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ABSTRACT
Recent advancements in big data analytics have invoked tremendous attention from both academics and industries. Many researchers refer that the adoption of big data analytics could lead to performance impact to organizations. However, few research study the association between business strategy and big data analytics adoption. Furthermore, the role of firms’ functional activities, such as supply chain operations, has not been clarified in the adoption considerations of big data analytics. In this research, empirical data from enterprises were collected and analyzed to assess the linkage between business strategy and big data analytics adoption, and the possible effect of supply chain competence in the linkage. The results supported our hypotheses, and the implications for management decisions are elaborated.
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1. INTRODUCTION
Big data is characterized by scholars and practitioners with three Vs: Volume, or the amount of data that either consume massive storage or entail of a large number of data records; Velocity, which is the frequency or the speed of data generation, data delivery, and data change; and Variety, to highlight the property that data are generated from a large variety of sources and formats, and contain multidimensional data fields including structured and unstructured data [1-3]. Big data analytics refers to the methods, algorithms, middleware, and systems to discover, retrieve, store, analyze, and present big data to generate the fourth V: Value for business.
The development of big data analytics responds to the world of fast accumulating data, such as social media data, electronic commerce data, geographical data, multimedia streaming data, and many others generated from personal and organizational applications [4, 5]. Other emerging technologies, such as cloud computing and the internet of things, also enhanced the need for big data analytics [6-8]. For example, with the rapid pace of development in cloud computing, data centers of both public clouds and private clouds are continuing to accumulate enormous volumes of data. Thus, big data analytics and its applications are becoming ever more noticed [3, 9].
While the influences of big data analytics on enterprise performance were explored in previous studies [2], the question of whether firms will adopt big data analytics remains unresolved. Factors influencing enterprise adoption intention of big data analytics have not been comprehensively investigated. 
Studies of organizational information processing theory [10, 11] have shown that the uncertainty that firms encounter when formulating and executing business strategy is an essential factor for firms’ adoption of innovative information technologies [12-14]. This result leads to the speculation that business strategy pursuit is associated with big data analytics adoption intention. However, studies of possible relationships between big data analytics adoption and firms’ business strategies are rare in the literature so far.
Moreover, a business strategy needs to be implemented and realized with functional activities such as human resource management, research and development, production, marketing, sales, customer services, and supply chain management [15]. Among these functional level activities, supply chain management is particularly noticeable as a possible factor for big data analytics adoption [16, 17]. Therefore, this research intends to investigate the linkage between business strategy and big data analytics adoption and the effect of supply chain competence in this linkage.
The paper begins with reviewing the relevant literature about the relationships between business strategy, supply chain competence, and big data analytics. Then it proposes a model which links these variables. Following that, the model is tested using a sample of large Taiwanese companies with global operations. Finally, the findings are presented along with the managerial implications of the study, its limitations, and our recommendations for future work. An earlier version of this paper has been presented at the 20th International Conference on Electronic Business.
2. LITERATURE AND HYPOTHESES
2.1 Information Processing Theory and Big Data Analytics
Studies of organizational information processing theory [10, 11] have revealed that the uncertainty that firms confront when pursuing and developing business strategy is an essential factor for firms’ adoption of innovative information technologies [12-14]. Information processing theory views firms as information processing systems dealing with uncertainty in business decisions. Nowadays, organizations face more significant challenges in decision making than before, as the information to be processed is overgrowing in volume, velocity, and variety. This challenge motivated the study and utilization of big data analytics [18-20].
Big data analytics is used to store, convert, transmit and analyze large quantities of dynamic, diversified business data which may be structured or unstructured [21, 22]. Big Data processing requires tools and techniques that leverage the combination of various IT resources: processor, memory, storage, network, and end-user devices. Analytical tools are developed to process the large amounts of unstructured and heterogeneous data collected continuously in various formats such as text, picture, audio, video, log file, and others [23]. Current examples of such tools include the Hadoop Distributed File System (HDFS) [24], the parallel processing system MapReduce [25], the non-relational database system NoSQL [26], and others. These tools provide processing functionality for big data beyond the application scope of conventional data mining and business analytics [27].
2.2 Business Strategy and Supply Chain Competence
