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Abstract

:

In today’s business environment, data analytics capability has gained popularity among organizations as a source of competitive advantage. Furthermore, due to the current business outsourcing, supply chain management is known to be an extremely challenging task. Most previous studies focused on the relationship between data analytics capability and competitive advantage regardless of the role of organizational characteristics, particularly supply chain resilience. This paper aimed to assess the impact of data analytics capability on competitive advantage in the textile industry concerning the mediating role of supply chain resilience and organizational flexibility. To this end, a new conceptual model was developed to investigate the relationships and partial least squares–structural equation modeling (PLS-SEM) was applied for analysis. The population of this study comprised 450 qualified persons and four well-known brands of sleep products. In addition, a pilot survey was conducted with 30 respondents before the questionnaire was used for the final survey. Based on the results, data analytics capability positively affected competitive advantage, supply chain resilience, and organizational flexibility. Additionally, supply chain resilience and organizational flexibility played mediating roles in the relationship between data analytics capability and competitive advantage. Finally, some management insights are presented that are of interest to top managers. However, the results of this study were limited to the area of the textile industry (sleeping goods manufacturers) in Iran in order to maintain the uniformity of the research constructs.






Keywords:


data analytics capability; supply chain resilience; organizational flexibility; competitive advantage












1. Introduction


In today’s highly competitive environment, which is characterized by low-profit margins, high customer expectations for quality products, and short waiting times, companies are forced to take advantage of every opportunity to optimize their business processes. In this regard, managers have realized that the supply chain (SC) plays vital role in achieving sustainable competitive advantage (CA). Accordingly, companies consider themselves as part of supply chains that compete with other supply chains, rather than competing directly [1].



On the other hand, organizations evolve and change due to the evolution and diversity of products and services, and their survival depends on their ability to absorb and use information and knowledge about new technologies to create some advantage. In this way, top managers try to develop and properly manage information systems in order to timely receive and optimally use information and knowledge about new technologies [2]. To achieve a CA, based on the conditions in which they exist, organizations need specific skills that enable them to achieve their competitive goals. Many companies have not been able to develop their activities due to lack of experience, limited resources, and many other factors [3]. Many researchers are of the opinion that given the current changed conditions, companies cannot compete with the previous CAs. They have to move toward acquiring and maintaining dynamic competitiveness [4].



Dynamic environments and competitive pressures have reduced differentiation between companies and lost CA [5]. In dynamic environments, companies need to reconfigure their resources to meet changing needs to achieve more innovation and maintain CAs [6]. To sustain CA and succeed in developing a robust analytics platform, the dynamic capability (DC) supplements the resource-based view (RBV) by identifying, integrating, reconfiguring, gaining, and releasing resources to effectively cope with changing circumstances and to achieve new resource configurations as their markets advance [7]. While prior research has investigated the enablers, antecedents, and outcomes of DC, there is currently no research that investigated the impact of services systems’ analytics capabilities as resources that contribute to dynamic capabilities.



Furthermore, due to the globalization of businesses, organizations are increasingly in competition, and thus look for ways to build sustainable competitive performance to improve their competitive position [8]. Participation of organizations in the globalization process enables them to enjoy CAs with the help of advanced technologies, investments, and rich management experience [9]. It should also be noted that while globalization offers more development opportunities for organizations, it also poses a significant risk to organizations [10]. Hence, supply chains are becoming an essential element in the competition among many organizations.



Research has shown that every activity in the supply chain has inherent risks that may cause unexpected disruption [11]. These disturbances may be due to natural hazards such as earthquakes, floods, tsunamis, hurricanes, or other geological processes, or to artificial disasters such as terrorism, which have the potential to affect revenue and expenditure [12]. Thus, supply chain risk management remains a major topic of discussion in the field of academic research and manufacturing enterprise [13]. For example, the global COVID-19 outbreak has disrupted the supply chain of many companies and has led to the collapse of many businesses. Such issues can have irreversible and long-term effects on businesses. In this regard, resilience and flexibility can protect the supply chain from environmental pressures. As the results of existing studies emphasized, data analysis, information sharing, and supply chain visibility have significant effects on supply chain flexibility (SCF). However, studies have been conducted to understand how organizations use data analytics or supply chain analysis in supply chain disruptions [14]. Organizations need to know how to analyze information under supply chain disruptions, and this can help the organization’s competitive advantage. In this regard, this study aimed to investigate the effect of data analytics capability (DAC) on the CA of an organization with regard to the mediating role of supply chain resilience (SCR) and the organizational flexibility (OF).



As discussed above, in this study, four constructs were selected from the literature; namely, data analytics capability, supply chain resilience, organizational flexibility, and competitive advantage. The reason for selecting these constructs was their relevance to the current business environment, which is characterized by disrupted supply due to increasing uncertainty. Then, supported by previous studies, we built a conceptual model that related the above constructs.



Many studies have discussed the conceptual relationship between two or three of these constructs. However, to the best of our knowledge, no study has investigated the mediating role of supply chain resilience and organizational flexibility simultaneously in the relationship between data analytics capability and competitive advantage. Therefore, this study model raised three primary research questions. First, it asked whether data analytics capability affects supply chain resilience, organizational flexibility, and competitive advantage. Second, it asked whether supply chain resilience and organizational flexibility improve competitive advantage. Finally, it asked whether supply chain resilience and organizational flexibility mediate the influence of data analytics capability on competitive advantage.



In this regard, the textile industry was considered as the area of research due to its generality at the community level. The mediating variables of organizational flexibility and supply chain resilience were explored to innovate. We interviewed 207 Iranians working in the textile industry who comprised many elements of this industry. Therefore, the results can provide managers with valuable insight into opportunities to improve CA.



Figure 1 demonstrates a schematic diagram of the steps of the study. As shown, after the topic was selected, the related studies were reviewed. Later, the research gap was discussed and the problem definition was presented. Afterwards, data were collected using questionnaires and interviews. Subsequently, an analysis of the results was performed, and an appropriate discussion and conclusions are provided.




