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Preface to ”"Sustainable Supply Chain Management
and Optimization”

In modern society, the concept of sustainable development is more and more popular, and
supply chain management has been continuously incorporating sustainable development criteria
into its decision making. Sustainable development is an economic growth model that focuses on
long-term development. It presents a challenge to meet the needs of the present generation without
compromising the needs of future generations while protecting the environment. To address this
challenge, we encourage sustainable supply chain management and optimization.

Supply chain management is an integrated management idea and method that carries out the
planning and control of logistics from the supplier to the end user in a supply chain. Supply chain
optimization refers to “optimizing the scheme under constrained conditions or limited resources”.
Therefore, we study the optimization of supply chain management under sustainable development
and put forward an optimized supply chain scheme under the constraints of multiple factors such
as internal resources, costs, corporate responsibility, external environment, external supervision, and
externality of enterprises.

To realize the sustainable development of supply chain management, the first step is to realize
economic sustainability of the supply chain and its node enterprises, which can continuously meet
the actual needs of certain customers and form a long-term economic growth model. The second is
to achieve sustainable responsibility; every company and the entire supply chain should shoulder
corporate social responsibility. Third is to achieve environmental sustainability and to make full use
of and integrate social resources.

A sustainable supply chain is a complex, comprehensive, and dynamic multi-disciplinary
system, and emphasis should be placed on research objectives such as coordinating economic
benefits and environmental impacts. Its normative research paradigm, evaluation model, and
performance indicators, as well as strategic sustainable governance, are research hotspots in the field
of supply chain management, and its theoretical system and practice need more development and
exploration. Sustainable supply chain management addresses the sustainability of supply chains
from the economic, environmental, corporate, and social perspectives. Its application area is the
entire value chain and life cycle of a product/service, from development to the end of the life cycle.

This book focuses on how to make supply chains more sustainable through optimization.

Shaojian Qu, Qingguo Bai, Ying Ji, and Congjun Rao
Editors

ix
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Due to the complex and changing global trade environment and the intensification of
economic and trade conflicts, enterprises have become more cautious about economic de-
velopment. Therefore, an increasing number of enterprises are paying increasing attention
to the construction of and investment in the supply chains for sustainable development. For
example, in 1996, The Manufacturing Research Council (MRC) at Michigan State University,
with a grant of USD 400,000 from the National Science Foundation (NSF), conducted a
study on “Environmentally Responsible Manufacturing (ERM)”, which introduced the
concept of green supply chains and emphasized their importance. Green supply chain
integrates the environment into the whole supply chain, from the raw materials provided
by suppliers to the disposal of goods after consumption by customers, the whole process
should consider the comprehensive use of resources and environmental protection, reduce
production activities that cause harm to human beings and the environment, and ultimately
optimize economic and environmental benefits.

In 1987, as the awareness of environmental protection gradually became more preva-
lent, the WCED introduced the concept of sustainable development, for which the funda-
mental ideas were to protect the environment, ensure the sustainability of resources, and
then encourage economic and social developments [1]. Since this concept was introduced,
sustainable development has spread to many industries. In the 1990s, scholars began
to study sustainable supply chain management for environmental protection, as well as
contributing to social development in the process of supply chain management. Sustainable
supply chain development is already reflected in all aspects of supply chain management:
development and design [2], production and packaging, marketing and distribution, con-
sumption and recycling, etc. Currently, a safe, stable, and sustainable supply chain is not
only positioned as the core aspect of enterprise development but is also gradually becoming
integral to the sustainable development of the industrial chain. Modern society is facing
very serious environmental and resource problems. In this context, sustainable supply
chain management is a sustainable development model used in modern enterprises that
takes these two issues into account, in order to achieve good economic and social benefits.
In the process of implementing sustainable supply chain management, there are still many
problems faced by enterprises, which need to be studied and continuously improved.

Studies that address all the challenges and possible influences of sustainable supply
chain management are welcomed for this Special Issue, entitled “Sustainable Supply Chain
Management and Optimization”. Such studies will help to analyze and develop solutions
in the field of sustainable supply chain management and develop effective methods for
future research. The main focus of this Special Issue is to identify management factors for
sustainable supply chain development—such as carbon footprint and emissions, waste,
air pollution, big data, cost management, agricultural supply chain, and supply chain
finance—to promote the innovative development of sustainable supply chain systems [3,4].

We wish to thank all authors for submitting their papers to this Special Issue, and
acknowledge all the reviewers for their careful and timely verdicts, which helped to
improve the quality of this Special Issue.
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Abstract: Due to income constraints, increased awareness of environmental protection and preference
for new products, consumers generate switching purchases between new and remanufactured
products, which often lead to a “cannibalization effect” in the market, and make sellers fall into a
vicious circle of price reduction. Considering consumers’ switching purchase behavior, this study
examines the pricing problem of new products and remanufactured products in the competitive
market environment. Based on two-period duopoly asymmetric price game models, there has
been less research on the effectiveness of the price matching strategy and the traditional dynamic
pricing strategy, which is the issue that this paper is dedicated to discussing. This study analyzes
the equilibrium profits and their influencing factors under the dynamic pricing and price matching
strategies of sellers, and discusses the simplified solution of the model. The results show that
consumer learning costs, initial consumers and product differences can affect the sellers’ pricing
decisions. Consumers’ learning costs of products reduces the equilibrium profit of the manufacturer
and increases that of the remanufacturer. Initial consumers are not always advantageous for sellers’
profitability. Product differences affect the determination of the seller’s equilibrium strategy. In the
optimal strategy, the remanufacturer should insist on price matching, while the manufacturer should
choose dynamic pricing or price matching according to the product differences. This study provides
sellers with insights to choose appropriate and custom pricing strategies to maximize profit as well
as prevent the majority of consumers switching purchase.

Keywords: remanufactured products; price matching; duopoly; switching purchase behavior

1. Introduction

With the rapid development of science and technology, the speed of product renewal
has become faster. According to the data analysis of the Global New Products Database
(GNPD), products that have been launched in Europe, the Middle East and Africa accel-
erate significantly in the first half of 2022.The industries involved extend from emerging
electronic products, cosmetics and fashion to traditional fields such as home furnishing and
automobiles. At the same time, with the advent of the global era of green environmental
protection, the recycling and remanufacturing of old products has received more and
more attention. Remanufactured products are obtained by renovating or remanufacturing
recycled old products (or parts), which are not significantly different from new products in
function and appearance. Apple’s official website shows that the products sold in the online
store include manufactured mobile phones, and that each Apple-certified remanufactured
product has undergone a rigorous refurbishment process, including comprehensive testing
according to the same rigorous functional standards as new Apple products.

In order to meet the needs of consumers at different levels, manufacturers need to
produce and sell new products and remanufactured products at the same time, which leads
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to the generation of consumer switching purchase behavior. For example, consumers who
prefer remanufactured products at the beginning may delay their purchase and opt for the
new product because of a strong desire to try new functions or new materials. However,
due to income constraints, increased awareness of environmental protection and so on,
consumers who want to buy new products will choose to compromise and finally buy
remanufactured products. Considering these switching purchase behavior of consumers
and the competition between new products and remanufactured products, manufacturers
and remanufacturers face great challenges in product sales. First of all, new products and
remanufactured products often lead to a “cannibalization effect” in the market, which
greatly reduces the success rate of new products on the market. Secondly, consumers’
switching purchase between new products and remanufactured products makes sellers
fall into a vicious circle of price reduction in order to retain the original demand. The
current research has generally concluded that consumers’ switching purchase behavior
has a negative impact on sellers’ profits. Research shows that if the manufacturer or
remanufacturer ignores some of the above-mentioned strategic behavior in the pricing
decision, both of them may incur about 20% less profits [1]. Li et al. [2] have only analyzed
equilibrium profits under dynamic pricing, and found that dynamic pricing leads to a
decline in corporate equilibrium profits and consumer rationality when firms sharply
discount prices. When introducing the price matching strategy to optimize the seller’s
profit, scholars have drawn different conclusions. For example, Anne and Shaffer [3]
show that when both asymmetric product substitutability and shelf space availability are
considered, the price under PMG may even fall below the competitive level, while Chen
et al. [4] argue that price-match guarantees can generate a competition-enhancing effect.
Additionally, in the actual business process, the Chairman of Best Buy, has pointed out that
consumer switching purchase behavior made the company “face very difficult challenges,
and the only effective way to break the bottom line of sales profit of products is to re-plan
the pricing strategy of the sales market”.

Some manufacturers try to apply dynamic pricing as a reactive response to dispose of
products, and they dynamically adjust prices over time. However, one of the drawbacks of
dynamic pricing strategy is that the manufacturers and remanufacturers cannot segment
consumers completely because the strategy often prompts consumers to postpone and
switch purchases between new products and remanufactured products. In general, scholars
find it difficult to eliminate or weaken the negative impact of consumer behavior by using
dynamic pricing. Given that consumers’ perception of quality is positively correlated with
product price, some manufacturers use price matching guarantee (PMG) to discourage
consumers from postponing and switching purchases. Price matching guarantee (PMG) is
a policy and practice that quickly matches another seller’s quotation for the same or similar
goods, or refunds the difference in price within a short time after the sale. This policy
and practice has attracted increasing interest from the academics and practitioners [5].
McWilliams and Gerstner prove that the PMG strategy can be used to prevent consumers
from switching purchases because it reduces the dissatisfaction of consumers who find
a lower price elsewhere after purchase [6]. In fact, manufacturers and remanufacturers
are trying to adopt price matching. For example, Huawei relaunched the P40 Pro 5G
mobile phone in 2022 and supported the sale of new and remanufactured products at
the same price. Additionally, some scholars have questioned whether when there are
too many consumers, PMGs are unprofitable, and they believe that sellers” equilibrium
price matching strategies depend on the relative importance of the demand-expansion
and competition-intensifying effects [7]. Based on these points, this paper will analyze the
effectiveness of price matching. We mainly study the competitive equilibrium of dynamic
pricing and matching pricing when new products and remanufactured products are sold at
the same time, and solve the following problems:

(1) Under the dynamic pricing strategy, does consumers’ switching purchase behav-
ior between new products and manufactured products have a negative impact on
manufacturers and remanufacturers? How should this impact be described?
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(2) Can the price matching strategy mitigate the effects of consumers’ switching purchase
behavior when new products and remanufactured products are sold at the same time?

To address these questions, we first present the traditional dynamic pricing strategy.
Then, we introduce three types of price matching strategies. These strategies are as fol-
lows: first, only the manufacturer implements price matching and uses the price of the
remanufactured product in the next period as their own pricing (BMP). Second, only the
remanufacturer implements price matching and uses the price of the new product in the
next period as their own pricing (OMP). Third, the manufacturer and the remanufacturer
match the pricing of a product from their respective competitors in the next period, which
suggests that the seller wants to retain their consumers and encourage them to buy prod-
ucts in the current period (RMP). The third matching strategy combines the two previous
matching strategies to make the seller’s sales exclusive, with little possibility for consumers
to shift. Finally, we obtain the relevant factors that affect the profits of manufacturers and
remanufacturers and the applicable conditions of the price matching strategy through the
equilibrium analysis.

On the basis of the existing research, this paper discusses the following three innova-
tive points: (1) The form of consumers’ switching buying behavior; (2) The simplification
of the model; (3) The comparison of optimal strategies. First, we introduce consumers’
switching purchase behavior into the pricing decision of sellers” products in two periods.
Specifically, we consider that consumers’ switching behavior occurs between new products
and remanufactured products in different periods and divide them into two categories.
One is that consumers who view remanufactured products at the beginning may delay
their purchase and turn to buy new products; the other is that consumers who view new
products will switch to buying remanufactured products. Second, we simplify the solution
process of the equilibrium profits of sellers under different strategies, which reduces the
space for optimal decision-making of sellers. Third, we analyze the effectiveness of the
price matching strategy compared with the traditional dynamic pricing strategy. The price
matching strategy takes a competitor’s future price as a seller’s current price, which helps
to explain the connotation of price matching. Considering consumers’ switching purchase
behavior, the only choice for the remanufacturer is to take the future price of the competi-
tor’s new products as the current product price, while the manufacturer can judge whether
to match the future price of competitors according to the differences between new products
and remanufactured products. This provides some guidance for the pricing of sellers.

The remainder of this paper is organized as follows. Section 2 briefly reviews the liter-
ature, while Section 3 introduces the basic model in detail, including the model framework,
assumptions, and method. Section 4 analyses the dynamic pricing strategy equilibrium
and the price matching strategies equilibrium. Section 5 conducts a numerical analysis on
the impact of the related factors influencing the sellers’ profits and their optimal strategy.
Section 6 presents the conclusions and directions for future research. All relevant proofs
appear in Appendix A.

2. Literature Review

This study is related to two research streams: the pricing strategy in the case of simul-
taneous sales of multiple products, and the pricing strategy selection problem considering
consumers’ switching purchase behavior.

Revenue management originates from the US airline industry in the end of 1970s, for
a long time, dynamic pricing had been widely used by sellers to sell perishable products
such as air tickets, whose product prices change with time. The extant literature has
reviewed dynamic pricing from different perspectives. Levin and McGill [8] found that
in a multi-period dynamic game model, sellers can increase revenue by implementing
dynamic pricing strategies when consumers have price comparison behavior. Dasu and
Tong [9] and Chew et al. [10] reach the same conclusion. Prasad et al. [11] find that
the number of non-comparable consumers at a certain threshold can improve sellers’
revenues based on a two-stage dynamic pricing model. Liu and Zhang [12] highlight
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that companies with low product quality have greater profit losses. Li et al. [2] show that
dynamic pricing leads to a decline in corporate equilibrium profits and consumer rationality
when firms sharply discount prices. The new products and remanufactured products we
studied have similar characteristics to perishable products such as air tickets. In the
analysis of the dynamic pricing model, scholars have mentioned the strategic behavior
of consumers and their preference for products, but there is no detailed description of
consumers’ switching purchase behavior. In the era of advocating for green development
and consumer personalized demand, it is particularly critical to choose the perspective from
which to analyze the reasonable pricing of new products and remanufactured products.
Our problem is essentially a more complex dynamic program that considers the competitive
environment and consumers’ behavior.

Different products are sold at the same time, which means fierce competition for profits
among the sellers behind their respective products. Therefore, sellers have to grasp the reac-
tion of competitors when setting their pricing strategies. The phenomenon of the duopoly
competition has been a topic of discussion since the seminal papers of early researchers.
Moorthy [13] examines how consumer preferences, costs, and price competition affect a
firm’s competitive product strategy under a duopoly competition. Li et al. [14] demonstrate
that on the competitive pricing of duopoly, increasing the differentiation between sellers
could reverse the unfavorable situation in the competition. The price competition between
the new products and remanufactured products discussed in this paper is essentially the
competitive problem of duopoly and multi-products. Actually, the competition between
new manufactured products and remanufactured products within and across competitive
channels significantly affects the pricing decisions of manufacturers. Wen et al. [15] found
that when there is new product competition between the remanufacturer and the man-
ufacturer, adding direct channels can improve the remanufacturer’s ability to resist the
uncertainty of consumer behavior. Similarly, Liu et al. [16] proposed that if manufacturers
decide to produce remanufactured products, they can also sell remanufactured products in
their online direct channels. Niu et al. [17] considered sellers who sell new products and
remanufactured products at the same time, and found that retailers can eliminate their yield
uncertainty by producing remanufactured products themselves or relying on third-party
remanufacturers. Qiao and Su [18] built two-period game models to address the choice
issues of the original equipment manufacturer’s licensing strategy and the independent re-
manufacturer’s distribution channel, and found that the original equipment manufacturer’s
licensing strategy choice depends on the sizes of the fixed licensing fee and the obtained
willingness-to-pay. For the analysis of consumer behavior, Ma et al. [19] found that when
only the reference quality effect behavior is considered, higher unit remanufacturing cost,
lower remanufacturing rates, and higher customers’ discount rates can offset some of the
negative impacts of reference quality effects. Baghdadi et al. [20] believe that customers are
often skeptical about the quality and durability of remanufactured products, they develop
a Stackelberg game model to optimize the pricing decisions for remanufactured products.
Cai et al. [21] used reverse induction to obtain the equilibrium profits under the strategy the
supplier actively shares to demand information from the retailer. Through the Stackelberg
game analysis, Han et al. [22] found that under decentralized decision-making, the optimal
profit of construction and demolition waste resources with government subsidies using
the supply chain is higher. Yang et al. [23] showed that when the consumers’ valuation
difference for remanufactured products is small, the monopolistic original equipment
manufacturer can increase their profit by reminding consumers to consider the effects of
anticipated regret. Among many consumer behaviors, transfer purchase behavior is one of
the most common behaviors [24]. Therefore, a large number of scholars have discussed
the product pricing decisions under the transfer purchase behavior of consumers. Con-
sumer switching purchase behavior is a multi-party price comparison behavior based on
utility maximization, which often occurs between different products or different channels
of the same product. Shin [25] confirmed that differentiated services will ease the price
competition between sellers, resulting in higher profits for both sides of the competition.
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Liu et al. [26] found that prices and profits of sellers declined when consumers switch
channels to buy products. Different from the above research literature, we mainly focus on
the problem of duopoly competition between the manufacturer and the remanufacturer,
meanwhile, analyzing consumers’ switching purchase behavior based on a two-period
dynamic game model.

Previous studies have shown that the emergence of consumer switch purchase behav-
ior intensifies market competition, so scholars have proposed many pricing optimization
methods. Marketing researchers have paid close attention to PMGs and documented their
impact on price competition. The price matching strategy requires a seller to quickly match
the price of the same or similar goods of another seller, or refund the price difference within
a short time after the sale, so as to achieve the goal of consistent pricing of products in
different sales channels. Hviid and Shaffer [27] found that an infinitesimally small hassle
cost could attenuate the ability of PMG to mitigate price competition. Anne and Shaffer [3]
showed that when both asymmetric product substitutability and shelf space availability
are considered, the price under PMG may even fall below the competitive level. Hess
and Gerstner [28] also agree with the above views. In contrast, Chen et al. [4] argued
that price-match guarantees can generate a competition-enhancing effect, considering that
price-match encourages consumers’ price search behavior, and thus, exaggerates price
competition. In addition, when consumers are heterogeneous, PMG can be used to price
discriminate one consumer type over the others. Janssen and Parakhonyak [29] found
that PMG increases consumers’ option value of purchase and raises the prices of products.
Xing and Liu [30] point out that the establishment of selective refund contracts based on
price matching can improve the service level of retailers, even if some consumers switch
to purchase. Chen and Chen [31] found that the seller with experience advantages can
implement price matching strategies according to the shopping costs of consumers, which
can help reduce the negative impact of consumer switching purchase on the seller’s income.
Mehra et al. [32] proposed price matching as a short-term strategy and an exclusive product
assortment as a long-term strategy. Zhao et al. [33] found that a price matching strategy is
more effective than discrete-time dynamic pricing in the presence of strategic purchasing
behavior. According to the definition of price matching strategy in the existing research, we
discuss the competitive equilibrium between a manufacturer and a remanufacturer when
the current price of a seller is equal to the future price of the competitor. Moreover, scholars
have not reached an agreement on the effectiveness of the price matching strategy, such as
Anne and Shaffer [3], who have obtained that the price matching strategy would have a
positive impact on the seller, while Chen et al. [4] argued that price-match guarantees can
generate a negative impact. Therefore, it is necessary for us to further discuss the effective-
ness of the sellers’ price matching strategy, especially in the competitive environment of
manufacturers and remanufactures.

To highlight the differences between new products and remanufactured products,
we reflect the product difference and consumer learning cost into the utility function of
consumers. To the best of our knowledge, few studies have simultaneously analyzed the
impact of different consumer switching purchase behaviors on the competition between
new and remanufactured products, and so we consider different consumers in a sales
cycle: some consumers may first visit the manufacturer but then switch to purchasing
remanufactured products; some consumers may first visit the remanufacturer but switch to
purchasing new products. Then, we try to judge the effectiveness of the price matching
strategy through equilibrium analysis between new products and remanufactured products.

3. Hypotheses and Methods

In a common market, a manufacturer (denoted with the subscript r) and a remanu-
facturer (denoted with the subscript 0) compete to sell new products and remanufactured
products to consumers. Each seller releases N products to the spot market. At the end of the
sales period, the residual value of the product is zero. We refer to the manufacturer or the
remanufacturer who encounters the consumer in the first period as the seller i(i = r,0); if
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no purchase has occurred before the second period, the consumer visits the seller j, j = 7,0
and j # i. When a seller encounters the consumer in the second period, they will be aware
that the consumer has visited the competitor in the previous period. In period ¢, the price
of a seller posted is denoted by p;;, where t = 1,2, i = r,0. We assume that both sellers
are risk-neutral, aiming at the maximization of profits and denoting the seller i’s expected
profit-to-go function in period t as 71y;.

Hypothesis 1: In the two periods, the manufacturer only sells new products and the remanufacturer
only sells remanufactured products.

Hypothesis 2: Manufacturers and remanufacturers price products for the purpose of maximizing profits.

There are N units similar consumers, whose valuations for the product are drawn
independently from a uniform distribution on [0,1]. Additionally, N; consumers visit the
seller i(i = r,0) in the first period, with N; + N, = N. In the second period, it is possible
for each consumer to visit another seller, which means that consumers either buy from
the manufacturer or the remanufacturer. The number of consumers buying from seller i
in period t is denoted as n;(t = 1,2,i = r,0). Each consumer’s reservation price for an
ideal new product purchased from the manufacturer is v, and for the remanufactured
product sold by the remanufacturer is 6v. 6 € (0,1] represents the difference between
new products and remanufactured products, which is reflected in the differences in raw
materials, manufacturing processes, functions, etc. Unlike purchasing remanufactured
products, consumers can obtain the freshness and real experience of product updates
through new marketing forms, such as a new product release and free trial service, which
helps to improve the valuation of new products. f(v) denotes the density of v and the
distribution function is F(v), which are well-known to sellers. Since new products have
just entered the market, consumers do not know their functional performance, and need to
spend time and energy to learn. In contrast, consumers are familiar with remanufactured
products because they have been used or sold in the market before. We assume that
the learning cost of each consumer for an ideal new product from the manufacturer is
s (s € [0,1]). Moreover, the product cost information and use report of remanufactured
products in the market are relatively complete; we ignore the consumer learning cost for
an ideal remanufactured product purchased from the remanufacturer. In daily life, fast
fashion clothing brands, such as Everlane, HoneyBy and Story Mfg, will actively disclose
their production costs to consumers. Research institutions, such as IHS Markit, will release
various product analysis reports, so s represents the timeliness of consumers’ access to
authoritative information and the difficulty of the learning product. The utility function
of each consumer who purchases the new product is U, = v — py — s; the utility function
of each consumer who purchases from the remanufactured product is Uy, = 0v — py, and
t = (1,2). When Uy; > Uy; (i = 1,0,j = 1,0,i # j), a consumer’s switching purchase
behavior occurs. Thus, let q(,,,, n,) denote the probability of N; consumers who visit seller i
to buy nq; products in the first period, where n; = 0.1...Nj,i = r,0. Let 9 (113, N; ) denote
the probability of N; — n1; consumers visiting the seller j to buy in the second period, where
lej =0.1... (Nl — nli),j = T,O,i 7& ]

Hypothesis 3: A large number of consumers visit sellers at random, and each consumer can only
know the pricing of their corresponding products after visiting the seller.

Hypothesis 4: Consumers make purchase decisions with the goal of maximizing their personal
utility. Some consumers visit the manufacturer first to learn about the information of new products.
Consumers who have purchased new products withdraw from the market and consumers who have
not purchased products will turn to visit the remanufacturer to make purchase decisions. The other
consumers visit the remanufacturer first to learn about the information of remanufactured products.
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Consumers who have purchased remanufactured products withdraw from the market and consumers
who have not purchased products will turn to visit the remanufacturer to make purchase decisions.

The parameters involved in the paper and their meanings are shown in Table 1.

Table 1. The parameters involved in the paper and their meanings.

Symbol Meanings

The subscript of the manufacturer

The subscript of the remanufacturer

Sales period

A seller in the first period

A seller in the second period

Number of consumers initially entering the market
Number of consumers purchasing products

The probability of consumers purchasing products

Each consumer’s reservation price for an ideal new product
purchased from the manufacturer

Difference between new products and remanufactured products
Consumer learning costs

Consumer utility

The product pricing

The profits of a seller

IR S © @ 2 I Z= =m0

This study first presents the traditional dynamic pricing strategy (TDP) as a benchmark,
and then introduces and analyses three price matching strategies (BMP, OMP and RMP).
Among them, the three price matching situations are as follows: the situation when only
the manufacturer implements price matching is called the BMP strategy; the situation when
only the remanufacturer implement price matching is called the OMP strategy; the situation
when the manufacturer and the remanufacturer match the pricing of a product from their
respective competitors is called RMP. From the above analysis, the decision-making process
of two sellers can be obtained, as shown in Figure 1.

The manufacturer
. i I8\ ~
setsthe pricep, ; 1, consumers the manufacturer n,, consumers buy
) new pr .
N, consumers buy new products, sets the price p,, remanufactured products

the others wait

visit the manufacturer (N —n ) consumers
r 1r . -
The manufacturer switch to the remanufacturer
Y y 4 v ) 4 >
The r ifacturer period T period 2
e] 7 el . T
The remanufacturer sets n,, consumers buy the remanufacturer (N - ) e
the price p,,; manufacturered products, ||sess the price p o T ’ ’ 7y, CONSUMErs
20 .
N, consumers visit the others wait switch to buy new products

the remanufacturer the manufacturer

Figure 1. The decision-making process.

The decision-making process of the traditional dynamic pricing strategy is as follows:
Step 1, in the first period, N;, consumers visits the two sellers, and each seller announces
the product pricing, p1;, i = r, 0; Step 2, consumers decide whether to buy or not; Step 3, in
the second period, (N; — ny;), consumers switch to another seller for comparison; Step 4,
each seller announces the product pricing, py;, i = r,0; Step 5, consumers who have not
purchased products before make purchase decisions in the second period. If the BMP
or OMP strategy is implemented, the seller will announce pPMP (pPMP) in Step 1, and

p' = paME (PO = pgMP), i, j = r,0,1 # j. If the RMP strategy is implemented, the
sellers will announce pRMP and pRMP in Step 1, then set pRMP = pRMP and pRMP — ,,RMP

Next, we will first analyze the TDP strategy and then establish three models of price
matching strategies and discuss them in combination with practical cases.
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7P (Nr, No) =

75 °" (N, No) =

4. Model Analysis and Results
4.1. Traditional Dynamic Pricing Strategqy Equilibrium Analysis

TDP strategies are widely used by sellers. Consider the switching buying behavior of
consumers across periods and products; if Uy, > Uy, thatis 6o — pIP? > v — pIDP — 5 the

probability that a consumer visits the manufacturer and then buys the remanufactured product

TDP _
isF (W) , and the probability of N, consumers buying 7y, products from the man-

TDP _, TDP iy TDP _, TDP Ny—ny,
ufacturer in the first period is g "\ | = % [1 - F(w)] F(piw) .

If Uy, > Uy, that is v — po, —5 > v — py,, the probability that a consumer visits

TDP7P1 DP+S

the remanufacturer and then buys the new products is 1 — F ( , and the

probability of N, consumers buying 11, products from the remanufacturer in the first

TDP Mo TDP_, TDP No—n1,
s 1. TDP _ N,! Pa —P1 +s p; Pip ts
period is 4, ) = nln!(Noo—nlo)!F( = ) [1 F<r) - Then,

we analyze the probability of consumers switching in the second period. Consumers

waiting for the second period will buy the new products when Uy; > 0 (i = r,0),
and so the probability of N, — nj, consumers buying 1, remanufactured products is
TDP (Ny=ny,)! PP\ 1" PTDP Nt
bility of N, — nypp consumers buymg iy new products is
TDP _ (NO*” 0)! TDP Nor TDP No—n1o— 1/127
q(”Zr/N(?*”lo) B ”ZVI(Na_nllo_”Zr) [ (p T S)] F(p T S)
No—n1, TDP
TDP TDP TDP TDP
N%gff Z q(nl,,N, [Plr N+ Z q(nln,Na) P Z (”2r"1(n2,,N0—n10)>] ¢y
tr Nip= ne= 12,=0
TDP op Top e TDP
Mﬂx Z q (n10,No) l Ny + Z q (117,Ny) pZU ’ ZO (nzo.q(nZO/Nrn]r))] (2)
to nlr 11,=0 M20=

From Equations (1) and (2), the quantity of products sold in each period is uncertain,
and it is difficult to determine the equilibrium price and profits of the manufacturer and
the remanufacturer. Therefore, we consider simplifying the solution process and discuss
the equilibrium decisions of the two sellers when N = 1.

When a consumer first visits the manufacturer, the probability that he/she makes
TDP*PZDP+

Pir

a purchase in the first period is 1 — F( ), and the expected profits of the

manufacturer in the first period can be simplified as

TDP EPP+S
anrDP(l,O) = max plTrDP [1 - P(pllpeﬂ

plr -
st.o—plPP —s>0

®)

The expected profits of the remanufacturer in the second period can be simplified as

TDP_ ,,TDP TDP
nzTODP(LO)_maxPTDP F(Pn Pz +S) [1 (on )}

ZO

4)

s.t.0v—piPP >0

When a consumer first visits the remanufacturer, the expected profits of the remanu-
facturer in the first period can be simplified as

TDP TDP

TDP _ TDP P2 *Pl +s

i, (0,1) = max py, F( R )
10

®)
s.it. 0o — pIPP >0

10
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The expected profits of the manufacturer in the second period can be simplified as

Terf TUDP T
P01 = may pIP? |1 - (B | 1 PP 49
P ©)
s.tv—pzTrDP—s >0
Based on the analysis above, the two sellers’ equilibrium profits can be calculated as
shown in Theorem 1. To simplify the presentation, we define

A= +4s2 —12s0 + 1762 +8s — 120 + 4
()

# = V952 + 850 + 1602 — 225 — 2460 + 17

Theorem 1. Under the TDP strategy, when there is only one consumer in the market, the optimal
expected profits of sellers are as follows:

TDP* _ (10—-6s—76—A) _Tpp* _ (3s—40+7—p)?
TP (1,0) = Sy 0 (10) = ST

TDP* _ (7—5s+40—u)(9—35—126+)(1—3s+46+pu)
Ty, (0,1) = 10246(1—06) ’

TDP* (0 1) _ (246425—A)(6+65—90+A) (70 —25—2+4A)
o )= 10246(1—06) :

The proof of Theorem 1 is provided in Appendix A. Theorem 1 shows that when there
is only one consumer in the market, the sellers” equilibrium profits are affected by the
service difference between two sellers and the learning cost. According to Equations (1)
and (2), we obtain Theorem 2 after a series of calculations.

Theorem 2. Under the TDP strategy, when there are N consumers in the market, the expected
profits of the two sellers are as follows:

PP (Ne, No) = Nperef,27 (1,0) + No-7i3 PP (0,1) ®)

NEDP* (N, No) = No‘n{oDP* (L,0)+ Nr'nzToDP* (0,1) ©)

The proof of Theorem 2 is provided in Appendix A. According to Theorem 2, when
there are multiple consumers, the sellers’ optimal profits can be transformed into the
expected profits of the sellers when there is only one consumer in the market multiplied
by the number of consumers who initially arrive at the corresponding seller. This helps
us analyze the equilibrium profit of sellers. According to the above simplified procedure,
6 € (0,1], in order to ensure that the product price and the seller’s income are not negative,
we randomly take the value of s, and assume that N = Np = 50. Taking “s = 0.1” as an
example, the changes in sellers’ profits with 6 are shown in Figure 2. In fact, taking other
values of s can result in similar changes in sellers’ profits.

As shown in Figure 2, with the increase in 0, the profits of the manufacturer decreases,
and the profits of the remanufacturer increases first and then decreases. It can be seen that
it is difficult for sellers to eliminate the adverse effects of consumers’ switching purchase
behavior, which leads to a decrease in profits. Therefore, this study will introduce some
new pricing strategies to improve sellers’ profits.

11
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”?MP(NW No) =

TTEMP(NW No) =

Figure 2. Changes in the two sellers’ profits with 0 (s = 0.1, Ng = Np = 50).

4.2. Equilibrium Analysis for Price Matching Strategies
4.2.1. BMP Strategy Equilibrium Analysis

Under the BMP strategy, the manufacturer first wants to increase their profits by in-
creasing the number of targeted consumers who prefer the new products when
pEMP = pBMP g6 that the consumer will not be tempted by the low price of the re-
manufacturer and switch to them. The remanufacturer, meanwhile, does not implement
matching pricing but sets a new price for each period. Similar to the TDP strategy analysis,

the profits of sellers are as follows:

No—nq,
BMP B BMP MP BMP
Agz\t}l%c 2 T, Ny lplr et Z Um10No)” 2 (an (130, N, — n10)>‘| o
tr Npy= nyjp= nor=
— Ny
BMP BMP BMP
Max Z q nlaan [ nlo + Z q Yll,,N;/) p2 Z (leg q anNV nlr))] (11)
tu nlo* 11,=0 12,=0

where the probability of N, consumers buying 1y, products from the manufacturer is

BMP N,! N g T i
UNy) = TN [1 — F(ﬂ)] F| *—— ; the probability of N, consumers

BMP N prP pBMP_S nip
buying 11, products from the remanufacturer is Ty No) = gl (N —ripa)] F| ==

pBMP_ pBMP_ No—n1, N '
[1 —F (“le’ﬂ ; the probability of N, — 11, consumers buying #2, products

£ h £ : BMP _ (Nr—ny,)! 1_F Al
rom the remanufacturer 1is q( 120, Ny —117) = T (Ny— i1, —iao )1 |~ 0

PBMP Ny —t1,—ng
F ( 2 ) ; and the probability of N, — 111, consumers buying ny, products from

the ( ) remanufacturer N is
BMP _ No—11,)! BMP Nnar BMP 0o—MN1o—N2r
q(nZ,,Nofnlo) T ng!(No—n19—12p)! [ (er )] [ (p2r )] :

When N = 1, the expected profits of the manufacturer in the first period can be
written as

nerP( 0) = p%MP [1 — F(ﬁ)} = muxngP [1 — F(%)}

s> 0

(12)

12
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The expected profits of the remanufacturer in the second period can be written as

ngP
ngoMp(l,O) = ;nax pBMP F( ) {1 — (—g )]
20

(13)
s.t. 0o — pEMP > 0
The expected profits of the remanufacturer in the first period are as follows:
BMP _ ,BMP
mBMP (0, 1) = max pBMP. F(er Lat +5>
10 (14)
s.t. 0o — pPMP > 0
The expected profits of the manufacturer in the second period are as follows:
BMP BMP+
TN (0,1) = max pp |1 - P (LIS 1 (g )
2r (15)

st.o—pBMP s> 0

Theorem 3. Under the BMP strategy, when there is only one consumer in the market, the optimal
profits of the two sellers are as follows:

S — 1 2
ﬂerP (1,0) = 9(1(199;), BMP (1,0) = . _9), n{%oMP 0,1) = (7+32564(L§9j£)(9)) ,
ﬂngP (0,1) _ (7755749+;4(9))(35+1(1)§Z(719j6;4)(9))(3571749+y(9))

The proof of Theorem 3 is in Appendix A.

Theorem 4. Under the BMP strategy, when there are N consumers in the market, the expected
profits of the two sellers are as follows:

M (N, No) = N (1,0) + No-g ™ (0,1) 16

BMPY(N,, Np) = Np-PMP"(1,0) 4 N,-n5MP(0,1) (17)

The proof of Theorem 4 is provided in Appendix A. According to Theorem 4, only the
manufacturer can match the price, and the two sellers” optimal profit functions can also
be simplified.

4.2.2. OMP Strategy Equilibrium Analysis

Using OMP strategy, the remanufacturer first wants to increase their profits by increas-
ing the number of targeted consumers who prefer purchasing remanufactured products.
When pQMP = pOMP the remanufacturer can improve the probability of target consumers
to buy products in the current period. Similar to Section 4.2.1, the profits of the manufac-

turer (7®MP) and the remanufacturer (nOMP ) are
O O oM 0 Nu ni, o
MP MP p MP .
PP (Ny, Np) = Max Z oy | PI 1y + Z 9(im0,No) )3 (7’127 a0 ) (18)
tr Tllr— i’l](,_ ﬂ2r—0

13
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ngMP(Nr/ No) =

OMP o} OMP | ,OMP. OMP
Agl\a/l?’c Z q (110,No) [plo Mo ¥ Z q (1, Nf Z (7120 q (1120,Nr— nlr))‘| (19)
Pty nyp= nyy= 112,=0
where the probability of consumers buying products from the remanufacturer in the
OMP (N, —ry,)! pOMP pQMP Ny—ny,—tig
1 1 e r r): — 0 0 .
second period is Trtgp Ny —r11,) = g TNy 713, =231 1-F ] F > ; the

probability of consumers buying products from the manufacturer in the first period is
OMP _ OMP iy OMP _ OMP Ny—nyy
OMP  _ Ny ! Pi, " —Ps, S P, TPy, S -
Ty Ny) = TN, gy )] {1 — F( =8 ﬂ F( =8 ) the probability

of consumers buying products from the remanufacturer in the first period is

0 Nuf 0
qgﬁ/ﬁPNu) = m [F (1%9)} " [1 —F (1%9)} " and the probability of consumers
buying products from the manufacturer in the second period is
OMP _ No—ny,)! MP Moy MP No—11o—"12r
q(”erND_nln) B n2r!((1\]0_nnli_)n2r) [ (Pz + S)} ’ [ (pz + S)] ' ’ ’

Similar to the previous analysis, when there is only one consumer who visits the
manufacturer in the market, the expected profits of the two sellers are simplified as

H?Mp(l 0) = max pOMP [1 — F(p?’wp"éwﬁﬂ
7 7
P (20)
s.t.v— p?rMP s>0

OMP _ ,OMP OMP
né)oMP(]‘/ 0) _ Tg%ﬁg pOMP F(f’]r Pz +5> |:1 _ (pZO )]
P20

(21)
s.t. 0v — p;, OMP > 0

When there is only one consumer who visits the remanufacturer in the market, the
expected profits of the two sellers are

H%MP(O,l) = max py, OMP F( ) = p3, OMP F(—9>

(22)
s.t. 0v — p3, OMP > 0
TENP(0,1) = e pEMF[1 - F(129) ] [1 - FEMP + )]
> (23)
pZOMP —5s>0

The equilibrium prices of the OMP strategy are shown in Theorem 5.

Theorem 5. Under the OMP strategy, when there is only one consumer in the market, the optimal
profits of the two sellers are as follows:

10—65—70+A(0))>
”?rMP (1,0) = ( 2;6(1—9)( X,

H%Mp (1,0) = (25+9+2+A(9))(991—06254;(6{&-3\9(33))(2s+2—79+)\(9)),

AOMP (0,1) = (1—3)(21(1_;)9—5) AOMP" (0,1) = (-3

The proof of Theorem 5 is in Appendix A.

14
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M (N, No) =

7o " (Nr, No) =

Theorem 6. Under the OMP strategy, when there are N consumers in the market, the expected
profits of the two sellers are as follows:

OMP (N, Ny) = Np-tOMP"(1,0) + Np-7n¥MP (0,1) (24)

OMP(N,, Ny) = Np-PMP" (1,0) + N,-7nMP" (0,1) (25)

The proof of Theorem 6 is provided in Appendix A. According to Theorem 6, only the
remanufacturer can match the price and the sellers’ optimal profits can also be simplified.

4.2.3. RMP Strategy Equilibrium Analysis

Under the RMP strategy, both sellers in the first period match competitors’ second
prices, which means pRMP = pRMP ang pRMP — ,RMP; then, the probability of N, con-
sumers buying ny, products from the manufacturer in the first period is

nyy N;—nq,
ql(znﬁ/IPN )= % [1 —F (1%9)} "F (ﬁ) " and the probability of N, consumers
buying #1, products from the remanufacturer in the first period is qfnﬁ/ﬁlr’ No) = m

s N1 s No—11, L. . .
F ( m) [1 - F (ﬂ) } . Similar to Section 4.2.1, the profits of the sellers are as follows:

No—ny,
RMP RM RMP RMP RMP
Mﬂx Z q (n1,,Nr) lplr Ny + Z q (110,No) er ' Z (nzr.q(HerNo_”lﬂ))] (26)
tr nlr* 110=0 12r=0
Ny —nq
RMP R RMP MP
Q/Iax Z q 7110 No) [plo Mo + Z q I’llr Nr Z (nZO q I’lz Ny nlr))] (27)
to M= Mr= 120~

where the probability of consumers buying products from the manufacturer in the first pe-

. . nir Ny—nyy .
riod is q?nl\l/{f)N,) = m [1 —F ( 1%9)} F ( 1%9) ; the probability of consumers

buying products from the remanufacturer in the second period is
(Ny—r1y,)! pRMP\ 720/ ,RMP Ny —nq,—n2
RMP = ool [1 —F < 2 )] F < 2 ) ; the probability of

q(”ZarNr_nlr) 10! (Np =111, —11,)!
consumers buying products from the remanufacturer in the first period is

qfnﬁ{)No) = m [F (1%9” e [1 —F (ﬁ)} Moo and the probability of consumers

buying products from the manufacturer in the second period is

No_ 0! r No* o~ "F2r
AR ) = el [1— F(pEMP +5)] " [F (pRMP 4-5)] o,

We also discuss the equilibrium decision of the two sellers when N = 1. When there is
only one consumer in the market, the expected profits of the two sellers are:

nerp(l,O) = max perP {1 — F(lf—e)} = pgoMP {1 — F(l%e)}

(28)

—p s >0

RMP
rEMP(1,0) = max pRMP-F (125 [1 — (- )]

pa" (29)

s.t. 0o — pRMP > 0
P 01) — e 0 (12) 5 (1) .

s.t. 0o — pRMP >
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EMP0,1) = ey pEMP[1 = F (129) |- [1 = FEY" +))
2r
(31)

s.t.v— pngP -s>0

Theorem 7. Under the RMP strategy, when there is only one consumer in the market, the optimal
profits of the two sellers are as follows:

* * 0(1—6— * * 1—
mfMP' (1,0) = 7PMP7(1,0) = B8, M (1,0) = OMP'(1,0) = §ip

2(1-9) ’ 2(1-6)”
* * 1— 2 1—-0— * *
ARMP" (0, 1) = 7QMP"(0,1) = ( i)(l(fo) s) ARMP* (0, 1) = 7BMP* (0, 1) = 4(19i9)

The proof of Theorem 7 is in Appendix A.

Theorem 8. Under the RMP strategy, when there are N consumers in the market, the expected
profits of the two sellers are as follows:

A MP (N;, No) = Np-efMP7 (1,0) + No- g P (0, 1) (32)

ﬂzlszP* (Nr/ No) = 1\10'7'557]\/ﬂyF (11 O) + Nr'ﬂgoMP* (0’ 1) (33)

The proof of Theorem 8 is in Appendix A.

5. Numerical Examples
5.1. The Impact of Product Differences between New Products and Remanufactured Products and
Consumers Learning Costs on Profits

As previously defined, as 8 becomes smaller, the differences between the two sellers
is greater, and with the increase in s, consumers do not receive authoritative information
on time, and it is more difficult to learn new product information. In order to analyze the
impact of a single parameter on the sellers’ pricing decision and highlight the disadvantages
of the two sellers as much as possible, we assume that s = 0, Nrx = Np = 50, and the
difference between the two sellers is only reflected in product differences. The impact of
product differences between new products and remanufactured products on sellers’ profits
under the four strategies is shown in Figure 3.

[—or BMP — — OMP — - — RA[P)

(a) (b)

Figure 3. (a) s = 0, changes of the manufacturer’s profits with 6; (b) s = 0, changes of the remanufac-
turer’s profits with 6.

Figure 3a implies that with the increase in 6, the profits of the manufacturer using the
TDP as well as OMP strategies decrease, while the profits of the manufacturer using the
RMP as well as BMP strategies increase. Figure 3b shows that the increase in 6 may be
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detrimental for the remanufacturer’s profit, especially when the profits fall to zero under
the RMP strategy. With different strategies, the influence of 8 on profits varies widely owing
to the consumer’s switching behavior. Using the TDP strategy, with 6 increases, consumers
have an incentive to switch simply because of the low price of the second period, and
the two sellers gradually form a symmetrical equilibrium in the competition. However,
using the OMP strategy, sellers have the same price (p{MF' = p9MP) and consumers
visiting the remanufacturer have little incentive to buy the new products; thus, the profits
of the manufacturer have declined. Using the BMP strategy, the manufacturer loses some
consumers, which leads to a decline in profits.

In addition, s also reflects the consumers” learning ability, which has an impact on the
consumers’ switching purchase behavior. s = 0 means that there is no difference in the
ability of consumers to learn about new products and remanufactured products, and s > 0
means that it is more difficult for consumers to learn about new products. In general, in
order to introduce the impact of s on the seller, under the condition that the product pricing
and the sellers’ profit are not negative, it can be assumed that s = 0.1. The impact of search
cost on sellers’ profits is shown in Figure 4. (Ng = Np = 50).

Owing to the presence of s, the two sellers’ profit curves have changed compared to
Figure 3, which means that the cost of learning for consumers prevents manufacturers from
increasing profits, but helps the remanufacturer to gain more profits. Figure 4 shows that
with the increase in 6, the manufacturer’s profit curves using the TDP and RMP strategies
become two parabolas. The remanufacturer uses the price matching strategy to increase
their profit. Considering the influence of s and 0 on profits, also reflects the strength of
the characteristics of the two sellers in the competition. When s is small, the advantage of
remanufactured products is weak. Consumers who prefer high-tech or novel products can
easily switch to manufacturers. When 6 is large, the advantage of the new product is weak.
Thus, consumers who seek low prices are more inclined to switch to the remanufacturer;
the two sellers may achieve a win-win situation in competition.

r (s=0.1) o (s=0.1)

15 i
S/
.lb/
10 P
P
=7
: =
"0 01 02 03 04 05 06 07 08 09 0 01 02 03 04 05 06 07 08 09
8
]
—1op) - BMP — — OMP —— RMP ——TDP--- BMP — — OMP — - — RMP
(a) (b)

Figure 4. (a) s = 0.1, changes of the manufacturer’s profits with 6; (b) s = 0.1, changes of the
remanufacturer’s profits with 6.

5.2. Optimal Strateqy for the Manufacturer and the Remanufacturer

The size of the initial consumers may vary due to the difference in sellers. To observe
the change trend of the sellers’ profits there are three conditions: (1) The manufacturer
has more initial consumers; (2) The manufacturers and the remanufacturer have the same
number of initial consumers; (3) The remanufacturers have more initial consumers, we list
three typical cases: N; : No=10:90, N, : N, = 50 : 50, and N, : N, = 90 : 10. The profits
(71, 715) are shown in Tables 2 and 3.
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Table 2. The equilibrium profits of the manufacturer under a different strategy (s = 0.1).

Strategy

0 NriNo TDP BMP OMP RMP
10:90 15.1 13.3 18.3 16.5

0.05 50:50 17.3 8.4 19.1 13.2
90:10 19.6 35 19.9 10.2

10:90 12.7 12.4 17.2 16.4

0.35 50:50 14.9 13.5 17.4 16.0
90:10 17.2 14.5 17.7 15.0

10:90 5.3 7.0 11.6 13.2

0.75 50:50 5.8 13.9 9.3 17.3
90:10 6.3 20.8 7.7 21.5

Table 3. The equilibrium profits of the remanufacturer under a different strategy (s = 0.1).

Strategy

0 NriNo TDP BMP OMP RMP
10:90 43 43 43 43
0.05 50:50 2.7 24 2.7 24
90:10 1.1 0.6 1.1 0.6
10:90 5.1 48 6.6 6.4
0.35 50:50 46 3.3 5.4 4.1
90:10 4.0 1.7 42 1.9

10:90 48 5.1 16.6 17.0

0.75 50:50 46 5.2 11.2 12.8
90:10 4.4 7.2 5.8 8.6

Tables 2 and 3 show that it is not always advantageous for sellers to have a large
number of initial consumers. Especially when 6 is low, the manufacturer’s profits decrease
with the increase in the initial consumer scale under the BMP and RMP strategies; when 6
is moderate, the manufacturer’s profits decrease with the increase in the initial consumer
scale under the RMP strategy; when 0 is high, the manufacturer’s profits decrease with the
increase in the initial consumer scales under the OMP strategy, and the remanufacturer’s
profits decrease with the increase in the initial consumer scale under the BMP strategy.
Taking the BMP strategy as an example, the decrease in seller’s profits can be explained
as the manufacturer implementing the price matching in the first period; when the dif-
ference between new products and remanufactured products becomes less obvious, the
manufacturer will lose the advantage of charging higher prices. As the initial consumers
increase, the consumers’ influence on the remanufacturer’s purchase is greater, which
leads to the decline in the manufacturer’s profits because the low price becomes the most
important factor in attracting consumers. With the increase in initial consumers, the greater
the negative impact of consumers purchasing new products, the greater the decrease in the
remanufacturers’ profits. The change in sellers’ profits in the case of other strategies can also
be explained by the above analysis method. Therefore, sellers should maintain a certain
range of consumers and adopt reasonable price matching strategies to increase profits.

The change in the initial consumer size will not affect the choice of sellers’ equilibrium
strategy. When 0 is small or moderate, the OMP strategy is the most common choice
of the manufacturer and the remanufacturer; when 0 is large, the RMP strategy is the
most common choice of sellers. This means that, regardless of the product differences
between new products and remanufactured products, the remanufacturer should choose
price matching, and the manufacturer should choose dynamic pricing or price matching
according to the product differences (when 6 is small or moderate, the manufacturer should
choose dynamic pricing; when 6 is large, the manufacturer should choose price matching).
Next, we will analyze the reasons why the remanufacturer is unable to flexibly adjust
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their pricing strategies. When new products and remanufactured products are becoming
more and more similar, the remanufacturer will try to meet the consumers” demand for
novelty to narrow the service gap. However, in the actual operation process, it is difficult
for the remanufacturers to invest a lot of money, time and innovation again to promote
products, and consumers are likely to have aesthetic and technical fatigue. Therefore,
the remanufacturer, who has lost service advantages, may further exert their low price
advantages, turn passivity into initiative, and promote the manufacturer to match their
price, which achieves a Pareto improvement.

In general, considering consumers’ switching purchase behavior, the only choice for
the remanufacturer is price matching, while the manufacturer can choose dynamic pricing
or price matching according to product differences. In actual production, the original
equipment manufacturer (OEM) usually lacks sufficient funds, specialized equipment and
the technical level to make profits from remanufacturing. For example, the Ford Company
tried to enter the field of remanufacturing abandoned vehicles, but failed. Unlike OEM,
the third-party remanufacturer (TPR) not only has advanced remanufacturing technology,
but also tends to form economies of scale for remanufacturing the used products of many
brands. “Remanufacturing” recycling can optimize the performance of waste products
and minimize the consumption of resources. Meanwhile, remanufactured products have
a large space for value preservation and appreciation. Therefore, TPR becomes the main
competitor of OEM. Huawei’s P40 Pro 5G mobile phone (Huawei, Shenzhen, China) was
successfully re-launched at its original price, providing a new way for the competition
between OME and TRI.

6. Conclusions

Consumers’ switching purchase behavior often occurs in the actual sales activities of
new and remanufactured products. Due to the expectation of price reduction in reman-
ufactured products or the uncertainty of the performance of new products, consumers
often choose to postpone the purchase of products. In the case that manufactured products
and remanufactured products are sold at the same time, some consumers who pursue
novelty may delay their purchase and opt for new products from the manufacturer, while
some consumers who prefer practicality and low prices, may switch to remanufactured
products. To maximize profits, sellers should consider switching purchase behaviors; they
should also make use of their own characteristics and advantages to choose appropriate
pricing strategies. Given this background, this study analyzes the factors that affect sellers’
equilibrium profits, and discusses the optimal pricing strategy for sellers.

The key point of the price matching strategy, compared with traditional dynamic
pricing, is that it uses the price of a competitor’s product as a reference. Our conclusions
are divided into two categories; one is the impact of various parameters on the sellers, and
the other is the sellers’ optimal pricing strategy. Considering the influence of parameters,
we find that consumer learning costs, initial consumers and product differences can affect
the sellers’ pricing decisions. Specifically, consumer learning costs reduce the profits of
the manufacturer but increases that of the remanufacturer. The large number of initial
consumers is not always advantageous for sellers to make more profits. Product differences
affect the determination of the seller’s equilibrium strategy, when the differences between
new products and remanufactured products are obvious (8 is small or moderate), OMP is
the equilibrium strategy for sellers and when the differences between new products and
remanufactured products are not obvious (6 is large), the RMP strategy is the equilibrium
strategy for sellers. In the optimal strategy, the remanufacturer should insist on price
matching, while the manufacturer should choose dynamic pricing or price matching
according to the product differences.

The impact of consumer learning costs on the manufacturer and the remanufacturer
are obvious. Learning about new products is not easy for consumers, so the remanufac-
turer can take advantage of this to gain more profits. At the beginning, sellers face more
consumers, and in the future, they may encounter more consumers’ switching purchase,
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and their profits will be damaged. In short, considering consumers’ switching purchase
behavior, the remanufacturer should choose price matching and the manufacturer should
choose dynamic pricing or price matching based on differences between new products and
remanufactured products. In fact, whether sellers sell new products or remanufactured
products in a competitive environment, the purpose is to eliminate consumers’ uncertainty
and encourage them to buy products. Therefore, sellers need to choose product pricing
according to their own sales characteristics. For example, manufacturers can provide live
demonstrations and free trial services of different series of products for consumers who
buy TVs, mobile phones and other electronic products, adapt to the functions of new
products. Traditionally, compared with remanufactured products, the learning process of
new products can make consumers feel the performance of these products more intuitively,
and attract many consumers to purchase products. At this time, the market price of re-
manufactured products is more competitive than that of new products, which can attract
price-sensitive consumers to buy and create considerable profit space for enterprises. Some
remanufacturers are also using other technologies to improve the consumer perception of
remanufactured products. For example, Dell uses the diversified marketing methods of
third-party platforms to sell remanufactured products. At this time, the differences between
new products and remanufactured products are no longer obvious, and the two sellers
return to a new round of price competition, which is the RMP strategy mentioned in this
paper. Of course, with the improvement of the accuracy of price forecasting in the future,
price matching can not only be limited to this, but also can be set in a certain range in
combination with the sensitivity of consumers to prices, which is likely to extend the
concept of price matching.

