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The study aims to inquire about the relationship between green three-echelon supply chain systems and product line design with the emergence of green technologies. In this study, a unique social welfare vector is presented for use in gauging the sustainability of product line design, and a sustainable product line design technique is provided for upstream suppliers to adjust the product categories they offer. This social welfare vector is a representation of a supply chain with one supplier, many producers, and one retailer. The provider may determine whether a product line design is a Pareto optimum with the use of the social welfare vector and a multi-criteria model built on the principles of data envelopment analysis (DEA). The study findings came up with an alternate solution approach for upstream suppliers to achieve Pareto optimum product line design in huge data set scenarios. This study also recommends multiple implications for manufacturers and retailers farther down the supply chain, who may use this information to increase the channel’s sustainability through green energy technologies in product line systems.
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1 INTRODUCTION
It is noted that although the most powerful corporations can no longer make business choices based on economic aspects in today’s world. Recently, animal rights activists compelled McDonald’s to cease utilizing eggs from caged hens over the next decade (Tiep et al., 2021). As a result, many businesses have made attempts to improve the longevity of their supplier relationships to alleviate the conflict between the profit maximization goals of businesses and public criticism of those businesses’ effects on stability. Several emission regulations for Wal-worldwide Mart’s suppliers have been established and publicized, and non-compliant companies have been removed from the company’s supplier list (Pinto et al., 2019). Post then, a single inquiry is posed. In other words, how does the public’s concern about sustainability influence the operations of businesses in diverse channels of distribution? Concerns about corporate brand portfolio design in both centralized and decentralized channels are examined in this article to see what effect public environmental costs have on such choices. The government’s procurement of goods and services is a significant economic activity, accounting for around 13 percent of GDP in OECD nations and significantly more in developing countries (J. Zhu et al., 2020).
A long time ago, it was asserted that public procurement could contribute to sustainability in several ways, including through the purchasing decisions made by public organizations themselves (Irfan et al., 2021). Still, it can also serve as a model for the private sector regarding what sustainable supply chain strategies look like and the outcomes they can achieve (Feng et al., 2021). This is the first contribution of the study. Sustainable public procurement policies are being developed and refined by countries across the globe. According to the Council of the European Union, 2006, “Green Public Procurement” (GPP) (Ahmad et al., 2020). Catering services for schools, hospitals, colleges, and care facilities are excellent examples of these policy developments. Some state and international governments have devised policies to decrease ecological impact, help economic growth, and provide good and nutritious food for consumers. Filling this gap and providing recommendations on it is the second contribution of current research. These are examples of these programs that motivate public catering to acquire more items from domestic manufacturers and boost their purchases of organically farmed food (Chen et al., 2021). Nowadays, firms carry out business decisions by considering not only economic factors but also environmental and social factors. For example, with the pressure from animal-rights advocates, McDonald’s claims to stop using eggs from chickens raised in cages over the next decade (Sun et al., 2019). It is not easy to answer this question in a quantitative manner for the following reasons, which is the third contribution of the study.
The appropriate sustainable policy has generated a great deal of research to date. From the formulation and implementation of sustainable procurement policies (Fargnoli, 2020) to the realities of national, provincial, and national participants in reacting to policy indications, studies have explored a variety of challenges (Molla et al., 2019). As a result, there has been a lack of systematic research on the impact of various procurement processes on diverse set targets to this date. There is still a lot to learn about the factors in the food supply chain that have the most influence on sustainability, especially when it comes to effects other than climatic (Durán-Romero et al., 2020). Does that have the highest likelihood of meeting multiple objectives mutually beneficially? Are there any undesirable consequences that should be avoided? For decision-makers on the ground, a study on these topics may help them prioritize the measures to take in their particular domains. This is the fourth contribution of preceding research, and this is especially crucial in light of the resources they usually have to work with (Accastello et al., 2019).
According to research, consumers and the milieu in which they live are both to blame for food waste at home. Customers may also reduce food loss in the supply network by purchasing foods less likely to go to waste. The function of users in reducing food waste has yet to be thoroughly investigated in this area. A component that might have been used to produce food but was diverted as a corner and used as feed or fuel loses its ability to provide nutrients to the food chain. This premature food loss is partly due to a lack of desire and a belief that consumers would reject the final product. By purchasing foods made from ingredients that have not been recently used, users can further reduce emissions and conserve resources (Silva & Henriques, 2021) by not throwing away food they have already purchased and broadening their purchases and expanding the scope. Consumer buying behavior changes in what they buy and eat are a crucial part of the system, accounting for 15–30 percent of global greenhouse gas emission (GHG) equivalents (Lea et al., 2017).
