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1. INTRODUCTION 

Pricing is one of the four ‘P’s (product, place, promotion, price) in marketing research which plays 

a crucial role in determining the profitability of a seller. Employing a successful pricing strategy 

is pivotal to ensure sustainable revenue management in any business arena (SCHLOSSER & 

BOISSER, 2018; GREENSTEIN-MESSICA & ROKACH, 2018). The advent of globalisation has 

intensified the competition among firms, resulting in the formation of destructive price 

environments which are unfavourable to sellers. The contagion effect of globalisation has already 

become a major concern for the multinational firms (TARHAN, 2007). The problems like 

unanticipated transmission of crises in local economies to the global marketplace have toppled 

their operational plans. These issues have forced them to frame various strategic business models 

and pricing techniques to retain the competitive edge in today’s cut-throat business environment. 

Nonetheless, revenue optimisation through pricing strategies that helps retain a loyal consumer 

base without compromising the profitability is a highly esoteric task which many are still 

struggling with.  

Finding the right price for a product at the right time that maximises a firm’s profitability and at 

the same time doesn’t hurt the consumer price perceptions is a very complicated endeavor 

(VICTOR et al., 2019b). It is in this regard the revenue management techniques are gaining 

momentum internationally. Revenue management aims at selling the right product to the right 

customer at the right price, time, and place ensuring the optimal usage and minimum wastage of 

available resources (CROSS, 1997). One of the most common and successfully practiced revenue 

management techniques in the Electronic Commerce segment by many multinationals including 

Amazon, Walmart etc. is the dynamic pricing strategy. Under dynamic pricing, the price of a 

product is determined in accordance with its corresponding market demand and supply in real time 

(HAN et al., 2018). Dynamic pricing has lately thrived as a highly effective operations research 

tool which has been widely used in product pricing. GÖNSCH, KLEIN, & STEINHARDT (2009) 

define dynamic pricing as a pricing strategy where the seller sets a non-negotiable price that 

changes dynamically over time. 

With the advent of big data analytics, this pricing strategy has gone one step further in which price 

is tailor made for each individual or a group of individuals exhibiting similar characteristics such 

as taste, preferences, income range etc. With the availability of more and more reliable information 

about the willingness and ability to pay of the existing and prospective customers, the sellers are 

able to classify them into more refined groups (OFT, 2013). The data collected by the businesses 

may include some or all the information given in Table 1.  
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Table 1. Categories of personal data collected online 

Volunteered Data Observed Data Inferred Data 

Name IP Address Income 

Phone Number Operating System Health Status 

Email Address Past Purchases Risk Profile 

Date of Birth Website Visits Responsiveness to Ads 

Address for Delivery Speed of click through Consumer Loyalty 

Responses to Survey User’s Location Political Ideology 

Professional Occupation Search History Behavioural Bias 

Level of Education “Likes” in Social Networks Hobbies 

Sources: OECD (2018), OECD (2015), EOP (2015), OFT (2013) 

This highly customised pricing technique is popularly termed as personalised pricing. Personalised 

pricing helps the sellers squeeze consumer surplus to the maximum possible extent (Townley et 

al., 2017). OECD (2018, p.9) defines personalized pricing as “any practice of price discriminating 

final consumers based on their personal characteristics and conduct, resulting in prices being set 

as an increasing function of consumers’ willingness to pay”. With the spread of digitalization and 

the use of sophisticated data driven business models, the impacts inflicted by the dynamics of these 

new pricing strategies on consumer perceptions have already become a heated matter of discussion 

among academicians and policy makers. Already many ethical and privacy concerns have come 

up regarding the prospects of using the personalized pricing tactic in which prices are tailored 

based on the customer’s own private information. A study conducted by Deloitte in 2018 shows 

that around 45% of the online consumers are concerned about sharing their data for customization 

of targeted advertisements offers, recommendations etc. The intention of consumers to shop online 

does not necessarily mean that they are willing to share their personal data. Furthermore, the study 

indicates that 40% of the retailers who were identified using big data analytics use the outputs to 

personalize prices and promotions in real time and around 12-20% of customers have had issues 

regarding personalized pricing (DELOITTE INSIGHTS, 2018). 

With the current pace of technological progress, although it is technically possible to estimate the 

willingness to pay of a consumer in real time, it is highly questionable whether the short term 

increase in revenue of a firm offsets the risk of losing a loyal customer base in the long run 

(TOWNLEY et al., 2017). In a world where data has become the new oil, individuals are cautious 

about sharing their personal data to third parties. Employing a hardly transparent pricing technique 

like personalized pricing in this context should be given much thought and research in this regard. 



11 

 

Given the benefits of personalised pricing to the revenue management of the firms, it is pivotal to 

figure out how consumers react to this novel pricing strategy at an early stage of implementation 

which will help the firms make adequate changes to their business tactics and execute it more 

effectively. 

1.1. Problem Statement 

The application of big data technology in the E-Commerce has enabled the sellers to have access 

to crucial information such as the approximate ability and willingness to pay of each consumer. 

This, in turn, has helped them create customised prices for each individual or for a group of 

individuals with similar online shopping behavioural traits. The shopping history and trends along 

with the personal details used for creating accounts on shopping websites are used to differentiate 

prices among the consumers (OECD, 2018). A study conducted by REINARTZ et al (2017) among 

2000 online buyers in Germany show that the European consumers are well informed about the 

rapid variations in online prices. There are many options available in today’s enhanced online 

environment to trace information regarding such price information (LAMBERTON and 

STEPHEN, 2016). Previous studies in the area show that the consumers do check the prices their 

peer group, acquaintances and other people pay for a product which they just bought (XIA et al.,  

2004; BOLTON, 2003; MONROE, 1973). The inherent risk which lies in here is that the 

consumers may apprehend that they are not being treated fairly or equally after comparing the 

magnitude of differences between the price they paid, and the price others had paid for the product. 

This discriminatory pricing technique may also evoke unanticipated reactions in at least some 

consumers as it affects their perceived price fairness, customer loyalty and privacy concerns  (DAI, 

2010; ZEITHAML et al., 1996) This could have an adverse impact on their overall purchase 

satisfaction which might further lead to some detrimental post purchase reactions such as 

spreading their negative experience by word of mouth, through online platforms as well as 

shunning the seller altogether and considering rivals for future purchases etc. (DAI, 2010).  

It is worthwhile to mention a quote by ADAMS (1965, p.283) on equity to explain consumer’s 

perceived attitude towards the discriminatory pricing strategies in this regard. Adams stated that 

“the presence of inequity will motivate the perceiver to achieve equity or to reduce inequity; and 

the strength of motivation to do so will vary directly with the perceived magnitude of inequity 

experienced”. This statement could be interpreted in the light of an event happened in 2000 when 

Amazon attempted to practice targeted online dynamic pricing for the first time and the consumers 

were enraged after figuring out the discrimination in prices and filed legal complaint against the 

company (STREITFELD, 2000). The event reminds that the consumers do have a tendency to 

resort to measures which will compensate for the perceived loss due to the price differences they 
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experience and their motivation to do so depends on the magnitude of the price difference with the 

reference price which the consumer perceive as fair. Some previous studies (BARBIER DE LA 

SERRE & LAGATHU, 2013; SCHOFIELD, 2019) show that personalized prices may be 

perceived as unfair by consumers. The study by REINARTZ et al (2017) depicts the reluctance 

among the online buyers in accepting prices which are tailored exclusively for them based on their 

own personal information. These results are supported by a survey conducted by European 

Commission in 2018 among twenty thousand consumers. Only 8% among the respondents see 

benefits of the personalized pricing and 36% see both advantages and disadvantages. The major 

results of the survey are given in Figure 1. 

 

Note: Based on a consumer survey conducted by EU consumer programme among 21,734 respondents in 2018. 

Figure 1. Consumer attitude towards personalised pricing in EU 

Source: EU CONSUMER PROGRAMME (2018) 

Some of the existing theoretical frameworks used in the literature to explain consumer behaviour 

in the E-Commerce sector are the Theory of Reasoned Action (TRA) propounded by FISHBEIN 

& AJZEN (1975) and its extended version, the Theory of Planned Behaviour (TPB) by AJZEN 

(1985). These theories basically tries to explain the desire of an individual to engage in a certain 

behaviour based on the information available. However, the efficacy of these theories in explaining 

the consumer reaction in a modern platform based economy where the prices change in real time 

in response to changes in inventories, individual or group preferences etc. is questionable. The 
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reason is that these theories fail to take into account of the consumers’ privacy concerns, fair price 

perceptions and the monetary gains and loss accruing to consumers due to fluctuations in prices. 

The model developed in this study tries to overcome these limitations not only by factoring in the 

aforementioned variables but also by using a hypothetical purchase scenario intended to familiarise 

the respondents with the basic notions of the pricing strategy through simulating an online 

purchase experience where the respondent has either a monetary gain or loss due to personalised 

pricing. The simulation gives the provision to distinctly assess the post purchase reactions of 

consumers in a positive and negative personalised pricing context. The researcher hence believes 

that the results of this model to be more precise and logical in a personalised context. 

After reviewing the literature, a research gap was identified in the area which explicates consumer 

behaviour in a personalised pricing environment in the E-Commerce sector, especially in the 

countries like India and Malaysia with a rapidly booming E-Commerce sector. To the best of the 

author’s knowledge, at present, there is a lack of a comprehensive model explaining consumer 

behaviour in a positive and negative personalised pricing context in the E-Commerce sector. 

Considering the dearth of studies in the research area and the novelty of the topic, this research 

attempts to analyse consumer reaction in a negative and positive personalised pricing environment 

by constructing a model melding various factors influencing consumer behaviour and test its 

significance using Partial least Square based Structural Equation Modeling (PLS SEM). The 

results of this study are expected to give new insights to the businessmen, managers, researchers 

and policy makers in both countries on the consumer perceptions towards this modern pricing 

strategy which would help them frame better business tactics, legal directives and policy 

framework. 

1.2. Significance of the Study 

The purpose of this research is to examine how online consumer behaviour changes in a 

personalised pricing context in the E-Commerce sector. The existing literature shows that the 

consumers shopping online are sensitive to the magnitude and proximity of price changes (DAI, 

2010; XIA et al., 2004), and are largely concerned about sharing their personal data with the sellers 

(REINARTZ et al., 2017). This study primarily attempts to explain these issues using a single 

model. 

The significance of this study is the contribution it makes to the existing literature of personalised 

pricing in the E-Commerce sector. Considering the absence of a model explaining consumer 

behaviour in an online personalised pricing context, this model after further validation and testing 

could be extended to expound consumer behaviour under this pricing strategy in different countries 
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and in offline personalised pricing environments. Findings of this study along with the previous 

literature available in the area is expected to give insights to the businessmen and policy makers 

on how fair price perceptions, privacy concerns and purchase satisfaction will change in a 

personalized pricing context and the subsequent impact on the post purchase reactions of 

consumers. It is also necessary to mention the dearth of studies in the research area which connects 

personalized pricing with consumer behavior in general and especially in the fast-growing 

economies like India and Malaysia.  

The online business in the developing countries in Asia offer huge business potential to the local 

as well as global E-commerce giants. The internet penetration in the Asian countries like India, 

China, Malaysia etc. are growing rapidly. India as of 2019, is the fastest growing E-Commerce 

market in the world, growing at a rate of 17.8% annually. The E-Commerce market in India is 

expected to surpass the US E-Commerce market in 2034 to become the second largest E-

Commerce market in the world (IBEF, 2019). The E-Commerce market in Malaysia is also 

showing a rapid growth over the past few years. The contribution of E-Commerce to GDP jumped 

from RM 37.7 billion in 2010 to RM 85.8 billion in 2017, with a growth rate of 12.2% per year 

(THE STAR, 2018). The E-Commerce market in Malaysia generated a revenue of US$3,751m in 

2018-19 and the Average Revenue Per User (ARPU) is estimated around US$185.06 (STATISTA, 

2019).  

India and Malaysia have strengthened their co-operation in the digital initiatives especially in E-

Commerce since 2017. Many Indian IT firms situated in Cyberjaya, Malaysia are benefitted by the 

conducive business environment offered by Malaysia’s Digital Free Trade Zone (YAHAYA, 

2017). Several incentives including a tax exemption up to 70-100% are offered to the Indian IT 

companies in Malaysia. Furthermore, Malaysia is keen to adopt India’s E-Commerce model to 

boost the digital initiatives in the country (ENN, 2018). Considering the cooperation between 

Indian and Malaysia in the E-commerce sector, and the similarity in the E-Commerce models, the 

online consumers in the two countries were considered as the primary sample for this study.  

For the two countries with a rapidly growing online retail sector boosted by strong co-operation in 

digital initiatives, it is inevitable that the firms undertake a background study to figure out the 

perceptions and reactions of the prospective and existing consumers prior to implementing a novel 

pricing strategy like personalized pricing. In this regard, the results of this study would be a useful 

reference for the firms already practicing and those intending to practice personalised pricing 

technique in the Indian and Malaysian E-Commerce segment.  
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1.3. Objectives of the Study 

1. To emphasize the significance and contribution of online business in the growth of the fast 

booming economies of India and Malaysia. 

2. To figure out the importance of big data driven pricing strategies in the revenue 

management practices of E-Commerce sellers. 

3. To expound how various factors influencing consumer behaviour change in an online 

personalised pricing context. 

4. To conceptualise, test and validate a research model explicating consumer behaviour in an 

online personalised pricing context. 

1.4. Research Questions and Hypotheses 

To examine how consumers behave in a personalised pricing context, the impact of personalized 

pricing on various factors which influence the purchase decisions of consumers must be studied. 

In this research, four factors namely consumers’ fair price perceptions, customer loyalty, privacy 

concerns, and purchase satisfaction are taken into account and how personalized pricing influences 

these four crucial factors is specifically studied. The subsequent changes resulting from the 

changes in these factors which may influence the post purchase intentions such as repurchase 

intentions, revenge intentions and strategic purchase intentions are examined through a partial least 

square based structural equation modeling (PLS SEM). The construct purchase satisfaction also 

plays the role of a mediator in the relationship between the independent and dependent variables. 

Furthermore, how customer loyalty influences the relationship between fair price perceptions and 

purchase satisfaction is analysed by setting customer loyalty as a moderating variable. The 

research questions and the hypotheses following are framed based on the previous literature 

available in the study area and also based on author’s own previous researches. 

How does the perceived price fairness of consumers in a personalized pricing context affect their 

post purchase reactions? 

Hypothesis 1a: Fair Price Perception of consumers positively influences their repurchase 

intentions. 

Hypothesis 1b: Fair Price Perception of consumers negatively influences their revenge 

intentions. 

Hypothesis 1c: Fair Price Perception of consumers negatively influences their strategic 

purchase intentions 

Hypothesis 1d: Fair Price Perceptions of consumers positively influences their satisfaction with 

the purchase. 
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Does loyalty towards the seller affect the post purchase reactions of consumers in a 

personalized pricing context? 

Hypothesis 2a: Loyalty towards seller positively influences the repurchase intentions of the 

consumers. 

Hypothesis 2b: Loyalty towards seller negatively influences the revenge intentions of the 

consumers 

Hypothesis 2c: Loyalty towards seller negatively influences the strategic purchase intentions of 

the consumers. 

Hypothesis 2d: Loyalty towards seller positively influences the consumers` satisfaction with 

purchase. 

Do consumers have privacy concerns regarding the usage of personal data for customizing 

prices exclusively for them? How will the privacy concerns affect the post purchase 

reactions of consumers? 

Hypothesis 3a: Privacy concerns negatively influences the repurchase intentions of the 

consumers. 

Hypothesis 3b: Privacy concerns positively influences the revenge intentions of the consumers. 

Hypothesis 3c: Privacy concerns positively influences the strategic purchase intentions of the 

consumers. 

Hypothesis 3d: Privacy concerns negatively influences the consumers’ satisfaction with the 

purchase. 

Does satisfaction with purchase influence the post purchase reactions of consumers 

(repurchase intentions, revenge intentions and strategic purchase intentions)? 

Hypothesis 4a: Customer Loyalty positively moderates the relationship between fair price 

perceptions and purchase satisfaction. 

Hypothesis 4b: Purchase satisfaction positively influences the repurchase intentions of the 

consumers. 

Hypothesis 4c: Purchase satisfaction negatively influences the revenge intentions of the 

consumers. 

Hypothesis 4d: Purchase satisfaction negatively influences the strategic purchase intentions of 

the consumers. 
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The conceptual research framework to be tested in this study is given in Figure 2. The research 

framework illustrates the interaction between the independent variables (Faire price perceptions, 

Customer loyalty, Privacy concerns, Purchase Satisfaction), dependent variables (Repurchase 

intentions, Revenge intentions, Strategic purchase intentions), the mediating (Purchase 

satisfaction) and moderating variables (Customer loyalty).  

 

 

 
 

           Figure 2. Research Framework 

          Source: Author’s own construction 
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2. LITERATURE REVIEW 

The first part of this chapter gives an overview of the existing literature on E-Commerce, its 

evolution and revenue management techniques followed by a brief description of the personalised 

pricing and its impacts on consumers and economy. Previous studies on different aspects of 

personalised pricing is explained briefly to depict the literature gap in the area of consumer 

behaviour under personalised pricing in the E-Commerce segment. The existing legal framework 

in India and Malaysia on personal data protection and competition laws are also discussed. The 

concepts of fair price perception, privacy concerns, customer loyalty and purchase satisfaction in 

a personalised pricing context are further explained in the light of the existing literature. 

2.1. Electronic Commerce - Definition 

Electronic Commerce or more popularly, E-Commerce involves the use of internet, mobile 

applications and browsers to engage in business transaction. In a more formal way, it can be 

defined as ‘digitally enabled commercial transactions between and among organisations and 

individuals’ (LAUDON & TRAVER, 2017). There are several definitions explaining different 

features of E-Commerce. The definition used in this study is the one given by HOLSAPPLE & 

SINGH (2000, p.165) According to them,  

“Electronic Commerce is an approach to achieving business goals in which technology is used to 

manage knowledge for purposes of enabling or facilitating the execution of activities in and across 

value chains as well as the making of decisions that underlie those activities.” 

2.1.1. Brief history of E-Commerce 

The rapid advancements in the Information and Communication Technology (ICT) in the late 19th 

century gave birth to the idea of Electronic Commerce. It is a relatively novel concept which found 

its place in the business arena in the early 1990s when the internet was opened up for commercial 

use.  Although internet existed in its earliest and primitive form the 1970’s, it was primarily used 

as a medium of Electronic Data Interchange (EDI) through which business documents were shared 

between companies. In the 1980’s Research universities were the primary owners of computers 

other than big companies and few networks like BITNET and USENET were the platforms which 

allowed the users to send emails and share documents during those periods (MIVA, 2011). 

However, the concept of Electronic Commerce didn’t gain much popularity until the development 

of the World Wide Web in the 1990s. Although many initiatives toward the realization of 

Electronic Commerce started in the 1960s, it was in 1991, the idea of E-Commerce became popular 

when the National Science Foundation removed its ban on commercial internet use. One of the 
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main issues encountered in the infancy stage of E-Commerce was the security concerns. The 

Security Socket Layer (SSL), a protocol offered in Netscape 1.0, released in 1994 helped to encrypt 

personal information used on the web. This made secure online transactions possible and increased 

the trust of people using internet (HUSSUNG, 2016). The history of E-Commerce remains 

incomplete without citing the success story of Amazon and eBay, two companies which 

revolutionized the sector. Amazon in particular developed a full-fledged business model 

exclusively for the online retail business. The timing of their entry was perfect and is one of the 

reasons for the success of Amazon, an online retail firm which has attracted around 615 million 

customers according to a survey conducted in 2008 (DEVKATE, 2013). As pioneers, the business 

model set by Amazon with the customer review systems and affiliate marketing featured as an 

ideal model for the newcomers. eBay, which was named as Auction. Web at the time of inception 

had a slightly different business model from that of amazon which allowed users to bid on other 

people’s used items. This ensured that not only tech giants and entrepreneurs, but also common 

people could enter into the online market and sell products. In the year 2007, there were around 

220 million users and eBay was earning 52.5 billion US Dollars in auctions which show that they 

leveled the playing field with their business model (EBAY, 2018; HUSSUNG, 2016). 

2.1.2.  Milestones in the evolution of E-Commerce 

A timeline of the important events in the evolution of Electronic Commerce excerpted from BIG 

COMMERCE (2018) is as follows. 

1969 –  CompuServe, the first E-Commerce Company is formed by Dr. John R. Goltz and Jeffrey 

Wilkins utilizing a dial up connection. This is for the first time the concept of E-Commerce is 

introduced to the world.  

1979 –  Michael Aldrid invents Electronic Shopping. He is popularly considered as the                                                    

inventor of E-Commerce. This invention made the transmission of secure data through internet 

possible. 

1982 – Boston Computer Exchange launches as one of the first E-Commerce companies.  

1994 – Netscape introduces a web browser named Netscape navigator which is a user friendly 

browser for browsing online 

1995 – Launch of Amazon and eBay which later became the global E-Commerce giants. 

1998 – PayPal launches as an E-Commerce payment system to make online money transfers. 

1999 – Alibaba.com launches 

2004 – World E-Commerce sales is 1.3 trillion US dollars. 



20 

 

The unique features of E-Commerce technology as identified by LAUDON & TRAVER, (2017) 

are given in Table 2. These are features which make Electronic Commerce distinct from the 

traditional business.  

Table 2. Unique Features of E-Commerce Technology 

E-Commerce 

Technology 

Dimension 

Significance in 

Business 

 

 

Ubiquity 

E-Commerce is available everywhere with an active internet 

connection - at work, at home, anywhere. (LAUDON & TRAVER, 

2017) 

Reduces the cost of participating in the market (Business costs).  

Lowers the intellectual energy (mental efforts required to finish a 

task) necessary to complete a transaction in the market space. 

(SHAPIRO & VARIAN, 1999; TVERSKY & 

KAHNEMAN, 1981) 

 

Global Reach 

Potential to extend business across national boundaries and around 

the world.  

Entry to the global Marketspace to engage in business with 

millions and billions of consumers. (EVANS & 

WURSTER, 1997) 

 

 

 

Universal Standards 

Availability of common global technology foundations which is 

available to nations around the world. 

Lower Market Entry Costs – The only cost is to bring their 

products to the market. 

Lower Search Costs for the consumers – The efforts required to 

find suitable products will become considerably low and the price 

discovery becomes transparent, simple and accurate 

(BAKOS, 1997; KAMBIL, 1997) 

 

Interactivity 

Allows communication between sellers and buyers in methods like  

face to face experience. E.g. provisions to comment, group forums, 

social networking etc. (LAUDON & TRAVER, 2017) 

 

 

Information Density 

Availability of vast amount of quality information to all market 

participants  

The price and cost transparency existing in the E-Commerce space 

has increased competition among E-Commerce seller resulting in 

lower prices to the end buyers (SINHA, 2000) 

 

Personalisation and 

Customisation 

 Provisions for engaging in personalized marketing and 

customization of products based on individual characteristics.  

With the advent of big data, possibilities are open to personalize 

prices for individual customers. 

 

Social Technology 

E-Commerce technology has become more social by involving 

users to make and share content with a worldwide community.  

The product based community forums and networks keep the 

sellers updated of the consumer attitudes and preferences. 

(LAUDON & TRAVER, 2017) 

Source: LAUDON & TRAVER (2017) 
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Several business models evolved since the inception of Electronic Commerce in the 1960s. 

CHAFFEY et al (2009) classified various models of E-Commerce into the following categories; 

Business to Business (B2B) – This model is perceived as the most important segment which 

involves transactions of goods and services between companies in the process of making economic 

value (CHAFFEY et al., 2009). The parties involved include manufacturers, distributors, suppliers, 

retailers etc. E-infrastructure which comprises necessary operating softwares, logistics 

arrangements serve as a virtual platform where suppliers and buyers can interact. The main purpose 

of B2B is to facilitate the intermediary manufacturing process for the end customers 

(VAITHIANATHAN, 2010). 

Business to Consumer (B2C) – This model is centered around the consumers. It involves the sale 

of goods, services and information to consumers. Here consumers learn about various products 

from the online retailer websites, make the purchases, pay using electronic cash and secure 

payment and finally get the products delivered (VAITHIANATHAN, 2010). The main B2C 

markets prevalent today are the Electronic Retail (E-tail) platforms, Electronic-Banking which 

helps to manage personal finance using various online financial instruments. The Business to 

Consumer E-Commerce is mainly utilized for channel enhancement, i.e. to surpass the entry 

barriers and expanding already existing marketplace (LEONARD & JONES, 2014).  

Business to Government and Government to Business (B2G/G2B) – This model includes of 

business transactions between companies and public sector. The first case involves companies 

taking up several activities for the public sector like a procurement contract through online systems 

(E.g. Online tender). In the second one, Government informing the business organization about 

the legal framework, rules etc. through their websites. Broadly speaking, it is a part of the 

Electronic Governance (CHAFFEY et al., 2009). 

Consumer to Consumer (C2C) – Consumer to consumer E-Commerce allows consumers to buy 

and sell goods from other consumers rather than sellers through the use of technology. C2C is 

becoming more common in the recent period (LEONARD & JONES, 2014). Many E-commerce 

platforms like eBay allow consumers to sell their products to other consumers through auctions. 

For this study, the researcher focuses on the pricing strategies and consumer reaction in the 

Business to Consumer (B2C) model. 

Electronic Commerce has thrived as a modern business system which caters to the needs of 

merchants, organisations, consumers, government etc. through computer network and electronic 
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infrastructure. Basically, it is buying and selling of goods and services over the internet. Adopting 

Electronic Commerce has helped the businesses in a wide range of areas including cutting down 

unnecessary expenses, increasing the speed of delivery of goods and services, improving 

productivity, reducing paper work and so on (YADAV, 2010). Striving to exist in a cut-throat 

competitive world, the companies adopt various possibilities of the Electronic Commerce in 

different ways to maintain a competitive edge. The online retail sector is witnessing an 

unprecedented wave of innovation which is mainly driven by technology. The new business 

models evolving day by day have a very profound effect on the global E-Commerce business and 

the entire value chain involved (OVUM, 2016). The worldwide E-Commerce sales was 1.33 

billion US Dollars in 2014 which in 2017, touched 2.3 trillion US dollars and is projected to be 

around 4.88 trillion dollars by 2021 (STATISTA, 2018). Figure 3 shows the growth of worldwide 

E-Commerce sales over the years. 

 

Figure 3. Worldwide retail E-commerce sales from 2014 to 2021 (in billion U.S. dollars) 

Source: STATISTA (2019) 

The E-Commerce sector is still evolving day by day with alterations brought forth to the existing 

business models and with the advent of new business models powered by sophisticated 

technologies and efficient revenue management systems. 

2.2. An Overview of Electronic - Commerce in India and Malaysia 

2.2.1. Electronic Commerce in India 

India is the seventh largest country in the world covering an area of 3.3 million sq.km. The 

population in India as per the WORLD BANK (2017) was 1.39 billion in 2017 and is currently 
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the most populous country in the world after China. Indian economy is the top among the fastest 

booming economies in the world with a growth rate of 7.3% and a total Gross Domestic Product 

(PPP) of 2689 billion US dollars in 2018 (STATISTA, 2019). Looking at the population structure 

of India, 65% of the population is aged 35 or below (WORLD BANK, 2017) and there are plenty 

of forecasts that this nation with an ‘emerging middle class’ of more than 500 million could 

potentially surpass the US economy (in PPP terms) by 2050 (PWC, 2018). The population 

structure and the expected rise in disposable income represents a highly motivated consumer 

market with plenty of opportunities to offer the world.  

The recent report published by KANTAR IMRB (2018) forecasts that India’s internet users are 

expected to reach 627 million in 2019. The report also states that the annual growth of internet 

usage is 18% as of December 2018. However, the overall internet penetration is still 40%. 

Although this percentage is not relatively high as compared to other countries, considering the 

huge population and the rapid spread of internet in the rural areas owing to various national 

digitalization programs, this number is expected to rise in the upcoming years. The electronic 

commerce market in India is hailed as the fastest growing e-commerce market in the world. 

Revenue earned from the sector in 2017 was 39 billion US dollars which is expected to touch 120 

billion dollars in 2020. Certain factors which will permit this growth are 100% FDI allowed in the 

business to business E-Commerce, growing young population and also the increasing internet 

penetration. Huge investments are already made by the E-Commerce giants like Amazon and 

Walmart in the country.  The leading stores in the Indian e-Tail segment as in 2017 is given in 

figure 4. 

 

Figure 4. Leading online stores in India in 2017 ranked by net e-commerce sales (in million 

U.S. dollars)  

Source: STATISTA (2019) 
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Statistics given in Figure 4 shows that Amazon.in is the leading E-Commerce seller in India with 

a sales volume of 561.4 million US dollars in 2017. The native E-Commerce giant Flipkart comes 

second in the list having done a business worth 553.5 million US dollars posing as the top 

competitor to the former. As per the latest report of BAIN AND COMPANY (2017), the pace of 

growth of Indian online retail market is higher than that of other global online markets from the 

period 2013 to 2017 with a Compound Annual Growth Rate (CAGR) of 53%. Furthermore, the E-

Commerce sector in the country is expecting a sales volume of around 200 billion US dollars in 

2026 which was only around 38.5 billion US dollars in 2017. 

The number of Micro Small and Medium Enterprises in India adopting E-Commerce is increasing 

rapidly. The latest report of the Ministry of Micro Small and Medium Enterprises in India states 

that about 51 million units of MSMEs provide jobs to 117 million people in India. More than 6000 

products are manufactured in the MSME sector which is about 45% of the total manufacturing and 

account for 40% of the total exports. UNIDO (2018) reports that those MSMEs which adopted 

advanced digital technologies to boost their business have seen a 27% increase in the annual 

revenue than the offline MSMEs. The growth has been attributed to various factors such as reduced 

distribution and marketing costs, reduced inventory costs, shorter time lag to the marketplace etc. 

Some significant statistics of the online MSMEs as reported by UNIDO (2018) are as follows; 

1) MSMEs already in the E-Commerce space have seen up to 60% reduction in marketing 

and distribution costs. 

2) MSMEs using E-Commerce have witnessed a 27% higher annual revenue growth than the 

offline counterparts. 

3) The cost of entering the E-Commerce space is as low as 100 dollars for MSMEs. 

The growth of MSME sector in India is crucial for the proposed goals of financial inclusion and 

employment generation. Some of the problems faced by MSMEs in the E-Commerce space such 

as adoption of new technology, training of staff etc are being tackled with the assistance of leading 

E-Commerce companies in the country. E-Commerce technology open a vast international and 

domestic business opportunities to the MSMEs (UNIDO, 2018).  

2.2.2. Electronic Commerce in Malaysia 

Malaysian E-Commerce right now is at an inflection point which implies that a rapid growth in 

the sector is expected in the coming years (MITI, 2018). The revenue is predicted to grow at an 

annual rate of 11.4%, compounded Annual Growth Rate for 2019 – 2023 with a total volume of 

US$5,776 m by 2023. The largest segment in the Malaysian E-Commerce market is Electronics 
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and Media with a market volume of US$1,014m in 2019. Furthermore, the user penetration rate 

which is 62.5% now is anticipated to touch 65% by 2024 (STATISTA, 2019). Malaysia has 

prepared a National E-Commerce Strategic Roadmap with a view to double the current growth 

and increase the E-Commerce contribution in GDP to around RM 170 billion by 2020 (MITI, 

2018). Six thrust areas were identified under this initiative are given in Table 3. 

Table 3. National E-Commerce Strategic Roadmap – Malaysia 

Supportive Governance Framework  

Speed up 

the 

seller 

acceptance 

of 

eCommerce 

Augment the 

usage of 

eProcurement 

by 

businesses in 

the country 

•Remove non-

tariff 

barriers 

•Domestic 

e-fulfilment 

•Cross-border 

e-Commerce 

•offer consumers 

protection in e-

Payments 

Reallocate 

the 

prevailing 

incentives 

available to 

the 

eCommerce 

sellers 

Provision 

for more 

strategic 

investments 

in select 

eCommerce 

seller(s) 

Encourage 

local 

brands to 

increase 

cross border 

eCommerce 

transactions 

 

Source: MITI (2018) 

Furthermore, the strong online culture prevailing in the southeast Asian countries portray the 

potential for growth. Around 63% of the Malaysian population is aged 35 and below. The average 

internet use in Malaysia is clocked at 14 hours per week and 47% of the population is smartphone 

savvy (MITI, 2018).  

A recent study by ACCENTURE (2018) shows that Malaysian Government’s economic 

trasformation programme is intended to help develop a strong digital ecosystem in the country by 

2020. The projections for 2022 is given in Table 4. 

Table 4. Digital Economy Statistics – Malaysia 

  

  
Population (in 

million) 

Internet 

Penetration 

Digital Buyer 

Penetration 

Per Capita 

Digital 

Purchase 

2017 31 .6 81% 89.40% $74  

2022 33.7 87.90% 91.40% $144.20  

Change  2.10% 6.90% 2.00% $70.20 

CAGR 1.30% 3.00% 3.40% 14.30% 

Source: ACCENTURE (2018) 
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The numbers given in Table 4 shows the ambitious plan of the Malaysian government to increase 

the digital per capita purchase by around $70.20 by 2022. They expect an internet penetration of 

around 6.9% by 2022. However, the digital buyer penetration is expected to increase only around 

2% in the next three years. 

Lazada.com.my is the most visited E-Commerce website with a monthly visit of 21,387,000. Other 

popular online retailers are Shopee, Lelong and 11 Street. The bar chart of the most visited online 

shopping sites in Malaysia as of first quarter of 2019 by monthly traffic is given in Figure 5. 

 

Figure 5. Highest monthly visits: Top 10 E-Commerce sellers in Malaysia 

Source: Own construction based on STATISTA (2019) 

Some concerns of online consumers as spotted by a survey conducted by PWC (2018) are online 

security issues (37% of respondents) and trust issues with the sellers (35% of respondents). 

However, with the advent of ultra-security measures such as 3D secure, the sellers are able to 

regain the trust of consumers. 

2.3. Revenue Management and Pricing Strategies in E-Commerce 

Revenue management can be defined as the application of analytics which are capable of 

predicting consumer behaviour to optimise the price, supply and inventory with an aim to 

maximise revenue growth. In other words, revenue management aims at selling the right product 

to the right customer at the right price, time and place ensuring the optimal usage and minimum 

wastage of available resources which in turn maximises the revenue of a firm (CROSS, 1997). 
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The pioneering research in the field of revenue management were carried out by ROTHSTEIN 

(1971, 1974) and LITTLEWOOD (1972). Their works primarily focussed on dealing with the 

issue of hotel and airlines overbooking. However, the revenue management practices became 

popular only after the work of BELOBABA (1987a; 1989b) on airline seat inventory control which 

was successfully applied by the American airlines. From then, many researches primarily in the 

airline industry came out showing the impact of revenue management on the operations of a firm 

(SMITH et al., 1992). In most of those original models, prices or fares were assumed to be fixed. 

In the 1990’s, when models become too industry specific, it was required to make changes to the 

pricing strategies as well. In the late 1990s more concrete researches on dynamic pricing policies 

in a revenue management context appeared (BITRAN & MONDSCHEIN, 1997; FENG & 

GALLEGO, 1995, 2000). As mentioned, the airline industry lead the way in using the revenue 

management techniques in the forms of capacity utilisation and dynamic pricing which was later 

spilled over to other industries such as retailers, online retailers (GERAGHTY & JOHNSON, 

1997), railways (CIANCIMINO et al., 1999), electric power supplies etc (OREN & SMITH, 

1993). 

Dynamic pricing has been widely applied in industries which require high initial investments, 

selling perishable products and a demand which is both price sensitive and stochastic. This pricing 

strategy find its base in the price discrimination principle in Economics. 

2.3.1. Price Discrimination 

TOWNLEY et al (2017, p.2) defines price discrimination as “…charging different customers or 

different classes of customers different prices for goods or services whose costs are the same or, 

conversely, charging a single price to customers for whom supply costs differ…” In simple words, 

it means the practice of selling the same good or service at different prices to different consumers.  

The logic behind the price discrimination is to set a price in accordance with the willingness to 

pay of a consumer rather than relating it to the cost of production (KOTLER & ARMSTRONG, 

2016). In order to practice price discrimination successfully, certain conditions are to be met 

(VARIAN, 1989). They are as follows; 

Some degree of market power - In order to successfully employ price discrimination, a firm should 

have some degree of market power. It means they should have the ability to price above the 

incremental costs of producing the product to discriminate prices (MCAFEE, 2008). In market 

structures like perfect competition, price discrimination does not exist as the buyers are well 

informed about the prices in the market and hence will not make the purchase from the seller who 

discriminate prices. They simply buy from other sellers. But Perfect competition is a highly 



28 

 

theoretical concept and the consumers do not always have perfect information regarding the prices 

(FRONTIER ECONOMICS, 2018).  

Ability to sort consumers - The ability to segment consumers either in terms of how much 

consumers are willing to pay or costs to serve the consumer. This can be done by analysing the 

behavioural traits exhibited by the consumers based on some observable characteristics. For 

example, those consumers who readily adapt to changes may be categorised as ‘engaged’ and those 

who do not as ‘disengaged’. In the modern times with firms having large amounts of data, they 

use different analytical tools aided by big data to segment consumers. 

Ability to prevent resale - The ability to prevent  resale is very important requirement to employ 

first and third degree price discrimination. Firms should make some kind of restrictions to make it 

impossible or expensive to resell products (VARIAN, 1989). If the firm charges different price for 

different consumers, there is a chance that the ones who got products at lower prices may sell it at 

a higher price to others. This is also known as arbitrage. 

2.3.2.  Types of Price Discrimination 

A.C. Pigou identified three main types of price discrimination based on the information 

assumed to be kept by the seller regarding the willingness to pay of the buyers (PIGOU, 1929). 

a) First Degree Price Discrimination  

First degree price discrimination is also known as perfect price discrimination which 

involves the seller setting price for each product which is equal to that consumer’s 

maximum willingness to pay for that particular product (VARIAN, 1989). In other words, 

firms have perfect information about each individual consumer’s willingness to pay which 

allow them to squeeze the whole consumer surplus. In personalised pricing where price is 

tailored for each individual consumer, first degree price discrimination is employed. 

However, perfect price discrimination is highly theoretical in nature (SHAPIRO et al., 

1998).  

b) Second Degree Price Discrimination 

Second degree price discrimination is also known as ’Versioning’ or ’menu pricing’ 

(SHARPIRO et al., 1998) or ’nonlinear pricing’ (VARIAN, 1989). Here, firm sets a menu 

of prices for different quantities or versions of the product. Consumers themselves choose 

the best option available which meets their needs. Quantity discounts are best example for 

second degree price discrimination.  
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c) Third Degree Price Discrimination 

In third degree price discrimination, a certain price is assigned to a certain group of people. 

The seller here has imperfect information about an individual’s willingness to pay and 

therefore set prices based on the observed characteristics or behaviour. It is also known as 

’group pricing’. The group of consumers are formed based on the common characteristics 

such as age, geographical locations, behavioural patterns, purchase histories etc. Typical 

examples are student discounts and senior citizen discounts (VARIAN, 1989).  

A monopolist practicing price discrimination based pricing strategies like dynamic pricing over 

the traditional uniform pricing has three main effects on aggregate consumer surplus (PIGOU, 

1929). 

I. Rent transfer effect – A monopoly seller using price discrimination has a broader variety 

of pricing options which aids to increase its profits (rents) at the expense of consumers. 

II. (Mis) Allocation effect – In a price discriminating context, output may not be allocated 

efficiently. In other words, output is not essentially distributed to consumers who value it 

the most. 

III. Output effect – Price discrimination offers a possibility for the sellers to increase output by 

offering products at lower prices to consumers.  

The rent transfer effect and the allocation effect incline to squeeze the consumer surplus whereas 

the output effect increases it. Most of the price discrimination pricing strategies including dynamic 

pricing can be more or less categorized as third degree price discrimination (TOWNLEY et al., 

2017). The impact of third-degree price discrimination on consumer surplus is thus abstruse. 

However, AGUIRRE et al (2010) and BERGEMANN et al (2015) state that although third degree 

price discrimination certainly shrinks the consumer surplus, there are instances where it could also 

increase.  

2.4. Dynamic Pricing 

Dynamic pricing is commonly referred to as the practice of changing prices based on the supply 

and demand responses in the market. This is not a brand new concept.  As professor Paul Krugman 

rightly noted, dynamic pricing is just a modern version of the old practice of price discrimination 

(KRUGMAN, 2000). Yet, the price discrimination practiced today is different in the sense that 

modern technology has made dynamic pricing more commercially feasible and viable. The E-

Commerce sellers are now widely employing dynamic pricing to maximize profits  by  charging  

different  prices  for very  similar  or  essentially  the  same  products  or services to different 
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customers based on various factors. (HAWS & BEARDEN,  2006). Broadly defining the concept, 

dynamic pricing involves the buying and selling of goods and services in markets where prices 

adjust freely in response to the demand and supply conditions at the individual transaction level. 

Although there are many auction models and ‘Name Your Own Price’ models which work based 

on the dynamic pricing principle, most retailers prefer the method which enables them to customize 

prices based on the willingness to pay of individuals (CARROLL & COATES, 1999).  

So far, retailers were practicing price discrimination at the aggregate market-segment level. 

