requirements Pandey and Garg (2009) [86].

SCAI 12 Timely detection of threats in
the environment

The rapid response of an organization to various
forces with which it must interact

Rasi, Abbasiand Hatami
(2019) [82].

SCAI 13 Integrate supply chain
partners

This refers to a shared mental framework
between customers and suppliers regarding

inter-enterprise dependency and principles of
collaboration

Haq, Hameed and Raheem
(2020) [81].

SCAI 14
Plan and form long-term
cooperative partners with

suppliers
Becoming a partner in operational cooperation Yang (2014) [85].
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Table A3. Key BDEs.

NO. Enablers A Brief Explanation of Each Enabler Relevant Literature

BDE1 Data integration and
management capability

The ability of an organization to collect, integrate,
transform, and store data from heterogeneous data

sources using tools and technologies
Lamba and Singh (2018) [110].

BDE2 Get financial support
A large amount of capital needs to be invested in
various processes related to big data, such as data

collection, storage, and processing
Lamba and Singh (2018) [110].

BDE3 Big data storage maintenance

This is one of the essential
aspects, which involve hardware devices and

storage systems or
mechanisms

Zhong et al. (2016) [109].

BDE4 Advanced analytical skills

Defined as the ability of an organization to analyze
supply chain data using tools and technologies in
bulk, real-time, near-term, or as supply chain data

flows and extracts meaningful decision insights

Arunachalam, Kumar and
Kawalek (2018) [104].

BDE5 Data-driven culture

As an intangible resource, this enabler represents the
beliefs, attitudes, and opinions of the people on data

segmentation decisions
Ensuring data privacy at different stages of the
collection, storage, and processing of big data

Arunachalam, Kumar and
Kawalek(2018) [104].

BDE6 Value data security and
privacy

Ensuring data privacy at different stages of the
collection, storage, and processing of big data Lamba and Singh (2018) [110].

BDE7 Develop IT infrastructure This refers to the physical resources available for
implementing IT innovations Lai, Sunand Ren (2018) [111].

BDE8 Developing cloud computing
technology

Consideration of leveraging cloud computing
infrastructure for data integration, storage, and

analytics as a complementary resource

Arunachalam, Kumar and
Kawalek(2018) [104].

BDE9 Developing the Internet of
Things

Development enables the formation of
interconnected networks by common physical

objects that can be individually addressed
Raman et al. (2018) [108].

BDE10 Data visualization capability

This refers to the ability of an organization to
leverage tools and technologies to present

information visuals and visually deliver data-driven
insights to decision makers in a timely manner

Arunachalam, Kumar and
Kawalek(2018) [104].

Appendix B

Questionnaire has been included in the Appendix B.
See Tables A4–A19 (Note: As there are too many factors in the questionnaire, sample

questionnaires are shown below.)
The questionnaire included in the first QFD:

Table A4. Fuzzy Delphi questionnaire (taking bullwhip effect as an example, the questionnaire of the
supply chain agility index was similar, and the importance was indicated using values from 0 to 9).

NO. The Most Conservative Value The Most Optimistic Value

BEF 1
BEF 2
BEF 2

...

Table A5. Bullwhip effect factors fuzzy interpretative structural assessment questionnaire: (paired
matrix of bullwhip effect factors related influence relationship, with 0 to 3 indicating the degree of
mutual influence).

BEF 1 BEF 2 BEF 3 ...

BEF 1
BEF 2
BEF 3

...
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Analysis network procedure Questionnaire (importance scale from 0 to 9).

Table A6. Assessment of the interaction between BEF 1 and BEF 6

BEF 1 BEF 6

BEF 1
BEF 6

Table A7. Assessment of the interaction between BEF 2 and BEF 10

BEF 2 BEF 10

BEF 2
BEF 10

Table A8. Assessment of the interaction between BEF 3 and BEF 6

BEF 3 BEF 6

BEF 3
BEF 6

Table A9. To evaluate the interaction between BEF 4 and BEF 2, BEF 5, BEF 9, BEF 10, and BEF 11

BEF 4 BEF 2 BEF 5 BEF 9 BEF 10 BEF 11

BEF 4
BEF 2
BEF 5
BEF 9

BEF 10
BEF 11

Table A10. Assessment of the interaction between BEF 6 and BEF 7

BEF 6 BEF 7

BEF 6
BEF 7

Table A11. To evaluate the degree of interaction between BEF 7, BEF 1, and BEF 4)

BEF 7 BEF 1 BEF 4

BEF 7
BEF 1
BEF 4

Table A12. To evaluate the degree of interaction between BEF 11, BEF 6, and BEF 9)

BEF 11 BEF 6 BEF 9

BEF 11
BEF 6
BEF 9

Table A13. Assessment of the interaction between BEF 12 and BEF 7

BEF 12 BEF 7

BEF 12
BEF 7
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Table A14. Assessment of the interaction between BEF 3 and BEF 9

BEF 3 BEF 9

BEF 3
BEF 9

Table A15. Supply chain agility indicators correlation matrix (importance on a scale of 0 to 9).

SCAI 1 SCAI 2 SCAI 3 ... SCAI 14

SCAI 1
SCAI 2
SCAI 3

...
SCAI 14

Table A16. Correlation matrix between supply chain agility indicators and bullwhip effect factors
(importance on a scale of 0 to 9).

SCAI 1 SCAI 2 SCAI 3 ... SCAI 14

BEF 1
BEF 2
BEF 3

...
BEF 14

Questionnaire included in the second QFD:

Table A17. Fuzzy Delphi questionnaire (importance on a scale of 0 to 9).

NO. The Most Conservative
Value The Most Optimistic Value

BDE 1
BDE 2
BDE 3

...

Table A18. Association matrix of big data drivers (importance on a scale of 0 to 9).

BDE 1 BDE 2 BDE 3 ... BDE 10

BDE 1
BDE 2
BDE 3

...
BDE 10

Table A19. Correlation matrix between supply chain agility indicators and big data enablers (impor-
tance on a scale of 0 to 9).

BDE 1 BDE 2 BDE 3 ... BDE 10

SCAI 1
SCAI 2
SCAI 3

...
SCAI 14
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