In this research, we only consider the duopoly case. It would be interesting to investi-
gate the pricing of new products and remanufactured products by considering different
channel structures. Now, many sellers have begun to implement “online and offline” sales
patterns, and the case of a seller considering adding another channel might be particularly
interesting. It has to be said that the psychology of consumers is quite complex, and the
final behavior is not completely rational; thus, there are some limitations in our interpreta-
tion of consumers. In the future, we can combine some irrational factors to further explain
the problem.
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Appendix A

Proof of Theorem 1. When the consumer first visits the manufacturer, the expected prof-
its of sellers can be obtained from (3) and (4). The two sellers’ first-order conditions

. o 3 1,0 3 1,
for profit maximization are %[EP) = 0 and %ESPO) = 0, and we can solve pIPP
and plPP jointly. Moreover, the second derivative of profit with respect to price is less

than zero. Therefore, the profit of the manufacturer in the first period is maximized at

2 __ 2 _ .
TDP" = 35— 70+ 3 — Vs 125011767485 12044 and the profit of the remanufacturer

P1r -
2 _ 2 —
in the second period is maximized at pTDP = Is+i0+ 1 — Vs 12:0+170"+85 12644

Substituting pIP”" and pJPP" into (3) and (4), we obtain nTDP (1,0) and 3PP (1,0).
When the consumer first visits the remanufacturer, the expected profits of sellers can be

obtained from (5) and (6). Similar to the above derivation process, we obtain pTD Pt — 1365 -
19+ - \/9sz+859+1692 225— 249+17/ pTrDP* _ 85 19+ 7 \/9sz+859+1692 225-240+17
Then, substituting p]P”" and pJP" into (5) and (6), we obtain HTDP (1,0) and nIPP"(1,0).
O

Proof of Theorem 2. According to the profit function of Manufacturer (1), when there are
N consumers in the market, the final profits of the manufacturer are equal to the sum of the
profits of the two periods. Next, we expand the manufacturer’s profit function and then
merge again. The details are as follows:

No—n1,
7 (N No) - = pie Z (”1’qn1 N,>)+ Z ”’(Tn?PN 5 qTrEfNo) LAY (m2r )
lo—= 2r—

TDP __ DP+
= P1r IDP.N,- |1 — F(ipl £ s) + ): an?fN, ): an?fNo) PgrDP (No —n10)- [ (PzDP +5)}
. TDP TDP 1

= pl] TDP ‘N, - 1 _ F(f’lr _pZa

\./

TDP _ ,TDP 4
-y R [N T

= pTPP.N,-[1— F(PfVDP—PzDPJrS) _l_pTDP Hl_F(PgPP—P]DPJrS)H[ F(pIPP 4 5)]
s r
= N, DP+N0 TDP -
where
NU
) 3 o0 = NG )18, (N 2080 42082+ 8 ) 0T

Z Mo q(No ”10N0>

n1,=0
= No |1 R
And
I AR 7 AR Ry
= ZVOCK};[ F(r){f’[’—pz[’%)]nu {F(W)}M—nl,
o

N,
- [1 (U F(prPvaUDP%)} —1

Thus, Equation (8) can be obtained. Equation (9) can also be obtained by the remanu-
facturer’s profit function and then by merging again. The details are as follows:
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No Ny Ny—ny,
TDP — ,TDP, TDP TDP TDP TDP, TDP
7T0 (Nr’ NO) - pln Z (nlr q 7’11 NO)) + Z q VllurNu) Z q(nlr/NV) p2a n Z (nzo'q(nszr_nlr)>
10* 2

(N

- nlr)

— pTPP.N, F(er

pTDP Ny-F( Pa

TDP*PTDP+ TDP TDP TDP Py

0
) + 2 q nlo/No 2 q(”lr Ny) pz" (Nr - nlr). 1- F( o )
TDP __ TDP+ TDP TDPJF

Py Py, P, P
B 3 an?j’Nn)-Nr A ]

TDP

P pTDP+ pTDP TDP+ TDP
:pz;DP.No,F( 2 )_|_pTDPN F(P )-[1— F(Pzg )

Z ’1

No DP 4 Nr TDP
where
TDP _ TDP TDP TDP TDP
iy =Nealongy + (Ne=1)-q(50 + -+ 29007, v ) T 10 1 n) 090N
Ny
T
n12 nlr.q(Nr n1,,Ny)
()
And
No TDP TDP TDP TDP TDP
ol o TonaNe) = T0No) TN T o180 T A0 N)
’ TDP_ ,TDP 1o TDP_, TDP No—n1,
= Zocﬂla [ (er p +S)] _[1 _F(pzr ” +5)}
nyp=
TDP_  TDP TDP_ ,TDP No
= |:F(W)+1F(p2r P +s) =1
O

Proof of Theorem 3. When the consumer first visits the manufacturer, the expected profit
of sellers can be obtained from (12) and (13). Since pPMP = pBMP the pricing of the manu-
facturer is determined by the remanufacturer; the remanufacturer’s first-order condition
for profit maximization is aaTN(Hl,O) = 0. We can solve pSMP directly. Moreover, the

second derivative of profit with respect to price is less than zero. As a result, the profit
BMP* _ BMP*'— 1p.

of the remanufacturer in the second period is maximized at p;)"" = 16,50 P1r
Substituting pBMP into (12) and (13), we can obtain nBMP (1,0) and nBMP (1,0).

When the consumer first visits the remanufacturer the expected profit of sellers
can be obtained from (14) and (15). Similar to the above derivation process, we obtain

BMP* _ 3 VOS24 8s041602—225—240+17  ,BMP* _ _5. _ 1 7
P1o = fg5s —i0+ g - 16 r Par = —gs— 30+ g-

‘/952+859+169; ~225-240417 Then, substituting pPM"" and p5M"" into (14) and (15), we obtain
nBMP"(1,0) and 7BMP"(1,0). O

Proof of Theorem 4. According to the profit function of Manufacturer (10), when there are
N consumers in the market, the final profit of the manufacturer is equal to the sum of the
profit of the two periods. Next, we expand the manufacturer’s profit function and then
merge again. The details are as follows:
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Np—n1,
(N No) = it Z (mraf N>)+ Z q?}fﬁpm Z Sty PR T (el )

1’12,,:0
i Fz] ¢ X gB) B aB B (N =) (L~ BN )]
BMP __,BMP
- PPN (1= Flg) 4§ qB,fmeNo[l— () | B 1 = F(pP +-5)

— N1 >}+p2MPNoH - PR | L1 P+ )

= N,my) BMP | N, 7‘(
where
N,
(No — nlu)'nlzzoqz\ffm) = No- QEMP) (No — 1)"7?1]}41\112) + (No —2)- QEMP) +...+2 Q(N “2,Ny) + 1'Q?%€1,NO) + 0'9?11\\1{,15\10>

= Z Mo qNo 110,No)
11,=0

— N, [1 _ (R
And
Ny BMP BMP BMP BMP BMP
Wl Ty = Aoy TN T F AN NN

‘ w

)}nu. [F(liie)}Nr*nu
= [1-Ep) +EG)] =1

Thus, Equation (16) can be obtained. Equation (17) can also be obtained by the
remanufacturer’s profit function and then merge again. The details are as follows:

D

:ﬁcﬁ@fmk
1’[17:0 ’

Ny—ny,
BMP BMP BMP BMP BMP BMP BMP
7(0 (Nr’ NO) p Z O(nlr.q(”lo No)) + Z q ”1orNo Z q nlr/Nr) pzo n Z (nzo'q(anNr*nlr))

BMP F’BMP*PBMP BMP BMP BMP o
=Py NU'P( = 10 ) + Z 5] nlo/No Z q (n1,,Nr) ng (NT - nli’)' l:l F( : ):|
BMP Pt —ppPts BMP o s BMP ot
= pEMP Ny P ) 4 z Ty N F(r2g)-pEM 1= F(2)
BMP Pa Prg s BMP s P
=p." No: F(’ie)ﬂﬂzo ‘Nr-F(12g) |1, — F, (, ~5—,)
= Nprik MP + N7k BMP
where
BMP _ BMP BMP BMP BMP BMP

(Nr - nlr) Z q (n1,,Ny) = N, q(o N;) ( - 1) q -+ z'q(N,,Q,Nr) + 1"1(Nr,1,N,) + O'q(N,,N,)

Ny

_ .,BMP

o Z Mr q(Nr_nlrrNr)
n1,=0

= NeF (%)
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and
nm:Oq?’fﬁfNo) = 40N TN T TN Ny T (NN
= 2 C”lﬂ { (’W)] 10,[1 F(PE,MP pBMP+s) No=n1,
:}F?M)_._l F(P§,MP pBMPJrs)}No .
O

Proof of Theorem 5. When the consumer first visits the manufacturer, the expected
profits of sellers can be obtained from (20) and (21). The two sellers’ first-order condi-

anpMP (1,0 d 1,
tions for profit maximization are TETNSP) = 0 and %ngo) = 0. We can solve p{MP
and pSMP jointly. Moreover, the second derivative of profit with respect to price is less

than zero. As a result, the profit of the manufacturer in the first period is maximized at
P?rMP — gs — EG +3 2 ‘/452_1259+17692+85_129+4, and the profit of the remanufacturer

in the second period is maximized at p5) Is+30+1 \/4527125”1292*85*129*4.
Substituting pOMP and pOMP into (20) and (21), we obtam HOMP (1,0) and 72PP"(1,0).

When the consumer first visits the remanufacturer, the expected profits of sellers can
be obtained from (22) and (23). Since pOMP = p‘zerP the pricing of the remanufacturer is
determined by the remanufacturer, whose first-order condition for profit maximization
orgMP(1,0)
-~ opMP

OMP*

is = 0; we can solve p§MP directly. Moreover, the second derivative of profit
with respect to price is less than zero. As a result, the proflt of the remanufacturer in the
second period is maximized at pOMP = % %s so p%MP = % 2s Substituting pOMP
into (22) and (23), we can obtain nOMP (1,0) and nOMP (1,0).0

Proof of Theorem 6. According to the profit function of the manufacturer, when there are
N consumers in the market, the final profits of the manufacturer are equal to the sum of the
profits of the two periods. Next, we expand the remanufacturer’s profit function and then
merge again. The details are as follows:

(ND/ -

,7’1]0)'

nyo

No_nlo
0) — (0] (0) (0] (0]
AU N) = PP T (g + E aENR 3 a8 E, (naraG )
I OMP _ MP+S
= pOMPNp- |1 - F(R—Ep—) | + 2 q‘?ﬁf,&, Z Aoy PEME (No = m10)-[1 = F(pSMF +5)]
OMP OMP+
= g1 PR [ X 0 N1 E(52g) | P - F 45
r OMP _ OMP T
g 1 R o Nor[1= Flr2g)] - [1 = F(pgM" +5)]
:Nﬂ‘[lr P—i—Noﬂ.'ngP )
where
No
L ey = Nodong) + (No = D00 & (No = 200500, + -+ 20007 ) + 1905, 1w, 040N
NU
nlUZiOnlo q(No 110,No)

=N, [1 - F(ﬁ)]
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Thus, Equation (22) can be obtained. Equation (23) can also be obtained by the
remanufacturer’s profit function and then merge again. The details are as follows:
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O
Proof of Theorem 7. When the consumer first visits the manufacturer, the expected profits
of sellers can be obtained from (28) and (29). Since pfMP = pRMP ‘the pricing of the

manufacturer is determined by the remanufacturer, the solution process is similar to the
BMP strategy, the profit of the remanufacturer in the second period is maximized at

pgoMP = 16, and the manufacturer in the first period is pRMP = 16. Substituting pRMP

into (12) and (13), we can obtain nerP (1,0) and 7T§0MP (1,0).

When the consumer first visits the remanufacturer, the expected profits of sellers can
be obtained from (30) and (31). Since pRMP = pngP the pricing of the remanufacturer is
determined by the manufacturer, the solution process is similar to the OMP strategy, the

profit of the remanufacturer in the second period is maximized at pRMP = % — 75 and the

profit of the remanufacturer in the first period is pRMP = % 3s. Substituting pIMP”

(30) and (31), we obtain nRMP (1,0) and HRMP (1,0). O

into

Proof of Theorem 8. According to the profit function of Manufacturer (26), when there are
N consumers in the market, the final profits of the manufacturer are equal to the sum of the
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profits of the two periods. Next, we expand the manufacturer’s profit function and then
merge again. The details are as follows:

N; No—ny,
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Thus, Equation (26) can be obtained. Equation (27) can also be obtained by the
remanufacturer’s profit function and then merge again. The details are as follows:
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Abstract: For cross-border e-commerce companies with high shipping costs, the existing retailer
and the new entrant retailer on the platform are usually concerned with information sharing and
free shipping due to the uncertainty of market demand. For this, by establishing a Stackelberg
game model between two competing retailers, we analyze the strategy of retailers and explore
the business strategies of the cross-border e-commerce platform. The study shows that regarding
information-sharing strategies, retailer A’s willingness to share information is positively related to
initial market potential and negatively related to market competition intensity. Moreover, retailer
B is willing to spend higher information costs to purchase information when the necessity of the
product is more elevated. As for a free shipping strategy, if the existing retailer offers free shipping,
the new entrant retailer should also offer free shipping service to consumers when the initial market
potential is larger. Conversely, when the initial market potential is smaller, the retailer’s willingness
to offer free shipping decreases when the intensity of competition in the market increases. When the
market tends to be perfectly competitive, the new entrant retailer will not choose a free shipping
strategy, and the platform is most profitable when information sharing and free shipping occur
simultaneously. However, when the carrier charges a higher shipping fee to customers, the existing
retailer is more profitable when the new entrant does not offer free shipping. Therefore, in order to
achieve a win-win situation for all parties, the platform needs to develop appropriate operational
strategies to influence the decisions of retailers and carriers. Some numerical experiments are made

to test the validity of the model and the effect of the parameters involved in the model.

Keywords: cross-border e-commerce platform; information sharing; free shipping; Stackelberg game

1. Introduction

E-commerce has become a top priority for many businesses around the world [1]. De-
veloping e-commerce can increase sales and profits and offer the opportunity to overcome
obstacles to growth [2]. With the development of internet technology, e-commerce has
enabled cross-border transactions and become the fastest-growing industry in the global
economy [3]. Global cross-border e-commerce (CBEC) was worth over $780 billion in
2019 [4]. The e-commerce business rapidly grew due to COVID-19. Even the most basic
survival products, such as food, turned to the Internet because e-commerce was considered
more convenient than offline [5]. Significantly affected by COVID-19, Amazon’s net sales
in 2020 were $386.06 billion, an increase of 37.6% from $280.52 billion in 2019. Mean-
while, data from the General Administration of Customs show that in 2021, the scale of
China’s cross-border e-commerce exports reached 1.98 trillion yuan, up 15% year-on-year.
The boom in CBEC has dramatically enriched the trading market in various countries.
However, ICT, the political and regulatory environment, and human resource influence the
development of global e-commerce [6], therefore, supply chain shortages and many other
global supply chain issues in the post-epidemic era suggest that cross-border e-commerce
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will slow down in the near future. How to effectively control and manage the platform
logistics and supply chain is a critical issue for an e-commerce platform.

To better serve overseas customers, many retailers offer free shipping services. For ex-
ample, Xiaomi, a famous Chinese smartphone brand, offers free shipping through the
cross-border e-commerce platform AliExpress. Temu, the cross-border e-commerce export
platform of Pinduoduo, launches with the slogan “free shipping” prominently. Note that
shipping and handling costs are causing 52% of people to abandon online shopping. Thus,
free shipping has a more significant impact on buyers than price discounts [7]. Shehu et al. [8]
believe that free shipping promotions encourage customers to buy riskier items. Thus, offering
free shipping services may be an important marketing decision [9].

E-commerce retailers selling products through the platform will accumulate a large
amount of data information on the platform. With the growth of e-commerce, information
sharing has a great influence on online sales [10]. In the face of uncertain market demand,
retailers can process past sales data through machine learning such as the Apriori-based
clustering algorithm [11] and the improved genetic algorithm [12] to make more accurate
predictions. For cross-border companies with long distances and high costs, information
sharing is likely to influence their free shipping and quantitative decisions. Empirical
evidence suggests that only 27% of retailers share POS (Point of Sale) data with other
members [13]. How to facilitate information sharing among retailers on the platform is an
essential issue for the platform to consider.

For competition in the CBEC platform, Lv [14] studies the revenue management of
the CBEC platform and the competition and coordination between platform suppliers
and e-retailers through supply chain decision-making. Lu et al. [15] explore consumers’
willingness to select CBEC platforms and the factors effecting them. Zha et al. [16] research
the information sharing strategies of CBEC platforms and the choices of overseas suppliers
regarding direct-mail logistics mode and bonded warehouse logistics mode. Qi et al. [17]
and Cao et al. [18] study the willingness of traditional retailers to enter e-commerce plat-
forms, and the willingness of retailers and platforms to share their private information if
they do. Jiang et al. [19] study the Amazon platform’s choice of sales model in the face of
uncertain market demand.

For free shipping in e-commerce, Li et al. [20] research free shipping policies for e-
commerce under the add-on item recommendation service. Wang and Li [21] study supply
chain decisions in e-commerce considering the cost of logistics services and the “free ship-
ping” strategy. Han et al. [22] study the free shipping policy of CBEC based on consumer
decision theory. Hua et al. [7] study the optimal order quantity and optimal retail price for
retailers, assuming that suppliers offer free shipping, and find that free shipping can benefit
suppliers, retailers, and end customers. Etumnu [23] studies the impact of free shipping
on grocery sales on Amazon’s CBEC platform and found that products with free shipping
garnered more sales. Leng and Becerril-Arreola [24] examine the effect of e-commerce retailers’
free shipping strategies on consumer purchase behavior. Rui et al. [25] analyze the impact of
the free shipping strategy on supply chain members based on the Stackelberg game, and pro-
vide theoretical support for e-retailers and consumers to make optimal decisions. Niu et al. [9]
examine the free shipping decisions of two competing retailers in CBEC when relying on
the same carrier to transport goods.

As for information sharing, the previous literature primarily focuses on the motiva-
tions for vertical information sharing upstream and downstream of the supply chain [26-31].
A few studies address horizontal information sharing motives between competitors.
Kirby [32] examines the incentives of firms competing in an oligopolistic industry to
share information about an unknown demand when such sharing takes place on the basis
of exchange. Niu et al. [33] examine whether incumbent carriers with demand information
have an incentive to disclose demand information to new carriers in cross-border logis-
tics. Liu et al. [34] study strategies for retail platforms to share demand information to
sellers on the platform. Mukhopadhyay et al. [35] study the information sharing strategies
of two independent companies with market demand information under the Stackelberg
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game and devise a “simple to implement” information sharing scheme under which both
firms and the total system are better off. To summarize, the relevant studies are shown
in Table 1. Our paper integrates the competition among retailers considering information
sharing and free shipping on CBEC platforms, and analyzes the business decision-making
of the e-commerce platform.

Table 1. Contribution of this paper and related literature.

E-Commerce E-Commerce Platform Free Shipping Information Sharing Competition

Li and Zhang [26]
Mukhopadhyay et al. [35]
Liu et al. [34]

Wang and Li [21]

Rui et al. [25]

Niu et al. [9]

Cao et al. [18]

Zha et al. [16]

Our paper

L

Y v
v v

v v

v v

v v

v v

v v v
v v v
v v v v

For cross-border e-commerce companies with high shipping costs, due to market
demand uncertainty, retailers on the platform usually care about information sharing
and free shipping. Based on the above analysis, we study the competition between an
existing retailer and a new retailer on the CBEC platform under information asymmetry.
The retailer needs to decide whether to share information and whether to provide free
shipping. We assume the CBEC platform operates using a marketplace model similar to
a revenue-sharing scheme, where the platform receives a commission from each online
sale [36]. For this model, we consider the following issues:

(1) Considering the impact of free shipping on consumers’ willingness to buy, un-
der what circumstances would retailers choose to offer free shipping services?

(2)  Is the retailer with information willing to share it? Is the new entrant willing to
obtain information? Is the platform willing to enable information sharing?

(3)  Which is an equilibrium strategy for competing retailers” decisions on information
sharing, free shipping, and quantity?

(4) How should the CBEC platform develop business strategies to achieve a win—-win—
win situation in the marketplace mode?

Business strategies represent drivers and constraints of strategic choice [37]. This
study constructs four Stackelberg game supply chain models to address these issues, such
as the research approach adopted by Qu et al. [38]. We derive analytical expressions for
optimal decision-making and profit in different scenarios [39], investigate the strategies
of existing and new entrant retailers in terms of information sharing and free shipping,
and further analyze the platform’s business strategy.

The remainder of this paper is organized as follows. Section 2 describes the model.
Section 3 analyzes the decision preferences of retailers by comparing the equilibrium
results under the four scenarios. Section 4 presents the numerical studies. The derivation
procedure of the equilibrium results, the proof of propositions, and the equilibrium results
of the extended model are listed in the Appendix A.

2. Model Description and Notations

In the information problem, Niu et al. [40] and Xing et al. [41] describe information
asymmetry with mean and variance, where the lower (higher) information variance implies
more (less) accurate demand forecasts. In the problem of free shipping, Niu et al. [9] con-
struct a game model between two competing retailers from the perspective of consumers’
utility and profit functions of supply chain parties to solve the problem of free shipping
in cross-border e-commerce. Therefore, our paper considers the maximization of profit
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for each party in the supply chain, constructs the game model using the inverse demand
function derived from the consumer utility function, and describes the information asym-
metry by mean and variance. Suppose the e-commerce platform with a retailer (denoted A)
and a new entrant retailer (denoted B), the two retailers sell the same product to overseas
customers on the same CBEC platform (denoted P) with the marketplace mode, and they
ship their products through a common carrier (denoted C). See Figure 1 for the running
pattern of the model.
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Figure 1. Supply chain structure.

Assume retailer A has been operating on the platform for a long time and has a large
amount of sales data, and he can more accurately predict market demand. Retailer B
is a newcomer without much information on the market’s demand. The platform will
create opportunities for information sharing between existing retailers and new entrant
retailers to maintain the diversity of the system. If retailer A chooses to share information,
retailer B may purchase this information from the platform, and can also decline to buy the
information. Certainly, to encourage the existing retailer to share information, the platform
will make compensation if the new entrant retailer chooses to purchase sales information.
For simplicity, we set the information purchase fee and the amount of compensation to be
equal and denote it with F.

Now, we examine the strategic choices of existing retailer A and new entrant retailer
B in terms of both information and shipping fees. As for the information interchange, we
consider two scenarios: (1) Retailer B obtains information (labeled Scenario Y); (2) Retailer
B does not obtain information (labeled Scenario N). As for free shipping, when customers
buy products from retailer A, he offers free shipping service. That is, customers need only
pay for the products, and the shipping fee is paid by retailer A. For retailer B, she has two
options: (1) offering free shipping service like retailer A, denoting this choice as Strategy II;
(2) Selling products without free shipping, and the customers need to pay for both product
and the shipping service separately. We denote this choice as strategy IN. Combining the
information sharing and free shipping strategies, either Strategy II or Strategy IN may
occur under both Scenario Y and Scenario N. We further subdivide Scenarios Y and N into
four scenarios (Y_II, Y_IN, N_II, N_IN) to describe all possible outcomes.

To proceed, we summarize the notations and descriptions in Table 2 in which sub-
scripts A, B, C, and P are added to refer to solutions for the existing retailer, new entrant
retailer, carrier, and platform.
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Table 2. Notations and explanations.

Parameters Meaning

a Initial market potential

€ Demand uncertainty

B Price sensitivity to its own quantity

0% Price sensitivity to its rivals” quantity

n Platform’s commission rate with marketplace mode
F Information purchase fee

T The profit of i, where i = A, B, P

qi Sales quantity of retailers, where i = A, B

pi Unit product price, wherei = A, B

wo Unit shipping fee charged to retailers by the carrier

w1 Unit shipping fee charged to overseas customers by the carrier

2.1. Demand Function

From the analysis above, we can obtain the following quadratic utility function [42]:

1
U(q4,98) = Aaqa + Apqp — 2 (“Aqga +2bgaqp + aBﬁ%) 1)

where A;(i = A, B) denotes the market potential of product i during a period, g; is the sales
amount of product i in the same period, a; denotes the effect of the quantity of product i on
consumers’ utility, and parameter b captures the interactions among the products which
denotes the measure of product substitutability or complementarity. The consumer utility
decreases as products become more substitutable (i.e., when b > 0, U(q4 qp) decreases as b
increases). To ensure strict concavity of the utility function and the demand quantities to
be positive, we set A; > 0,4; > 0, ajA; — bA]- >0,fori,j=A,Bandi # j, asap — b2 > 0.
Assume that products A and B are substitutable, U(g4,qp) is symmetric in products A
and B. Then we can let Ay = Ap = a, a4 = ap = B, and the product substitutability
b =r(r > 0). As consumers only pay p or pp for the buying product when the retailer
offers free shipping, the consumer surplus R(q4, g5) under different free shipping strategies
can be expressed as consumer utility minus the cost paid [9]:
Strategy II:

1
R(q4,95) = 094 +aqs — 5 (Beh + 219405 + Ba}) — pada — pads @

Strategy IN:

1
R(q4,98) = 094 +aqs — 5 (Beh + 219408 + B4} — pada — (s +wi)as ()

wherea > 0,8 > |y| > 0. As the demand is uncertain, inverse demand functions can be
obtained by maximizing the consumer surplus function

Strategy II: _
Pl =a+e—Bga— s (4)
P’ =a+e—PBap—7qa ®)

Strategy IN: ‘
PN =a+e—PBga—qs (6)
P =a+e—Bas— 194 —w 7)

fori € {Y,N}.
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Here, a is the initial market potential, and coefficients f and <y indicate the sensitivity of
price to the retailer’s own and rival quantities, respectively. We assume that1 > g > 7 > 0
and denote <y the intensity of competition (a larger v indicates a more competitive market).

We use the random variable ¢ to describe the market demand that obeys the normal
distribution with E[¢] = 0 and Var[e] = ¢2. Retailer A has the data information, so its
demand forecast is I' = € + ¢7. If retailer A shares information with retailer B, retailer B’s
demand forecast is also I' = € 4 €1, where &1 an independent random variable that follows

the normal distribution with &; ~ N(0,0%), 02 > 07, and ﬁzﬁ € (%, 1). According to the
1

discussion by Roy [43] and Niu et al. [40], we can obtain

2 2
oT o-(e+¢€1)
Elell] = 02+ 0? - o2 +0? ' ®)
o20?
Vi[ell] = L )
02 +0?

Certainly, when the demand signal is obtained, the variance of the demand forecast
becomes smaller, namely, V[¢|T'] < 02, and the accuracy of the forecast increases.

2.2. Events and Profit Functions

According to Figure 1, we can construct a Stackelberg game to study the supply chain
decision as shown in Figure 2 for the sequence of game occurrence. In the first stage, new
entrant retailer B chooses whether to purchase demand information from the platform.
In the second stage, if retailer B chooses to buy the information, retailer A should decide
whether to share the demand information or not. In the third stage, retailer B chooses
whether to offer free shipping services. In the fourth stage, retailer A decides the optimal
order quantity, and in the fifth stage, retailer B determines the optimal order quantity.
Finally, when demand is realized, the market is cleared.

Stagel: Retailer B chooses Stage3: Retailer B
whether to purchase chooses whether to Stageb: Retailer B
demand information offer free shipping decides quantity g

t i ;
! ! o

Stage?: Retailer A decides Staged: Retailer A Stage6: Market
whether to share the decides quantity g, is cleared
demand information

Figure 2. Sequence of events.

With uncertain market demand, the expected profits of retailer A, retailer B, and plat-
form P under different scenarios depend on the demand forecast. Suppose that carrier C
transports goods from multiple manufacturers, and its profit is independent of the market
demand forecast. We maximize the profits of retailers A and B, respectively, and solve this
game using backward induction. The equilibrium results of each situation are summarized
in Table Al in Appendix A (the process of proof is also in Appendix A).

Scenario Y_II: In scenario Y_II, retailer B obtains the information, and at this time,
both retailer A and B have the information. Then I' = & 4 €. In the marketplace mode,
the platform provides online marketplace services to retailers. Retailers are required to
pay the platform for the services in the form of a commission rate 7 (1 > # > 0) [36].
The commission base charged by the platform usually does not include shipping fees. We
disregard other fees for now and assume that the platform’s profit comes only from the
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service fees paid by retailers. The expected profits of retailer A, retailer B, and platform P
are as follows

E[ ] = (1= n)E[ga(pa — wo)|T] + ET = e+ (10)
E[ w1 r] = (1= n)Elgs(ps — wo) T] ~ F,T =e+er a1
E[”g’n} = 1(E[qa(pa — wo)|T] + E[g8(pp — wo)[T]), I = e+ ¢ (12)

Scenario Y_IN: In this scenario, retailer B obtains the information and chooses the
strategy of no free shipping. Retailer A always offers free shipping, and for every purchase
from retailer A, the retailer pays a unit shipping fee wy to carrier C. But when a customer
purchases from retailer B, retailer B does not have to pay the shipping fee, and the unit
shipping fee w1 needs to be paid by the customer to the carrier. The expected profits of the
supply chain parties are as follows

E[mNIT] = (1= )E[qa(pa — wo)lT) + E T =e+2 (13)
E[my™|T] = (1= n)ElqspslT] — F,T = ¢+ (14)
E {ﬂg’m} =1(E[ga(pa —wo)[IT+ E[gpps|I]), T =€+ (15)

Scenario N_II: In this scenario, retailer B does not obtain the market demand informa-
tion, and only retailer A has this information. For demand uncertainty, retailer A’s forecast
isI' = €4 1. When retailer B chooses free shipping, the expected profits of the supply
chain parties are as follows

E[”f‘HM = (1=nE[qa(pa—wo)[T], T =e+e (16)
E[y"] = (1 = m)as(ps — wo) (17)
E[m3"] = 1(E[9a(pa — w0)[T] +qs(ps — w0)),T = e + &1 (18)

Scenario N_IN: For this scenario, retailer B doesn’t obtain the information and chooses
no free shipping, the expected profits of the supply chain parties are as follows

E[ANT] = (1= 1)E(ga(pa — o) T, T = e+ (19)
E[7Y™N] = (1= n)gsps (20)
E[mNN] = n(E[94(pa — wo)[T] + qspp), T = & + &1 1)

3. Theoretical Analysis of the Model
Now, we analyze the retailers’ strategic choices by comparing the performance of two
retailers under four scenarios. To guarantee positive equilibrium outcomes, we require the
following two feasible regions
. 4pPw1 —2Bywo— 7wy 42w —2pywy— 7w
(a) E[e|T'] > 0: E[¢e|T] > T e S 1 ST o S

3 _Qpr3 _4AR2 2 _ 2 2 3 A3 _ —
(0) E[elr] < 0: S en S es A v dpr gt oo plepr) s e,
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The two feasible regions satisfy the following condition
(1) (a(4B2—287—1%) 1 (P —4p%) +2Byw0)? | (L) (—48>+2B7+17)° . o
166(12-22)" 166(12-2p2)" otop’

F <

Proposition 1. For the optimal quantities and prices for retailers, it holds that

(a) Quantity: (aq) qY LIPS qg 1 (ay) g4

ore+e <0,a>wy— %(s+s1) otherwise q
4ﬁ2wo—4ﬁzwl+2ﬁwo —2Byw1+72w

YIN o qXIN ) NI s N e gy > 0,

NI NI g, gNIN 5 NN e g1 >

ore4e <0,a> - 4[3 > (e + 1), otherwise g™ < gi-N.

7
(b) Price: (by) pYH < plB/H. (b)pYIN > ngNZfO <et+e < Ha < H+
3
gvzﬁ%(€+81)' otherwise p™ < prN . (b3) PN > pRif et e > 0,0 < wo +
4 ;”4’37 (e +e1); otherwise ph-1 < pR-1 . (by) pi-N > pH-Nifa < H + 7457_4’? (e+€1);
otherwise pN IN' pN—IN Where H = 4B wot4p’w — 2ﬁ27w0+2ﬂ27w1 ~2p7*wo—pr w1 = wr
B pri—’

Proposition 1 summarizes the comparison of equilibrium prices and quantities be-
tween two retailers. In particular, Proposition 1 (a) states that the quantitative decision
of retailer A is always greater than that of retailer B in the case where retailer B obtains
the information, regardless of whether retailer B chooses the free shipping strategy. In the
absence of information available to retailer B, retailer A’s quantitative decision is greater
than retailer B’s when retailer A’s demand forecast is positive, or the initial market poten-
tial is greater than a specific value. Proposition 1 (b;) says that when retailer B obtains
information and offers free shipping, retailer B has a higher retail price than retailer A.
This is different from our perception. The possible reason is that retailer B has the same
information advantage and free shipping advantage as retailer A after purchasing infor-
mation and choosing free shipping, but under Stackelberg competition, retailer A has a
larger quantity of demand than retailer B, so retailer B will prefer a higher retail price to
increase revenue. However, retailer B does not have the advantage of information or free
shipping when it does not offer free shipping or does not obtain the information. At an
initial market potential less than a particular value, retailer B chooses a lower retail price to
increase his competitiveness with a price advantage and obtain a greater demand quantity
(Proposition 1 (by—by)).

Proposition 2. For the equilibrium market factors for retailers under different scenarios, it
holds that
(a) The equilibrium quantity of retailer A satisfies that

Y_IN N_IN
et+e;r >0, Jq, 0 <qgu,7, ete >0, YN, _N_II _ _N_IN
- Y_IN  N_IN i <‘1A a7 <y
otherwise; qy >q,~ ", otherwise;

(b) The equilibrium quantity of retailer B satisfies that

Y_IN  _N_IN
e+e1 >0, [qg " >qp— ", et+e>0; gr-t s gV IN, NI o NLIN
otherwise; | q5-™N < gh-'N. otherwise; '° B P g

(c) The equilibrium price of retailer A is

Y_II N_II

pi”>p§”, et+e;>0,V3—-B<y<PBorete <00<vy<+V36-B;
ps <pyu ., otherwise;

Y_IN N_IN

pﬁIN>p%1N, et+e;>0,V3—B<y<PBorete <00<vy<V36—p;
pi <pyu ., otherwise;
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(d) The equilibrium price of retailer B satisfies that

Y_IN N_IN
e+er >0, [pg >pg, et+e >0; Y_IN. N_II  _N_IN
- YN _ N_IN oy g ey >
otherwise; pg~ <pp~ , otherwise;

Regardless of whether retailer B chooses the free shipping strategy, as long as the
signal shows positive demand, retailer A always makes more of a minor quantitative
decision when retailer B obtains the information than when retailer B does not obtain the
information. This is because retailer B makes a greater quantitative decision after receiving
the information. Therefore, retailer A’s quantitative determination usually decreases to
keep the market functioning, but the retail price increases. Retailer A’s quantitative and
price decisions are greater when retailer B chooses no free shipping. Thus, retailer A
expects retailer B to decide not to offer free shipping. However, retailer B has greater
demand quantity and retail price under the free shipping strategy than when free shipping
is not offered. To find the best solution for the system, we continue the discussion in the
later Propositions.

Proposition 3. For the signal accuracy’s influences on equalization, it holds that

Y= M N e+ ), wherei € {A, B}, j € {I,N}, NV
Y +nY I](s—l—sl),wherei € {A,B},
Y_Ij +

(a) In scenario Y (a1) q;
improves the accuracy of demand forecasting. (az) p;
j € {ILN}, n; Y improves the accuracy of demand forecastmg. (a3) E [niy‘lj ‘F} = M,
YJ]'< ot

i

), wherei € {A,B,P},j e {I,N}, N«Y—Ij is decreasing in the competition degree.

0—2+ 2 )7
(b) In scenario N (by) qN = MN b —|— NN I](s +¢€1), wherej € {I,N}, NN‘I] is increasing

in the accuracy of the forecast. (by) pA = mY + nN I](e +¢€1), where j € {I,N}, nN i

is increasing in the accuracy of the forecast. ( b3) E { Ny ’1’ } MN iy NN b (02‘::2 ), where
1

ic{A,P},je{l,N}, N, NI g decreasing in the competition degree.

When there is demand information, we rewrite retailers” demand quantities and retail
prices as linear functions of € + ¢; and find that their quantitative and price decisions
are positively correlated with the accuracy of the information. And we rewrite retailers’

profits as linear functions of 74 (a3z) and (bs) of Proposition 3 express the slope of

Y_Jj _
E [ T ’I‘} and E [ T ‘F} are decreasmg in the cross-price elasticity (cross-price elasticity

means the degree of competition). For example, E {njg H‘F} = MY Iy N}—H(ﬂ‘falz),

where NX—H = %, NX—H on monotonic decreasing of ¢ (see Appendix A for
other proofs). Interestingly, the more competitive the demand, the less responsive the
retailer’s profit is to the accuracy of the demand signal. This is because the more intense the
competition, the more sensitive the price is to demand. Retailers will suffer greater losses
in fierce competition due to price wars. This finding implies that retailer A’s incentive to
share information diminishes if demand competition is intense. High competitive pressure
and lack of information sharing can also directly affect the profitability of the platform.
The platform needs to intervene and adopt specific ways to solve the problem of high
competition intensity (such as raising the threshold for platform entry), facilitating the
realization of information sharing, and improving the system’s overall revenue.

Proposition 4. Comparison of the supply chain members’” profits under different scenarios.
(a) Retailer A
(al)E[n’g—”‘r} > E[ N”‘ } ifF > K x

2+L72
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(az)E[nYJN‘F} > E[ N’N‘ } ifF > Ky x W'
(ag)E[ Y I r} < E[ Y INM ifwy > 01,
(a4)E[nNU r| <E[n) IN’ I ifw > o,
(b) Retailer B )
(b)E[ 1] > B[y |r] if F < Ko x ﬁ“gz
(bz)E[ngJN r} > E[nN—IN’ } if F < Ky x
(bo)E[ 7y 1] > E[ 7y N|r] if a > Ka.
(bs)E jng’—ﬂ r} > E _nB—IN‘r] ifa > K.
where Ky _ 7(1—77)(2[;3(—26ﬁ22’;2—)‘§ﬁ72+73)/ K = (1—:7)1(6/?522_22527):72)2/

Ka — 4Bwo 42w —4Bywo—7 wy— 'Yzwl
3 8p2—4py—27

02+¢T ’

Regarding the information strategy, when the information compensation fee satisfies
that K1 < F < Ky, retailer A is willing to share information, and retailer B is willing to
buy information. In terms of the free shipping strategy, when the initial market potential
is high, retailer B offers a free shipping strategy. However, when the carrier charges a
higher shipping fee to customers, retailer A expects retailer B to refrain from offering a free
shipping strategy to maintain its free shipping advantage.

4. Numerical Analysis

To test the reasonableness and validity of the decision in different scenarios, we refer to
the research of Bai et al. [44], verify the above propositions through numerical experiments,
and analyze the research questions from the perspective of retailers and the platform,
respectively.

4.1. Profit Analysis for Retailers

With the guarantee that all variables are positive, the relevant parameters can be set
as initial market potential 2 = 30, information purchase fee and compensation fee F = 20,
unit shipping fee charged by the carrier to retailers wp = 5, unit shipping fee charged by
the carrier to overseas customers w; = 6, the commission rate charged by the platform
n = 0.02, forecast of market demand E[¢|T'] = 10 and price sensitivity to its own quantity
B = 1. Since B is set to be greater than <y, we let price sensitivity to its rivals” quantity
7 = 0.4, and the value range of price sensitivity to its own quantity B can be limited to the
range [0.5,1].

Figure 3a shows retailer A can obtain the biggest profit when retailer B obtains the
information and chooses the strategy of no free shipping. Moreover, retailer A has a larger
profit when retailer B obtains the information regardless of whether retailer B chooses
free shipping. However, from Figure 3b, retailer B’s profit from offering free shipping is
always greater than the profit from not offering, regardless of whether it gets information.
Therefore, retailer B prefers to provide free shipping services. Concerning retailer B’s
willingness to obtain the information, we find that when the information purchase fee
F =20, Bislocated in area a, whether or not free shipping is chosen, the profit when retailer
B gets the information is always greater than the profit when it does not. However, when
the price has a great influence on its own quantity, that is, § is located in area b, retailer
B will choose not to buy the information. We can speculate that retailer B is willing to
spend a higher information cost to purchase information when the degree of necessity of
the product is more elevated.
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Figure 3. The changes in retailer A and B’s profit with respect to f under four scenarios. (a) Retailer A.
(b) Retailer B.

We can see that retailer B is uncertain about whether to purchase information when
the information purchase fee is large. Proposition 4 states that the information purchase
fee has a greater impact on retailer B’s decision to purchase information. We change the
fee of purchasing information to F = 5, and obtain Figure 4. As shown from Figure 4a,b,
regardless of whether retailer B chooses free shipping, the profit of obtaining information is
always greater than that of not obtaining information. Therefore, when the information
purchase fee is small, retailer B ignores the effect of product necessity and purchases the
information. Moreover, reducing the information purchase fee does not affect retailer B’s
choice of free shipping decision (see Figure 4c,d). From this, we can see that the information
purchase fee has an important influence on retailer B’s decision on whether to buy the
information. That is, when the price is more sensitive to its own quantity (the necessity of
the product is low), the platform needs to control the information purchase fee to enable
information sharing.
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Figure 4. Cont.
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Figure 4. Profits comparison of retailer B under different scenarios (F = 5).

4.2. Strategic Choices for Retailers

We observe the effects of initial market potential and competitive intensity on re-
tailer A’s willingness to share information, and draw Figure 5. We define the value
ranges of E[¢|T] and F in the graph to ensure that all variables are positive. Let F <
(1—17)(a(452—2ﬁv—72)+w1(722—452)+2ﬁvwo)2 (1—17)(—4ﬁ2+2ﬁv;r72)2 2 — Ft, and draw

16B(7*—242) 16B(7>—-2p) oo oy
the maximum value of F desirable in the graph. Consistent with the above variable settings,
let the unit shipping fee charged by the carrier to retailers remain wy = 5, the unit shipping
fee charged to overseas customers w; = 6, the commission rate charged by the platform
7 = 0.02, and let price sensitivity to its own quantity § = 0.7.
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Figure 5. Retailer A’s preference over sharing information strategy.

We observe the effect of initial potential changes in the market and changes in compet-
itive intensity on the strategic choices of retailers A (see Figure 5). The greater the initial
market potential, the greater the incentive for retailer A to share information. However, the
effect of competition intensity on retailer A’s desire to share information is negative, the big-
ger the competition intensity, the less retailer A’s incentive to share information desire.

Next, we analyze retailer B’s free shipping strategy. With wg =5, w1 =6,1 > B >
v > 0, according to Proposition 4 (bs—bs), we analyze the cases of 1 < K3 and a > K3
separately. In the range of definition, we let 2 = 6 and a = 30, respectively. Under the basic
assumption that 8 > + is satisfied, we analyze retailer B’s preference by drawing Figure 6.
It shows retailer B’s choice of free shipping strategy. We find that the probability of retailer
B choosing free shipping is greater than the probability of selecting no free shipping when
the initial market potential 2 < K3. And when the competitive intensity of the market v is

40



Sustainability 2023, 15, 3350

located in area m, the probability of retailer B choosing not to have free shipping increases
with the competitive intensity. Still, when the competitive intensity is greater (vy is located
in area n), retailer B only chooses no free shipping.
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Figure 6. Retailer B’s preference over free shipping strategy. (a) a < K3. (b) a > K.

When the initial market potential 2 > K3, the shape of the graph remains the same
regardless of the change in parameters, so retailer B always chooses the free shipping
strategy. The possible reason is that when the initial market potential is small, retailer B has
just entered the market and is less competitive. Faced with greater competitive pressure,
retailer B is unwilling to risk high shipping fees. However, when the initial market potential
is larger, the advantage of free shipping will increase the demand quantities, and then
retailer B will choose to offer free shipping to be more competitive and maximize its profit.

4.3. Platform Numerical Analysis

The number of sales on the platform is an essential indicator of e-commerce platform
operations. To analyze the impact of market competition on the overall number of platform
sales under different market forecasts, we set basic market potential 2 = 30, price sensitivity
to its own quantity 8 = 1, unit shipping fee charged by the carrier to retailers wp = 5, unit
shipping fee charged by the carrier to overseas customers w; = 6, and when the market
demand forecast is positive, predicted value E[¢|T] = 10, when it is negative, predicted
value E[¢|T'] = —5. The intensity of market competition 7y can be limited to a range (0,0.7).
Add the equilibrium quantities of retailers A and B in each case, Q = qigll + qlgh , Where
i € [Y,N],j € [I,N]. Substituting the above parameters into Q. As v increases gradually in
the range of values, the total number of sales will change accordingly. We compare the total
number of deals on the platform in four cases. To observe the law of substantial change,
the results are mapped to graphs to analyze the influence of competition intensity on the
total number of sales under different market forecasts.

From Figure 7, we can see that the overall number of sales on the platform decreases
as the intensity of competition increases. Further, the number of sales is greater when the
forecast for the market is positive than when it is negative. Figure 7a shows the results
for an uncertain market with a positive demand forecast. While the market competition is
small (y is located in area a), the total number of sales on the platform at the time retailer B
obtains the information is greater. When the competition intensity is in the middle region
(7 is located in area b), the platform has a greater total number of sales when retailer
B chooses free shipping. And when the market competition is strong (y is located in
area c), the platform’s total number of sales when retailer B chooses free shipping is still
greater than when shipping is not free. Still, the platform’s total number of sales is larger
when retailer B does not obtain the information. This is because, under fierce competition,
retailer B will reduce its quantitative decisions based on the principle of risk aversion
if market demand information is known. Figure 7b shows the results when the market
demand forecast is negative. Interestingly, when there is less competition, the platform
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sells more when retailer B does not obtain the information. The reason is that here the
market demand forecast for uncertainty is negative. After getting information, retailer B
naturally makes fewer quantitative decisions. However, when the competitive pressure
is particularly high (- is located in the c area), the total platform sales are greater at the
time retailer B gets the information. The possible reason for this is that retailer A will
reduce its quantitative decision when faced with greater market pressure and a negative
market forecast. Under the Stackelberg game, retailer B’s quantitative decision will decrease
with retailer A. If retailer B knows the demand information, it may increase part of the
quantitative decision when retailer A reduces.
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Figure 7. The size of overseas market comparison of four scenarios under different market forecasts.
(@) (e+e1)>0.(b) (e+¢€) <0.

The intensity of market competition has a significant impact on the total number of
transactions on the platform, and we further analyze the impact of market competition
intensity on platform profits. We plot the profits of the platform in different scenarios under
the market mode in Figure 8. Because the profits of the platform are drawn from the profits
of retailers A and B, analyzing the profits of retailers A and B in Figure 3 together, we find
that although the profits of retailer A are the largest in scenario Y_IN, the profits of the
platform are the same as the profit profile of retailer B, which is larger in scenario Y_II.
To achieve a win—win situation for all parties, the platform needs to develop appropriate
operational strategies to influence factors such as initial market potential and market
competition intensity, thus indirectly intervening in the strategic choices of retailers.
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Figure 8. Profit comparison of platform P under four scenarios.

5. Discussion and Conclusions

It is crucial to consider how to operate the CBEC platform supply chain with long dis-
tances and high costs. We investigated the decision-making of retailers on CBEC platforms
regarding information sharing and free shipping under the marketplace mode, and we
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examined the willingness of information sharing between the existing retailer and the new
entrant retailers. The results obtained using theoretical and numerical analysis show that:

(1) In terms of the information-sharing strategy, we find that the existing retailer’s
willingness to share information is influenced by initial market potential and competitive
intensity. The effect of initial market potential on the willingness to share information is
positive. As the initial market potential increases, the willingness of existing retailers to
share information also increases. In contrast, the effect of market competition intensity
on willingness to share information is negative, i.e., as competition intensity increases,
the willingness of existing retailers to share information decreases. The existing retailer
will share information when the initial market potential is larger, and the intensity of
competition in the market is smaller. In addition, the information fee greatly influences the
existing retailer’s willingness to share information and the willingness of the new retailer
to acquire information. Information sharing can only be realized when the information fee
meets certain conditions.

(2) In terms of the free shipping strategy, we find that both initial market potential
and competitive intensity affect the choice of the new entrant retailer. When the initial
market potential is larger, the new entrant retailer always chooses the free shipping strategy.
However, when the initial market potential is smaller, the willingness to choose free
shipping decreases as competition intensifies. And when the market tends to be perfectly
competitive, the new entrant retailer will decide not to offer free shipping. It is worth
noting that if the existing retailer offers free shipping, information sharing will not affect
the retailer’s free shipping decision in a healthy competitive market environment. The new
entrant will always offer free shipping, which is consistent with reality.

From the platform perspective, it is clear that the platform is most profitable when
information sharing and free shipping occur simultaneously. For information sharing and
free shipping to co-occur, the platform needs to set up reasonable operational strategies
to meet the following conditions: the larger initial market potential, the smaller market
competition intensity, and the reasonable information fee. Therefore, the platform could
seize market share with other platforms by increasing advertising, improving service levels,
and enriching products to increase initial market potential and reduce market competition
intensity; it can also control the number of e-retailers on the platform and reduce market
competition intensity. In addition, while maintaining product diversification, the platform
should also consider the attributes of products sold by retailers. When the necessity of the
product is higher, the new entrant retailer is willing to spend a higher information cost to
purchase information.

The obtained results enrich the theoretical results of platform supply chains by starting
from information sharing and free shipping strategies. However, there are still limitations in
this paper. First, we set the shipping fee as an exogenous variable that is not generalizable.
We consider setting the shipping fee as a decision variable in future studies and considering
shipping fee discounts. Second, the service quality of transportation is also a vital issue
in CBEC. In the future, we will discuss the competition among retailers by considering
the quality of shipping service when free shipping is available. Finally, tax differences are
prominent features of cross-border e-commerce. In the future, we will study the competition
in the supply chain of B2B e-commerce platforms based on tax planning.
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Appendix A. The Derivation of Equilibriums

We use the solution steps of scenario N_IN as an example to illustrate the process of
this game.

In our model, retailers maximize their expected profits through quantity decisions.
In the Stackelberg model with retailer A as the leader and retailer B as the follower, we
solve this game by reverse induction. The expected profit of members in the supply chain
expected profit is given by E [ng\UN} = [t [t E [HF—IN} ¢(e, e1)dedey.

Since € and ¢ are independent of each other, g(e,&1) = g(e)g(e1). g(¢) and g(eq) are
the normal probability density functions of ¢ and €1, respectively. g(e, 1) is a binary normal

AT lerey)
o2+0? o2+o? ’

[72 [T Ele|l)g(e, e1)dedey = 0. [T5 [T E[eT)2g (e, €1 )dede; =

we have

probability density function.Because of E[e|I'] =

#012.

Step 1: Substituting pp for E [ng—n\q. Since retailer B does not know the market
demand information, the profit function for retailer B can be written as: MaxE {ng—IN} =
q8(1—1)(a —7Elga] — pgp — w1)-

Step 2: E {ng—IN} to gp for which the first-order partial derivative is equal to 0.

SE [y N]

T =a—79a—2pqp —w1 =0.q5 =
Step 3: Substituting pl}IN and gp into E [ ﬂ%*IN ‘F} . MaxE [ NE*IN ’l"} =
(1= 1)E[ga(pa —wo)|T] = qa(1 = 1) (a+ Ele[1] = Y= — pgy — ), T = e +e1.

Step 4: E [ nf—IN‘F} to g4 for which the first-order partial derivative is equal to 0.

a—7E[qa]—w
5 .

IE[mN-NIT] _ 2B(E[elT]+a)—ay+2q4 (v —28%) —2Bwo+ywr _ 0 g — 2ab=ay 2Pyt | 2BE[|T]
a 28 =Y 4a= 1f7-272 T 127
o . 4p*—2py—2 2_4p?)+2
Step 5: Substituting g4 into the g5. g5 = (428 7835:ﬁl§zz - Fee,

Step 6: Substituting g4 from step 4 and gp from step 5 into pZUN, pIgUN.

_ 2apay 2wty (4B°—4p~*)E[e[T] _a(4B2—2By—2) +wi (12 —4p%) +2Bywp
pa= 4B 835 —4p2 +PB = 8B2—42 .
Step 7: Substituting g4, g5, pa, pp into profit function we derive equilibrium profit

E VNE—IN I’} , E [ng—IN} and E [ny—IN} .The expected profits for members in the supply

chain are specified as:

[ N_IN|@] _ (1=n)(ap—ay—2Bwo+ywi)* | B1—1)(B—1)(B+7) 4
B[ w3 Nr] = i T T ATy
E[NIN] (1—y) (a(4B2=2By—12)+w; (v2—4B2) +2B 7wy )?

M (B —49%) (BF° —4p77) '
E[NINT 1(a? (282 =7%) (v=28)*+(28*—7*) (2Bwo—rw1) (2a(y—2B) +2Bwo—yw1) )
sl 85(12~26%)’
1(a(4F2 2By —7?) ter (2 4F2) 427w ) | yp(B-)(pt) o _o*
(BB —417) (8%~ 4p17) (=262 T er

+
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Similarly, other scenario optimal solutions can be derived, and Table Al summarize
the equilibrium results for different scenarios.

Table Al. Equilibrium results under different scenarios.