However, the current technological progress and the availability of individual level information 

resulted in a paradigm shift in price determination, taking this pricing strategy to a whole new  

level. Since the menu cost in the online retail is nominal, dynamic pricing has become a norm in 

the E-commerce sector as the menu cost in the internet market is minimal. The cost of changing 

prices in internet marketing is negligible and online sellers can easily experiment with different 

prices to obtain a larger profit margin (VICTOR et al., 2018a).  

The first well known attempt to practice a customised online price discrimination was made by the 

world’s largest online retailer, Amazon.com in 2000 (MILLER, 2014). Amazon experimented 

with dynamic pricing using their huge databases and sophisticated technological infrastructure by 

setting prices for each customer based on the individual implied willingness to pay. However, 

consumers identified that Amazon was selling the same DVD at different prices to different 

consumers. Many consumers filed complaints against the company and they justified their actions 

as a ‘price test’ of randomly varying prices to estimate price elasticity of demand for each item 

and finally had to publicly declare that they would not employ this price discrimination strategy 

anymore to reinstate the consumer confidence (STREITFELD, 2000). Although Amazon 

maintained the claim that the prices show to the consumers were completely random, many suspect 

that it was a targeted dynamic pricing (MILLER, 2014). Only a few evidences were found after 

this incidence at least for a decade where sellers engaged in targeted dynamic pricing.  

However, in 2012, an Oregon based newspaper stated that the online consumers were still 

experiencing price discrimination in Amazon.com. The report gives an instance of one consumer 

who selected a set of Mahjong tiles to her online shopping cart was offered a price of 54.99$ but 

after some time, she recognized that the price soared to $79.99 dollars. When she dropped the item 

from the basket and tried adding again, it was then priced at $59.99. Wall Street Journal reported 

in the same year that Staples Inc.’s showed different prices to different consumers based on the 

geographical locations of consumers (TOWNLEY et al., 2017). The international hotel and travel 

bookings in US was also reported to be following a price discriminatory policy as stated in a 2015 
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study (ROSE & RAHMAN, 2015). A.C Pigou who first used the term price discrimination was 

aware of the inherent problems with this type of pricing methods. He advised that the businesses 

should be careful while setting price policies. He stated that; 

“Since a hostile public opinion might lead to legislative intervention, [the company’s] choice must 

not be such as to outrage the popular sense of justice.” (PIGOU, 1929, p.281) 

2.4.1. Advent of Big Data and Changes in Pricing Strategies 

With the recent advances in technology, our understanding of data has completely changed. Today, 

data is reckoned as one of the most important resources in the world. Although it is a resource 

which is easily accessible, making the most use of this resource requires both strategical and 

technical expertise. Those who have the prowess to exploit this resource will gain a competitive 

edge over their rivals in the years to come (DELOITTE, 2016). Big data implies the huge volume 

of data which involves business data, data from social media platforms, data generated from 

machines, mobiles and GPS, data collected by government and non-government agencies, non-

profit organisations etc. (US CHAMBER OF COMMERCE FOUNDATION, 2014). Big data 

analytics is reckoned as a disruptive technology which makes the existing technology obsolete, 

plummeting the value of investment made on the established ones (DANEELS, 2004). The 

services provided by professionals ranging from advertising to diagnosis are now substituted by 

the data-driven innovative applications (WANG et al, 2016). As a result, organisations are keen to 

invest more in developing big data infrastructures and skilled personnel (WAMBA et al., 2015). 

A data-driven eco system can optimise a wide range of operations in a firm like improving value 

chain, building better customer relationships, efficient use of available resources etc. Firms, in  this 

era of cut throat competition are striving to maximise their profitability by executing day to day 

operations very rationally and utlising the available labour force in the most efficient and economic 

way (KOPISHYNSKA et.al., 2016; VICTOR & FEKETE-FARKAS, 2018).  

Multinational companies like Amazon, Starbucks, Netflix, TMobiles etc. have already started 

unlocking the vast potential of the data generated within their companies. A study conducted by 

IDG in 2016 reports that about 78% of the large companies who have already embarked on 

leveraging the potential of big data agree that the tactical use of data analytics has changed the 

way they conducted the businesses. (IDG, 2016). The data-driven economy in Australia added 

approximately 67 billion dollars in new value to the Australian economy in 2013 alone. This is 

about 4.4% of the country’s total GDP (STONE & WANG 2014). Many cities like Manchester, 

Amsterdam, Chicago, Barcelona etc are making use of big data to improve transportation 

networks, digital public services with a view to support better town planning and local area 



32 

 

development. (OJO et al., 2015). In central and eastern Europe region, the revenue generated from 

big data analytics was nearly 2.73 billion dollars in the end of 2016 which also shows an increase 

of 8.9% than the previous year (IDG, 2016).  

Insights from big data transforms the way organisations perceive business impediments and aids 

them to make informed and efficient decisions based on objective data. Unlike the previous times, 

companies now have access to different kinds of customer related data which are collected from a 

wide range of sources including websites, mobile apps, soical medias, blogs etc. This enormous 

amount of data undergoes a sound analysis which finds imperceptible patterns, trends and 

correlations which are too minute to be identified and are being transformed into meaningful 

insights. Once the companies have started making valuable insights from the data generated, they 

can modify their business plans and strategies in line with what data portray as the real customer 

needs. Efficient logistics and inventory management depend on the accuracy of sales forecasts 

(VICTOR & FEKETE-FARKAS, 2018). This is where big data plays a pivotal role. The precise 

sales and demand forecasting using big data helps to reduce inventories and manage logistics 

movement in a very efficient way (KOT et al., 2011). Many companies have already initiated using 

insights from big data analytics for a people centric decision making. For instance, Sense-T, a real 

time data analytics company has synthesized the data on water, weather, crops, farm equipment 

etc in order to aid the farmers in the area to make efficient crop harvesting and to assist the 

government in improving water catchment systems and finally to help the consumers identify 

where the food is sourced from (STONE & WANG, 2014; VICTOR & FEKETE-FARKAS, 2018). 

Big data has a wide range of applications in online retail markets (COMPETITION MARKET 

AUTHORITY, 2018). According to Profitero, the online retail giant, Amazon is making around 

2.5 million price changes on a daily basis to optimise their profit earnings. This is how businesses 

make use of the potential of big data towards their end (PROFITERO, 2013).  

Latest reports state that they have been earning profits for 11 quarters successively since 2015 

(JASON, 2018). Big data driven algorithimic pricing is gaining popularity in the modern times. It 

is not just E-Commerce giants like Amazon and Walmart are using pricing algorithms, smaller 

online retailers are also following the suit (CHEN et al., 2016; LE & LIAW, 2017).  The study 

found out after analyzing 30000 Amazon’s third party sellers and price history of 1641 best-selling 

third party products, around five hundred sellers were using big data driven pricing strategies. 

Furthermore, these retailers got more feedbacks and managed to sell more products than the non-

algorithmic sellers. The research also reported that some sellers were changing prices from 10 to 

sometimes more than 100 times a day which left them with the conclusion that pricing algorithms 
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are used to compete with the price changes of their rivals (CHEN et al., 2016). The 

COMPETITION MARKET AUTHORITY (2018) also concurs the use of algorithmic pricing by 

large Amazon third party sellers which are developed by professional algorithm suppliers.  

2.5. Personalised Pricing 

The fourth industrial revolution, rapid advancement of the internet of things and the digital 

technologies have enabled the sellers to know more about the choices and preferences of 

consumers. With the availability of public and private data such as location, gender, age, search 

history, sensitivity to price offers etc firms are now able to estimate the approximate willingness 

to pay of consumers and engage in a more polished form of price discrimination such as 

personalised pricing. In personalised pricing, prices are tailored for each individual customer or 

for a bunch of customers who display similar online charactersitic traits. Through this pricing 

strategy, the sellers squeeze a major share of the consumer surplus which in turn maximise their 

profits (GEHRIG et al., 2012).  

The Office of Fair Trade UK defines personalised pricing  as “…the practice where businesses 

may use information that is observed, volunteered, inferred, or collected about individuals’ 

conduct or characteristics, to set different prices to different consumers (whether on an individual 

or group basis), based on what the business thinks they are willing to pay.” (OFT, 2013, p.2). 

Sellers in the traditional markets and bazaars are not unfamiliar with this pricing technique. 

Haggling is a very common practice in many of the bazaars and agricultural markets. Sellers in 

these markets are mostly able to figure out the willingness of consumers to pay for a product, 

which helps the sellers tailor prices for each customer. For the online retailers, the information 

about the personal details of their customers remained ambiguous until the dawn of big data 

analytics. Big data has made it possible to collect information and to know more about the details 

of the actual and future customers without having met them personally. The firms now have the 

possibilities to make changes in prices more rapidly and offer personalised targeted advertisements 

for individual online consumers, as well as customize prices for each customer on the basis of their 

income, spending habits, past purchases, online reviews, social media engagements etc. (VICTOR 

et al., 2019a). This practice is often ascribed to the practice of first degree price discrimination or 

“perfect price discrimination” in which the sellers are able to squeeze the total consumer surplus 

(ARMSTRONG, 2006). Nevertheless, the idea of first degree price discrimination is highly 

theoretical in nature which requires perfect information about the income, taste, preferences, 

choices, etc. of the existing and potential consumers. 
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From an economic standpoint, there are some hindrances which check the prevalence of first 

degree price discrimination (EDWARDS, 2006). First of all, the firms are required to have perfect 

monopoly to have perfect control over the price. Perfect monopoly is a highly theoretical concept 

which are rarely encountered in the real world (VARIAN, 1989). Secondly, even a perfect 

monopolist will have to set the prices below the equilibrium level at times to attract customers. 

Finally, perfect information about the consumer behaviour is a ‘wild dream’ of every seller which 

they often don’t get.  Hence, the possibility of first degree price discrimination or perfect price 

discrimination is near to impossible from an economic standpoint (SALOP & STIGLITZ, 1977). 

In reality, only a proportion of the total willingness to pay of consumers are grabbed by the sellers. 

Furthermore, firms do group consumers who exhibit similar traits and tailor prices for each group 

instead of customizing prices for each individual customer. This is an example for third degree 

price discrimination (TOWNLEY et al., 2017).  

Figure 6  illustrates personalised pricing as a function of the willingness to pay of the consumer. 

As mentioned, the seller does not charge price equal to the total ability to pay of a consumer due 

to several reasons. 

 

Note: In a personalized pricing context, the price charged changes in accordance with the estimation of the 

willingness to pay of a consumer. 

Figure 6. Illustration of Personalised Pricing  

Source: OECD (2018) 

Although the terms dynamic pricing and personalized pricing are usually used interchangeably, 

they are distinct and have different meanings. The main difference is that while personalized 

pricing involves setting prices for individuals on the basis of their personal characteristics, 
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dynamic pricing implies altering prices (often in real time) in accordance with the changes in 

demand and supply. Dynamic pricing does not entail a discrimination based on consumers’ 

observed characteristics. This in a way allude that dynamic pricing poses fewer concerns with 

regard to discrimination and facilitates the price mechanisms to function efficiently as compared 

to personalized pricing (OECD, 2018).  

2.5.1. Empirical and Anecdotal Evidences of Personalised Pricing 

The concerns regarding personalized pricing became sound only in the past few years. This 

perhaps is due to a variety of reasons. The European Commission states that firms might have 

already embarked on personalized pricing but executing in a non transparent way, being dreaded 

of adverse consumer reactions. Moreover, detecting personalized pricing is not an easy task. 

“technical possibilities for online personalisation have become much more advanced and hard to 

capture/measure” (EU CONSUMER PROGRAMME, 2018, p.43). 

Empirical evidences for the existence of personalised pricing in digital markets was examined by 

HANNAK et al (2014). The study investigated 300 real world user accounts and cookies to detect 

personalized pricing in 16 popular Electronic Commerce websites. The results show that 9 out of 

16 websites use some sort of personalization. Furthermore, the EU CONSUMER PROGRAMME 

(2018) survey shows that 12 to 20% of the consumers reported bad experiences related to 

personalized pricing.  

The study by MIKIANS et al (2013) reported a number of online firms in various sectors including 

hotels, travel agencies, clothing and apparels, online retailers etc. who offered personalized deals 

to customers based on various attribute of the customers. IORDANOU et al (2017) found out that 

some online sellers made price discriminations based on geographical locations and type of 

browser used.  The study shows that the online prices offered to people in different countries are 

highly dispersed and the dispersion within countries are comparatively lower due to legal reasons. 

2.5.2. Personalised Pricing vs Uniform Pricing 

As mentioned earlier, personalized pricing does not always necessarily happen at the individual 

consumer level due to the lack of perfect information. The firms might instead go for customizing 

prices for groups of people who represent similar characteristics (TOWNLEY et al., 2017). 

However, for the purpose of illustration, personalized pricing is set as a linear function of the 

willingness to pay of consumers. The graphical illustration of the uniform pricing and personalized 

pricing is given in Figure 7. 
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Figure 7. Illustration of uniform pricing and personalized pricing 

Source: Personalised Pricing in the Digital Era, OECD REPORT (2018, p.18) 

Under uniform pricing or fixed pricing strategy, each consumer pays literally the same price for 

each product sold. The personalized pricing on the other hand works as a linear function of the 

willingness to pay identified of the consumer based on their observed behaviour and preferences. 

Under personalized pricing the price charged depends on his/her willingness to pay. 

2.5.3. Personalised Pricing and the Economic Paradigms 

Very few previous works available in the field of personalized pricing as it is a relatively novel 

research area. The existing literature along with major economic theories are analysed to examine 

the economic effects of personalized pricing.  

Theoretically, personalized pricing has the capability to improve allocative efficiency in an 

economy. The total social welfare which is a sum of producer surplus and consumer surplus 

(VARIAN, 1985) increases with the personalization of prices. To be more precise, firms set low 

prices for poor consumers who otherwise cannot afford the product and at the same time maintain 

their profitability by charging high prices to the rich customers for the same product which 

ultimately increases both consumer and producer surpluses. This result is concurred by the study 

of INDEREST & SHAFFER (2009) which state that price discriminatory strategies improves 

allocative efficiency in an economy. However, the conventional price discrimination strategies 



37 

 

may not necessarily increase the total social welfare due to lack of accurate information 

(SCHWARTZ, 1990).  

The highly sophisticated nature of personalized pricing makes it a hardly transparent pricing 

technique. This might make the consumer reaction highly complex due to higher search costs and 

the dilemma of the consumer to defer purchase and wait for price markdowns to make the 

purchase. Nevertheless, the information asymmetry gives an upper hand to the sellers and the 

consumers eventually lose a considerable share of consumer surplus due to the increased search 

costs (OFT, 2013).  

Studies have shown that the conventional price discrimination strategies do have both positive 

(GRENNAN, 2015; NEVO & WOLFRAM, 2002) and harmful effects (SHILLER, 2013; 

CUDDEFORD-JONES, 2013) on the distributional outcomes in an economy. Personalised pricing 

will cause a redistribution of consumer surplus from consumers who are relatively price elastic to 

those who have inelastic demands. Over and above, depending upon the accuracy of information 

on the consumer preferences and choices, the producers also squeeze a proportionate portion of 

consumer surplus resulting in the transfer of surplus from one economic agent to another i.e. 

consumers to producers (TOWNLEY et al., 2017). Hence the potential impacts of personalized 

pricing on distributional outcomes in an economy also depends on the accuracy of information 

collected by the firms. 

2.5.4. Personalised pricing and its impact on consumers  

The accuracy of data on consumer preferences and choices is the most critical factor which enables 

personalised price discrimination in digital markets.  

One of the important questions to be addressed while employing personalised pricing is to figure 

out how consumer reactions change when sellers have accurate and detailed information regarding 

consumer likings and preferences. A relevant model in this regard is that of ESTEVES (2014). 

The model assumes that all suppliers in the market have sources to obtain private information on 

consumer preferences. The accuracy of the information collected may vary though. At one end, 

they have completely useless information and on the other end, the firm has accurate and perfectly 

usable information. The results portray that the more accurate the information collected is, higher 

are the prospects to earn profits at the expense of consumers. But the competition between the 

firms also get intense in this situation.  Due to extreme competition, aggregate consumer surplus 

increases and the situation becomes favourable to the consumers. 
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Similar results are shown in the studies of SHY & STENBACKA (2015), COLOMBO (2015), 

LIU & SERFES (2004). These studies share a common finding that whether consumers get 

benefited when sellers have accurate knowledge of consumers’ likings and willingness to pay 

mainly depends on the extent of the data induced competition among the sellers. However, there 

are models which depicts scenarios where information dampens competition among sellers (LIU 

& SHUAI, 2013). 

Many dynamic models are available in the Economic literature which discusses the actions of 

seller with increasing information about consumers. The model developed by FUDENBERG & 

TIROLE (2000) presumes that the seller has no knowledge about the buyers in the first phase of 

sales. The sellers observe and categorise their buyers based on their reactions. The buyers who 

made the purchase reveal their brand preferences and the buyers who didn’t make any purchase 

were assumed to have very low willingness to pay for any  other brands. In the second phase three 

price options are offered; a specific price for the customers who made the purchase, an attractive 

price for the customers who didn’t make the purchase and another price for consumers who bought 

from the rivals. The results show that competition gets strong and consumers are benefited rather 

than in a uniform pricing. 

MATSUMURA & MATSUSHIMA (2015) shows a model with two firms (duopoly) where the 

firms using personalised pricing, take part in actions which bring down the marginal cost. 

However, when the ex-ante costs difference between the firms are considerably big, the small firm 

in the model would not use personalised pricing although the fixed cost is close to zero. The 

rationale behind this move is that the large firm might engage in more cost cutting activities which 

would ultimately be harmful to the small firm.  

However, there are studies which give opposite results. CHEN & ZHANG (2009) show that sellers 

with more accurate information will be able to rule out the presence of highly price sensitive 

consumers which help them to have a control on price cutting and handle the competition. This 

will hurt the consumers in aggregate. 

2.5.5. Personalised Pricing – Legal Framework in India and Malaysia 

The existing legal framework is reviewed to examine whether there are sufficient laws to safeguard 

consumer’s interest in a personalised pricing environment. The legal frameworks available in India 

and Malaysia to protect the welfare of consumers are discussed here.  

Competition law is an important legal framework set to protect consumer welfare. MOTTA (2004, 

p.31) specifies competition policy as “the set of policies and laws which ensure that competition 



39 

 

in the marketplace is not restricted in a way that is detrimental to society”. Some general concerns 

in this regard are raising prices, reducing output, quality deterioration, depriving consumer choices 

etc. Although competition laws differ from country to country, certain notions prevail in all 

competition law frameworks (SINGH, 2011). 

The competition Act of 2002, Section 4 states the provisions relating to the Abuse of Dominance. 

According to the COMPETITION COMMISSION OF INDIA (2002, p.12) “Dominance is not 

considered bad per se but its abuse is. Abuse is stated to occur when an enterprise or a group of 

enterprises uses its dominant position in the relevant market in an exclusionary or/ and an 

exploitative manner.” The act gives a list of activities which are considered as abusive by the 

dominant firms. It prohibits practices which have adverse effects on the healthy competitive 

practices in India and regulates unfair conduct by the dominant firms. Section 4(2) clauses (a) to 

(e) of the Act specifies the abusive activities.  

1. Imposing unfair or discriminatory conditions directly or indirectly while buying and selling 

of goods or services 

2. Engaging in unfair or discriminatory price practices (including predatory pricing) in 

purchase or sale of goods or services.  

3. Impeding production of goods or provisions of services in the market 

4. Restricting technical or scientific advancements relating to goods or services to the 

disadvantage of consumers. 

5. Using dominant stance in one relevant market to enter into, or protect other relevant 

market. 

The Malaysian Parliament passed the Competition Act 2010 in May 2010. The competition 

legislation in Malaysia was prepared in line with the legislations in Singapore and the UK.  

A general overview of the Competition Act with special regard to the protection of the interests 

of the consumers in the country are as follows. 

1. The Act prohibits all forms of anti-competitive agreement which may prevent, restrict or 

distort competition within the country. 

2. Any practices of abuse by enterprises who have dominant positions in any markets in the 

country 

The Anti-Competitive Agreement of COMPETITION COMMISSION ACT (2010) Section 4(1) 

& 4(2) prohibits  
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1. The fixing of prices or other trading requirements directly or indirectly. 

2. Sharing of non price information like standards and technology which hinder competition 

3. An agreement which restricts the potential of enterprises to set new standards or to sell 

novel products or may obstruct the new entrants to the market. 

On 27 July 2018, India issued a draft bill on comprehensive data protection law. The bill to be 

named as “Personal Data Protection Act, 2018” was brought in a few weeks later following 

European Union’s “General Data Protection Regulation” which took effect on 25 May. Many of 

the data protection regulations were adopted and modified from the existing EU data processing 

regulations and US style data privacy laws 2018 (DETERMANN & GUPTA, 2018). Certain 

provisions like Section 5(1) restricts personal data collection without explicit consent of the 

individual and also it further mandates that the data shall be processed for specific, clear and lawful 

purposes only (PDP BILL, 2018). An important regulation concerning companies which are using 

consumer data is that they are required to keep physical copy of the data collected. This is termed 

as ‘data localisation’. This will require the firms to set up cloud pods operating from India (JHA, 

2019). The Act also provides provisions like “right to be forgotten” which allows the consumers 

to back out from disclosing their personal data, “privacy by design”  which mandates the new tech 

systems to incorporate privacy protection as a priority along with other services it is supposed to 

provide etc which are adopted directly from the EU GDPR (DETERMANN & GUPTA, 2018).   

Although the Act encompasses a wide range of data protection and privacy issues, the high 

discretionary powers of the state in collecting personal data and the ambiguities in certain terms 

like “appropriate mechanisms” for obtaining consent from the consumers for collecting personal 

data must be further worked out and clarified. These ambiguities otherwise in case of an issue in 

the future will not be in favour of the stakeholders CHAKRABORTY & CHOWDHURY (2019).  

The Malaysian Personal Data Protection Act (PDPA) passed on 2nd June 2010 was the first 

comprehensive data protection regulation passed by the Malaysian Government. The Act was 

enforced on 15th November 2013 (LAWS OF MALAYSIA, 2016). This act is applicable to any 

person or entity who uses and processes or has the authority to process ’personal data’ for the 

commercial purposes. Mainly the stakeholders are required to adhere to 7 general data regulation 

principles. The crux of the principles are as follows. The Act requires that personal data can be 

collected and processed with the permission of the subject. The users of data must not employ it 

for any purpose other than the ones stated at the time of data collection. The subjects must be 

informed of the type of data being collected, its uses, and other choices available to them. 

Protection of personal data from any kinds of misuse, unauthorised access etc has to be ensured 
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by the data users. The data collected must not be kept after the fulfillment of the original purpose 

of use. Access must be given to the subjects to correct incomplete or inaccurate data (LAWS OF 

MALAYSIA, 2016; CHEAH, 2018). The implementation of PDPAs provisions is entrusted to a 

Personal Data Protection Commissioner who will be advised by a Personal Data Protection 

Advisory Committee. Fines for violation of the clauses in Personal Data Protection Act range from 

RM 100,000 to RM 500,000 and if convicted, the offenders may also be subjected to 1-3 years of 

imprisonment (DLA PIPER, 2019). Malaysia is planning to make amendments to its data 

protection laws. European Union’s General Data Protection Regulation (GDPR) will be taken into 

consideration to bring in changes in the current business practices by making the personal data 

regulations more effective (AUSTIN, 2019). 

The legal framework currently prevailing in India and Malaysia do not ban the usage of data based 

algorithmic pricing like personalised pricing unless it breaches the provisions of the legislations 

discussed above. 

Table 5 summarises the previous works in the area of personalised pricing. Most of the previous 

studies focus on the legal issues, economic efficiency and consumer welfare in a personalised 

pricing context.  

Table 5: Summary of previous literature relevant to personalised pricing 

Research 

Paper 

Key 

Area 

Addressed 

Authors 
Important 

Findings 

Personalized 

pricing in the 

digital era 

Competition, 

Legal Issues, 

Economic 

Efficiency 

SCHOFIELD

, 2019 

The article studies how Competition and   

Markets Authority (CMA) will address the 

personalised pricing strategy which may 

create problems in the competition in digital 

markets. Study suggests that personalised 

pricing may cause problems in a market 

where there is limited competition and lack 

of awareness among buyers about the 

strategy. 

Competitive 

Personalized 

Pricing 

Consumer 

Privacy 

Concerns, 

Duopoly 

Competition 

 

CHEN et al., 

2018 

The study considers a duopoly model where 

firms personalise prices for a targeted group 

of consumers. The findings show that active 

consumers will benefit at the cost of passive 

consumers. Active identity management by a 

group of consumers can undermine the 

efforts of firms to discriminate prices which 

will cause harm to the firms.  
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The Value of 

Personalized 

Pricing 

Cost of 

Pricing 

ELMACHTO

UB et al., 

2018 

The paper analyses the viability and 

feasibility of the application of personalised 

pricing compared to that of other pricing 

strategies in terms of flexibility and accuracy. 

The results states that firms will have to make 

huge investments in the form of 

technological attributes, data scientists and 

other infrastructural facilities required to 

personalise consumer profiles at more refined 

levels. 

Price 

Differentiation 

and  

Dispersion in 

Retailing 

Economic 

Efficiency, 

Pricing 

Concerns, 

Consumer 

Attitudes 

REINARTZ 

et al., 2017 

The study sheds light on how differentiation 

of prices may be used to attain consensus 

between the interests of firms and consumers. 

The results show that price differentiation 

can improve welfare when firms frame prices 

in a customer oriented manner and when fair 

competitive policies are effective. 

Pricing with 

Cookies: 

Behavior-

Based Price 

Discrimination 

and Spatial 

Competition 

Information 

Asymmetry, 

Market 

Equilibrium, 

Welfare of 

Firms 

CHOE et al., 

2017 

The paper assumes a dynamic competition 

model between two firms. Results show that 

the presence of information asymmetry leads 

to two asymmetric equilibria and one firm 

choose price in an aggressive manner. The 

pricing strategy of firms hurt each other in 

each phase and both end up in a worse off 

situation as compared to when they use 

simple non price disrimination strategies. 

Big Data and 

Personalised 

Price 

Discrimination 

in EU 

Competition 

Law 

Legal Issues, 

Economic 

Efficiency, 

Consumer 

Welfare 

 

TOWNLEY 

et al., 2017 

The paper discusses if Algorithmic 

Consumer Price Discrimination (ACPD) is 

unlawful under the EU competition law. The 

findings of the study show that online 

retailers can have a better understanding of 

consumer behavior compared to that of the 

normal retailers, online consumers face a 

higher risk of exploitation which make them 

think that they are being treated in an unfair 

manner. The paper also portray that some 

consumers may get benefitted due the ACPD 

driven competition among sellers. The study 

concludes with ta note that although 

consumers may be benefitted from this 

strategy, it will ultimately be advantageous to 

the powerful online retailers. 
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Personalized 

pricing and 

price fairness 

Transperancy 

in pricing 

RICHARDS 

et al., 2016 

The study states that transparency in 

personalised pricing can make the strategy 

look mare fair to the consumers. If consumers 

are also included in the price setting process, 

inequity aversion can be atleast partially 

reversed. 

A note on 

fairness and 

personalised 

pricing 

 

Price setting, 

Consumer 

welfare 

VULKAN & 

SHEM-TOV, 

2015 

The study is based on an experiment where 

the researchers allow the consumers to take 

up the roles of sellers who have access to 

consumer data including their willingness to 

pay. The results show that the consumers (as 

sellers) charged fixed percentage (64%) of 

the total willingness to pay of each consumer 

which led to fair but uneven prices.  

What do we 

worry about 

when we 

worry about 

price 

discrimination

? The law and 

ethics of using 

personal 

information for 

pricing 

Legal Issues, 

Consumer 

welfare 

MILLER, 

2014 

The paper analyses different discrimination 

based pricing practices and its impact on 

consumers. The findings show that with more 

and more practicing price discrimination 

based pricing strategies, the consumers may 

get benefitted. Some consumers may have to 

bear high costs and others may get products 

at very cheap rates. The paper also 

emphasises that the consumers will have to 

take up the costs of lost privacy and 

information security. The consumer outrage 

resulting from the unfair treatment by sellers 

will question the long term reign of any 

exploitative price discrimination practice.  

Source: Own construction based on literature 

2.6.  Theoretical Background 

This section gives an overview of the economic theories related to the behaviour of consumers in 

a personalized pricing environment. Theories from both behavioural economics and 

microeconomics that are related to the research area are discussed here. 

2.6.1. Choice under uncertainty through the lens of behavioural economics 

The emergence of behavioural Economics as a new branch of Economics began with the failure 

of the traditional assumption of rationality as held by many economic theories. Eminent 

Economists like Becker (1978) supported the rational choice theory in which he states that human 

beings have steady preferences and always aim at increasing their level of satisfaction. However, 

KAHNEMAN & TVERSKY (1979) propounded the prospect theory, which is in contrast to the 

rational choice theory, explains that human decisions may not be always optimal. Daniel 
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Kahneman and Amos Tversky in their work “Prospect Theory: An analysis of decision under risk” 

published in 1979 criticised the expected utility theory which was then generally accepted as a 

normative model of rational choice. They argued that the individual responses would be different 

if choices are outlined as a gain or loss. The theory outlines that individuals do not like losses 

which are more than gains that are equivalent. Hence they would try taking risks in order to avoid 

a perceived loss (KAHNEMAN & TVERSKY, 1979). The concept of ̀ bounded rationality` which 

appeared in the works of Herbert Simon also implied the significance of psychologically informed 

economics. This theory primarily explained that our minds should be interpreted by taking into 

account of the surroundings in which they developed. Due to the limitations in the computational 

capacities and the information available to us, the decisions taken by our minds can be sub-optimal 

(SIMON, 1982). Perosnalised pricing in online purhcase situations limit the consumer’s ability to 

perceive the real situation and to make optimal choices. With the limited information available, 

the consumers are more likely to make sub optimal choices and might end up paying a higher price 

for a product than others. 

2.6.2. Information Asymmetry and Search Costs in the E-Commerce Markets 

As noted by Herbert A Simon, the availability of information is a major factor which influences 

human decisions. It is in this regard, the works of George Akerlof on ’Information Assymetry’ 

becomes significant. Information asymmetry occurs when one entity engaged in a transaction has 

better or superior information than the other. In a usual purchase scenario, the seller knows more 

than the buyers although the other way around is also possible (AKERLOF, 1978). The presence 

of information asymmetry may lead the buyers to take sub-optimal decisions which can cause 

market inefficiencies. The presence of information asymmetry is very high in online markets as 

compared to that in brick and mortar markets. The advent of modern pricing strategies in which 

price changes minute by minute based on the most recent information has made it difficult for the 

online buyers to make an informed decision while buying a product.  

However, the advancements in information and technology has benefited the consumers as well. 

With the different tools available online, buyers are now able to get more information about the 

goods and trade partners which in turn reduces the information asymmetry between the two and 

strengthens the market position of buyers. Nevertheless, the buyers are required to spend time, 

energy and costs in order to acquire information to narrow down the information asymmetry. This 

is commonly known as search costs. According to the search cost theory, consumers will continue 

searching for a product which is comparatively better until the marginal costs of searching 

becomes higher than the marginal benefits (BAKOS, 1997). These costs are commonly categorised 
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into external costs and internal costs. External costs are the monetary loss, time lost in search etc 

which cannot be controlled by the consumer (SMITH et al., 1999). Internal costs are associated 

with the theory of bounded rationality which involves the mental capacity and ability of the 

consumer to carry out the search. This also depends on the knowledge, understanding and talent 

of the consumers. PEREIRA (2005) inferred that the arrival of internet has reduced the search 

costs to a some extent especially in the E-Commerce arena as consumers are able to easily compare 

the prices of products. Again this varies from people to people based on their willingness to engage 

in searching for better alternatives. Regular consumers are mostly fine with `satisficing` rather 

than the optimisation of choices. Satisficing is seeking a satisfactory result rather than the best 

results. In simple words, it is a sequential search process where the consumers automatically stops 

the search once they reach a threshold at which they seem to be happy with the results (SIMON, 

1956).  

However, those who are willing to engage in further and more intensive search process are 

identified as ’strategic consumers’ in this research. They use different tools available online such 

as online reviews, price tracking extensions, price comparing softwares etc to monitor the prices 

of products. This will narrow down the information asymmetry which arise due to the application 

of novel pricing strategies such as personalised pricing and dynamic pricing and aid them to make 

better informed decisions.  

A normal consumer`s inability to choose an alternative seller who offers cheap prices doesn’t mean 

that the consumer is satisfied or want continue purchasing from the existing seller. This simply 

implies that the consumer is unaware of the cheaper price choices available due to some reasons. 

Offering higher prices to these kind of consumers is exploiting their ignorance which is not 

desirable. A major reason for this might be the inability of the sellers to identify and segment 

vulnerable groups. However,  in cases where consumers are able to acquire at their highest 

willingness to pay, they tend to compare the prices with their reference points and undermine the 

efficiency improvement. Hence distributive justice through personalised pricing is rather difficult 

to obtain as we look through the lens of  behavioural economics (TOWNLEY et al., 2017). 

2.6.3. Impact of Personalised Pricing on Consumers’ Justice Perceptions 

Many concerns regarding consumer’s fairness perceptions and trust in personalised pricing 

environment are being recently discussed in the academic literature. An important concern is that 

these issues are difficult to be handled as they do not directly come under the purview of law and 

policy making. Furthermore, approaching practical cases from the viewpoint of fairness is rather 

a subjective process. 
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John Rawls in his celebrated work, ‘Justice as Fairness: A Restatement’ portrays his perspective 

on justice in social systems and theories. “Justice is the first virtue of social institutions, as truth is 

of systems of thought. A theory however elegant and economical must be rejected or revised if it 

is untrue; likewise, laws and institutions no matter how efficient and well-arranged must be 

reformed or abolished if they are unjust” (RAWLS, 2001, p.3). 

While addressing fairness issues, justice comes as an important reference point (RAWLS, 1991). 

Aristotle also defined a fundamental principle of justice 2000 years ago that “equals should be 

treated equally”. The highly subjective nature of the issue makes it difficult to say whether it is a 

justiciable practice to discriminate people based on their personal and observed characteristics. 

BREST (1985) in this regard points to the fundamental problem that ideal of equality does not 

provide an axiom of legitimate difference. Furthermore, the perception of fairness and unfairness 

is a highly personal subject which changes from person to person depending upon personal beliefs, 

social norms etc. It is also not easy to point out at what point a price becomes unfair to a person 

(XIA et al., 2004). Nevertheless, studies have pointed out that personalising prices is perceived 

generally as an unfair practice by consumers (GARBARINO & LEE, 2003; ODLYZKO, 2004; 

EU CONSUMER PROGRAMME, 2018).   

 

Figure 8. Consumer Attitudes towards personalised pricing in US 

Source: TUROW et al (2005), OECD (2018) 

Figure 8 shows the results of a survey conducted in US by TUROW et al., (2005) among 1500 

households in 2005 also showed an antagonistic response from 91% of the respondents that they 

do not want stores to personalise prices exclusively for them. Only 11% of the respondents were 
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in favour of online stores charging different prices to different people. However, 50% of the 

respondents were in favour of stores using their personal information to improve the services 

offered. 

2.7.  Fair Price Perceptions 

The concept of fair price was always a besetting question to the economists and philosophers for 

centuries. Dating back to AD 301, the Roman Emperor Diocletian punished the merchants who 

violated the societal concept of ‘just’ price (justum pretium, the right price) with death sentence 

(BAKER, 2010). Although the concept of ‘just’ price evolved over the centuries, still a big 

question which remains is that ‘who gets to decide what is just or fair?’. There is a great debate 

going on this subject among the philosophers over the past centuries (NEUHAUS, 1992). Friedrich 

August von Hayek on the question of what constitutes a ‘just’ price makes the following statement 

in his book ‘The Road to Serfdom’ published in 1944. “ Have we not all some idea of what is a 

“just price” or a “fair wage”? Can we not rely on the strong sense of fairness of the people? And 

even if we do not now agree fully on what is just or fair in a particular case, would popular ideas 

not soon consolidate into more definite standards if people were given an opportunity to see their 

ideals realized?… What standards we have are derived from the competitive regime we have 

known and would necessarily disappear soon after the disappearance of competition. What we 

mean by a just price, or a fair wage is either the customary price or wage, the return which past 

experience has made people expect, or the price or wage that would exist if there were no 

monopolistic exploitation” (HAYEK, 1944, p.140). 

XIA et al (2004) explains fair price perception as the consumer’s assessment of a product’s price 

to decide whether it is sensible and justifiable. Buyers decide the basket of products to buy which 

maximises their purchase satisfaction based on the prices and utility derived from different 

comparable products (MONROE, 1973). As a buyer becomes more price conscious, his/her price 

perceptions changes and the choice of the buyer becomes largely based on the price rather than 

other attributes of the products (GABOR & GRANGER, 1961). The concept of fair price is largely 

a subjective notion which is shaped by individual perceptions and social norms and varies from 

person to person. With changes in perceptions and norms, the fairness perception also evolve over 

time. Hence a price perceived as unfair today may be perceived fair as time goes by (MAXWELL, 

1995). 

Fair price perception of a consumer is formed through several reference points such as competitor 

prices, past prices, cost of manufacturing etc (MONROE, 1973). Empirical studies have shown 

that if  the consumers are not satisfied with the prices offered by a seller, they may show a negative 
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behaviour such as a tendency to avoid the seller in future purchases, taking revenge in the form of 

spreading negative news about the seller etc (XIA et al., 2004). By offering a price which a 

consumer perceives as fair will have a positive effect on his purchase satisfaction and repurchase 

intentions (OLIVER & SWAN, 1989a, b; CAMPBELL, 1999; CAMPBELL, 2007). The figure 9 

shows how fair price perceptions are formed and the probable actions which a consumer might 

resort to in case the price charged by the seller is perceived as unfair. 

 

 

Figure 9. Perceived Price Fairness – Conceptual Framework 

 Source: XIA et al (2004 p.2) 

Some theoretical background can also be attributed to the question ’how fair prices perceptions 

are formed?’. Based on Helson’s Adaptation level theory (HELSON, 1964), many researches have 

proven that an important determinant of price perception is the price ’last paid’. It serves as the 

buyer’s notion of ’fair price’ in relation to the current or actual price level. The consumers consider 

the last price paid for a particular product as a reference point and the price perceptions are formed 

based on the current price level  (MONROE, 1973). According to the assimilation contrast theory, 

the noticeable high and low prices offered to a consumer influence his price perceptions. This high 

and low price along with the reference price may either enhance the perceived value of a product 

which consumer considers as a bargain or diminish the perceived value which he deems as too 

expensive. 

BOLTON (2003) explains that consumer’s understanding of prices, profits and cost of production 

are some factors which form price perceptions. However, people do not have precise information 

about these factors. Price differences for them are the fairest when attributed to quality differences. 

According to AUSTIN et al., (1980) most of the fairness perceptions and judgments of people are 
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based on comparison. People have a tendency to check the activities of other people who belong 

to same class/group (WOOD & BANDURA, 1989). Thus, they perceive a price as unfair if it is 

higher than what their reference group actually paid.  

One of the factors which moderates the price perceptions of consumer is the customer loyalty. The 

loyal customers would not see a minor price change as a reason to abstain from future purchases 

(XIA et al., 2004; MARTIN et al., 2009). However, a price fluctuation of high magnitude will be 

treated as same by the loyal and non-loyal customers.   

2.7.1. Price Sensitivity and Online Consumers 

Price sensitivity in simple terms is described an individual consumer’s response or reaction 

towards the changes in price levels. Price sensitivity differs from person to person. Each customer 

has a range of acceptable prices and the limits of price range is highly personal. Price sensitivity 

means the extent to which individuals apprehend and react to the variations in prices (MONROE, 

1973). The price competition among online sellers is very intense. Each seller offers attractive and 

customised recommendations to the customers to grab a large portion of the market. There are 

many works related to different pricing tactics employed in the online markets and buyers’ 

reactions to these tactics (MONROE, 1990; NAGLE & HOLDEN, 1987). However, most these 

works deal with the response of the market as a whole, price elasticity of demand for products etc. 

Price sensitivity studies on individual level are scarce due to various factors such as cost, time etc. 

(GATIGNON, 1984; KANETKAR et al., 1992). The use of big data analytics has empowered the 

sellers to probe details including price sensitivity on individual levels and customise prices and 

offers exclusively for them or for groups with similar traits (OECD, 2018).  

Based on the price elasticity of products, other commonly used pricing techniques are the 

penetration price and skimming price strategies. The price of a newly launched product is 

determined based on several factors like cost of production, competition, customer value etc. The 

sellers choose penetration pricing strategy to maximize their share of market by charging a very 

low price. Penetration price is commonly adopted when there is tough competition in the market 

and when the demand for the product is price elastic (HULTINK et al., 1997; MARN et al., 2004). 

On the other hand, sellers adopt a skimming price strategy when they face no or little competition 

and when the demand is price inelastic. Studies have shown that penetration pricing tends to lower 

the reference price perceived by consumers and this can have a major impact on the sales in the 

initial stages. However, for the sellers, it is not feasible to keep the consumers reference price 

perceptions low as in the long run they will have less power in setting prices. On the other hand, 

skimming price strategies may lead to higher reference price perceptions in the beginning and 
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eventually it falls (LOWE & BARNES, 2012). The perceived reference price point plays a crucial 

role in the formation of fair price perception of consumers (MONROE, 1973). Therefore, how 

firms set prices and what pricing strategy they adopt influence consumers’ purchase decisions and 

ultimately the overall sales. 

