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Abstract

:

This paper integrates a low-carbon tourism supply chain consisting of a low-carbon tourist attraction (LTA) providing a low-carbon service and an online travel agency (OTA) responsible for big data marketing. Consumers may also encounter sudden crisis events that occur in the tourist attraction during their visit, and the occurrence of crisis events can damage the low-carbon goodwill of the tourist attraction to the detriment of the sustainable development of the supply chain. Therefore, this paper aims to investigate how tourism firms can develop dynamic strategies in the pre-crisis environment if they envision the occurrence of a crisis event and how crisis events affect interfirm cooperation. This paper uses stochastic jump processes to portray the dynamic evolution of low-carbon goodwill in the context of crisis events and introduces the methods of the differential game and Bellman’s continuous dynamic programming theory to study the sustainable operations of low-carbon tourism supply chains. Our findings provide important managerial insights for enterprises in the tourism supply chain and suggest that they need to not only become aware of the tourist attraction crisis events, but also, more importantly, they need to adjust their appropriate input strategies based on the degree of anticipation of the crisis.
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1. Introduction


Data released by the United Nations World Tourism Organization (UNWTO) in January 2019 showed that the number of world tourism has reached 1.4 billion in 2018. However, in 2010, the UNWTO predicted that the number of world tourism would reach 1.4 billion in 2020. In addition, the “Report Release on World Tourism Economy Trends” (2020) shows that the total number of world travelers in 2019 reached 12.3 billion, an increase of 4.6% over 2018. Although the occurrence of COVID-19 has brought a huge impact on the tourism industry, it has stimulated tourist attractions to accelerate their collaboration with online travel agencies (https://report.iimedia.cn/repo1-0/39068.html (accessed on 20 May 2021)) because online travel agencies recover faster and are less affected by COVID-19 than scenic destinations, hotels and other tourism businesses (https://www.iresearch.com.cn/Detail/report?id=3535&isfree=0 (accessed on 20 May 2021)). However, the rapid development of tourism has also led to excessive greenhouse gas emissions, which in turn has led to the destruction of the natural environment in tourist attractions [1,2,3]. It makes the implementation of energy saving and emission reduction of low-carbon tourism concept the consensus among tourism enterprises, consumers and the government to reduce carbon emissions in tourism activities and improve the sustainable development of tourism enterprises [4,5,6]. It is under the dual drive of environmental legislation and profit that tourism enterprises have widely implemented low-carbon tourism supply chain management strategies, effectively promoting ecological environmental protection and the sustainable development of the tourism industry [7,8]. It is conducive to achieving a win-win situation for both the tourism economy and the ecological environment, and the theory and practice of low-carbon tourism supply chain management will also become an important direction for operational managers to study [9,10]. However, consumers can also encounter sudden crisis events that occur in the tourist attraction during their visit, such as natural accidents (landslides in mountainous areas, earthquakes, etc.), accidents caused by vehicles or recreational equipment and overcrowding or stampede events caused by exceeding the maximum capacity of the scenic spot.



The consequences of sudden crisis events with random and destructive characteristics are usually very catastrophic. They not only affect the safety of consumers’ lives and property, but also damage the good reputation of the company, which in turn reduces its profits and affects its sustainable development in the tourism industry [11]. In 2018, 47 Chinese tourists died in a shipwreck in Phuket, Thailand, which directly led to the cancellation of 10–15% of room orders in Phuket hotels that day and a serious decline in Phuket’s reputation and tourist traffic, which also led to a decline in hotel profits. During the Qingdao prawn incident on National Day in 2015, the relevant departments failed to deal with the issue in a timely manner, which not only let Qingdao image being damaged, but also the reputation of “Hospitable Shandong” established by Shandong Province in China was affected. In the second half of 2019, the “Devil’s Tear” attraction in The Republic of Indonesia was plagued by accidents, directly causing a decrease in Chinese tourists to the attraction and causing travel agencies to stop arranging tours for Chinese tourists to visit the attraction. It can be seen that the occurrence of random crisis events not only damages the reputation of tourism companies but also the profits of companies in the tourism supply chain are affected. However, if the occurrence of a crisis can be predicted by tourism business managers, how should they adjust their strategies to avoid certain losses and achieve the sustainable development of the tourism economy? It marks an important direction for the industry and academia to study the impact of scenic crisis events on tourism enterprises [12] and the strategic adjustment of enterprises before the crisis.



Inspired by the above analysis of scenic crisis events, this paper considers a low-carbon tourism supply chain consisting of a low-carbon tourist attraction providing low-carbon services and an online travel agency responsible for big data marketing. In such a context, the question of how a tourism company adjusts a strategy when tourist attraction crisis events are predicted to occur is considered. However, this paper focuses on how tourism companies develop dynamic strategies when they envision crisis events in tourist attractions and how crisis events affect interfirm cooperation to ensure the sustainable development of the supply chain. Specifically, the main research questions of this paper are expressed as follows:




	(1)

	
What are the supply chain member decisions, low-carbon goodwill, member and system profits before and after the scenic crisis, for the entire planning period and after the crisis, under different decision models?




	(2)

	
What is the impact of a scenic crisis event on member decision-making, low-carbon goodwill and member and system profits, respectively?




	(3)

	
Does the occurrence of a scenic crisis event affect the effectiveness of cost-sharing mechanisms? Does it have an impact on the Pareto improvement effect on the profitability of the supply chain members and the system?









To address the above questions, this paper constructs a low-carbon tourism supply chain consisting of a low-carbon tourist attraction that provides low-carbon services and an online travel agency that is responsible for big data marketing. Compared with the one-time static game approach that only considers current interests, we explore the optimal operation strategy of tourism enterprises with the help of the theoretical approach of a differential game and Bellman’s continuous dynamic programming. This approach takes the long-term profit maximization of the enterprise as the goal and considers the comprehensive impact of the enterprise’s current decisions on the current benefits and future earnings, which is more conducive to the sustainability of the enterprise’s decisions on the supply chain. In addition, by portraying the random nature of sudden crisis events (it is uncertain that a crisis event will occur at some point in the future), we extend the dynamic differential game model to a two-stage game process. This change facilitates tourism companies to develop appropriate strategies when they can envision the occurrence of crisis events. Finally, the article explores the impact of the occurrence of scenic crisis events on the effectiveness of cost-sharing cooperation and Pareto improvement effects among tourism enterprises.



The rest of this paper is structured in the following framework. Section 2 is a literature review. Section 3 describes the problem and some relevant hypotheses. Section 4 constructs a differential game model under three decision-making models and performs a sensitivity analysis on the key parameters. Section 5 provides a comparative analysis of the different decision-making models. In Section 6, numerical examples are used to verify the analysis results and extend the analysis. Eventually, we present the discussion and conclusions of this paper in Section 7.




2. Literature Review


Three main streams of literature closely related to this paper are: (1) Low-carbon tourism; (2) Sudden crisis events; (3) Cost-sharing contracts.



2.1. Low-Carbon Tourism


Some scholars have conducted extensive research on the construction and evaluation index system of tourist attractions, government incentives, consumer perceptions and choices of low-carbon tourism. Huang [13] draws on the successful construction of low-carbon tourist attractions in Pinglin, Taiwan, and explains the significance of building low-carbon tourist attractions. Wang et al. [14] constructed a low-carbon behavior performance evaluation index system using the Delphi method and used analytic hierarchy process to systematically measure the low-carbon performance of 32 scenic spots in Zhangjiajie (World Heritage Scenic Area). The article extracted the key drivers that can significantly influence the performance of low-carbon behavior in tourist attractions and found that Zhangjiajie scenic spots performed relatively well in implementing low-carbon behavior, but there is still much room for improvement and enhancement. Zhao et al. [15] constructed an evolutionary game model of government and enterprises based on tourism development in a low-carbon context and studied the evolutionary strategies of both from a dynamic perspective, finding that the government and enterprises can only make decisions from a long-term perspective to better promote the low-carbon development of enterprises. He et al. [16] constructed an evolutionary game model between the government, tourism enterprises and tourists based on the context of sustainable development to explore effective green incentives for governments to develop traditional tourism into green tourism. Saarinen [17] found that government regulation is an effective way to encourage private enterprises to transform traditional tourism into sustainable tourism to a large extent. Xu and Fox [18] found that anthropocentric or ecocentric values significantly influenced people’s attitudes towards tourism and sustainable development. Jinsoo et al. [19] investigate how guests visit green hotels and conclude that a range of impressions of green hotels may lead to more beneficial behavioral intentions. Chen et al. [20] found through empirical results of structural equation modeling (SEM) that consumers’ environmental concerns did positively influence their attitudes toward green hotels, their perceived behavioral control and their perceived moral obligations. Therefore, the research on low-carbon tourism is increasingly becoming an important direction for business and academia, but there are fewer studies that introduce the idea of supply chain management into low-carbon tourism and consider the differential game of interests among low-carbon tourism enterprises [7,21].




2.2. Sudden Crisis Events


The occurrence of sudden crisis events often has a great impact on the sustainable development of enterprises [12]. Therefore, many scholars have conducted a lot of research on the impact of such crisis events on enterprises and their coping strategies [22,23]. Jang et al. [24] examined changes in the competitive response of two companies to a defamatory product injury crisis event and its impact on the relationship between advertising and consumer online search behavior. Wang et al. [25] compared the differences between traditional and emergency decision problems and proposed an emergency response strategy for emergencies with complex system characteristics through the special constraints of emergency decision. Using a state-space model, Liu et al. [26] found that when a product suffers an unexpected crisis event, a company’s product recall behavior brings negative product information, which adversely affects brand preference and advertising effectiveness. Based on a third-party recycling model, Wang et al. [27] confirmed that a coordinated strategy of a closed-loop supply chain is an effective way to deal with emergencies. So, if there is a sudden crisis event in a tourist attraction, what kind of impact will it have on tourism enterprises and consumers? In addition, if tourism companies can predict the occurrence of future scenic crisis events, how can they develop their own optimal strategies? Unfortunately, few studies are involved in this topic, and most of the literature selects specific scenic spots or single types of scenic spots to study the impact of emergencies and the coping strategies of scenic spots [28,29,30]. Therefore, the idea of supply chain management is introduced into the sudden crisis events of tourist attractions more in line with the realistic requirements. In addition, the repu tation of tourist attractions is dynamic and subject to the influence of tourism enterprises’ decisions; therefore, it is necessary to consider the dynamic nature of the reputation of tourist attractions and the long-term impact of this dynamic on the economic, environmental and social benefits of the supply chain.




