Achieving New Product Success through Analytics 

Abstract
Firms need to decipher capabilities of big data analytics (BDA) as a strategic, competitive tool which will enhance new product success (NPS).  This paper examines the role of big data analytics in tracking customer agility using the resource-based view as an underlying theoretical framework. The conceptualisation of big data analytics as a capability set that influences customer agility, increases the success of new products. Using data from top managers of North American industries, this work employs structural equation modelling (SEM) to investigate the interrelatedness of the BDA capability set of effective data aggregation tools, effective data analysis tools, effective data interpretation tools, and skills sets for analytical professionals. In particular, the paper examines the impact of these constructs and the way they enable firms to track customer agility and NPS. The study investigates the moderating role of environmental (market) turbulence on NPS and product innovation performance (PIP). The research findings show that the BDA capability set and market turbulences are the drivers of product innovation success. NPS is found to be a function of customer agility and product innovation performance, moderated by environmental turbulences. The managerial and theoretical implications of the study provide competitive tools to firms in realising new product success in the big data era.
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1.0 Introduction
Emerging technologies, such as the ability to collect and analyse big data, are revolutions in many economic activities (Dekimpe 2020; Wiersema, 2013; Milkalef et al. 2019; Rust 2020; Dremel et al., 2017; Hajli et al., 2020b).  Internet users' content, mainly social media users, surpassed 44 zettabytes (1 ZB= 10^21 bytes) in 2020 (Table 1). Billions of emails, pictures, web pages, streaming videos, stories, smart tags, and other objects are generated each day using various internet tools and techniques. The massive volume of data generated by people and machines lately constitutes ninety per cent (90%) of the world's data. Although not all data are useful, firms interrogate vast quantities of information to evaluate insights and real values through analysing the collective data for patterns. For example, online platforms, media semantics and web analytics are effective marketing tools to increase brand awareness, loyalty, engagement, sales, influencing customer satisfaction and conversation related to business-to-business (B2B) and business-to-customer (B2C) interactions (Farrokhi et al., 2020). One key area of big data analytics is customer behaviour analysis and big data can be deployed to understand customers and their behaviours and choices (Marr, 2017). Businesses seek to expand their conventional data sets with online data tools for detailed intelligence gathering of customers. In many cases, they aim to create predictive models. Such that business intelligence and analytics (BI&A), are increasingly viewed as vital in analysing big data for better insights and effective decision making (Chen et al., 2012). Big data mining provides the ability to extract insights from untapped information at the intersection of data mining, prescriptive analysis, text analysis, machine learning useful in decision making process in business (Shirazi & Mohammadi, 2019). 
Business process optimisation is also supported by big data analytics (BDA). For example, retailers can optimise stock based on predictions generated from social media data, web search trends, and weather forecasts. Supply chain and delivery route optimisation also relies on big data analytics. Here, geographic positioning and RFID sensors track goods or delivery vehicles and optimise routes by integrating live traffic data (Marr, 2017).

Organisations need to understand their network data. For large organisations, the important aspects of big data include volume (scale), velocity (streaming), variety (in organised, semi -organised and unorganised forms), veracity (inconsistency & uncertainty), and value (extracted useful data), also referred to as the 5Vs. Structured data are highly organised, easy to search and to analyse; they are presented in relational databases and are mainly located in firms’ network boundaries. Semi-structured data can form various data formats such as XML and tab-delimited files. However, the vast majority of data are generated in unstructured data formats, causing challenges for developing actual values (Table 1).


Table 1: Social media, Internet, and Big Data Overview

Scholars have previously examined the strategic role of BDA for organisations (e.g., Akhtar et al. 2019; Wang et al. 2019). Troilo et al. (2017) investigate big data influences in innovation processes in data-rich contexts (e.g. Uber, Netﬂix, Spotify, and Deliveroo) while Mikalef et al. (2019) examine probable conﬁgurations of contextual factors and resources that profited from investments in BDA. Many of these studies identified the growing significance of big data analytics in shaping businesses or processes and their interdisciplinary characteristics. Hajli et al (2020) identify big data analytics’ role in creating value for businesses and its role as a source of competitive advantage.

[bookmark: _Hlk48409352]The strategic importance of BDA in firms' competitiveness (i.e. marketing, operations, agility, new product success and product performance, etc.) is to the fore in many recent studies. Dremel et al. (2017) expound BDA as a bundle of capabilities essential for firm competitiveness. Wedel and Kannan (2016) explained how Wal-Mart is leveraging BDA in its business operations, including its HR and marketing deployment. Lu and Ramamurthy (2011) highlighted the link between information technology (IT) capability and organisational agility; they explained how IT capability enables market capitalising agility and operational adjustment agility. Hajli et al., (2020) unpacked the link between a set of BDA capabilities and customer agility in new product success. They established the interconnectedness of BDA types, namely the eﬀective use of data aggregation tools, the eﬀectiveness of data analysis tools, and customer agility. These studies have brought clarity to hitherto unknown business opportunities and diverse BDA capabilities, including extracting and utilising them to the organisation's advantage in massive data set (Côrte-Reala, 2019). While links have been established on the interconnectedness of BDA capabilities and other capabilities (e.g. Dremel et al., 2017; Wamba et al, 2017); gaps exist in the literature on the role of different BDA capabilities in influencing customer agility in achieving new product success. The central aim of this study is to validate empirically a theoretical framework that identify BDA capabilities and their roles in shaping new product success. Using survey data from North America industries and building on RBV theory, this paper conceptualises that BDA has distinct capabilities linked to other organisational capabilities, such as customer agility, that enable new product success (NPS).  This study's findings provide further insight into the quest for resource management in big data initiatives/efforts (Braganza et al., 2017).

[bookmark: _Hlk48403817]The study adopts RBV as the key theoretical framework to gain a holistic view of the involvement of several heterogeneous (including tangible and intangible) firm resources, such as BDA capabilities, in influencing customer agility towards achieving NPS. The adoption of the RBV is in order to gain robust resource insights into resource types, process, complexity and path dependency resulting in NPS. It is the understanding of the combination of human (technical/managerial), IT capabilities, organisational agilities, dynamic capabilities, competences, skills and various firm infrastructure (resources) that ensure NPS and improve firm performance.  This is logical, considering that various professionals undertake a series of activities by deploying relevant resources that facilitate processes within the organisation. For instance, the non-involvement of marketers and sales professionals may adversely hamper the successful development of the new product (Wedel and Kannan, 2016). 