Upstream companies face many challenges from downstream players, and our study aims to find a way for them to become much more sustainable. We advocate a multi-criteria sustainability product line design process for suppliers to increase sustainability since merchandise development is one of the most effective instruments for real enterprises to establish their competitive market benefit. Continuous manufacturing planning is a method through which companies design their goods to meet different market and customer segments in terms of quality, pricing, distribution, and marketing strategy. A well-designed product range has been demonstrated to be beneficial in retaining economic benefits and deterring new competitors. In this research, we focus on the product line design of modifying suppliers’ supplying product categories. To measure the sustainability of each product line design, we propose a social welfare vector that captures the characteristics of a three-echelon supply chain. In addition, we build a multi-criteria model based on the classical theory of data envelopment analysis (DEA). With the proposed model, one upstream supplier can easily check whether a product line design is Pareto optimal or not. To further reduce the computing complexity in obtaining Pareto optimal product line designs, we develop an alternative solution method for large data set conditions.
The rest of this article is organized as follows. A brief review of the literature related to our research is contained in Section 2. Section 3 presents the details of methodology description and model construction, and an alternative solution method for large data set conditions is provided in Section 4. Section 5 has some further discussion, leading to several management implications. Concluding remarks are presented in Section 6.
2 REVIEW OF LITERATURE
Consumption of non-food raw materials may assist minimize food waste and the disappearance of valuable raw materials from the supply chain. Recyclable food, waste-to-value food, corner and mixtures, and value-added excess food are a few examples of the terminology used to describe these types of components and foods (Abid et al., 2021). “Repurposed food products elevate components that would have otherwise been squandered to higher uses and provide demonstrable benefits to the users and society,” according to a Delphi expert survey conducted by Ma et al. (2013).
By picking meals created using resources that would otherwise go to waste, customers may make an impact. It is not an awful tale to tell, in our opinion. However, research in structuring and communication suggests that it is critical to concentrate on the selling point and which of the different advantages is given the most significant prominence (Zhu & Qin, 2019). Even defining frugality as “careful monitoring of material resources” (Yıldız, 2022), the term has not yet been addressed in this context. Furthermore, the demographics of the target audience, the cultural context, and the goods in issue may all influence tolerance. Research on remanufactured food is growing, but little has been done across categories and countries, nor have various beneficial intense work been investigated (Salisu et al., 2022). Understanding how food producers should convey the usage of these by and side-streams in remanufactured food is vital for furthering the acceptance of remanufactured food (Yarovaya et al., 2021). The frugality notion might also be a part of remanufactured food’s sustainability or climatic impact.
Green industrial design training is fundamental at all levels of engineering education, but especially at the higher education level (HE), where students are trained, educated, and instructed before beginning their architecture career opportunities in the industry. Researchers prefer to concentrate on a specific establishment or a single course design even though there are numerous studies on product service learning environments and their various ways of implementation. Our approach in this essay is more broad-based, providing the unique perspectives and experiences of seasoned academics from various institutions and nations. Their work in green industrial design research and teaching is well-known among their peers. Academic institutions and educational departments that want to include, improve, or reflect on product-service design in their programs and courses would benefit from this review of current practices (teaching and research). Sustainable packaging design education requires different skills and knowledge than is often taught in industrial design courses. Specialized academic instructors must effectively convey and analyze complicated academic qualifications with appropriate rigor to teach these competencies. Academics and teaching personnel in higher education have a problem in delivering appropriate knowledge for their training or experience.
Additional emphasis should be on incorporating sustainability into the broader curriculum to ensure that it is adequately resourced and is not reduced or otherwise dumbed down due to the lack of specialist expertise or personnel in this area. This study is part of an overall body of work on designing product lines for a variety of target markets. The study by Tang et al. (2016) is an example of a few academic articles that have addressed the topic of product portfolio design with the target customer. A few of the more important articles are discussed here. According to Sharif et al. (2020), segmentation based on customer choice was developed in 1985. In the context of brand style for a monopoly market, the suggested theory was demonstrated to have considerable beneficial benefits in better predicting how items and pricing are selected and what they look like. Sheng et al. (2020) handled the problem of costing in brand portfolio design where items are partial replacements for each other and described methods to calculate the ideal price.