1 (a=w0)(2p=7) | (2B—1)E[|T]
94 1p2—27 1p7-22
Y _ (a—wo) (4>~ Zﬁ’r 7) | (4F7=2By—7)E[e[T]
9~ 8B —4p” 8p°—4
Y I _ a(2B—7)+wo(2B+7) | (26—7)E[e|T]
Pa = 1 +=
Y 11 ﬂ(4ﬂz—2ﬁ7—w2)+wo(4ﬁ2+2ﬂv—37) (4p*—2B7—7*)E[elT]
pB_ = 8‘327472 , R 8/32 472
Y II|p] (I=n)(y=2B)*(a—wq) (1—i7)(v 2B)* ot
v E[mct[r] = P O+ Sl i
[ Y II‘r Py (1=n)(—4B2+2Bv+7?) (a—wo)® | (1-n)(— 452+2/57+7) o
165(12—2p2)° 16/3572 282)? o2+07
E[nY—H] _ (a2 72aw0+w%)(32ﬁ4*32ﬁ37728ﬁ272+12ﬁ7377“) 1 32/3“*32/53%8527”212573774) « 2
Pl 168(7*—25%) 168(72—282) 215?
qi IN _ “(2,37123;25‘020+'}"U1 + (2ﬁgzv)§[ilfl
YIN _ a(4[32 2By A'/y )t (7 4ﬁ2)+2g'ng (4B*—2py—~2)E[e|T]
8" 857117 ey
p\/g_IN a(2—y +2l3wo+'yw1 4 (2B- Zl)? [¢|T]
pYIN _ _ a(4p— Zﬁv 1) w1 (VP —4B2) +2Bywo n (48> —2B7—2)E[elT]
2YIN|p] = (1—1)(2ap—ay—2Bwo+yws) 1-1n)(y—
Y_IN B[N |r] = p oy otk o (00 x o2 :
- E[HY_IN’F] — _py (g 2pr0) v (2 4p) 4 2pren)? | (L) (CAEP2BY YY) o
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NI (a—wo) (482 —2B7—7%)
qg~ = 8B —4p2
N = a(Zﬁfv)Zwo(ZﬁH) n (48 ;;157;)1:;[8\r ]
38—
NI ﬂ(4ﬁ2*2ﬁ%72)+wo(4ﬁz+25%3vzn)y
B - 8B 47?2
1—1) (a—wp)?(7—2B)? 1-17)(B—7) (B+ o
NI E[T[I;‘I_H‘I«] _ v){gﬁsuiogﬁ(vvz B B Zy)fzgz))(f 7 « o
E[HNJI} _ (1) (a—wo)X(~4p>+2p7+77)’
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qB 8[33
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N|r] — (=n)(2a8 2pwotyw)® | =) (B=7)(B+7) ot
E[ A M = a165§i8ﬁvzo = (12—2p2)° X P
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Proposition 1

Proof of Proposition 1. Quantity difference:
YU Yl 2%(a—wo) | 22E[elT]
A B 8p—apyt T 8B —4py
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YIN YN _ a7 +wi (482 4287-77) —2Bwo(2B+7) | PE[e[T]
qA qB - 8[33—4/372 8ﬁ3—4/372’

NI NI ay’—72wp + 4B%Ee|T]
qa qB T 8B —4py? 8B3—4pv2’

NN NN _ 877 +wi (47 +2B7 =) —2wo(26+7) | ABE[ET]
da s~ = 85 —15” 8ET—4p1"
Price difference:

Y Y a—w)(B=7) _ P(B=1E[[T]
pA pB 8[33—4,8’)/2 8‘53—4[372 ’

YIN YN _ —a7(B—7)+wi (482 +2B2r—pr* =) +2wo (B—7) (2B +7) 4 PLr=pEL]T]

Pam =P = 8B =47 8B4
NI NI (B=7)(YPwo—ar?) 4 4B(B—1)(B+1)E[elT]
pA pB - 8133,4,372 8,8374‘8')/2 ’

NN NN _ —07(B=7)+wi (48 +2B27—p7*—*) +2wo (B—7) (2B+7) 4 4B(B—7)(B+7)ELe]T]
Pa PB - 883 —4p92 8B3—4p12 .
2 2 2

E[ll] = £ = T g >0

We analyze the cases where ¢ + £1 is greater than 0 and less than 0, respectively.
Satisfying the condition that all variables are greater than zero, we use the Y_II scenario as
an example to illustrate the comparison of the quantities between retailer A and retailer B.

ot -yt = Vla—wo) | PEEIT Ele|T] > 0,i.e., whilee+¢; > 0, B > 1, and for

T8pApyt T 8pi-4py?
i ; 4w —2ywy—7 W Y Y
all variables greater than 0, 2 must satisfy a > =252 > wp, 80 4,4~ > g -
Y_II Y_II

If E[¢]l] < 0, i.e,, while e +¢&; < 0, to satisfy g, > qp~, it is necessary to satisfy

a > wy — E[e[T']. In the range of definition, it is guaranteed that a > wp — E[¢|T], so
Y YOl
4 =>4 -
Y_II Y_II

Therefore, the results of g,~ > g~ can be easily derived. And the process of
quantitative comparative analysis regarding the other three scenarios is consistent with
the Y_II scenario. Next, we use scenario Y_IN as an example to illustrate the results of
comparing the retail prices of retailers A and B.

pYAN YN —a? (B—7)+w (4ﬁ3+2ﬂ;g3—i;2;v3)+2ﬁwo(ﬁ—“r)(2ﬁ+“r) n vzég;ﬁig[ﬂr]
—4apy —4pY
We let —ay?(B—7)+wi (48> +2B2y—B7* =) +2Bwo (B—7) (2B+7) 4 POPEET] 0, and con-

8B°—4p7° 8% —4py*
sider both E[e|I'] > 0 and E[¢|T'] < 0 to get pz—IN > pg—IN while
4B wo+4p w1 2B ywo+2p2 w1 —21 wo—pr’wi — P wy + =B (e+e1)and 0 < e+e5 <

a <

3 3 2 2 /5’)/2 _’)/23 2 3 IS’YZ _73
46" +4F" 1 ~2p AWOJF; f . j‘fy’; —2B7 @BV 1= W1 Then we obtain the result of Proposition 1(by),

the price comparisons in the other scenarios are consistent with Scenario Y_II.
The results in Proposition 1 are proved. [

Proof. Proposition 2

Quantity difference:

YOI NI _ YN _ NN Ele|r
! - = N - N = 2

YOI YN _ NI NN -

947 =94 =494 — 94 = 74(5;0_2?%),

YOI NI _ YIN NN _ (48*-2B7—°)E[[T]
4g~ —4g~ =49 — 49 = ( 8/33—4/372 ’
q\é—H _ qg_IN _ qlgl_H _ qI];T_IN _ (w0;§§)<f:2;72).

—4By
Price difference:
YL NI YN NOIN 7(=2B2+2B7+7*) E[lT]

A A~ T Pa AT 865 —4p? !
pYl _ pYIN _ NI NN W(wigwl)’

YL NI YIN NN (4>—287—77 )E[e[T]

Pg~ —Pp~ =Ps B 8pT—4? ,
Y  _YIN_ NI NIN _ wo(48*=37%)+w: (482 —7%)
P~ —Pg~ =Pp- — P~ = 82 —42 '

When the assumption 8 > 7 is satisfied, we can easily obtain Proposition 2. [J
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Proof. Proposition 3
In scenario Y:

ql{(n = W;‘;g[@ﬁ; 7) + (zﬁﬁ‘z”_);[i'”, qﬁ I can be written in terms of qY 11 MX—H +

NX—H(s +¢e1), NX—H = Zﬁ:gg while 8 > v, Eég ’2%2 > 0, so NY—I improves the accuracy
of forecasting market demand.

Similarly, the other proofs are as follows:

Y _ (a—wo)(4F7-28v—7) | (4B7-2B7—7")E[e[T]

Y_II Y_II
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In scenario N:
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The effect of market forecasts on quantities and prices was demonstrated. We next
demonstrate how the intensity of competition affects the profits of retailers A and B in the

presence of market demand signals. E[ Y H‘F} =F+(1- q)((”*l‘g’gf_(g /;Y 22;% i + 1 6(;;3:25 g; X
(r=2p)°

Tep—8p 7 with respect to v and obtain
16/37(7 28)> | 2(y—2p) - 1687(v=26)* | 2(y—2p) Y_II
(166585722 + 1613378/3W2,wh11e 1>B8>v9>0, (1665—8512)? + 6882 < 0, so E{ ‘F}

can be written in the form of E [ X H’ } = MX—H + NX—H( Vzaf”% ), NIZ—H = % and

%) Since 1 —# > 0, we calculate the derivative of

N}—H is decreasing in the competition degree.
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Then we can get the results of Proposition 3. [

Proof. Proposition 4

We summarize the profit differential between retailer A, retailer B, and Carrier C for
different scenarios in Table A2. The Proposition 4 (aj,az,b1,b2) can be easily seen in Table A2,
and we illustrate the remainder with the profit difference between retailer A in the Y_II
and Y_IN scenarios.

Table A2. The profit differences in different scenarios.

E[”X_HM B E[ﬂf—n‘r] _F_ Y1) (8 —6F1—4B7*+7°) o

86(12—2p?)” ot
Retailer A Y_IN|p] _ NLN|p] _ p 7(1=n)(88°—682r—4p7*+7°) o4
E [HA ’r] E{HA ’F} =F (88(12—2p2)%) x o2 +07
Y_II Y_IN 1— —w1) (4ap—2a7y+wo(y—4B)+
E| - Hr| — E| k- ’r — 2(0=1)(wo w1)(1g£37$72w0(7 B)+ywr)
N_IT N_IN _ (=) (wo—w1) (4ap—2ay+wo (y—4B) +yw
E| ) ‘F —E[ 1"] — y(=n)(wo 1)(16/5378&2 0(y—4B)+yws)
Y| NI (1) (-4 +267+7°)’° o
E[”B r} E[”B ] = P et apy ZX o+t
Retailer B YIN|p]  p[ NINT g, (=) (—4824287+77) o
Pl el - o T s sty i)
Y 1 Y IN 1-1) ((wo—w1) (4% —7?) (2a(—4B*+2Bv+7* ) +wo (42 —4By—7? ) +w1 (4B*—y
B[y !|r] — B[y N[r] = SR R 2T 1
E[HN_H] B E[T[N_IN] _ (=) ((wo—wn) (482 =7*) (2a(—4B>+2B7+7) +wo (48> —4Bpr—7*) +wi (48°—1)))
B B 16p(1*—2p?)"
E{”X_HM _ E{NX_IN‘F} _ 7(1717)(wrwl)(f:ﬁﬁ;?g;afo('r%ﬁ)ﬂwn. Since 1 — 7 > 0,
we solve this inequality on the basis of satisfying w; > wop > 0,1 > 8 > ¢ > 0,a > 0
less than 0. And we get that when w; > w, E [ nX—H’F} < E { n%—IN 1"} , otherwise
E [ n}—H’F} >E [ HX—IN ’F} . Proposition 4(a3) is proven. The analysis process in the other
scenarios is the same as the above process, from which we can obtain the content of
Proposition 4. O
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Abstract: In this research, we examine the impact of a negative demand disruption on trade promo-
tions strategy, where suppliers offer discounted prices to online supply chain retailers. To analyze the
various factors that affect trade promotion strategies, we develop a Stackelberg game model to deter-
mine the optimal pricing for both manufacturers and retailers, as well as the optimal order quantity
of the retailers. Our findings indicate that through an appropriate sustainable trade promotion policy,
the profit of the supply chain’s members can be increased in different scenarios, including various
product disposal costs and the time of product delivery. In addition to the trade promotion policies,
we consider a new strategy where the manufacturer assists the retailer by paying some part of the
delivery cost. Then, we compare these strategies to determine which approach leads to the highest
profit for the manufacturer, retailer, and integrated supply chain under the different intensities of
negative demand disruption.

Keywords: trade promotion; demand disruption; sustainability; lead time-dependent demand

1. Introduction

In the digital age, the delivery of products to consumers can affect both demand
and sales. One effective sales channel in this area is online sales. With the increasing
popularity of online shopping among consumers especially in a post-COVID-19 environ-
ment, e-commerce business is also becoming more prevalent. According to reports from
the French Confederation of Trade Promotions, online sales by its member retailers in-
creased disproportionately by 35% during the 2020 discount season [1]. In addition, the
environmental impact of e-commerce is undeniable, some studies that have analyzed this
issue. These studies have found that by optimizing the delivery routes of delivery trucks,
e-commerce can reduce the negative impact of consumer shopping and is more sustainable
than using one’s own car for shopping [2,3]. Moreover, some consumers may be unwilling
to shop at physical retail stores due to busy schedules or other inconveniences such as
mismanagement, long queues, or inappropriate retailer behavior. A survey report indicates
that about 42% of top suppliers in the high-level industry sell their products directly to
consumers through online channels [4].

Online shopping has changed the strategies of supply chain members. One of the
crucial marketing strategies used to boost product sales is promotion. Promotions can be
classified into three categories: trade promotions (supplier-to-retailer), retailer promotions
(retailer-to-consumer), and consumer promotions (supplier-to-consumer). This article
focuses on trade promotions while the consumer demand is under negative disruption.
In this marketing strategy, suppliers offer a discounted price to retailers and expect that
retailers also offer a discount to end consumers [5]. The cost of this trade promotion is
typically the second highest expenditure after the cost of goods. A survey conducted by
MEI Computer Technology Group Inc., a leading provider of trade promotion services,
found that 42% of the respondents, who were suppliers of consumer goods, indicated
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that they invested more in trade promotion than ever before in 2010. This significant
spending on trade promotion strategies highlights the importance of optimizing these
strategies throughout the process [6]. Additionally, trade promotion practices may result
in inefficiencies in cost management and high discounts in trade promotion can lead to
inefficient practices and decreases manufacturer’s profit [7]. Thus, it is crucial to identify
and analyze the optimal strategies for promotions in different situations.

Numerous factors can impact the optimal design of trade promotions, such as sales
targets, product characteristics, demand uncertainty, and product delivery [8-13]. Demand
disruption can alter market uncertainty and, as a result, influence trade promotion strate-
gies. There are various real-world examples of promotion strategies to manage demand
disruption adopted by companies. For instance, the sudden outbreak of avian influenza
(H7N9) in China in 2013 resulted in a decline in demand for caged eggs, leading farmers
to offer large discounts to retailers and consumers on their products, while the opposite
occurred for seafood and certain medications. Another example is the COVID-19 pandemic,
during which companies with online sales were able to maintain their sales while many
physical stores had to close, particularly in the second quarter of 2020 [14]. These and other
real-world situations demonstrate the significant economic impact that studying the effects
of demand disruption on trade promotion can have. The examination of negative demand
disruption within the context of trade promotions is crucial for several reasons. Firstly,
trade promotions may be utilized as a means to generate demand in the face of a negative
demand disruption. Secondly, firms may have a predetermined budget for marketing and
promotions efforts, making it important to consider the impact of demand disruption in
the formulation of sustainable trade promotion strategies.

Off-invoice and scan-back are two common types of trade promotion strategies in
supply chain management. In the off-invoice, manufacturers offer direct subsidies to
retailers. This means that for a limited period of time, a certain discount is given for each
product purchased from the manufacturer, with no limit on the quantity of purchased
products. The structure of the off-invoice strategy encourages retailers to focus on buying
rather than marketing. In the scan-back strategy, manufacturers reimburse retailers a
certain amount of money for each unit of goods sold during a promotion. This requires
manufacturers to communicate with retailers and verify goods sales based on retailers’
scan data [13]. This indicates that markets without a retail scanning system (such as point
of sale, POS) cannot use the scan-back method.

This study aims to contribute to the literature on trade promotion strategies by ad-
dressing the following four questions:

1. What are the optimal pricing strategies for manufacturers and retailers in a supply
chain with uncertain demand when a negative demand disruption occurs?

2. What is the optimal order quantity for the retailer in this scenario?

3. What promotional strategy, either scan-back or off-invoice, or contribution to the
retailer’s supply costs would be profitable for the manufacturer, retailer, or integrated
supply chain in the presence of a negative demand disruption?

4. How does delivery lead time affect the profits of the manufacturer and retailer during
negative demand disruption?

To address these questions, we develop a Stackelberg model to study the impact of
demand disruption on different trade promotion strategies in a decentralized channel. De-
livery lead time is also investigated as an affected factor in analyzing the above mentioned
questions. The model is based on an online retail channel during demand disruption and
determines optimal pricing strategies for both manufacturers and retailers, as well as the
optimal order quantity. The stochastic demand model considered in the model depends on
various factors, including retail channel selling prices and online delivery lead time.

The paper is structured as follows: A literature review is presented in Section 2. In
Section 3, we explain the problem statement. The model is presented in Section 4, while
an analysis of the model is provided in Section 5. Finally, concluding remarks are made
in Section 6.
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2. Literature Review

Trade promotions are price incentives that manufacturers offer to their retailers. These
promotions can be implemented through various methods, such as off-invoice, co-op
advertising, and scan-back, and are used in a variety of industries. Previous research in
these areas will be reviewed in this section.

Trade promotions in different areas of the supply chain have been explored in several
publications. For example, researchers examined a retail incentive in a two-stage supply
chain dealing with scan-back trade. Their study found that the manufacturer and supplier
in the supply chain can benefit from the scan-back trade mode, but this is not always
the case for the retailer. However, they also found that scan-back trade can be profitable
for both parties if it is accompanied by a buy-back agreement [15]. In the study [16], a
two-stage supply chain model in which a manufacturer supplies a product to a retailer is
presented and authors used a trade promotion method to supply chain by determining
the optimal prices for multi-period wholesale. Their results demonstrated the benefits
of supply chain coordination when the cost of set-up or reordering by the consumer is
high and demand is low on average. Authors of [17] designed a new model based on a
promotional strategy that considers the benefits of the manufacturer and retailer separately.
In their proposed strategy, they aimed to maximize both the manufacturer’s and retailer’s
profits. They found that the retailer’s profit in their proposed strategy was better than it
would be in an off-invoice manner. The effect of non-monetary product promotion based
on the two channels was also studied in the literature. In [18], authors proposed a strategy
for a two-level supply chain that includes manufacturers and retailers and studied the
buy-one-get-one (BOGO) process.

Although several studies in the literature examined various supply chain structures,
including multiple manufacturers, wholesalers, retailers, and online retailers but few of
them considered promotion strategies. Most of the studies in the area of trade promotion,
studied a supply chain with a single manufacturer and retailer, and few studies examined a
supply chain with more than two actors. However, some studies focused on other types of
promotions in the supply chain with more than two actors. In [19], a supply chain network
with a dual-channel for remanufacturing was developed. They used two separate channels,
the direct channel and the retail channel, where the manufacturer in the proposed network
delivers and sells the goods to the consumer through both channels at the same price. The
effect of price discount contracts and pricing policies in a dual-channel supply chain is
examined in [20]. Two Stackelberg and one Nash game were investigated, and authors
showed that all scenarios with price discount contracts overcome the other scenarios. In the
study [21], authors investigated a two-echelon, multiple-retailer distribution channel while
taking into account the promotional strategies used by the retailers and their sales learning
curve. They stated that keeping a portion of promotion costs within a reasonable range
increased the profits of all the channel coordination participants. The impact of asymmetric
demand information on a multi-period price promotion in a supply chain with a single
supplier but several retailers was studied in [5]. They developed a stochastic bi-level
optimization model while taking into account a Stackelbeg game, and they employed the
linearization technique to find the precise solution. A three-echelon supply chain with two
retailers in the downstream of the supply chain was studied in [22]. The supplied products
of the manufacturer include some imperfect quality items. Their findings indicated that
while all unit quality discounts with franchise fees can resolve channel conflict, they are
unable to generate profits that benefit all chain members equally.

As mentioned previously, optimal trade promotion is influenced by various factors,
such as the uncertainty of demand, marketing budget, and product characteristics. Con-
sidering demand uncertainty, a trade promotion technique based on manufacturer-retailer
channels is developed in [13] and a technical analysis is conducted for two separate markets
using off-invoice and scan-back discounts. The results of this study showed that manufac-
turers offer better discounts for off-invoice than for scan-back. Authors of [23] also applied
two separate models to analyze the promotional trade of retailers and manufacturers using
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an uncertain supply chain demand approach. The objective of the first model is to maximize
the retailer’s profit by finding promotional efforts of the retailer based on trade promotion
manner. In addition, the second model is an extension of the first model that considers how
the manufacturer’s trade promotion manner is.

The delivery time of the product can also impact the uncertainty of demand. Several
studies have examined the delivery time-dependent stochastic demand in the supply chain.
The study [24] examined the benefits of sharing demand forecast information in a two-
level dual-channel supply chain. A dual-channel supply chain model for the newsvendor
problem also is developed in [25], considering the delivery lead time of the online channel.
However, to the best of our knowledge, there are no articles in the literature that consider
trade promotion in conjunction with delivery time-dependent stochastic demand.

Regarding demand uncertainty and disruption, some studies have investigated sus-
tainable operations in the supply chain. Sustainable operations concepts investigated
in [26] and authors proposed appropriate guidelines for their implementation in Brazilian
supply chains. The study [27] analyzed the role of supply chain inventory control systems
in a sustainable approach under nonlinear backorder costs. Authors of [28] presented a
new game-theoretic model to examine the impact of sustainability aspects on product line
length and found that sustainability can reduce the length of the product line and the
conflict between society and businesses, as well as the impact of channel decentralization.
In Ref. [29], authors studied the price discount of a sustainable supplier in a competitive
environment in a two-level supply chain with two suppliers and one retailer, examining
the impact of the supplier’s price discount on the retailer’s profit under uncertain demand.
They found that the expected profit of a sustainable supplier increases as the price dis-
count increases, but also found that when both suppliers offer a price discount and the
retailer’s purchasing cost decreases, the supplier’s expected sustainable profit decreases. In
Ref. [6], researchers evaluated a trade promotion strategy based on sustainability, demand
uncertainty, and capacity constraints in a supply chain network (while focusing on positive
demand disruption), which is closely related to the current study. They analyzed three
types of trade promotion separately and derived the optimal decision for each strategy. The
results of their study confirm that both levels of the supply chain, including manufacturers
and retailers, adopt aggressive pricing strategies when demand is disrupted. The results of
their study indicate that, for a given level of demand disruption, the off-invoice method is
preferred over revenue sharing.

This research makes several contributions to the existing literature on trade promotion.
It determines the optimal pricing for the manufacturer and the optimal pricing and quantity
for the retailer and compares the profits of different strategies under negative demand
disruption. It also examines the coordination of delivery costs between the manufacturer
and the retailer and compares trade promotion strategies, which has not been previously
explored. Finally, it considers delivery time-dependent stochastic demand in the presence
of sudden disruption in demand, which has not been addressed in previous studies. These
contributions provide new insights into the impacts of trade promotion strategies on supply
chain profitability under different demand and delivery scenarios.

3. Problem Statement

In this study, we examine a supply chain model comprising a manufacturer and a
retailer. The model assumes two periods of operation. In the first period, the manufacturer
produces a product based on forecast demand, which is a function of the retailer’s price
and the delivery lead time and follows a uniform random variable. In the second period,
the forecasted demand may be disrupted, resulting in a deviation from the original forecast.
This disruption can take the form of a positive or negative deviation in demand. If the
market experiences a sudden boom, the manufacturer must incur additional costs to
increase production in order to meet the increased demand. This additional production
is more costly. However, in the event of positive disruption, both the manufacturer and
retailer have the option to raise their prices.
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In the event of a negative disruption, however, the demand in the market would
experience a sudden decrease. As a response, managers may consider implementing
incentives for retailers in an effort to stimulate demand. In this study, we examine an
appropriate trade promotion strategy for manufacturers to follow in case of negative
demand disruption by setting an optimal wholesale price. The retailer, in turn, determines
an optimal price and quantity of orders in order to maximize profit.

It is worth noting that the manufacturer may choose to utilize an off-invoice or scan-
back promotion, or may opt to provide support to the retailer by covering a portion of
delivery costs. The off-invoice policy involves offering discounts on products, while the
scan-back policy involves manufacturers reimbursing retailers for each unit of goods sold
during a promotion (Figures 1 and 2).

Manufacturer

! Qff-invoice
l Scan-back

Retailer

Online
Channel

Consumer

Figure 1. Sales channel structure.

y A i \
L
res ==
290
Manufacturer plans to Demand disruption occurs, Retailer sets quantity of
produce @ quantity of manufacturer adjusts the order and its price
product production plan, sets the

wholesale price and chooses

trade promotion strategy

Figure 2. Order of manufacturer and retailer decisions under demand disruption.
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Assumptions, Parameters, and Decision Variables

e  Assumptions

1. Initial delivery lead time is a given parameter that the retailer cannot change due to
the related constraint of the system and its budget.

2. A given budget for marketing of manufacturer is considered and the discount for
each product is fixed.

e  Parameters and decision variables

Per-unit finished cost of the product for
the manufacturer

ag Initial demand of the market

Initial demand of the market after a sudden

M change in demand
b Price sensitivity in the online channel
Delivery lead time sensitivity parameter of
7 Demand in the retail channel
% Discount in the off-invoice policy
B Discount in the scan-back policy
. A continuous random variable that follows a
uniform distribution
Q Previous production plan of the manufacturer
A Additional unit cost of producing additional
1 products, when AQ=Q—-Q <0
A Per-unit disposal cost of products, when
? AQ=Q-Q>0
pr: Price of the retail channel in the Prs: Price of the retail channel in the
off-invoice policy scan-back policy
Q, £ Order of the retail channel in the Qys: Order of the retail channel in the
off-invoice policy scan-back policy

Wy: Wholesale price in the off-invoice policy Ws: Wholesale price in the scan-back policy
Ig,: Retailer’s profit in the off-invoice policy I1g,: Retailer’s profit in the scan-back policy
Iy = Manufacturer’s profit in the ITjs,: Manufacturer’s profit in the

off-invoice policy scan-back policy
The demand function is given as follows [6,30]:
d =ay—bp,—yL+e @

where p, denotes the retailer price and € is a continuous random variable that follows a
uniform distribution on [—(ag — bpr — L), a9 — bp, — yL].

We assume that the manufacturer plans production considering demand as
d = ay—bpr — v L+ e Then an abrupt disruption occurs and demand changes to
d =a; —bp, — vL 4 €1, where a; = ag + Aa, Aa captures the disruption intensity. In the
event of a positive disruption, the market suddenly increases and Aa > 0, while in the
event of a negative disruption, the market suddenly decreases and Aa < 0. The demand
uncertainty in the event of a disruption is assumed to follow a uniform distribution on
[— (a1 — bpy — yL), a1 — bp, — yL]. This assumption is based on observations in the internet
industry, where high demand leads to high returns and high risk. It is also assumed that the
disposal cost is lower than the unit cost of production, such that A —c < ¢, and A, < 2c [6].

4. The Stackelberg Model for Off-Invoice and Scan-Back

In this section, we explore the optimal decisions for the manufacturer and retailer
in the context of a Stackelberg model under two trade promotion strategies: off-invoice
and scan-back.

We consider a decentralized setting within a Stackelberg channel (in a decentralized
setting, supply chain members are treated as an individual company. They make their
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decisions based on their information independently and aim to maximize their own profit).
We assume the manufacturer to be the leader and first to announce the wholesale price, and
the downstream channel member, retailer, to act as the follower and to determine the retail
price and ordering decision of the retail channel based on the manufacturer’s decision. This
assumption is similar to the literature (see [6,13,23,31]).

In other words, the retailer and manufacturer aim to maximize their profit by deter-
mining their decision variables, with the retailer determining the optimal retail price and
order quantity and the manufacturer determining the optimal wholesale price. We consider
the scenario where demand is disrupted and the retailer operates an online sales channel,
with the delivery lead time fixed due to budget constraints.

4.1. Off-Invoice

The off-invoice policy refers to a discount applied to the standard price of goods that
are sold to a retailer. This discount is applied to all products. The retailer’s profit would be
as follows:

t 2(a1—bp,s—7L) Qf

Qrf
HRf = p’r‘f/o 2(5{1

—bpyy — L) @y 2(m = bprr =L

dt + p,f )dt— (Wf—tx>Q,f— (1’0—r1L)2 2)

The retailer’s profit is represented by the first term when the order quantity exceeds
the consumer demand, and by the second term when the order quantity is lower than the
demand. The third term represents the cost of delivering the products, while the fourth
term, which is in quadratic form (rg — rq L)z, represents the retailer’s delivery cost. It is
worth noting that :—‘; > L [30,32,33].

The manufacturer’s profit can be represented by Equation (3).

Iy, = (Wf —a— C) Qif —M (Qrf - @rf) - Ay (@f - Qrf)Jr ®)

In this model, the manufacturer is the leader and the retailer is the follower.
Equations (4), (5), and (7) depict the optimal retail price, order quantity, and wholesale
price, respectively.

Pre = ; @

. 5(a1—'yL)+4b<Wf*—zx>—3\/(al—'yL)z-‘er(ul—7L)(ﬁ2+5)(W}‘—zx)
rf - 2 ) (5)
(3\/(a17'yL)7\/(u17'yL)+8b (Wf* 71:4))
= 1

In addition, the manufacturer’s profit would be:

- (Wf—zx—c)Qrf—)\l(Qf—Qf) Aa >0
Ty, = { (wf —a— c) Qi — A (Q:f - Q:f) Aa <0 ©
Then we will have: oI
M
awff -
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5(a1—yL)+3+/ (a1 —YL) (17(a1 —YL) +64b(c+A1) ) +32b(c+A1 +2a)

64D ’
W - Aa >0 %
F ) s(a1—L)+3+y/ (@1 —7L) (17(a —yL) +64b(c— 7)) +32b(c—Ar+24)
64D ’
Aa <0

4.2. Scan-Back

The scan-back policy involves a discount applied to the standard price of goods that
are sold to consumers. The retailer’s profit can be expressed as follows:

g, = (prs + B) dt + (prs + B) dt — WsQys — (ro — L) (8)

0 2(611 - bPrs - ’)/L) Qrs 2(“1 - bprs - ,YL)

Qs t /Z(ﬂl—bprs_’)‘L) QI’S

The first term represents the retailer’s profit when the order quantity exceeds the
consumer demand, while the second term represents the retailer’s profit when the demand
is higher than the retailer’s order quantity. The third term represents the cost of supplying
the products, and the fourth term, which follows a quadratic form (rg — rq L)Z, represents
the retailer’s delivery cost. It is important to note that :—0 > L[ [30,32,33].

The manufacturer’s profit can be represented by Equation (9).

2(aq—bprs—yL) rs 0 Q,
; / Pre—Y Q At —2A1(Qrs — Qys) = A2(Qys — Qi) T (9)

Qs
M = (% =90 =8 | s =gy P 20y~ bprs —71)
In this model, the manufacturer is the leader and retailer is the follower in this model,
the optimal retail price, order quantity, and wholesale price are determined as follows and

presented in Equations (10), (11), and (13), respectively.

dllR ollg
£ =0 and = =0
aQrs aPrs
« _ (a1 =9L) +bp) —4bB\/ (a1 — L) +bB+/(a1 — yL) + bp + 8bW
Prs = 4b (10)
o = 3@ = 7L) +0B) + 802 =3/ (an = 9L) +b8)* +8((12 —11) + B)BN; an
rs T 2
In addition, the manufacturer profit would be:
2 —
(Ws _,B_C)Qrs'f'(a,fgirim _/\l(Qrs_Qrs) Aa > 0
Iy, = s =~ (12)
(Ws *ﬁ*C)Qrs+m*/\2(Qrs*Qrs) Aa <0
Then we will have:
ally, 0
oWs
+3((a1 — L) +2bB)+/ ((a1 — YL) + bB)(17(ay — yL) + 64b(c + A1) + 27bB) + 9b2p2),
Aa>0
Wi (13)

st yrg (5(a1 — L) +32b(c — A2) +196B) (a1 — yL) + bp) + 9>
+3((a1 — L) +2bB)\/ ((a1 — yL) + bB) (17(a1 — L) + 64b(c — A2) + 27bpB) + 962 B2),
Aa <0
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5. Model Implementation and Results

In this section, we investigate the effect of negative demand disruption and delivery
lead time on the trade promotion strategies and profits of manufacturers and retailers. We
also compare various marketing strategies under negative demand disruption in terms of
the manufacturer’s profit, retailer’s profit, and integrated profit.

To conduct such a test, we compare the result of our model for different intensities
of demand disruption, costs on trade promotions, and delivery lead times, using the
parameters of [6,30], which are as follows: a9 = 200, b = 0.75, ¢ = 50, v = 0.7,
L29.5, 1’0:70, 1’1:7, o, ‘525, /\1 :}\2:10.

For the sake of simplicity we just present the absolute value of negative disruption in
this section.

5.1. Impact of Demand Disruption on Profit

This section aims to examine the impact of negative demand disruption on the profits
of manufacturers, retailers, and the integrated supply chain.

The integrated supply chain refers to the total profit of the supply chain, including the
profits of both the manufacturer and the retailer. In this scenario, there is a single decision
maker who possesses all relevant information about the supply chain, manages it, and
is able to optimize the performance of the entire system (channel coordination) [34]. The
profit of the integrated supply chain is obtained by summing the profits of the manufacturer
and the retailer.

As illustrated in Figure 3a—c, a negative demand disruption in the range [0-30] or
equally 0% to —26.8% negative disruption in demand leads to a decrease in the profit of the
manufacturer, retailer, and integrated supply chain by —34.13%, —41.91%, and —37.81%,
respectively. This is due to the fact that higher levels of disruption intensity result in a
greater impact on the customer demand and manufacturer’s production schedule, leading
to an increase in the manufacturer’s costs and a corresponding decrease in the profit of the
manufacturer, supply chain, and its members. In addition, because disruption affects more
factors of the retailer’s profit, including the wholesale price, order quantity, and retailer
price, causes to decrease in the retailer’s profit more than the manufacturer’s.

5.2. Impact of Demand Disruption and Manufacturer’s Cost on Trade Promotion and Profit

Figure 4 displays the profit of manufacturers under different trade promotion policies
in the presence of negative demand disruption. As shown in both Figure 4a,b, the profit of
manufacturers decreases as the intensity of negative demand disruption increases. This is
due to the fact that demand decreases with negative demand disruption. In the off-invoice
policy, higher disposal costs lead to lower profit for manufacturers before Aa = 15 due to
increased costs. However, after this point, disposal costs of A, = 10 lead to higher profit as
the wholesale price decreases and stimulates more consumers’ demand that compensates
for the associated costs. In contrast, this phenomenon occurs later in the scan-back policy.
This may be because, in the scan-back policy, discounts are only paid after the retailer
has sold the products. Furthermore, the rate of diminishing returns is higher under the
scan-back policy compared to the off-invoice policy, particularly when disposal costs are
higher. This suggests that the off-invoice policy may be a more sustainable strategy in
such circumstances. This may be because the retailer places larger orders in the off-invoice
strategy than in the scan-back back [23], allowing the manufacturer to earn more profit
even in the presence of negative demand disruption.
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Figure 3. Profits of the (a) manufacturer, (b) retailer, and (c) integrated supply chain, under demand
disruption and without disruption (c = 50, a = 200, v = 0.7, A, = 10).
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Figure 4. Manufacturer’s profit with different disposal costs in (a) off-invoice and (b) scan-back
policies (¢, B =5, c =50, a =200, v =0.7, L =9.5).

The profits of retailers under negative demand disruption for different trade promotion
policies are depicted in Figure 5a,b. As shown in these figures, retailers’ profits are higher
when disposal costs are higher due to lower wholesale prices and increased order quantities
and profits. In both off-invoice and scan-back policies, retailers’ profits exhibit similar
behavior. It can also be observed that retailers’ profits decrease as the intensity of the
disruption increases, resulting in a decline in demand.
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Figure 5. Retailer’s profit with different disposal costs in (a) off-invoice and (b) scan-back
(w,=5,¢c=50,a=200, v =07, L =9.5).

Additionally, the rate of profit decline is higher under the off-invoice policy in the
presence of negative demand disruption. Therefore, the manufacturer’s scan-back policy
may be a more sustainable strategy in this case, potentially due to the lower order quantity
of the retailer under the scan-back policy.

5.3. Impact of Demand Disruption and Online Delivery Lead Time on Trade Promotion and Profit

This section investigates the impact of a £30% change in delivery lead time L on the
profits of retailers and manufacturers. The profits of manufacturers under negative demand
disruption for different trade promotion policies are depicted in Figure 6a,b. As shown,
negative demand disruption leads to a decrease in manufacturers’ profits regardless of the
trade promotion strategy employed. Because a reduction in the retailer’s delivery lead
time leads to an increase in demand and therefore the manufacturer’s profit. Additionally,
for both policies in the range of negative demand disruption considered, the changes
in the manufacturer’s profit relative to the demand disruption exhibit approximately
linear behavior.

2400

— L[5=1235

2200 A1
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1600 1

Manufacturer Profit-Scanback

1400 A

(a) (b)

Figure 6. Manufacturer’s profit with different delivery lead times (L) in (a) off-invoice and
(b) scan-back (¢, B =5, ¢ =50, a =200, v = 0.7, A, = 10).

As demonstrated in Figure 7a,b, negative demand disruption and a decline in demand
lead to a reduction in retailers” profits in both off-invoice and scan-back policies. However,
the impact of a change in delivery lead time on retailers’ profits exhibits a non-linear pattern
in the range considered in this study. Specifically, L, = 9.5 results in higher retailer profit
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Figure 7. Retailer’s profits with different delivery lead times (L) in (a) off-invoice and (b) scan-back
policies (¢, B =5, ¢ =50, a =200, vy =0.7,A; = 10).

5.4. Comparing Different Strategies

In this section, we aim to determine which policy results in the highest profit for
manufacturers, retailers, or the integrated supply chain under negative demand disruption.

In addition to the off-invoice and scan-back policies, we consider a new strategy
called "Coordination in L" where the manufacturer assists the retailer by paying half of the
delivery cost. In this proposed policy, the manufacturer is aware of the retailer’s delivery
costs to consumers and coordinates with the retailer on these costs in order to improve the
performance of the supply chain. In this study, we assume that the manufacturer assists
the retailer by paying 50% of the delivery cost.

As depicted in Figure 8a, the manufacturer’s profit decreases as the intensity of nega-
tive demand disruption increases. Figure 8a also demonstrates that in the range of negative
demand disruption considered, the scan-back policy leads to lower profit compared to the
other policies when the intensity of disruption is low. In addition, when the intensity of
disruption is low, the manufacturer’s profit is higher when the manufacturer contributes
to the retailer’s delivery costs (which may be due to the lower cost to the manufacturer
compared to offering discounts on products). On the other hand, the off-invoice strategy is
more profitable than the other strategies at higher intensities of disruption.

The profit of the retailer for the various strategies is depicted in Figure 8b. This figure
illustrates that when negative demand disruption is high, the manufacturer’s offer of a
scan-back promotion leads to higher profit for the retailer, particularly at high intensities
of disruption. In such situations, the wholesale price would be lower with the scan-back
promotion compared to the off-invoice policy [23], leading to increased profit for the retailer
in the presence of negative demand disruption. Additionally, supply cost support results
in higher profit for the retailer compared to the off-invoice strategy, which may be due to
the lower cost (as shown in Figure 9).

The profit of the integrated supply chain under negative demand disruption for the
various strategies is depicted in Figure 8c. As in the previous results, negative demand
disruption leads to lower supply chain profit. The results also show that when the intensity
of demand disruption is high, the manufacturer’s support of the retailer’s supply costs
leads to lower profit compared to the other two strategies, while the opposite is true when
the intensity of demand disruption is low. Additionally, the results indicate that the scan-
back promotion yields more profit when the intensity of disruption is higher (as shown in
Figure 10). This may be due to the nature of the scan-back strategy, which offers a discount
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after the product has been sold, leading to increased benefits for the retailer and impact on
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Figure 8. Profits of (a) manufacturer, (b) retailer, and (c) integrated supply chain under demand
disruption with different strategies (¢, p =5, ¢ =50, a = 200, v = 0.7, A, = 10).
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“scan-back”) under demand disruption (¢, B =5, ¢ =50, a =200, v = 0.7, A, = 10).

6. Discussion and Conclusions
6.1. Managerial Insights

As previously mentioned, the results of this study indicate that negative demand
disruption lead to profit losses for both individual supply chain members and the inte-
grated supply chain as a whole. Based on these results, there are several implications for
management to consider.

First, manufacturers should consider taking action to reduce disposal costs when
negative demand disruption occurs, as higher disposal costs lead to lower profits. The
results of this study suggest that in sudden crises such as a global or national outbreak
of diseases (similar to COVID-19), massive earthquakes, or economic crises which causes
huge negative disruption in demand [6], the off-invoice policy in higher disposal costs may
be a more beneficial and sustainable strategy for manufacturers. Thus, it is recommended
that manufacturers use off-invoice policy in countries with high economical fluctuations.
On the other hand, the scan-back policy may be more profitable for retailers, particularly
when the intensity of negative disruption is high.

Managers in retailers should also consider the optimal delivery lead time, as there is
an optimal point at which the retailer’s profit is maximized. Reducing delivery lead time
can increase demand, but it may not offset the associated cost. Therefore, retailers should
carefully manage delivery lead time, particularly during demand disruption. In the range
of delivery times studied in this research, a shorter delivery time for the retailer leads to
higher profit for the manufacturer. Thus, managers may want to consider actions to reduce
the retailer’s delivery time in order to increase their profits.

In terms of the overall supply chain, our results indicate that the off-invoice policy is
preferable for the manufacturer when the intensity of negative demand disruption is high,
while the scan-back policy may be more profitable for the retailer under such conditions.
On the other hand, when a sudden rumor or bad news spread among consumers and
reduces demand, if the intensity of negative disruption is low, paying the retailer a portion
of the delivery lead time cost is more beneficial for the manufacturer. For the integrated
supply chain, the scan-back policy is the most profitable option when the intensity of
negative disruption is high, when is low paying the retailer a portion of the delivery lead
time cost may be beneficial, while the off-invoice policy may be preferred under other
circumstances (Figure 11).
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Manufacturer
High intensities of negative demand disruption:
» Offering off-invoice
» Shorter delivery time of the retailer

Low intensities of negative demand disruption:

. Paying retailer a portion of deliver costs

Retailer

High and low intensities of negative demand disruption:
» Using scan-back

*» Optimal delivery time

Figure 11. Sustainable promotion strategies of manufacturer and retailer.

6.2. Conclusions and Future Research Directions

In this study, we examined the impact of negative demand disruption on the trade
promotion strategies of a manufacturer in a supply chain with a retailer who has an online
distribution channel. We constructed a theoretical game model and determined the optimal
pricing for both the manufacturer and the retailer, as well as the optimal order quantity
for the retailer. Our numerical studies demonstrated that negative demand disruption can
alter demand, and the choice of trade promotion policy can have a significant effect on the
profits of supply chain members.

It should be noted that this study has certain limitations. We have only considered a
single manufacturer and retailer in our model, and the inclusion of market competition
could potentially alter the results. Future research could consider the impact of market
competition and online sales channels on trade promotion strategies in a supply chain,
as well as other forms of consumer demand and the stochastic distributions of these and
disruption parameters.

It has been observed that there are various types of consumers in the market, and
some of them may be hesitant to make purchases from retail stores due to factors such as
time constraints or negative experiences in these settings, such as poor management or
rude behavior from retailers. On the other hand, some consumers are opposed to online
shopping for various reasons. To accommodate both of these groups, many manufacturers
have implemented dual channels for selling their products, comprising both traditional and
online channels [35]. As such, further research could focus on examining a dual channel
approach or other supply chain structures with multiple manufacturers, wholesalers,
distributers, classic retailers, and online retailers that takes into account decision variables
such as delivery lead time, in the context of addressing this problem.

Additionally, an examination of trade promotions while considering promotions
offered to end consumers could potentially influence the results of this study. Further
research could also consider other types of promotions, such as non-monetary promotions
offered by manufacturers or retailers.
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Abstract: In emergency medical facilities location, the hierarchical diagnosis and treatment system
plays an obvious role in the rational allocation of medical resources and improving the use efficiency of
medical resources. However, few studies have investigated the operational mechanism of hierarchical
medical systems in uncertain environments. To address this research gap, this paper proposes a
hybrid approach for emergency medical facilities” location-allocation. In the first stage, in order to
concentrate on the utilization of medical resources, we choose alternative facility points from the
whole facilities through the entropy weight method (EWM). In the second stage, uncertainty sets
are used to describe the uncertain number of patients at emergency medical points more accurately.
We propose a robust model to configure large base hospitals based on the robust optimization
method. Furthermore, the proposed robust models are applied to the emergency management of
Huanggang City under COVID-19. The results show that the optimal emergency medical facility
location-allocation scheme meets the actual treatment needs. Simultaneously, the disturbance ratio
and uncertainty level have a significant impact on the configuration scheme.

Keywords: emergency medical facilities;

entropy weight method; robust optimization;

location-allocation; hierarchical diagnosis and treatment system

1. Introduction

Public health emergencies such as COVID-19 have brought great threats to people and
society [1-5]. For timely responses, a hierarchical diagnosis and treatment mode should be
established to isolate, control, and treat patients [6-12]. During the epidemic period, the
hierarchical diagnosis and treatment mode [13,14] avoided the paralysis of large hospitals
caused by the concentration of a large number of patients, and the use efficiency of medical
resources was significantly improved. At the same time, medical resources have been
reasonably allocated [15]. It is crucial to improve residents’ satisfaction and happiness [16].

At present, many scholars have investigated facility location problems [17]. Biswas and
Pamucar [18] studied the factors affecting the school location decision from the perspective
of students. They developed an integrated group decision-making framework, that is, a
pivot pairwise relative criteria importance assessment (PIPRECIA). Pamucar et al. [19]
conducted location selection for wind farms using a GIS multi-criteria hybrid model based
on fuzzy and rough numbers. Boonmee et al. [20] summarized the humanitarian facility
location problem. They divided the location problem into a deterministic facility location
problem, dynamic facility location problem, stochastic facility location problem, and robust
facility location problem, respectively. Deterministic facility location problems form the
basis for dynamic, stochastic, and robust models. However, the medical facility location
problem is facing more and more uncertainties (e.g., the uncertain number of patients
in facility points, the uncertainty of transportation costs, etc.). The deterministic facility
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location model cannot describe the impact that uncertain parameter changes have on the
facility location problem, which has a certain gap with the actual situation. Therefore, the
deterministic facility location model has some disadvantages. Stochastic, dynamic, and
robust facility location models can be used to respond to real situations. The dynamic
programming model is effective for solving multi-stage decision problems. However, the
calculation amount of the dynamic facility location problem increases dramatically when
the dimension of decision variables increases. Today’s computers still cannot effectively
solve large-scale dynamic facility location problems in actual emergency medical responses.
For the stochastic facility location, the probability distribution of random parameters
needs to be precisely known in advance. In the emergency medical facilities” location, it is
difficult to obtain sufficient historical data to estimate the distribution function of random
parameters. In order to overcome the shortcomings of the above three methods, a robust
facility location model is proposed in this paper. We take into account the uncertain number
of patients at the facility points and use the uncertainty sets to describe the uncertain
number of patients more accurately. Therefore, this paper focuses on the robust facility
location. Extant examples of the literature have studied the emergency medical facilities’
location through multi-objective programming [21], the analytic hierarchy process (AHP)
and technique for order preference by similarity to an ideal solution (TOPSIS) [22], mixed
integer linear programming [23,24], and so on. However, the uncertain number of patients
in emergency medical sites during the epidemic situation was not taken into account in the
above literature, which increased the risk of decision-making in the emergency medical
facilities location and was not good for the life and health of patients. Accordingly, we
need to focus on decision-making under an uncertain number of patients to reduce the
uncertainty risk. On the other hand, the above-mentioned literature rarely utilized the
hierarchical diagnosis and treatment system to locate the emergency medical facilities,
so medical resources may not be reasonably allocated, and the use efficiency of medical
resources may be reduced. Therefore, in order to deal with the impact of the epidemic more
economically and effectively, the improvement of the community medical care level and
the completion of the system should be the priority task, which is also beneficial to reduce
the burden of large hospitals.

The robust optimization theory is widely used to deal with uncertain optimization
problems. The solution of robust optimization is such that all the constraints still hold in the
worst case. Unlike stochastic programming [25], robust optimization does not require the
probability distribution function of the random parameters. However, it assumes that the
uncertain parameters fluctuate in an interval [26-30]. Since its emergence, robust optimiza-
tion theories have been applied to many fields, such as group decision-making [31-36],
portfolios [37—41], efficiency evaluation [42,43], supply chain management [44-49], etc. In
emergency medical location decisions, some scholars have adopted the stochastic program-
ming method for modeling [50-54]. However, the stochastic programming needs to know
the probability distribution of the patients’ number at the facility point. Due to the urgency
of the event, it is impossible to accurately obtain the probability function of the patient’s
number at the facility point. Consequently, the stochastic programming method describing
the fluctuation of the patient’s number has defects. Hence, in order to overcome the short-
comings of the stochastic programming, we adopted the robust optimization method to
handle the uncertainty of the patients’ number in the emergency medical facilities” location.

In order to effectively avoid the paralysis of large hospitals caused by the concentration
of a large number of patients and to significantly improve the use efficiency of medical
resources, this paper proposes a hierarchical diagnosis and treatment system for the emer-
gency medical facilities located under the background of the epidemic. Therefore, a hybrid
evaluation method, including EWM and the robust optimization method, is proposed
for modeling. We have a two-step plan for post-outbreak isolation and treatment. In the
first stage, 10 facilities with the highest scores are selected from 30 facilities by EWM as
community emergency medical points. When there are critical patients who cannot be
handled by community medical centers, the second stage of decision-making is to send the
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critical patients to large base hospitals for treatment. We construct a robust location model
with capacity and time window constraints with the presence of an uncertain number of
patients to configure a large rear hospital.

Different from previous studies, this paper proposes a hybrid approach to cope with
the emergency facilities” location problems. This approach contains two-stage decisions
under a hierarchical diagnosis system. The first stage decision is to obtain reasonable
alternative points from all possible facility points. The second stage decision is to optimally
configure the rear hospital under uncertain demand. The contributions of this paper are as
follows: Firstly, this paper studies the location-allocation of emergency medical facilities
under the hierarchical diagnosis and treatment mode. A hybrid location-allocation decision
for emergency medical facilities is also investigated. In the first stage, alternatives are
selected from all facility points by EWM. In the second stage, considering the uncertain
number of patients at emergency facility points, this paper uses uncertainty sets to describe
the number of patients more accurately. On this basis, a robust model with capacity and
time window constraints is constructed to allocate large base hospitals. The proposed
method fully takes into account the uncertainties when the epidemic occurs. The results of
location-allocation significantly reduce the risk of decision-making and provide a strong
guarantee for people’s health. Therefore, the optimization problem in this paper is in line
with the actual situation when the epidemic occurs. Secondly, the robust optimization
model is equivalently transformed into a mixed integer linear programming problem by
utilizing the duality theory. The robust counterpart model can be solved in polynomial
time. Finally, we conduct simulation experiments on the proposed model through the
location-allocation scheme of emergency medical facilities in Huanggang City during the
COVID-19 epidemic. The results verify the feasibility and robustness of the proposed model.
Sensitivity analysis also shows the effectiveness of the proposed method. The proposed
method of this paper can provide reference and compliance for health departments to
effectively carry out regular epidemic prevention and control.

The remainder of this paper is organized as follows. Section 2 presents the framework
and preliminaries; Section 3 derives the emergency facilities location modeling. Section 4
specifies numerical experiments; Section 5 concludes.

2. The Framework and Preliminaries
2.1. The Framewrok of This Paper

The framework of this paper is shown in Figure 1. A hierarchical diagnosis and
treatment mode is proposed to cope with the impact of the pandemic. Firstly, it is unreal-
istic to establish emergency medical facilities at every point, considering the ease of the
centralized utilization of medical resources. Hence, EWM was utilized to choose alternative
facilities from the whole facilities in the first stage. Secondly, when patients at the facility
points are critically ill, the robust optimization approach is used to configure the large
rear hospital in the case of the uncertain number of patients in the second stage. The time
window constraint is also constructed to ensure the timely treatment of patients. When
patients at the facility are mild patients, they are directly isolated at the emergency medical
point. Accordingly, a hybrid approach for emergency medical facilities location-allocation
is proposed.
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Figure 1. The resolution framework of the proposed hybrid approach.

2.2. Assumptions and Notation
In order to facilitate modeling, the following assumptions were made:

1.  The established emergency medical facilities can meet the medical needs of patients
in the city, regardless of the situation of transferring patients to other cities.

2. The radiation range of each facility is a small area, and the patients’ number, which
they receive, is the sum of the patients’ number in the area.

3. All critically ill patients are treated by large rear hospitals, which do not occupy the
medical resources of the facility point. Additionally, the rear hospitals can meet the
treatment needs of the assigned critically ill patients.

The notation in this paper is illustrated in Table 1.

Table 1. The utilized notation in this paper.

Sets
I The collection of the whole emergency medical facilities (reconfigurable convention and
exhibition centers, sports venues, schools), i € I,i =1,2,...,n.
The collection of existing large rear hospitals (Grade II and above),
/ jelj=12,...,m.
% The collection of patient types (mild, moderate, and severe three disease grades,

represented by 1,2, 3), k € K,k =1,2,3.

Decision variables

= { 1, Open emergency medical facility point i.
! 0, Otherwise.
__ | 1, Patients at facility point i are serviced by hospital .
Yij = { 0, Otherwise.
~_ | 1, Select hospital j to treat critically ill patients.
a { 0, Otherwise.
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Table 1. Cont.

Parameters
S Number of emergency medical facilities opened.
fi Operating cost of emergency medical facility point i.

hi;  Distance from facility point i to hospital j.

ct Unit driving cost from facility point i to hospital ;.

dj  Patients’ number of k type at facility point i.

0y The proportion of k type patients, respectively represents the severity level of patients.
¢ The maximum service capacity of large rear hospital ;.

3. Emergencies Facilities Location Modeling
3.1. Emergency Medical Facilities Alternatives Selection Based on EWM

In this section, we will reveal the first stage of the hybrid approach. Taking into
account the ease of the centralized utilization of medical resources, it is impossible for
public health departments to establish emergency medical facilities at every point. The
scientific and rational decision is to select some facilities from the total of facilities as
alternatives. Consequently, this paper utilizes EWM to make location decisions.

As an objective and comprehensive weighting method, EWM determines weight
mainly based on the information amount transmitted to decision-makers by each index,
which can effectively avoid the influence of subjective factors. Then, we can make weight
calculations more scientific and reasonable. The advantages of EWM are as follows:
(1) EWM can deeply reflect the ability to distinguish indicators and determine a good
weight; (2) Wight assignment is more objective, theoretical, and reliable; (3) The procedure
is simple and easy to practice, EWM does not require other software analysis. Therefore,
the EWM method was utilized to make the first-stage decision in this paper.

The selection principles of the evaluation indicators are as follows: (1) Objective and
true principles. The selected indicators should be objective and true. The data sources
should be based on the official data information so as to ensure that the indicators can
objectively reflect the real situation of each region and avoid deviations between the data
that are caused by personal subjective assumptions and the actual situation. (2) Operability
principle. Ensure that the selected index data can be obtained from statistical information
released by national government departments or official media. Avoid indicators with
vague information or a different statistical caliber. Additionally, we should adopt relatively
easy-to-obtain and relatively stable indicator information. (3) Principle of representative-
ness. The selected indicators should have a certain logical relationship with each other to
reflect the overall situation of each region to the greatest extent. The number of indicators
should be moderate. Too many indicators will lead to high similarity, which greatly reduces
computational efficiency. However, too few indicators will lead to a lack of convincing
evaluation results, which is not conducive to reflecting the real situation.