Using an underlying theoretical framework of the resource-based view, dynamic capability including BDA capability would help understanding of BDA capabilities and customer agility as enhancers of new product success rooted in IT-related soft tools, skills, activities that enable organisations to detect, deploy, activate and enhance customer agility when and where necessary with a view to developing new products and services that are of value to customers and the organisation. The framework offers insights into organisational activities and resources (strategic management/firm resources) in BDA (IS/dynamic capability) in tracking customer agility (marketing/dynamic capability). 

The paper is organised as follows. The literature review identifies the theoretical base of the research. Next is the hypotheses development and research methodology. Structural equation modelling is used and the outcomes discussed. Finally,  theoretical and practical implications including the limitations of the study are outlined, directions for future research were also suggested.

2.0 Theoretical Development
Big data analytics (BDA) is multifaceted and interlinked with diverse organisational functions, and processes and is pivotal to organisational competitiveness (Dremel et al., 2017). For instance, BDA has been linked to knowledge acquisition about market trends and fraud detection. It has also been linked with facilitating business decisions relating to gaining customer insights and understanding diverse marketing factors (Yaqoob et al., 2016; Hajli et al., 2020). BDA presents a considerable opportunity for analysing and gleaning information from customer databases/engagements instrumental to creating organisational agility and capabilities to create mutually beneficial value (Binuyo and Itai, 2020; Wedel and Kannan, 2016).

In their BDA capability model, Dremel et al. (2017) identified 34 distinct BDA capabilities that were categorised under eight (8) BDA sub-themes. The sub-themes are Customer Relationship Management (CRM), Partner Life Cycle Management (PLCM), Product/Service Life Cycle Management (PSLCM), Enterprise Risk Management (ERM), strategy development, transformation competence, Enterprise Architecture Management and Process Management (EAMPM), and Information Management (IM). This categorisation is consistent with Mikalef et al’s (2019) definition of BDA capability which focuses on data capturing, analysing, with the view of generating insight through effective deployment of various firm’s processes, technology, structures and activities. This definition sees BDA as a bundle of capabilities that can be combined in business value-creating processes. 

Increase organisation agility has been linked to the deployment of BDA capabilities (Wedel and Kannan, 2016; Hajli et al., 2020). Ghasemaghaei et al. (2017) identified eﬀective use of data analytics tools as instrumental in benefiting from other organisation capabilities and value-creating processes. This implies that BDA could help organisations achieve new product success by ensuring a thorough understanding of customers' new product(s) requirements, timely co-ordination and implementation of product development practices that match customers' new product(s) requirements. Interestingly, the organisation's ability to achieve new product success is tied to innovation (Hauser, Tellis, and Griffin 2006). However, innovation is a series of practices that aim to design and create new products and services for customers. This process could be linked to the dynamic capability view and capability model of BDA rooted in the RBV (Dubey, et al 2020; Dremel et al., 2017). 

2.1 The Resource-Based View (RBV)
The RBV of the firm is considered important in IT and Strategic Management studies (Adegbite et al., 2017; Amit and Schoemaker 1993; Hamel and Prahalad, 1994 and Winter, 1987). Its relevance is based on the existence of tangible and intangible resources at the firm's disposal, including the combination and transformation of resources to help firms achieve sustained competitive advantage. This could manifest in new product success (Marcus and Nichols, 1999; Adegbite et al., 2017). 

Both tangible and intangible resources are present in firms. Examples of tangible resources are seen in financial and accounting statements (Grant 1991). While intangible resources are firm’s (Marcus and Nichols, 1999). These mainly result from specialised organisational experience in combining and deploying resources whose values are not easily assessed or imitated (Barney 1991;1997). Aptitudes, skills, and capabilities are examples of intangible resources.  They are deloy in managing and connecting other resources to attain firm’s objectives. These resources exihibit diificult-to-imitate attributes this explains the valuable attribute of intangible resources. Firms do not have complete insight when pursuing resource combining activities, however, they must know how to combine people and other resources to attain desirable outcomes. Operating on the understanding cause-and-effect relationship and leverage on this insight could be helpful in managing their activities. Nonetheless, firms may not have complete understanding of the relationship between actions and outcomes (Marcus and Nichols, 1999). According to Amit and Schoemaker (1993), firm’s ability to merge tangible resources in disticnt forms could result in firm’s assets valuable. Similarly, firms can manage same resources by combining them differently for better performances (Mahoney and Pandian, 1992). 
RBV has been deployed in several contexts in BDA studies. This is because the RBV explains firm as containing a collection of different resources – human, locational resources, organisational, and value-creating skills that facilitate unique rent generating strategies (Barney, 1991). Big data has a role as a bundle of valuable and distinct resource that is not easily replicated. Big data, as a distinct organisational resource, has been considered in a number of IS studies. RBV has been applied in several contexts in BDA studies, including big data and predictive analytics (BDPA) in industrial firms (Dubey, et al, 2019); impacts of volume, veracity and variety of big data on firm performance (Cappa, et al, 2020); and factors that contribute to improved firm performance as a result of BDA investments (Wamba, et al, 2017). 

RBV as the underlying theory is linked to its applications in the deployment of IT capability to facilitate strategic integration through the application of this capability to configure and enhance business strategy. BDAC is an integral organisational capability that function in a big data environment towards facilitating sustainable competitive advantage. Through its path dependency, causal ambiguity, and social complexity, organisational capability results in sustained competitive advantage (Wamba, et al, 2017). Likewise, its application helps in developing BDPA as managerial and technical skills including big data culture that promote organisational learning and data driven decision making. This study holds RBV as the underlying theoretical framework of both types of firm’s and including bundles of firm’s agilities and BDA capabilities. Theses are uniquely combined through path dependent routes, causal ambiguity and social complexity processes leading to new product development. How these heterogeneous resources are combined and/or mediated is conceptualised in the next section. 

