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EXECUTIVE SUMMARY 

This research aims to reveal the interactions between e-shopping and in-store shopping using a 
sample of Internet users in the Minneapolis-St. Paul metropolitan area.  This report summarizes 
previous research on the interactions among spatial attributes, e-shopping, and travel behavior 
and makes eight recommendations for future research.  Guided by the recommendations, this 
study adopts an innovative research design by integrating a conventional shopping survey with 
an activity diary.  This report provides a detailed description of survey development and 
implementation and points out several common pitfalls in survey administration.  This report 
also presents results on the interactions.  First, two ordered probit models were developed to 
investigate the influence of geography on online shopping usage and the influence of e-shopping 
on traditional shopping.  After controlling for a variety of confounding factors, we found that 
residents living in the urban areas tend to shop online more frequently, providing support for the 
innovation-diffusion theory; and that e-shopping tends to have a complementary effect on in-
store shopping, although there is evidence for substitution effect.  Using structural equation 
models, we found that online searching frequency has positive impacts on both online and in-
store shopping frequencies and online buying frequency positively influences in-store shopping 
frequency.  Overall, the use of Internet as a shopping channel tends to generate shopping demand 
because of the unprecedented large amount of product information online and the direct impact 
of online buying on in-store shopping.  In terms of total effect, it seems that online information 
search has a larger complimentary effect on traditional shopping than does online buying.  
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1 INTRODUCTION 

E-shopping has the potential to replace traditional in-store shopping.  It is well perceived that 
information and communication technologies (ICTs) have had pervasive impacts on modern 
society - they are changing how and where we work, shop, and in other ways live our lives.  
Significant research has been conducted to understand the impact of ICTs on where work is done 
and how this affects travel.  E-shopping as used here refers to the business-to-consumer (B2C) 
segment of e-commerce (Mokhtarian, 2004), i.e. product information search (online searching) 
and product transactions (online buying/purchasing) via Internet, unless otherwise indicated.  
Recently, e-shopping has become a centerpiece of ICTs because of its unprecedented 
proliferation.  In the U.S., online retail spending grew by 19% a year to $136.4 billion in 2007, 
which accounted for 4% of total retail sales (InternetRetailer.com, 2008).  In the Netherlands, 
online sales have increased from less than €200 million in 1999 to more than €1.6 billion in 2004, 
as reported by Farag (2006).  The growth of e-shopping has reshaped consumers’ shopping 
behavior.  Online buying could be a substitute for traditional shopping media, and may well 
dominate the exchange of certain products (e.g., digital assets) in the future (Cao and Mokhtarian, 
2005).   
 
With the rise of e-shopping and its long-term potential in the retail industry, many players are 
interested in the changes that it will bring about.  To promote e-shopping, marketing agents are 
eager to identify its advantages and limitations compared to traditional shopping, the 
characteristics of e-shoppers, and the factors affecting the adoption and usage of e-shopping.  
Since the late 1990s, a growing number of empirical studies have addressed these questions.  For 
example, Chang et al. (2005) classified the determinants of e-shopping behavior into three 
categories: perceived characteristics of the web as a sales channel, online consumer 
characteristics, and vendor and product characteristics.   
 
E-stores both compete with and complement retail stores.  Retailers, real estate developers, and 
urban planners are interested in the geographic distribution of online buyers and the impacts of 
online buying on land use development.  This knowledge is critical because the proliferation of 
e-shopping may change the operation of retail businesses and land use patterns over time, and 
hence shopping behavior in the long run (Anderson et al., 2003; Dixon and Marston, 2002; 
Gould, 1998; Marker and Goulias, 2000; Weltevreden et al., 2008).   
 
Transportation planners focus on the effects of e-shopping on individuals’ activity-travel patterns 
and on patterns of freight transport.  Changes in freight transport can result from the growth of 
delivery trips to consumers and the bypass of wholesalers and retailers in the network from 
manufacturers to consumers (Anderson et al., 2003).  The potential of online buying to substitute 
for traditional shopping and reduce personal shopping travel has important implications for travel 
demand management and congestion mitigation.  According to the 2001 National Household 
Transportation Survey (NHTS), on average shopping travel accounted for 14.4% of annual VMT 
per household and 21.1% of annual vehicle trips per household (Hu and Reuscher, 2004).  
Therefore, the growth of online buying could have the potential to reduce traffic if it does replace 
physical shopping.  On the other hand, if e-shopping induces new shopping trips, e-shopping is 
likely to generate more personal travel on existing transportation systems.   
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Little empirical work has been conducted to relate e-shopping to spatial attributes and travel 
behavior, particularly in the context of U.S.  Planners are interested in a number of questions 
associated with e-shopping:  How does the adoption and usage of e-shopping differ by 
geographical areas (such as urban and exurban areas) or shopping accessibility?  How (and to 
what extent) does e-shopping impact individuals’ physical shopping and activity participation?  
What are the implications for land use and transportation planning?  Using the data collected 
from the Minneapolis-St. Paul metropolitan area, this study aims to answer these questions.  
 
The report is organized as follows:  Section 2 reviews literature regarding the interactions among 
e-shopping, spatial attributes, and travel behavior; the next section summarizes the development 
and deployment of a survey and diary instrument; Section 4 presents model results; the final 
section replicates the key findings and proposes research questions and methodologies for future 
work. 
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2 LITERATURE REVIEW 

Recently, a number of geographers and planners have paid attention to the connections among e-
shopping, spatial attributes, and personal travel.  Among other studies, two Ph.D. dissertations 
from Utrecht University, the Netherlands are notable.  From a consumer perspective, Farag 
(2006) addressed the impacts of geography on e-shopping and the interactions between e-
shopping and traditional shopping.  Weltevreden (2006) focused on both consumers and retailers, 
and examined the connections between e-shopping and city center shopping.  In this section, we 
review recent empirical studies regarding the interactions in the English language literature (Cao, 
forthcoming).  The studies were identified based on our knowledge and connections with 
worldwide scholars, but we do not claim that they are exhaustive.  There are scenario analyses 
(or simulation studies) in the field (e.g. Lenz, 2003).  These studies did not aim to explore how e-
shopping influenced travel but assumed certain relationships between e-shopping and travel.  
They used the assumed connections to predict what can happen in the population and then 
discuss the implications of e-shopping for travel.  Because the studies reviewed here aim to test 
what is assumed in these scenario analyses, the latter are not included.   

2.1 Effect of Spatial Attributes 

Although numerous studies have explored the determinants of e-shopping adoption and/or usage, 
few focused on the influence of spatial attributes, which is critical to evaluate the impacts of e-
shopping on future land use patterns.  Anderson et al. (2003) proposed two competing assertions: 
innovation-diffusion hypothesis and efficiency hypothesis.  First, urban areas facilitate creative 
thinking and innovation.  People in urban areas are more open to new technologies and ideas 
than those in remote areas.  Knowledge spillovers in urban areas accelerate the penetration of 
new technologies.  Therefore, with online buying being an innovative shopping channel, the 
innovation-diffusion hypothesis states that urban residents are more likely to be online buyers.  
Further, the well-connected Internet services in urban areas also provide support for this 
hypothesis.  In contrast, one of the benefits of online buying is that it removes the location 
barrier/spatial constraint:  low shopping accessibility (Mokhtarian, 2004).  Therefore, the 
efficiency hypothesis postulates that people with low shopping accessibility tend to participate in 
online buying.  These two hypotheses are equivalent to the contradictory assertions regarding the 
diffusion of Internet technology in industry:  global village theory (“firms in small cities and 
rural areas adopt the Internet more quickly than urban firms because the marginal returns from 
the use of the communications capabilities of the Internet are higher in remote locations”, 
Forman et al., 2005a, p. 391) and urban density theory (the Internet diffuses “first through urban 
areas with complementary technical and knowledge resources that lower the costs of investing in 
new frontier technology” Forman et al., 2005b, p. 1).  Empirically, several studies have tested the 
innovation-diffusion and efficiency hypotheses for e-shopping (Table 1).  Generally, spatial 
attributes have been operationalized in two ways: types of geographical areas and shopping 
accessibility. 
 
Krizek et al. (2005) explored this issue using a sample of about 740 adults from three cities in the 
U.S.  Through chi-square tests, they found that people living away from the CBD were more 
likely to adopt online buying.  Chi-square tests also showed inter-metropolitan differences in 
online buying adoption.  However, these bivariate differences disappeared in a multivariate 
logistic model for online buying frequency (frequent vs. infrequent buyers).  Krizek and 
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colleagues concluded that spatial attributes did not have a significant influence on online buying, 
and the intra-metropolitan and inter-metropolitan differences were attributable to confounding 
factors.   
 
In contrast, Farag et al. (2006a) found different results in the context of the Netherlands.  They 
used the data of 2,190 Internet users collected in 2001 (and 1,172 users in 1996 for comparison) 
by Multiscope.  Spatial variables included shopping accessibility (the number of shops within the 
driving distance of a specified time period) and a group of dummy variables differentiated by 
street address density (from very strongly urbanized to nonurbanized).  The adoption of online 
searching, the adoption of online buying, and the frequency of online buying were used to 
measure e-shopping behavior.  They developed binary logit models for the adoption variables 
and a linear regression model for the frequency variable.  They found that “[p]eople living in a 
(very) strongly urbanised area have a higher likelihood of buying online, but people with a low 
shop accessibility buy more often online” (p. 59).  The former finding supports the innovation-
diffusion hypothesis but the latter supports the efficiency hypothesis.   
 
Ren and Kwan (2009) examined the impact of shopping accessibility on the adoption of online 
buying, using 392 Internet users in Columbus, OH.  Shopping accessibility was measured by the 
number (and area) of shopping opportunities within the driving distance of specified time periods.  
The binary logistic regression showed that the area of shopping opportunities within 6.25-minute 
driving is negatively associated with the adoption of online buying.  This result supports the 
efficiency hypothesis.    
 
Some studies shed light on the impacts of spatial attributes on the adoption and usage of online 
buying although they did not explicitly aim to test the hypotheses.  When investigating the 
impact of city center attractiveness on e-shopping, Weltevreden and van Rietbergen (2007) 
controlled for shopping accessibility.  Accessibility was measured as the number of shops within 
specified time periods by car and by bike, respectively.  They developed a multinomial logit 
model to predict the adoption of online buying by different mode users (car and alternative 
modes).  Their results indicate that shopping accessibility did not have an influence on the 
adoption of online buying.   
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Table 1. The Effects of Spatial Attributes on Online Buying 
Study Sample Method Shopping Var. Spatial Var. Results Conclusions 
Farag et al. 
2005 

826 respondents in four 
municipalities in the 
Netherlands, 2003 

Path 
analysis 

Frequencies of 
online searching 
and online buying  

Urban vs. suburban  The direct effects of residential 
environment on online searching and 
online buying were insignificant. 