This research intends to examine how changes in fair price perceptions of consumers in a 

personalised pricing context influence their post purchase reactions. 

2.8.  Purchase Satisfaction 

Customer centricity is the new norm for success in the modern times. Firms which fail to adapt to 

the changing customer needs have no future. One of the significant factors which determines the 

repurchase intentions of a consumer is the perceived purchase satisfaction. Purchase satisfaction 

is described by CRONIN et al (2000) as the degree of positive feelings a consumer gains from a 

shopping experience and portrays his/her assessment of the overall purchase experience. The 

purchase satisfaction a consumer gain from a purchase experience in the offline and online 

environment are different (CAO & LI, 2015; ANSARI et al., 2008). The whole buying experience 

online is much effortless as compared to that of buying offline. The online consumers are provided 

with an opportunity to shop at any time of the day, month or year and the products are just a few 

clicks away from being delivered to the consumer.  

With the digital payments method gaining momentum along with the cash on delivery option 

available to those who do not prefer digital payments, online sellers offer ultimate shopping 

convenience to the customers. The online purchase process is simply divided into three major 

stages by KALAKOTA & WHINSTON (1996). Pre-purchase activity is considered as the first 

stage which consists of surfing the web for products. The second stage involved the selection of 

the product and payment and the last step where the product is being delivered to the consumer. 

This looks much simpler as compared to the five, six stages involved in the traditional or offline 

purchases. The computer plays an intermediary role in the transaction and the web environment 

impacts the overall customer satisfaction in an online purchase. 

The modern world is witnessing a rapid change in the customer behaviour and expectations. With 

the advent of industry 4.0, they anticipate the sellers to deliver cutting edge features on shopping 

websites and state of the art services at cheaper prices. The sellers on the other hand, are trying to 

adapt to these changes as fast as possible to satisfy their customers and to maintain a competitive 

edge in cut-throat market situation. One of the main hurdles in this regard is that the customer 

perception which motivates them to engage in a purchase process is not linear. HERNANDEZ et 
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al (2010) states that the perceptions which persuade consumers to shop online for the first time are 

not identical to those which motivate the repurchase behaviour. The factors change as a consumer’s 

perception evolves from the past experience. Hence it is pivotal to figure out and characterise the 

online consumer behaviour with precision. It will also help the sellers to identify the needs of the 

consumers and satisfy them in a better way.  

Previous researchers suggest that satisfaction with a purchase improves the confidence of buyers 

in a seller (BANSAL & TAYLOR, 1999; CRONIN et al., 2000; RUCCI, et al., 1998; SIAU & 

SHEN, 2003). YI (1990) in his paper named ‘Critical review of customer satisfaction’ states that 

satisfaction with a purchase has an impact on the repurchase intentions of consumers as well as 

their post-purchase reactions and attitudes. An experimental study conducted by OZER & 

GULTEKIN (2015) takes purchase satisfaction as a mediating variable to assess the distinction 

between the pre and post purchase moods of consumers. Their results show that post-purchase 

attitude and satisfaction of customers are positively influenced by the pre-purchase mood of the 

consumers. 

2.9. Customer Loyalty 

The literature portrays customer loyalty as a multi-dimensional concept which involves both 

attitudinal and behavioural elements. The term customer loyalty is often defined in two broad 

ways. In the first one, customer loyalty is described as an attitude where various feelings make an 

affinity or attachment towards a product, service or an organisation. The degree of these feelings 

show the extent to which a customer is loyal to the aforementioned (JACOBY & KYNER, 1973). 

The second set of definitions is more of behavioural where loyalty implies repurchase intentions, 

improved relationship with the seller and recommending the product, seller, service or organisation 

to others etc. (YI, 1990). 

There are plenty of researches asserting the relationship between customer loyalty and purchase 

satisfaction (PATTERSON & SPRENG, 1997; COLGATE & STEWART, 1998; HOCUTT, 

1998). These studies show that consumers are satisfied when the sellers are able to cater to their 

level of expectations which in turn makes them loyal to the sellers. At the same time, when 

consumers are not satisfied, their loyalty towards the seller falls (OLIVIA et al., 1992). Making 

the customers happy and satisfied will help in building a loyal customer base (BOLTON, 1998; 

YANG & PETERSON, 2004). 

 

 



52 

 

HALLOWELL (1996) through an empirical research showed that the purchase satisfaction - 

loyalty relationship is two way rather than one way. 

Customer Satisfaction                       Customer Loyalty                        Profitability  

Firms do take measures to retain a loyal customer base as it is a major determinant of the 

repurchase intentions of consumers which in turn is critical in increasing the profitability. 

(HALLOWELL, 1996; OLIVER, 1997; SILVESTRO & CROSS, 2000). Studies show that the 

expectations of the loyal customers would be higher than that of the non-loyal customers 

(HUPPERTZ et al., 1978; HEILMAN et al., 2000). Fairness perceptions of consumers is 

considered as an antecedent to trust and loyalty (MORGAN & HUNT, 1994). 

Based on the previous literature, this research investigates how loyalty towards the seller 

influences a consumers’ post purchase reactions. Along with this, the role of customer loyalty in 

moderating the relationship between fair price perceptions and purchase satisfaction is also 

examined. Loyal customers are generally insensitive to price changes to a great extent while non-

loyal customers show high sensitivity to price fluctuations. Nevertheless, this largely depends on 

the degree of price volatility (MARTIN et al., 2009). MARTIN et al (2009) states that the various 

reasons which motivate the sellers to increase prices have a significant effect on the consumer’s 

fairness perceptions. Furthermore, a high price increase may affect the fairness perceptions as well 

as their overall purchase satisfaction. 

2.10. Personalised Pricing and Privacy Concerns 

The business strategies employed in E-Commerce segment have seen many changes over the past 

few decades. With the advancements in IoT and data analytics, even the minute digital footprints 

left by individuals on the web space are helping firms know more about their existing and 

prospective customers (ASHWORTH & FREE, 2006). The pricing techniques such as dynamic 

pricing and personalised pricing in which the sellers use the consumer’s private information for 

product recommendations and tailoring prices are mostly data driven. The consumers are coaxed 

to share data in many ways by the sellers through accepting cookies, creating accounts etc. 

(MAURY & KLEINER, 2002). The generation of data, collection, analysis and its commercial 

use has become inevitable for the growth of digital economy. These data are used by firms and 

governmental agencies to analyse human behaviour, interests, desires etc to frame better strategies 

and policies which ultimately promote growth and well-being of people. However, with the 

proliferation in the collection and use of data, people are increasingly becoming aware of their 

privacy and what they share on online public spaces. 
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The concept of information privacy was defined long ago by WESTIN (1967) as the capacity of 

an individual to manage the conditions under which his/her personal data is gathered and utilized. 

According to CHO et al (2010) and ZHOU & LI (2014), privacy concerns means an individual’s 

understanding of the risks and the probable adverse consequences resulting from sharing personal 

information. Studies have shown that individuals who are more concerned about privacy are 

engaged in privacy-protective behaviours such as deleting browser cookies, untagging photos, 

using VPNs etc (DIENLIN & TREPTE, 2015). However, researches also show that consumers are 

willing to swap their personal information for smaller rewards (KOKOLAKIS, 2017, ACQUISTI 

& GROSS, 2006). This particular behaviour of individuals is termed by researchers as “Privacy 

Paradox” (BROWN, 2004; NORBERG et al., 2007) which shows the contradiction between the 

attitude of people towards the disclosure of personal information and their real conduct 

(KOKOLAKIS, 2017). This term stems from the idea that despite being highly concerned about 

privacy, individuals are willing to exchange their personal information for perceived benefits.  

The study by CARRASCAL et al (2013) portrays a situation where the respondents traded their 

browsing history for just about 7 Euros. This paradoxical behaviour has got profound implications 

in the E-Tail segment. The consumers might be ready to share their personal information based on 

their loyalty and trust on the seller. On the other side, studies and surveys show that consumers 

exhibit many concerns regarding the gathering and usage of their private personal information 

(TRUSTe, 2014; PEW RESEARCH CENTER, 2014).  The consumers are really worried about 

the transparency issues in the collection and usage of their personal data by the companies and 

have concerns regarding the potential advantages and disadvantages of the same (PALMER, 

2005). There are also studies which show that privacy concerns and privacy-management 

behaviour are interrelated (WU et al., 2012). The online buyers having privacy concerns have been 

found engaged in activities such as removing personal information or supplying false information 

(SON & KIM, 2008), deleting cookies after browsing and not disclosing personal details 

(SPIEKERMANN et al., 2010).   

An online consumer who is highly privacy conscious may have a tendency to believe that not every 

condition is satisfied while making an online purchase compared to an offline purchase situation. 

Thus, privacy concerns have an adverse impact on the consumer’s perceived control over E-

Commerce use (PAVLOU & FYGENSON, 2006). The studies of FORTES & RITA (2016), 

EASTLICK et al (2006), VAN SLYKE et al (2006), and VENKATESH et al (2002) infer that 

concerns about privacy may have undesirable impacts on the attributes like trust on the seller, 

perceived usefulness of Electronic Commerce, perceived risk of using E-Commerce etc. GAO et 
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al (2015) using a SEM analysis, found out that the privacy and security concerns of individuals 

can affect the overall satisfaction from an online purchase and may have an adverse impact on 

their repurchase intentions. 

Based on the findings from the previous literature and the results of the discussion with the experts 

in the field, the relationship between privacy concerns and purchase satisfaction, repurchase 

intentions, reprisal intentions and strategic purchase intentions in a personalised pricing scenario 

are examined in this research. A new construct comprising information particularly relevant to a 

personalised pricing context was developed and validated in a previous study and is used in this 

research (VICTOR et al., 2018a). 

2.11. Revenge Intentions 

BECHWATI & MORRIN (2007, p.144) define the consumer intentions for revenge as “the 

retaliatory feelings that consumers feel towards a firm, such as the desire to exert some harm on 

the firm, typically following an extremely negative purchase experience.” Previous studies have 

shown that the consumers may seek retaliatory measures after having negative experiences with a 

seller (GREGORIE et al., 2010; DE CAMPOS RIBEIRO et al., 2018; WEN HAI et al., 2018). 

There are several forms through which the consumers may express their revenge intentions against 

a seller or a brand. Broadly, they can be divided as direct revenge where the consumers take 

revenge at the shops or at the point of sale. The second type is indirect and more common where 

the revenge happens mostly outside the premises of the company, e.g. on internet. The direct 

revenge intentions can be controlled by recruiting more personnel to protect the properties and 

investing in other security measures. But the indirect revenge intentions are hard to be controlled 

and may make serious harm to the company’s reputation through the uncontrolled spread of the 

negative news on internet (KRISHNAMURTHY & KUCUK, 2009).  

According to NYER (1999), the consumers who are dissatisfied have a higher tendency to 

complain and this behaviour may be viewed as a channel to express their frustration, exploring 

options for redressal and seeking revenge against the seller. The consumers have the opinion that 

the sellers deserve punishments for the harm they cause to the consumers in form of high price 

fluctuations, providing unsatisfactory services etc. (GREGORIE et al., 2010). In the online 

context, the revenge intentions involve spreading negative word of mouth online through social 

media, product review sections etc. The online platforms offer more anonymity, convenience and 

reach. The negative product reviews mostly involve warning other customers about the experience 

a consumer had had with a seller which may motivate prospective buyers to abstain from buying 
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the product. The study by ZHANG et al (2018) shows that these revenge intentions contribute to 

the online co-destruction of value of the company. 

In this research, how do price fluctuations of high magnitude, privacy concerns of the consumers, 

deteriorating customer loyalty and purchase satisfaction in a personalised pricing context provoke 

revenge intentions in online consumers is explored. The construct revenge intentions was taken 

from the studies of ZEITHAML et al (1996) and DAI (2010) and was tested in a previous work 

published by the researcher (VICTOR et al., 2018a) for ensuring validity and consistency with the 

scale used for the model. 

2.12. Strategic Purchase Intentions 

The outspread of Information and Communication Technology (ICT) has been advantageous to 

the consumers as well. Nowadays consumers are well aware of the different pricing techniques 

employed by the firms. The term “Strategic Consumer” is often used in the literature these days to 

outline a rational forward-looking consumer who is capable of making inter temporal purchase 

decisions to maximise own utility (PAPANASTASIOU & SAVVA, 2016). In simple words, 

strategic consumers make the decisions to buy a product or not based on all the information 

available and might delay the purchase if it doesn’t maximise their utility. Revenue optimisation 

in a market with a high number of strategic consumers can be a big problem for the firms and have 

been acknowledged by many previous studies (AVIV & PAZGAL, 2008; BESBES & LOBEL, 

2015; LIU & VAN RYZIN, 2008) Although the employment of sophisticated pricing techniques 

like dynamic pricing strategy was expected to neutralize the effect of the consumers making 

strategic decisions, with consumers having access to the price history of products sold online, they 

tend to make even better purchase decisions which hurt the profitability of sellers.  

The existence of strategic consumers in the market can cause many problems to the operational 

decisions of firms. The crucial decisions such as product launches and their timings, the amount 

of inventories and stocks to be kept etc may get adversely affected if the consumers exhibit a 

strategic purchase behaviour (AVIV & PAZGAL, 2008; LIU & VAN RYZIN, 2008). Therefore 

it is pivotal that the firms have an understanding of the reasons why consumers engage in strategic 

purchases where they track prices and wait for price markdowns. This can help firms make better 

business tactics to reinforce their competitive edge and retain a loyal customer base. 

HAWTHORNE & STANLEY (2008) stated how knowledge and action are interrelated.  

The relationship between knowledge and action is supported by reasoning and therefore the 

concept of knowledge is twined with the logical reasoning behind an action. This is further 
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supported by BANDURA (1980), asserting that the response patterns of individuals are formed on 

the basis of the knowledge and awareness of a person. In an online purchase context, it is highly 

likely that the consumers who are aware of the pricing strategy will take advantage of it. An 

example which can be given in this regard is the consumers waiting for the price markdowns to 

book flight tickets. This happens quite a lot in the airline industry (KANNAN, 2001). This 

behaviour could be seen in the online marketplace in the near future as consumers are slowly 

getting acquainted with the pricing strategies of the E-Commerce sellers. This has been made 

possible with the advent of web-based extensions and applications which allow consumers to 

monitor and track the current and past variations in prices (VICTOR et al., 2018b).  

There are studies showing that the sellers may engage in a personalised dynamic pricing rather 

than employing dynamic pricing alone. With the widespread usage of IoT and big data analytics, 

it is easier for the sellers to estimate the inventories as well as customer traits and combine them 

to frame a pricing strategy which is more effective and profitable. (KRAMER et al., 2018; AYDIN 

& ZIYA, 2009). This means that the sellers may set prices as bait to make the consumers buy 

products. They may try different combinations of prices until the consumer buys the product. This 

will make the prices fluctuate but within a particular limit. Although these are all hypothetical 

statements as and we have limited real world evidences, we cannot reject the possibilities for these 

improvised forms of pricing strategies becoming widespread in the near future keeping the rapid 

progress of IoT and big data technologies in mind. How dynamic pricing may impact the revenue 

of sellers and producers in the presence of myopic and strategic consumers is illustrated using a 

game tree in Figure 10. 



 

 

 

 

 

 

Figure 10. Dynamic pricing and returns to the buyer, seller and producer 

Source: Author’s Own Construction 
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The application of the illustration above may be extended to the case of personalised dynamic 

pricing as well. 

In the context of platform economies, clear distinction is made between a seller and a producer. 

Producer is the one who manufactures a product or render a service and the seller is the entity that 

connects producers with the buyers. Best examples for sellers in E-Commerce are Amazon, 

Alibaba, eBay etc.  

The game tree given in figure 10 assumes that a strategic consumer who tracks prices, will not 

purchase (no action) from a Seller if the price is high (higher than perceived value), be it in 

dynamic pricing or non dynamic pricing situations. Producer’s goal is to push the product through 

seller. Dynamic pricing does not directly benefit producer, because each unit sold to buyer through 

a seller earns the same margin for producer. Dynamic pricing typically benefits seller, not 

producer. Hence producer only wants products to be sold (out of shelve). The fringe benefits 

earned from employing discriminatory pricing strategies such as dynamic pricing and personalised 

pricing accrue to the sellers rather than the producers. The strategic consumers win in a price 

discriminatory situation as they track prices and wait for the price markdown to make the purchase. 

However, myopic consumers fail to track the changes in prices and may end up paying exorbitant 

prices. Hence, the strategic consumers gain with discriminatory pricing and myopic consumers 

loses. 

This construct is added to the model to capture the behavioural intentions of the online consumers 

to exhibit a strategic purchase behaviour which could act as a protection against the discriminatory 

pricing strategies such as dynamic and personalised pricing. 

In summary, there are many factors influencing the online consumers in making the decision to 

make a purchase or not. It would be theoretically far from possible to frame a compendious 

framework encompassing the impact of all the aforementioned factors. Hence, this research 

particularly examines the impact of personally customised differential price changes of high 

magnitude on consumer’s fair price perceptions, perceived privacy risks and customer satisfaction 

and how this impacts the post purchase reactions among existing and prospective consumers. 
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3. MATERIALS AND METHODS 

This chapter gives a detailed account of the materials and methods used to conduct this research. 

The chapter begins with the description of the questionnaire development, sampling method and 

size followed by a table consisting of the measurement items used in the questionnaire and a 

description of the research tool used. 

Figure 11 shows the procedure used in the questionnaire design, development, and analysis.  

 

Figure 11. Procedure followed in the development of questionnaire and analysis 

Source: Author’s own construction 

3.1. Questionnaire Design and Development  

The final draft of the questionnaire consisted of four sections. The first section comprised a 5 point 

Likert scale based questions eliciting consumer loyalty towards the E-Commerce seller given in 

the questionnaire. The second section involved a hypothetical purchase scenario and the third with 

a 5 point Likert scale questions which were to be answered by the respondents based on the 

scenario they read. The fourth section consisted of a set of questions asking the basic demographic 

details of the respondents. 

The key part of the questionnaire is the purchase scenario given in the second section. A 

hypothetical purchase scenario was formulated based on the studies of MARTINS (1995) and DAI 

(2010) which exposed the respondent to either a positive or negative purchase situation where they 

experience a major price difference compared to the prices others paid for the same product which 

they had just bought. MARTINS (1995) states that the buyers tend to compare the price they paid 

for a product with similar income groups or peer groups which they consider as reference points 

and any discrepancies found in the prices will have an adverse impact on the fair price perceptions 

of the former. Based on this finding, the purchase scenarios formulated consisted of a situation in 

which the consumers were exposed to major price differences and were then asked to rate their 
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reactions on a 5 point Likert scale based questions. Amazon.in was chosen as the E-Commerce 

seller for the questionnaires distributed in India and Lazada.com.my was the seller for those 

questionnaires distributed in Malaysia. 

The basic framework for the scenario was adopted from DAI (2010) which was modified to fit the 

needs of this study. The key idea of personalised pricing was briefly explained in the purchase 

scenario to help the respondents acquaint with the basic notion of personalised pricing. 

Familiarisation of the concept was considered important as it was assumed that majority of the 

respondents were not aware of this pricing strategy due to its novelty. Based on the definition 

given by OECD (2018) on personalised pricing, the privacy concerns which may arise while 

employing this pricing strategy were also subtly mentioned. The purchase scenario developed was 

basically modified into two situations. The first situation comprised of a positive hypothetical 

purchase context where the respondents have monetary benefits from the price fluctuations. In the 

second purchase situation, the respondents were put in a disadvantageous position in which they 

experience monetary lose due to price fluctuations. The negative hypothetical purchase scenario 

used in the Indian negative questionnaire is given as a sample in Figure 12. 

 

Figure 12. Hypothetical Purchase Scenario 

Source: Own construction based on DAI (2010) 
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For the Malaysian questionnaires, Lazada.com.my, one of the leading E-Commerce retailers was 

chosen as the seller based on local interests and the currency used in the scenario was the 

Malaysian Ringgit (RM). For the Indian purchase scenarios, Amazon.in was chosen as the online 

seller based on the interests of the local respondents and the currency used in the scenario was the 

Indian Rupees (INR). The general questionnaire along with all four purchase scenarios used in the 

positive and negative questionnaires are attached as Appendix 14,15 16 and 17. 

The product used in the purchase scenario and the price differences given in the study were 

determined based on the actual observation made by the researcher for a previous study related to 

this field. The real price variation and the descriptive statistics of the price variations of the product 

used in amazon.in for one month from 15th February 2017 to 15th March 2017 was observed and 

the details are given in Figure 13 and Table 6.  

 

Note: 1 Rupees (INR) = 0.014 USD 

Figure 13. Real price variation of the product used in the hypothetical Purchase Scenarios  

Source: Adapted from VICTOR & BHASKAR (2017) 

 

The range of price fluctuation is between Rs.1360 to Rs. 3400 which is around 60% price 

difference. The findings of the study indicated that the consumers are unhappy with the magnitude 

of price difference (VICTOR & BHASKAR, 2017). 

Table 6. Price Variation of the product – Descriptive Statistics 

Range of 

Variation 
Mean 

Coefficient of 

Variation 

Standard 

Deviation 

Rs. 1360 – Rs. 3400 2096 43.39% 978.261 

Note: 1 Rs (INR) = 0.014 USD 

Source: (VICTOR & BHASKAR, 2017) 
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Two questionnaires comprising either positive or negative purchase scenario were prepared and 

distributed randomly to two different set of sample population in India and Malaysia. Fair price 

perceptions, privacy concerns, and customer loyalty were taken as the independent variables and 

repurchase intentions, strategic purchase intentions and reprisal intentions constituted the 

dependent variables. Purchase satisfaction was taken as the mediator variable in the relationship 

between the independent and dependent variables.  

The items measuring customer loyalty were given in the beginning of the questionnaire followed 

by the purchase scenario. This was done intentionally to obtain the real and unbiased attitude of 

consumers towards the seller which were not influenced by the negative or positive purchase 

scenario given in the questionnaire. 

3.1.1. Manipulation Check 

Two manipulation check items were included at the end of each purchase scenario to ensure that 

the respondents read through the scenarios thoroughly. These items were placed to get a 

preliminary evaluation of the respondents’ understanding of the purchase scenarios. Manipulation 

checks were one of the criteria for finalising the data used for analysis. The manipulation check 

items used for the Indian negative hypothetical purchase scenario is given in figure 14.  

 

 

Figure 14. Manipulation Check Items 

Source: Author’s Own Construction 

 

3.1.2. Measurement Items 

The scales used in the conceptual model include both which were adopted from relevant literature 

and the ones which were developed by the researcher. The constructs developed by the researcher 
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were tested in previously published research papers in the study area (VICTOR et al., 2018a; 

VICTOR et al., 2019b). The scales and respective items used in this research are given below in 

Table 7. As mentioned in the questionnaire development section, Amazon.in was given as the 

online seller in the questionnaires distributed in India and Lazada.com.my for the questionnaires 

distributed in Malaysia.  

Table 7. Items Used in the Questionnaire 

Constructs  Items  Sources 

 

Customer 

Loyalty 

CL1 

 

CL2 

CL3 

 

CL4 

 

CL5 

 

CL6 

 

CL7 

I prefer buying products from Amazon.in. 

(Lazada.com.my) 

Amazon.in (Lazada.com.my) is a retailer that interests me. 

I would recommend Amazon.com (Lazada.com.my)  to 

others 

I feel it is safer to buy products from Amazon.in 

(Lazada.com.my). 

I frequently purchase products from Amazon.in 

(Lazada.com.my). 

I would encourage others to use Amazon.in 

(Lazada.com.my). 

I would consider Amazon.in (Lazada.com.my) as first 

choice when buying products online 

 

MCMULLAN 

& 

GILMORE 

(2003) 

Fair Price 

Perception 

FPP1 

FPP2 

FPP3 

FPP4 

FPP5 

The price I paid was fair 

The price I paid was justified. 

The price I paid was honest. 

The price I paid was equitable 

The price I paid was a rip off 

 

DARKE & 

DAHL (2003) 

Purchase 

Satisfaction 

PS1 

PS2 

PS3 

PS4 

PS5 

PS6 

PS7 

 

PS8 

PS9 

I am satisfied with the price I paid 

My choice was wise. 

I am satisfied with my purchase decision. 

I think I selected the right retailer. 

I am happy with my purchase decision. 

I feel badly about my purchase decision. 

I am satisfied with the purchasing process through 

Amazon.in. 

Overall, I am satisfied with the purchase experience. 

Overall, I am pleased with my purchase experience. 

MARTIN-

CONSUEGRA 

et 

al. (2007); 

WANG & 

HEAD 

(2007); 

RAI et al 

(2002); 

SPRENG et al 

(1996) 

 

 

 

Privacy 

Concerns 

PC1 

 

PC2 

 

PC3 

 

PC4 

 

 

PC5 

I am not interested in sharing my personal information to 

get personalised prices 

I am not interested in sharing my personal information to 

get personalised product recommendations 

I fear that my personal information used for online 

purchases may attract the attention of cyber criminals 

I would be happy if there is an option to not share my 

personal information with the seller 

I fear that my personal information about payment method 

may be stolen 

 

 

 

VICTOR et al 

(2018a) 
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Revenge 

Intentions 

RI1 

 

RI2 

 

RI3 

 

RI4 

 

RI5 

 

RI6 

I will say negative things about Amazon.in’s 

(Lazada.com.my)  pricing policy to other people. 

I will complain to other customers about Amazon.in’s 

(Lazada.com.my) pricing policy. 

I will complain to governmental agencies about 

Amazon.in’s (Lazada.com.my)  pricing policy. 

I will complain about Amazon.in’s (Lazada.com.my)  

pricing policy through online social networking channels 

I will switch to Amazon.in’s (Lazada.com.my) competitor 

after my experience with their pricing policy. 

I will stop buying products from Amazon.in 

(Lazada.com.my). 

 

 

ZEITHAML et 

al 

(1996); DAI, 

2010 

 

Repurchase 

Intentions 

RP1 

 

RP2 

 

RP3 

 

RP4 

 

 

I will continue to buy products from Amazon.in 

(Lazada.com.my) regardless of their pricing policy. 

I will continue to buy products from Amazon.in 

(Lazada.com.my) if I need the product in the future. 

I will buy more products from Amazon.in 

(Lazada.com.my) in the next few years regardless of their 

pricing policy. 

I will continue to buy products from Amazon.in 

(Lazada.com.my) even if the prices are somewhat higher 

than those of Amazon.in’s (Lazada.com.my) competitors. 

 

 

ZEITHAML et 

al 

(1996) 

Strategic 

Purchase 

Intentions 

SPI1 

 

 

SPI2 

 

SPI3 

 

SPI4 

Having witnessed my friend’s situation, I will track the 

price of the products before future purchases to avoid 

paying higher prices 

I will consider the changing prices as an opportunity to buy 

products at lower prices 

I will use some software applications or browser 

extensions to track the changes in the price of the product 

I will motivate my friends & family to track the prices to 

avoid paying higher prices 

 

 

 

VICTOR et al 

(2018a) 

Source: Author’s own construction based on previous studies in the area. 

3.2. Sampling Method, Size and Distribution of Questionnaire 

The questionnaires were distributed mainly among the internet savvy millennial population in 

India and Malaysia. Majority of the respondents in both countries were in the age group of 20 – 

40. The millennials were targeted as the primary group of respondents on the basis of the 

Malaysian E-commerce consumers survey, 2018 and the Report of the Indian Brand Equity 

Foundation, 2017. According to the Malaysian E-Commerce Report, young consumers aged 

between 20 – 40 made more online purchases than other age groups (MCMC, 2018). In the case 

of Indian consumers, around 75% of the internet users in the country belong to the age group of 

15 – 34 (IBEF, 2017). 

A judgemental sampling technique was employed to determine the sample population as it was 

presumed that the respondents had got prior online shopping experience. This precondition of 

previous online shopping experience was presumed considering the difficulties to familiarise the 
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respondents with the basic concepts of online shopping and to avoid anomalies caused by the 

ignorance of respondents in the area of online shopping. This was one of the reasons for adopting 

the purposive sampling technique. Both google forms and paper questionnaires were used to 

collect the data. The questionnaires were mainly distributed among the people who frequently 

purchased online in the Indian states of Kerala and Tamil Nadu and the Malaysian states of 

Malacca and Cyberjaya. As the target population identified was millenials based on the IBEF 

(2017) and MCMC (2018) report, the majority of the questionnaires were distributed among the 

internet savvy university students in the above mentioned states in both countries. The feasibility 

and reliability of using university students as samples in researches especially in the areas of web 

usability and online shopping has been demonstrated by many studies (GEFEN, 2002; KUO et al., 

2009; ZHANG et al., 2011; NATHAN, 2015). With personalised pricing tactic expected to be 

adopted by online sellers in the near future, the attitude and reactions of the student community 

who are the potential customers of E-Commerce market matters a lot. Nonetheless, questionnaire 

distribution was not limited to the student community, the online consumers belonging to other 

age groups visiting Lulu mall and Alleppey Beach in the state of Kerala, domestic tourists in 

Malacca city in Malaysia were also approached with paper questionnaires. 

One of the shortcomings with regard to data collection which could be addressed in future studies  

is the non representative nature of the sample population. The responses were mainly collected 

from two states in both countries which may not fully represent the general characteristics of the 

entire population under study. Furthermore, a limitation regarding the questionnaire is the high 

probability for the presence of common method bias in the case of two constructs namely ‘revenge 

intentions’ and ‘repurchase intentions’. These limitations should be taken into consideration in 

future researches to be conducted in this area of study. 

HAIR et al (2011) gives the criteria to determine the sample size for PLS SEM. According to them, 

the size of minimum sample should be equal to or larger than the following; 

1. Ten times the largest number of formative items used to estimate a construct or 

2. Ten times the largest number of structural paths pointed at a certain latent construct used 

in the structural model. 

This study uses only constructs which are reflective in nature. So the first rule is not applicable 

here. The sample size estimated for the study was 720; 180 for each questionnaire which satisfies 

the sample adequacy requirements for PLS SEM set by the “10 times rule”. (HAIR et al., 2011) 

The highest number of links in the conceptual model framed in this study is 8. So, the sample size 
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chosen is more than adequate for testing the model. The samples obtained for each purchase 

scenario is given in Table 8.  

Table 8. Sample Size Obtained for the Negative and Positive Purchase Scenarios for Both 

Countries 

Indian Positive 

Purchase Scenario 

Indian Negative 

Purchase Scenario 

Malaysian Positive 

Purchase Scenario 

Malaysian Negative 

Purchase Scenario 

192 184 194 181 

Source: Author’s own work 

For each scenario,180 responses were included in the analysis after ensuring the absence of 

extreme outliers in the data. Furthermore, the minimum sample size for the study was confirmed 

using WarpPLS 6.0. The software takes into account of the minimum significant path value and 

allows the user to set the required power level and significance level before calculating the required 

sample size. The protocols used to analyse the minimum sample size was determined based on the 

studies of KOCK & HADAYA (2018) which suggests the use of either an Inverse Square Root 

method or Gamma-Exponential method. The level of significance was set as 0.05 and the power 

level required was given as 0.800. Based on the analysis of the first set of data collected, the 

minimum absolute significant path coefficient in the model was automatically set by the software 

as 0.197.  

The results based on the criteria above is given in Figure 15. The Inverse square Root method 

suggests the use of a minimum of 159-160 samples to attain 0.80 power level. On the other hand, 

Gamma Exponential method suggests using a minimum sample size of 145-146 to attain the 

required power level of 0.80. 

 

Figure 15. Sample Size determination based on Inverse Square Root method and Gamma-

Exponential method 

Source: Author’s own work using WarpPLS 
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The sample size of 180 used to analyse each purchase scenario is higher than the sample size 

requirements stipulated by the 10 times rule method, Inverse Square method and Gamma-

Exponential method. 

3.3. Data Analysis 

Both descriptive and inferential statistical methods were used to analyse the primary data collected.  

SmartPLS 3.0 was used to do partial least square based structural equation modeling to test the 

hypotheses formulated and answer the research questions. Exploratory Factor Analysis (EFA) and 

other descriptive statistics were performed using R Studio. The ANOVA and Wilcoxon Rank Sum 

test (Mann Whitney Test) were performed using STATA 13. 

3.3.1. Partial Least Square Based Structural Equation Modeling (PLS SEM) 

Partial Least Squares based Structural Equation Modelling (PLS SEM) is used to analyse the 

proposed research framework. Structural Equation Modelling is a multivariate statistical procedure 

used to simultaneously examine relationships among variables in the cases where the variables 

under study are complex, hypothetical or are difficult to observe directly (WILLIAMS, 

VANDENBERG, & EDWARDS, 2009). SEM is a very popular statistical technique used in 

behavioural sciences. In the recent times, it has been widely used in social sciences and business 

studies too. SEM comes as a combination of factor analysis, regression and path analysis.  

SEM is usually distinguished into two. Co-Variance based SEM (CB SEM) and Variance based 

SEM (PLS SEM). Both are two different approaches to the same problem. CB-SEM uses the 

Maximum Likelihood (ML) method as the estimation procedure and aim at “minimising the 

difference between the observed and estimated covariance matrix” (HAIR et al., 2011a, p.139). 

On the other hand, PLS-SEM, employs the Ordinary Least Squares (OLS) method which is 

commonly used in regression procedures to explain the variance of the latent constructs by 

“minimising the error terms and maximising the R2 values of the independent and dependent 

variables that are (target) endogenous constructs’’ (HAIR et al., 2014, p.14). 

PLS SEM has relatively less assumptions and restrictions compared to that of CB SEM. When it 

comes to the size of data, CB-SEM demands bigger sample sizes than PLS-SEM for robust output 

and normal distribution of the data is very important as CB-SEM employs the maximum likelihood 

approach. On the other hand, PLS SEM gives robust output even with smaller sample sizes and 

does not require the normality of data which is very hard to adhere to in the cases of behavioural 

researches. Furthermore, CB SEM requires apriori theoretical background to back the model 
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formulated. If the model framed lacks theoretical backing and is at the infant stage of testing and 

theory development, CB-SEM would not be the right choice (ASTRACHAN et al., 2014). 

This research is one of the pioneering works analysing the impact of personalised pricing on 

consumer behaviour. The work aims at predicting the endogenous variables rather than confirming 

an existing theory. Furthermore, the sample size chosen for each purchase scenario is 180. PLS 

SEM gives robust results when the sample size is small. Hence, PLS SEM is considered as the 

appropriate method to test the research model framed. 

3.3.2. Formative and Reflective Measurements 

Structural Equation Modeling (SEM) requires the appropriate specification of the measurement 

models. Misspecification errors may occur if the researcher is paying little attention to the 

directional relationship between the constructs and measures (CHIN, 1998). Measures are also 

known as scale items, items which can be categorised as ones that are influenced by the latent 

variables (reflective) or those influence the latent variables (formative) (FREEZE & RASCHKE, 

2007). 

There are fundamental differences between the formative and reflective measurement constructs. 

In the case of formative constructs, the items form the construct. It means the variations in the 

items measured is reflected on the construct, nevertheless, the variation in the constructs do not 

cause any change in the items. Formative measurements are termed as ‘causal’ indicators and is 

popularly known as combination variable or composite variable (MACCALLUM et al., 1993).  A 

common example cited as a reference for formative constructs is socio economic Status which is 

measured by education, income, occupational status, prestige etc. A positive change in income 

would increase the socio-economic status even without any changes in the other items. Therefore, 

a simultaneous change in all indicators is not required in the case of a formative constructs 

(BOLLEN & LENNOX, 1991). As shown in figure 16, the arrows of the items are pointing 

towards the construct. The causal effect is flowing from the indicators or items as measured by x1, 

x2, x3, x4 to the composite variable or the construct. This indicates that the construct is derived 

by the measurement items.  

Precaution should be taken while dropping an item form a formative construct as it is similar to 

erasing a part of the construct and is not recommended once an item is verified as a part of the 

construct  (BOLLEN & LENNOX, 1991). 
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Figure 16. Formative Construct – Graphical Representation 

Source: Author’s own construction based on Freeze & Raschke (2007) 

 

Reflective constructs in simple words can be explained as items that are reflected because of the 

construct. The changes in the indicators of a reflective construct are caused by the variations in the 

construct itself. Unlike formative constructs, variations in the items measured does not cause any 

variations in construct (FREEZE & RASCHKE, 2007).  

An example of a reflective construct is ’perceived ease of use’. It could be defined as the extent to 

which a person thinks that a particular system would require less efforts. This construct is 

measured by six reflective items or indicators. The items are; easy to learn, controllable, lucid and 

understandable, easy to become skillful, flexible and easy to use (DAVIS et al., 1989) . 

Considering this example, an increase in the perceived ease of use will be marked by an increase 

in all these items measured. This also implies that there exists a high level of correlation between 

the items in a reflective construct. Hence dropping an item will not change the conceptual meaning 

of the construct as in a formative construct due to the interchangeable nature of the items (JARVIS 

et al., 2003). 

 

Figure 17. Reflective Construct – Graphical Representation 

Source: Author’s own construction based on Freeze & Raschke (2007) 
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As figure 17 shows, the arrows are pointing towards the measures, unlike the formative constructs. 

Here the causal effect is transferred from the construct to the measures (x1, x2, x3, x4) which 

means that the items or measures are derived from the construct. 

The items used to measure the constructs (factors) in this research as given in Table 8 are reflective 

in nature. The conceptual research framework with the inner and outer models proposed for the 

study is given below in Figure 18. The inner model in SEM is the part which shows the 

relationships among the different latent variables in the model. The outer model, on the other hand, 

shows the relationships among the latent variables in the model and their respective indicators. 
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Figure 18. The Inner and Outer Model of the Research Framework 

Source: Author’s Own Construction 



72 

 

3.4. Research Procedure – Flow Chart 

The steps followed in the procedure for conducting PLS SEM is depicted in figure 19.                                        

The steps followed are based on the methods followed in the seminal paper ’A Primer on           

Partial Least Squares Structural Equation Modeling’ by HAIR et al (2014) which is considered as 

one of the standard papers on the methodology used for PLS SEM. 

 

Figure 19. Procedures followed in PLS SEM  

Source: Author’s own construction 

3.5. Pilot Study 

A pilot study was conducted to ensure that the information in the purchase scenarios were 

conveyed clearly to the respondents. The clarity of wording of the Likert Scale questions was also 

thoroughly checked with the results of the pilot study. Further, the questionnaire was validated 

using an exploratory factor analysis (EFA) and using a confirmatory composite analysis (CCA) 

3.5.1. Validation of the Questionnaire 

Face validity, construct validity and construct validity criteria were used to validate the 

questionnaire. Face validity was ensured through seeking advice from the subject experts on the 

suitability of the measurement items and the hypothetical purchase scenario used in the 

questionnaire. A detailed evaluation of the questionnaire was done by prof. Maria Fekete-Farkas, 

head of Microeconomics Department, Szent Istvan University and Dr. Robert Jeyakumar Nathan, 

Head of the Marketing Department, Multimedia University, Malaysia. The suggestions of the 

experts in the field were taken into consideration and final version of the questionnaire was 
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prepared based on their comments and suggestions. The construct validity and criterion validity of 

the constructs under study were already established through literature support. Nevertheless, an 

exploratory factor analysis was conducted to bolster the construct validity. RStudio 1.2.1335 was 

used to do the factor analysis. A sample size of 180 was used to perform the Exploratory Factor 

Analysis. The PLS SEM method uses a Confirmatory composite Analysis (CCA) which is 

commonly used in PLS SEM as an alternative to Confirmatory Factor Analysis (CFA). This 

method offers a number of advantages over the regular CFA (HAIR et al., 2018). The results of 

the CCA for each model separately is attached as appendix 6, 8, 10 & 12.  The results are in line 

with the requirements of the methodology used.  

Seven factors were extracted with Principal Component method using Varimax rotation. Kaiser-

Meyer-Olkin (KMO) factor adequacy test was conducted to test the factor adequacy. The factors 

customer loyalty (CL), fair price perception (FPP), purchase satisfaction (PS), privacy concerns 

(PC), revenge intentions (RI), repurchase intentions (RP) strategic purchase intentions (SPI) 

showed a sampling adequacy of 0.84 as reported in Table 9. KAISER (1974) states that a KMO 

value of 0.5 is the minimum value required to confirm factor adequacy. Values in the range of 

0.80-0.89 is considered as meritorious. Hence the factor adequacy of this research is confirmed. 

Table 9. KMO Factor Adequacy Test 

 
Kaiser-Meyer-Olkin factor adequacy 

Call: KMO(r = x) 
Overall MSA =  0.84 
MSA for each item =  
 CL1  CL2  CL3  CL4  CL5  CL6  CL7  FP1  FP2  FP3  FP4  FP5  PS1  PS2  PS3   
0.83 0.86 0.87 0.90 0.91 0.84 0.81 0.93 0.89 0.89 0.48 0.62 0.92 0.92 0.90 
 
PS4  PS6  PS5  PS7  PS8  PC1  PC2  PC3  PC4  PC5  RI1  RI2  RP1  RI3  RP2   
0.93 0.93 0.76 0.90 0.88 0.52 0.57 0.70 0.68 0.63 0.69 0.72 0.83 0.83 0.90 
                                                                            R
P3  RP4  RI4  RI5  RI6 SPB1 SPB2 SPB4  
0.86 0.85 0.74 0.72 0.82 0.83 0.70 0.69  

Source: Author’s own work based on Rstudio Results 

The results of the Bartlett`s test of sphericity given in Table 10 Shows that the chi square value o

f 4007.928 is significant at o.oo1%. The p value here is 0.00 hence it is confirmed that the correla

tion matrix of the research constructs is not an identity matrix. 