2.3. Cost-Sharing Contracts


Numerous scholars have found that one of the most effective means of improving the performance of supply chain members is cooperation among members and that cooperation among members manifests itself in different contract designs: Quantity flexibility, two-part tariff and cost-sharing contracts, etc. [31,32,33,34]. However, this paper considers cost-sharing contracts among supply chain members. Bai et al. [35] proposed a revenue and promotion cost-sharing contract and a two-part tariff contract to perfectly coordinate a sustainable supply chain system consisting of a manufacturer and a retailer. In the presence of consumers’ environmental awareness or carbon taxes, Yang and Chen [36] investigated the effects of revenue sharing and cost-sharing contracts offered by retailers on a manufacturers’ carbon emission reduction efforts and the profitability of both members. They found that both contracts stimulated the manufacturers’ incentives to reduce emissions, increased manufacturers’ emission reduction levels and promoted the profitability of both members. Li et al. [37] studied the impact of revenue sharing and cost-sharing contracts offered by retailers on the low carbon strategies of members with and without bargaining channels in low carbon supply chains and found that both contracts coordinate the entire supply chain, but neither contract coordinates the supply chain if the supply chain members bargain over the sharing rate, regardless of the symmetry of bargaining power. Xiao et al. [38] constructed a sustainable supply chain consisting of a manufacturer and a supplier and investigated the effect of cost-sharing contracts on the sustainable investment level of the supplier and the profit of the supply chain members. They found that cost-sharing facilitated the improvement of the investment level of the supplier and achieved the Pareto improvement of the profit of the supply chain members. All of the above studies have investigated the impact of cost-sharing contracts on supply chain members’ decision making and performance. However, since most studies consider member decision making and cost-sharing contracts from a static perspective, it is necessary to consider the long-term effects of the dynamics of supply chain member decision making on the economic, environmental and social benefits of the supply chain.



In summary, most of the existing studies on low-carbon tourism mainly focus on the sustainability issues of individual tourism enterprises and the development of corporate strategies for supply chains composed of multiple tourism enterprises. They neglected the issue of corporate cooperation among tourism enterprises when they form a supply chain. In addition, tourists may also encounter sudden crisis events that occur in the tourist attraction during their visit, and whether crisis events will affect interfirm cooperation is a question that is bound to arise and that is worth exploring. Therefore, our study extends this part of the literature. In addition, research on sudden crisis events has mostly focused on the issue of corporate response strategies after the crisis, neglecting the issue of strategy formulation before the crisis. Finally, studies on the effects of cost-sharing contracts on interfirm cooperation in supply chains have mostly studied the impact of cost-sharing contracts on supply chain performance from a static perspective. They ignore the dynamic change characteristics of the environment in which firms are located and the impact of firms’ current decisions on future supply chain sustainability.



Therefore, this paper draws on the theoretical basis of differential game and the characteristics of supply chain dynamics in the context of low-carbon tourism enterprises anticipating the occurrence of crisis events, aiming to explore the problem of how enterprises formulate their strategies before the crisis and how crisis events affect the cost-sharing cooperation among enterprises. This paper provides relevant management insights and supply chain sustainability recommendations for tourism enterprises by the above analysis.





3. Model Description and Assumptions


This paper considers a low-carbon tourism supply chain consisting of a low-carbon tourist attraction (LTA) and an online travel agency (OTA), in which the LTA is responsible for the low-carbon service level and the OTA is in charge of big data marketing. We study the impact of the likelihood of a crisis event and the damage rate of a crisis event on members’ decisions, low-carbon goodwill and the members’ and system’s profits when tourism companies predict the occurrence of a crisis event in the tourist attraction. As the leader of the channel, the LTA actively explores the low-carbon development path and decides its own low-carbon service strategy   S ( t )  , including ecological protection, green energy use, waste treatment and other low-carbon reduction inputs [7]. The OTA, as channel followers, determines their own big data marketing inputs based on the low-carbon service input in LTA. The big data marketing input implemented by the OTA uses big data technology to generate portraits of consumers’ online search and shopping records and to analyze consumers’ travel preferences in order to accurately push interested tourist attractions and low-carbon tourism products to the consumers for the purpose of promoting the tourist attractions [21]. Based on this, the low-carbon service level of the LTA and the big data marketing level of the OTA both contribute to the improvement of the low-carbon goodwill of the tourist attraction. Then, consumers will be stimulated to choose low-carbon tourist attractions by their high low-carbon goodwill. Conversely, tourist attractions can be subject to unexpected crises that can damage their low-carbon goodwill and lead to a decline in consumers. In addition, for clarity of representation, the basic parameters and variables are summarized in Table 1 in this paper.



Specifically, low-carbon tourist attractions actively practice low-carbon development. At the same time, it is inevitable that some sudden crisis events will occur in tourist attractions [12]. For example, in July 2018, there was a rolling stone falling accident in Zhangjiajie in China, a low-carbon scenic spot. In 2018, there was a cliff jumping accident in Mountain Emei, which is known as an old “low-carbon scenic spot”. Because the moment of occurrence of these crisis events is unknown, crisis events take place at discrete, random moments. If we assume that     Γ ( t ) : t ≥ 0     denotes the stochastic process of a crisis event in the tourist attraction, then the probability of the crisis occurring at any moment  t  is   χ ∈ ( 0 , 1 )  . In addition, assuming that the actual moment of the crisis is  T  [22], therefore, the regime in which tourism enterprises are located is divided into a pre-crisis regime (  j = 1  ), where   t ∈ ( 0 , T )   and a post-crisis regime (  j = 2  ), where   t ∈ ( T , ∞ )  . Furthermore,     Γ ( t ) : t ≥ 0     represents a jump process and the jump rate [22] is as follows:


      lim   d t → 0     P [ Γ ( t + d t ) = 2 | Γ ( t ) = 1 ]   d t   = χ       lim   d t → 0     P [ Γ ( t + d t ) = 1 | Γ ( t ) = 2 ]   d t   = 0    



(1)







The common setting of such regime switching and piecewise deterministic games is similar to the literature [22,23,39].



Low-carbon goodwill cannot be improved without the joint efforts of the level of low-carbon service and the level of big data marketing [21]. Because the development of low-carbon services and big data marketing is an evolving process, low-carbon goodwill is also a dynamic process. Drawing on the work of [22,23], we consider that sudden crisis events in tourist attractions can damage low-carbon goodwill. Namely, we assume that the instantaneous decline in low-carbon goodwill at the moment of the crisis is such that it leads to a discontinuity of low-carbon goodwill before and after the crisis. Moreover, referring to the goodwill dynamics equation of Nerlove-Arrow [40], the differential equation for the change in low-carbon goodwill   G ( t )   is assumed to be a state variable and can be expressed as follows:


   G ˙  ( t ) =      α 1   S 1  ( t ) +  β 1   B 1  ( t ) −  δ 1   G 1  ( t )   , G ( 0 ) =  G  10   ,         ( t < T )      α 2   S 2  ( t ) +  β 2   B 2  ( t ) −  δ 2   G 2  ( t ) ,  G 2  ( T ) = ( 1 − ϕ )  G 1  ( T ) ,   ( t ≥ T )      



(2)




where    α j  ,  β j  > 0 (  α 1  >  α 2  ,  β 1  >  β 2  )   denote the impact factors of the service level of LTA and the level of big data marketing of the OTA on the low-carbon goodwill in regime is  j , respectively. Moreover, the magnitude of the impact factors is impaired by unexpected events [41]. Parameter    δ j  > 0 (  δ 2  >  δ 1  )   indicates the decay rate of low-carbon goodwill. If the decay rate is greater, the low-carbon goodwill decays more rapidly in the post-crisis regime [22]. Low-carbon goodwill will improve with the low-carbon service and big data marketing but will also decay with consumer forgetfulness and competition from other brands [21]. Parameter   G ( 0 ) =  G  10     denotes the initial low-carbon goodwill.  ϕ  denotes the loss rate of low-carbon goodwill (crisis damage rate): the larger the loss rate, the greater the decrease in the underlying goodwill [23]. In addition, the low-carbon service input cost of LTA is positively related to its service level, and the higher the low-carbon service level pursued by the tourist attraction, the greater the service input cost; similarly, the big data marketing cost of the OTA is positively related to its marketing level and increases with the increase of marketing level. As a result, drawing on the convexity assumption of the general costs [25], the low-carbon service input cost of the LTA and the big data marketing cost of the OTA are      μ S   S 2  ( t )  / 2  ;      μ B   B 2  ( t )  / 2    at moment  t , respectively. Parameters   S ( t ) , B ( t ) ≥ 0   denote the low-carbon service level and the big data marketing level, respectively, and they are both decision variables in this paper. Furthermore, the coefficients    μ S  ,    μ B  > 0   represent the constant cost factors of the low-carbon service level and the big-data marketing level, respectively [42].



The low-carbon service and the reputation of the tourist attraction are the important factors for consumers when choosing low-carbon tourist attractions [21]. Low-carbon goodwill is the key to shaping the good reputation of a tourist attraction, as well as an important factor in enhancing its competitiveness [43]. In addition, the prices of the tourist attraction have remained basically unchanged due to the long-term market equilibrium [44]. Therefore, consumers are no longer sensitive to the price of products, but the service level of the LTA, the marketing level of the OTA and the low-carbon goodwill will be more important for consumers when choosing a tourist attraction [45], assuming that the consumers’ choice of low-carbon attractions is influenced by a combination of big data marketing and low-carbon goodwill. Furthermore, the long-term nature of marketing decisions for the OTA and the dynamic nature of low-carbon goodwill also leads to the inherently dynamic nature of consumer demand. We also consider the impact of tourist attraction crisis events on consumers’ choice of LTA. Therefore, drawing on the literature ([7,23]), the consumer demand function at moment  t  is assumed to be:


   D j  ( t ) =  D  j 0   + γ  B j  ( t ) + θ  G j  ( t )  



(3)




where parameter    D  j 0   > 0   is the initial consumer demand for low-carbon tourist attraction in regime  j . Parameters   γ , θ > 0   denote the impact factors of big data marketing and low-carbon goodwill on consumer demand, respectively. Parameters    B j  ( t ) ,  G j  ( t )   denote the big data marketing and low-carbon goodwill in regime  j , respectively.