Frequency: N 

Farag et al. 
2006a 

2,190 users collected by 
Multiscope, The 
Netherlands, 2001 

Binary logit 
model and 
linear 
regression 

Online searching 
adoption; online 
buying adoption; 
and frequency of 
online buying  

Five dummy 
variables indicating 
levels of street 
address density; 
shops in 10 (20, 30) 
minutes by car 

People living in a (very) strongly urbanized 
area had a higher likelihood of buying 
online; people with a low shop accessibility 
buy more often online.  Spatial location 
affects the likelihood of online buying for 
different types of products differently. 

Adoption: ID 
Frequency: E 

Farag et al. 
2006b 

360 individuals from 
Minnesota, U.S., 2002; 
634 individuals from 
Utrecht, the 
Netherlands, 2003 

Binary logit 
model 

Online buying 
adoption; online 
buying frequency 

U.S.: shops within 
walking distance; 
Dutch: travel time to 
shops 

Shopping accessibility was positively 
associated with online buying adoption for 
the Dutch.  

Frequency: N 
Dutch 
Adoption: ID 
American 
Adoption: N 

Farag et al. 
2007 

826 respondents to a 
shopping survey sent to 
residents of four 
municipalities in the 
Netherlands, 2003 

Structure 
equations 
model 
(SEM) 

Frequencies of 
online searching 
and online buying 

Shops in 10 minutes 
by bike; an indicator 
of street address 
density  

Street address density and shopping 
accessibility had direct effects on online 
buying frequency.   

Frequency; 
ID 

Ferrell 2005 the 2000 San Francisco 
Bay Area Travel 
Survey 

SEM Teleshopping 
duration 

Gravity-based 
employment 
accessibility 

Retail employment accessibility had a 
positive influence on teleshopping 
duration.   

Duration: ID 

Krezek et al. 
2005 

About 740 adults from 
Seattle, Kansas City, 
and Pittsburg, 2003 

Chi-square 
and binary 
logit model 

Online buying 
adoption; online 
buying frequency 

City/suburban; 
distance to CBD; 
retail accessibility; 
metropolitan dummy  

The observed bivariate difference in online 
buying within (and among) metropolitan 
areas resulted from confounding factors. 

Frequency: N 

Ren and 
Kwan 2009 

392 Internet users in 
Columbus, OH 

Binary logit 
model 

Online buying 
adoption 

The number ( area) 
of shops in 6.25 (10, 
12.5, 15, 20, 25) 
minutes by car 

Shopping accessibility had a negative 
influence on the adoption of online buying. 

Adoption: E 

Weltevreden 
and van 
Rietbergen 
2007 

3,074 Internet users that 
shopped at eight city 
center in the 
Netherlands, 2004 

Multinomia
l logit 
model 

The adoption of 
online buying 

The number of shops 
within 5-45 minutes 
by car and by bike 

There is no significant difference in 
shopping accessibility among online 
buyers, online searchers, and non-e-
shoppers. 

Adoption: N 

Notes 
1. In the conclusions column, ID represents that findings support the innovation-diffusion hypothesis; E denotes that results favor the efficiency hypothesis; N 
means that no effects were found.  
2. Farag et al. (2006a), Krizek et al. (2005), and Ren and Kwan (2009) were explicitly designed to test the hypotheses
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When comparing online buying behavior of American and Dutch, Farag et al. (2006b) examined 
the relationship between shopping accessibility (measured as travel time to shops for the Dutch 
sample and as shops within the walking distance or within a short driving distance from home for 
the U.S. sample) and online buying adoption (and frequency).  They developed binary logit 
models for two independent samples.  The U.S. sample consisted of 360 respondents from the 
Minneapolis-St. Paul, MN, metropolitan area and the Netherlands sample included 634 
individuals from Utrecht.  They found that shopping accessibility was not significant in the 
frequency model for both samples, and that the Dutch who had shorter travel times to stores were 
more likely to buy online than those with longer travel times.  Since urban areas tend to have a 
higher shopping accessibility, the latter finding seems to support the innovation-diffusion 
hypothesis.  For Americans, shopping accessibility did not have a significant influence.  
However, the insignificance of accessibility for Americans may result from the geographic scale 
of measurement – walking distance and short driving distance appear to be incongruent variables 
for regional shopping accessibility in the US. 
 
As reviewed in detail later, Farag et al. (2005) found that residential environment (urban vs. 
suburban) did not have a direct effect on the frequency of online buying (but the total effect was 
positive and significant at the 0.10 level).  Farag et al. (2007) concluded there was a positive 
impact of shopping accessibility on online buying frequency.  They also found that urban 
residents bought online more often because faster Internet connections were more prevalent in 
urban areas, an indirect effect.  Ferrell (2005) found that retail employment accessibility was 
positively associated with time spent on home teleshopping, which supports the innovation-
diffusion hypothesis.  

2.2 E-Shopping and Travel Behavior 

Conceptual and empirical studies in the field of ICT and transportation suggest that e-shopping 
may interact with travel behavior in four ways:  substitution, complementarity, modification, and 
neutrality (Choo et al., 2007; Mokhtarian, 1990; Pendyala et al., 1991; Salomon, 1986).  (In fact, 
e-shopping’s interactions with travel can be far more complex than other applications of ICT as 
Mokhtarian (2004) discussed.)  Substitution denotes that a physical trip to traditional stores is 
replaced by an online transaction.  Complementarity means that e-shopping generate new 
demands for trips to stores.  Complementary effects can take at least four forms based on 
different shopping processes.  An individual finds a product online, and travels to a store to 
experience it, and then buys it online; an individual finds a product online and then buys it in a 
store; a product purchased online makes an individual travel to a store for accessories or related 
products; an individual orders a product online and picks it up at a satellite store (e.g. Walmart’s 
shipping to store).  Distinguishing specific forms of complementarity requires tracking 
individuals’ shopping processes.  Modification denotes that e-shopping does not affect the 
amount of physical travel to stores but changes the characteristics of trips such as mode choice, 
timing, and chaining.  Neutrality means that e-shopping is independent of traditional shopping.  
If an individual would have not bought a product if it were not available online, the online 
purchase represents an induced demand because of online information.  In this case, the online 
purchase does not have any influence on personal physical shopping activities.  Among these 
effects, substitution carries important positive implications for transportation.  Planners are eager 
to disentangle the complex connections between e-shopping and travel behavior, and to measure 
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the degree of substitution.  Generally, previous studies on the connections fall into two categories: 
descriptive analysis through direct questioning and multivariate analysis.   

2.2.1 Descriptive analysis through direct questioning 

To assess the effects of e-shopping on individuals’ travel, why not just ask them?  Although this 
approach may appear simplistic next to multivariate approaches, it can provide direct insights.  
Most studies using direct questioning can further be classified into two groups as shown below.  
 
By directly asking for substitution effects, several studies have come to relatively consistent 
conclusions across many countries.  Overall, they point to the substitution of online buying for 
trips to traditional stores.  However, it seems that the magnitude of the substitution effect is not 
large.  Specifically, in a three-year UCLA Internet project, Cole et al. (2003) found that about 
65% of U.S. Internet buyers reported a reduction of their purchasing in traditional stores 
somewhat or a lot in 2000 and 2002, when they were asked if online buying affected their buying 
in retail stores.  In contrast, Sim and Koi (2002) stated that 12% of 175 Singapore online buyers 
had reduced their travel to stores but the remainder did not feel any influence.  The difference 
between purchases and travel may explain the large disparity between the results:  fewer 
purchases do not necessarily reduce shopping trips (Mokhtarian, 2004).   
 
In other studies, Tonn and Hemrick (2004) found that some Internet users in the Knoxville 
metropolitan region (TN, U.S.) have reduced trips to stores although a smaller percent indicated 
generating new trips.  Cairns et al. (2004) reported that 427 (or 80%) of 538 U.K. Internet users 
polled by British Telecom have saved at least one car trip because of online buying, and that 
82% of the 427 respondents had not made a replacement trip.  Weltervreden and van Rietbergen 
(2007) found that more than 20% of Dutch respondents reported fewer visits and fewer 
purchases in city center stores.  Using a different dataset, Weltervreden (2007) found that online 
buying had reduced some Dutch people’s visits to city center stores for some types of products 
(such as books, CDs, and travel) although the majority of Dutch people (ranging from 83% to 
98%) perceived no influence and even more visits to stores.  Dixon and Marston (2002) found 
that “[j]ust under two-thirds of the online shoppers in our Cyberton survey [U.K.] said that some 
or all of their online purchases made during the last year had replaced a purchase that otherwise 
would have been made in the town center” (p. 19).   
 
Some studies adopted a different questioning strategy.  Handy and Yantis (1997) asked 
respondents in three cities in the U.S. what they would have done if they had not found the last 
purchase in a catalog.  They found that about 20% of respondents would have made a special trip 
to a store for that item; that is, catalog shopping reduced 20% of shopping trips.  On the other 
hand, about a third of catalog shopping would not have happened, which was the demand 
induced by the catalog channel.  Further, forty-six percent of respondents have ever made a trip 
to a store due to something they saw on a catalog; that is, the information obtained from catalogs 
also induces new demands.  Although this study focuses on catalog shopping, these questions 
offered important insights and have been adapted in other studies.  Wilson et al. (2007) asked 
respondents in three cities in the U.S., finding that online buying for the last purchase substituted 
for 79% of shopping trips and 21% were induced demand.  They also found that 55.5% of 
respondents generated new trips because of information obtained online.  Corpuz and Peachman 
(2003) showed that 35% of respondents in Sydney would have made a trip if online buying were 
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not available (among which, 55.4% are special trips), and that 14% would have not made the 
purchase.  Note a special trip does not necessarily mean an increase in vehicle miles traveled and 
the mode choice of special trips matters for transportation planners.  Overall, these studies 
yielded mixed information.  Online buying replaces some shopping trips.  The opportunity for 
online buying also induces online transactions.  Although these purchases may not require 
personal travel, they require a home delivery.  More importantly, online information also 
generates new trips to retail stores.  Given these interactions of substitution and induced demand, 
the net outcome of e-shopping on personal shopping travel remains unclear.   
 