2. Literature Review


2.1. Competitive Advantage


Competitive advantage has been the main issue in discussing competitive strategies in recent years. From 1998 to 2021, about 346,607 articles were published about CA (see Figure 2). In this chart, it can be seen that from 2016 to 2021, the number of articles increased 1.7 times compared to five years ago.



Competitive advantage refers to a company’s superior position over its competitors in that industry. When a company consistently makes more profit than other companies that compete with that company in a similar industry, it is said to have competitive strength in that market [15,16].



Without achieving a CA, a company will have little economic feasibility to survive and will be in financial decline. In such an environment, only organizations that focus on all aspects of competition; namely, quality, cost, speed, customer responsiveness, and innovation, can survive and improve their positions in order to achieve sustainable CA and outperform their competitors [17]. Shan et al. proposed a conceptual model to identify the sources of CAs, the interrelationship of their components, and the mechanism for obtaining CAs. They showed that all dimensions of dynamic ability affected CA, but they influenced it in different ways [18].



Competitive advantage includes a set of factors or capabilities that always enable an organization to perform better than its competitors [19]. In other words, CA is a factor or combination that makes an organization much more successful than other organizations in a competitive environment in a way that competitors cannot easily imitate. Therefore, to achieve a CA, an organization must pay attention to its external position and internal capabilities [20]. Two points must be considered here. First, this path is a follow-up process that leads to excellent performance and competitiveness of the organization. The organization can use its competencies to create a sustainable CA that is valuable for customers and permanently superior to competitors. Second, due to increasing environment complexity and competitive intensity, CA is either easily imitated by competitors or fades in the view of customers and must be replaced by new advantages [21]. Kwak et al. indicated that cost, growth, reliability, quality, time-to-market, the introduction of new products, and order-filling rate are critical factors in improving CA [8].



Porter defined CA as the way in which an organization can select and implement general strategies to achieve or maintain an economic advantage [22]. In contrast, Peteraf argued that CA is an organization’s ability to maintain its returns above normal [23]. Porter proposed a value chain model to assess a firm’s CA [22]. However, Peteraf argued that there are four cornerstones of CA: heterogeneity, post-competitive constraints, imperfect mobility, and pre-competitive constraints [23]. Meanwhile, Barney argued that an organization can achieve a CA by creating strategic resource packages or capabilities [24]. Schilke argued that one of the most common indicators of CA is superior performance [25,26].



Competitive advantage is a representation of the economic value created by exploiting the resources and capabilities of a company [27]. Annarelli et al. emphasized that CA is an approach to achieving economic growth and a favorable and sustainable position in global markets [28]. Afraz et al. investigated the mediating effect of risk management capabilities on the relationship between supply chain innovation and CA and proposed a theoretical model for these relationships [29].




2.2. Data Analytics Capability


Data science and data analysis are the main issues for decision makers in today’s business environment. Due to a highly complex environment, organizational decision makers cannot trust themselves and their limited knowledge. As a result, organizations are increasingly turning to business analytics capabilities to improve the results of their decision making [30]. Figure 3 demonstrates the amount of research conducted in the field of data analysis in the supply chain from 1998 to 2021. In this chart, it can be seen that from 2016 to 2021, the number of articles almost doubled in the past five years.



The data analysis literature contains conflicting results. So, as indicated by existing research, researchers often use data analysis, big data analysis, supply chain analysis, and predictive analytics [31]. This capability enables organizations to collect, retain, and process data to leverage valuable insights that lead to CAs. The ability to analyze is a combination of tools, techniques, and processes that enable an organization to process and analyze data to generate valuable insights that enable managers to make effective decisions about the business and related operations. Srinivasan and Swink pointed out that data analysis increases the ability to process information by collecting data from various sources [32]. With the digital revolution, organizations have changed so rapidly that companies should find newer solutions to meet the needs of customers. Companies can obtain CAs by implementing such solutions [33].




2.3. Data Analytics and Competitive Advantage


Although the CA topic has remained a subjective term with multiple definitions and no clear definition has been agreed upon, there is consensus that data analysis enables organizations to achieve CA by improving organizational capabilities. Akter et al. discussed “transformed CA with the ability to analyze in-service systems” in their research. Their structural equation model analysis demonstrated that the ability to analyze led to increased CA in service systems. Of course, their study suggested this issue as a preliminary subject, and more studies are needed to understand how the DAC has a positive effect on CA [31]. Sheng et al. showed that big data analytics could allow companies to analyze large volumes of data and plan their strategies in a competitive environment [34]. Gunasekaran et al. also noted that the ability to analyze big data and forecast positively affected supply chain and organizational performance [35]. Shan et al. addressed the “compatibility of big data analysis and the CA of companies considering a dynamic capability perspective and resource-based theories”. Their study was conducted among Chinese manufacturing companies. The results showed that different dimensions of dynamic abilities affected CA. Two dimensions of dynamic capabilities directly affected CA, and strategy flexibility indirectly affected these. Moreover, three dimensions indirectly and positively affected CA by affecting dynamic capabilities [18].



O’Neill and Brabazon investigated the relationship between business analytics, organizational value, and CA. The data collected from a survey of 64 senior analysts from 17 departments confirmed a significant relationship between higher ability levels and the ability to generate organizational value and CA. Dubey et al. discussed the relationship between data analytics capability and OF complementary to SCR. The research hypotheses were tested using the responses of 213 Indian manufacturing organizations through a pre-tested survey-based tool. The results showed that the ability to analyze data was effective in gaining a CA. It was also mediated by resilience and flexibility [36].



Akter et al. studied transformed CA with the ability to analyze in-service systems. Their study was conducted among 251 members of service organizations. A structural equation model analysis showed that the ability to analyze led to an increased CA in service systems [31]. Mikalef et al. addressed the relationship between big data analytics capability and competitive performance: the mediating role of dynamic and operational capabilities. The authors used survey data from 202 senior information officers and IT managers working for Norwegian companies to test the proposed research model. Using the partial least squares structural equation model, the results showed that the ability to analyze big data could help companies create a CA. This effect was not direct, but was entirely mediated by dynamic capabilities that positively and significantly affected both types of operational capabilities [37]. Dahiya et al. investigated the effect of big data analysis on CA while considering company-specific knowledge. Their descriptive study showed that big data analysis led to a CA [38].