3.0 Conceptualisation and Hypotheses Development
The present study builds on the works of Hajli, et, al, (2020); Dremel et al., (2017); Sanchez (2004); Wedel and Kannan (2016); in this paper BDA is conceptualised as consisting of four capabilities, skills and competences that shapes NPS. Figure 1.0 shows the research model.
This research conceptualises big data’s 5vs: volume (scale), velocity (streaming), variety (forms), veracity (inconsistency & uncertainty), and value (extracted useful data), as follows: ‘Effective use of data aggregation tools’ and ‘Effective use of data analysis tools’ pertain to volume, variety and velocity dimensions; while ‘Effective use of data interpretation tools’ is linked to the value of extracted data, and ‘Skills set for analytical professional’ to veracity and value.
[bookmark: _Hlk97564484]
Figure 1: The proposed research model

3.1 Customer Agility
Customer agility is a subset of organisation agility (Dremel et al., 2017). Generally, organisation agility is viewed as a means of managing a dynamic business environment (Binuyo and Itai, 2020). It refers to the swiftness of an organisation's reaction and its flexibility in managing internal and external environmental aggressions. While there could be diverse organisational agilities, of significant interest here is customer agility.  Other identified organisational agilities are IT agility (Lu and Ramamurthy, 2011), operational agility (Binuyo and Itai, 2020). Customer agility in itself is a critical organisational capability that showcases the degree to which an organisation can detect and act on value yielding opportunities for the customer through innovative and competitive actions (Roberts & Grover, 2012a; Hajli et al., 2020). It involves the engagement of customers in the innovative process of exploration and exploitation resulting in competive actions (Sambamurthy, et al., 2003). This is important for firms to survive or achieve sustainable competitive advantages (Binuyo & Itai, 2020, Moro Visconti & Morea, 2019). 
The significance of customer agility has been linked to organisations’ quests to remain competitive through timely response to challenging business environments. However, customer agility alone is insufficient in guaranteeing, for instance, NPS as a means of a firm's competitiveness. Both customer agility and BDA are necessary (among others) organisation resources that could enhance its performance (Binuyo and Itai, 2020; Hajli et al., 2020). Further insights into the perceived link between BDA and customer agility are shown in Figure 2. This allow the development of the hypothetical model, as discussed next.


[bookmark: _Hlk97564586]Figure 2: BDA as a Bundle of Capabilities that Enables Customer Agility 
3.2 Effective Data Aggregation Tools
Data aggregation technology aims to improve and reduce the transmission size in order to assist an organisation in gathering usable data. However, many organisations have difficulty in storing data in a structured manner. Managers struggle, not only for appropriate tools, but in their effective use. The un-availability of data aggregation tools and their effective use may jeopardise timely collation and utilisation of relevant customer intelligence/insights. Further, new product success is determined by various factors, including the organisation's ability to communicate with customers and derive useful insights from such interaction (Dremel et al. 2017). Using big data to identify and collect relevant information from the customer necessitates the effective deployment of data aggregation tools (Hajli et al., 2020). Thus, organisations need to develop the capability to detect and aggregate data relevant to successful new product development:
H1: Effective data aggregation tools will have a positive, direct effect on customer agility
3.3 Effective Data Analysis Tools:
Data is of no use if it is not transformed into valuable information and knowledge that management can deploy in decision making process. There is need to manage vast volumes of data spread across numerous servers with a requirement of high availability.
The benefits of data analytics have been documented in big data analytics/business intelligence studies (Wedel and Kannan, 2016; Hajli et al. 2020). For instance, BDA helps organisations gain useful insights into market trends and a robust understanding of customer behaviour. It also helps in the strategic decision process (Hajli et al., 2020). Through data analysis tools, organisations make sense of data by processing, synchronising and detailing useful insights from the collected and stored data (Wedel and Kannan, 2016).
Organisations may use various conventional marketing analytical tools such diffusion modelling, regression modelling, math programming, multidimensional scaling, and stochastic processes (Hajli et al., 2020; Lilien et al., 2013; Wedel and Kannan 2016). However, dealing with the complex nature of the data necessitates eﬀective data analysis tools to manage diverse data from different sources. Without effective analysis tools, it could be challenging for managers to deduce inferences from the complex data set. Based on the organisation capability to effectively analyse complex data; it could result in advancement of big-data influenced products/services or the capability to remove poorly performing products/services from the market. Therefore, utilisation of data and timely response in product development into the right market and to the appropriate customer is made possible through effective data analysis tools. Effective data analysis tools may enhance the intensity of engagement with, and depth of understanding of, customer data that could positively influence product development:
H2: Effective data analysis tools will have a positive direct effect on customer agility.
3.4 Effective use of data interpretation tools
Importance of effective use of data interpretation can be understood as the organisation's quest for swift and instantaneous insights. The structured and unstructured data such as tweets, reviews, and blogs offers insights into consumer behaviour and psychology. This could result in stage two in digital marketing analytics after relevant models are built and deployed. Organisations need the ability to evaluate and deploy extensive learning and interpretive approaches including sound cognitive computing in analysing unstructured data (Wedel and Kannan, 2016; Dremel et al., 2017). These tools help in identifying and prioritising data-related risks and their likelihood. When data are well interpreted, it could result in better adherence to rules by developing and instilling value-adding control systems. Likewise, effective use of data interpretation tools empowers the organisation to integrate various data sets such as those from existing or new value chain partners and customers. Without these tools, organisations may be unable to identify and gain insights into customer preferences and then design and develop products and services to match those needs. Much of these insights could be gained through in-depth and imaginative comprehension of customers' needs as derived from various data. It brings to the fore an organisation's ability to produce big data-enhanced products and services promptly without compromising their quality (Dremel et al., 2017). These tools could also help the organisation understand the expertise and capabilities needed to transform customer information into a product or service (Hajli et al., 2020):
H3:  Effective use of data interpretation tools will have a positive direct effect on customer agility.
3.5 Skills sets for analytical professionals 
Every organisation needs skills sets to create value for its customers (Dremel et al., 2017; Wedel and Kannan, 2016) and enhance the realisation of new product development (Sanchez, 2004;). Analytics is considered an organisational skill (Ward, Marsolo, and Froehle, 2014). The ‘Skills set for analytical professionals’ construct refers to the firm's professional analysis capabilities in finding and removing noise and abnormality in the big data set (technical skills). In particular, this is a challenging task for generating actual value from the set of data for decision purposes (managerial skills). In this context, managers should be able to recognise that the largeness  of big data as the the only variable does not guarantee value and could even constitute impediment (Cappa et al., 2020).
Besides, effective aggregation tools, effective data analysis tools and effective use of data interpretation tools, BDA also includes skills required in understanding customers' products, enabling organisations to process huge volumes of data, capture and act on promptly and/or near immediate data, and capture customers' available (usually virtual or stored data) needs (Wedel and Kannan, 2016; Dremel et al., 2017). This may derive from its tendencies to identifying previously unidentified patterns in customer purchasing behaviour and their engagement with the organisation and its products and services (Hajli et al., 2020). These patterns could be in the choice of products, seasons of purchase, active (passive) engagement in community fan-bases etc. (Wedel and Kannan, 2016; Hajli et al., 2020). According to Dremel et al. (2017), organisations must transform existing business models owing to the disruptive nature of the business environment. The transformation could manifest in the form of flexible ways of working, backed by competence-based arrangements and approaches that empower professionals towards uptimum productivity. This may imply a change in management culture and practices, and collaborative means of timely data gathering/sharing across functions/teams. However, there is a dearth of qualified professionals with the requisite skill set that could operate effectively and efficiently in current business terrain. The organisation could identify key professionals and train them to develop relevant skills set to collaborate and/or generate insights from data. Failure to do this may jeopardise the currency and use of the collected data. 
These skills sets typically involve the combination of the firm's marketing and technological skills, capabilities and competences. Firm's ability to serve specific customers on the basis of collective skills, resources and knowledge, related to market needs are evident of  marketing capabilities (Spanos and Lioukas, 2001). In contrast, technological capabilities refer to those capabilities that firm require to transform inputs into products (Wilden and Gudergan, 2015). Many businesses operate in turbulent business environments; this raises the question of the relevance of operational capabilities in championing competitive gains (Drnevich, and Kriauciunas, 2011). Organisations need the ability to bolster capacities of change and re-alignment of its operating capabilities in this challenging business environment (Wilden, and Gudergan, 2015):
H4: analytical professional skills sets will have a positive, direct effect on customer agility
3.6 New Product Success (NPS)
Traditionally, several factors are seen as important in successful new product development., including product functionality and brand loyalty, level of technology adoption, speed to market entry, and product quality (Hajli et al. 2020). Big data is now pivotal for NPS (Magnusson et al., 2003; Hajli et al. 2020). The success of new product development is evidenced in firm profitability, sales revenue, firm performance, fan base, including in customer loyalty. NPS could be viewed as a continuous process; however, customer agility is central to achieving NPS:
H5: New Product Success (NPS) is positively influence by Customer Agility 