Table 10. Bartlett’s Sphericity Test 

Bartlett’s Test of Sphericity 

Chi Square 

p.value 

df 

4007.928 
0.00 

703 

Source: Author’s own work based on RStudio Results 
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After meeting the KMO factor adequacy and Bartlett`s test of sphericity criteria, an exploratory 

factor analysis was conducted with varimax rotation. Table 11 shows the results of the Factor 

analysis.  

Table 11. Preliminary Results of Factor Analysis 

 
Item    
Names 

 
Items Factor1 Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 
 

 
 
Customer  
Loyalty 
(CL) 

CL1           0.806                                          
CL2           0.748                                          
CL3           0.817                                          
CL4           0.733                                          
CL5           0.699                                          
CL6           0.806                                          
CL7           0.747                                          

Fair  
Price  
Perception  
(FPP) 

FP1                                                   0.844  
FP2                                                   0.811  
FP3                                                   0.668       
FP4                                                   0.206  
FP5                                                   0.311  

 
 
Purchase 
Satisfacti
on(PS) 

PS1   0.796                                                  
PS2   0.889                                                  
PS3   0.746                                                  
PS4   0.874                                                  
PS6   0.718                                             
PS5  -0.397                                                  
PS7   0.778                                                  
PS8   0.729                                                  

 
Privacy 
Concerns 
(PC) 

PC1                                   0.538                  
PC2                                   0.568                  
PC3                                   0.738                  
PC4                                   0.622            
PC5                                   0.709                  

 
Revenge 
Intentions  
(RI) 

RI1                   0.829                                  
RI2                   0.841                                  
RI3                   0.604                          
RI4                   0.551 
RI5                   0.590 
RI6                   0.372 

Repurchase  
Intentions  
(RI) 

RP1                          0.578                                  
RP2                          0.621                          
RP3                          0.780                          
RP4                          0.567                                                                                                                                                                                

Strategic  
Purchase  
Intentions  
(SPI) 

SPB1                                          0.626          
SPB2                                          0.574 
SPB3                                          0.832          
SPB4                                          0.608          

         
                Factor1 Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 
SS loadings      7.163   4.641   2.639   2.191   2.012   1.920   1.716 
Proportion Var   0.188   0.122   0.069   0.058   0.053   0.051   0.045 
Cumulative Var   0.188   0.311   0.380   0.438   0.491   0.541   0.586 

Source: Author’s own work based on RStudio Results 

 

The cut off value was set as 0.50 to remove items after factor analysis based on MOOI & 

SARSTEDT (2010). All items except FPP4, FPP5, PS5 and RI6 (shown in boldface in Table 11) 

had values above 0.50.  The cumulative variance with all items included was 0.586.  
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The items with low loadings were removed and factor analysis was conducted again. The results 

of the analysis conducted with factor loadings above 0.50 is given in Table 12. 

Table 12. Factor Analysis Results After Elimination of Items with Low Factor Loadings 

 
Item    
Names 

 
Items Factor1 Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 
 

 
 
Customer  
Loyalty 
(CL) 

CL1           0.815                                          
CL2           0.744                                          
CL3           0.811                                           
CL4           0.735                                          
CL5           0.699                                          
CL6           0.819                                          
CL7           0.746                                          

Fair  
Price  
Perception  
(FPP) 

FP1                                                   0.858  
FP2                                                   0.823  
FP3                                                   0.678      

 
 
Purchase 
Satisfacti
on (PS) 

PS1   0.802                                                  
PS2   0.887                                                  
PS3   0.750                                                  
PS4   0.863                                                  
PS6   0.710                                             
PS7   0.771                                                  
PS8   0.737                                                

 
Privacy 
Concerns 
(PC) 

PC1                                   0.544                  
PC2                                   0.599                  
PC3                                   0.716                  
PC4                                   0.418            
PC5                                   0.686                  

 
Revenge 
Intentions  
(RI) 

RI1                   0.797                                  
RI2                   0.861                                  
RI3                   0.617                          
RI4                   0.581 
RI5                   0.554 

Repurchase  
Intentions  
(RI) 

RP1                          0.584                                  
RP2                          0.622                          
RP3                          0.773                          
RP4                          0.575                                                                                                                                                                               

Strategic  
Purchase  
Intentions  
(SPI) 

SPB1                                          0.599          
SPB2                                          0.876 
SPB3                                          0.557          
SPB4                                          0.619          

                
                Factor1 Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 
SS loadings      6.994   4.596   2.381   2.155   2.069   1.939   0.908 
Proportion Var   0.200   0.131   0.068   0.062   0.059   0.055   0.026 
Cumulative Var   0.200   0.331   0.399   0.461   0.520   0.575   0.601 

Source: Author’s own work based on RStudio Results 

The results of the second analysis show that all items except PC4 had loadings above 0.50 as 

shown in Table 12. GUADAGNOLI & VELICER (1988) states that scores above 0.40 are 

considered stable in exploratory factor analysis, since PC4 was the only item with loading below 

0.50, it was retained based on this less stringent criterion. KMO factor adequacy test value 

improved to 0.85 and the Bartlett`s test for sphericity showed a chi square value of 3679.423 with 

p value less of 0.00 and degree of freedom of 595. The cumulative variance of the total model has 

now increased from 0.586 to 0.601. Based on these results, the final data for the PLS SEM analysis 

was prepared. 
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4. RESULTS AND DISCUSSION 

4.1. Demographic Profile of the Respondents 

This section gives a detailed overview of the nature of the data used in the study. The demographic 

characteristics of the respondents from Malaysia and India are given in the following tables and 

charts. As discussed in the previous chapter, the sample size used for analysing both positive and 

negative purchase scenarios of Malaysia was 360 and that for India was 360. So, a total of 720 

samples were used in the analysis. For better tabular depiction and visual appeal of the results, 

certain acronyms are used in the table headings. They are, Mal_Neg - Malaysian Negative 

Purchase Scenario, Mal_Pos – Malaysian Positive Purchase Scenario, Ind_Neg – Indian Negative 

Purchase Scenario and Ind_Pos – Indian Positive Purchase Scenario. 

Table 13. Gender of the Respondents 

Gender 
Frequency 

Mal_Neg Mal_Pos Percentage Ind_Neg Ind_Pos Percentage 

Female 97 109 57.22% 91 106 54.72% 

Male 83 71 42.77% 89 74 45.27% 

Total 180 180 100% 180 180 100% 

Source: Author’s own work based on Rstudio Results 

The results given in Table 13 show that majority of the respondents under study in both countries 

were females. Out of the 720 respondents participated, 403 were females, which is around 55.97% 

and the male participants constituted 44.02% of the total respondents i.e. 317. The number of 

female respondents participated in the study in Malaysia were 206 and the number of males were 

154. In the case of Indian respondents, the number of male participants were 197 and the number 

of females were 163. 

Table 14. Age Group of the Respondents 

Age 
Frequency 

Mal_Neg Mal_Pos Percentage Ind_Neg Ind_Pos Percentage 

15 – 25 119 95 59.44% 101 108 58.05% 

26 – 35 49 63 31.11% 56 35 25.27% 

36 – 45 6 12 5% 20 27 13.05% 

46 – 55 2 7 2.5% 3 8 3.05% 

56 and above 4 3 1.94% 0 2 0.55% 

Total 180 180 100 180 180 100 

Source: Author’s own work based on Rstudio Results 
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As per the results given in Table 14, majority of the respondents in Malaysia (59.44%) and India 

(58.05%) belonged to the age group of 15 -25. The age group of 26 – 35 constituted the second 

highest category with 31.11% in Malaysia and 25.27% in India. The number of respondents 

belonging to the age bracket of 36-45 in Malaysia (5%) was much lesser than that in India 

(13.05%). However, the percentage of respondents belonging to the age groups of 46-55 and 56 

and above are comparatively lesser than the other age brackets in both countries, i.e. 4.44% in  

Malaysia and 3.1% in India. 

Table 15. Monthly Family Income of Malaysian Respondents 

Monthly Family income 
Frequency 

Mal_Neg Mal_Pos Percentage 

Below RM2000 38 30 18.88% 

RM2001 - RM4000 62 53 31.94% 

RM4001 - RM6000 48 57 29.44% 

RM6001 - RM8000 26 36 17.22% 

RM8001 and above 6 4 2.77% 

Total 180 180 100 

Note: 1 RM = 0.24 USD 

Source: Author’s own work based on RStudio Results 

Table 15 gives the results of the monthly income received by the Malaysian respondents under 

study. The results show that around 31.94% of the total respondents earn a monthly income of 

RM2001 – RM4000. 29.44% of the total respondents were earning an income of RM4001 – 

RM6000 and 17.22% were earning RM6001 – RM8000. The percentage of respondents earning 

RM10001 and above was 2.77 and 18.88% of the respondents were earning below RM2000. 

According to the Department of Statistics, Malaysia, median and mean monthly income in 2016 

was RM5,228 and RM6,958 respectively (DOSM, 2016). 

Table  16. Monthly Family Income of the Indian respondents 

Monthly Family income 
Frequency 

Ind_Neg Ind_Pos Percentage 

Below Rs.10,000 3 5 2.22% 

Rs.10,000 – Rs. 25,000 49 46 26.38% 

Rs. 26,000 – Rs. 50,000 70 83 42.50% 

Rs. 50,000 – Rs. 75,000 35 34 19.16% 

Rs. 75,000 and above 23 12 9.72% 

Total 180 180 100% 

Note: 1 Rs = 0.014 USD 

Source: Author’s own work based on RStudio Results 
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Table 16 shows the results of the monthly income received by the Indian respondents. From the 

results, it could be seen that majority of the respondents (42.5%) were earning a monthly income 

of Rs.26,000 – Rs.50,000. Around 26.38% were earning a monthly income of Rs. 10,000 – Rs. 

25,000. Around 19.16% of the total respondents belonged to the income group of Rs.50,000-

Rs.75,000 and 9.72% were earning a monthly income above Rs.75,000. Percentage of respondents 

earning a monthly income below Rs.10,000 was 2.2. 

Table 17. Educational Qualification of the Respondents 

 

Educational 

Qualification 

Frequency 

Mal_Neg Mal_Pos Percentage Ind_Neg Ind_Pos Percentage 

High School 2 0 0.55% 1 1 0.55% 

Bachelors Degree 102 87 52.5% 118 95 59.16% 

Masters Degree 57 73 36.11% 56 68 34.44% 

PhD 19 20 10.83% 15 26 11.38% 

Total 180 180 100% 180 180 100% 

Source: Author’s own work based on RStudio Results 

Statistics on educational qualification of the respondents as given in Table 17 show that majority 

of the respondents in Malaysia (52.5%) and India (59.16%) had bachelors degree. Around 36.11% 

of the Malaysian respondents and 34.44% of the Indian respondents were holding a masters degree. 

10.83% of the total respondents in Malaysia had a PhD degree and the percentage of Indian 

respondents with a PhD degree was 11.38%. The respondents with a high school certificate was 

0.55% in both countries, i.e. 2 respondents each. 

4.2. Assessment of the Selected Constructs  

4.2.1.  Assessment of the Antecedent Construct – Customer Loyalty 

The construct ‘Customer Loyalty’ was set as an antecedent factor to assess the influence of the 

loyalty towards the seller on the post purchase reactions. As explained in the methodology section, 

the items to measure customer loyalty were given in the first part of questionnaire i.e. before the 

respondents were exposed to the hypothetical purchase scenarios. Customer Loyalty influences 

the price perceptions of the consumers which has a direct effect on their overall purchase 

satisfaction. Literature on customer loyalty shows that the loyal customers do tolerate price hikes 

to some extent. Hence, the efficacy of the antecedent construct in creating the necessary 

stimulation to assess its impact on post purchase reactions for both Malaysian and Indian purchase 

scenarios is analysed visually here.  
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Stacked charts, one of the best tools available to visualise Likert scale based questionnaires are 

used to depict the consumer responses. The zero percentage at the centre shows neutral responses 

and to the right, the rate of responses with ‘agree’ and ‘strongly agree’ is shown in positive 

percentages and to the left, the rate of ‘disagree’ and ‘strongly disagree’ is shown in negative 

percentages. 

 

Figure 20. Customer Loyalty – Malaysian Purchase Scenarios 

Source: Author’s own work 

 

Most of the Malaysian respondents agree that Lazada is a retailer that interests them, and they 

prefer buying products from Lazada, one of the largest online retailers in the country. Majority of 

the respondents also agree that they would recommend the services of Lazada to others implying 

that the existing buyers are satisfied with them. Regarding the safety concerns of using Lazada, 

there is a slight increase in the number of neutral responses and the disagree responses. When it 

comes to the frequency of purchases from Lazada, there is a considerable increase in the rate of 

responses in the disagree and strongly disagree sections. One of the reasons might be the less 

pervasiveness of the E-Commerce markets in some parts of the country. Although majority of the 

respondents agreed that they would encourage others to use Lazada, there is an increase in the 

neutral responses implying that they wouldn’t be interested in forcing others to use Lazada. Using 

Lazada as a first choice is also a 50-50 question with increased rate of neutral responses. 

Considering the cut-throat competition in the E-Commerce market all over the world and in the 
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fast developing digital ecosystem in countries like Malaysia, Lazada has done a decent job in 

building a loyal customer base according to the results shown in figure 20. 

 

 

Figure 21. Customer Loyalty – Indian Purchase Scenarios 

Source: Author’s own work 

 

For the Indian purchase scenarios, Amazon seems to have made a considerable influence in the 

Indian E-Tail segment. Most of the respondents agree that Amazon is preferred to other online 

retailers in India. Unlike the Malaysian case, most of the Indian respondents believe that Amazon 

offers a safe and secure platform for online purchases. The number of respondents who think that 

Amazon is safe is higher than that of the Malaysian respondents who opined that Lazada is safe. 

Similar to the Malaysian situation, the frequency of purchase from Amazon is lesser in India. Two 

of the most prominent reasons might be the less pervasiveness of digital shopping in the remotest 

parts of India and the tough competition faced by Amazon in the Indian E-Commerce market. 

Regarding the recommendation of the seller, most of the respondents agreed that they would 

recommend and encourage others to use the services of Amazon. Furthermore, the number of 

respondents who agreed that they would consider Amazon as their first choice in online purchases 

is very high. This implies that the Indian respondents are very loyal to Amazon.  

By assessing the responses of the respondents as depicted in figure 20 and figure 21, the loyalty 

of the respondents to the E-Commerce vendors given in the purchase scenarios in both countries 

are confirmed as reasonably good enough for the analysis.  
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4.2.2. Privacy Concerns of the Respondents 

The privacy concerns of the respondents in a personalised pricing context were also examined in 

detail. Personalised pricing uses the observed and inferred data about a consumer which includes 

personal information to tailor prices for each individual or a group of individuals with similar 

traits. One of the major sources of data collection is through website cookies (OECD, 2018). It is 

required to figure out how cautious are the consumers in sharing their personal data with a third 

party to better understand their attitude.  

The hypothetical purchase scenarios developed in the questionnaires imparted information 

regarding how personal information is being collected and used by the online retailers to customise 

prices. The concerns of the respondents regarding their online privacy and personal data sharing 

were then elicited through a construct developed for this purpose. The construct named ‘privacy 

concerns’ was developed by the researcher and was validated and used in a previously published 

work (VICTOR et al., 2018a). The items used in the construct with their respective responses for 

the Malaysian and Indian purchase scenarios are given in figure 22 and figure 23. 

 

Figure 22. Privacy Concerns - Malaysian Purchase Scenarios 

Source: Author’s own work 

Majority of the Malaysian respondents agree that they would be happy if the online retailer is 

providing an option to voluntarily exclude themselves from the data sharing with the seller. 

However, around 30 percent of the respondents either disagree or take a neutral position regarding 
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the option for exclusion. Data sharing for personalised product recommendation is also not 

desirable for most of the Malaysian respondents implying that they might be irritated by the 

recommendations they get every now and then after visiting online shopping websites. 

Surprisingly, the number of respondents who disagree that they don’t need personalised prices are 

lesser than that of the respondents who disagree the need for personalised product 

recommendations. This portrays the mindset of some Malaysian respondents who believe that 

personalised pricing can be beneficial to them. Regarding the safety of the payment methods and 

attack of cyber criminals in a data sharing environment, majority of the Malaysian respondents 

agree that they fear that such a thing can happen due to the disclosure of personal data.  

 

 

Figure 23. Privacy Concerns - Indian Purchase Scenarios 

Source: Author’s own work 

For more than 90 percent of the Indian respondents, a choice given to not share their personal 

information with the seller would make them happier. Compared to the Malaysian respondents, 

the rate of Indian respondents who agree that they do not want to share personal information for 

personalised product recommendations and is lesser implying that some of the Indian consumers 

find personalised product recommendations as useful. More than half of the respondents also 

agreed that they don’t want to share personal information for personalised prices. Regarding the 

safety of the payment methods and attack of cyber criminals in a data sharing environment, the 

percentage of Indian respondents have concerns are higher than the former. One of the reasons 
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might be the increasing number of cybercrimes in India. Another interesting observation regarding 

some of the Indian respondents is that although they acknowledge the benefits accruing from 

sharing personal data with the sellers, they still require the choice not to share their data.  

By assessing figure 22 and figure 23, it could be seen that the privacy concerns of both Malaysian 

and Indian respondents are more or less similar. However, the Indian Respondents are more 

sensitive than the Malaysian respondents when it comes to the safety concerns while using online 

platforms for shopping in a data sharing environment. Interestingly,  relatively higher number of 

Indian respondents have also shown interest in sharing their personal information for personalised 

prices and product recommendations than the Malaysian respondents. Overall, the results show 

that majority of the respondents under study have serious privacy concerns in a data sharing 

personalised pricing context.  

4.3. Assessment of the Gender wise Differences Using Wilcoxon Rank Sum 

Test (Mann Whitney Test) 

In order to test for gender wise differences among the respondents in their attitude towards the 

variables under study, a Wilcoxon rank sum test (Mann Whitney test) was done. The results for 

the Malaysian purchase scenarios are given in Table 18. 

Table 18. Wilcoxon Rank Sum Test Results for the Malaysian Purchase Scenarios 

Malaysia Positive Malaysia Negative 

 

Constructs 

Rank Sum Z 

statistic Sig 
Mean Z 

Statistic 

 

Sig Male Female Male Female 

Customer 

Loyalty 
6553 9737 -1.179 0.2385 5929 5852 0.846 0.3978 

Fair Price 

Perceptions 
6115.5 10174.5 0.114 0.9092 6045.5 5735.5 0.419 0.6751 

Privacy 

Concerns 
6327.5 9962.5 -0.512 0.6087 6586.5 5194.5 -1.565 0.1177 

Purchase 

Satisfaction 
5953.5 10336.5 0.593 0.5531 6191 5590 -0.113 0.9097 

Repurchase 

Intentions 
6687 9603 -1.583 0.1135 6219.5 5561.5 -0.218 0.8272 

Revenge 

Intentions 
6302 9988 -0.441 0.6596 5892 5889 0.988 0.3231 

Strategic 

Purchase 

Intentions 

5630 10660 1.560 0.1187 6469.5 5311.5 -1.137 0.2555 

Source: Author’s own work based on Stata results 
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The null hypothesis for the Wilcoxon Rank Sum test is that there is no significant difference in the 

attitude of male and female respondents towards the variables under study.  Since the significance 

values for the Z statistic are above 0.05 for all variables, the null hypothesis cannot be rejected in 

both purchase scenarios, hence it can be concluded that there is no significant difference between 

the attitude of the Malaysian male and female respondents towards the variables under study. 

The results of the Wilcoxon test conducted to assess the gender wise difference in the attitude of 

Indian respondents are reported in Table. 19. 

Table 19. Wilcoxon Rank Sum Test Results for the Indian Purchase Scenarios 

India Positive India Negative 

Constructs  

Rank Sum  
Z 

statistic 
Sig 

Rank Sum 
Z 

statistic 

 

Sig 
Male Female Male Female 

Customer 

Loyalty 
5961.5 10148.5 1.002 0.3161 7058.5 9051.5 -1.170 0.2422 

Fair Price 

Perceptions 
6353 9757 -0.157 0.3517 9450 8674 -2.280 0.0226 

Privacy 

Concerns 5694.5 10415.5 1.797 0.0723 6640 9470 0.059 0.9531 

Purchase 

Satisfaction 
6052 10058 0.735 0.1104 7236 8874 -1.689 0.0912 

Repurchase 

Intentions 
7007 9103 -2.107 0.0351 7844 8266 -3.487 0.0005 

Revenge 

Intentions 
6848.5 9261.5 -1.634 0.428 6891.5 9218.5 -0.683 0.4946 

Strategic 

Purchase 

Intentions 

6205.5 9904.5 0.281 0.512 7063 9047 -1.186 0.2355 

Source: Author’s own work based on Stata results 

The results reported in Table 19 shows that there is a statistically significant difference between 

the Indian male and female respondents in both purchase scenarios in their attitude towards 

repurchase intentions. Based on the results, the female respondents seem to have higher repurchase 

intentions in the Indian negative and positive purchase scenarios as compared to the male 

respondents. The fair price perception of female respondents is also higher in the Indian negative 

purchase scenario as compared to their male counterparts. 
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4.4. Assessment of the Differences among Income Groups Using One Way 

ANOVA 

A one-way Analysis of Variance (ANOVA) Test was conducted for the negative and positive 

purchase scenarios separately to test for any differences among the attitude of the respondents 

belonging to different income groups. ANOVA is commonly used for dealing with three or more 

independent, unrelated groups. For analyzing two groups such as gender, a t test is typically used. 

 For the Malaysian purchase scenarios, the respondents belonged to five income slabs starting from 

below 2000 Malaysian Ringgits to above 8000 Malaysian Ringgits. 

Table 20.  ANOVA Test Results for the Malaysian Purchase Scenarios 

Malaysian Positive Purchase Scenario Malaysian Negative Purchase Scenario 

Constructs 

Mean Square 

F Sig 

Mean Square 
 

F 

 

Sig 
Between 

Groups 

Within 

Groups 
Between 

Groups 
Within 

Groups 

Customer 

Loyalty 
.970 .903 1.07 0.3706 .970 .903 0.82 0.5136 

Fair Price 

Perceptions 
.3729 .7505 0.50 0.7381 1.917 .979 1.96 0.1040 

Privacy 

Concerns 
1.491 .1868 7.99 0.0000 .543 .708 0.77 0.5488 

Purchase 

Satisfaction 
.6733 .4283 1.57 0.1838 1.19 .521 2.30 0.0616 

Repurchase 

Intentions 
.0785 .3870 0.20 0.9364 1.10 .430 2.58 0.0400 

Revenge 

Intentions 
.4853 .4559 1.06 0.3757 1.00 .438 2.29 0.0627 

Strategic 

Purchase 

Intentions 

.52041 .5794 0.90 0.4663 .178 .734 0.24 0.9137 

Source: Author’s own work based on Stata results 

The ANOVA test results for the Malaysian positive purchase scenario reported in Table 20 show 

that there is a  statistically significant difference in the privacy concerns of respondents belonging 

to different income groups. For the Malaysian negative purchase scenario, a statistically significant 

difference was found for the repurchase intentions.  

A Tukey post hoc test and a pairwise comparisons of means were carried out to identify the groups 

that have different means. Only the significant results are reported in the post hoc tests shown in 

Table 21 and Table 22. 
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Table 21. Pairwise Comparisons of Means for the Malaysian Purchase Scenarios 

Scenario  Constructs 

Mean 

Below RM 

2000 

RM 2001 

-4000 

RM 4001- 

6000 

RM 6001 -

8000 

Above 

RM 8001 

Malaysia 

Positive 

Privacy 

Concerns 
3.26 3.32 3.41 3.67 3.88 

Malaysia 

Negative 

Repurchase 

Intentions 
3.10   2.78 3.05 3.50 3.09 

Note: 1 RM = 0.24 USD 

Source: Author’s own work based on Stata results 

Table 22.  Tukey Post Hoc Test for the Malaysian Purchase Scenarios 

Scenario Income Group Contrast Std. Err. 
Tukey 

t p value 

Malaysia 

Positive 
RM6001 - RM8000 vs 

RM2001 - RM4000 
.352 .082 4.29 0.000 

Malaysia 

Negative 

RM6001 - RM8000 vs 

Below RM2000 
-.309 .288 -2.77 0.049 

Note: 1 RM = 0.24 USD 

Source: Author’s own work based on Stata results 

The results of the Tukey post hoc test reported in Table 22 show that there is a statistically 

significant difference between the means of the respondents belonging to the income group 

RM6001 - RM8000 and RM2001 - RM4000 for the Malaysian positive purchase scenario. From 

the Pairwise comparisons of means table, it could seen that the income group RM6001 -8000 has 

a higher mean score (3.41) as compared to the mean of the income group RM 2001 – 4000 (3.32). 

This result indicates that the income group RM 6001 – RM 8000 has higher privacy concerns as 

compared to the income group RM 2001 - RM 4000. 

For the Malaysian negative purchase scenario, a statistically significant differ difference of means 

is seen between the income group RM 6001 – RM 8000 and Below RM 2000. The pairwise 

comparisons of means show that the mean score is higher for the income group RM 6001 – 8000 

(3.50) as compared to the income group Below RM 2000 (3.10). The result portrays that the 

income group RM 6001 – 8000 has a higher repurchase intentions as compared to the income 

group Below RM 2000 in a personalised pricing context. 

The ANOVA test results for the Indian positive and negative purchase scenarios are reported in 

Table 23. The Indian respondents belonged to five income slabs starting from Below Rs. 10,000 

to Above Rs. 75, 000. 



87 

 

Table 23. ANOVA Results for the Indian Purchase Scenarios 

India Positive India negative 

Constructs 
Mean Square 

F Sig 

Mean Square  

F 

 

Sig Between 

Groups 

Within 

Groups 
Between 

Groups 
Within 

Groups 

Customer 

Loyalty 
1.19 .712 1.68 0.1567 .244 .7689 0.32 0.8657 

Fair Price 

Perceptions 
3.22 .618 5.21 0.0005 3.554 .7016 5.07 0.0007 

Privacy 

Concerns 
1.68 .897 1.87 0.1173 .3216 .5839 0.55 0.6987 

Purchase 

Satisfaction 
1.287 .496 2.59 0.0384 1.336 .770 1.73 0.1445 

Repurchase 

Intentions 
.889 .434 2.05 0.0897 .020 .332 0.06 0.9930 

Revenge 

Intentions 
.446 .515 0.87 0.4853 .309 .517 0.60 0.6641 

Strategic 

Purchase 

Intentions 

2.68 .678 3.95 0.0043 .0965 .669 0.14 0.9653 

Source: Author’s own work based on Stata results 

For the Indian positive purchase scenario, a statistically significant difference was seen for three 

factors namely fair price perceptions, purchase satisfaction and strategic purchase intentions 

among the various income groups. For the Indian negative purchase scenario, a statistically 

significant difference was seen for the factor fair price perceptions. As ANOVA test does not give 

information about the exact groups for which the means are different, a Tukey post hoc test and a 

pairwise comparisons of means were conducted to identify the groups that differ. Only the 

significant results are reported in the post hoc tests shown in Table 24 and Table 25. 

Table 24. Pairwise Comparisons of Means for the Indian Purchase Scenarios 

Scenario  Constructs 

Mean 

Below Rs. 

10,000 

Rs. 10,000 

– 25,000 

Rs. 26,000 - 

50,000 

Rs. 51, 000 - 

75,000 

Above 

Rs. 75,000 

Indian 

Positive 

Fair Price 

Perceptions 
2.40 3.05 2.71 2.24 2.55 

Purchase 

Satisfaction 
2.20 2.95 2.74 2.48 2.76 

Strategic 

Purchase 

Intentions 
3.58 3.81 3.72 3.63 3.17 

Indian 

Negative 

Fair Price 

Perceptions 
2.40 3.05 2.71 2.24 2.55 

Note: 1 Rs = 0.014 USD 

Source: Author’s own work based on Stata results 
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Table 25. Tukey Post Hoc Test for the Indian Purchase Scenarios 

Scenario Income Group Contrast Std. Err. 
Tukey 

t p value 

India 

Positive 

Rs. 26,000 – 50,000 vs 

Rs. 10,000 – 25,000 
-.4490309 .1445629 -3.11 0.019 

Rs. 51, 000 – Rs. 75, 000 vs  

Rs. 10,000 – 25,000  
-.4776564 .1655436 3.07 0.021 

Above Rs. 75,000 vs  

Rs. 10,000 – 25,000 
-.6426334 .2272284 3.40 0.007 

India 

Negative 

Rs. 51, 000 - 75,000 vs  

Rs. 10,000 – 25,000 
-.8141667 .1861879 -4.37 0.000 

Note: 1 Rs = 0.014 USD 

Source: Author’s own work based on Stata results 

The Tukey test results for the Indian positive purchase scenario indicate that there is a difference 

between the means of the income group Rs. 26,000 – 50,000 and Rs. 10,000 – 25,000 in their 

attitude towards fair price perceptions. From the pairwise mean comparison table, it could be 

ascertained that the fair price perceptions of the income group Rs. 10,000 – 25,000 is higher than 

that of the other group, 26,000 – 50,000 as the mean score of the former (3.05) is higher than that 

of the latter (2.71). The purchase satisfaction mean score for the income group Rs. 51, 000 – Rs. 

75, 000 differed from that of Rs. 10,000 – 25,000. From the pairwise mean comparison table, it 

can be seen that the income group Rs. 10,000 – 25,000 with a mean score of 2.95 has higher 

purchase satisfaction as compared to the income group Rs. 51,000 – Rs. 75, 000 for which the 

mean score is 2.48. A statistically significant difference was observed between the means of the 

income group Above Rs. 75,000 and Rs. 10,000 – 25,000 in their attitude towards strategic 

purchase intentions. As per the results in the pairwise mean comparison table results, the income 

group Rs. 10,000 – 25,000 with a mean score of 3.81 has higher strategic purchase intentions as 

compared to the income group Above Rs. 75,000 with a mean score of 3.17.  

For the Indian negative purchase scenario, a significant difference in the mean scores was observed 

between the income groups Rs. 51, 000 - 75,000 and Rs. 10,000 – 25,000 in their attitude towards 

fair price perceptions. From the pairwise mean comparison table, it could be seen that the fair price 

perceptions of the income group Rs. 10,000 – 25,000 with a mean score of 3.05 is higher than that 

of the other income group Rs. 51, 000 - 75,000 having a mean score of 2.24. 
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4.5.  Item Statistics  

The item statistics for both positive and negative purchase scenarios of the two countries were 

estimated using SmartPLS 3.0. Measures of central tendency including mean and median as well 

as measures of variability such as standard deviation, kurtosis, and skewness were checked to 

ensure that the data used for analysis was good enough. Normal univariate distribution of a dataset 

can be proved if the skewness and kurtosis values of a dataset fall within the range of +/-2 

(GEORGE & MALLERY, 2010). Nevertheless, one of the main benefits of using PLS SEM is 

that it doesn’t require normal distribution of the data being analysed. The item statistics were 

however thoroughly checked to ensure that there are no extreme values in the data analysed. The 

presence of extreme outliers is not desirable in exploratory studies. The results of the mean, 

median, standard deviation, excess kurtosis and skewness of the independent variables for negative 

and positive purchase scenarios for both countries are attached as appendix 2, 3, 4 and 5.  

The mean, median, standard deviation, skewness and excess kurtosis for all the items under study 

for both countries were within the suggested threshold limits, hence it was ensured that there were 

no extreme outliers in the data under study.  

After ruling out the presence of extreme outliers in the dataset, the validity of the measurement 

and structural models were then tested. 

4.6. Assessment of the Measurement Models 

The measurement model refers to the outer model that relates the latent variable to its indicators. 

It is required to assess the measurement model for convergent validity, internal consistency and 

reliability and discriminant validity prior to testing the structural model HAIR et al (2014). The 

convergent validity is assessed using Average Variance Extracted. Cronbach’s Alpha and 

Composite Reliability are used to assess the internal consistency reliability. For assessing the 

discriminant validity, Fornell - Larcker criterion was used. Indicator reliability was confirmed by 

assessing the outer loadings. The convergent and discriminant validity results for both the Indian 

and Malaysian purchase are given in the following sub chapters. 

4.6.1.  Convergent Validity and Internal Consistency Reliability 

Convergent validity in simple words can be explained as the degree of confidence of a researcher 

that a characteristic trait is well estimated by the relevant indicators. AVE estimates the level of 

variance measured by a construct as compared to the level of variance captured due to 

measurement error (CAMPBELL & FISKE, 1959). For testing convergent validity of the reflective 

models, the appropriate method is to examine Average Variance Extracted (AVE) of each 
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construct. The Average Variance Extracted (AVE) displays the average communality for the latent 

constructs in a given reflective model. The square root of AVEs can be used to assess the 

discriminant validity. The AVE values should be equal to or greater than 0.50 to be considered as 

having adequate convergent validity (CHIN, 1998). It implies that the items should be able to 

explain at least 50% of the total variance of the respective factor. 

For ensuring adequate internal consistency reliability, the Composite reliability (CR) values should 

be above 0.70. Nevertheless, CR values above 0.95 are undesirable in researches. The problem 

with CR values above 0.95 is that it alludes the presence of unnecessary items in a construct. As 

redundant items have the capacity to make an adverse impact on the content validity and error 

term correlations, it is suggested to identify and reduce the number of redundant items (Hair et al., 

2017). Composite reliability measure is considered as less biased as compared to Cronbach Alpha 

measures. Cronbach’s Alpha is also used to test if the items belonging to the latent variables show 

adequate convergent validity and hence exhibit internal consistency and reliability. 

Conventionally, a Cronbach Alpha value above 0.70 is considered acceptable (HAIR et al., 2014).  

The Rho_A used in PLS SEM models is one of the important measures of reliability. It gives an 

estimate for the squared correlation of the construct score with the score that is unknown or the 

true construct score. The minimum score to be attained for Rho_A is 0.7 (DIJKSTRA & 

HENSELER, 2015). 

Table 26. Results of the Measurement Model Assessment – Indian Purchase Scenarios 

 

Constructs  

Cronbach’s 

Alpha 
Rho_A 

Composite 

Reliability 

Average 

Variance 

Extracted (AVE) 

Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos 

Customer  

Loyalty 
0.912 0.916 0.915 0.921 0.930 0.933 0.655 0.665 

Fair Price  

Perception 
0.807 0.861 0.818 0.866 0.886 0.915 0.721 0.782 

Privacy  

Concerns 
0.803 0.737 0.823 0.791 0.859 0.807 0.55 0.552 

Purchase  

Satisfaction 
0.929 0.940 0.932 0.942 0.944 0.931 0.707 0.736 

Revenge  

Intentions 
0.774 0.839 0.868 0.847 0.853 0.893 0.609 0.677 

Repurchase 

Intentions 
0.827 0.790 0.862 0.843 0.877 0.854 0.589 0.544 

Strategic 

Purchase 

Intentions 

0.753 0.725 0.787 0.752 0.843 0.829 0.577 0.552 

Source: Author’s own work based on SmartPLS results 
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Table 26 gives the results of the assessment of the measurement model. The Composite Reliability 

values range within 0.829 – 0.931 for the positive Indian purchase scenario and 0.843 – 0.944 for 

the negative Indian purchase scenario. Although the Composite Reliability values for the 

constructs customer loyalty and purchase satisfaction are above 0.90, they are not higher than the 

recommended critical threshold of 0.95 and did not seem to have any significant adverse influence 

on the overall content validity or error term correlations. Hence the factors were retained without 

changes.  

The Cronbach’s Alpha and Rho_A for all constructs in both purchase scenarios are higher than 

0.70 implying that the items are internally consistent. The Average Variance Extracted (AVE) for 

all constructs is also higher than 0.50 as specified by CHIN (1998). Hence the convergent validity 

and internal consistency reliability of the measurement model for Indian negative and positive 

purchase scenarios is confirmed. The results of the assessment of the measurement model for the 

Malaysian purchase scenarios are given in Table 27. 

Table 27. Results of the Measurement Model Assessment – Malaysian Purchase Scenarios 

 

Constructs 

Cronbach’s 

Alpha 
Rho_A 

Composite 

Reliability 

Average 

Variance 

Extracted 

  Mal_Neg Mal_Pos Mal_Neg Mal_Pos Mal_Neg Mal_Pos Mal_Neg Mal_Pos 

Customer 

Loyalty 
0.909 0.929 0.911 0.932 0.928 0.942 0.650 0.701 

Fair Price 

Perception 
0.887 0.875 0.888 0.885 0.930 0.923 0.815 0.799 

Privacy 

Concerns 
0.755 0.817 0.826 0.835 0.831 0.871 0.501 0.576 

Purchase 

Satisfaction 
0.930 0.928 0.931 0.934 0.944 0.942 0.705 0.699 

Revenge 

Intentions 
0.836 0.841 0.840 0.906 0.891 0.892 0.672 0.680 

Repurchase 

Intentions 
0.798 0.825 0.853 0.859 0.853 0.877 0.542 0.591 

Strategic 

Purchase 

Intentions 

0.862 0.822 0.873 0.878 0.906 0.880 0.707 0.649 

Source: Author’s own work based on SmartPLS results 

The results in Table 27 shows that the composite reliability values range between 0.831 – 0.944 

for the Malaysian negative purchase scenario and 0.871 – 0.942 for the Malaysian positive 

purchase scenario. Similar to Indian purchase scenarios, the composite reliability values for the 

constructs customer loyalty and purchase satisfaction are higher than 0.90. However, they were 

retained as the values are below the critical threshold of 0.95.  
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The Cronbach’s Alpha and Rho_A for all the constructs in both purchase scenarios meet the 

minimum requirement of having values equal to or above 0.70. The Average Variance Extracted 

(AVE) for all constructs is higher than 0.50. Hence the convergent validity, as well as internal 

consistency reliability of the measurement model for both Malaysian purchase scenarios, is 

confirmed. 

4.6.2. Discriminant Validity 

The aim of the discriminant validity assessment is to confirm that a reflective construct under study 

is related to its own indicators when compared to the other constructs. Discriminant validity is 

ensured when the constructs are not highly related to each other or in other words, are not highly 

correlated.  

The Fornell - Larcker Criterion is used to assess discriminant validity of the measurement models 

used in this study. The FORNELL - LARCKER (1981) criterion states that a construct`s Average 

Variance Extracted (AVE) should be greater than its squared correlation with the other constructs 

used in the model. The results of the discriminant validity test for each model separately are given 

in Table 28, 29, 30 and 31. 

Table 28. Discriminant Validity – Indian Negative Purchase Scenario 
 

CL*FPP CL FPP PC PS RP RI SPI 

CL*FPP 1.000        

CL 0.048 0.815       

FPP 0.095 0.124 0.884      

PC -0.048 0.103 -0.165 0.684     

PS 0.263 0.276 0.786 -0.156 0.858    

RP 0.253 0.420 0.414 -0.094 0.597 0.823   

RI -0.207 -0.137 -0.297 0.306 -0.311 -0.251 0.738 

 

SPI -0.132 -0.116 -0.177 0.319 -0.275 -0.045 0.315 0.743 

Source: Author’s own work based on SmartPLS results 

The Square root of AVE is given diagonally in Table 28 and the correlation with the other variables 

are given below the diagonal values. In order to ensure discriminant validity, the values given 

diagonally i.e. the AVE values should be higher than that of the correlation values which appear 

below them.  

As per this criterion, the measurement model for Indian negative purchase scenario shows 

adequate discriminant validity as the values given diagonally are higher than those given below 

them. 
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Table 29. Discriminant Validity – Indian Positive Purchase Scenario 
 

CL*FPP CL FPP PC PS RP RI SPI 

CL*FPP 1.000               

CL -0.215 0.816             

FPP -0.249 0.536 0.867           

PC -0.164 0.123 0.230 0.738         

PS -0.273 0.611 0.781 0.154 0.850       

RP -0.077 0.502 0.296 -0.103 0.436 0.829     

RI -0.079 -0.019 0.058 0.318 -0.080 -0.022 0.754   

SPI -0.067 0.235 0.250 0.287 0.332 0.274 0.245 0.754 

Source: Author’s own work based on SmartPLS results 

The AVE values given diagonally for the Indian positive purchase scenario given in Table 29 are 

higher than the correlation values that appear below them, hence the discriminant validity of the 

Indian positive purchase scenario is ensured. The results given in Table 30 and 31 show that the 

both Indian purchase scenarios meet adequate discriminant validity as per the Fornell – Larcker 

criterion. 

Table 30. Discriminant Validity – Malaysian Negative Purchase Scenario 
 

CL*FPP CL FPP PC PS RP RI SPI 

CL*FPP 1.000               

CL 0.126 0.806             

FPP 0.147 0.336 0.903           

PC 0.027 0.038 -0.124 0.708         

PS 0.193 0.391 0.742 -0.133 0.840       

RP 0.175 0.605 0.479 -0.071 0.607 0.820     

RI 0.244 0.185 0.068 0.219 0.160 0.200 0.736   

SPI -0.109 0.103 -0.250 0.258 -0.119 -0.047 0.113 0.841 

Source: Author’s own work based on SmartPLS results 

The correlation values in Table 30 is lesser than the respective AVE values given diagonally in 

boldface. Hence, the discriminant validity of the Malaysian negative purchase scenario is 

confirmed. 