According to the selection principle of evaluation indicators, this paper mainly con-
siders three influential factors of facility location, namely cost factor, capacity factor, and
infrastructure factor. Then, we constructed the evaluation index system of emergency
medical locations during the epidemic situation, including the construction cost of facili-
ties, transportation convenience, the patients’ number that the facility can accommodate,
regional population density, accessibility of patients, and the number of hospitals within
10 km. In terms of cost factors, due to the particularity of emergency medical facilities,
this paper only considers the construction cost of facilities. Construction costs are deter-
mined according to the scale of the facility point. It is the most representative of all the
cost-influencing factors. The capacity factor mainly considers the population density in the
region and the number of people that can be accommodated at the facility. The capacity
limit of the emergency medical point determines its maximum service capacity. The emer-
gency treatment demand needed to be met in the administrative area to the greatest extent.
As infrastructure factors, the transportation convenience degree and the accessibility of the
patients are sufficient to ensure that the infected are treated and isolated in the first place
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to prevent more people from becoming infected. The number of hospitals within 10 km
can ensure that patients have access to transfer care and medical supplies at the large base
hospital when the infected experience deterioration.

The procedure for selecting emergency medical facilities alternatives with the EWM
are as follows.

Step 1: Construct the index matrix X. Let the Y = {y1,y2, - - - , yx} indicate the neces-
sary numbers of health care providers (i.e., all the facilities points) and A = {ay,a2,--- ,am}
means the evaluation indicators. Let I = {1,2,--- ,n} and ] = {1,2,--- ,m} be number
sets. x;; is the value of the j — th evaluation index under the facility point i, and the index
matrix X is as follows:

X11 X12 v Xim
X21 X22 ccc Xom

X = (%ij) = | - S : (1)
Xnl Xn2 - Xum

Step 2: Normalize the index matrix. Since the measurement units of each index are
not uniform, it is necessary to standardize them to homogenize the heterogeneous indexes.
Positive indicators and negative indicators are utilized for data standardization processing.
In addition, the higher the positive indicator value is, the better. Additionally, the lower
the negative indicator value is, the better. The specific methods are as follows.

Positive indicators:

Xij — min{xij, N ,xnj}

/
= 2
Yij max{xyj, ..., Xj} —min{xyj,..., X, } @

Negative indicators:

o max{xj,..., %} — Xij .
g max{xlj,...,xnj} —min{xij,...,xnj}

Then, the normalized index matrix is:

X11 x}z x}m
x x o e x
21 X2 2m
X' = (x. = 4
( 1])n><m : : . . ( )
/ / !/
Xn1 X2 0 Xum

Step 3: Calculate the information entropy value of the j — th index.

J=12,...,m. (5)

n
& = “in() 1; pijIn(pij)
Here, p;j = x; / Z x is the proportion of the i — th emergency medical facility points
under the j — th 1nd1cat0r when p;; = 0, In(p;;) is meanmgless In this case, the definition
of p;j needs to be amended, that is, p;; = (1 + x; )/ 2 (1 + x! )
Step 4: Calculate the entropy weight w; of each mdex.

1—&‘]'

(6)

w]'I
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Step 5: Calculate the comprehensive score s; for each emergency medical facility point.

m
sl:Zw]pl],zzl,Z,,Tl (7)
j=1

Therefore, if the information entropy of one index is smaller, it indicates that the
variation degree of its index value is greater. The more information it provides, the greater
the role it plays in the comprehensive evaluation, and the greater its weight should be.
Hence, in the specific analysis process, entropy can be used to calculate the weight of each
index according to the variation degree of each index value. Additionally, all the indexes
are then weighted to obtain a more objective, comprehensive evaluation result.

3.2. The Deterministic Model

In this section, we allocate the large rear hospital for the alternative facility points by
using the robust optimization method to ensure the timely treatment of patients in the
second stage.

After a comprehensive evaluation by EWM, the alternative sites were selected. Due
to limited medical conditions, emergency medical centers can only be used as a place for
treating ordinary patients. When patients are seriously ill, they still need to be sent to a large
rear hospital for treatment. Accordingly, we also need to configure the large rear hospitals.
We should rationally allocate these emergency medical facility points to rear large hospitals
through quantitative analysis. On the basis of considering the capacity limitation of base
hospitals and the time window limitation of treating patients, the emergency medical
facilities configuration (EMFC) model was constructed with the goal of minimizing the
total cost. Thus, a complete emergency medical security system was formed that can
respond to public health emergencies.

When the patients’ number of k type in the emergency medical facility i is known as
dj, the deterministic model (DM) is as follows:

min Y fixi+) Y ) cihiibidiyii+) Y p(tif)x; 8)

iel iclje] keK iclje]
S.t.z X< S )
iel
Y yij=1Viel (10)
j€l
yijgxi,ViEI,jE] (11)
Z Z ekdikyij < C]‘,Vj e]J (12)
iel keK
0, 0< ti]' < ET
p(ti]') = Cp(ti]' — ET) , ET <L tij <LT,Vielje] (13)
+o00, tij > LT
x;€{0,1},Viel (14)
yi€{01},Vielje] (15)

The objective function minimizes the total cost, which is composed of the operating
cost of the emergency medical facility point, the patient transfer cost from the emergency
facility point to the large rear hospital, and the penalty cost that fails to meet the optimal
treatment time window.

The constraint conditions are represented from Equation (9) to Equation (15). Specif-
ically, Equation (13) is the penalty cost function defined in this paper. The travel time
ti; is determined by the ratio between the distance from the facility point to the hospital
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and the average speed of the transport vehicle, i.e., (t;; = h;j/ 0;, Vi € I,j € ]). When the
patient’s condition becomes worse, the optimal treatment time is ET and the recoverable
time window is [ET, LT]. When 0 < t;; < ET, the patient can arrive at the base hospital
for treatment with no penalty cost, i.e., (p(tl-j) = 0). When the patient arrives in the time
window [ET, LT], a punishment cost ¢, (t;; — ET) is generated. Additionally, p(t;;) will in-
crease with the increase in the arrival time. Once the patient’s arrival time exceeds the latest
recoverable time LT, the patient’s life safety is endangered, and the cost increases infinitely.

In addition, Equation (9) represents the maximum number of opened emergency
medical facility points. Equation (10) indicates that each emergency medical facility point
is serviced by one large rear hospital and can only be served by one rear hospital. Equation
(11) means that patients can be sent to the rear hospital for treatment only when the
emergency medical facilities have opened. Equation (12) indicates that the number of
patients sent from the emergency facility point to the large rear hospital does not exceed
the maximum service capacity of the hospital. Equation (14) and Equation (15) are both a
0-1 integer decision variable.

3.3. The Robust Model

When a public health emergency occurs, the number of patients is highly uncertain.
Therefore, this paper draws on the robust decision idea of Bertsimas and Sim; we adopted
the absolute robust criterion to optimize the target from the worst case [30]. Specifically, we
used dj to represent the patients’ number of k type in the emergency medical facility point
i under uncertain circumstances. Then, we had d; C [dix — dilix, dig + diCir], where dyy is
the nominal value and dj is its disturbance value.

Under the disturbance of uncertain parameters, the original deterministic model can
be equivalently transformed into the following robust optimization (RM) model:

min{ ¥ fixitmax ¥ ¥ ¥ crhiibi(di + dali)yii + ¥ ¥ P(tij)xi}

iel felPic] je] keK ieljeJ
= min{ Y fixit X XX cthiibdiyii+ X X p(tij)xi (16)
iel ielje] keK ielje]

tmax¥ ¥ ¥ chibeduicyii
teuric fgiek ik

5.£(9) ~ (11), (13) ~ (15)
Yo ) Odiyij + ma);z Y Odiliyij < cj, Vi€ ] (17)
icl kek CEUPiTT kek

Here, Equation (16) minimizes the total cost of the system in the worst case. Equation (17)
indicates that the number of patients transported from the emergency medical facility point
to the base hospital cannot exceed the maximum service capacity of the hospital in the
worst case. In order to further specify the proposed robust model, three models based on
different uncertainty sets were introduced as follows.

3.3.1. Budgeted Uncertainty Set

Proposition 1. If the uncertain patients” number is defined as a budgeted uncertainty set, that is,

ur = {C DY Ca STy, 0< ¢ <1, Vk e K}, we can obtain the following robust equivalent
icl
model (REM):

min ) fixi+Y Y Y chibdiyij + )Y p(tij)xi+ 1 (18)

icl iel je] keK icljej
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s.t.y > Z Z Ui + Z (A (19)

icl keK keK
i+ v > cihiibrdiyij, Vi€ 1j € | ke K (20)
u, v > 0,Vie Lke K (21)
Y x5 <S (22)
iel
Zyij =1Viel (23)
j€J
yi<x,Vielje] (24)
2 Z deikyij + 2 Z Ll;k + 2 Ufcrk < C]',Vj eJ (25)
iclkeK iclkeK kek
wh + v > Odyyi, Vi€ Lj€ k€K (26)
ul, v, >0,Vie LkeK (27)
0, 0< ti; < ET
p(ti]') = Cp(i’i]' — ET) , ET< tij < LT,Vie I,] e] (28)
“+o00, tij 2 LT
x; € {0,1},Viel (29)
vij € {0,1},Viel,je] (30)

Here, 71 is the auxiliary variable. u;; and vy are the dual variable of the problem (16).
u}, and v}, are the dual variable of the problem (17).

Proof of Proposition 1. Because the definition of the budgeted uncertainty set is

ur = {é Y Ci ST, 0<¢ <1, VkeK }, then the maximization problem
icl

max< Y Y ¥ cthiijtfikgikyij in Equation (16) is equivalent to Equation (31).
gelr | el jeJ kek

max ¥ ¥ ¥ cihyiOcdinyij
ielje] keK

s.t. Z gik < Fk (31)
i€l
0<&x <1 VielLkek

According to the strong duality theory, the dual variables u;; and vy are introduced,
respectively. Additionally, we can further obtain Equation (32).

min Y. Y up+ Y vy
iclkeK kek
s.bujx + vk = cthijbkdixyij (32)

Ui, 0 > 0 vViel,je],keK
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Hence, we can transform the inner layer maximization problem into the minimization
problem, and introduce the auxiliary variable 7 to obtain the robust equivalent model from
Equations (18)—(21).

Similarly, according to the strong duality theory, the dual variables u/, and v, are,
respectively introduced for Equation (17), and the inner layer maximization problem is
transformed into the minimization problem. Thus, Equations (25)—(27) are obtained. []

3.3.2. Box Uncertainty Set

Proposition 2. If the uncertain patients’ number is defined as a box set, that is,
Zpox = {0 € RM ||| < ¢}, ¢ is the level of parameter uncertainty and the robust counterpart
model in Section 3.3 can be constructed as follows:

min ) fix;i+)} ¥ ¥ Cthljekdlkylj +9y ) L Cthz]ekdzk]/1]+z Z p(t z])

iel ielje] keK ielje] keK
sty x; < S
i€l

Yy =1viel

j€l

vii<x,vielje]

Y. Y Ocdixyij +1/JZ Z Opdiyij <cj,Vj€]

ielkeK
0, 0<tj<ET

p(tj) =S cp(t; —ET), ET <t <LT,¥i€lje]
40, tij > LT

x; € {0,1},Viel
yij € {Oll}lvz S I/] E]

Proof of Proposition 2. Suppose ) fix;+ Y. ¥ p(tij)x; = Q. According to the definition
iel icljej

of the box set, the uncertain patients’ number can be written as:
Y X Cthljekdlkyl] +X X X gcthzjgkdzkyzf" Q<H (e RM: 1]l < 9)
ielje] keK iclje] keK
Then, we can obtain:
L ¥ ¥ ohibdiyi SH- T T ¥ cehibpdiyij — Q. (C € RM 1Tl < 9)
ielje] keK ielje] keK
In the worst case, we have:

max ), ), ), gcthqgkdzkyz; <H-) ) X Cthqgkdzkyq Q
¢lleo<wicI jeJ keK i€l je] keK

Because the maximum value on the left side of the inequality is ) )= Y cthy; dezk%]/
iclje] keK
the explicit constraint form can be obtained:

Y. Y X Cthqekdzk%] +yl Y L Cthljgkdlkyl] +Q<H
ielje] keK iclje]JkeK

Similarly, the robust counterpart of constraint 12 can be obtained. Therefore, the model
based on the box uncertainty set is proved. O

3.3.3. Ellipsoid Uncertainty Set

Proposition 3. If the uncertain patients’ number is defined as an ellipsoid set, that is,
Zellipsoid = {2 € RM:||¢|, < Q}, Qis the level of parameter uncertainty and the robust coun-
terpart model in Section 3.3 can be built as follows:

2
min ) fixi+} ¥ 1 Cthljekdlkylj +Q\J <Z Y. X Cthq‘gkdlk%]) +¥ X op(t z/)

icl iclje]J keK iclje]kekK ieljej
sty x;, <S

iel
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Y Yij = 1,Viel
j€J
yii<x,Vielje]

2
Y L Okdixyij +Q\/<Z ) 9kdikyij> <c,vje]
i€l keK iel keK

0, 0< tij < ET
P(tij) = Cp(ti]' — ET) , ET< ti]' < LT,Vie I,] e]
o0, tjj > LT

xe{01},Viel
yij S {0,1},Vi S I,j S ]

Proof of Proposition 3. Suppose Y fix;+). ). p(tij)xi = . According to the definition
iel icljej
of the ellipsoid set, the uncertain patients’ number can be written as:
Y ¥ ¥ ahibidpyii+ ¥ ¥ ¥ Gediibdpyi+ Q < H, (G € RM:||Z]], < O)
i€l jeJ kek i€l je] kek
Then, we can obtain:
Y X ¥ Cohiibdpyii <H- Y ¥ T crhiibrdiyii — Q, (T € RM 1 [|Z]l, < Q)
iclje] keK iclje] keK
At worst case, we have:
max Y. Yo Y CethiiOdiyi < H— 3 Y ¥ cihiifrdiyij — Q
ICll.<Qiel jeJ kek iel jeJ kek
Consequently, the explicit form of the above formula can be obtained as:

2
Y X X cthiibrdigyi; + Q <Z Y X CthiijCZikyij> +Q<H

iclje] keK iclje] keK
Similarly, the robust counterpart of constraint 12 can be obtained. Therefore, the model
based on the ellipsoid uncertainty set is proved. O

4. Simulations

In order to verify the proposed method, this section shows an emergency management
example under COVID-19.

4.1. Background and Data Sources

This paper chooses Huanggang City to conduct a numerical experiment, which was
severely affected by the coronavirus. Huanggang has a total of 10 administrative areas.
We took the township as the emergency demand points unit to carry out the detailed
division for a total of 127 demand points. The emergency medical facility point is a large
open area with flat terrain and convenient transportation. A total of 30 points are selected.
Simultaneously, seven large rear hospitals with grades II and above were selected. The
number of people per emergency demand point was obtained from the National Bureau of
Statistics in 2017, while the number of confirmed COVID-19 patients in Huanggang was
obtained from the National Health Commission of the People’s Republic of China released
on 21 March 2020.

The selection of emergency facilities is based on the service capacity (i.e., Hongshan
stadium), thatis, ¢, = %ﬁ%g x facilities point area. The attraction factor of the facility
point is calculated by the hospitals’” number within 10 km of each facility point. The
reference attraction factor was one, and the attraction factor increased by 0.1 for each
additional hospital, and so on. The relevant data of the demand points, emergency medical
facility points, large rear hospitals, and the number of patients are shown in Tables 2-5,
respectively. The detailed distribution of the residents” demand points, candidate facility
points, and large rear hospitals is shown in Figure 2. The color distribution of each
administrative area is determined according to the number of local patients with COVID-19.
The more patients, the darker the color will be.
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Table 2. Latitude and longitude coordinates of demand points and population size.

No. Coordinate Population No. Coordinate Population No. Coordinate Population
1 114.66064,31.45983 80,798 44 115.65594,30.76541 19,731 87  115.69542,30.30748 50,072
2 114.60284,31.27431 119,425 45  115.63523,30.88881 22,065 88  115.85314,30.51451 30,936
3 114.49922,31.28993 39,658 46  115.75470,30.99033 32,412 89  115.82113,30.31645 36,759
4 114.55444,31.15556 50,883 47  115.90135,31.00211 18,108 90  115.56911,29.85114 161,582
5 114.56646,31.05605 32,145 48  115.75740,30.88672 32,279 91  115.56400,29.85043 34,026
6 114.44895,31.30736 35,447 49  115.76842,30.81582 42,325 92 115.42095,29.91312 18,948
7 114.64585,31.02003 30,639 50  115.61337,30.64183 25,045 93  115.70016,29.88795 4083
8 114.64488,30.96300 23,432 51  115.63833,30.83598 19,318 94  115.61056,30.11381 113,247
9 114.70241,31.14612 56,044 52 115.93407,30.90572 7477 95  115.73690,30.08317 50,297
10 114.53016,31.45716 43,804 53  114.86957,30.63203 71,185 96  115.71488,30.01275 64,690
11 114.64299,31.28841 86,479 54  114.88533,30.74325 57,183 97  115.62547,29.93993 44,857

12 114.66770,31.38754 2049 55 115.07828,30.69643 24,063 98  115.61438,29.99534 35,921
13 114.99998,31.16661 55,601 56  115.19036,30.76037 41,226 99  115.55408,30.02849 32,203
14 115.02587,31.18524 68,485 57  115.09952,30.64720 29,827 100  115.47552,29.94930 47,311
15 115.04128,31.17716 80,722 58  115.02658,30.65196 19,640 101 115.70678,29.86632 37,082
16 114.80704,31.06828 50,109 59  114.98275,30.60512 32,134 102 115.93927,30.07392 141,488
17 115.12917,31.20715 31,297 60  115.08718,30.79427 19,117 103 115.92131,29.88258 98,543
18 115.01422,31.03803 61,839 61  115.05516,30.79163 18,816 104  115.98622,29.75636 97,956
19  114.88605,31.12271 42918 62  114.93149,30.67896 22,811 105  116.00873,30.05003 21,945
20  114.98878,31.35650 47,632 63  115.26651,30.43888 193,988 106  115.84793,30.08979 59,759
21 115.09380,31.47408 36,169 64  115.02802,30.42591 113,356 107 115.98671,30.21229 33,323
22 115.18852,31.07276 36,567 65  115.34092,30.55166 71,852 108  115.94173,30.17009 13,971
23 115.17771,30.96000 32,079 66  115.12536,30.59354 66,860 109  115.89000,30.00755 65,122
24 115.31886,31.04682 37,066 67  115.17918,30.61747 49,785 110  115.80776,29.87894 71,168
25 115.23286,31.32758 40,083 68  115.23300,30.72709 78,925 111 115.82248,29.81693 55,883
26 115.07628,31.37152 34,513 69  115.44597,30.59109 14,885 112 116.03935,30.07820 27,127
27 114.83977,31.33245 43,233 70 115.41237,30.56442 35,562 113 115.90764,29.78591 47,872
28  114.75598,31.01214 20,520 71 115.47997,30.46645 49,312 114 115.95513,30.27099 12,357
29  115.03054,30.96647 26,470 72 115.27209,30.38250 35,922 115  115.98193,30.10304 34,299
30  115.37487,31.18694 37,992 73 115.11897,30.23280 60,655 116  115.90153,30.13119 27,634
31 114.84998,31.03664 40,457 74 115.14533,30.35013 48,792 117 116.10982,29.83206 15,919
32 115.27363,30.83227 57,980 75  115.53676,30.52150 22,214 118  114.88374,30.44167 156,011
33  115.46262,31.12651 59,219 76 115.44136,30.25094 150,600 119  114.90441,30.47002 21,939
34 115.67112,31.14024 30,041 77 115.33968,30.07489 67,040 120 114.88198,30.47291 22,977
35  115.60163,31.00290 29,204 78  115.38161,30.30637 68,543 121 114.97287,30.45216 16,593
36 115.47994,30.84096 30,825 79  115.50228,30.36850 30,920 122 114.94966,30.48861 21,550
37 115.19510,30.81844 35,918 80  115.61687,30.38513 42,447 123 114.91279,30.54566 25416
38  115.39093,30.98976 50,823 81  115.79129,30.41924 42,065 124 115.03657,30.59585 25,856
39  115.55835,30.69722 59,270 82  115.80244,30.49354 19,624 125  114.98103,30.53740 19,654
40 115.40694,30.68214 33,132 83  115.42998,30.20307 49,666 126 115.00178,30.58077 4753
41  115.39610,30.78371 114,890 84  115.28774,30.14920 20,547 127  114.91652,30.44885 52,020
42 115.67654,30.74001 121,669 85  115.28122,30.27222 35,569

43 115.61889,30.59068 16,027 86  115.58902,30.29642 67,756
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Table 3. Coordinates, service capacity, and attraction factors of candidate facility points.

No. Coordinate Capacity Atlgl:gf)lron No. Coordinate Capacity Atl?;i::n
1 114.63284,31.31431 27,840 1.3 16 114.89070,30.64937 4478 1.3
2 115.00939,31.16563 17,043 12 17 115.70328,30.81313 90,032 1.1
3 114.73256,31.10384 9100 1.1 18 114.95961,30.52801 29,708 1.2
4 115.95857,30.09049 118,450 1 19 115.41705,30.79636 49,879 1.3
5 115.55704,30.00018 6998 12 20 115.78056,30.90014 5282 12
6 115.10718,31.31427 10,989 14 21 115.38103,30.49740 73,502 1
7 114.62315,31.29476 104,917 1.1 22 115.20200,30.48535 8220 1.1
8 114.93146,30.62063 73,426 12 23 115.62718,30.00019 64,520 1.1
9 115.08277,30.23464 30,964 1.3 24 114.98103,30.53740 7598 1.2
10 115.02813,31.18019 35,097 1.1 25 115.05760,30.52585 45,008 14
11 115.93927,30.11392 9320 1 26 115.02813,31.18019 2890 1
12 115.01814,31.17779 3233 1.2 27 115.09380,30.96408 5354 1.1
13 114.90714,30.43954 52,560 1.1 28 115.41122,30.23686 6210 1.2
14 115.16036,30.64037 39,088 1 29 114.89070,30.64937 10,879 12
15 115.43629,30.23262 8352 14 30 115.55681,29.85051 4877 1.1

Table 4. Coordinates and number of beds in the large rear hospitals.
No. Coordinate Number of No. Coordinate Number of
Beds Beds
1 114.62522,31.28687 810 5 114.89880,30.47378 600
2 115.03035,31.18547 560 6 115.59644,29.87249 400
3 115.66802,30.73284 780 7 115.95089,30.08262 350
4 114.88141,30.45194 1050

Table 5. The number of cases in each region.

Region Number of Patients Region Number of Patients
Huangzhou District 968 Xishui County 303
Tuanfeng County 173 Qichun County 265
Hongan County 316 Huangmei County 284
Luotian County 69 Macheng County 243
Yingshan County 62 Wuxue County 224

The distance between the two points was calculated according to the longitude and
latitude coordinates. Equation (33) can be utilized to convert the coordinates of longitude
and latitude into the actual traveling distance h;; between the two nodes i and j.

V=) + i - )
180

hij = k- -7+ 6370 (33)

Here, (x;,y;), (xj, y;) is the longitude and latitude coordinates of the two points. The
radius of the earth is 6370 (km). The formula il )18:;(% Ui 7. 6370 is used to calculate
the linear distance between the two points. The linear distance of the two points for
50 groups was extracted, and we compared this with the actual driving distance obtained
from the Baidu map. The error value was obtained.
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Figure 2. Distribution of demand points, candidate facility points, and base hospitals.

4.2. The Alternative Facilities Selection Based on EWM

The initial index data matrix of the candidate emergency medical facility points
is composed of the following factors: the construction cost of facilities, transportation
convenience, the patients’ number that can be accommodated, regional population density,
the accessibility of patients, and the number of hospitals within 10 km. Among them,
the construction cost of the facility point is calculated at 1000 yuan per square meter.
Transportation convenience is determined by the distance between the facility point and
the nearest provincial or national highway. The accessibility of patients is determined based
on the maximum time it takes for the demand point to reach the candidate facility point.
The regional population density (10,000 people per square kilometer) is obtained according
to the area and population of the region.

According to Equations (5) and (6), the information entropy value and weight vector of
the six evaluation indexes for the normalized matrix are obtained, as shown in Table 6. Mean-
while, the comprehensive evaluation score of each candidate emergency medical facility is
calculated, s; = (0.3395;0.3860,0.1694;0.8913;0.1325;0.4670,0.7570;0.6649;0.4847;0.6181,0.2177;
0.2641;0.6105;0.6263;0.2178;0.1831,0.6789;0.4127;0.5967;0.1523;0.6507;0.0876,0.6078; 0.1077;
0.3519;0.1659;0.1309;0.2888;0.2024;0.1601).

Table 6. Information entropy and entropy weight.

1 2 3 4 5 6

Information entropy & 0.86431 0.96559 0.83973 0.95249 0.91932 0.94877
Entropy weight wj 0.26617 0.06749 0.31439 0.09319 0.15826 0.10049

According to the comprehensive evaluation value S;, ten emergency medical facilities
with high evaluation values were selected: 4, 7, 8, 10, 13, 14, 17, 19, 21, and 23.
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4.3. Robust Solution Process

After the alternative emergency medical facilities are selected by EWM, large rear
hospitals should be configured rationally to ensure that severe patients can receive timely
treatment. According to Equation (33), the distance ;; between each facility point and the
base hospital is obtained, as shown in Table 7. Other relevant parameters are set as: ¢; = 10,
cp=6,7;=35 km/h, ET =120 min, LT = 480 min, 6; = 1, 8, = 0.5, 85 = 0.1. When the uncertain
level Ty is considered, it is assumed that the variation amplitude of the corresponding
constraints is equal (i.e., [, = I') and T’ is an all integer. In this paper, MATLAB R2016a
was utilized for programming, and CPLEX was called to solve the problem under the
experimental environment of 8 GB memory and 1.60 GHz CPU with Intel Core i5.

Table 7. The distance between each facility points and the large rear hospital.

Large Base Rear Hospital

Facility

Points I I2 I3 Ja Js Js J7
Iy 199.1641 319.1826 235.1414 505.2721 626.4589 281.9618 8.558354
Iy 0.906985 93.74792 395.6967 392.0141 481.4094 1149.629 1399.142
Ig 81.52122 127.5054 248.5002 78.25099 46.62485 667.7027 897.0696
L 46.33759 1.272584 260.4087 330.3708 399.213 951.1418 1115.944
L3 99.2809 168.108 271.98 12.69828 19.58887 595.4059 858.4737
L4 93.30548 124.6055 172.1071 149.7007 72.38121 589.0629 752.9345
Ly 130.9173 171.0052 29.24747 399.2292 485.3551 631.5039 600.2825
L 103.5559 121.9797 86.34575 283.1968 339.3343 627.7912 693.6411
Iy 121.5096 171.719 63.80801 223.1036 268.3869 440.9306 548.5269
I3 181.3071 295.079 244.7432 387.752 482.9592 87.61668 259.9675

4.4. Result Analysis

When the disturbance ratio is 2%, and the uncertain level is I = 5, the configuration
scheme is (4-7,7-1,8-5,10-2,13-4,14-5,17-3,19-3,21-5,23-6). The specific configuration scenario
is shown in Figure 3. The green dot is the demand point of the residents, the blue square
is the selected emergency medical facility point, and the red five-pointed star is the large
rear hospital. The connecting line indicates the service relationship between the demand
point, the facility point, and the base hospital. As can be seen from Figure 3, the needs
of residents in each township have been met. The alternative emergency medical facility
points (4,7,8,10,13,14,17,19,21,23) have corresponding large base hospitals to provide first-
aid support to ensure the further transfer and treatment of critically ill patients. In addition,
the optimal facility points are evenly distributed. One emergency medical facility has been
established in each of the 10 administrative regions of Huanggang to ensure that the needs
of the residents in each administrative region can be effectively covered by the emergency
medical facility points. Additionally, the total traveled distance can be reduced. Similarly,
we can obtain configuration plans in other scenarios. Due to space limitations, these will
not be displayed here

The change in the optimal configuration scheme with a different uncertain level I' and
disturbance proportions is shown in Table 8. The optimal configuration scheme between
the large base hospital and emergency medical facilities has also changed with the presence
of uncertain patient numbers.
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Figure 3. Configuration scenario with 2% disturbance ratio and I' = 5.

Table 8. Configuration scheme with different disturbance proportions and uncertainty levels.

Disturbance in Proportion

2%

5%

10%

20%

10

4-7,7-1,8-5,10-2,13-4,14-
5,17-3,19-3,21-3,23-6
4-7,7-1,8-5,10-2,13-4,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-5,10-2,13-4,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-6

4-7,7-1,8-5,10-2,13-4,14-
5,17-3,19-3,21-3,23-6
4-7,7-1,8-5,10-2,13-4,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-5,10-2,13-4,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-7

4-7,7-1,8-5,10-2,13-4,14-
5,17-3,19-3,21-3,23-6
4-7,7-1,8-4,10-2,13-5,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-7
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-7

4-7,7-1,8-5,10-2,13-4,14-
5,17-3,19-3,21-3,23-6
4-7,7-1,8-4,10-2,13-5,14-
5,17-3,19-3,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-6
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-7
4-7,7-1,8-4,10-2,13-5,14-
4,17-3,19-2,21-5,23-7

The change in the total cost with a different uncertainty level I and disturbance propor-
tions is shown in Figure 4. When I' = 0, the robust model is equivalent to the deterministic
model, and the total cost is 4.47009 x 10°. Compared with the robust configuration model,
the emergency medical facilities configuration deterministic model (EMFC) is not robust
because it does not take into account the uncertain number of patients at the emergency
medical points, so it has a certain deviation from the actual situation. As can be seen from
Figure 4, the total cost increases with the increase in the uncertainty level I' when the distur-
bance proportion remains unchanged. Additionally, the higher the disturbance proportion
is, the higher the total cost will be when the uncertainty level remains unchanged. Simulta-
neously, the uncertainty level I' can measure the risk preference of decision-makers to some
extent. Accordingly, decision-makers can choose the optimal combination of uncertainty
levels and the disturbance proportion according to their preference degree to the uncertain
risk. If the decision-maker pursues a preference for risk, he can choose a small level of
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uncertainty and disturbance ratio. However, he must bear the possible losses caused
by uncertainty in mind. If the decision-maker has a preference for risk aversion, he can
select a large uncertainty level and disturbance proportion to provide a large probability
guarantee for the effectiveness and feasibility of the configuration scheme. However, the
total cost of the system operation will increase. If the decision-maker is risk neutral, he can
choose a compromise.
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Figure 4. The total cost varies with different disturbance proportions and I'.

It is worth mentioning that although the total cost varies with different disturbance
proportions and uncertainty levels, there are only six configuration schemes. This further
indicates that the model has good robustness, and the optimal scheme is not sensitive to
parameter perturbation. Among them, the solution of the deterministic model is (4-7,7-1,8-
5,10-2,13-4,14-5,17-3,19-3,21-3,23-6), as shown in Figure 5. The former number represents
the emergency medical facility point, and the latter number indicates the large rear hospital
that serves it when a patient is in an emergency. The blue dot in the figure represents the
whole emergency medical facility, the red five-pointed star represents the large rear base
hospital, and the black dotted line shows the service relationship between the emergency
medical facility and the base hospital. When the disturbance proportion and uncertainty
level I are small, the configuration scheme is (4-7,7-1,8-5,10-2,13-4,14-5,17-3,19-3,21-5,23-6),
as shown in Figure 6. Additionally, the decision-maker with a risk preference can choose
this scheme. When the disturbance proportion and uncertainty level I' are large, the
configuration scheme is (4-7,7-1,8-4,10-2,13-5,14-4,17-3,19-2,21-5,23-7), as shown in Figure 7.
Additionally, the decision-maker with a risk aversion can choose this scheme. The rest of
the configuration schemes are (4-7,7-1,8-5,10-2,13-5,14-5,17-3,19-3,21-5,23-6), (4-7,7-1,8-4,10-
2,13-5,14-5,17-3,19-3,21-5,23-6), and (4-7,7-1,8-4,10-2,13-5,14-4,17-3,19-2,21-5,23-6). In this
case, the decision-maker with risk neutrality can choose this solution. We will not show the
configuration scheme figures here.
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Figure 5. The configuration scheme with I' = 0.
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Figure 6. The configuration scheme with I' = 2.
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Figure 7. The configuration scheme with I' = 10.

The calculation time of each scheme is shown in Figure 8. The shortest time is 1.9127 s,
and the longest time is 11.6776 s. Additionally, the average time is 7.54 s, which meets the
actual demand. As can be seen from Figure 8, compared with the robust configuration
model, the deterministic EMFC model is not robust because it does not take into account
the uncertain number of patients at the emergency medical points. Therefore, the solution
time of the EMFC model is not sensitive to uncertain level parameters I'. When the I' is
small, the solution time is relatively short. When the I' is large, the solution time increases.
This is because the increase in the uncertainty level leads to an increase in the search range
of the solution, which in turn leads to an increase in the solution time. However, the longest
solution time is only about 12 s, which fully meets the actual demand.
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Figure 8. The total solution time varies with different disturbance proportions and I'.

To sum up, this paper takes Huanggang City as an example to provide the optimal
emergency medical facilities location and configuration scheme under COVID-19. More-
over, the impact of uncertain parameters on the total target cost, configuration scheme, and
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solution time of the model is deeply analyzed. Additionally, the feasibility and robustness
of the proposed method are verified.

5. Conclusions
5.1. Discussions

This paper investigates a hierarchical diagnosis and treatment system for emergency
medical facilities” location-allocation under uncertain circumstances. Firstly, taking into ac-
count the ease of the centralized utilization of medical resources, we adopted EWM to select
alternative facilities from the whole of the facilities. Secondly, three uncertainty sets were in-
troduced to describe the uncertainty of the patients’ number. A robust optimization model
with capacity and time window constraints was constructed to configure the large rear hos-
pital to ensure the timely treatment of patients. The comparison between Figures 4 and 8
shows that although the total cost and solution time of the deterministic location-allocation
model is lower, the deterministic model is not robust and cannot effectively describe the un-
certain number of patients under the epidemic situation. However, the robust optimization
model proposed in this paper not only considers the actual uncertain number of patients
but also does not need to know the probability distribution of the number of patients
in advance. Additionally, the solution time of the robust model is less than 12 s, which
is very consistent with the actual situation. Finally, numerical simulation experiments
were conducted to solve the emergency medical facilities” location and configuration in
Huanggang City under COVID-19. The results show that the location-allocation decision
method proposed in this paper is scientific and effective. The proposed method can meet
the treatment needs of patients after public health emergencies and effectively reduce
driving time.

During the epidemic period, the hierarchical diagnosis and treatment mode avoids
the paralysis of large hospitals caused by the concentration of a large number of patients.
It significantly improves the use efficiency of medical resources. This study proposes a
hybrid approach of emergency medical facility location-allocation. We have a two-step plan
for post-outbreak isolation and treatment. In the first stage, 10 facilities with the highest
scores are selected from 30 facilities by EWM, which are regarded as community emergency
medical points. When there are critical patients who cannot be handled by community
medical centers, the second stage is to send the critical patients to large base hospitals
for treatment.

The hierarchical diagnosis and treatment mode plays an obvious role in reversing the
unreasonable pattern of medical resource allocation and solving the problem of unbalanced
medical resource allocation during the epidemic period. Based on the construction of
a coordinated medical and health service network between urban and rural areas, the
hierarchical diagnosis and treatment mode has rationally allocated medical resources,
effectively revitalized the stock of medical resources, and improved the allocation and
use efficiency of medical resources by relying on the majority of hospitals and grassroots
medical and health institutions. The most economical and effective measures to deal with
the epidemic are to improve the level of community medical care and complete the system.
Therefore, this study has a certain practical significance for public health authorities to
improve the scientific level of epidemic prevention and control.

5.2. Future Directions

The proposed method in this paper can provide a scientific and reasonable reference
for decision-makers to choose the optimal facility layout plan. In order to further improve
the practical application value of the proposed model, future research work will refine the
factors affecting the location decision. Additionally, we could consider the existence of
various factors, such as the traffic time uncertainty under different road congestion condi-
tions and resource constraints, and isolation from the public, so as to further investigate the
robust optimization model. In future research directions, we can also consider the impact of
facility interruption on the hierarchical diagnosis system, which will make the emergency
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medical location-allocation model more realistic. Meanwhile, this paper only studies the
budgeted uncertainty model. The next work can be compared with the box uncertainty
model and ellipsoid uncertainty model, which can further illustrate the effectiveness of the
proposed method.

In addition, group consensus plays an important role in decision-making [55-58]. In
future studies, we can invite experts from different fields to help emergency management
departments make better decisions through the consensus-building process. There are
various methods for facility location. This paper only studies the impact of the robust
optimization method on facility location. In the future, we can extend the fuzzy rough
decision-making approach [59] and multi-criteria decision-making [60] to the emergency
medical facilities location. Supply chains have become a hot research field in recent
years [61]. In the future, we can study how to improve the fairness and efficiency of supply
chains in the transportation of emergency medical supplies. In the future, we can consider
adding machine learning [62] methods to the location of emergency medical facilities.
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Abstract: Under the background of low-carbon economy, the unethical behavior of green food enter-
prises has aggravated the uncertainty and frequency of green food safety problems and even triggered
a contagion of unethical behavior among green food enterprises. In view of this, considering the
characteristics of organizational behavior, external environmental intervention and social networks,
we construct an infectious disease model of the nonlinear spread of unethical behavior in green food
enterprises and simulated the mechanism and evolution characteristics of the spread of unethical
behavior among them. The main conclusions are as follows. (1) Single adjustment of the level of
enterprise moral clarity, damage degree of unethical behavior, and enterprise influence can only
reduce the diffusion probability of unethical behavior to a certain extent. (2) Enterprise ethical climate
plays a crucial role in the diffusion of unethical behavior among green food enterprises and exerts
a “strengthening effect” on other organizational behavior and external environmental intervention
factors. (3) The strength of external supervision and strength of punishment exert a “suppression
effect” on the diffusion of unethical behavior among green food enterprises.

Keywords: nonlinear evolution; unethical behavior; behavior diffusion; complex networks

1. Introduction

In recent years, with the continual exposure of the Enron financial fraud, the Glax-
oSmithKline commercial bribery, and other scandals, ethical crises in enterprises have
occurred frequently worldwide. Moral and ethical issues of green food enterprises are
transcending the traditional research category of philosophy, and unethical behavior has
gradually become a common concern in the field of enterprise management theory and prac-
tice [1,2]. With the continuous development of green food, green food safety has gradually
become the focus of attention [3-6]. Green food enterprise refers to enterprises in accor-
dance with the scientific method to produce and process pollution-free safe, high-quality
and nutritious foods. In product production, transportation, storage and packaging are
pollution-free, and the entire production process contributes to pollution prevention [7,8].
Unethical behavior refers to the behavior that violates widely accepted social ethics and is
not recognized by most people [9]. Many kinds of unethical behaviors are common, such
as corruption, cheating on taxes and academic dishonesty. Unethical behaviors widely
occur in various enterprises [10,11]. Moreover, unethical behavior diffuses easily [12],
which can cause an adverse impact on the long-term performance of an enterprise and
the sustainable development of society. Therefore, studying the influencing factors and
evolution mechanisms of unethical behavior diffusion is necessary. Such knowledge can
provide theoretical reference for the formulation of strategies to prevent and control the
diffusion of unethical behavior.

Various researches have been conducted on the generation and diffusion of unethical
behavior [13]. These studies are mainly carried out from three perspectives: organizational
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behavior, external environmental intervention and social network structure. In terms
of organizational behavior, enterprises often fail to be completely rational in decision
making due to various factors, which may result in behavioral deviations. Organizational
behaviors include the micro-behavior of individuals within an enterprise (such as the level
of individual moral clarity) and the overall macro-behavior of an enterprise (such as the
enterprise management system and enterprise ethical climate) [14,15]. All of them can
affect the diffusion of unethical behavior among enterprises [16].

Wiltermuth and Flynn [17] found that different individuals will make different ethical
judgments when faced with the same situation, owing to their different behavioral ethical
standards, which can affect the generation and diffusion of unethical behavior. Werbel and
Balkin [18] confirmed the importance of management systems to the control of unethical be-
havior in workplaces. Organizational justice, which is an important part of a management
system, can weaken the negative emotions of members, thus effectively controlling unethi-
cal behaviors [19]. In addition, the enterprise ethical climate is also an important factor that
can affect the generation and diffusion of unethical behavior [2,20]. Gorsira et al. [21] found
that employees of private enterprises generally believe that their ethical climate is biased
toward egoism and they are likely to implement unethical behavior. According to the
research above, the generation of unethical behavior is affected by various organizational
behavior factors. Unethical behavior can also diffuse within the enterprise network under
the influence of the herd effect, thus intensifying the effects of unethical behavior. Studies
that only consider organizational behavioral factors are widely questioned and their scope
of interpretation is limited; hence, scholars have begun to turn their research directions to
the study of external environmental intervention factors [22].

In the aspect of external environmental interventions, Gino et al. [23] found that exter-
nal supervision can stimulate team members’ sense of guilt and collective honor and reduce
the risk of collective immorality. In general, individuals must weigh benefits and penalties
before implementing unethical behavior. When penalties are greater than benefits, people
do not make unethical decisions [24]. In addition, the external competitive environment
of enterprises can affect the generation and diffusion of unethical behavior. Li et al. [25]
empirically analyzed the impact of competition on unethical decision-making through
the data of 727 employees in Chinese hospitals. The results showed that competition
orientation can influence employees’ unethical decision making through the adjustment
of relation conflict and hostile attribution bias. In a case study of Enron, Kulik et al. [12]
found that unethical behavior likely diffuses among enterprises, which are in a fiercely
competitive industry. The research perspective of external environmental intervention
focuses on a wide range of factors and increases the intensity of theoretical interpretation.
However, most of the research above is limited to static analysis, which is inconsistent with
the dynamic characteristics of unethical behavior diffusion. Therefore, it is necessary to
conduct research further.

In recent years, scholars have gained awareness that unethical behavior is a social
phenomenon involving complex interactions of enterprises. This relationship is organically
embedded in the social network. Therefore, the researches on the diffusion of unethical
behavior from the perspective of social networks have become a hotspot. The main studies
are as follows. Brass et al. [26] initially studied unethical behavior from the perspective of
social networks and defined them as a set of actors with a certain degree of relevance. On the
basis of this definition, they proposed that network relevance characteristics (relationship
strength, multivariate relationship, asymmetric relationship, and status), network structural
characteristics (structural holes, centrality, and network density), and their interactions
have great impact on unethical behavior of individuals within a network. After [26], the
study of the relationship between social network characteristics and unethical behavior
has been expanded. Bizjak et al. [27] found that social networks have an “infectious effect,”
which means that the network relationship may lead to a consistency of internal individuals’
behavior. Sullivan et al. [28] found that network characteristics of enterprises may change
when enterprises implement unethical behavior, which may reduce network cohesion.
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Brown et al. [29] studied the impact of social networks on the tax avoidance behavior of
enterprises. The results show that tax avoidance behaviors can present a convergence effect
among highly connected enterprises. Zuber [30] studied the transmission mechanism of
unethical behavior among victims, perpetrators, and observers. The result reveals that
social network relationships may change after unethical behaviors occur, thus having
an indirect negative impact on enterprises. The research perspective of social networks
considers dynamic factors, and its research premise is in line with the internal and external
environment of enterprises. This type of research has greatly expanded the research pattern
of unethical behavior.

However, most of the current articles on unethical behavior are from the perspec-
tive of organizational management, studying unethical behavior between leaders and
employees [31-33]. For example, by integrating arguments from social identity and moral
disengagement theories, Schuh et al. [31]. developed and tested a model to explain how
leaders respond to unethical pro-organizational behavior (UPB) among employees. The
results showed that leader perceptions of employee UPB were positively related to leader
trust in employees when leaders identified strongly with their organization or when they
had a strong propensity to morally disengage. Pablo et al. [32] examined personal growth
satisfaction as a mediator and responsibility climate as a moderator of the relationship and
found that personal growth satisfaction mediated the negative impact of unethical super-
vision on intention to stay. In terms of moderation, high responsibility climate weakened
the negative relationship between unethical leadership and subordinates’ personal growth
satisfaction, as well as the indirect negative impact of unethical leadership on subordinates’
intention to stay. However, from a corporate perspective, there are very few studies on
the impact of unethical behavior by companies or organizations regarding consumers and
society, and those are as follows:

Olofsson et al. [34] investigated the time-varying volatility and risk measures of ethical
and unethical investments and found that ethical investments are less affected during
global financial crises compared to unethical and conventional investments. Moreover,
these studies do not delve into the change mechanism of the spread of unethical behavior
in the process of elaboration, and at the same time, they do not take into account the
evolutionary characteristics of the contagion of unethical behavior in green food enterprises
under the current green economy conditions.

The current epidemic model that is based on a complex network is not only limited to
the study of virus transmission but also widely used in the field of social science [35-37],
such as technology and innovation diffusion [38], financial crisis contagion [39,40], and
the spread of rumors [41,42]. The epidemic model provides the necessary technological
means for solving social problems, and it also offers theoretical basis for devising coupling
strategies. In addition, similar diffusion mechanisms are observed between behaviors and
viruses. For example, they both diffuse among individuals through social connection in
most cases, in which social connection is their diffusion medium [43]. In the environment
of enterprises, a large number of physical contacts transmit various information and affect
one another’s behaviors. Once an unethical behavior is formed, it would bring additional
benefits to the implementer and be imitated and learned by other enterprises under ap-
propriate conditions. Therefore, the diffusion of unethical behavior among enterprises has
many mechanisms similar to the spread of infectious diseases.

On the basis of the research above, unethical behaviors have adverse impact on enter-
prises and society. Without effective controlling, unethical behavior may be imitated by an
increasing number of enterprises, and its negative effects will spread rapidly. Eventually,
this spread will cause an irrational outbreak of unethical behavior [44]. If the unethical
behavior of green food enterprises cannot be effectively controlled, the unethical behavior
may be imitated by more and more enterprises, thus forming a contagion in the enterprise
network, resulting in the aggravation and spread of food safety problems. Therefore, in
order to better formulate a reasonable and effective control of the unethical behavior of
green food enterprises and the contagion of their unethical behavior, it is necessary to study
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the influencing factors and evolutionary mechanism of the spread of unethical behavior in
depth. However, current researches have three main shortcomings. First, these studies are
only conducted from a single perspective of organizational behavior, external environmen-
tal intervention, or social network structure, and they lack comprehensive consideration of
the three perspectives above. Second, most of the existing researches are static research.
They ignore the dynamic evolution characteristics of unethical behavior diffusion. Third,
existing researches focus on the diffusion effect of unethical behavior within an enterprise,
but they ignore the diffusion among enterprises. Finally, existing researches only focus
on the diffusion effect of unethical behavior within ordinary enterprises, and ignore the
diffusion effect of green food enterprises on unethical behaviors such as food safety.

In view of these shortcomings, this study analyzes the influencing factors of unethical
behavior diffusion from the cross perspective of organizational behavior and organizational
management. Based on the SIR epidemic model, a nonlinear diffusion evolution model of
unethical behavior among green food enterprise is constructed. Organizational behavior, ex-
ternal environmental intervention, and social network characteristics are considered. Using
MATLAB R2018a software, this study simulates the diffusion mechanisms and evolution
characteristics of the diffusion of unethical behavior among green food enterprises. This
study makes contributions in three ways. (1) Unlike existing studies that are only based on
a single perspective, this study conducts research on the diffusion of unethical behavior
among green food enterprise with the comprehensive consideration of organizational be-
havior, external environmental intervention, and social network characteristics. (2) This
study analyzes the dynamic evolution characteristics of the diffusion of unethical behavior
among green food enterprise, thus making the research conclusion realistic. (3) This study
provides novel conclusions that have theoretical and practical application value: single
adjustment of the level of enterprise moral clarity, damage degree of unethical behavior,
and enterprise influence can only reduce the diffusion probability of unethical behavior to
a certain extent. Even if the formulation of control strategies is based on their interaction,
the diffusion remains unable to disappear. However, enterprise ethical climate plays a
crucial role in the diffusion of unethical behavior among green food enterprises and exerts
a “strengthening effect” on other organizational behavior and external environmental
intervention factors.

The rest of this study is organized as follows. The second part analyzes the epidemic
mechanisms of unethical behavior diffusion among green food enterprise. The third part
constructs a nonlinear diffusion evolution model of unethical behavior among green food
enterprise under the interaction of organizational behavior and external environmental
intervention. The fourth part simulates the evolution characteristics of the diffusion of
unethical behavior among green food enterprise and proposes strategies to prevent and
control the diffusion of unethical behavior. The last part puts forward the conclusions.

2. Materials and Methods

In this paper, by analyzing the contagion mechanism of unethical behavior of green
food enterprises, under the influence of organizational behavior and external environmental
intervention factors, a model of the diffusion of unethical behavior of green food enterprises
is constructed based on the epidemic model, and the model construction process is shown
in Figure 1.

2.1. Epidemic Mechanisms of Unethical Behavior Diffusion among Green Food Enterprise
2.1.1. Adaptability Analysis of the Epidemic Model

The epidemic model, as a classic model of viral transmission, has been widely used
in the study of social behavior diffusion [36,45]. The original meaning of contagion is
the diffusion of pathogens from infected organisms to other organisms. Assuming that
corporate unethical behavior is the contagion virus in this model, the spread of unethical
behavior is assumed to be the spread of unethical behavior of green food enterprises in the
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network of interrelated green food enterprises, and the contagion of unethical behavior
will affect the stakeholders in the network. The principal representations are as follows.

Adaptability analysis of

the epidemic model Nonlinear diffusion evo-

Epidemic mechanisms of lution model of unethical

unethical behavior diffusion behavior among green

Diffusion mechanism of food enterprise

unethical behavior

Figure 1. System process flow of the model of unethical behavior diffusion among green
food enterprises.

(1) Pathogen-Diffusion Source

In the green food enterprises network, some green food enterprises lack completed
management system and internal cohesiveness, which causes some members to be vulner-
able to profits. Hence, these members may exhibit behavioral deviations and unethical
behaviors. As a source of diffusion, unethical behavior is a “pathogen” with potential
transmission ability. It can diffuse among green food enterprises through various diffusion
mediums, thus presenting a significant herd effect in the green food enterprises network.

(2) Infectious Medium-Diffusion Medium

A diffusion medium is a carrier of the diffusion source. In the green food enterprises
network, each enterprise is not isolated. Direct or indirect associations always exist between
them, such as cooperations between green food enterprises and communications between
members of different green food enterprises. Unethical behaviors can diffuse rapidly
among green food enterprise through the mediums, which has a great impact on society.

(3) Infectious

Green food enterprise with unethical behavior may transmit their status, behaviors,
and other information to the external environment during the daily cooperation and
communication with other green food enterprises. When associated green food enterprises
receive the information, cognitive and behavioral deviations may be generated. Hence,
associated green food enterprise may be infected with unethical behavior, indicating that
unethical behavior is infectious.

(4) Immunity

Some high-level green food enterprises exist in the green food enterprises network.
Such green food enterprises usually have strict and reasonable management systems and
first-class leaders. These leaders usually have strong management skills and a strong sense
of social responsibility. In addition, they are often good at resolving conflicts of interest in
and coordinating team members’ thoughts and behaviors. Therefore, unethical behavior is
difficult to incite in this type of green food enterprise, because they exhibit immunity to
unethical behavior.

In summary, the diffusion of unethical behavior among green food enterprises has a
similar infectious mechanism to the contagion of infectious diseases. Therefore, analyzing
the diffusion mechanism and evolution characteristics of unethical behavior by using the
epidemic model is reasonable and feasible. The analysis provides theoretical reference for
preventing the rapid diffusion of unethical behavior among green food enterprises. Table 1
shows that the key concepts in the epidemic model are applied in the network diffusion
model of unethical behavior.
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Table 1. The corresponding concepts of unethical behavior diffusion.

Diffusion of Unethical Behavior Meaning

Diffusion source Unethical behavior

Green food enterprises that have not been infected with

Susceptible green food enterprise unethical behavior

Green food enterprise that are infected with unethical

Infected green food enterprise behavior

Green food enterprise that are not affected by unethical
Immune green food enterprise behavior or had been infected with unethical behavior
but eliminated it through adjustment

2.1.2. Diffusion Mechanism of Unethical Behavior

In the green food enterprises network, green food enterprises are divided into three
states. S represents a susceptible enterprise, which does not implement unethical behavior
but is easily affected by other green food enterprises’ unethical behavior. I represents
an infected enterprise, which is infected with unethical behavior and can affect other
associated green food enterprises. R represents an immune enterprise, which is not affected
by unethical behavior or had been infected with unethical behavior and but eliminated it
through adjustment. Moreover, S, I, and R are used to express the number of three states
of green food enterprises in the network. Figure 2 illustrates the rule of transformation
mechanism among the three states of green food enterprises.

[ Organizational behavior ]

1
1
T
I
1

[ External environmental intervention ]

Figure 2. The rule of transformation mechanism among the three states of green food enterprises.

(1) Affected by organizational behavior factors, infected green food enterprises’ un-
ethical behavior diffuses to susceptible green food enterprise at the rate of #(0 < a < 1)
during daily cooperating and communicating. Under the influence of external environ-
mental intervention, infected green food enterprise” unethical behavior further diffuses to
susceptible green food enterprise at the rate of v(0 < v < 1).

(2) Susceptible green food enterprise may turn into the immune state directly with the
probability of (0 < B < 1) by introducing a high-level management team and optimizing
the management system. Adjusting the organizational behavior can also make infected
green food enterprise immune with the probability of u(0 < u < 1).

(3) Under the influence of external environmental intervention factors, susceptible
green food enterprise may turn into the immune state directly with the probability of
¢(0 < ¢ < 1). In the process of implementing unethical behavior, infected green food
enterprise may eliminate it and become immune with the probability of ¢(0 < ¢ < 1) if
they are discovered and punished by external regulators.

(4) In each period, the entry probability of some new green food enterprises is
1(0 <1 < 1), and the exit probability of some old green food enterprises is (0 < ¢ < 1).