3.7 Environmental Turbulence
Businesses are in a state of constant change due to the happens in their environment (Mikalef, et al., 2019). Many organisations struggled to compete in a fast paced and continuously changing business environment (Popovič et al., 2018; Hajli et al. 2020). BDA is increasingly important as it enables the rapid transformation of huge volumes of raw data into a meaningful and actionable understanding of data. It contributes to better efficiency, effectiveness and improved response time as a means of managing environment flux and seizing evolving opportunities.
Organisation in various industries and/or sectors may have their business operations influenced in their quest to capture various factors in the environment that could inﬂuence the organisations' responsiveness in deploying relevant skills sets, competencies and capabilities for successful NPS. Environmental turbulence has been linked to customer agility, albeit its relationship has been argued to be a moderating factor (Hajli et al., 2020; Mikalef, et al., 2019: 
H6: Environmental Turbulence moderately influences customer agility.
3.8 Firm Size and Organizational Slack
Firm size has a number of proxies such as sales, but according to Lu and Ramamurthy (2011) the firm-wide number of full-time employees (FTE) is a relevant measure used in many IT-related studies (Hajli et al., 2020). Large firms develop more new products compared to small firms. This could be attributed to greater resources at the disposal of large firms which are often channelled towards R&D. A firm that invests significantly in R&D can produce innovative products and/or engage in followership of its peers in product innovation (Schoenecker and Cooper, 1998).  Large firms such as Google, Nike, and Amazon are often thrive in new product success based on their huge investment in R&D (Wang et al., 2020; Wedel and Kannan, 2016):
H7: Firm size and organisational slack have moderating impacts on new product success (NPS).

3.9 Product Innovation Performance (PIP)
PIP reflects the firm's capability to identify and successfully meet customers' needs and preferences. Notable works in this respect are  De Luca and Atuahene-Gima (2007) and Petrovici, et al. (2019). PIP captures the degree of achievement (i.e. firms creating value) in the new products that have been launched on the market (Choon and Lee, 2019; Alegre et al., 2006). The success of product innovation is often measured by PIP through performance indicators (Cooper and Kleinschmidt, 1987). It reflects information on the wellness of the firms – the state of development or decline (Griffin, 1997; Choon and Lee, 2019):
H8: The firm’s Production innovation performance (PIP) positively impacts new product success (NPS).

4.0 Research Methodology
This section explains the research method used to test the conceptual model. 
Research settings and data collection
To investigate the survey model (Figure 1), two popular statistical software packages, Stata version 15.0 for Structural Equation Modeling and SPSS version 25 for descriptive analysis are used.  The dataset includes 116 responses from top IT managers, business analysts, senior technical support specialists, senior software engineers, and business leaders of 63 US and Canadian companies, deploying big data analytics for their business activities. These firms are from many different fields, including car manufactures, healthcare organisations, IT hardware, telecom, and software companies (e.g., IBM, Dell, Microsoft, SAP, Rogers' Communication), banking, transportation, tourism and hospitality, consulting, and retailing.  213 managers from these firms participated in an on-line survey which was available from a Google secure site. 118 responses were received, but two were discarded due to incompletion. The survey consisted of 51 indicators. Besides these measurements, demographic questions related to information such as gender, firm size, number of employees etc were provided. (demographic tables in Appendix 1). Nine constructs generated these indicators.  Seven of these constructs constitute our main variables; one variable was a moderator variable (Environmental turbulence). The model also includes two variables, organisational slack and firm size (Fgure 3). 

4.1 Structural Equation Modeling
Structural equation modelling (SEM) is a well-established method for models having path-reflecting casual dependencies, or as Bollen (1989) notes, SEM considers the casual nature of parameters within a model rather than a simple descriptive of variables. In this context, SEM allows path analytic modelling for unobserved latent variables constructed through measured variables (Chin, 1998). The SEM model estimates the multiple and interrelated dependence in a single unified analysis indicating how constructs are related to each other (Kahn, 2006) while addressing the issues of measure-specific error (Weston, 2006). 

Before estimating the SEM model, multiple initial tests and measures were undertaken to ensure that the measured variables are reliable and internal consistencies are assured. In addition, there was a test for multicollinearity issues among latent variables, as multicollinearity is a problem linked to independent variables that are highly correlated with each other and may cause a wide swing in the estimate of parameters due to small changes in data. To test multicollinearity issue (Gujarati, 2003), the Variance Inflation Factor (VIF) was estimated. VIF shows how multicollinearity has increased the instability of the coefficient estimates (Freund and Littell 2000). It is generally agreed that multicollinearity is present if there are tolerance values of < 0.2 or VIF values of > 5.  As shown in Table 2 below and Table 2 in Appendix the model (constructs) and indicators of this study do not suffer from multicollinearity issues as all variables' and indicators' VIF values are below the critical value of five. 
[bookmark: _Hlk97564745]Table 2: The model estimation and VIF values

4.2 The Measurement Model
The analysis begins with Cronbach's alpha (Nunally, 1978) for internal consistency measures among the 51 observed items.  The aim is to assess whether the measures have a high internal consistency of 0.7 and above. According to Koo and Li (2016), alpha values between 0.5 and 0.70 indicate moderate reliability, while values between 0.75 and 0.9 indicate good reliability (Nunally & Bernstein, 1994). The intra-class reliability (Spearsman's Rho) and internal consistency (Cronbach's alpha) are two measures to test the validity of items. 