Table 31. Discriminant Validity – Malaysian Positive Purchase Scenario 
 

CL*FPP CL FPP PC PS RP RI SPI 

CL*FPP 1.000               

CL 0.027 0.837             

FPP 0.154 0.108 0.894           

PC 0.096 -0.047 0.146 0.759         

PS -0.103 0.378 0.593 0.098 0.836       

RP -0.046 0.462 0.230 -0.109 0.386 0.824     

RI 0.081 0.041 -0.155 0.301 -0.160 -0.184 0.769   

SPI -0.051 0.139 0.098 0.362 0.274 0.129 0.194 0.805 

Source: Author’s own work based on SmartPLS results 
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The AVE values of the constructs given diagonally in Table 31 is higher than the correlation values 

that appear below them. Hence it is confirmed that the measurement model for Malaysian positive 

purchase scenario show adequate discriminant validity. 

4.6.3. Indicator Reliability 

The outer loadings of the items were assessed to ensure the indicator reliability. PLS SEM uses 

Confirmatory Composite Analysis (CCA) to obtain the outer loadings. HULLAND (1999) 

suggests the minimum required outer loading to be 0.70 or above for each item. However, HAIR 

et al (2014) states that the items with loadings in the range of 0.40 to 0.70 may be deleted only if 

removing them would have a positive impact on the composite reliability and Average Variance 

Extracted (AVE). Items with loadings below 0.40 should be necessarily deleted. The outer 

loadings for both Indian and Malaysian purchase scenarios along with the models showing path 

coefficients and R square values are attached as Appendix 6, 7, 8, 9, 10, 11, 12 & 13. The results 

show that the outer loadings for Indian and Malaysian purchase scenarios meet the prescribed 

requirements. 

By ensuring adequate convergent validity, internal consistency and reliability, and discriminant 

validity through the established assessment techniques, the overall quality of the measurement 

models for the positive and negative purchase scenarios of both countries was reckoned as 

sufficient. The researcher then proceeded with the assessment of the structural models 

4.7. Assessment of the Structural Models 

The assessment of the structural models were done using a five step method as suggested by HAIR 

et al (2014) that consists of the assessment of the coefficient of determination (R2), F Square 

Values (effect size), Q2 (predictive relevance) and Variation Inflation Values (VIF) that check for 

collinearity issues and path coefficients. 

4.7.1. Coefficient of Determination (R2) 

The R2 or the coefficient of determination is the measure of the combined effect size of the 

exogenous variables on the endogenous variables. CHIN (1998) has described the R2 values above 

0.67 as substantial, 0.33 as moderate and 0.15 as weak. However, it is commonly believed that a 

`high` R Square is very relative to subjects which means that a lower R square in a particular field 

might be considered higher in another field (GARSON, 2016).  

The adjusted R2 penalises for the increased number of the independent variables or the complexity 

of the model and the sample size (HENSELER, 2017). Hence it is advisable to check the adjusted 

R2 while comparing models. 
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Table 32. R Square Values  

Constructs 

R Square Adjusted  R Square 

Ind_ 

Neg 

Ind_  

Pos 

Mal_

Neg 

Mal_ 

Pos 

 

Ind_

Neg 

 

 

Ind_ 

Pos 

 

Mal_

Neg 

Mal_  

Pos 

Purchase Satisfaction 0.681 0.667 0.582 0.493 0.674 0.659 0.570 0.482 

Repurchase Intentions 0.409 0.318 0.529 0.284 0.396 0.302 0.516 0.267 

Revenge Intentions 0.183 0.136 0.102 0.154 0.164 0.116 0.078 0.135 

Strategic Purchase 

Intentions 
0.175 0.172 0.153 0.205 0.156 0.153 0.130 0.187 

Source: Author’s own work based on SmartPLS results 

The results given in Table 32 show that the R Square values for the construct Purchase Satisfaction 

in Indian purchase scenarios are 0.686 and 0.667. This means that the independent variables are 

able to explain more than 50% of the total variation in Purchase Satisfaction. In the case of 

Malaysian purchase scenarios, the values are 0.582 and 0.493 which also show a moderate effect. 

The R Square values for the construct Repurchase Intentions in Indian purchase scenarios are 0.40 

and 0.31 and that of Malaysian purchase scenarios are 0.52 and 0.28. These show a moderate and 

weak effect respectively. The construct revenge Intentions has R Square values equal to or below 

0.15 for all models except the Indian negative purchase scenario.  

Since this research is one of the pioneering works in the field of personalised pricing and consumer 

reactions, these results are important reference for future works in the area. The construct Strategic 

Purchase intentions has R Square values above 0.15 implying a weak effect. The adjusted R Square 

values after penalising for the model complexity and sample size are also given for better 

understanding of the results. 

4.7.2.  F2 Values 

Cohen’s f2 showing the effect size for each path model is calculated by taking into account of the 

change in R2 when a particular construct is removed from the model. The f2 effect size is calculated 

using the equation: F2 = (R2 original – R2 omitted)/(1- R2 original). 

COHEN (1988) describes f2 values of .02 as a small effect size, .15 as medium effect size and .35 

as high effect size. The f2 values for the Indian purchase scenarios are given in Table 33 and for 

the Malaysian purchase scenarios in Table 34. 
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Table 33. F Square Values – Indian Purchase Scenarios 

  
Purchase  

Satisfaction 

Repurchase 

Intentions 

Revenge 

Intentions 

Strategic 

Purchase 

Intentions 

Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos 

CL*FPP 0.105 0.018             

CL 0.10 0.137 0.118 0.19 0.014 0.002 0.007 0.001 

FPP 1.645 0.714 0.004 0.01 0.008 0.002 0.006 0.007 

PC 0.006 0.002 0.004 0.04 0.087 0.075 0.103 0.067 

PS     0.204 0.023 0.007 0.026 0.037 0.05 

Source: Author’s own work based on SmartPLS results 

The results given in Table 33 shows the F2 values and the effect sizes. As per Cohen`s 

classification, the effect size of the fair price perception on purchase satisfaction in both negative 

and positive purchase scenarios are more than 0.35, implying a high effect. The effect size of 

purchase satisfaction on repurchase intentions is medium in Indian negative purchase scenario.  

Customer loyalty has a medium effect on the repurchase intentions in both negative and positive 

purchase scenarios. The effect of purchase satisfaction and privacy concerns on strategic purchase 

intentions is small. The values which are given without boldface imply no or little effect on the 

dependent variable. 

Table 34. F Square Values – Malaysian Purchase Scenarios 

  
Purchase 

Satisfaction 

Repurchase 

Intentions 

Revenge 

Intentions 

Strategic 

Purchase 

Intentions 

Mal_Neg Mal_Pos Mal_Neg Mal_Pos Mal_Neg Mal_Pos Mal_Neg Mal_Pos 

CL*FPP 0.013 0.081       

CL 0.052 0.202 0.336 0.157 0.015 0.018 0.004 0.029 

FPP 0.921 0.635 0.000 0.006 0.006 0.010 0.015 0.071 

PC 0.008 0.004 0.002 0.021 0.057 0.134 0.154 0.056 

PS   0.159 0.034 0.024 0.020 0.061 0.007 

Source: Author’s own work based on SmartPLS results 

The F2 values for the Malaysian purchase scenarios are given in Table 34. Similar to the Indian 

purchase scenarios, the fair price perceptions have a high effect on the purchase satisfaction. 

Customer Loyalty has a high effect on the repurchase intentions for both negative and positive 

purchase scenarios. The effect of purchase satisfaction on repurchase intentions is medium in the 

case of negative purchase scenario and small in positive purchase scenario.  
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Very similar to the Indian scenarios, the purchase satisfaction, and privacy concerns have only 

small effect on the revenge intentions in both purchase scenarios. The effect of privacy concerns 

on strategic purchase intentions is medium in negative purchase scenario and small in the positive 

purchase scenario. The values which are without boldface imply no or little effect. 

4.7.3. Collinearity Diagnostics 

Collinearity exists when there is a high level of correlation between two or more independent 

variables. Two or more independent variables are said to be collinear if they are measuring the 

same underlying factor. These definitions are most commonly referred to in the multiple regression 

models.  

Collinearity can cause problems such as high standard errors, making significance tests unreliable 

etc. while conducting OLS regression (GARSON, 2016). A common assertion in PLS SEM 

analysis is that a Variance Inflation Factor (VIF) coefficient above 5.0 indicate the presence of 

multicollinearity (HAIR et al., 2014).  

Table 35 shows the inner VIF values for the Indian purchase scenarios and Table 36 for the 

Malaysian purchase scenarios. 

Table 35. Inner VIF Values for Indian Purchase Scenarios 

  Purchase 

Satisfaction 

Repurchase 

Intentions 

Revenge 

Intentions 

Strategic 

Purchase 

Intetnions 

Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos 

CL*FPP 1.031 1.030 
 

 
 

 
 

 

CL 1.142 1.016 1.199 1.202 1.199 1.202 1.199 1.202 

FPP 1.167 1.056 2.242 1.596 2.242 1.596 2.242 1.596 

PC 1.025 1.032 1.030 1.028 1.030 1.028 1.030 1.028 

PS 
 

 2.359 1.826 2.359 1.826 2.359 1.826 

Source: Author’s own work based on SmartPLS results 

The inner VIF coefficients for the Indian positive and negative purchase scenarios as given in 

Table 35 are well below the threshold value of 5. The outer VIF coefficients i.e. the VIF coefficient 

for each indicator in both purchase scenarios were also assessed and the range is between 1.338 – 

3.598 for positive purchase scenario and 1.213 – 3.824 for the negative purchase scenario. Hence 

the presence of multicollinearity from the Indian structural models is ruled out. 
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Table 36. Inner VIF Values for Malaysian Purchase Scenarios 

  Purchase 

Satisfaction 

Repurchase 

Intentions 

Revenge 

Intentions 

Strategic 

Purchase 

Intetnions 

Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos 

CL*FPP 1.031 1.030       

CL 1.142 1.016 1.199 1.202 1.199 1.202 1.199 1.202 

FPP 1.167 1.056 2.242 1.596 2.242 1.596 2.242 1.596 

PC 1.025 1.032 1.030 1.028 1.030 1.028 1.030 1.028 

PS   2.359 1.826 2.359 1.826 2.359 1.826 

Source: Author’s own work based on SmartPLS results 

The inner VIF coefficients given in Table 36 show that the values are well below the recommended 

threshold. Furthermore, the VIF coefficient for each indicator was also assessed and they range 

between 1.364 – 4.148 for the negative purchase scenario and 1.650 – 3.598 for the positive 

purchase scenario. Therefore the chances of multicollinearity is ruled out from the Malaysian 

structural models. 

4.7.4. Q2 Values 

The Stone-Gleisser Q2 value shows the predictive power of the exogenous variables over the 

endogenous variables by using a technique named blindfolding. A Q2 value above 0 is normally 

considered as acceptable implying that the variable has predictive relevance (HAIR et al., 2017). 

The predictive relevance for the Indian purchase scenario is reported in Table 37 and the Malaysian 

purchase scenario in Table 38. 

Table 37. Predictive relevance (Q2) for the Indian Purchase Scenarios 

  SSO SSE Q² (=1-SSE/SSO) 

Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos 

CL*FPP 179.000 179.000 179.000 179.000 
 

 

CL 1,253.00 1,253.00 1,253.00 1,253.00 
 

 

FPP 537.000 537.000 537.000 537.000 
 

 

PC 895.000 895.000 895.000 895.000 
 

 

PS 1,253.000 1,253.000 674.069 699.386 0.462 0.442 

RP 716.000 716.000 533.623 575.590 0.255 0.196 

RI 895.000 895.000 827.210 847.058 0.076 0.054 

SPI 716.000 716.000 658.608 660.936 0.080 0.077 

Source: Author’s own work based on SmartPLS results 

The values reported in Table 37 show that both the positive and negative purchase scenarios have 

valid predictive relevance scores. The construct purchase satisfaction has the highest predictive 

relevance with 0.462 and 0.442. The repurchase intentions comes with the second highest values 
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with 0.255 and 0.196. The Q2 values for revenge intentions and strategic purchase intentions are 

also higher the 0 implying that they also have valid predictive relevance but much lesser than the 

other two constructs. 

Table 38. Predictive relevance (Q2) for the Malaysian Purchase Scenarios 
 

SSO SSE Q² (=1-SSE/SSO) 

Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos 

CL*FPP 153.000 180.000 153.000 180.000 
 

 

CL 1,071.000 1,260.000 1,071.000 1,260.000 
 

 

FPP 459.000 540.000 459.000 540.000 
 

 

PC 765.000 900.000 765.000 900.000 
 

 

PS 1,071.000 1,260.000 666.998 863.365 0.377 0.315 

RP 612.000 720.000 417.507 601.963 0.318 0.164 

RI 765.000 900.000 738.816 832.604 0.034 0.075 

SPI 612.000 720.000 554.393 643.007 0.094 0.107 

Source: Author’s own work based on SmartPLS results 

Table 38 shows the results for the Malaysian purchase scenarios. As in the case of Indian purchase 

scenarios, the construct purchase satisfaction has a higher predictive relevance in both purchase 

contexts. The construct repurchase intentions has a higher predictive relevance in the Malaysian 

negative purchase scenario as compared to the positive purchase scenario. The constructs revenge 

intentions and strategic purchase intentions also have valid predictive relevance score but with 

score much lesser than the other two constructs. 

After ensuring that the quality of the measurement and structural model for the positive and 

negative purchase scenarios for India and Malaysia meet the standard requirements, the researcher 

proceeded with the hypotheses testing using the bootstrapping technique. 

4.8.  Hypotheses Testing and Bootstrapping Test Results  

Bootstrapping is a non-parametric method which uses resampling techniques to estimate the 

significance of PLS coefficients. Since PLS SEM does not require the assumption that the data 

under study follows normal distribution, parametric tests are not applied to test the significance of 

the path coefficients, loadings etc. Bootstrapping basically is a non-parametric technique which 

works based on the assumption that the sample distribution gives the exact information about the 

population under study where it draws huge number of subsamples by substituting the original 

sample and estimate the model parameters for each resample. Subsamples are formed by 

haphazardly choosing numbers from the original dataset. These resamples are then used for testing 

the path model formulated. Usually, this process is continued until 5000 random samples are 

created (HENSELER, 2017). The significance of the path coefficients can be estimated using the 



100 

 

t statistics as well as p values using the bootstrapping method. The hypotheses formulated for the 

study are the various paths given in the research model. Therefore, by testing the significance of 

each path coefficient, the associated hypothesis may be accepted or rejected.  

Table 39. Bootstrapping Results for the Indian Negative Purchase Scenario 

H# Path 
Original 

Sample (O) 

Sample 

Mean (M) 

Standard 

Deviation 

(STDEV) 

T Statistics 

(|O/STDEV|) 

P 

Values 

H1a FPP -> RP -0.049 -0.044 0.1 0.489 0.625 

H1b FPP -> RI -0.135 -0.157 0.146 0.924 0.356 

H1c FPP -> SPI 0.11 0.106 0.118 0.939 0.348 

H1d FPP -> PS 0.741 0.747 0.037 20.159 0.000 

H2a CL -> RP 0.302 0.304 0.069 4.352 0.000 

H2b CL -> RI -0.132 -0.128 0.093 1.423 0.155 

H2c CL -> SPI -0.044 -0.041 0.078 0.567 0.571 

H2d CL -> PS 0.171 0.166 0.049 3.46 0.001 

H3a PC -> RP -0.066 -0.069 0.056 1.187 0.235 

H3b PC -> RI 0.259 0.261 0.082 3.174 0.002 

H3c PC -> SPI  0.313 0.324 0.076 4.119 0.000 

H3d PC -> PS -0.053 -0.052 0.043 1.226 0.22 

H4a CL*FPP-> PS 0.154 0.144 0.05 3.071 0.002 

H4b PS -> RP 0.518 0.511 0.097 5.32 0.000 

H4c PS -> RI -0.145 -0.127 0.137 1.063 0.288 

H4d PS  -> SPI -0.309 -0.308 0.109 2.845 0.004 

Source: Author’s own work based on SmartPLS results 

The bootstrapping results reported in Table 39 shows that the influence of fair price perceptions 

on repurchase intentions (β = -0.0.049, p > 0.05), reprisal intentions (β = -0.135, p > 0.05) and 

strategic purchase intentions (β = 0.110, p > 0.05) are not significant. So the hypotheses H1a, H1b 

and H1c are not accepted. The fair price perception of the consumers has a very strong positive 

relationship (β = 0.741, p < 0.001) with purchase satisfaction. Hence the hypothesis H1d is 

accepted. The construct customer loyalty has a significant positive influence on the purchase 

satisfaction (β = 0.171, p < 0.01) and repurchase intentions (β = 0.302, p < 0.001) and hence the 

hypotheses H2d and H2b are accepted. However, the influence of customer loyalty on revenge 

intentions (β = -0.132, p > 0.05) and strategic purchase intentions (β = -0.132, p > 0.05) are not 

significant as per the results and the hypotheses H2a and H2c stand rejected. The construct privacy 

concerns also doesn’t have a significant influence on purchase satisfaction (β = -0.053, p > 0.05) 

and repurchase intentions (β = -0.066, p > 0.05) and we reject hypotheses H3d and H3b. Privacy 

concerns shows a positive and significant relationship with revenge intentions (β = 0.259, p < 0.01) 
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and strategic purchase intentions (β = 0.313, p < 0.01). Hence, we accept hypotheses H3c and H3a. 

The customer loyalty plays the role of a positive moderator in the relationship between the fair 

price perception of consumers and purchase satisfaction (β = 0.154, p < 0.01). The results also 

show that purchase satisfaction is negatively correlated with strategic purchase intentions implying 

that an increase in purchase satisfaction will bring down the intentions of consumers to display a 

strategic purchase behaviour (β = -0.145, p < 0.01).  However, the relationship between purchase 

satisfaction and reprisal intentions although depict a negative correlation is not significant (β = -

0.309, p < 0.01). There is a strong positive relationship between purchase satisfaction and 

repurchase intentions (β = 0.518, p < 0.01). So, we accept hypotheses H4a, H4b, H4d and reject 

H4c. The structural model for Indian negative purchase scenario with the bootstrapping results and 

t statistics is given in figure 24. 

 

Figure 24. Bootstrapping Results for the Indian Negative Purchase Scenario with 5000 

iterations 

Source: Author`s Own Work using SmartPLS 
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Table 40. Bootstrapping Results for the Indian Positive Purchase Scenario 

H# Path 
Original 

 Sample (O) 

Sample 

Mean 

(M) 

Standard 

Deviation 

(STDEV) 

T 

Statistics 

(|O/STD

EV|) 

P 

Values 

H1a FPP -> RP -0.125 -0.122 0.104 1.20 0.230 

H1b FPP -> RI 0.218 0.223 0.12 1.81 0.070 

H1c FPP -> SPI -0.103 -0.11 0.117 0.873 0.383 

H1d FPP -> PS 0.632 0.631 0.044 14.296 0.000 

H2a CL -> RP 0.396 0.398 0.081 4.877 0.000 

H2b CL -> RI 0.013 0.014 0.135 0.098 0.922 

H2c CL -> SPI 0.05 0.046 0.095 0.521 0.603 

H2d CL -> PS 0.263 0.265 0.047 5.541 0.000 

H3a PC -> RP -0.172 -0.175 0.063 2.742 0.006 

H3b PC -> RI 0.313 0.318 0.075 4.189 0.000 

H3c PC -> SPI  0.252 0.259 0.075 3.369 0.001 

H3d PC -> PS -0.035 -0.03 0.048 0.729 0.466 

H4a CL*FPP-> PS -0.047 -0.049 0.031 1.527 0.127 

H4b PS -> RP 0.318 0.315 0.113 2.814 0.005 

H4c PS -> RI -0.306 -0.315 0.136 2.244 0.025 

H4d PS  -> SPI 0.343 0.358 0.128 2.677 0.007 

Source: Author’s own work based on SmartPLS results 

The results reported in Table 40 shows that the construct fair price perception has a strong 

influence on purchase satisfaction (β = 0.632, p < 0.01) and similar to the Indian negative purchase 

scenario, the construct doesn’t have a significant influence on the constructs repurchase intentions 

(β = -0.125, p > 0.05), reprisal intentions (β = 0.218, p > 0.05) and strategic purchase intentions (β 

= -0.103, p > 0.05). Hence the hypothesis H1d is accepted and the hypotheses H1b, H1c and H1a 

are rejected. Customer loyalty has a positive and significant influence on purchase satisfaction (β 

= 0.263, p < 0.01) and repurchase intentions (β = 0.396, p < 0.01). The influence of customer 

loyalty on revenge intentions (β = 0.013, p > 0.05) and strategic purchase intentions (β = 0.050, p 

> 0.05) are also not significant. So, the hypotheses H2d and H2b are accepted and H2a and H2c 

are rejected. The construct privacy concerns has a negative influence on repurchase intentions (β 

= -0.172, p < 0.05) implying that a highly privacy conscious consumer might not be interested in 

making further purchases from a seller who uses personal information for customising prices. The 

relationship between privacy concerns and reprisal intentions is positive and significant (β = 0.313, 

p < 0.01). Privacy concerns can also increase the intentions to display a strategic purchase 

behaviour as they have a positive and significant relationship (β = 0.252, p < 0.01). However, the 

relationship between privacy concerns and purchase satisfaction is not significant for the Indian 
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positive purchase scenario (β = -0.035, p > 0.05). Hence, we accept hypotheses H3a, H3b and H3c 

and reject H3d. The construct Customer Loyalty’s role as a moderator in the relationship between 

fair price perception and purchase satisfaction is not significant for the Indian positive purchase 

scenario (β = -0.47, p > 0.05). The construct purchase satisfaction has a negative and significant 

relationship with reprisal intentions of the consumers (β = -0.306, p < 0.05) and a significant 

positive relationship with repurchase intentions (β = 0.318, p < 0.05). Furthermore, purchase 

satisfaction is positively related to the construct strategic purchase intentions (β = 0.343, p < 0.05). 

So we reject hypothesis H4a and accept H4b, H4c, H4d. 

The structural model for the Indian positive purchase scenario with the bootstrapping result and t 

statistics is given in figure 25. 

 

Figure 25. Bootstrapping Results for the Indian Positive Purchase Scenario with 5000 

Iterations 

Source: Author’s Own Work using SmartPLS 
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Table 41. Bootstrapping Results for the Malaysian Negative Purchase Scenario 

H# Path 

Original 

Sample 

(O) 

Sample 

Mean (M) 

Standard 

Deviation 

(STDEV) 

T Statistics 

(|O/STDEV|) 

P 

Values 

H1a FPP -> RP 0.017 0.014 0.108 0.161 0.872 

H1b FPP -> RI -0.113 -0.118 0.173 0.649 0.516 

H1c FPP -> SPI -0.367 -0.371 0.129 2.835 0.005 

H1d FPP -> PS 0.671 0.673 0.05 13.544 0.000 

H2a CL -> RP 0.436 0.434 0.07 6.184 0.000 

H2b CL -> RI 0.127 0.121 0.126 1.002 0.316 

H2c CL -> SPI 0.172 0.18 0.09 1.909 0.056 

H2d CL -> PS 0.158 0.156 0.06 2.654 0.008 

H3a PC -> RP -0.03 -0.03 0.055 0.538 0.591 

H3b PC -> RI 0.23 0.231 0.113 2.04 0.041 

H3c PC -> SPI 0.222 0.233 0.106 2.084 0.037 

H3d PC -> PS -0.058 -0.053 0.05 1.16 0.246 

H4a CL*FPP-> PS 0.065 0.065 0.042 1.543 0.123 

H4b PS -> RP 0.42 0.426 0.107 3.908 0.000 

H4c PS -> RI 0.225 0.227 0.144 1.556 0.120 

H4d PS  -> SPI 0.116 0.125 0.107 1.083 0.279 

Source: Author’s own work based on SmartPLS results 

The bootstrapping results for the Malaysian positive purchase scenario as given in Table 41 shows 

that the construct Fair price perception does not have a significant influence on repurchase 

intentions (β = 0.017, p > 0.05) and revenge intentions (β = 0.516, p > 0.05) and the hypotheses 

H1a, H1b are rejected. Another important finding is that the fair price perceptions has a significant 

negative influence on the strategic purchase intentions of consumers (β = -0.367, p < 0.01). The 

construct fair price perception has a positive and direct influence on purchase satisfaction as in 

Indian positive and negative purchase scenarios (β = 0.671, p < 0.01). Hence the hypotheses H1c 

and H1d are accepted. Customer loyalty has a positive influence on purchase satisfaction (β = 

0.158, p < 0.05) and repurchase intentions (β = 0.436, p < 0.01) and so, we accept hypotheses H2a 

and H2d. However, customer loyalty does not have a significant influence on purchase satisfaction 

(β = 0.127, p > 0.05) and strategic purchase intentions (β = 0.172, p > 0.05). Hence the hypotheses 

H2b and H2c stand rejected. The relationship between privacy concerns and repurchase intentions 

is not significant (β = -0.03, p > 0.05). There is a significant positive relationship between privacy 

concerns and reprisal intentions (β = 0.23, p < 0.05), implying that as privacy concerns increase 

the reprisal intentions of consumers also increase. Privacy concerns also does not have a significant 

influence on the purchase satisfaction of the consumers (β = -0.058, p > 0.05). So the hypotheses 

H3a, H3d are rejected and the hypotheses H3b and H3c are accepted. Customer loyalty does not 
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have a significant influence on the relationship between fair price perception and purchase 

satisfaction (β = 0.065, p > 0.05). The influence of purchase satisfaction on the repurchase 

intentions is significant and positive (β = 0.23, p < 0.05). However, it does not have a statistically 

significant influence on reprisal intentions (β = 0.225, p > 0.05) and strategic purchase intentions 

(β = 0.116, p > 0.05). So the hypotheses H4a, H4c H4d stand rejected and H4b is accepted. 

The structural model for the Malaysian negative purchase scenario with the bootstrapping result 

and t statistics is given in figure 26. 

 

 

Figure 26. Bootstrapping Results for the Malaysian Positive Purchase Scenario with 5000 

Iterations 

Source: Author’s Own Work using SmartPLS  
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Table 42: Bootstrapping Results for the Malaysian Positive Purchase Scenario 

H# Path 

Original 

Sample 

(O) 

Sample 

Mean (M) 

Standard 

Deviation 

(STDEV) 

T Statistics 

(|O/STDEV|) 
p values 

H1a FPP -> RP 0.084 0.088 0.088 0.949 0.343 

H1b FPP -> RI -0.115 -0.119 0.091 1.252 0.211 

H1c FPP -> SPI -0.136 -0.135 0.076 1.806 0.071 

H1d FPP -> PS 0.583 0.585 0.056 10.444 0.000 

H2a CL -> RP 0.368 0.373 0.074 4.94 0.000 

H2b CL -> RI 0.136 0.138 0.086 1.592 0.112 

H2c CL -> SPI 0.058 0.06 0.093 0.621 0.535 

H2d CL -> PS 0.322 0.321 0.064 5.041 0.000 

H3a PC -> RP -0.124 -0.125 0.083 1.501 0.133 

H3b PC -> RI 0.341 0.35 0.079 4.349 0.000 

H3c PC -> SPI  0.355 0.359 0.095 3.741 0.000 

H3d PC -> PS 0.048 0.045 0.077 0.626 0.531 

H4a CL*FPP-> PS -0.179 -0.177 0.063 2.829 0.005 

H4b PS -> RP 0.210 0.201 0.098 2.146 0.032 

H4c PS -> RI -0.177 -0.175 0.104 1.699 0.089 

H4d PS  -> SPI 0.298 0.304 0.085 3.518 0.000 

Source: Author’s own work based on SmartPLS results 

The results reported in Table 42 show that the construct fair price perceptions does not have a 

statistically significant relationship with revenge intentions (β = -0.115, p > 0.05) repurchase 

intentions (β = 0.084, p > 0.05) and strategic purchase intentions (β = -0.136, p > 0.05). So, the 

hypotheses H1a, H1b, H1c are rejected. Fair price perception has a very high positive significant 

relationship with purchase satisfaction (β = 0.583, p < 0.01), hence hypothesis H1d is accepted. 

Customer Loyalty does not have a significant relationship with revenge intentions (β = 0.136, p > 

0.05)  and strategic purchase intentions (β = 0.058, p > 0.05). So, the hypotheses H2c and H2d are 

not supported. However, there is a significant positive relationship existing between customer 

loyalty and purchase satisfaction (β = 0.322, p < 0.01) and also between customer loyalty 

repurchase intentions (β = 0.368, p < 0.01), hence the hypotheses H2a and H2d are supported. The 

relationship between privacy concerns and purchase satisfaction is not significant (β = 0.048, p > 

0.05). Privacy concerns also has a non-significant relationship with repurchase intentions (β = -

0.124, p > 0.05). So, the hypotheses H3d and H3b are rejected. The relationship between privacy 

concerns and revenge intentions is positive and significant (β = 0.341, p < 0.01). A significant and 

positive relationship also exists between privacy concerns and strategic purchase intentions (β = 

0.355, p < 0.01) and hence we accept H3c and H3d. The construct customer loyalty does play the 

role of a negative moderator in the relationship between Fair Price Perception and Purchase 
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Satisfaction (β = 0.436, p < 0.01). The construct purchase satisfaction has a positive and significant 

relationship with repurchase intentions (β = 0.210, p < 0.05) and strategic purchase intentions (β 

= 0.298, p < 0.01). Purchase satisfaction has a non-significant relationship with revenge intentions 

(β = 0.298, p > 0.05). Hence the hypotheses H4a, H4b and H4d are accepted and H4c is rejected. 

The structural model for the Malaysian negative purchase scenario with the bootstrapping result 

and t statistics is given in figure 27. 

 

 

Figure 27. Bootstrapping Results for the Malaysian Positive Purchase Scenario with 5000 

Iterations 

Source: Author’s Own Work using SmartPLS 

The summary of the hypotheses test results for the positive and negative purchase scenarios for 

India and Malaysia is given in Table 43. 
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Table 43. Summary of the Hypotheses Test results for the Indian and Malaysian Purchase Scenarios 

Hypotheses Ind_Neg Mal_Neg Ind_Pos Mal_Pos 

Hypothesis 1a Fair Price Perception of consumer positively influences the repurchase intentions Not Supported Not Supported Not Supported Not Supported 

Hypothesis 1b Fair Price Perception of consumers negatively influences the revenge intentions. Not Supported Not Supported Not Supported Not Supported 

Hypothesis 1c 
Fair Price Perception of consumer negatively influences the strategic purchase 

intentions. 
Not Supported Supported Not Supported Not Supported 

Hypothesis 1d 
Fair Price Perceptions of consumers positively influences the satisfaction with the 

purchase. 
Supported  Supported Supported Supported 

Hypothesis 2a 
Loyalty towards seller positively influences the repurchase intentions of the 

consumers. 
Supported Supported Supported Supported 

Hypothesis 2b Loyalty towards seller negatively influences the revenge intentions of the consumers Not Supported Not Supported Not Supported Not Supported 

Hypothesis 2c 
Loyalty towards seller negatively influences the strategic purchase intentions of the 

consumers. 
Not Supported Not Supported Not Supported Not Supported 

Hypothesis 2d Loyalty towards seller positively influences the consumers` satisfaction with purchase. Supported Supported Supported Supported 

Hypothesis 3a Privacy concerns negatively influences the repurchase intentions of the consumers. Not Supported Not Supported Supported Not Supported 

Hypothesis 3b Privacy concerns positively influences the revenge intentions of the consumers. Supported Supported Supported Supported 

Hypothesis 3c 
Privacy concerns positively influences the strategic purchase intentions of the 

consumers. 
Supported Supported Supported Supported 

Hypothesis 3d Privacy concerns negatively influences the consumers’ satisfaction with the purchase. Not Supported Not Supported Not Supported Not Supported 

Hypothesis 4a 
Customer Loyalty psotively moderates the relationship between fair price perceptions 

and purchase satisfaction. 
Supported Not Supported Not Supported Not Supported 

Hypothesis 4b Purchase satisfaction positively influences the repurchase intentions of the consumers. Supported Supported Supported Supported 

Hypothesis 4c Purchase satisfaction negatively influences the revenge intentions of the consumers. Not Supported Not Supported Supported Not Supported 

Hypothesis 4d 
Purchase satisfaction negatively influences the strategic purchase intentions of the 

consumers. 
Supported Not Supported Not Supported Not Supported 

Source: Author’s own construction 
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4.9. Multi-Group Analysis 

The Multi Group Analysis (MGA) is conducted to check if there is any significant difference 

between the groups under study (HENSELER et al., 2009). For this purpose, the data for the Indian 

and Malaysian positive purchase scenario was combined as the first group and the data for the 

Malaysian and Indian negative purchase scenario was combined as the second group. The groups 

were tested to identify any significant differences in the path coefficients. The significance of path 

differences can be checked using three methods namely, Constrained Latent Growth Test, 

Satterthwaite Test and Pooled Standard Error Test. For this study, the results of the Constrained 

Latent Growth Test are reported.  

Table 43. Multigroup Analysis – Indian and Malaysian Respondents 

  Path Coefficients- 

GROUP_country (Negative 

Purchase Scenarios) 

Path Coefficients - 

GROUP_country (Positive 

 Purchase Scenarios) 

Ind_Neg     Mal_Neg p value       Ind_Pos       Mal_Pos p value  

CL*FPP-> PS 0.182 -0.003 0.012 0.095 -0.171 0.492 

CL -> PS 0.171 0.181 0.145 0.275 0.317 0.001 

CL -> RP 0.332 0.422 0.168 0.375 0.395 0.070 

CL -> RI -0.191 -0.004 0.020 -0.069 0.070 0.193 

CL -> SPI -0.196 0.208 0.044 0.070 0.063 0.101 

FPP -> PS 0.718 0.680 0.286 0.677 0.516 0.001 

FPP -> RP -0.055 0.070 0.238 0.140 0.136 0.096 

FPP -> RI -0.191 -0.049 0.006 0.153 -0.173 0.043 

FPP -> SPI -0.016 -0.340 0.201 -0.017 -0.012 0.044 

PC -> PS 0.003 -0.028 0.324 0.011 0.141 0.318 

PC -> RP -0.074 -0.045 0.298 -0.166 -0.164 0.311 

PC -> RI 0.204 0.268 0.385 0.153 0.355 0.177 

PC -> SPI 0.216 0.256 0.232 0.208 0.279 0.266 

PS -> RP 0.433 0.372 0.399 0.366 0.144 0.163 

PS -> RI -0.126 0.228 0.001 -0.192 -0.107 0.291 

PS  -> SPI -0.328 -0.129 0.048 0.260 0.290 0.238 

Source: Author’s own work based on WarpPLS results 

The Multigroup analysis results as reported in Table 43 shows that there is a statistically significant 

difference between the Malaysian and Indian respondents for many paths. For the negative 

purchase scenario, it could be seen that customer loyalty is a positive moderator in the relationship 

between fair price perceptions and purchase satisfaction in the Indian purchase scenario but for the 

Malaysian purchase scenario, it is negative, and the coefficient size is too small. The relationship 
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between customer loyalty and revenge intentions is negative and significant however, again for 

the Malaysian purchase scenario, the coefficient size is too small. The relationship between 

customer loyalty and strategic purchase intentions is negative for the Indian purchase scenario but 

positive in the Malaysian purchase scenario. There is a negative relationship between fair price 

perceptions and strategic purchase intentions in the Indian purchase scenario and the Malaysian 

purchase scenario. However, the coefficient size is small in the Malaysian purchase scenario as 

compared to the Indian scenario. For the relationship between purchase satisfaction and revenge 

intentions, the Malaysian purchase scenario shows a positive relationship and Indian purchase 

scenario shows a negative relationship. The relationship between purchase satisfaction and 

strategic purchase intentions is negative and significant for both purchase scenarios.   

The results of the multigroup analysis for the negative purchase scenarios hint that the loyalty of 

the Malaysian respondents to the seller is considerably lower than that of the Indian respondents 

which does explain the reasons for the Malaysian respondents’ higher intentions to display a 

strategic purchase behaviour and revenge intentions despite the high purchase satisfaction levels. 

The results also explain that the Malaysian respondents are more vulnerable in a negative purchase 

situation than the Indian respondents.   

In the positive purchase scenario, the relationship between customer loyalty and purchase 

satisfaction is positive and significant. The relationship between fair price perceptions and 

purchase satisfaction is also significant in the positive purchase scenarios for both countries.  For 

the relationship between fair price perceptions and revenge intentions, surprisingly the Indian 

purchase scenario shows a positive relationship and the same is negative for the Malaysian 

purchase scenario. The relationship between fair price perceptions and strategic purchase 

intentions is negative in both purchase scenarios. 

The results for the positive purchase scenarios show that both Indian and Malaysian respondents 

exhibit similar behaviour except for the relationship between fair price perceptions and revenge 

intentions. For the Indian respondents, the relationship between fair price perceptions and revenge 

intentions is positive implying that rather than changes in prices, there is something else which 

considerably influences the revenge intentions of the Indian consumers. 

4.10. Mediation Analysis 

Bootstrapping process in SmartPLS estimate the bootstrapped path coefficients and indirect 

effects. Indirect effect is used to show the mediation effects. When a third variable interferes in 

the relationship between an independent and dependent variable, a mediation effect is said to exist 
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(HADI, et al., 2016). It is important to check for the mediation effects separately in each purchase 

scenario as purchase satisfaction is a taken as a mediator construct, mediating the relationship 

between the dependent and independent variables. The mediation effect will throw light on any 

indirect relationship between the independent and dependent variables as mediated by purchase 

satisfaction.  

The results of the Mediation effects for Indian purchase scenarios are given in Table 44. 

Table 44. Indirect Effects – Indian Purchase Scenarios 

Path 

Original Sample 

(O) 

T Statistics 

(|O/STDEV|) 
p value 

Ind_Neg Ind_Pos Ind_Neg Ind_Pos Ind_Neg Ind_Pos 

CL*FPP ->PS -> RP 0.091 -0.015 2.681 1.293 0.007 0.196 

CL -> PS -> RP 0.104 0.064 3.028 2.017 0.002 0.044 

FPP -> PS -> RP 0.428 0.148 5.442 2.058 0.000 0.040 

PC -> PS -> RI -0.025 -0.007 0.997 0.490 0.319 0.624 

CL*FPP -> PS -> RI -0.021 0.015 0.827 1.066 0.408 0.286 

CL -> PS -> RI -0.024 -0.066 0.831 1.488 0.406 0.137 

FPP-> PS -> RI -0.097 -0.153 0.886 1.540 0.376 0.124 

PC ->PS-> RI 0.006 0.007 0.550 0.439 0.582 0.661 

CL*FPP -> PS-> SPI -0.047 -0.021 1.880 1.317 0.060 0.188 

CL -> PS -> SPI -0.054 0.091 2.059 2.125 0.040 0.034 

FPP -> PS -> SPI -0.221 0.211 2.509 2.382 0.012 0.017 

PC -> PS -> SPI 0.013 -0.010 0.878 0.457 0.380 0.648 

Source: Author’s own work based on SmartPLS results 

The mediation effects reported in Table 44 for Indian purchase scenarios show that the construct 

customer loyalty which plays the role of moderator in the relationship between fair price 

perception and purchase satisfaction has a positive indirect effect on the repurchase intentions. 

However, the beta value is considerably small (β = 0.091, p < 0.05). The construct customer loyalty 

has an indirect effect on repurchase intentions in both positive (β = 0.104, p < 0.05) and negative 

purchase scenarios (β = 0.064, p < 0.05). The Beta value for the positive purchase scenario is 

comparatively smaller than the negative purchase scenario. Fair price perception has a positive 

mediation effect on the repurchase intentions in both positive (β = 0.428, p < 0.05) and negative 

purchase scenarios (β = 0.148, p < 0.05). Customer loyalty has a negative mediation effect on the 

strategic purchase intentions in the Indian negative purchase scenario (β = -0.054, p < 0.05) and a 

positive mediation effect on strategic purchase intentions in the positive purchase scenario (β = 

0.091, p < 0.05). The construct fair price perceptions also has a negative mediation effect on the 
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strategic purchase intentions in the negative purchase scenario (β = -0.221, p < 0.05) and a positive 

mediation effect on the strategic purchase intentions in the positive purchase scenario (β = 0.211, 

p < 0.05). Other specific indirect effects given in the table are not statistically significant.  