Yu et al. addressed the role of the ability to analyze big data in developing integrated hospital supply chains and operational flexibility. The results of the analysis of survey data from a sample of 105 senior hospital managers in China showed that the ability to analyze big data had a significant impact on three dimensions of hospital supply chain development: integration between performance, hospital–patient integration, and hospital–supplier integration. In addition, hospital–patient integration and hospital–supplier integration fully mediated the relationship between functional integration and operational flexibility [39].




2.4. Organizational Flexibility


Due to the important role of flexibility in organizational performance, it is receiving increasing attention in the field of academic research and in manufacturing enterprises. Some researchers have presented OF as a critical factor for companies to survive and succeed in uncertain environments and disruptions [40]. Flexibility means the variability to adapt an organization’s performance to the environment and its changes in different situations. The supply chain needs to be flexible, as its operations are always subject to uncertainties such as customer demand and supply [41]. Supply chain flexibility is the system’s ability to meet a variety of customer orders and expectations with minimal time and expense, operational loss, and organizational disruption [42].



Organizational flexibility is the ability that enables organizations to perform while experiencing various environmental changes and disruptions [32]. Volberda defined OF as the extent to which an organization has different managerial capabilities and the speed at which they are activated to increase the ability to control management and improve the controllability of the organization. From this, it can be concluded that OF is known as an organizational design task and management task [43]. The task of organizational design relates to the ability of organizations to respond in a timely manner to sudden external changes. It focuses on organizational controllability or variability, which often rely on creating the right conditions. Furthermore, the managerial task refers to the managerial capabilities that enable organizations to respond to a turbulent environment. OF, in terms of the supply chain, is defined as the ability of supply chain managers to quickly convert their internal supply chains to adapt to changing supply-and-demand market conditions.



Ghomi et al. recognized flexibility as the critical source of CA for companies operating in uncertain markets. They also claimed that although various studies have explored the antecedents and consequences of this desirable attribute, few works have examined the interaction between suppliers and customer flexibility [44].




2.5. Supply Chain Resilience


Significant events and ongoing issues have occurred in recent years that have significantly impacted the performance of organizations [45,46]. Such events have raised awareness among academics and manufacturing industries of the need to minimize the potentially devastating effects of disruptions by constructing more resilient supply chains. On the other hand, customer expectations are gradually becoming stricter as customers demand products with a precise quantity, time, and place [3]. Meanwhile, making a trade-off between the costs of acquiring the operational capabilities needed to deal with disruptions and an acceptable level of resilience is one of the major concerns of operations managers [3].



Various disruptions, such as vehicle breakdowns, labor strikes, or even adverse weather conditions affect normal daily operations. Although all chains are exposed to these unforeseen events, the same disruptions can affect different supply chains depending on their levels of resilience [3]. However, the number of studies conducted on SCR from 1998 to 2021 indicated that SCR is a relatively unknown field of research (see Figure 4). In this chart, it can be seen that from 2016 to 2021, the number of articles grew to 3.6 times as many as there were five years ago.



Adobor and McMullen stated that disruptions in supply chains can have significant economic effects. Hence, risk management and vulnerabilities associated with supply chains have attracted increasing attention from researchers and policymakers [47]. Holling defined resilience as the capacity of a system to adapt to change and cope with surprises while maintaining the primary function and structure of the system, and as an important aspect of supply chain risk and vulnerability management [48]. According to Ivano et al., resilience in the organizational context is an organizational ability to survive in a turbulent environment. In response to the increase in disruptions caused by unpredictable events, resilience has become very important in supply chain perspectives [12,49]. Resilient companies are not vulnerable to supply chain disruptions and are more capable of absorbing shocks from supply chain disruptions. SCR allows organizations to deliver their products and services to customers even in critical situations [50]. Supply chain resilience indicates the potential to recover from an unintentional performance to an arranged performance by taking actions toward recovery or adaptation [51].



In another definition, SCR can be described as the ability of the supply chain to return to its original state or move to a new state or an even more desirable one after exposure to disruption. In other words, the ability of the supply chain to prepare for unforeseen events, respond to disturbances, recover from them by maintaining continuity of operations at the desired level of continuity, and monitor its structure and performance are what define SCR. [52]. Abeysekara et al. investigated the effects of SCR on firm performance and CA while considering the Sri Lankan garment industry as a case study [53]. As a result of BDA capabilities, the supply chain became more resilient [54]. A safe way to overcome a crisis can be derived from emancipatory and innovative crisis management. Organizations can empower their SCR by developing relationships in the internal environment and with suppliers [51].



Previous research emphasized the importance of competitive advantages and key factors that affect them. Table 1 summarizes efforts on this topic and studies related to this work to identify the research gap and novelty of the present study. As is evident, this was the first attempt to address the mediating roles of supply chain resilience and organizational flexibility in the relationship between data analytics capability and CA. In addition, the textile industry considered in this study has not been considered in previous studies.





3. Materials and Methods


Due to the rapid change in business environments, data collection and analysis have become very important for managers and other decision makers. The popularity of this topic among management researchers is due to their desire to explore how a company’s resources and competencies can provide a CA in a highly uncertain environment. Srinivasan and Swink emphasized that organizations need to organize and utilize information effectively and efficiently when performing complex tasks [32]. To understand the degree of uncertainty, supply chain managers must collect data from customers and suppliers. Because supply chain disruptions can have a negative impact on financial results, supply chains must be resilient to reduce the risks of supply chain disruptions [57]. In this regard, CA refers to the degree of superiority of the organization over its competitors. Kwak et al. showed that the driving forces for improving CAs were cost, growth, reliability, quality, time to market, product introduction, product line width, order-filling rate, order information, and transportation [8]. LaValle et al. noted that organizations with a superior performance were five times more capable of data analysis than companies with a low performance [58]. Akter et al. showed that the ability to analyze big data had a positive effect on organizational performance [31]. In another study, Sheng et al. concluded that leading organizations increasingly used big data to improve their competitiveness [34].