Table 2 in appendix reports the alpha values for the 51 indicators, while table 3 below depicts the critical values for the consistency and convergence measures. 
[bookmark: _Hlk97564801]Table 3: Reliability and convergence validity report for the survey model

When it comes to the model's validity assessment, the convergent and discriminant validity (DV) values are measured. For convergent validity, the average variance extracted (AVE) are measured. As suggested by Fornell and Larcker (1981), an AVE value of 0.50 and higher indicates a sufficient degree of convergent validity, meaning that the latent variable explains more than half of its indicators’ variances. They also postulate that a latent construct shares more variance with assigned indicators than with another latent variable in the structural model. Table 3 also shows the value of Composite Reliability (CR) for the constructs. The CR is calculated as the square of total standardised loading divided by the square of total standardised loading plus the measurement error. According to Nunally and Benstein (1994), a value above 0.7 is regarded as being reliable. As reported in Table 3 above, all CR values of the model are above 0.8.

For discriminant validity (DV), its values from the square root of AVE were obtained. These values are compared with values of correlation of latent constructs. The correlation values for each construct should be lower than its counterpart DV in order to confirm the validity of the measurement model (Afthanorhan, 2013). As shown in Table 1 in the Appendix, the correlation among contracts is statistically significant at p < 0.001 level and their values are below the critical values of DVs. 
Before conducting the structure model estimates, two other sets of tests are performed. These tests are conducted to assure the model's goodness-of-fit. The first index was to obtain the model's root mean square error approximation (RMSEA) and the second index was the estimation of the goodness of fit (GoF). Nevitt and Hancock (2000) argue that using structural equation modelling techniques show interest in evaluating the fit of a hypothesised model to sample data; however, the chi-square goodness-of-fit statistic has been criticised as not being the best approximation of real-world relations among a set of constructs especially with large models containing many indicators. 

To address the sensitivity issues of the chi-square, the root means the square error of approximation (RMSEA) by Steiger and Lind (1980) has been proposed. The authors stress the fact that the RMSEA is tied closely to the non-central chi-square distribution for evaluating structured models (Nevitt & Hancock, 2000). Any values lower than 0.08 (Browne and Chdeck, 1993) is an indication of a good fit. The model's RMSEA’s value is estimated at 0.074. 

As mentioned above, the second index was the goodness of fit (GoF). Recently, a global fit measure for PLS path modeling has been suggested (Wetzels, Odekerken-Schröder, and van Oppen, 2009). This fit masure (0 < GoF < 1) is defined as the geometric mean of the average of AVE and average  (for endogenous constructs). The authors proposed a cut-off value of 0.5 for AVE, as suggested by Fornell and Larcker (1981). Moreover, according to the author and in line with the effect sizes for  (small: 0.02; medium: 0.13; large: 0.26) proposed by Cohen (1988), they derived the following GoF criteria for small, medium, and large effect sizes of  by substituting the minimum average AVE of 0.50 and the effect sizes for  in the equation defining GoF (GoF = ); GoFsmall=0.1, GoFmedium=0.25, and GoFlarge=0.36. These may serve as baseline values for validating the PLS model globally (Wetzels, Odekerken-Schröder, and van Oppen, 2009:187). Our model's GoF value is estimated as 0.5395 which exceeds the cut-off value of 0.36 for large effect sizes of  and allows us to conclude that our model performs well compared to the baseline values defined above. Finally, the GoF can be calculated both for components-based SEM as well covariance-based SEM (Wetzels, Odekerken-Schröder, and van Oppen, 2009:187).

5.0 Results
The measurement model shown in Figure 3 is set up to evaluate how well the observed (measured) variables combine to the identify underlying hypothesised constructs. 

[bookmark: _Hlk97564856]Figure 3: The structural model

Equations in the structural model specify the hypothesised relationships among latent variables. One hypothesised structural model is included in the composite model in Figure 3. In this model, it is hypothesised that new product success is a function of customer agility and product innovation performance moderated by environmental turbulence. In turn, customer agility is informed by the effect of big data tools (aggregation, analytical and interpretation) and skills sets for analytical professionals. 

Similar to linear regression, relationships among latent variables can be described as correlations or covariances of direct effects, or indirect effects (Weston, 2006). The path coefficients are indications of the strength of relationships among latent variables. The z-values in parentheses show the significance of constructs at p<0.05 and p<0.01 levels. The results show that the effective use of big data tools and skills set have positive impacts on firms’ understanding of customer agility, and this impact is statistically significant. Further, the adjusted R-square which is a measure of how a model explains the variability of the response data around its mean shows that the variation of big data tools (aggregation, analytical and interpretation) and the skill sets (technical and managerial) explain 74% of the variation of customer agility.  The same is true with variable new product success. The latent variables customer agility and product innovation performance moderated by environmental turbulence positively impact the success of a new product, and these impacts are statistically significant at 0.05 and 0.01 levels.

Further, the adjusted R-square shows a value of 0.673.  As shown in Figures 4, the moderator variable environmental turbulence associated with customer agility has a positive impact on new product success, and this impact is statistically significant. The impact highlights that technological and market turbulences are the drivers for the success of product innovation. 

[bookmark: _Hlk97564914]Figure 4: The moderating characteristics of environmental turbulence 
It is important to note that firm size and organisational slack had positive impacts on new product success, and these impacts are statistically significant at 0.05 and 0.01 levels (Figure 4). Additional statistics are presented in the Appendix. Table 1 in the Appendix shows correlations among constructs, Table 2 shows the indicators’ Alfa and VIF values, while Tables 3-9 show demographic and descriptive statistics.