2.2. Nonlinear Diffusion Evolution Model of Unethical Behavior among Green Food Enterprises

To construct the network diffusion model of unethical behavior among green food
enterprises, this study assumes that N is the total number of green food enterprise. s, i,
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and r account for the proportion of susceptible green food enterprise, infected green food
enterprise, and immune green food enterprise, namely s = S/N,i=I/N,r = R/N, and
s+i+r =10 <s,i,r <1). Moreover, the density of infected green food enterprises that
have a degree of k is assumed to be i;(t) at moment t. The probability that susceptible
green food enterprise connected to infected green food enterprise is O(t).

In view of the important influence of individual behavior on decision-making or profit,
Sundaresan [46] defined a behavior effective function:

Uw) = L 1)

where W represents individual patience and < represents coefficient of individual risk
aversion.

Some organizational behavior factors affect the diffusion of unethical behavior. These
factors mainly include the level of enterprise moral clarity ¢(0 < p < 1) [17,24,47]. The
accuracy of determining whether a particular behavior is ethical becomes higher with the
increase of . Another factor is damage degree of unethical behavior €(0 < € < 1) [2,48].
The damage degree of unethical behavior and the impact to the green food enterprises
network become greater with the increase of e. Moreover, the damage degree may have
a negative influence on society. Enterprise influence 6(0 < 6 < 1) [12,28,49] refers to
the relationship strength of green food enterprise in the green food enterprises network.
The relationship strength of green food enterprise becomes greater with the increase of
6. Furthermore, it will have a more significant influence on other green food enterprises.
Strictness of the enterprise management system 7(0 < T < 1) [18,50] becomes stricter with
the increase of 7. Enterprise ethical climate p(0 < p < 1) [2,21] is also included. When
p is closer to 0, enterprise ethical climate tends to be egocentric. This means that green
food enterprise may focus on individual interests without considering the negative social
influence. When p is closer to 1, the enterprise ethical climate tends to become principled,
which represents that green food enterprises have a higher degree of ethical cognitive
constraints. Therefore, the function of organizational behavior g(¢, ¢, 6, T, p) is defined as:

-1
, =L
0%

1 &
8(9,6,6,7,0) = pHTr e )

Hence, the infection rate (0 < a < 1) under the influence of organizational behavior
factors is defined as: )
1 pecf?
a=g(y,e0,T,0)=p e 3)

According to the behavioral state transition equation proposed by [51] and external
environmental intervention factors that affect the diffusion of unethical behavior among
green food enterprises, it mainly includes the strength of external supervision §(0 <
6 < 1) [23,52]. The probability of which green food enterprises” unethical behavior is
discovered becomes higher with the increase of ¢. In addition, strength of punishment
¢(0 < ¢ < 1) [24,53] to green food enterprise with unethical behavior is included. Strength
of punishment to green food enterprise with unethical behavior becomes greater with the
increase of ¢. Moreover, it also includes external competitiveness A(0 < A < 1) [12,25]
among green food enterprises. External competitiveness becomes greater with the increase
of A. Therefore, the function of external environmental intervention is defined as:

=

FEEA) = — )
1+e 5
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Therefore, the infection rate v(0 < v < 1) under the influence of external environmen-
tal intervention factors is defined as:

1
1—|—e¥

v=[1-f(5,EN)] =1~ ©)

Considering that the diffusion of unethical behavior among green food enterprises
is influenced by the interaction of organizational behavior and external environmental
intervention factors, the total infection rate c(0 < ¢ < 1) is defined as:

‘ |
s

o=
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c=av=gpebn) - 6L = e T - L) )
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According to the rule of state transition mechanism among green food enterprises
discussed in Figure 2 and mean field theory [40,54], the differential equations of network
diffusion model of unethical behavior among green food enterprises under the interaction of
organizational behavior and external environmental intervention are expressed as follows:

Bl — | — kaws(£)O(t) — Prrsi(t)
G0 — kavsy()O(t) — prei(t) ?)

According to (7), for the steady-state condition di’;lgt) = 0, the steady state value

becomes iy (t):

) — kavsi (£)O(t) klav®(t)
=T T B ko@D

The average density of infected green food enterprise becomes i = Y P (k)i (t). Based
on (8), ©(f) becomes:

®)

O = 1T oply)’ = <5 DLW ©

where < k > represents the network average degree of the diffusion of unethical behavior.
Given that < k >= Y kP (k) and < k* >= Y k?P(k), (8) and (9) can be combined as
k k

follows: .
1 kP(k av®(t)

o0 = e B O g gt

(10)

Given that ® = ©(t), (10) has a trivial solution: ® = 0. If (10) has a non-trivial
solution, ® # 0, then the necessary condition becomes:

d 1 klav®
— | —) kPk)—————]|1®@=02>1 (11)
do << k >; ( )ﬁy¢2+kocvycp®> |
Therefore,
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Thus, the basic reproduction number of the diffusion of unethical behavior under the
influence of organizational behavior and external environmental intervention factors is Ro:

1 T% _szp%‘;[f:izl B 1 2
Rp = llXUZk kZP(k) _ lp i ‘ (1 1+e¥ )Zkk P(k) (13)
7 Bug?rkP(k) B2 kP (k)
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Equation (13) was simulated to study the influence of green food enterprise organi-
zational behavior and external environmental factors on the contagion of the unethical
behavior of green food enterprises.

The basic reproduction number Ro(Rg > 0) indicates the average number of suscepti-
ble green food enterprises that are infected by infected green food enterprise [55]. Ry = 1
represents the threshold of the disappearance of diffusion. The diffusion becomes extinct
gradually when Ry < 1 and the diffusion occurs with nonzero probability when Rg > 1.
Moreover, the greater the value of Ry is, the greater the diffusion probability becomes.

3. Simulation Analysis and Results Discussion

This study sets the initial parameters as follows: p = 01, 7T =0 =6 = ¢ = 0.2,
=9 =03,e=u=p=¢ =A =04 Most nodes in a BA scale-free network have
a few connections and only a few nodes have many connections. Moreover, the degree
distribution of nodes also follows power law distribution [56]. It is similar to the actual
enterprise network in which the number of large-scale and influential green food enterprise
is small. However, small-scale green food enterprises are numerous, and yet they only
have a few connections with other green food enterprises in the network [57]. Therefore,
on the basis of the BA scale-free network (m = mgy = 5, network scale N = 500), we use the
MATLAB R2018a software to simulate the evolution characteristics of unethical behavior
diffusion among green food enterprises under the interaction of organizational behavior
and external environmental intervention.

3.1. Organizational Behavior and Diffusion of Unethical Behavior among Green Food Enterprises
3.1.1. Single Organizational Behavior Factor and Diffusion of Unethical Behavior among
Green Food Enterprises

Figure 3a,b,d demonstrate that the diffusion probability of unethical behavior among
green food enterprises shows the decreasing characteristic of increasing margins with the
increase of the level of enterprise moral clarity ¥, damage degree of unethical behavior
€ and strictness of enterprise management system 7. Figure 3a indicates that when the
level of enterprise moral clarity ¥ is less than 0.4, the change of diffusion probability of
unethical behavior is not evident. When it exceeds 0.4, the variation of diffusion probability
increases gradually, but its overall change is not significant. Therefore, the method of
improving level of enterprise moral clarity ¥ can only reduce the diffusion probability of
unethical behavior among green food enterprise to a certain extent. Figure 3b indicates
that when damage degree of unethical behavior ¢ is less than 0.4, the diffusion probability
of unethical behavior is less variable. When it exceeds 0.4, the variation of diffusion
probability increases gradually, but its overall change is not significant. The reasons of
this phenomenon are as follows: unethical behavior with high damage degree may often
violate the law and be extremely harmful to the enterprise and society. In addition, its
probability of being discovered is also high. Therefore, the implementation of such unethical
behavior is often worthless. Figure 3d indicates that the overall change is evident and when
strictness of enterprise management system 7 is less than 0.4, the diffusion probability of
unethical behavior declines. When it exceeds 0.4, the downward trend tends to be flat.
This phenomenon reflects that completed enterprise management system can effectively
control the diffusion of unethical behavior among green food enterprises. However, when
strictness of enterprise management system 7 reaches a certain level, the controlling effect
of continuously increasing it on the diffusion of unethical behavior is rapidly weakened.
Therefore, green food enterprise should follow the principle of appropriateness to avoid
invalid allocation of management resources when determining the strictness of enterprise
management system.
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Figure 3. The influence of organizational behavior factors on the diffusion of unethical behavior
among green food enterprises. (a—e) refer to level of enterprise moral clarity ¢, damage degree
of unethical behavior ¢, enterprise influence 0, strictness of enterprise management system 7 and
enterprise ethical climate p, respectively.

Figure 3c,e demonstrates that the diffusion probability of unethical behavior among
green food enterprises shows the increasing characteristic of diminishing margins with the
increase of enterprise influence  and enterprise ethical climate p. Figure 3c indicates that
when enterprise influence 6 is less than 0.2, the diffusion probability of unethical behavior
appears jump points, and the upward trend is very obvious. However, when it exceeds
0.2, the upward trend becomes gradually flat and its overall change is not significant. This
phenomenon reflects that influential green food enterprise are not only small in number
but also stable in status. However, more green food enterprises have small influence in the
food green enterprises network. Small enterprise size and lack of a complete management
system make them vulnerable to the influence of other green food enterprises, thus causing
the diffusion of unethical behavior among green food enterprises. Figure 3e reflects that a
large-scale diffusion tendency of unethical behavior in the green food enterprises network
as enterprise ethical climate changes from principled to egocentric. Ethical climate of an
enterprise is often regarded as the standard of enterprise behavior ethics. A principled
enterprise ethical climate is a cognitive constraint on unethical intentions, thus having a
controlling effect on the diffusion of unethical behavior. However, under the ethical climate
of egoism, green food enterprises tend to focus on individual interests without considering
social consequences, which makes them more inclined to implement unethical behavior,
thus causing large-scale diffusion of unethical behavior among green food enterprises. This
phenomenon also embodies that enterprise ethical climate p, is the key factor that affects
the diffusion of unethical behavior among green food enterprises. A principled ethical
climate has a strong blocking effect on the diffusion of unethical behavior among green
food enterprise.

In addition, Figure 3 shows that the single adjustment of the level of enterprise moral
clarity ¢, damage degree of unethical behavior ¢, and enterprise influence 6 affect the
diffusion of unethical behavior among green food enterprises, but their blocking effect
is weak. The basic reproductive number Ry remains greater than 1. Unethical behavior
can still diffuse with non-zero probability in the enterprise network. If the prevention and
control strategies are only based on this, then causing deviation is easy and the effect is
limited. However, the strictness of enterprise management system and enterprise ethical
climate have a greater impact on the diffusion of unethical behavior among green food
enterprise. Adjustment them can make the basic reproductive number Ry become less than
1. In particular, enterprise ethical climate plays a leading role in the diffusion of unethical
behavior among green food enterprises. Therefore, formulating targeted prevention and
control strategies from these two aspects is effective.
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3.1.2. Multiple Organizational Behavior Factors and Diffusion of Unethical Behavior
among Green Food Enterprises

Figure 4 indicates that the single adjustment of level of enterprise moral clarity i,
damage degree of unethical behavior ¢, and enterprise influence 8 cannot make unethical
behavior disappear gradually in the enterprise network. Figure 4a shows that when
level of enterprise moral clarity i interacts with damage degree of unethical behavior ¢,
the diffusion probability of unethical behavior among green food enterprises shows the
characteristic of increasing margins with the increase of these two factors. However, the
overall change is not significant and the basic reproductive number Ry is still greater than
1. Figure 4b,e also indicate that when enterprise influence 6 interacts level of enterprise
moral clarity ¢ and damage degree of unethical behavior ¢, the diffusion probability of
unethical behavior among green food enterprises shows the increasing characteristic with
the increase of enterprise influence 6. However, only when level of enterprise moral clarity
1 and damage degree of unethical behavior € are high, the increasing trend become evident.
In other cases, enterprise influence 6 has little effect on the diffusion probability of unethical
behavior among green food enterprises, and the basic reproductive number Ry cannot be
less than 1. This finding is consistent with the phenomenon reflected in Figure 3, which
shows that level of enterprise moral clarity ¢, damage degree of unethical behavior ¢, and
enterprise influence 6 have little influence on the diffusion of unethical behavior among
green food enterprises. Even if the formulation of control strategies is based on their
interaction, these strategies are unable to eliminate the diffusion of unethical behavior.

Figure 4c,f,h show that when strictness of the enterprise management system 7 inter-
acts with level of enterprise moral clarity 1, damage degree of unethical behavior ¢, and
enterprise influence 6, the diffusion probability of unethical behavior among green food
enterprises shows a significant downward trend with the increase of level of enterprise
moral clarity 1, damage degree of unethical behavior ¢, strictness of enterprise management
system T, and the decrease of enterprise influence 0. In addition, the basic reproductive
number Ry can be controlled to become less than 1. This phenomenon reflects the suppres-
sion effect of strictness of enterprise management system 7 on the diffusion of unethical
behavior among green food enterprises. If enterprise management system is established
clearly, fairly, and effectively, it will increase the cost of implementing unethical behavior
and greatly reduce the possibility of the emergence and diffusion of unethical behavior,
thus leading to the gradual elimination of the diffusion of unethical behavior among green
food enterprises.

Figure 4d,g,i show that when enterprise ethical climate p interacts with level of en-
terprise moral clarity ¢, damage degree of unethical behavior ¢, and enterprise influence
6, the diffusion probability of unethical behavior increases with the change of these or-
ganizational behavior factors. Such interaction presents a large-scale diffusion crisis in
the green food enterprises network. This phenomenon shows that although under the
single influence of the three organizational behavioral factors of level of enterprise moral
clarity ¢, damage degree of unethical behavior ¢, and enterprise influence 6, the diffusion
probability of unethical behavior among green food enterprises is less affected. However,
with the transformation of enterprise ethical climate p from principled to egocentric, the
green food enterprise may pay too much attention to individual interests and neglect social
influences. When an egocentric enterprise ethical climate becomes a part of enterprise
culture, members will be used to unethical behavior. At this point, ethical climate of the
entire green food enterprises network has been almost destroyed. This scenario will result
in deviation from enterprise cognition and behavior, which, in turn, leads to the large-scale
diffusion of unethical behavior in the network under the influence of the herd effect. This
phenomenon also shows that enterprise ethical climate p plays a crucial role in the diffusion
of unethical behavior among green food enterprises. Therefore, the purpose of eliminating
the diffusion of unethical behavior can be achieved by establishing a principled enterprise
ethical climate.
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Figure 4. The interactive influence of organizational behavior factors on the diffusion of unethical
behavior among green food enterprises. The factors involved in the figure are level of enterprise
moral clarity ¢, damage degree of unethical behavior ¢, enterprise influence 6, strictness of enterprise
management system T, and enterprise ethical climate p.

According to Figure 4, on the one hand, enterprise ethical climate p exerts a “strength-
ening effect” on other organizational behavior factors. Other organizational behavioral
factors have an impact on the diffusion probability of unethical behavior among green food
enterprises are stronger under an egocentric enterprise ethical climate. Therefore, this sce-
nario may cause irrational outbreaks of unethical behavior among green food enterprises.
On the other hand, strictness of the enterprise management system 7 exerts a “suppression
effect” on the diffusion probability of unethical behavior among green food enterprises. A
strict enterprise management system can enhance other organizational behavior factors’
controlling effect on the diffusion of unethical behavior, thus gradually eliminating the
diffusion of unethical behavior among green food enterprises. In addition, the “strengthen-
ing effect” of the enterprise ethical climate p is stronger than the “suppression effect” of
strictness of the enterprise management system 7. Therefore, when formulating prevention
and control strategies, we should take principled enterprise ethical climate as a foundation
from a global perspective and increase the level of enterprise moral clarity. Furthermore, we
must maintain the strictness of enterprise management system moderately and strengthen
the control of the core green food enterprise with greater influence.
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3.2. External Environmental Intervention and Diffusion of Unethical Behavior among Green
Food Enterprises

3.2.1. Single External Environmental Intervention Factor and Diffusion of Unethical
Behavior among Green Food Enterprises

Figure 5a shows that the diffusion probability of unethical behavior among green food
enterprises has a decreasing trend of diminishing margins with the increase of strength
of external supervision é and strength of punishment §. Figure 5a indicates that when
strength of external supervision ¢ is less than 0.1, the variation of diffusion probability
of unethical behavior is almost negligible. When the strength of external supervision
6 is greater than 0.1 and less than 0.5, the diffusion probability of unethical behavior
diffusion shows a downward trend and the variation is significant. When strength of
external supervision J is greater than 0.5, the downward trend becomes flat gradually. This
phenomenon demonstrates that increasing strength of external supervision 6 can reduce
the diffusion probability of unethical behavior among green food enterprises to a certain
extent. However, when strength of external supervision ¢ has reached a high level, the
effect of strengthening supervision becomes limited.
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Figure 5. The influence of external environmental intervention factors on the diffusion of unethical
behavior among green food enterprises. (a—c) refer to strength of external supervision ¢, strength of
punishment ¢, and external competitiveness A.

Figure 5b indicates that when strength of punishment ¢ is less than 0.5, the diffusion
probability of unethical behavior declines slowly. When it is greater than 0.5, the down-
ward trend is evident. This phenomenon demonstrates that the inhibitory effect of slight
punishment on the diffusion of unethical behavior is weak. On the contrary, the most
severe punishment to unethical behavior can shock and control the diffusion of unethical
behavior among green food enterprises effectively.

Figure 5c shows the diminishing trend of the diffusion probability of unethical be-
havior among green food enterprises with the increase of external competitiveness A. The
analysis of Figure 5c indicates that when external competitiveness A is less than 0.5, the
diffusion probability of unethical behavior shows an upward trend. When it is greater
than 0.5, the upward trend becomes flat. This phenomenon demonstrates that unethical
behavior is more likely to diffuse among green food enterprises that are in a competitive
external environment. Therefore, relevant departments should carry out key supervision
on industries with fierce competition to prevent hazards.

In addition, increasing strength of external supervision J, strength of punishment ¢,
and reducing external competitiveness A can suppress the diffusion of unethical behavior.
However, with the single adjustment of these external environmental intervention factors,
the basic reproductive number R( remains greater than 1. Therefore, the goal of eliminating
the diffusion of unethical behavior among green food enterprises cannot be achieved.

3.2.2. Multiple External Environmental Intervention Factors and Diffusion of Unethical
Behavior among Green Food Enterprises

Although Figure 5 reflects that the single adjustment of strength of external supervision
6, strength of punishment ¢, and external competitiveness A can only play a role in reducing
the diffusion probability of unethical behavior to a certain extent, and the goal of gradual
elimination of diffusion cannot be achieved. Figure 6a shows that when strength of external
supervision ¢ interacts with strength of punishment ¢, the diffusion probability of unethical
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behavior among green food enterprise shows a significant downward trend with the
increase of these two factors, and the basic reproductive number Ry can be reduced to
less than 1. This phenomenon reflects that the supervision and punishment system is an
integral organic entirety. If green food enterprises are only supervised without severe
punishment, then a shocking effect cannot be achieved. If green food enterprise believe that
supervision or punishment is insufficient, and implementing unethical behavior will not
involve high risks, then this perception will increase the diffusion possibility of unethical
behavior. On the contrary, an effective and enforceable supervision and punishment system
will increase the cost of implementing unethical behavior, thereby greatly reducing the
diffusion probability of unethical behavior. Therefore, the goal of gradual elimination of
unethical behavior can be achieved.
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Figure 6. The interactive influence of external environmental intervention factors on the diffusion of
unethical behavior among green food enterprises. The factors involved in the figure are strength of
external supervision J, strength of punishment ¢, and external competitiveness A.

Figure 6b,c show that when external competitiveness A interacts with strength of
external supervision J and strength of punishment ¢, the diffusion probability of uneth-
ical behavior has a significant downward trend with the increase of strength of external
supervision ¢, strength of punishment ¢, and the decrease of external competitiveness A.
Only when external competitiveness A is extremely low , adjusting strength of external
supervision ¢ and strength of punishment ¢ make the basic reproductive number R less
than 1, thus causing the gradual elimination of unethical behavior diffusion. However,
when a certain degree of competitiveness exists in the external environment, the single
adjustment of strength of external supervision § and strength of punishment ¢ cannot
make the basic reproductive number Ry less than 1. Therefore, adopting a method of
adjusting supervision and punishment together is necessary to control the hazard. Relevant
authorities need to implement flexible supervision and punishment strategies for green
food enterprises in different industries to optimize the allocation of management resources,
thereby effectively controlling the social harm of the diffusion of unethical behavior among
green food enterprises and maintaining social stability.

On the one hand, Figure 6 shows that external competitiveness A exerts a “strengthen-
ing effect” on other external environmental intervention factors. Other external environ-
mental intervention factors” impacts on the diffusion of unethical behavior among green
food enterprises are significant in a competitive external environment. On the other hand,
strength of external supervision ¢ and strength of punishment ¢ exert a “suppression effect”
on the diffusion of unethical behavior among green food enterprises. Therefore, when
formulating prevention and control strategies, combining supervision and punishment
organically is necessary to increase the cost of implementing unethical behavior. We need
to take the different external competitiveness of different industries into formulating the
most reasonable and efficient supervision and punishment strategies to avoid inefficient
allocation of management resources, thus effectively controlling the diffusion of unethical
behavior among green food enterprises.
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3.3. Diffusion of Unethical Behavior among Green Food Enterprises under the Interaction of
Organizational Behavior and External Environmental Intervention

Figure 7a,d,g show that when strength of external supervision J interacts with level of
enterprise moral clarity i, damage degree of unethical behavior ¢, and enterprise influence
6, the diffusion probability of unethical behavior among green food enterprises has a
decreasing characteristic with the increase of level of enterprise moral clarity i, damage
degree of unethical behavior ¢, strength of external supervision J, and the decrease of
enterprise influence 8. Moreover, the basic reproductive number Ry can be reduced to
less than 1, which means that gradual elimination of diffusion of unethical behavior can
be achieved. This phenomenon reflects that the level of enterprise moral clarity ¢ plays
a regulatory role in the diffusion of unethical behavior among green food enterprises.
On the one hand, the behavioral ethical norms of green food enterprises often have a
standard ambiguity, which makes accurate judgments on whether a behavior is ethical or
not unethical. On the other hand, given that individuals usually have unique behavioral
ethical standards, different individuals may make different moral judgments when faced
with the same situation. The ambiguity in ethical judgment affects individuals” moral
decision-making, which, in turn, increases the probability of implementing unethical
behavior. When enterprise members have a high level of moral clarity, they are more certain
on whether they violate ethical norms. Therefore, level of enterprise moral clarity ¢ can
play a significant role in the prevention and control of the diffusion of unethical behavior.

Figure 7b,e,h show that when strength of punishment ¢ interacts with level of enter-
prise moral clarity ¢, damage degree of unethical behavior ¢, and enterprise influence 6, the
diffusion probability of unethical behavior among green food enterprises has the decreasing
characteristic with the increase of level of enterprise moral clarity ¢, damage degree of
unethical behavior ¢, strength of punishment ¢, and the decrease of enterprise influence 6.
Figure 7c,f,i show that when external competitiveness A interacts with level of enterprise
moral clarity ¢, damage degree of unethical behavior ¢ and enterprise influence 6, the
diffusion probability of unethical behavior among green food enterprises has a decreasing
characteristic with the increase of level of enterprise moral clarity ¢, damage degree of
unethical behavior ¢, decrease of enterprise influence 6, and external competitiveness A.
These results are consistent with the conclusions obtained from Figures 3 and 5. Under
the interaction of the organizational behavior and external environmental intervention
factors above, the gradual elimination of unethical behavior among green food enterprises
can be achieved.

Figure 7j,k,1 show that when strictness of enterprise management system 7 interacts
with strength of external supervision 4, strength of punishment ¢, and external competi-
tiveness A, the diffusion probability of unethical behavior among green food enterprises
has a diminishing characteristic with the increase of strictness of enterprise management
system T, strength of external supervision 4, strength of punishment ¢, and the decrease of
external competitiveness A. Moreover, the basic reproductive number Ry can be reduced to
less than 1. Therefore, strengthening the linkage of internal and external factors is possible
by adjusting strictness of enterprise management system 7 and external environmental
intervention factors simultaneously. This adjustment can achieve the purpose of gradual
elimination of unethical behavior.

Figure 7m,n,0 show that when enterprise ethical climate p interacts with strength
of external supervision §, strength of punishment ¢, and external competitiveness A, the
diffusion probability of unethical behavior among green food enterprises has a large-scale
increasing trend with the increase of external competitiveness A, enterprise ethical climate p,
and the decrease of strength of external supervision 6 and strength of punishment ¢. Thus,
enterprise ethical climate p is an important regulatory variable that inhibits the generation
and diffusion of unethical behavior. Enterprise ethical climate is essentially formed by the
superposition of ethical behavioral cognition of general members, managers, and senior
leaders of enterprises. Although individual moral values and enterprise ethical climate
can affect each other, individual morality must play an active role through the catalysis
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of enterprise ethical climate. An egocentric enterprise ethical climate will enable green
food enterprise to put their own interests above other considerations. Therefore, they
may implement unethical behavior to maximize benefits. On the contrary, a principled
enterprise ethical climate emphasizes compliance with ethical norms within the enterprise,
and the probability of implementing unethical behavior is greatly reduced.
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Figure 7. The interactive influence of organizational behavior and external environmental interven-
tion factors on the diffusion of unethical behavior among green food enterprises. The factors involved
in the figure are level of enterprise moral clarity ¢, damage degree of unethical behavior ¢, enterprise
influence 0, strictness of enterprise management system 7, enterprise ethical climate p, strength of
external supervision J, strength of punishment ¢, and external competitiveness A.

In addition, Figure 7 indicates that level of enterprise moral clarity i, damage de-
gree of unethical behavior ¢, and enterprise influence 6 exert a “strengthening effect” on
external environmental intervention factors. Thus, external environmental intervention
factors” impacts on the diffusion of unethical behavior among green food enterprises can
be strengthened, and the diffusion will gradually be eliminated if level of enterprise moral
clarity ¢ and damage degree of unethical behavior ¢ are high or enterprise influence 6 is low.
In addition, enterprise ethical climate p exerts a strong “strengthening effect” on external
environmental intervention factors. The influence of external environmental intervention
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factors on the diffusion probability of unethical behavioral among green food enterprises
is significant in the egocentric enterprise ethical climate. For such green food enterprises,
strengthening external interventions is necessary to prevent large-scale diffusion of uneth-
ical behavior. Therefore, when formulating prevention and control strategies, creating a
principled enterprise ethical climate from a global perspective is necessary to prevent core
green food enterprises from implementing unethical behavior. Moreover, adjusting the
strength of external supervision and punishment flexibly according to different competitive
environments outside green food enterprise can be significant. We also need to increase the
strictness of enterprise management system and the level of enterprise moral clarity. In this
scenario, the diffusion of unethical behavior can gradually be eliminated.

3.4. Sensitivity Analysis of Parameters

To describe the evaluation characteristics of unethical behavior diffusion better, we
conduct the sensitivity analysis by changing the key parameters of strictness of enterprise
management system T, enterprise ethical climate p, strength of external supervision 6,
and strength of punishment . Under the circumstance of m = my = 5, network scale
N =500,0=021=9 =03,¢=pu=p=¢ = 04, we change the key parameters as
follows: (1) p =01, = =171=02,A=042)p=0155=¢ =1 =03, A =05
B)p=02==1=04A1=06;(4)p=0250=C=1=05A=07.

This section analyzes the sensitivity of these parameters to the nonlinear diffusion of
unethical behavior among green food enterprises. Table 2 show the simulation results. The
basic reproductive number Ry maintains the original trend under different key parameters,
indicating that the conclusions obtained from the simulation analysis are robust.

Table 2. A sensitivity analysis of the impact of strictness of enterprise management system T,
enterprise ethical climate p, strength of external supervision §, and strength of punishment ¢ on the
evolution characteristics of unethical behavior diffusion among green food enterprises.

- p Expectation  Variance
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
A=04E=5=02
0.1 2.98 7.42 12.60 18.40 24.70 31.40 38.40 45.70 53.30 26.10 270.00
0.2 2.20 6.00 10.80 16.30 22.40 29.10 36.30 44.00 52.10 24.40 267.00
0.3 1.75 5.08 9.48 14.70 20.80 27.40 34.70 42.60 51.00 23.10 262.00
0.4 1.43 441 8.49 13.50 19.40 26.00 33.40 41.40 50.10 22.00 256.00
0.5 1.20 3.88 7.69 12.50 18.20 24.80 32.20 40.30 49.20 21.10 250.00
0.6 1.02 3.44 7.01 11.60 17.20 23.70 31.10 39.30 48.40 20.30 244.00
0.7 0.87 3.07 6.43 10.90 16.30 22.70 30.10 38.40 47.60 19.60 238.00
0.8 0.75 2.76 5.91 10.20 15.50 21.80 29.10 37.50 46.80 18.90 231.00
0.9 0.65 2.48 5.45 9.53 14.70 20.90 28.30 36.60 46.10 18.30 226.00
A=05&£=56=03
0.1 2.70 6.71 11.40 16.70 22.30 28.40 34.70 41.30 48.20 23.60 221.00
0.2 1.99 5.42 9.72 14.70 20.30 26.30 32.80 39.80 47.10 22.00 218.00
0.3 1.58 4.59 8.57 13.30 18.80 24.80 31.40 38.50 46.10 20.80 214.00
0.4 1.29 3.98 7.68 12.20 17.50 23.50 30.20 37.40 45.30 19.90 209.00
0.5 1.08 3.50 6.95 11.30 16.50 22.40 29.10 36.40 44.50 19.10 204.00
0.6 0.92 3.11 6.34 10.50 15.60 21.40 28.10 35.50 43.70 18.40 199.00
0.7 0.79 2.78 5.81 9.81 14.70 20.50 27.20 34.70 43.00 17.70 194.00
0.8 0.68 2.49 5.34 9.18 14.00 19.70 26.30 33.90 42.30 17.10 189.00
0.9 0.59 224 493 8.61 13.30 18.90 25.50 33.10 41.60 16.50 184.00
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Table 2. Cont.

- p Expectation  Variance
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
A=06&£=06=04
0.1 2.54 6.32 10.80 15.70 21.00 26.70 32.70 38.90 45.40 22.20 196.00
0.2 1.88 511 9.16 13.90 19.10 24.80 30.90 37.50 44.30 20.70 193.00
0.3 1.49 4.33 8.07 12.60 17.70 23.40 29.60 36.30 43.50 19.70 190.00
0.4 1.22 3.75 7.23 11.50 16.50 22.20 28.40 35.30 42.70 18.80 186.00
0.5 1.02 3.30 6.55 10.60 15.50 21.10 27.40 34.30 41.90 18.00 181.00
0.6 0.87 2.93 5.97 9.90 14.70 20.20 26.50 33.50 41.20 17.30 177.00
0.7 0.74 2.62 5.47 9.24 13.90 19.30 25.60 32.70 40.50 16.70 172.00
0.8 0.64 2.35 5.03 8.65 13.20 18.60 24.80 31.90 39.80 16.10 168.00
0.9 0.55 2.11 4.64 8.11 12.50 17.80 24.10 31.20 39.20 15.60 164.00
A=07&£=5=05
0.1 2.44 6.08 10.40 15.10 20.20 25.70 31.40 37.40 43.70 21.40 181.00
0.2 1.81 491 8.81 13.30 18.40 23.90 29.80 36.00 42.70 20.00 179.00
0.3 1.43 4.16 7.76 12.10 17.00 22.50 28.50 34.90 41.80 18.90 176.00
0.4 1.17 3.61 6.96 11.10 15.90 21.30 27.30 33.90 41.00 18.00 171.00
0.5 0.98 3.17 6.30 10.20 14.90 20.30 26.40 33.00 40.30 17.30 168.00
0.6 0.83 2.82 5.74 9.52 14.10 19.40 25.50 32.20 39.60 16.60 164.00
0.7 0.71 2.52 5.26 8.89 13.30 18.60 24.60 31.40 39.00 16.00 159.00
0.8 0.61 2.26 4.84 8.32 12.70 17.90 23.90 30.70 38.30 15.50 155.00
0.9 0.53 2.03 4.46 7.80 12.00 17.20 23.10 30.00 37.70 15.00 151.00

The results in Table 2 further verified the conclusions obtained in Figures 4 and 7.
Enterprise ethical climate p exerts a “strengthening effect” on other factors. Moreover,
Table 2 and Figure 4 indicate that enterprise ethical climate p plays a leading role in the
diffusion of unethical behavior among green food enterprises. The effect of enterprise
ethical climate p to inhibit the diffusion of unethical behavior among green food enterprises
is much stronger than other factors. Therefore, formulating targeted prevention and control
strategies from this aspect is effective.

4. Conclusions

This study comprehensively considers organizational behavior and external environ-
mental intervention factors, and builds a nonlinear diffusion evolution model of unethical
behavior among green food enterprises. Then, we conduct a simulation analysis of the
diffusion mechanisms and evolution characteristics of the diffusion of unethical behavior
among green food enterprises. The main conclusions are as follows:

(1) In the green food enterprises network, the diffusion probability of unethical be-
havior has a decreasing trend with the increase of the level of enterprise moral clarity,
damage degree of unethical behavior, strictness of enterprise management system, and the
decrease of enterprise influence and enterprise ethical climate. The single adjustment of
the level of enterprise moral clarity, damage degree of unethical behavior, and enterprise
influence has little influence on the diffusion of unethical behavior. Even if the formulation
of control strategies is based on their interaction, the strategies can only reduce the diffusion
probability to a certain extent and is unable to eliminate the diffusion. When the level of
enterprise moral clarity, damage degree of unethical behavior, and enterprise influence
interact with enterprise ethical climate, the diffusion probability shows an evident varia-
tion. The variation reflects that enterprise ethical climate exerts a “strengthening effect”
on other organizational behavior factors. Moreover, strictness of the enterprise manage-
ment system exerts a “suppression effect” on the diffusion of unethical behavior, and the
“strengthening effect” of the enterprise ethical climate is stronger than the “suppression
effect” of the strictness of the enterprise management system. Therefore, when formulating
prevention and control strategies, we should take a principled enterprise ethical climate
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as the foundation and increase level of enterprise moral clarity. We must maintain the
strictness of the enterprise management system moderately and strengthen the control of
the core enterprise with greater influence, reduce the emergence and contagion of unethical
behaviors of enterprises, effectively prevent the spread of immoral contagion of green food
enterprises in the green food market, and even cause major food safety problems.

(2) In the green food enterprises network, the diffusion probability of unethical be-
havior shows a decreasing trend with the increase of strength of external supervision,
strength of punishment, and the decrease of external competitiveness. However, the single
adjustment of strength of external supervision, strength of punishment, and external com-
petitiveness can only play a role in reducing the diffusion probability to a certain extent,
and it cannot gradually eliminate unethical behavior. However, when strength of external
supervision interacts with strength of punishment, the diffusion probability of unethical
behavior shows a significant downward trend with the increase of these two factors. As a
result, diffusion can be eliminated gradually. When external competitiveness interacts with
strength of external supervision and strength of punishment, the diffusion probability of
unethical behavior shows a downward trend. However, when external competitiveness is
extremely low, the single adjustment of strength of external supervision and strength of
punishment will eliminate the diffusion gradually. In addition, external competitiveness
exerts a “strengthening effect” on other external environmental intervention factors. Fur-
thermore, strength of external supervision and strength of punishment exert a “suppression
effect” on the diffusion of unethical behavior. Therefore, when formulating prevention
and control strategies, relevant departments such as enterprises or governments should
combine supervision and punishment organically is necessary to increase the cost of imple-
menting unethical behavior and through the interaction of supervision and punishment
mechanisms, the impact of unethical behavior of green enterprises is minimized. On the
basis of considering the external competitiveness of green food enterprises, we need to
increase the supervision of green food by relevant departments and the punishment of
green food enterprises on food safety issues. By doing so, inefficient allocation of manage-
ment resources and the fluke psychology of green food enterprises can be avoided, and the
diffusion of unethical behavior among food enterprise can be effectively controlled.

(3) In the green food enterprises network, when the level of enterprise moral clarity,
damage degree of unethical behavior, and enterprise influence interact with external
environmental intervention factors, the diffusion probability of unethical behavior shows an
evident decreasing characteristic. In addition, such adjustments can gradually eliminate the
diffusion. Moreover, when strictness of an enterprise management system and enterprise
ethical climate interact with external environmental intervention factors, the diffusion
probability of unethical behavior can be reduced to a level that is close to 0, thus controlling
the diffusion of unethical behavior effectively. Moreover, level of enterprise moral clarity,
damage degree of unethical behavior, enterprise influence, and enterprise ethical climate
exert a “strengthening effect” on the external environmental intervention factors. The
“strengthening effect” of enterprise ethical climate is much stronger than the other three
factors. Therefore, when formulating the prevention and control strategies, constructing
a principled enterprise ethical climate is necessary to prevent core green food enterprise
from implementing unethical behavior. Adjusting the strength of external supervision and
punishment flexibly according to different competitive environments outside green food
enterprise is also significant. Finally, we need to increase the strictness of the enterprise
management system and the level of enterprise moral clarity. By doing so, the diffusion of
unethical behavior can be eliminated gradually.

Under the interaction of organizational behavior and external environmental inter-
vention, this study analyzes the diffusion mechanisms and evolution characteristics of
the diffusion of unethical behavior among green food enterprises. The analysis enriches
the theoretical results and helps us understand the evolution process of the diffusion of
unethical behavior among green food enterprises. The conclusions of this study can pro-
vide theoretical references for relevant functional departments to prevent and control the
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large-scale diffusion of unethical behavior among green food enterprise, so as to provide
a theoretical reference for food safety and other food problems in society. At the same
time, the infection model constructed in this paper can also be applied to the development
of control strategies for problems caused by the contagion of unethical behaviors; for
example, the problem of medical data leakage is related to unethical behaviors such as
the purchase and sale of private information by related enterprises. However, in order
to deeply consider the differences between various corporate ethical standards and their
impact on the diffusion of unethical behaviors, and also to consider the influence of con-
sumers, governments, and corporate emotions on moral judgment, this paper can enrich
and improve the theoretical analysis framework of the diffusion of unethical behaviors
from the perspectives of differences in corporate ethical standards and moral disgust of
market entities in the future.
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Abstract: Cold chain transportation guarantees the quality of fresh agricultural products in people’s
lives, but it comes with huge environmental costs. In order to improve transportation efficiency
and reduce environmental impact, it is crucial to quantify the routing planning problem under the
impact of carbon emissions. Considering fixed costs, transportation costs, and carbon emission
costs, we propose a mixed integer linear programming model with the aim of minimizing costs.
However, in real conditions, uncertainty poses a great challenge to the rationality of routing planning.
The uncertainty is described through robust optimization theory and several robust counterpart
models are proposed. We take the actual transportation enterprises as the research object and verify
the validity of the model by constructing a Benders decomposition algorithm. The results reveal
that the increase in uncertainty parameter volatility forces enterprises to increase uncontrollable
transportation costs and reduce logistics service levels. An increase in the level of security parameters
could undermine the downward trend and reduce 1.4% of service level losses.

Keywords: agricultural products; routing planning; robust model

1. Introduction

Fresh agricultural products have become a necessity in daily life with huge market
demand [1,2]. With the gradual improvement of living conditions, people’s demand for
the quality of agricultural products has also been soaring. Freshness, greenness, and
health have gradually become the focus of people, especially agricultural products such
as vegetables, fruits, meat, and seafood. The invention and use of modern transportation
equipment, means of transportation, and logistics modes have met people’s high quality
demand for fresh agricultural products. The effective connection of the distribution link
from the production base to the point of sale plays a key role in ensuring the quantity and
quality of agricultural products transported [3,4]. The transportation of fresh agricultural
products is different from the counterpart of other products. In the process of transportation,
it is strictly dependent on cold chain transportation, and transportation conditions are
strictly controlled, including measures to strictly ensure the quality of agricultural products,
such as constant temperature and humidity [5]. In recent years, the transaction scale of
fresh food e-commerce in China has reached 364.13 billion yuan (2020) and 465.81 billion
yuan (2021). At the same time, the loss of agricultural products in transit is staggering.
Up to 40% of fresh produce losses in North America cost USD 218 billion. Food waste
in the EU reaches 89 million tons per year. Fresh agricultural products are perishable,
which is the main reason for their loss, and how to reduce the loss of agricultural products
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has become the focus of research in the industry and academia. The circulation mode of
fresh agricultural products in China is still based on the traditional mode of urban farmers’
markets. Reasonable planning of the transportation path of agricultural products can
improve transportation efficiency and reduce logistics costs.

During the transportation of fresh products, the measures to reduce and delay the
decay of products are as follows. First of all, reduce the decay rate of the storage link, and
use refrigeration equipment to keep the product fresh [6,7]. Second, in the distribution
process, adopt a precise distribution mode, avoid multiple transfers and repeated loading
and unloading, and try to deliver the exact number at the exact time and place according
to the order quantity. Third, in the sales process, retail terminal sellers and stores take
appropriate strategies or measures, including promotional measures such as secondary
packaging, or bundled sales, to sell products in time. Fourth, in the process of processing
unsold spoiled products, improve the recovery rate of fresh products, effectively classify
and harmlessly treat products, and improve resource utilization or secondary use, including
establishing biogas digesters and animal feed processors. Among the above-mentioned
main links, the most important methods currently adopted are the first two, which are also
the most commonly used measures and strategies at present. How to optimize the manage-
ment strategy, reduce the loss of fresh agricultural products, and improve transportation
efficiency has significant value for the current actual demand.

In addition, the environmental impact during the transportation of fresh agricultural
products is also a topic worth noting. Fresh agricultural products not only require the use
of a large number of vehicles to meet the demand; for example, ordinary product shipping,
but also have a greater environmental impact during transportation due to their special
requirements for the refrigeration equipment of vehicles. Coupled with its huge market size,
if the issue of excessive energy consumption cannot be effectively addressed, it will further
aggravate its negative impact on the environment and further aggravate the deterioration
of the climate and environment. In response to global climate change, many countries and
regions have put forward corresponding policies and measures, including energy structure
adjustment, industrial structure adjustment, and operation mode transformation, among
others [8]. In response to global climate change, China has solemnly proposed the great
goal and vision of carbon neutrality [9-12]. The core of energy transformation under the
carbon-neutral vision is the gradual replacement of high-carbon energy with zero-carbon
and low-carbon energy, and the optimization and innovation of traditional technology with
low-carbon and high-efficiency development technology.

The main contributions of this paper are as follows:

+  Weinclude constraints such as carbon emission limits into the research on fresh agricul-
tural product routing planning, and comprehensively consider multiple costs to study
the timeliness of transportation, operation economy, and environmental sustainability.

+  We extend deterministic parameters to uncertain scenarios and propose to establish
two robust corresponding models to solve the thorny problem of parameter data
scarcity in uncertain scenarios.

+ In order to improve the compatibility of the algorithm, we introduce a Benders
decomposition algorithm to verify the model and compare the feasibility of the
routing planning scheme through real cases.

The rest of this paper is organized as follows. Section 2 briefly introduces the literature
review. Section 3 presents the problem and builds a basic linear programming model
for deterministic scenarios. Section 4 extends the model to robust optimization models
in uncertain scenarios. In Section 5, we collect data and build the algorithm framework.
Section 6 conducts a sensitivity analysis. Section 7 concludes this paper and outlines
possible future research.

2. Literature Review

Greenhouse gas emissions in the fresh agricultural products industry has become an
important research field. Many scholars have shown that fresh agricultural products in
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the cold chain transport process will produce a lot of greenhouse gases, which has a great
negative impact on the environment. The research on the transportation of agricultural
products has attracted a large number of scholars, and the research scope covers cold
chain transportation, perishable product transportation, uncertainty, vehicle scheduling,
carbon emission issues, and so on [13-16]. Along with the national government and
the people’s attention to environmental issues, the concepts of “low-carbon life”, “low-
carbon logistics” and “low-carbon economy” have been proposed especially for carbon
emissions. The transportation of fresh agricultural products is still dominated by fossil
fuel consumption due to its large transportation volume and long transportation distance.
The proportion of clean energy use is still low, which is difficult to meet the needs for
environmentally sustainable development. Under the background of a carbon neutral
policy, how to effectively measure the carbon emissions of the fresh agricultural product
transportation industry and optimize the transportation network has important research
significance for protecting the ecological environment and improving resource utilization.

Research related to agricultural products has attracted many scholars, as shown in
Table 1. The supply chain of fresh agricultural products involves many complex links.
Due to the uncertainty and instability of the environment, the uncertainty of demand
or supply is often very difficult. In other words, the market demand or production area
supply is often inestimable and is disturbed and affected by the real environment, including
many uncertain factors such as weather, climate, emergencies, and [17] uncertainty. At the
supply level of fresh agricultural products, the output of agricultural products depends on
the stability of climatic conditions. The application of modern advanced equipment has
played a good role in promoting the stability of agricultural product supply. The existing
research on supply stability focuses on technology, such as equipment and cultivation
technology, and pays less attention to management and operation optimization. At the
level of demand for fresh agricultural products, the improvement of living standards
makes people have higher demand. It is not only the increase in demand, but also the
improvement in quality. The demand for fresh products is extremely unstable and is
directly affected by consumer preference behavior, which is difficult to directly measure
and quantify [16,18]. The heterogeneous preferences of consumers directly lead to the
uncertainty of demand [19].

Table 1. Related literature.

Agricultural
Literature Product
Transportation

[20] *
[21] *
[22]
[23]
[24]
[25]
[26]
[27]
(28]
[29]
This paper

Quantitative Carbon

Analysis Emissions  oreertainty Real Cases

EE S

*

¥ X X X % ¥ ¥ ¥

* % ox x

* * *

Note: * represent that the content listed in the title of column is studied in the corresponding reference.

Existing literature focuses on the research of consumer behavior analysis in deter-
ministic scenarios, and few literature focuses on uncertain scenarios. Based on the above
analysis, it is of practical value to carry out research on the transportation planning of fresh
agricultural products under uncertain scenarios. There are still the following research gaps
in the research on fresh agricultural product transportation. First, the traditional linear
programming model does not take into account the carbon emission of fresh agricultural
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products transportation. Second, the model in deterministic scenarios is too ideal and it is
necessary to research and expand in uncertain scenarios. Third, previous studies mostly
use hypothetical numerical cases, which are difficult to guide corporate decision-making.

3. Problem Description
3.1. Problem Description

In the context of carbon neutrality goals, higher requirements have been posed for the
innovation of agricultural transportation scheduling. We have considered the production,
transportation, and distribution systems of fresh agricultural products, including multiple
origin centers (pastures or farms), multiple distribution centers, and multiple demand sites.
Fresh agricultural product transportation companies transfer fresh agricultural products
through transportation (trucks) and transport them to demand sites (see Figure 1). Affected
by the particularity of agricultural products, during the transportation of fresh agricultural
products the number of agricultural products arriving is reduced due to the problem
of decay. In the process of transportation, the potential decay of fresh food should be
considered so that the initial transportation quantity should be increased. Fresh agricultural
products finally arrive at the demand site for sale. In terms of traffic scheduling planning,
how to effectively avoid risks and improve benefits is a hot research topic at present. At the
same time, our research has also promoted the implementation of carbon neutrality goals.

Order feedback X

S 0

~

Deterioration

Original X > <>
Center PN
X

Distribution Center

Demand site

Figure 1. Transportation planning for fresh agricultural products.

3.2. Assumptions

According to the feasibility and scientific nature of mathematical modeling, this section
proposes the following basic assumptions:

+  Itis assumed that logistics transportation is one-way transportation [30], that is, the
direction is from the origin to the demand place;

+  All agricultural products supplied are from the origin sites, and there is no input from
outside the industrial chain [31];

+  Transport vehicles of the same model (fuel consumption and capacity) are used in the
same phase;
Know the location of candidate demand sites in advance [32];
The speed of the vehicle varies depending on the actual situation [33].
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4. Model
4.1. Mixed Integer Linear Programming Model

In this section, the routing planning of the fresh agricultural products transportation
network is modeled and analyzed. Considering the various costs in the research problem
comprehensively, namely the fixed cost of distribution centers, configuration cost of ve-
hicles, transportation cost, and time windows cost, a mixed integer linear programming
model (MILP) model is constructed. The objective is to minimize the total cost, as shown in
Formula (1).

Zzel C Xi + Zzel c! n; + Zzel Z]e] Cljdz] [%—‘

minimize 1)

HEXYEY | 4+ Y ie; Z]EI yijc 1]{ + wij — fo,O} + Yier Z]e] Cz]EZ]dIJ”i
Subject to,

s.t. Z o Xi < | ()

Yij < Mx;, Viel 3)

t; <t +yijdijvlj + Wjj < tl],Vi € I,Vj e] 4)

Loy =19 € ®)

Y. 1y liqi] < iy, Vi € 1 ©)

nihy < HM"™ Vi e I (7)

Yoot By < ™ ¥ € | ®)

[yif]dy < 4™, Vi€ 1,Yj € ] ©)

X; € {O,l},?li S {011/-~-/N}/yij S [0,1],Vi S I,Vj S ] (10)

The relevant constraints are explained as follows. Constraint (2) is the quantity
constraint of available distribution centers. Constraint (3) means that the premise of the
routing planning decision is that the distribution center is selected [34,35]. Constraint (4) is
a time window constraint, and t;, t]‘«‘ represents the minimum arrival time and the maximum
arrival time, respectively [36,37]. Constraint (5) means that the demand of any demand
station must be met. Constraint (6) indicates that the actual transportation volume is
lower than the rated transportation volume. Constraint (7) is the inventory constraint
of the distribution center. Constraint (8) refers to carbon emission constraints, and the
cumulative carbon emissions are strictly limited by carbon-neutral policies. Constraint (9)
is the maximum mileage constraint for the truck. Constraint (10) represents constraints on
related decision variables.

4.2. Interval Robust Counterpart Model

The complete information scenario is the most ideal scenario in theoretical research.
On the contrary, the external environment of the market is full of uncertainty, so there is
no ideal scenario in real life [38]. There are great uncertainties in the transportation of
green agricultural products, especially the uncertainty of demand and the uncertainty of
supply. Many scholars use robust optimization theories and methods to resist the influence
of uncertain factors [39—41] and verify the feasibility of the robust model through multiple
dimensions [42—44], citing the research ideas of relevant scholars [45-47] to expand the
demand uncertainty in the transportation of green agricultural products.

Proposition 1. Introduce a robust optimization theory to define uncertain parameter sets Uy,
the transformation from deterministic to uncertain parameters can be realized, then the objective

function rrumrmze{F Xi, Yij ‘q]} in the deterministic model can be transformed into
yz/
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minimize {F(xi,yij %, ejA)} in Equation(11) of the interval robust counterpart (IRC) model,
X,‘EX,yijEY,SjQUI ]

1-71 —

0 e

with the constraints (6) in the MILP model relaxed to } ey % + ¥ sup YLjcj codj [M—‘ <
SjGU[

nihv, VZ S I.

Proof of Proposition 1. The complete information situation is further transformed into
an incomplete information situation, and the deterministic MILP model is transformed
into a robust model, the goal of which is to pursue total cost minimization under the
condition of incomplete information. Based on the basic MILP model, which g; under
the complete information scenario defines the interval value uncertainty set U, which is
{'qvj eR",§; = L]? +ejh e € [a, b}ije] g <Y, Vj}, where q? is the nominal value, A is the
benchmark floating quantity, and ¢; is the uncertain parameter. Only the floating interval
[a,D] is known but the specific probability distribution is not known and ¥ is a safety
parameter indicating the amount of uncertainty, so we made q; — ﬁ] . Then, the related con-
straints are further relaxed to meet the constraints of real resource constraints. Among them,
the constraint Z]e I Y q/ < n;hy,, Vi € I in the MILP model, the relaxation is as Equation (16).
Similarly, g; — g; is also replaced in the objective function, and the objective function is also
transformed into a robust problem in an uncertain parameter environment. To simplify the

expression, let Fo(y;; q; 9) and F'[yjj, €, A] represent the expressions of objective functions for

Yijqj
deterministic and uncertain scenarios, respectively. Among them, } i1} e ¢; d { hv(lj jr)]

is transferred to ¥ sup ) ;¢ Yies Codjj [m—‘ ,qj = qj +¢;A. The objective function is

E]'GUI

disassembled g; — q? +¢jA, ¢; € Uj to obtain the objective under the uncertain situation

q?,ejA)}. O

with safety parameters, as shown in (11), which is minimize {F (x;, Yij
XiEX,y,'jEY,SjEUI

The objective function (11) of the IRC model is to minimize the total cost.

+
Yiel C xXi + Yiercini+ Yier E]e] yijc 1]{ +wjj — tO/O}

Yijq
minimize +Yier Ljej CiiEfdijni + Lier Ljej Cijdij {hv(lj ]r)-‘ (11)
xi€X,yii€
Yij€j iA
+¥ sup Zze[ Z]E] Cl]dz] [ (] )-‘
SJEU]
Subject to,

Constraints (2), (3), (4), (5)

yl]q] yz]] .
Z]e] 1= +‘I’sup2]6]cv ,][1 po < njhy,Viel (12)

Constraints (7), (8), (9), (10)

Interpretations of the relevant constraints of the IRC model are as follows. Constraints (2)—(5)
have the same meaning in the MILP model. They are quantity constraints of distribution
centers, association constraints of routes and distribution centers, time windows constraints,
and demand satisfaction constraints. Constraint (16) indicates that the actual traffic volume
under uncertain conditions is lower than the rated traffic volume constraint. The meaning
of constraint (7)-(10) is the same as in the MILP model.
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4.3. Ellipsoid Robust Counterpart Model

In addition to interval uncertainty sets, ellipsoidal uncertainty sets are also commonly
used tools to characterize uncertain parameters. In this section, we build the ellipsoidal
robust counterpart (ERC) model.

