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Abstract 

The introduction of e-Commerce caused a revolution of markets and businesses in many industries 

(Kauffmann, & Walden 2001). The concept is mostly discussed in Information Technology (IT) 

literature. However, it is also relevant to business and management literature, since it can be related to 

the dynamic capabilities perspective and explain variance in firm performance. This study combines 

IT and management literature by relating the theory on customer orientation to big data applications in 

an e-Commerce context. Effects of big data and a firm’s customer orientation on performance are 

tested, where the interaction effect of customer orientation and big data is measured as well. The 

survey was conducted among members of e-Commerce firms, mostly managers. The results show that 

both big data applications and a firm’s customer orientation enhances firm performance. However, 

their interaction effect does not have a significant effect on firm performance. The study has a 

theoretical contribution by showing that big data applications and customer orientation are important 

predictors of firm performance in the e-Commerce context. Furthermore, the study also provides 

evidence that young and Dutch e-Commerce firms have better performances. 
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1. Introduction 

The route to the market has become a key battlefield in many industries, with different players trying 

out different channels in an attempt to reduce costs and improve customer satisfaction (Wilson, & 

Daniel, 2007). They can no longer rely on their traditional channel resources – a distribution network, 

and a strong sales force – that made them successful in the past. The plausible cause of the new market 

demands is the rise of Electronic Commerce and online sales, which is named to have caused a 

revolution of the markets and businesses as we knew them (Kaufmann, & Walden, 2001). For 

example, in The Netherlands 79% of the people are buying through online shopping, with an average 

of 98 euro’s per payment. Products like event tickets and travel bookings are almost completely 

bought through online channels with respectively 80.1% and 78.4% of total sales, and the e-

Commerce industry is growing steadily with 10-20% since the past decade (e-Commerce Wiki, 2016). 

However, it is a relatively new and upcoming subject in the field of science and little is known about 

e-Commerce firms in present literature. Thus, research on how to enhance e-Commerce firm 

performance would contribute to business literature. This research will elaborate on that subject. 

 Studies have shown that the deployment of information technology (IT) has a positive effect 

on firm performance (Bianchi, & Mathews, 2016; Yang, Xun, He, 2015). Since e-Commerce is 

explained as the "trading in products or services using computer networks, such as the Internet” (e-

Commerce Wiki, 2016), the use of IT assets and how to deploy them in order to match the market 

conditions is relevant for e-Commerce firms. IT capabilities can enhance firm performance by creating 

business value, which implies transactional, informational and strategic benefits (Wixom, Yen, & 

Relich, 2013). A plausible way to create this business value is through big data applications which can 

be grouped in personalization, dynamic pricing, customer service, predicting customer behavior, 

supply chain visibility, and managing fraud (Akter, & Wamba, 2016). However, the big data 

applications need to support the process of meeting customer needs to be successful in the market. A 

customer orientation is a strategic orientation in which the firm places high priority on present and 

future customer needs and has advanced capabilities to sense and respond to developments in the 

customer’s preferences. A firm with a strong customer orientation is therefore considered to 

outperform its rivals since it better understands customer needs, adjusts products and services, and 

therefore meets customer needs (Ziggers, & Henseler, 2016). It has not been studied before if a firm’s 

customer orientation reinforces the effect of big data use on firm performance. Discovering whether 

big data performance and a firm’s customer orientation are predictors of e-Commerce firm 

performance will be the objective of this study. The capabilities perspective will be used to embed the 

theories and to explain the variance in firm performance. The main research question will be: 

 Are big data performance and a firm’s customer orientation predictors of e-Commerce firm 

performance? 

In order to provide more specific guidance through this study I will use three subquestions: 
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 Does an e-Commerce firm’s big data performance affect firm performance? 

 Does the customer orientation of an e-Commerce firm affect its performance? 

 Does the customer orientation of an e-Commerce firm affect the relationship between big data 

performance and firm performance? 

  

1.1 Scientific relevance 

Kauffmann, & Walden (2001) were one of the first to state e-Commerce needed more attention in 

scientific literature. They say it caused a revolution of markets and businesses in many industries. 

Their meta study on e-Commerce was focused on reviewing the theory to guide future Information 

Technology literature. Furthermore, they mentioned e-Commerce was also relevant to business and 

management literature, for which they expected raised importance in this field in the coming years. 

e-Commerce has been studied from a capabilities perspective before: Zhu (2004) proposed a 

model where he constructed the “e-Commerce capability” and its relationship with firm performance. 

However, Zhu does not provide insights in how to create a good fit with the market by fulfilling 

customer needs, which is the pursue of this study. A firm that is customer orientated is known to have 

enhanced firm performance (Ziggers, & Henseler, 2016). Furthermore, big data applications are 

widely used by e-Commerce firms to create competitive advantage (Edosio, 2014). Hence, having a 

customer orientation might create a greater ability of the firm to sense and respond to customer needs 

through big data use. It has not been studied before what the effect of a customer orientation is on the 

relationship between big data applications and firm performance. Thus, answering the research 

question will deepen the literature on e-Commerce from an IT and strategic management perspective. 

If the study shows outcomes that point towards an existing reinforcing effect this can guide future 

studies on e-Commerce, IT deployment, Big Data, and customer orientation. 

 

1.1 Societal Relevance 

Previous studies have shown the relevance of using information technology to enhance firm 

performance of e-Commerce firms (e.g. Kauffmann, & Walden, 2001; Seddon & Kiew, 1994; 

McLean, 2003). However, in order to make it a strategic asset it needs to be used in a fashion that 

meets the market conditions (Day, 1994). The practical implications of this study can provide e-

Commerce managers with knowledge on how to create competitive advantage by using big data 

applications and being customer oriented. 

 

1.2 Thesis Outline 

First I will elaborate on previous studies on capabilities, firm performance, and e-Commerce. Then, I 

will explain IT capabilities and how it can be deployed for big data use, the effect of a customer 

orientation on firm performance, and the interaction between big data applications and customer 

orientation. Based on this theory I will come to hypotheses. In the chapters 3 and 4, I will discuss the 
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research methodology for testing the hypotheses, and provide the results. Based on these results I will 

answer the research question and come to theoretical and managerial implications in chapter 5. 
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2. Conceptual Framework 

This chapter provides an outline of the relevant theories for studying the research subjects. First, the 

current position of e-Commerce will be discussed. Then, I will elaborate on IT capability and its 

deployment in the form of big data applications. Thereafter, I will explain the customer orientation. 

Based on the discussed literature I will come to hypotheses. In the end I will show the conceptual 

model including the expectations on the relationships. 

 

2.1 E-Commerce 

e-Commerce is a concept that has connections to both IT and management literature. In order to 

provide clearance on how e-Commerce is used in this study I will elaborate on the term in this section. 

In this study e-Commerce is explained as the  "trading in products or services using computer 

networks, such as the Internet” (e-Commerce Wiki, 2016). It involves the selling, exchange, 

distribution, and marketing of products and services between an organization or person and their 

stakeholders. All the electronic transactions are part of the e-Commerce market (Leebaert, 1998). 

These days e-Commerce takes place through multiple channels: computers, mobile cellphones, tablets, 

apps, etc. (Dai, & Kauffman, 2002). It does not exclude physical stores. In fact, e-Commerce is known 

to raise a firm’s offline sales. This is facilitated through multi-channeling, which means the integration 

of the online store with the physical store (Wilson, & Daniel, 2007). 

 The concept of e-Commerce has been introduced two decades ago, when it was primarily 

viewed from an Information Technology (IT) perspective, which is still the most prominent point of 

view (e.g. Kauffmann, & Walden, 2001; Dehning et al., 2004; Seddon & Kiew, 1994; McLean, 2003; 

Elezadi-Amoli & Earhoomand, 1996). The IT perspective is used to explain how firms can create 

value from IT assets by combining and integrating the organization’s resources. This is based on the 

complementarity of resources: computers, databases, technical platforms, and communication 

networks combined form the core of the IT infrastructure (Zhu, & Kraemer, 2002). In more recent 

studies, e-Commerce activities are linked to firm performance and imbedded in management literature 

(Yang, Xun, & He, 2015; Bianchi, & Mathews, 2016). However, it cannot be separated from IT since 

this enables the exploitation of online channels which is at the core of e-Commerce. 

From the strategic management perspective, capabilities related to e-Commerce can be seen as 

a resource to enhance performance (Yang, Xun, & He, 2015; Bianchi, & Mathews, 2016).  This is in 

line with the Resource Based View where organizational resources are linked to firm performance 

(Barney, 1991; Wernerfelt, 1984). In addition, organizational capabilities have been related to 

performance as well in this scientific area (e.g., Grant, 1996; Penrose, 1959; Rumelt, 1984; Teece and 

Pisano, 1994). According to the RBV, firm resources are “all assets, capabilities, organizational 

processes, firm attributes, information, knowledge, etc. controlled by a firm that enable the firm to 

conceive of and implement strategies that improve its efficiency and effectiveness” (Barney, 1991). 
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However, this definition received some criticism since it does not make a distinction between 

resources and capabilities (Wang, & Ahmed, 2007). 

Teece, Pisano, and Schuen (1997) differentiated the term capabilities within the RBV by 

working on a revised theory which resulted in the concept of dynamic capabilities. These are the 

“firm’s ability to integrate, build, and reconfigure internal and external competences to address rapidly 

changing environments”. The dynamic capabilities have their foundations in the firm-level sensing, 

seizing, and reconfiguring capacities. ‘Ad hoc problem solving’ or the adoption of a replicable ‘best 

practice’ is not likely to constitute a dynamic capability (Teece, 2007). 

 In order to relate e-Commerce to the theory on dynamic capabilities, a distinction between a 

‘dynamic capability’ and a ‘capability which is dynamic’ needs to be made. The dynamic capabilities 

refer to the “ability to integrate, build, and reconfigure competences” (Teece et al., 1997), in which the 

‘competences’ in this definition is referring to the ‘capability which is dynamic’. This definition of 

dynamic capabilities will be used throughout the article when referred to capabilities or 

organizational capabilities. David Teece (2014) extended his work by analyzing dynamic capabilities 

in international markets. International operating firms need to develop dynamic capabilities to be able 

to improve international performance, especially in fast-moving global environments. The outcome of 

Teece’ study (2014) was that successful international firms are focused on achieving efficiencies from 

cross border transfers of technology and knowledge and by creating new markets and expand old ones. 

