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Abstract: 
Internet as the tool of transferring data and information helps most industries 

to be more effective in their specializations. Ecommerce as the next step after internet 

guides the discussion into retail and act of selling and buying. Making the act of 

purchasing via internet and electronic means, speed up the retail activities and avoid 

making huge losses of energy and costs. 

But the huge load of data in ecommerce web site, make the process even hard 

and time consuming. Many critiques agree on that the price that must be spent to 

reach the right information is higher than gaining the data without ecommerce. Some 

scientists complain that the time and energy that may consume in reaching the 

appropriate information make the searching steps even harder and out of control. 

Therefore, Recommender System has been introduced. 

Recommender System (RS) as a system which is used in retail sector helps 

users in searching the appropriate product or service in the least time with best price. 

It is mostly used in online services as an ecommerce tool. 

But the main focus in this research is adoption of RS as the new system in 

retail environment. To be more accurate in adoption discussion, we have extracted 

that customers are the main target in adoption as they are the major users of RS in 

retail industry.  Thus, customers' behavior toward RS as the recent system is the main 

topic in this research. 

For this reasons some acceptance models will be nominated to be developed 

for this purpose in the literature review part. Mentioning the important factors for 

adoption system in retail, we will choose Theory of Planned Behavior (TPB) to 

measure customers' behavior in accepting RS as the new technology in retail. The 

questionnaire and the focus group that will be conducted in this research will be 

referred to the factors of TPB model and its usage in retail sector. The results from 

analyzing the gathered data, will illustrate the important factors in accepting RS in 

retail. 

Without ecommerce in retail sector: 

• The retail industry may not achieve its goal which is to attract new  

customers and keep customers as it is required   

• The lack of time may cause serious problems in terms of fastness and 

speed [PK03, SKR99] 
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• Cost and spending energy in shopping is two major points for 

customers in purchasing 
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Chapter One 
Introduction 

 
1.1. Introduction: 

In the recent days, information technology (IT), has affected many activities in 

society. With this rapid speed of technology, IT has been revolutionizing the way we live 

by tearing down borders and making them non-existent.  IT has started its participation by 

computer usage. The vast amount of information that one can reach through computer in 

advance helps the human being in many aspects. In addition, the functionality of most 

jobs has increased tremendously. In that meanwhile, the transformation of information 

could make the functionality of jobs even better. This discussion has been followed from 

internet introduction. Internet is developed as networks of computers and has route in 

most daily jobs. As the technology expands everyday, internet grows tremendously in 

most aspects of life. 

One of these aspects that people has to face even hourly is the act of purchasing 

and selling. Retail industry affects most activities that one has to do in society. Therefore, 

if the act of selling and buying could be merged with IT developments that has rout in 

most daily jobs and managed to be transformed electronically via internet and computer 

devices, it solves the problem of time, cost and traffic. Thus, ecommerce has been 

introduced as the act of buying and selling products and services via internet 

electronically. Ecommerce shares business information, maintains business relationships, 

performs business transaction by electronic means.  
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But one of the main problems in ecommerce is the huge load of information and 

its accessibility. Many critiques complain that the amount of information that user has to 

browse to reach the special data, make the process even harder and time consuming. The 

cost which is enquired for finding the relevant information may be higher than reaching 

that data without using ecommerce or even computer. Therefore, browsing the right data 

in the least time and best price has come to the core focus of researcher. This limitation 

followed by the rise of Recommender system (RS) in the recent years. 

Among all possible advantages offered by electronic commerce to retailers, the 

capacity to offer consumers a flexible and personalized relationship is probably one of the 

most important. RS is the information filtering that applies data analysis techniques to 

the problem of helping customers find the products they would like to purchase. The 

installation of RS in e-applications like online shops is common practice to offer 

alternative or cross-selling products to their customers' (Riedll et al 2001). As the RS is 

the new technology, it has to be implemented and introduced to the society and should 

attract people to use. Implementing such a system requires investing large amount of 

money. However, many technologies enter the society, but they can not be accepted by 

the users. Reactions to the systems especially in retail business depend on users' behavior 

which somehow is different in terms of factors and users' intentions. Therefore, it is 

logical and more advantageous that before implementing such expensive system, extract 

the factors that make customers use RS and measure their acceptance by measuring these 

factors. Being mentioned some famous models, Theory of Planned Behavior (TPB) 

(Azjen 1985 and1991), is the most appropriate one for customer behavior's discussion in 

retail industry (Asosheh et al 2007).  The factors related to this model are subjective 

norm, attitude toward behavior, perceived behavioral control, intention and behavior 

which are more suited for RS case in retail. This matter will be expanded in the fourth 

chapter. 

Shahrvand which has been chosen as the case study is the large chain store in 

Iran and its Science Center activates in the area of encouraging students to take 

advantage of conducting research in developing areas. According to the Shahrvand 

which in 2005 another research on e-grocery has been done about (Sarshar, 2005) and 

we talk further in this research, some factors will be added to the TPB model that we 

measure them in the following sections. Therefore, our contribution to this thesis is the 

factors that will be added to the model and customers' acceptance will be measured.  But 

the reason for adding the factors to the TPB model is back to choosing retail as the 
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research object. TPB is the general acceptance model that its factors have been 

generalized for all cases. However, the situations and conditions changes by considering 

the soul purpose of each case. For retail, TPB can perform as the general model. But 

some characteristics of retail make it different from other cases. Therefore, it requires 

some added factors in the acceptance model to explain better the adoption of RS. 

 
1.2. Importance of situation:     

The movement toward ecommerce has allowed companies to provide customers 

with more options. The price that the buyer has to pay depends on the cost of that good, 

delivery, place and the procurements. Recently, with the help of ecommerce, we can have 

cheaper prices, time savings and fresh air, by doing all these activities online (Lohse et al 

1998 and Kolesar et al 2000). Rather than visiting a store to make a purchase, customer 

can be made it by order products from a remote location. This may be done by mail, 

telephone, internet/email or other digital device such as interactive television. All  manner 

of products, from food groceries and large items like beds can be sold in this way as like 

usually delivered by dedicated vehicles to many smaller non-food items that tend to be 

delivered, which comes by a courier or by parcel mail, such as fly killers. In addition, the 

range of products on offer is only limited by the budget of the customer and the shipping 

infrastructure available in a given region. The customer does not need to travel to the 

store in order to purchase goods. Browsing through different catalogues or the internet 

and mobile phone can also save a lot of time compared with traveling from store to store. 

 The rapid growth of ecommerce has made both companies and customers face a 

new situation. Whereas companies find it harder to survive due to more and more 

competition, the opportunity for customers to choose among more and more products has 

increased the burden of information processing before they select which products meet 

their needs [Schafer et al 1999, Riedl et al 2001 and  Kim et al 2000). 

One answer to this problem is one to one marketing, which means to know each 

customer behavior and act in their preference. This method increases sells and makes 

opportunity to attract more customers and also keep them. Many scientists agree on that 

the benefit from keeping the customer is five times more than gaining new ones (Kotler 

2005). 
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Another method is RS, which is defined as the system that helps users, find the 

appropriate product in the least time with spending least energy [Riedl et al 2001]. This 

system offers customers a flexible and personalized relationship by keeping each 

customer's track, and increases their confidence about the company. 

While RS is clearly beneficial to users, they can also be a valuable asset to retail 

companies to help their customers find the product they wish to find. Therefore, it will 

increase not only sells, but also increase cross sells and retail customers. This is 

particularly true in the realm of ecommerce. For example amazon.com has made many 

RSs available to its customers. These range from manually RS that customers write their 

opinion and review to be displayed to others, to automated system which the system lists 

some items that has purchased more in past or has been looked recently. Producers of 

items want to sell more their items in the marketplace. RS makes natural motivation to 

attract customer attention (Riedl et al 2001). 

RSs are divided to five categories, which will be discussed in literature review in 

brief. They are collaborative, content based, demographic, and utility based and 

knowledge based filtering. The view of most researchers like Kia, Volker and Shipeng 

indicates that the two most famous and useful filtering is collaborative and content based. 

Collaborative filtering is user based and content based filtering is item based filtering. As 

we have learned in almost all articles like (Billsus et al 2000), Collaborative filtering 

sidesteps content-based filtering approach, because it is user based and it overcomes some 

limitation of content based. The most important difficulty of content based is its function 

as it is based on content. However, RSs mostly adopt themselves to users to recommend 

properly. Therefore, activities base on users are most important in this study, since RS has 

to be matched with users’ characteristics. Thus, collaborative filtering has been chosen in 

this research. 

But the main problem in implementing a new system is that there is least 

knowledge about customers' reaction to this system. If one has positive view about using 

RS, he may accept to use it in their shopping tasks. Otherwise, the investors of the system 

come to the huge loss. For avoiding this matter, before implementing RS, it is essential to 

test customers' behavior and measure the factors that encourage customers to use RS. In 

addition, measuring the amount of effectiveness of each factor helps scientists to design 

the system in the way that attract customers and increase sells. 

But why customers' behavior in retail is the main focus? Studying RS as the main 

system for entering to the store and do the purchasing activities, one can conclude that the 
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unique users of the system are customers. Retail business, compared to other types of 

business, are distinguished by several characteristics, such as repeated buying over a 

particular time horizon, large numbers of customers, and a wealth of information detailing 

past customer purchases [Riedl et al 2001 and Resnick et al 1997]. These factors show the 

behavior that one reacts considering retail is important in this matter. Therefore, each 

activity is related to customer behavior, his attitude and intention to do that function. 

Thus, the main issue which has to be measured in customer discussion toward RS is 

customer behavior.  

The method that will be expanded in this research is TPB model in explaining 

users' behavior. TPB has been introduced by Azjen and it is the extended model of 

Theory of Reasoned Action (TRA) which will be illustrated in the following chapter. But 

before that, the problem definition is mentioned. 

 

1.3. Problem Definition: 

Ecommerce in Iran paves the primitive steps. Iran has very young generation and 

has a huge increase in internet usage in recent years [table 2.5, 2.6].  

 But very few percent of people know the meaning of ecommerce. Because, it has 

not been yet established in the country and widely used by the government. Recently, 

government is trying to create some electronic cities in Iran and make people familiar 

with the concept of E in their social activities. However it takes time for this action. 

Shahrvand has been chosen as the case study in the thesis. Because it is one of the 

large super store in Iran and people from many classes are its customers. The reason is 

not only the price. However, some customers are not satisfied with the price concept as 

they have mentioned in conversation during questionnaire distribution. The reason is that 

many companies issue their bonus for their employees to take advantage of Shahrvand for 

fulfilling their shopping requirements. 

The statistics that indicate in the literature review section show that ecommerce as 

the latter step after internet is passing its primitive places in Iran. Therefore, the number 

of ecommerce users in Iran compare to the other countries' is very low [table 2.6]. 
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Thus, getting people familiar with the concept of ecommerce and encouraging 

them to use it, take time and require spending energy and investing large amount of 

money. 

In the previous parts, we have explained about RS as the new system that helps 

people especially in ecommerce environment. RS is the new technology that helps people 

find the appropriate data in the least time with spending least energy. Since the retail 

requires buyers to take time and energy to find appropriate item, RS has wide usage in 

retail area.  

The main problem in implementing the new system is the cost that investors have 

to spend for the development and process. However, many investors face huge losses in 

the result. This problem backs to some users that do not accept using new devices and 

technologies. Thus, before implementing each system, measuring people's acceptance 

avoids acquiring huge losses. 

In the previous pages, it has been mentioned that TPB has been nominated for 

measuring the acceptance of RS in retail sector. 

TPB has three main factors. They are subjective norm, attitude toward 

behavior and perceived behavioral control. At the heart of TPB is the individual’s 

intention to perform a given behavior. For TPB, attitude toward the target behavior 

and subjective norms about engaging in the behavior are thought to influence 

intention. In addition, TPB includes perceived behavioral control over engaging in the 

behavior as a factor influencing intention (Azjen 1985 and 1991). TPB has been used 

in many different studies in the information systems literature. It has also been the 

base for several studies of internet purchasing behavior (Joey 2004). According to the 

RS and the case study that we have chosen, Shahrvand super store, we will extend the 

model and talk about and why TPB will be chosen as the main model and the extra 

factors in the following chapters. With the help of TPB, the people's acceptance of RS 

will be measured and extended the model regarding to the case. This job helps 

investors to spend their money on the right way and avoids huge losses. 

Therefore, this thesis will be limited to answer to the main questions of: 

What factors make people use RS in the retail sector in Iran? 

Some sub questions are extracted from the main question which we will mention 

in the target part. 
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In chapter two, the literature review according to this study will be expanded. It 

begins with the concept of internet and ecommerce and follows the discussion by the RS 

matters. RS will be mentioned as the main focus of this study and its usage and its pitfalls 

will be discussed. RS is divided to five categories in terms of data sources. According to 

the usage of each category, they can combine together and make hybrid RS. The most 

appropriate choice for this research is collaborative filtering which is based on user 

preferences. The history of retail and chain store is discussed in the literature review. This 

discussion is followed by Shahrvand super store and the environment of the research, 

Iran, with the statistical view to internet usage from 2000 to 2007. As it has been 

mentioned before, to describe customers' acceptance of RS, some models must be used 

for measurement. Therefore, the theoretical point of most famous acceptance models is 

explained.  

In the third chapter, methodology of the research will be discussed. As it is 

defined, this study is explanatory as it explains the reasons of TPB selection for RS 

acceptance and the reasons for the RS acceptance by customers. It is also descriptive 

study as it indicates the answers to the questions of what factors make customers use RS 

in retail sector and the sub questions that extract from the main question. It is some how a 

causal study as it explains how factors of TPB model affects each other in term of RS 

usage in retail. From research strategy, it will be concluded that it is survey method and 

the research approach, illustrate the study as quantitative. The instrument for collecting 

data is questionnaire and analyzing method is path analysis as multiple regressions will be 

used in analyzing [chapter 3, page 68]. The sampling method which we will use is 

random sampling. Because each respondent has the same chance to be selected. The 

method of scaling is Likert, as it is one of psychometric method and used in the most 

survey studies. Validity and reliability will be explained which are two requirements for 

testing the measurement method. 

Chapter four will be started by mentioning the reasons that TPB will be chosen as 

the main model to test RS acceptance. TPB has three main factors which are subjective 

norm, attitude toward behavior and perceived behavioral control. Comparing these factors 

with the factors of other models in terms of meaning and functionality, it will be 

concluded that TPB is the right choice for RS acceptance. The questionnaire will be 

conducted, base on the TPB model with the help of academic professors and Shahrvand 
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employees. For doing the pretest and making sure about the questionnaire and the factors, 

a focus group will be conducted among Shahrvand loyal customer and they will validate 

questionnaire through their ideas. Therefore, the model will be extended and two factors 

as "brand loyalty" and "flexibility" will be added to the model. But the position of these 

two factors would be indicated after analyzing the result from questionnaire [Chapter 5, 

page 100,101]. Therefore, we will indicate the hypothesis in the last part of chapter four. 

In chapter five, the results of the study are indicated. It will be begun with some 

demographic information of the respondents and follows the discussion by some 

information from each question and the respondent's results. The analysis of the study 

which is done by LISREL (Jöreskog et al 1973) is indicated. All analysis including direct 

path, indirect path and the total path will be indicated in this chapter. In the last part of 

this chapter, the total result of this study according to TPB model and hypothesis will be 

indicated. 

In the final part which is allocated to conclusion, the matters concerning this 

research will be discussed. It will be started by some introduction on the whole research 

and the problem and will be followed by the discussion on each factor of the TPB model 

and the factors that will be added to it. Implications for managers and designers will be 

provided by some ideas which are extracted from the point of the research. It will be 

finalized by mentioning the limitations and further discussion regarding to the thesis. 

1.4. Contribution of the research: 

According to the discussion that we have talked about in the previous pages, in 

this research, we will focus on some matters and develop them for further studies, 

1. Discussion on different acceptance models: we discuss about famous 

acceptance models like Theory Acceptance Model (TAM), Theory of Planned 

Behavior (TPB), Theory of Reasoned Action (TRA) and United Theory of 

Acceptance and Use of Technology (UTAUT) which is included in chapter 

four. 

2. Best model selection for this study and presentation of edited model: among 

the four models, TPB will be chosen which reasons will be indicated in 

chapter four and some added factors related to this study will be illustrated. 
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3. The questionnaire based on the factors in model: the questionnaires that we 

distribute among Shahrvand customers are designed based on the factors in the 

TPB model that is described in chapter four. 

4. Conducting focus group among Shahrvand loyal customers and use their 

opinion for designing final questionnaire and model: conducting this focus 

group helps us to find factors related to TPB model in RS case in Shahrvand 

and develop the model. This discussion can be found in chapter four.  

5. Gathering data from Shahrvand customers: for gaining the results, the data 

from questionnaire is required to be processed and analyzed which is drawn 

from distributing questionnaire that will be talked in chapter four. 

6. Analyzing gathered data: this process is described in chapter five and it will be 

done by SPSS and LISREL. 

7. Evaluation and presentation of important factors in RS acceptance in retail in 

Shahrvand case: this process which is described in chapter five will be talked 

through the relation of factors, the power and weakness of each factor toward 

another. It also evaluates relations and develops the final model. 

1.5. Target: 

The core target in this study is: 

• Explaining adoption and usage RS in Iran retail industry. 

The other targets that can be extracted from the core one are which is extracted 

from TPB model: 

• Studying the impact of subjective norm on customer behavior on RS 

acceptance. 

• Studying the impact of attitude toward behavior on customer behavior for RS 

acceptance. 

• Studying the impact of perceived behavioral control on customer behavior for 

RS acceptance. 

• Studying the impact of the added factors in TPB model on customer behavior 

for RS acceptance. 
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Chapter Two 

Literature review 
 

2.1. Introduction: 
As it has been mentioned in the previous chapter, the development of internet and 

ecommerce, cause some pitfalls for gaining suitable information. RS as the recent system 

helps to cover this weak point by finding best information in the least time and best price. 

This chapter, talks about the previous works that have been done for RS and its 

categories. As the acceptance models have been explained in the previous chapter, we 

describe some of these models and follow the discussion with an over view on the area of 

the research, Shahrvand retail store in the Iran environment. 

2.2. Internet: 

The internet is a concept back to the cold war. This concept is developed as 

networks of computers, which were remotely linked by the US Department of Defense in 

order to counteract vulnerability to enemy attack. ARPANET (Advanced Research 
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Projects Agency Network) was then establishes in the late 1960s to network US defense 

institutions, and the standards which were developed for this system remain at the core of 

the internet (Opuku et al 2004). 

 Until the advent of World Wide Web 1990, the internet was almost entirely 

unknown outside universities and corporate research departments and was accessed 

command line interfaces such as Telnet and FTP. Since then it has grown to become an 

almost ubiquities aspect of modern information systems, becoming highly commercial 

and a widely accepted medium for all sort of customer relations such as advertising, 

brand building, and online sales and service (Hoping 2004). 

The internet has been growing at an exponential rate in recent years, and life 

styles are rapidly changing. In the early stage, a variety of people used the internet only to 

search for information, transfer data, and exchange simple messages. However, 

nowadays, billions of users worldwide have begun to engage in knowledge sharing and 

social participation on the internet through virtual communities. Because of the 

popularity of the internet, many traditional social activities have been changed (Hagel et 

al 1997 and Shin et al 2002). 

2.3. Ecommerce and its advantages: 

Ecommerce is defined as the purchase of good and services and other financial 

transactions in which the interactive process is mediated by information or digital 

technology at both locationally separate ends of interchange (Rutter et al 2000). It 

consists of the buying, selling, marketing and servicing of products or services over 

computer network. Ecommerce is based on the expedient decision making approach. It 

supports customers’ requirement comfort (Rutter et al 2000, Bamboo web dictionary and 

ibid). 

Sheth and Sesodia argue that evolving technology and changing lifestyles are the 

driving forces moving consumers toward the web. In recent years, electronic commerce 

has become a popular trend on the internet. Being without spatial or temporal constraints 

are the advantages of the Internet. These benefits make the business process more 

flexible (Shin et al 2002 and Ahola et al 2000). 
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With the steady growth of ecommerce, many traditional retailers find that the 

internet is a new channel of selling their goods. More and more conventional retailers 

start selling online [ibid]. The internet-based electronic commerce environment enables 

consumers to search for information and purchase products or services through direct 

interaction with the online store (Lohse et al 1998 and Kolesar et al 2000). 