Direct questioning provides succinct and insightful information on the connections between e-
shopping and travel behavior.  However, it has its own limitations.  Direct questioning is likely 
to suffer from a number of biases such as memory bias and social desirability bias (respondents 
may anticipate the objective of the study and hence conform their expressed choices either to 
what they think the researcher wants to hear, or to established social norms).  Sometimes, studies 
asked respondents’ choice under hypothetical circumstances, which can be substantially different 
from actual behavior. 

2.2.2 Multivariate analysis 

A number of studies have applied multivariate models to reveal the relationships between e-
shopping and travel behavior (Table 2).  The modeling approaches range from simple descriptive 
analysis to sophisticated structure equations model (SEM).  Some studies explored unidirectional 
influence from e-shopping to activity participation and travel behavior; and some considered 
multiple interactions among them.  Based on the nature of data, these studies can be classified 
into two groups:  studies using shopping surveys and those using activity/travel diaries.   

2.2.2.1 Studies using shopping surveys 
A typical shopping survey includes the following components: sociodemographic characteristics, 
Internet-related variables, attitudes toward shopping and related factors, e-shopping behavior 
(adoption and/or frequency), in-store shopping behavior, or some combination of these elements.  
Both shopping behaviors are not measured at the daily level but aggregated at a longer term such 
as three months or half a year.  The applications here used two separate data from the 
surrounding areas of Utrecht, the Netherlands, and concentrated on the impacts of e-shopping on 
traditional shopping frequency.   
 
Using 826 respondents to a shopping survey randomly sent to one urban municipality (Utrecht) 
and three suburban municipalities in the Netherlands, Farag et al. (2005) applied path analysis to 
examine the connections between e-shopping and in-store shopping.  The model contained six 
endogenous variables: online buying frequency, online searching frequency, in-store shopping 
frequency, Internet use frequency, and two attitudes toward online buying and in-store shopping, 
respectively.  Exogenous variables included sociodemographics, a dummy variable for 
residential environment, and two cognitive attitudes.  This study assumed a unidirectional 
influence from e-shopping to in-store shopping.  They found that online searching frequency had 
a positive impact on in-store shopping frequency although the influence of online buying 
frequency was insignificant.  Therefore, the online information seemed to generate new 
traditional shopping trips.  This result is not surprising given the cross-channel complementarity 
as shown in Handy and Yantis (1997) and Wilson et al. (2007). 
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Using the same dataset, Farag et al. (2007) augmented the path analysis to a SEM, in which 
traditional shopping and e-shopping were assumed to influence each other (the SEM also 
contained measurement models for attitudinal factors).  In terms of direct effects, they found 
again the positive association between online searching and in-store shopping.  Further, people 
who shop often in stores tend to purchase often online (but not vice versa), after controlling for 
shopping attitudes.  Thus, in summary, they concluded a complementary relationship exists 
between online searching and in-store shopping, but online buying does not have a significant 
impact on in-store shopping.   
 
Using the Dutch sample described previously, Farag et al. (2006b) employed linear regression to 
explore the impacts of online buying frequency on durations and trip frequencies of daily in-store 
shopping and non-daily in-store shopping, controlling for sociodemographics, spatial attributes, 
Internet experience, and attitudes.  They found that frequent online buyers were more likely to 
make shopping trips (daily and non-daily) and that online buyers tended to spend less time for 
non-daily in-store shopping.  They concluded that “the relationship between online buying and 
in-store shopping is not one of substitution but of complementarity” (p. 43).   
 
Shopping surveys have advantages in studying the specific activity.  Shopping surveys have a 
clear orientation.  We can capture detailed information regarding shopping behavior and 
disentangle the whole shopping process; we can differentiate product types; we can also capture 
various shopping-related attitudes and thus their roles in the interactions between shopping 
behaviors; and so forth.  However, because (online and traditional) shopping behavior is often 
measured at the aggregate level, it is difficult to show day-to-day variation in shopping behavior 
from shopping surveys.  Therefore, shopping surveys are less likely to address such questions as: 
How does online buying affect shopping trip chaining in everyday life?  How are time savings of 
online buying allocated to in-home and out-of-home activities and other travels?  How does e-
shopping interact with other activities?  These questions can be addressed through activity diary 
surveys. 



10 

Table 2. The Impacts of E-shopping on Travel Behavior 
Study Sample Method Dependent Var. Independent Var. Results Conclusions 
Farag et al. 
2005 

826 respondents in 
four municipalities 
in the Netherlands, 
2003 

Path 
analysis 

Frequencies of online 
searching, online buying, in-
store shopping, and Internet 
use; and shopping attitudes 

Demographics, 
land use type, 
cognitive attitudes,  

Online searching frequency has a 
positive influence on the frequency of 
in-store shopping.  

Frequency: C 

Farag et al. 
2006b 

634 individuals 
from Utrecht, the 
Netherlands, 2003 

Linear 
regression 

Shopping trip frequency and 
shopping duration for daily and 
non-daily goods 

Demographics,  
spatial attributes, 
online buying 
frequency, and 
attitudes 

Frequent online buyer is associated 
with more trips to stores for both daily 
and non-daily goods, and shorter stay 
for non-daily goods. 

Frequency: C 

Farag et al. 
2007 

826 respondents in 
four municipalities 
in the Netherlands, 
2003 

Structure 
equations 
model 
(SEM) 

Frequencies of online 
searching, online buying, and 
in-store shopping; shopping 
attitudes; home shopping 
experience, shopping trip 
chaining, shopping duration; 
and Internet experience 

Demographics, 
spatial attributes, 
cognitive attitudes,  

Online searching frequency has a 
positive influence on the frequency of 
in-store shopping; in-store shopping 
frequency positively affects online 
buying frequency. 

Frequency: C 

Zmud 2001 A travel survey in 
Sacramento, CA, 
1999 

Descriptive 
analysis 

Trip rates Internet shopper vs. 
non-Internet 
shopper 

Trip rates of Internet shoppers were 
higher than those of non-Internet 
shoppers. 

Frequency: C 

Ferrell 
2004 

8,789 households 
in the 2000 San 
Francisco Bay 
Area Travel Survey 

Two-step 
linear 
regression 

Shopping (total) travel 
distance; shopping (total) trip 
frequency; shopping (total) trip 
chaining frequency 

Demographics, 
teleshopping 
frequency, out-of-
home shopping 
duration, non-
shopping activity 
duration, land use 

Teleshopping frequency is positively 
associated with shopping trip 
frequency and trip chaining, but it does 
not have a significant influence of 
shopping travel distance; teleshopping 
frequency is negatively associated with 
total travel distance, but positively 
associated with total trip frequency.  

Shopping: 
Frequency: C 
Chaining: C 
Distance: N 
Total travel: 
Frequency: C 
Chaining: N 
Distance: S 

Ferrell 
2005 

the 2000 San 
Francisco Bay 
Area Travel Survey 

SEM In-home and out-of-home 
activity duration for different 
purposes; teleshopping 
duration, shopping travel time, 
distance, frequency & chaining 

Demographics, 
employment 
accessibility 

Teleshopping duration is negatively 
associated with shopping travel time, 
distance, and frequency.  

Frequency: S 
Time: S 
Distance: S 
Chaining: N 

Gould and 
Golob 1997 

1,810 female 
workers in the 
Portland activity 
and travel survey, 
1994 

SEM Durations for work activity and 
travel; maintenance activity 
and travel; discretionary 
activity and travel; shopping 
activity; and shopping travel 

Demographics, Shopping travel duration is negatively 
associated with duration for out-of-
home maintenance activity and travel. 

NA 

Notes: 
1. For path analysis and SEM, dependent variables indicate endogenous variables and independent variables indicate exogenous variables. 
2. Demographics may contain variables regarding Internet usage. 
3. In the Conclusions column, C means complementarity; S stands for substitution; N indicates that no effects were found. 
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2.2.2.2 Studies using activity/travel diaries 
Although many studies have used activity/travel dairies to explore the implications of ICT for 
travel, few explicitly focused on online buying.  Zmud et al. (2001) is one of the earliest studies 
that explored the impact of online buying on travel behavior.  Based on a supplementary survey, 
they classified respondents to the 1999 household travel survey in Sacramento, CA into two 
groups: Internet shopper and non-Internet shopper.  They found that Internet shoppers had a 
higher overall trip rates than non-Internet shoppers and hence concluded that online buying may 
generate new trips.  However, this finding was not based on statistical analysis but descriptive 
analysis.  More importantly, they did not control for any third-party variables such as income.  
Therefore, this observed difference could be attributable to confounding factors.   
 
Ferrell (2004) used the 2000 San Francisco Bay Area Travel Survey (BATS 2000) – an activity 
diary – to explore the relationships between home-based teleshopping (by Internet, catalog, and 
television) and travel behavior.  He assumed that household travel behavior is affected by 
sociodemographics, teleshopping frequency, out-of-home shopping duration, and non-shopping 
activity duration.  Because out-of-home shopping duration and non-shopping activity duration 
are also influenced by travel behavior (called travel time budget effects in Golob, 1996), Ferrell 
adopted a two-step model to address the endogeneity bias.  He first developed two models to 
predict out-of-home shopping duration and non-shopping activity duration (with 
sociodemographics being explanatory variables) and then inserted predicted values into the 
equations of travel behavior.  With respect to shopping travel, Ferrell found that the number of 
teleshopping activities positively influences shopping trip frequency and trip chaining frequency, 
but its influence on shopping trip distance is insignificant.  He concluded a complementary effect.  
However, this study has a few concerns.  First, the second-step equations in the two-step model 
are influenced by the efficacy of the first-step equation.  The low R2 for out-of-home shopping 
duration (0.031) is a concern, similar to the problem of weak instruments in instrument variables 
regression (as Mokhtarian and Cao, 2008 summarized).  Second, Ferrell chose activity durations 
as predictors for travel behavior, but it is unclear why he used the frequency of teleshopping 
rather than its duration as a predictor.  More importantly, this study does not control for shopping 
attitudes: it can be shopping preference that causes teleshopping and traditional shopping, and 
hence the relationship between the latter two may be spurious.   
 