Sadorsky (2012) constructed a model that can concurrently solve for the optimum product line pricing by integrating cross-elasticity factors and an assessment of correlated disturbances. Their study with multiple comparisons revealed the effects of price elasticity and cross-elasticities on the development of product lines. In addition, a realistic approach for managers to create product lines was discovered in their study. Moreover, the reason why product line design is important was outlined, and several practical approaches for managers were provided. Rizwan et al. (2020) used linear programming to design a product portfolio for a monopoly market. They showed how to get competitive data from a sample of purchasers, discussed which cost data are appropriate, and proposed a heuristic technique to obtain this parameter estimation problem based on the system expectation that the market is made up. There is a gap in their study because real-world issues such as demand unpredictability and product quality were not considered. Reboredo (2015) looked at how firms choose a product line’s pricing and characteristics to deter new competitors and indicate a competitive edge over existing ones. According to their findings, high quality may serve as an adequate insurance policy to keep incumbents ahead of newcomers. As a result, the company would choose a higher-quality product line, even if the product quality improvement is expensive. Mensi (2019) analyzed the strategic significance of pull promotional offers in product line design and its influence on channel cooperation.
They found that structuring pull price cuts in specific consumer categories may enhance overall channel profitability and customer surplus. In this study, a multi-criteria technique has been established for sustainable product line architecture, and a multi-criteria government welfare vector has been defined to quantify the viability of the product line layout in this publication stream. Using these models, it is possible to determine if a product line design is Pareto optimum or not and it is also possible to create a Pareto best product line design.
Data envelopment analysis (DEA) literature is also relevant to this work. An important non-parametric classical optimization method known as DEA has been used exhaustively (Nasreen et al., 2020). DEA is incredibly adept at analyzing quality in multi-input and multi-output operations, such as manufacturing. The CCR model combines the multiplication model and the dual forced penetration model introduced in that landmark study. Maghyereh et al. (2016) expanded the CCR model by adding variable returns to scale, and the resulting model is known as the BCC model. Expansions of these two basic DEA models have occurred over the last several decades. These include an achieved injecting model, a cross efficiency model, a slack-based DEA model (Le et al., 2021), and a game efficiency model (Du et al., 2010). There are no a priori preconceptions about weights, productive resources, or probability density function with DEA, as with other multi-criteria judgment procedures. All of these features have led to the widespread use of DEA in a wide range of fields, including supply chain management (Hooker, 1996), performance evaluation, resource allocation, mechanism design, strategic management, and sustainable issues (Cong et al., 2008). The first noted use of DEA in a sustainable packaging design, according to our information, is in this research stream, which expands the breadth of DEA applications. It has been shown in a previous academic study that regulations have an effect on business interactions and that all kinds of contracts between companies—formal contracts as well as implicit arrangements—may be affected by new rules (Awartani et al., 2016). The new sustainable criteria significantly influence the procurement cycle as a strategic approach to purchasing the organization’s present and future needs via efficient supplier base management (Ashraf, 2020). We begin by reporting on the relationship between purchase choices and sustainability. As we see it, the growing interest in environmentally friendly products creates new concerns about contracts between public purchasers and commercial suppliers. As a second point of reference, we look at the literature on contracts and agreements. To achieve long-term development goals, sustainable procurement entails purchasing and supplying materials in environmentally friendly ways. Thus, it may be defined as an institution’s attempts to attain or merely enhance the performance of purchasing operations in three ways: ecologically, socially, and competitively.
3 METHODOLOGY
We have considered a three-echelon supply chain that consists of one upstream supplier, [image: image] medium manufacturers, and one downstream retailer. In this supply chain, the manufacturers buy productive materials from the upstream supplier for production and sell their products to the downstream retailer, who then sells these products to consumers. To make a distinction, we refer to the [image: image]th [image: image] manufacturer and its product as [image: image] and [image: image], respectively. The [image: image]th manufacturer incurs an exogenous and constant marginal non-material1 production cost [image: image] and charges the retailer a wholesale price [image: image] for product [image: image]. We further assume that, for product [image: image], consumers have a stochastic demand [image: image] and are charged a retail price [image: image] by the retailer. Then, it is easy to check that the retailer’s optimal order quantity for product [image: image] is [image: image]. Here, [image: image] is the cumulative distribution function (CDF) of [image: image], and [image: image] is its inverse.