Table 45. Indirect Effects – Malaysian Purchase Scenarios 

Path 
Original Sample (O) 

T Statistics 

(|O/STDEV|) 
p value 

Mal_Neg Mal_Pos Mal_Neg Mal_Pos Mal_Neg Mal_Pos 

CL*FPP ->PS -> RP 0.018 -0.038 1.046 1.598 0.295 0.110 

CL -> PS -> RP 0.065 0.068 2.144 1.984 0.032 0.047 

FPP -> PS -> RP 0.259 0.122 2.956 2.081 0.003 0.037 

PC -> PS -> RI -0.012 0.010 0.536 0.565 0.592 0.572 

CL*FPP -> PS -> RI 0.012 0.032 0.817 1.399 0.414 0.162 

CL -> PS -> RI 0.042 -0.057 1.393 1.564 0.164 0.118 

FPP-> PS -> RI 0.168 -0.103 1.691 1.622 0.091 0.105 

PC ->PS-> RI -0.008 -0.009 0.461 0.531 0.645 0.596 

CL*FPP -> PS-> SPI 0.010 -0.053 0.883 2.021 0.377 0.043 

CL -> PS -> SPI 0.036 0.096 1.605 2.703 0.109 0.007 

FPP -> PS -> SPI -0.142 0.174 1.742 3.299 0.082 0.001 

PC -> PS -> SPI -0.006 0.014 0.462 0.588 0.644 0.557 

Source: Author’s own work based on SmartPLS results 

The mediation results as given in Table 45 shows similar results to Indian purchase scenarios 

where the relationship between customer loyalty and repurchase intentions were mediated by 

purchase satisfaction in the Malaysian negative (β = 0.065, p < 0.05) and positive (β = 0.068, p < 

0.05) purchase scenario. However, the size of the coefficient is small in both scenarios. Purchase 

satisfaction also mediates the relationship between fair price perceptions and repurchase intentions 

in negative (β = 0.259, p < 0.05) and positive (β = 0.122, p < 0.05).  The indirect effect of customer 

loyalty which moderates the relationship between fair price perception and purchase satisfaction 

on strategic purchase intentions is significant in Malaysian positive purchase scenario (β = 0.010, 

p < 0.05). The relationship between customer loyalty and strategic purchase intentions is positively 

mediated by purchase satisfaction (β = 0.036, p < 0.05) in the Malaysian positive purchase 

scenario. There is a negative mediation effect in the relationship between fair price perception and 

strategic purchase intention (β = -0.142, p < 0.05) in the Malaysian positive purchase scenario. 

Other indirect effects given are not significant. 
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4.11. Overall Model Fit Assessment 

The most popular model fit criteria used in the PLS based SEM analysis are the Standardised Root 

Mean Square Residual (SRMR) and the Normalised Fit Index (NFI) (HENSELER, 2017). SRMR 

shows the approximate fit of the model formulated by calculating the difference between the 

observed correlation matrix and model-based correlation matrix. This implies that a lower SRMR 

value shows a better fit. Conventionally, a value below 0.08 is considered as a good fit (HU & 

BENTLER, 1998). However, in case of PLS SEM, more flexible cutoff of up to 0.10 can be 

considered as acceptable model fit (HENSELER et al., 2015). For the Normalised Fit Index (NFI), 

values above 0.90 is considered as acceptable (BENTLER AND BONETT, 1980). The other two 

measures; d_ULS (the Squared Euclidean Distance) and d_G (the geodesic distance) are two 

different methods to estimate the discrepancy between estimated model and the saturated model. 

HENSELER & SARSTEDT (2013) states that the use of PLS based Goodness of Fit (GoF) such 

as ‘Tenenhaus GoF’ does not give proper information about the goodness of model fit. Hence the 

use of it is not recommended if the purpose of a research is to test or compare models. 

Table 46. Assessing Overall Model Fit for Indian and Malaysian Purchase Scenarios 

  
Estimated Model 

Ind_Neg Ind_Pos Mal_Neg Mal_Pos 

SRMR 0.077 0.082 0.084 0.08 

d_ULS 4.727 4.192 4.429 4.016 

d_G 1.165 1.436 1.3 1.326 

Chi-Square 1,112.09 1,353.51 1,104.94 1,258.76 

NFI 0.936 0.899 0.908 0.923 

Source: Author’s own work based on SmartPLS results 

The model assessment results as given in Table 46 shows that all four model satisfy the SRMR 

requirement as suggested by HENSELER et al (2013). Indian negative purchase scenario and 

Malaysian positive purchase scenario satisfy the 0.08 cut off requirement as given by HU & 

BENTLER (1998). All four models further satisfy the Normalised Fit Index (NFI) criterion as 

well. Hence, the overall model fit of all four models are confirmed.  

4.12. Discussion of the Findings 

 The study examined how personalised pricing influences the fair price perceptions, privacy 

concerns, purchase satisfaction and the ensuing impact on the post purchase reactions such as 

repurchase intentions, revenge intentions and strategic purchase intentions. The mediating role of 

purchase satisfaction in the relationship between the independent constructs (fair price perceptions, 
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customer loyalty and privacy concerns) and the dependent constructs (repurchase intentions, 

revenge intentions and strategic purchase intentions) was also investigated. Furthermore, the role 

of customer loyalty in moderating the relationship between fair price perceptions and purchase 

satisfaction was examined explicitly. The positive and negative hypothetical purchase scenarios 

developed for the study based on a previous research (DAI, 2010) helped the respondents figure 

out the basics of personalised pricing tactics. The model developed was tested with the responses 

collected for the positive and negative purchase scenarios from India and Malaysia. After 

confirming the validity requirements of all four models separately, bootstrapping was applied to 

test the structural models and the hypotheses formulated.  

From the results in general, it could be seen that the fair price perceptions of the consumers have 

a very strong positive influence on the purchase satisfaction in the negative and positive purchase 

scenarios for the respondents in both India and Malaysia. This finding corroborates with the results 

of the previous studies which show that perceived price fairness has a positive association with 

customer’s overall purchase satisfaction (FORNELL, 1992; CRONIN, 2000; MARTIN-

CONSUEGRA et al., 2007). The relationship between fair price perceptions and repurchase 

intentions is fully mediated by purchase satisfaction in both purchase scenarios for the two 

countries. The results showed a strong positive mediation effect. However, the direct relationship 

between the two constructs is insignificant in both purchase scenarios. This finding implies that 

although fair price perceptions has a strong influence on repurchase intentions, many other factors 

such as brand image, availability of different varieties of products, the customer service rendered 

by the store etc. may also have an impact on the repurchase intentions. Since these are factors 

which improve the overall purchase satisfaction of a customer, focusing on improving price 

perceptions without managing the aforementioned factors may seem to be less likely to increase 

the repurchase intentions of consumers. 

An interesting result from the study is that the relationship between fair price perceptions and 

revenge intentions was not significant in both purchase scenarios for the two countries. There was 

no mediation effect of purchase satisfaction in the relationship between the two as well. This 

conjecture may perhaps pertain to the fact that the respondents are already used to the extremely 

fluctuating pricing situations such as in airline booking, hotel room booking etc. They might be of 

the view that volatile prices are very common in today’s world, hence there is no need to express 

their negative emotions towards the seller. The fair price perceptions of the consumers do not have 

a significant influence on the strategic purchase intentions in all scenarios except for the Malaysian 

negative purchase scenario where there is a negative relationship between the two. The mediation 
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results show that there is a significant negative mediation effect in the Indian negative purchase 

and a positive mediation effect in the Indian positive and Malaysian positive purchase scenarios. 

These findings portray that when the respondents in the negative purchase scenarios were hurt by 

the fluctuation in prices of high magnitude, the respondents in the positive purchase scenarios 

considered it as an opportunity to purchase products at lower prices. These results are in line with 

the findings of a previous study conducted by the author in Poland (VICTOR et al., 2019b).  

The construct customer loyalty was set as an antecedent factor to distinctly see its impact on the 

post purchase reactions. Customer loyalty has a positive influence on the repurchase intentions in 

both purchase scenarios for two countries. This result is supported by many other studies in the 

field (DIXON et al., 2005; POWERS & VALENTINE, 2008; CURTIS et al., 2011) showing that 

customer loyalty has a positive relationship with the repurchase intentions. The loyalty towards 

the seller didn’t have a significant relationship with both revenge intentions and strategic purchase 

intentions. However, in Indian negative purchase scenario, purchase satisfaction plays the role of 

a weak negative mediator in the relationship between customer loyalty and strategic purchase 

intentions and a weak positive mediator role in the Indian positive purchase scenario. This result 

depicts the attitude of the respondents where they use the situation for their advantage in the 

positive purchase scenario and also express their concerns that offering a fair price would reduce 

the strategic purchase intentions in a negative purchase scenario. The Malaysian negative purchase 

scenario however, shows an interesting result that purchase satisfaction plays a weak positive 

moderator role in the relationship between customer loyalty and strategic purchase intentions. 

These results could be related to the findings of SUH & YI (2012) reporting that even a loyal and 

satisfied customer is susceptible to other situational factors such as offers by the competitors, better 

prices etc. Customer Loyalty has a significant positive relationship with the purchase satisfaction 

in both purchase scenarios for the two countries. Purchase satisfaction also mediates the 

relationship between customer loyalty and repurchase intentions in both purchase scenarios for the 

two countries under study. This result is in line with the findings of OLIVER (1999) and 

JULANDER et al (2003) stating that loyal customers are typically the most satisfied ones. This 

research also confirms that loyal customers are satisfied with the seller and display higher 

repurchase intentions.  

Privacy concerns was included in the scale to capture the respondent’s fears and concerns about 

data sharing in a personalised pricing environment. Except for the Indian positive purchase 

scenario, privacy concerns did not have a significant influence on the repurchase intentions of the 

consumers. It is very interesting to notice that privacy concerns has a significant positive 
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relationship with the revenge intentions and strategic purchase intentions in both purchase 

scenarios for the two countries. The stacked chart analysis also showed the increased concerns of 

the respondents in both countries regarding the sharing of their personal data with the sellers. This 

imply that as privacy concerns of the customers increase, they will resort to revenge intentions 

which include spreading negative news against the seller, shunning the seller altogether, buying 

from the competitors etc. The studies by FORTES & RITA (2016) and EASTLICK et al (2006) 

also show that as privacy concerns increases, the consumer trust on the seller decreases which may 

lead to the display of retaliatory acts like buying from the competitors. The positive relationship 

between privacy concerns and strategic purchase intentions in both purchase scenarios for the two 

countries explain the attitude of the respondents that they are likely to trade off privacy concerns 

to some extent for cheaper price offers. Privacy concerns does not have a significant relationship 

with the purchase satisfaction of consumers in both scenarios and there is no significant mediation 

effect as well. This finding implies that privacy concerns as such is less likely to have an impact 

on the purchase satisfaction. This result is in contrast with the study by GAO et al (2015) which 

states that privacy concerns has a direct influence on purchase satisfaction. It could be thus 

assumed that in a personalised pricing context, privacy concerns is less likely to have a direct 

influence on the purchase satisfaction of consumers. 

Customer loyalty plays a significant moderator role in the relationship between fair price 

perceptions and purchase satisfaction in the Indian negative and Malaysian positive purchase 

scenarios. For the other two purchase scenarios, the effect is insignificant. For the Indian negative 

purchase scenario, there is a positive moderation effect implying that as fair price perception 

increases coupled with a high level of customer loyalty, the purchase satisfaction of the consumer 

increases. In the case of Malaysian negative purchase scenario, customer loyalty is a pull 

moderator, having a negative impact on the purchase satisfaction. It means, as fair price perception 

increases, the purchase satisfaction decreases due to the moderation effect of customer loyalty. 

One of the reasons for this result is the attitude of respondents towards the seller. If customers have 

a negative attitude towards the seller, it can have an adverse impact on the relationship between 

the fair price perceptions and purchase satisfaction. 

Purchase satisfaction of the respondents do have a positive and significant effect on the repurchase 

intentions in both negative and positive purchase scenarios. As discussed earlier, overall purchase 

satisfaction of the consumers increases the repurchase intentions. Regarding the relationship 

between purchase satisfaction and revenge intentions, except for Indian positive scenario, all other 

paths are insignificant. The Indian positive purchase scenario had also shown the increased privacy 
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concerns of the respondents compared to the other purchase scenarios. The result implies that the 

respondents who were exposed to this purchase scenario are more sensitive than the other three 

groups of respondents. Except for the Malaysian negative purchase scenario, the relationship 

between purchase satisfaction and the strategic purchase intentions is significant. For the 

Malaysian and Indian positive purchase scenarios, there exists a positive relationship between the 

two variables and for the Indian negative purchase scenario, the relationship is negative. The 

results clearly make sense by explaining the attitude of consumers in both positive scenarios, that 

the consumers are likely to take advantage of the pricing strategy to buy products at cheaper prices. 

However, the consumers in the negative purchase scenario thinks that as purchase satisfaction 

improves, they are less likely to indulge in a price tracking and strategic purchase behaviour. These 

results corroborate with the previous studies conducted among the millennials in India and Poland 

(VICTOR et al., 2018b; VICTOR et al., 2019b). 

The gender wise differences in the attitude towards the variables under study were examined using 

Wilcoxon Rank Sum test and the results showed that there was no significant difference for the 

Malaysian respondents in both purchase scenarios. For the Indian respondents, there was a 

significant difference in the fair price perceptions and repurchase intentions in Indian negative 

purchase scenario and repurchase intentions in the Indian positive purchase scenario. For assessing 

the differences among the income groups, a one-way ANOVA was used. The ANOVA test along 

with the post hoc test results showed that the respondents with higher income have higher privacy 

concerns as well as repurchase intentions as compared to the groups with lower income in 

Malaysia. For the Indian respondents, the strategic purchase intentions, purchase satisfaction and 

fair price perceptions of the low income group is higher than that of the high income group. 

The Multigroup Analysis (MGA) between the two countries showed that the Malaysian 

respondents and the Indian respondents reacted quite differently in the negative purchase scenario. 

The results imply that the Malaysian respondents were less loyal to the seller in the negative 

purchase scenario. They displayed a higher strategic purchase intentions and revenge intentions 

notwithstanding the high level of purchase satisfaction. This result hints that the Malaysian 

respondents as compared to the Indian respondents seems to be more vulnerable in a negative 

purchase scenario and tend to take protective measures like tracking prices and engaging in reprisal 

activities against the seller. A plausible explanation is that the Indian respondents have higher 

resistance towards price volatility due to their incessant exposure to the price variations of high 

magnitude and proximity in the E-Commerce segment (VICTOR & BHASKAR, 2017). For the 

positive purchase scenarios, the respondents showed more or less similar behaviour except in the 
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case where the Indian respondents showed a positive relationship between fair price perceptions 

and revenge intentions. One of the reasons for this result is that there are other factors that may 

induce revenge intentions in Indian consumers even when the price seems fair enough to them. 

4.13. New Scientific Results 

Based on the results and discussion, the new scientific results drawn from this research are as 

follows.  

1. The study reveals that in data sharing environments like personalised pricing, the 

consumers are concerned about sharing their personal data with the sellers. Higher the 

privacy concerns, more the chances are that the consumers may turn against the seller and 

exhibit reprisal intentions which involve spreading negative word of mouth, switching to 

competitors, shunning the seller, and displaying strategic purchase behaviour. 

 

2. Another distinctive result observed from the study is the full mediation effect of purchase 

satisfaction in the relationship between fair price perception and repurchase intentions of 

the consumers. The direct relationship between fair price perceptions and repurchase 

intentions is not significant in both negative and positive purchase scenarios alluding that 

purchase satisfaction fully mediates the relationship between fair price perceptions and 

repurchase intentions. 

 

3. One of the novel results brought forth by this study is the tendency of the consumers who 

are aware of the prospects of personalised pricing to exhibit strategic purchase behaviour. 

The result implies that the consumers may track the prices of products and wait for the 

price markdowns before making purchases online. 

 

4. A major contribution of the research to the existing literature is the inclusion and validation 

of two new constructs namely ‘strategic purchase intentions’ and ‘privacy concerns’. These 

constructs may be included in future studies using scales which measure consumer attitude 

and reactions in a discriminatory pricing context. 

 

The novel results obtained from this study contribute to the existing stock of knowledge in the 

emerging field of consumer behaviour under online personalised pricing.    

In both positive and negative purchase scenarios for the two countries, privacy concerns of the 

respondents have a negative relationship with the revenge intentions. The result implies that the 
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consumers, regardless of the purchase experience they had are concerned about their privacy. The 

result can be related to the existing literature which explains the growing consumer privacy 

concerns in digital environments. The mediation effect of the purchase satisfaction in the 

relationship between fair price perceptions and repurchase intentions was observed in both positive 

and negative purchase scenarios for the two countries. This result is intriguing in the sense that 

unlike previous studies in the field which mainly emphasize the significance of offering a fair price 

to increase repurchase intentions, this study highlights the need to improve factors influencing 

purchase satisfaction which furthers repurchase intentions. 

 The intentions of consumers to display a strategic purchase behaviour was observed in the 

relationship between privacy concerns and strategic purchase intentions. Furthermore, the 

mediation results showed that purchase satisfaction mediated the relationship between fair price 

perceptions and strategic purchase intentions in negative and positive purchase scenarios for two 

countries. The novelty observed here is in the positive purchase scenarios, where purchase 

satisfaction played a positive mediator role indicating the tendency of consumers to take advantage 

by tracking prices regardless of the level of purchase satisfaction obtained. This result contributes 

to the emerging study area of the price tracking behaviour of consumers which has wide 

implications to the day to day operational strategies of manufacturers and sellers. Finally, the 

inclusion and validation of two new constructs namely privacy concerns and strategic purchase 

intentions help in analyzing two different dimensions involved in online buying under a 

discriminatory pricing strategy. 
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5. CONCLUSION AND RECOMMENDATIONS 

5.1. Conclusion 

This research has attempted to explicate the behaviour of the Indian and Malaysian online 

consumers under a personalised price setting in the E-Commerce sector. Based on the literature 

review, it was construed that the fair price perceptions, privacy concerns and customer loyalty play 

a significant role in influencing the post purchase intentions of consumers in the E-Commerce 

sector. The research framework was a synthesized model with post purchase intentions i.e. 

repurchase intentions, revenge intentions and strategic purchase intentions taken as dependent 

variables and fair price perceptions, privacy concerns, customer loyalty, purchase satisfaction 

taken as independent variables. The descriptive statistics showing the characteristics of 

respondents from both countries indicate that the number of female respondents is slightly higher 

than the male respondents in both countries. Majority of the respondents in both countries had got 

high educational qualifications and mostly belonged to the middle-income category.  

Partial Least Square based structural equation modeling was used to test the significance of the 

relationship between the dependent and independent variables. According to the literature, fair 

price perceptions is pivotal in determining purchase satisfaction and the repurchase intentions of 

the consumers. This study also draws similar results that the fair price perceptions of consumers 

have a positive influence on the purchase satisfaction and extends the application of the results to 

a personalised pricing environment. However, the direct influence of the fair price perceptions on 

the repurchase intentions is not significant in both purchase scenarios for the two countries but 

fully mediated by purchase satisfaction implying that the sellers should give care to improving the 

overall purchase satisfaction of the consumers along with offering them fair prices to increase the 

repurchase intentions in a personalised price setting.  

The results also indicate that the consumers are worried about private data sharing for personalised 

prices and recommendations. If the privacy concerns of the consumers are not addressed properly, 

the consumers may display strategic purchase intentions and reprisal intentions which involves 

spreading negative word of mouth, switching to competitors, shunning the seller etc. Furthermore, 

loyal customers are more likely to be tolerant to price variations as compared to the non-loyal 

customers in an online personalised pricing context. The study also found out that the consumers 

who are aware of the fluctuations in prices are highly likely to display a strategic purchase 

behaviour implying that they would track prices and wait for price markdown before making the 

purchase. This tendency may hurt the fringe benefits earned by the sellers who employ 
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discriminatory pricing tactics like personalised pricing. Most of the findings in the study are 

consistent with the previous literature available and related theories in the field.  

The results obtained from this study mainly pertain to the online consumers in India and Malaysia 

(particularly to the online consumers in the region under study) or the consumers in other countries 

or states with similar characteristics. More studies in different parts of the world are required to be 

conducted to verify the research model and to generalize the results and findings. 

5.2. Recommendations 

Based on the findings of this research certain recommendations are provided for future researches 

in the area as well as to the online retailers to streamline their business considering the shift in 

consumer behaviour in a personalised price setting in the E-Commerce sector. Although the 

prospects of personalised pricing sound appealing to the online sellers, the consumers’ reactions 

portray that they are not as happy as the sellers. One of the biggest worries of consumers is the 

privacy concerns. Keeping aside all the possibilities and benefits, the idea of using one’s own 

private information for individualized price customization is not desirable to many of the 

consumers.  

Based on the results, offering better prices without improving the purchase satisfaction of the 

consumers is less likely to materially affect the repurchase intentions. In a personalised price 

setting, although fair price perceptions has an influence on the repurchase intentions, the sellers 

should consider other factors which improve the purchase satisfaction of the consumers such as 

brand image or web store image, quality of the services provided, substitutes available etc. to 

positively influence the repurchase intentions of the consumers.  

Retaining a loyal customer base is one of the crucial strategies to be followed in a personalised 

price setting as the results showed that the loyal customers tend to show higher repurchase 

intentions and increased purchase satisfaction regardless of the positive or negative purchase 

scenarios. Furthermore, customer loyalty played a positive moderator role in the relationship 

between fair price perceptions and purchase satisfaction in Indian negative purchase scenario. 

Hence it could be assumed that the loyal customers may not react adversely to fair to moderate 

level of price fluctuations (presumed on the basis of the magnitude of fluctuation given in the 

purchase scenarios). Based on this finding, the sellers may use moderate level fluctuation in prices 

while tailoring prices for the loyal customers to maximise profitability. 

The sellers should take the price tracking behaviour of the consumers into consideration and make 

the spectrum of variation as small as possible such that the search cost and time delays involved 
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in price tracking are higher and outweigh the normal purchases without price tracking. This will 

ensure a regular marginal revenue to the sellers rather than occasional windfall gains which has a 

higher risk of losing the loyal customer base. The tendency among consumers to track prices of 

the products sold online is increasing. These consumers who regularly track prices of products 

using various applications and browser extensions will have information regarding the magnitude 

and proximity of price variations. They are most likely to wait for price markdowns to make the 

purchases. As per the results, the low income consumers have a higher tendency to display a 

strategic purchase behaviour.  

The sellers must take necessary measures to make their pricing practices as transparent as possible 

to win the trust of consumers as the findings show that majority of the respondents would be happy 

if there is a choice to opt themselves out from sharing data for price customization. As privacy 

concerns increases, there are higher chances that they might indulge in reprisal activities. The 

privacy concerns of the Indian respondents seemed to be higher than that of the Malaysian 

respondents. So, the online retailers in India must give special attention to address this issue.  

5.3. Research Limitations and Future Research Directions  

One of the research limitations which merits further exploration in this study area is the non 

representative nature of the sample data collected. As explained in the data collection method, the 

sample was collected from a few states in both countries and thus may not fully represent the 

general characteristics of the population under study. Furthermore, it is highly likely that the 

constructs namely ‘repurchase intentions’ and ‘revenge intentions’ may have the issue of common 

method bias which may be addressed in future researches. It is also highly recommended that in 

future researches, other significant variables such as ‘trust’ which might influence consumer 

behaviour in an online purchase context may be included in the model. Further studies with 

appropriate purchase scenarios should be developed and applied to verify and extend the results 

of this study to an offline personalised pricing context. The research model and scale used in the 

study should be applied in other countries so as to test the reliability of the instrument as well as 

to generalize the results. Furthermore, region specific studies, based on the theory of legal origin 

would help in understanding the operation of personalised pricing under different legal 

frameworks and the consumer behavioural changes observed in such regions. The hypothetical 

purchase scenarios used in the study may be improved by adding details which may make the 

consumers more aware of personalised pricing and help elicit a better and accurate response. 
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6. SUMMARY 

Personalised pricing is a discriminatory pricing strategy mainly impelled by the recent 

advancements in the IoT and big data analytics. It is one of the most sophisticated and customised 

pricing techniques identified to be used in the business for revenue management. With the 

consumers becoming increasingly aware of the novel business tactics, how their behaviour 

changes under a pricing strategy which is largely based on private data sharing for customised 

prices and recommendations is worth exploring and was the motivation for this research. This 

study has attempted to disentangle the complex pattern of relationship among different variables 

which affect online consumer responses and sheds light on the behavioural shift among the 

consumers under a personalised price setting in the E-Commerce sector in India and Malaysia. 

Previous researches in the study area were explored thoroughly to identify the research gap and 

the research model was formulated based on the literature review and researcher’s own previous 

works. Primary data for the research was collected from India and Malaysia through both online 

and paper questionnaires. A total of 751 responses were received and based on the requirement of 

the study, 720 responses i.e. 360 from each country were finalized for the analysis. The 

questionnaire consisted of a hypothetical purchase scenario which puts the respondent in either an 

advantageous or a disadvantageous situation due to the fluctuation in prices driven by personalised 

pricing. The respondents in both countries answered the questionnaires with one of the purchase 

scenarios and the responses were compared and tested for significance. 

Partial Least Square based Structural Equation Modelling (PLS SEM) was used for analyzing the 

research model. Although the scale used in this research was already tested and validated, an 

Exploratory Factor Analysis (EFA) was carried out prior to conducting the PLS SEM analysis for 

reconfirming the validity. ANOVA and Wilcoxon Rank Sum test were used to test the gender 

differences and differences among income groups in their attitude towards the variables under 

study. The hypotheses formulated were tested against the two purchase scenarios for both countries 

using the bootstrapping method. 

The results show that fair price perception of consumers is positively correlated with the overall 

purchase satisfaction in a personalised pricing context. Purchase satisfaction fully mediates the 

relationship between fair price perceptions and repurchase intentions in both purchase scenarios 

for the two countries. The study has identified that the consumers in both India and Malaysia are 

concerned about sharing their data with the sellers. The Indian consumers seemed to be more 

sensitive than the Malaysian consumers when it comes to data sharing. The results show that higher 
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privacy concerns induce consumers to engage in reprisal activities which may hurt the profitability 

of the sellers. The finding is significant in both purchase scenarios for two countries. The construct 

‘strategic purchase intentions’ was introduced to assess the consumers intentions to engage in a 

price tracking behaviour. The construct developed by the researcher himself has yielded very 

interesting insights. In positive purchase scenarios, customers do have the tendency to take 

advantage of the fluctuating prices by keep tracking them and making the purchase when the price 

falls.  In negative purchase scenarios, they express the desire to get better price offers from the 

sellers. Privacy concerns also showed a positive association with the strategic purchase intentions 

in both scenarios for the two countries. 

Purchase satisfaction does have a positive association with the repurchase intentions of the 

consumers in both purchase scenarios. There is a negative association between strategic purchase 

intentions and purchase satisfaction in Indian negative purchase scenario and positive association 

in the Indian positive and the Malaysian positive purchase scenarios implying that regardless of 

the satisfaction with purchase, consumers want to take advantage of the price volatility in positive 

purchase scenarios. The Multigroup Analysis conducted to test the differences between the two 

groups of respondents showed that the Malaysian respondents, as compared to the Indian 

respondents are easily hurt by the price changes in a negative purchase scenario and are more 

inclined to resort to engage in reprisal and price tracking activities. Both Malaysian and Indian 

respondents exhibited similar traits in the positive purchase scenario except for the relationship 

between fair price perceptions and revenge intentions where Indian consumers showed a positive 

association signifying that other factors may influence the revenge intentions even when 

consumers are offered a fair price. 

Considering the novelty of the field of study, this research is one of the pioneering works which 

may be used as a reference for future works by academicians and researchers. More importantly, 

the findings of this study may give useful insights to the e-tailers around the world who are 

planning to adopt the personalised pricing strategy for revenue management. 

 

 

 

 

 

 

 



125 

 

7. APPENDICES 

APPENDIX (1) References 

 

1. ABDULLAH-AL-MAMUN, M. K. R., & ROBEL, S. D. (2014): A Critical Review of 

Consumers’ Sensitivity to Price: Managerial and Theoretical Issues. Journal of 

International Business and Economics, 2 (2), pp.01-09. 

2. ACCENTURE (2018): Malaysia – A Solid Score and a Steady Future, Retrieved on 21 

August, 2019 from, https://www.accenture.com/_acnmedia/pdf-68/accenture-insights-

digital-commerce-malaysia.pdf.  

3. ACQUISTI, A., & GROSS, R. (2006): Imagined communities: Awareness, information 

sharing, and privacy on the Facebook. In G. Danezis & P. Golle (Eds.), Privacy enhancing 

technologies. Berlin: Springer Berlin Heidelberg, pp. 36–58. 

4. ADAMS, J. S. (1965): Inequity in social exchange. L. Berkowitz (Ed.), Advances in 

experimental social psychology, Academic Press, New York, 2 (1), pp. 267-299. 

5. AGUIRRE, I., COWAN, S., & VICKERS, J. (2010): Monopoly price discrimination and 

demand curvature. American Economic Review, 100(4), pp.1601-15. 

6. AJZEN, I. (1985). From intentions to actions: A theory of planned behavior. In J. Kuhl & 

J. Beckman (Eds.), Action-control: From cognition to behavior (pp. 11–39). Heidelberg: 

Springer. 

7. AKERLOF, G. A. (1978): The market for “lemons”: Quality uncertainty and the market 

mechanism. In Uncertainty in economics, Academic Press. pp. 235-251. 

8. ANDRE, G., & C., GRANGER. (1992): On the Price Consciousness of Consumers, 

Applied Statistics, 10 (1), pp.170-88. 

9. ANSARI, A., MELA, C. F., & NESLIN, S. A. (2008): Customer channel migration. 

Journal of marketing research, 45(1), pp.60-76. 

10. ARMSTRONG, M. (2006): Recent developments in the economics of price discrimination. 

Cambridge University Press. 

11. ASHWORTH, L., & FREE, C. (2006): Marketing dataveillance and digital privacy: Using 

theories of justice to understand consumers’ online privacy concerns. Journal of Business 

Ethics, 67(2), pp.107-123. 

12. ASTRACHAN, C. B., PATEL, V. K., & WANZENRIED, G. (2014): A comparative study 

of CB-SEM and PLS-SEM for theory development in family firm research. Journal of 

Family Business Strategy, 5(1), pp. 116-128. 

13. AUSTIN, S. (2019): Important Changes to the Malaysia Data Privacy Regime. Retrieved 

on 15 August 2019 from https://www.lexology.com/library/detail.aspx?g=3d6cc7f0-ea34-

426d-9b3e-d696159a3abb.  

14. AUSTIN, W. (1980): Friendship and fairness: Effects of type of relationship and task 

performance on choice of distribution rules. Personality and Social Psychology 

Bulletin, 6(3), pp.402-408. 

15. AVIV, Y., & PAZGAL, A. (2008):  Optimal pricing of seasonal products in the presence 

of forward-looking consumers. Manufacturing & Service Operations Management, 10(3), 

pp. 339-359. 

16. AYDIN, G., & ZIYA, S. (2009): Personalized dynamic pricing of limited inventories. 

Operations Research, 57(6), pp.1523-1531. 

17. BAIN AND COMPANY (2017): Winning with the Indian Consumer, Retrieved on 10 

February 2019 from, 

https://www.bain.com/contentassets/ef45097bcaf54c0b9eb46f6fbd2d0e39/bain_report_w

inning_with_the_indian_consumer.pdf. 

https://www.accenture.com/_acnmedia/pdf-68/accenture-insights-digital-commerce-malaysia.pdf
https://www.accenture.com/_acnmedia/pdf-68/accenture-insights-digital-commerce-malaysia.pdf
https://www.lexology.com/library/detail.aspx?g=3d6cc7f0-ea34-426d-9b3e-d696159a3abb
https://www.lexology.com/library/detail.aspx?g=3d6cc7f0-ea34-426d-9b3e-d696159a3abb
https://www.bain.com/contentassets/ef45097bcaf54c0b9eb46f6fbd2d0e39/bain_report_winning_with_the_indian_consumer.pdf
https://www.bain.com/contentassets/ef45097bcaf54c0b9eb46f6fbd2d0e39/bain_report_winning_with_the_indian_consumer.pdf


126 

 

18. BAKER, R. J. (2010): Pricing on purpose: Creating and capturing value. John Wiley & 

Sons. 

19. BAKOS, J. Y. (1997): Reducing buyer search costs: Implications for electronic 

marketplaces. Management science, 43(12), pp.1676-1692. 

20. BANDURA, A. (1980): Gauging the relationship between self-efficacy judgment and 

action. Cognitive therapy and research, 4(2), pp. 263-268. 

21. BANSAL, H. S., & TAYLOR, S. F. (1999): The service provider switching model 

(spsm) a model of consumer switching behavior in the services industry. Journal of 

service Research, 2(2), pp. 200-218. 

22. BARBIER DE LA SERRE, É., & LAGATHU, E. (2013): The law on fines imposed in 

EU competition proceedings: faster, higher, harsher. Journal of European Competition 

Law & Practice, 4(4), pp.325-344. 

23. BECHWATI, N. N., & MORRIN, M. (2007): Understanding voter vengeance. Journal of 

Consumer Psychology, 17(4), pp. 277-291. 

24. BECKER, L. J. (1978): Joint effect of feedback and goal setting on performance: A field 

study of residential energy conservation. Journal of applied psychology, 63(4), pp. 428. 

25. BELOBABA, P. P. (1987a): Survey Paper—Airline yield management an overview of seat 

inventory control. Transportation science, 21(2), pp. 63-73. 

26. BELOBABA, P. P. (1987b):  Air travel demand and airline seat inventory 

management (Doctoral dissertation, Massachusetts Institute of Technology). 

27. BELOBABA, P. P. (1989): OR practice—application of a probabilistic decision model to 

airline seat inventory control. Operations Research, 37(2), pp.183-197. 

28. BENTLER, P. M., & BONETT, D. G. (1980): Significance tests and goodness of fit in 

the analysis of covariance structures. Psychological bulletin, 88(3), pp. 588. 

29. BERGEMANN, D., BROOKS, B., & MORRIS, S. (2015): The limits of price 

discrimination. American Economic Review, 105(3), pp. 921-57. 

30. BESBES, O., & LOBEL, I. (2015): Intertemporal price discrimination: Structure and 

computation of optimal policies. Management Science, 61(1), pp. 92-110. 

31. BHASKAR, B. (2003): Electronic Commerce: Framework Technologies and applications, 

New Delhi, Tata McGraw Hill. 

32. BIG COMMERCE (2018): Ecommerce 101 + The History of Online Shopping: What 

The Past Says About Tomorrow’s Retail Challenges, Retrieved on 02 March 2019 from 

https://www.bigcommerce.com/blog/ecommerce/.  

33. BITRAN, G. R. & MONDSCHEIN, S. V. (1995): An application of yield management to 

the hotel industry considering multiple day stays', Operations Research, 43 (1), pp. 427-

430. 

34. BOLLEN, K., & LENNOX, R. (1991): Conventional wisdom on measurement: A 

structural equation perspective. Psychological bulletin, 110(2), pp. 305. 

35. BOLTON, L. E., WARLOP, L., & ALBA, J. W. (2003): Consumer perceptions of price 

(un) fairness. Journal of consumer research, 29(4), 474-491. 

36. BOLTON, R. N. (1998): A dynamic model of the duration of the customer's relationship 

with a continuous service provider: The role of satisfaction. Marketing science, 17(1), pp. 

45-65. 

37. BREST, P. (1985): Who decides. S. Cal. L. Rev., 58, 661. 

38. BROWN, M., & MUCHIRA, R. (2004): Investigating the relationship between Internet 

privacy concerns and online purchase behavior. Journal of Electronic Commerce 

Research, 5(1), pp. 62-70. 

https://www.bigcommerce.com/blog/ecommerce/


127 

 

39. CAMPBELL, M. C. (1999): Perceptions of price unfairness: antecedents and 

consequences. Journal of marketing research, 36(2), pp. 187-199. 

40. CAMPBELL, D. T., & FISKE, D. W. (1959): Convergent and discriminant validation by 

the multitrait-multimethod matrix. Psychological bulletin, 56(2), pp. 81. 

41. CAMPBELL, S. W. (2007): Perceptions of mobile phone use in public settings: A cross-

cultural comparison. International Journal of Communication, 1(1), pp. 20. 

42. CAO, L., & LI, L. (2015): The impact of cross-channel integration on retailers’ sales 

growth. Journal of Retailing, 91(2), pp.198-216. 

43. CARRASCAL, J. P., RIEDERER, C., ERRAMILLI, V., CHERUBINI, M., & DE 

OLIVEIRA, R. (2013): Your browsing behavior for a big mac: Economics of personal 

information online. In Proceedings of the 22nd international conference on World Wide 

Web, ACM. pp. 189-200 

44. CARROLL, K., & COATES, D. (1999): Teaching price discrimination: Some 

clarification. Southern Economic Journal, 66(2), pp. 466-467. 

45. Case C-209/10 Post Danmark A/S v Konkurrencerĺdet [2012] ECR I-172, para 30. 

46. CHAFFEY, D., ELLIS-CHADWIC, F., MAYER, R., & JOHNSTON, K. (2009): E-

Business and E-Commerce Management London: Financial Times Prentice Hall. 

47. CHAKRABORTY & CHOWDHURY (2019): The Personal Data Protection Bill 2018: 

An Answer To India’s Data Protection Issues? Retrieved on 10 March, 2019 from 

http://www.businessworld.in/article/The-Personal-Data-Protection-Bill-2018-An-

Answer-To-India-s-Data-Protection-Issues-/01-01-2019-165633/. 

48. CHIN, W. W. (1998): The partial least squares approach to structural equation modeling. 

Modern methods for business research, 295(2), pp. 295-336. 

49. CHEAH, D. (2018): Up Close and Personal: The Malaysian Personal Data Protection Act, 

Retrieved on 15 August 2019 from https://www.hg.org/legal-articles/up-close-and-

personal-the-malaysian-personal-data-protection-act-33273.  

50. CHEN, L., MISLOVE, A., & WILSON, C. (2016): An empirical analysis of algorithmic 

pricing on amazon marketplace. In Proceedings of the 25th international conference on 

world wide web, International World Wide Web Conferences Steering Committee, pp. 

1339-1349. 

51. CHEN, Y., & ZHANG, Z. J. (2009): Dynamic targeted pricing with strategic 

consumers. International Journal of Industrial Organization, 27(1), pp. 43-50. 

52. CHEN, Z., CHOE, C., & MATSUSHIMA, N. (2018): Competitive personalized pricing. 

53. CHO, H., LEE, J., & CHUNG, S. (2010): Optimistic bias about online privacy risks: 

Testing the moderating effects of perceived controllability and prior experience. 

Computers in Human Behavior, 26(5), pp. 987–995 

54. CHOE, C., KING, S., & MATSUSHIMA, N. (2017): Pricing with cookies: behavior-

based price discrimination and spatial competition. Management Science, 64(12), pp. 

5669-5687. 

55. CIANCIMINO, A., INZERILLO, G., LUCIDI, S., & PALAGI, L. (1999): A 

mathematical programming approach for the solution of the railway yield management 

problem. Transportation science, 33(2), pp. 168-181. 

56. COHEN, J. (1988): Statistical power analysis for the behavioral sciences. Hillsdale, NJ: 

Lawrence Erlbaum. 

57. COLGATE, M., & STEWART, K. (1998): The challenge of relationships in services-a 

New Zealand study. International Journal of Service Industry Management, 9(5), 454-468. 

58. COLOMBO, S. (2016): Imperfect behavior‐based price discrimination. Journal of 

Economics & Management Strategy, 25(3), pp. 563-583. 

http://www.businessworld.in/article/The-Personal-Data-Protection-Bill-2018-An-Answer-To-India-s-Data-Protection-Issues-/01-01-2019-165633/
http://www.businessworld.in/article/The-Personal-Data-Protection-Bill-2018-An-Answer-To-India-s-Data-Protection-Issues-/01-01-2019-165633/
https://www.hg.org/legal-articles/up-close-and-personal-the-malaysian-personal-data-protection-act-33273
https://www.hg.org/legal-articles/up-close-and-personal-the-malaysian-personal-data-protection-act-33273


128 

 

59. COMPETITION COMMISSION ACT (2010): Laws of Malaysia, Competition 

Commission Act, Retrieved on 03 August 2019 from 

https://www.kpdnhep.gov.my/kpdnkk/wp-content/uploads/2018/02/34-bi-Competition-

Commission-Act-2010-as-at-1-3-2016.pdf.  

60. COMPETITION COMMISSION OF INDIA (2002): Provisions relating to abuse of 

dominance. Retrieved on 07 August 2019 from 

https://www.cci.gov.in/sites/default/files/advocacy_booklet_document/AOD.pdf.  

61. COMPETITION MARKET AUTHORITY (2018): Pricing algorithms Economic 

working paper on the use of algorithms to facilitate collusion and personalised pricing. 

Retrieved on 07 August 2019 from 

https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_

data/file/746353/Algorithms_econ_report.pdf.  

62. CRONIN JR, J. J., BRADY, M. K., & HULT, G. T. M. (2000): Assessing the effects of 

quality, value, and customer satisfaction on consumer behavioral intentions in service 

environments. Journal of retailing, 76(2), pp. 193-218. 

63. CROSS, R. (1997): Revenue Management: Hard-Core Tactics for Market Domination. 

New York, NY: Broadway Books. 

64. CUDDEFORD-JONES, M. (2013): Predicting the Future. Marketing Week. pp. 31-33. 

65. CURTIS, T., ABRATT, R., RHOADES, D. L., & DION, P. (2011): Customer loyalty, 

repurchase and satisfaction: A meta-analytical review. Journal of Consumer Satisfaction, 

Dissatisfaction and Complaining Behavior, pp. 1-26. 

66. DAI, B. (2010): The impact of perceived price fairness of dynamic pricing on customer 

satisfaction and behavioral intentions: The moderating role of customer loyalty (Doctoral 

dissertation).  

67. DANNEELS, E. (2004): Disruptive technology reconsidered: A critique and research 

agenda. Journal of product innovation management, 21(4), pp. 246-258. 

68. DARKE, P. R., & DAHL, D. W. (2003): Fairness and discounts: The subjective value of 

a bargain. Journal of Consumer psychology, 13(3), pp. 328-338. 

69. DAVIS, F. D., BAGOZZI, R. P., & WARSHAW, P. R. (1989): User acceptance of 

computer technology: a comparison of two theoretical models. Management science, 

35(8), pp. 982-1003. 