Because goods are less expensive online than shopping malls, people prefer shop 

online. Buying online is not a big challenge or cultural shock for Western shoppers, but it 

is quite unusual for reflective customers of the east (ibid). 

The basic requirement for inducing a consumer to become a customer of an 

online store and increasing his/her switching cost is to reduce the cost of information 

search and to maximize the predictability of product quality by providing tailored 

information to consumers. Although the consumer may receive a tangible good at the 

end of the online transaction, the benefits to the consumer are not in the purchased good, 

which could have been obtained through alternative channels. Instead, the unique 

benefits to the consumer are in the performance of the online shopping transaction itself 

such as saved time, increased convenience and reduced risk of dissatisfaction. Thus, 

customer service and promotion are also critical in designing an online store (Pand et al 

2003).  

The online shopping environment enables consumers to reduce their decision-

making efforts by providing vast selection, information screening, reliability, and 

product comparison compare to traditional shopping. Since the internet provides 

screened and comparison information for alternatives, consumers may reduce the cost of 

information search and the effort in making purchasing decisions. However, since online 

shoppers mainly interact with the web-based computer system and cannot physically 

touch or feel actual products, they make decisions mainly with information provided 

electronically by the online store (Alba et al 1997 and Pand et al 2003). 

Among all possible advantages offered by electronic commerce to retailers, the 

capacity to offer consumers a flexible and personalized relationship is probably one of the 

most important. Online personalization offers retailers two major benefits. It allows them 

to provide accurate and timely information to customers, which in turn, often generates 

additional sales. Personalization has also been shown to increase the level of loyalty 
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consumers hold toward a retailer (Riedl et al 2001). While there are several ways to 

personalize an online relationship, the capacity for an online retailer to make 

recommendations is certainly among the most promising (Riedl et al 2001). One aspect of 

this personalization is recommender system, which this research would go through that. 

 2.4. Why Recommenders?  

The movement toward ecommerce has allowed companies to provide customers 

with more options. The rapid growth of ecommerce has made both companies and 

customers face a new situation. Whereas companies find it harder to survive due to more 

and more competition, the opportunity for customers to choose among more and more 

products has increased the burden of information processing before they select which 

products meet their needs. The discussion about the critical factors in consumer purchase 

behavior in an electronic commerce environment needs to be focused on the availability 

of information. The availability of information considers not only product or service 

information, but also convenience and personalization for retaining customers. It 

depends on the degree to which information can be employed by consumers to predict 

their probable satisfaction with subsequent purchases. Consequently, the success of 

online stores will be determined by the ability to tailor their information to meet the 

consumers' needs. However, several factors determine the predictive value of the 

information with no one type of information to be uniformly valued by all consumers. 

However, in expanding to the new level of customization, businesses increase the amount 

of information that customers must process before they are able to select which items 

meet their needs. One solution to this information overload problem is the use of 

recommender systems (Schafer et al 1999 and 2001, Kim et al 2000).  

2.5. What is Recommender System (RS)? 

RS have been a recent focus of researchers and practitioners. RS is the 

information filtering that applies data analysis techniques to the problem of helping 

customers find the products they would like to purchase by producing a predicted 

likeness score or a list of recommended products for a given customer (Riedl et al 2001). 

It is a kind of automated and sophisticated decision support system that is needed to 

provide a personalized solution in a brief form without going through a complicated 

search process. It learns from a customer and recommends products that she/he will find 
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most valuable among the available products. It is being used by an ever-increasing 

number of ecommerce sites to help consumers find products to purchase.  

What started as a novelty has turned into a serious business tool and reshaped the 

world of ecommerce. RS use product knowledge—either hand-coded knowledge 

provided by experts or “mined” knowledge learned from the behavior of consumers—to 

guide consumers through the often-overwhelming task of locating products they will like. 

They have been used in many web sites to recommend various items including books, 

movies, music, news articles, etc. RS is used by ecommerce sites to suggest products to 

its customers and to provide consumers with information to help them decide which 

products to purchase. The products can be recommended based on the top overall sellers 

on a site, on the demographics of the consumer, or on an analysis of the past buying 

behavior of the consumer as a prediction for future buying behavior. The forms of 

recommendation include suggesting products to the consumer, providing personalized 

product information, summarizing community opinion, and providing community 

critiques (Riedl et al 1999 and 2001, Min et al 2005, Hyoung et al 2006 and Schafer et al 

1993). 

 

Figure 2.1, overall flow of recommendation, (Kim et al 2002) 

RS allows ecommerce websites to suggest products to their costumers by 

providing relevant information to assist them in shopping tasks. This system has also 

increased its importance in entertainment domains (Riedl et al 2001). 
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As a result, the need for new marketing strategies such as one-to-one marketing 

and customer relationship management (CRM) has been stressed both by researches as 

well as by practitioners. One solution to realize these strategies is a personalized 

recommendation that helps customers finds the products they would like to purchase by 

producing a list of recommended products for each given customer (Kim et al 2002).  

The advent of the WWW and concomitant increase in information available 

online have caused information overload and ignited research in recommender systems. 

By selecting a subset of items from a universal set based on user preferences, 

recommender systems attempt to reduce information overload and retain customers. 

Examples of systems include top-N lists, book (Mooney et al 2000) and movie 

(Alespector et al 1998) recommenders, advanced search engines (Ansari et al 2000), and 

intelligent avatars (Konstan et al 1997). The benefits of recommendation are most salient 

in voluminous and ephemeral domains (e.g., news) and include ‘predictive utility’ 

(Housman et al 1996), the value of a recommendation as advice given prior to investing 

time, energy, and in most cases, money in consuming a product. RSs harness techniques, 

which develop a model of user preferences to predict future ratings of artifacts. The 

underlying algorithms provide to realize recommendation range from keyword matching 

(Adomavicius et al 1999) to sophisticated data mining of customer profiles. 

 Many of the largest commerce web sites are already using recommender systems 

to help their customers find products to purchase. RS must collect user preferences to 

provide good suggestions. The more information collected, the better the provided 

suggestions are. The user, however, often has little time for supplying information about 

him/her. It is necessary to learn about users with as little data as possible. User 

contributions take a variety of forms. The least informative contribution is a record of 

purchase activity. Suggestions are based on prior purchases, on the assumption that a 

purchase is an implicit recommendation. Confidence is increased if the user provides 

feedback by rating the purchased product. Capturing user preferences of product features 

offers additional useful information. Due to an explosion of ecommerce, recommender 

systems are rapidly becoming a core tool for accelerating cross-selling and strengthening 

customer loyalty (Schafer et al 1999, Loney 2001, Bezerra et al 2004, and Min et al 

2005). 
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RS enables a community focus by matching personal preferences to shared 

product evaluations. The collaborative ratings are used as a source of evidence to 

extrapolate a user’s observations to an unfamiliar item. RS evolved in response to an 

increasing set of choices in products to buy and information to consume, combined with 

consumer frustration at a decreasing level of professional support for making these 

choices (i.e., fewer expert shopkeepers). These conditions created challenges for both 

consumers and merchandisers. Consumers experienced information overload and sought 

help in selecting from an overwhelming array of products while merchandisers lost their 

relationships with consumers and sought to rebuild and deepen those relationships by 

better helping consumers find products of interest (Riedl et al 2001and Loney 2001).   

RS exhibit the following characteristics (Loney 2001): 

• Active participation – users contribute product ratings and feature preferences 

• Sparse coverage – the number of products purchased or rated by an individual 

is a small proportion of the total number of available products 

• Probabilistic inference – the recommendation is understood to be an 

approximate match based on the available information 

• Selectivity bias – it is more important to avoid a false positive than a false 

negative. 

Recommender systems enhance E-commerce sales in three ways (Riedl et al 

2001): 

• Converting Browsers into Buyers: Visitors to a Web site often look over the 

site without purchasing anything. Recommender systems can help consumers 

find products they wish to purchase. 

• Increasing Cross-sell: Recommender systems improve cross-sell by 

suggesting additional products for the customer to purchase. If the 

recommendations are good, the average order size should increase. For 

instance, a site might recommend additional products in the checkout process, 

based on those products already in the shopping cart. 

• Building Loyalty: In a world where a site’s competitors are, only a click or 

two away, gaining consumer loyalty is an essential business strategy. 

Recommender systems improve loyalty by creating a value-added relationship 
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between the site and the customer. Sites invest in learning about their 

customers, use recommender systems to operationalize that learning, and 

present custom interfaces that match consumer needs. Consumers repay these 

sites by returning to the ones that best match their needs. The more a customer 

uses the recommendation system—teaching it what he wants—the more loyal 

he is to the site. “Even if a competitor were to build the exact same capabilities, 

a customer would have to spend an inordinate amount of time and energy 

teaching the competitor what the company already knows”. Creating 

relationships between consumers can also increase loyalty, for consumers will 

return to the site that recommends people with whom they will like to interact. 

Personalization is one way to realize Pine’s ideas on the web (Pine 1993). Mass 

customization originally referred to the physical modification of products and services to 

make them fit each consumer’s needs. More recently, mass customization has evolved to 

encompass a wide range of methods for customizing the consumer experience. The 

consumer experience includes the physical products, which can be customized in function 

or in appearance, and the presentation of those products, which can be customized 

automatically or with help from the consumer. Under this broader definition, 

recommender systems serve to support a customization of the consumer experience in the 

presentation of the products sold on a Web site. In a sense, recommender systems enable 

the creation of a new store personally designed for each consumer. Of course, in the 

virtual world, all that changes is the selection of products shown to the consumer, not an 

underlying physical store (Riedl et al 2001).  

2.6. Usage of Recommender Systems: 

Recommender systems can help businesses decide to whom to make an offer. 

Such systems allow search engines and advertising companies to suggest advertisements 

or offers to display based on consumer behavior. Yahoo or Excite could use a 

recommender system to identify which banner ad to display based on which keywords the 

consumer queried, or to which subsection of the hierarchy a customer navigated. Not 

surprisingly, customers who enter the keywords “Buick Century” in a search engine may 

find a banner advertising the latest Buick product. Likewise, consumers searching 

through the NFL section at Yahoo may receive a banner add for SportsAuthority.com, 
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while consumers navigating to the directory of insurance agents in Utah may find an ad 

for AccuQuote. Its technology is that it helps merchandisers implements a one-to-one 

marketing strategy. The RS analyzes a database of consumer preferences to overcome the 

limitations of segment-based mass marketing by presenting each customer with a 

personal set of recommendations. Of course, recommender systems are not a complete 

solution. Many companies hope that the use of recommender systems may be a means of 

surviving in a competitive environment (Riedl et al 2001 and Resinick et al 1997). 

Recommender systems are particularly suited to retail business, compared to 

other types of business, since retail markets are distinguished by several characteristics, 

such as repeated buying over a particular time horizon, large numbers of customers, and 

a wealth of information detailing past customer purchases. While many recommender 

applications are still global in nature, more are beginning to respond to the customer’s 

current state by using the customer’s current navigation to provide context for the 

production or refinement of recommendations. Consumer behaviors interpreted for this 

input include both actions the consumer would have performed in exactly the same way 

even if he were unaware of the recommender system, and actions the consumer performs 

for the sole purpose of enhancing the recommendations. RS responded directly to 

consumers, giving them independent advice modeled after informal word of mouth 

(WOM). At the same time, new database marketing techniques, data mining, and targeted 

advertising responded to merchandisers, giving them tools to respond to consumer needs, 

understand consumer behavior, and best use the limited available customer attention 

(ibid). 

In the following, we will present some examples of ecommerce businesses that 

use recommender system. 

One is Amazon.com. It is one of famous bookstore on web. Its website is designed 

as Customers who bought, your recommendation, Eyes, Amazon.com delivers, Bookstore 

gift ideas, Customer comments and Purchase articles. Based on these parts, Amazon can 

make appropriate recommendation. EBay is another example. It makes recommendation 

based on its two parts: Feedback profile and Personal shoppers. Moviefinder.com also 

makes recommendation based on User grades/ our grades and Top 10 section (Riedl et al 

2001).  
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Figure 2.2, The Amazon.com ratings page prompts the customer to rate items recently 

purchased. [RKS01]. 

2.7. Recommendation Sources in General:   

Online, recommendation sources range from traditional sources such as other 

consumers (e.g., testimonies of customers on retail websites such as Amazon.com) to 

personalized recommendations provided by recommender systems. Recommendation 

sources are considered primarily as information sources. Andreasen (1968) proposes the 

following typology of information sources (Riedl et al 2001, Alba et al 1997):  

• Impersonal Advocate (e.g., mass media),  

• Impersonal Independent (e.g., consumer reports),  

• Personal Advocate (e.g., sales clerks),  

• Personal Independent (e.g., friends). 

Although research on personal influence and word of mouth (WOM) focuses on 

the latter two information sources, it is noteworthy that impersonal independent 

information sources such as consumer reports can also serve as recommendation sources. 

Moreover, the Internet can provide consumers with an additional type of impersonal 
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information source. For instance, electronic decision-making aids such as recommender 

systems are impersonal information sources that provide personalized information to 

consumers. In an effort to extend Andreasen’s (1968) typology to computer-mediated 

environments, we assert that information sources can be sorted into one of four groups:  

• Personal source providing personalized information (e.g., “My sister says that 

this product is best for me.”);  

• Personal source providing non-personalized information (e.g., “A renowned 

expert says that this product is the best.”);  

• Impersonal source providing personalized information (e.g., “Based on my 

profile, the recommender system suggests this product.”);  

• Impersonal source providing non-personalized information (e.g., “According 

to consumer reports, this is the best product on the market.”).  

In consumer research, studies on personal influence, social influence, or WOM, 

can be categorized as studies investigating personal sources providing personalized or 

non-personalized information. Furthermore, studies dealing with reference groups 

encompass such sources as well as impersonal sources that provide non-personalized 

information. Thus, a new area has emerged in consumer research, arising mainly from 

information technologies such as the internet, that of impersonal sources that provide 

personalized information. 

Research on information sources suggests that personal and impersonal 

information sources influence consumers’ decision-making. For instance, Price and Feick 

(1984) found that consumers planned to use the following information sources for their 

next durable good purchase: Friends, relatives, and acquaintances, salespeople, 

publications such as consumer reports (Senecal et al 2004). 
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Figure 2.3, people can choose between online recommender system and social 

recommendations (friends) (Riedl et al 2001) 

2.8. Recommender System’s challenges: 

2.8.1. Scalability and real time performance: 

Scalability in recommender systems includes both very large problem sizes and 

real-time latency requirements. For instance, a recommender system connected to a large 

Web site must produce each recommendation within a few tens of milliseconds while 

serving hundreds or thousands of consumers simultaneously. The key performance 

measures are the maximum accepted latency for a recommendation (tens to hundreds of 

milliseconds), the number of simultaneous recommendation requests (tens to thousands), 

the number of consumers (hundreds of thousands to millions), the number of products 

(tens to millions), and the number of ratings per consumer (tens to thousands). Many 

techniques from data mining can be adapted to the scalability problem for recommender 

systems, including dimensionality reduction and parallelism, but must be modified to 

meet the simultaneous throughput and latency requirements. 

2.8.2. Incorporating rich data: 

Recommender applications currently use a wide range of input data in forming 

their recommendations, including explicit ratings and simple behavioral data such as 

purchases and click-through. However, there are many other types of data that can be 

collected and used. In the future, recommender systems will commonly collect dozens of 

different types of data and integrate them into effective recommendations. 
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While many products appeal to consumers over a long time, others have temporal 

relevance. Seasonal goods such as snow shovels and lawn care products may be highly 

desirable one month and useless two months later. Products for children exhibit similar 

patterns; the parent who buys toys for an infant should not receive infant toy 

recommendations for the same child two years later. 

2.8.3. Consumer-Centered Recommendations: 

One important difference between a recommender system and a traditional data 

mining system is that the end-user for the recommender system is the consumer. 

Some recommendations are most valuable when they apply to a group of 

consumers rather than an individual. For instance, movies are most often attended 

socially. The choice of the right “date movie” can be very important. Recommenders can 

be used to select products that maximize the value of the product to a group of people. 

Some systems already support simple versions of this idea, such as selecting a movie that 

two people will like. Future multi-user recommendation systems will let customers 

control how the recommender system balances their interests in choosing a product. The 

success of a recommender system should be measured by how effectively the system 

helps customers make decisions that they, retrospectively, consider correct. 

2.8.4. Connecting recommenders to marketers: 

Recommender systems are currently used as virtual salespeople, rather than as 

marketing tools. The recommender system makes good decisions locally, but it is neither 

able to give the type of feedback needed for marketing professionals, nor is it able to 

accept input from marketing professionals about global preferences. In the future, 

recommender systems must integrate marketing features more completely. 

Recommender systems should also be integrated with the marketer’s reporting 

systems. Recommender systems target each individual customer differently, making it 

difficult to produce the reports to which marketing professionals are accustomed. These 

reports usually partition the population into a manageable number of segments. One way 

to bring these two worlds together would be to use the people-to-people correlations 
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implemented by some recommender system algorithms to create segments for the reports 

(Riedl et al 2001). 

2.9. Recommendation techniques:      

Recommendation techniques have a number of possible classifications (Riedl et al 

2001, Terveen et al 2001 and Bruke et al 2002). The sources of data on which 

recommendation is based and its usage, to which that data is put, cause recommender 

system to be divided to this category: 

• background data, the information that the system has before the 

recommendation process begins,  

• input data, the information that user must communicate to the system in order 

to generate a recommendation,  

• An algorithm that combines background and input data to arrive at its 

suggestions.  

On this basis, we can distinguish five different recommendation techniques as 

shown in table 2.1. Assume that I is the set of items over which recommendations might 

be made, U is the set of users whose preferences are known, u is the user for whom 

recommendations need to be generated, and i is some item for which we would like to 

predict u’s preference (Billsus et al 2000). 
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Table 2.1, Recommendation Techniques. U is the set of users, I is the set of items. u is the user 
and i is an item (Billsus et  al 2000)  

 

 
 

2.9.1. Collaborative Filtering (CF): 

Collaborative recommendation is probably the most familiar, most widely 

implemented and most mature of the technologies. It is a general approach to 

personalized information filtering. It operates upon the assumption that users who have 

exhibited similar behavior in the past (or present some form of similarity) can serve as 

recommenders for each other on unobserved data items. It works by collecting user 

feedback in the form of ratings for items in a given domain and exploit the similarities 

and differences among the profiles of several users in determining how to recommend an 

item. So, given the target user’s ratings on observed items, the idea is to trace 

relationships or similarities between him/her and the remaining of the users in the 

database, aggregate the ‘similar’ users’ ratings, and use them as a prediction for the 

target user. It aggregates ratings or recommendations of objects, recognize commonalities 

between users based on their ratings, and generate new recommendations based on inter-

user comparisons.  

A typical user profile in a collaborative system consists of a vector of items and 

their ratings, continuously augmented as the user interacts with the system over time. 

Some systems used time-based discounting of ratings to account for drift in user interests. 

In some cases, ratings may be binary (like/dislike) or real-valued indicating degree of 

 34



preferences. The system can suggest items (the things to be recommended, such as 

books, music etc.) to users and recommendations are based on the ratings of items, 

instead of the contents of the items, which can improve the quality of recommendations. 

CF systems recommend products to a target customer based on the opinions of other 

customers. Generally, CF uses a database of user preferences to predict additional topics 

or products that a new (or an active) user might like. Therefore, the main task in CF is to 

locate the peer group and predict the utility of the items to a particular user based on the 

votes from the peer group. CF is the technique of using peer opinions to predict the 

interests of others. A target user is matched against the database to discover neighbors, 

who have historically had similar interests to target user. Items that neighbors like are 

then recommended to the target user (Li et al 2002, Lekakos et al 2006, Billsus et al 

2000, HK96 and Schafer et al 2000]. 

In recent years, much research on CF has focused on the development of new 

algorithmic models for producing recommendations. These include rule induction 

(Kohrse et al 1999), clustering (Ungar et al 1998 and Aggarwal et al 1999), graph theory 

(Breese et al 1998), latent semantic indexing (Pazzani 1999), and Bayesian networks.  