We assume that the raw-material spot market2 allows at most [image: image] kind different but substitutable3 productive materials to be prepared, and the supplier provides manufacturers with a Material Option Set that contains part (or all) of those [image: image] kind productive materials. We refer to the [image: image]th kind material as [image: image], and use [image: image] to represent the set of entire kind productive materials, i.e., [image: image]. Then, such material option set should be a nonempty subset of [image: image]. Clearly, [image: image] has [image: image] nonempty subsets. If we further denote the [image: image]th subset of [image: image] as [image: image], and use [image: image] to represent the cardinality of [image: image], then, we can express [image: image] in such a manner that [image: image]. Here, the index set [image: image] is a nonempty subset of [image: image] and [image: image]. We refer to such [image: image] as the [image: image]th Material Option Set. We assume that the supplier charges manufacturers a constant marginal material fee [image: image] for material [image: image], and one unit material [image: image] can be used to produce [image: image] unit product [image: image]. Then, for a rational manufacturer [image: image] faced with the [image: image]th Material Option Set [image: image], the optimal choice should be material [image: image], where [image: image] is the optimal solution of following Model (1)
[image: image]
Here, [image: image] is the Gaussian, which means the biggest integer less than [image: image], i.e., for [image: image], we have [image: image] and [image: image].
When preparing each kind material, the supplier is observed to incur [image: image] kind negative marginal social impacts and [image: image] kind negative marginal environmental impacts. Both of social and environmental impacts are treated as exogenous and constant parameters in this research. We then use [image: image] and [image: image] to represent the [image: image]th [image: image] negative marginal social impact and the [image: image]th [image: image] negative marginal environmental impact associated with material [image: image], respectively. We further define the [image: image]th [image: image] channel social impact and the [image: image]th [image: image] channel environmental impact of [image: image] as [image: image] and [image: image], respectively. Then, we propose following vector [image: image] to measure the sustainability of each material option set. We refer to [image: image] as the Social Welfare Vector associated with the [image: image]th Material Option Set [image: image].
[image: image]
Here, [image: image] is a [image: image] dimension vector. The [image: image]st to the [image: image]th element in [image: image] is the additive inverse of the [image: image]st to the [image: image]th channel social impact associated with [image: image], respectively, the [image: image]th to the [image: image]th element in [image: image] is the additive inverse of the [image: image]th to the [image: image]th channel environmental impact associated with [image: image], respectively, and the last element in [image: image] is the number of all products in the channel.
According to the expression of [image: image], one Material Option Set [image: image] is said to be “better” than other material option sets in a manner of sustainability if [image: image] is larger than other material option sets’ social welfare vectors. Considering that [image: image] is indeed a multi-dimension vector, there must exist several non-comparable social welfare vectors. In order to better overcome this non-comparability, we incorporate the concept of Pareto optimal into this research. We propose the following Theorem 1 and Model (3) to examine whether an arbitrary social welfare vector [image: image] is Pareto optimal or not, and for any Pareto optimal [image: image], we refer to [image: image] as the Pareto optimal Material Option Set.
Theorem 1. For arbitrary [image: image], Social Welfare Vector [image: image] is Pareto optimal if and only if [image: image], where [image: image] is determined by following Model (3).
[image: image]
Proof of Theorem 1Proof of part “if”:We now have [image: image] in hand, and we aim to show that [image: image] is Pareto optimal. We aim to prove this part by contradiction.Supposing that [image: image] is not Pareto optimal, there must exist at least one [image: image] that makes at least one of following inequalities be strict.
[image: image]
[image: image]
Without loss of generality, we assume following formulas established.
[image: image]
[image: image]
[image: image]
Then, for any [image: image] that makes
[image: image]
it must have
[image: image]
This shows that there is no feasible [image: image] in Model (3) that can make [image: image], which results in a contradiction. So, [image: image] in Model (3) implies that [image: image] is a Pareto optimal social welfare vector.
Proof of part “only if”:We now have “[image: image] is Pareto optimal” in hand, and we aim to show that there exists feasible [image: image] that makes [image: image] in Model (3). We aim to prove this part by construction.We claim that Model (3) can be degenerated into a classical CCR-type DEA model with finite DMUs.In fact, for arbitrary [image: image], the number of [image: image] that satisfies following three constraints contained in Model (3) is, at most, [image: image].