The relevant context of the dynamic capabilities framework is not that of the industry, but that 

of the business ‘ecosystem’: the community of organizations, institutions, and individuals that impact 

the enterprise and their customers and suppliers. In dynamic business environments open to global 

competition sustainable advantage requires more than the ownership of difficult-to-replicate assets. It 

also takes difficult-to-replicate dynamic capabilities (Teece, Pisano, & Schuen, 1997). The 

understanding of -latent-  customer needs, technological opportunities, evolution of industries, R&D, 

and supplier and competitor responses are important aspects. The firm’s dynamic capabilities depend 

on the knowledge and skills of individuals, or in some cases, they are integrated processes of the 

organization itself (Teece, 2007). The firm is vulnerable if the sensing, creative, and learning functions 

depend on the cognitive traits of a few individuals. The functions are significantly more sustainable if 

the firm creates organizational processes concerning development of new technical information, 

obtaining relevant externally generated knowledge, monitoring customer needs and competitor 

behavior, and shaping future product and process possibilities. If firms do not participate in such 

activities they will not be able to assess market and technological developments and recognize 

opportunities (Teece, 2007). 

What makes the dynamic capabilities theory relate to e-Commerce? This theory can be used to 

explain variance in firm performance. Not every e-Commerce firm is performing equally well, and 

dynamic capabilities help to understand this inequality. From the dynamic capabilities perspective, 

variance in firm performance over time is explained by the firm’s capabilities to deploy resources in a 
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way that fits the market conditions (Day, 1994; Teece, 2007). Furthermore, the fit with the market 

conditions refers to meeting the demands of the market in which customer needs are an important 

aspect. The literature on the IT capability will be used to explain the firm’s capabilities in the e-

Commerce context, subsequently I will discuss big data as a deployment of the IT capability. Then, 

the customer orientation will be used to explain how to make this deployment of resources fit the 

market conditions. 

 

2.2 IT Capability 

E-Commerce firms act in an environment where information technology plays an important role . In 

order to outperform competitors, IT is a plausible factor to create competitive advantage. Firms with 

valuable, rare, inimitable, and non-substitutable resources may gain a competitive advantage. 

Therefore, IT may be seen as a resource for creating competitive advantage. It requires dynamic 

capabilities to survive in a dynamic business environment like the one e-Commerce firms operate in, 

as mentioned in the previous section. Chen and Tsou (2012) performed a study on the IT capability 

which is the “capacity to control IT-related costs, deliver systems when needed, and affect business 

objectives via IT implementation” (Ross et al., 1996). This capability has four characteristics: IT 

infrastructure, IT business experience, IT relationship resources, and IT human resources. These will 

be explained below. 

IT infrastructure provides the foundation for firms to provide business applications and 

services, share information across different organizational functions, and to respond to changes in 

business strategy (Chen & Tsou, 2012). The IT infrastructure can be described by its reach and range 

(Keen, 1991). The reach “determines the locations a platform can access and to which it can link”, in 

other words: the hardware. Range refers to “the kind of information that can be seamlessly and 

automatically shared across systems and services” which is facilitated through software. These 

categories are referred to as the hard and soft IT infrastructure (Keen, 1991). 

IT business experience gives the firm the ability to integrate the IT strategy with the overall 

business strategy (Sambamurthy and Zmud, 1997). This represents the staff’s understanding of 

business, which is facilitated through previous experience with problem solving through IT. An 

experienced IT staff has higher technical skills and knowledge in business operations and strategies, 

which facilitates better integration of IT in strategic decisions (Chen, & Tsou, 2012). 

IT relationship resources are the “firm’s ability to incorporate IT functions into business units 

and exploit IT resources” (Chen, & Tsou, 2012). The stronger the relationship between the IT 

resources and the business units, the more effective the resources will be. 

IT human resources refers to the technical skills (competencies in using IT assets) and 

managerial skills (effective management of IT deployment) of the firm’s staff (Chen, & Tsou, 2012). 

It is a key component of the IT assets, and firms with skilled human resources can enable 

organizational changes and achieve greater organizational effectiveness. 
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The IT capability shows what dimensions contribute to the information technology skills of a 

firm. It helps to understand how IT plays an important role in organizational functioning. However, 

the theory on the IT capability doesn’t mention e-Commerce, which is at the core of this study. In 

order to explain firm performance of e-Commerce firms the transition between the IT capability and e-

Commerce activities need to be made. A plausible factor that connects IT and e-Commerce firm 

performance is big data. I will elaborate on this subject in the next section. 

 

2.3 Big Data 

Firms operating in an e-Commerce context are frequent users of big data analysis, which has become 

the industry standard (Koirala, 2012). The term big data  refers to “technologies enabling the 

collection, management, and analysis of data sets that are too large for conventional database systems” 

(Tambe, 2014). Big data enables firms to track every user’s behavior and connect the dots to 

determine the most effective ways to convert new customers into repeat customers (Akter, & Wamba, 

2016). Big data analysis is used to support business needs like identifying profitable and loyal 

customers, detecting quality problems, deciding the optimal amount of inventory, and determining the 

price optimum (Davenport, & Harris, 2007). More of these activities, especially those linked to 

customers, will be explained further in the section on customer orientation. 

The IT capability facilitates the use of big data applications. It provides firms with the ability 

to process large amounts of information very quickly and to store it with high accuracy. They can use 

these capabilities to support information services, and to support the purchase of consumer goods 

(Kauffman, & Walden, 2001). Therefore, big data applications can be seen as the deployment of the IT 

capability. Examples of the electronic support of consumer purchases are the high-end computing 

power that allows real-time pricing of products, electronic auctions, comparison engines, and new 

business models for internet based companies like Amazon and Netflix (Akter, & Wamba, 2016; 

Kauffman, & Walden, 2001). 

 IT related activities can provide e-Commerce firms with transactional, informational and 

strategic benefits (Wixom, Yen, & Relich, 2013). This can be achieved through different types of big 

data analysis. Akter & Wamba (2016) explained the most important applications of big data: 

personalization, dynamic pricing, customer service, predicting customer behavior, supply chain 

visibility, and managing fraud. These will be discussed below. 

 

2.3.1 Personalization 

Providing customers with personalized service or customized products is facilitated by big data 

analysis (Akter, & Wamba, 2008). Consumers tend to shop at the same retailer through using different 

sales channels, which creates multi-channel data that can be used to personalize in real time (Mehra, 

2013). This data can be derived from customers’ purchases, social media sites, personal information, 

search records, credit card transactions, mobile GPS tracking, government statistics, and many more. 
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This information allows companies to segment their customers very precisely and to create highly 

personalized products and services (Miller, 2012). This can be done by, for example, offering 

customized content and promotions to these specific segments. 

Another advantage of big data is the ability to distinct repeat customers from new customers, 

where you can reward the repeat customers with special promotions (Mehra, 2013). For example, 

Bloomspot tracked customer credit card transactions to track the purchases of the most loyal 

customers, whom in turn were rewarded with follow-up discounts and benefits which facilitated 

increased customer loyalty (Miller, 2012). Bikeberry, also an e-Commerce firm, used big data to send 

their customers a personalized offer, which led them to a sales increase of 133% (Akter, & Wamba, 

2016). 

 

2.3.2 Dynamic Pricing 

The internet facilitates a high degree of price transparency: customers can use comparison websites to 

search for the cheapest product (Kauffman, & Walden, 2001). This, on top of an commercial era 

where customers are regarded ‘king’, creates a highly competitive market (Akter, & Wamba, 2016). 

Hence, e-Commerce firms need to actively seduce the customer to buy at their shop, which involves 

setting a competitive price (Kung, Gordon, Lin, Shayo, & Dyck, 2013). 

 By using big data, a firm can create a dynamic pricing system that adjusts prices based on real 

time information derived from the IT infrastructure. For example, perishable products need to be sold 

before they lose their value. By having a dynamic pricing system the prices will be lowered in time 

and with the right amount, in order to sell them in time (Schroeck, Shockley, Smart, Romero-Morales, 

& Tufano, 2012). Amazon has a monitoring system for competing products and their prices, which 

leads to an update in their pricing every 15 seconds. This is based on big data access to competitors’ 

product sales, pricing, regional preferences, and the actions of customers (Akter, & Wamba, 2016). 

This kind of big data analysis enables firms to establish a sophisticated dynamic pricing system 

(Leloup, & Deveaux, 2001). 

 

2.3.3 Customer Service 

Big data can also be used to improve customer service (Akter, & Wamba, 2016). The providing of 

excellent customer service can lead firms to competitive advantage, even though the product or service 

is in the higher price segment (Ravald, & Grönroos, 1996). An example is the use of data obtained 

through sensors entrenched in electronic products or by using post-purchase evaluation forms (Miller, 

2012). The proactive approach towards customers to prevent potential dissatisfaction with the product 

thrives e-Commerce firms to deliver innovative post-purchase service. Up to 40% of customers who 

experience poor customer service stop doing business with a firm (Setia, Venkatesh, & Joglekar, 

2013). In order to serve customers with “what they want, the way they want it, and when they want it”, 
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firms are increasingly adopting a variety of information technologies in the customer service 

operations (Walsh, 2007). Examples are Barclays Bank, who focusses on various internet technologies 

like blogs, wiki’s, RSS feeds, podcasts, and social media to enhance customer service performance 

among its local divisions (Setia et al., 2013); and Continental Airlines who adopted a data 

warehousing platform to identify real time customers and flight information that enables them to 

identify the passengers’ wants and needs (Watson, Wixom, Hoffer, Anderson-Lehman, & Reynolds, 

2006). 

 

2.3.4 Predicting Customer Behavior 

Predictive analysis helps e-Commerce firm to identify events before they occur (Kopp, 2013). The use 

of predictive analysis is based on data mining, which has emerged as one of the key features of big 

data application. Data mining tools can discover previously unknown patterns and relationships in 

large databases. This is facilitated through machine learning algorithms applied to large databases with 

factor selection and sampling (Shin, Yang, Park, & Choi, 2009). Factor selection is an effective 

method to 1) reduce dimensionality of data, 2) remove irrelevant and redundant data, 3) increase 

mining accuracy, and to 4) improve result comprehensibility, and is therefore beneficial for predicting 

analysis (Shin et al., 2009). 

 In marketing activities, the information databases coupled with decision science tools can 

predict customer’s individual value, which delivers input for marketing interventions that can address 

customer’s unique preferences (Loveman, 2003). This analysis can also be used to predict future sales 

revenues, based on the combination of  past sales data and predicted customer’ preferences. Forecasts 

of sales revenues help to come to better indications of inventory requirements in order to prevent 

product stockouts (Akter, &Wamba, 2016). 