70. DELOITTE INSIGHTS (2018): 2018 Deloitte Holiday Survey, Retrieved on 10 February 

2019 from https://www2.deloitte.com/content/dam/insights/us/articles/4737_2018-

holiday-survey/DI_2018-holiday-survey.pdf.  

71. DELOITTE. (2016): The Value of DDI (Data Driven Innovation) Executive Summary, 

Retrieved on 10 February 2019 from 

https://www2.deloitte.com/content/dam/Deloitte/il/Documents/strategy/consulting/the_va

lue_of_ddi_english_executive_summary.pdf  

72. DETERMANN, L., & GUPTA, C. (2018): Indian Personal Data Protection Act, 2018: 

Draft Bill and Its History, Compared to EU GDPR and California Privacy 

Law. Compared to EU GDPR and California Privacy Law (September 3, 2018). 

73. DEVKATE, B. N. (2013): E-commerce: problems and prospects in Maharashtra (PhD 

Dissertation). 

74. DIENLIN, T., & TREPTE, S. (2015): Is the privacy paradox a relic of the past? An in-

depth analysis of privacy attitudes and privacy behaviors. European Journal of Social 

Psychology, 45, pp. 285–297. 

75. DIJKSTRA, T. K., & HENSELER, J. (2015): Consistent partial least squares path 

modeling. MIS quarterly, 39(2). 

https://www.kpdnhep.gov.my/kpdnkk/wp-content/uploads/2018/02/34-bi-Competition-Commission-Act-2010-as-at-1-3-2016.pdf
https://www.kpdnhep.gov.my/kpdnkk/wp-content/uploads/2018/02/34-bi-Competition-Commission-Act-2010-as-at-1-3-2016.pdf
https://www.cci.gov.in/sites/default/files/advocacy_booklet_document/AOD.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/746353/Algorithms_econ_report.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/746353/Algorithms_econ_report.pdf
https://www2.deloitte.com/content/dam/insights/us/articles/4737_2018-holiday-survey/DI_2018-holiday-survey.pdf
https://www2.deloitte.com/content/dam/insights/us/articles/4737_2018-holiday-survey/DI_2018-holiday-survey.pdf
https://www2.deloitte.com/content/dam/Deloitte/il/Documents/strategy/consulting/the_value_of_ddi_english_executive_summary.pdf
https://www2.deloitte.com/content/dam/Deloitte/il/Documents/strategy/consulting/the_value_of_ddi_english_executive_summary.pdf


129 

 

76. DIXON, J., BRIDSON, K., EVANS, J., & MORRISON, M. (2005): An alternative 

perspective on relationships, loyalty and future store choice. The International Review of 

Retail, Distribution and Consumer Research, 15(4), pp. 351-374. 

77. DLA PIPER (2019): Data Protection Laws of the World Malaysia. Retrieved on 15 

August 2019 from 

https://www.dlapiperdataprotection.com/system/modules/za.co.heliosdesign.dla.lotw.data

_protection/functions/handbook.pdf?country-1=MY.  

78. DOSM (2016): Department of Statistics, Malaysia. Retrieved on 27 July 2019 from 

https://www.dosm.gov.my/v1/   

79. EASTLICK, M. A., LOTZ, S. L., & WARRINGTON, P. (2006): Understanding online B-

to-C relationships: An integrated model of privacy concerns, trust, and 

commitment. Journal of Business Research, 59(8), pp. 877-886. 

80. EBAY (2018): Our History, Retrieved on 02 February 2019 from 

https://www.ebayinc.com/our-company/our-history/  

81. EDWARDS, M. A. (2006): Price and Prejudice: The Case Against Consumer Equality in 

the Information Age. Lewis & Clark L. Rev., 10, 559. 

82. ELMACHTOUB, A. N., GUPTA, V., & HAMILTON, M. (2018): The value of 

personalized pricing. Available at SSRN, https://dx.doi.org/10.2139/ssrn.3459289  

83. EOP (2015): Big Data and Differential Pricing, Executive Office of the President, United 

States, Retrieved on 10 February 2019 from 

https://obamawhitehouse.archives.gov/sites/default/files/whitehouse_files/docs/Big_Data

_Re port_Nonembargo_v2.pdf.    

84. ENN (2018): Malaysia Keen To Have India’s E-Commerce Model, Retrieved on 08 

January 2019 from https://egov.eletsonline.com/2018/10/malaysia-keen-to-have-indias-e-

commerce-model/.  

85. ESTEVES, R. B. (2014): Price discrimination with private and imperfect information. The 

Scandinavian Journal of Economics, 116(3), pp. 766-796. 

86. EU CONSUMER PROGRAMME (2018): Consumer market study on online market 

segmentation through personalised pricing/offers in the European Union, European 

Commission, Retrieved on 07 August 2019 from 

https://ec.europa.eu/info/sites/info/files/aid_development_cooperation_fundamental_right

s/aid_and_development_by_topic/documents/synthesis_report_online_personalisation_st

udy_fin al_0.pdf.  

87. EVANS, P. B., & WURSTER, T. S. (1997): Strategy and the new economics of 

information, Harvard Business Review, New York, NY (pp. 71-82). 

88. EZRACHI, A. & M. STUCKE (2016): The Rise of Behavioural Discrimination, 

European Competition Law Review, 37(2), pp. 485-492, 

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2830206.  

89. FENG, Y., & GALLEGO, G. (1995): Optimal starting times for end-of-season sales and 

optimal stopping times for promotional fares. Management science, 41(8), pp. 1371-

1391. 

90. FENG, Y., & GALLEGO, G. (2000): Perishable asset revenue management with 

Markovian time dependent demand intensities. Management science, 46(7), 941-956. 

91. FISHBEIN, M., & AJZEN, I. (1975): Belief, attitude, intention, and behavior: An 

introduction to theory and research. Reading, MA: Addison-Wesley. 

92. FORNELL, C. (1992): A national customer satisfaction barometer: The Swedish 

experience. Journal of marketing, 56(1), pp. 6-21. 

https://www.dlapiperdataprotection.com/system/modules/za.co.heliosdesign.dla.lotw.data_protection/functions/handbook.pdf?country-1=MY
https://www.dlapiperdataprotection.com/system/modules/za.co.heliosdesign.dla.lotw.data_protection/functions/handbook.pdf?country-1=MY
https://www.dosm.gov.my/v1/
https://www.ebayinc.com/our-company/our-history/
https://dx.doi.org/10.2139/ssrn.3459289
https://obamawhitehouse.archives.gov/sites/default/files/whitehouse_files/docs/Big_Data_Re%20port_Nonembargo_v2.pdf
https://obamawhitehouse.archives.gov/sites/default/files/whitehouse_files/docs/Big_Data_Re%20port_Nonembargo_v2.pdf
https://egov.eletsonline.com/2018/10/malaysia-keen-to-have-indias-e-commerce-model/
https://egov.eletsonline.com/2018/10/malaysia-keen-to-have-indias-e-commerce-model/
https://ec.europa.eu/info/sites/info/files/aid_development_cooperation_fundamental_rights/aid_and_development_by_topic/documents/synthesis_report_online_personalisation_study_fin%20al_0.pdf
https://ec.europa.eu/info/sites/info/files/aid_development_cooperation_fundamental_rights/aid_and_development_by_topic/documents/synthesis_report_online_personalisation_study_fin%20al_0.pdf
https://ec.europa.eu/info/sites/info/files/aid_development_cooperation_fundamental_rights/aid_and_development_by_topic/documents/synthesis_report_online_personalisation_study_fin%20al_0.pdf
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2830206


130 

 

93. FORNELL, C., & LARCKER, D. F. (1981): Evaluating structural equation models with 

unobservable variables and measurement error. Journal of marketing research, 18(1), pp. 

39-50. 

94. FORTES, N., & RITA, P. (2016): Privacy concerns and online purchasing behaviour: 

Towards an integrated model. European Research on Management and Business 

Economics, 22(3), pp. 167-176. 

95. FREEZE, R. D., & RASCHKE, R. L. (2007): An Assessment of Formative and Reflective 

Constructs in IS Research. In ECIS Proceedings, pp. 1481-1492. 

96. FRONTIER ECONOMICS (2018) Personalised pricing in essential markets, Retrieved 

on 27 January 2019 from 

https://www.citizensadvice.org.uk/Global/CitizensAdvice/Consumer%20publications/Fin

al%20%20Citizens%20Advice%20Personalised%20Pricing%20report%20-%201-5-18-

%20STC.pdf. 

97. FUDENBERG, D., & TIROLE, J. (2000): Customer poaching and brand 

switching. RAND Journal of Economics, pp. 634-657. 

98. GABOR, A., & GRANGER, C. W. (1961): On the price consciousness of consumers. 

Journal of the Royal Statistical Society: Series C (Applied Statistics), 10(3), pp. 170-188. 

99. GAO, L., WAECHTER, K. A., & BAI, X. (2015): Understanding consumers’ continuance 

intention towards mobile purchase: A theoretical framework and empirical study–A case 

of China. Computers in Human Behavior, (53), pp.249-262. 

100. GARBARINO, E., & LEE, O. F. (2003): Dynamic pricing in internet retail: effects on 

consumer trust. Psychology & Marketing, 20(6), pp. 495-513. 

101. GARSON, G. D. (2016): Partial least squares: Regression and structural equation models. 

Asheboro, NC: Statistical Associates Publishers. 

102. GATIGNON, H. (1984): Competition as a Moderator of the Effect of Advertising on Sales. 

Journal of Marketing Research, 21(4), pp. 387-398. 

103. GEFEN, D. (2002): Customer loyalty in e-commerce. Journal of the association for 

information systems, 3(1), pp.2. 

104. GEHRIG, T., SHY, O., & STENBACKA, R. (2012): A welfare evaluation of history-based 

price discrimination. Journal of Industry, Competition and Trade, 12(4), pp. 373-393. 

105. GEORGE, D., & MALLERY, P. (2010). SPSS for Windows step by step. A simple study 

guide and reference, 17.0 update (10a ed.) Boston: Pearson. 

106. GERAGHTY, M. K., & JOHNSON, E. (1997): Revenue management saves national car 

rental. Interfaces, 27(1), pp.107-127. 

107. GONSCH, J., KLEIN, R., & STEINHARDT, C. (2009): Dynamic pricing–State-of-the-

art. Zeitschrift für Betriebswirtschaft, Ergänzungsheft, 3(1), pp. 1-40. 

108. GREENSTEIN-MESSICA, A., & ROKACH, L. (2018): Personal price aware multi-

seller recommender system: Evidence from eBay. Knowledge-Based Systems, 150, (1) 

pp. 14-26. 

109. GREGOIRE, Y., LAUFER, D., & TRIPP, T. M. (2010): A comprehensive model of 

customer direct and indirect revenge: Understanding the effects of perceived greed and 

customer power. Journal of the Academy of Marketing Science, 38(6), pp. 738-758. 

110. GRENNAN, M. (2013): Price discrimination and bargaining: Empirical evidence from 

medical devices. American Economic Review, 103(1), pp.45-77. 

111. GUADAGNOLI, E., & VELICER, W. F. (1988): Relation of sample size to the stability 

of component patterns. Psychological bulletin, 103(2), pp.265. 

https://www.citizensadvice.org.uk/Global/CitizensAdvice/Consumer%20publications/Final%20%20Citizens%20Advice%20Personalised%20Pricing%20report%20-%201-5-18-%20STC.pdf
https://www.citizensadvice.org.uk/Global/CitizensAdvice/Consumer%20publications/Final%20%20Citizens%20Advice%20Personalised%20Pricing%20report%20-%201-5-18-%20STC.pdf
https://www.citizensadvice.org.uk/Global/CitizensAdvice/Consumer%20publications/Final%20%20Citizens%20Advice%20Personalised%20Pricing%20report%20-%201-5-18-%20STC.pdf


131 

 

112. HADI, N. U., ABDULLAH, N., & SENTOSA, I. (2016): Making sense of mediating 

analysis: A marketing perspective. Review of Integrative Business and Economics 

Research, 5(2), pp. 62. 

113. HAIR JR, J. F., SARSTEDT, M., HOPKINS, L., & G. KUPPELWIESER, V. (2014): 

Partial least squares structural equation modeling (PLS-SEM) An emerging tool in 

business research. European Business Review, 26(2), pp.106-121. 

114. HAIR JR, J. F., MATTHEWS, L. M., MATTHEWS, R. L., & SARSTEDT, M. (2017): 

PLS-SEM or CB-SEM: updated guidelines on which method to use. International Journal 

of Multivariate Data Analysis, 1(2), pp.107-123. 

115. HAIR, J. F., RINGLE, C. M., & SARSTEDT, M. (2011): PLS-SEM: Indeed a silver bullet. 

Journal of Marketing theory and Practice, 19(2), pp.139-152. 

116. HAIR, J.F., SARSTEDT, M., RINGLE, C.M. & GUDERGAN, S.P. (2018): Advanced 

Issues in Partial Least SquaresStructural Equation Modeling (PLS-SEM), Sage, Thousand 

Oaks, CA.  

117. HALLOWELL, R. (1996): The relationships of customer satisfaction, customer loyalty, 

and profitability: an empirical study. International journal of service industry 

management, 7(4), pp.27-42. 

118. HANNAK, A., SOELLER, G., LAZER, D., MISLOVE, A., & WILSON, C. (2014): 

Measuring price discrimination and steering on e-commerce web sites. In Proceedings of 

the 2014 conference on internet measurement conference (pp. 305-318). ACM. 

119. HAN, S., FU, Y., CAO, B., & LUO, Z. (2018): Pricing and bargaining strategy of e-retail 

under hybrid operational patterns. Annals of Operations Research, 270(1-2), pp.179-200. 

https://doi.org/10.1007/s10479-016-2214-4 

120. HARISH, P.K. (2017): National Report on E-commerce in India: United Nations 

Industrial Development Organisation. In Inclusive and Sustainable Industrial 

Development Working Paper Series WP 15|2017. Vienna: United Nations Industrial 

Development Organisation. 

121. HAWS, K. L., & BEARDEN, W. O. (2006): Dynamic pricing and consumer fairness 

perceptions. Journal of Consumer Research, 33(3), pp.304-311. 

122. HAWTHORNE, J., & STANLEY, J. (2008): Knowledge and action. The Journal of 

Philosophy, 105(10), pp.571-590. 

123. HAYEK, F. A. (1944): The road to serfdom. Chicago: University of Chicago Press. 

124. HEILMAN, C. M., BOWMAN, D., & WRIGHT, G. P. (2000): The evolution of brand 

preferences and choice behaviors of consumers new to a market. Journal of Marketing 

Research, 37(2), pp. 139-155. 

125. HELSON, H. (1964): Adaptation-level theory: an experimental and systematic approach 

to behavior. New York: Harper & Row. 

126. HENSELER, J. (2017): Bridging design and behavioral research with variance-based 

structural equation modeling. Journal of advertising, 46(1), pp.178-192. 

127. HENSELER, J., & SARSTEDT, M. (2013): Goodness-of-fit indices for partial least 

squares path modeling. Computational Statistics, 28(2), pp.565-580. 

128. HENSELER, J., RINGLE, C. M., & SARSTEDT, M. (2015): A new criterion for assessing 

discriminant validity in variance-based structural equation modeling. Journal of the 

academy of marketing science, 43(1), pp.115-135. 

129. HENSELER, J., RINGLE, C. M., & SINKOVICS, R. R. (2009): The use of partial least 

squares path modeling in international marketing. In New challenges to international 

marketing (pp. 277-319). Emerald Group Publishing Limited. 

130. HERNANDEZ, B., JIMÉNEZ, J., & MARTÍN, M. J. (2010): Customer behavior in 

electronic commerce: The moderating effect of e-purchasing experience. Journal of 

business research, 63(9-10), pp.964-971. 

https://doi.org/10.1007/s10479-016-2214-4


132 

 

131. HOCUTT, M. A. (1998): Relationship dissolution model: antecedents of relationship 

commitment and the likelihood of dissolving a relationship. International Journal of 

service industry management, 9(2), pp.189-200. 

132. HOLSAPPLE, C. W., & SINGH, M. (2000): Toward a unified view of electronic 

commerce, electronic business, and collaborative commerce: A knowledge management 

approach. Knowledge and Process Management, 7(3), pp.151-164. 

133. HU, L. T., & BENTLER, P. M. (1998): Fit indices in covariance structure modeling: 

Sensitivity to underparameterized model misspecification. Psychological methods, 3(4), 

pp. 424. 

134. HULLAND, J. (1999): Use of partial least squares (PLS) in strategic management research: 

A review of four recent studies. Strategic management journal, 20(2), pp. 195-204. 

135. HULTINK, E. J., GRIFFIN, A., HART, S., & ROBBEN, H. S. (1997): Industrial new 

product launch strategies and product development performance. Journal of product 

innovation management, 14(4), pp. 243-257. 

136. HUPPERTZ, J. W., ARENSON, S. J., & EVANS, R. H. (1978): An application of equity 

theory to buyer-seller exchange situations. Journal of marketing research, 15(2), pp.250-

260. 

137. HUSSUNG, T. (2016): From Storefronts to Search Engines: A History of E-commerce. 

Retrieved on 21 July 2019 from https://online.csp.edu/blog/business/history-of-

ecommerce 

138. IBEF (2017): E-commerce. Retrieved on 10 July 2019 from 

https://www.ibef.org/download/Ecommerce-July-2017.pdf.  

139. IBEF (2019): E-Commerce. Retrieved on 15 August 2019 from,  

https://www.ibef.org/download/e-commerce-dec-2018.pdf.  

140. IDG (2016): Data and Analytics Landscape in the Enterprise, Retrieved on 19 March 

2019 from https://www.idg.com/tools-for-marketers/tech-2016-data-analytics-research/  

141. INDERST, R., & SHAFFER, G. (2009): Market power, price discrimination, and 

allocative efficiency in intermediate‐goods markets. The RAND Journal of 

Economics, 40(4), pp.658-672. 

142. IORDANOU, C., SORIENTE, C., SIRIVIANOS, M., & LAOUTARIS, N. (2017): Who 

is fiddling with prices?: Building and deploying a watchdog service for e-commerce. 

In Proceedings of the Conference of the ACM Special Interest Group on Data 

Communication (pp. 376-389). ACM. 

143. JACOBY, J., & KYNER, D. B. (1973): Brand loyalty vs. repeat purchasing behavior. 

Journal of Marketing research, 10(1), pp.1-9. 

144. JARVIS, C. B., MACKENZIE, S. B., & PODSAKOFF, P. M. (2003): A critical review of 

construct indicators and measurement model misspecification in marketing and consumer 

research. Journal of consumer research, 30(2), pp. 199-218. 

145. JASON, D., R. (2018): Amazon is on fire. Retrieved on 23 February 2019 from 

https://www.recode.net/2018/2/1/16961598/amazon-jeff-bezos-record-profit-11-quarter-

q4-2017-earnings.   

146. JHA, S. (2019): The Personal Data Protection landscape in developing countries. 

Retrieved on 6 February 2019 from https://www.ibm.com/blogs/bluemix/2019/01/indias-

journey-to-personal-data-protection-and-data-privacy-law/.  

147. JULANDER, C. R., & SÖDERLUND, M. (2003): Effects of switching barriers on 

satisfaction, repurchase intentions and attitudinal loyalty. SSE/EFI Working paper series 

in Business Administration, 1, 1-21. 

https://online.csp.edu/blog/business/history-of-ecommerce
https://online.csp.edu/blog/business/history-of-ecommerce
https://www.ibef.org/download/Ecommerce-July-2017.pdf
https://www.ibef.org/download/e-commerce-dec-2018.pdf
https://www.idg.com/tools-for-marketers/tech-2016-data-analytics-research/
https://www.recode.net/2018/2/1/16961598/amazon-jeff-bezos-record-profit-11-quarter-q4-2017-earnings
https://www.recode.net/2018/2/1/16961598/amazon-jeff-bezos-record-profit-11-quarter-q4-2017-earnings
https://www.ibm.com/blogs/bluemix/2019/01/indias-journey-to-personal-data-protection-and-data-privacy-law/
https://www.ibm.com/blogs/bluemix/2019/01/indias-journey-to-personal-data-protection-and-data-privacy-law/


133 

 

148. KAHNEMAN, D., & TVERSKY A. (1979): Prospect theory: an analysis of decision under 

risk, Econometrica, 47(2), pp. 363-391. 

149. KAISER, H. F. (1974): An index of factorial simplicity. Psychometrika, 39(1), pp. 31-36. 

150. KALAKOTA, R., & A., B., WHINSTON. (1996): Frontiers of Electronic Commerce, 

Addison-Wesley Publishing, MA.  

151. KAMBIL, A. (1997): Doing business in the wired world. Computer, 30(5), pp. 56-61. 

152. KANNAN, P. K. (2001): Dynamic pricing on the Internet: Importance and implications 

for consumer behavior. International Journal of Electronic Commerce, 5(3), pp.63-83. 

153. KANETKAR, V., WEINBERG, C. B., & WEISS, D. L. (1992): Price sensitivity and 

television advertising exposures: Some empirical findings. Marketing Science, 11(4), pp. 

359-371. 

154. KANTAR IMRB (2018): Eyes wide open, Retrieved on 02 March 2019 from, 

https://imrbint.com/images/common/Kantar-IMRB-Trends-2018.pdf,  

155. KOCK, N., & HADAYA, P. (2018): Minimum sample size estimation in PLS‐SEM: The 

inverse square root and gamma‐exponential methods. Information Systems Journal, 28(1), 

pp.227-261. 

156. KOKOLAKIS, S. (2017): Privacy attitudes and privacy behaviour: A review of current 

research on the privacy paradox phenomenon. Computers & security, 64(1), pp.122-134. 

157. KOTLER, P. AND ARMSTRONG, G. (2016): Principles of Marketing, 16th Edition, 

Harlow, United Kingdom.   

158. KOT S., GRONDYS K., SZOPA R. (2011): Theory of inventory management based on 

demand forecasting. Polish journal of management studies 3, pp. 147-155 

159. KRAMER, A., FRIESEN, M., & SHELTON, T. (2018): Are airline passengers ready for 

personalized dynamic pricing? A study of German consumers. Journal of Revenue and 

Pricing Management, 17(2), pp.115-120. 

160. KRISHNAMURTHY, S., & KUCUK, S. U. (2009): Anti-branding on the internet. 

Journal of Business Research, 62(11), pp. 1119-1126. 

161. KRUGMAN, P. (2000): Reckonings: What Price Fairness?,  The New York Times, p. 

A23. 

162. KUO, Y. F., WU, C. M., & DENG, W. J. (2009). The relationships among service 

quality, perceived value, customer satisfaction, and post-purchase intention in mobile 

value-added services. Computers in human behavior, 25(4), pp.887-896. 

163. LAMBERTON, C., & STEPHEN, A. T. (2016): A thematic exploration of digital, social 

media, and mobile marketing: Research evolution from 2000 to 2015 and an agenda for 

future inquiry. Journal of Marketing, 80(6), pp.146-172. 

164. LAUDON, K. C., & TRAVER, C. G. (2018): E-commerce 2017, Pearson Publications. 

165. LAWS OF MALAYSIA (2016): Personal Data Protection Act 2010, Retrieved on 15 

August 2019 from 

http://ilo.org/dyn/natlex/docs/ELECTRONIC/89542/102901/F1991107148/MYS89542%

202016.pdf.  

166. LE, T., & LIAW, S. Y. (2017): Effects of pros and cons of applying big data analytics to 

consumers’ responses in an e-commerce context. Sustainability, 9(5), pp.798. 

167. LEONARD, L. N., & JONES, K. (2014): Consumer-to-consumer ecommerce: Acceptance 

and intended behavior. Communications of the IIMA, 14(1), pp.1. 

168. LITTLEWOOD, K. (1972): Forecasting and control of passenger bookings. AGIFORS 

12th Annual Sympos. Proc., Nathanya, Israel, 95–128. 

169. LIU, Q., & SERFES, K. (2004): Quality of information and oligopolistic price 

discrimination. Journal of Economics & Management Strategy, 13(4), pp.671-702. 

https://imrbint.com/images/common/Kantar-IMRB-Trends-2018.pdf
http://ilo.org/dyn/natlex/docs/ELECTRONIC/89542/102901/F1991107148/MYS89542%202016.pdf
http://ilo.org/dyn/natlex/docs/ELECTRONIC/89542/102901/F1991107148/MYS89542%202016.pdf


134 

 

170. LIU, Q., & SHUAI, J. (2013): Multi-dimensional price discrimination. International 

Journal of Industrial Organization, 31(5), pp.417-428. 

171. LOWE, B., & BARNES, B. R. (2012): Consumer perceptions of monetary and non-

monetary introductory promotions for new products. Journal of Marketing Management, 

28(5-6), pp. 629-651. 

172. MACCALLUM, R. C., WEGENER, D. T., UCHINO, B. N., & FABRIGAR, L. R. (1993): 

The problem of equivalent models in applications of covariance structure analysis. 

Psychological bulletin, 114(1), pp. 185. 

173. MARN, M. V., ROEGNER, E. V., & ZAWADA, C. C. (2004). The price advantage (Vol. 

286). John Wiley & Sons. 

174. MARTIN, W. C., PONDER, N., & LUEG, J. E. (2009): Price fairness perceptions and 

customer loyalty in a retail context. Journal of Business Research, 62(6), pp.588-593. 

175. MARTIN-CONSUEGRA, D., MOLINA, A., & ESTEBAN, Á. (2007): An integrated 

model of price, satisfaction and loyalty: an empirical analysis in the service sector. Journal 

of Product & Brand Management, 16(7), pp.459-468. 

176. MARTINS, M. O. (1995): An experimental investigation of the effects of perceived price 

fairness on perceptions of sacrifice and value (Doctoral dissertation, University of Illinois 

at Urbana-Champaign). 

177. MATSUMURA, T., & MATSUSHIMA, N. (2015): Should firms employ personalized 

pricing?. Journal of Economics & Management Strategy, 24(4), pp.887-903. 

178. MAURY, M. D., & KLEINER, D. S. (2002): E-commerce, ethical commerce?. Journal of 

Business Ethics, 36(1-2), pp.21-31. 

179. MAXWELL, S. (1995): What makes a price increase seem fair?. Pricing Strategy & 

Practice, 3(4), pp.21. 

180. MCAFEE, R. P. (2008): Price discrimination. Issues in Competition Law and Policy, 1, 

465-484. 

181. MCMC (2018): e-Commerce Consumers Survey 2018, Retrieved on 10 September 2019 

from https://www.mcmc.gov.my/skmmgovmy/media/General/pdf/ECS-2018.pdf.  

182. MCMULLAN, R., & GILMORE, A. (2003): The conceptual development of customer 

loyalty measurement: A proposed scale. Journal of Targeting, Measurement and Analysis 

for Marketing, 11(3), pp. 230-243. 

183. MIKIANS, J., GYARMATI, L., ERRAMILLI, V., & LAOUTARIS, N. (2013): Crowd-

assisted search for price discrimination in e-commerce: First results. In Proceedings of 

the ninth ACM conference on Emerging networking experiments and technologies (pp. 1-

6). acm. 

184. MILLER, A. A. (2014): What Do We Worry about When We Worry about Price 

Discrimination-The Law and Ethics of Using Personal Information for Pricing. J. Tech. L. 

& Pol'y, 19, 41. 

185. MITI (2018): National eCommerce Strategic Roadmap Overview. Retrieved on 21 

August 2019 from https://www.miti.gov.my/miti/resources/Gallery_Walk.pdf.  

186. MIVA (2011): The History Of Ecommerce: How Did It All Begin?, Retrieved on 21 

August 2019 from https://www.miva.com/blog/the-history-of-ecommerce-how-did-it-all-

begin/  

187. MONROE, K. B. (1973): Buyers’ Subjective Perceptions of Price. Journal of Marketing 

Research,10 (1) pp.70-80 

188. MOOI, E., & SARSTEDT, M. (2010): The Market Research Process. In A Concise Guide 

to Market Research (pp. 11-23). Springer, Berlin, Heidelberg. 

https://www.mcmc.gov.my/skmmgovmy/media/General/pdf/ECS-2018.pdf
https://www.miti.gov.my/miti/resources/Gallery_Walk.pdf
https://www.miva.com/blog/the-history-of-ecommerce-how-did-it-all-begin/
https://www.miva.com/blog/the-history-of-ecommerce-how-did-it-all-begin/


135 

 

189. MOTTA, M. (2004): Competition policy: theory and practice. Cambridge University 

Press. 

190. NAGLE, T. T., & HOLDEN, R. K. (1987): The strategy and tactics of pricing (Vol. 3). 

Englewood Cliffs, NJ: Prentice Hall. 

191. NEUHAUS, R. J. (2012). Doing Well and Doing Good: The Challenge to the Christian 

Capitalist. Crown Publishing Group. 

192. NEVO, A., & WOLFRAM, C. (2002): Why do manufacturers issue coupons? An 

empirical analysis of breakfast cereals. RAND Journal of Economics, pp.319-339. 

193. NORBERG, P. A., HORNE, D. R., & HORNE, D. A. (2007): The privacy paradox: 

Personal information disclosure intentions versus behaviors. Journal of consumer 

affairs, 41(1), pp.100-126. 

194. NYER, P. (1999): Cathartic complaining as a means of reducing consumer dissatisfaction. 

Journal of Consumer Satisfaction, Dissatisfaction and Complaining Behavior, 12. 

195. ODLYZKO, A. (2004): The evolution of price discrimination in transportation and its 

implications for the Internet. Review of Network Economics, 3(3). 

196. OECD (2018). Personalised Pricing in the Digital Era. Retrieved on 10 February 2019 

fromhttp://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=DAF/CO

MP(2018)13&docLanguage=En.  

197. OFT (2013): Personalised Pricing - Increasing Transparency to Improve Trust, Office of 

Fair Trading, Retrieved on 7 March 2019 from 

https://webarchive.nationalarchives.gov.uk/20140402142426/http:/www.oft.gov.uk/share

d_oft /markets-work/personalised-pricing/oft1489.pdf.  

198. OJO, A., CURRY, E., & SANAZ-AHMADI, F. (2015): A tale of open data innovations 

in five smart cities. In 48th Annual Hawaii international conference on system sciences 

(HICSS-48) (pp. 2326–2335). IEEE. doi: 10.1109/HICSS.2015.280  

199. OLIVER, R. L. (1999): Whence consumer loyalty? Journal of marketing, 63 (4), pp.33-

44. 

200. OLIVER, R. L., & SWAN, J. E. (1989a): Equity and disconfirmation perceptions as 

influences on merchant and product satisfaction. Journal of consumer research, 16(3), 

pp.372-383. 

201. OLIVER, R. L., & SWAN, J. E. (1989b): Consumer perceptions of interpersonal equity 

and satisfaction in transactions: a field survey approach. Journal of marketing, 53(2), 

pp.21-35. 

202. OLIVER, R. L., RUST, R. T., & VARKI, S. (1997): Customer delight: foundations, 

findings, and managerial insight. Journal of retailing, 73(3), pp.311-336. 

203. OLIVIA, T. A., OLIVER, R. L. & MACMILLAN, I. C. (1992): A Catastrophe Model for 

Developing Service Satisfaction Strategies, Journal of Marketing, 56(1), pp.83-95 

204. OREN, S. S., & S. A. SMITH. (1993): Service Opportunities for Electric Utilities: 

Creating Differential Products. Kluwer Acad. Pub., Boston, MA 

205. OVUM (2016): The Future of E-commerce: The Road to 2026, Retrieved on 02 March 

2019 from https://www.criteo.com/es/wp-content/uploads/sites/8/2017/09/ovum-the-

future-of-e-commerce-the-road-to-2026.pdf.  

206. OZER, L., & GULTEKIN, B. (2015): Pre-and post-purchase stage in impulse buying: 

The role of mood and satisfaction. Journal of retailing and consumer services, 22 (1) pp. 

71-76. 

http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=DAF/COMP(2018)13&docLanguage=En
http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=DAF/COMP(2018)13&docLanguage=En
https://webarchive.nationalarchives.gov.uk/20140402142426/http:/www.oft.gov.uk/shared_oft%20/markets-work/personalised-pricing/oft1489.pdf
https://webarchive.nationalarchives.gov.uk/20140402142426/http:/www.oft.gov.uk/shared_oft%20/markets-work/personalised-pricing/oft1489.pdf
https://www.criteo.com/es/wp-content/uploads/sites/8/2017/09/ovum-the-future-of-e-commerce-the-road-to-2026.pdf
https://www.criteo.com/es/wp-content/uploads/sites/8/2017/09/ovum-the-future-of-e-commerce-the-road-to-2026.pdf


136 

 

207. PALMER, D. E. (2005): Pop-ups, cookies, and spam: toward a deeper analysis of the 

ethical significance of internet marketing practices. Journal of business ethics, 58(1-3), 

pp.271-280. 

208. PAPANASTASIOU, Y., & SAVVA, N. (2016): Dynamic pricing in the presence of 

social learning and strategic consumers. Management Science, 63(4), pp.919-939. 

209. PATTERSON, P. G., & SPRENG, R. A. (1997): Modelling the relationship between 

perceived value, satisfaction and repurchase intentions in a business-to-business, services 

context: an empirical examination. International Journal of service Industry 

management, 8(5), pp.414-434. 

210. PAVLOU, P. A., & FYGENSON, M. (2006): Understanding and predicting electronic 

commerce adoption: An extension of the theory of planned behavior. MIS quarterly, 

pp.115-143. 

211. PEREIRA, P. (2005): Do lower search costs reduce prices and price 

dispersion?. Information Economics and Policy, 17(1), pp.61-72. 

212. PETTY, R. E., CACIOPPO, J. T., & SCHUMANN, D. (1983): Central and peripheral 

routes to advertising effectiveness: The moderating role of involvement. Journal of 

consumer research, 10(2), pp.135-146. 

213. PIGOU, A.C. (1929): The economics of welfare. London: Macmillan. 

214. POWERS, T. L., & VALENTINE, D. B. (2008): A review of the role of satisfaction, 

quality, and value on firm performance. Journal of Consumer Satisfaction, Dissatisfaction 

and Complaining Behavior, 21, pp.80. 

215. PROFITERO (2013): Profitero Price Intelligence: Amazon makes more than 2.5 million 

daily price changes, Retrieved on 2 March 2019 from 

https://www.profitero.com/2013/12/profitero-reveals-that-amazon-com-makes-more-

than-2-5-million-price-changes-every-day/.   

216. PWC (2018): Do you know what your customers want? The Malaysian Perspective. 

Retrieved on 26 April 2019 from 

https://www.pwc.com/my/en/assets/publications/2018/gcismy-9july.pdf  

217. PWC REPORT (2014): eCommerce in India Accelerating Growth. Retrieved on 26 April 

2019 from https://www.pwc.in/assets/pdfs/publications/2015/ecommerce-in-india-

accelerating-growth.pdf   

218. RAI, A., LANG, S. S., & WELKER, R. B. (2002): Assessing the validity of IS success 

models: An empirical test and theoretical analysis. Information systems research, 13(1), 

pp. 50-69. 

219. RAWLS, J. (1991): Justice as fairness: Political not metaphysical. In Equality and 

Liberty, Palgrave Macmillan, London. pp. 145-173 

220. RAWLS, J. (2001): Justice as fairness: A restatement. Harvard University Press. 

221. REINARTZ, W. J., HAUCAP, J., WIEGAND, N., & HUNOLD, M. (2017): Price 

Differentiation and Dispersion in Retailing. Price Differentiation and Dispersion in 

Retailing, Selected Publications of the IFH-Förderer, 6. 

222. DE CAMPOS RIBEIRO, G., BUTORI, R., & LE NAGARD, E. (2018): The 

determinants of approval of online consumer revenge. Journal of Business Research, 88 

(1), pp. 212-221. 

223. RICHARDS, T. J., LIAUKONYTE, J., & STRELETSKAYA, N. A. (2016): Personalized 

pricing and price fairness. International Journal of Industrial Organization, 44 (1), pp.138-

153. 

224. NATHAN, R.J. (2015): Web Usability And The Mediating Effect Of Persuasion Towards 

Online Purchase (Doctoral Dissertation). 

https://www.profitero.com/2013/12/profitero-reveals-that-amazon-com-makes-more-than-2-5-million-price-changes-every-day/
https://www.profitero.com/2013/12/profitero-reveals-that-amazon-com-makes-more-than-2-5-million-price-changes-every-day/
https://www.pwc.com/my/en/assets/publications/2018/gcismy-9july.pdf
https://www.pwc.in/assets/pdfs/publications/2015/ecommerce-in-india-accelerating-growth.pdf
https://www.pwc.in/assets/pdfs/publications/2015/ecommerce-in-india-accelerating-growth.pdf


137 

 

225. ROSE, M., & RAHMAN, M. (2015): Who's Paying More to Tour These United States? 

Price Differences in International Travel Bookings, Retrieved on 02 September 2019 from 

https://techscience.org/a/2015081105/  

226. ROTHSTEIN, M. (1971): An airline overbooking model. Transportation Sciences. 5(1) 

pp. 180–192 

227. ROTHSTEIN, M. (1974): Hotel overbooking as a Markovian sequential decision process. 

Decision Sciences. 5(1) pp.389–404 

228. RUCCI, A. J., KIRN, S. P., & QUINN, R. T. (1998): The employee-customer-profit 

chain at Sears. Harvard Business Review, 76(1) pp.82-98. 

229. SALOP, S., & STIGLITZ, J. (1977): Bargains and ripoffs: A model of monopolistically 

competitive price dispersion. The Review of Economic Studies, 44(3), pp.493-510. 

230. SCHLOSSER, R., & BOISSIER, M. (2018): Dealing with the dimensionality curse in 

dynamic pricing competition: Using frequent repricing to compensate imperfect market 

anticipations. Computers & Operations Research, 100, pp.26-42. 

231. SCHOFIELD, A. (2019): Personalized pricing in the digital era. Competition Law Journal, 

18(1), pp.35-44. 

232. SCHWARTZ, M. (1990): Third-degree price discrimination and output: generalizing a 

welfare result. The American Economic Review, 80(5), pp.1259-1262. 

233. SHAPIRO, C., CARL, S., & VARIAN, H. R. (1998): Information rules: a strategic guide 

to the network economy. Harvard Business Press. 

234. SHI, L. (2006): Students as research participants or as learners?. Journal of Academic 

Ethics, 4(1-4), pp.205-220. 

235. SHILLER, B. R. (2013): First degree price discrimination using big data, Brandeis 

Univ., Department of Economics. 

236. SHY, O., & STENBACKA, R. (2016): Customer privacy and competition. Journal of 

Economics & Management Strategy, 25(3), pp.539-562. 

237. SIAU, K., & SHEN, Z. (2003): Mobile communications and mobile 

services. International Journal of Mobile Communications, 1(1-2), pp.3-14. 

238. SILVESTRO, R., & CROSS, S. (2000): Applying the service profit chain in a retail 

environment: Challenging the “satisfaction mirror”. International Journal of Service 

Industry Management, 11(3), pp.244-268. 

239. SIMON, H. A. (1956): Rational choice and the structure of the environment. Psychological 

review, 63(2), pp.129. 

240. SIMON, H. A. (1982): Models of bounded rationality. Cambridge, MA: MIT Press. 

241. SINGH, V. K. (2011): Competition Law and Policy in India: The Journey in a 

Decade. NUJS L. Rev., 4, pp.523.  

242. SINHA, I. (2000): Cost transparency: The net's real threat to prices and brands. Harvard 

Business Review, 78(2), pp. 43-43. 

243. SMITH, B. C., LEIMKUHLER, J. F., & DARROW, R. M. (1992): Yield management at 

American airlines. Interfaces, 22(1), pp.8-31. 

244. SMITH, G. E., VENKATRAMAN, M. P., & DHOLAKIA, R. R. (1999): Diagnosing the 

search cost effect: Waiting time and the moderating impact of prior category 

knowledge. Journal of Economic Psychology, 20(3), pp.285-314. 

245. SON, J.-Y., & KIM, S. S. (2008): Internet users’ information privacy-protective responses: 

A taxonomy and a nomological model. MIS Quarterly, 32, pp.503–529 

246. SPIEKERMANN, S., KRASNOVA, H., KOROLEVA, K., & HILDEBRAND, T. (2010): 

Online social networks: Why we disclose. Journal of Information Technology, 25, pp.109–

125 

https://techscience.org/a/2015081105/


138 

 

247. SPRENG, R. A., MACKENZIE, S. B., & OLSHAVSKY, R. W. (1996): A re examination 

of the determinants of consumer satisfaction. Journal of marketing, 60(3), pp. 15-32. 

248. STATISTA (2018): Retail e-commerce sales worldwide from 2014 to 2021, Retrieved on 

02 March 2019 from https://www.statista.com/statistics/379046/worldwide-retail-e-

commerce-sales/  

249. STATISTA (2019): E-Commerce, Malaysia. Retrieved on 21 August 2019 from 

https://www.statista.com/outlook/243/122/ecommerce/malaysia#:~:targetText=Revenue

%20in%20the%20eCommerce%20market,US%241%2C006m%20in%202019.  

250. STATISTA (2019): India: retail e-commerce revenue forecast from 2017 to 2023, 

Retrieved on 02 March 2019 from https://www.statista.com/statistics/289770/e-

commerce-revenue-forecast-in-india/. 

251. STONE, D., & WANG, R. (2014): Deciding with data–How data-driven innovation is 

fuelling Australia’s economic growth. PricewaterhouseCoopers (PwC), Melbourne. 