CF algorithms can be classified into memory based and model-based algorithms. 

Memory-based algorithms repeatedly scan the preference (or people) database to locate 

the peer groups for the active users. A prediction is then computed by weighting the 

votes of users in the peer groups. The people in the peer groups are identified based on 

their similarity or nearness in tastes to the active user. Consequently, these algorithms 

can be equivalently called correlation-based or nearest-neighbor collaborative filters. It 

compares users against each other directly using correlation or other measures.  Model-

based algorithms infer a user model from the database of rating histories. The user model 

is then consulted for predictions. Model-based algorithms require more time to train but 

can provide predictions in a shorter time in comparison to nearest-neighbor algorithms. 

The most popular memory-based algorithms used in CF are correlation or vector 

similarity. Using this kind of algorithm, a subset of appropriate users or the peer group is 

chosen based on their similarity to the active user, then a weighted aggregate of their 

rankings is used to generate predictions for the active user. Model-based recommenders 

have used a variety of learning techniques including neural networks (Foltze 1990), 
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latent semantic indexing (Condliff et al 1999), and Bayesian networks (Rich 1979), 

(Sarwar et al 2000, Min et al 2005, JH93). 

The GroupLens project at the University of Minnesota is a popular collaborative 

system. Collaborative systems have been widely used in so many areas, such as Ringo 

system recommends music albums (Gupta et al 1999), MovieLens system recommends 

movies, Jeter system recommends jokes (Harman 1994) and Flycasting recommends 

online radio (Herlocker et al 2000). The Tapestry text filtering system, developed by 

Nichols and others at the Xerox Palo Alto Research Center, applied collaborative 

filtering (Li et al 2002). 

One major difficulty in designing CF systems lies in extracting content features 

that are sufficiently indicative. There is often a large gap between low-level content 

features (visual, auditory, or others) and high-level user interests (like or dislike a 

painting or a CD). In some other circumstances, the features are not available at all.   

Fortunately, the information on personal preferences and interests are all carried in 

(explicit or implicit) user ratings. Thus, CF systems can make use of these high-level 

features rather easily, by combining the ratings of other like-minded users. Pure CF only 

relies solely on user preferences, without incorporating the actual content of items. CF 

often suffers from the extreme sparsity of available data, in the sense that users typically 

rate only very few items, thus making it difficult to compare the interests of two users. 

Furthermore, pure CF cannot handle items for which no user has previously given a 

rating (Yu et al 2004). 

Although collaborative filtering has been successfully used in both research and 

practice, there remain some challenges for it as an efficient information filtering (Li et al 

2002). 

•  Cold start problem, where recommendations are required for items that no 

user has yet rated 

•  Although collaborative filtering can improve the quality of recommendations 

based on the user ratings, it completely denies any information that can be 

extracted from contents 

2.9.2. Demographic Filtering: 
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Demographic recommender systems aim to categorize the user based on personal 

attributes and make recommendations based on demographic classes. An early example 

of this kind of system was Grundy (Guttman et al 1998) that recommended books based 

on personal information gathered through an interactive dialogue. The users’ responses 

were matched against a library of manually assembled user stereotypes. Some more 

recent recommender systems have also taken this approach. Krulwich (1997), for 

example, uses demographic groups from marketing research to suggest a range of 

products and services. A short survey is used to gather the data for user categorization. 

In other systems, machine learning is used to arrive at a classifier based on demographic 

data. The representation of demographic information in a user model can vary greatly. 

Rich’s system used handcrafted attributes with numeric confidence values. Pazzani’s 

model uses Winnow to extract features from users’ home pages that are predictive of 

liking certain restaurants. Demographic techniques form ‘people-to-people’ correlations 

like collaborative ones, but use different data (Billsus et al 2000). 

2.9.3. Utility based Filtering: 

Utility-based recommenders make suggestions based on a computation of the 

utility of each object for the user. Of course, the central problem is how to create a utility 

function for each user. Te“te-a' -Te“te and the e-commerce site PersonaLogic each have 

different techniques for arriving at a user-specific utility function and applying it to the 

objects under consideration. The user profile therefore is the utility function that the 

system has derived for the user, and the system employs constraint satisfaction 

techniques to locate the best match (Billsus et al 2000). 

2.9.4. Knowledge based Filtering: 

Knowledge-based recommendation attempts to suggest objects based on 

inferences about a user’s needs and preferences. In some sense, all recommendation 

techniques could be described as doing some kind of inference. Knowledge-based 

approaches are distinguished in that they have functional knowledge. They have 

knowledge about how a particular item meets a particular user need, and can therefore 

reason about the relationship between a need and a possible recommendation. The user 

profile can be any knowledge structure that supports this inference. In the simplest case, 

as in Google, it may simply be the query that the user has formulated. In others, it may 
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be a more detailed representation of the user’s needs. Schafer, Konstan and Riedl call 

knowledge based recommendation the ‘Editor’s choice’ method (Billsus et al 2000). 

2.9.5. Content Based Filtering (CB): 

Content-based recommendation is an outgrowth and continuation of information 

filtering research. In the CB approach, the system analyzes the content of items, and 

creates profile that is a representation of a user’s interest in terms of items. In this 

system, the objects of interest are defined by their associated features. For example, text 

recommendation systems like the newsgroup filtering system NewsWeeder (Balabanovic 

et al 1997) uses the words of their texts as features. In addition, content-based filtering 

has been utilized in book recommendation tasks (Mooney et al 2000), using features 

such as title, author, or theme. In such cases, the user’s previous preferences on the 

respective features are used to filter the available books and recommend the most 

relevant to the user. Content-based filtering selects the right information for users by 

comparing representations of searching information to representations of contents of user 

profiles, which express interests of users. This method is effective for recommending 

textual documents since it is able to recommend only those items that are 

‘understandable’ to computers.  

CB makes predictions upon the assumption that a user’s previous preferences or 

interests are reliable indicators for his/her future behavior. CB requires that items are 

described by features, and is typically applied upon text-based documents, or in domains 

with structured data. A content-based recommender learns a profile of the user’s 

interests based on the features present in objects the user has rated. Schafer, Konstan and 

Riedl call this ‘item-to-item correlation.’ The type of user profile derived by a content-

based recommender depends on the learning method employed. Decision trees, neural 

nets, and vector-based representations have all been used. The constitutional factors of a 

profile, keyword, phrases or features of the items that are preferred by a user are 

generally used. After the creation of the user profile, the system analyzes the content of 

items unknown to the user, and compares it with his/her profile.  

Finally, the system constructs recommendation results with the new items that are 

likely to satisfy the user. Content-based information filtering has proven to be effective 

in locating textual items relevant to a topic using techniques, such as Boolean queries 
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(Lee et al 1993, Verhoeff et al 1961 and Salton et al 1988), vector-space queries (Rutter 

et al 1976), probabilistic model (Robertson and Sparck, 1976), neural network (Kim et al 

2000) and fuzzy set model (Ogawa et al 1991). Content-based recommendation systems 

analyze the textual information about preferred items and recommend new items by 

finding items with similar information. Since the content-based method is appropriate 

when there is rich content information, it has been applied to recommend news articles 

or web pages (Li et al 2002, Min et al 2005, Billsus et al 2000, Hyoung et al 2006, and 

Lekakos et al 2006). 

Content-based filtering has some limitations (Li et al 2002): 

• It is hard for content-based filtering to provide serendipitous 

recommendations, because all the information is selected and recommended 

based on the content. 

• It is hard for novices to use content-based system effectively  

 

 

 

 

 

 

 

2.10. Comparing Techniques: 

All recommendation techniques have strengths and weaknesses discussed below 

and summarized in table 2.2. 
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Table 2.2, Comparing techniques 
Technique Advantages Disadvantages   

Collaborative filtering 

Identify cross genre 

Quality improves over time 

Domain Knowledge not needed 

New user problem 

New item problem 

Depend on large historical data 

Stability vs. plasticity problem 

Content based filtering 
Quality improves over time 

Domain Knowledge not needed 

New user problem 

Depend on large historical data 

Stability vs. plasticity problem 

Demographic filtering 
Do not require a list of rating from other

Quality improves over time 

Gathering the requisite demographic 

information 

Quality depends on large historical data 

stability vs. plasticity problem 

Utility based filtering 

Can include non product features 

Do not base on accumulated statistical 

evidence 

User must input utility function 

Does not learn 

Knowledge based filtering 
Demands less of the users 

Not involve start up problem 

Need for knowledge acquisition 

Make recommendation as wide as its 

knowledge 

      

Collaborative recommender systems depend on overlap in ratings across users 

and have difficulty when the space of ratings is sparse: few users have rated the same 

items. The sparsity problem is somewhat reduced in model-based approaches, such as 

singular value decomposition (Rosenstein et al 2000), which can reduce the 
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dimensionality of the space in which comparison takes place. Still sparsity is a 

significant problem in domains such as news filtering, since there are many items 

available and, unless the user base is very large, the odds that another user will share a 

large number of rated items is small. In particular, CF produces no recommendations for 

a person who has never provided any ratings for items. The other problem in CF is new 

user problem, because recommendations follow from a comparison between the target 

user and other users based solely on the accumulation of ratings, a user with few ratings 

becomes difficult to categorize. CF suffers from new item problem as well. Similarly, a 

new item that has not had many ratings also cannot be easily recommended. This 

problem shows up in domains such as news articles where there is a constant stream of 

new items and each user only rates a few. It is also known as the ‘early rater’ problem, 

since the first person to rate an item gets little benefit from doing so. Such early ratings 

do not improve a user’s ability to match against others. This makes it necessary for 

recommender systems to provide other incentives to encourage users to provide ratings 

(Kim et al 2002 and Billsus et al 2000). 

CF is the most successful recommender system technology to date, and has been 

used in many successful recommender systems on the Web. The most important 

advantage of CF is that it does not require any effort for characterizing items. In 

addition, it can provide serendipitous recommendations because it is not based on the 

content of items. CF is applicable to any type of content (Anick et al 1990), while it can 

also capture concepts that are hard to represent, such as quality and taste (Sarwar et al 

2000, Hyoung et al 2006, Cheung et al 2003). 

So far, CF recommender systems have been very successful in both information 

filtering domains and ecommerce domains, and many researchers have presented 

variations of CF to increase its performance (Min et al 2005). 

On the other hand, demographic recommenders do not have the ‘new user’ 

problem, because they do not require a list of ratings from the user. Instead, they have 

the problem of gathering the requisite demographic information. With sensitivity to 

online privacy increasing, especially in electronic commerce contexts (USITIC, 1997), 

demographic recommenders are likely to remain rare. The data most predictive of user 

preference is likely to be information that users are reluctant to disclose. 
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Content-based techniques also have a start-up problem in that they must 

accumulate enough ratings to build a reliable classifier. Relative to collaborative 

filtering, content-based techniques also have the problem that they are limited by the 

features that are explicitly associated with the objects that they recommend. 

Utility-based and knowledge-based recommenders do not have ramp-up or 

sparsity problems, since they do not base their recommendations on accumulated 

statistical evidence. Utility-based techniques require that the system build a complete 

utility function across all features of the objects under consideration. One benefit of this 

approach is that it can incorporate many different factors that contribute to the value of a 

product, such as delivery schedule, warranty terms or conceivably the user’s existing 

portfolio, rather than just product-specific features. The flexibility of utility-based 

systems is also to some degree a failing. The user must construct a complete preference 

function, and must therefore weigh the significance of each possible feature. Often this 

creates a significant burden of interaction.          

Knowledge based recommender systems are prone to the drawback of all 

knowledge-based systems as the need for knowledge acquisition. Despite this drawback, 

knowledge based recommendation has some beneficial characteristics. It is appropriate 

for casual exploration, because it demands less of the user than utility-based 

recommendation. It does not involve a start-up period during which its suggestions are 

low quality. A knowledge-based recommender cannot ‘discover’ user niches, the way 

collaborative systems can. On the other hand, it can make recommendations as wide-

ranging as its knowledge base allows (Billsus et al 2000). 

Content-based techniques also have a start-up problem in that they must 

accumulate enough ratings to build a problem that they are reliable classifier. Relative to 

collaborative filtering, content-based techniques also are limited by the features that are 

explicitly associated with the objects that they recommend. The great power of the 

collaborative approach relative to content-based ones is its cross-genre or ‘outside the 

box’ recommendation ability. It may be that listeners who enjoy free jazz also enjoy 

avant-garde classical music, but a content-based recommender trained on the preferences 

of a free jazz aficionado would not be able to suggest items in the classical realm since 

none of the features (performers, instruments, repertoire) associated with items in the 
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different categories would be shared. Only by looking outside the preferences of the 

individual can such suggestions be made.  

Content-based systems have the advantages of directness and simplicity, but they 

lack the sophistication of CF systems, which analyze the behaviors of peer groups for 

making recommendations. Both content-based and collaborative techniques suffer from 

the ‘portfolio effect.’ An ideal recommender would not suggest a stock that the user 

already owns or a movie she has already seen. The problem becomes quite tricky in 

domains such as news filtering, since stories that look quite similar to those already read 

may in fact present some new facts or new perspectives that would be valuable to the 

user. At the same time, many different presentations of the same wire-service story from 

different newspapers would not be useful. All of the learning-based techniques 

(collaborative, content-based and demographic) suffer from the ramp-up problem in one 

form or another. The converse of this problem is the stability vs. plasticity problem for 

such learners. Once a user’s profile has been established in the system, it is difficult to 

change one’s preferences (Billsus et al 2000, Min et al 2005, and Cho et al 2004). 

The ramp-up problem has the side effect of excluding casual users from receiving 

the full benefits of collaborative and content-based recommendation. It is possible to do 

simple market-basket recommendation with minimal user input: Amazon.com’s ‘people 

who bought X also bought Y’ but this mechanism has few of the advantages commonly 

associated with the collaborative filtering concept. The learning-based technologies work 

best for dedicated users who are willing to invest some time making their preferences 

known to the system. Utility- and knowledge-based systems have fewer problems in this 

regard because they do not rely on having historical data about a user’s preferences. 

Utility-based systems may present difficulties for casual users who might be unwilling to 

tailor a utility function simply to browse a catalog (Billsus et al 2000). 

Until now, many different approaches have been applied to the problem of 

making more accurate and efficient recommender systems. Among them, two 

techniques—content-based (CB) and collaborative filtering (CF) recommendations—are 

prevalent for building recommender systems. Content-based filtering (CB) and 

collaborative filtering (CF) represent the two major information filtering technologies. It 

is never easy to extract contents of the items, since it usually requires manual process 

using human intelligence. As a result, the application of the content-based approaches 
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has been restricted to few domains such as recommendation of news articles or web 

pages. Due to this critical limitation, CF is more frequently used as a recommendation 

method than CB approaches in practical applications. The CF method sidesteps the 

problem of CB by recommending items that other people who seem to have similar 

preference patterns have liked (Hyoung et al 2006, Yu et al 2004). 

2.11. Hybrid Recommenders: 

Hybrid recommender systems combine two or more recommendation techniques 

to gain better performance with fewer of the drawbacks of any individual one. Most 

commonly, collaborative filtering is combined with some other technique in an attempt 

to avoid the ramp-up problem. Hybrid systems have tried to overcome shortcomings of 

the content-based and collaborative filtering recommendation systems (Balabanovic et al 

1997, Billsus et al 2000). 

To create a hybrid content-based, collaborative system, user profiles based on 

content analysis can maintain, and directly compare these profiles to determine similar 

users for collaborative recommendation. Users receive items both when they score 

highly against their own profile, and when they are rated highly by a user with a similar 

profile. The hybrid approach avoids the limitations mentioned for content-based and 

collaborative systems, as well as adding important benefits. Hybrid systems have tried to 

overcome shortcomings of the content-based and collaborative filtering recommendation 

systems. An example of a hybrid system is Fab (Bandura 1997), which recommends web 

pages. Fab still needs a few early ratings from each user in order to create a training set 

and mandates that the content-based techniques to build the user profile be extremely 

accurate. Claypool et al provided an approach to combining content-based and 

collaborative filtering by basing a prediction on a weighted average of the content-based 

prediction, but it was not easy that the system timely changed weights. Polcicova 

proposed a method for content-based and collaborative filtering combination, where 

content-based filtering estimates were used to fill up some missing ratings for 

collaborative filtering. However, the method also requires early ratings from new user. 

To make things worse, incorrectly estimated ratings can cause negative impact to 

collaborative filtering (Balabanovic et al 1997). 

2.12. Retail industry and its history: 
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One aspect that ecommerce plays an important part in, is retail section. The 

history of retail is also a history of the role of technology in society. A look at the 

evolution of retailing reveals that the technology has played a role as the primary enabler 

of change. Changes have come slowly in an evolutionary manner. Adoption of new 

technologies has been the enabler of change. The rate of change has not come universally, 

but has been a function of country and culture. Over the last fifty years, the rate of change 

in the retail industry has increased dramatically (Hoping 2000). 

 

Figure 2.4, Retail rate of technology 

When man started to cultivate and harvest the land, he would occasionally find 

himself with a surplus of goods. Once the needs of his family and local community were 

met, he would attempt to trade his goods for different goods produced elsewhere. Thus 

markets were formed. These early efforts to swap goods developed into more formal 

gatherings. When a producer who had a surplus could not find another producer with 

suitable products to swap, he may have allowed others to owe him goods. Thus early 

credit terms would have been developed. This would have led to symbolic representations 

of such debts in the form of valuable items (such as gemstones or beads), and eventually 

money [htm1, htm2]. 

Over time producers, would have seen value in deliberately over-producing in 

order to profit from selling these goods. Merchants would also have begun to appear. 

They would travel from village to village, purchasing these goods and selling them for a 

profit. Over time, both producers and merchants would regularly take their goods to one 

selling place in the centre of the community. Thus, regular markets appeared. Eventually, 
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markets would become permanent fixtures i.e. shops. These shops along with the logistics 

required to get the goods to them were, the start of the retail trade [htm3]. 

We have called the action of buying and selling goods, “Retailing”. However, 

what is besides these purchasing and selling? Is it only pay for something and receive that 

item? 

In the society, which we live, retail section is one important function, which every 

person in all levels of social class faces. As it is mentioned, retail is not limited to grocery 

and the prior need of people. It consists of every purchasing and selling by transaction, 

which happens, in every day life. Store is the last place of item distribution toward 

consumers. With the tremendous growth in world population, the need of each product in 

every place, guides societies through establishing chain stores. Chain stores are two or 

more retail stores run by the same company, bearing the same name, and selling the same 

kinds of merchandise. It is the huge trade center and service organization, which have a 

wide measurements and distribution and have a unit management. They originated in 

1859 when businessmen George F. Gilman (1830?–1901) and George Huntington 

Hartford (1833–1917) founded the Great Atlantic & Pacific Tea Company (better known 

as A & P) grocery stores in New York City. The idea caught on quickly. In 1879 W. P. 

Woolworth opened its doors and J. C. Penney followed in 1902. Eventually, most kinds 

of stores moved to the chain store model, selling groceries, apparel, shoes, prescription 

drugs, books, jewelry, furniture, hardware, and music. By the end of the twentieth 

century, chain stores were selling about one third of all merchandise in America. 

In Iran, retailing clothes industry has started in Laleh Alley more than fifty years 

ago. “Ferdosi” store has opened with the help of foreign consulters about ten years after 

that. “Iran” store has started its activity in private section industry about thirty years ago. 

Its branches in other cities and its huge one in Tehran, with the name of Koroush had 

started to work. However, after some years, it has stopped its activity because of 

construction. In Iran, other stores like Sepah, Shahr-o-rosta have also existed for long 

period. The period of eight years war with Iraq, has changed the style of purchasing. It 

has caused many limitations for people and distributing section like the problem of bonus 

and the store’s function. In recent six years, government has implemented some programs 

for the improvement of retail section and make it same as other countries’. Therefore, 
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with the help of ministry, a huge super store called ‘Shahrvand’ has established. 