 

2.3.5 Supply Chain Visibility 

In the current retail market, the service to track your online order when the goods are still in shipment 

has become the standard (Akter, & Wamba, 2016). Customers expect specific supply chain 

information, such as the exact availability, status and location of their orders. This involves intensive 

use of data infrastructure when e-Commerce firms have multiple third parties such as warehousing and 

transportation providers in their supply chain. The firms need to be able to rapidly gather information 

from all involved parties on all products to accurately provide expected delivery schedules to 

customers (Kopp, 2013). This activity can be facilitated through big data analysis, where the 

information of all involved parties can be processed into precise status information on product delivery 

(Akter, & Wamba, 2016). 
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2.3.6 Managing Fraud 

The risk of buying online is digital fraud, which accounts for losses of 0.9% of total sales (Demery, 

2013).  This significant amount of losses can be prevented by big data application to identify relevant 

insights. By creating the right infrastructure, firms can perform data analysis at an aggregated level to 

identify fraud associated with credit card payments, product returns and identity theft (Akter, & 

Wamba, 2016). It’s possible to detect fraud in real time by combining transaction data with customer’s 

purchase history, web logs, social feeds, and location data and check for inconsistencies. Visa, the 

creditcard company, has a sophisticated fraud detection system which allows the inspection of 500 

different aspects of a transaction. This saves them $2 billion in potential fraud losses per year (Akter, 

& Wamba, 2016). 

 

2.3.7 Big Data and Firm Performance 

Adopters of big data analytics are associated with enhanced firm performance. Tambe (2014) 

performed a study on big data investments. The firms that did invest in big data – in Tambe’s (2014) 

study investments in Hadoop analytics – had higher labor productivity levels and customer 

responsiveness than those who didn’t. This is explained by the finding that big data technologies can 

increase the returns of management practices by improving the depth of insight that firms derive from 

interactions with customers, competitors, and suppliers, as well as the speed at which they respond. 

Adopting these capabilities often requires changes through the whole organization  to complement 

data-driven practices (Tambe, 2016). 

 In line with Akter & Wamba (2016), the big data applications of personalization, dynamic 

pricing, customer service, predicting customer behavior, supply chain visibility, and managing fraud 

enable the firm to take advantage of valuable information and support organizational processes. This 

creates complementary value: a synergy effect between multiple organizational resources (Yang, Xun, 

He, 2016; Zhu, 2004). In this case, between big data and front-end e-Commerce activities like 

marketing, customer service, and online sales. 

In sum, big data applications are the deployment of the IT capability. Subsequently, the degree 

to which a firm is able to take advantage of this IT deployment can be seen as the overall big data 

performance. The heterogeneity among e-Commerce firms in this ability explains variance in firm 

performance. Therefore, I expect the following: 

 

H1: An e-Commerce firm’s big data performance affects firm performance positively. 

 

2.4 Customer Orientation 

In the management literature there are multiple approaches to designing a business model. One of 

them is the customer orientation, which refers to “the degree to which the firm obtains and uses 

information from customers, develops a strategy that will meet customer needs, and implements that 
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strategy by being responsive to customer needs” (Ziggers, & Henseler, 2016). It is the “organization 

culture that most effectively and efficiently creates the necessary behaviors for the creation of superior 

value for buyers and thus superior performance” (Narver & Slater, 1990). The customer orientation 

construct involves having (1) one or more company departments committed to activities regarding 

developing an understanding of customers’ current and future needs and the factors that affect them, 

(2) the spreading of this understanding throughout the organizations’ other departments and levels, (3) 

having the various departments engaged in activities that are focused on meeting the customers’ needs. 

Kohli and Jaworski (1990) call it the “organization-wide generation, dissemination, and 

responsiveness to market intelligence”. 

 Therefore, a customer oriented firm is considered to place high priority on present and future 

customer needs, and has developed abilities to sense events and trends in their customer base and how 

to respond to it. This is called customer sensing and customer responsiveness. The customer 

orientation is considered a strategic asset which is the outcome of continuous improvements of the 

customer sensing and responsiveness (Ziggers, & Henseler, 2016).  

 

2.4.1 Customer sensing 

The ability of a firm to sense events and trends among their customers is called customer sensing. This 

is related to the market-focused learning capability, which represents a firm’s ability to learn from 

markets or the marketplace (Weerawardena, & O’Cass, 2003). In order to be effective innovators, 

firms need to constantly scan the marketplace for new opportunities to satisfy the customers (Leavitt, 

1960). Knowledge of customer needs and wants reduces the chance of unsuitability of new products 

with customer preferences, and therefore is likely to enhance success of new product innovations 

(Weerwardena, & O’Cass, 2003). 

 The generation of such knowledge is based on several mechanisms, i.e. having meetings and 

conversations with customers and partners, sales report analysis, and customer surveys. Frequent, 

timely and accurate communication between firms and customers facilitate an enhanced interaction, 

which provides significant contributions for improving efficiency and capturing market information 

more effectively (Ziggers, & Henseler, 2016). However, the collection of customer data is not 

sufficient for sensing the customer needs; it is also about performing proper analysis on the data, 

interpreting it correctly, and stay closely connected with the customers to perceive developments that 

affect customer preferences (Day, 1994; Ziggers, & Henseler, 2016). 

 

2.4.2 Customer Responsiveness 

The key of customer orientation is not only to be more effective and efficient than competitors in 

identifying the needs of the customer base, but also to satisfy them (Kohli, & Jaworski, 1990). In order 

to respond sufficiently, it is important to understand which distinctive customer segments can be 

identified in the marketplace, and to develop matching marketing programs. Subsequently, the speed 
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and coordination of the processing of customer intelligence determine the success of these marketing 

programs (Kohli, Jaworski, & Kumar, 1993). 

 In practice, this means 1) selecting target market, 2) designing and 3) offering products that 

fulfill their current and expected future needs, 4) producing, and 5) distributing, and 6) promoting 

products that cause favorable customer needs (Ziggers, & Henseler, 2016). 

 Customer oriented firms are likely to better sense customer’s interests and favor these over 

those of other stakeholders. They have greater ability to create a culture that emphasizes a continuous 

focus and high level of commitment to responding to customer needs. This culture can also make 

employees friendlier and more service-oriented, and may improve customer’s attitudes towards the 

firm’s services (Brady, & Cronin, 2001). For example, more customer-oriented salespersons enhance 

customers’ willingness to pay a higher price, and purchase the firm’s  products (Setia et al., 2013). 

 Hence, customer orientation can be seen as a strategic asset which results from ongoing 

improvements in a firm’s ability to sense and respond to customer needs. This means that firms with a 

superior customer orientation can reach superior performance because they have a better 

understanding of customer needs and how to respond to it. Firm performance as the result of market 

orientation can be associated with outcomes as customer responsiveness, innovation, and cost 

reduction. Hence, the second hypothesis is: 

 

H2: An e-Commerce firm’s customer orientation affects its performance positively. 

 

2.5 Customer Orientation and Big Data 

The e-Commerce value chain consists of a bundle of online activities: in order to create online sales 

you need a webshop where customers can find your assortment, search for products, and place an 

order. Subsequently, the company needs to fulfill the order, followed by post-purchase services. The 

value creation between big data and these activities is generated through the ability to combine, 

coordinate, and exploit the big data together with organizational resources (Yang, Xun, He, 2016). 

However, possessing the big data and having the knowledge how to use it doesn’t mean the 

firm will be a successful competitor in their market. Firms have to deploy their data and assets in ways 

that match the market conditions to generate value for the firm. Therefore, the customer orientation is 

a more satisfactory approach since the emphasis will be on identifying key capabilities that the firm 

must develop to have a good fit with the market (Ziggers, & Henseler, 2016). This will guide the firm 

how to coordinate activities, which in turn will lead to complementary value of the assets (Yang, Xun, 

He, 2016). 

The adoption of the customer orientation for e-Commerce activities will enable the firm to 

sense and respond to customer needs by using big data. For example, collection of big data from 

online channels, and big data analysis can be used for customer sensing purposes. These integrated 

systems allow close monitoring of all sales and distribution processes (Day, 1994). Based on this data, 
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Figure 1: Conceptual Model 

customer profiles can be created in order to segment them according to their loyalty and personal 

preferences. This process, referred to as customer profiling, is an efficient way to collect, save and 

share customer data, which can be completely facilitated through big data analysis (Akter, & Wamba, 

2016). Furthermore, data mining tools can discover previously unknown patterns and relationships in 

large databases. This information can be used to predict customer’s individual value, which delivers 

input for marketing interventions that can address customer’s unique preferences (Loveman, 2003). 

This analysis can also be used to predict future sales revenues, based on the combination of  past sales 

data and predicted customer’ preferences. This enhanced sensing of customers will help to come to 

better indications of inventory requirements and logistic planning (Akter, &Wamba, 2016). 

Like mentioned by Kohli, Jaworski, & Kumar (1993) the speed and coordination of the 

processing of customer intelligence determine the success of these marketing programs. Therefore 

having customer orientation capabilities will be useful, since it includes being responsive to obtained 

information on customers (Ziggers, & Henseler, 2016). The above noted profiling and segmentation 

will help to identify the distinctive types of customers, and on top of that, big data use facilitates the 

enhanced speed, coordination, and processing of customer intelligence. Thus, the customer orientation 

directs the firm’s big data use towards a match with the market conditions, which means a reinforcing 

effect of customer orientation on the relationship between big data performance and firm performance. 

Therefore, it is expected that: 

 

H3: A firm’s customer orientation positively affects the relationship between big data 

performance and firm performance. 
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3. Methodology  

In this section I will elaborate on the chosen research methodology. This covers the research design, 

sample and data, measurement, method of analysis, and research ethics. 

 

3.1 Research Design 

In an attempt to explain how performance of e-Commerce firms is constructed, I chose a quantitative 

method to measure the research subjects, and to analyze them. The objective is to determine the 

existence and size of causal effects of one or more independent variables on a dependent variable at a 

given point in time, which makes it a cross-sectional study. This opposes a longitudinal study which 

pursues to observe a population over a specific time period by measures on multiple point in time. The 

cross-sectional design can provide you with data on many variables from a large number of subjects, 

however this also increases the chance of error (Saint-Germain, 2016).  

In order to measure the elements of the proposed model, a quantitative study will be 

performed. A 34-item questionnaire was designed to gather data from representatives of e-Commerce 

firms. The measures customer orientation and firm performance were based on validated instruments 

from other studies: customer orientation (Ziggers, & Henseler, 2016), and firm performance (Chen, & 

Tsou, 2012). The measure of big data performance was self-created, based on the theory of Akter & 

Wamba (2016). The set up and execution of the survey followed the guidelines prescribed by Creswell 

(1995). 

Prior to execution of the survey, I held interviews to evaluate the instruments used in this 

study in order to improve face validity. This is executed in two steps. In step one, four e-Commerce 

managers from different companies were interviewed regarding their perspective on e-Commerce 

strategy. This has been used to review the relevance of the concepts used in the theoretical fundament 

of this study. In step two, the interviewees evaluated the content validity of the questions and provided 

feedback on the meanings and clarity of the proposed instruments. 