As is evident in the existing literature, enterprise data analysis deals with organizational design, structures, and capabilities to meet information-processing needs. Organizational information-processing theory emphasizes that an organization needs to process information under increasing uncertainty to maintain a certain level of performance. Based on the literature review and the important role of data analysis in achieving CA, it is essential to understand these interactions while considering appropriate mediator variables such as SCR and organizational flexibility.



Hence, in this study, we addressed two main research gaps. First, we investigated the mediating role of SCR in the relationship between data analytics capability and CA. Second, we employed the proposed comprehensive construct and empirically validated it using survey data from the sleeping-goods manufacturing industry in Iran. We developed our conceptual model based on four main elements: DAC, CA, SCR, and OF. To this end, the conceptual model of the research is presented in Figure 5.



3.1. Hypotheses


In the following, the hypotheses of this study are developed along with the justifications from the prior literature.



Competitive advantage can be defined as any advantage a firm has over its competitors [22]. According to Chen et al., big data represents an incredible opportunity for achieving a CA [59]. In addition, analyzing the data allows an organization to understand its internal and external environment and analyze market behavior, customers, and competitors [39]. It might be possible for an organization to improve its performance with big data analytics if they are used prudently [60]. With this type of analysis, an organization can predict the future behavior of competitors and market demands. As a result, having this capability gives it a CA by being faster and more accurate than its competitors [39]. Following the preceding arguments, we proposed the following hypothesis for the Iranian textile industry:



Hypothesis 1 (H1).

DAC will have a positive effect on CA.





The capability of analysis as a combination of tools, techniques, and processes is understood to enable an organization to process, organize, visualize, and analyze data so that managers can make good decisions [32]. Moreover, information systems can be one of the factors that can reduce the negative effects of disorders in the supply chain [45]. SCR refers to how well a supply chain can cope with unpredictable events. A resilient supply chain will prevent undesirable conditions from developing in the chain. Taking advantage of this capability allows the supply chain to respond properly to risks and sudden events to avoid supply chain collapse. An organization with the capability of analyzing data has access to a huge amount of information that can be utilized to predict future conditions. In this context, information leads to an increase in resilience, and organizations can rely on this information to predict future events or prepare themselves for them [13]. Therefore, we argued that the more a firm is equipped with data analysis capabilities, the more resilient its supply chain will be. Thus, we hypothesized the following:



Hypothesis 2 (H2).

DAC will have a positive effect on SCR.





A higher flexibility of an organization allows it to better to respond to change. Flexible systems serve as connected indicators between the system and its foreign environment, and the ability to change and adapt as indicators of uncertainty can be considered [39]. OF has been introduced as a key driver for organizations to survive and succeed in volatile and unpredictable environments [40], and the ability to analyze the data describes the capabilities of organizations [30]. Therefore, it is expected that the greater the ability of an organization to analyze data, the more flexible it will be. Hence, we proposed the following hypothesis for the Iranian textile industry:



Hypothesis 3 (H3).

DAC will have a positive effect on OF.





The success of any organization depends on the supply chain’s resilience and ability to meet the challenges of the internal and external environment. However, to gain a CA, the supply chain should be agile, adaptable, and aligned [61]. In the same vein, we argued that an organization’s supply chain must be resilient to overcome uncertainties and enhance its CA. Abeysekara et al. argued that a firm’s CA in the apparel industry could be enhanced by increasing SCR [53]. In this way, it can be expected that firms in the textile industry can also gain a sustainable CA by focusing on SCR. Following the preceding arguments, we hypothesized that:



Hypothesis 4 (H4).

SCR will have a positive effect on CA.





A CA consists of agents or capabilities that will always enable a company to demonstrate better performance than its competitors [19]. Maury emphasized that CA is an economic value created by exploiting the company’s resources and capabilities [27]. Furthermore, CA is a combination of factors that enable a firm to participate in a highly successful competitive environment with other organizations and prevent the competitors from mimicking it easily [24]. On the other hand, flexibility is an organization’s dynamic capability to actively respond to a competitive environment, which may create a sustainable CA [55]. Thus, we proposed the following hypothesis for the Iranian textile industry:



Hypothesis 5 (H5).

OF will have a positive effect on CA.





The existence of resilience can serve as a prerequisite for creating CA. When organizations have a robust supply chain, the ability to analyze the data will have a stronger effect on the creation of CA [39]. In addition, organizations with the ability to analyze the data are far more flexible against environmental dynamics and can provide accurate responses to changes. This is also related to customers whose different needs change over time. In the case of access to information on environmental changes, organizations are flexible and can perform better than other competitors can [39]. As was evident in the literature review, data analytics capability, OF, and SCR have a positive effect on CA. However, we proposed the following hypotheses based on the mediating role of OF and SCR in the Iranian textile industry:



Hypothesis 6 (H6).

SCR mediates the effect of DAC on CA.





Hypothesis 7 (H7).

OF mediates the effect of DAC on CA.






3.2. The Importance of the Textile Industry in Iran


The textile industry is an ancient industry and is one of the most influential employment sectors in many countries [62]. The history of the textile industry in Iran is very long, and the remnants of the life of the people of Kashan, which is the oldest plain group in Iran, indicate the existence of stone and clay shops that shaped the mentality of the people of that time familiar with the textile industry. In Iran, 11 industries have been evaluated as the group of strategic industries; the textile industry has is ranked third in this classification, following the automotive and steel industries. It should be noted that this rank indicates its importance in the country’s strategic planning. On the other hand, the lack of attention to this industry in Iran has led to a significant recession. According to Iran Vision 2025, Iran’s textile industry should be ranked third in the region (Middle East) and 50th globally, relying on competitiveness, modernization, investment, technology development, and productivity enhancement. However, Iran is not among the top 50 countries in the world textile industry [63].



According to 2012 personal consumption data from the Statistics Center and a Thomson Reuters Institute report, the country’s annual consumption of various products in the textile, clothing, and leather industries is estimated at USD 20 billion. Moreover, according to the latest statistics from the Central Bank of Iran, the annual per capita consumption of urban household clothing by the Iranian people is USD 50,000, and the total consumption of the country’s current domestic market of clothing is estimated at more than USD 1 billion per year. It is evident that the global per capita consumption of textiles and clothing is much higher than the declared numbers. One of the reasons for the low level in Iran is the decline in people’s purchasing power and the economic recession. The top 10 global exporters of textiles, clothing, and footwear are China, Italy, Germany, India, the United States, Turkey, Bangladesh, Vietnam, Belgium, and France [64].