(Shahrvand Statistics) 

Shahrvand is one of the chain stores, which is pioneer in grocery and home 

appliances in Iran. It has been found on 1993 in Tehran in Argentine Sq. Its headquarter is 

located at: No.103 Saedi st., Africa Blvd, Tehran 

Shahrvand started with the total area of 78,813 m2 which 3,450 m2 is allocated for 

sales. Its goals are making customer satisfaction and having the first rank in retail 

industry. Shahrvand started e-shopping about 5 years ago in 1380 through its web: 

www.shahrvandonline.com, but after a year it has stopped to be upgraded. Its web site is 

divided to 9 categories: Home Appliances, Cosmetic& Hygienic, Hand Crafts, Stationary, 

Camera, Audio-Video, Computer, Foodstuff and Cloths. Each of these categories is 

divided to several parts as well. (Shahrvand Statistics) 

Chain store’s targets include reducing cost and the price relative to smaller stores, 

standardizing the items, distributing most items in one place, saving time and using credit 

cards and bankcards and managing economy in all parts of country. Therefore, we can 

mention the effects of chain store in economy of a country as follows: 

• Reducing the traffic, travels in city, the pollution and therefore saving time 

• Empowering the culture of standardize the item  

• Omitting the brokers and distributing items and organizing investment in 

servicing the production in better quality and decreasing the price 

• Having shopping centre instead of small shops in many parts of cities 

• Making prices unit 

 

 

 

Table 2.3 indicates the number of sales in the recent six months that we have: 
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Table 2.3, Sharvand first half year sales 1386 (2007) 
 Farvardin Ordibehesht Khrodad Tir Mordad Shahrivar Total 

Beyhaghi 207,257 138,791 141,893 
146,7

74 
154,289 219,980 

908,98

4 

Baharn 25,930 43,303 32,391 
26,29

5 
32,808 56,705 

202,93

2 

Behroud 66,561 87,861 86,557 
94,56

5 
95,946 131,247 

552,68

7 

Boustan 80,867 107,596 104,907 
116,7

47 
123,754 164,456 

698,22

7 

Terminal 31,921 44,544 44,432 
54,60

2 
60,289 61,794 

297,59

8 

Aleahmad 41,189 48,294 47,393 
46,67

9 
46,946 63,586 

294,18

7 

Farmaniye

h 
7,623 72,147 71,609 

76,57

3 
71,685 87,307 

431,94

3 

Sadeghiyeh 43,644 53,164 51,691 
50,74

6 
54,525 73,725 

327,49

6 

Azadegan 38,493 51,008 47,783 
49,40

7 
49,170 68,053 

302,91

4 

Olympic 36,810 34,025 33,021 
36,55

1 
37,581 48,386 

2

16,274 

Hakimiyah 23,312 29,569 28,771 
18,69

7 
26,914 40,059 

67,329 

Shahrerey 18,385 17,395 36,529 
25,02

1 
26,170 40,264 

163,76

4 

Metro 

sadeghiyeh 
18,495 27,446 25,505 

24,60

8 
25,451 28l,515 

150,07

0 

Lavasan     8,517 8,517 

Total 580,501 755,294 742,483 
762,7

15 
805,530 1,082,549 

4,729,

122 

 

Another study shows that thought of establishing huge supermarket comes from a 

French trader, Asinc Boscio, in France, which called his store Marche in 1852. The main 

purposes of him were: 
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• Having profit in sells and being fast in distribution 

• Having price label to illustrate not discrimination 

• Looking of every item without having to buy 

• Having the return option 

This event makes other countries to establish such huge supermarkets in all over 

the world. United States was the first country that has done this job. Its name was Steware 

and it has established in New York City in 1861. In 1962, Sam Walton established Wal-

Mart, which is the largest chain store in the world in recent years. In 2004, its income was 

285,222 million Dollars. Table 2.4 illustrates the income of twenty famous chain stores in 

world in 2004. 
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Table 2.4, Income of some successful stores in 2004 (Shaharvand statistics) 

Company 
Sells 

(Million Dollar) 
Country 

Wal-Mart stores Inc. 285,222 United States 

Carrefour SA. 90,297 France 

Home Depot Inc. 73,094 United States 

Metro AG. 70,093 Germany 

Royal Ahold NV 64,615 Netherlands 

Tesco PLC 62,284 United Kingdom 

Kroger Co. 56,434 United States 

Sears Holding Corp 55,800 United States 

REWE Handelsgruppe 50,698 Germany 

Costco Wholesales Corp. 48,107 United States 

ITM Enterprises SA 47,218 France 

Target Corp. 45,682 United States 

Group Casino 45,155 France 

Aldi Einkauf GmbH & Co OHG 42,981 Germany 

Schwarz Group (Lidl & Schwarz) 42,571 Germany 

Albertson’s Inc 39,897 United States 

Edeka Gruppe 39,227 Germany 

Walgreen Co. 37,508 United States 

Groupe Auchan SA 37,335 France 

Lowe’s Cos. Inc. 36,464 United States 

 

2.13. Iran as the main focus of our discussion: 
The area of our discussion is limited to the retail sector in Iran with the below 

characteristics.  

Population: 68,688,433 (July 2006 est.) 

Age structure:  0-14 years: 26.1% (male 9,204,785/female 8,731,429) 

15-64 years: 69% (male 24,133,919/female 23,245,255) 

65 years and over: 4.9% (male 1,653,827/female 1,719,218) (2006 est.) 

Median age: total: 24.8 years, male: 24.6 years, female: 25 years (2006 EST.) 

Population growth rate: 1.1% (2006 EST.) 
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Birth rate: 17 births/1,000 population (2006 EST.) 

Death rate: 5.55 deaths/1,000 population (2006 EST.) 

Net migration rate: -0.48 migrant(s)/1,000 population (2006 EST.) 

Sex ratio:  

At birth: 1.05 male(s)/female 

Under 15 years: 1.05 male(s)/female  

15-64 years: 1.04 male(s)/female 

65 years and over: 0.96 male(s)/female  

Total population: 1.04 male(s)/female (2006 EST.) 

Infant mortality rate: 

Total: 40.3 deaths/1,000 live births 

Male: 40.49 deaths/1,000 live births 

Female: 40.1 deaths/1,000 live births (2006 EST.) 

Life expectancy at birth:  

Total population: 70.26 years 

Male: 68.86 years  

Female: 71.74 years (2006 EST.) 

Total fertility rate: 1.8 children born/woman (2006 EST.)  [htm4] 

Iran is bordered north by Armenia, Azerbaijan, Turkmenistan and Caspian sea, 

on the east by Afghanistan and Pakistan, on the south by Persian Gulf and Gulf of 

Oman and on the west by Turkey and Iraq. Its population is approximately 70 million 

people and the internet users in 2003 were 3.2 million. Compare to other countries, 

specially first world countries, internet access is in its growth period and it has to pave 

long way to become in the same place as other first world countries. In December 

2005, the population of internet users was 7,500,000, which is 10.8% of Iran’s 

population. In 2002, it was only 7.5% of population. In North America, the usage of 

internet in 2006, 69.1%, which is very high rate, compare to Iran’s. (Shahrvand 

statistics) 

The internet users in Iran have the below statistics: 
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Table 2.5, Internet usage in middle east [htm5] 
 

Internet Usage in the Middle East 

( Middle East Internet Usage & Population Statistics) 

INTERNET USERS IN THE MIDDLE EAST AND IN THE WORLD 

MIDDLE EAST REGION
Population  
(2007 Est.) 

Pop. % 
of World

Internet Users, 
Latest Data 

% Population 
(Penetration) 

Usage % 
of World 

Use Growth 
(2000-2007) 

Total in Middle East 193,452,727 .9 % 19,539,300 10.1 % 1.7 % 494.8 % 

Rest of the World 6,381,213,690 97.1 % 1,153,570,625 18.1 % 98.3 % 222.5 % 

WORLD TOTAL 6,574,666,417 100.0 % 1,173,109,925 17.8 % 100.0 % 225.0 % 
 

 

Figure 1.5, Middle east internet users [htm5] 
 
Table 2.6, Middle east internet usage and population statistics [htm5] 

Middle East Internet Usage and Population Statistics 

MIDDLE EAST 

Population  
(2007 Est.) 

Usage, in 
    Dec/2000 

Internet. Usage,
Latest Data 

% Population 
(Penetration) 

of 
M.E. 

Use Growth
(2000-2007) 

   Iran 70,431,905   250,000     7,600,000 10.8 % 38.9 % 2,940.0 % 

  
 
2.14. Classical models: 

2.14.1. Technology Acceptance Model (TAM): 

One of the continuing issues of information system is that of identifying factors 

that cause people to accept and make use of systems developed and implemented by 
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others [KH06]. The attractiveness and power of ecommerce lies in its impact on 

reshaping traditional value chains in different industries. It represents a fundamental 

transformation of traditional business models. Although rapid growth has been witnessed 

in ecommerce area, online sales volume remains relatively low compared to alternative 

retailing forms. Consumers have realized the benefits of shopping online, but at the same 

time been impeded by factors such as security and privacy concerns, download time and 

unfamiliarity with the medium. For these purposes, researchers have implemented many 

models and schemes to overcome some difficulties facing ecommerce environment. 

These models are used to describe and find the factors that make people use the 

ecommerce innovations. In this part, we illustrate the models, which are used to evaluate 

these factors about recommender system and the statistical rules that help to implement 

recommenders 

In 1989, Davis (Davis et al 1998) proposed the technology acceptance model 

(TAM) to explain the potential user’s behavioral intention to use a technological 

innovation. TAM is based on the theory of reasoned action (TRA) (Fishbein et al 1975), a 

psychological theory that seeks to explain behavior. TAM involved two primary 

predictors— perceived ease of use (EU) (i.e. “the prospective user’s subjective 

probability that using a specific application system will increase his or her job 

performance within an organizational context”) and perceived usefulness (U) (i.e. “the 

degree to which the prospective user expects the target system to be free of effort”) and 

the dependent variable behavioral intention (BI), which TRA assumed to be closely 

linked to actual behavior. Key linkages are specified between these two key (EU, U) 

belief constructs and users’ attitudes, intentions and adoption behaviors. It is posited that 

attitude towards using a new information system is determined by users’ perceptions of 

usefulness and ease of use of the system, and that attitude towards using the system, in 

turn, is the key determinant of behavioral intention to use, which ultimately determines 

actual system use.  

The effects of external variables such as individual differences or situational 

constraints are also expected to impact on user acceptance only as far as they are 

mediated by the two key belief constructs of perceived usefulness and perceived ease of 

use. Furthermore, in their seminal work, Davis et al. (1989) found that perceived 
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usefulness might affect actual use irrespective of attitude, if the use of the system offers 

direct benefits to the user (King et al 2006, McKechni et al 2006). 

Because of several applications and replications, TAM is considered to be well 

established and robust (Venkatesh et al 2000) and consistently explains a substantial 

proportion of the variance (i.e. around 40 per cent) in usage intentions and behavior. A 

review by Deng et al. (2005) shows that the TAM model has been applied in a range of 

computer-based technology contexts both general (e.g. e-mail, microcomputer/PC office 

suite applications, online shopping) and specific (e.g. accounting services) (McKechni et 

al 2006). 

Several studies extended the TAM model by focusing specifically on antecedents 

of ease of use and perceived usefulness, or added additional components to the model in 

order to account for the context-specific nature of adoption studies. Deng et al. (2005) 

concluded that comparability across the studies was difficult because of the variety of 

applications studied and differences in the type of data gathered, the dependent variables 

utilized and the items used to measure the key belief constructs. 

While the original model was specifically developed to predict user acceptance of 

computer technology within the workplace, it has been considered suitable as a 

theoretical basis for understanding the use, behavior and acceptance of new internet-based 

technologies. According to (O’Cass et al 2003), TAM has been successfully applied in a 

range of marketing contexts, including online retailing, to understand and explain 

consumer information (McKechni et al 2006). 

 

Figure 2.6, Technology Acceptance Model 
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2.14.2. Innovation Diffusion Technology (IDT): 

Another well-established theory for user adoption is IDT (Rogers 1962), which 

posits that innovation diffusion is achieved through users’ acceptance and use of new 

ideas or things. The theory explains, among many things, the process of the innovation 

decision process, the determinants of rate of adoption, and various categories of adopters, 

and it helps predict the likelihood and the rate of an innovation being adopted. Rogers 

(1995) stated that an innovation’s relative advantage, compatibility, complexity, 

trainability and observables were found to explain 49–87 per cent of the variance in the 

rate of its adoption. Subsequent research projects including the meta-analysis of 75 

diffusion articles conducted by Tornatzky and Klein (1982) (Zaltman et al 1973) found 

that only relative advantage, compatibility and complexity were consistently related to the 

rate of innovation adoption (Chen et al 2004). 

TAM and IDT are among the most influential theories in explaining and 

predicting system use and innovation adoption. Originating from different disciplines, 

TAM and IDT have some obvious resemblances. The relative advantage construct in IDT 

is often viewed as the equivalent of U construct in TAM, and the complexity construct in 

IDT is very similar to the EU concept in TAM (Moore et al 1996). 

2.14.3. United Theory of Acceptance and Use of Technology 
(UTAUT) 

The UTAUT aims to explain user intentions to use an IS and subsequent usage 

behavior. The theory holds that four key constructs (performance expectancy, effort 

expectancy, social influence, and facilitating conditions) are direct determinants of 

usage intention and behavior. Gender, age, experience, and voluntaries of use are 

posited to mediate the impact of the four key constructs on usage intention and 

behavior. The theory was developed through a review and consolidation of the 

constructs of eight models that earlier research had employed to explain IS usage 

behavior (theory of reasoned action, technology acceptance model, and motivational 

model, theory of planned behavior, a combined theory of planned 

behavior/technology acceptance model, model of PC utilization, innovation diffusion 

theory, and social cognitive theory). Subsequent validation of UTAUT in a 
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longitudinal study found it to account for 70% of the variance in usage intention 

(Vakentash et al 2000). 

 

Figure 2.7, UTAUT, [VM00] 

 

2.14.4. Perceived Service Quality (PSQ):     

The most important characteristic of services, and probably the only unique one, is 

the fact that services are processes, not things. This means that a service firm has no 

products, only interactive processes. A product variable should not enter a service-

marketing model. The natural way of finding the service-oriented equivalent of product 

features is to ask the question “What do customers of services see in a service as a need-

satisfying solution when they do not see and perceive any ready-made product features?” 

The obvious answer seems to be, “They see and perceive the process they are involved in 

as consumers of the service as well as the outcome of this process.” Hence, whereas the 

consumption of physical products can be described as outcome consumption, the 

consumption of services can be characterized as process consumption (Gronroos  2001). 

Another model in this study, which is considered, is PSQ: Perceived service 

quality is a recurring research issue for both marketing and information systems 

discipline. With virtual stores being both marketing channels and information systems, 

service quality is crucial to their success. Perceived service quality is defined as the 

discrepancy between what customers expect and what customers get. High-perceived 

service quality has always been associated with increased customer satisfaction and 
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retention. It is also acknowledged as one of the measures of information systems success 

(Pitt et al 1995). 

Perceived service quality is determined by the size and the direction of so-called 

internal gaps (Chen et al 2004): 

• Between customer expectations and management perception of those 

expectations; 

• Between management perceptions of customer expectations and the firm’s 

service quality specifications; 

• Between service quality specifications and actual service delivery 

• Between actual service delivery and external communications about the 

service. 

Parasuraman et al. (1988) identified five dimensions, which consumers use to 

evaluate service quality. They are tangibles, reliability, responsiveness, assurance, and 

empathy. These five dimensions are translated into the virtual store context as follows. 

• Tangibles: The physical facilities provided by a virtual store (the appearance 

of the virtual store, the existence of online and offline customer service 

facilities) 

• Reliability: A virtual store’s ability to perform the promised action dependably 

and accurately (i.e. on time and accurate product delivery). 

• Responsiveness: A virtual store’s willingness to offer help to its customer in a 

timely fashion (e.g. quick e-mail responses to customers’ inquiries). 

• Assurance: A virtual store’s ability to inspire trust and confidence. 

• Empathy: The caring and individualized attention   

Besides the traditional dimensions of services, self-service, logistic service, 

personalization and customization are presenting new opportunities and challenges for 

virtual stores. At the highest level, virtual stores can establish virtually one-to-one 

relationships with their customers, which is costly and difficult to achieve in other retail 

formats. On the other hand, many customers have expressed their frustration at dealing 

with some virtual stores when encountering problems with the products and order 

fulfillment. Consumers are asking for more ‘human touch’ and higher service quality in 
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2.14.5. Theory of Reasoned Action (TRA) 

This theory has been used widely in technology adoption research. According to 

this theory an individual’s intention to adopt an innovation is influenced by attitude 

toward the behavior and subjective norm and subsequently person’s behavior is 

determined by his intention to perform the behavior. Figure 2.8 shows the relationships 

among constructs in TRA. 

The theory of reasoned action (TRA), developed by Martin Fishbein and Icek 

Aizen (1975, 1980), derived from previous research that started out as the theory of 

attitude, which lead to the study of attitude and behavior. The theory was, “born largely 

out of frustration with traditional attitude-behavior research, much of which found weak 

correlations between attitude measures and performance of volitional behaviors”  

The theory “proposes that behavioral intention is a function of both attitudes 

toward a behavior and subjective norms toward that behavior”. And a person’s behavioral 

intention is a predictor of actual behavior. 

To put the definition into simple terms: a person's volitional (voluntary) behavior 

is predicted by his/her attitude toward that behavior and how he/she thinks other people 

would view them if they performed the behavior. A person’s attitude, combined with 

subjective norms, forms his/her behavioral intention (Azjen et al 1980). 

 
Figure 2.8, Theory of Reason Action (TRA), (Azjen et al 1980) 

2.14.6. Theory of Planned Behavior (TPB): 
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TPB [Azjen 1985, 1991] is an extension of the theory of reasoned action (TRA) 

(Azjen et al 1980), made necessary by the latter model’s inability to deal with behaviors 

over which individuals have incomplete volitional control. At the heart of TPB is the 

individual’s intention to perform a given behavior (see Figure 1). For TPB, attitude 

toward the target behavior and subjective norms about engaging in the behavior are 

thought to influence intention, and TPB includes perceived behavioral control over 

engaging in the behavior as a factor influencing intention. TPB has been used in many 

different studies in the information systems literature. TRA and TPB have also been the 

basis for several studies of Internet purchasing behavior. 

According to TPB, an individual’s performance of a certain behavior is 

determined by his or her intent to perform that behavior. Intent is itself informed by 

attitudes toward the behavior, subjective norms about engaging in the behavior, and 

perceptions about whether the individual will be able to successfully engage in the target 

behavior.  

According to Azjen (1985), an attitude toward a behavior is a positive or negative 

evaluation of performing that behavior. Attitudes are informed by beliefs, norms are 

informed by normative beliefs and motivation to comply, and perceived behavioral 

control is informed by beliefs about the individual’s possession of the opportunities and 

resources needed to engage in the behavior. Azjen compares perceived behavioral control 

to Bandura’s concept of perceived self-efficacy. TPB also includes a direct link between 

perceived behavioral control and behavioral achievement. Given two individuals with the 

same level of intention to engage in a behavior, the one with more confidence in his or 

her abilities is more likely to succeed than the one who has doubts. As a general theory, 

TPB does not specify the particular beliefs that are associated with any particular 

behavior, so determining those beliefs is left up to the researcher (George 2004). 
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Figure 2.9, Theory of Planned Behavior 
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Chapter three 

Methodology 

3.1. Introduction: 

Before explaining the data that should be gathered from the target, methodology 

of this research will be explained. The methodological choices reported in this study give 

us guidelines for the way we should gather required information for our research and 

analyzing matters. This method increases the possibility to receive appropriate answers to 

our research questions and helps to gain valuable conclusions. Likert scaling method that 

will be used in the questionnaire will be discussed and the path analysis that will be used 

in analyzing the data will be widely covered. In the final part, we will talk about validity 

and reliability tests that will be used to test the results. 
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3.2. Research Purpose: 

According to Business Research Method book (Cooper et al 2003), the different 

types of study are Reporting, Explanatory, Descriptive and Predictive which is defined in 

brief. 

Reporting study may be made only to provide an account or summation of some 

data or to generate some statistics. The task may be quit simple and the data readily 

available. A reporting study calls for knowledge and skilled with information sources and 

gatekeepers of information sources. In this study, the purpose is not only accounting some 

data and reports the result. It needs to be analyzed and explain about the matter. Thus, it 

can not be counted as reporting study (Cooper et al 2003, pp. 10). 