Following the activity-based travel choice model system proposed by Golob (1996), Ferrell 
(2005) applied a SEM approach to the BATS 2000 to investigate the connections between 
teleshopping duration and shopping travel.  In the model, he distinguished in-home and out-of-
home activities for work, maintenance, and discretionary purposes.  The shopping-related 
endogenous variables included teleshopping duration, out-of-home shopping duration, travel 
time, travel distance, trip frequency, and chaining frequency.  He found that “people substitute 
home teleshopping time for shopping travel time and that teleshoppers take fewer shopping trips 
and travel shorter total distances for shopping purposes” (p. 212).  Specifically, every 100-
minutes teleshopping are associated with a 5-minute reduction in shopping travel time, with a 1-
mile reduction in travel distance, and with 0.2-trip reduction in frequency, although teleshopping 
did not have a significant influence on traditional shopping duration and trip chaining.  With a 
fixed time budget, the participation of teleshopping may also affect the participation of other 
activities and associated travel (if any).  Ferrell concluded that teleshopping is primarily a 
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discretionary activity because of its connections with in-home discretionary activities.  This is 
consistent with the argument of Mokhtarian et al. (2006) – teleshopping replaces traditional 
leisure activity.  However, his model did not include travel behavior for other purposes as 
endogenous variables and hence was unable to evaluate the influences of teleshopping on travel 
behavior in general.   
 
Using the same data, Ferrell (2004, 2005) yielded contradictory relationships between 
teleshopping and shopping travel.  Ferrell (2004) concluded complementarity – teleshopping 
frequency was positively associated with shopping trip frequency and trip chaining, while Ferrell 
(2005) concluded substitution – teleshopping duration had negative associations with shopping 
travel time, distance, and frequency.  Ferrell attributed this critical difference to the limitations of 
the dataset and different units of analysis: household vs. person.  This difference may also result 
from different variables used in these two studies.  The inclusion of teleshopping frequency is 
more or less ad hoc, while teleshopping duration is embedded in an activity-based analysis 
framework.     
 
Ren and Kwan (2009a) explored the gender differences in the impacts of the Internet on activity 
and travel choice by applying SEMs on a 2003-2004 activity diary in Columbus metropolitan 
area.  Although this study did not specifically focus on shopping activity, it investigated the 
connections between Internet maintenance activities and physical maintenance activities (which 
include shopping).  They found that for women, the time spent on Internet maintenance activities 
has a negative association with the time spent on physical maintenance, but has a positive 
association with physical maintenance frequency; neither link is significant for men. This study 
shows that virtual activity may have substitution and complementary effects on physical activity, 
depending on the measurements of the variable of interest. 
 
The activity-based analysis provided clues for the interactions between teleshopping and other 
activities.  Teleshopping substitutes for shopping travel and in-home discretionary activities 
(Ferrell, 2005).  However, it is still unclear how individuals would rearrange their time allocation 
(for in-home activities or for out-of-home activities) if teleshopping saves time for shopping 
travel.  Ideally, a panel analysis will provide strong insights on changes in time uses resulting 
from e-shopping.  Alternatively, Gould and Golob (1997) addressed the changes in activity 
patterns if individuals would have participated in teleshopping.  In particular, they assumed that 
time savings for shopping travel would be used for out-of-home maintenance activities and 
associated travel, out-of-home discretionary activities and associated travel, and shopping 
activity.  They estimated a SEM using 1,810 women (with out-of-home work activities) in the 
1994 activity and travel survey in the Portland metropolitan area.  Only the link between 
shopping travel and maintenance activities was statistically significant; every 100-minute 
reduction in shopping travel time is associated with an 11-minute increase in the duration for 
out-of-home maintenance activity and associated travel.  This study suggests that a small 
proportion of time savings resulting from the substitution of teleshopping for traditional 
shopping is likely to be relocated to new trips.  However, teleshopping activities were not 
measured in this study.  Instead, Gould and Golob explored what would have taken place if 
shopping travel could be replaced by teleshopping.  An implicit assumption is that all 
relationships in the model would have remained the same should the substitution have happened.   
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Activity diaries offer detailed measurements for different activities, which embeds e-shopping 
study in an activity-based analysis framework.  Various measurements for travel behavior (such 
as frequency, distance, duration, and chaining) can be derived from activity diaries.  This enables 
the evaluation of multidimensional travel impacts of e-shopping.  Activity/travel diary surveys 
have limitations, too.  These surveys are generally conducted for the purpose of transportation 
planning, especially regional travel demand forecasting.  Transportation-related activities are the 
main focus of the surveys; we cannot expect detailed information regarding shopping activities 
(although activity diaries designed for time-use analysis may contain more information).  
Therefore, it is less likely that we can distinguish e-shopping from other home-shopping 
channels.  This is why Ferrell (2005) chose to investigate teleshopping (an aggregation of online, 
catalog, and television shopping).  Further, there is a temporal mismatch between surveys and 
shopping activity.  Disproportionate shopping activities occur on weekends, but most 
activity/travel surveys are conducted during weekdays (such as Zmud did in Sacramento).  This 
mismatch is likely to bias the connections between e-shopping and traditional shopping.  

2.3 Toward Improved Knowledge 

Previous studies have made certain progress on the relationships among e-shopping, spatial 
attributes, and travel behavior.  However, there are no consistent findings regarding the impacts 
of spatial attributes on online buying (Table 1).  In terms of online buying frequency, Farag et al. 
(2006a) supports the efficiency hypothesis; Farag et al. (2007) support the innovation-diffusion 
hypothesis; Farag et al. (2005, 2006b) and Krizek et al. (2005) did not find a statistically 
significant influence.  For online buying adoption, the results are also mixed:  two for the 
innovation-diffusion hypothesis, one for the efficiency hypothesis, and two for no effects.  In 
addition, Ferrell (2005) supports the innovation-diffusion hypothesis for teleshopping duration.   
 
Regarding the interactions between e-shopping and personal travel, the studies using the direct 
questioning approach tend to show mixed effects of substitution and complementarity.  The 
studies by Farag and colleagues (2005; 2006b; 2007) using shopping surveys found 
complementary and independent effects between online buying and traditional shopping.  More 
importantly, the findings of existing multivariate analyses indicate only the association between 
e-shopping and personal travel but not the causality. 
 
This review suggests that the relationships among e-shopping, spatial attributes, and travel 
behavior are more complex than they first appear, and point to various issues that future research 
should address:   
 
(1) Future research must account for the influences of antecedent factors on both e-shopping and 
traditional shopping, especially individuals’ shopping responsibility in the household.  Do the 
positive associations found in Farag et al. (2005, 2006b, 2007) mean that e-shopping has a 
complementary effect on in-store shopping (and hence implicitly on shopping travel)?  The 
answer is not straightforward, however.  The positive association can be attributed to at least 
three mechanisms (Mokhtarian and Circella, 2007).  First, online buying induces the need for 
additional related goods such as accessories (a direct causal influence).  Second, time savings 
from online buying are reallocated to other shopping activities and travel (an indirect causal 
influence).  Moreover, the association may result from factors antecedent to both shopping 
behaviors.  For example, affluent individuals are likely to have a higher demand for online 
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buying and traditional shopping than the poor; other sociodemographics (such as household size 
and age) can cause the demand for both shopping activities in the same way.  Shopping 
enjoyment may also increase the demand for shopping through multiple channels.  Because all 
three studies controlled for sociodemographics and shopping attitudes in the model, it seems that 
these studies point to the complementarity.   
 
However, household shopping responsibility is another important antecedent factor.  Shopping 
can be a maintenance or leisure activity.  That is, shopping is motivated by enjoyment but also 
by household responsibility.  Failure to control for the responsibility may produce spurious 
relationships between online buying and traditional shopping at the individual level.  Consider 
two extreme cases: individuals in group A shoulder all shopping activities in the household and 
have a high frequency for online buying and in-store shopping; those in Group B carry few 
shopping responsibility and have a low frequency for both behaviors.  A model of these two 
groups of people without controlling for the share of responsibility tends to yield an erroneous 
complementary effect.  One way to address this issue is to model shopping activities at the 
household level (and hence the share of responsibility within the household does not matter), as 
Ferrell (2004) did.  Another way is to include sociodemographics (such as gender, age, and 
children) in the model (e.g. Ren and Kwan, 2009a), but these variables are not likely to fully 
capture the explanatory power of household responsibility.  None of the studies reviewed here 
explicitly measured individuals’ share of household shopping responsibility, however.   
 
Further, we can test the relationships for different market segments such as gender since previous 
studies have identified the differences in activity-travel patterns (Ren and Kwan, 2009a). 
 
(2) Future research should integrate multiple dimensions of travel behavior into the relationships 
between e-shopping and personal travel.  First, planners are interested in the impacts of e-
shopping on trip generation (frequency).  The following questions are also intriguing:  Does e-
shopping reduce shopping-related vehicle miles traveled?  Does the information obtained online 
reduce time spent on shopping travel?  Does e-shopping facilitate or discourage trip chaining of 
shopping activities?  Does e-shopping reduce shopping trips that occur during rush hours?  All 
studies reviewed here chose trip frequency as dependent variables and a couple considered other 
dimensions of shopping travel.  Second, the mode choice of shopping trips is directly related to 
the implications of the relationships.  A driving trip induced by e-shopping carries social costs 
whereas an induced walking/biking trip may have health benefits instead.  Although automobile 
dominates the mode choice of shopping activities in the U.S., an exploration of mode choice may 
provide insights for other countries such as European countries.  It is worth noting that Corpuz 
and Peachman (2003) have made some attempts in Sydney.  Third, previous studies extensively 
focused on the impacts of e-shopping on shopping travel.  As presented earlier, time savings 
from e-shopping can be reallocated to other travel activities.  However, few studies have 
examined how e-shopping influences travel behavior as a whole.  Because these questions 
require ample information on activity-travel pattern, it is desirable to exploit an activity diary 
with detailed information on Internet use and shopping activities.  
 
The rise of e-shopping may lead to changes in land use as well.   For instance, the closure of 
small book stores due to the competition from online book vendors.  The changes in land use 
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development will further impact individuals’ travel behavior.  Future studies should attempt to 
incorporate/discuss the long-term influence of e-shopping on store shopping via land use. 
  
(3) Future research should test the connections between e-shopping and traditional shopping at 
different time scales.  Using different types of surveys, Farrell (2005) concluded substitution 
effects but Farag et al. (2005; 2006b, 2007) concluded complementary effects.  The results 
appear to be contradictory.  On the other hand, these findings may reflect the real influences of e-
shopping on traditional shopping at different time scales.  Activity diaries measure activity 
participation and travel behavior in one or two days.  The induced demand of e-shopping may 
not occur within such a short period, especially when online purchases require physical delivery.  
In contrast, the span of shopping behavior over a certain period may be long enough to capture 
this inducement, and hence studies using shopping surveys concluded complementarity.  
However, this hypothesis has yet to be tested.  In general, these two possible connections can be 
simultaneously tested by measuring an individual’s behaviors using both a shopping survey and 
an activity diary.   
 