The intention is to establish associations between the variables, and I pursued to include a 

sample size as large as possible to ensure a valid estimate of the generalized relationship between the 

variables. The data from the sample size is gathered through structured research instruments, in this 

case a questionnaire based on validated measures. The questionnaire creates data in the form of 

numbers and statistics. This data will be used to construct statistical models in order to explain the 

performance of e-Commerce firms. This quantitative method is known to be suitable to analyze 

numerical data and to explain a particular phenomenon (Babbie, 2010; Muijs, 2010). Details on the 

method of analysis will follow in section 3.5. 
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3.2 Sample and Data 

The questionnaires are used to measure the firm’s big data performance, the degree of customer 

orientation, and the firm performance. To set up the questionnaire I used the Qualtrics survey tool. 

This online tool allows the participant to click on an anonymous hyperlink to get to the survey. It can 

be completed using a regular desktop version or in mobile modus. This creates a lower barrier to 

complete the survey, in order to generate a higher response. 

Not every organization-member has the knowledge to provide information on these subjects; 

the decision-maker on a strategic level is most likely best able to provide the most accurate 

information. Therefore, I pursued to include as much directors or managers as possible. To control for 

this issue, the questionnaire contains a question on the respondents position in the firm, this will be 

used as a control variable to check whether the respondents’ answers are in line with the ones from 

managers, and to ensure the validity of the instrument. I will elaborate on this in the measurement 

section. 

In order to find participants that work on a strategic level, I posted messages on this study in 

LinkedIn groups for e-Commerce managers and entrepreneurs. In total I found 12 groups of such 

nature, and posted 3 times in a week in all of these groups. The group sizes variated from 2.000 to 

250.000 members. It was not possible to obtain information on how many people read the posts. 

However, through the Qualtrics survey tool I noticed that 25 respondents used the survey-link 

provided in the LinkedIn group. On top of that, an international e-Commerce consulting agency 

approached 10 of its e-Commerce clients with the request to fulfill the questionnaire. The response on 

this request was 9 respondents. This adds up to a total of 34 respondents. 

Hair et. al (2010), stated that a general rule is that the ratio of observations to independent 

variables should never fall below 5:1, meaning that five observations have to be made for each 

independent variable in the variate. Although this is the minimum requirement, the desired level is 

between 15 to 20 observations for each variable. In this case the sample size is small (N=34) and there 

are 7 independent variables (CO, BDP, CO*BDP, and four control variables; see section 3.3). This 

means a 34:7 ratio which is slightly worse than the 5:1 minimum requirement. In the results section I 

will elaborate further on this issue. 

 

3.3 Measurement 

For the items Big Data Performance, Customer Orientation and Firm Performance I use Likert scale to 

measure the respondents input. When designing a survey including items with a rating scale, a 

researcher needs to determine the number of points on the scale. There appears to be no standard for 

the number of points on rating scales, and common practice varies, mostly ranging from 2 to 11-point 

scales. However, literature suggests some scale lengths are preferable concerning maximization of 

reliability and validity (Krosnick, & Presser, 2010). When respondents make fine distinctions, 
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potential information gain increases as the number of scale points increases, since greater 

differentiation in choice can be made. This will only be true if the respondents make use of the full 

scale, which may not occur with long scales (Alwin, 1992). The 5 and 7-point Likert scales were 

considered, but I chose the 7-point Likert scale in order to capture as much nuances from the 

respondents as possible, while keeping the scale small in order to promote use of the full scale. The 

use of a 7-point scale is supported by reliability tests from Givon and Shapria (1984) who found 

remarkable improvements in item reliability when increasing the scale size stepwise from 2-point 

toward 7-point scales. The improvements were found until the 11-point scale, but the increases in 

reliability beyond 7-point scales were rather minimal. 

Hence, a 7-point Likert scale ranging from “strongly disagree” to “strongly agree” was used to 

measure the response. Appendix A shows a detailed list of indicators used in the questionnaire to 

measure the construct. In the next sections, I will elaborate on the chosen variables. 

 

3.3.1 Independent Variables 

The independent variable Customer orientation is divided in the categories customer sensing and 

customer responsiveness, and has a total of 6 items. The measurement of this construct is adopted 

from Ziggers & Henseler (2016). 

Customer sensing is measured by elaborating on the company’s anticipation and response to 

evolving customer needs and wants, the emphasis on the evaluation of customer complaints, and 

follow ups with customers for quality/service feedback. Customer sensing is measured by elaborating 

on the interaction with customers to set reliability standards, the emphasis on satisfying customer 

needs, and whether the customer focus is reflected in the business planning. See Appendix A for full 

questionnaire. 

Big data performance is measured by a self-created instrument which includes six items, based 

on the study of Akter & Wamba (2016). Their study concerned big data applications in an e-

Commerce setting. The discussed applications are: personalization, dynamic pricing, customer 

service, predicting customer behavior, supply chain visibility, and managing fraud. I wanted to 

measure the degree to which the IT function of the firm is able to facilitate these applications. 

Likewise the other variables, the scores are measured on a 7-point Likert scale. The overall degree to 

which the firm scores on these items is the big data performance. For a full list of the questionnaires, 

see Appendix A. 

 

3.3.2 Dependent Variable 

The variable firm performance is composed of five items, and is adopted from Chen & Tsou (2012). 

The items are measured on a 7-point Likert scale. This instrument was used in the above mentioned 

study to measure firm performance with the IT capability as an independent variable, where customer 

service was a mediator. This also implies an e-Commerce context. Chen and Tsou (2012) state that 
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firms are typically unwilling to share actual performance data, and that it is difficult to create valid 

measures of firm performance. Therefore, they followed the approach of Moorman and Rust (1999) to 

collect managers’ subjective perceptions of performance. Previous studies have shown strong 

correlations between subjective and objective measures and are therefore a commonly used to 

represent each other (Moorman & Rust, 1999). The managers in this study are asked to rate firm 

performance relative to the objectives of the firm. The items that constitute the instrument that 

measures firm performance are the firm’s market share, customer satisfaction, profit, business brand 

and image, and customer loyalty. See Appendix A for the questionnaire. 

 

3.3.3 Control Variables 

The expectation is that the proposed independent variables will not explain all variance in the 

dependent variable. Adding control variables to the analysis, will exclude interfering variables and 

will raise the explanatory power of the model. Four control variables are included in the questionnaire. 

These are nationality, position, firm age, and firm position. 

The first one is nationality. This will rule out possible cross-national differences in e-

Commerce firms. The participant has the option to choose from a dropdown-list containing each 

country. The item is measured with the question: “How many years does the firm exist?”. 

The control variable position is used to control for ability of the participant to provide valid 

information: the decision-maker on a strategic level is most likely best able to provide the most 

accurate information (see 3.1.1 Data Collection). The position of the participant is divided over the 

categories “Director”, “Manager”, “Support”, and “Employee”. The item is measured with the 

question: “How many employees are currently working in the firm?”. 

Firm size and firm age are considered important control variables when investigating firm 

performance because large and established firms possess relatively more abundant resources than 

small firms, which partially determines the success of their business activities (Yang, Xun, He, 2015). 

The item questions are respectively: “Which of the following best describes your position in the 

company?” and “What is your nationality?”. Firm size is measured by the number of employees in the 

categories: <5 employees; 6–10 employees; 11–20 employees; 21–50 employees; 51–100 employees; 

>100 employees. Firm age is measured in years since existence. It consists of the following categories: 

<5 years; 6–10 years; 11–15 years; 16–20 years; 21–25 years; >25 years. For the complete survey, see 

Appendix A. 

 

3.4 Method of Analysis 

The purpose of the analysis is to answer the following research questions: 

 Are big data performance and a firm’s customer orientation predictors of e-Commerce firm 

performance? 

o Does an e-Commerce firm’s big data performance affect firm performance? 
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o Does the customer orientation of an e-Commerce firm affect its performance? 

o Does the customer orientation of an e-Commerce firm affect the relationship between 

big data performance and firm performance? 

 This will be done through using the data from the survey and analyzing it with the statistical analysis 

software SPSS. In this section I will explain how this data will contribute to answering the research 

questions. 

In this study I will examine a dependence relation, because I use dependent and independent 

variables. Therefore, I have to use one of the dependence techniques (Hair et al, 2010). The different 

dependence technique can be divided by 1) number of dependent variables and 2) type of 

measurement scale employed by the variables. First, the number of dependent variables is one, which 

is the variable firm performance. Secondly, I look at the measurement scale of the dependent variable. 

This measurement scale of firm performance is metric. According to Hair et al. (2010), two methods 

are appropriate: linear regression analysis and conjunction analysis. I want to test a couple hypotheses, 

and therefore linear regression is most appropriate. In order to use regression analysis, all variables 

need to be from a metric scale. The control variables were not and were converted into dummies. All 

other variables are measured on a metric scale, and don’t need adjustment to use in this analysis. 

 In order to measure the variables with linear regression in SPSS, I need to combine the 

observable measures from the item into a latent variable. This counts for all the subjects from the 

survey. I will do this by creating a mean of the items in the variable. In order to check whether the 

items fairly represent the variable I will perform a reliability analysis. Then, I will check the 

assumptions. These are requirements that the data has to meet. This is important because you want the 

estimate of the relationship (which is the result of regression analysis) to be a good representation of 

reality. Therefore, the estimate has to meet two requirements: purity and efficiency. In order to meet 

these requirements the following assumptions should not be violated: normality, linearity, collinearity, 

and homoscedasticity. These will all be tested before performing the regression analysis. Furthermore, 

to study the internal consistency of the variables more thoroughly I will perform a factor analysis.  

 Then, a hierarchical regression (linear regression with hierarchical stages) will be conducted to 

analyze the relation of the 1) control variables and Firm Performance, then 2) including the main 

variables, and in the end 3) with the interaction effect included. I will elaborate on this in chapter 4. 

 

3.5 Research Ethics  

All participants of the interviews and questionnaires have been informed on the purpose of the study. 

They engaged in the study by free will, and where not rewarded for their participation in any way. 

Their anonymity is guaranteed, and the interviewees gave permission to record the interview. All the 

participants will be informed when this article is finished and how their data is processed. Prior to 

publishing the article they will have two weeks to make objection to the use of any contribution they 

made.  
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4. Results 

 

4.1 Data examination 

Univariate statistics are used in order to get an overview of the data. I will check the frequencies of the 

control variables to see how the sample is composed. 