Porter’s framework for business strategies of competition is a widely accepted typology of business competition [28, 29]. Porter’s study in industrial economics suggested two fundamental types of generic business strategies for achieving above average rates of return: cost leadership and differentiation [28, 30]. Porter proposed that to succeed in business, a firm must pursue one of these generic business strategies. A firm’s strategic choice eventually determines its competitiveness and profitability [31]. Other scholars argued that the two types of business strategies are not mutually exclusive. Firms adopting a cost leadership strategy may seek to deliver distinctive products or services under the central theme of cost efficiency. Firms with a differentiation strategy could also attempt cost performance while achieving the uniqueness of products or services [32, 33].
The successful implementation of the business strategies relies on making the right decision on core functions of a firm, such as human resource management, production, marketing, research and development, sales, information systems, and supply chain management. These functions form a value chain, and all have a role in lowering the cost structure and increasing the value of products through differentiation [30]. A firm’s ability to acquire superior functional efficiency, including supply chain competence, will determine if its product is differentiated from its competitors and if it has a low-cost structure simultaneously. Firms that increase the utility consumers get from their offerings through differentiation, while at the same time lowering their cost structure, can create more value than their rivals and will acquire a competitive advantage, superior profitability, and profit growth [32, 34].
A cost leadership strategy is pursued through low-cost operations in each segment of supply chain activities, including production scheduling, demand management, sourcing and procurement, inventory management, distribution, and delivery [35, 36]. Differentiation may eventuate in unique methods or channels of sourcing or delivery, innovative manufacturing processes, or inventory operations in a supply chain [37]. Thus, the following two hypotheses are proposed:
H1a. Cost leadership strategy is positively associated with supply chain competence.
H1b. Differentiation strategy is positively associated with supply chain competence.
2.3 Business Strategy and Big Data Analytics Adoption
A business strategy of a firm includes the competitive positioning, market segmentation, and industry environment [28]. To survive, grow and sustain, a firm needs to monitor its internal and external status. The formulation and execution of a business strategy rely on the collection, extraction, analysis, and interpretation of internal and external status data [1, 38]. 
From the information processing view [10], an organization is an imperfect decision-making system because of uncertainty. Therefore, a firm needs the support for decision-making when facing uncertainty. Uncertainty is associated with inadequate information related to decision-making. The information extracted from big data can mitigate uncertainty [11]. This information can be processed and analyzed by using big data analytics. Moreover, the business strategies of most organizations are frequently a combination of their intended strategies and emergent strategies [39]. Firm leaders need to analyze the process of emergence and make strategy adjustments when appropriate [40]. For this purpose, big data analytics could also serve as the tool to facilitate strategic decisions to be accurately aligned with competition changes [41, 42].
Big data analytics with the 3Vs (Volume + Velocity + Variety) provides a clear picture of product use, showing which features customers prefer or dislike by means of the big data collected from customer. An example is the effects of word of mouth generated by consumers [43, 44]. By analyzing and comparing more dimensions of usage patterns, firms can do much precise customer segmentation. Decision-makers can apply more profound knowledge to tailor special offers or after-sale service packages, create features for specific segments, and develop more sophisticated pricing strategies that better match price and value at the individual customer level [45]. These price and value analytics further forms the basis for decisions of differentiation and cost structure. 
For a firm pursuing a cost leadership strategy, cost analytics of all levels can facilitate a viable leading cost structure. For a firm pursuing a differentiation strategy, customer preference analytics helps differentiate the offerings at a competitive price [43].
In summary, we propose the following hypotheses:
H2a. Cost leadership strategy is positively associated with big data analytics adoption.
H2b. Differentiation strategy is positively associated with big data analytics adoption.
2.4 Supply Chain Competence and Big Data Analytics
Supply chain operations generate and utilize large-scale heterogeneous data with time-varying nature [46]. The timely and accurate flow of information is a necessity for successful supply chain operations [47]. The evolution of big data analytics is expected to transform enterprises’ managerial paradigm, including supply chain management [17]. Previous studies suggest that IT advancement and IT alignment can facilitate the development of supply chain competence [48-51]. These results lead to the further investigation of the association between supply chain competence and big data analytics [17, 52]. The association between supply chain competence and big data analytics adoption has become a crucial topic to both academics and practitioners [16]. For enterprises, big data analytics adoption may facilitate and enhance information processing and exchange. Big data analytics can undertake real-time and complex analytics of vast amounts of operational data to help enterprises perform decision-making within a critical timeframe [53]. The 3Vs capability of big data analytics can respond to the requirement of supply chain operations [1, 17]. Therefore, big data analytics adoption in a firm is expected to produce significant results for supply chain competence enhancement. 