The sleeping-goods manufacturing industry is an essential field of the textile industry in Iran that includes about 8000 units in various parts of its production, distribution, and sales divisions. On the other hand, the production life with new methods in this sector in this country is very short, so it is not easy to provide accurate statistics for production units. However, the number of certified units in different sectors of the production of goods throughout Iran is about 2000 units. The rest are related to the service units of the subsidiary or are upstream of the sleeping-goods production industry [64]. There are approximately 22 large industrial units in Iran in this sector, and four companies with the brands Roya, Khoshkhab, Tanasai, and Royal have the highest market shares. The production capacity the Iranian sleeping-goods industry is such that the industry even competes with well-known manufacturers in Turkey that are known as competitors for Iranian products. The buyers of these products are home consumers and corporate consumers at hotels, guesthouses, accommodation centers, hospitals, sanatoriums, and rehabilitation centers.




3.3. Construct Measures


We developed the conceptual framework of this paper shown in Figure 5 while considering the set of hypotheses formulated in Section 3. This model was proposed based on the literature review, mainly the work by Dubey et al., who tested India’s manufacturing organizations [13].



After reviewing the extant literature on factors affecting CA in general, we explored this subject in the textile industry and proposed that the model mentioned above be tested using the manufacturing industry of sleeping goods, which is an important field of the textile industry in Iran. To evaluate a firm’s CA, we measured delivery, quality, reliability, inventive products, price/cost, and time to market [53].



This research was applied in terms of purpose, and descriptive research was applied in terms of data collection. The method of conducting surveys was a questionnaire. The statistical population of the research was the textile companies in Iran. Out of the production firms (22 large manufacturing companies), 4 companies with over 2000 employees were identified.



An established survey questionnaire and scales derived from literature (following Dubey et al.) were used to collect data on the hypothesized relationships between the considered constructs in the research [13]. The research questionnaire consisted of two main parts. The first part included general questions. The audience’s general population and demographic populations included gender, age, level of education, work experience, and job title. The second part comprised specific questions. This section contained 18 questions. Table 2 shows a summary description of the items used for measures. Consistent with the previous literature, we used a five-point Likert scale (with anchors 5 = very high and 1 = very low) for all measurement scales. A pilot survey of 30 respondents representing both the academic and professional fields was conducted prior to using the questionnaire for the final survey. Due to this study’s relatively small sample size, we sent our questionnaire online to all firms in the sample via e-mail to the selected respondents. Therefore, we obtained the questionnaire’s content validity, clarity, and readability prior to the final survey.




3.4. Study Population and Sample Selection


The population of this study comprised four well-known brands of sleeping goods, including Roya Corp, Khoshkhab, Tanasai, and Royal. We recognized 450 qualified persons to respond to the questionnaire, including chief executive officers (CEOs), general managers (GMs), deputy managers (DMs), planning managers and experts, logistic managers and experts, procurement and purchasing managers and experts, marketing managers, sales managers, and system managers at the time of data collection. To maintain the accuracy of responses, we selected only respondents with at least seven years of work experience, at least two years of management experience, or five years working as an expert, and educational background of at least a bachelor’s degree. According to the Cochran formula, the minimum sample size was equal to 207 persons for a significance level of 5%.



A survey questionnaire was developed for data collection (demonstrated in Appendix A in detail). Thirty respondents participated in the pilot survey that preceded the final survey. Based on the results of the pilot survey, we made some minor modifications to the questionnaire statements to improve their clarity and readability. Moreover, the final questionnaire was reviewed for clarity, readability, and content validity. Due to the COVID-19 pandemic, we sent 300 questionnaires via email and online and considered 207 complete questionnaires.




3.5. Methods of Data Analysis


We used structural equation modeling to develop the conceptual framework and measurement items for this study. Structural equation modeling is one of several advanced statistical methods that allow the study of the relationships between variables in a model.



To test the hypotheses of the proposed model, the partial least squares (PLS)–structural equation modeling (PLS-SEM) method was applied. An essential aspect of PLS software version 2.0 is its prediction-oriented approach, which enables researchers to assess the predictive accuracy of their hypotheses based on exogenous variables. It is the best tool for research analysis in which relationships between complex variables, small sample size, and data distribution are non-normal [70]. Thus, our two measurement metrics (validity and reliability) were evaluated as follows.



Indicator reliability was evaluated using the factor-loading method with a threshold greater than 0.4 [71]. The average variance extracted (AVE) assessed the convergent validity with a threshold value of 0.5 [72].



We used PLS-SEM with Smart PLS-2 software version 2.0 to test the research hypotheses in this study. PLS-SEM was chosen due to the relatively small sample size and complicated nature of the research model, which incorporated several mediating effects [73]. Based on our research, we proposed to observe an opinion or description strength of data analytics capability.





4. Data Analysis and Results


4.1. Evaluation of the Sample Profile


The period of this study was between October 2021 and January 2022. During this period, the first 207 usable responses out of 300 questionnaires sent were considered representative for the analysis. Table 3 presents the demographic information of the respondents. As can be seen, the majority of respondents were male (63.28%), which is common for top positions in the textile industry. Only 9.17% had less than 10 years of professional experience in management positions in the apparel industry. Additionally, more than 63% of respondents had a master’s degree or a Ph.D.




4.2. Measurement Model Assessment


Different assessment criteria were used to evaluate the measurement model. Reliability was assessed at the construct and item levels. At the construct level, we examined the Cronbach’s alpha and composite reliability values and established that their values were above the threshold of 0.70. Table 4 indicates that the Cronbach’s alpha (which ranged from 0.729 to 0.758) and composite reliability scores (which ranged from 0.718 to 0.838) were well above the commonly accepted cut-off value of 0.70 [39], which provided sufficient evidence of reliability.