The variable “Nationality” controls for possible cross-national differences between e-

Commerce firms. Most of the respondents are from The Netherlands (N=26; 76.5%). The other 

countries are represented by only one or two respondents. Therefore, I will combine the ‘other 

countries’ into one category. Since “Nationality” is a non-metric variable, a dummy is needed. These 

will be named “Dummy_Non_Dutch” and “Dummy_Dutch”. The non-Dutch category will be made 

the reference category. 

 

Table 1: Frequencies of Control Variable “Nationality” 

 

The sample distribution for the variable position is as following: “Director” (N=22; 64.7%), 

“Manager”  (N=7; 20.6%), “Support” (N=1; 2.9%), and “Employee” (N=4; 11.8%). The main reason 

for adding this variable was to control for differences between executives and executing employees in 

answering the questions, since the expectation is that executives are more aware of the business 

strategies than employees. The only valuable distinction for this analysis is the one between executives 

and non-executives, the variables “Directors” and “Managers” will be combined into the variable 

“Executives” (N=29; 85.3%), where “Support” and “Employee” will be combined into “Non-

executives” (N=5; 14.7%). “Dummy_Executives” will be the dummy, where 

“Dummy_Non_Executives” will be used as reference category. 
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Table 2: Frequencies of Control Variable “Position” 

 

The variables Firm Size and Firm Age are important control variables when studying 

organizations since large and established firms generally have abundant resources, which can affect 

the success of their activities (Section 3.3.3; Yang, Xun, He, 2015). The most common firm sizes are 

11-20 employees (N=8; 23.5%) and 21-50 employees (N=8; 23.5%). Firm Age is centered in the 5-10 

years category (N=15; 44.1%). 

 

Table 3: Frequencies of Control Variables Firm Size and Firm Age 

 

4.2 Reliability Analysis 

I performed a reliability analyses to check whether the items are internally consistent. This is a 

commonly used method to determine whether a Likert scale is reliable (Laerd Statistics, 2016).  

 The independent variable Customer orientation is divided in the categories customer sensing 

and customer responsiveness, and has a total of 6 items (see Appendix A). The reliability analysis 

showed a Cronbach’s alpha of .838, which is considered a high value by Hair et. al (2010) who 

considered it reliable when P > 0.8, and unreliable when P < 0.6. For corresponding tables of the 

reliability analysis, see Appendix B. 

Big data performance is measured by six items, adopted from Akter & Wamba (2016). The 

reliability analysis showed a Cronbach’s alpha of .841, which is considered reliable according to the 

above mentioned rule of thumb.  

The variable firm performance is composed of five items, and is adopted from Chen & Tsou 

(2012). The Cronbach’s alpha of the variable is .703, which is considered decent. Like explained 
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above, I looked at the Cronbach’s alpha if item is deleted. I check the Item Total Statistics table 

(Appendix B) to see whether removing on of the items would improve the reliability. Removing 

“FP_2 For the past few years, our company has been able to increase customer satisfaction” would 

raise the Cronbach’s alpha to .713. However, before removal the researcher should always consider 

the value of the item in the study when looking at “Cronbach’s Alpha if Item Deleted” (Hair et. al, 

2010). I choose to maintain the item in the construct because I consider customer satisfaction as an 

important measure of firm performance since I included the effect of a firm’s customer orientation in 

this study, and the statistical improvement when removing the item is very small. 

 

4.3 Assumptions 

Assumptions are the requirements the data needs to comply with to perform a regression analysis.  

Complying with these requirements will raise the accuracy of the estimate of the relationship between 

the independent and dependent variables. The estimate has to comply with purity and efficiency (little 

standard error). Multicollinearity, linearity, homoscedasticity, and normality are helpful to check for 

these requirements. 

 

4.3.1 Multicollinearity 

Multicollinearity is the correlation between three or more independent variables. This correlation 

needs to be as low as possible since you want to know the unique effect of the variable. If the 

correlation is high between the independent variables, then you don’t know what the individual 

contribution to the dependent variable is. Multicollinearity mainly affects the purity of the analysis, 

and the efficiency a little as well (Field, 2009). Appendix G shows the tolerance values of the 

multicollinearity in the Coefficients table. If these are <.25 you need be alert in drawing conclusions 

based on this analysis, and if they are < .10 then there is problematic multicollinearity (Field, 2009). In 

this analysis the tolerance values for the independent variables CO and BDP have collinearity 

tolerance levels of respectively .551 and .516. These values are well above the .25 rule of thumb, 

which means a low degree of multicollinearity among the independent variables. 

 

4.3.2 Linearity 

The relationship between the independent variables and the dependent variable is linear, and it needs 

to be straight without curves. The linearity affects the purity of the model estimate. It can  be tested  

checking the scatterplot of  the standard  residuals and standardized predicted value of the dependent 

value (Hair et. al, 2009). This graph ought to show a random distribution of dots around the 

scatterplot. The plot of this model does not show any pattern or structure (see Appendix G), which 

means the  relationship is linear. 
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4.3.3 Homoscedasticity 

The assumption that the error terms of an independent variable need to be of a constant range is 

referred to as homoscedasticity (Field, 2009). This can also be checked  by looking at the above 

mentioned scatterplot. If the plot is shaped as a triangle or cone shape, it would be problematic for the 

homoscedasticity. Since the residuals show no pattern the homoscedasticity is not problematic (see 

Appendix G). 

 

4.3.4 Normality 

The normality of the error terms is an important assumption as well. It can be checked by constructing 

a histogram and P-P plot for the dependent variable. The histogram for the relationship of CO, BDP  

FP has a normal curve, and the P-P plot has a normal distribution of dots along the diagonal line 

(Appendix G).  

 

4.3.5 Residual Statistics 

It is also important for the regression analysis that each prediction is independent, and not influenced 

by other predictors. The standardized predicted value mean should be 0.0, and the standard deviation 

should be 1.0 (Hair et. al, 2010). This is the case as can be seen in the Residual Statistics table in 

Appendix G. Since the residual statistics show that each prediction is independent and none of the 

mentioned assumptions is violated, a regression analysis can be conducted. 

 

4.4 Factor Analysis 

The variables used in the conceptual model of this study consist of multiple items. The underlying 

constructs are Big Data Performance (4 items; two were removed), Customer Orientation (6 items), 

and Firm Performance (5 items). In order to determine whether the items reflect these underlying 

constructs properly, a confirmatory factor analysis has been conducted. This implies assessing the 

degree to which the data meets the expected structure (Hair et. al, 2010). The theoretical support of the 

representativeness of the items for the latent variable is provided in chapter 2. By performing a factor 

analysis I will provide empirical data to check whether the constructs are indeed properly represented 

by the items. 

First, the Bartlett’s test of sphericity and the Kaiser-Meyer-Olkin (KMO) measure of sampling 

adequacy are performed. Bartlett’s test is a statistical test for measuring the presence of correlations 

among variables. This method helps to assess the significance of the correlation matrix. The KMO test 

helps to determine the appropriateness of factor analysis for the variables. Since factor analysis will 

always derive factors, the objective is to provide a base level of correlation within the set of variables, 

in order to ensure the resulting factor structure with some objective basis. 

 The KMO score can be interpreted with a score > .50 as acceptable, where > .70 is considered 

good (Field, 2009). The KMO measure for the sample is .678 which is fairly good. The score on the 
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Bartlett’s test of Sphericity needs to be significant (P < .05), which is the case: X2 (105)=249.709, 

p<.001, see Appendix D. The significance means factor analysis is suitable. 

 Chapter 2 elaborates on the literature regarding the conceptual model which suggests the 

construct consists of three variables: BDP, CO, and FP. In order to provide statistical support as well 

for this model I used three common criteria for checking how many factors should be included in the 

model. Firstly, I looked at the Total Variance Explained table (Appendix D) which showed the first 

three factors all scored above 1 (6,014; 2,539; 1,125). Eigenvalues of  >1 is the common cut off for 

eigenvalues as described by Field (2009). Secondly, I checked the cumulative total variance explained 

(%) which shows that at least 3 factors need to be used to explain 60% of the variance. The 60% rule 

of thumb is a soft criteria, but it shows that the use of three factors is recommended, since the 

cumulative total variance explained improves from 57.0% to 64.5% when the third factor is added. 

Thirdly, I checked the screeplot where you have to pick the amount of factors until the kink, which in 

this case would mean 3 factors (see Appendix D). In sum, based on the factor analysis, using three 

factors is most suitable. This is in line with a priori data which suggests the model consists of three 

variables: BDP, CO, and FP. 

 Rotation methods are used in factor analysis to clarify to which factor the variables belong by 

better aligning the items on the factors (Hair et. al, 2010). I used oblique factor rotation (direct oblimin 

in SPSS) since the literature from chapter 2 suggests a correlation between the variables, and multiple 

correlation are above the .30 rule of thumb (Field, 2009). Subsequently I checked which items can be 

removed (for full list of items and related abbreviations, see Appendix C). I will do this by checking 

the communalities in combination with checking for double loaders. The P > 0.3 rule of thumb is used 

to determine what items have too low communalities (Field, 2009). FP_2 (Customer Satisfaction) has 

the lowest communality with .583 (see Appendix E), this well above the P > 0.3 rule of thumb, so 

there are no problematic communalities. 

Looking at the Pattern Matrix, two cross-loaders are found that have a < .20 difference 

between the highest and second highest factor loading on the items. Furthermore, all of the items have 

their highest loadings on one of the first two factors. The two cross-loaders are “CO_S_2 Our 

company interacts with customers to set reliability responsiveness and other standards” and “FP_2 For 

the past few years our company has been able to increase customer satisfaction”. Removing these 

cross-loading items would improve the statistical power, but lower the alignment with the theoretical 

framework and thus deteriorate the validity of the measurement. The measurement instruments 

Customer Orientation and Firm Performance are all widely used instruments adopted from other 

studies (Ziggers, & Henseler, 2016; Chen, & Tsou, 2012). These studies used large sample sizes (>100 

respondents), and are therefore considered more reliable than above mentioned outcomes. Thus, I will 

keep the items in the analysis based on a priori data. The only instrument that is created by myself and 

therefore not adopted from acknowledged research is Big Data Performance. However, this instrument 
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appears to be internally consistent, based on the earlier mentioned Cronbach’s alpha. Furthermore, it 

does not show cross-loaders. Therefore, it is considered a reliable instrument. 

 

4.5 Descriptive Statistics 

Correlations 

  
FP Country Position Firm Size Firm Age BDP CO CO*BDP 

FP 1        

Country ,472** 1       

Position -0,189 -0,035 1      

Firm Size 0,136 -0,053 -,342* 1     

Firm Age -0,140 0,072 -0,098 ,576** 1    

BDP ,456* 0,067 0,274 ,394* 0,214 1   

CO ,800** 0,269 -0,086 0,169 -0,056 ,363* 1  

CO*BDP -0,243 -0,021 0,150 -0,006 0,064 0,078 -,391* 1 

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

*. Correlation is significant at the 0.05 level (2-tailed). 