Explanatory study goes beyond description and attempts to explain the 

reasons for the phenomenon. Research that studies the relationship between two or 

more variables is also referred to as a correlation study. In an explanatory study, the 

researcher uses theories or at least hypotheses to account for the forces that caused a 

certain phenomenon to occur. It seeks to find cause/effect relationships between given 

variables. In order to accomplish that, besides having to come up with a well-defined 

research problem, hypotheses need to be stated (Eriksson et al 1097). 

 We will use hypothesis for testing the study and also the relationships between 

two and more factors of TPB model are mentioned in the model. Therefore, this study can 

be mentioned as explanatory study (Cooper et al 2003, pp.11). 

It is also descriptive study, as long as it tries to discover answers to the questions 

who, what, when, where and sometimes how. In descriptive study, the researcher attempts 

to describe or define a subject, often by creating a profile of a group of problems, people 

or events. Such studies may involve collection of data and creation of a distribution of the 

number of times the researcher observes a single event or characteristics, or they may 

involve relating the interaction of two or more variables (Cooper et al 2003, pp: 11). 

Descriptive studies present data in a meaningful form thus, help to (1) understand the 

characteristics of a group in a situation of interest, (2) aid in thinking systematically about 

aspects in a given situation, (3) offer ideas for further probing and research, and/or (4) 
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help make certain simple decisions (such as how many and what kinds of individuals 

should be transferred from one department to another) (Sekeran 1992).  

As long as this study attempts to explain the reasons for the RS acceptance in 

retail sector in Iran, it is explanatory and also it attempts to answer the question of "What 

are the factors that cause customers use RS in Iran retail sector?", "How are the variables 

of TPB model has related to each other due to RS acceptance in retail sector in Iran?", it 

is descriptive study as well. In addition, many sub questions including what and how 

questions, can be extracted from it. It also tries to find relations between factors and refers 

to correlation studies. 

In the descriptive study, if it is concerned with learning how one variable produces 

changes in another, it is causal. In the causal study, we try to explain relationships among 

variables (Cooper et al 2003, pp.149). As it is mentioned before, the TPB model will be 

used for exploration the situation. In addition, there are some hypotheses to test if it 

works for the case or not. For examples, we have to test if subjective norm is the right 

factor to make customer to accept RS in retail industry or not. Thus, it is causal analysis 

as well. 

Predictive study is the other type of studies that provide a plausible explanation 

for an event after it has occurred and it is desirable to be able to predict when and in what 

situations the event will occur. It is rooted in theory as explanation. In our study, it is not 

any explanation after occurring an event. It only explains the reasons of phenomenon and 

answer to the questions of what and how (Cooper et al 2003). 

3.3. Research approach: 

The two famous approaches that almost all studies have, are qualitative and 

quantitative. 

Both qualitative and quantitative approaches are aimed at creating a better 

understanding of the society and to comprehend how individuals, groups and institutions 

act and have an influence on each other (Creswell 1994). 

A qualitative study is designed to be consistent with the assumptions of a 

qualitative paradigm. The qualitative study is defined as an inquiry process of 
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understanding a social or human problem, based on building a complex, holistic picture, 

formed with words, reporting detailed views of informants, and conducted in a natural 

setting. In many qualitative studies a theory does not guide the study because those 

available are inadequate, incomplete, or simply missing (Creswell 1994).  

A quantitative study, consistent with the quantitative paradigm, is an inquiry into 

a social or human problem, based on testing a theory composed of variables, measured 

with numbers, and analyzed with statistical procedures, in order to determine whether the 

predictive generalizations of the theory hold true (Creswell 1994). Quantitative research 

is most often used in studies with clearly stated hypotheses that can be tested. This 

deductive path makes a distinction between science and personal experience and tends to 

concentrate more on description, explanation, generalization, and abstraction. It focuses 

on well-defined, narrow studies. Quantitative research strives to use a consistent and 

logical approach toward what is being investigated and uses statistical inferences and 

mathematical techniques for processing the data (Ungar et al 1998). 

This study as it is designed on the hypotheses to be tested. It will be measured by 

the questionnaire and the result are specified by the measuring the results from the 

distributed questionnaire. So we have to come to analyze the numeric data. Thus, it is 

mentioned as quantitative study. 

3.4. Research strategy: 

According to the social science research, there are five different categories which 

are mentioned in most studies that are illustrated in this part. 

Experiment is a classical form of research that owes much to the natural sciences, 

although it features strongly in much social science research, particularly psychology 

(Saunders et al 2000). When conducting an archival analysis there is no control over 

behavioral events. This strategy is favored when the research goal is to describe the 

incidence or prevalence of a phenomenon as well as when the goal is to predict certain 

outcomes (Yin 1994). History focuses on contemporary events and does not require any 

control on the behavior. Thus our study is not in history category. The case study focuses 

on the contemporary events and does not require any control on behavior. But it is 

suitable for qualitative study as it is able to refine the data collection method. This study 
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is allocated to Survey method strategy as it is defined for most quantitative researches. 

The answers to the most questions like how, when, what and where are included in this 

type of strategy (Yin 1994). Therefore, we can categorize the strategies in to table 3.1: 

Table3.1, Research strategy   

      Research Strategy            Research Questions    Control over behavior 
Focus on contemporary  

events 

Survey 
who, what, where, how many, how 

much 
No Yes 

Experiment How, why Yes Yes 

History How, why No No 

Case study How, why No Yes 

Archival analysis 
who, what, where, how many, how 

much 
No Yes/No 

 

3.5. Data collection method: 

The researchers determines the data collection approach largely by identifying the 

type of information needed-investigating questions the researcher must answer-and the 

desired data type (nominal, ordinal, interval, or ratio) for each of these questions. The 

characteristics of sample unit – especially whether a participant can articulate his or her 

ideas, thoughts and experiences- also play a role in the decision. The researcher's choice 

of communication approach affects the following:  

• the creation and selection of the measurement questions 

• sampling issue which drive contact and call back procedures 

• instrument design which incorporates attempts to reduce error and create 

respondent-screening procedure 

• data collection processes, which create the need for follow-up procedure 

(Cooper et al 2003, pp. 147) 

Communication-based research may be conducted by personal interview, 

telephone, mail, computer, or some combination of these. 

Therefore, it is divided in to the following method: 
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1. Personal interviewing, is the two way conversation initiated by an interviewer 

to obtain information from participant. The consequences of the event are 

usually insignificant for the participant. The participant is asked to provide 

information and has little scope of receiving any immediate or direct benefit 

from the cooperation. 

2. Telephone interviewing makes its greatest contribution in survey work as a 

unique mode of communication to collect information from participant. Of the 

advantages of that telephone interviewing offers, probably none ranks higher 

than its moderate cost. Computer assisted telephone interviewing (CATI) is 

used in research organizations throughout the world. Another means of 

securing immediate response data is the computer administered telephone 

survey, there is no interviewer. 

3. In-depth interview encourages participants to share as much information as 

possible in an unconstrained environment. The participant talks in-depth about 

a set of topics. 

4. Self administered questionnaire has become ubiquitous in modern living. 

Often a short questionnaire is left to be completed by participant in a 

convenient location or is packaged with a product. 

The method that we have used in this study is questionnaire. Questionnaires have 

three types of questions. Administrative questions identify the participant, interviewer, 

interview location and conditions. These are rarely asked of participant but are necessary 

to study patterns within data and identify possible error sources. Classification questions 

usually sociological-demographic variable that allow participants' answer to be grouped 

so patterns are revealed and can be studied. Target questions address the investigative 

questions of a specific study. Therefore, this study used target questions in the 

questionnaire (Cooper et al 2003, pp. 362). 

3.6. Population and sampling method: 

A sample is a part of the target population, carefully selected to represent the 

population. In this study, the sampling process must then give every person within the 

target population a known zero chance of selection if probability sampling is used 

(Cooper et al 2003, pp. 81). 
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                                        Table 3,2, Sampling method[CS03] 
    Probability    Nonprobability 

  Simple random      Convenience 

 Complex random          Purposive 

       Systematic         Judgment 

         Cluster             Quota 

       Stratified          Snowball 

          Double  

 The method that will be used in this research is simple random sampling that 

entails defining the population to be studied, determining the percentage of this 

population to be studied. It is given each individual, an equal selected chance to be 

selected in study. In this matter a sufficiently random sample of a general population 

becomes representative of the larger whole (Cooper et al 2003, pp. 413). 

Shahrvand has been chosen as the case study in this research. Since, it is the large 

chain store in Iran and has accepted to take part in this research. 

After conducting many meetings in the Shahrvand Scientific Center and defining 

the scope of this thesis, we have given the allowance to begin this research. Therefore, the 

research has been started in June 2007. 

The questionnaire that will be designed for this study requires pretest and 

consulting. Thus, conducting focus group from Shahrvand loyal customers to measure 

their idea about RS in retail sector become prior requirement. The idea that will be gained 

from people can help us conduct an appropriate questionnaire. 

A focus group is a panel of people, led by a trained moderator for some times. 

The moderator uses group dynamics principles to focus or guide the group exchange 

ideas and feelings on special topic. Typically the focus group panel is made of six to ten 

respondents. Too small or too large a group results in less effective participation. The 

facilitator introduces the topic and encourages the group to discuss it among themselves.  
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Following a topical guide, the moderator steers the discussion to ensure that all 

relevant information desired by the client considered by the group. In face to face 

settings, some moderators use large sheets of paper to record trends on that. Focus groups 

are brief, relatively inexpensive and extremely flexible. Participants record in their own 

words, rather than being force in to a formalized method. Because, they can freely react to 

each other's responses, the unexpected often occurs (Cooper et al 2003, pp. 156). 

As it is mentioned in the definition of focus group, the people who are nominated 

to attend the group have more information about the case than others. In addition, they are 

not related to special idea or group. In this study, this group consists of Shahrvand loyal 

customers who are recognized by Shahrvand customer service department. This 

department discovers that the customers, who are nominated, come to the Shahrvand 

more than the others. Thus, the nomination has taken by people who work in different 

branches of Shahrvand. 

3.7. Scaling method: 

3.7.1. Likert: 

The method that is used for scaling is Likert scale that is a type of psychometric 

response scale often used in questionnaires, and is the most widely used scale in survey 

research. When responding to a Likert questionnaire item, respondents specify their level 

of agreement to a statement. The scale is named after Rensis Likert, who published a 

report describing its use. 

Likert scale helps us compare one person's score with the distribution of scores 

from a well-defined sample group. The researcher can measure attitudes before and after 

the experiment or change or judge whether the organization's efforts have had the desired 

effects. 

A typical test item in a Likert scale is a statement. The respondent is asked to 

indicate his or her degree of agreement with the statement or any kind of subjective or 

objective evaluation of the statement. Traditionally a five-point scale is used, however 

many psychometricians advocate using a seven or nine point scale. The type of scaling is 

designed in the following method (Likert 1932). 
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1. Strongly disagree  

2. Disagree  

3. Neither agree nor disagree  

4.  Agree  

5. Strongly agree  

Likert scaling is a bipolar scaling method, measuring either positive or negative 

response to a statement. Sometimes a four-point scale is used; this is a forced choice 

method since the middle option of "Neither agree nor disagree" is not available. Likert 

scales may be subject to distortion from several causes. Respondents may avoid using 

extreme response categories (central tendency bias); agree with statements as presented 

(acquiescence bias); or try to portray themselves or their organization in a more favorable 

light (social desirability bias)  (Likert 1932). 

Likert scales help us compare one's person score with the distribution of scores 

from a well-defined sample group. The researcher can measure attitudes before and after 

the experiment or change, or judge whether the organization's efforts have had the desired 

effects (Cooper et al 2003, pp.253). 

3.8. Analyzing method: 

Path analysis is a type of multiple regression analysis. The term path analysis has 

been used to refer to the analysis of causal models when single indicators are employed 

for each of the variables in the model. Since, in this research, single indicators are used to 

be directed to each variable of TPB as the causal model, path analysis is the appropriate 

method of analyzing data. 

Path analysis is a straightforward extension of multiple regressions. Its aim is to 

provide estimates of the magnitude and significance of hypothesized causal connections 

between sets of variables. This is best explained by considering a path diagram. Most 

obviously, if two or more pre-specified causal hypotheses can be represented within a 

single input path diagram, the relative sizes of path coefficients in the output path 

diagram may tell us which of them is better supported by the data (Everitt et al 1991 and 

Wahlund 1992]. In the chapter five regarding data analysis, this function has supported by 

the data gathered from Shahrvand customers. 
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Path analysis in this study is done by LISREL program. First developed by Karl 

Joreskog in 1973 (Joreskog et al 1973), LISREL is still a commonly accepted term for 

referring to both the software program and the general statistical method for modeling the 

analysis of covariance structures. The major advantages of LISREL are that it can 

estimate multiple and interrelated dependence relationships, and that it can represent 

unobserved concepts or latent variables, in those relationships and account for 

measurement error in the estimation process. LISREL is a technique that allows for 

separate relationships for each of a set of dependent variable. In its most basic sense, 

LISREL provides an efficient estimation technique for a series of multiple equations 

projected simultaneously. The path diagram includes various shapes, lines and notation 

and researchers using LISREL must understand how the geometric symbolism depicted in 

the schematic models related to the regression or matrix equations (Cooper et al 2003, pp. 

623). 

3.9. Question validity: 

Validity in the context is the extent to which differences found with a 

measuring tool reflect true differences among respondents being tested (Cooper et al 

2003, pp. 231). 

3.9.1. Content validity: 

The content validity of a measuring instrument is the extent to which it 

provides adequate coverage of the investigative questions guiding study (Cooper et al 

2003, pp. 232-235). 

In the questionnaire, the content of each questions, is discussed with academic 

professors and Shahrvand experts. In addition, all of questions are related to the 

factors of TPB model and factors which will be extracted from people's idea. All 

questions will be discussed with Shahrvand loyal customers. 

3.9.2. Formal validity: 

Formal validity is the extent to which the shape of the instrument would be 

appropriate for the population of sampling and also for the case situation. This 
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questionnaire will be approved by academic people and passed through Shahrvand 

different offices and approved by Shahrvand experts and also the Research and 

Science Center of Shahrvand. 

3.10. Reliability:  

A measure is reliable to the degree that it supplies consistent results. 

Reliability is a necessary contributor to validity, but it is not sufficient condition for 

validity. Reliability is concerned with estimated of the degree to which a 

measurement is a free of random or usable error. Reliable instruments can be used 

with confidence that transient and situational factors are not interfering. Reliable 

instruments are robust. They work well at different times under different conditions 

(Cooper et al 2003, pp. 236). 

The method that is used in this study for testing the reliability is Cronbach's 

alpha which is the degree to which instrument items are homogeneous and reflect the 

same underlying constructs. It has the most utility for multi item scales at the interval 

level of measurement. If the amount is less than 0.5, it is not appropriate for the study. 

The results of reliability test will be illustrated in chapter five (Cooper et al 2003, pp. 

239). 
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Chapter 4 

Extended TPB with its questionnaire 

4.1. Introduction: 

In the previous chapter, most subjects toward research methods and the type of 

data analyzing and measuring data have been explained. In this chapter, we talk about 

how we have chosen TPB as the appropriate model for this case study, Shahrvand. Next, 

the questions in the questionnaire, the way it will be designed and the factors that are 

related to, are illustrated. We will add some questions regarding the retail and Shahravnd 

after conducting focus group which will be mentioned in this part. This chapter will be 

finilized by mentioning the hypothesis of this study. 
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4.2. TPB as the main model: 

As it has been discussed in the previous parts, the main thing before implementing 

RS is customers' acceptance. Therefore, measuring customers' behavior and the factors 

that are initiative for customers' behavior is important in this research.  

But why TPB has been chosen as the main model for structuring this research. 

Adoption of the technology by using intention and usage of independent variables is one 

of the most important focuses of researchers. The attractiveness and power of ecommerce 

lies in its impact on reshaping traditional value chains in different industries. Consumers 

have realized the benefits of shopping online, but at the same time have been impeded by 

factors such as security and privacy concerns, download time and unfamiliarity with the 

medium. For these purposes, researchers have implemented many models and schemes to 

overcome some difficulties facing ecommerce environment. These models are used to 

describe and find the factors that make customers use the ecommerce innovations. The 

well known acceptance models has been briefly reviewed as follows: Technology 

Acceptance Model (TAM) [Davis et al 1998], Theory of Reasoned Action (TRA) 

(Fishbein et al 1975), Theory of Planned Behavior (TPB), (Azjen 1985, 1991) and United 

Theory of Acceptance and Use of Technology (UTAUT) (Vakentash et al 2003). 

Technology has made many changes in retail from early days to recent time. 

Retailing has always taken advantage of technology. Many articles agree on that the 

history of retail is the history of technology. Thus, the adoption of technology is the 

beginning of change (Hoping 2000). 

More empirical adoption requires investing a large amount of money and human 

efforts. The profit over the adoption of new technology especially in retail depends on 

number of people who use the new technology and the amount of their usage from 

technology. Therefore, it is logical and advantageous to use the models that are specially 

designed for adopting technology in retail and measure the acceptance of technology by 

people. It could help to invest on the adoption correctly. 

  However, we have been motivated to find the best acceptance model by 

introducing the parametric comparison method to specify the best adoption model in a 

known case. 
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To justify a technology acceptance model for a special case firstly, the model 

factors and criteria have to be appropriate to deploy in that case. For this purpose, five 

criteria, which are important for a model to explain RS case in retail, are identified. 

1.Encouraging customer, which is defined as factors that encourage customers 

to employ the new device in their shopping behavior.  

2.Retail facilities as factors which create comfort in shopping. 

3.Ease of system usage is referred to the system and the direction to work. 

4.Customer environment which allocates to items those are in the area where 

customer lives and affects his choice. 

5.Customers' attitude that describe the customer’s idea about the system. These 

are the criteria that the model must have to be useful in research for RS in retail 

industry. 

  As it has indicated in previous sections, TPB has three factors that cause 

intention toward behavior. The first one is attitude toward behavior. Idea plays an 

important role in one’s performance toward a job. It is mentioned as one’s feeling about 

using that system. This feeling is some how a basis for using RS. Therefore, this factor 

fulfills the need of one factor. In addition, TRA is the other model that has attitude. 

  The second one is subjective norm. Many customers’ decision will be affected 

by other people's opinion. As long as RS is a recent technology, which helps people in 

their shopping, one factor that has huge effect on people’s intention in using RS is 

regarded to other people’s idea and their recommendation for using this recent system. 

Therefore, subjective norm is an important factor in one’s behavior in using RS in 

shopping. Thus, encouraging customers is related to subjective norms, which TRA also 

has this item. TAM’s factor, Perceived usefulness, is the factor that fulfills this need. 

Perceived behavioral control is the third factor that affects people’s choice in 

shopping. This concept is defined as one's perception of the difficulty of performing a 

behavior. In addition, it contains the meaning how a system works as well. As long as 

factors like time, price and traffic are the ones that are important in performing a 

shopping behavior, one’s perception of these resources that making the act of purchasing 

easier or harder by using these resources, plays an important  role in accepting and using 

a technology. Therefore, facilities in retail and ease of system usage are back to this 

factor. TAM also has a factor as Perceived ease of use and UTAUT’s facility condition 

fulfill this factor. In addition, Perceived behavioral control explains environmental 

conditions. Therefore, TPB has the last criteria as well; also UTAUT has the social 
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influence factor which affects environmental factors. Table 4.1 shows the factors 

regarding this discussion. 

 
                                Table 4.1, Comparing acceptance models 

Factors TAM TRA TPB UTAUT 

Encouraging 

customers 
* * *  

Retail 

facilities 
* * * 

Ease of 

system 

usage 

* * 

Customer 

environment 
* * * 

Attitude of 

customer 
* *  

 
 

The main factors that we face in this research are subjective norm, attitude toward 

behavior and perceived behavioral control. These three factors have huge influence on 

intention. Therefore, TPB has been chosen as the main model for describing the RS 

acceptance in retail sector in Iran. 

According to the model selection, we design our questionnaire base on the TPB 

factors. In addition, some factors are required for RS acceptance in retail sector. These 

factors will be found through focus group which we conduct from Shahrvand loyal 

customers. 