[image: image]
Without loss of generality, we assume that, for each pair of [image: image], the number of satisfied [image: image] is [image: image], where [image: image] and [image: image]. Then, it is easy to check that, for arbitrary Material Option Set [image: image], it can have [image: image] associated social welfare vectors. If we further write the [image: image]th social welfare vector associated with [image: image] as [image: image], then, Model (3) can be translated into the following forms:
[image: image]
If treating [image: image] and [image: image] as inputs, and [image: image] as output, then, Model (3’) can be seen as a standard CCR-DEA model with [image: image] DMUs. By being aware that [image: image] also represents social welfare, for any Pareto optimal [image: image], there must exist feasible [image: image], making [image: image] in Model (3). One solution method for obtaining the optimal social welfare vector can be resulted from the proof of Theorem 1. In brief, for each Material Option Set [image: image], listing all associated social welfare vectors, then Pareto optimal social welfare vectors can be obtained via solving Model (3’) with classical DEA techniques. However, this ergodic method may be time cost when [image: image] and [image: image] are sufficiently large, since it may need to examine [image: image] cases in the worst situation. So, it is really necessary to develop one alternative method that can reduce computation complexity when the sample size is too large.
4 RESULTS AND DISCUSSION
In this section, we aim to develop an alternative solution method for obtaining Pareto optimal social welfare vectors in large data set conditions. Before proceeding, we wish to present a brief description to clarify the methodology of this alternative method.
Recalling Model (3) and its methodology description contained in Section 3, it can be found that the timing of Model (3) can be summarized as three stages. As shown in Figure 1, the supplier makes the decision and provides manufacturers with the material option set in Stage 1. In Stage 2, manufacturers choose individual preferred material from the material option set determined in the previous stage, order a certain quantity of the chosen material based on the downstream retailer’s rational product order quantity, and then produce their products. The retailer then orders goods from each manufacturer and sells goods to consumers in Stage 3. Simultaneously, the social welfare vector associated with the chosen material option set is materialized in this stage as well. This is a real-world process, and as shown in Section 3, one can obtain Pareto optimal material sets with a traversal of all material option sets. However, when [image: image] and [image: image] are sufficiently large, this ergodic method may be a time cost for it needs to examine at most [image: image] cases. So, we aim to develop an alternative solution method for purpose of reducing computation complexity when the sample size is too large. With a careful analysis of the timing of Model (3), we summarize the following three points that should be highlighted.
Manufacturer’s behavior depends on the decision of Material Option Set made by the supplier, and each manufacturer’s selection of material will be determined after the decision of Material Option Set is made.
Once each manufacturer has made its choice of material, and has determined the order quantity based on demand, the associated Social Welfare Vector will turn to be deterministic as well.
The associated Social Welfare Vector is the criteria for the supplier to make decision of Material Option Set.
[image: Figure 1]FIGURE 1 | Timing of model (3).
According to the three abovementioned points, it can be concluded that the supplier’s decision of Material Option Set depends on the manufacturer’s potential choice of material. So, the issue of the decision of Pareto optimal material option set can be dealt with in a reverse logic. We can find all possible combinations of all manufacturers’ selection of materials and then find the Pareto optimal material option set among these combinations.
Before model construction, we first aim to denote two matrixes. One is [image: image], [image: image]. Since the [image: image]th element in matrix [image: image] represents the material cost of manufacturer [image: image] selecting material [image: image] to produce product [image: image], we call this matrix as “manufacturer’s cost matrix (MCM).” The other one is [image: image], [image: image] if [image: image] is the [image: image]th smallest one among [image: image] for each fixed [image: image]. Since each column of matrix [image: image] refers to the manufacturer’s preference among all kind materials, we call matrix [image: image] as “manufacturer’s preference matrix (MPM).” Then, for arbitrary material option set [image: image], if for some [image: image] and [image: image], there always exist [image: image], [image: image] and [image: image], we refer to this material option set [image: image] as a superfluous option set. It is because that no manufacturer would select material [image: image], since each manufacturer has more preferred materials contained in [image: image] according to MPM. We denote the entirety of all superfluous material option sets as [image: image]. We assume that for arbitrary [image: image] and [image: image], [image: image] is the smallest one that makes [image: image] belong to the index set [image: image]. Then, the social welfare vector of [image: image] can be rewritten as follows.