Table 4: Descriptive Statistics and Pearson Correlations 

 

The descriptive statistics and correlations of the variables are shown in Table 4. The values represent 

the correlations, in this case Pearson’s Correlation. The stars indicate the significance level. The values 

indicate that there is correlation between the variables. 

The conceptual model (see chapter 2) suggests a correlation between the independent variables 

BDP, CO, and the dependent variable FP. This can be confirmed as well by Pearson’s Correlation 

(respectively: .456, P < 0.05; .800, P < 0.01). However, the interaction-effect is not significantly 

correlated to Firm Performance, opposing the theoretical framework. I will elaborate on this later. The 

control variable Country appears correlated to Firm Performance (.472, P < 0.01). The control 

variables Position, Firm Size, and Firm Age are not significantly correlated to Firm Performance 

(respectively: -.189, P > 0.05; .136, P > 0.05; -.140, P > 0.05). For full correlation matrix with 

significance values, see Appendix H. 

The degrees of freedom are a function of the sample size (N) and the number of independent 

variables in the conceptual model (Pandey, & Bright, 2008). In this case the sample size is small 

(N=34) and there are 8 independent variables (IT, CO, BDP, CO*BDP, and four control variables) in 

the regression model.  A general rule is that the ratio between sample size and independent variables 

should at least be 5:1, which is this case is 34:8  41/2 :1. This makes the degrees of freedom low, 

where a large amount of degrees of freedom is needed for the generalization of the results, which is 

related to statistical power (Hair et. al, 2010; Pandey, & Bright, 2008). This asks for caution in 

drawing conclusions based on the analysis. 
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4.6 Regression Analysis 

In this section I will perform the regression analysis. This will include the relationship between the 

control variables, CO, BDP, CO*BDP and FP. The analysis will be performed through a three stage 

hierarchical regression. Model 1 includes the control variables Country, Position, Firm Size and Firm 

Age,. In Model 2 the main variables CO and BDP are added, Model 3 will also include the interaction 

effect. 

Model 1 has the control variables as predictors. This model explains 21.8% of the variance in 

Firm Performance looking at the .218 adjusted R squared in the Model Summary, with a significance 

of .037 (see Appendix I for Model Summary). When the variables Customer Orientation and Big Data 

Performance are added, the explained variance increases to 78.4% (Adj. R2= .784; p=.000). Therefore, 

this model explains more variance in Firm Performance because of the main variables. Model 3 also 

included the interaction effect of Customer Orientation and Big Data Performance. However, this does 

not increase the explained variance (Adj. R2= .774) and thus does not provide a significant F-value (p= 

.841). This implies that model 3 is not significant, and the interaction effect has no significant effect 

on Firm Performance.  

The ANOVA test shows significant values for all three models with a significance level of P < 

.05 (Model 1: F (4, 25) =3.024, p=.037, Model 2: F (6, 23) =18.507, p=.000, Model 3: F (7, 22) 

=15.207, p=.000). The significance of the ANOVA is an indication that the correlations represented by 

the three models are significant. To go in further detail I will look at the Coefficients table. 

 

Table 5: Coefficients 

Coefficientsa 

Indep. V. 

Model 1 Model 2 Model 3 

Coeff. Sig. Coeff. Sig. Coeff. Sig. 

Country 0,494 ** 0,266 * 0,263 * 

Position -0,143 n.s. -0,123 n.s. -0,119   

Firm Size 0,214 n.s. -0,133 n.s. -0,132   

Firm Age -0,264 n.s. -0,249 * -0,252 * 

Customer Orientation     0,629 *** 0,642 *** 

Big Data Performance     0,349 ** 0,342 * 

Interaction CO*BDP         0,021 n.s. 

Significance levels: *** p<0.001; ** p<0.01; * p<0.05; ° p<0.10; n.s. not significant. 

For complete Coefficients table see Appendix I. 

   

The Coefficients table shows that the control variable Country (dummy variable) has a 

significant effect in the first model with a significance level of p <.0.01**. In model 2, the significance 

of the variable Country drops to a significance of p<.05*. This is still significant but its effect appears 

to be weakened. Customer Orientation has a p<0.001*** significance, where Big Data Performance 

has a p<0.01** significance which means both main variables have a significant effect on Firm 
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Performance in model 2. Furthermore, Firm Age becomes significant in model 2 with a p<0.05 

significance level. 

 In model 3, the control variable Country has still a significant effect (p<.05*). Control 

variable Firm Age is also significant in model 3. Both the main variables remain significant as well. 

However, the interaction effect is, opposing the expectations from the literature, not significant at all 

(p>0.10). The interaction effect was the only addition in model 3, and therefore the other variables 

show no remarkable change. 

 What do these significance levels imply? This means the control variable Position has a 

significant effect in all three models with a standardized β-coefficient of .494 when no other 

independent variables are added. This means every increase of 1 on the variable Position means a .494 

increase on Firm Performance, which is considered a strong effect. When CO and BDP are added to 

the model the standardized β-coefficient drops to .266 which means the addition of the independent 

variables weakens the effect of Position. This is caused by the main variables CO and BDP that have 

respectively a standardized β-coefficient of .629 and .349. Thus, both have a stronger effect on FP than 

Position. Furthermore, Firm Age also becomes significant in model 2 with a standardized β-coefficient 

of -.249. This means a drop of 1 in firm age leads to a .249 increase in firm performance. 

 The addition of the CO*BDP interaction effect doesn’t make much difference since Country 

still has a .263 standardized β-coefficient, and the standardized β-coefficient of CO and BDP only 

change marginally from .629 to .642 (CO), and from .349 to .342 (BDP). This means there is no 

significant improvement of model 3 to model 2, which is supported by the Model Summary (Appendix 

I) that shows a significance value of .841 for model 3.  
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5. Conclusion and Discussion 

5.1 Findings 

This study has the goal to answer the following research question: Are big data performance and a 

firm’s customer orientation predictors of e-Commerce firm performance? The motivation for this goal 

was that big data analysis and a customer orientation are considered relevant for e-Commerce firms, 

and existing literature did not provide clearance on this relationship. Based on the literature study, the 

predictors big data applications (measured as big data performance) and customer orientation 

appeared to be related to firm performance of e-Commerce firms, subsequently the relationship was 

tested with statistical analysis. The variables are all measured on a firm-level and all respondents are 

employed in an e-Commerce firm. Therefore, the outcomes of this study are relevant for all e-

Commerce firms.  

 The main finding of this study is that both the customer orientation and big data performance 

of e-Commerce firms positively affects firm performance. The interaction effect between customer 

orientation and big data performance on firm performance was not significant. The country of the e-

Commerce firm also has a significant effect on firm performance, which means there are cross-

national differences. The Dutch companies have higher firm performance than e-Commerce firms 

from other countries. Furthermore, there also is a significant relationship between firm age and firm 

performance. This relationship was negative, which means younger e-Commerce firms perform better. 

The details will be discussed in the following sections. 

 

5.2 Theoretical Implications 

According to the hypothesis 1 it was expected that big data performance affects firm performance 

positively. Subsequently, this relationship is significant when it was added to Model 2 of the 

hierarchical regression with a standardized β-coefficient of .349 (p<0.01), where the model itself was 

also significant and explained 78.4% of the variance in firm performance (Adj. R2= .784; p=.000). 

This implies that every increase of 1 on a 7-point Likert scale of big data performance leads to a .349 

increase in firm performance. Thus, according to these results big data performance has a significant 

positive relationship to firm performance, confirming the expectations from the literature study. 

Therefore, the hypothesis H1: An e-Commerce firm’s big data performance affects firm performance 

positively is accepted. 

 Hypothesis 2 stated that An e-Commerce firm’s customer orientation affects its performance 

positively. This hypothesis is confirmed since the regression analysis showed that CO has a 

standardized β-coefficient of .629 and has a significance level of p<0.001. This means that every 

increase of 1 point in a firms customer orientation on the 7-point Likert scale will lead to a .629 

increase on the 7-point scale of firm performance. This is in line with literature on the customer 
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orientation (Ziggers, & Henseler, 2016). The contribution of this study is that the literature on 

customer orientation now has evidence to be related to e-Commerce context.. 

 The third hypothesis included the interaction effect between a firm’s customer orientation and 

big data performance: The better a firm’s customer orientation is, the stronger the relationship 

between big data performance and firm performance. However, the interaction effect of big data 

performance and customer orientation was not significant with a β-coefficient of 0.021 (p > 0.10), 

which caused the third model to be neither significant (Adj. R2=.774, p=.841). This implies that big 

data applications are not significantly more effective in the presence of a customer orientation. This 

hypothesis was developed to discover whether big data applications are better deployed when the firm 

has a better understanding of the customer and its preferences. This study does not provide empirical 

evidence that the literature on big data and the customer orientation are related, besides the outcome 

that they both positively relate to firm performance in an e-Commerce context. In sum, the main 

research question Are big data performance and a firm’s customer orientation predictors of e-

Commerce firm performance? can be answered with a yes, since both big data performance and a 

customer orientation have a significant effect on firm performance. 

 The results showed that the control variable Nationality has a significant relationship with firm 

performance in both model 1 (stand. β=0.266, p < 0.05) and model 2 (stand. β=0.263, p < 0.05). Since 

the variable was presented as the dummy variable Dutch with the reference category non-Dutch it 

means that being a Dutch e-Commerce firm is a predictor of enhanced firm performance. Thus, the 

Dutch firms in this sample (Dutch firms: N=26) perform better than the non-Dutch firms (N=8). The 

non-Dutch category is represented by a mix of respondents from Germany, Denmark, France, India, 

United States, and South Africa. Since all of these categories are represented by only one or two 

respondents, it is not reliable to draw conclusions on the differences between the Non-Dutch countries. 

 Furthermore, the control variable Firm Size showed that smaller firms have better firm 

performance since the standardized β-coefficient was negative (-.249; p < 0.05). This opposes the 

literature of Yang, Xun, & He (2015) that states that established firms generally perform better than 

smaller firms because of their abundant resources. This study provides evidence that smaller firms in 

the e-Commerce context perform better. I will elaborate on this in the next section. 