4.3. Questionnaire& focus group:   
The type of questions that have been conducted is related to TPB model. These 

questions has been designed with the help of Dr.Asosheh and one of the Shahrvand's 

employees, Mr.Alizadeh, who has started in Shahrvand 12 years ago in customer service 

department and now has office job. The questions must be in the way that everyone's 

response which are factual in nature; designed to be answered quickly (10-20 sec) and 

identify characteristic of participants that have in common; introduce the topic of 

discussion and/or provide an opportunity to reflect on past experiences which move the 
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conversation into the key questions and help participants view the topic from a broader 

scope [htm6]. 

Each question describes a factor of TPB model in face to the RS as the recent 

technology [Appendix, Questionnaire]. 

Questions that are related to Subjective norm are: 

"4. My friends' recommendation affects my choice in shopping" 

"5. Advertisements affect my choice in shopping" 

"6. Recommendation from salespeople affects my choice in shopping." 

Because they talk about an individual’s perception of social normative pressures, 

or relevant others’ beliefs that one should or should not perform such behavior. Here, 

friends' advice, recommendation from sales people and advertisements are counted as the 

social normative pressure (Goerge 2004, Fusilier et al 2005, and Limayem et al). 

Questions that are related to Attitude toward behavior are: 

"8. Shopping is an entertainment for me." 

"13. I think using RS in shopping is logical." 

"20. Shopping from internet is interesting for me." 

The basic structure of these questions focus on an individual’s positive or negative 

evaluation of self-performance of the particular behavior (Goerge 2004, Fusilier et al 

2005, and Limayem et al). 

Questions that are related to Perceived Behavioral Control are: 

"11.The uniting of the place of shopping is important for me."   

"14. Easiness of system usage is important for me." 

"15. Having facility in shopping is important for me." 
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"16. Time is important in my purchases." 

"17. Price is important in my shopping." 

"18. Traffic is important in my shopping." 

"19. Economical situations are important in my shopping." 

The perceived behavioral control talks about an individual's perceived ease or 

difficulty of performing the particular behavior that these questions have these 

characteristics (Limayem et al).  

Questions which are related to behavior are: 

"3. RS affects my choice in shopping." 

"12. I like to use RS in my shopping." 

Since these questions are related to an individual's observable response in a given 

situation with respect to a given target, they are related to behavior construct. As the 

questions related to intention have not been included in this questionnaire and we have 

directly related each factor to behavior, thus we have omitted intention in this model for 

RS acceptance in Iran retail sector. 

To pretest the questionnaire and specify the factors regarding RS acceptance in 

retail sector, the focus group has been conducted among Shahrvand loyal customers. 

Sixteen people have been introduced to us as the loyal customer from different branches. 

We have chosen six loyal customers from the list randomly and after telephone 

conversation with four of them, we have mentioned appointments to have face to face 

conversation. We follow each customer by number. 

1. Mrs. Moradi, which we went to her office, is about 50-60 years old, and she is 

the mother of family of three. The income of the family is between 600,000-

900,000T. The interesting point about her is that, she goes to Shahrvand 

(Beyhaghi branch) every single day. She has stated that it is kind of entertainment 

for her. The quality was important for her and the recommendation from sales 

people in Shahrvand affects her choice. Regarding to our conversation, the name 
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of Shahrvand creates confidence for her in her shopping. She thinks for her age, it 

will be hard to use computer devices for shopping purposes. 

2. Mrs. Maroufkhani, the mother of family of four, is about 35 years old. Quality 

is the first word in her shopping, but she does not like variety. She likes 

recommendation from salespeople. She does not have time to explore each section 

to see each item. We had a short discussion in their area. She is the customer of 

Farmaniyeh branch. 

3.  Mr&Mrs.Goudarzi, run a kindergarten where we had the meeting. They go to 

Shahrvand (Farmaniyeh branch) twice a week and purchase large amount of 

grocery and beef. They are confident about Shahrvand, and this feeling affected 

their shopping. They do not like variety, so, they do not go for different brands. 

4.  Mrs.Entezari, a 50 years old housewife who has a family of four. It is more 

than six years that she fulfills the need of family from Shahrvand (Behroud). She 

never goes for different brand. Thus, she does not like any recommendation from 

friends or ads. 

Except from them, we had conducted two telephones focus group. 

5.  Mrs.Mahmoudi, about 30, has the family of five. She goes to Shahrvand 

(Boustan) two to three times a week. Time and traffic is very important to her. She 

likes to receive recommendations from different sources. She thinks 

recommendation from Shahrvand, itself is more effective for her. 

6.  Mrs.Rahmaninasab, about 28, is the mother of family of three. Shopping is 

not an entertainment for her. She is flexible toward recommendation from 

different sources. Price has important effect in her shopping. She is the customer 

of Shahrvand Shar-e-rey branch. 

These people had been chosen from different branches of Farmaniyeh, 

Boustan, Behroud, Beyhaghi, Shahr-e-rey randomly.  

After discussing and analyzing loyal customers' ideas, we have come to the 

opinion that the name of "Shahrvand" is very important for the customers. Therefore, a 

factor as the "Brand Loyalty" has been added to the model. It is defined as an individual 

performance regarding to a brand that feels confidence about and desire to use without 

any reasons except feeling confidence and dislikes changing.  
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The other factor that have been added is "Flexibility", which is defined as an 

individual thought which is open to new information that adapts new behavior and 

methods. A person who is flexible adjusts rapidly to the new situation warranties. Some 

people have mentioned that, they don't like variety. Thus, they are not flexible people 

neither. 

According to two factors that have been added to the model, we have added some 

questions as well. 

Questions which are related to flexibility are: 

"1. I like to have variety in shopping." 

"2. I always go for the special brand in purchasing." 

"7. Variety in shopping choices makes me complex." 

As these questions define individual thought to new information and different 

items, they are related to flexibility. 

Questions which are related to Brand loyalty are: 

"9. Advertisements from Sharvand affect my choice in shopping." 

"10. I am confident about Shahrvand." 

As these questions show user's confidence about the brand, they are nominated for 

brand loyalty. 

They are five questions in the last part of the questionnaire, which have not 

followed the Likert scale. These questions were designed by Shahrvand office to gather 

some data about their sales activities and are not related to this research. 

According to that, we have received the allowance for four Shahrvand branches to 

collect data for filling the questionnaire. Shahrvand Research and Science Center, has 

selected the four branches which were Beyhaghi, Farmaniye, Behroud and Boustan. For 

each branch, two days were allocated to collect data. The data collection has been taken 

the first and the second week of Shahrivar/last week of August for eight days. Each day 

for four hours, the questionnaires have been distributed among customers.  

Approximately 60 questionnaires have been collected each day. 420 questionnaire have 

been distributed which 392 were collected. Therefore, the respond rate was 93%. 

 

4.4. Hypothesis: 
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RS has been not implemented in Iran yet. Therefore, the discussion about 

intention which is included in TPB model can be directed to behavior. Therefore, we 

discuss the relation between TPB factors to behavior directly. 

Therefore, hypotheses have been concluded in this order: 

H1: Subjective norm positively/negatively affects customer behavior directly to 

accept RS. 

H2: Attitude toward behavior positively/negatively affects customer behavior 

directly to accept RS. 

H3: Perceived behavioral control positively/negatively affects customer behavior 

directly to accept RS. 

H4: Flexibility positively/negatively affects attitude toward behavior directly in 

RS acceptance case. 

H5: Flexibility positively/negatively affects perceived behavioral control 

directlyin RS acceptance case. 

H6: Flexibility positively/negatively affects subjective norm directly in RS 

acceptance case. 

H7: Brand loyalty positively/negatively affects attitude toward behavior directly 

in RS acceptance case. 

H8: Brand loyalty positively/negatively affects perceived behavioral control 

directly in RS acceptance case. 

H9: Brand loyalty positively/negatively affects subjective norm directly in RS 

acceptance case. 

According to the suggestion of one of professors, the target population is aimed of 

one gender. Because the result would come in more appropriate format and can be 

extended for the both genders. As the case study is Shahrvand super store which has 

home based applications, women are more involved in the act of purchasing than men. , 

In addition, most men have refused to answer. This situation backs to Iran's culture that 

women have more free time than men and they have the responsibility of house 

management. Therefore, women do most of the matters regarding to purchasing. Thus, 

100% of the respondents were women.  
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Chapter 5 
Analyzing data 
5.1. Introduction: 

The next step after collecting data, is analyzing with powerful statistical program. 

In this study, we have used SPSS (Afshini et al 2007), for the descriptive data and 

checking the normality and linearity [Appendix, Normality and Linearity], and for path 

analysis, LISREL program has been used as follows (Jöreskog et al 1973).  

 

5.2. Demographic information: 

Data was gathered through four Shahrvand branches among 392 people. The four 

branches were Beyhaghi, in central part of Tehran with the economy income society, 

Behroud in west part of Tehran with the economy income society, Farmaniye in northern 

part of Tehran with high income society and Boustan in western part of Tehran with 

economy income society. These were allocated by Shahrvand Science Center. The 

information related to tables and figures in this part, is the demographic information of 

the respondents. 
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Table 5.1,Gender, SPSS output    

        Gender Frequency Percent 

Male 0 0 

Female 392 100 

Total 392 100.0 

 

 

 

0%

100%

male
female

 
Figure 5.1, Respondents gender distribution 

 

Table 5.2, Marital statue, SPSS output  

     Marital statue Frequency Percent 

married 293 74.7 

single 94 24.0 

Total 387 98.7 

Missing System 5 1.3 

Total 392 100.0 

  

 

75%

24% 1%

married

single

Missing System

 
Figure 5.2, Respondents marital 

distribution 
 

Table 5.3, Respondents age, SPSS output 

Age Frequency Percent 

17-30 146 37.2 

31-45 117 29.8 

46-60 89 22.7 

61 and more 23 5.9 

Total 375 95.7 

Missing System 17 4.3 

Total 392 100.0 

37%

30%

23%

6% 4%

17-30
31-45
46-60
61 and more
Missing System

 
Figure 5.3, Respondents Age distribution

 

As it is described in the previous section, this study has tried to extracted women 

ideas. Therefore, all respondents were women. More than half of the respondents were 

married. 

Most of the respondents were between 17 and 30 years old. With the little 

difference by the first group, about one third of respondents were middle age which is 
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between 31 and 45. In the third place were the respondents who are 46-60 years old and 

very few of people are more than 61 years old. 

Table 5.4, Respondents education, SPSS 
output  

Education Frequency Percent 

diploma and lower 168 42.9 

BS 178 45.4 

MS 34 8.7 

PhD 6 1.5 

Total 386 98.5 

Missing System 6 1.5 

Total 392 100.0 
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Figure 5.4, Respondents Education 

distribution

Table 5.5, Respondents Income, SPSS 
output 

Income Frequency Percent 

lower than 300K 127 32.4 

300K-600k 133 33.9 

600K-900K 57 14.5 

higher than 900K 56 14.3 

Total 373 95.2 

Missing System 19 4.8 

Total 392 100.0 

 

32%
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15%

14% 5%

lower than 300K

300K-600k

600K-900K

higher than 900K

Missing Sy stem

     
Figure 5.5, Respondents Income 

distribution 
 

Table 5.6, Years of purchase by 
respondents, SPSS output 

       Years of Purchase Frequency Percent 

lower than1 year 42 10.7 

1-2 years 42 10.7 

2-5 years 83 21.2 

higher than 5 215 54.8 

Total 382 97.4 

Missing System 10 2.6 

Total 392 100.0 
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 Figure 5.6, Respondents Age of Purchase 
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Table 5.7, Times of purchase of 
respondents, SPSS output 

     Purchase in a month Frequency Percent 

1-2 in month 217 55.4 

3-4 in month 68 17.3 

higher than 4 month 95 24.2 

Total 380 96.9 

Missing System 12 3.1 

Total 392 100.0 

 

56%
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3-4 in month
higher than 4 month
Missing System

 
 

Figure 5.7, Respondents Time of Purchase

 
Table 5.8, High purchased products by 
respondents, SPSS output 

  High purchased productsFrequency Percent 

grocery 301 76.8 

home appliances 18 4.6 

clothes 2 .5 

beef 70 17.9 

Total 391 99.7 

Missing System 1 .3 

Total 392 100.0 
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Figure 5.8, Distribution of high purchased 

products by respondents 

Comparing the education of respondents, it can be concluded that near half of 

them had bachelor degree. In Iran, people with bachelor degree are expected to pass four 

years of university. With little difference, after the first group, respondents with the 

diploma degree and lower were in the second place. Diploma degree is the degree for the 

12th year in high school in Iran. Very few percent of respondents had Masters Degree and 

about one from twenty of respondents had PHD degree.  

The family income of about 34% respondents was between 300K-600K Tomans 

in a month, which presents middle class life style in Iran. With very little difference with 

the first group, the second group consisted of respondents with income lower than 300K 

in a month which is low income in Iran. Respondents with income in the range of 600K-

900K Tomans and respondents with income more than 900K Tomans were approximately 

same in terms of proportion in this ranking. This range is quite high in Iranian life style. 

The huge number of respondents (more than half of them) was customers of 

Shahrvand more than five years. About one from five of customers have purchased from 
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Shahrvand two to five years. Respondents who have purchased items from Shahrvand 

about one or two years or below two years were same and were about one tenth. 

Most of the respondents (more than half) had one or two visits per month to 

Shahrvand. About one fourth of respondents had more than four visits per month to 

Shahrvand. The least number of respondents had three to four visits per month to 

Shahrvand.  

Most of respondents (more than three fourth) have bought grocery from 

Shahrvand. With huge difference, meat buyers were in the second place after grocery 

buyers among respondents. The respondents who have purchased home appliance and 

clothes were the least. 

5.3. Reliability test: 
Table 5.9, Reliability results 

           Subscale Alpha 
                      Diversity in shopping 0.7287 

                              Special brand 0.7457 

          RS affects my choice 0.7201 

           Advice from friends affect my choice 0.7419 

       Ads affects my choice 0.7351 

    Salesperson's advice affects 0.7335 

    Confusion from diversity 0.7695 

   Shopping as an entertainment -0.7543 

Ads from Shahrvand affects my choice 0.7306 

                  Confident about Shahrvand 0.7327 

Importance of united in Shopping 0.7316 

      Like to use artificial knowledge in shopping 0.7271 

Using RS is logical in shopping 0.7222 

Ease of system usage is important 0.7226 

        Having facilities is important in shopping 0.7284 

Importance of time in shopping 0.7281 

Importance of price in shopping 0.7300 

Importance of traffic in shopping 0.7272 

       Economical situations affects my shopping 0.7275 

          Shopping from internet is interesting .7432 
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As it is indicated in chapter three, for making sure about the consistent result, the 

reliability test is required. The alpha test that is done for this study is as follows: 

Table 5.9.1, Alpha results 
No. of cases No. of items Alpha 
   298    20    0.7442 

Seventh question have been excluded as it explained about "shopping as an 

entertainment". Because the total correlation of corrected item according to this question 

compare to all was negative (smaller than 0.5). The total Alpha is desirable for this study, 

since it is larger than 0.5 [chapter 3]. 

The data from table 5.10 to 5.29 in this part indicates the descriptive statistics of 

each question that have been asked in the questionnaire. 

5.4. Statistics information: 
Table 5.10, Flexibility, Diversity in shopping 

distribution, SPSS output 

 Frequency Percent 

highly agree 271 69.1 

agree 79 20.2 

average 19 4.8 

disagree 9 2.3 

highly disagree 8 2.0 

Total 386 98.5 

Missing System 6 1.5 

Total 392 100.0 

 

Table 5.11, Flexibility, Wanting special 
brand in shopping centre, SPSS output 

 Frequency Percent 

highly agree 94 24.0 

agree 136 34.7 

average 74 18.9 

disagree 41 10.5 

highly disagree 32 8.2 

Total 377 96.2 

Missing System 15 3.8 

Total 392 100.0 

Table 5.12, Flexibility, Making complex from diversity in shopping centre, SPSS outcput 

 Frequency Percent 

highly agree 38 9.7 

agree 50 12.8 

average 76 19.4 

disagree 100 25.5 

highly disagree 114 29.1 

Total 378 96.4 

Missing System 14 3.6 

Total 392 100.0 
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Table 5.13, Behavior, RS affects people 
choice in shopping, SPSS output 
 

 Frequency Percent 

highly agree 86 21.9 

agree 132 33.7 

average 91 23.2 

disagree 35 8.9 

highly disagree 21 5.4 

Total 365 93.1 

Missing System 27 6.9 

Total 392 100.0 

 
 

Table 5.14, Behavior, Distribution of desire 
to use artificial knowledge in shopping, 
SPSS output 

 Frequency Percent 

highly agree 97 24.7 

agree 133 33.9 

average 87 22.2 

disagree 25 6.4 

highly disagree 26 6.6 

Total 368 93.9 

Missing System 24 6.1 

Total 392 100.0 

RS affects most people’s choice in shopping as the table 5.13 presents and about 

5% of respondents highly disagree with the idea. Table 5.14 indicates that more than half 

of the respondents like to use artificial knowledge in their shopping. 

Table 5.15 indicates that advice from friends affects more than 37% of the 

respondents’ shopping, and about 7% of them highly disagree with the opinion. Table 

5.16 illustrates that most of the respondents had average idea about the influence of 

advertisements on people’s choice in shopping. And finally table 5.17 shows that more 

than 40% of the respondents have average idea about the influence of salespeople’s 

advice on customers’ shopping.

Table 5.15, Subjective norm, Advice from 
friends affects respondents' choice, SPSS 
output 

 Frequency Percent 

highly agree 68 17.3 

agree 120 30.6 

average 106 27.0 

disagree 55 14.0 

highly disagree 29 7.4 

Total 378 96.4 

Missing System 14 3.6 

Total 392 100.0 

Table 5.16, Subjective norm, Ads affects 
respondents' choice, SPSS output 

 
 Frequency Percent 

highly agree 47 12.0 

agree 103 26.3 

average 105 26.8 

disagree 70 17.9 

highly disagree 47 12.0 

Total 372 94.9 

Missing System 20 5.1 

Total 392 100.0 
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Table 5.17, Subjective norm, Salespeople' advice affects respondents' choice, SPSS output 

 Frequency Percent 

highly agree 50 12.8 

agree 109 27.8 

average 122 31.1 

disagree 57 14.5 

highly disagree 29 7.4 

Total 367 93.6 

Missing System 25 6.4 

Total 392 100.0 

Table 5.18, Attitude, Shopping is an 
entertainment for respondents, SPSS output 

 Frequency Percent 

highly agree 78 19.9 

agree 92 23.5 

average 73 18.6 

disagree 69 17.6 

highly disagree 66 16.8 

Total 378 96.4 

Missing System 14 3.6 

Total 392 100.0 

Table 5.19, Attitude, Thought about RS is 
logical in shopping, SPSS output  

 Frequency Percent 

highly agree 88 22.4 

agree 144 36.7 

average 92 23.5 

disagree 29 7.4 

highly disagree 10 2.6 

Total 363 92.6 

Missing System 29 7.4 

Total 392 100.0 

 

Table 5.20,  Attitude, Shopping from internet is interesting for respondents, SPSS output 

 Frequency Percent 

highly agree 82 20.9 

agree 89 22.7 

average 74 18.9 

disagree 56 14.3 

highly disagree 80 20.4 

Total 381 97.2 

Missing System 11 2.8 

Total 392 100.0 

 

Table 5.18 shows that shopping is an entertainment for more 40% of the 

respondents and about 37% of them do not like the opinion. From table 5.19, it can be 

concluded that about half of the respondents think that using RS is logical in shopping 

and the least number of them highly disagree with that idea.  Table 5.20 presents that 

about 25% of respondents don’t like the idea. 
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Table 5.21, Brand loyalty, Ads from 
Shahrvand affects respondents' choice, 

SPSS output 

 Frequency Percent 

highly agree 50 12.8 

agree 105 26.8 

average 115 29.3 

disagree 60 15.3 

highly disagree 35 8.9 

Total 365 93.1 

Missing System 27 6.9 

Total 392 100.0 

  

Table 5.22, Brand loyalty, Respondents' 
confidency about Shahrvand, SPSS output 

 
 Frequency Percent 

highly agree 109 27.8 

agree 143 36.5 

average 94 24.0 

disagree 29 7.4 

highly disagree 15 3.8 

Total 390 99.5 

Missing System 2 .5 

Total 392 100.0 

 

Table 5.23, Perceived behavioral control, 
Respondents' opinion about unity in 

shopping, SPSS output 

 Frequency Percent 

highly agree 208 53.1 

agree 131 33.4 

average 21 5.4 

disagree 6 1.5 

highly disagree 7 1.8 

Total 373 95.2 

Missing System 19 4.8 

Total 392 100.0 

 

Table 5.24, Percieved behavioral control, 
Importance of ease of system usage in 

respondents' idea, SPSS output 

 Frequency Percent 

highly agree 195 49.7 

agree 108 27.6 

average 48 12.2 

disagree 12 3.1 

highly disagree 7 1.8 

Total 370 94.4 

Missing System 22 5.6 

Total 392 100.0 

Table 5.25, Perceived behavioral control, 
Importance of having facility in 
respondents' idea, SPSS output 

 Frequency Percent 

highly agree 212 54.1 

agree 100 25.5 

average 38 9.7 

disagree 6 1.5 

highly disagree 11 2.8 

Total 367 93.6 

Missing System 25 6.4 

Total 392 100.0 

Table 5.26, Percieved behavioral control, 
Importance of time in shopping, SPSS 

output 

 Frequency Percent 

highly agree 246 62.8 

agree 103 26.3 

average 22 5.6 

disagree 7 1.8 

highly disagree 11 2.8 

Total 389 99.2 

Missing System 3 .8 

Total 392 100.0 
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Table 5.27, Percieved behavioral control, 
Price importance in shopping, SPSS output 
 

 Frequency Percent 

highly agree 291 74.2 

agree 72 18.4 

average 14 3.6 

disagree 5 1.3 

highly disagree 5 1.3 

Total 387 98.7 

Missing System 5 1.3 

Total 392 100.0 

 

Table 5.28, Percieved behavioral control, 
Traffic importance in shopping, SPSS 

output 

 Frequency Percent 

highly agree 257 65.6 

agree 73 18.6 

average 28 7.1 

disagree 17 4.3 

highly disagree 8 2.0 

Total 383 97.7 

Missing System 9 2.3 

Total 392 100.0 

Table 5.29, Percieved behavioral control, Economical situation affects shopping in respondents' 
opinion, SPSS output 

 Frequency Percent 

highly agree 250 63.8 

agree 82 20.9 

average 34 8.7 

disagree 3 .8 

highly disagree 8 2.0 

Total 377 96.2 

Missing System 15 3.8 

Total 392 100.0 

 

Table 5.21 illustrates that advertisements from Shahrvand do have influence on 

respondents and about 9% of them are highly disagree with the idea of the effects of 

Shahrvand advertisements. Table 5.22 shows that more than half of respondents are 

confident about Shahrvand and about 4% of them highly disagree with that idea. 