(4) Future research should examine shopping process and its implications for transportation.  A 
shopping process can include, but is not limited to, information search, product trial, transaction, 
distribution, and return (as Mokhtarian (2004) summarized).  E-shopping and traditional 
shopping may interact with each other at many stages of the shopping process (Mokhtarian 2004; 
Peterson et al., 1997).  More importantly, their relationships can be distinct at different stages.  
For instance, an individual orders a product online and picks it up at an outlet store later.  In this 
case, an online transaction substitutes for a physical transaction at stores but it may also generate 
a special trip to the store.  Further, the findings from the studies using the direct questioning 
approach also demonstrate the complex relationships between e-shopping and traditional 
shopping.  To accurately measure the impacts of e-shopping on traditional shopping, it is 
necessary for future studies to quantify the interactions at all stages of the shopping process.     
 
(5) Future research should differentiate product types when investigating the connections 
between e-shopping and traditional shopping (Cao and Mokhtarian, 2005).  The characteristics of 
products greatly determine the degree to which they are suitable for marketing online and hence 
their potential for the substitution effect (Peterson et al., 1997).  Conceptually, Peterson et al. 
(1997) concluded that low-cost, frequently-purchased, and tangible or physical products are 
more likely to be purchased in traditional stores; low-cost, frequently-purchased, and intangible 
or informational products are more likely to be purchased over the Internet; and both channels 
are suitable for high-cost, infrequently purchased products.  Further, different products may have 
different needs for information gathering, price comparisons, etc.  Empirically, Tonn and 
Hemrick (2004) found the size of substitution effects differ by product types; so did 
Weltervreden (2007).   
 
(6) Future research should discuss the magnitude of the influence of e-shopping on travel 
behavior.  Previous studies have reported statistical significance of the influence; they have 
answered the question:  “does e-shopping have a statistically significant influence on travel 
behavior?”  However, it is arguable that the magnitude of an effect is at least as important as 
statistical significance of the effect, especially as statistical significance is affected by sample 
size (Ziliak and McCloskey, 2004).  With the size of the influence, we can ascertain how big it is, 
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not just whether it occurs or not.  Further, it is desirable to compare the roles of e-shopping, 
sociodemographics, shopping attitudes, and other related factors in explaining travel behavior.  
This knowledge will enable us to evaluate the contribution of e-shopping in a relative sense, and 
hence to evaluate its potential as a travel demand management strategy or to factor in increased 
VMT in future.   
 
(7) Future research should integrate shopping surveys and activity diaries.  As discussed in 
Section 2.2, the weaknesses of the research are at least partly attributed to the limitations of the 
data.  Consequently, an integration of shopping surveys and activity diaries could exploit the 
advantages of each and address their limitations.  Through shopping surveys, we can obtain 
attitudinal measurements but cannot capture day-to-day interactions among different activities 
and travel.  In contrast, activity diaries seldom capture attitudinal measurements but contain 
ample information on activity-travel patterns (although detailed information on shopping-related 
activities is desirable).  With respect to survey content, the shopping survey should measure 
shopping-related attitudes, household shopping responsibility, sociodemographics (especially 
when market-segment impact such as gender and race is of interest), Internet experience, and so 
on; and the activity diary should focus on shopping activities and travel as well as (in home and 
out of home) subsistence, maintenance, and leisure activities and associated travel.  In addition, 
we can measure shopping behaviors over a long period (such as a quarter of a year) in the 
shopping survey.  Combining quarterly measures and daily measures, we can test the hypothesis 
that the impact of e-shopping on travel changes depends on time scale.  
 
(8) When we test the impacts of shopping accessibility on e-shopping behavior, it is desirable to 
measure the accessibility based on the areas over which consumers search information for 
different types of products.  Generally, the search area for products differs by product type:  it 
can be regional (specialty products, cars), citywide (clothes and electronics), and neighborhood 
wide (books, CDs) (Mokhtarian, 2004).  Farag et al. (2005) found that those living in highly 
urbanized areas were more likely to buy travel tickets online whereas those in low and 
moderately urbanized areas were more likely to buy digital products and clothes online.  
Previous studies tested different geographic scales, ranging from neighborhood (Farag et al., 
2006b), to region (Ferrell, 2005), and to nation (Farag et al., 2006a; Krizek et al., 2005).  
However, these studies seldom explored the influences of different geographical scales on e-
shopping with respect to product types.  If product types are not differentiated, citywide and 
regional scales are attractive because the innovation-diffusion and efficiency hypotheses are 
formulated based on regional characteristics.   
 
The proliferation of e-shopping during the past decade has attracted substantial attention from a 
variety of fields.  The impacts of e-shopping on personal travel and hence the whole 
transportation system are intriguing, especially when many claim that e-shopping can substitute 
for physical trips to traditional stores and reduce travel.  However, these impacts are apparently 
understudied compared to the impacts of ICTs on commuting.  As a result, the relationships 
between e-shopping and travel behavior remain unclear.  More empirical research is needed to 
improve our fundamental knowledge on the connections.  Although it would be ideal to design a 
study to accommodate all of those recommendations, this study aims to address six of them (1~4, 
6 and 7) using the research design described in the next chapter. 
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3 SURVEY DEVELOPMENT AND DEPLOYMENT 

3.1 Sample Selection 

We designed this study to capture the behavior of Internet users, so that we may better 
understand how they adopt e-shopping and how e-shopping interacts with their travel behavior 
for in-store shopping.  Therefore, we did not intend to draw a representative sample of 
population as a whole.  Instead, our target population for this study is Internet users in the 
Minneapolis-St. Paul seven-county metropolitan area.   
 
To identify households for our sample, we initially hoped to acquire Internet subscriber data 
from local Internet providers.  In the Twin Cities, Comcast and Qwest are the major providers of 
cable and DSL Internet connections, respectively.  Unfortunately, this data set has two main 
problems.  First, the data these companies can provide are inherently incomplete; Internet 
subscribers who use other service providers or connection types are excluded from their lists.  
Second, neither Comcast nor Quest readily provides subscriber data for research purposes.  
Therefore, we decided to randomly sample households from our chosen neighborhoods, 
assuming that many of these households would have access to the Internet.   
 
Because accurate Internet penetration data are not readily available, we used income as a proxy 
for Internet accessibility and drew our sample from households living in certain census block 
groups with relatively high median incomes.  In particular, we mapped census block groups by 
median household income in ArcGIS 9.2.  Based on our local knowledge, we identified 16 sets 
of census block groups (totaling 78 block groups).  As shown in Appendix A, household median 
income in each of these block groups is well above the Twin Cities Metropolitan Statistical Area 
median household income ($54,304); median household incomes of most block groups are 50 to 
100 percent higher.     
 
Previous research has shown that consumers’ adoption of e-shopping and the interaction between 
e-shopping and in-store shopping are likely to be influenced by retail accessibility (Ren and 
Kwan, 2009; Weltevreden and van Rietbergen, 2007).  Therefore, we selected sample 
households from three different location types: urban neighborhoods, suburban neighborhoods, 
and exurban neighborhoods.  These locations represent different levels of shopping accessibility.  
Because Internet penetration in exurban neighborhoods tends to be lower than that in the other 
two types of neighborhoods, we oversampled exurban neighborhoods by choosing four urban, 
four suburban and eight exurban neighborhoods (16 sets of block groups) to achieve a balanced 
sample of Internet users from all three location types.  The geographical distribution of these 
neighborhoods is shown in Figure 1.   
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Figure 1. Target Neighborhoods 
 
We purchased a random sample of 500 addresses in each of the 16 neighborhoods from 
AccuData Integrated Marketing, a commercial data provider (http://www.accudata.com).  After 
receiving the address list, we prepared a letter inviting respondents to take our online survey.  In 
an attempt to prune bad addresses from our mailing list, we paid UMN Addressing and Mailing 
Services to run our list against the U.S. Postal Service’s National Change of Address list.  This 
eliminated 75 addresses from our list, leaving 7,925 households to which we mailed survey 
invitations.  Of these, 392 letters were returned to sender.  Therefore, the vendor’s list 
presumably consisted of 7,533 valid addresses.  

3.2 Survey Design 

This section briefly discusses the contents of our survey.  The survey was divided into two main 
sections.  The first section resembles traditional e-shopping surveys used in previous studies 
(Farag et al., 2007; Mokhtarian et al., 2009).  The second section is an activity diary asking 

http://www.accudata.com/
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respondents to record each of their activities over any Friday and Saturday period between 
December 1, 2008 and January 20, 2009.  We intentionally chose these dates to capture high 
occurrences of shopping activity due to the holiday season.  Friday and Saturday were selected 
for the survey time period as they represent one weekday and one weekend day when people 
tend to do most shopping. 
 
The first section of the survey was divided into six parts.  We opened with a simple question, 
“Where do you typically access the Internet?”  Response options were: Home, Workplace or 
School, or Elsewhere (e.g. coffee shop, library, client’s office).  Respondents could select as 
many of these as applicable, giving us some idea of each respondent’s Internet accessibility. 
 
We then proceeded with attitudinal statements in Part A: Your Opinions about Shopping.  
Initially, these were conceptually divided into five categories that gauged different values related 
to shopping and e-shopping.  Within each category, we asked respondents to indicate their 
agreement toward three different statements using a five-point Likert-type scale (‘strongly 
agree,’ ‘agree,’ ‘neutral,’ ‘disagree,’ ‘strongly disagree’).  In total, we identified 15 attitudinal 
dimensions, based on our informed knowledge and previous research efforts (Cao and 
Mokhtarian, 2005; Mokhtarian et al., 2009).  Each category and its questions are listed below. 
 
Price consciousness – Shopping specific 

 If I really want something, I'll often buy it even if it costs more than it should. 
 I generally compare prices before buying in order to get the best value. 
 It's important to me to get the lowest prices when I buy things. 

 
Time consciousness – Shopping specific 

 I'm too busy to shop as often or as long as I'd like. 
 Being a smart shopper is worth the extra time it takes. 
 Saving time when I shop is important to me. 