6.0 Discussion and Implications
This study is one of the early studies to investigate the role of BDA in tracking customer agility including its effects on NPS process. This research develops a theoretical framework with survey data from managers to investigate the role of BDA, specifically the BDA set (i.e., effective use of data analysis tools, effective big data aggregation tools, effective use of data interpretation tools and skills sets for analytical professionals) to understand the role customer agility for NPS. These four constitute an important BDA set in understanding the role of customer agility in new product success. Further, this study provides important insights into the role and significant positive relationship between BDA set and customer agility, organisational slack and environmental turbulence in NPS. The results of SEM analysis illustrate that effective use of big data tools and skills set for analytical professionals are two important elements for firms to track customer agility. Considering environmental turbulence, customer agility, along with product innovation performance, influence NPS. As such, it is important to track customer agility to the success of the new product. Indeed, the impact of technological and market turbulences are the drivers for the success of product innovation. The research finds that firm size and organisational slack influence new product success. The findings reinforce the transformative power of BDA (Wang et al., 2016; Mikalef, et al., 2019; Rukanova et al., 2019).

6.1 Implications for Research in NPD
Conventionally, NPS strategies emphasised on product functionality, brand loyalty, level of technology adoption, speed to market, and product quality. However, big data is changing the way firms need plan for NPS. These results show that BDA provide valuable strategic tools to track customer agility to understand the market and assess new product success. The research argues that the essential elements are: effective big data aggregation tools, effective use of data analysis tools, effective use of data interpretation tools and skills sets for analytical professionals which are needed for firms to track customer agility for new product success. Accordingly, the combined effect of the mentioned resources will empower ﬁrms to expand BDA and realise business value gains. Therefore, the contribution here is to highlight that NPS could be viewed as a continuous process that requires BDA, and customer agility is central to achieving NPS. Besides, building on existing gaps in the literature, this research's main contribution is to identify how BDA empowers firms to enhance their innovation capabilities. The research reveals that firms need to develop the required capacity to obtain any transformative outcomes from their big data analytics investment. 
6.2 Practical Implications
For managers, this study establishes BDA as important sets for tracking customer agility. Firms must develop capacity, and built this BDA capability set, to boost the operations and functionality of other firm’s capabilities needed to compete in the market. Investment in BDA capabilities and other organisational requires substantial investments; however, good knowledge and ability to integrate and reconfigure these capabilities could help in firms’ efficient management of resources (Braganza et al., 2017).  Yaqoob et al. (2016); Braganza et al., (2017) and Hajli, et al., (2020) call for more research in the field of big data and big data analytics initiatives; hence, the current study addresses this gap. The other practical implication of this research is, that to be competitive in the market, firms need to have a strategic plan to manage big data analytics. This will help firms to capture customer agility for new product success. The findings further articulate dynamic capabilities' relevance, organisational agilities, including customer agility and BDA capabilities in RBV.  It highlights the degree at which organisations develop, acquire, or deploy capabilities, skills, and competences in value-creating activities. These are required to enhance existing business processes competitively through effective combination, coordination and agile means to achieve in this context new product success and product innovation performance. BDA is not only investing in big data and examining large data sets but helps in transformation of technical data to managerial decisions and business applications, confirming the RBV theory as a theoretical lens to explain the practical side of big data resources to achieve competitive edge.
 
6.3 Theoretical Implications
BDA’s value as a source to support a firm's competitive advantage strategy has been recognised. This study extends the extant research in different ways. First, the study through the RBV theoretical lens explains the role of BDA capability set in tracking customer agility in NPS. As such, this research is among the first to integrate BDA and dynamic capabilities in new product success with a customer agility len. This approach provides robust insights into the intricacies and complex nature of different resources/capabilities in big data analytics research. Shan et al., (2020) and Wamba, et al. (2017) deployed RBV and dynamic capability view (as an extension of RBV) in explaining sources of competitive advantages, the interrelationship of BDA components, and hierarchical build-up of BDA capabilities respectively. 

Second, the adopted constructive RBV as the underlying theoretical lens provides further insight into the complexity of diverse capabilities, skills and competencies organisations deploy to achieve NPS and PIP. Third, the study helps highlight ‘the how’ and ‘the influence’ of environmental turbulence, firm size and organisational slack on firm’s effort towards achieving new product success. RBV has featured in various IT/IS research (e.g. Mikalef and Krogstie 2020; Mikalef, et al, 2020; Hajli et al., 2020), but not in combination as adopted here to explain, in-depth, the role of identified BDA capability sets. Previous research confirms that a combination of tangible and intangible resources support firms in achieving set objectives (Marcus and Nichols, 1999; Adegbite et al., 2017). The research findings with the RBV lens show BDA capabilities are among those resources that support firms to gain competitive advantage through NPS. The theoretical implication is that firms can take the set of those resources and incorporate them differently for better performances. Finally, the research confirms that the RBV theory offers a robust analytical tool for explaining the significance of human competences – technical/managerial skills in organisational outcomes.  This  findings reflect various business activities involved in the transformation of BDA-related capabilities and skills into a competitive force. 

6.4 Limitations and Future Research Direction 
This current study aligns with several studies in enriching understanding of BDA as a source of competitive advantages; however, there are study limitations. The depth and scope of this study does not cover the complementary role and/or inhibitors of BDA capability sets and their implications for achieving new product success. Future research may examine the presence of other BDA capabilities in influencing customer agility in production innovation. Further impacts of firm size and organisational slack in large and small firms may be studied, to determine the significance of these variables. Finally, this research used data set from only two countries.

7.0 Conclusion
Big data in the forms of structured, semi-structured and unstructured, have attributes such as volume, velocity, variety, veracity, and value, also referred to 5Vs. Internet data such as web analytics, social media, and media semantics have been the primary sources to expand brand awareness, custromer engagement, loyalty, and sales, influencing customer satisfaction and conversation related to business-to-business (B2B) and business-to-customer (B2C) interactions. One of the areas of BDA is customer behaviour analysis. BDA is used to understand better customers and their behaviours and preferences. Firms are interested in expanding their structured data from multiple souces such as browser logs, text analytics, social media data, XML files, and sensor data to get a more complete picture of their customers. In many cases, the significant goal is to create analytical models and gain insights to help organisational decision-making.

BDA is recognised as a novel frontier of competitive advantage, a veritable bundle of strategic capabilities that could enhance other organisational capabilities in achieving competitiveness. However, many areas of this competitive frontier need unravelling. The present study, with an empirical approach with data from North American managers, has further articulated the relationships between BDA capability set and customer agility in NPS. Customer agility alone cannot result in product development, and BDA on its own, without adequate knowledge, does guarantee the firm’s success.  Through this study, further insights are gained about the various capabilities, moderator and variables involved in product innovativeness and its success. This study has expounded and helped to unbundle big data analytics and its significance in tracking customer agility in NPS.
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Table 1: Social media, Internet, and Big Data Overview
	Platform
	Statistics

	Mobile Apps
	• over 8.2 billion mobile subscribers worldwide

	
	• Mobile apps expected to generate over $935bn revenue by 2023.