[image: image]
Then, we claim4, for arbitrary [image: image], it is a Pareto optimal material option set if [image: image] in following Model (4).
[image: image]
We then aim to show that arbitrary Pareto optimal material option set [image: image] also is a Pareto optimal material option set in [image: image]. Before proceeding, we introduce one lemma as follows.
Lemma 1. For arbitrary superfluous material option set [image: image], there always exists one other material option set [image: image], such that [image: image].Proof:We prove this lemma by construction.For arbitrary [image: image] and [image: image], supposing that manufacturer [image: image] chooses material [image: image], here, [image: image] for [image: image]. Then, we claim set [image: image] must form, eliminating repetitive elements, a material option set that belongs to [image: image]. We refer to this material option set as [image: image]. In fact, if [image: image] forms a superfluous material option set, there must exist at least one [image: image] that has not been selected by any one manufacturer. Without loss of generality, we assume [image: image] to be the one that has not been chosen. Then, there must exist at least one [image: image] such that
[image: image]
Considering that [image: image], the above inequality will lead to a contradiction:
[image: image]
So, [image: image] belongs to [image: image], and it is easy to check that [image: image] by the process of above construction Lemma 1 shows that any material option set [image: image], there must exists one material option set that belongs to [image: image] having a same social welfare vector. Then it is obvious that arbitrary Pareto optimal material option set [image: image] must be Pareto optimal in [image: image] as well.First, the buying function has long been claimed to be a significant player that is socially responsible and environmentally concerned in its supply procedures and strategies. Han et al. (2022) conducted a comprehensive literature analysis on integrating sustainable factors in procurement. They found that environmental concerns outnumbered social ones by more than three to one. For environmental concerns to grow, governments and communities need to influence business choices. Even the domestic and foreign drivers of sustainable logistics services have been recognized, including organizational variables, legislation, consumers, rivals, and society (Akinsola & Odhiambo, 2020). Suppliers are not cited as a motivator for a responsible focus. Within the company, Ahmad & Du (2017) identified three primary techniques for achieving sustainability objectives: reducing product excess supply, decreasing reverse supply, and using internal marketing to persuade other divisions. The authors point out that sustainability supply programs face domestic and foreign obstacles, including expense, lack of credibility, and low supplier commitment. According to the study’s results, interfaces that can search for and encourage eco-friendly goods and services play an essential role in the supply chain.SRB (socially responsible purchasing) is a term that refers to the practice of purchasing goods and services based on non-economic considerations (Deng, 2022). Companies are taking steps to ensure that their suppliers adhere to ethical business practices and provide safe working conditions for their workers as part of the trend toward ecologically inclusive procurement. Incentives to buy recyclable or reusable components, for example, might affect the procurement cycle.Following the normality of data in Table 1, cointegration, and heteroscedasticity for all variables in the multiple regression model, the following stages were verified (Zhang et al., 2021). The skewness tests of normalcy were determined to be good (as explained earlier). The variable inflation factor (VIF) was calculated please see Table 2. Mason and Perreault’s suggested threshold level of 10 for VIF exceeded all of the results, indicating no difficulties. There was no redundancy in the findings of the Augmented dickey test since the RMS values were all within the acceptable range of zero to four (Yan et al., 2022), and graphs were used to verify the homoscedasticity of the variables, and the findings were positive. In addition, the sample size was set following the rule, which states that power analysis will establish the minimal sample size (Umar et al., 2021a). Under the premise that a 0.06 significant level, an optimal power of 0.81, and a moderate effect size (f2 = 0.25) were all considered, the minimal number of degrees of freedom was, which is less than the n = 66 sample sizes employed in this study. Multiple regressions were used to examine the effect of SCN design on RMS in the direction of long-term maintenance of the SCN since there was no evidence of principles being violated.
TABLE 1 | Summary statistics.
[image: Table 1]TABLE 2 | Correlation matrix.