The competence of supply chain operations mainly centers around time efficiency, cost efficiency, and flexibility [54, 55]. The time efficiency in the supply chain includes reducing lead time, response time, and delivery time. The cost efficiency in the supply chain comprises lowering the costs of materials, inventory, distribution and transportation, and information exchange among various sites. The flexibility of the supply chain is enhanced by instant adjustment to changes of customer requirements, supplier and distributor conditions, and contingent events such as natural disasters [54, 55].
The 3Vs capability of big data is desired for efficient supply chain operations. The efficiency in supply chain operations is supported by the prompt interchange of status data among parties participating in the supply chain. As the supply chain competence keeps enhancing, data volume may grow from more detailed information regarding price, quantity, items sold, time of day, date, customer data, and inventory at more locations and a more dispersed level. Data velocity also increases because of the frequent updates of sales orders, inventory status, and transportation time. Data variety is amplified since the attributes of products, channels of procurement, and methods of delivery become more versatile [56]. The 3Vs of big data are further magnified by other emerging technologies such as cloud computing, RFID, and the Internet of Things adopted for supply chain competence [57-59]. Thus to pursue supply chain competence, firms will intend to use big data analytics.
Therefore, the hypothesis of this research suggests that:
H3. Supply chain competence is positively associated with big data analytics adoption.
2.5 Research Model
Based on the hypotheses proposed above, the research model is illustrated in Figure 1.
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Figure 1. Research model
3. RESEARCH METHOD
3.1 Survey Instrument
The survey instrument was developed using questions derived from the literature on Porter’s competitive strategies, the supply chain competence framework, and big data analytics utilization discussed previously. We operationalized the study variables by using multi-item reflective measures on a 7-point scale [60].
The construct of cost leadership strategy pursuit was measured using four items that reflect the extent to which a firm pursues a cost-oriented strategy. First, cost leadership refers to higher margins than those of competitors by achieving lower operation costs. Firms with a cost leadership strategy often have highly stable product lines and a strong emphasis on profit and budget controls [31]. Second, pursuing cost leadership is often reflected in price competitiveness [61, 62]. The third item was the economic scale. A firm can gain a cost advantage through economies of scale or superior manufacturing processes [28, 30]. Finally, larger firms with greater access to resources are more likely to take advantage of cost leadership strategy through lower-cost products. In contrast, smaller firms are often forced to compete using highly differentiated products and services in a niche market [63].
The differentiation strategy pursuit construct was measured using four items that reflect the extent to which a firm pursues a differentiation strategy. Differentiation entails being unique or distinct from competitors, for example, by providing superior information, prices, distribution channels, and prestige to the customer [28]. Differentiation prevents a business from competitive rivalry, insulating it from competitive forces that reduce margins [64]. Extending Porter’s competitive strategy discussions, Miller [31] distinguished differentiation based on innovation from marketing. These propositions provide two items in the construct. Moreover, differentiation strategies based on innovation may create a dynamic environment for a distinct business model that is difficult for competitors to predict and react. This item may provide the innovator a substantial advantage over its competitors [31, 62]. 
The construct of supply chain competence was measured using six items. Respondents rated their intensity of pursuing supply chain competence over the time frame of the past few years. Beamon [54] proposed a framework for measuring supply chain competence. The framework included measuring resources, output, and flexibility as the strategic goals of supply chain operations. The key measuring variables included cost, activity time, customer responsiveness, and flexibility. These variables are direct and observable measures of supply chain competence. Firms achieve supply chain competence by lowering operational costs, reducing inventory, promoting flexibility, ensuring on-time deliveries, and minimizing critical resources shortages. These items therefore provide the measures of supply chain competence [46, 55].
The big data analytics adoption construct served as the dependent variable and was measured using three items by the subjects’ responses to whether they would adopt big data analytics for their respective firm within one year. To facilitate this measurement, we followed the guidelines established by Ajzen [65] and adapted items employed by Venkatesh and Bala [66]. These items measure user intention in the context of the technology acceptance model [67].
All items for this study were assessed with a 7-point Likert scale ranging from “strongly disagree” to “strongly agree.” Moreover, we use firm size, IT department size, and industry sector as control variables, as these factors have been noted in previous studies to affect intention to adopt information technologies [68, 69]. Table 1 presents the items used to measure each of the independent and dependent construct variables.