The LTA provides tourist attraction information for the OTA, and then big data technology will be used by the OTA to pinpoint consumers and provide them with tourist attractions of interest [21]. Then, it can be assumed that both the LTA and the OTA can obtain certain marginal benefits after consumers choose tourist attractions. Therefore, the gains obtained by the LTA and the OTA are described as    π A  D ( t ) ;    π O  D ( t )  , respectively, where parameters    π A  ,  π O  > 0   denote the marginal revenue of the LTA and the OTA, respectively. Accordingly, the profit functions of the LTA and the OTA are expressed as the difference between the revenue and service input of LTA, and the difference between the revenue and marketing input of OTA, respectively:


   ∏ A  ( t ) =  π A  D ( t ) −    μ S   2   S 2  ( t ) ;    ∏ O  ( t ) =  π O  D ( t ) −    μ B   2   B 2  ( t )  



(4)







Furthermore, since LTA may be subject to sudden crisis events that reduce the low-carbon goodwill of a tourist attraction, it leads to a reduction in consumer choice for low-carbon tourist attractions. It also results in different decision making between the LTAs and OTAs in the pre- and post-crisis regimes, which in turn leads to different long-term profits for members in the pre- and post-crisis regimes. Drawing on the literature [22,23,39], the long-term profit function of low-carbon tourism supply chain members in the post-crisis regime can be expressed as follows:


     W A     G 2  ( T )   =   max    S 2     J  A 2      S 2  ( t )   =   max    S 2         ∫ 0 ∞    e  − ρ t   {  ∏  A 2   [  S 2  ] } d t           W O     G 2  ( T )   =   max    B 2     J  O 2      B 2  ( t )   =   max    B 2         ∫ 0 ∞    e  − ρ t   {  ∏  O 2   [  B 2  ] } d t         



(5)




where    W i  ( i = A , O )   denotes the optimal value function for member  i  in the post-crisis regime and   ρ > 0   denotes the discount rate. The reverse induction method can be used to first calculate the member’s profit    J  i 2   ( ⋅ )   in the post-crisis regime and then determine the total long-term profit    J  i 1   ( ⋅ )   of the member. Therefore, the total long-term profit of the members of the low-carbon tourism supply chain can be expressed as follows:


     V A     G  10   ,  G 1  ( T )   =   max    S 1  ,  S 2     J  A 1      S 1  ( t ) ,  S 2  ( t ) , χ   =   max    S 1  ,  S 2         ∫ 0 ∞    e  − ( ρ + χ ) t   {  ∏  A 1   [  S 1  ] + χ  J  A 2   [  S 2  ] } d t           V O     G  10   ,  G 1  ( T )   =   max    B 1  ,  B 2     J  O 1      B 1  ( t ) ,  B 2  ( t ) , χ   =   max    B 1  ,  B 2         ∫ 0 ∞    e  − ( ρ + χ ) t   {  ∏  O 1   [  B 1  ] + χ  J  O 2   [  B 2  ] } d t         



(6)




where    V i  ( i = A , O )   denotes the optimal value function for supply chain member  i  in the entire planning period, parameter  χ  denotes the probability of a crisis and the discount rate at this point changes from  ρ  to   ρ + χ  . In other words, the probability of a crisis increases the impatience of supply chain members [26].




4. Model Analysis


Based on the problem description and various assumptions in the previous section, this section analyzes the member decision, low-carbon goodwill under the three models of the Nash non-cooperative decision ( N ), the cost-sharing decision ( D ) and the centralized decision ( C ) in the pre- and post-crisis reigmes and analyzes the members’ and system’s profits after the crisis and throughout the planning period. Furthermore, the key parameters under the different decision-making models are compared and statically analyzed to give different decision management insights of the models in order to provide a basis for decision making for the relevant companies in the low-carbon tourism supply chain. For the model to be easily distinguished, this paper will use the superscripts  N ,  D  and  C  to represent the three different decision-making modes and the subscripts  A  and  O  to represent the supply chain decision subjects, LTA and OTA, respectively.



4.1. Nash Non-Cooperative Decision-Making Model (Model-N)


When the Nash non-cooperative decision-making model (Model-N) is taken between the LTA and the OTA in the low-carbon tourism supply chain, both supply chain members, as autonomous business decision makers, behave as fully rational decision makers, and each decision maker makes decisions separately to pursue the maximization of their own profits. The LTA first determines its own low-carbon service level, and the OTA determines its optimal big data marketing level on this basis. Furthermore, the study finds that the optimal strategies under Nash’s non-cooperative decision and Stackelberg’s non-cooperative decision are consistent [46].



Proposition 1.

The optimal low-carbon service of LTA in the pre- and post-crisis regimes are:


     S 1 N  =    α 1  θ [  π  A 1   ( ρ +  δ 2  ) + χ ( 1 − ϕ )  π  A 2   ]    μ s  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )     ,  S 2 N  =    α 2  θ  π  A 2      μ s  ( ρ +  δ 2  )   .    











The optimal big data marketing of OTA in the pre- and post-crisis regimes are:


     B 1 N  =    π  O 1   ( ρ +  δ 2  ) [ γ ( ρ + χ +  δ 1  ) +  β 1  θ ] +  π  P 2    β 1  θ χ ( 1 − ϕ )    μ B  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )     ,  B 2 N  =   [ γ ( ρ +  δ 2  ) +  β 2  η ]  π  P 2      μ B  ( ρ +  δ 2  )   .    











The optimal evolutionary path of low-carbon goodwill in the pre- and post-crisis regimes are:


     G 1 N  ( t ) =    G  10   −  G  1 ∞      e  −  δ 1  t   +  G  1 ∞  N    ,  G 2 N  ( t ) =    e   δ 2   T +      ( 1 − ϕ )  G 1  (  T −  ) −  G  2 ∞        e  −  δ 2  t   +  G  2 ∞  N  .    








where


    G  1 ∞  N  =  1   δ 1       α 1       α 1  θ [  π  A 1   ( ρ +  δ 2  ) + χ ( 1 − ϕ )  π  A 2   ]    μ s  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )     +  β 1       π  O 1   ( ρ +  δ 2  ) [ γ ( ρ + χ +  δ 1  ) +  β 1  θ ] +  π  O 2    β 1  θ χ ( 1 − ϕ )    μ B  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )         








denotes the steady state value of low-carbon goodwill in the pre-crisis regime and    G  2 ∞  N  =  1   δ 2         α 2    2  θ  π  A 2      μ s  ( ρ +  δ 2  )   +    β 2  [ γ ( ρ +  δ 2  ) +  β 2  θ ]  π  O 2      μ B  ( ρ +  δ 2  )       denotes the steady state value of low-carbon goodwill in the post-crisis regime. The members’ optimal profits for the entire plan period are    V A N  =  l 3   G 1 N  +  l  03   ;  V O N  =  l 4   G 1 N  +  l  04     . In addition, the member’s optimal profits in the post-crisis regime are    W A N  =  l 1   G 2 N  +  l  01   ;  W O N  =  l 2   G 2 N  +  l  02     



where


     l 1  =   θ  π  A 2     ρ +  δ 2    ,  l  01   =    π  A 2    D  20    ρ  +   2  μ s   π  A 2    π  O 2     [ γ ( ρ +  δ 2  ) + θ  β 2  ]  2  +  μ B   α 2    2   θ 2   π  A 2     2    2 ρ  μ s   μ B    ( ρ +  δ 2  )  2    ,            l 2  =   θ  π  O 2     ρ +  δ 2    ,  l 02  =    π  O 2    D 20   ρ  +    μ s     π  O 2    2    [ γ  ( ρ +  δ 2  )  +  β 2  θ ]  2  + 2  μ B     α 2   2    θ  2   π  A 2    π  O 2     2 ρ  μ s   μ B    ( ρ +  δ 2  )  2              l 3  =    π  A 1   η  ( ρ +  δ 2  )  + χ  ( 1 − ϕ )  θ  π  A 2      ( ρ + χ +  δ 1  )   ( ρ +  δ 2  )    ,  l 03  =  1  ρ + χ     π  A 1    D 10  +    γ  π  A 1   +  β 1   l 3    γ  π  p 1   +  β 1   l 4     μ B   +      α 1   2    (  l 3  )  2    2  μ s    + χ  l 01             l 4  =    π  O 1   η  ( ρ +  δ 2  )  + χ  ( 1 − ϕ )  θ  π  O 2      ( ρ + χ +  δ 1  )   ( ρ +  δ 2  )    ,  l 04  =  1  ρ + χ     π  O 1    D 10  +     γ  π  O 1   +  β 1   l 4    2   2  μ B    +      α 1   2   l 3   l 4    μ s   + χ  l 02   .        













Proof. 

See the Appendix A. □





Corollary 1.

The sensitivity analysis of the key exogenous parameters subject to optimal big data marketing and low-carbon service for the supply chain under the Nash non-cooperative decision-making model in the pre- and post-crisis regimes is represented in Table 2.





Corollary 1 indicates that the establishment of low-carbon goodwill is an important marketing tool for the OTA to carry out big data promotions, and the advertising effect it brings can stimulate consumers to visit these tourist attractions. In this way, the LTA and the OTA can gain more profits, but the positive impact of low-carbon goodwill on supply chain members’ profitability is not affected by the tourist attraction crisis event. It increases in low-carbon goodwill and requires a joint effort between the level of low-carbon service and the level of big data marketing, which in turn are positively influenced by the respective marginal returns of the LTA and the OTA and are negatively influenced by their respective input costs. Therefore, improving input efficiency is a key way for the LTA and the OTA to be profitable. In addition, when making pre-crisis decisions, supply chain members need to consider not only the positive impact of their own marginal returns before the crisis, but also the positive impact of their own marginal returns after the crisis. In contrast, post-crisis, members’ decision making is only positively correlated with their own marginal gains after the crisis. This suggests that the determination of pre-crisis members’ decisions requires a combination of pre- and post-crisis members’ own marginal returns. The LTA’s low-carbon service and the OTA’s big data marketing are only positively correlated with their own impact factors on the low-carbon goodwill in their own regimes. Namely, the low-carbon service is positively correlated with the impact factor    α 1    of low-carbon service on low-carbon goodwill in the pre-crisis regime. In addition, big data marketing is also positively correlated with the impact factor    β 1    of big data marketing on low-carbon goodwill in the pre-crisis regime. The situation in the post-crisis regime is similar. This suggests that crisis events in tourist attractions do not affect the change in correlation between the decisions of members in the supply chain and low-carbon goodwill. The level of big data marketing in the pre- and post-crisis regimes only varies positively with the coefficient of its own influence on demand in the regime in which it is located. Therefore, the occurrence of a crisis event does not affect the change in the correlation between the level of big data marketing and demand. The decisions of the tourism supply chain members in the pre-crisis regime are negatively associated with the likelihood  χ  of a crisis and the decay rate  ϕ  of a crisis on the low-carbon goodwill. In other words, the greater the likelihood of a crisis and the greater the rate of decay of the low-carbon goodwill, the greater the reduction in members’ decision making. Therefore, when supply chain members anticipate that a crisis will occur, they gradually reduce their own decision-making level to prevent excessive input costs in order to prevent an excessive waste of resources. Moreover, supply chain members’ decisions in the pre-crisis regime are negatively related to the decay rate of low-carbon goodwill, which is not only in the pre-crisis regime, but also in the post-crisis regime. However, members’ decisions in the post-crisis regime are only negatively related to the decay rate of the low-carbon goodwill in the post-crisis regime. This suggests that the pre-crisis members’ decisions should take into account the decay rate of the low-carbon goodwill before and after the crisis to determine the optimal decision level.