Proposition 2. Introduce a robust optimization theory to define an ellipsoid uncertainty set
Ug, which can realize the transformation of deterministic parameters to uncertain parameters,

then the objective function mlr;gmlze{xl,y,/]q]} in the MILP model can be converted to
xeXyjeY

o e . /
neimize {Flxi; Q,,C])}gg)gfymezy{%(xz i) + Go(xi yt]\q]) +0§sup G (i, yl]é])}

in the ERC model, with the constraints (6) in the MILP model will be relaxed to
vd' ]/z]q Q yijejA 2
Licl Lje] Cijdij i | T sup EIEIZ]E]( ’th(l_ﬂ[)—‘) '

Proof of Proposition 2. The complete information scenario is extended to the incomplete
information scenario, and the demand parameters are expanded, represented by g; [48,49].
The basic MILP model is further transformed into the ERC model, where the ellipsoid set is

defined as the Ur = {q] € ]R”,q] = q +EA,||¢] < Q} uncertainty parameter covariance

satisfying {qj eR”, (g; — qj) g - qj) < Qz}, where qj is a nominal value, A = X2,
X is a positive definite matrix, and () is a safety parameter indicating the amount of un-
certainty. By using an affine transformation, it can also be expressed as a ball of radius ().
Considering q; — g, the constraints associated with it are further relaxed to satisfy the con-

Yi q
straint constraints, where Z]e i1 Yifi q/ < nihy is constrained, which is relaxing as Yjc; T ==+

Q sup Yies (Cv i ’7%]5/ —D < nihy. Similarly, we let q; — 17] be replaced in the objec-
¢ielg
tive function, and the objective function is also transformed accordingly. To simplify the

+
expression, set Go(x;, yij) = Zlelc Xi+ Lier ¢ini + Yier Yjey Yij€ Z]{ +wjj — to,O} and

Yijq;
G(yij, q})) Lier Ljey CijEjidijni + Yier Yjey ciidij [(])—‘ and consider the robustness

YiiGiA
[m—‘) < chup G'(xi,yijlg;A), to repre-
]
sent the optimal strategy under the worst case, mlmmlze{F X;,yij) } that is changed to
r]/z]
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of the objective function \/ Yicr Xjej (c:-’jdij
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0
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The objective function of the ERC model is to minimize the total cost (13).

+
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BDentand s

Constraints (2), (3), (4), (5)

0 5
Y] Y ‘
Zje] -1 +Qsup \/E]’E] (Cvdij ’VE < njh,,Viel (14)

§ielg

Constraints (7), (8), (9), (10)

Interpretations of the relevant constraints are as follows. Constraints (2)—(5) in the ERC
model mean the same as those in the MILP model, which are, respectively, the quantity
constraints of distribution centers, routing and distribution center association constraints,
time windows, and demand satisfaction constraints. The constraint (14) indicates that the
actual traffic volume under uncertain parameters is lower than the rated traffic volume
constraint. The meaning of constraint (7)—(10) is the same as in the MILP model.

5. Data and Algorithm

In this section, we will verify the effectiveness of the proposed model and theory in
real scenes. A transportation enterprise located in the famous vegetable production base
in Shouguang, Shandong Province, was selected as the case study object. Vegetables are
famous for their high level of industrialization, large area, high yield, high quality, and
complete varieties [50]. This paper studies an agricultural production and marketing enter-
prise, which is engaged in the production and marketing operation services of agricultural
products. The specific process is to purchase agricultural products from the original center
(OCQ), transfer them through the transit distribution center (DC), and transport them to
the target demand site (DS). The specific form is shown in Figure 2. The production base
uses new production technology and advanced production equipment, which can not only
produce high-quality organic products but also realize the off-season production of some
vegetables, which can be continuously distributed to the distribution. The department
supplies fresh produce. The selection of candidate transit warehouses refers to a variety of
criteria, including the accessibility of the traffic location, whether the equipment meets the
standard, whether the warehouse capacity meets the demand, and the economy. Through
comprehensive screening, five candidate warehouses were finally determined, which were
marked with symbol circles. The demand site is the supermarket closest to the user. These
supermarkets are densely distributed on the main roads and traffic-intensive areas of the
city, respectively.

The contents of this section are outlined below. Section 5.1 introduces the source and
data structure of the data used in this case. Section 5.2 designs a solver-based solution
algorithm framework.

Origj_nalc_entﬂ < @

Figure 2. Geographical location.

5.1. Data

The basic data information involves refrigerated transfer stations, refrigerated trucks,
and demand sites. The data comes from field research [51,52], as shown in Tables 2 and 3.
The actual distance between two sites can be directly obtained from Google Maps with web
crawling technology, as shown in Table 4.
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Table 2. Refrigerated truck parameters.

Item Data
The load of transportation tools 1000-1500 kg
The unit energy consumption 25L
The maximum speed limit 60 km/h
The average speed 3045 km/h

Table 3. Data of the distribution center.

The Distribution Center DCy DC, DC; DCy DCs5
The fixed cost 15,000 CNY 20,000 CNY 10,000 CNY 20,000 CNY 20,000 CNY
The maximum stock 9000 kg 7000 kg 8000 kg 6000 kg 6000 kg
Longitude (E) 117.019473 117.531636 117.5187 117.388586 117.391322
Latitude (N) 36.719945 36.678218 36.882706 36.690375 36.740998
The demand site Dsq Ds, Dsj3 Dsy Dss
The nominal demand 2000 kg 3500 kg 4000 kg 2500 kg 3000 kg
The demand site Dsg Dsy Dsg Dsg Dsqg
The nominal demand 2500 kg 3000 kg 4500 kg 3000 kg 3500 kg

Table 4. Distance.

DG DC, DC; DC,4 DCs
Ds; 16.4 km 11.2 km 10.8 km 7.2 km 13.9 km
Dsy 39.9 km 62.3 km 60.9 km 57.1 km 58.2 km
Ds3 522 km 54.4 km 53.3 km 59.7 km 55.2 km
Dsy 66.8 km 60.4 km 57.9 km 56.6 km 56.1 km
Dss 36.1 km 50.1 km 36.1 km 32.2km 453 km
Dsg 7.8 km 11.7 km 12.3 km 10.4 km 8.5km
Ds; 58.7 km 41.9 km 62.4 km 60.5 km 58.5 km
Dsg 64.2 km 51.1 km 53.2 km 53.1km 56.5 km
Dso 50.5 km 62.2 km 59.2 km 60.8 km 56.4 km
Dsqo 412 km 36.9 km 37.5km 35.6 km 33.5 km

5.2. Algorithm

Based on the above basic data values, this section uses Python as the programming
platform to design the solution framework, and calls the solver Gurobi (9.5) to solve the
MILP, ERC, and IRC models. To ensure the scientificity of the case, the control variable
method is used for verification, and the same environment (Windows 10, Intel (R) Core (TM)
i5-8300H, HP, USA) is used on the same computer CPU@2.3 GHz, RAMS GB, 512 G SSD).

The Benders decomposition algorithm has been widely used in various optimization
problems [53-55]. In order to solve the problem of routing planning for large-scale fresh
agricultural products, we will build a solution framework based on Gurobi in this section.
However, algorithms based on solvers often require high-standard forms of models and
are difficult to solve large-scale computing problems. To effectively deal with non-standard
model optimization problems, we develop a customized Benders decomposition algorithm
to solve them. Firstly, we separate the original problem into a subproblem. Then, we solve
the subproblem to obtain the initial feasible solution. Secondly, we trace the initial feasible
solution of the subproblem back to the main problem and further construct the overall
optimization model considering the relevant constraints of the main problem. Thirdly, in
order to improve the efficiency of the model, we adjust the constraints in the model that
are difficult to solve directly by adding optimal cuts or feasible cuts to Farkas’ lemma [56].
Finally, we derive the optimal or feasible solution of the model. The overall framework of
our improved algorithm is shown in Algorithm 1.
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Algorithm 1. Benders decomposition algorithm

: oo b e . .. .. e
Input nominal parameters : ci,ci].,cij,cij,dzj,q],hv,f,vzj,wzj,to, Eij

Initialization boundary : (LB := —oo, UB := +o0), Set (I, ])

1 Identify Master problem {MP, F(x;, n; ’yi]-) }, Sub-problem {SP, F (yi]-)}
2 Repeat nn +— 1

3 for MILP model, g; < g;

4 for IRC model, g; < q? +eiA e e Up

5 for ERC model, gj < q? + @A, C]- e Ug

6 SP <— Dual Sub-problem (DSP)

7 solving DSP by Gurobi get y;‘j ( dual variables of yl.].) with constraints
8 if DSP is unbounded, add benders feasibility cut in MP
9 if obj" psp < UB"1, UB"*1 = obj"

10 else, UB"*! = UB"

11 if DSP is bounded, add benders optimality cut in MP
12 if obj"psp < UB™1, UB"*1 = obj"

13 else, UB"! = +UB"

14 if no feasible solution for DSP

15 end

16 Obtain x;, n; by solving MP

17 if obj" \yp > LB"+1, LB"+1 = obj"

18 else, LB"*! = LB"

19n+n+1

20 until (Iterations = n or UB — LB < ¢)
Return value {x}, nj, _1/1.*].}

6. Simulation

In Sections 6.1 and 6.2, we analyze the impact of safety parameters and volatility. We
present the routing planning scheme in Section 6.3. We compare the impact of carbon tax
changes in Section 6.4. In Section 6.5, we compare the impact of changes in storage ratios
across warehouses.

6.1. Influence of Safety Parameters

We compare the advantages of each model through cost response to safety parameters,
as shown in Figure 3. The horizontal axis in the figure is a safety parameter, and the vertical
axis is the total transportation cost. It can be seen that the MILP model has strong stability,
and its total cost will not change with the change in security parameters. However, at the
same time, there are also defects, that is, it is impossible to deal with planning problems
in an uncertain environment. In the case of uncertain market parameters, both the IRC
and ERC models can be obtained by feasible solutions but at the same time, the price
of robust rots is required to resist the interference of uncertain parameters [57,58]. As
the level of security parameters increases (that is, the uncertainty expansion), the total
transportation costs show an upward trend. When the market is uncertain (SP = 10, all
sites are disturbed by uncertain parameters), the maximum increase in total transportation
costs is 20.1%, that is, the maximum cost increase in the worst scenario is 20.1%. In terms
of the scope of the uncertain set, the larger the range of uncertain parameter fluctuations,
([-0.10, 0.10] belongs to [—0.20,0.20]), the greater its transportation cost, whether it is an
ERC or IRC model.
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Figure 3. Influence of safety parameters.

6.2. Influence of Volatility

We obtain the average value of the parameters by repeating the ERC and IRC models
multiple times, and analyze the impact of uncertain parameters on the level of logistics
services, as shown in Figure 4. The relevant parameter setting is as follows, and the
horizontal axis represents the percentage of the amplitude of the uncertain parameter
fluctuation. The vertical axis indicates the level of logistics service. The safety parameter
level is 3, 5, 8, and 10, that is, the parameters of the maximum of 3, 5, 8, and 10 nodes may
fluctuate. Compare the logistics service level of the MILP model as the reference (100%).
Observe the impact of uncertain parameters on the level of logistics services.
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Figure 4. The effect of volatility.
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It can be observed that the logistics service level of the robust model (the ERC and IRC
models) is affected by the volatility of uncertain parameters. Overall, as the volatility of
uncertain parameters increases, the level of the logistics service has shown a downward
trend (the level of the service has decreased by 2.8%), which aligns with reality, and it is
also confirmed in the research of scholars [59]. Another noteworthy phenomenon is that
with the impact of the level of security parameters, the decline in the level of the logistics
service levels has slowed down, and about 1.4% of the service level has declined. This
discovery can provide guidance for corporate managers in their decision-making. In the
case of the same parameter fluctuations, the use of higher security parameters will help
improve the level of logistics services. In the same security parameter level, the greater the
volatility of the parameter, the lower the level of logistics services. The accurate estimation
of enterprises for demand parameters can better serve their retail companies and improve
the comprehensive management level.

6.3. Routing Planning Design

Figure 5 depicts the planning and design scheme for the shipping of agricultural prod-
ucts from the origin center (OC) to the distribution center (DC). At this stage, agricultural
products are transported in large quantities and with a single route. For direct transporta-
tion, large vehicles are generally used for transportation. Nodes with large storage levels
at transit sites need to dispatch multiple vehicles to and from to complete transportation
tasks. The relevant sites are described based on real maps.

The routing scheme of the MILP model, IRC model, and ERC model agricultural
product distribution phase is shown in Figure 6. At this stage, agricultural products were
transported from the distribution center (DC) to the demand site (Ds). The location of the
node is fixed and definite. It can be seen from the figure that in the MILP model, there is
a phenomenon of crossline and long-range transportation in the route planning scheme.
The distribution routes of different distribution centers are marked with different colors. In
other words, the overlapping transportation route means that extra transportation costs
may be generated, causing a waste of transportation resources. This phenomenon also
exists in the IRC model. In the ERC model’s solution, there are fewer route overlaps, which
will make the transportation plan more reasonable and convenient, and it will help improve
the effective allocation of transportation resources.

Figure 5. Route planning and design in the original stage.

6.4. Impact of Carbon Tax Changes

Figure 7 is the responsiveness of each of the three models to changes in carbon taxes.
Referring to real-world scenarios, we compare the MILP model, the IRC model, and the
ERC model with carbon taxes varying from an interval of 0 to 50. It can be seen from the
comparison that each model shows an upward trend with the increase of carbon tax. There
is a slight difference in the comparison of details, among which, the cost increase in the
IRC and ERC models is higher than the counterpart in the MILP model. Compared with
the IRC model, the cost of the ERC model shows slighter increases, demonstrating the
robustness of the ERC model. The increase in carbon tax costs will compel companies to
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adjust their transportation strategies to reduce costs by optimizing routes while meeting
the requirements of environmental benefits.
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Figure 6. The routing planning.
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Figure 7. Impact of carbon tax changes.

6.5. Storage Proportion of Distribution Center

Figure 8 depicts the storage proportion of distribution center. In order to compare
the changes in the storage proportion of each model, the MILP model and the robust
models are compared in this section. It can be seen that there are differences in each model.
Among them, in the IRC and ERC models, the storage proportion at distribution centers
DC1, DC4, and DCS5 all present an upward trend, while distribution center DC2 and DC3
show a downward trend. Changes in the proportion of distribution center directly affect
transportation costs and the quality of transportation services. The transportation plan can
be effectively optimized by increasing the proportion of the distribution center method
service close to the service demand point. In the actual enterprise management process, it
provides guidance for the formulation of enterprise operation decision-making plans to
some extent.
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7. Conclusions

In this paper, a mixed integer linear programming model for the cold chain transporta-
tion of agricultural products that comprehensively considers various costs is proposed.
The purpose is to study how to effectively reduce transportation costs and improve trans-
portation efficiency in the parameter determination scenario. Uncertainty in the market
environment is difficult to measure directly, which will lead to a rapid increase in transporta-
tion costs and unnecessary losses of agricultural products. Additionally, the parameters are
extended to uncertain scenarios based on the mixed integer linear programming model,
and a robust counterpart model based on uncertain parameter scenarios is proposed. A
specific uncertainty robust set is constructed to characterize the fluctuation range of the
uncertain parameters. Through the optimization model, the optimal strategy can be made
in the worst case, so as to avoid the cost or loss due to increasing too fast. The guarantee of
transportation is improved from the perspective of uncertainty optimization. Finally, the
proposed model and traffic strategy are analyzed through a design case, the validity of the
proposed model is verified, and management suggestions and traffic planning schemes are
provided. The research reveals that the increase in carbon tax costs will compel companies
to optimize their transportation route planning, improving their transportation efficiency.
In addition, uncertain parameters will lead to a significant increase in cost, and accurate
evaluation of demand parameters is essential in improving enterprise competitiveness.

However, there are some limitations to this study. First, the agricultural vehicle
scheduling problem is analyzed only from the perspective of operations research optimiza-
tion. In practical conditions, there are still many management problems that need to be
further considered. Second, in the real world, there is inventory management under supply
uncertainty scenarios due to climatic factors. Third, the multi-objective planning of the
fresh agricultural products needs further research. Fourth, in different sales fields, there
is the problem of precise rationing of heterogeneous consumer demand. Lastly, in the
multimodal transport mode, there are complex scheduling and coordination problems,
which have been rarely discussed in previous research and thus can be further researched
in the future.
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Nomenclature

The following abbreviations are used in this manuscript:

Notion Explanation
I The set of distribution centers Vi € I
J The set of demand sites Vj € |
c,f The fixed cost of distribution centers i, Vi € I
CZ- The unit transportation cos t of trucks in routing ij
dij The distance between distribution centers i to demand sites j
q; The demand for the demand site j
hy The rated cargo capacity of trucks
T The corruption rate of the fresh agricultural product
cf-]- The penalty cost per unit time delay in routing ij
vjj The average travel speed of trucks in routing ij
wjj The waiting time in the routing ij
to The scheduled arrival time
ij The unit carbon cost in routing ij
Efj The unit carbon emissions in routing ij
dgmax The accumulated mileage limit
t;, t}’ The time windows for delivery
Hax The maximum load of the distribution center
emax The maximum carbon emission limit
X; x; € {0,1}, distribution centers i, Vi € I, selection, or not
n; n; € {0,1,2,..., N}, the number of trucks at the distribution center
yij € [0,1], the proportion of the transportation quantity between the
Yij distribution center i and the demand site j. When y;; is not equal to 0, it means
that therouting ij is selected; otherwise, not.
Y The safety parameter in the IRC model
gj The uncertain parameter in the IRC model
A The float value
q? The base value of demand
ﬁj The floating value of demand
Fy Nominal parameter expression in the IRC model
F The volatility parameter expression in the IRC model
Q The safety parameter in the ERC model
¢ The uncertain parameter in the ERC model
Go Nominal parameter expression in the ERC model
G The volatility parameter expression in the ERC model
Ui The set of ¢; in the IRC model
Ug The set of ¢ in the ERC model
R" N-dimensional complete sets
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Abstract: The rapid development of theoretical and practical innovations in corporate finance driven
by supply chain finance has exacerbated the complexity of credit default risk contagion among supply
chain enterprises. Financial risks in the supply chain greatly hinder its sustainable development;
thus, strengthening financial risk management is necessary to ensure the sustainability of the supply
chain. Based on the single-channel and dual-channel credit financing models of retailers in the
supply chain, the purpose of this paper was to construct a model of the intensity of credit default risk
contagion among supply chain enterprises under different credit financing models, and investigate
the influencing factors of credit risk contagion among supply chain enterprises and its mechanism
of action through a computational simulation system. The results were as follows: (1) there was a
positive relationship between the production cost of suppliers and the contagion intensity of the
supply chain credit default risk, and the contagion effect of the supply chain credit default risk
increased significantly when both retailers defaulted on trade credit to suppliers; (2) the market retail
price of the product was negatively related to the contagion intensity of the supply chain credit default
risk, and the contagion intensity of the supply chain credit default risk increased significantly when
both retailers defaulted on trade credit to the supplier; (3) the intensity of credit default risk contagion
in the supply chain was positively correlated with both the commercial bank risk-free rate and the
trade credit rate, and retailers’ repayment priority on trade credit debt was negatively correlated with
suppliers” wholesale prices and positively correlated with retailers” order volumes, with retailers’
repayment priority positively affecting retailers” bank credit rates and negatively affecting suppliers’
bank credit rates; and (4) retailers’ repayment priority on trade credit debt was negatively correlated
with the intensity of supply chain credit default risk contagion, and the lower the retailer’s bank
credit limit, the higher the trade credit limit, and the stronger the credit default contagion effect in the
supply chain.

Keywords: supply chain finance; trade credit financing; bank credit financing; credit default; contagion
intensity

1. Introduction

Supply chain finance is a product of the integration of supply chain operation and
financial business due to their respective development needs, and is a financial service
derived from supply chain management [1] (Lamoureux, 2007). With the rapid develop-
ment of supply chain finance and its innovation, numerous complex financing models have
been formed, among which bank credit and trade credit are the most frequently used and
the most theoretically researched ways of financing supply chain enterprises. In reality,
SME:s in the supply chain face strong financing constraints due to their low credit ratings,
which make it difficult for them to obtain credit funds directly from banks [2]. To a certain
extent, trade credit financing has solved the problem of financing difficulties for SMEs
and has gradually replaced bank credit financing as the only financing channel for SMEs
downstream of the supply chain [3,4]. Due to the special industrial transaction mode of
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supply chain enterprises, the enterprise association is more complex and close, and the
relationship between upstream and downstream enterprises presents the characteristics of
behavioral dependence, synergy and mutual benefit [5,6]. Upstream core enterprises will
take the initiative to reduce production costs to ease the financing needs of downstream
enterprises, in order to improve their own profitability and that of the supply chain as a
whole [7-9]. However, the special interconnectedness between upstream and downstream
enterprises in the supply chain often directly leads to credit risk contagion among supply
chain enterprises. Once a credit crisis is triggered by certain enterprises, it can quickly
spread to other related enterprises in the supply chain and even affect the stability of the
entire supply chain and the economic system, thus triggering a crisis in the industry [10].
What are the credit financing models for upstream and downstream companies in the
supply chain driven by supply chain finance? How does supply chain credit default risk
develop and become contagious? What are the evolutionary characteristics of supply chain
credit risk contagion? In light of the above considerations, this paper attempted to analyze
the micromechanism of supply chain credit default risk based on the credit model of SMEs
in the supply chain, and to portray the supply chain credit risk contagion mechanism
triggered by retailers under different models of bank credit and trade credit. Commercial
bank credit is the main and most common form of external financing in supply chain
finance. SMEs in the supply chain can be guaranteed by core enterprises with sufficient
capital and good credit and business conditions, thus reducing the credit risk assessment
of commercial banks on SMEs and ultimately realizing the demand for bank credit financ-
ing [11]. The financing decisions of upstream and downstream supply chain enterprises
for commercial bank credit are mainly determined by the operational characteristics of the
supply chain [5,12,13]. For example, the financing of supply chain enterprises subject to
financial constraints and applied to commercial banks for financial support in the form
of inventory pledges and accounts receivable financing [14]. And, based on a game be-
tween commercial banks and supply chain operators, that in order to improve the overall
operational efficiency of the supply chain, firms with capital problems must consider both
the operational and financing decisions of supply chain firms [15]. Furthermore, suitable
financing solutions can effectively stimulate retailers” order volumes and achieve supply
chain coordination [16]. In addition, retailers’ decisions are also influenced by the amount
of their own capital in both bank credit and equity financing models, with retailers more
likely to choose bank credit financing when the level of their own capital is high and to
prefer equity financing when the level of capital is low [17,18].

The core of trade credit financing is designed to help SMEs in the supply chain to
use their own commercial credit, to reach agreements with core companies. Short-term
financing for SMEs is achieved through deferred payment, thereby alleviating the liquidity
problems of SMEs [19]. The most typical type of supply chain trade credit finance is
deferred payment between suppliers and downstream firms. Using the deferred payment
covenant between supplier and retailer as a condition to construct a decision model under
the trade credit model, changing the traditional financing model for the first time [20].
Comparing deferred payment financing with bank financing, we can discover that deferred
payment financing is better than bank financing and that retailers are more likely to opt for
multi-stage trade credit, ordering goods in small quantities and batches, in order to obtain
higher trade credit facilities [21]. And, the duration of trade credit covenants between
suppliers and retailers is positively related to order demand and increases the risk of retailer
default, and there are optimal solutions for both suppliers” and retailers’ financing decisions
when the product is perishable [22]. Once trade credit is incorporated into an economic
ordering model with a full backlog shortage (EOQ model), we can see that retailers” order
volumes increase when the allowable delay increases when they are unable to repay trade
credit and have to pay additional interest when the credit term is exceeded [23]. This
demonstrates how trade credit financing may help capital-constrained merchants solve
their financing problems while also boosting the growth of supply chain businesses. With
the rapid development and continuous innovation of trade credit financing, the advance
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financing strategy has become popular and is a common financing strategy adopted by
capital-constrained suppliers, which eases the financial pressure of upstream companies
through advance payment by downstream companies [24]. For example, prepayment
financing plays a large role in alleviating suppliers’ financial constraints, and retailers’
optimal decisions vary widely with and without prepayment [25]. Advance payment
mechanisms with risk compensation can alleviate suppliers’ financial difficulties in the face
of productivity uncertainty, while revenue-sharing contracts can reduce double marginal
effects to achieve supply chain coordination [26]. Existing research has found that APRCs
are an effective way to address suppliers’ financial constraints. In addition, when deficits
are large, an advance payment facility with risk compensation can be more profitable
for both parties. When capital deficits are small, suppliers can also better manage bank
loan financing.

Supply chain financing has largely solved the financial constraints and financing
dilemmas of supply chain enterprises, but it has also deepened the degree of credit linkage
among supply chain enterprises. Supply chain financing becomes a channel for credit
risk contagion, which can be exacerbated when supply chain companies face unexpected
circumstances or an unstable macroenvironment. Financial risks in the supply chain greatly
hinder its sustainable development; thus, strengthening financial risk management is a
necessary task to ensure the sustainability of the supply chain. The special interconnected-
ness of supply chain firms is a major factor in the creation of supply chain financial risk
and an important channel for its transmission [27]. Credit risk arises from uncertainty
changes in the transaction process due to external uncertainties, political policy changes and
competitors. This requires supply chain companies to monitor and control the transaction
process in advance to prevent the creation and contagion of supply chain finance credit
risk. Besides, the trading partners of firms in the supply chain are a potential medium
for credit risk contagion in supply chain finance. Trading partners with a poor credit
standing tend to be more susceptible to supply chain financial credit risk contagion, which
in severe cases may even cause a cluster default effect among supply chain firms [28]. In
this regard, existing research has demonstrated that CVaR can be used to control default
risk arising from trade credit [29]. In addition, the generation and contagion of credit risk
in supply chain finance is affected by the characteristics of supply chain finance networks,
and portrayed and measured the impact of supply chain finance network characteristics on
the contagion effect of supply chain credit risk based on a Bayesian network model [30].
Furthermore, cascading failure models can accurately measure and validate the contagion
of credit risk in supply chain finance networks [31]. And, trade credit insurance can help
manufacturers expand sales and significantly reduce the risk of default for supply chain
firms [32].

To sum up, the existing theoretical studies on supply chain finance mainly focus
on the analysis of financing strategies and their influencing factors on various actors in
the supply chain finance model, i.e., banks, suppliers, retailers and other participating
actors. Few scholars have systematically studied supply chain credit risk contagion and its
evolution mechanism from the perspective of the supply chain. According to the analysis
above, this paper draws on the differences in supply chain credit risk contagion between
single-channel and dual-channel credit financing models for retailers in the supply chain,
and a model of the credit default risk contagion intensity of supply chain enterprises under
different credit financing models was constructed. Moreover, with the help of MATLAB
R2016b software, the evolutionary characteristics of retailer repayment priority on the
decisions of various participants in supply chain credit financing, and on the intensity of
supply chain credit default risk contagion, were analyzed. The contributions of this paper
are as follows: (1) the association between the contagion effect of credit default risk in
the supply chain and the influencing factors under the single-channel financing model of
retailers was studied; (2) based on the retailer’s dual-channel financing model, a supply
chain credit default risk contagion intensity model that considered the retailer’s repayment
priorities was constructed; and (3) the impact of retailers’ repayment priority on supply
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chain credit financing decisions and the contagion effect of supply chain credit default risk
was analyzed.

The second part of this paper portrays the contagion mechanism of the credit risk
of supply chain enterprises under the single-channel credit model, proposes a theoretical
model for the contagion of credit risk of supply chain enterprises under the single-channel
credit model, and finally, simulates the contagion mechanism of supply chain credit risk
and its evolution characteristics through computational simulation. In the third part, the
contagion mechanism of credit risk of supply chain enterprises under the dual-channel
credit model is reviewed, a theoretical model of the credit risk contagion of supply chain
enterprises under the dual-channel credit model is proposed, and finally, the contagion
mechanism of supply chain credit risk and its evolution characteristics are analyzed through
computational simulation. The last part outlines the conclusions of this paper.

2. A Model of Supply Chain Credit Risk Contagion under a Single-Channel
Credit Model

2.1. Model Assumptions and Notation

Assume a simple supply chain consisting of a supplier and multiple retailers, where
the supplier is a core firm, the retailers are all SMEs, and multiple retailers order goods from
the core firm at the same time. Assume that both the supplier and the retailer are financially
constrained in their trading process, and are unable to produce and sell independently [33].
For suppliers located in the core enterprises with high profitability and corporate reputation,
commercial banks can provide loans directly to them, while retailers who are SMEs cannot
obtain financing directly from banks due to their own limitations, so they can consider
applying for trade credit financing from the core enterprises in the supply chain to obtain
financial support. At the beginning of the sales period, subject to funding constraints,
retailer 7 applies for trade credit financing from a supplier at an interest rate of rg. After the
supplier has determined the wholesale price w, retailer i determines the order quantity Q;
and the financing amount T; = wQ);. Similarly, a financially constrained supplier receives an
order from a retailer and signs a loan agreement to obtain financing through a commercial
bank in the amount of M = i cQ; where C represents the supplier’s marginal cost of
production and r represents thle 1tiank loan rate. It is assumed that the supplier is sufficiently

n
rational such that M(1+rp) < ¥ T;(1 + rg). The supplier receives the funding, organizes
i=1

production and dispatches the product, which the retailer sells in the retail market at market
price M. At the end of the sales period, all of the funds owned by the retailers flow back and
repay the trade credit facility debt to the suppliers, who repay the bank credit facility debt.
If market conditions are good and all retailers have sufficient funds to repay the principal
and interest on the trade credit facility provided by the supplier, then the supplier will also
be able to repay the bank credit facility as promised and neither the retailer nor the supplier
will be in default at that point. If market conditions are poor and a proportion of retailers is
unable to repay their supplier debts on time, this will, to some extent, result in the supplier
being unable to repay the commercial bank facility, at which point the credit risk of that
proportion of retailers is transmitted to the supplier. If market conditions are adverse and
the closing capital flows of all retailers are not sufficient to repay supplier debts, i.e., all
retailers default on trade credit, the supplier suffers severe losses and its recoveries are
highly unlikely to be sufficient to cover the bank credit, at which point the supplier defaults
and there is credit default risk contagion in the supply chain. Therefore, the supply chain
decision-making process under the single-channel credit model is shown in Figure 1.
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Figure 1. A decision model for supply chain credit financing under a single-channel credit model.

Based on the analysis above, the following basic assumptions were made for the
purpose of the subsequent discussion:

Assumption 1. The product is perishable and the residual value of unsold units of product at the
end of the sales period is 0.

Assumption 2. The supplier and the retailer have limited liability, and both the retailer and the
supplier will only repay their full revenue in the event of a default.

Assumption 3. The marginal cost per unit of the product produced by the supplier’s organization
is c. The wholesale price per unit of the product at the time the retailer makes an order for the
product is w, the retail price of the product p remains constant throughout the sale of the product,
and 0 < ¢ < w < p. To avoid price discrimination by the supplier against different retailers, all
retailers in this paper face the same wholesale and retail prices.

Assumption 4. The market demand faced by the retailer i is x;,i = 1,2,...,n and the market
demand of individual retailers x; are independent of each other, and the sum of the market demand of
all retailers is X( X = Y x;).

Assumption 5. The market demand for the product is random and the retail price of the product
remains constant during the sales process. According to the newsboy model, f;(x;) and F;(x;)
are the probability density function and distribution function of market demand x;, respectively,
and F;(x;) has the characteristics of continuity, differentiability and incrementality, satisfying the

incremental lapse rate (IFR) property lzi(xi) = 1— Fi(x;). In addition, the sum of market demand
X of all retailers obeys a distribution G(X) and has a probability density function g(X).

The above variable symbols are defined in Table 1.

Table 1. A description of symbols.

Symbol Description
c Marginal cost of production per unit of product
w Wholesale price per unit of product
p Product retail price
Qi Order quantity for retailer i
X; Market demand for retailer i
T; Trade credit facility amount for retailer i
rg Trade credit rate for retailer i
M Amount of bank credit facilities for suppliers
B Bank credit rates for suppliers
rs Bank risk-free rate
ks Supplier default thresholds
ky Retailer default thresholds
B The intensity of contagion of credit default risk

2.2. Mechanisms of Supply Chain Credit Risk Contagion in a Single-Channel Credit Model

The return of capital to all retailers at the end of the sales period, when there is an
oversupply in the market, results in a loss of sales profit for the retailer and thus makes
them vulnerable to trade credit default risk. At the same time, suppliers with whom trade
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credit facilities are contracted can also be exposed to risk contagion and default on credit,
resulting in capital losses for commercial banks. The following definitions outline this:

Definition 1. When a retailer is unable to repay its trade credit facility debt, as evidenced by the
fact that the sales revenue of retailer i is less than its trade credit facility debt, retailer i is said to
have defaulted on its trade credit facility.

Definition 2. When the supplier is unable to repay the bank’s credit facility debt, which is expressed
as the supplier’s capital receipts being less than the bank’s credit facility debt, the supplier is said to
be in credit default with the bank.

Definition 3. As a result of a trade credit default by retailer i, which leads to a credit default by the
supplier to the bank, the conditional probability in this scenario is defined as the intensity of credit
default risk contagion in the supply chain, denoted as B.

Individual retailer defaults and supplier defaults are closely connected, and there are
three possible cases for each retailer’s default status along the supply chain.

Case 1. No retailer in the supply chain defaults on a trade credit.

When all retailers in the supply chain do not default on their trade credit, the supplier
will be able to successfully recover all the retailers’ payment funds to repay the bank credit
facility debt, and there is no credit risk contagion in the supply chain, so at this point,

B1=0.
Case 2. There are trade credit defaults by all retailers in the supply chain.

It is highly likely that suppliers will default on their trade credit facility debts to
the banks when all of the retailer sales revenues are unable to repay them. At the end
of the sales period, if retailer i defaults on its trade credit, sales revenue for retailer i is
M(x;) = pmin(x;, Q), which is less than its trade credit principal and interest (1 + r5)T;.

(1+7‘5)T1‘
P

Therefore, x; < = k,;. If all retailers in the supply chain default on their trade

BTy k!, which means X < k!. In

this case, the full revenue recovered by the supplier is N(x) = }_ pmin(x;, Q). If a supplier
defaults on a credit facility to a bank, N(x) < (14 rg)M, the necessary condition becomes

credit, the necessary condition becomes ) x; <

Yx < W = k!, which means X < kl. At this point, credit risk contagion occurs in
the supply chain, the intensity of which can be defined as , = p(X < kl|X < k}).

Case 3. Some retailers in the supply chain default on trade credit while some other retailers do not.

For the sake of discussion, assume that there are two retailers in the supply chain, with
Retailer 1 in default and Retailer 2 not in default. At the end of the sales period, Retailer 1’s
inflow of funds M(x1) = pmin(x;, Q1) is less than the principal and interest on the debt
(14 rg)Ty. At the end of the sales period, when the inflow of funds to Retailer 1 is less

than the principal and interest on the debt, given that x; < % =k

1 has defaulted on its trade credit. For Retailer 2, its inflows M(x;) = pmin(x,, Q,) are
(1+75)T2 — krz
p 7

11, then Retailer

more than the principal and interest on the debt (1 + rg)T,. Given that x, >
Retailer 2 will not default. In this case, the funds that the supplier is able to recover at
the end of the sales period are N(x) = M(x1) + (1 + r5)T,. Given that N(x) < (1 +rp)M,

w = k! — k;», the supplier defaults on bank credit. At

which means x; <
this point, there is a contagion of credit default risk in the supply chain, the intensity of
which can be defined as B3 = p(x1 < k! — ky2|x1 < kp1,x2 > ko).

According to the aforementioned investigation, we discovered that there are market
demand levels for suppliers and retailers when they default on credit, which are k!, k,1,
k,» and k!. When market demand surpasses specific thresholds, supply chain credit risk

develops. Hence, these market demand thresholds are also known as default thresholds.
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Among them, are k! = W, k= %, ko = (1+;5) and k! = (H;B)M. In the

case of trade credit defaults by all retailers, given that X < k! and X < k!, these defaults
can lead to credit defaults by suppliers to banks. For situations where some retailers are in
default on trade credit, i.e., where only Retailer 1 is in default and Retailer 2 is not, given
that x; < k,1, X3 > k;p and x; < k! — k;5, trade credit defaults by retailers can still lead to
credit defaults by suppliers to banks. Therefore, this paper focused on the generation of
trade credit default risk and bank credit default risk when market demand was uncertain,
and on their contagion effects.

2.3. A Model of Supply Chain Credit Risk Contagion under a Single-Channel Credit Model

Based on the Stackelberg game theory, the supply chain financing problem is solved
by the inverse solution method according to the decision order of the suppliers and each
retailer. Firstly, we solved for the optimal purchase quantity of each retailer given the
wholesale price of the supplier, then we solved for the optimal wholesale price of the
supplier of the core enterprise, and finally we determined the intensity of supply chain
credit risk contagion.

2.3.1. Optimal Decision-Making for Retailers

According to the analysis of the supply chain credit risk contagion mechanism under
the single-channel credit financing model, when the inflow of funds from retailer i is

)

insufficient to repay the trade credit, then x; < Atrs)Ti = ky;. Retailer i defaults on its trade

credit when the market demand x; faced by retailer i is less than the critical demand k,;.
Assuming that the retailers are rational, then w(1 +rg) < p and k,; < Q;. Thus, the return
to the retailer i can be expressed as follows:

TR, = { pxi — Ti(1+rs) ki <x; <Q; 1)

pQi—Ti(1+7s) Qi <x

Therefore, the expected profit for Retailer i can be expressed as:
'Qi [e]
E(mg;) = /k (pxi = Ti(1 +75)) fi(xi)dx; + /Q‘ (pQi = Ti(1 +7s)) fi(xi)dx; — (2)

The optimization problem of retailer i, which maximizes the desired profit through
the decision to order quantity Q;, can be expressed as:

maxE(7tr,) = [ (px; — Ti(1+rs))fi(xi)dx; + [ (pQi — T(1 +7s)) filxi)ddx; 3)
s.t. kn < Qj

Solving the above optimization problem yields the equilibrium result when the retailer
i is financed through trade credit Solving the first-order partial derivative of Equation (3)

(ﬂ ) . - : PE(g;)
with respect to Q; yields: Rl — pF(Q}) — (1 + rs)wF;(k;;). Since aQifl < 0, the
optimal purchase quantity Ql for retailer i exists, is unique and satisfies the following

equation:

F(Qf) _ (1+rs)w
lgi(kri) P

4)

Among them, k,; = %
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maxE (7})

2.3.2. Optimal Decision-Making for Suppliers

Based on the market sales and actual earnings of retailer i, the supplier’s earnings are:

_ ) opxi xi < kyi
s { (14+7s)Ti Ky < xj ©)

At the end of the sales period, the bank’s return needs to be determined based on
whether the supplier is insolvent, and the supplier’s repayment status is directly related
to whether the individual retailers are in default. Based on the analysis above, we know
that there are two main scenarios for the default status of all retailers in the supply chain:
the first, in which all retailers are in default on their trade credit, and the second scenario,
in which some of the retailers in the supply chain default on their trade credit and the
remaining retailers repay as promised.

@ All retailers are in trade credit default.

In this case, the revenue generated by retailer i can be expressed as:

s, = pX; (6)

According to the analysis of the supply chain credit risk contagion mechanism under
the single-channel credit financing model, it can be seen that the supplier will experience
credit default to the bank when the total market demand of all retailers i meets X < k! <
k},x; < ky;, and when all retailers i default on trade credit. Therefore, the supplier’s revenue
at the end of the sales period can be expressed as:

- B + [0 xi < ki, X <kl < k!
g = [27'[51. (1 +rB)M] - { pX — (1 —|—7‘B)M x; < kn',kg <X< k} @

Among them, [a]" = max(a,0). Therefore, the expected profit of the supplier at the
end of the sales period can be expressed as:

E(ng) = /: [pX — (1 4 r5)M]dG(X) ®)

At this point, the bank’s income at the end of the sales period can be expressed as:
1 pX x; < ki, X < kb <kl
g = 1 1 (9)
(l + TB)M Xi < kyi ks < X <k

The expected profit of the bank at the end of the sales period can be expressed as:

okl

E(r}) = J, PXac(x) + /}: (1+r5)M dG(X) (10)

The loan interest rate 75 meets the concept of risk compensation (1 +77)M = E (n}),
where 7 is the risk-free interest rate, because the bank operates in a competitive equilib-
rium market.

Combined with Formulas (8) and (10), the optimization problem of the supplier
decision can be expressed as:

= fok} pX dG(X) — (1+rf)M = pk;G(k}) — pfok} G(X)dX — (1+rf)M

11
s.t. 0 <kl <kl x <k, an

@ In numerous supply chains, there exist retailers with trade credit defaults and
non-defaults.

For the convenience of discussion, assume that there is only one supplier and two
retailers in the supply chain, namely Retailer 1 and Retailer 2, in which Retailer 1 defaults
and Retailer 2 does not default.
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In this case, the revenues of Retailer 1 and Retailer 2 are expressed as follows:
g, = px1 x1 < kn (12)
s, = (1 +7r5)wQy  x2 > kip

Analysis of the supply chain credit risk contagion mechanism under the single-channel
credit financing model shows that when the market demand for Retailer 1 and Retailer 2
satisfies x; < k! — k,» < k,1 and k,» < x,, the supplier will default on the commercial bank
if only Retailer 1 defaults on trade credit and Retailer 2 does not default on trade credit.
Therefore, the supplier’s revenue at the end of the sales period can be expressed as:
0 X1 < ks =k <k, x2 > ki

13
px1+ To(14rs) = M(1+7rg) ki —kpp <x1 <kp,x2 > ke (13)

7'[% = [71’51 + 7t5, — (1+TB)M]+ = {

Therefore, the expected profit of the supplier at the end of the sales period can be
expressed as:

o rkp
E(m2) = /k,2 /kHr2 [px1 + To(1+ rg) — M(1+ rg)]dE (x,)dF (x2) (14)

At this point, the bank’s earnings at the end of the sales period can be expressed as:

7.[% _ {pxl+T2(1+TS) X1 <k§*kr2<k71,X2 > k» (15)

M(1+rp) ks =k < x1 < ke, x2 > ki
Hence, the bank’s expected profit at the end of the sales period can be expressed as:

B2y = [ 5 Ty(1+ r¢)dF(x1)dF MO 4 ) dE (e dE 16
()= [ pr D rs)dF)aFG) + [ MO r)dEGa)dF() (16)

_er

Similarly, the loan rate rp satisfies the risk compensation principle B (1 +7¢)M =
E(7%). Combining Equations (14) and (16), when only some retailers in the supply chain de-

fault on trade credit, the optimization problem for the supplier decision can be expressed as:
o rk,
maxE(n3) = S, Jot Ipxn + To(1 + rs) JdF (x1)dF (x2) — M(1 +7¢)
T k
= F(k) [ (T2 + T2) (14 75)F(kn) — pJo Flxa)da | = M(1+75) (17
s.t. 0< k; — ko <ka,kip <xp
The analysis above shows that the wholesale price w takes on a range of values

7 m
pected profit function in both cases is a continuous function, and there must be a maximum
value of the continuous function on the closed interval. Therefore, the optimal wholesale

{c(l +7p), 1L } . Combining Equations (11) and (17), it is found that the supplier’s ex-

price for the retailer in both cases exists and w* € {c(l +7p), ﬁ} .

2.3.3. Contagion Intensity of Supply Chain Credit Default Risk

Based on the analysis above of the mechanism of supply chain credit default risk
contagion under the single-channel credit model and the definition of supply chain credit
default risk contagion intensity, the supply chain credit default risk contagion intensity
model is constructed as:

0 Case 1
B=1p(X<klX<kl) Case 2 (18)
p(x1 < k! —kpalx1 < ks, x0 > kyp) Case3
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Based on the calculated Q* and w*, the default thresholds for retailers and sup-

pliers can be obtained as k! = LTy _ LAtre)wQi g = (H;S)Tl = (Hri)le,
1+47g)T: 1+ 1+rp)M 1+475)cQ; -
ko = ( ;5) 2 — rsp)sz and k! = ( ;B) — L ;B)CQ. Substituting k!, k.1, ki

and k! into Equation (18), the contagion intensity of credit default risk in the supply chain
can be modeled as:

0 Case 1
p(x<k) _ G(k)
B= p(X<kb) — G(k}) Case 2 (19)
P(x1<kgfkr2,x22kr2) o F(k}_kﬂ)
p(x1<kp,x>kyn)  —  F(ksq) Case 3

Denoting the intensity of infection under scenarios I, II and III as 81, B> and B3,

1
respectively, we obtain 1 =0, 2 = gg:ig and B3 = %

Hence, there is a strong correlation between the intensity of supply chain credit default
risk contagion in the single-channel financing model B and parameters, such as supplier
production costs c, market retail prices p, trade credit rates rg and risk-free rates r Iz

2.4. Simulation Analysis

In the previous paper, the influencing factors of supply chain credit risk contagion and
its mechanism were analyzed through theoretical derivation. In order to visually portray
the supply chain credit risk contagion mechanism and its evolutionary characteristics,
based on the assumptions in the previous paper, a computational simulation analysis was
conducted by considering that the supply chain system is composed of a core enterprise
supplier and two SME retailers. To facilitate the analysis of the influence mechanism of
supplier production cost on the supply chain credit default risk contagion, it was assumed
that the market demand of both Retailer 1 and Retailer 2 obeyed an exponential distribution
with the parameter of 1/700.

2.4.1. Characteristics of the Impact of Suppliers’ Marginal Cost of Production Per Unit of
Product on the Contagion Intensity of Supply Chain Credit Default Risk

Assuming that the retail price of the product p = 8, the retailer trade credit rate
rs = 0.07 and the risk-free rate ry = 0.04, the mechanism of the impact of the marginal cost
of production of the supplier’s product on the contagion intensity of supply chain credit
default risk is shown in Figure 2.
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Figure 2. The effect of the marginal cost of production per unit of product for suppliers ¢ on the
contagion intensity of credit default risk B in the supply chain.

According to Figure 2, there is a positive relationship between the intensity of supply
chain credit default risk contagion and supplier production cost. The supply chain credit
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default risk contagion effect is more significant when both retailers default on trade credit
to their suppliers. Moreover, the increase in supplier production cost increases the supply
chain credit default risk contagion intensity. This is because as the supplier production cost
increases, the supplier will correspondingly increase the wholesale price of the product. In
the case that the product market retail price remains unchanged, the profit of the retailer
at the end of the sales period decreases, and the risk of trade credit default of the retailer
increases. This leads to a greater possibility of credit default by the suppliers to banks,
and once a credit default event occurs, it will inevitably cause an increase in the contagion
intensity of supply chain credit default risk, which is not conducive to the sustainable
development of the supply chain.

2.4.2. Characteristics of the Impact of the Retail Product Price on the Contagion Intensity of
Credit Default Risk in the Supply Chain

Assume that the supplier’s marginal cost of production per unit of product ¢ = 3,
the retailer’s trade credit rate rs = 0.07 and the risk-free rate ry = 0.04. Therefore, the
mechanism of the effect of the retail price of the product on the contagion intensity of the
supply chain credit default risk is shown in Figure 3.
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Figure 3. The effect of the product retail price p on the contagion intensity § of the supply chain
credit default risk.

From Figure 3, it can be seen that there is a negative relationship between the intensity
of supply chain credit default risk contagion and the retail price of products, and the supply
chain credit default contagion effect is more significant when both retailers default on
trade credit to their suppliers. This is because when the retailer faces a certain market
demand for the product, the profit margin of the retailer at the end of the sales period will
become larger with the positive fluctuation of the retail price of the product. At this point,
retailers are less likely to default on trade credit, suppliers become less exposed to bank
credit defaults, and the contagion effect of supply chain credit defaults diminishes and
sustainability is enhanced.

2.4.3. Characteristics of the Impact of the Bank’s Risk-Free Rates on the Intensity of Credit
Default Risk Contagion in the Supply Chain

Assume that the marginal cost of production per unit of the supplier’s product ¢ = 3,
the retail price of the product p = 8 and the retailer’s trade credit rate rs = 0.07. Therefore,
the mechanism of the bank’s risk-free rate on the contagion intensity of the supply chain
credit default risk is shown in Figure 4.
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Figure 4. The relationship between the bank’s risk-free rate rf and the intensity f of credit default
risk contagion in the supply chain.

According to Figure 4, it can be seen that there is a positive relationship between supply
chain credit default risk contagion intensity and the commercial bank’s risk-free rate, and
the supply chain credit default contagion effect is more significant when both retailers
default on trade credit to suppliers. This is because as the risk-free rate of commercial banks
increases, the cost of the bank credit for suppliers also increases. As a result, suppliers will
increase the wholesale price of their products to ensure their own revenue, which will lead
to an increase in the cost of trade credit for retailers and a greater likelihood of trade credit
default for them. As a result, suppliers are more likely to default on their credit to banks,
which increases the contagion effect of supply chain credit default risk and ultimately
affects the sustainability of the supply chain.

2.4.4. Characteristics of the Impact of Retailer Trade Credit Rates on the Intensity of Credit
Default Risk Contagion along the Supply Chain

Assume that the supplier’s production cost ¢ = 3, the retail price of the product p = 8
and the bank’s risk-free rate r = 0.04. Therefore, the mechanism of the retailer’s trade
credit interest rate on the contagion intensity of the supply chain credit default risk is
shown in Figure 5.
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Figure 5. The relationship between the retailer trade credit rate g and the intensity of credit default
risk contagion in the supply chain B.

From Figure 5, it can be seen that the intensity of supply chain credit default risk
contagion is positively related to the retailer’s trade credit interest rate, and the supply
chain credit default contagion effect is more significant when both retailers default on
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trade credit to their suppliers. The reason for this is that when the retail price of a product
is certain, the cost of trade credit for retailers will increase with the increase in trade
credit interest rates, resulting in a reduction in retailers’ profit margins. At this time,
the possibility of trade credit default by retailers increases, and the probability of credit
default risk contagion in the supply chain likewise increases, which is not conducive to the
sustainability of the supply chain.

3. A Model of Supply Chain Credit Default Risk Contagion under a Dual-Channel
Credit Model

3.1. Model Assumptions and Notation

Assume a simple supply chain consisting of a core firm supplier and an SME retailer,
where both the supplier and the retailer have a shortage of funds and are unable to carry
out their production and sales activities independently. The supplier, as a core enterprise,
can provide loans directly from commercial banks due to its high profitability and corporate
reputation. Meanwhile, the retailer, as an SME, cannot obtain financing directly from banks
due to its limitations, but can obtain partial loans through the repurchase guarantee of the
core enterprise. The retailer can also apply for trade credit directly from the core enterprise
upstream of the supply chain to obtain financial support. Therefore, retailers are considered
to be financed under the dual-channel credit model, adopting a combination of trade credit
and bank credit based on the repurchase mechanism of core enterprises. Thus, the decision
process of supply chain financing is as follows:

( At the beginning of the sales period, the supplier makes a guarantee to the com-
mercial bank through a repurchase deed, and at the end of the sales season, will acquire
the retailer’s surplus products at a repurchase price of m.

@ The retailer determines the order quantity as Q, obtains financing from a commercial
bank as M = aw(Q at an interest rate of rp, for the retailer’s bank credit ratio «, then pays the
supplier an advance payment as M, and the remaining purchase price as N = (1 — a)wQ is
financed by the supplier’s trade credit at an interest rate of rg, 1 — « for the trade credit ratio.

(® The supplier receives an advance that does not cover the production activity and is
financed through bank credit with R = cQ — awQ where c is the unit cost of the product
produced by the supplier at an interest rate ;. There is an infinitive R < N.

(® After the supplier organizes production for shipment, the retailer sells the product
at a fixed market retail price p. If there is a surplus of product at the retailer, the supplier
buys it back at a buyback price m. The residual value of the surplus product is 0.

(® At the end of the sales period, the retailer realizes all the funds back and repays
the bank credit and trade credit to the commercial bank and the supplier, respectively, and
the supplier repays the commercial bank debt after funds are returned. The whole supply
chain credit financing decision process outlined above is shown in Figure 6.

In the production and sales activities of supply chain enterprises, if the market sales
are good, the capital flow of the retailer is sufficient to repay all the principal and interest
of the bank credit and trade credit. The supplier repays the bank credit debt as promised
and neither the retailer nor the supplier will default. If the market sales are bad, the
retailer cannot repay all debts and there is a risk of default, which will lead to the supplier
defaulting to a certain extent as well. In this case, there is a contagion of credit default risk
in the supply chain. Since the retailer applies for credit from both commercial banks and
suppliers, when the retailer’s sales revenue cannot meet the repayment of both debts, the
retailer needs to decide whether to prioritize the repayment of bank credit debts or trade
credit debts. Based on this, the probability of a retailer’s priority in repaying trade credit
debt is defined as the retailer’s repayment priority, denoted as 6,0 € [0,1], where 0 is a
continuous variable. Based on the analysis above, the following basic assumptions were
made in this section:
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Figure 6. A decision model for supply chain credit financing under a dual-channel credit model.

Assumption 6. Suppliers and retailers are perfectly rational and only repay their full revenues in
the event of a credit default that prevents them from settling their debts.

Assumption 7. Both the supplier and the retailer are financially constrained and do not have
sufficient initial capital, the supplier’s marginal cost of production per unit of product is c, the
wholesale price per unit of product is w, the retail price of product is p and the buyback price per
unit of product at the end of the sales period is m. The relationship between the magnitude of these
price parameters satisfies m < ¢ < w < p.

Assumption 8. The market demand for the product during the sales process is random and the
retail price of the product remains constant during the sales process. According to the characteristics
of the newsboy model, f(x) and F(x) are the probability density function and distribution function
of market demand x, respectively, and F(x) has the characteristics of continuity, differentiability

and incrementality, satisfying the incremental failure rate (IFR), where F(x) = 1 — F(x).

Based on the assumptions above, the symbols and definitions of the variables involved
in this section are shown in Table 2.

Table 2. A description of symbols.