Table 4 also shows that average variance extracted (AVE) values (which ranged from 0.512 to 0.577) exceeded the recommended cut-off value of 0.50 [72]. Thus, these results supported the convergent validity of the theoretical constructs in the model. As shown in Table 5, the square root of the AVE of each theoretical construct was greater than the inter-construct correlations, thus confirming the discriminant validity [72]. Therefore, the measurement model reflected the sound construct reliability and validity necessary for testing the structural model.



Finally, the CR should be more significant than the AVE (CR > AVE). In this case, the convergent validity condition existed. As shown in Table 4, all three conditions were confirmed, and we thus concluded that the questionnaire had convergent validity.




4.3. Structural Model Assessment


The structural model from the PLS analysis is summarized in Figure 6 and Table 4, in which the explained coefficient of determination (R2), Student’s t-test statistics, and the standardized path coefficients are presented after successful confirmation of the reliability and validity of the measurement model. The findings showed a standardized path coefficient of 0.60 from DAC to SCR, 0.544 from DAC to OF, 0.502 from DAC to CA, 0.515 from OF to CA, and 0.223 from SCR to CA. All these coefficients except that for SCR to CA were significant.



In addition, using the coefficient of determination, the study also estimated the overall variance explained by the model. The coefficient of determination index indicates the effect of an independent variable on a dependent variable. The R2 values for the latent constructs were calculated, and the supply chain resilience was 0.371, the flexibility in the supply chain was 0.318, and the competitive advantage was 0.373.



Following that, the predictive relevance (Q2) value estimate procedure was used to determine the predictive relevance of the inner model. If this indicator is positive, it is desirable [38]. The value of Q2 for the supply chain resilience was 0.270; for flexibility in the supply chain, it was 0.277; and for competitive advantage, it was 0.269, which was positive and at the desired level. Accordingly, the model’s predictive power was desired in the case of variables (Table 5). Table 5 also shows that the correlations for each construct were below the unity threshold level, which justified the discriminant validity of the research constructs.



In the least-squares method, prior to testing the hypotheses, it is necessary to examine the fitting of the measurement models, the structural model, and the overall model of the research [74]. We tested the goodness of fit (GOF) using the index introduced by Tennen House et al., as given in Equation (1) [70]:


  GOF =    communality ¯  ×    R 2   ¯       



(1)







The value of this indicator is between zero and one. The higher the value of this indicator, the greater the fitness. According to the GOF criteria, the fit index of the sample model was 0.434, which was of great size. Therefore, based on these findings, we concluded that the model examined in the sample had a suitable fitting.


  GOF =    communality ¯  ×    R 2   ¯    =   0.534 × 0.354   = 0.434  












4.4. Hypotheses Testing


In this section, a summary of the tests of the present research hypotheses are given in detail while considering the results provided in Table 4, Table 5, Table 6 and Figure 7.



The first outcome was that data analytics capability (DAC) positively affected CA (H1). The significance statistic between the DAC and the organization’s CA was 3.531, which was greater than the value of 1.96. This result indicated that the influence of the analysis of data on the organization’s CA was significant at the confidence level (95%). Moreover, the path coefficient (β) between the two variables was 0.502, and the positive effect of data analysis indicated the organization’s CA. This study supported previous researchers [14,31,36,37,38,39] who stated that DAC impacted CA in companies. This meant that the ability to analyze the data had a positive and significant effect on an organization’s CA.



Data analytics capability also positively affected SCR (H2). The significance statistic between the DAC and the SCR was 18.051, which was greater than the value of 1.96. This result showed that the influence of the analysis of data on the resilience of an organization was significant at the confidence level (95%). The path coefficient (β) between the two variables was 0.609, and the positive effect of data analysis indicated an organization’s resilience. Previous studies [13,39] also found that DAC positively affected SCR. This meant that the ability to analyze the data had a positive and significant effect on SCR.



The result of the third hypothesis test (H3) demonstrated that data analytics capability had a positive effect on OF. The significance statistic between the DAC and the supply chain flexibility was 4.736, which was greater than the value of 1.96. This indicated that the influence of the analysis of data on the organizational flexibility was significant at the confidence level (95%). The path coefficient (β) between the two variables was 0.544. This meant that the ability to analyze the data had a positive and significant effect on the supply chain’s flexibility, as shown in previous studies [13,39].



As evident in Table 6, the SCR did not have a direct and statistically significant relationship with the CA at the confidence level of 95% (t-value = 0.12). The path coefficient (β) between the two variables was 0.223. In other words, changing a unit in the SCR would increase the organization’s CA by 0.223. This showed the positive but poor (not significant) effect of a supply chain’s resilience on an organization’s CA.



Table 6 also shows significant positive effects of OF on CA (H5) at the confidence level of 95% (T-value = 3.116). The path coefficient (β) between the two variables was 0.515, indicating the positive effects of OF on the CA. This study supported previous researchers [39,55,56] who stated that OF affected CA in companies.



Mediation analysis of the last two hypotheses showed that data analytics capability positively affected CA, which was mediated by a positive effect on SCR (H6), as accepted in [39]. The result indicated that the path coefficient for the direct impact of data analysis on the organization’s CA was 0.502. However, the moderator effect verified that the total impact was equal to 0.637 (because it was greater than 0.5). The VAF index was also calculated (0.211). According to the VAF coefficient, the organization’s CA through SCR explained 21% of the total effect of data analysis.



In addition, data analytics capability had a positive impact on CA and was mediated by a positive effect on OF (H7). This study supported previous researchers [39]. The path coefficient for the direct effect of data analysis on the organization’s CA was 0.502. The total effect was equal to 0.782. The VAF index was also calculated and was 0.35. According to the VAF coefficient, 35% of the full effect of data analysis was explained by the organization’s CA through supply chain flexibility.





5. Conclusions and Discussion


5.1. Theoretical Implications


Competitive advantage is an attribute that enables a company to outperform its competitors. This allows a company to achieve superior margins compared to its competitors and creates value for the company and its shareholders. In addition, CA must be difficult to duplicate. The aim of this study was to investigate the effects of data analytics capability on the CA in the Iranian textile industry concerning the mediating role of SCR and organization flexibility. The primary research gap that the study aimed to fill was the insufficient conceptualization and unavailability of a comprehensive measure of SCR, data analytics capability, and organizational flexibility. These developments were based on a strong theoretical underpinning. Furthermore, as was evident in the related literature, little attention has been paid to analyzing the mediation effect of SCR and OF toward CA in the textile industry.