Retrieved on 21 August 2019 from 

https://www.pwc.com.au/consulting/assets/publications/data-drive-innovation-sep14.pdf  

252. STREITFELD, D. (2000): On the web price tags blur: What you pay could depend on who 

you are. The Washington Post, (September 27). 

253. SUH, J. C., & YI, Y. (2012): Do consumption goals matter? The effects of online loyalty 

programs in the satisfaction‐loyalty relation. Psychology & Marketing, 29(8), pp.549-557. 

254. TARHAN, V. (2007): Globalization and the Contagion Effects of External Shocks on 

Emerging Market Economies. The Journal of Economic Asymmetries, 4(1), pp.41-56. 

255. THE COMPETITION ACT (2002): The Competition act, Retrieved on 10 September 

2019 from 

https://www.cci.gov.in/sites/default/files/cci_pdf/competitionact2012.pdf  

256. The Personal Data Protection Bill. (2018): Personal data protection law, Retrieved on 04 

August 2019 from 

https://meity.gov.in/writereaddata/files/Personal_Data_Protection_Bill,2018.pdf  

257. THE STAR (2018): Malaysia's e-commerce on a growth trajectory, Retrieved on 10 

September 2019 from https://www.thestar.com.my/business/business-

news/2018/12/03/malaysia-e-commerce-on-a-growth-trajectory/  

258. TOWNLEY, C., MORRISON, E., & YEUNG, K. (2017): Big data and personalized 

price discrimination in EU competition law. Yearbook of European Law, 36, pp.683-748. 

259. TUROW, J., FELDMAN, L., & MELTZER, K. (2005): Open to exploitation: America's 

shoppers online and offline. Departmental Papers (ASC), pp.35. 

260. TVERSKY, A., & KAHNEMAN, D. (1981): The framing of decisions and the 

psychology of choice. Science, 211(4481), pp. 453-458. 

261. UNIDO (2018): NATIONAL REPORT ON E-COMMERCE DEVELOPMENT IN 

INDIA. Retrieved on 05 March 2019 from 

https://www.unido.org/sites/default/files/2017-10/WP_15_2017_.pdf.  

262. US CHAMBER OF COMMERCE FOUNDATION. (2014): The future of data-driven 

innovation, Retrieved on 19 March 2019 from 

https://www.uschamberfoundation.org/future-data-driven-innovation 

263. VAITHIANATHAN, S. (2010): A review of e-commerce literature on India and research 

agenda for the future. Electronic Commerce Research, 10(1), pp.83-97. 

264. VAN RYZIN, G., & LIU, Q. (2008) Strategic capacity rationing to induce early purchases. 

Management Sci. 54(6) pp.1115–1131 

https://www.statista.com/statistics/379046/worldwide-retail-e-commerce-sales/
https://www.statista.com/statistics/379046/worldwide-retail-e-commerce-sales/
https://www.statista.com/outlook/243/122/ecommerce/malaysia#:~:targetText=Revenue%20in%20the%20eCommerce%20market,US%241%2C006m%20in%202019
https://www.statista.com/outlook/243/122/ecommerce/malaysia#:~:targetText=Revenue%20in%20the%20eCommerce%20market,US%241%2C006m%20in%202019
https://www.statista.com/statistics/289770/e-commerce-revenue-forecast-in-india/
https://www.statista.com/statistics/289770/e-commerce-revenue-forecast-in-india/
https://www.pwc.com.au/consulting/assets/publications/data-drive-innovation-sep14.pdf
https://www.cci.gov.in/sites/default/files/cci_pdf/competitionact2012.pdf
https://meity.gov.in/writereaddata/files/Personal_Data_Protection_Bill,2018.pdf
https://www.thestar.com.my/business/business-news/2018/12/03/malaysia-e-commerce-on-a-growth-trajectory/
https://www.thestar.com.my/business/business-news/2018/12/03/malaysia-e-commerce-on-a-growth-trajectory/
https://www.unido.org/sites/default/files/2017-10/WP_15_2017_.pdf
https://www.uschamberfoundation.org/future-data-driven-innovation


139 

 

265. VAN SLYKE, C., SHIM, J. T., JOHNSON, R., & JIANG, J. J. (2006): Concern for 

information privacy and online consumer purchasing. Journal of the Association for 

Information Systems, 7(6), pp.16. 

266. VARIAN, H. R. (1989): Price discrimination. Handbook of industrial organization, 1, 

pp.597-654. 

267. VENKATESH, V., SPEIER, C., & MORRIS, M. G. (2002): User acceptance enablers in 

individual decision making about technology: Toward an integrated model. Decision 

sciences, 33(2), pp.297-316. 

268. VICTOR, V., & BHASKAR, M. (2017): Dynamic Pricing and the Economic Paradigm 

Shift–A Study Based on Consumer Behaviour in the E-commerce Sector. International 

Journal of Scientific and Research Publications, 7, pp. 242-47. 

269. VICTOR, V., & FEKETE-FARKAS, M. (2018): Prospects of big data driven innovation 

in enterprises. Proceedings of the 31st International Business Information Management 

Association Conference, IBIMA 2018: Innovation Management and Education Excellence 

through Vision 2020, pp. 4503-4510 

270. VICTOR, V., FEKETE FARKAS, M., & LAKNER, Z. (2019a). Consumer Attitude and 

Reaction towards Personalised Pricing in the E-Commerce Sector, Journal of Marketing 

Management, pp.140-148. 

271. VICTOR, V., JOY THOPPAN, J., JEYAKUMAR NATHAN, R., & FARKAS MARIA, 

F. (2018a): Factors influencing consumer behavior and prospective purchase decisions in 

a dynamic pricing environment—An exploratory factor analysis approach. Social Sciences, 

7(9), pp.153. 

272. VICTOR, V., NATHAN, R. J., GRABARA, J., & FEKETE-FARKAS, M. (2018b): Price 

tracking behaviour in Electronic Commerce and the moderating role of fair price 

perception. Polish Journal of Management Studies, pp.18. 

273. VICTOR, V., THOPPAN, J. J., FEKETE-FARKAS, M., & GRABARA, J. (2019b): 

Pricing Strategies in the Era of Digitalisation and the Perceived Shift in Consumer 

Behaviour of Youth in Poland. Journal of International Studies, 12(3), pp.74-91. 

274. VULKAN, N., & SHEM-TOV, Y. (2015): A note on fairness and personalised pricing. 

Economics Letters, 136, pp.179-183. 

275. WAMBA, S., F., AKTER, S., EDWARDS, A., CHOPIN, G., GNANZOU, D., (2015): 

How “big data” can make big impact: findings from a systematic review and a 

longitudinal case study. Int. J. Prod. Econ. 165, pp. 234–246.  

276. WANG, F., & HEAD, M. (2007): How can the web help build customer relationships?: 

an empirical study on e-tailing. Information & Management, 44(2), pp. 115-129. 

277. WANG, Y., KUNG, L., & BYRD, T. A. (2018): Big data analytics: Understanding its 

capabilities and potential benefits for healthcare organizations. Technological Forecasting 

and Social Change, 126, pp.3-13. 

278. WEN-HAI, C., YUAN, C. Y., LIU, M. T., & FANG, J. F. (2018): The effects of outward 

and inward negative emotions on consumers’ desire for revenge and negative word of 

mouth. Online Information Review, 43(5),  pp. 818-841. 

279. WESTIN A. (1967): Privacy and freedom. New York: Atheneum. 

280. WILLIAMS, L. J., VANDENBERG, R. J., & EDWARDS, J. R. (2009): 12 structural 

equation modeling in management research: A guide for improved analysis. Academy of 

Management Annals, 3(1), pp. 543-604. 

281. WOOD, R., & BANDURA, A. (1989): Impact of conceptions of ability on self-

regulatory mechanisms and complex decision making. Journal of personality and social 

psychology, 56(3), pp.407. 

282. WORLD BANK (2017): Indian Population, Retrieved on 12 March 2019 from 

https://data.worldbank.org/indicator/SP.POP.TOTL?locations=IN. 

https://data.worldbank.org/indicator/SP.POP.TOTL?locations=IN


140 

 

283. WU, K. W., HUANG, S. Y., YEN, D. C., & POPOVA, I. (2012): The effect of online 

privacy policy on consumer privacy concern and trust. Computers in Human Behavior, 28, 

pp. 889–897. 

284. XIA, L., MONROE, K. B., & COX, J. L. (2004): The price is unfair! A conceptual 

Framework of price fairness perceptions. Journal of Marketing, 68(October), pp.1-15. 

285. YADAV, D., S. (2010): Foundation of Information Technology, New Age International 

Publishers, New Delhi, pp. 205 

286. YAHAYA, Y. (2017): Malaysia, India to further cooperate in digital initiatives, e-

commerce, Retreieved on 08 January 2019 from 

https://www.nst.com.my/news/2017/04/226239/malaysia-india-further-cooperate-digital-

initiatives-e-commerce  

287. YANG, Z., & PETERSON, R. T. (2004): Customer perceived value, satisfaction, and 

loyalty: The role of switching costs. Psychology & Marketing, 21(10), pp.799-822. 

288. YI, Y. (1990): A critical review of consumer satisfaction. Review of marketing, 4(1), 

pp.68-123. 

289. ZEITHAML, V. A., BERRY, L. L., & PARASURAMAN, A. (1996): The behavioral 

consequences of service quality. Journal of marketing, 60(2), pp. 31-46. 

290. ZHANG, T., LU, C., TORRES, E., & CHEN, P. J. (2018): Engaging customers in value 

co-creation or co-destruction online. Journal of Services Marketing, 32(1), pp. 57-69. 

291. ZHANG, Y., FANG, Y., WEI, K. K., RAMSEY, E., MCCOLE, P., & CHEN, H. (2011): 

Repurchase intention in B2C e-commerce—A relationship quality perspective. 

Information & Management, 48(6), pp. 192-200. 

292. ZHOU, T., & LI, H. (2014): Understanding mobile SNS continuance usage in China from 

the perspectives of social influence and privacy concern. Computers in Human Behavior, 

37, pp.283–289. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://www.nst.com.my/news/2017/04/226239/malaysia-india-further-cooperate-digital-initiatives-e-commerce
https://www.nst.com.my/news/2017/04/226239/malaysia-india-further-cooperate-digital-initiatives-e-commerce


141 

 

 

 

 

Appendix (2). Item Statistics for Customer Loyalty, Fair Price Perceptions, Privacy 

Concerns and Purchase Satisfaction – Indian Purchase Scenarios 

 

 

Items 
Mean Median 

Standard 

Deviation 

Excess 

Kurtosis 
Skewness 

Ind_Ne

g 

Ind_Po

s 

Ind_Ne

g 

Ind_Po

s 

Ind_Ne

g 

Ind_Po

s 

Ind_Ne

g 

Ind_Pos Ind_Ne

g 

Ind_Po

s 

CL1 3.77 3.59 4 4 0.971 0.939 0.279 -0.412 -0.748 -0.342 

CL2 3.59 3.53 4 4 0.98 0.957 0.423 -0.759 -0.762 0.065 

CL3 3.81 3.61 4 4 0.98 1.023 0.46 -0.269 -0.764 -0.338 

CL4 3.62 3.65 4 4 0.951 0.964 0.051 -0.783 -0.505 -0.365 

CL5 3.05 2.97 3 3 1.191 1.097 -0.87 0.590 0.003 0.774 

CL6 3.55 3.45 4 4 0.958 0.95 0.23 -0.099 -0.474 -0.466 

CL7 3.45 3.34 4 3 1.201 1.254 -0.74 -0.436 -0.372 -0.286 

FP1 2.47 3.63 2 4 1.224 0.948 -1.10 -0.123 0.259 -0.403 

FP2 2.58 3.39 3 4 1.181 0.951 -0.88 -0.229 0.178 -0.554 

FP3 2.85 3.43 3 4 1.172 0.968 -0.88 0.753 -0.107 -0.856 

PS1 2.67 3.19 3 4 1.181 1.02 -0.96 0.768 0.218 -0.961 

PS2 2.69 3.73 3 4 1.286 1.021 -1.18 -0.052 0.067 -0.549 

PS3 2.61 3.82 2 4 1.227 0.964 -0.88 0.514 0.321 -0.795 

PS4 2.64 3.91 3 4 1.316 1.00 -1.17 -0.307 0.220 0.786 

PS6 2.88 3.68 3 4 1.223 0.992 -0.98 0.034 -0.036 -0.590 

PS7 2.77 3.86 3 4 1.172 0.92 -1.05 0.025 0.043 -0.577 

PS8 2.68 2.16 3 4 1.271 1.124 -1.08 -0.060 0.174 -0.364 

PC1 3.76 3.59 4 4 1.128 0.96 -0.15 -0.335 -0.755 0.768 

PC2 3.72 3.72 4 4 1.048 0.944 -0.22 -0.730 -0.601 -0.532 

PC3 3.81 3.59 4 4 1.113 0.912 -0.29 -0.251 -0.690 0.835 

PC4 4.08 3.70 4 4 1.047 1.271 0.30 0.456 -1.000 -1.178 

PC5 3.89 3.56 4 5 1.056 1.24 -0.12 -0.345 -0.747 -0.807 
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Appendix (3). Item Statistics for Customer Loyalty, Fair Price Perceptions, Privacy 

Concerns and Purchase Satisfaction – Malaysian Purchase Scenarios 

 

 

Items 

Mean Median 
Standard 

Deviation 

Excess 

Kurtosis 
Skewness 

Mal_N

eg 

Mal_Po

s 

Mal-

_Neg 

Mal_Po

s 

Mal_N

eg 

Mal_Po

s 

Mal_N

eg 

Mal_Po

s 

Mal_N

eg 

Mal_Po

s 

CL1 3.38 3.42 3 4 1.011 1.07 -0.23 -0.55 -0.43 -0.41 

CL2 3.37 3.46 3 4 1.028 1.12 -0.49 -0.57 -0.32 0.47 

CL3 3.44 3.55 4 4 1.06 1.17 -0.53 -0.57 -0.33 -0.43 

CL4 3.41 3.32 4 3 0.95 1.09 0.02 -0.57 -0.46 -0.07 

CL5 2.86 2.93 3 3 1.226 1.32 -0.88 -0.83 0.02 0.33 

CL6 3.25 3.41 3 4 1.088 1.01 -0.45 -1.21 -0.36 -0.17 

CL7 3.02 3.10 3 3 1.185 1.20 -0.89 -0.46 0.03 -0.51 

FP1 2.66 3.38 3 4 1.172 1.13 0.72 -0.90 0.30 -0.51 

FP2 2.86 3.46 3 4 1.071 1.10 -0.55 -0.42 0.00 0.55 

FP3 2.86 3.28 3 3 1.104 0.93 -0.67 -0.09 0.17 -0.34 

PS1 2.89 3.91 3 4 1.193 1.18 -1.01 -0.44 0.10 -0.93 

PS2 2.62 4.03 3 4 1.095 0.98 -0.79 1.81 0.13 -0.76 

PS3 2.84 3.80 3 4 1.161 0.92 0.69 0.40 0.00 -0.62 

PS4 2.94 3.98 3 4 1.193 0.97 -0.9 1.42 0.14 -1.06 

PS6 3.09 2.44 3 4 1.111 0.98 -0.94 -0.40 0.16 0.89 

PS7 3.11 3.58 3 4 1.131 0.92 0.62 0.35 -0.13 -1.15 

PS8 3.07 3.85 3 4 1.172 0.97 0.78 1.09 -0.21 -0.73 

PC1 3.61 3.78 4 4 1.079 1.14 -0.96 0.37 -0.23 -0.79 

PC2 3.51 3.80 4 4 1.067 1.16 -0.72 -0.41 -0.16 0.58 

PC3 3.87 3.75 4 5 1.005 1.00 -0.78 1.45 -0.25 -1.36 

PC4 3.98 4.42 4 5 0.967 0.79 -0.96 3.34 -0.28 -1.64 

PC5 3.94 4.30 4 3 1.034 0.93 0.13 1.81 -0.72 -1.45 
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Appendix (4). Item statistics for Reprisal intentions, Repurchase Intentions and Strategic 

Purchase Intentions – Indian Purchase Scenarios 

 

 

Items 
Mean Median 

Standard 

Deviation 

Excess 

Kurtosis 
Skewness 

Ind_Ne

g 

Ind_Po

s 

Ind_Ne

g 

Ind_Po

s 

Ind_Ne

g 

Ind_Po

s 

Ind_Ne

g 

Ind_Po

s 

Ind_Ne

g 

Ind_Po

s 

RI1 2.73 3.75 3 2 1.181 1.236 -0.89 -0.901 0.17 0.113 

RI2 2.82 4.11 3 2 1.135 1.107 -0.83 -0.876 0.21 0.068 

RI3 2.94 3.70 3 3 1.13 1.258 -0.78 -0.676 -0.23 -0.147 

RI4 2.50 2.37 2 4 1.07 1.105 -0.22 -0.433 0.44 0.346 

RI5 3.33 2.42 3 3 1.098 1.194 -0.46 -0.454 -0.31 -0.325 

RP1 2.97 3.09 3 2 1.173 1.082 -0.85 -0.690 -0.16 -0.121 

RP2 2.47 2.21 2 4 1.201 1.008 -0.83 -0.784 0.44 0.381 

RP3 2.67 3.45 3 3 1.068 1.1 -0.54 -0.575 0.19 0.213 

RP4 3.27 2.96 3 2 1.147 1.106 -0.71 -0.585 -0.21 -0.260 

SPB1 3.86 2.30 4 4 1.136 1.077 -0.03 -0.686 -0.83 0.236 

SPB2 3.84 2.42 4 4 1.03 1.101 0.13 0.070 -0.76 -0.777 

SPB3 3.21 3.08 3 3 1.196 1.135 -0.93 0.110 -0.10 -0.711 

SPB4 3.92 2.35 4 4 1.009 1.076 0.20 -0.741 -0.80 0.248 

 

Appendix (5). Item statistics for Reprisal intentions, Repurchase Intentions and Strategic 

Purchase Intentions – Malaysian Purchase Scenarios 

 

 

Items 
Mean Median 

Standard 

Deviation 

Excess 

Kurtosis 
Skewness 

Mal_N

eg 

Mal_P

os 

Mal_N

eg 

Mal_P

os 

Mal_N

eg 

Mal_P

os 

Mal_N

eg 

Mal_P

os 

Mal_N

eg 

Mal_P

os 

RI1 2.91 2.89 3.00 3 1.12 1.14 -0.85 -0.68 0.08 0.14 

RI2 3.09 2.97 3.00 3 1.13 1.28 -0.81 -0.50 -0.08 0.03 

RI3 2.71 2.86 3.00 3 1.01 1.01 -0.53 -0.22 -0.07 -0.29 

RI4 2.85 3.49 3.00 3 1.07 1.11 -0.51 -0.54 0.27 0.09 

RI5 3.39 3.19 3.00 4 1.01 0.96 -0.36 0.30 -0.40 -0.71 

RP1 2.71 2.46 3.00 3 1.06 1.05 -0.52 -0.32 -0.08 -0.28 

RP2 3.33 2.98 3.00 4 1.11 1.17 -0.65 -0.85 0.31 0.37 

RP3 2.52 3.47 3.00 3 1.06 1.04 -0.60 -0.52 0.29 0.00 

RP4 2.85 2.82 2.00 2 1.00 1.13 -0.45 -0.75 -0.30 -0.30 

SPB1 3.88 4.15 4.00 4 1.12 1.10 0.25 -0.45 -0.76 0.22 

SPB2 3.80 4.05 4.00 4 0.99 0.94 0.33 0.68 -0.72 -1.02 

SPB3 3.62 3.68 4.00 4 0.97 0.93 -0.22 0.66 -0.55 -0.93 

SPB4 3.94 4.15 4.00 4 0.98 1.055 0.25 1.27 -0.81 -0.98 
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Appendix (6). Outer Loadings Obtained from the Confirmatory Composite Analysis - 

Indian Negative Purchase Scenario 

 
 

CL FPP PC PS RP RI SPI 

CL2 0.800 
      

CL3 0.847 
      

CL4 0.794 
      

CL5 0.759 
      

CL6 0.865 
      

CL7 0.777 
      

FP1 
 

0.907 
     

FP2 
 

0.910 
     

FP3 
 

0.829 
     

PC1 
  

0.505 
    

PC2 
  

0.570 
    

PC3 
  

0.856 
    

PC4 
  

0.646 
    

PC5 
  

0.805 
    

PS1 
   

0.817 
   

PS2 
   

0.882 
   

PS3 
   

0.829 
   

PS4 
   

0.911 
   

PS6 
   

0.825 
   

PS7 
   

0.870 
   

PS8 
   

0.852 
   

RI1 
     

0.851 
 

RI2 
     

0.873 
 

RI3 
     

0.698 
 

RI4 
     

0.589 
 

RI5 
     

0.560 
 

RP1 
    

0.822 
  

RP2 
    

0.818 
  

RP3 
    

0.906 
  

RP4 
    

0.741 
  

SPB1 
      

0.777 

SPB2 
      

0.835 

SPB3 
      

0.573 

SPB4 
      

0.795 

CL1 0.852 
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Appendix (7). Model with Outer Loadings Path Coefficients and R Square values for 

Indian Negative Purchase Scenario 
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Appendix (8). Outer Loadings Obtained from the Confirmatory Composite Analysis - 

Indian Positive Purchase Scenario 

 
 

CL FPP PC PS RP RI SPI 

CL2 0.838       

CL3 0.870       

CL4 0.830       

CL5 0.758       

CL6 0.833       

CL7 0.754       

FP1  0.875      

FP2  0.896      

FP3  0.829      

PC1   0.683     

PC2   0.703     

PC3   0.823     

PC4   0.755     

PC5   0.716     

PS1    0.843    

PS2    0.864    

PS3    0.868    

PS4    0.902    

PS6    0.711    

PS7    0.866    

PS8    0.880    

RI1      0.746  

RI2      0.732  

RI3      0.752  

RI4      0.814  

RI5      0.724  

RP1     0.827   

RP2     0.817   

RP3     0.897   

RP4     0.772   

SPB1       0.811 

SPB2       0.819 

SPB3       0.585 

SPB4       0.777 

CL1 0.826 
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Appendix (9). Model with Outer Loadings, Path Coefficients and R Square Values for 

Indian Negative Purchase Scenario 
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Appendix (10). Outer Loadings Obtained from the Confirmatory Composite Analysis - 

Malaysian Negative Purchase Scenario 

 
 

CL FPP PC PS RP RI SPI 

CL2 0.865       

CL3 0.802       

CL4 0.700       

CL5 0.783       

CL6 0.806       

CL7 0.838       

FP1  0.900      

FP2  0.929      

FP3  0.880      

PC1   0.611     

PC2   0.572     

PC3   0.770     

PC4   0.718     

PC5   0.834     

PS1    0.794    

PS2    0.840    

PS3    0.832    

PS4    0.882    

PS6    0.831    

PS7    0.878    

PS8    0.817    

RI1      0.567  

RI2      0.725  

RI3      0.798  

RI4      0.857  

RI5      0.699  

RP1     0.830   

RP2     0.847   

RP3     0.853   

RP4     0.745   

SPB1       0.883 

SPB2       0.798 

SPB3       0.800 

SPB4       0.880 

CL1 0.839 
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Appendix (11). Model with Outer Loadings, Path Coefficients and R Square Values for the 

Malaysian Negative Purchase Scenario 

 

 

Source: Author’s own work using SmartPLS 
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Appendix (12). Outer Loadings Obtained from the Confirmatory Composite Analysis - 

Malaysian Positive Purchase Scenario 

 
 

CL FPP PC PS RP RI SPI 

CL2 0.825       

CL3 0.839       

CL4 0.828       

CL5 0.817       

CL6 0.877       

CL7 0.799       

FP1  0.885      

FP2  0.910      

FP3  0.886      

PC1   0.667     

PC2   0.715     

PC3   0.843     

PC4   0.714     

PC5   0.839     

PS1    0.751    

PS2    0.836    

PS3    0.841    

PS4    0.857    

PS6    0.829    

PS7    0.877    

PS8    0.857    

RI1      0.798  

RI2      0.856  

RI3      0.816  

RI4      0.730  

RI5      0.623  

RP1     0.913   

RP2     0.878   

RP3     0.890   

RP4     0.566   

SPB1       0.868 

SPB2       0.764 

SPB3       0.710 

SPB4       0.868 

CL1 0.872 
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Appendix (13). Model with Outer Loadings, Path Coefficients and R Square Values for the 

Malaysian Positive Purchase Scenario 
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Appendix (14). Cover Letter for the Questionnaires 

 

  
 

 

Dear Sir/Madam, 

 

Greetings! 

 

My name is Vijay Victor, a second year PhD student at Szent Istvan University, Hungary. I am 

approaching you with a request to fill this questionnaire as part of completion of the PhD 

dissertation requirements of Szent Istvan University. The purpose of this questionnaire is to 

examine the perceived changes in consumer behaviour in a personalised pricing context in the E-

Commerce Sector. The questionnaire consists of a hypothetical purchase scenario and some 

questions based on it. This questionnaire shouldn’t take longer than 5 to 10 minutes to complete. 

The research is being conducted on an anonymous basis among the online consumers in India and 

Malaysia. Your responses will be kept confidential and will only be used for academic purposes. 

Your participation is entirely voluntary.  

 

In case of any questions, please don’t hesitate to contact me on any of the contact details given 

below. 

 

Thank you for your contribution and time in advance. 

 

Szent Istvan University, 

Faculty of Economics and Social Sciences, 

Doctoral School of Management and Business Administration, 

Pater Karoly. u 1. Godollo, 2100, Hungary. 

 

Email address: Victor.Vijay@phd.uni-szie.hu 

Ph. Nbr - +36 202957628/+91 7012071713 

 

 

 

 

 

 

 

mailto:Victor.Vijay@phd.uni-szie.hu
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Appendix (15). Indian Questionnaire Set 1 with Complete Questionnaire and Purchase 

Scenario 

 

Attitude towards the seller 

For the following statements please indicate your level of agreement with each of the following 

statements. 

 

Note: If you have never purchased from Amazon.com, kindly consider any other online stores 

from where you have made purchases previously and mark your responses. 

 

 

                                                          Strongly                                                                                      Strongly 

                                                          Disagree                                                                                       Agree                                                                                                                              

                                                                                                                                                                                               
                                                                 1                        2                      3                        4                    5       

I prefer buying products 

from Amazon.in 

                                                     

Amazon.in is a retailer that  

Interests me.                                               

 

I would recommend  

Amazon.in to others.    

 

I feel it is safer to buy  

products from Amazon.in. 

 

I frequently purchase  

products from Amazon.in.          

 

I would encourage others  

to use Amazon.in.                   

  

I would consider Amazon.in  

as first choice when buying  

products online 
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Purchase Scenario 
You are about to read a purchase scenario describing the purchase of a specific product from 

amazon.in. This scenario is hypothetically developed for the study and thus, may or may not depict 

the actual business practice of amazon.in. Please carefully read the scenario and answer the 

following questions. 
 

Read the Scenario 

You wanted a new American Tourister© Comet Black Laptop Backpack and decided 

exactly what colour and model you will buy (as shown in the picture below). You 

purchased the bag for 3500 Rupees from Amazon.in with your own money. Later the same 

day, your friend told you that he just bought the same bag for 1400 Rupees (60% lower) 

from Amazon.com. You came to know that this price discrepancy is due to Amazon’s 

practice of charging different buyers different prices for the same product using each 

customer's personal and observed information such as age, location, browsing habits, 

previous purchases, number of clicks on a product etc received from the browser cookies. 
 

American Tourister© Comet Black Laptop Backpack 

 
(Source - https://www.amazon.in/American-Tourister-Comet-Backpack-03_8901836135312/dp/B01CQZ5FBA) 
 
 
 

Which of the following statements is true based upon the scenario you just read?  

 

       My friend had to pay Rs.3500 and I paid only Rs.1400 for the same backpack. 

 

       I had to pay Rs.3500 and my friend paid only Rs.1400 for the same backpack. 

 

 

Which of the following statements is true based upon the scenario you just read? 

 

       The difference between the price I paid and the price my friend paid occurred within the   

       same day as I purchased the backpack 

       The difference between the price I paid and the price my friend paid occurred one week after   

       I purchased the backpack. 

 

 

 

https://www.amazon.in/American-Tourister-Comet-Backpack-03_8901836135312/dp/B01CQZ5FBA
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Attitude Towards Personalised Pricing 
Kindly answer the following questions based on the purchase scenario you just read.  Please 

indicate your level of agreement with each of the statements using the scale below. 

 

                                               Strongly                                                                    Strongly 

                                                Agree                                                                       Disagree 

 

                                                     1                      2                 3                4                    5      

 

The price I paid was fair 

 

 

The price I paid was justified. 

 

  

The price I paid was honest. 

 

The price I paid was  

Equitable 

 

 

am satisfied with the price  

I paid 

 

My choice was wise. 

 

I am satisfied with my 

 purchase decision. 

 

I think I selected the right  

retailer. 

 

I am happy with my purchase  

decision. 

 

I feel badly about my 

purchase decision. 

 

I am satisfied with the  

purchasing process through  

Amazon.com. 

 

Overall, I am satisfied with  

the purchase experience. 

 

Overall, I am pleased  

with my purchase experience. 
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Privacy Concerns 
Kindly answer the following questions based on the purchase scenario you read.  Please indicate 

your level of agreement with each of the statements using the scale below. 
 
                                                         Strongly                                                                            Strongly 

                                                    Disagree.                                                                            Agree  

                                                               

                                                    1                      2                  3                 4                    5      

I am not interested in sharing 

my personal information to 

get personalised prices 

 

I am not interested in sharing  

my personal information to  

get personalised product  

recommendations 

 

I fear that my personal 

information used for online  

purchases may attract the  

attention of cyber criminals 

 

I would be happy if there is  

an option to not share my 

personal information  

with the seller 

 

I fear that my personal  

information about payment  

method may be stolen 

 
 

Post Purchase Reactions 
Please indicate your likelihood to take actions described below based upon the scenario you just 

read 
                                                     Strongly                                                                         Strongly                                                                                             

                                                     Disagree                                                                           Agree     
    
                                                                 1                        2                      3                        4                    5      
I will say negative things  

about Amazon.in’s pricing  

policy to other people. 

 

I will complain to other  

customers about  

Amazon.in’s pricing policy. 

 

I will complain to  

governmental agencies about 

Amazon.in’s pricing policy. 
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I will complain about  

Amazon.in’s pricing policy           

through online social  

networking  channels 

 

I will switch to  

Amazon.in’s competitor 

after my experiencewith  

their pricing policy 

                   

I will stop buying products  

from Amazon.in.       

 

I will continue to buy products  

from Amazon.in regardless  

of  their pricing policy.                                   

 

I will continue to buy  

products from Amazon.in  

if I need the product in the future. 

 

I will buy more products from  

Amazon.com in the next  

few years regardless of their  

pricing policy. 

 

I will continue to buy  

products from Amazon.in  

even if the prices are  

somewhat higher than those  

of Amazon.com’s competitors. 

 

Having witnessed my friend’s 

situation, I will track the price  

of the products before future  

purchases to avoid paying  

higher prices 

 

I will consider the changing  

prices as an opportunity to  

buy products at lower prices 

 

I will use some software  

applications or browser 

extensions to track the changes 

in the price of the product. 

 

I will motivate my friends &  

family to track the prices to  

avoid paying higher prices 
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Personal Information 
 

I am ------------------ years old 

 

15 – 25 

26 – 35 

36 – 45 

46 – 55 

56 and above 

 

Gender 

 

Female 

Male 

 

 

Educational background 

 

High School  

Graduate  

University Degree    

PhD 

 

 

Monthly Family Income 

 

Below Rs. 10,000                 

Rs. 10,000 - Rs. 25,000 

Rs. 26,000 - Rs. 50,000 

Rs. 50,000 - Rs. 75,000 

Rs. 75,000 and above 

 

 

Have you purchased products online? 

 

Yes 

No 
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Appendix (16). Indian Questionnaire Set 2. Purchase Scenario 

Purchase Scenario 
You are about to read a purchase scenario describing the purchase of a specific product from 

amazon.in. This scenario is hypothetically developed for the study and thus, may or may not depict 

the actual business practice of amazon.in. Please carefully read the scenario and answer the 

following questions. 
 

Read the Scenario 
You wanted a new American Tourister© Comet Black Laptop Backpack and decided 

exactly what colour and model you will buy (as shown in the picture below). You 

purchased the bag for 1400 Rupees from Amazon.in Later the same day, your friend 

purchased the same backpack and told you that he had to pay 3500 Rupees to buy it from 

Amazon.com. You came to know that this price discrepancy is due to Amazon’s practice 

of charging different buyers different prices for the same product using each customer's 

personal and observed information such as age, location, browsing habits, previous 

purchases, number of clicks on a product etc received from the browser cookies. 
 

American Tourister© Comet Black Laptop Backpack 

 
(Source - https://www.amazon.in/American-Tourister-Comet-Backpack-03_8901836135312/dp/B01CQZ5FBA) 
 
 
 

Which of the following statements is true based upon the scenario you just read?  

 

       My friend had to pay Rs.3500 and I paid only Rs.1400 for the same backpack  

        

       I had to pay Rs.3500 and my friend paid only Rs.1400 for the same backpack 

 

 

Which of the following statements is true based upon the scenario you just read? 

 

       The difference between the price I paid and the price my friend paid occurred within the   

       same day as I purchased the backpack 

       The difference between the price I paid and the price my friend paid occurred one week after   

       I purchased the backpack. 

https://www.amazon.in/American-Tourister-Comet-Backpack-03_8901836135312/dp/B01CQZ5FBA
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Appendix (17). Malaysian Questionnaire Set 1 with Complete Questionnaire 

and Purchase Scenario 

 

Attitude towards the seller 

For the following statements please indicate your level of agreement with each of the following 

statements. 

 

Note: If you have never purchased from Lazada.com.my, kindly consider any other online stores 

from where you have made purchases previously and mark your responses. 

 

 

                                                          Strongly                                                                            Strongly 

                                                     Disagree                                                                             Agree                                                                                                                              

                                                                                                                                                                                               
                                                                 1                        2                      3                        4                    5       

I prefer buying products 

from Lazada.com.my. 

                                                     

 Lazada.com.my.in is a  

retailer that interests me.                                               

 

I would recommend  

Lazada.com.my to others.    

 

I feel it is safer to buy  

products from  

Lazada.com.my. 

 

I frequently purchase  

products from  

Lazada.com.my. 

 

I would encourage others  

to use Lazada.com.my. 

  

I would consider  

Lazada.com.my.as first  

choice when buying  

products online 
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Purchase Scenario 
You are about to read a purchase scenario describing the purchase of a specific product from 

amazon.in. This scenario is hypothetically developed for the study and thus, may or may not depict 

the actual business practice of Lazada.com.my. Please carefully read the scenario and answer the 

following questions. 
 

Read the Scenario 
You wanted a new American Tourister© Comet Black Laptop Backpack and decided 

exactly what colour and model you will buy (as shown in the picture below). You 

purchased the bag for RM 139 from Lazada.com.my. Later the same day, your friend told 

you that he paid only RM 94 for the same backpack from Lazada.com.my You came to 

know that this price discrepancy is due to new the pricing practice of charging different 

buyers different prices for the same product using each customer's personal and observed 

information such as age, location, browsing habits, previous purchases, number of clicks 

on a product etc received from the browser cookies. 
 

American Tourister© Comet Black Laptop Backpack 

 
(Source - https://www.amazon.in/American-Tourister-Comet-Backpack-03_8901836135312/dp/B01CQZ5FBA) 
 
 
 

Which of the following statements is true based upon the scenario you just read?  

 

       My friend had to pay RM 139 and I paid only RM 94  for the same backpack 

       I had to pay RM 139 and my friend paid only RM 94 for the same backpack 

 

Which of the following statements is true based upon the scenario you just read? 

 

       The difference between the price I paid and the price my friend paid occurred within the   

       same day as I purchased the backpack 

       The difference between the price I paid and the price my friend paid occurred one week after   

       I purchased the backpack. 

 

 

 

 

https://www.amazon.in/American-Tourister-Comet-Backpack-03_8901836135312/dp/B01CQZ5FBA
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Attitude Towards Personalised Pricing 
Kindly answer the following questions based on the purchase scenario you just read.  Please 

indicate your level of agreement with each of the statements using the scale below. 

 

                                               Strongly                                                                    Strongly 

                                                Agree                                                                       Disagree 

 

                                                     1                      2                 3                4                    5      

 

The price I paid was fair 

 

 

The price I paid was justified. 

 

  

The price I paid was honest. 

 

The price I paid was  

Equitable 

 

 

am satisfied with the price  

I paid 

 

My choice was wise. 

 

I am satisfied with my 

 purchase decision. 

 

I think I selected the right  

retailer. 

 

I am happy with my purchase  

decision. 

 

I feel badly about my 

purchase decision. 

 

I am satisfied with the  

purchasing process through  

Amazon.com. 

 

Overall, I am satisfied with  

the purchase experience. 

 

Overall, I am pleased  

with my purchase experience. 
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Privacy Concerns 
Kindly answer the following questions based on the purchase scenario you read.  Please indicate 

your level of agreement with each of the statements using the scale below. 
 
                                                         Strongly                                                                            Strongly 

                                                    Disagree.                                                                            Agree  

                                                               
                                                    1                      2                  3                 4                    5      

I am not interested in sharing 

my personal information to 

get personalised prices 

 

I am not interested in sharing  

my personal information to  

get personalised product  

recommendations 

 
I fear that my personal 

information used for online  

purchases may attract the  

attention of cyber criminals 

 
I would be happy if there is  

an option to not share my 

personal information  

with the seller 

 
I fear that my personal  

information about payment  

method may be stolen 

 
 

Post Purchase Reactions 
Please indicate your likelihood to take actions described below based upon the scenario you just 

read 
                                                     Strongly                                                                         Strongly                                                                                             

                                                     Disagree                                                                           Agree     
    
                                                                 1                        2                      3                        4                    5      
I will say negative things  

about Lazada.com.my’s 

pricing policy to other people. 

 
I will complain to other  

customers about  

Lazada.com.my’s pricing policy. 

 
I will complain to  

governmental agencies about 

Lazada.com.my’s pricing policy. 

 
I will complain about  

Lazada.com.my’s pricing            
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policy through online social  

networking  channels 

 
I will switch to  

Lazada.com.my’s competitor 

after my experiencewith  

their pricing policy 

                   
I will stop buying products  

from Lazada.com.my. 

 
I will continue to buy products  

from Lazada.com.my  

regardless of  their pricing  

policy.                                   

 
I will continue to buy  

products from  

Lazada.com.my if I need the  

product in the future. 

 
I will buy more products from  

Lazada.com.my in the next  

few years regardless of their  

pricing policy. 

 
I will continue to buy  

products from Lazada.com.my 

even if the prices are  

somewhat higher than those  

of Amazon.com’s competitors. 

 
Having witnessed my friend’s 

situation, I will track the price  

of the products before future  

purchases to avoid paying  

higher prices 

 
I will consider the changing  

prices as an opportunity to  

buy products at lower prices 

 
I will use some software  

applications or browser 

extensions to track the changes 

in the price of the product. 

 
I will motivate my friends &  

family to track the prices to  

avoid paying higher prices. 
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Personal Information 
 

I am ------------------ years old 

 

15 – 25 

26 – 35 

36 – 45 

46 – 55 

56 and above 

 

Gender 

 

Female 

Male 

 

 

Educational background 

 

High School  

Graduate  

University Degree    

PhD 

 

 

Monthly Family Income 

 

Below RM2000           

RM2001 - RM4000  

RM4001 - RM6000  

RM6001 - RM8000 

RM8000 and above  

 

 

Have you purchased products online? 

 

Yes 

No 
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Appendix (18). Malaysian Questionnaire Set 2. Purchase Scenario 

 

Purchase Scenario 
You are about to read a purchase scenario describing the purchase of a specific product from 

amazon.in. This scenario is hypothetically developed for the study and thus, may or may not depict 

the actual business practice of Lazada.com.my. Please carefully read the scenario and answer the 

following questions. 
 

Read the Scenario 
You wanted a new American Tourister© Comet Black Laptop Backpack and decided 

exactly what colour and model you will buy (as shown in the picture below). You 

purchased the bag for RM 94 from Lazada.com.my Later the same day, your friend 

purchased the same backpack and told you that he had to pay RM 139 to buy it from 

Lazada.com. You came to know that this price discrepancy is due to new the pricing 

practice of charging different buyers different prices for the same product using each 

customer's personal and observed information such as age, location, browsing habits, 

previous purchases, number of clicks on a product etc received from the browser cookies. 
 

American Tourister© Comet Black Laptop Backpack 

 
(Source - https://www.amazon.in/American-Tourister-Comet-Backpack-03_8901836135312/dp/B01CQZ5FBA) 
 
 
 

Which of the following statements is true based upon the scenario you just read?  

 

       My friend had to pay RM 139 and I paid only RM 94  for the same backpack 

       I had to pay RM 139 and my friend paid only RM 94 for the same backpack 

 

 

Which of the following statements is true based upon the scenario you just read? 

 

       The difference between the price I paid and the price my friend paid occurred within the   

       same day as I purchased the backpack 

       The difference between the price I paid and the price my friend paid occurred one week after   

       I purchased the backpack. 

 

https://www.amazon.in/American-Tourister-Comet-Backpack-03_8901836135312/dp/B01CQZ5FBA
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