 
Shopping enjoyment – Shopping specific 

 For me, shopping can be an important leisure activity. 
 Under the right circumstances, shopping is fun. 
 Shopping is usually a chore for me. 

 
Impulsive buying – Shopping specific 

 I generally stick to my shopping lists. 
 Before buying something, I generally take some time to think it over. 
 I often make unplanned purchases. 

 
Travel – Shopping specific 

 Shopping is too physically tiring to be enjoyable. 
 Getting to where I usually shop is a hassle. 
 Sometimes for me, shopping is mostly an excuse to get out of the house or workplace. 

         
In the survey, we randomized the order of these questions to reduce respondent’s tendency to 
recognize categories and adjust their responses to fit definitively into our pre-conceived scale. 
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Part B: Your Shopping Habits asked about respondents’ shopping patterns for non-daily products.  
Non-daily products were defined in the survey as “products such as books, clothes or 
electronics.”  We asked respondents to report how often they purchased products at stores and 
over the Internet, how they would alter their travel behavior if a product they wanted was not 
available over the Internet, and how frequently they foresaw themselves using the Internet for 
future purchases.  In response to dramatic gas prices increases during the spring and summer of 
2008, we also asked respondents to indicate whether this affected the frequency of their Internet 
and store purchases.    
 
Part C: Your Last Book, CD, DVD, or Videotape Purchase asked respondents to consider their 
most recent Internet or store purchase of a common “search” product (products that can often be 
satisfactorily evaluated on the basis of externally-provided information alone; Peterson et al., 
1997).  They were then asked a series of detailed questions regarding that specific purchase and 
the decisions leading up to the purchase: how the respondent initially became aware of the 
product, obtained information about the product, and experienced the product. 
 
Part D: Your Use of the Internet asked four brief questions regarding respondents’ Internet 
habits.  These included years of Internet experience, type of Internet connection at home, amount 
of time spent on the Internet for personal use, and amount of time spent using the Internet to 
browse products. 
 
Part E: Your Travel-Related Choices presented a series of decisions that respondents could make 
to reduce their consumption of gasoline.  Again, this section was added in response to the 
extremely high gas prices that characterized 2008.  Given this series of decisions, respondents 
were asked to first identify which of these choices they had made in the last twelve months and 
rate the importance of gas prices in making their decision.  The respondents were then presented 
the same series of decisions and asked to identify which of these they would consider making in 
the future should gas prices continue to rise.  This section is an add-on of the e-shopping survey.  
 
In Part F: Personal Information, we asked basic socio-economic and demographic 
characteristics.  These include gender, possession of a driver’s license, possession of a credit 
card, number of household vehicles, household size, age, education level, occupation, household 
income, commute distance, and physical barriers that would prevent the respondent from driving, 
walking, or taking public transportation.   
 
Following these sections, respondents were asked to fill out an activity diary for any Friday and 
Saturday period between December 1, 2008 and January 20, 2009.  Respondents were asked to 
record all of their activities beginning at 3am Friday morning and ending at their bedtime on 
Saturday.  Respondents could select their activities from the following given categories:      

1. Travel: Driving, riding, walking, biking, flying 
2. Work/school or related tasks 
3. Household chores/personal care (child care, care of others, meal preparation, home 

maintenance, medical appointment, beauty shop, dry cleaning, banking, and 
government services) 

4. Sleep (including naps) 
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5. Recreation/entertainment/relaxing/resting (hobbies, exercise, TV, radio, reading) 
6. Social/volunteer/civic/religious activities (visiting, meetings, worship, wedding) 
7. Non-work (non-shopping) Internet use (email, browsing, games, blogs) 
8. Shopping away from stores (from home, work, while travelling including buying, 

product browsing over the Internet, catalog, TV shopping channels, etc.) 
9. Shopping in stores (buying, checking out what are in stores) 

 
The survey design allowed respondents to enter at most 20 activities per day.  We assumed this 
number would sufficiently capture a respondent’s entire set of daily activities.  After each 
respondent entered their activity, we asked them where the activity occurred (in home or out of 
home) and what time they ended that activity.  They were then prompted to enter their next 
activity.  If the activity was shopping, respondents were sent to questions related to their reasons 
for shopping and means of purchase (Internet, catalog, in store, etc.).  If the activity was travel, 
we asked further questions regarding travel behavior such as trip purpose, secondary stops, and 
means of travel.  The flow chart in Appendix B depicts the question pattern in the activity diary.  

3.3 Survey Instrument Development 

To administer our survey, we used SurveyMonkey, a subscription-based commercial survey 
vendor.  Because the purpose of this survey is to study the behavior of Internet users, we did not 
make paper copies of the survey available.  The major advantages and disadvantages of 
SurveyMonkey are outlined as follows:   
 
Advantages 

 Data-entry is automatic, minimizing chances of human error; 
 Database management and web security are managed by SurveyMonkey; 
 Survey instrument design requires minimal time; 
 Data can easily be downloaded; 
 Cost is relatively low; 
 Responses can be tracked by date and downloaded at any point during the survey period; 
 Respondents can complete a survey in more than one session. 

 
Disadvantages 

 SurveyMonkey uses generic formatting that is not particularly well-suited to travel diaries;   
 Survey pages could not be copied and pasted; creating the activity diary was long and tedious; 
 Not all survey respondents found the activity diary design intuitive; 
 Question types are limited by available response formats; 
 Font size and style can only be changed using html tags, which are tedious; 
 SurveyMonkey is unable to cross-check user-entered data, such as unique identification 

numbers, against an existing database.  
 
SurveyMonkey is organized by questions and pages.  SurveyMonkey allows users to input an 
unlimited number of questions per page and create an unlimited number of pages.  Skip logic can 
be applied only between survey pages.  For example, logic attached to a specific question 
response can only redirect respondents to a new page, rather than to a new question on the same 
page.  We organized our survey so that each of Parts A though F was presented as single pages.  
When respondents completed a page, they clicked a “next” button and were directed to the next 
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section.  SurveyMonkey allows users to indicate specific questions on a page that must be 
completed before the respondent can move on to the next page.  In general, we did not require 
participants to answer survey questions unless we believed that data was critical to our research 
or administrative purposes.     
 
The skip logic in our survey became more complicated in the Activity Diary section.  In this 
section, respondents are initially asked to enter the date of the Friday they were recording, 
followed by “What were you doing Friday at 3 a.m.?”  Respondents could then choose between 
each of the nine activity categories listed above.  Skip logic was attached to each of the nine 
category responses, leading respondents to a different page depending on which of the nine 
categories they selected.  Each page ended with the question “Was this your last activity before 
sleeping?”  If respondents selected no, they were prompted to a page that asked “What was your 
next activity?”  Again, respondents could choose from the nine activity categories and the cycle 
repeated itself.  We repeated these pages so that respondents could select up to 20 activities per 
day.  When respondents answered yes to “Was that your last activity before sleeping?” they were 
redirected to a new page asking them the same set of questions for Saturday.  When they had 
completed the diary for Saturday, they were directed to a “Thank you” page that ended the 
survey. 

3.4 Data Collection 

The survey was open between December 1, 2008 and January 31, 2009.  We mailed an initial 
invitation letter on December 3, 2008.  Survey recruits were told they were eligible for a drawing 
to receive one of five $100 Target Gift Cards if they responded before January 20, 2009.  
Responses were collected after that date but were not eligible for the drawing.  We stopped 
collecting responses after January 31.  Our first response was received on December 6 at 12:05 
p.m.  Our final response was collected on January 31 at 10 a.m.   
 
We debated whether to address invitation letters to household members by name or by “Name or 
Current Resident.”  While addressing people by name could lend legitimacy to the project in the 
eyes of mail recipients, attaching “or Current Resident” could potentially reach a greater number 
of respondents should the name from our mailing list no longer match the address to which we 
sent invitations.  We decided to address households in half our population - two urban, two 
suburban, and four exurban neighborhoods - by name and the remaining half by “Name or 
Current Resident.”  Of the 591 individuals who responded to our survey, 277 individuals 
responded to letters addressed by “Name or Current Resident.”  Therefore, these two approaches 
did not produce a statistically significant difference in response rate (the test statistic is 1.581, 
smaller than the critical value of 1.945).  Even so, “by name” is recommended.  
 
We mailed a reminder postcard on December 11.  This was timed in hopes that it would reach 
people before many begin Christmas celebrations.  Our intention was to eliminate names from 
this mailing that had already responded to the survey, verbally declined to take the survey, or 
were returned addresses.  Unfortunately, in order to provide UMN Printing Services and UMN 
Addressing and Mailing enough lead time to prepare the postcard, we were not able to eliminate 
any names from the original mailing list.  Again, this postcard was mailed to our sample frame of 
7,925 people.  
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A final reminder was mailed on December 31.  This postcard was timed to arrive after the 
holiday season when more people might spare their time on a survey.  We mailed this set of 
postcards to 7,276 people after eliminating names of respondents, bad addresses, and people who 
verbally declined to take the survey.   
 
Figure 2 depicts survey responses per day.  In total, we received 591 unique survey responses 
(both partial and complete).  Visible spikes in survey responses reflect the arrival of reminder 
postcards.  Figure 3 shows cumulative survey responses throughout the survey period.  
Approximately 21 percent of responses were received within the first week of the survey.  
Responses leveled off at just over 50 percent between the first postcard, mailed one week after 
the survey opened, and the second postcard, mailed four weeks after the survey opened.  The 
second postcard produced a strong uptick in survey responses that lasted until January 20.   
 
Our survey response pattern suggests the December holiday season may not be an ideal time to 
collect survey responses, despite its higher likelihood of shopping activity.  In a similar survey 
conducted between June and August 2006, researchers collected 50 percent of total responses 
within the first week and 95 percent of responses within the first four weeks of opening the 
survey (Ory and Mokhtarian, 2007).  In contrast, we collected 50 percent of responses within the 
first four weeks (December) and 50 percent during the remaining four weeks (January) of our 
survey period.  Our slower response rate is likely attributable to the holidays, which may have 
also prevented some people from responding to our survey at all.  An additional explanation for 
the January spike in responses may have been the approach of the stated January 20 end date for 
prize eligibility.   
 