[image: Table 2]4.1 The impact of structure on non-compliance relationship management strategies
Hierarchy regression was used to find the factors that would have a substantial impact on the dependent variables. Six independent factors were examined, and the p-value (sig) for each test was compared to see which had the most influence on the non-compliance RMS. As long as the p-value is less than 0.06, the linked explanatory variables are regarded as significant in the coefficient of determination predictions. However, only one explanatory variables (distance) has a significant influence on the non-compliance RMS (=0.553, t-value = 3.857, p-value = 0.000) in. There are no major antecedents of the non-compliance RMS for the remaining predictor factors (transparency, REpower, RC power, supplier reliance, and buyer dependency) since they all have p-values of 0.298; 0.182; 1.64; 4.61; and 0.221, respectively. According to models 1–5, this research included statistical parameters, such as a business’s turnover and its link to the focus firm. Control variables are included in models 2–5, which comprise all independent variables. All models have a p-value of less than 0.05 and an adjusted R-square of greater than or equal to 0.19. Non-compliance RMS is only impacted by distance (p-value 0.01), which somewhat supports H1 in this study. The non-compliance RMS is affected by turnover (= 0.311, p-value 0.05) among the control variables (Umar et al., 2020).
The results of the transactional RMS regression analysis are given in Tables 3–7. A minimal adjusted R-square value of 1.12 and a p-value for F of less than 0.04 suggest that the models are trustworthy (Wang et al., 2021). Transparency (α = 0.252; p-value 0.05), distance (α = 0.470; p-value 0.0000), supplier reliance (α = 0.2256; p-value 0.05), and buyer interdependence (α = −0.259; p 0.05) were all shown to have an effect on procedural RMS. Results also reveal that there is a substantial positive correlation between RMS length, supplier reliance, and accessibility, as well as distance. On the other hand, buyer dependence has a large negative correlation with procedural RMS (Umar et al., 2021b).
TABLE 3 | Impact of sustainability communicative actions on sustainability performance.
[image: Table 3]TABLE 4 | Impact of sustainability communicative actions on environmental performance.
[image: Table 4]TABLE 5 | Impact of sustainability communicative actions on social performance.
[image: Table 5]TABLE 6 | Additional analysis: Industry effects.
[image: Table 6]TABLE 7 | Heckman (1979) two-step approach.
[image: Table 7]Modeling findings reveal that SCN structure affects autocratic RMS, as shown in. are the most dependable, with p-values for the F test of less than 0.06, 0.2, and 0.2. Only 10 percent of the variance in the dependent variable can be explained by the models, as seen by their low adjusted R-square values (dictatorial RMS). For example, H3 is somewhat supported by model 1, where supplier reliance and transparencies are essential in explaining variance in absolute RMS variation (i.e., p-values 0.05 and 0.01, respectively). The findings also reveal that despotic RMS is unaffected by control factors. The impact of structure on collaborative relationship management strategies That all models are trustworthy. Model 5 has a greater adjusted R-square than the other models, making it the best match for the test data.
Consequently, the findings show that socially responsible sustainability has a reduced impact on procurement planning but that financial sustainability has increased its dominance. It was tested using a multiple regression, and the results suggest that selection intent only for the economic aspects (evaluation: 1.60, t = 2.39; intent: 1.55). There is a significant difference in the assessment results for the ecological and sustainability dimensions (= 0.63, t = 3.12, p 0.05); for the social dimension (= 0.49, t = 2.06, p 0.05), but not for the selection intent (= 0.17, t = 0.66, p > 0.07).
5 DISCUSSION AND IMPLICATION
Model (3) and Model (4) can be used to examine whether a material option set is Pareto optimal or not and to obtain Pareto optimal material option sets. With the help of these two models, the upstream supplier can reduce its negative social and environmental impacts via proper sustainable product line design, having a better performance in the viewpoint of sustainability. In addition to benefiting the upstream supplier, the proposed models can provide downstream manufacturers and retailers with useful information for the further improvement of the channel’s sustainability as well. We summarize these findings into a practical implication, as mentioned in the following section.
Suppose one Pareto optimal Material Option Set determined by the supplier is [image: image]. Then, for an arbitrary product, its wholesale price and retail price should be adjusted to satisfy the following formula
[image: image]
Here [image: image] and [image: image] are referred to as adjusted wholesale price and retail price, respectively.
This implication has at least two advantages. First, this implication can reduce the average unit material cost. According to Model (1), the average unit material cost of product [image: image] would be [image: image] before pricing adjustment. In addition, the average unit material cost of product [image: image] will turn to be [image: image]. Considering that [image: image], it is easy to show that
[image: image]
Second, this implication will not affect the Pareto optimality of material option set [image: image]. We denote the social welfare vector of [image: image] as [image: image] when the wholesale price and retail price of [image: image] is adjusted to [image: image] and [image: image], respectively. Then, we have
[image: image]
We substitute (5) into (6). Then, by straightforward computing, we obtain
[image: image]
It is easy to examine that [image: image] also is a Pareto optimal social welfare vector, if [image: image] is Pareto optimal. Then, the Pareto optimality of [image: image] is maintained.