	
	• Apple App Store has 1.96 million apps available for download

	
	• 3.8 billion are smartphone users worldwide.

	
	• 2.87 million apps available for download on the Google Play Store

	
	• 1.14 billion tablet users worldwide

	
	• average time spent on smartphones is 171 minutes per day

	
	• 79% of Facebook users only access the site through mobile.

	
	• 

	
	• average mobile viewing session on YouTube is 40 minutes

	
	• Over 204 billion app downloads in 2019

	Facebook
	• Facebook users make 4 million likes per minute

	
	• There are 1.82 billion daily active users on Facebook

	
	• 4 pentabytes (PB) of data are generated by Facebook

	
	• 350 million photos are uploaded to Facebook per day.

	
	

	
	• 45% of people get news from Facebook.

	
	•  Facebook’s data warehouse (Hive) contains 300 petabytes

	Google
	• search engine processes about 4.5 million searches every second 

	
	• Every day, 25 petabytes (PB) of data are processed

	Instagram
	• Users share 40 million photos per day

	
	• There are 500 million daily Instagram Stories 

	
	• Each day 95 million photos and videos are shared on Instagram

	
	• 34% of Instagram users aged 25-34; 31% are 18-24

	YouTube
	• Over one billion mobile users watch YouTube per day

	
	• 500 hours of videos uploads per minute

	Internet, Email and other
	• Every day, 306.4 billion emails sent, and 5 million Tweets made

	
	• Every minute there are 103,447,520 spam emails sent

	
	• Around 4.8 GIFs are sent through the internet every minute

	
	• Snapchat users share 527,760 photos a day

	
	• GoDaddy hosts over 1.5 million registered domains

	
	• There are 154,200 calls on Skype

	
	• 17,222 Uber rides are accepted every minute

	
	• Revenues from e-commerce retail estimated $4.2 trillion in 2020

	
	• people produce 2.5 quintillion bytes of data every day

	
	• By end 2020, 44 zettabytes of data will exist

	
	• In the last two years, 90% of the world’s data has been created

	
	• There are 31 billion IoT devices

	
	• more than 75 billion IoT devices connected to the internet by 2025

	
	• Machine-generated data will account for 40% of internet data


Source: Statista (2020), ITU (2020)


Table 2: The model estimation and VIF values
	OIM
	 

	 
	Coef.
	Std. Err.
	z
	P>z
	VIF

	Structural
	 
	 
	 
	 
	 

	Customer Agility (CA ) <-
	 
	 
	 
	 
	 

	Data aggregation tools (DAA)
	0.299
	0.11333
	2.641
	0.004
	2.055

	Data analysis tools (DAT)
	0.769
	0.10965
	7.013
	0.000
	2.235

	Data interpretation tools (DIT)
	0.421
	0.06418
	6.56
	0.000
	2.043

	Skills (SKL)
	0.380
	0.09246
	4.11
	0.000
	2.163

	 
	 

	New product success (NPS) <-
	 
	 
	 
	 
	 

	Data aggregation tools (DAA)
	0.442
	0.19134
	2.31
	0.010
	2.153

	Data analysis tools (DAT)
	0.525
	0.13366
	3.93
	0.000
	2.221

	Data interpretation tools (DIT)
	0.230
	0.09127
	2.52
	0.006
	2.473

	Skills (SKL)
	0.198
	0.08749
	2.263
	0.012
	3.440

	Product innovation performance (PIP)
	0.567
	0.07718
	7.351
	0.000
	2.570

	Operational slack (SLK)
	0.222
	0.07572
	2.932
	0.002
	2.106

	Firm Size (size)
	0.216
	0.06219
	3.473
	0.000
	1.355

	Environmental turbulence (ENV)
	0.448
	0.22277
	2.011
	0.022
	1.520



Table 3: Reliability and convergence validity report for the survey model
	Constructs
	 Alpha
	rho_A
	CR
	AVE
	DV 

	Effective use of data aggregation tools
	0.877
	0.879
	0.924
	0.803
	0.896

	Effective use of data analysis tools
	0.898
	0.908
	0.930
	0.769
	0.877

	Effective use of data interpretation tools
	0.908
	0.909
	0.943
	0.845
	0.919

	Skills set for analytical professionals
	0.961
	0.964
	0.966
	0.702
	0.838

	Customer Agility
	0.904
	0.908
	0.929
	0.726
	0.852

	Environmental turbulence in NPD
	0.778
	0.837
	0.835
	0.664
	0.815

	New product success
	0.928
	0.928
	0.946
	0.779
	0.883

	Product innovation performance
	0.909
	0.915
	0.933
	0.738
	0.859

	Organizational slack
	0.893
	0.995
	0.932
	0.822
	0.907
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Figure 1: The proposed research model
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Figure 2: BDA as a Bundle of Capabilities that Enables Customer Agility 
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Figure 4: The moderating characteristics of environmental turbulence 



Appendix 
Table 1: Correlations among constructs
	Correlations

	Construct
	
	DAA
	DAT
	DIT
	SKL
	CA 
	ENV
	NPS
	PIP

	DAA
	Pearson Correlation
	1
	.799**
	.857**
	.678**
	.620**
	.540**
	.469**
	.411**

	
	Sig. (2-tailed)
	
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000

	
	N
	116
	116
	116
	116
	116
	116
	116
	116

	DAT
	Pearson Correlation
	.799**
	1
	.867**
	.639**
	.683**
	.578**
	.570**
	.440**

	
	Sig. (2-tailed)
	0.000
	
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000

	
	N
	116
	116
	116
	116
	116
	116
	116
	116

	DIT
	Pearson Correlation
	.857**
	.867**
	1
	.725**
	.659**
	.530**
	.475**
	.407**

	
	Sig. (2-tailed)
	0.000
	0.000
	
	0.000
	0.000
	0.000
	0.000
	0.000

	
	N
	116
	116
	116
	116
	116
	116
	116
	116

	SKL
	Pearson Correlation
	.678**
	.639**
	.725**
	1
	.747**
	.431**
	.405**
	.482**

	
	Sig. (2-tailed)
	0.000
	0.000
	0.000
	
	0.000
	0.000
	0.000
	0.000

	
	N
	116
	116
	116
	116
	116
	116
	116
	116

	CA 
	Pearson Correlation
	.620**
	.683**
	.659**
	.747**
	1
	.382**
	.562**
	.575**