4.2. Cost-Sharing Decision-Making Model (Model-D)


Under the cost-sharing decision-making model (Model-D), the part of the cost of the OTA’s big data marketing investment will be borne by the LTA to incentivize the OTA to actively promote tourist attraction and develop potential tourism markets [7]. Therefore, to build a low-carbon tourism supply chain differentital game model led by the LTA, the LTA firstly decides its own low-carbon service and the sharing coefficient of the big data marketing of the OTA, and then the OTA decides its own big data marketing level on this basis.



Proposition 2.

The optimal low-carbon services in the pre- and post-crisis regimes are


    S 1 D  =  α 1  θ    π  A 1   ( ρ +  δ 2  ) + χ ( 1 − ϕ )  π  A 2      μ s  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   ,  S 2 D  =    α 2  θ  π  A 2      μ s  ( ρ +  δ 2  )     ,   








respectively.



The LTA’s share coefficients for the OTA’s big data marketing in the pre- and post-crisis regimes are


    ψ 1  =   ( 2  π  A 1   −  π  O 1   )   γ ( ρ + χ +  δ 1  ) ( ρ +  δ 2  ) +  β 1  θ ( ρ +  δ 2  )   +  β 1  θ χ ( 1 − ϕ ) ( 2  π  A 2   −  π  O 2   )   ( 2  π  A 1   +  π  O 1   )   γ ( ρ + χ +  δ 1  ) ( ρ +  δ 2  ) +  β 1  θ ( ρ +  δ 2  )   +  β 1  θ χ ( 1 − ϕ ) ( 2  π  A 2   +  π  O 2   )   ;  ψ 2  =   2  π  A 2   −  π  O 2     2  π  A 2   +  π  O 2     ,   








respectively.



The optimal big data marketing in the pre- and post-crisis regimes are


        B  1  D  =    ( 2  π  A 1   +  π  O 1   )   ( ρ +  δ 2  )   [ γ  ( ρ + χ +  δ 1  )  +  β 1  θ ]  +  ( 2  π  A 2   +  π  O 2   )   β 1  θ χ  ( 1 − ϕ )    2  μ B   ( ρ + χ +  δ 1  )   ( ρ +  δ 2  )    ;         B  2  D  =    ( 2  π  A 2   +  π  O 2   )   [ γ  ( ρ +  δ 2  )  +  β 2  θ ]    2  μ B   ( ρ +  δ 2  )         











The optimal evolutionary path of low-carbon goodwill in the pre- and post-crisis regimes are


     G 1 D  ( t ) =    G  10   −  G  1 ∞  D     e  −  δ 1  t   +  G  1 ∞  D    ,  G 2 D  ( t ) =    e   δ 2   T +      ( 1 − ϕ )  G 1 D  ( T ) −  G  2 ∞  D       e  −  δ 2  t   +  G  2 ∞  D  .    








where


       G  1 ∞  N  =  1  δ 1     α 1      α 1  θ  [  π  A 1    ( ρ +  δ 2  )  + χ  ( 1 − ϕ )   π  A 2   ]     μ s   ( ρ + χ +  δ 1  )   ( ρ +  δ 2  )     +  β 1      π  O 1    ( ρ +  δ 2  )   [ γ  ( ρ + χ +  δ 1  )  +  β 1  θ ]  +  π  O 2    β 1  θ χ  ( 1 − ϕ )     μ B   ( ρ + χ +  δ 1  )   ( ρ +  δ 2  )           








denotes the steady state value of the low-carbon goodwill in the pre-crisis regime and


    G  2 ∞  D  =  1   δ 2       α 2     α 2  θ  π  A 2      μ s  ( ρ +  δ 2  )   +  β 2    ( 2  π  A 2   +  π  O 2   ) [ γ ( ρ +  δ 2  ) +  β 2  θ ]   2  μ B  ( ρ +  δ 2  )         








denotes the steady state value of the low-carbon goodwill in the post-crisis regime. The members’ optimal profits for the entire plan period are    V A D  =  l 7   G 1 D  +  l  07   ,  V O D  =  l 8   G 1 D  +  l  08     . In addition, the member’s optimal profits in the post-crisis regime are    W A D  =  l 5   G 2 D  +  l  05   ,  W O D  =  l 6   G 2 D  +  l  06   ,   



where


     l 5  =   θ  π  A 2     ρ +  δ 2    ,  l  05   =    π  A 2    D  20    ρ  +   4  μ B   α 2    2   θ 2    (  π  A 2   )  2  +  μ S    [ γ ( ρ +  δ 2  ) +  β 2  θ ]  2    ( 2  π  A 2   +  π  O 2   )  2    8 ρ  μ S   μ B    ( ρ +  δ 2  )  2    ,          l 6  =   θ  π  O 2     ρ +  δ 2    ,  l 06  =    π  O 2    D 20   ρ  +   4  μ B     α 2   2    θ  2   π  A 2    π  O 2   +  μ S   π  O 2    ( 2  π  A 2   +  π  O 2   )    [ γ  ( ρ +  δ 2  )  +  β 2  θ ]  2    4 ρ  μ S   μ B    ( ρ +  δ 2  )  2    ,         l 7  =   θ  π  A 1    ( ρ +  δ 2  )  + χ  ( 1 − ϕ )  θ  π  O 2      ( ρ + χ +  δ 1  )   ( ρ +  δ 2  )    ,  l 07  =  1  ρ + χ     π  A 1    D 10  + χ  l 05  +      α 1   2    (  l 7  )  2    2  μ s    +    [ γ  ( 2  π  A 1   +  π  O 1   )  + 2  β 1   l 7  +  β 1   l 8  ]  2   8  μ B     ,         l 8  =   η  π  O 1    ( ρ +  δ 2  )  + χ  ( 1 − ϕ )  θ  π  O 2      ( ρ + χ +  δ 1  )   ( ρ +  δ 2  )    ,  l 08  =  1  ρ + χ     π  O 1    D 10  + χ  l 06  +      α 1   2   l 7   l 8    μ s   +    ( γ  π  O 1   +  β 1   l 8  )   [ γ  ( 2  π  A 1   +  π  O 1   )  + 2  β 1   l 7  +  β 1   l 8  ]    4  μ B     .        













Proof. 

Similar to the proof of Proposition 1, thus it will not be repeated here. □





Corollary 2.

The sensitivity analysis of the key exogenous parameters subject to the optimal big data marketing, low-carbon service and the LTA’s share coefficients for the OTA’s big data marketing for the supply chain under the cost-sharing decision model in the pre- and post-crisis regimes are represented in Table 3.





Here, the specific case indicated by * is when      π  O 1    /   π  A 1     >    π  O 2    /   π  A 2      , we can get     ∂  ψ 1   /  ∂  β 1    > 0 ,   ∂  ψ 1   /  ∂ χ   > 0  ,     ∂  ψ 1   /  ∂ γ   < 0  ,     ∂  ψ 1   /  ∂ ϕ   < 0 ,   ∂  ψ 1   /  ∂  δ 1    < 0   , ∂  ψ 1   /  ∂  δ 2    < 0  .



Corollary 2 indicates that in model D, the supply chain members’ decisions in the pre-crisis regime are affected by the marginal returns of the members differently than the decisions in the post-crisis regime. To be more specific, the low-carbon service level in the pre-crisis regime is positively related to the change in the LTA’s marginal returns in the pre- and post-crisis regimes. However, the level of big data marketing in the pre-crisis regime varies positively with both the OTA’s marginal returns    π  O j     in the pre- and post-crisis regimes and the LTA’s marginal returns    π  A j     in the pre- and post-crisis regimes. Moreover, the marginal benefit of the LTA has a greater impact on the level of big data marketing    B 1 D   . Next, we consider the decisions of the members in the post-crisis regime. The low-carbon service is only positively correlated with the LTA’s own marginal return after the crisis, while the level of big data marketing is positively correlated with the marginal returns of both the OTA and the LTA after the crisis and is doubly boosted by the marginal returns of the LTA. We consider that the reason for the above changes may be due to the LTA bearing part of the marketing costs for the OTA, indicating that the OTA will consider their own benefits and those of the LTA when making decisions under this cost-sharing mechanism. In other words, the occurrence of tourist attraction crisis events does not affect the OTA’s ability to consider the benefits of both members when making decisions. Moreover, in model- D , the members’ decisions are subject to the same variation in other factors as in model- N . It follows that, pre-crisis, the members’ decisions need to take into account the marginal benefits of the members and the decay rate of the low-carbon goodwill in the pre- and post-crisis regimes as well as the direct and indirect effects of the market demand. Last but not least, the occurrence of a tourist attraction crisis event makes a difference in the cost-sharing ratio in the pre- and post-crisis regimes. That is to say, the post-crisis sharing ratio is only related to post-crisis members’ benefits, positively related to the LTA’s benefit but negatively related to the OTA’s benefit. Conversely, the pre-crisis sharing ratio needs to consider a combination of pre- and post-crisis members’ gains along with the impact of other factors. Furthermore,      π  O 1    /   π  A 1     >    π  O 2    /   π  A 2       implies that the decay rate of the low-carbon goodwill is higher when the gains made by the OTA compared to the LTA before the crisis are greater than the gains made after the crisis, boosting the sharing ratio. The cost-sharing ratio increases as the likelihood of a crisis event increases. Furthermore, the greater the rate of loss of low-carbon goodwill, the lower the sharing ratio is set. It further suggests that under certain conditions, an increase in the likelihood of crisis events will facilitate the implementation of cost-sharing cooperation among supply chain members, while an increase in the rate of scenic losses will be detrimental to the cooperation among members.