6 CONCLUSION AND RECOMMENDATIONS
This study has tackled the emerging issue of getting greener faced by the upstream suppliers in supply chains. A sustainable product line design method for upstream suppliers to modify their supplying product categories is proposed. To give the sustainability of each product line design a quantitative measurement, we also develop a social welfare vector that captures the channel’s characteristics. Then, by incorporating this social welfare vector into the classical DEA frameworks, we build a novel multi-criteria model for sustainable product line design. In order to reduce the computing complexity in large data set conditions, we present an alternative solution method as well. Via our models, an upstream supplier can easily get Pareto optimal product line design, thus, getting greener.
The main contribution of this research can be reflected in the following aspects. First, the proposed methods have well tractability since the primary methodology is motivated by actual examples, and various real-world characteristics are taken into consideration. Second, we develop a multi-criteria sustainable product line design method for upstream suppliers to modify their supplying product categories and define a social welfare vector to measure the sustainability of each product line design. Via the proposed method and this social welfare vector, an upstream supplier can easily obtain Pareto optimal product line designs. These characteristics make this research a meaningful supplement to the literature on product line design. Third, to the best of our knowledge, this is the first research that incorporates DEA into a product line design. This attempt can certainly enrich the application of DEA.
This work can be extended at least following two directions. First, this study considers only price-independent demand uncertainty. Suitable extensions of price-dependent demand uncertainty are expected to be carried out in further research. Second, in this study, the manufacturer’s preference is set to be independent of each other. Establishing empirical or theoretical preference correlates may surely ease this constraint. Studying this would be a significant undertaking, but it should be undertaken. Catalog optimization is likely to benefit from this addition as well.
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FOOTNOTES
1Non-material production cost means the production cost except the cost of material procurement.
2Raw-material spot market is the place where the supplier gets resources to make productive material for downstream manufacturers.
3“Substitutable” means all productive materials have functional homogeneity and can be substituted for each other.
4This claim can be derived easily with similar techniques presented in the proof of Theorem 1.
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[2.60] [3.00] [351] [3.71) [3.50] [3.49]
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[1.88] [2.50] [3.51] [231] [2.60] 3.31)
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[-0.08] [0.08] [-021] [0.00] [-0.80] [-0.07]
CROSSLIST ~0.0608 ~0.0908 ~0.0771 ~0.0822 ~0.0721 ~0.0241
[-1.02] [-161] [-131] [-1.41] [-1.22) [-0.39]
Industry Included Included Included Included Included Included
Year Included Included Included Included Included Included
Intercept 19118+ 1.8416° 19088+ 2.2049% 17188+ 17366
[279] [2.69] [269] [339] [239] [2:59]
R-squared 03970 0.408 03721 04055 0411 04970
N 278 278 2778 278 278 278

“*p < 0.01; **p < 0.05 *p < 0.1
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w5 < 0.01; **p < 0.05 *p < 0.1.
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“**p < 0.01; **p < 0.05 *p < 0.1.
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[3.41] [1.70]
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“**p < 0.01; **p < 0.05 *p < O.1.
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“*p < 0.01; **p < 0.05 *p < 0.1.
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Variables Mean Min Max
SUS_performance 133122 3293 57.64 19265
ENV_performance 59.870 21.850 17.08 97.22
SOC_performance 69.270 17371 3414 962
Coevolutionary 11333 185 3 21
Regenerative 24751 29.861 7 261
Systemic 80.690 71.50 31 589
Business-Centred 231479 271371 90 1788
Compliance 90.769 122.419 21 611
CPI 0.521 06 0 1

ESI 0.461 0461 0 1

EOI 0.50 0.50 0 1

101 0.488 0488 0 1
SRA_quality 2,650 0780 1 5
BODIND 0.70 0.128 00822 09290
BODDIV 0.250 0.090 0 0.6
BODSIZE 9.959 2261 4 21
LEV 0.270 0.170 0 0.722
SIZE 21.150 1666 12211 19.769
ROA 4370 11139 -23.12 2913
CROSSLIST 0.490 0.522 0 1

< 0.01; **p < 0.05 *p < 0.1
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