	
	Sig. (2-tailed)
	0.000
	0.000
	0.000
	0.000
	
	0.000
	0.000
	0.000

	
	N
	116
	116
	116
	116
	116
	116
	116
	116

	ENV
	Pearson Correlation
	.540**
	.578**
	.530**
	.431**
	.382**
	1
	.462**
	.381**

	
	Sig. (2-tailed)
	0.000
	0.000
	0.000
	0.000
	0.000
	
	0.000
	0.000

	
	N
	116
	116
	116
	116
	116
	116
	116
	116

	NPS
	Pearson Correlation
	.469**
	.570**
	.475**
	.405**
	.562**
	.462**
	1
	.716**

	
	Sig. (2-tailed)
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
	
	0.000

	
	N
	116
	116
	116
	116
	116
	116
	116
	116

	PIP
	Pearson Correlation
	.411**
	.440**
	.407**
	.482**
	.575**
	.381**
	.716**
	1

	
	Sig. (2-tailed)
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
	

	
	N
	116
	116
	116
	116
	116
	116
	116
	116


**. Correlation is significant at the 0.01 level (2 tailed).


Table 2: The indicators’ Alfa and VIF values
	Construct
	Indicators
	Alpha
	VIF

	Effective use of data  aggregation tools
	DAA1
	0.818
	2.921

	
	DAA2
	0.724
	2.262

	
	DAA3
	0.839
	2.313

	Effective use of data  analysis tools
	DAT1
	0.866
	3.302

	
	DAT2
	0.857
	3.844

	
	DAT3
	0.830
	3.383

	
	DAT4
	0.709
	1.925

	Effective use of data interpretation tools
	DIT1
	0.833
	2.367

	
	DIT2
	0.862
	3.726

	
	DIT3
	0.790
	2.259

	Skills set for analytical professionals (Technical skills)
	TSK1
	0.803
	3.892

	
	TSK2
	0.862
	3.556

	
	TSK3
	0.907
	3.935

	
	TSK4
	0.891
	3.138

	
	TSK5
	0.817
	2.623

	
	TSK6
	0.821
	2.774

	Skills set for analytical professionals (Managerial skills)
	MSK1
	0.791
	3.498

	
	MSK2
	0.753
	2.003

	
	MSK3
	0.776
	3.226

	
	MSK4
	0.715
	3.194

	
	MSK5
	0.895
	3.833

	
	MSK6
	0.769
	2.230

	Customer Agility (Customer sensing capability)
	CAG1
	0.828
	2.179

	
	CAG2
	0.680
	1.706

	
	CAG3
	0.837
	3.870

	
	CAG4
	0.742
	2.893

	
	CAG5
	0.734
	2.456

	Customer Agility (Customer responding capability)
	CRC1
	0.811
	2.490

	
	CRC2
	0.855
	2.145

	
	CRC3
	0.837
	1.958

	
	CRC4
	0.794
	1.958

	
	CRC5
	0.719
	2.607

	New Product success
	NPS1
	0.872
	2.668

	
	NPS2
	0.894
	2.620

	
	NPS3
	0.873
	2.243

	
	NPS4
	0.803
	2.137

	
	NPS5
	0.834
	1.851

	Product innovation performance
	PIP1
	0.815
	1.939

	
	PIP2
	0.838
	1.672

	
	PIP3
	0.866
	3.732

	
	PIP4
	0.815
	3.158

	
	PIP5
	0.735
	2.452

	Environmental turbulence in NDP  (overall)
	ENV1
	0.806
	1.934

	
	ENV2
	0.714
	1.184

	Environmental turbulence in NDP  (technology turbulence)
	ENV3
	0.740
	1.557

	
	ENV4
	0.731
	1.374

	Environmental turbulence in NDP  (market turbulence)
	ENV5
	0.708
	2.104

	
	ENV6
	0.702
	2.030

	Organisational slacks (control variable)
	SLK1
	0.831
	1.953

	
	SLK2
	0.857
	2.084

	
	SLK3
	0.912
	2.255




Table 3: Respondent’s Frequency distribution of demographic variables
	Statistics

	
	Age
	Gender
	Educational
	Position
	Years
	Employees

	N
	Valid
	116
	116
	116
	116
	116
	116

	
	Missing
	0
	0
	0
	0
	0
	0



Table 4: Respondent’s Age distribution
	Age

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	<30
	10
	8.6
	8.6
	8.6

	
	31-40
	30
	25.9
	25.9
	34.5

	
	41-50
	33
	28.4
	28.4
	62.9

	
	51-60
	34
	29.3
	29.3
	92.2

	
	61 or more
	9
	7.8
	7.8
	100.0

	
	Total
	116
	100.0
	100.0
	



Table 5: Respondent’s Gender distribution
	Gender

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Female
	39
	33.6
	33.6
	33.6

	
	Male
	69
	59.5
	59.5
	93.1

	
	Other
	8
	6.9
	6.9
	100.0

	
	Total
	116
	100.0
	100.0
	



Table 6: Respondent’s Education 
	
Education

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	College
	27
	23.3
	23.3
	23.3

	
	Graduate
	72
	62.1
	62.1
	85.3

	
	Ph.D.
	17
	14.7
	14.7
	100.0

	
	Total
	116
	100.0
	100.0
	



Table 7: Respondents’ positions
	Position level

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Executive/Vice
	16
	13.8
	13.8
	13.8

	
	Manager
	78
	67.2
	67.2
	81.0

	
	Other
	10
	8.6
	8.6
	89.7

	
	Senior staff
	12
	10.3
	10.3
	100.0

	
	Total
	116
	100.0
	100.0
	



Table 8: Respondents’ working experiences
	Years in the position

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	1-5 years
	39
	33.6
	33.6
	33.6

	
	11-15 years
	28
	24.1
	24.1
	57.8

	
	16-20 years
	14
	12.1
	12.1
	69.8

	
	6-10 years
	27
	23.3
	23.3
	93.1

	
	Less than a year
	2
	1.7
	1.7
	94.8

	
	more than 20 years
	6
	5.2
	5.2
	100.0

	
	Total
	116
	100.0
	100.0
	



Table 9: The firm size
	Firm size (number of employees)

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	< 200
	16
	13.8
	13.8
	13.8

	
	1000~3000
	33
	28.4
	28.4
	42.2

	
	200~500
	18
	15.5
	15.5
	57.8

	
	3000~5000
	24
	20.7
	20.7
	78.4

	
	500~1000
	25
	21.6
	21.6
	100.0

	
	Total
	116
	100.0
	100.0
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