 

5.3 Managerial Implications 

Based on the results of this study, it might be interesting for managers of e-Commerce firms to gain 

insights in the customer orientation. My results indicate, in line with previous research, that the 

customer orientation is positively related to firm performance. The customer orientation can be 

measured with an acknowledged tool (see Appendix A). Having a look at the scores on the 

measurements can provide the manager with useful information in where to improve its customer 

orientation in order to better understand and respond to customer needs. This will in turn lead to 

improved firm performance. 
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The results of the effect of control variable Nationality are reason to believe Dutch e-

Commerce firms perform better than mentioned non-Dutch e-Commerce firms. This could be 

interesting for investors who are interested in e-Commerce firms. The performance is measured by 

market share, customer satisfaction, profit, brand image, and customer loyalty. 

The control variable firm age also has a significant effect on firm performance. The negative 

standardized β-coefficient implies that younger firms perform better. This is not completely strange 

since the online business world is full of powerful startups (AirBnB, Uber, Instagram, Snapchat). The 

e-Commerce context is characterized by being very dynamic since it is sensitive to trends in customer 

wants and needs. Therefore, being a large and established firm might make it more difficult to adapt to 

the changing environment. Although this is merely speculation, it does provide empirical evidence that 

not only Dutch firms appear to be favored in firm performance, but also the young firms or startups. 

However, the results should be interpreted with caution, as will be explained in the next section. 

 

5.4 Limitations 

In this section I will discuss the limitations of the analysis, which has implications for the reliability of 

the results. Subsequently, I will discuss how to guide future research. 

 The response ratio for the posts in the LinkedIn-groups was not available, therefore I do not 

know how many people read the post and whether the distinction between readers who did and who 

didn’t fill in the survey has implications. Besides that, I cannot be sure whether the respondents from 

the LinkedIn-groups actually work in e-Commerce companies. The requests were posted in groups 

related to e-Commerce activities and I specifically requested only people who worked in an e-

Commerce firm, but since I do not know the actual jobs of the respondents I cannot be sure. 

 Like mentioned in chapter 3 and 4, the sample size is relatively small. Hair et. al (2010) state 

that a minimum respondent to independent variable ratio of 15-20 to 1 is advised. This means that this 

study, that included 8 independent variables in the regression analysis, needs at least 120 to 160 

respondents. The actual sample size is 34, which means there are not many degrees of freedom. 

Therefore, caution in drawing conclusions based on the results is necessary. 

 It also has to be noted that the instrument to measure big data performance was self-created, 

and not yet verified by other studies. Since it is not tested before the instrument is considered to be less 

reliable than the other -acknowledged- instruments. To check the reliability of the BDP measurement I 

performed a reliability analysis to assess the Cronbach’s alpha. This provided a score of .841, which is 

considered reliable according to Hair et. al (2010). Therefore, I decided to use this item for measuring 

BDP, despite the fact that it was not verified by other studies. 
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5.5 Further Research 

In this section I will elaborate on how future research on the discussed topics should be guided. 

 Like mentioned, the sample size is small and the model has low statistical power, thus the 

results have to be interpreted with caution. Therefore, using this study as a starting point to study 

similar relationship with a larger sample size would provide more reliable results on this topic. 

 The results show that big data applications enhances firm performance in an e-Commerce 

context. This has not been measured before and could be an interesting topic to look further into. It 

could provide managers with useful information on how to organize their e-Commerce activities by 

checking the scores on the big data performance measurement. Chen and Tsou (2012) performed a 

study on the IT capability and its performance effects by using customer service as a mediating factor. 

This study only used the deployment of the IT capability in the model, which was big data 

performance. It could be interesting to include the IT capability itself in the model and see whether 

there is a significant difference between the effect on firm performance of the IT capability and the 

effect of big data applications. 

 Furthermore, the Nationality variable showed that the Dutch e-Commerce firms perform better 

than non-Dutch e-Commerce firms. I did not focus on this effect, and it was only used as a control 

variable. The outcome is surprising, and it can be an interesting starting point for future research to 

analyze cross-national differences in e-Commerce firm performance. The same applies to the control 

variable Firm Age. This study provides empirical evidence that younger e-Commerce firms perform 

better. I would be interesting to set up a study with a large sample size that compares not only the 

cross-national differences in e-Commerce firm performance but also the differences between different 

firm ages. 
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Appendices 

Appendix A: Survey 

 

Control Variables 

(Firm Age and Firm Size: Yang, Xun, He, 2015) 

Firm Age 

 How many years does the firm exist? 

o < 5 years 

o 6 – 10 years 

o 11 – 15 years 

o 16 – 20 years 

o 21 – 25 years 

o > 25 years 

 

Firm Size 

 How many employees are currently working in the firm? 

o < 5 employees 

o 6 – 10 employees 

o 11 – 20 employees 

o 21 – 50 employees 

o 51 – 100 employees 

o > 100 employees 

 

(Position and Nationality, self-created measurements) 

Position 

 Which of the following best describes your position in the company? 

o Director / Corporate title 

o Manager 

o Support / Staff 

o Operational worker / Employee 

Nationality 

 What is your nationality? 

 

Customer Orientation (Ziggers, & Henseler, 2016) 

Customer responsiveness 

 Our company anticipates and responds to customers' evolving needs and wants.  
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 Our company emphasizes the evaluation of formal and informal customer complaints.  

 Our company follows up with customers for quality/service feedback.  

 

Customer sensing 

 Our company interacts with customers to set reliability responsiveness and other standards.  

 Satisfying customer needs is the central purpose of our company.  

 A customer focus is reflected in our business planning. 

 

Big Data Performance (self-created; based on literature of Akter, & Wamba, 2016) 

 Our IT function helped our company to improve personalization of services and products 

 Our IT function facilitates the use of dynamic pricing (price adjustments based on real time 

data) 

 Our IT function facilitates our customer service processes 

 Our IT function facilitates the predicting of customer behavior 

 Our IT function facilitates us in providing the customer with information on their orders 

 Our IT function use helped our company to manage and prevent digital fraud 

 

Firm Performance (Chen, & Tsou, 2012) 

 For the past few years, our company has been able to increase market share. 

 For the past few years, our company has been able to increase customer satisfaction. 

 For the past few years, our company has been able to increase profit. 

 For the past few years, our company has been able to enhance business brand and image. 

 For the past few years, our company has been able to enhance customer loyalty. 
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Appendix B: Reliability Analysis 

Customer orientation:   Big data performance: Firm performance: 

 

Reliability Statistics 

Cronbach's 

Alpha N of Items 

,838 6 

 

Since Firm Performance had a low Cronbach’s Alpha I checked whether I could raise the 

value by deleting one of the item. This can be seen in the item total statistics table below: 
 

 

Item-Total Statistics 

 

Scale Mean if 

Item Deleted 

Scale Variance 

if Item Deleted 

Corrected Item-

Total Correlation 

Cronbach's 

Alpha if Item 

Deleted 

FP_1 For the past few years 

our company has been able 

to increase market share. 

23,40 8,593 ,591 ,621 

FP_2 For the past few years 

our company has been able 

to increase customer 

satisfaction. 

23,50 9,983 ,284 ,713 

FP_3 For the past few years 

our company has been able 

to increase profit. 

23,57 5,909 ,490 ,685 

FP_4 For the past few years 

our company has been able 

to enhance business brand 

and image. 

23,47 8,120 ,426 ,669 

FP_5 For the past few years 

our company has been able 

to enhance customer loyalty. 

23,53 8,051 ,701 ,580 

 
 

  

Reliability Statistics 

Cronbach's 

Alpha N of Items 

,841 6 

Reliability Statistics 

Cronbach's 

Alpha N of Items 

,703 5 
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Appendix C: Descriptive Statistics 

 

 

Descriptive Statistics 

 N Minimum Maximum Mean Std. Deviation 

CV1_Co In what country are 

you currently working? 

34 1 2 1,24 ,431 

CV2_Po Which of the 

following best describes your 

position in the company? 

34 1 4 1,62 1,015 

CV3_FS How many 

employees are currently 

working in the firm? 

34 1 6 3,47 1,637 

CV4_FA How many years 

does the firm exist? 

34 1 6 2,68 1,387 

CO_S_1 Our company has 

the central purpose to satisfy 

customer needs. 

31 3 7 6,23 ,956 

CO_S_2 Our company 

interacts with customers to 

set reliability responsiveness 

and other standards. 

31 3 7 5,68 ,871 

CO_S_3 Our company has a 

customer focus which is 

reflected in the business 

planning. 

31 4 7 5,97 ,752 

CO_R_1 Our company 

anticipates and responds to 

customers' evolving needs 

and wants. 

31 3 7 6,03 ,912 

CO_R_2 Our company 

emphasizes the evaluation of 

formal and informal customer 

complaints. 

31 3 7 5,42 1,089 

CO_R_3 Our company 

follows up with customers for 

quality/service feedback. 

31 3 7 5,45 1,121 

BDP_1 Our IT function helps 

our company to improve 

personalization of services 

and products. 

30 4 7 5,80 ,961 
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BDP_2 Our IT function 

facilitates the use of dynamic 

pricing (price adjustments 

based on real time data). 

30 1 7 4,53 1,613 

BDP_3 Our IT function 

facilitates our customer 

service processes. 

30 1 7 5,80 1,375 

BDP_4 Our IT function 

facilitates the predicting of 

customer behavior. 

30 1 7 5,13 1,525 

BDP_5 Our IT function 

facilitates us in providing the 

customer with information on 

their orders. 

30 3 7 5,70 1,149 

BDP_6 Digital_Fraud 30 2 7 5,27 1,230 

FP_1 For the past few years 

our company has been able 

to increase market share. 

30 4 7 5,97 ,765 

FP_2 For the past few years 

our company has been able 

to increase customer 

satisfaction. 

30 4 7 5,87 ,730 

FP_3 For the past few years 

our company has been able 

to increase profit. 

30 1 7 5,80 1,518 

FP_4 For the past few years 

our company has been able 

to enhance business brand 

and image. 

30 3 7 5,90 1,062 

FP_5 For the past few years 

our company has been able 

to enhance customer loyalty. 

30 4 7 5,83 ,791 

Valid N (listwise) 30     
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Appendix D: Factor Analysis 

 

KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. ,678 

Bartlett's Test of Sphericity Approx. Chi-Square 249,709 

df 105 

Sig. ,000 

 

 

Total Variance Explained 

Factor 

Initial Eigenvalues Extraction Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 6,014 40,094 40,094 5,636 37,573 37,573 

2 2,539 16,928 57,022 2,278 15,185 52,758 

3 1,125 7,498 64,520 ,814 5,424 58,182 

4 1,002 6,682 71,202 ,699 4,660 62,843 

5 ,822 5,478 76,680    

6 ,785 5,231 81,911    

7 ,696 4,638 86,549    

8 ,602 4,014 90,563    

9 ,394 2,626 93,189    

10 ,302 2,014 95,202    

11 ,231 1,539 96,742    

12 ,185 1,232 97,974    

13 ,126 ,843 98,817    

14 ,119 ,791 99,608    

15 ,059 ,392 100,000    

Extraction Method: Principal Axis Factoring. 
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Appendix E: Communalities Table  

 

 

Communalities 

 Initial Extraction 

CO_S_1 Our company has 

the central purpose to satisfy 

customer needs. 