Table 3 depicts response rates per each of the sixteen target neighborhoods.  While fewer 
residents within each exurban neighborhood responded to the survey than did residents of urban 
or suburban neighborhoods, the greater number of exurban neighborhoods included in this 
survey produced a slightly higher total number of respondents from exurban areas.  In general, 
responses were well-distributed among neighborhood type, allowing a robust analysis of retail 
accessibility among survey respondents. 
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Figure 2. Daily Responses 
 
 
 
 
 
 

  
Figure 3. Cumulative Responses 
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Table 3. Number of Respondents by Neighborhood 
Response  Rates  per  Neighborhood  (N=591)
Neighborhood Location Respondents

Urban                                    1 Linden  Hills  Minneapolis 42

2 Lynhurst,  Minneapolis 46

3 Macaletser-‐Groveland,  St.  Paul 51

4 Cedar-‐Isles,  Minneapolis 44

183
Suburban                      5 Vadnais  Heights 53

6 Eden  Prairie 33

7 Woodbury 31

8 Edina 36

153
Exurban                            9 Anoka 30

10 Rogers 26

11 Chaska 38

12 Waconia 39

13 Lakeville 33

14 Prior  Lake 27

15 New  Market 32

16 Stillwater 30

255  

3.5 Initial Data Cleaning 

When we initially mailed survey invitations, every name on the mailing list was assigned a five-
digit unique identification (ID) number.  This number was printed on the address label of the 
invitation letter and both postcards.  Respondents were required to enter this unique ID number 
to begin the on-line survey, a method we believed would seem less invasive than asking 
respondents to enter their name.  Because each unique ID number matched an address on the 
mailing list, this information allowed us to connect survey responses with addresses for retail 
accessibility analysis.   
 
When we downloaded responses from SurveyMonkey, our data contained 598 responses.  Five 
of these responses were duplicate responses from the same user, where the same unique id was 
entered twice.  By checking response patterns and answers to fact-based questions such as age 
and household size, we determined that these five responses came from the same person, rather 
than an individual randomly mistyping their ID to match another’s.  Typically one of the 
duplicate entries appeared to be a “false start,” so we kept whichever duplicate response was 
most complete.  In addition, we also deleted two responses that were completed by minors.  This 
brought our total survey response number to 591.  The survey response rate was 7.85% 
(=591/7,533), based on valid addresses only.  However, this response rate is likely to be 
substantially lower than the true response rate because the population of this survey is Internet 
users while many (though unknown) households in our sample frame are not Internet users.   
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The system of unique ID numbers did introduce some amount of user error in the survey.  As 
mentioned earlier, SurveyMonkey does not allow entered data to be checked against an existing 
database.  Technically, respondents could enter any set of five numbers and the program allowed 
respondents to continue taking the survey.  Most of the 14 responses with incorrect unique ID 
numbers were either mistypes or mistakenly entered zip codes.  In the future, choosing a unique 
ID that was not five digits long (the same number of digits in a zip code) could have caused less 
confusion.  In addition, printing this number somewhere other than the address label (where a zip 
code is located) may also reduce this error.   
 
Of the 14 entries with incorrect unique ID numbers, eight could be matched to a name on our 
mailing list.  At the end of the survey, respondents who wanted to be eligible for the prize 
drawing could choose to enter their name and contact information.  These eight responses 
matched names in our mailing list so we manually entered their correct unique ID into our data.  
The six remaining entries had been entered as zip codes from within the study area.  Because the 
fundamental purpose of the unique ID was to link survey responses with a geographic location, 
we randomly assigned each of these responses a block group from within the entered zip code. 

3.6 Variables 

The variables in the analysis were classified into six different groups:  demographics, Internet 
experience, shopping behavior, shopping attitudes, household responsibility, and shopping 
accessibility. 
 
The demographic category included demographic characteristics that could influence the 
frequency of respondent’s shopping activity, which consist of gender, age, possession of a 
driver’s license, possession of a credit card, household income, number of household vehicles, 
household size, number of children between ages 0 to 5, ages 6 to 11, ages 12 to 15 and ages 16 
to 17, education background, student status, employment status, and any conditions preventing 
the respondent from driving, walking, or taking public transportation.  Table 4 depicts selected 
demographic characteristics among survey respondents.  Generally, respondents are well-
educated and well-paid workers with few limitations on their shopping behaviors such as low 
income or lack of a driver’s license or credit card.  The sample may not be a good representative 
of Internet users in the Twin Cities, especially when overdrawing high income households.  
However, since the focus of our study is on explaining the relationships of other variables to 
shopping behavior rather than on describing shopping behavior per se, this is not expected to 
materially affect the results of multivariate analysis (Babbie, 2007).  For example, we are not 
trying to replicate the population distribution of income, but rather the impact of income on 
shopping behavior.  Since we have ample diversity of income across the sample and thence 
ample opportunity to properly capture its effect on shopping behavior, the under- or over-
representation of certain income categories is not serious. A similar principle holds with respect 
to other sources of non-representativeness, provided those sources are exogenous - such a 
situation is equivalent to exogenously stratified random sampling, and under those circumstances, 
coefficients of linear regression models are statistically unbiased (Hausman and Wise, 1981).  
Thus, although we do not claim perfect representativeness for our sample in terms of univariate 
distributions, the relationships among the variables of interest that are captured by our models 
(and that are the focus of this study) are generalizable.  However, the results of descriptive 
analysis should be interpreted with the overrepresentation of affluent people in mind. 
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The Internet experience category included variables describing the respondent’s usage of the 
Internet: years of using Internet, frequency of personal Internet use, and Internet connection 
method (dial-up or broadband). 
 
The shopping behavior category included variables describing the respondent’s e-shopping and 
in-store shopping habits regarding non-daily purchases.  These variables include frequency of 
store trips for these items, frequency of Internet purchases of these items, frequency of product 
information search via Internet, preferred alternative to Internet purchases, whether or not the 
respondent has made a store trip as a result of Internet browsing, respondents’ plans for future 
Internet purchases. 
 
Shopping attitudes variables were derived from a factor analysis.  In the survey, respondents 
were asked to indicate whether they agree or disagree with15 statements on a five-point Likert 
scale from “strongly disagree” to “strongly agree”.  The statements reflect fundamental shopping 
attitudes that are expected to influence the respondents’ shopping behavior.  Since some of these 
statements measure similar dimensions of shopping attitudes and are highly correlated, we 
conducted a factor analysis to identify latent constructs of the attitudes.  As shown in Table 5, 
four factor scores (price consciousness, time consciousness, shopping enjoyment, and impulsive 
shopper) were derived using common factor analysis (called principle axis factoring in SPSS) 
with Varimax rotation.  
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Table 4. Sample Characteristics 
Variables Mean/Number   Percent
Age  (n=566) 48.39

Number  of  vehicles  per  household  (n=570) 2.30

Household  size  (n=569) 2.81

Gender  (n=572)
Male 243 42.5

Female 329 57.5

Driver's  license  (n=570)
Yes 567 99.5

No 3 0.5

Credit  card  (n=570)
Yes 557 97.7

No 13 2.3

Household  income  (n=546)
Less  than  $30,000 20 3.7

$30,000  -‐  $44,999 32 5.9

$45,000  -‐  $59,999 50 9.2

$60,000  -‐  $74,999 50 9.2

$75,000  -‐  $99,000 97 17.8

$100,000  -‐  $124,999 93 17.0

$125,000  -‐  $149,999 63 11.5

$150,000  or  more 141 25.8

Educational  background  (n=570)
High  school  or  less 32 5.6

Some  college  or  technical  school 86 15.1

Two-‐year  associate's  degree 29 5.1

Four-‐year  college/technical  school  degree 202 35.6

Some  graduate  school 56 9.9

Complete  graduate  school 163 28.7

Occupation  (n=566)
Student 11 1.9

Sales 38 6.7

Service/repair 15 2.7

Manager/administrator 120 21.2

Production/construction/crafts 23 4.1

Professional/technical 288 50.9

Clerical/administrative  support 28 4.9

Homemaker 43 7.6

Employment  status  (n=568)
Work  full  time 376 66.2

Work  part  time 73 12.9

Not  working 49 8.6

Retired 70 12.3  
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Table 5. Rotated Factor Matrix of the Factor Analysis 

Statements 
Shopping 
enjoyment 

Cost 
consciousness 

Impulsive 
shopper 

Time 
consciousness 

I often make unplanned purchases.   0.662  
Before buying something, I generally take some 
time to think it over.  0.454 -0.352  
I generally stick to my shopping lists.   -0.552  
If I really want something, I'll often buy it even if 
it costs more than it should.  -0.354 0.428  
I generally compare prices before buying in order 
to get the best value.  0.751   
It's important to me to get the lowest prices when 
I buy things.  0.667   
I'm too busy to shop as often or as long as I'd 
like.    0.637 
Being a smart shopper is worth the extra time it 
takes.  0.661   
Saving time when I shop is important to me. -0.376   0.224 
Under the right circumstances, shopping is fun. 0.608  0.239 0.227 
Shopping is usually a chore for me. -0.859    
For me, shopping can be an important leisure 
activity. 0.640  0.371  
Sometimes for me, shopping is mostly an excuse 
to get out of the house or workplace. 0.328  0.379  
Getting to where I usually shop is a hassle. -0.372   0.221 
Shopping at stores is too tiring to be enjoyable. -0.765    

Note: the analysis is principle axis factoring with Varimax rotation and loadings smaller than 0.2 were suppressed. 
 
The procedure for factor analysis is as follows.  Before conducting factor analysis, missing value 
analysis with expectation maximum algorithm was applied to 15 statements because there are 20 
missing cells (out of 15*588 = 8820 cells) in the data.  Because the purpose of the factor analysis 
is to identify latent constructs of shopping attitudes, we adopted common factor analysis (CFA) 
rather than principle components analysis (PCA), as recommended by Widaman (1993).  It is 
worth noting that CFA tends to produce lower factor loading and percent variance explained by 
the factor solution than PCA.  However, CFA is still superior to PCA because the PCA loadings 
are more biased estimators than are the CFA loadings (Widaman, 1993).  When identifying the 
number of factors, a number of criteria were used.  In particular, both eigenvalue-one rule and 
scree role point to the four-factor solution.  We also tried a five-factor solution.  However, the 
statements underlying the fifth factor are a subset of the statements for the factor score “shopping 
enjoyment”.  Thus, we decided to choose the four-factor solution as our final results.  Overall, 
58.2% of total variation is explained by the factor scores using initial eigenvalues and CFA 
explains 43.5% of total variation.  
 
The household responsibility category included a single variable, the percent of household 
shopping activities for which the respondent is primarily responsible. 
 