4.3. Centralized Decision-Making Model (Model-C)


The centralized decision-making model (Model- C ) of LTA and OTA is the most ideal state in the low-carbon tourism supply chain, where both members constitute a unified decision maker and jointly determine the service inputs and big data marketing inputs in the supply chain to enhance the low-carbon goodwill, which in turn stimulates the consumers’ choice of low-carbon tourist attractions and improves the overall profit of the supply chain system. In this model, the LTA and the OTA seek to maximize system profits and jointly determine the service and marketing strategies, with the letter SC denoting the supply chain as a whole.



Proposition 3.

The optimal low-carbon service inputs of the supply chain in the pre- and post-crisis regimes are


    S 1 C  =   θ  α 1  [ (  π  A 1   +  π  O 1   ) ( ρ +  δ 2  ) + (  π  A 2   +  π  O 2   ) χ ( 1 − ϕ ) ]    μ S  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   ,    S 2 C  =    α 2  θ (  π  A 2   +  π  O 2   )    μ S  ( ρ +  δ 2  )   ,   








respectively.



The optimal big data marketing inputs for the supply chain in the pre- and post-crisis regimes are


    B 1 C  =   (  π  A 1   +  π  O 1   ) ( ρ +  δ 2  ) [ γ ( ρ + χ +  δ 1  ) + θ  β 1  ] + θ  β 1  (  π  A 2   +  π  O 2   ) χ ( 1 − ϕ )    μ B  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   ;  B 2 C  =   (  π  A 2   +  π  O 2   ) [ γ ( ρ +  δ 2  ) +  β 2  θ ]    μ B  ( ρ +  δ 2  )   .   











The optimal evolutionary path of low-carbon goodwill in the pre- and post-crisis regimes are


     G 1 C  ( t ) =    G  10   −  G  1 ∞  C     e  −  δ 1  t   +  G  1 ∞  C    ,  G 2 C  ( t ) =    e   δ 2   T +      ( 1 − ϕ )  G 1 C  ( T ) −  G  2 ∞  C       e  −  δ 2  t   +  G  2 ∞  C  .    








where


    G  1 ∞  C  =  1   δ 1          θ  α 1    2  [ (  π  A 1   +  π  O 1   ) ( ρ +  δ 2  ) + (  π  A 2   +  π  O 2   ) χ ( 1 − ϕ ) ]    μ S  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   +        β 1  (  π  A 1   +  π  O 1   ) ( ρ +  δ 2  ) [ γ ( ρ + χ +  δ 1  ) + θ  β 1  ] + θ  β 1    2  (  π  A 2   +  π  O 2   ) χ ( 1 − ϕ )    μ B  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )         








denotes the steady state value of the low-carbon goodwill in the pre-crisis regime and


    G  2 ∞  C  =  1   δ 2         α 2    2  θ (  π  A 2   +  π  O 2   )    μ S  ( ρ +  δ 2  )   +    β 2  (  π  A 2   +  π  O 2   ) [ γ ( ρ +  δ 2  ) +  β 2  θ ]    μ B  ( ρ +  δ 2  )         








denotes the steady state value of the low-carbon goodwill in the post-crisis regime. The overall optimal profit of the supply chain for the entire planning period is    V  S C  C  =  l  10    G 1 C  +  l  010   ,   and the optimal profit for the supply chain as a whole in the post-crisis regime is    W  S C  C  =  l 9   G 2 C  +  l  09     ,



where


     l 9  =   θ (  π  A 2   +  π  O 2   )   ρ +  δ 2    ,  l  09   =   (  π  A 2   +  π  O 2   )  D  20    ρ  +     (  π  A 2   +  π  O 2   )  2     μ S    [ γ ( ρ +  δ 2  ) + θ  β 2  ]  2  +  μ O   α 2    2   θ 2      2 ρ  μ S   μ B    ( ρ +  δ 2  )  2    ,       l  10   =   θ (  π  A 1   +  π  O 1   ) ( ρ +  δ 2  ) + θ (  π  A 2   +  π  O 2   ) χ ( 1 − ϕ )   ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   ,      l  010   =     (  π  A 1   +  π  O 1   )  D  10   +     [ γ (  π  A 1   +  π  O 1   ) +  l  10    β 1  ]  2    2  μ B    +     (  l  10    α 1  )  2    2  μ S    + χ  l  09      /  ( ρ + χ )        













Proof. 

Similar to the proof of Proposition 1, thus it will not be repeated here. □





Corollary 3.

The sensitivity analysis of the key exogenous parameters subject to optimal big data marketing and low-carbon service for the supply chain under the Model- C  in the pre-and post-crisis regimes are represented in Table 4.





Corollary 3 indicates that the optimal decision for the LTA and the optimal decision for the OTA in the post-crisis regime are both proportional to the sum of the marginal benefits   (  π  A 2   +  π  O 2   )   of both members of the post-crisis regime. However, the optimal decision for the LTA and the optimal decision for the OTA in the pre-crisis regime are not only both proportional to the sum of the marginal benefits   (  π  A 1   +  π  O 1   )   of both members of the pre-crisis regime, but also to the sum of the marginal benefits   (  π  A 2   +  π  O 2   )   of both members of the post-crisis regime. To put it differently, under the condition that the supply chain members are unified into one decision subject, the equilibrium strategy of members is no longer based on the marginal revenue of one member alone but needs to consider the marginal revenue of both members comprehensively. The occurrence of the tourist attraction crisis event does not change the need for the supply chain to consider the benefits of the supply chain as a whole when making decisions. In addition, the correlation between the optimal decision level before and after the crisis and other parameters for LTA and OTA is similar to that of the relationship in the non-cooperative decision-making model and is not repeated here.





5. Comparative Analysis


This section builds on the previous analysis and uses symbolic reasoning to further compare the effects of the three decision-making models on low-carbon service, big data marketing, steady state low-carbon goodwill and member and system profits in the pre- and post-crisis regimes.



Proposition 4.

The effects of different decision-making models on the optimal level of low-carbon service in pre- and post-crisis regimes are    S 1 C  >  S 1 N  =  S 1 D    and    S 2 C  >  S 2 N  =  S 2 D   , respectively.





Proof. 

See the Appendix B. □





Proposition 4 demonstrates that regardless of the pre-crisis or post-crisis regime of the low-carbon tourism supply chain, the low-carbon service is the highest in the centralized decision-making model, which indicates that the Model- C  that unifies supply chain members into a single decision maker is the one that can optimize the entire low-carbon supply chain and can be more conducive to the growth of low-carbon service in the tourist attraction. The low-carbon service under the Model- D  is the same as that under the Model- N , which shows that whether LTA shares marketing costs for OTA has no effect on their own low-carbon service. In addition, the occurrence of tourist attraction crisis events does not affect the relationship of low-carbon service under the three decision-making models.



Proposition 5.

The relationship between different decision-making models on the level of big data marketing, steady state low-carbon goodwill, members and the steady state profit of the supply chain system are as follows:




	(1)

	
In the pre-crisis regime, when the marginal returns of the LTA and the OTA satisfy   π  A 1   >    π  O 1    / 2  ,  π  A 2   >    π  O 2    / 2  ,  we can obtain   B 1 C  >  B 1 D  >  B 1 N  ;    G  1 ∞  C  >  G  1 ∞  D  >  G  1 ∞  N  ;    V A D  >  V A N  ;    V O D  >  V O N   and   V  S C  C  >  V A D  +  V O D  >  V A N  +  V O N   .




	(2)

	
In the post-crisis regime, when the marginal returns of the LTA and the OTA satisfy   π  A 2   >    π  O 2    / 2  ,  we can obtain   B 2 C  >  B 2 D  >  B 2 N  ;    G  2 ∞  C  >  G  2 ∞  D  >  G  2 ∞  N  ;    W A D  >  W A N  ;  W O D  >  W O N   and   W  S C  C  >  W A D  +  W O D  >  W A N  +  W O N   .











Proposition 5 indicates that the big data marketing decision, the steady state low-carbon goodwill and the steady state profit of the supply chain system are all highest in Model- C , which shows that the Model- C  with supply chain members unified as one decision-making subject is the best solution for the cooperation of the LTA and the OTA. In this way, the total profit of the system can be effectively increased, which helps to achieve the overall profit Pareto optimality of the supply chain. However, the Model- C  is difficult to realize in reality because the power of the two members in the supply chain is somewhat different. Furthermore, when the marginal benefits of the LTA and the OTA meet certain conditions (   π  A j   >    π  O j    / 2   ), the level of big data marketing, steady state low-carbon goodwill and the steady state profits of members and the supply chain as a whole under the Model- D  are greater than the Model- N , thus showing that the cost-sharing contract among members of the low-carbon tourism supply chain motivates the OTA to actively carry out marketing efforts, which can promote the sustainable development of the supply chain and help increase low-carbon goodwill. In this way consumers are more willing to choose low-carbon tourist attractions. In addition, compared with the Model- N , the Model- D  promotes the increase of profits of both members and the Pareto improvement of profits of both members. Therefore, both members of the low-carbon tourism supply chain are more willing to engage in the cost-sharing cooperation model (i.e., Model- D ). The reason for this is that the Model- D  is easier to implement than the Model- C , and the Model- D  is also an effective way to promote the sustainable development of low-carbon tourism.




6. Numerical Analysis


This section takes the form of numerical analysis to further validate the previous findings by analyzing the results related to the three decision-making models of Nash non-cooperative (Model- N ), cost-sharing (Model- D ) and centralized (Model- C ), specifically: (1) the time evolution paths of the low-carbon goodwill and the total system profit and (2) the effects of the likelihood of crisis occurrence and the crisis damage rate on member decisions, low-carbon goodwill, total system profit and the effectiveness of the cost-sharing contract, respectively. Therefore, in order to obtain relevant results, we draw on the relevant parameter settings in the literature [21,22,23,47] and set the basic parameters in the context of this paper as follows:


   θ = 1 ,  α 1  = 2 ,  α 2  = 1 ,  β 1  = 2 ,  β 2  = 1 ,  π  A 1   = 2 ,  π  A 2   = 1 ,  π  O 1   = 3 ,  π  O 2   = 1 , γ = 1 ,  δ 1  = 0.2 ,     δ 2  = 0.4 ,  μ S  = 2 ,  μ B  = 2 , ρ = 0.2 ,  G  10   = 0 ,  D  10   = 10 ,  D  20   = 5 .   