Table 1. Constructs and items used in the survey
	Construct and item description (1 – strongly disagree; 7 – strongly agree)
	

	CLS: Cost leadership strategy

	CLS1: We provide low-cost products or services based on operational efficiency.
	

	CLS2: We deliver products or services at lower prices than competitors.
	

	CLS3: We provide products or services with an economy of scale.
	

	CLS4: We develop our products or services at a lower cost than our competitors.
	

	DFS: Differentiation strategy

	DFS1: We deliver products or services with a distinctive business model.
	

	DFS2: We differentiate our products or services based on innovation.
	

	DFS3: We deliver products or services with superior functionality to our competitors.
	

	DFS4: We differentiate our products or services based on effective marketing.
	

	SCC: Supply chain competence

	SCC1: We deliver products or services on time.
	

	SCC2: Reducing lead time is crucial to us in our supply chain operations.
	

	SCC3: We respond promptly to changes in customer requirements.
	

	SCC4: Lack of critical resources is effectively avoided in our supply chain operations.
	

	SCC5: Inventory and logistics flexibility is above average in our supply chain operations.
	

	SCC6: Reducing the cost of our supply chain operations is vital to us.
	

	BDA: Big data analytics adoption
	

	BDA1: If we can adopt any big data analytics for our company, we will do so.
	

	BDA2: If we have access to any big data analytics, we will use it.
	

	BDA3: My company is using or plans to use big data analytics within one year.
	

	Control Variables (rescaled)
	

	Firm Size: Total number of employees.
	

	IT Size: Total number of IT staff.
	

	Industry: Industry sectors of firms. 1 for service firms and 0 for manufacturing firms.
	


3.2 Sample and Data Collection
Empirical data for testing the hypothesized relationships were obtained by surveying large Taiwanese companies. A questionnaire developed following Table 2 was implemented as the survey instrument. It was pretested iteratively among a sample of 15 executives and managers. The questionnaire items were revised based on the results of the expert interviews and refined through pretesting to establish content validity. The pretesting focused on instrument clarity, wording, and validity. During the pretesting, participants were invited to comment on the questionnaire. The comments of these respondents then provided a basis for revisions to the construct measures.
A Taiwanese market research organization publishes comprehensive data of the 1,000 largest corporations in Taiwan with international operations. Most of these companies are publicly listed corporations with global transactions. After the pretesting and revision, survey invitations and the questionnaires were mailed to these 1,000 companies.  Follow-up letters were sent approximately 15 days after the initial mailing. Data were collected through responses from executives and managers of the companies. Data collection was completed in two months. 
In total, 209 valid questionnaires were obtained, with a valid response rate of 20.9%. We compared respondent and non-respondent firms in terms of industry, size (number of employees), and revenue. These comparisons did not show any significant differences, suggesting no response bias. Table 2 shows the profile of the final sample list.




Table 2. Profile of the final sampling firms
	
	Sample size
	Percentage

	Industry
	
	

	Manufacturing
	108
	51.7

	Services
	101
	48.3

	Total

	209
	100.0

	
	Sample size
	Percentage

	Under 100
	48
	23.0

	100-199
	49
	23.4

	200-499
	66
	31.6

	500 and above
	46
	22.0

	Total
	209
	100.0

	IT department size
	
	