Symbol Implication
m Repurchase price per unit of product
c Marginal cost of production per unit of product
w Wholesale price per unit of product
p Product retail price
Q Retailer order quantity
x Demand in the market
M Retail merchant bank credit facilities
B Retail merchant bank credit rates
N Retailers’ trade credit facility quantity
rg Retailers’ trade credit rates
R Amount of bank credit facilities for suppliers
Ty Supplier bank credit rates
s Bank risk-free rates
« Retail merchant bank credit ratio
6 Retailer repayment priorities
ks Supplier default thresholds
ky Retailer default thresholds
B The intensity of contagion of credit default risk in the

supply chain
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3.2. Mechanisms of Supply Chain Credit Default Risk Contagion under a Dual-Channel
Credit Model

At the end of the sales period, the retailer realizes a return of funds and then settles
the debt. When actual sales market conditions are poor and market demand is significantly
lower than the retailer’s order quantity, the retailer is at risk of credit default. At this
point, the credit risk is to some extent transmitted to the supplier through the trade credit
financing contract between the supplier and the retailer, resulting in the supplier also
defaulting on its obligations. In a dual-channel credit model for retailers, the priority of
the retailer’s repayment of bank credit debt and trade credit debt will directly affect the
supplier’s repayment to the commercial bank. Therefore, the repayment priority of the
retailer under a dual-channel credit model will be a key factor in the contagion of supply
chain credit default risk. To provide a clearer picture of supply chain credit default risk
contagion, the following definitions were made:

Definition 4. At the end of the sales period, if a retailer’s sales revenue is less than its bank credit
obligations or trade credit obligations, the retailer is in credit default. If a supplier’s capital receipts
are less than its bank credit obligations, the supplier is also in credit default.

Definition 5. Due to the unpredictability of the market, default risk for retailers is mostly caused
by bank credit failures and trade credit defaults to suppliers. In contrast, the risk arising from the
contagion of risk to suppliers is the risk of default on suppliers’ credit to banks.

Definition 6. As a result of a trade credit default by a retailer, a bank credit default by a supplier
also occurs. The conditional probability in this case is defined as the intensity of contagion of credit
default risk in the supply chain and is denoted as .

In light of the analysis above, in the event of a credit default by a retailer, the repayment
of its credit debt can be divided into two scenarios: priority repayment of trade credit debt
and priority repayment of bank credit debt.

Case 4. Retailers prioritize repayment of supplier trade credit debt.

@ If the retailer does not default on the trade credit, then there is no default to the
supplier. If the supplier is able to recover all of the remaining balance N from the retailer,
the remaining balance N is greater than the supplier’s financing R and the supplier is able
to repay its bank loan, then the supplier is not in default. Therefore, there is no contagion
of credit default risk in the supply chain and the intensity of contagion is By, = 0.

@ If a retailer defaults on a trade credit facility to a supplier, then the retailer is unable
to repay the trade credit facility at the end of the sales period, and its inflow of funds
px + m(Q — x) is less than the principal and interest sum N(1 + rg) of the trade credit

facility. When x < NQtrs)omQ k1 and the total funds px + m(Q — x) recovered by the

p—m
supplier are less than the principal and interest sum of its bank credit R(1 + r,), that is, in
the case of x < W = kg1, the supplier defaults. Therefore, the contagion intensity

of credit default risk in the supply chain is B, = P(x < ks1|x < k1 ).

Based on the analysis above and the previous assumptions, the probability that a
retailer will repay its suppliers first is 6, in which case the contagion intensity of credit
default risk in the supply chain is f; = 6P (x < ks1|x < k;1).

Case 5. Retailers prioritize repayment of bank credit debt.

@ If the retailer defaults on its credit to the bank at the end of the sales period, in a
situation where repayment of bank credit is a priority, the retailer will also be unable to
repay the supplier’s trade credit facility, resulting in the supplier defaulting on the bank.
Therefore, the contagion intensity of credit default risk in the supply chain is By, = 1.

@ If the retailer does not default on its credit facility to the bank at the end of the
sales period, the retailer repays the bank credit facility as promised and its funds flow
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px + m(Q — x) is greater than the sum of the principal and interest of the bank credit

facility M(1 + rg); that is, x > M“%’W

m(Q — x) — M(1+ rp) are less than the sum of the principal and interest on the trade credit
facility N(1 +rg), thatis, x < NQrs)+ M(1trp)—mQ _

p—m
the supplier. At this point, if the supplier’s recovery of funds px +m(Q — x) — M(1+rp)
is less than the sum of the principal and interest of its bank credit R(1 +rp), that is,

R(14rp)+M(A4+rg)—mQ __
x < i =k
intensity of the credit default risk in the supply chain is By, = P(x < kelkp < x < k;3).

Based on the analysis above and the previous assumptions, the probability that the
retailer will repay the bank first is 1 — 0. In this case, the contagion intensity of credit
default risk in the supply chain is iy = (1 —0)P(x < koplk;o < x <ky3) +1—6. The
analysis shows that there are market demand thresholds for both retailers and suppli-
ers when they default on credit, which are k1, k2, k,3, ks1 and ks». Among them, are
Ky = N(1+pi;sr)nme, kyy = M(lq;rjgiz;mQ, k3 = N(1+rs)+;\{(nl1+73)me,ksl _ R(lq;rfznme and
ko = R(HrbHMf(;frB)*mQ. Supply chain credit risk arises when market demand exceeds
the default threshold, and the supply chain may be subject to credit default risk contagion.
When a retailer gives priority to repaying its suppliers, if x < k;; and x < kg, then a
retailer’s trade credit default will lead to a supplier’s default on bank credit. When the
retailer has priority in repaying the bank’s debt, if k;» < x < k;3 and x < kg, then the

retailer’s default risk is contagious to the supplier.

= kyp. If the retailer’s remaining funds px +

13, then the retailer is in default with

s2, the supplier defaults on the bank. Therefore, the contagion

3.3. A Model of Supply Chain Credit Default Risk Contagion under a Dual-Channel Credit Model

Throughout the supply chain operation and financing process, the commercial bank
plays a Stackelberg game with the suppliers and retailers in the supply chain, respectively,
as shown in Figure 7. In the whole credit financing process, firstly, the commercial bank
decides the bank credit rate rp for the retailer and the bank credit rate r;, for the supplier.
Secondly, the supplier determines the wholesale price of the product w. Finally, the retailer
decides the order quantity of the product Q. According to the decision-making sequence of
each subject in the game process, the optimal solution of each subject is obtained by the
reverse solution method, and the contagion intensity of the credit default risk in the supply
chain under a dual-channel credit model is determined.

Commercial
Banks

IOMO][04]

. Leader
Suppliers ) »>( Retailers
Follower ”

Figure 7. A double-game scheme between supply chain enterprises and banks.

3.3.1. Optimal Decision-Making for Retailers

The retailer obtains its financial support through a dual-channel credit model, where
the retailer must repay its bank credit debt and trade credit debt at the end of the sales
period. The retailer is at risk of default when the inflow of funds to the retailer, px +

m(Q — x), is less than the principal and interest on all debt, M(1 + rp) + N(1 + rs), when

market demand x is less than the critical demand k,3 = N(i+rs) H\f(nlfm )=mQ  Gince the

retailer is rational, for the supply chain to operate properly and for the retailer to make a
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normal profit, there is a condition N(1 + rs) + M(1 + rg) < px, which means that k,3 < Q
holds. Therefore, at the end of the sales period, the retailer’s earnings can be expressed as:

0 x <k
=< px+m(Q—x)—M(1+7rg) —N(1+rs) kiz<x<Q (20)
pQ—M(1+VB)—N(1+7’5) Q<ux

Therefore, the retailer’s expected profit is:

E(IIR) :/Q [px+m(Q—x)—M(1+rB)—N(1+r5)]f(x)dx+/; [pQ — M(1+4rp) — N(1+715)]f(x)dx  (21)

kr3

The retailer maximizes its expected profit by deciding on the optimal order quantity Q:
maxE(Ilg) = J& Tpx+m(Q—x) = M(1+rg) = N(1 +75)] f(x)dx + [3 [pQ = M(1+rp) = N(1+rs)]f (x)dx
s.t. k3 <Q

(22)
The simplification of Equation (22) yields:

maxE(ITr) = (p—m)(Q ~ k) = (p = m) f) F(x)dx
s.t. k3 <Q

(23)

The first-order derivative of Equation (23) with respect to the order quantity Q is:

oE(Ig)

90 = (P - m)F(Q) - (P - m)kr3/P(kr3) (24)
Since 825(752[’?) < 0, the optimal solution for the retailer’s order quantity is calculated
to satisfy:
F(QY) _ aw(l+rg) + (1 a)w(l+rs) —m 5)
= —m
F (k) §
N(1+75)+M(1+73)—mQ’

Among them, is k;3 =

p—m

3.3.2. Optimal Decision-Making for Suppliers

The retailer takes dual-channel credit financing, so the retailer’s repayment priority
directly affects the supplier’s revenue profile. When the retailer is not at risk of credit
default, x > k,3, the supplier recovers all of its funds N(1 + rg). When the retailer is at risk
of credit default, x < k,3, if the retailer chooses to consider the trade credit debt first, the
supplier’s revenue is fmin[px, N(1+ rg) — m(Q — x)]. If the retailer chooses to consider
the bank credit debt first, the supplier’s revenue is (1 — 6)[px — M(1 +rg)] . Therefore,
based on the retailer’s market sales and earnings, the revenue generated by the supplier’s
transaction with the retailer can be expressed as:

omin[px, N(1+r5) —m(Q —x)] + (1 —0)[px — M(1 +73)]" 0 < x < ks
IIs = { N(14+rs) —m(Q —x) ki <x<Q (26)
N(1+rs) Q<x

Therefore, the supplier’s expected profit can be expressed as:
ky .

E(Is) = fy (6min[px, N(1 +75) = m(Q—x)] + (1= 60)[px — M(1 +r5)] " ) f(x)dx

0 - @)
S IN(U+rs) = m(Q — x)]f(x)dx + [§ N(1+rs) f(x)dx — R(1 + 1)
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The supplier maximizes its own expected revenue by choosing the optimal wholesale
price, and solving for the first-order partial derivative of Equation (27) with respect to
w yields:

L) —  [(p—m)(1—6F(kn)) + (1 — 0)pF (k) ]k’ — (1 — 0)(p — m) F (ks ks
+(1 - Q)W[(Q/ - kr2/)F(kr2) + (Q - er)f(er)erI]
)

+mQ'F(Q) + ad(1 +1p) — (c — aw)(1 +1,)Q’
(28)

2
The combined calculation gives % < 0, such that the supplier’s optimal wholesale
price w* exists and satisfies:

[(p = m)(1 = 0F(ky1)) + (1 = 0)pF (k1) lkn — (1 = 0)(p — m)F (kr3)kys'

= (29)
+(1=0)m{(Q" —kr')F(kr2) + (Q — kr2) f (ki2)kr'] + mQ'F(Q) + af(1 +1p) — (¢ — aw) (1 41,)Q" =0
Therefore, the supplier’s maximized expected profit is:
maxE(HS fo r (Gmm[px N(1+rs)—m(Q—x)] +(1—-6)[px—M(1+ rB)}Jr)f(x)dx 30)

+fk N(1+rs) — (Q—x)]f(x)dx—i—féo N1 +rs)f(x)dx —R(1+rp)

3.3.3. Optimal Decision-Making for Commercial Banks

@ Credit financing decisions between banks and retailers
The retailer applies to a commercial bank for a bank credit facility with funding M
and a loan rate of rg. Because of the retailer’s dual-channel credit model, the retailer’s
repayment priority directly affects the bank’s return at the end of the sales period. When
the retailer is not at risk of default, x > k,3, the bank recovers the sum of the retailer’s
bank credit principal and interest M (1 + rp). When there is a risk of default by the retailer,
x < ky3, the bank’s return at this point is 8[px + m(Q — x) — N(1 +rs)]™ if the retailer has
priority in repaying the trade credit debt. If the retailer has priority in repaying the bank
credit debt, the bank’s return at this point is (1 — 6)min[px + m(Q — x), M(1 + rp)]. Based
on the retailer’s market sales and actual profitability, the return arising from the bank’s
transaction with the retailer can be expressed as:
iy = [0+ m(Q =) = N4 7] + (1= O)minfpx + m(Q—x), M(1475)] 0<x<hka
P M@ +1p) ks < x

As banks are in a competitive equilibrium market, the retailer bank credit rate rp
satisfies the risk compensation principle (1 + r¢) M = E(I1p; ), where 7 is the risk-free rate.

(1+ rf)M = f(;% (9[px +m(Q—x)—N(1+ rs)]+ + (1 —6)min[px + m(Q — x), M(1+ rB)])f(x)dx + jkt:c; M(1+rg)f(x)dx (32)

Equation (32) indicates that the principle of competitive equilibrium in the credit
market makes the bank’s demand for credit principal and interest income equal to the
bank’s expected return in the retailer’s bank credit facility. Simplifying Equation (32) yields:

ky k.
M(rg —1f) = (p — m) [e/k Y F(x)dx + (1— ) /0 ’ F(x)dx] +(1—0)mQF(kn) (33)
Jkn .

@ Credit financing decisions between banks and suppliers
The supplier applies to the commercial bank for a bank credit facility with funding
R at an interest rate of r,. In a bank credit transaction between a commercial bank and a
supplier, the commercial bank’s return is directly related to the supplier’s default, while the
supplier’s return is influenced by the retailer’s profitability at the end of the sales period and
the retailer’s repayment priority. When there is no risk of default by the retailer, x > k3, at
which point there is no default by the retailer to either the supplier or the bank, the supplier
recovers the principal and interest on the trade credit and repays the bank credit debt as
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promised. Therefore, the bank recovers the principal and interest on the supplier’s bank
credit R(1 + r;). When there is a risk of default by the retailer, x < k3, if the retailer repays
the trade credit debt first, the bank’s proceeds are then fmin[px + m(Q — x), R(1+13)]. If
the retailer has priority in repaying the bank credit debt, the bank’s return at this point is
(1 —0)min[px + m(Q — x) — M(1+rp),R(1+1r,)]. At the end of the sales period, over the
course of a bank credit transaction between a commercial bank and a supplier, the specific
gain to the commercial bank can be expressed as:

Omin[px +m(Q — x), R(1 +1y)]
Ipy = ¢ +(1 = 0)min[px + m(Q —x) — M(1+7p), R(1+15)] 0<x <k 34
R(l +7’b) ks < x

As mentioned above, the supplier bank credit rate r; satisfies the risk compensation
principle: (1 +7f)R = E(I1py).

(1+r)R= fok“ (Omin[px +m(Q — x), R(1 4+ 14)] + (1 — 0)min[px + m(Q — x) — M(1+rg), R(1 +14)]) f(x)dx + fkoi R(1+rp) f(x)dx (35)

Equation (35) indicates that the principle of competitive equilibrium in the credit
market makes the bank’s demand for credit principal and interest income equal to the
bank’s expected return in the supplier’s bank credit facility.

Simplifying Equation (35) yields:

ks

R(ry—rf)=(p—m [9/ x)dx + ( 1—(9)/52

k72

F(x)dx} (36)

Therefore, the credit rates rp and r;, offered by commercial banks to retailers and
suppliers should satisfy Equations (33) and (36), respectively.

3.3.4. The Intensity of Contagion of Credit Default Risk in the Supply Chain

Based on the analysis of the contagion mechanism of credit default risk in the supply
chain under the dual-channel credit model in Section 3.2, and the definition of contagion
intensity, the contagion model of credit default risk in the supply chain under the dual-
channel credit model is:

(37)

B = OP(x < ks1|x < ky1) Case I
|\ (1—0)P(x <kelke <x <kj3)+1-6 Casell

From the above derived Q* and w*, the lending rates rp and r;, for commercial banks
and the default thresholds k1, k., k3, k51 and kg for retailers, the suppliers can be derived
by bringing their values into Equation (37) to obtain the intensity of contagion as:

+(1-0) 2+ (1-6) (38)
Therefore, the first-order partial derivative of contagion intensity 8 with respect to

retailer repayment priority 0 is:
9 _ F(kSZ) — F(er)

879 B _F(kr3) - F(er) *

~-1<0 (39)

Therefore, contagion intensity B and retailer repayment priority 6 are negatively
correlated. When the repayment priority is higher, the intensity of credit risk contagion in
the supply chain is lower.
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3.4. Simulation Analysis

Based on the setup by existing research for the newsboy model, where market demand
obeys a distribution, this section assumes that the market demand x faced by the retailer
obeys a uniform distribution [21,29]. The retailer’s repayment priority 6 is set as a variable
and all other parameters are fixed. The remaining parameters are set as follows: product
market retail price p = 8, production cost ¢ = 3, repurchase price m = 1, retailer trade
credit ratio g = 0.07, commercial bank risk-free rate r = 0.04, market demand distribution
x ~ U(0,3000), and retailer bank credit ratio « = 0.3, « = 0.5 and « = 0.7. Among them,
« = 0.3 denotes a low level of bank credit for retailers, « = 0.5 denotes a medium level
and « = 0.7 denotes a high level. Based on the parameters above, numerical simulations
were conducted to explore the impact of retailer repayment priority on the decision of each
participant in supply chain credit financing and the contagion intensity of supply chain
credit default risk.

3.4.1. The Impact of Retailer Repayment Priorities on Supplier Decisions

The relationship between retailer repayment priority and supplier wholesale prices is
shown in Figure 8.

57
----- a=0.3
56 === g=05
..... - =07
55 Faee
54 ‘--.‘___‘_-“‘ Kl P ”
353 g, g i
e T s
52 TR T Smag
51 R R
50 .,
43 ; ; ; ;
00 02 04 06 08 10

8

Figure 8. The relationship between retailer repayment priority and supplier wholesale prices.

Figure 8 shows that there is a negative relationship between the retailer’s repayment
priority 6 to the supplier and the supplier’s wholesale price w; i.e., as the retailer’s repay-
ment priority 0 to the supplier increases, the supplier’s wholesale price w decreases. In
addition, when the retailer’s repayment priority 0 to the supplier is certain, the supplier’s
wholesale price w decreases as the retailer’s bank credit ratio « increases. This suggests
that when « is larger, that is, the retailer applies for a greater proportion of bank credit, the
retailer applies for relatively less trade credit from the supplier and the supplier’s expected
loss is correspondingly reduced, when the supplier will be more willing to offer wholesale
price concessions to the retailer. In addition, the supplier’s expected loss continues to de-
crease to some extent when the retailer has a higher probability of repaying the supplier’s
trade credit debt on a priority basis. In this case, suppliers will choose greater wholesale
price incentives to promote the volume of transactions with retailers, ultimately achieving
their own profits and supply chain sustainability.

3.4.2. The Impact of Retailer Repayment Priorities on Retailer Decisions

As shown in Figure 9, the retailer’s repayment priority 6 to suppliers positively affects
the retailer’s order quantity Q. As the retailer’s repayment priority 6 to suppliers gradually
becomes larger, the retailer’s order quantity Q also becomes larger. In addition, when
a retailer has a certain probability of repaying its supplier’s debt first, the greater the
retailer’s bank credit ratio «, the greater the retailer’s order quantity Q. When the retailer’s
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bank credit ratio is smaller, the retailer’s order quantity Q is also relatively smaller. This
suggests that when retailers apply for more bank credit, they will apply for less trade
credit from their suppliers, when the risk of loss to the supplier will be correspondingly
reduced, facilitating the implementation of wholesale price preferences between suppliers
and retailers even more. In addition, as retailers become more likely to repay their suppliers’
trade credit facilities on a priority basis, suppliers and retailers gradually form a good
partnership, with retailers increasing their order volumes on the basis of price concessions
offered by suppliers, thereby increasing the sales profitability of both retailers and suppliers,
and ensuring the sustainability of the supply chain.
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Figure 9. The relationship between retailer repayment priority and retailer order quantity.

3.4.3. The Impact of Retailer Repayment Priorities on Bank Lending Rates

The relationships between the retailer’s repayment priority and the retailer’s bank
credit rate, and the retailer’s repayment priority and the supplier’s bank credit rate, are
shown in Figures 10 and 11, respectively.
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Figure 10. The relationship between retailer repayment priority and retailer bank credit rates.
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Figure 11. The relationship between retailer repayment priority and supplier bank credit rates.

Figure 10 shows that there is a positive relationship between a retailer’s repayment
priority 6 on its trade credit debt to suppliers and the retailer’s bank credit rate rg. As the
retailer’s repayment priority 0 gradually increases, the retailer’s bank credit rate increases.
This indicates that when retailers have a lower probability of repaying their suppliers’ trade
credit debts and a higher probability of repaying their bank credit, retailers are less likely
to default on their credit to commercial banks and commercial banks will then consider
offering lower bank credit rates to retailers. Conversely, when a retailer is more likely to
repay its supplier debt and less likely to repay its commercial bank debt, the commercial
bank is more likely to suffer a default loss at the end of the selling season, leading it to
increase its bank credit rate to the retailer. The change in the interest rate of retailer bank
credit was analyzed for the retailer bank credit ratios of « = 0.3, « = 0.5and « = 0.7. We
found that as the retailer’s repayment priority 6 increases, the bank credit rate rises more
slowly when the retailer’s bank credit ratio « is higher, when the retailer’s bank credit limit
is larger, and when the retailer’s bank credit limit is relatively small. When the retailer’s
repayment priority 6 is low, the retailer is less likely to repay its supplier debt and more
likely to repay its commercial bank debt. The higher the retailer’s bank credit ratio, the
higher the retailer’s bank credit limit, and the higher its bank loan interest rate. In contrast,
when the retailer’s repayment priority 6 is higher, the retailer has a lower probability of
repaying its commercial bank debt on a priority basis, and the higher the retailer’s bank
credit, the lower its bank credit rate. This suggests that although retailers consider repaying
commercial bank debt on a priority basis, due to the lower credit rating and smaller asset
size of SMEs such as retailers, banks are exposed to a greater risk of default by retailers
when they are granted larger bank credit lines. It was difficult to determine the supply
chain’s sustainability for this study. As a result, commercial banks will increase their
interest rates on bank credit to retailers to control the risk of default by retailers during
the transaction. In addition, as the retailer’s bank credit line becomes larger, the bank
credit rate becomes larger, and the retailer’s risk of default becomes greater. Therefore,
commercial banks will strictly control the increase in their bank credit rate in order to
balance the retailer’s risk of default, mainly by controlling the slow increase in the bank
credit rate when the retailer applies for a higher bank credit line.

Figure 11 shows that there is a negative correlation between the retailer’s repayment
priority 6 on the supplier’s trade credit debt and the supplier’s bank credit rate ;. As
the retailer’s repayment priority 6 on trade credit debt gradually increases, the supplier’s
bank credit rate decreases. This suggests that the greater the probability that a retailer
will prioritize repayment of the supplier’s trade credit debt, the lower the probability that
the supplier will be exposed to the retailer’s trade credit default risk at the end of the
sales period. Commercial banks are less likely to face a loss of funds and in turn consider
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reducing the cost of supplier bank credit by lowering the supplier’s credit rate. Conversely,
where the probability of the retailer repaying the supplier’s trade credit debt on a priority
basis is low, the retailer considers repaying the commercial bank’s debt on a priority basis,
when the supplier faces a higher risk of the retailer defaulting on its trade credit. In this
case, the commercial bank will consider increasing the supplier’s bank credit rate to reduce
its own potential risk of loss. A comparative analysis was conducted of the change in
the supplier’s bank credit rate when the retailer’s bank credit ratio was « = 0.3, « = 0.5
and « = 0.7, respectively. According to Figure 11, as the retailer’s repayment priority 6
gradually increases, the retailer’s bank credit ratio decreases. When the retailer’s bank
credit limit is low, the supplier’s bank credit rate decreases more slowly. When the retailer’s
bank credit is larger, the supplier’s bank credit rate decreases more quickly. At a lower
repayment priority 8 of the retailer, the higher the retailer’s bank credit ratio «, the higher
the bank credit rate r;, faced by the supplier, and the lower the retailer’s bank credit ratio
«, the lower the bank credit rate r, faced by the supplier. When the retailer’s repayment
priority 6 is higher, the higher the retailer’s bank credit ratio « and the lower the supplier’s
bank credit rate #;,. This phenomenon is mainly due to the fact that commercial banks derive
their revenue from the retailer’s bank credit and the supplier’s bank credit, respectively.
When the retailer’s repayment priority 6 is lower, the retailer has a higher probability of
repaying the bank credit debt first, the commercial bank faces less risk of default on the
retailer’s credit, and the commercial bank gains relatively less benefit from the retailer’s
bank credit being smaller. Thus, the commercial bank offers a lower bank credit rate to the
supplier to enhance its own benefit. When a retailer has a higher probability of repaying
the supplier’s debt first, the commercial bank is exposed to the risk of default by the retailer,
and when the retailer’s bank credit line is larger, the commercial bank is exposed to a higher
risk of default. Therefore, in order to ensure the sustainability of the supply chain, the
commercial bank mitigates its risk by offering a lower interest rate on the supplier’s loan.

3.4.4. Characteristics of the Impact of Retailer Repayment Priority on the Intensity of
Credit Default Risk Contagion in the Supply Chain

The relationship between retailer repayment priority and the intensity of credit default
risk contagion in the supply chain is shown in Figure 12.
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Figure 12. The relationship between retailer repayment priority and the intensity of credit default
risk contagion in the supply chain.

Figure 12 shows that there is a negative relationship between the retailer’s repayment
priority 6 to suppliers and the contagion intensity of credit default risk g in the supply
chain. As the retailer’s repayment priority 6 to suppliers increases, the intensity of credit
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default risk contagion in the supply chain decreases. This indicates that the more likely
a retailer is to prioritize trade credit debt for repayment, the lower the retailer’s risk of
defaulting on trade credit to its suppliers and the supplier’s ability to minimize its own
losses, which in turn reduces the likelihood of default to the commercial bank. As a result,
the contagion effect of credit default risk along the supply chain is reduced. In addition,
the relatively higher intensity of credit default risk contagion in the supply chain is not
conducive to the sustainability of the supply chain, when the retailer’s bank credit ratio « is
lower and the retailer’s repayment priority 6 is certain. This is due to the fact that a lower
retailer bank credit ratio means that the retailer applies for a higher amount of trade credit
from its suppliers. If the retailer defaults on its trade credit to the supplier, the supplier will
suffer greater losses, which in turn leads to a greater likelihood of the supplier defaulting
on its credit to the bank, thus increasing the contagion effect of credit default risk in the
supply chain.

4. Conclusions

This paper focused on the contagion of supply chain credit default risk under the single-
channel credit model of retailers and the dual-channel credit model from the perspective of
credit financing for supply chain enterprises, in order to provide a reference to strengthen
the risk management of supply chain finance and ensure the sustainable operation of the
supply chain. Firstly, under the single-channel financing model of retailers, retailers only
obtained trade credit financing from suppliers and suppliers only obtained bank credit
financing from banks. After constructing a model of the contagion intensity of credit
default risk between trade credit and bank credit in the supply chain, the analysis revealed
the correlation characteristics between the contagion effect of credit default risk and the
influencing factors in the supply chain. Then, based on the dual-channel financing model
of retailers, i.e., retailers obtaining trade credit financing and bank credit financing from
suppliers and banks, respectively, and suppliers obtaining bank credit financing from
banks, a model of the contagion intensity of credit default risk in the supply chain was
constructed by considering the repayment priority of retailers. The impact of the retailer’s
repayment priority on the supply chain credit financing decision and the contagion effect
of supply chain credit default risk were analyzed and obtained. The following research
findings were obtained through theoretical deduction and numerical simulation:

(1) The intensity of credit default risk contagion in the supply chain under the retailer’s
single-channel credit model is positively related to the supplier’s production cost,
the commercial bank’s risk-free interest rate and the trade credit interest rate. When
both retailers default on trade credit to their suppliers, the contagion effect of credit
default risk in the supply chain becomes more pronounced, which is detrimental to
the sustainability of the supply chain. As the risk-free interest rate of commercial
banks increases, the cost of bank credit to suppliers becomes larger, which will lead
to an increase in the cost of trade credit to retailers. The likelihood of trade credit
default by retailers then becomes larger, and the contagion effect of credit default risk
in the supply chain increases. When the market retail price of a product is fixed, the
higher the interest rate on trade credit, the higher the cost of trade credit to the retailer.
Therefore, the retailer’s profit will be reduced, which will lead to a greater likelihood
of trade credit default by the retailer to the supplier, increasing the likelihood of credit
default risk contagion along the supply chain. In addition, the intensity of supply
chain credit default risk contagion is negatively correlated with the market retail price
of the product, and it is clear that the intensity of credit default risk contagion along the
supply chain is greater when both retailers default on trade credit to their suppliers.

(2) Under the retailer’s dual-channel credit model, there is a conflict between the retailer’s
priority for paying back the supplier and the supplier’s wholesale price. The greater
the probability that the retailer will prioritize the repayment of the supplier’s trade
credit debt, the lower the supplier’s wholesale price will be. There is a positive
relationship between the retailer’s repayment priority to suppliers and the retailer’s
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order quantity; i.e., the higher the probability that the retailer will repay the supplier’s
trade credit debt on a priority basis, the higher the retailer’s order quantity will be.
The retailer’s repayment priority positively affects the retailer’s bank credit rate, but
inversely affects the supplier’s bank credit rate. A retailer’s repayment priority is
negatively related to the intensity of credit default risk contagion in the supply chain.
The lower the probability that a retailer has priority in repaying its suppliers’ trade
credit debts, the stronger the contagion effect of credit default risk in the supply chain.
In addition, the lower the retailer’s bank credit limit and the higher the trade credit
limit, the stronger the contagion effect of credit default in the supply chain.

The findings of this paper can provide a theoretical reference for reducing the risk
of credit default in supply chains under different credit models and utilizing the benign
credit financing function of commercial banks. Moreover, the analysis of the correlation
characteristics among the influencing factors in the process of credit default risk contagion
in the supply chain can provide policymakers with ideas for policy formulation. Finally, as
globalization continues to accelerate, the risk of supply chain credit default under different
credit models may spread to many countries, and the findings of this paper have important
implications for commercial banks and the state to strengthen supply chain financial risk
management and maintain national financial security.
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Abstract: To combat global warming, China proposed the “dual carbon” policy in 2020. In this
context, it becomes crucial to improve carbon emissions efficiency. Currently, some scholars have
utilized data envelopment analysis (DEA) to study carbon emissions efficiency. However, uncertainty
about climate and government economic policy is ignored. This paper establishes a robust DEA
model to reduce uncertainty and improve robustness. First, robust optimization theory is combined
with DEA to establish the robust DEA model. Second, considering three uncertainty sets (box set,
ellipsoid set, and polyhedron set), a robust DEA model for different situations is considered. Finally,
to address the problem of over-conservatism in robust optimization, this paper applies the data-
driven robust DEA model to further analyze the carbon emissions efficiency of China. The results
of the data-driven robust DEA model suggest that the government should focus on coordinated
regional development, promote the transformation and upgrading of the energy structure, innovate
in green technology, and advocate for people to live a green and low-carbon lifestyle.

Keywords: carbon emissions efficiency; robust optimization; data envelopment analysis (DEA);
data-driven; uncertainty set

1. Introduction

Climate anomalies and frequent occurrence of extreme weather are global problems
faced by mankind. With the continuous emission of carbon dioxide in various countries in
the world, greenhouse gases have soared, posing a major threat to life systems [1]. A recent
study by Huang et al. [2] found that under a 2 °C global warming scenario, mortality
rates associated with extreme temperatures would rise significantly. With the reform and
opening up [3], China’s economic level has been continuously improving, but at the same
time, environmental problems have become more and more prominent. China is currently
the largest carbon emitter in Asia and the world, with annual emissions of nearly 10 million
tons, more than a quarter of global emissions [4]. In this context, China has proposed the
“dual carbon” policy, that is, to achieve a carbon peak by 2030 and carbon neutrality by
2060 [5].

Carbon emissions efficiency indicates the amount of CO, that must be emitted to
generate each unit of economic output [6]. Yamaiji et al. [7] proposed carbon productivity
for the first time. In the context of the “dual carbon” policy, improving carbon emissions
efficiency becomes crucial. We plan to study carbon emissions efficiency in China in order
to find the factors influencing carbon emissions efficiency. Previous scholars have adopted
various methods to measure carbon emissions efficiency, and have achieved certain research
results. There are two main methods for evaluating carbon emissions efficiency; one is the
parametric method and the other is the non-parametric method. The former is represented
by stochastic frontier analysis (SFA) and the latter is represented by DEA. SFA was first
proposed by Aigner et al. [8] and Meeusen and Broeck [9] in 1977. It takes into account that
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the production frontier will be affected by random factors, sets the specific function form
of the production frontier, and uses statistical methods to estimate the frontier production
function. In recent years, some scholars have used SFA to evaluate the carbon emissions
efficiency. Sun et al. [10] evaluated greenhouse gas emissions efficiency in China’s industry
based on SFA. Sun and Huang [11] applied SFA to explore the impact of urbanization
on carbon emissions efficiency. Zhang et al. [12] applied SFA to discuss the relationship
between economic development and carbon emissions efficiency. However, SFA needs to
set the function form of the SFA model and make assumptions about the distribution of
the error term. If the assumption is improper, it will cause estimation deviation [13]. In
addition, some scholars have applied the DEA method to green development efficiency [14]
and to R&D activity efficiency [15].

DEA was first proposed in 1978 by Charnes et al. [16]. The classic DEA models are
the CCR model and the BCC model [17]. Zhang et al. [6] applied the three-stage DEA-
Tobit model to study carbon emission efficiency in the Chinese construction industry.
Meng et al. [18] applied DEA model to measure China’s regional energy and carbon
emissions efficiency. Cheng et al. [19] used an improved non-radial directional distance
function (NDDF) to measure the carbon emissions efficiency of China’s provincial industrial
sectors. Yan et al. [20] used the SBM model considering undesired output to study the
carbon emissions efficiency of China’s thermal power industry.

However, previous studies on carbon emissions efficiency have ignored the uncertainty
of the climate and governmental economic policies. Ben-Tal [21] pointed out that small
perturbations can lead to large errors and even lead to infeasible solutions for the model.
It can be seen that it is necessary to consider robust optimization when the environment
is uncertain. Robust optimization is now widely used in many fields [22-24], such as
the consensus field [25-30], supply chain management [31,32], the energy field [33], etc.
Some scholars have combined robust optimization and DEA [34]. Sadjadi and Omrani
adopted robust DEA for performance assessment of electricity distribution companies [35].
However, to the best of our knowledge, few scholars have applied robust DEA to the field
of carbon emissions efficiency.

In addition, the existing robust optimization models have the drawback of being too
conservative. Nowadays, in the era of big data, a data-driven approach can be adopted
to alleviate this drawback. On the one hand, the robustness of the original robust model
can be retained, and on the other hand, these models are closer to reality and not as
conservative. The data-driven approach has been used in some fields, such as consensus
aspects [26,36] and energy systems [37]. Some scholars have combined robust DEA and
a data-driven approach [38]. However, to the best of our knowledge, few scholars have
applied data-driven robust DEA to the field of carbon emissions efficiency.

Although the existing research on carbon emissions efficiency promotes our under-
standing of this field, there are several deficiencies.

1.  Few of the original carbon emissions efficiency studies have considered climate
uncertainty and government economic policy uncertainty;

2. The original robust optimization model is too conservative and deviates somewhat
from the actual situation.

The main contributions of this paper lie in the following aspects:

1. Due to the uncertainty of climate and government economic policies, robust DEA
models are proposed to analyze the treatment;

2. This paper proposes a data-driven robust DEA model to address the inherent over-
conservatism of robust optimization;

3. This paper uses real data to study the carbon emissions efficiency of China to verify
the validity of the model.

The rest of the paper is organized as follows. Section 2 reviews the literature related to
this research. Section 3 introduces the DEA model and builds the robust DEA model. Then,
Section 4 presents empirical analysis and discussion. Section 5 applies the data-driven
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robust DEA model to further analyze the carbon emissions efficiency of China. Finally,
Section 6 presents the conclusions. Detailed proof is displayed in Appendix A.

2. Literature Review
2.1. Carbon Emissions Efficiency

Carbon emissions efficiency indicates the amount of carbon dioxide that needs to be
emitted when generating each unit of economic output.

Carbon emissions efficiency is the focus of current research by scholars. Carbon
emissions efficiency is mainly calculated from two perspectives. One is the single-factor
perspective and the other is the full-factor perspective. The single-factor perspective defines
carbon emission efficiency as the ratio of two variables. There are two main single-factor
carbon emission efficiency indicators. One is carbon productivity, which was first proposed
by Kaya et al. in 1993 [7]. Carbon productivity is the ratio of GDP to CO; emissions,
i.e., GDP per unit of CO; emissions. This indicator is based on GDP when measuring
carbon efficiency. The second is the carbon index, which was proposed by Mielnik and
Goldemberg [39]; its meaning is the carbon emissions per unit of energy consumption,
that is, the ratio of total carbon emissions to total energy consumption, to measure carbon
emission efficiency.

The above single-factor carbon emission efficiency indicators are simple to calculate
and easy to understand, but they are controversial due to the large number of indicators
they measure. For this reason, scholars have started to define carbon emission efficiency
from the perspective of all factors. The full-factor perspective includes two approaches.
One is the parametric method and the other is the non-parametric method. The former is
represented by SFA and the latter is represented by DEA.

2.2. The Evolution of the Data-Driven Robust DEA Model

How to calculate carbon emissions efficiency is also a hot topic. Previous researchers
have utilized numerous approaches to quantify carbon emissions efficiency and got specific
study outcomes. The methods to assess the efficiency of carbon emissions can be divided
into parametric and non-parametric methods. The former is represented by stochastic
frontier analysis (SFA) [8,9], whereas the latter is represented by discrete event analysis
(DEA) [16]. In recent years, several researchers have employed the SFA model to assess
carbon emissions efficiency [10-12]. However, the SFA must define the function form of
the SFA model and make assumptions about the error term distribution. If the assumption
is incorrect, estimate deviation will occur [13].

DEA was first proposed in 1978 by Charnes et al. [16]. Cheng et al. [19] used an
improved non-radial directional distance function (NDDF) to estimate the meta-frontier
TCEI of China’s 30 provincial industrial sectors in 2005-2015 and analyzed their dynamic
evolution. Ren et al. (2020) [40] contributed to measuring the energy and carbon emission
efficiency (ECEE) of regional transportation systems (RTS) in China considering uncertain
carbon emissions.

However, previous studies on carbon emissions efficiency have ignored the uncertainty
of climate and government economic policies. Ben-Tal [21] pointed out that small pertur-
bations can lead to large errors, and can even lead to no feasible solution for the model.
Robust optimization is now widely used in many fields [22-24], such as the consensus
field [25-30], supply chain management [31,32], the energy field [33], etc.

Furthermore, the drawback of present robust optimization models is that they are
overly conservative. A data-driven approach can be used to mitigate this disadvantage.
Some fields have used the data-driven approach, such as consensus aspects [26,36] and
energy systems [37]. Some scholars have combined robust DEA and data-driven ap-
proaches [38]. However, to the best of our knowledge, few scholars have applied data-
driven robust DEA to the field of carbon emissions efficiency.
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2.3. General Comment

In general, the previous studies provide an important reference value for this literature,
but there are still some deficiencies. Few of the original carbon emissions efficiency studies
considered climate uncertainty and government economic policy uncertainty. The original
robust optimization model is too conservative and deviates somewhat from the actual
situation. Therefore, this paper constructs robust DEA to study the carbon emissions
efficiency problem. Subsequently, in order to overcome the prsoblem of over-conservative
robust optimization, this paper constructs a data-driven robust optimization model to
further study the carbon emissions efficiency problem.

3. Model Construction
3.1. DEA

Suppose that there are n DMUs (decision making units), and DMU;(j = 1,2, -+ ,n)
has m inputs xl-]-(z' =1,2,---,m) and s outputs yrj(r =1,2,---,s). u,,v; are the vectors of
weight coefficients for the input and output indicators, respectively. We assume that these
data are positive numbers. This paper selects labor, energy consumption and capital stock
as inputs, and real GDP and carbon emissions as outputs. The DEA model is shown below:

S
Y UrYro
r=1
max 0= —_—
Y. ViXip
i=1
S
1
£ M
st. =——<1,j=1,---,n
Z UiXij

Uy, Uj 20/7/:1/2/..' /S/i:1/2/..' ,m

Through the Charnes—Cooper transformation, this can be transformed into a linear
programming model, the objective function of which is a linear function as follows:

S
max 9 = Z uryro
r=1

S m
s.t. Zury,j - Zvixi]' <0,j=1,---,n
r=1 i=1

m
2 vixij =1
i=1

Uy, Uj 20/}’:1/2/"' /S/i:llzl"' ,m

@

In this context, 6 refers to the effectiveness of decision-making units. Simultaneously,
we use “<” in our DEA model rather than “=" in the standard DEA model. We make this
change to avoid any incompatibility.

Definition 1 ([16]). If the optimal value of Model (2) is 1, the evaluated decision-making unit
DMU, is valid; on the contrary, if the optimal value is less than 1, the evaluated decision-making
unit DMU; is not valid.
Definition 2 ([16]). We shall represent the production possibility set as:

T ={(X,Y)|Y > 0 can be produced from X > 0} 3)

According to Banker’s research [17], the production possible set (PPS) needs to satisfy
the following four assumptions:
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Assumption 1. Convexity: if (X;,Y;) € T,j =1, ,nand A; > 0 are nonnegative scalars such

n n n

that Y, Aj =1, then ( AXi, ¥ )»]-Y]-) eT.
j=1 j=1 j=1

Assumption 2. Inefficiency postulate: (a) if (X,Y) € Tand X > X, then (X,Y) € T. (b) If
(X,Y)eTandY <Y, then (X,Y) € T.

Assumption 3. Ray unboundedness: if (X,Y) € T, then (kX,kY) € T,Vk > 0.

Assumption 4. Minimum extrapolation: T is the intersection set of all satisfying Assumptions 1-3,
subject to the condition that each of the observed vectors (X,Y) € T, j=1,---,n

In an uncertain economic environment, the outputs of decision-making units are often
uncertain. This paper introduces robust optimization into the DEA model. Robust DEA
considering uncertainty is proposed.

Next, based on the above model, this paper considers three situations, namely, the box
set, ellipsoid set, and polyhedron set. Then, we consider the corresponding uncertainty sets.

max 0
s L
s.t. 60— 2 Ur | Yro + nyolél <0
r=1 I=1
m
Zvixio <1 (4)
i=1

s L m
Y ur (yrj + Zﬂjﬁ’l) - Zvixij <0,Vj
r=1 1=1 i=1

ur/Ui Z O/r: 1/2/“' /S/i - 1/2/“ : /m

3.2. RDEA Based on Uncertain Outputs with Box Set
Definition 3. The box uncertainty set is defined as:

z%* = {ge R - ¢llo < 7} ®)

where T is the uncertainty parameter that is used to assess the uncertainty of climate and government
economic policies.

Theorem 1. The robust DEA model using ZB°% may then be built as follows:

max 0

L s s
st. 0+T1) ), wyt, — Y uryr <0
I=1r=1 =1

m
(BRDEA) Y o, <1 (6)
i=1

L s s m
TY. Y wyrg+ Y Yy — Y vixi; <0,Y)
I=1r=1 r=1 i=1

Uy, Ui Zolrzllzl"' /S/i:1/2/"' ,m

The proof is in Appendix A.1.
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3.3. RDEA Based on Uncertain Outputs with Ellipsoid Set

We now examine the model based on the ellipsoid set.
Definition 4. The ellipsoid uncertainty set is defined as:
zElipoid — {& e RE: |ell, < 0 )

where Q) is the uncertainty parameter that is used to assess the uncertainty of climate and government
economic policies.

Theorem 2. The robust DEA model using ZE"P= may then be built as follows:

max 0
L s 2 s
s.t. 6+Q) Z (Z ”V%il) — UrYro <0
1=1 \r=1 r=1
m
(ERDEA) Y vix; <1 (8)
i=1

2
L S S m

0 Z(Zuryfﬂ> + Y wyy— Y oy <0,V
I=1 \r=1 r=1 i—1
M}’/vizorr:]vz/”'/S/izlrzr"'rm

The proof is in Appendix A.2.

3.4. RDEA Based on Uncertain Outputs with Polyhedron Set

Last, we consider the polyhedron uncertainty set.
Definition 5. Let us define the polyhedron set as:
ghotsmedron — {& e RE:|le]y < T} ©)

where I is the uncertainty parameter that is used to assess the uncertainty of climate and government
economic policies.

Theorem 3. Then, the robust DEA model with ZFoWhedron cap be constructed as:

max 0

L s
st. 04+TY po— ) o <0
=1 r=1

m
(PRDEA) Zvixio <1 (10)
i=1
L s
r Z Pol + Z uryrj — ) vixij < 0,Vj
=1 r=1 i=1

Uy, Ui Z O/r = 1/2/"' /S/i = 1/2/"' ,m

m

The proof is in Appendix A.3.
Based on the above three theorems, the following theorems are proposed.
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Theorem 4. The larger the uncertainty level parameter, the smaller the efficiency value of the
robust model.

The proof is in Appendix A.4.
Theorem 5. Robust DEA has lower efficiency values than DEA models.

The proof is in Appendix A.5.

Some economic implications can be seen from the above conclusions; in reality,
the decision-making unit may have certain risks when making decisions. For example,
when governments make economic decisions, there may be some climate and government
economic policy uncertainty. At this time, it can help to improve the robustness of the
model. In addition, the government can also choose different parameters according to
its own situation to adjust the robustness of the model. In this way, the government can
achieve a balance between the economy and the environment under the background of the
“dual-carbon” policy.

4. Empirical Analysis and Discussions
4.1. Study Area

In order to scientifically reflect the economic development status of various parts of
Chinese society, China’s economic regions are divided into four categories, namely eastern,
central, western, and northeastern regions. This study will examine the differences in
carbon emissions efficiency between different regions from these four economic regions.
Table 1 and Figure 1 shows the geographical distribution of these four major regions.

W East

Central .

West VTN
W Northeast {

No data '?‘. .

Figure 1. Geographical distribution of the four major regions in China.

Table 1. Geographical distribution of the four major regions in China.

Region Province
Beijing, Tianjin, Hebei, Shandong, Shanghai,
East .
Jiangsu, Guangdong,
Zhejiang, Fujian, Hainan
Central Anhui, Henan, Hubei, Hunan, Jiangxi, Shanxi
Shaanxi, Ningxia, Sichuan, Qinghai, Gansu,
West .
Guizhou, Yunnan,
Chongging, Guangxi, Inner Mongpolia, Xinjiang
Northeast Liaoning, Jilin, Heilongjiang
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4.2. Variable Description and Data Sources
4.2.1. Variable Description

To measure the carbon emissions efficiency of 30 provinces in mainland China, this
paper selects labor, energy consumption, and capital stock as inputs, and real GDP and
carbon emissions as outputs [6]. The details are as follows.

1.  Labor. The sum of employees in the three major industries in each region is used as
the labor input.

2. Energy consumption. The total energy consumption of each region is used as the
energy consumption input.

3. Capital. This study uses the “perpetual inventory method” proposed by Gold-
smith [41] in 1951 to calculate the capital stock. The formula for calculating capital
stock is

Kiy =1l +(1—6;1)Kit 1 (11)

where K represents the capital stock, I represents the gross capital formation; J repre-
sents the depreciation rate of capital stock, which is set to 9.6% in this research [42]; i
represents the province; and ¢ stands for the year.

4. Real GDP. This is calculated by converting nominal GDP and price indices for
each provinces.

5.  Carbon emissions. The carbon emissions comes from the CEAD database [43,44],
which is a carbon accounting database in China. It provides a solid theoretical
basis and technical support for China to achieve green and low-carbon development,
and contributes to policy design and implementation of greenhouse gas emissions
control in China.

4.2.2. Data Sources

This study examined the carbon emissions of 30 provinces in mainland China (all
except Tibet, due to the absence of relevant energy data) from 2000 to 2019. The statistical
data in this study come from the China Statistical Yearbook, China Energy Statistical
Yearbook, China Provincial Statistical Yearbook, and CEAD database [43,44]. Some missing
values were filled by interpolation.

4.3. Discussion

In this section, firstly, carbon emissions efficiency evaluation analysis is discussed.
Secondly, the influence of some parameters on the model is analyzed, Finally, a comparative
analysis is performed with existing DEA methods.

Carbon Emissions Efficiency Evaluation Analysis

This section considers the BRDEA model (T = 1) to calculate the corresponding values.

As can be seen from Figure 2, the carbon emissions efficiency is generally between 0.6
and 0.9, and the efficiency values are all below 1. It can be seen that most of the efficiency
values are low and that the carbon emissions efficiency has not reached the effective level.

From Figure 2, it can be seen that carbon emissions efficiency varies widely among
different provinces.

Some places have higher carbon emissions efficiency (greater than 0.79), for example,
Shanghai, Zhejiang, Jiangsu, Fujian, and Guangdong. These places have higher levels of
economic development, a higher level of urbanization, and a more reasonable industrial
structure. In addition, these places have more universities, greater talent and labor forces,
higher management levels, and higher science and technology levels. There are also some
provinces such as Heilongjiang and Inner Mongolia where the carbon emissions efficiency
is also relatively high. Given the geographical location and climatic conditions of these
places, tertiary industry in these places does not account for much GDP and there are not
many high pollution and high energy consumption enterprises, so their carbon emissions
efficiency is also higher.
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Figure 2. Geographical distribution of mean carbon emissions efficiency of China from 2000 to 2019
in robust DEA model.

Unlike high-efficiency provinces, some places have medium carbon emissions levels,
between 0.68-0.79, and these places are widely distributed, including Jilin, Liaoning,
Shandong, Xinjiang, etc. Most of these places have medium levels of various indicators.

In addition, some places have a slightly lower level of carbon emissions efficiency,
below 0.68, mainly in the western region. These regions have a low level of economic
development and a small labor force. With the transfer of industries from the east, a large
number of high pollution and high energy consumption enterprises have been transferred
to the west, which on the one hand promotes economic development and on the other
hand causes environmental pollution. While developing, these places should focus on
innovation and combine their own characteristics to develop their economy, develop new
energy, and achieve high-quality development.

In order to further analyze the differences in the distribution of carbon emissions
efficiency among regions in China, the next step is to analyze the differences in carbon
emissions efficiency in China from four regions, one by one.

Figure 3 shows the clear differences between the four regions in recent years. The east-
ern and central regions are flat, and the northeastern and western regions are lower.
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Figure 3. Trends of carbon emissions efficiency for four regions in China from 2000 to 2019.
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As a result of the reform and opening up, the eastern region has a higher level of
economic development and a higher degree of openness to the outside world, and is,
therefore, more efficient in terms of carbon emissions, which is also related to China’s
current regional policy of “taking the lead in the east”.

The carbon emissions efficiency of the central region is around 0.8. Since the central
region is located inland, the level of openness needs to be improved. The development of
the central region is unbalanced and insufficient, the innovation capability of the manu-
facturing industry needs to be enhanced, and ecological and green development needs to
be improved.

The northeast region belongs to the old industrial region, which is the cradle of
China’s industrial development and has a long history of industrial development. However,
the industrial structure of the eastern region is more homogeneous, and the loss of talent
and labor force is more serious.

Due being deep inland, the western region has a low level of openness to the outside
world, slow development of transportation, and a low technology level. In addition,
in recent years, with the implementation of the western opening strategy, many industries
in the eastern coastal areas have been transferred to the western region, but at the same
time, this has also brought about environmental problems. Some high pollution, high
energy consumption enterprises transferred to the western region have, to a certain extent,
caused energy consumption and environmental pollution problems. The self-development
ability of the western region is not high. At present, with the development of China’s
rural revitalization, the western region should combine its characteristics to achieve high-
quality development.

4.4. Sensitivity Analysis

Sensitivity analysis is a typical method to quantify the effect of parameter uncertainty
on the overall simulation/prediction of uncertainty.

4.4.1. The Effects of Uncertain Parameters in Box Set

This paper sets the uncertainty parameter T from 1 to 3, and then analyzes the impact
of these changes on the RDEA model. As shown in Figure 4 and Table 2, as T increases,
the efficiency value gradually becomes smaller and more conservative, which also confirms
Theorem 4. It can be seen that robust optimization considers the best case in the worst case,
and is relatively conservative.

o8

==l m1=15 =72 =1=2.5 ®T=3

Figure 4. The influence of uncertain parameters T on the model in 2019.
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Table 2. The influence of uncertain parameters T on the model in 2019.

Carbon Emissions Efficiency

Provinces
T=1 T=15 T=2 T=25 T=3
Beijing 0.778 0.732 0.689 0.648 0.609
Tianjin 0.605 0.570 0.536 0.504 0.474
Hebei 0.596 0.596 0.561 0.528 0.467
Shanxi 0.887 0.835 0.786 0.739 0.695
Inner 0.887 0.835 0.786 0.739 0.695

Mongolia
Liaoning 0.736 0.693 0.652 0.614 0.577
Jilin 0.648 0.610 0.574 0.540 0.507
Heilongjiang 0.721 0.679 0.639 0.601 0.565
Shanghai 0.887 0.835 0.786 0.739 0.695
Jiangsu 0.842 0.793 0.746 0.702 0.660
Zhejiang 0.874 0.823 0.774 0.728 0.685
Anhui 0.800 0.753 0.709 0.667 0.627
Fujian 0.887 0.835 0.786 0.739 0.695
Jiangxi 0.774 0.729 0.686 0.645 0.607
Shandong 0.693 0.652 0.614 0.577 0.543
Henan 0.712 0.670 0.631 0.593 0.558
Hubei 0.758 0.714 0.672 0.632 0.594
Hunan 0.764 0.719 0.677 0.637 0.599
Guangdong 0.808 0.761 0.716 0.673 0.633
Guangxi 0.540 0.540 0.479 0.450 0.424
Hainan 0.737 0.694 0.653 0.614 0.578
Chongging 0.694 0.654 0.615 0.579 0.544
Sichuan 0.795 0.748 0.704 0.662 0.623
Guizhou 0.511 0.481 0.453 0.426 0.401
Yunnan 0.481 0.453 0.426 0.401 0.377
Shaanxi 0.721 0.679 0.639 0.601 0.565
Gansu 0.710 0.669 0.629 0.592 0.557
Qinghai 0.323 0.304 0.287 0.270 0.253
Ningxia 0.679 0.639 0.601 0.566 0.532
Xinjiang 0.566 0.533 0.502 0.472 0.444

4.4.2. The Effects of Uncertain Parameters in the Ellipsoid Set

This paper sets the uncertainty parameter (3 from 1 to 3, and then analyzes the impact
of these changes on the RDEA model. As shown in Figure 5 and Table 3, as () increases,
the efficiency value gradually becomes smaller and more conservative, which also confirms
Theorem 4. It can be seen that robust optimization considers the best case in the worst case
and is relatively conservative.

=0=1 =0=15 =0=2 =0=25 =m0=3

Figure 5. The influence of uncertain parameters () on the model in 2019.
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Table 3. The influence of uncertain parameters () on the model in 2019.