Table 5.23 shows that unity in Shahrvand (every thing in one place) is important 

for respondents, and the least number of them highly disagree.  Table 5.24 illustrates that 

the ease of RS usage may encourage respondents to use RS and about 2% of them highly 

disagree with this idea. Table 5.25 indicates that about 75% of the respondents like to 

have facility in shopping and the least number of them disagree with the idea. Table 5.26 

illustrates that time is important in shopping for most of respondents and about 3% of 

them disagree with that. From table 5.27, it can be concluded that more than 85% of 

respondents highly agree on the price concept in shopping and the least number of them 
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disagree with the idea. Table 5.28 shows that traffic is important for most of the 

respondents and least number of them highly disagrees with that idea. Economical 

situation affects more than 85% of respondents’ shopping and 2% of them have not been 

affected by economical situation. 

 
5.5. Path Analysis: 

Path analysis is a straightforward extension of multiple regressions. Its aim is to 

provide estimates of the magnitude and significance of hypothesized causal connections 

between sets of variables. This is best explained by considering a path diagram. To 

construct a path diagram, we simply write the names of the variables and draw an arrow 

from each variable to any other variable we believe that it affects. We can distinguish 

between input and output path diagrams. Within a given path diagram, path analysis can 

tell us which are the more important (and significant) paths, and this may have 

implications for the plausibility of pre-specified causal hypotheses. If two or more pre-

specified causal hypotheses can be represented within a single input path diagram, the 

relative sizes of path coefficients in the output path diagram may tell us which of them is 

better supported by the data.   

After keying all collected data into LISREL and by doing normality and linearity 

checking, it was decided to adjust the behavior factor of TPB model as follows (Lohse et 

al 1996). 

Two outliers were detected by path analysis and SPSS program which were on the 

45th and 197th of the rows of the data collected that have been cleared from the 

calculation. It means that the 45th and 197th respondents' answers were completely not 

related to the subject.  

 

                    Table 5.30, Outliers, A: Dependent variable: behavior             

Case Number Std. Residual BEHAVIOR 
Predicted 

Value 
Residual 

45 3.097 4.00 1.7751 2.2249 

197 3.839 5.00 2.2427 2.7573 
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     Table 5.31, Temporary direct path with non significant path  

Sig 
Std 

error 

Estimates 

value 
t-values 

Standardized 

value 
Relations 

P< 0.05 0.052 0.12 2.25 0.11 
From flexibility to subjective 

norm 

p> 0.05 0.028 -0.04 -0.53 -0.01 From flexibility to attitude 

P<0.05 0.038 0.30 7.79 0.37 
From flexibility to perceived 

behavioral control 

P>0.05 0.030 0.05 0.93 0.04 From flexibility to behavior 

P<0.05 0.04 0.11 3.17 0.16 From flexibility to brand loyalty 

P<0.05 0.043 0.27 6.35 0.31 
From brand loyalty to subjective 

norm 

P<0.05 0.054 0.17 3.07 0.16 From brand loyalty to attitude 

P<0.05 0.031 0.08 2.54 0.13 
From brand loyalty to perceived 

behavioral control 

P<0.05 0.042 0.08 2.01 0.09 From brand loyalty to behavior 

P<0.05 0.059 0.13 2.25 0.11 From subjective norm to attitude 

P>0.05 -0.04 -1.11 -0.05 
From subjective norm to 

perceived behavioral control 

P<0.05 0.046 0.28 6.04 0.26 
From subjective norm to 

behavior 

P<0.05 0.039 0.35 9.04 0.39 From attitude to behavior 

P<0.05 0.077 0.36 4.38 0.23 
From attitude to perceived 

behavioral control 

P<0.05 0.060 0.22 3.41 0.15 
From perceived behavioral 

control to behavior 

 

 
 

Figure 5.9., path analysis (standard values) 
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Figure 5.10., path analysis (T-values) 

The estimate value is the value which is used for the pre-calculated number for the 

function. In the other word, they are raw numbers that need to be calculated for the 

further function. In the y=ax+b, is the value of b in the regression model which gives the 

change in y due to a change of one unit x (Mann 1995, pp.705).  

The standard value is the value that is used for making comparison between the 

other relations and comes from the standardization of the estimate value. They are the Z 

value of estimate numbers. The Completely Standardized Solution consists of the 

estimates of the LISREL parameters if the variances of the observed and latent variables 

are unity. These estimates may also be obtained if the model is fitted correctly to the 

sample correlation rather than the sample covariance matrix (Jöreskog et al 1973). 

The t-value is calculated in the t formula and used to describe the relations when 

the value is greater than 2. If the t-value is less than 2, it is counted as the zero value in 

the relations. The t-value is the value of the t test statistic of the null hypothesis that the 

corresponding parameter is equal to zero, i.e. not significant (Jöreskog et al 1973). 
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The standard error (std error) is the error that is calculated for the estimates value. 

When the amount of std error is small, the accuracy is high in the relations. It is the 

measurement of variations among errors (Mann 1995, pp.759). 

The Sig value is counted for the meaning level of the value. It is the alpha value as 

well. In this research, this number is 0.05 [Chapter 3]. 

According to table 5.31, as the t-values of these relation are less than 2, the 

relations among flexibility and attitude toward behavior, flexibility and brand loyalty and 

subjective norm and perceived behavioral control do not exist. Therefore, for the final 

model, relations which are meaning less will be excluded. Thus, table 5.32 and figures 

5.11 and 5.12 illustrate the final direct path diagram 

 
Table 5.32, final direct path diagram with non significant path  

Sig Std error Estimates value t-value Standardized value Relations 

P< 0.05 0.052 0.12 2.25 0.11     
From flexibility to 

subjective norm 

P<0.05 0.038 0.30 7.79 0.37 

From flexibility to 

perceived behavioral 

control 

P<0.05 0.04 0.11 3.17 0.16 
From flexibility to brand 

loyalty 

P<0.05 0.043 0.27 6.35 0.31 
From brand loyalty to 

subjective norm 

P<0.05 0.054 0.17 3.07 0.16 
From brand loyalty to 

attitude 

P<0.05 0.031               0.08 2.54 0.13 

From brand loyalty to 

perceived behavioral 

control 

P<0.05 0.042 0.08 2.01 0.09 
From brand loyalty to 

behavior 

P<0.05 0.059 0.13 2.25 0.11 
From subjective norm to 

attitude 

P<0.05 0.046             0.28 6.04 0.26 
From subjective norm to 

behavior 

P<0.05 0.039 0.35 9.04 0.39 From attitude to behavior 

P<0.05 0.077              0.36 4.38 0.23 
From attitude to perceived 

behavioral control 

P<0.05 0.060         0.22 3.41 0.15 
From perceived behavioral 

control to behavior 
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Figure 5.11., Final direct path analysis (standard values) 

 

 

 
Figure 5.12., Final direct path analysis (T-value) 

 

When t-value in one relation is greater than the other, it means that the relation is 

more powerful than the other one. For instance, the effect of brand loyalty on behavior is 
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the least effective relation in our discussion (2.08). In other hand, the effect of attitude on 

behavior is the most powerful effect in our relations (13.91). 

The total path diagram is not only limited to the direct path relations, but also the 

total result consists of the direct and the sum of indirect diagrams that affect each relation. 

Path coefficients may be used to decompose correlations in the model into direct and 

indirect effects, corresponding, to direct and indirect paths reflected in the arrows in the 

model. This is based on the rule that in a linear system, the total causal effect of variable x 

on variable y is the sum of the values of all the paths from x to y. In general, the total 

causal effect can be decomposed into a direct and an indirect effect. The total causal 

effect is the coefficient in a regression with all of the model's prior but not intervening 

variables for x and y controlled (the beta coefficient for the usual standardized solution, 

the partial b coefficient for the unstandardized or raw solution). The indirect effect is the 

total causal effect minus the direct effect, and measures the effect of the intervening 

variables. Where effects analysis in regression may use a variety of coefficients (partial 

correlation or regression, for instance), effect decomposition in path analysis is restricted 

to use of regression.  The table 5.33, mentions the indirect relations that are measured by 

the LISREL program. 

Table 5.33, Indirect path diagram with non significant path 
Sig Std error Estimate value t-values Standardized value Relations 

P<0.05 0.03 0.12 4.23 0.09 
From flexibility to 

attitude 

P<0.05 0.02 0.06 2.91 0.06 
From brand loyalty to 

attitude 

P<0.05 0.03 0.15 4.92 0.13 
From flexibility to 

behavior 

P<0.05 0.03 0.17 5.96 0.18 
From brand loyalty to 

behavior 

P<0.05 0.02 0.05 2.13 0.04 
From subjective norm to 

behavior 

P<0.05 0.03 0.12 4.02 0.08 

From perceived 

behavioral control to 

behavior 

 

 

All relations in table 5.33 are the meaningful relations, because the t-value is 

greater than 2.  
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Table 5.34 shows the total effect of relations toward each other. 

 
Table 5.34, Total path diagram with non significant path 

Sig Std error Estimate value t-value Standardized value Relations 

P< 0.05 0.05 0.12 2.25 0.11 
From flexibility to 

subjective norm 

P< 0.05 0.04 0.27 6.35 0.31 
From brand loyalty to 

subjective norm 

P< 0.05 0.03 0.12 4.23 0.09 
From flexibility to 

attitude 

P< 0.05 0.05 0.22 4.34 0.21 
From brand loyalty to 

attitude 

P< 0.05 0.06 0.13 2.20 0.11 
From attitude to 

subjective norm 

P< 0.05 0.08 0.35 4.50 0.22 

From attitude to 

perceived behavioral 

control 

P< 0.05 0.04 0.29 7.70 0.36 

From flexibility to 

perceived behavioral 

control 

P< 0.05 0.03 0.07 2.31 0.11 

From brand loyalty to 

perceived behavioral 

control 

P<0.05 0.03 0.15 4.92 0.13 
From flexibility to 

behavior 

P< 0.05 0.05 0.26 5.63 0.27 
From brand loyalty to 

behavior 

P< 0.05 0.05 0.33 6.59 0.31 
From subjective norm to 

behavior 

P< 0.05 0.04 0.35 9.00 0.39 
From attitude to 

behavior 

P<0.05 0.06 0.36 5.62 0.25 

From perceived 

behavioral control to 

behavior 

 

Table 5.34 mentions all total relations that the factors affect on each other which 

are the sum of direct and indirect relations. But the important factor in our discussion is 

behavior. Therefore, table 5.35 mentions the standard values of effects of each factor 

toward the behavior. 
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Table 5.35, Standardazed path diagram with non significant path 

Relations Standard value 

From attitude toward behavior to 

behavior 
0.39 

From subjective norm to behavior 0.31 

From brand loyalty to behavior 0.27 

From perceived behavioral control to 

behavior 
0.25 

From flexibility to behavior 0.13 

The attitude toward behavior has the most influence on behavior. The second 

effect is subjective norm. The third is brand loyalty which affects on behavior. The fourth 

is perceived behavioral control and the last is flexibility. As we have mentioned before, 

the standard value has been used for the comparison. 

5.6. Discussion: 

Table 5.10 and 5.11 show that more than 60% of respondents like diversity in 

shopping and use special brand. Table 5.13 shows that the most of respondents think that 

RS affects their choice. Tables 5.15, 5.16 and 5.17 indicate that the advice from friends, 

ads and salespeople affects more than 40% respondents' choice in shopping. Table 5.12 

shows that most of them do not confused from the diversity exist in shopping. Table 5.18 

shows that the amount of thoughts about shopping as the entertainment is distributed 

among them. Tables 5.21 and 5.22 show that more than 40% of respondents highly agree 

about Shahrvand confidences and do its ads. Tables 5.14 and 5.19 show that people agree 

that using RS is logical and they like to use artificial knowledge. Tables 5.24 and 5.25 

illustrate that more than 75% of respondents highly agree on ease of system usage and 

having facility in their choices in shopping. Tables 5.26, 5.27, 5.28 and 5.29 indicate that 

for high percentage of respondents time, price, traffic and economical situations are 

important in their shopping. Shopping from internet is interesting for most of the 

respondents as table 5.20 shows. 

H1: Subjective norm positively/negatively affects customer behavior directly to 

accept RS. 
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As it is shown in the table 5.35, subjective norm has strong effect on behavior. In 

the total effect, it captures the second place. Other's people ideas have strong effect on 

one's behavior toward using RS in their daily shopping. Even other sources like ads, 

recommendation from sales people are effective on people's idea in using RS. 

Table 5.33 shows that subjective norm has indirect effect on customer behavior as 

well. But it does not have huge effect. 

According to Azjen (Azjen 1985, 1991), norms are informed by normative beliefs 

and motivation to comply and it consists of other people's idea that affect one's intention 

toward using a system. Azjen (Azjen 1985, 1991) has related subjective norm directly to 

the intention. He agrees on that subjective norm has direct effect on intention and 

intention has direct effect on the behavior. In our research, as we have omitted the 

intention, the results indicate that subjective norm has both direct and indirect effect on 

behavior. However, tables 5.32 and 5.33 illustrate that the effect of the direct relation is 

much more than the effect of indirect one. 

RS itself is a recommendation source. Therefore, it can be counted as an item for 

subjective norm that affect people' choice on their shopping behavior. In addition, the 

results in table 5.35 show that it has huge effect on people' behavior. This hypothesis is 

accepted. 

H2: Attitude toward behavior positively/negatively affects customer behavior 

directly to accept RS. 

It is shown in the analysis; especially in the table 5.35 that attitude toward 

behavior has the largest effect on behavior. When customer has positive attitude toward 

using RS in his daily shopping, he is attracted more toward using this system. His idea 

plays an important role in his behavior. 

Regarding to Azjen idea, attitude toward a behavior is a positive or negative 

evaluation of performing that behavior. Attitudes are informed by beliefs and Azjen 

agrees on that it is directly related to one's intent toward behavior. In addition, results 

from analyzing shows that attitude has powerful direct effect on behavior, but table 5.33 

illustrates that it does not have any indirect effect on behavior. The total affect (table 
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5.35) shows that it has the largest power on behavior compare to other factors. In defining 

RS in chapter two, it is mentioned that RS learns from a customer and recommends 

products that she finds most valuable among the available products. Therefore, the RS 

function comes from customers' activity. Thus, customer may use RS as she feels its 

functionality is similar to its own reaction. This hypothesis is accepted. 

H3: Perceived behavioral control positively/negatively affects customer behavior 

directly to accept RS. 

Table 5.35 shows that perceived behavioral control captures the fourth place in the 

relation to behavior. The environmental factors and facilities affect customer's behavior 

toward using RS in retail, but it is not the same as the effect of subjective norm and 

attitude toward behavior. In the total effect (table 5.34), even brand loyalty has more 

effect on behavior toward RS than perceived behavioral control. Perceived behavioral 

control has direct affect to behavior (table 5.32) which compare to attitude and subjective 

norm can not be mentioned as the powerful direct affect. But the indirect affect of 

perceived behavioral control on behavior (table 5.33) is larger than its direct affect (table 

5.32). Thus, the environmental factors and facilities have indirect affect on one's behavior 

toward using RS in retail industry. 

Perceived behavioral control is informed by beliefs about the individual’s 

possession of the opportunities and resources needed to engage in the behavior. As Azjen 

[Az85, Az91] agrees TPB also includes a direct link between perceived behavioral control 

and behavioral achievement. Given two individuals with the same level of intention to 

engage in a behavior, the one with more confidence in his or her abilities is more likely to 

succeed than the one who has doubts. As a general theory, TPB does not specify the 

particular beliefs that are associated with any particular behavior, so determining those 

beliefs is left up to the researcher. This hypothesis is accepted.  

H4: Flexibility positively/negatively affects attitude toward behavior directly in 

RS acceptance case. 

As the table 5.31 shows that flexibility has not direct effect to attitude. It means 

that it is not directly affected attitude. But flexibility indirectly affects attitude as well 

(table 5.33). The results shows that Attitudes that are informed by beliefs is affected 
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indirectly by flexibility which is defined as an individual thought which is open to new 

information that adapts new behavior and methods. It means that if a person is flexible 

toward using RS in retail industry, it indirectly affects his attitude toward using RS in his 

shopping. One's aspect of RS is that it converts browsers to buyers. In speak of behavioral 

matters, some one must be open to new ideas that accept to use new device. This 

hypothesis is rejected. 

H5: Flexibility positively/negatively affects perceived behavioral control directly 

in RS acceptance case. 

Table 5.32 is shown that in RS case for retail, flexibility has huge direct effect on 

perceived behavioral control. In total, if a customer is flexible in choosing his method of 

buying, it affects on environmental factors. He may be flexible in accepting other's idea 

and the factors like time and price affects his choice. But flexibility doesn’t affect 

perceived behavioral control indirectly (table 5.33). As perceived behavioral control is 

informed by beliefs about the individual’s possession of the opportunities and resources 

needed to engage in the behavior, flexibility as the factor of accepting new method 

directly affects it. Therefore, this hypothesis is accepted. 

H6: Flexibility positively/negatively affects subjective norm directly in RS 

acceptance case. 

Table 5.32 indicates that flexibility is directly related to subjective norm in RS 

case for retail. But the main issue is that the relation is not that much powerful like the 

one toward perceived behavioral control. However, flexibility has not indirectly affected 

subjective norm in RS case in shopping (table 5.33). As the flexibility is being open to 

new ideas and subjective norm is the affect of other's thought on the person, therefore, a 

person may be flexible in accepting other ideas, or other sources. In RS case, this 

flexibility only has direct effect on subjective norm. Therefore, totally it affect subjective 

norm. But compare to other relations, it is not very powerful (table 5.34). Thus, it is 

accepted. 