	Under 5
	71
	30.0

	5-19
	84
	40.2

	20 and above
	54
	25.8

	Total
	209
	100.0


4. RESULTS
The collected data were compiled and analyzed using the SPSS software package. Partial least square structural equation modeling (PLS-SEM) was performed using the SmartPLS package for hypothesis testing [70]. 
4.1 Reliability and Validity
Table 3 summarizes the descriptive statistics and results of the reliability and validity tests. The reliability of the instrument was examined using composite reliability estimates by employing Cronbach’s α. All the coefficients exceeded Nunnally’s recommended level (0.70) of internal consistency [71]. Moreover, factor analysis was performed to confirm the construct validity. The results supported the constructs of our research model. The discriminant validity was confirmed since items for each construct loaded on to single factors with all loadings greater than 0.8. These results demonstrate that each construct in our hypothesized model is unidimensional and factorially distinct.
Table 3. Descriptive statistics with reliability and validity
	Construct
	Item
	Mean
	SD
	Cronbach’s
alpha
	Cronbach’s alpha
if item deleted
	Factor loading
on single factor

	CLS
	CLS1
	3.732
	1.518
	0.868
	0.816
	0.851 

	
	CLS2
	3.598
	1.445
	
	0.844
	0.842 

	
	CLS3
	3.900
	1.402
	
	0.862
	0.817 

	
	CLS4
	3.804
	1.346
	
	0.801
	0.875 

	DFS
	DFS1
	4.574
	1.371
	0.873
	0.843
	0.836 

	
	DFS2
	4.416
	1.342
	
	0.860
	0.818 

	
	DFS3
	4.335
	1.585
	
	0.831
	0.858 

	
	DFS4
	4.225
	1.462
	
	0.811
	0.893 

	SCC
	SCP1
	4.517
	1.445
	0.911
	0.898
	0.819 

	
	SCP2
	4.789
	1.321
	
	0.902
	0.797 

	
	SCP3
	4.632
	1.324
	
	0.889
	0.867 

	
	SCP4
	4.579
	1.328
	
	0.892
	0.849 

	
	SCP5
	4.445
	1.457
	
	0.898
	0.828 

	
	SCP6
	4.550
	1.400
	
	0.894
	0.842 

	BDA
	BDA1
	3.766
	1.450
	0.734
	0.675
	0.801 

	
	BDA2
	4.455
	1.337
	
	0.585
	0.859 

	
	BDA3
	4.421
	1.521
	
	0.686
	0.767 


Table 4 summarizes the correlations among different factors. We also assessed discriminant validity based on the construct correlation that Campbell and Fiske [72] proposed. The diagonal values are the square root of AVE (average variance extracted), which should exceed the inter-construct correlations for adequate discriminant validity. The tests indicated acceptable results concerning discriminant validity.
Table 4. Construct correlation
	Construct
	1
	2
	3
	4
	5
	6
	7

	1. CLS
	0.846 
	
	       
	       
	        
	       
	       

	2. DFS
	0.616 
	0.852 
	
	       
	        
	       
	       

	3. SCC
	0.619 
	0.671 
	0.834 
	
	
	
	       

	4. BDA
	0.781 
	0.712 
	0.724 
	0.810 
	        
	       
	       

	5. Industry
	-0.124 
	-0.099 
	-0.099 
	-0.076 
	1.000 
	
	       

	6. Firm Size
	0.028 
	0.002 
	-0.013 
	0.111 
	-0.028 
	1.000 
	

	7. IT Size
	-0.011 
	-0.020 
	-0.021 
	0.037 
	-0.246 
	0.302 
	1.000 


4.2 Tests of Hypotheses
Table 5 lists the quality indicators of the PLS model. The AVE (average variance extracted) values of the four variables are all above 0.50, indicating the acceptable explanation powers of the four latent variables towards their measuring items [73]. The composite reliability values are all above 0.7. The values of R2 of the two endogenous latent variables show medium predictability. The VIF (variance inflation factor) values of CLS and DFS are both less than 5.0, indicating low collinearity between the two variables [73].
The computation results of the PLS model using the partial least square algorithm is shown in Figure 2. 
Table 5. Quality indicators of the PLS model
	Variable
	AVE
	Composite Reliability
	R Square
	VIF

	CLS
	0.717 
	0.910 
	        
	1.610 

	DFS
	0.725 
	0.913 
	        
	1.610 

	SCC
	0.695 
	0.932 
	0.518 
	

	BDA
	0.656 
	0.851 
	0.745 
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Figure 2. PLS-SEM computation result
Table 6 shows the significance test results of the path coefficients in the PLS model using bootstrapping. All of the path coefficients in the PLS model are tested as significant.
Table 6 Significance tests of path coefficients
	Path
	Path coefficient
	t value
	p value