,723 ,649 

CO_S_2 Our company 

interacts with customers to 

set reliability responsiveness 

and other standards. 

,675 ,585 

CO_S_3 Our company has a 

customer focus which is 

reflected in the business 

planning. 

,747 ,594 

CO_R_1 Our company 

anticipates and responds to 

customers' evolving needs 

and wants. 

,665 ,469 

CO_R_2 Our company 

emphasizes the evaluation of 

formal and informal customer 

complaints. 

,802 ,670 

CO_R_3 Our company 

follows up with customers for 

quality/service feedback. 

,736 ,643 

BDP_1 Our IT function helps 

our company to improve 

personalization of services 

and products. 

,764 ,578 

BDP_3 Our IT function 

facilitates our customer 

service processes. 

,814 ,814 

BDP_4 Our IT function 

facilitates the predicting of 

customer behavior. 

,767 ,625 

BDP_5 Our IT function 

facilitates us in providing the 

customer with information on 

their orders. 

,848 ,967 
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FP_1 For the past few years 

our company has been able 

to increase market share. 

,655 ,347 

FP_2 For the past few years 

our company has been able 

to increase customer 

satisfaction. 

,583 ,379 

FP_3 For the past few years 

our company has been able 

to increase profit. 

,697 ,917 

FP_4 For the past few years 

our company has been able 

to enhance business brand 

and image. 

,591 ,502 

FP_5 For the past few years 

our company has been able 

to enhance customer loyalty. 

,662 ,687 

Extraction Method: Principal Axis Factoring. 
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Appendix F: Pattern Matrix and Oblique Factor Rotation 

Pattern Matrix after oblique factor rotation 

 

 

Pattern Matrixa 

 

Factor 

1 2 3 

CO_S_1 Our company has 

the central purpose to satisfy 

customer needs. 

,804 -,031 ,055 

CO_S_2 Our company 

interacts with customers to 

set reliability responsiveness 

and other standards. 

,086 ,185 -,544 

CO_S_3 Our company has a 

customer focus which is 

reflected in the business 

planning. 

,079 -,186 -,799 

CO_R_1 Our company 

anticipates and responds to 

customers' evolving needs 

and wants. 

,503 ,004 -,290 

CO_R_2 Our company 

emphasizes the evaluation of 

formal and informal customer 

complaints. 

,794 -,229 -,055 

CO_R_3 Our company 

follows up with customers for 

quality/service feedback. 

,741 -,152 -,053 

BDP_1 Our IT function helps 

our company to improve 

personalization of services 

and products. 

,167 ,419 -,404 

BDP_3 Our IT function 

facilitates our customer 

service processes. 

-,235 ,592 -,559 

BDP_4 Our IT function 

facilitates the predicting of 

customer behavior. 

,237 ,493 -,295 
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BDP_5 Our IT function 

facilitates us in providing the 

customer with information on 

their orders. 

,056 1,013 ,106 

FP_1 For the past few years 

our company has been able 

to increase market share. 

,561 ,079 -,030 

FP_2 For the past few years 

our company has been able 

to increase customer 

satisfaction. 

,052 ,047 -,567 

FP_3 For the past few years 

our company has been able 

to increase profit. 

,631 ,050 ,013 

FP_4 For the past few years 

our company has been able 

to enhance business brand 

and image. 

,648 ,171 ,088 

FP_5 For the past few years 

our company has been able 

to enhance customer loyalty. 

,711 ,129 -,139 

Extraction Method: Principal Axis Factoring.  

 Rotation Method: Oblimin with Kaiser Normalization. 

a. Rotation converged in 11 iterations. 
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Appendix G: Checking Assumptions 

 

Coefficientsa 

Model 

Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

Collinearity Statistics 

B Std. Error Beta Tolerance VIF 

1 (Constant) 1,086 ,646  1,680 ,106   

Country ,483 ,174 ,266 2,784 ,011 ,816 1,226 

Position -,245 ,245 -,123 -,998 ,329 ,491 2,036 

Firm Size -,057 ,055 -,133 -1,040 ,309 ,458 2,185 

Firm Age -,131 ,057 -,249 -2,320 ,030 ,646 1,547 

CO ,660 ,122 ,629 5,406 ,000 ,551 1,816 

BDP ,225 ,077 ,349 2,904 ,008 ,516 1,937 

a. Dependent Variable: FP 

 

Residuals Statisticsa 

 Minimum Maximum Mean Std. Deviation N 

Predicted Value 4,5588 6,8956 5,8733 ,62601 30 

Residual -,55291 ,68160 ,00000 ,28491 30 

Std. Predicted Value -2,100 1,633 ,000 1,000 30 

Std. Residual -1,728 2,131 ,000 ,891 30 

a. Dependent Variable: FP 
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Appendix H: Correlations 

 

Correlations 

  FP Country Position Firm Size Firm Age BDP CO CO*BDP 

FP Pearson 
Correlation 

1 ,472** -0,189 0,136 -0,140 ,456* ,800** -0,243 

Sig. (2-
tailed) 

  0,008 0,316 0,474 0,460 0,011 0,000 0,196 

N 30 30 30 30 30 30 30 30 

Country Pearson 
Correlation 

,472** 1 -0,035 -0,053 0,072 0,067 0,269 -0,021 

Sig. (2-
tailed) 

0,008   0,846 0,766 0,687 0,723 0,144 0,910 

N 30 34 34 34 34 30 31 30 

Position Pearson 
Correlation 

-0,189 -0,035 1 -,342* -0,098 0,274 -0,086 0,150 

Sig. (2-
tailed) 

0,316 0,846   0,048 0,580 0,143 0,645 0,429 

N 30 34 34 34 34 30 31 30 

Firm 
Size 

Pearson 
Correlation 

0,136 -0,053 -,342* 1 ,576** ,394* 0,169 -0,006 

Sig. (2-
tailed) 

0,474 0,766 0,048   0,000 0,031 0,363 0,975 

N 30 34 34 34 34 30 31 30 

Firm Age Pearson 
Correlation 

-0,140 0,072 -0,098 ,576** 1 0,214 -0,056 0,064 

Sig. (2-
tailed) 

0,460 0,687 0,580 0,000   0,256 0,764 0,738 

N 30 34 34 34 34 30 31 30 

BDP Pearson 
Correlation 

,456* 0,067 0,274 ,394* 0,214 1 ,363* 0,078 

Sig. (2-
tailed) 

0,011 0,723 0,143 0,031 0,256   0,049 0,682 

N 30 30 30 30 30 30 30 30 

CO Pearson 
Correlation 

,800** 0,269 -0,086 0,169 -0,056 ,363* 1 -,391* 

Sig. (2-
tailed) 

0,000 0,144 0,645 0,363 0,764 0,049   0,032 

N 30 31 31 31 31 30 31 30 

CO*BDP Pearson 
Correlation 

-0,243 -0,021 0,150 -0,006 0,064 0,078 -,391* 1 

Sig. (2-
tailed) 

0,196 0,910 0,429 0,975 0,738 0,682 0,032   

N 30 30 30 30 30 30 30 30 

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

*. Correlation is significant at the 0.05 level (2-tailed). 

  



54 
 

Appendix I: Hierarchical Regression 

 

 

Model Summary 

Model R 

R 

Square 

Adjusted R 

Square 

Std. Error of 

the Estimate 

Change Statistics 

R Square 

Change 

F 

Change df1 df2 

Sig. F 

Change 

1 ,571a ,326 ,218 ,60814 ,326 3,024 4 25 ,037 

2 ,910b ,828 ,784 ,31992 ,502 33,668 2 23 ,000 

3 ,910c ,829 ,774 ,32680 ,000 ,041 1 22 ,841 

a. Predictors: (Constant), CV4_FA, Dummy_Co_NL, Dummy_Po_Manager, CV3_FS 

b. Predictors: (Constant), CV4_FA, Dummy_Co_NL, Dummy_Po_Manager, CV3_FS, CO, BDP 

c. Predictors: (Constant), CV4_FA, Dummy_Co_NL, Dummy_Po_Manager, CV3_FS, CO, BDP, 

Interact_BDP_CO_notCentered 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 4,473 4 1,118 3,024 ,037b 

Residual 9,246 25 ,370   

Total 13,719 29    

2 Regression 11,365 6 1,894 18,507 ,000c 

Residual 2,354 23 ,102   

Total 13,719 29    

3 Regression 11,369 7 1,624 15,207 ,000d 

Residual 2,350 22 ,107   

Total 13,719 29    

a. Dependent Variable: FP 

b. Predictors: (Constant), CV4_FA, Dummy_Co_NL, Dummy_Po_Manager, CV3_FS 

c. Predictors: (Constant), CV4_FA, Dummy_Co_NL, Dummy_Po_Manager, CV3_FS, CO, BDP 

d. Predictors: (Constant), CV4_FA, Dummy_Co_NL, Dummy_Po_Manager, CV3_FS, CO, BDP, 

Interact_BDP_CO_notCentered 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) 5,428 ,495  10,957 ,000 

Dummy_Co_NL ,896 ,300 ,494 2,989 ,006 

Dummy_Po_Manager -,285 ,361 -,143 -,790 ,437 

CV3_FS ,092 ,090 ,214 1,022 ,317 

CV4_FA -,139 ,106 -,264 -1,317 ,200 
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2 (Constant) 1,086 ,646  1,680 ,106 

Dummy_Co_NL ,483 ,174 ,266 2,784 ,011 

Dummy_Po_Manager -,245 ,245 -,123 -,998 ,329 

CV3_FS -,057 ,055 -,133 -1,040 ,309 

CV4_FA -,131 ,057 -,249 -2,320 ,030 

CO ,660 ,122 ,629 5,406 ,000 

BDP ,225 ,077 ,349 2,904 ,008 

3 (Constant) 1,697 3,089  ,549 ,588 

Dummy_Co_NL ,476 ,180 ,263 2,640 ,015 

Dummy_Po_Manager -,237 ,253 -,119 -,935 ,360 

CV3_FS -,057 ,056 -,132 -1,009 ,324 

CV4_FA -,133 ,058 -,252 -2,279 ,033 

CO ,558 ,518 ,532 1,077 ,293 

BDP ,101 ,618 ,156 ,163 ,872 

Interact_BDP_CO_notCenter

ed 

,021 ,102 ,246 ,202 ,841 

a. Dependent Variable: FP 

 

 