6.1. Analysis of the Impact of Different Decision Models and Time


Let   χ = 0.2   denote the probability of a crisis and   ϕ = 0.3   denote the damage rate of a crisis.



Figure 1 and Figure 2 represent the time trajectory of the low-carbon goodwill and the supply chain profits under the different decision-making models, respectively. In Figure 1, the relationship between the size of the steady-state low-carbon goodwill under different decision-making models is: Model- C  > Model- D  > Model- N . In addition, the occurrence of a crisis event reduces low-carbon goodwill but does not change the relationship between the size of the low-carbon goodwill under different models. Compared to the Model- N , the Model- D  implemented by the LTA and the OTA promotes low-carbon goodwill, indicating that the Model- D  can promote the Pareto improvement of low-carbon goodwill and is a feasible model for sustainable supply chain development. In Figure 2, the relationship between the size of supply chain profit under different decision-making models is: Model- C  > Model- D  > Model- N . The occurrence of crisis events reduces the total system profit but does not affect the relationship between the magnitude of the total system profit under different models. Compared with the Model- N , the Model- D  improves the total system profit and contributes to the overall sustainable development of the supply chain. In the pre-crisis regime, the low-carbon goodwill increases over time because the optimal strategies of both supply chain members promote low-carbon goodwill to a greater extent than the natural decay of low-carbon goodwill. However, at a certain point in the crisis, the low-carbon goodwill declines instantaneously and decreases with time. The reason for this may be that the low-carbon goodwill after being damaged by the tourist attraction crisis event is greater than the steady state value of low-carbon goodwill in the post-crisis regime. In addition, the extent to which member decisions enhance the low-carbon goodwill is less than the extent to which the low-carbon goodwill naturally decays in the post-crisis regime. Therefore, the enhancement of the low-carbon goodwill after a crisis event in a tourist attraction requires greater investment in decision-making by both members in order to regain departed consumers and attract new ones.




6.2. Effect Analysis of Crisis Event


Figure 3, Figure 4 and Figure 5 represent the impact of tourist attraction crisis events on low-carbon service, big data marketing and low-carbon goodwill, respectively. It can be seen that low-carbon service, big data marketing and the steady state low-carbon goodwill in all three decision-making models are negatively related to the likelihood of crisis occurrence and the crisis damage rate. In other words, both the level of members’ decision-making and the low-carbon goodwill decrease as the probability of a crisis and the rate of crisis damage increase, respectively. Moreover, the increase in the probability of a crisis event lessens the impact they suffer. That is, they are more affected by a crisis event when the probability of the crisis event is low, while they are decreasing but not changing much as the probability of the crisis increases. Therefore, the LTA and the OTA should consider the magnitude of the likelihood of future crisis events and the magnitude of the crisis damage rate when making decisions. In addition, crisis events cause a reduction in the steady state low-carbon goodwill, and the level of decision-making by members increases the steady state low-carbon goodwill. Therefore, if supply chain members can predict that a crisis event may occur in the tourist attraction in the future, they may first significantly reduce their own decision-making level before the crisis, and then gradually reduce their own decision-making level in order to prevent excessive input costs. In order to save the loss to the supply chain members caused by the reduction of low-carbon goodwill after the crisis, the low-carbon goodwill should be enhanced by increasing the decision-making input of members in the post-crisis regime, which will help to recover the lost consumers of tourist attraction, expand the tourism market demand and increase the profit of supply chain members.



Figure 6 and Figure 7 represent the impact of the crisis damage rate  ϕ  and the crisis probability  χ  on the total profit of the low-carbon tourism supply chain system, respectively. Figure 6 shows that in the low probability   ( χ = 0.2 )   of a tourist attraction crisis event, the total system’s profits under all three decision-making models decrease with the increase of the crisis damage rate  ϕ . The Model- D  implemented by the LTA and the OTP is more affected by the crisis damage rate than the total system’s profit under the Model- N , but the Model- D  is still conducive to the Pareto improvement of the supply chain system’s profits. Figure 7 shows that the total profits of the supply chain under all three decision-making models decrease as the probability of crisis increases at a low damage rate   ( ϕ  =  0.3 )   of tourist attraction crisis events. However, as the likelihood of a crisis increases, the impact on the system’s profits slowly decreases. In addition, the total system profit under the Model- D  is subject to faster changes in crisis probability than the total system profit under the Model- N . Namely, the Pareto improvement in the total system’s profits under the Model- D  is no longer significant as the crisis probability increases. Therefore, if the supply chain members can predict that a sudden crisis event will occur in a tourist attraction, they can consider the probability of crisis occurrence and the crisis damage rate to set the corresponding decision level. In this way, the corresponding low-carbon goodwill can be obtained to retain existing tourists and attract new consumers to visit low-carbon tourist attractions, which can help reduce the loss of profits of supply chain members.



Figure 8 represents the impact of crisis likelihood and crisis damage rate on the supply chain members and the system’s profitability. The Model- D  promotes Pareto improvements in profits for both members compared to the Model-N. In this way, the LTA and the OTA are more willing to adopt a cost-sharing contract mechanism. However, if the OTA receives more profit from the cost-sharing cooperation compared to the LTA, then the OTA is more willing to take on this cost-sharing cooperation compared to the LTA. This cost-sharing cooperation mechanism among supply chain members is more adapted to the modern path of sustainable tourism development. Moreover, the Pareto improvement effects of low-carbon tourism supply chain members all decrease with the increase of crisis possibility and crisis damage rates. To put it differently, the sudden crisis event in the tourist attraction will reduce the benefits brought on by the cost-sharing cooperation among members, which reduces the Pareto improvement effect of the supply chain members’ and the system’s profits. However, this cost-sharing model among supply chain members is still a feasible solution for low-carbon tourism to achieve sustainable development.





7. Discussion and Conclusions


These final discussions and conclusions highlight the theoretical and methodological contributions relevant to the findings. The research is important for the sustainability of low-carbon tourism supply chains, especially for tourism companies to better develop pre-crisis strategies in anticipation of crisis events and for the long-term sustainability of cooperation among supply chain companies.



7.1. Discussion


The main purposes of this paper were to explore the issue of how low-carbon tourism firms develop strategies when they envision a crisis event and to consider the impact of the occurrence of a crisis event on interfirm cost-sharing cooperation. Therefore, we consider a low-carbon tourism supply chain consisting of a low-carbon tourist attraction and an online travel agency in the context of a possible crisis event in a tourist attraction. Unlike some of the previous studies that explored the impact of crisis events on specific tourist attractions, single types of tourist attractions or the coping strategies of tourist attractions, we introduced interesting studies on how the idea of supply chain management [48,49,50] into the study of low-carbon tourism is conducive to the sustainability of low-carbon tourism to explore the issue of intercompany cooperation.



Furthermore, the article uses differential games and Bellman’s continuous dynamic programming approach to take into account the current and future benefits of the decisions made by the enterprise at present. Compared with the one-time static game approach that only considers the current benefits [36,37,51], this approach takes the long-term profit maximization of the enterprise as the goal and considers the comprehensive impact of the current decisions of the enterprise on the current benefits and future returns, which is more conducive to the sustainability of the enterprise’s decisions on the supply chain. We also extend this approach to a two-stage game process (pre-crisis and post-crisis environments). We portray the effect of scenic crisis events on low-carbon goodwill using a jump process, i.e., portraying the continuous-type change pattern of low-carbon goodwill as no longer continuous. In addition, we extend the study of product sales volume [39] to the study of the low-carbon goodwill valued by consumers.



For the study of sudden crisis events, most address the issue of corporate response strategies after the crisis event [22,23,24,25,26,27]. However, there are also some studies that have taken this crisis faced by companies to avoid some crisis events by optimizing the supply chain under the condition that companies understand the existence of a specific crisis [52,53]. This approach to post-crisis strategy development and optimization of supply chain operations gives us new insights how companies should develop their own strategies to maximize their profits in the pre-crisis environment under the premise that if they envision a crisis event may occur.



In summary, this paper constructs a mathematical theoretical model of a possible crisis event in a low-carbon tourist attraction. We characterize the impact of the occurrence of a crisis event in a tourist attraction on the tourism supply chain by differential game and Bellman’s continuous dynamic planning theory. Our aim is to investigate the study of how tourism firms develop dynamic strategies if they envision the occurrence of crisis events and how crisis events affect interfirm cooperation. This is beneficial to help the sustainability of low carbon tourism supply chain.



Although our study has partial research implications on the issue of low-carbon development in the tourism supply chain and the response of related firms in anticipation of a scenic crisis, there are still some limitations that need to be addressed by future research. Firstly, the relationship between the interests of the supply chain members is not carefully portrayed in the article, and the marginal revenue is simply used to express this, which can be extended in future studies. Furthermore, the article only studied the online sales channel of low-carbon tourist attractions, but did not describe the offline channel, so future research can portray the sales method of tourist attractions more comprehensively. Finally, although the mathematical modeling approach utilized in the article is an advanced dynamic idea, more predictive methods can be utilized in the future to explore the impact of crisis events, such as the studies of [54,55].