Our study extended the literature on SCR comprehensively. It investigated the mediation effects of SCR and OF on the relationship between data analytics capability and CA. Although some scholars (e.g., [53]) investigated the relationship between data analytics capability and CA, there was a lack of studies on the direct and intermediate effects of SCR and OF as two vital new features in the manufacturing industry.




5.2. Managerial Implications


The results of this study proved that data analytics capability, organizational flexibility, and supply chain resilience significantly affect the performance and competitive advantages of companies in the textile industry. Accordingly, companies in the textile industry should be able to apply new data analysis methods, increase their flexibility, and increase SCR. To this end, we recommend that top managers to use new Enterprise Resource and Demand Planning packages to improve organizational flexibility and supply chain resilience simultaneously. We also suggest that companies develop their innovation capabilities to survive and facilitate growth. Developing a resilient supply chain can also develop other skills to mitigate supply chain risks and improve business performance.



In addition, manufacturing managers should monitor their firms’ supply chain environments and take steps toward flexibility and adaptability to better identify threats and make changes accordingly. Previous studies provided similar suggestions. For instance, Kamalahmadi and Parast recommended that managers who are directly involved in the supply chain and daily operations have an adequate understanding of the business and its changing patterns to adapt and create a resilient environment in the organization [75].



Based on the results, we recommend that responsible managers improve their companies’ flexible capabilities and capacity reserves by considering internal and external risk factors to which they are exposed within their supply chains; e.g., price hikes in raw materials, political upheavals, regulations, etc. Furthermore, additional resources can be allocated to integrate operational management functions and excellent responsiveness.



Employees, groups, suppliers, competitors, and customers play crucial roles in resilience and flexibility, among other factors. Therefore, the relevant managers are advised to pay special attention to them. They should build closer vertical relationships with key customers, internal channels across processes, and suppliers. Additionally, horizontal collaboration with competitors and non-competitors, which are essential to identifying their strengths, weaknesses, and opportunities, can improve organizational resilience and flexibility.




5.3. Limitations and Future Research


Despite the contributions of the present study, this work had some limitations that future research should address. The Iranian textile industry was considered the scope of this research, and companies that manufacture sleep products were considered the research community. Similar to many other studies, this work used perceptual data. However, the use of auditing techniques can indicate bias and ensure that the actual data is consistent with respondents’ perceptions. We tackled this issue by instructing respondents to consult other experts within their organizations that might be better equipped to answer specific questions. Although this study relied on qualified respondents, sampling multiple respondents within a single firm would be useful to check inter-rater validity and improve internal validity.



Additionally, future research may attempt to validate and use the same conceptual model using a large sample in an expanded population of firms beyond the sleeping-goods sector. Moreover, although this study investigated the effects of three important variables on CA, it is important that future research discuss the direct and mediating effect of other key factors such as agility on CA. Finally, the present study had some limitations, particularly in relation to the population and the variables involved. We suggest that further studies on the current topic involve variables such as management of supply chain risks and customer relationships to cover more stakeholders and functions involved in the supply chain network.
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Appendix A. Survey Questionnaire


Please indicate the extent of your agreement or disagreement. (From 1 “very low” to 5 “very high”).



Supply Chain Resilience



	
SCR1: Our organization can easily recover the flow of material.



	
SCR2: It is quick to retrieve the normal functioning of our organization.



	
SCR3: The supply chain quickly returns to its original state.



	
SCR4: Our organization can quickly cope with the disorders.






Organizational Flexibility



	
OF1: We can quickly change organizational structure to respond to supply chain disorders.



	
OF2: Our organization can respond efficiently to supply chain disorders.



	
OF3: Our organization is more flexible than our competitors in changing organizational structure are.






Competitive Advantage



	
CA1: Our customers are satisfied with our product quality.



	
CA2: We offer our customers the value.



	
CA3: We hand over what our customers want at the right time.



	
CA4: Growth of our market share is significant compared to our customers.



	
CA5: We are capable of attracting new customers.



	
CA6: We have reached our financial goals.






Data Analytics Capability



	
DAC1: We use advanced tools and analytical techniques (for example, simulation, optimization, regression) to make decisions.



	
DAC2: Use the extracted data from different data sources to decide.



	
DAC3: We use the data visualization technique (for example, dashboard) to assist users or decision-makers in understanding complex information.



	
DAC4: Our system shows the information that is useful to accomplish recognition.



	
DAC5: We have connected applications or data with the manager’s communication devices.
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Figure 1. Flow chart of research. 
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Figure 2. The published studies about the Competitive Advantage from 1998 to 2021. 
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Figure 3. The published studies in the field of data analytics capability from 1998 to 2021. 






Figure 3. The published studies in the field of data analytics capability from 1998 to 2021.



[image: Sustainability 14 10444 g003]







[image: Sustainability 14 10444 g004 550] 





Figure 4. The published studies in the field of supply chain resilience from 1998 to 2021. 
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Figure 5. The research model. 
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Figure 6. Structural model. 
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Figure 7. Student’s t-tests showed a significant correlation between the hypotheses. 
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Table 1. Summary of research history.
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	Ref.
	Independent Variable(s)
	Dependent Variable(s)
	Mediator Variable(s)
	Analysis Method
	Software
	Case Study





	[39]
	Big data analysis
	Integrated hospital supply chains,

operational flexibility
	----
	Structural equation modeling
	
	Chinese hospitals



	[38]
	Big data analysis
	Competitive advantage
	Special knowledge of the company
	Descriptive method
	