Carbon Emissions Efficiency

Provinces
O=1 0O=1.5 0=2 0 =25 0O=3
Beijing 0.805 0.772 0.740 0.709 0.679
Tianjin 0.627 0.601 0.576 0.551 0.528
Hebei 0.617 0.592 0.567 0.543 0.520
Shanxi 0.919 0.880 0.844 0.808 0.774
Inner 0919 0.880 0.844 0.808 0.774

Mongolia
Liaoning 0.763 0.731 0.700 0.671 0.643
Jilin 0.671 0.643 0.616 0.590 0.565
Heilongjiang 0.747 0.716 0.686 0.657 0.630
Shanghai 0.919 0.880 0.844 0.808 0.774
Jiangsu 0.872 0.836 0.801 0.768 0.735
Zhejiang 0.905 0.868 0.831 0.796 0.763
Anhui 0.828 0.794 0.761 0.729 0.698
Fujian 0.919 0.880 0.844 0.808 0.774
Jiangxi 0.802 0.768 0.736 0.705 0.676
Shandong 0.718 0.688 0.659 0.631 0.605
Henan 0.737 0.707 0.677 0.649 0.621
Hubei 0.785 0.752 0.721 0.691 0.662
Hunan 0.791 0.758 0.727 0.696 0.667
Guangdong 0.837 0.802 0.769 0.736 0.705
Guangxi 0.560 0.536 0.514 0.493 0.472
Hainan 0.763 0.732 0.701 0.672 0.643
Chongqing 0.719 0.689 0.660 0.633 0.606
Sichuan 0.823 0.789 0.756 0.724 0.694
Guizhou 0.530 0.507 0.486 0.466 0.446
Yunnan 0.498 0.477 0.457 0.438 0.420
Shaanxi 0.747 0.716 0.686 0.657 0.630
Gansu 0.736 0.705 0.676 0.648 0.620
Qinghai 0.335 0.321 0.308 0.295 0.282
Ningxia 0.703 0.674 0.646 0.619 0.593
Xinjiang 0.587 0.562 0.539 0.516 0.494

4.4.3. The Effects of Uncertain Parameters in the Polyhedron Set

This paper sets the uncertainty parameter I' from 1 to 3, and then analyzes the impact
of these changes on the RDEA model. As shown in Figure 6 and Table 4, as I' increases,
the efficiency value gradually becomes smaller and more conservative, which also confirms
Theorem 4. It can be seen that robust optimization considers the best case in the worst case
and is relatively conservative.
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Figure 6. The influence of uncertain parameters I on the model in 2019.
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Table 4. The influence of uncertain parameters I' on the model in 2019.

Carbon Emissions Efficiency

Provinces
r=1 I'=15 r=2 =25 r=3
Beijing 0.778 0.732 0.692 0.653 0.618
Tianjin 0.618 0.588 0.559 0.532 0.506
Hebei 0.604 0.573 0.543 0.515 0.488
Shanxi 0.938 0.907 0.877 0.847 0.818
Inner 0.935 0.903 0.872 0.841 0.811

Mongolia
Liaoning 0.748 0.710 0.674 0.640 0.608
Jilin 0.671 0.644 0.617 0.592 0.568
Heilongjiang 0.744 0.712 0.681 0.652 0.624
Shanghai 0.902 0.857 0.813 0.772 0.732
Jiangsu 0.860 0.818 0.779 0.741 0.705
Zhejiang 0.880 0.831 0.785 0.741 0.700
Anhui 0.822 0.786 0.751 0.718 0.686
Fujian 0.910 0.867 0.827 0.788 0.751
Jiangxi 0.780 0.737 0.696 0.658 0.621
Shandong 0.716 0.685 0.656 0.629 0.602
Henan 0.733 0.700 0.668 0.638 0.610
Hubei 0.773 0.735 0.699 0.665 0.632
Hunan 0.768 0.725 0.685 0.647 0.610
Guangdong 0.824 0.783 0.745 0.708 0.673
Guangxi 0.557 0.533 0.509 0.487 0.466
Hainan 0.761 0.729 0.698 0.669 0.641
Chongqing 0.698 0.659 0.622 0.587 0.558
Sichuan 0.799 0.755 0.713 0.673 0.635
Guizhou 0.531 0.511 0.491 0.472 0.454
Yunnan 0.493 0.470 0.449 0.428 0.408
Shaanxi 0.748 0.717 0.688 0.661 0.634
Gansu 0.722 0.686 0.652 0.619 0.588
Qinghai 0.335 0.321 0.307 0.294 0.282
Ningxia 0.694 0.661 0.630 0.601 0.573
Xinjiang 0.573 0.558 0.533 0.510 0.488

Combining the above three sensitivity analyses, it can be seen that the value of the
RDEA model becomes smaller and more conservative as the uncertainty parameter in-

creases, which also verifies Theorem 4.

4.5. Comparison Analysis

In this subsection, the advantages of the proposed methods are described by compar-
ing them with existing methods.

As shown in Figure 7 and Table 5, this paper chooses the data of carbon emissions
efficiency in 2019, from which we choose Jiangsu as an example; the value of the DEA
model is 0.950. The values of BRDEA (T = 1), ERDEA () = 1), and PRDEA (I' = 1) are
0.842, 0.872, and 0.860, respectively. This shows that the values of the three RDEA models
are smaller than the values of the DEA model, meaning that the RDEA model is more

conservative and reduces the risk of the model, which also confirms Theorem 5.
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Figure 7. Comparison of the DEA model and robust DEA.

Table 5. Comparison of the DEA model and robust DEA.

Provinces DEA BRDEA (tr=1) ERDEA(Q=1) PRDEA (T'=1)
Beijing 0.877 0.778 0.805 0.778
Tianjin 0.682 0.605 0.627 0.618
Hebei 0.672 0.596 0.617 0.604
Shanxi 1.000 0.887 0.919 0.938

Inner Mongolia 1.000 0.887 0.919 0.935
Liaoning 0.830 0.736 0.763 0.748
Jilin 0.730 0.648 0.671 0.671
Heilongjiang 0.813 0.721 0.747 0.744

Shanghai 1.000 0.887 0.919 0.902
Jiangsu 0.950 0.842 0.872 0.860

Zhejiang 0.985 0.874 0.905 0.880
Anhui 0.902 0.800 0.828 0.822
Fujian 1.000 0.887 0.919 0.910
Jiangxi 0.873 0.774 0.802 0.780

Shandong 0.781 0.693 0.718 0.716
Henan 0.803 0.712 0.737 0.733
Hubei 0.855 0.758 0.785 0.773
Hunan 0.861 0.764 0.791 0.768

Guangdong 0.911 0.808 0.837 0.824
Guangxi 0.609 0.540 0.560 0.557
Hainan 0.831 0.737 0.763 0.761

Chongqing 0.783 0.694 0.719 0.698
Sichuan 0.896 0.795 0.823 0.799
Guizhou 0.576 0.511 0.530 0.531
Yunnan 0.542 0.481 0.498 0.493
Shaanxi 0.813 0.721 0.747 0.748

Gansu 0.801 0.710 0.736 0.722
Qinghai 0.365 0.323 0.335 0.335
Ningxia 0.765 0.679 0.703 0.694
Xinjiang 0.639 0.566 0.587 0.573

5. Data-Driven Robust DEA Model

In Section 3, we show the robust DEA model. The traditional robust model calcu-
lates the results based on the uncertainty set, which leads to an overly conservative and
somewhat unrealistic model. To deal with this problem, we use the data-driven robust
optimization model to improve the DEA model. This approach does not require knowing
the exact distribution of carbon emissions output, but only the historical data of carbon
emissions output. This makes full use of the historical data and makes it more realistic and
economically efficient.
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We assume, contrary to the preceding, that the observation sets of the output unit P
may be retrieved, where P =

]/rl/ e /]/rM (12)
and yr; € R,g =1,---, M. In other words, P represents the initial data that we can obtain.

Simultaneously, let y, represent the mean values of

yrl/ Tt /]/VM/ (13)
ie, ¥, = % Y Yrg, where [M] =1,2,---,M. As a result, we must identify a decision
qgeM

variable that maximizes worst-case efficiency across all costs in the uncertainty set Z. The
robust DEA problem is as follows:

Several approaches for creating Z will be described in the next part [45], with each set
having a scaling parameter to determine its size.

max min Z UrlYy
yr€Z refs]

m
s.t ) vix; <0
i=1
S
Zur]/rj_ UijjSO,jZl,Z,---,n
r=1 1
u>0,r=12,---,s
v; >0,i=1,2,---,m

1

m (14)

5.1. Box Uncertainty
We set y? = min yyg, y* = max yq, Vp > 0; there is Z), = Xrels [r + o4 — ), vr +
q€(M] q€[M]
p(y% — )], where x is the Cartesian product and [s] = 1,2,- - - ,s. It is worth noting that

max Y. uyy = Y. ur[fy +p(y% — )] Therefore, the obtained data-driven robust DEA
Yr€Z res] rels]
model based on the box uncertainty set is as follows:

min — 2 ur[]/;’o +P(y$o - ]/;’0)]

r€ls)

m
st Y 0ix; <0
i=1 (15)
m
Y el + oyl —vi)] < Yo j =12, n
refs) i=1
Uy 2 Orvi Z O,T = 1/2/' t /S/i = 1/2/' e,m

The proof is in Appendix A.6.

Model (15) is determined by both the uncertain parameters and the observation
set, and is different from the previous robust DEA model in Section 3. The proofs for
Sections 5.2 and 5.3 are similar to this proof.

5.2. Ellipsoid Uncertainty

The ellipsoid uncertainty set was generated from the fact that the multivariate nor-
mal distribution’s iso-density locus is an ellipse. Therefore, it usually uses a maximum
likelihood fit to create a normal distribution. According to statistical mathematical theory,
the maximum likelihood fit of a normal distribution N(, }") of data point { Yri,o o, yrm} is
given by u = 1, L = LY¥(yrg — 1)(yrg — 1)T. We set an ellipsoid of the form
Ze = {y: (yr — %) ' (yr — ¥ <)} with the scaling parameter and x > 0 centered
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on i, . Therefore, the obtained data-driven robust DEA model based on the ellipsoid
uncertainty set is as follows:

min  — Y Yol + 7
rels]

stooxoul Y up <oy € 5]

m

Ko Y ur SV Y v j =12, m (16)
i=1

m

Zvixl- <1

i=1

Uy zorvi Zoirzlrzi"' /S/izlizi"' ,m

5.3. Polyhedron Uncertainty
A polyhedron defined using linear equations and inequalities is equivalent to a convex
hull. We set Z, = yiyr+ (7 —Jr)arr € 5], 0 <a <1, ZH 4 <P where the scaling
rels
parameter p controls the size of the set. Through the duality of the internal maximization
problem, the obtained data-driven robust DEA model based on the box uncertainty set is
as follows:

min - — Y yhour +p7 + |ty
rels|
sit. (Ypy — Yoo )ur <+t 1 € [s]
m

(ygﬂ - y}])ur S u—+ ti’ + Zvixij/r € [S]/j = 1/2/ Y (- (]_7)

i=1
m
Zvixi <1
i=1
u, >0,0;,>20r=12,---,s5,i=1,2,---,m.

5.4. Case Study

In the previous robust DEA model, although considering the uncertainty of carbon
emissions, some data are not taken into account and are not relevant, making the model
too conservative. To address this issue, we further analyze the robust DEA in a data-driven
context. To unify the comparison, the data in Section 4 are then used to further analyze the
carbon emissions efficiency of China. The values will be calculated in turn under the three
uncertainty sets.

This section considers the data-driven robust DEA model (p = 1) to calculate the
corresponding values. As can be seen from Figure 8, the carbon emissions efficiency is
generally between 0.4 and 0.9, and the efficiency values are all below 1. It can be seen that
most of the efficiency values are low and the carbon emissions efficiency has not reached
the effective level. Next, the sensitivity analysis of uncertain parameters is studied.

First, when the uncertainty set is the box set, this paper sets the uncertainty parameter
p from 1 to 3, and then analyzes the impact of these changes on the data-driven robust DEA
model. As shown in Figure 9 and Table 6, as p increases, the efficiency value gradually
becomes smaller. We take Jiangsu as an example. As the parameters p become progressively
larger, the carbon emissions efficiency of Jiangsu becomes 0.873, 0.830, 0.782, 0.743, and
0.710, respectively.
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Figure 8. Geographical distribution of mean carbon emissions efficiency of China from 2000 to 2019
in data-driven robust DEA model.

Table 6. Carbon emissions efficiency based on box set in data-driven robust DEA model.

Carbon Emissions Efficiency

Provinces
p=1 p=15 p=2 p=25 p=3
Beijing 0.783 0.748 0.702 0.663 0.613
Tianjin 0.625 0.581 0.573 0.533 0.502
Hebei 0.633 0.602 0.582 0.543 0.505
Shanxi 0.932 0.862 0.823 0.787 0.723
Inner 0.923 0.863 0.822 0.789 0.721

Mongolia
Liaoning 0.783 0.732 0.692 0.663 0.519
Jilin 0.668 0.642 0.602 0.572 0.537
Heilongjiang 0.756 0.721 0.684 0.642 0.612
Shanghai 0.933 0.863 0.822 0.772 0.724
Jiangsu 0.873 0.830 0.782 0.743 0.710
Zhejiang 0.912 0.853 0.812 0.773 0.724
Anhui 0.842 0.783 0.743 0.693 0.652
Fujian 0.921 0.853 0.803 0.763 0.725
Jiangxi 0.824 0.823 0.755 0.683 0.625
Shandong 0.743 0.687 0.642 0.682 0.627
Henan 0.742 0.680 0.653 0.601 0.576
Hubei 0.802 0.762 0.690 0.662 0.621
Hunan 0.805 0.821 0.673 0.643 0.623
Guangdong 0.863 0.823 0.783 0.712 0.678
Guangxi 0.598 0.597 0.583 0.492 0.459
Hainan 0.778 0.712 0.688 0.652 0.612
Chongging 0.732 0.682 0.644 0.601 0.576
Sichuan 0.862 0.812 0.753 0.682 0.642
Guizhou 0.543 0.504 0.472 0.461 0.412
Yunnan 0.512 0.489 0.443 0.423 0.389
Shaanxi 0.721 0.698 0.647 0.625 0.587
Gansu 0.752 0.714 0.678 0.624 0.589
Qinghai 0.343 0.321 0.293 0.278 0.223
Ningxia 0.732 0.689 0.652 0.621 0.578
Xinjiang 0.601 0.579 0.523 0.487 0.456
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Figure 9. Carbon emissions efficiency based on box set in data-driven robust DEA model.

Secondly, when the uncertainty set is the ellipsoid set, this paper sets the uncertainty
parameter x from 1 to 3 and then analyzes the impact of these changes on the data-driven
robust DEA model. As shown in Figure 10 and Table 7, as x increases, the efficiency value
gradually becomes smaller. We take Jiangsu as an example. As the parameters x become
progressively larger, the carbon emissions efficiency of Jiangsu becomes 0.889, 0.854, 0.824,
0.802, and 0.757, respectively.

Table 7. Carbon emissions efficiency based on ellipsoidal set in data-driven robust DEA model.

Carbon Emissions Efficiency

Provinces
k=1 k=15 K=2 k=25 k=3
Beijing 0.824 0.782 0.753 0.725 0.689
Tianjin 0.643 0.612 0.592 0.572 0.542
Hebei 0.638 0.613 0.583 0.562 0.532
Shanxi 0.943 0.902 0.852 0.813 0.793
Inner 0.925 0910 0.873 0.843 0.792

Mongolia
Liaoning 0.792 0.763 0.724 0.682 0.668
Jilin 0.678 0.656 0.634 0.612 0.582
Heilongjiang 0.767 0.743 0.712 0.687 0.663
Shanghai 0.945 0.902 0.862 0.843 0.832
Jiangsu 0.889 0.854 0.824 0.802 0.757
Zhejiang 0.934 0.873 0.845 0.812 0.782
Anhui 0.868 0.793 0.773 0.743 0.702
Fujian 0.943 0.922 0.902 0.843 0.812
Jiangxi 0.842 0.834 0.823 0.743 0.702
Shandong 0.756 0.723 0.702 0.643 0.602
Henan 0.767 0.725 0.701 0.676 0.642
Hubei 0.822 0.802 0.761 0.724 0.682
Hunan 0.833 0.806 0.767 0.726 0.682
Guangdong 0.889 0.843 0.821 0.775 0.726
Guangxi 0.603 0.592 0.565 0.523 0.502
Hainan 0.793 0.763 0.743 0.712 0.672
Chongqing 0.752 0.713 0.682 0.643 0.612
Sichuan 0.872 0.823 0.801 0.763 0.723
Guizhou 0.551 0.523 0.504 0.482 0.475
Yunnan 0.524 0.492 0.471 0.459 0.438
Shaanxi 0.759 0.723 0.702 0.679 0.648
Gansu 0.777 0.743 0.691 0.673 0.654
Qinghai 0.356 0.333 0.313 0.301 0.292
Ningxia 0.743 0.702 0.682 0.652 0.623
Xinjiang 0.613 0.582 0.562 0.535 0.517

176



Sustainability 2022, 14, 13318

0.800
0.700
0.600
0.500
0.400
0.300
0.200
0.100
0.000

z\ <& @ “@L -

@ o

N & & < esd c
& f.§‘% g\ ‘?*z(\ % o@
qj\‘ & & (9 C(\o

S &
% \UQ & q‘

& ¥
& <
&

s\ <
d o

mk=1 mk=15 mk=2 Wk=2.5 wk=3
Figure 10. Carbon emissions efficiency based on ellipsoidal set in data-driven robust DEA model.

Finally, when the uncertainty set is the polyhedron set, this paper sets the uncertainty
parameter I from 1 to 3 and then analyzes the impact of these changes on the data-driven
robust DEA model. As shown in Figure 11 and Table 8, as I' increases, the efficiency value
gradually becomes smaller. We take Jiangsu as an example. As the parameters ¥ become
progressively larger, the carbon emissions efficiency of Jiangsu becomes 0.853, 0.832, 0.812,
0.782, and 0.762, respectively.

Table 8. Carbon emissions efficiency based on polyhedron set in data-driven robust DEA model.

Carbon Emissions Efficiency

Provinces
r=1 r=1.5 r=2 r=25 Ir'=3
Beijing 0.812 0.768 0.742 0.714 0.676
Tianjin 0.632 0.602 0.574 0.563 0.526
Hebei 0.628 0.603 0.562 0.545 0.514
Shanxi 0.939 0.910 0.883 0.852 0.825
Inner 0.943 0.893 0.863 0.832 0.788

Mongolia
Liaoning 0.782 0.752 0.713 0.662 0.632
Jilin 0.663 0.642 0.613 0.592 0.582
Heilongjiang 0.753 0.728 0.692 0.652 0.642
Shanghai 0.932 0.902 0.862 0.832 0.824
Jiangsu 0.853 0.832 0.812 0.782 0.762
Zhejiang 0.923 0.863 0.832 0.783 0.762
Anhui 0.878 0.798 0.762 0.725 0.701
Fujian 0.925 0.902 0.885 0.834 0.813
Jiangxi 0.824 0.818 0.802 0.734 0.716
Shandong 0.742 0.713 0.687 0.635 0.614
Henan 0.753 0.714 0.689 0.658 0.625
Hubei 0.808 0.778 0.748 0.713 0.672
Hunan 0.823 0.784 0.746 0.689 0.662
Guangdong 0.878 0.848 0.814 0.735 0.714
Guangxi 0.593 0.573 0.535 0.517 0.491
Hainan 0.783 0.745 0.725 0.682 0.652
Chonggqing 0.742 0.683 0.663 0.623 0.582
Sichuan 0.852 0.802 0.763 0.748 0.724
Guizhou 0.542 0.510 0.483 0.474 0.454
Yunnan 0.516 0.482 0.457 0.438 0.415
Shaanxi 0.747 0.712 0.692 0.667 0.647
Gansu 0.756 0.738 0.678 0.646 0.628
Qinghai 0.342 0.331 0.309 0.298 0.272
Ningxia 0.728 0.689 0.663 0.642 0.614
Xinjiang 0.598 0.576 0.543 0.524 0.504
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Figure 11. Carbon emissions efficiency based on polyhedron set in data-driven robust DEA model.
Comparison Analysis
Comparing the data-driven robust DEA model (Table 9), the robust DEA model, and
the traditional DEA model, it can be seen that the value of the data-driven robust DEA
model is between the robust DEA model and the traditional DEA model. In this way, the
data-driven robust DEA model overcomes the drawback of over-conservatism of robust
optimization and, on the other hand, retains the robustness of robust optimization to some
extent. In the case of climate uncertainty and government economic policy uncertainty;,
the data-driven robust DEA model is more realistic and can be used as a reference for
decision makers.
Table 9. Comparison of the DEA model, robust DEA, and data-driven robust DEA.
Provinces DEA BRDEA (T =1) ERDEA (0 =1) PRDEA (T = 1) DRDEA (p = 1) DRDEA (x = 1) DRDEA (T = 1)
Beijing 0.877 0.778 0.805 0.778 0.783 0.824 0.812
Tianjin 0.682 0.605 0.627 0.618 0.625 0.643 0.632
Hebei 0.672 0.596 0.617 0.604 0.633 0.638 0.628
Shanxi 1.000 0.887 0.919 0.938 0.932 0.943 0.939
Inner Mongolia 1.000 0.887 0.919 0.935 0.923 0.925 0.943
Liaoning 0.830 0.736 0.763 0.748 0.783 0.792 0.782
Tilin 0.730 0.648 0.671 0.671 0.668 0.678 0.663
Heilongjiang 0.813 0.721 0.747 0.744 0.756 0.767 0.753
Shanghai 1.000 0.887 0.919 0.902 0.933 0.945 0.932
Jiangsu 0.950 0.842 0.872 0.860 0.873 0.889 0.853
Zhejiang 0.985 0.874 0.905 0.880 0912 0.934 0.923
Anhui 0.902 0.800 0.828 0.822 0.842 0.868 0.878
Fujian 1.000 0.887 0.919 0.910 0.921 0.943 0.925
Jiangxi 0.873 0.774 0.802 0.780 0.824 0.842 0.824
Shandong 0.781 0.693 0.718 0.716 0.743 0.756 0.742
Henan 0.803 0.712 0.737 0.733 0.742 0.767 0.753
Hubei 0.855 0.758 0.785 0.773 0.802 0.822 0.808
Hunan 0.861 0.764 0.791 0.768 0.815 0.833 0.823
Guangdong 0911 0.808 0.837 0.824 0.863 0.889 0.878
Guangxi 0.609 0.540 0.560 0.557 0.598 0.603 0.593
Hainan 0.831 0.737 0.763 0.761 0.778 0.793 0.783
Chongging 0.783 0.694 0.719 0.698 0.732 0.752 0.742
Sichuan 0.896 0.795 0.823 0.799 0.862 0.872 0.852
Guizhou 0.576 0511 0.530 0.531 0.543 0.551 0.542
Yunnan 0.542 0.481 0.498 0.493 0.512 0.524 0.516
Shaanxi 0.813 0.721 0.747 0.748 0.721 0.759 0.747
Gansu 0.801 0.710 0.736 0.722 0.752 0.777 0.756
Qinghai 0.365 0.323 0.335 0.335 0.343 0.356 0.342
Ningxia 0.765 0.679 0.703 0.694 0.732 0.743 0.728
Xinjiang 0.639 0.566 0.587 0.573 0.601 0.613 0.598

From the above comparison with other literature (Table 10), there are regions in the
three-stage DEA approach where the efficiency is greater than robust DEA and data-driven
robust DEA. It is evident that the three-stage DEA approach is somewhat optimistic and
does not take into account climate and policy uncertainties. The method in this paper
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deals with this problem well. We will further present the corresponding economic and
government economic policy implications below.

Table 10. Comparison of the DEA model, robust DEA, data-driven robust DEA, and three-stage DEA.

Three-Stage

Provinces DEA BRDEA (=1  DRDEA(p=1) DEA [6]
Beijing 0.877 0.778 0.783 0.987
Tianjin 0.682 0.605 0.625 0.882
Hebei 0.672 0.596 0.633 0.779
Shanxi 1.000 0.887 0.932 0.668

Inner Mongolia 1.000 0.887 0.923 0.564
Liaoning 0.830 0.736 0.783 0.719
Jilin 0.730 0.648 0.668 0.707
Heilongjiang 0.813 0.721 0.756 0.949

Shanghai 1.000 0.887 0.933 0.892
Jiangsu 0.950 0.842 0.873 1.000

Zhejiang 0.985 0.874 0.912 1.000
Anhui 0.902 0.800 0.842 0.791
Fujian 1.000 0.887 0.921 0.853
Jiangxi 0.873 0.774 0.824 0.987

Shandong 0.781 0.693 0.743 0.683
Henan 0.803 0.712 0.742 0.808
Hubei 0.855 0.758 0.802 0.840
Hunan 0.861 0.764 0.815 0.755

Guangdong 0.911 0.808 0.863 0.807
Guangxi 0.609 0.540 0.598 0.948
Hainan 0.831 0.737 0.778 1.000

Chonggqing 0.783 0.694 0.732 0.823
Sichuan 0.896 0.795 0.862 0.711
Guizhou 0.576 0.511 0.543 0.813
Yunnan 0.542 0.481 0.512 0.623
Shaanxi 0.813 0.721 0.721 0.810

Gansu 0.801 0.710 0.752 0.612
Qinghai 0.365 0.323 0.343 0.908
Ningxia 0.765 0.679 0.732 0.686
Xinjiang 0.639 0.566 0.601 0.809

5.5. Economic Implications

From the discussion above, it can be seen that the carbon emission efficiency values
under different uncertain parameters are different. Governments can formulate policies
according to their geographical location and economic development. With a high level of
economic development and a relatively high level of carbon emissions, the eastern region
can continue to develop its own advantages. In the information age, we will continue
to vigorously develop science and technology, closely follow national policies, provide
technical support to the central and western regions, and jointly improve carbon emission
efficiency. The northeast, central, and western regions have relatively low carbon emissions
due to geographical location, resource endowment, and other problems. They need to
develop the economy on the one hand and improve the level of science and technology on
the other hand, while adjusting the energy structure and industrial structure. To sum up,
each region in China can formulate appropriate economic policies related to double carbon
according to its own characteristics.

5.6. Policy Implications

”

To realize the commitment to the global “dual carbon” policy, achieve “high-quality
economic development, and promote the improvement of the ecological environment,
several policy recommendations have been put forward.
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Pay attention to the coordinated development among regions and develop the econ-
omy according to local conditions. There are huge differences in regional economic
development in China, as well as in resource endowments, industrial advantages,
and economic development levels between different regions. The central, western,
and northeastern regions should focus on optimizing the energy structure, follow-
ing the requirements of industrial policies and dual control of energy consumption,
promoting the concentration of high-energy-consuming industries in areas with ad-
vantages in clean energy, and actively cultivating green development momentum.
Promote energy transition and promote green development. Energy is an important
material basis for economic and social development, and the most important source
of carbon emissions. Continue to reduce the proportion of fossil energy consumption,
vigorously develop clean energy, accelerate the construction of a clean, low-carbon,
safe and efficient modern energy system, comprehensively promote energy transfor-
mation, and take multiple measures to reduce carbon emissions.

Innovate green technology and vigorously develop science and technology. Innova-
tion is the first driving force for development. In the new era, energy science and
technology must closely follow the national strategic needs, be problem-oriented and
goal-oriented, target major frontier areas to speed up development, strengthen the
effective matching of systems and mechanisms, and promote the market-oriented
allocation of technical elements, thereby promoting the engine of energy science and
technology innovation-driven development.

Advocate for people to live a green and low-carbon lifestyle and reduce carbon emis-
sions. The sudden outbreak of the COVID-19 epidemic in 2020 reminds us that human
beings need a self-revolution, to accelerate the formation of green development meth-
ods and lifestyles, and build an ecological civilization and beautiful earth. The key to
the implementation of the “dual carbon” policy lies in the awakening and promotion
of public awareness. If more and more people can realize the importance of the
“dual carbon” policy, reduce or eliminate disposable tools use, and reduce the use
of fuel vehicles, etc., it will improve carbon emissions efficiency and promote green
economic development.

6. Conclusions

The traditional DEA model focuses on efficiency evaluation, which assumes that

the output data are deterministic. However, uncertainty about climate and government
economic policies is ignored. Therefore, first we used a robust optimization approach to
investigate the uncertainty of traditional DEA. Then, three different types of uncertainty
sets were considered, including the box set, ellipsoidal set, and polyhedral set. The model
proposed in this paper improves the conservatism of the model and reduces the risk impact
of climate and government economic policies. Finally, to verify the validity of the model in
this paper, we studied carbon emissions efficiency in China. Some interesting conclusions
are described as follows:

1.

The higher the level of uncertainty parameters, the less efficient the corresponding
robust DEA model is; in other words, more conservative models are more robust. This
trend can be reflected in the three robust models in this paper.

The values of the robust DEA model proposed in this paper are smaller than those
of the original DEA model. This shows that the model in this paper is more robust
and conservative. It can be seen that the traditional DEA model is too optimistic and
does not take into account the uncertainty caused by various risks. When the effect of
uncertain output variables is considered, the efficiency value of the proposed robust
model becomes smaller.

The carbon emissions efficiency values from the data-driven robust data envelopment
analysis are slightly higher than those from the robust optimization, which shows that
the data-driven robust DEA model retains the robustness of the model and overcomes
the over-conservatism of the robust optimization.
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In the future, the government should focus on coordinated regional development,
promote the transformation and upgrading of the energy structure, innovate in green
technology, and advocate for people to live a green and low-carbon lifestyle.
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Appendix A
Appendix A.1. Proof of Theorem 1

Proof of Theorem 1. The first constraint of Model (6) may be rewritten using the form of
the box set as:

s L s
0 — Z UrYro — Z Z ur]/folgl/v{é : ||‘:||°° < T} (A1)
r=1 I=1r=1
This is the same as:
L s s
mln Z Z ur]/folgl 2 9 - Z ur]/ro/v{g : ||§H°° S T} (Az)
—rSGST I3, =1

Obviously, the minimal value of Constraint (A2)’s left-hand side is:

L s
—T Z Z uryf]-l (A3)
I=1r=1
The explicit version of Model (6)’s initial constraint may then be produced.
L s s
0+t 2 Z HrY ol — 2 Urlfro < 0 (A4)
I=1r=1 r=1

The same approach may be simply used to produce the explicit version of Model (6)’s
third constraint:

L s s m
Ty ) llrysz + ) Heyri— Y vixi <0 (A5)
I=1r=1 r=1 i=1
The proof is complete. [

Appendix A.2. Proof of Theorem 2

Proof of Theorem 2. The first constraint of Model (8) may be phrased using the ellipsoid

set form as:
L s

0— 3 tryro— Y Y s, V{E 1 [IEll2 < O} (A6)
r=1

I=1r=1
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This is the same as:

min Z Z UrYrorl > 60 — 2 urYro, V{G 1 [I€]l2 < O} (A7)

g3 /=

Taking the minimum of the left-hand side of Constraint (A7), we obtain the corre-
sponding inequality:

2
L s s
0+ QJ Z (Z u"yfol> - Z UrYro <0 (A8)
r=1 r=1

=1

Simply repeat the technique for the third constraint of Model (8), and we obtain:

L s 2 s m
Q\l )3 (2 Lijl) + )y — Y, vixy <0, (A9)
r=1 r=1

I=1 i=1

Finally, the RDEA based on the ellipsoid set may be produced.
The proof is complete. [

Appendix A.3. Proof of Theorem 3
Proof of Theorem 3. In general, the third constraint of Model (10) may be phrased

as follows: .

S

max 2 2 u yr]l(jl < Zv Xio— Y, Y, uryfjl (A10)
I¢1h<T ;= = I=1r=1

We may deduce the explicit form of the dual cone from its properties:

L s m
Z l"pjl + Z HrYrj — Z Xijv; <0, where pi > uryfjl (A11)
=1 r=1 i=1

Likewise, the precise version of Model (10)’s first constraint may be obtained:

L s
0+T Z Pol — Z Uryro < 0, where py; > ur]/fol (A12)
1=1 r=1

The proof is complete. [

Appendix A.4. Proof of Theorem 4
Proof of Theorem 4. Let us take BRDEA as an example. The first constraint of Model 9 con-

L s
tains the uncertain variable Tand ) ). u,yfol is greater than 0. Therefore, we can complete
I=1r=
L s
this proof by considering only the first constraint of Model 9. As T increases, T Z ) u,yf ol
I=1r=

also increases, and the part of Z urYro becomes smaller to satisfy the constraint. That is,

Model 9 will obtain a lower eff1c1ency and become more robust.
Similar conclusions can be obtained from other robust optimization models. O

Appendix A.5. Proof of Theorem 5

Proof of Theorem 5. Let us take BRDEA as an example. When the uncertain variables T

are added, the value of T Z Z ury vol is greater than 0, that is, the value of Z UrYro Must
I=1r=1 r=1
be smaller to satisfy the constraints. In other words, the efficiency value of Model 9 must

be smaller and a little more conservative than the original Model 2.
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Similar conclusions can be obtained from other robust optimization models. O

Appendix A.6. Proof of Section Box Uncertainty

Proof of Section 5.1. We simply acquire the largest value of (2)’s goal function:

max ) uyr = ), wrlYr +p(y; = Jr)] (A13)

rels] rels]

It can then be translated into the corresponding form:

min — Y w:[40 + (Yo — Yio)] (A14)

rels

Likewise, the third inequality of (2) may be expressed as follows:

m
Yol o — v < Yoy, j=1,2,0,m (A15)
refs] i=1
O]
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Abstract: China is facing an increasingly serious aging problem, which puts forward higher require-
ments for the smoothness of the endowment insurance system. Accurate evaluation of the efficiency
of the system can help the government to find problems and improve the system. Some scholars have
used data envelopment analysis (DEA) method to measure the efficiency of endowment insurance
system. However, according to the literature, the impact of government policy adjustment and
economic shocks on output of the data was ignored. In this study, a robust optimization method
is applied to deal with uncertainty. Robust DEA models proposed in this paper are based on three
kinds of uncertainty sets. A data-driven robust optimization method is also applied to resolve the
over-conservative problem. Compared with the robust DEA method, based on analysis it is found
that the data-driven robust DEA method is more flexible and reliable for efficiency estimating strate-
gies. The results of data-driven robust DEA models illustrate that the government should increase its
support for the endowment insurance system, especially for the underdeveloped regions.

Keywords: endowment insurance system; robust optimization; data envelopment analysis (DEA);
uncertainty set; data-driven

1. Introduction

In recent years, China’s aging process has been accelerating. By October 2020, China’s
population aged 60 or above reached 264 million, accounting for 18.7% of the total pop-
ulation, of which 191 million will be aged 65 or above, accounting for 13.5% of the total
population [1]. The research shows that China will enter a moderately aging society by
2024, with 14% of the population over 65 years old. According to research, China will enter
into the serious aging society by 2035 and the proportion of the elderly population over
65 will be increased by more than 20%. In the past few decades, China has moved from
the demographic dividend period to the population burden period [2]. The cruel reality of
getting old before getting rich will bring a great burden to young people, and will also pose
the most severe challenge to the current endowment insurance system. Evaluation of the
operation process and effects of the current endowment insurance system objectively and
scientifically has become an urgent problem for the further improvement and development
of the endowment insurance system. It creates a great significance to grasping the operation
status of the endowment insurance system and promoting its sustainable development.

Research on the efficiency of insurance system began as early as the 1950s. Samuelson
proposed the Overlapping Generation Model (OLG) to study the performance of endow-
ment insurance [3]. Later, Diamond improved the OLG model, he used the model to study
the dynamic impact of two existing financing modes of endowment insurance system on
capital [4]. In the 1970s, Aaron proposed the ‘Aaron condition’, which became a reference
standard for the choice of a pension insurance system. He found that the main factors
restricting the efficiency of endowment insurance are the growth rate of population and the
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growth rate of labor production [5]. In recent years, some scholars have studied China’s
maternity insurance system and basic pension insurance system [6,7]. However, there is
little research on endowment insurance systems in China. Charnes et al. proposed that DEA
is the most popular non-parametric method to measure the relative efficiency of decision-
maker units, and it was developed later on by Banker et al. [8,9]. The DEA method is
widely used among various fields: Bank [10-12], energy [13-16], educational system [17,18],
entrepreneurship and innovation [19,20], software engineering [21,22]. Andreu proposed
four variants of the slacks-based measure of efficiency (SBM) to evaluate the efficiency
of the strategic style of pension funds [23]. Further, Hu improved the three-stage DEA
model to calculate the operation efficiency of urban and rural residential insurance system
in 31 provinces of China from 2012 to 2016, he proposed that different regions should
implement different efficiency promotion strategies according to their own problems and
situation [24].

With the deepening of population aging, the gap in endowment insurance system is
becoming increasingly serious, which means that the consumption of accumulated pension
balance will be increased. The change of population structure promotes the change of
relevant national policies, it also has an impact on the pension payment rate. Moreover,
the stable operation of the economy is very important for the sustainable operations of
the endowment insurance system. In case of economic crisis, the accumulated pension
balance will be affected. Hence, there are sufficient reasons to believe that the accumulated
pension balance and pension expenditures are in an uncertain environment, and this
uncertainty is caused by a variety of factors such as economic shock and adjustment of the
policy. In previous studies, few scholars consider this uncertainty, likely to lead to wrong
ranking results.

Robust Optimization is introduced in this study to resolve the problems mentioned
above. It was first proposed by Soyster [25]. El-Ghaoui and Lebret [26] and Ben-Tal and
Nemirovski [27-29] extended the RO theory and proposed a new robust model based on el-
lipsoidal uncertainty sets. Subsequently, Bertsimas and Sim [30-32] and Bertsimas et al. [33]
developed a robust optimization approach based on polyhedral uncertainty sets. Sadjadi
and Omrani were the first scholars to apply robust optimization for DEA [34]. Kazemia and
Haji proposed robust DEA model based on Ben-Tal and Bertsimas approaches to measure
the efficiency of high schools [35]. Until now, no scholar has used the robust DEA method
to resolve the problems in the field of endowment insurance systems.

However, it is highly subjective that the classical RO methods are mostly based on
experience to obtain uncertainty sets. In previous studies, the advantages of big data are
ignored, and the results are also too conservative. The data-driven RO method [36,37] uses
historical data to construct uncertainty sets, which improves the rationality and economy
of the uncertainty sets of the traditional RO method. However, few types of research were
conducted previously on introducing data-driven RO to DEA models.

In this paper, a new method is proposed to measure the efficiency of endowment
insurance system of 31 provinces in China under uncertainty environment. It is proposed
to use a data-driven robust data envelopment analysis (DRDEA) model. It is based on
three uncertainty sets: Interval uncertainty set, Ellipsoid uncertainty set, Polyhedron
uncertainty set. The determination of the government is to ensure that the operation
of the endowment insurance system should be absolutely stable, so the purpose was to
resort robust optimization to ensure robustness in the case of data disturbance. The main
contributions of this research are as follows: (1) It is proposed that robust DEA models
deal with the efficiency measurement in endowment insurance effectively. (2) We deduce
the robust counterparts in different deterministic cases. (3) It is proposed that data-driven
robust DEA models deal with the inherent defects of robust optimization. (4) This paper
uses real numbers to verify the effectiveness of the model.

The structure of this paper is as follows. Section 2 introduces some preliminary
concepts. Three robust DEA models are explained in Section 3. Section 4 highlights
applicability of models mentioned earlier with endowment insurance system in China
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along with suggestions and recommendations. Section 5 elaborates the data-driven robust
DEA models and its application in endowment insurance system. At the end, Section 6
reflects the conclusion of this paper.

2. Preliminaries

In this section, related knowledge about DEA and Interval DEA theory is presented.

2.1. Data Envelopment Analysis

Data envelopment analysis (DEA) was first proposed by Charnes et al. to measure the
relative efficiency [8]. Suppose we have n homogeneous decision-making units (DMU).
Here, for each DM U]-, it consumes m inputs (fund income, the number of insured and the
number of retirees) that are denoted by x;; and produces s outputs (fund expenditure and
accumulated fund balance) which are denoted by y,;. Then, we obtain the following model:

maxf = =

i ur]/rj (1)
s.t. =l <1,V

Obviously, model (1) is a fractional programming. Charnes—Cooper transformation
can be used to obtain a linear programming [6]:

S
maxf = ) uy
r=1
s.t. VX
=T 2)

S m
)3 Urlyj — Z Uix,']' <0, \V/j
r=1 i=1
uy,v; > 0.
Here, 6 represents the efficiency of decision-making units. At the same time, we use
“<” in our DEA model instead of “=" in the standard DEA model. The reason why we
make this change is to avoid any infeasibility [38].

2.2. Interval DEA Model

This subsection introduces an Interval DEA model, that is, the ratio of all possible
comprehensive inputs and comprehensive outputs of the DMU as all possible efficiency
values, so the efficiency value obtained is presented as an interval form. We assume that
the upper bounds and lower bounds of output are y}f and yf‘j, respectively.

Firstly, we consider the most favorable situation for objective DMU. Let the output of
objective DMU take the maximum value, and the output of other DMUs take the minimum
value, so that the model of the upper bound of interval efficiency value can be obtained.

S
maxf¥ = Y u,y%
r=1

m
s.t. Y v,-xiLo <1
i=1

- 3)
m

Y uyy;— L ol <0,

r=1 i=1

Uy, vi 2 0
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Similarly, considering the most unfavorable situation, the model of the lower bound
of interval efficiency value can be obtained:

S
maxft = ¥ u,yk
r=1

m
s.t. Y vixibo’ <1
i=1

(4)

S m
r urer]l - X vixiL]' <0V,
r=1 i=1

u}’/ Ui 2 0

When we use the maximum value of input and the minimum value of output in
model (3), the result is the lowest value of efficiency. In contrast, we obtain the maximum
value of efficiency in model (4), that is to say 6 € [0, 8Y].

3. Robust DEA Model

In this model (2), decision variables and parameters are all deterministic. However,
in a real-world scenario, this is likely to lead to errors when uncertain factors exist. In our
research, the operational efficiency of the endowment insurance system will be affected
by policy adjustments and economic shocks. Therefore, the DEA model under certain
circumstances is not suitable for real situations. We must consider the impact of these two
uncertainties on output.

Robust optimization is an approach which is seeking the optimal solution in the worst
case. In this paper, three uncertainty sets to describe the uncertainty were considered to
describe different kinds of uncertainties which may influence the results.

For the output, it consists of two parts. The first part is determinate value, the other
part is uncertainty value. We express the uncertainty as follows:

L L
u= {yi?, = Yro+ Y Vst Yr) = Yo + Y i 61 € Z} ©)
1=1 =1
Thus, model (2) takes the following form

s
maX9 - Z uryrg

r=1

m
s.t. Y vix,, <1

i=1

s m
)y UrYrj— Y UiXjp < O/Vj
r=1 i=1

(6)

uy,v; > 0.

Yro and y,; denote the outputs in the deterministic situation, yf o and yrFﬂ are output
fluctuation caused by different uncertainty factor. Then, {; represents the uncertainty factor.
Finally, the following Programming can be obtained:

max 0

S L
st 6 — zlur(yrﬁlzlyfozéz) <0
r= =

m
vix; < 1 (7)
i=1
S L F m
Y ou (X yrﬂgl)* Y 0ix;j <0,V
r=1 I=1 i=1
Uy, Ui Z 0
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3.1. Robust Model Based on Box Uncertainty Set

For the RDEA model, we consider the most simple uncertainty set-box uncertainty set
first.

Proposition 1. The robust data envelopment analysis model based on box uncertainty set can be
constructed as:

max 6
L S - S
st 0+PY Y wlYy — L UYro <0
==l r=1
L vixj <1 8)

i=1
L S F S m
DY Y uy g+ Y ouyyi— X 0ix;; <0,V
rj 7. ] )
I=1r=1 r=1 i=1
ui’/ vi 2 O/

where the uncertainty set can be defined as Z5,Z8 = {C e Rb:||g|| < <I>}. @ represents

the uncertainty parameter, which measures the degree of uncertainty in the case of box
L s

uncertainty set. ) }. u,yfjl represents the disturbance of output data, and measures the

I=1r=1
disturbance of L uncertain factors to output.

3.2. Robust Model Based on Ellipsoid Uncertainty Set

Now, we consider the model based on the ellipsoid uncertainty set.

Proposition 2. The robust data envelopment analysis model based on ellipsoid uncertainty set can
be constructed as:

max 0

L s . 2
s.t. 0+ 04/ Y (Z u"yrol) — Y Ul <0
=1 r=1 r=1

m
'Zl UiXjp <1 9)
1=

L.s % m s
O E (X wy,,) — L oixij+ ¥ wy,; <0,
=1 r=1 i=1 r=1

Uy, vi Z 0/
where the uncertainty set can be defined as Z8, ZF = {§ e RMjg), < Q}. Q) represents
the uncertainty parameter, which measures the degree of uncertainty in the case of the

L s

ellipsoid uncertainty set. ;1 (r; u,yfj 1)2 represents the disturbance of output data, and

measures the disturbance of L uncertain factors to output.

3.3. Robust Model Based on Polyhedron Uncertainty Set

Finally, we consider the polyhedron uncertainty set.

Proposition 3. The robust data envelopment analysis model based on polyhedron uncertainty set
can be constructed as:
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maxf
L S
stO0+T Y por— L Yrotty <0
. =1 r=1
Z UiXio S 1 (10)
i=1
l L S m
LY pi+ X yrjur — ¥ x50, <0,V
I=1 r=1 i=1
u}’/ vi 2 0/

where the uncertainty set can be defined as Z”, Z" = {@ e RM:||¢| |, < F}. I' represents

the uncertainty parameter, which measures the degree of uncertainty in the case of polyhe-
L
dron uncertainty set. }. p; represents the disturbance of output data, and measures the
I=1

disturbance of L uncertain factors to output.
We present proof of Proposition 1, Proposition 2 and Proposition 3 in Appendix A.

4. Simulation Results
4.1. Data and Variable Selections

Although the endowment insurance system was implemented in 2014, the statistical
caliber of the data can be traced back to 2012. To ensure the consistency of the data, this
paper studies the operation efficiency of the endowment insurance system of 31 provinces
in China from 2017 to 2019 (latest available data). The data of input and output indicators
are all from China Statistical Yearbook and provincial statistical yearbooks [39]. The data
are shown in Table 1.

Table 1. Endowment insurance data of 31 provinces.

Inputs Outputs
Province Numbe r of Insured Number of Retirees Fund Income Fund Expenditure Accumulated Fund
ersons Balance
Beijing [1604.5, 1748.2] [283.1, 302.6] [2223, 2760.6] [1394.3, 1698] [4395, 6018.5]
Tianjin [655, 695.6] [213.8, 226.3] [894.3,1120.3] [836.2, 1059.9] [463.2, 556.5]
Hebei [1535.8, 1654.5] [433.8, 466.7] [1439.2, 2437.4] [1411.6, 2425] [735.2,910]
Shanxi [798.7, 871.5] [243.0, 273.6] [1223.4, 1234.6] [1082.3, 1168] [1457.7, 1640]
Neimenggu [694.3, 763.4] [257.1,298.8] [853.5, 1094.6] [707.2,1201.4] [595.9, 656.5]
Liaoning [1949.8, 2026.2] [754.4, 816] [1863.2, 2486.4] [2207, 2950] [303.7, 572.8]
Jilin [814.6, 882.1] [332.2, 375.9] [764.1,1142.8] [767, 1263.6] [340, 504.2]
Heilongjiang [1206.1, 1364.9] [523.9, 599.8] [1240.5, 1785.4] [1534.2, 2094] [-557.2, —433.7]
Shanghai [1548.2, 1589.6] [489.2,511.9] [2767.4,2933.7] [2571.1, 2779] [2069, 2290.3]
Jiangsu [3034.5,3417.4] [796.1,918.1] [2885.6, 3923.3] [2555.3, 3401] [3731, 4932.4]
Zhejiang [2712.4, 3031.7] [747.5, 856.9] [3011.8, 3052.6] [2636.7, 3138.] [3585.4, 3797]
Anhui [1077.0,1217.0] [322.9, 356.7] [993.3, 2005.6] [784.6,1732.7] [1394, 1909.7]
Fujian [1022.1, 1137.3] [119.1, 190.6] [785.3,931.8] [666.5, 782.2] [820, 976.2]
Jiangxi [1005.2, 1096.6] [307.7,348.4] [974.1,1169.8] [862.6, 1083.9] [638.1, 824.6]
Shandong [2660.9, 2868.0] [638.8, 711.2] [2289.3, 2784.7] [2358.7, 2872] [2217.2, 2387]
Henan [1897.6, 2133.8] [460.0, 505.6] [1521.5, 2053] [1471.8, 1931] [1104, 1326.3]
Hubei [1546.6, 1684.8] [526.1, 584.3] [1793.6, 2418] [1864.2, 2264] [743.4,1017.1]
Hunan [1279.3, 1557.8] [422.7, 486] [1448.1, 2129.2] [1349.1, 1620] [1104, 1836.7]
Guangdong [4633.4,5287.1] [569.0, 671.2] [3457.0, 5593.2] [1898.0, 3761.] [9245, 12,343.6]
Guangxi [777.8, 869.5] [251.9, 268.4] [977.0, 1248.9] [881.9, 1126.8] [556.7, 755.2]
Hainan [240.9, 281] [68.9, 72.7] [271.1, 326.1] [232, 280] [173.5, 281.4]
Chongging [989.2, 1127.7] [360.8, 406.6] [1202.3, 1434.7] [1093, 1372.4] [897.1,1090.1]
Sichuan [2335.1, 2700.3] [816.0,915.7] [2754.9, 3295.9] [2276.4, 2764] [3246, 3759.5]
Guizhou [588.2, 677.5] [141.3, 155.8] [667.1,799.3] [575.7, 636.6] [619.2, 894]
Yunnan [591.5, 649.9] [171.3,181.5] [878.0, 1096.0] [690.4,958.9] [950.8, 1325.2]
Xizang [42.9, 48.2] [9.2,10] [110.5,139.1] [84.7,107.4] [123.6,171.2]
Shanxi [953.3, 1080.7] [246.4, 264.1] [1049.2, 1254.1] [961.8, 1187.5] [566.1, 804.2]
Gansu [429.8, 469.4] [141.6,159.6] [391.3, 598.5] [363.5,599.3] [403.7, 467]
Qinghai [138.3, 152.8] [42.8, 46.7] [197.6, 300.5] [205.5, 323.3] [37, 55.8]
Ningxia [205.2, 226.6] [60.2, 66] [243.0, 269.1] [221.4, 266.8] [217.7, 261.5]
Xinjiang [646.4, 744.2] [204.3,219.1] [1006.1, 1137.1] [906, 1040.9] [1074, 1307 |
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Inputs of endowment insurance mainly include fund income, number of insured and
the number of retirees. The first index is fund income. According to the relevant provisions
in China, the income of the endowment insurance fund is paid by the payment units.
The individuals are included in the scope of the endowment insurance according to the
payment base and payment proportion stipulated by the government, as well as the income
obtained through other ways to form the source of the fund. It includes the endowment
insurance premium paid by the unit and individual employees, the interest income of the
endowment insurance fund, the subsidy income of the higher level, the income of the lower
level, the transfer income, the financial subsidy, and other income.

The last indicator as an input is the number of retirees. For the service object of
endowment insurance, the number of retirees is directly related to the number of services
provided by endowment insurance. The more the number of retirees, the higher the
expenditure of the endowment insurance fund and the greater the expenditure pressure of
the corresponding endowment insurance fund will occur.

In the selection of output indicators, the following two indicators are determined:
fund expenditure and accumulated fund balance. The first index is used to measure the
number of public services in the operation of endowment insurance system, which is
the direct performance of the operations of endowment insurance system. The scope
of expenditure mainly includes the pension of retirees, who participate in endowment
insurance. The pension of retirees, and the payment of various kinds of stickers, medical
expenses, death and funeral subsidies, etc., are also included. Therefore, it can be used as an
output indicator. This index refers to the accumulated balance of the endowment insurance
fund in a certain period time for the accumulated balance of the fund. It measures the
endurance of the endowment insurance system in China, that is, the sustainability of its
development. Therefore, it is also an output index that can reflect the operation of the
endowment insurance system.

4.2. Interval DEA Results

First of all, this paper uses the average data of input and output as the input and
output of DEA model, and obtains the efficiency value and the rank of the comprehensive
performance of the operation of endowment insurance in 31 provinces from 2017 to 2019.
It should be mentioned that the efficiency value of DEA model does not consider the
disturbance of data. Table 2 shows the efficiency values calculated by DEA model. The
operation of endowment insurance system in nine provinces is effective: Beijing, Shanxi,
Liaoning, Heilongjiang, Shanghai, Zhejiang, Guangdong, Xizang, Qinghai. The efficiency
of inefficient securities firms ranged from 0.651 to 0.994.

Table 3 show the results of interval DEA model. The difference between the upper
bound and the lower bound is quite different among the 31 DMUs. Among them, the
largest value is 0.726, while the smallest is 0.364. It is worth mentioning that all the DMUs
have the same upper bound of 1.000, and this does not mean that so many DMUs are
efficient. This is because it is hard to find a realistic scenario in which all DMUs are in the
most favorable situation at the same time.

In the DEA model, we just need to rank them according to their efficiency value. As
mentioned before, the data disturbance is not considered in DEA model. Therefore, the
accuracy of the results is too difficult to be assured. In the interval DEA model, the data
disturbance is considered. However, it is difficult to rank them accordingly. For DMUs
with the same upper bound, ranking them according to their lower bounds is likely to lead
to mistakes because we have to know their distribution. In a real-world scenario, these
distributions are difficult to describe.
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Table 2. Interval DEA efficiency.

Province DEA Efficiency Interval DEA Efficiency
Beijing 1.000 [0.663, 1.000]
Tianjin 0.933 [0.523, 1.000]
Hebei 0.935 [0.392, 1.000]
Shanxi 1.000 [0.670, 1.000]

Neimenggu 0.959 [0.452, 1.000]
Liaoning 1.000 [0.532, 1.000]
Jilin 0.910 [0.413, 1.000]
Heilongjiang 1.000 [0.519, 1.000]

Shanghai 1.000 [0.687,1.000]
Jiangsu 0.963 [0.468, 1.000]

Zhejiang 1.000 [0.562, 1.000]
Anhui 0.906 [0.364, 1.000]
Fujian 0.920 [0.425, 1.000]
Jiangxi 0.88