7.2. Conclusions


This paper considers a low-carbon tourism supply chain consisting of a low-carbon tourist attraction and an online travel agency, considers the impact of the LTA’s low-carbon service and the OTA’s big data marketing on the low-carbon reputation of the scenic spot, in addition to the potential impact of the level of travel agency marketing and tourist attraction goodwill on the tourism market based on the initial demand of the tourism market. Consumers may also encounter sudden crisis events that occur in the tourist attraction during their visit, and the occurrence of crisis events can damage the low-carbon goodwill of the tourist attraction to the detriment of the sustainable development of the supply chain. Therefore, this paper aims to investigate how tourism firms can develop dynamic strategies in the pre-crisis environment if they envision the occurrence of a crisis event and how crisis events affect interfirm cooperation. This paper uses stochastic jump processes to portray the dynamic evolution of low-carbon goodwill in the context of crisis events and introduces the methods of a differential game and Bellman’s continuous dynamic programming theory to study the sustainable operations of a low-carbon tourism supply chain. The problem of developing low-carbon service strategies for the LTA and the big data marketing strategies for the OTA under a centralized decision-making model (Model- C ), a Nash non-cooperative decision-making model (Model- N ) and a cost-sharing decision-making model (Model- D ) is investigated. Using the method of comparative static analysis, we analyze the impact of key parameters on members’ decision making before and after the crisis in different models and compare the optimal member strategies, low-carbon goodwill and members’ and system profits in different models. Finally, we verify the previous results by numerical analysis, and analyze the impact of crisis events on members’ decision making, low-carbon goodwill and total system profits. Therefore, this paper explores the sustainability of low-carbon tourism supply chain in anticipation of scenic crisis from a dynamic perspective and summarizes the main conclusions and contributions as follows:




	(1)

	
The occurrence of a sudden crisis event in a tourist attraction damages the optimal decision making of both members of the tourism supply chain, low-carbon goodwill, and the total profit of the members and the system. Members’ optimal strategy, low-carbon goodwill and members’ and system profits all decrease with increasing crisis likelihood and crisis damage rate. They are more influenced by the likelihood of a crisis than by the crisis damage rate. In addition, they become progressively less influential as the likelihood of a crisis increases. Therefore, if the supply chain members predict the occurrence of a crisis, they first significantly reduce their own decisions pre-crisis and gradually reduce the level of decisions as the possibility of the predicted crisis increases to reduce the loss of profits due to the waste of resources. In the post-crisis regime, tourism enterprises may enhance the lost low-carbon goodwill to recover lost consumers, which can help develop new tourism markets by improving decision making.




	(2)

	
Big data marketing strategies, low-carbon goodwill and total system profit are the largest under the centralized decision-making model. Compared with the Nash non-cooperative decision-making model, the cost-sharing cooperation mechanism among supply chain members promotes the Pareto improvement of big data marketing strategies low-carbon goodwill and members’ and total system profits, but the low-carbon service level of the LTA remains unchanged. In addition, the relationship between their magnitudes under different models does not change in the regime before and after the occurrence of sudden crisis events, indicating that the cost-sharing model is still effective under the conditions of the existence of tourist attraction crisis. However, the occurrence of tourist attraction crisis events reduces the profit Pareto improvement effect of supply chain members.




	(3)

	
The occurrence of sudden crisis events in a tourist attraction affects the formulation of the cost-sharing ratio among supply chain members. That is, when there is a crisis event in a tourist attraction, the formulation of the cost-sharing ratio no longer considers the size of individual member’s revenue alone but needs to consider the size of the impact factor of members’ decisions on the low-carbon goodwill and demand and also consider the possibility of crisis events and the size of the loss rate of goodwill. In addition, only under the condition (     π  O 1    /   π  A 1     >    π  O 2    /   π  A 2      ) are the benefits gained by the OTA compared to the LTA before the crisis greater than the benefits gained after the crisis. The increased likelihood of a crisis event will facilitate the development of the sharing ratio. To put it another way, it will facilitate the cost-sharing cooperation among supply chain members to jointly respond to the crisis, which promotes the sustainable development of the low-carbon tourism supply chain. On the contrary, the increased loss rate of low-carbon goodwill will be detrimental to the cost-sharing cooperation among members.









In short, the LTA and the OTA should fully leverage big data technology for the accurate positioning of consumers to achieve accurate marketing and provide the services that consumers need to achieve sustainable economic development. In addition, although the tourist attraction crisis event will bring some negative impact to the low-carbon goodwill of the tourist attraction, it also brings some opportunities to tourism enterprises. The relevant enterprises in the low-carbon tourism supply chain should appropriately adjust their strategies to cope with the crisis when they anticipate a scenic crisis event, so as to minimize their own losses, protect the low-carbon image of the scenic area, retain consumers and achieve sustainable social and environmental development.
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Appendix A


Proof of Proposition 1.

Using the inverse induction method, we first calculate member decisions, low-carbon goodwill and member profits in the post-crisis regime, and then decide the optimal control problem for the entire planning period. □





Firstly, the game model for maximizing the profit of LTA and OTA in the post-crisis regime can be expressed as


      max    S 2 N       J  A 2   ( t ) =    ∫ 0 ∞    e  − ρ t      π  A 2      D  20   + γ  S 2 N  ( t ) + θ  G 2  ( t )   −    μ s   2       S 2 N  ( t )    2    dt            max    B 2 N       J  O 2   ( t ) =    ∫ 0 ∞    e  − ρ t      π  O 2      D  20   + γ  B 2 N  ( t ) + θ  G 2  ( t )   −    μ B   2       B 2 N  ( t )    2    dt          s  . t   .      G ˙  2 N  ( t ) =  α 2   S 2 N  ( t ) +  β 2   B 2 N  ( t ) −  δ 2   G 2 N  ( t ) ,  G 2 N  ( T ) = ( 1 − ϕ )  G 1 N  ( T )    



(A1)







To obtain the feedback equilibrium solution of the Nash non-cooperative game, and the optimal decision is based on the current state and moment. Suppose there exists a continuous bounded differential functions    W i N    for LTA and OTA, and    W i  N ’   =   ∂  W i N   /  ∂  G 2 N      denotes the first order derivative of the value function    W i N    of A and O with respect to the state variable    G 2 N   . For the sake of brevity, the independent variables  t  will be omitted from the solution process in the subsequent section. Thus, with the help of Bellman’s continuous dynamic programming theory [21], A and O satisfy the following Hamilton-Jacobi-Bellman (HJB) equation


    ρ  W A N  =   max    S 2 N       π  A 2      D  20   + γ  S 2 N  + θ  G 2    −    μ s   2    (  S 2 N  )  2  +  W A N    ′  (  α 2   S 2 N  +  β 2   B 2 N  −  δ 2   G 2  )       ρ  W O N  =   max    B 2 N       π  O 2      D  20   + γ  B 2 N  + θ  G 2    −    μ B   2    (  B 2 N  )  2  +  W O N    ′  (  α 2   S 2 N  +  β 2   B 2 N  −  δ 2   G 2  )      



(A2)







For the right-hand side of Equation (A2), the optimal service level of LTA and the optimal big-data marketing level of OTA can be obtained from the first-order optimality condition, respectively


   S 2 N  =    α 2   W A N    ′     μ s    ,  B 2 N  =   γ  π  O 2   +  β 2   W O N    ′     μ B     



(A3)







Next, substituting Equation (A3) into (A2) to construct their HJB equation


    ρ  W A N  = ( θ  π  A 2   −  δ 2   W A N    ′  )  G 2 N  +  π  A 2    D  20   +   ( γ  π  A 2   +  β 2   W A N    ′  ) ( γ  π  O 2   +  β 2   W O N    ′  )    μ B    +     (  α 2  )  2    (  W S N    ′  )  2    2  μ s        ρ  W O N  = ( θ  π  O 2   −  δ 2   W O N    ′  )  G 2 N  +  π  O 2    D  20   +     ( γ  π  O 2   +  β 2   W O N    ′  )  2    2  μ B    +     (  α 2  )  2   W A N    ′   W O N    ′     μ s       



(A4)







According to the structure of Equation (A4), the optimal value functions of the two are respectively    W A N  =  l 1   G 2 N  +  l  01   ;  W O N  =  l 2   G 2 N  +  l  02    . Among them    l 1  ,  l  01   ,  l 2  ,  l  02     are the constant coeffients of the value function. Substituting the value function and its first-order derivative into the above Equation (A4) and using the constant relationship to determine the constant coefficients to be determined.


     l 1  =   θ  π  A 2     ρ +  δ 2    ,  l  01   =    π  A 2    D  20    ρ  +   2  μ s   π  A 2    π  O 2     [ γ ( ρ +  δ 2  ) + θ  β 2  ]  2  +  μ O   α 2    2   θ 2   π  A 2     2    2 ρ  μ s   μ B    ( ρ +  δ 2  )  2         l 2  =   θ  π  O 2     ρ +  δ 2    ,  l  02   =    π  O 2    D  20    ρ  +    μ s   π  O 2     2    [ γ ( ρ +  δ 2  ) +  β 2  θ ]  2  + 2  μ O   α 2    2   θ 2   π  A 2    π  O 2     2 ρ  μ s   μ B    ( ρ +  δ 2  )  2       



(A5)







Substituting Equation (5) into Equation (A3), the optimal strategy of members can be obtained, and combined with the differential equation of low-carbon goodwill, the optimal evolution path of low-carbon goodwill can be obtained, and then the optimal profits of members can be obtained.



Next, the optimal profits of supply chain members considering the entire planning period regime should be incorporated into the optimal profit of the post-crisis regime. Therefore, let    V i    denote the value function of supply chain member  i  under the whole planning period, then the differential game model of LTA and OTA over the whole planning period can be described as


       max  S  1  N       J  A 1    ( t )  =  ∫  0  ∞     e   − ( ρ + χ ) t     π  A 1     D 10  + γ  B  1  N   ( t )  + θ  G  1  N   ( t )   −   μ s  2      S  1  N   ( t )    2  + χ  W  A  N    ( 1 − ϕ )   G  1  N   ( t )    dt           max  B  1  N       J  O 1    ( t )  =  ∫  0  ∞     e   − ( ρ + χ ) t     π  O 1     D 10  + γ  B  1  N   ( t )  + θ  G  1  N   ( t )   −   μ O  2      B  1  N   ( t )    2  + χ  W  O  N    ( 1 − ϕ )   G  1  N   ( t )    dt         s  . t  .    G ˙   1  N   ( t )  =  α 1   S  1  N   ( t )  +  β 1   B  1  N   ( t )  −  δ 1   G  1  N   ( t )  ,  G  1  N   ( 0 )  =  G 10      



(A6)







Therefore, the value function    V i    satisfies the following HJB equation


    ( ρ + χ )  V A N  =   max    S 1 N       π  A 1      D  10   + γ  S 1 N  + θ  G 1 N    −    μ s   2    (  S 1 N  )  2  + χ  W A N    ( 1 − ϕ )  G 1 N    +  V A N    ′  (  α 1   S 1 N  +  β 1   B 1 N  −  δ 1   G 1 N  )       ( ρ + χ )  V O N  =   max    B 1 N       π  O 1      D  10   + γ  B 1 N  + θ  G 1 N    −    μ B   2    (  B 1 N  )  2  + χ  W O N    ( 1 − ϕ )  G 1 N    +  V O N    ′  (  α 1   S 1 N  +  β 1   B 1 N  −  δ 1   G 1 N  )      



(A7)







For the right-hand side of Equation (A7), from the condition of first-order optimality, we get