	----



	[55]
	Internal integration,

supply chain participation,

supply chain agility,

supply chain flexibility
	Sustainable advantage
	----
	Structural equation modeling
	SmartPLS version 3.3
	Manufacturing

companies



	[37]
	Big data analytics capability
	Competitive performance
	Dynamic and operational

capabilities
	Structural equation modeling
	SmartPLS

version 3
	Norwegian companies



	[31]
	Data analytics capability
	Competitive advantages
	----
	Structural equation modeling
	SmartPLS

version 3.0
	Service organizations



	[13]
	Data analytics capability
	Competitive advantage
	Organizational flexibility,

supply chain resilience
	Structural equation modeling
	SmartPLS

Wrap PLS 5.0
	Manufacturing

organizations in India



	[36]
	Business analysis capability
	Organizational value, competitive advantage
	----
	Structural equation modeling
	
	Working section



	[53]
	Impact of supply chain

resilience
	Firm performance, competitive advantage
	----
	Structural equation modeling
	SmartPLS

version 3.0
	Sri Lankan garment

Industry



	[18]
	Big data analysis
	Competitive advantages
	Flexibility
	Structural equation modeling
	AMOS

version 24
	Manufacturing

organizations in India



	[56]
	Shared capability
	Supply chain flexibility,

competitive performance
	----
	Structural equation modeling
	AMOS
	U.S. manufacturers



	This study
	Data analytics capability
	Competitive advantage
	Organizational flexibility,

supply chain resilience
	Structural equation modeling
	SmartPLS

version 2.0
	Textile industry
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Table 2. Descriptions of the items used for measures.
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Construct

	
Reference

	
Item

	
Description






	
SCR

	
[65]

	
SCR1

	
Quick recovery of the material flow




	
SCR2

	
Quick recovery of the organization’s normal functioning




	
SCR3

	
Fast return to the primary mode of supply chain




	
SCR4

	
Fast coping with disorders




	
OF

	
[66,67]

	
OF1

	
Changing organizational structure quickly to respond to disorders




	
OF2

	
An effective response to supply chain disorders




	
OF3

	
Flexibility in organizational structure changes




	
CA

	
[68,69]

	
CA1

	
Customer satisfaction with product quality




	
CA2

	
The value-to-client presentation




	
CA3

	
Deliver the client’s demand at the right time




	
CA4

	
Market share growth compared to customers




	
CA5

	
Ability to attract new customers




	
CA6

	
Achieving financial goals




	
DAC

	
[31,32]

	
DAC1

	
Use advanced tools and analytical techniques for decision making




	
DAC2

	
Make decisions based on data extracted from different sources




	
DAC3

	
Use the data visualization technique to assist users or decision makers in understanding complex information




	
DAC4

	
Useful information to carry out the required recognition




	
DAC5

	
Connecting applications or data with the manager’s communication devices
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Table 3. Profiles of the respondents from the organizations.
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Respondent’s Profile

	
Study Sample (n = 207)




	
Frequency

	
Percentage






	
Gender

	

	

	




	

	
Male

	
131

	
63.28




	

	
Female

	
76

	
36.71




	
Age

	

	

	




	

	
Below 30 years

	
42

	
20.28




	

	
31–40 years

	
71

	
34.29




	

	
41–50 years

	
32

	
15.45




	

	
Above 50 years

	
62

	
29.95




	
Level of education

	

	

	




	

	
Bachelor’s degree

	
76

	
36.71




	

	
Master’s degree

	
122

	
58.93




	

	
Ph.D.

	
9

	
4.34




	
Industrial working experience

	

	

	




	

	
Below 10 years

	
19

	
9.17




	

	
11–20 years

	
85

	
41.06




	

	
21–30 years

	
68

	
32.85




	

	
Above 30 years

	
35

	
16.90




	
Job title

	

	

	




	

	
CEO, GM, DM

	
15

	
7.24




	

	
Planning manager

	
15

	
7.24




	

	
Logistic manager

	
10

	
4.83




	

	
Merchandising manager

	
22

	
10.62




	

	
Expert

	
145

	
70.4
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Table 4. Student’s t-test, AVE, composite reliability, Cronbach’s α, Q2, and R2.
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Item

	
Path Coefficient

	
Student’s t-Test

	
Average Variance Extracted (AVE)

	
Composite Reliability (CR)

	
Cronbach’s (α)

	
Predictive

Relevance    (   Q  2  )   

	
Coefficient of Determination    (   R  2  )   






	
SCR

	
SCR1

SCR2

SCR3

SCR4

	
0.677

0.585

0.801

0.682

	
6.109

2.565

17.638

10.323

	
0.512

	
0.718

	
0.757

	
0.270

	
0.371




	
OF

	
OF1

OF2

OF3

	
0.683

0.786

0.804

	
8.680

13.353

14.780

	
0.577

	
0.803

	
0.747

	
0.277

	
0.318




	
CA

	
CA1

CA2

CA3

CA4

CA5

CA6

	
0.618

0.591

0.791

0.773

0.671

0.552

	
8.723

7.746

15.719

21.123

11.687

4.701

	
0.535

	
0.817

	
0.729

	
0.212

	
0.370




	
DAC

	
DAC1

DAC2

DAC3

DAC4

DAC5

	
0.674

0.859

0.750

0.691

0.579

	
12.913

31.997

15.604

12.841

10.079

	
0.514

	
0.838

	
0.758

	
0.269

	
----
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Table 5. Correlations among major constructs.
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	OF
	SCR
	CA
	DAC





	OF
	0.577
	
	
	



	SCR
	0.542
	0.512
	
	



	CA
	0.537
	0.483
	0.535
	



	DAC
	0.419
	0.497
	0.447
	0.514
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Table 6. The results of the test of the hypotheses.
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Hypothesis

	
Path Coefficient (β)

	
t-Value

	
Result






	
H1

	
0.502

	
3.351

	
Accepted




	
H2

	
0.609

	
18.051

	
Accepted




	
H3

	
0.544

	
4.736

	
Accepted




	
H4

	
0.223

	
0.120

	
Not accepted




	
H5

	
0.515

	
3.116

	
Accepted




	
Mediator Hypothesis

	
Direct

	
Indirect

	
Total

	
VAF

	
Result




	
H6

	
0.502

	
0.223 × 0.609 = 0.135

	
0.637

	
0.211

	
Accepted




	
H7

	
0.502

	
0.515 × 0.544 = 0.280

	
0.782

	
0.35

	
Accepted
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