	CLS  SCC
	0.331 
	5.351 
	0.000***

	DFS  SCC
	0.467 
	6.778 
	0.000***

	CLS  BDA
	0.458 
	9.228 
	0.000***

	DFS  BDA
	0.247 
	3.823 
	0.000***

	SCC  BDA
	0.281 
	3.643 
	0.000***


*p < 0.05, **p < 0.01, ***p < 0.001
The causal effects of paths in Figure 1 are summarized in Table 7.
Table 7. Causal effects of paths in the hypothesized model
	Hypothesis
	Path
	Test results

	H1a
	CLS  SCC
	Direct effect supported

	H1b
	DFS  SCC
	Direct effect supported

	H2a
	CLS  BDA
	Direct effect supported

	H2b
	DFS  BDA
	Direct effect supported

	H3
	SCC  BDA
	Direct effect supported


5. DISCUSSION AND CONCLUSIONS
5.1 Research Implications
This study investigated the impact of a firm’s business strategy on big data analytics adoption and the role of supply chain competence. Supporting the research hypotheses, the first critical insight we obtained from our empirical results is that the link between a firm’s business strategy and its big data analytics adoption was significant. This result is observed for both cost leadership strategy and differentiation strategy. This result provides a valuable reference for firms making strategic decisions in adopting innovative information technologies.
Our findings also provide evidence that for both cost leadership strategy and differentiation strategy, there is a positive relationship between the business strategy and supply chain competence. This result provides the empirical evidence on the relationship between business strategies and functional competences [74-76]. A managerial interpretation is that a firm’s business strategy pursuit leads its functional-level operations with an extensive competence objective, clear motivation, and planned strategic goal [77, 78]. This goal could be cost oriented or differentiation oriented, or a combination of the two [32, 33, 79]. To reach this goal, functional-level operations will pursue competence through adopting decision-support tools such as big data analytics. 
The third observation is that the direct effect of supply chain competence on big data analytics adoption intention was positive and significant. This result suggests that supply chain competence also has a direct impact on big data adoption. From the information processing view [10, 11], this finding indicates that the perceived complexity and uncertainty for supply chain operations are significant for firms [17]. The information requirement involved may impel firms for big data analytics adoption. A managerial implication here is that a supply chain operation unit of a firm is good at understanding the outside environment because of its collaboration with the other organizations participating in the supply chain. Therefore, a supply chain operation unit is vital for a firm to make its strategic decisions fit with its surroundings, including technology adoption decisions. The supply chain competence is thus a significant factor for big data analytics adoption.
In conclusion, innovative information technologies are essential to the success of business strategies and operational competences. However, past studies have not provided sufficient analysis of the interrelationships among them. Moreover, big data analytics has emerged in recent years and its adoption decision factors remain unclear. Through the analysis performed, this study has made contributions in the following perspectives: (1) linking competitive strategy theory, core competence theory, and organizational information processing theory with big data analytics adoption; (2) defining the measurable variables for the linked abstract constructs; (3) investigating the interrelationship among business strategies, supply chain competence, and big data analytics; (4) demonstrating information processing view for strategic uncertainties as an effective thinking in supporting the exploration of the cause and effect relationship in a technology adoption decision problem; (5) interpreting the empirical results based on the theories and providing insightful implications accordingly.
5.2 Study Limitations and Further Research
This study reported meaningful implications regarding the development of multidimensional measures of factors that influence big data analytics adoption. However, it should be realized that the validity of an instrument cannot be firmly established based on a single study. In this study, empirical data used for tests were collected from large firms based in Taiwan with worldwide operations. Therefore, practitioners and researchers are suggested to interpret our findings as a reference model and be cautious when generalizing our measures to other emerging technologies or industry circumstances.
Further research efforts which focus on collecting more empirical evidence for assessing and validating firm data are recommended to overcome the limitations of the present study. Such research is suggested to address how other emerging technologies are related to business strategies and functional operations. For example, mobile big data has received inadequate attention from strategic considerations and technology adoption theories [7, 8, 80]. These efforts should involve studies identifying the factors which affect business operations, information processing, and strategy formation. The analysis of such data may enable conclusions to be drawn about more generalized relationships among business strategies, functional competences, and innovative technology adoption.
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