H7: Brand loyalty positively/negatively affects attitude toward behavior directly in 

RS acceptance case. 
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As it is shown in the table 5.32, brand loyalty has huge direct effect on attitude 

toward behavior in RS case. It means that if a customer is loyal to a special brand, his 

attitude toward using RS is strongly positive. In the other view, brand loyalty has strong 

indirect effect on attitude as well. As is mentioned in the second chapter, RS improves 

loyalty by creating a value-added relationship between the site and the customer. Sites 

invest in learning about their customers, use RS to operationalize that learning, and 

present custom interfaces that match consumer needs. Therefore, RS itself builds loyalty 

for the consumers. When consumers are loyal to a brand, which in this study is loyalty to 

the Shahrvand super store, therefore, their attitude toward using RS prove both directly 

and indirectly and by using RS, a value-added relationship improves as well (tables 5.32, 

5.33). Therefore, this hypothesis is accepted. 

H8: Brand loyalty positively/negatively affects perceived behavioral control 

directly in RS acceptance case. 

Brand loyalty affects perceived behavioral control in RS acceptance case directly 

(table 5.32), but its effect is not that much powerful like the one on attitude toward 

behavior. If a customer is loyal to a specific brand, it affects on his idea about ease or 

difficulty of using the system regarding to that brand. Shahrvand loyal customers, whom 

Shahrvand name is important for them, accept ease of difficulty of the things 

recommended by Shahrvand. 

Table 5.33 shows that brand loyalty does not have indirect effect on perceived 

behavioral control. Therefore, the total effect of brand loyalty on perceived behavioral 

control only indicates the direct affect (table 5.34). This hypothesis is supported as well. 

H9: Brand loyalty positively/negatively affects subjective norm directly in RS 

acceptance case. 

Brand loyalty has strong direct effect on subjective norm in RS case in retail [table 

5.32]. When a customer is loyal to Shahrvand super store, she accepts the 

recommendation from different sources like sales people and ads. Therefore, RS as one of 

the sources of recommendations, if presented from Shahrvand, is highly accepted by loyal 

customers. However, table 5.33 shows that brand loyalty does not have any indirect effect 

on subjective norm. In this research, brand loyalty is defined as an individual performance 
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regarding to a brand that makes confidence for her and makes desire to use it without any 

reasons except feeling confidence and dislikes changing it. Thus, a customer who is loyal 

to Shahrvand super store directly accepts the recommendation from friends or from other 

sources about Shahrvand. Thus, it is accepted. 
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Chapter six 
Conclusion 

 
6.1. Introduction: 

The main purpose of this study is in Recommender system areas. Concerning 

literature review, many studies agree on the requirement of different adoption for various 

RS usage. This paper attempts to test RS adoption in retail sector and extract the 

important behavioral factors in accepting RS by customers. The last part is covered by 

deep focus on famous acceptance models and selects the appropriate one. 

But adoption of each new system and making users familiar with the system is the 

discussion which this research discusses about this process. Most people who enter the 

store or even enter the web have no idea about the system that they would use. Their 

behavior toward the new system and the amount of their usage is very important for 

investors of these systems. Investors spend huge amount of money on implementing and 

developing the system. Therefore, if people do not tend to use the new system, the 

bankruptcy may acquire. Thus, measuring customers' acceptance which can be done by 

acceptance models helps these investors to spend their money on the right way to attract 

customers and gain benefit. 

Shahrvand super store, one of the large chain stores, in Iran has been chosen as the 

case study in this research. 
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The other goal of this study is to choose appropriate acceptance model for RS in 

retail case in Iranian market. This research has been done through focusing on famous 

acceptance models and compares their factors to the important variables of this study. The 

model that have been selected in this study was Theory of planned behavior (TPB) which 

with its three famous factors, attitude toward behavior, subjective norm and perceived 

behavioral control measure different customers' ideas toward using RS in retail industry. 

By conducting focus group among Shahrvand loyal customers, two factors as brand 

loyalty and flexibility have been added to the model for the case study, Shahrvand super 

store. Analyzing the results from gathering the questionnaires, we have discussed about 

all the factors and their relations in chapter five. 

While many recommender applications are still global in nature, more are 

beginning to respond to the customer’s current state by using the customer’s current 

navigation to provide context for the production or refinement of recommendations. 

Consumer behaviors interpreted for this input include both actions the consumer would 

have performed in exactly the same way even if she were unaware of the recommender 

system, and actions the consumer performs for the sole purpose of enhancing the 

recommendations. Thus, behavior of customer has been measured as the core focus in this 

study. 

6.2. Discussion: 

In this research, the famous acceptance models have been discussed and their 

factors have been analyzed in the literature review. As this study is related to retail sector, 

the important factors regarding retail have been mentioned and TPB as the most 

appropriate model for research has been nominated. This nomination has been done by 

comparing factors of each model in terms of relation to retail factors. 

Based on the selected model, the questionnaire has been designed. The design of 

questionnaire has been based on the factors of TPB model. As the research indicates that 

the intention and behavior are similar to each other in retail case in Iran, we have taken 

them as one variable and have mentioned them as behavior.  

For pre-testing the questionnaire, the idea of Shahrvand loyal customer has been 

taken by conducting focus group of six loyal customer introduced by Shahrvand. The 
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results from focus group have come to the point to mention two factors as "Brand loyalty" 

and "Flexibility" to be added to the model for Shahrvand case study. But the position of 

these factors in the model had been determined after analyzing the gathered data from 

questionnaire (Asosheh et al 2007). 

After gathering data from 392 Shahrvand customers of four branches, analyzing 

has been done with SPSS and LISREL. The results which have been gained from 

analyzing of each factor have been followed in this order:  

Customers’ subjective norm has strong effect on customers’ behavior in shopping, 

both directly and indirectly. The results show that it has the second place in terms of 

influence on behavior among other factors. It has small effect on customers’ attitude 

toward using RS in shopping. In chapter five, it has been illustrated that flexibility, 

compare to brand loyalty has small direct effect on subjective norm. But, brand loyalty 

has powerful direct affect on subjective norm as well [table 5.32, 5.34]. 

Customers’ attitude as the most effective factor on the behavior in shopping 

captured the first place compare to other factors. The influence is direct and it does not 

have any indirect effect on behavior. The results show that it has some effect on perceived 

behavioral control as well. Flexibility has indirect effect on attitude, but the other added 

factor, brand loyalty, has both direct and indirect effect on attitude as well. In total 

discussion, brand loyalty has the most powerful influence on attitude [table 5.32, 5.33]. 

Customers’ perceived behavioral control has both direct and indirect influence on 

customers’ behavior in shopping as the independent variable in our study. Both effects are 

not very powerful, thus it is in the fourth place in terms of influence on customers’ 

behavior. Flexibility has powerful direct influence on perceived behavioral control 

compare to brand loyalty which has less effect on perceived behavioral control [table 

5.32, 5.33]. 

Flexibility, as the added factor of this research that has been added to the model 

from the results of focus group, only has indirect effect on behavior. Therefore, compare 

to other factors, it captures the last place in terms of effect toward the behavior. It has 

small direct influence on subjective norm and has indirect effect on attitude. Its influence 
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on perceived behavioral control is high. Flexibility has direct effect on brand loyalty as 

well [table 5.32, 5.33]. 

Brand loyalty as the last factor being mentioned, which has been added for RS 

case in retail has small direct influence and large indirect effect on behavior. This 

characteristic, make it to capture third place in terms of influence on behavior. Brand 

loyalty has huge direct effect on subjective norm and some direct influence on perceived 

behavioral control. The results illustrates that it has both direct and indirect effect on 

attitude in RS case in retail sector [table 5.32, 5.33 and 5.34]. 

6.3. Implications for management and design: 

Recommender system is one of the recent technologies that can be mentioned as 

the competitive device for retailers. Therefore, in this section, we talk about how 

organizations and companies can invest on the RS that do not make bankruptcy. In 

addition, some points are illustrated for designers to gain advantages of designing RS. 

This study shows that for more than half of the respondents, time, price and traffic 

are important factors in their shopping. Therefore, investors should invest on the system 

that has been designed to increase the speed of purchasing activity. In addition, online 

shopping is the specification that reduces the traffic in the area. Also, designers should 

consider the friendly using factor in their design. 

Managers should direct their focus on the issue of confidence. Building up loyalty 

for the customer increases shopping visits and encourages customers to buy more items. 

Concerning privacy policies is another area that managers should do in their program for 

attracting customers to use RS. Recording customers' track can build up loyalty as well. 

Shopping is an entertainment for many customers. Designers must design RS that 

customers enjoy using the system as the shopping device. 

Most consumers agree on that RS is a logical device for shopping. Therefore, this 

research suggests that managers provide customers with sufficient information about RS 

and mention the logical reasons for RS usage.  

6.4. Limitations: 
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The limitations that we have faced through this study were: 

1. The only way that we had to gain the literature was internet, because it is very 

new case that almost not a book has mentioned things about RS. Therefore, we 

had some limitation in mentioning good examples about stores or industries 

that use RS in their systems.  

2.  The number of references was very low, because there is least knowledge 

about RS and it has not been implemented in Iran yet. Even many countries 

that are developed and are affected by technology are not familiar with the 

concept of RS. Therefore, there are least references about it. Thus, in chapter 

two which is related to literature review, the knowledge about RS is limited to 

the number of references about RS.  

3. The appropriate acceptance model could not be found that have used for RS 

case in any industry. Therefore, the other models could be useful for RS case 

in retail. 

4. The little knowledge about ecommerce and RS has confused the respondents 

in answering the questionnaire. Some have even little knowledge about 

computer that makes us to omit the last question about being able to use 

computer. 

5. The analysis programs like SPSS and LISREL have some limitations in 

indicating the results (Jöreskog et al 1973, Afshani et al 2007). Therefore, 

some limitations have been occurred in making the explanation of the 

extended model. 

6. This research is localized for Shahrvand superstore and it is not generalized 

for all chain stores. Thus, different results may acquire for different cases. 

 

6.5. Further research and suggestions: 
Some suggestion is provided in the following order: 

1. The results of this study may cause further research in designing RS for retail. 

As it is indicated in the literature review, RS has to be designed in five 

different techniques as collaborative, content based, demographic, utility and 

knowledge based. Base on the sector of retail that RS may be used in, the 

designing of RS may differ. Designing of RS for grocery store is different 
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from other stores. Thus, discovering the appropriate technique for each sector 

helps scientists to design RS in the suitable ways. 

2. Concerning ecommerce discussion, most of the subjects have tremendous 

growth toward being service based. For this purpose, taking RS research for 

services would be interesting area and may be more advantageous.  

3. More tests on the factors may be required for the further characteristics of the 

customers, for better design and invest. 

4. This study was accomplished for women. For the cultural matter, women are 

more involved in shopping activities and they are more in access. But for 

making the research generalized for all society, it can be developed for both 

genders. Thus, in other study, the men's behavior can be studied. 

5. In this research, the customer behavior toward using RS has been focused. 

Most variable were related to the factors that encourage a customer to use RS 

in his daily shopping in retail industry has been studied. Therefore, the core 

factor of measurement in this study is behavior. In the literature review, some 

characteristics of the RS and the outcome of RS usage have been mentioned. 

Further researches can be made on combination of the result of this study and 

RS characteristics and usage outcome. Focusing on the RS functionality, 

researchers can combine the customer behavior in using RS in some areas and 

RS characters to design RS or conduct a study on special RS activity. We hope 

this research opens new ideas to some new studies as well. 
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Appendix: 
 
Questionnaire in Farsi: 
 
 

 
 به نام خدا
 پاسخ دهنده گرامي ضمن عرض سالم؛

 آارشناسي ارشد نامه پرسشنامه زير به منظور پژوهشي در ارتباط با پايان
ارائه پاسخ هاي . طراحي گرديده است"  سيستم پيشنهاد کننده "با موضوع 

. دقيق و صحيح مشا، ما را در اجراي هر چه هبرت اين پژوهش ياري خواهد منود
.پيشاپيش از مهكاري مشا آمال تشكر را دارمي  

سيت؛ سيستم پيشنهاد کننده سيستمی است که بر اساس فاکتورهايی مانند جن* 
وضيعت تاهل؛ شغل و بسياری ديگر؛ به مشرتی کاالی خاصی را پيشنهاد می کند و 

ما را در اين . بدين طريق در بسياری عوامل موثر در انتخاب موثر می باشد
.امر ياری کنيد  

  مشخصات فردي-الف
: سن) ٢

..........
..... 

زن   مرد   :جنسيت) ١ 

ردجم   متأهل    :تأهل وضعيت)٣ 
ار آارشناسي

   شد
فوق ديپلم و 
آارشناسي  

ديپلم و پايني 
تر   دآرتا:ميزان حتصيالت) ۴     

ميزان درآمد )۵
)تومان هزار برحسب( 

٩٠٠٠-۶٠٠٠ 
  

 ٩٠٠٠بيش از   ٣٠٠-۶٠٠ ٣٠٠ از آمرت
  

آمرت از  
يكسال 

از  آه هايي سال تعداد) ۶
 ۵بيش ازسال  ١-٢  سال ٢-۵آنيد مي خريد  شهروند

سال   
 باردر ۴-٣ 

ماه   
تعداد دفعات مراجعه در طي ماه ) ٧

مشا به شهروند
 ۴بيش از بار در ماه ٢-١

باردر ماه 
 

بيشرتين خريد از )٨
پوشاك  هاي  دپارمتان لوازم منزل   پروتئيينخواربار   

   بنا به نظر خود هر سوال را عالمت گذاری کنيد
. ۵ضعيف          . ۴متوسط       . ٣موافق   . ٢  بسيار موافق   . ١

 خمالف
:سواالت ١ ٢ ٣ ۴ ۵  

.من دوست دارم که در خريد تنوع وجود داشته باشد. ١     

.من خواستار مارک خاصی در خريد هستم. ٢     
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گذار است در انتخاب من تاثير *دهندهپيشنهادسيستم . ٣     

. استرگذارنتخاب من در خريد تاثيپيشنهاد دوستان در ا. ۴     

تبليغات و رسانه های گروهی در انتخاب من در خريد . ۵     
. استگذارتاثير

 خريد من تاثير وپيشنهاد از طرف فروشنده در انتخاب . ۶     
.گذار است

 آاالهاي فراوان مرا در خريد سردرگم و دچار مشكل تنوع. ٧     
.ی کندم

. يک تفريح را داردحالتای من خريد بر. ٨     

 از طرف شهروند در انتخاب من در خريد  تبليغ و معريف.٩     
.موئر است

.به شهروند اطمينان دارم. ١٠     

.يکپارچه بودن حمل خريد برايم امهيت داردبودن و  يكي. ١١     

.من دوست دارم که از سيستم هومشند درخريد استفاده کنم. ١٢     

من فکر می کنم استفاده از سيستم پيشنهاد کننده برای . ١٣     
.انتخاب در خريد منطقی است

.سهولت استفاده از سيستم برای من امهيت دارد. ١۴     

.داشنت تسهيالت در خريد برای من امهيت دارد. ١۵     

.زمان در خريد برای من امهيت دارد. ١۶     

.رای من امهيت داردقيمت در خريد ب. ١٧     

.ترافيک در خريد برای من امهيت دارد. ١٨     

.مسائل اقتصادی در خريد من تاثير دارد. ١٩     

.خريد از اينرتنت برای من جالب است. ٢٠     

.من توانايی کار با کامپيوتر را دارم. ٢١     

 
لويت ا (١لطفا جواب پرسشهای زير را بنا به نظر خود از مشاره 

.رتبه گذاری کنيد) بيشرت  
 
مشا معموال جز کدام گروه در خريد هستيد؟. ١  
 

. ديباش ميانتخاب کننده و تصميم گيرنده در خريد خود مشا . الف
                                             

................ 
مشا در خريد تصميم گيرنده ليكن دهند و  ميديگران پيشنهاد . ب
.                                ................اشيدب مي  
    .       باشند ميانتخاب کننده و ديگران تصميم گيرنده . ج
                                                 

................ 
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اگر مشا قادر به استفاده از سيستم پيشنهاد کننده باشيد . ٢
الب است؟جريد برای مشا کدام روش پيشنهاد در خ  

      پيشنهاد از طرف کامپيوتر و محل به  صورت اتوماتيک. الف
                                           ..............  

پيشنهاد از طرف فروشنده                                . ب
                                                    

...............  
 البته به شرط حضور مشا در پيشنهاد از طرف کامپيوتر . ج

                                     فروشگاه  
............... 

 
کدام دسته بندی در خريد برای مشا مناسبرت است؟. ٣  

به تناسب کاالها                                      . الف
                                                       

................ 
به تناسب قيمت                                         . ب
                                                       

................ 
به تفکيک شرکتها                                       . ج
                                                      

................ 
 
کدام روش خريد هبرت است؟. ۴  

خريد حضوری                                          . الف
                                                 

............... 
خريد اينرتنتی                                          . ب
                                                     

.............. 
خريد تلفنی                                            . ج
                                                       

............... 
 
هنگام خريد کدام يک از الويتهای زير برای مشا امهيت دارد؟. ۵  

کيفيت                                               . الف
                                                      

............... 
قيمت                                                 .  ب

                                                       
............. 

 
هر دو. ج  
 

............. 
 
 
 
 
 
 
Questionnaire in English: 
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In the Name of God 

 
The below questionnaire has been designed base on the master thesis on the subject of 

Recommender System. Your correct and accurate answers help us in better 
execution of this research. Thank you for all your help. 

"Recommender system is a system that base on the factors like gender, marital statue, 
job and others, recommend special item to the customer and is effective in some 
factors related to selection." 

 
A) Personal information: 

 

1 ) Gender man   woman  
2) Age :

..........
..... 

 

3)Marital statue married    single    

4 ) Education Diploma and below 
  BS  MS    PHD   

5)Income (in Tomans) Below 300 
 300-600  600-900   Over 900   

6 )  Years of shopping from 
Shahrvand 

Less than a 
year  1-2 years  2-5 years  Over than 5 

years  
7 ) times purchasing from Shahrvand in a 
month 

1-2 times in month 
 

3-4 times in 
month  

Over 4 times a 
month  

8)more purchase from 
departments grocery  home  clothes   Beef  

 
 Please make a point base on your opinion: 
1. Highly agree   2. Agree     3. Average           4. Disagree         5. Highly disagree 
 

5 4 3 2 1 Questions 

     1. I like to have variety in shopping. 

     2. I like to have special brand 

     3. Recommender system is affective in my purchase 

     4. Recommendation from friends is affective in my purchase 

     5. Ads are affective in my purchase 

     6. Recommendation from sales people is affective in my purchase 

     7. Variety in exclusive items makes complexity for me. 

     8. Shopping is an entertainment for me. 

     9. Ads and introduction from Shahrvand is affective in my choice in shopping. 

     10. I am confident about Shahrvand 

 119



     11. Unity in shopping is important for me. 

     12. I like to use system knowledge in my shopping. 

     13. I think using recommender system is logical in my choice in shopping 

     14. Easiness of system usage is important for me. 

     15. Facilities in shopping is important for me. 

     16. Time is important in my shopping. 

     17. Price is important in my shopping. 

     18. Traffic is important in my shopping. 

     19. Economical situation is important in my shopping. 

     20. Purchasing from internet is interesting for me. 

     21. I am able to use computer. 
  
 
Please answer the following questions, regarding to your opinion, in terms of 

importance with numbers from 1. 
1.Which group of purchasing are you in? 
a) You choose and decide what to buy. 
b) Others recommend, you decide what to buy. 
c) Others decide and recommend what to buy. 
 
2. If you are able to use Recommender system in shopping, which method of 

recommendation is interesting for you in shopping? 
a) Recommendation from computer and automatic delivery 
b) Recommendation from salespeople. 
c) Recommendation from salespeople, if you in shopping centre. 
 
3.Which method of shopping is more effective for you? 
a) Base on items 
b) Base on price 
c) Base on brand 
 
4.Which way of shopping is better? 
a) Personal 
b) Internet 
c) Telephone 
 
5.Which one is more important for you? 
a) Quality 
b) Price 
c) Quality& Price 
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Checking for Linearity: 

brand loyalty
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attitude toward behaviour
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Checking for Normality: 

flexibility
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subjective norms
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percieved behavioural control
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