   S 1 N  =    α 1   V A N    ′     μ s    ,  B 1 N  =   γ  π  O 1   +  β 1   V O N    ′     μ O     



(A8)







Next, substituting Equation (A8) into (A7) to construct their HJB equation


    ( ρ + χ )  V A N  = [  π  A 1   θ + χ  l 1  ( 1 − ϕ ) −  V A N    ′   δ 1  ]  G 1 N  +  π  A 1    D  10   +   ( γ  π  A 1   +  β 1   V A N    ′  ) ( γ  π  O 1   +  β 1   V O N    ′  )    μ B    +    α 1    2    (  V A N    ′  )  2    2  μ s    + χ  l  01       ( ρ + χ )  V O N  = [  π  O 1   θ + χ  l 2  ( 1 − ϕ ) −  V O N    ′   δ 1  ]  G 1 N  +  π  O 1    D  10   +     ( γ  π  O 1   +  β 1   V O N    ′  )  2    2  μ B    +    α 1    2   V A N    ′   V O N    ′     μ s    + χ  l  02      



(A9)







According to the structure of Equation (A9), the optimal value functions of the two are respectively    V A N  =  l 3   G 1 N  +  l  03   ;  V O N  =  l 4   G 1 N  +  l  04    . Among them    l 3  ,  l  03   ,  l 4  ,  l  04     are the constant coeffients of the value function. Substituting the value function    V A N  ,  V O N    and its first-order derivative into the above Equation (A9) and using the constant relationship to determine the constant coefficients to be determined.


     l 3  =    π  A 1   θ ( ρ +  δ 2  ) + χ ( 1 − ϕ ) θ  π  A 2     ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   ,  l  03   =  1  ρ + χ      π  A 1    D  10   +     γ  π  A 1   +  β 1   l 3      γ  π  O 1   +  β 1   l 4       μ P    +    α 1    2    (  l 3  )  2    2  μ B    + χ  l  01          l 4  =    π  O 1   θ ( ρ +  δ 2  ) + χ ( 1 − ϕ ) θ  π  O 2     ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   ,  l  04   =  1  ρ + χ      π  O 1    D  10   +       γ  π  O 1   +  β 1   l 4     2    2  μ B    +    α 1    2   l 3   l 4     μ s    + χ  l  02        



(A10)







Finally, Substituting Equation (A10) into Equation (A8), the optimal decision of members can be obtained, and combined with the differential equation of low-carbon goodwill, the optimal evolution path of low-carbon goodwill can be obtained, and then the optimal profit of members can be obtained.




Appendix B


Proof of proposition 4.

According to the optimal service level of low-carbon tourist attraction in Propositions 1–3, we can obtain the size of the low-carbon service level in the pre-crisis regime is


   S 1 C  −  S 1 N  =   θ  α 1   π  O 1   ( ρ +  δ 2  ) + θ  α 1   π  O 2   χ ( 1 − ϕ )    μ S  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   > 0 .  



(A11)




Then, the low-carbon service industry in the post-crisis regime can also be obtained comparatively, and then the proof of this proposition can be obtained in this way. □





Proof of proposition 5.

Also available from propositions 1–3, a comparison of big-data marketing strategies in the pre-crisis regime are


   B 1 C  −  B 1 D  =    π  O 1   ( ρ +  δ 2  ) [ γ ( ρ + χ +  δ 1  ) + θ  β 1  ] +  π  O 2   θ  β 1  χ ( 1 − ϕ )   2  μ B  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )   > 0 ,  



(A12)




and


   B 1 D  −  B 1 N  =   ( 2  π  A 1   −  π  O 1   ) ( ρ +  δ 2  ) [ γ ( ρ + χ +  δ 1  ) +  β 1  θ ] + ( 2  π  A 2   −  π  O 2   )  β 1  θ χ ( 1 − ϕ )   2  μ B  ( ρ + χ +  δ 1  ) ( ρ +  δ 2  )    



(A13)




Therefore, the relationship between the level of big-data marketing for the cost-sharing decision-making model and the decentralized decision-making model depends on the size of   ( 2  π  A 1   −  π  O 1   ) ( ρ +  δ 2  ) [ γ ( ρ + χ +  δ 1  ) +  β 1  θ ] + ( 2  π  A 2   −  π  O 2   )  β 1  θ χ ( 1 − ϕ )  . It can be seen that at    π  A 1   >    π  O 1    / 2  ,  π  A 2   >    π  O 2    / 2   , it is possible to obtain    B 1 D  >  B 1 N   . Similarly, the relationship between the magnitude of big-data marketing levels, steady-state low-carbon goodwill, members and system profits in different decision-making models in the pre- and post-crisis regimes can be obtained separately and omitted here. □
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Figure 1. Time trajectory of low-carbon goodwill under different decision-making models. 






Figure 1. Time trajectory of low-carbon goodwill under different decision-making models.



[image: Sustainability 13 08228 g001]







[image: Sustainability 13 08228 g002 550] 





Figure 2. Time trajectory of supply chain profits under different decision-making models. 
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Figure 3. Low-carbon service. 
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Figure 4. Big data marketing. 
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Figure 5. Low-carbon goodwill. 






Figure 5. Low-carbon goodwill.



[image: Sustainability 13 08228 g005]







[image: Sustainability 13 08228 g006 550] 





Figure 6. System steady state profits with crisis damage rate,  ϕ . 
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Figure 7. System steady state profits with crisis probability,  χ . 
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Figure 8. Impact of crisis event on Pareto improvement. 
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Table 1. Notation and definitions.
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Notation

	
Definitions






	
  χ  

	
The probability of crisis events in a tourist attraction




	
  j  

	
The regime before or after a crisis event in tourist attraction (  j = 1   denotes the regime before the crisis,   j = 2   denotes the regime after the crisis)




	
    α j    

	
Impact factor of low-carbon service level on low-carbon goodwill in regime  j ,    α j  > 0  




	
    β j    

	
Impact factor of big-data marketing level on low-carbon goodwill in regime  j ,    β j  > 0  




	
    δ j    

	
Decay factor of product goodwill,    δ j  > 0  




	
    G 1  ( T )   

	
Low-carbon goodwill just before the crisis event




	
    G 2  ( T )   

	
Low-carbon goodwill just after the crisis event




	
  T  

	
The moment of crisis events




	
  ϕ  

	
Loss rate of low-carbon goodwill (crisis damage rate),   ϕ ∈ ( 0 , 1 )  




	
    μ s    

	
Cost factor of low-carbon service level,    μ S  > 0  




	
    μ B    

	
Cost factor of big data marketing level,    μ B  > 0  




	
    D  j 0     

	
Initial consumer demand for low-carbon tourist attractions in regime  j ,    D  j 0   > 0  




	
  γ  

	
Impact factor of big data marketing on consumer demand,   γ > 0  




	
  θ  

	
Impact factor of low-carbon good will on consumer demand,   θ > 0  




	
    π A    

	
The marginal benefits of LTA,    π A  > 0  




	
    π O    

	
The marginal benefits of OTA,    π O  > 0  




	
  ρ  

	
Discount rate,   ρ > 0  




	
Decision variables:




	
   S ( t )   

	
The level of low-carbon service of LTA at time  t , the control variable of LTA




	
   B ( t )   

	
The level of big data marketing of OTA at time  t , the control variable of OTA




	
State variable:




	
   G ( t )   

	
Low-carbon goodwill at time  t 
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Table 2. Sensitivity analysis of key parameters in Model-N.
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	     α 1     
	     α 2     
	     β 1     
	     β 2     
	     π  A 1      
	     π  A 2      
	     π  O 1      
	     π  O 2      
	   γ   
	   χ   
	   ϕ   
	     δ 1     
	     δ 2     





	    S 1 N    
	↗
	─
	─
	─
	↗
	↗
	─
	─
	─
	↘
	↘
	↘
	↘



	    B 1 N    
	─
	─
	↗
	─
	─
	─
	↗
	↗
	↗
	↘
	↘
	↘
	↘



	    S 2 N    
	─
	↗
	─
	─
	─
	↗
	─
	─
	─
	─
	─
	─
	↘



	    B 2 N    
	─
	─
	─
	↗
	─
	─
	─
	↗
	↗
	─
	─
	─
	↘







Note: ↗ indicates positive correlation, ↘ indicates negative correlation, — indicates irrelevant.
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Table 3. Sensitivity analysis of key parameters in Model-D.
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	     α 1     
	     α 2     
	     β 1     
	     β 2     
	     π  A 1      
	     π  A 2      
	     π  O 1      
	     π  O 2      
	   γ   
	   χ   
	   ϕ   
	     δ 1     
	     δ 2     





	    S 1 D    
	↗
	─
	─
	─
	↗
	↗
	─
	─
	─
	↘
	↘
	↘
	↘



	    B 1 D    
	─
	─
	↗
	─
	↗
	↗
	↗
	↗
	↗
	↘
	↘
	↘
	↘



	    S 2 D    
	─
	↗
	─
	─
	─
	↗
	─
	─
	─
	─
	─
	─
	↘



	    B 2 D    
	─
	─
	─
	↗
	─
	↗
	─
	↗
	↗
	─
	─
	─
	↘



	    ψ 1    
	─
	─
	*
	─
	↗
	↗
	↘
	↘
	*
	*
	*
	*
	*



	    ψ 2    
	─
	─
	─
	─
	─
	↗
	─
	↘
	─
	─
	─
	─
	─







Note: ↗ indicates positive correlation, ↘ indicates negative correlation, — indicates irrelevant, * indicates that it is determined on specific case.
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Table 4. Sensitivity analysis of key parameters in Model- C .
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     α 1     








	

     α 2     








	

     β 1     








	

     β 2     








	

     π  A 1      








	

     π  A 2      








	

     π  O 1      








	

     π  O 2      








	

   γ   








	

   χ   








	

   ϕ   








	

     δ 1     








	

      δ 2      













	    S 1 C    
	↗
	─
	─
	─
	↗
	↗
	↗
	↗
	─
	↘
	↘
	↘
	↘



	    B 1 C    
	─
	─
	↗
	─
	↗
	↗
	↗
	↗
	↗
	↘
	↘
	↘
	↘



	    S 2 C    
	─
	↗
	─
	─
	─
	↗
	─
	↗
	─
	─
	─
	─
	↘



	    B 2 C    
	─
	─
	─
	↗
	─
	↗
	─
	↗
	↗
	─
	─
	─
	↘







Note: ↗ indicates positive correlation, ↘ indicates negative correlation, — indicates irrelevant.
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