The shopping accessibility variables were derived from ArcGIS analysis.  We calculated retail 
accessibility for each of the 78 block groups included in this study.  When computing these 
variables, we relied on the U.S. Census Bureau’s Longitudinal Employer-Household Dynamics 
data, which contains the number of retail jobs per block group in the Twin Cities area.  Using 
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number of retail jobs as a proxy for retail opportunity, we calculated five cumulative shopping 
accessibility variables for each block group:  the number of retail jobs within a pre-specified 
buffer (Euclidean distance of 1, 2, 5, 10 and 20 miles).  Some researchers contend that network 
distance may be a better measurement for a buffer than straight-line distance because people 
travel in the network.  In this study, we have accurate and reliable network data in the seven-
county metropolitan area, which is well maintained by Metropolitan Council.  Many 
neighborhoods are at the boundary of the metropolitan area.  Calculating network distances for 
these neighborhoods will require the network data outside of the metropolitan area.  However, 
the data are not maintained by the Council and there are a lot of inconsistencies.  Therefore, we 
decided to use straight-line distance.  Because some block groups may partially fall within the 
pre-specified buffer, the number of retail jobs in a block group was counted when the centroid of 
the block group fell within the buffer.  
 
Table 6 illustrates the shopping accessibility by different types of neighborhoods. For all buffers, 
the mean shopping accessibility of urban neighborhoods is higher than that of suburbs, which is 
in turn higher than that of exurban neighborhoods. Further, the 25 percentile of urban 
neighborhoods are consistently higher than the median of suburban neighborhoods, and the 25 
percentile of suburbs are consistently higher than the median of exurban neighborhoods.  Thus, 
generally, shopping accessibility decreases as people move from urban to suburban and to 
exurban neighborhoods. 
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Table 6. Shopping Accessibility by Neighborhood Type 
   Urban (25 CBG)   
  1 mile 2 miles 5 miles 10 miles 20 miles 
Mean 894 3849 21705 74465 152580 
Std. Deviation 414 593 5321 8234 741 
Minimum 187 1911 12193 64972 150713 
Maximum 1687 4788 29080 88588 154070 
Percentiles 25 593 3562 16569 68163 152107 

50 903 3854 24475 69135 152622 
75 1215 4203 25436 82117 152862 

   Suburban (18 CBG)   
  1 mile 2 miles 5 miles 10 miles 20 miles 
Mean 125 1250 15362 50740 123333 
Std. Deviation 113 1226 9019 20653 28033 
Minimum 0 128 2689 13373 60388 
Maximum 299 4080 28670 72635 148232 
Percentiles 25 30 291 9158 37527 117573 

50 86 732 11936 53928 126504 
75 258 2138 25014 70440 147113 

   Exurban (35 CBG)   
  1 mile 2 miles 5 miles 10 miles 20 miles 
Mean 67 191 1825 11118 65450 
Std. Deviation 120 265 2041 7687 21361 
Minimum 0 0 45 942 30131 
Maximum 432 1000 7235 29446 106524 
Percentiles 25 2 9 317 3794 44626 

50 22 36 1067 11114 70622 
75 73 278 2188 16352 84124 
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4 DATA ANALYSIS 

4.1 Descriptive Analysis 

How does e-shopping influence in-store shopping behavior?  Similar to Handy and Yantis (1997), 
this survey directly asked respondents what they would have done if their last purchase over the 
Internet had not been available over the Internet.  Consistent with previous research, this 
question produces mixed results on the interactions between e-shopping and in-store shopping.  
In particular, about 29% of respondents would have made a special trip to the store to find this 
item or a similar item.  This means that 29% of online purchases may substitute for in-store 
shopping.  About 18% of respondents would have not made the purchase, which suggests that 
18% of online purchases are likely to be induced demand.   Further, 14% tried to purchase the 
item or similar item through catalog or other media, a possible substitution effect for other 
teleshopping channels.  Finally, 39% of respondents would have waited until their next trip to the 
store.  Note that although the last three may not require additional trips to the store, they do 
require the delivery.  In another question, 49.3% of respondents indicated that they have made a 
special trip to the store because of something they have seen online, which provides evidence for 
complementary effect.   
 
In the survey, we also asked respondents to indicate the influence of rising gasoline prices on 
their shopping behavior.  We found that 43% of respondents have reduced their visits to the store 
for non-daily products where as only 1% have increase their visits. In contrast, 11% respondents 
have purchased non-daily products on-line more often than they had before whereas 5% have 
purchased less often.  Moreover, a cross-tabulation shows that these two variables are 
statistically dependent (negatively associated).   

4.2 Multivariate Analysis on the Impact of E-shopping on Shopping Behavior 

The results of previous section provide evidence for both substitution and complementary effect.  
Based on a cross-sectional design, the observed association between e-shopping and in-store 
shopping may be spurious.  In other words, some antecedent variables may determine both e-
shopping and in-store shopping behavior.   According to literature review, these confounding 
factors include, but are not limited to, socio-demographics, shopping attitudes, and household 
shopping responsibility.  Therefore, it is important to control for these factors when investigating 
the influence of e-shopping on in-store shopping behavior. 

4.2.1 Analysis method 

In the survey, in-store shopping frequency was measured in a discrete ordinal scale ranging from 
0 (less than once a month) to 3 (more than once a week).  Specifically, 24.6% of 585 respondents 
go to a store to purchase non-daily products for themselves and their households less than once a 
month (one respondent reported never); 47.9% go to a store one to three times per month; 20.3% 
go to a store once a week, and 7.2% go to a store more than once a week.  So we employed 
ordered-response techniques to model the behavior.  In an ordered-response model, individuals’ 
behavior is observed in an ordinal scale (Y = 0, 1, 2,…j,…, J), and we assume that an underlying 
latent continuous variable, Y*, represents a respondent’s propensity to store shopping (Daykin 
and Moffatt, 2002).  Y* is expressed in the following form: 
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eXY* ,           (1) 

 
where X is a vector of explanatory variables,  is a vector of parameters, and e is the unobserved 
error term.  The relationship between the latent Y* and the observed Y is: 
 

J2,..., 0,1,j ,* if 1 jj YjY ,       (2) 
 
where the js are cut points or threshold parameters, defined as 1 , J , and j 1 j  

for all j.  In the context of the ordered probit model, e ~ N[0, 2
e ] , and we have the following 

probabilities:  
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1

e

j
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j
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XX
,    (3) 

Where  denotes the standard normal CDF. 
 
The Veall-Zimmermann R2 was chosen as a goodness-of-fit measure for the models because it is 
better than McFadden R2 when the number of ordinal categories exceeds three (Veall and 
Zimmerman, 1996).  The R2

vz is calculated as follows: 
 

        R2
vz  = 

)](2)(2)[(
)](2)][()([
CLLLLNCLL
CLLNCLLLL ,      (4) 

 
where LL(c) is the log-likelihood for the model where all coefficients but J-1 thresholds are 
restricted to zero (equivalent to a constant-only model); LL( ) is the log-likelihood at 
convergence (i.e., the final model); N is the number of observations in the model.   

4.2.2 Model results 

Using the SPSS 17.0 software package, we developed five ordered probit models to explore the 
correlates of store shopping frequency.  The first model illustrated the relationships between 
store shopping frequency and demographic components of the sample and those between store 
shopping behavior and Internet experience.  The second incorporated data from variables 
regarding respondents�’ Internet use for online shopping and online searching.  The third added 
neighborhood dummy variables and shopping accessibility variables.  The fourth incorporated 
four factor scores of shopping attitudes.  In the last specification, the variable indicating 
respondents�’ shopping responsibility in the household was incorporated in the model.  The 
interest of this model is to show the relationship between in-store shopping and e-shopping 
behavior; other variables in the model are controls.  When developing these models, we dropped 
variables whose p-values were greater than 0.2. 
 
The results of these models are shown in Table 7.   After we dropped some variables, Model 1 
shows that household income is positively associated with store shopping frequency, although 
the association is not significant at the 0.05 level.  The number of children (12-15 years old) has 
a positive associate with store shopping frequency, indicating the larger demand induced by 
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those children.  Among students, full-time workers, and retirees, students were least likely to 
shop at a store frequently, followed by full-time workers, whereas retirees were most likely to 
shop at a store frequently.  Further, respondents who had a broadband Internet connection tend to 
go shopping more frequently.  Number of years using Internet is negatively associated with store 
shopping frequency, but the association is insignificant at the level of 0.05. 
 
After controlling for demographics and Internet experience, we found that two more variables, 
how often respondents consulted the Internet for information about non-daily products and how 
often they actually bought those products over the Internet, are positively associated with store 
shopping frequency (Model 2).  These two positive influences suggest that e-shopping (online 
searching and online buying) is likely to have a complementary effect on store shopping.   
 
In Model 3, we further incorporated neighborhood location dummies and shopping accessibility 
variables.  The suburban dummy is significant at the 0.05 level.  In particular, suburban 
respondents were more likely to shop in stores.  However, none of the remaining location 
variables are insignificant at the 0.2 level.  In this model, e-shopping behavior variables remain 
statistically significant. 
 
Our fourth model added the shopping attitudes identified in the factor analysis.  This model 
showed that three attitudes had positive impacts on in-store shopping frequency although the cost 
consciousness variable is not significant even at the 0.1 level.  As expected, those who 
intrinsically enjoyed shopping as well as impulsive shoppers are more likely to shop in stores.  
When comparing the coefficients of online shopping frequency across the models, interestingly, 
we found that the coefficient in Model 4 is considerably larger than that in Model 3.  In other 
words, once we control for shopping attitudes, the complementary connection between online 
shopping and store shopping becomes stronger.  Why does it happen?  If an antecedent variable 
affects two outcome variables in the same way, the association between the latter two variables 
tends to diminish once the antecedent variable is controlled for.  By contrast, if the antecedent 
variable influences the two outcome variables in opposite ways, the association between 
outcomes becomes stronger when we account for the influence of the antecedent variable on both 
outcomes1

                                                 
 
1 This is equivalent to the concept of partial correlation, which measures the correlation between two variables while 
removing the effects of a third variable.  Simply put, if we want to measure the correlation between online shopping 
frequency (X) and store shopping frequency (Y) while taking away the effects of shopping enjoyment (Z), the 
partial correlation between shopping frequencies can be derived using the following equation: 

.  Through a further exploration, we found that the shopping enjoyment attitude is 
positively associated with store shopping frequency, but negatively associated with online 
shopping frequency.  Therefore, it is reasonable that the coefficient of online shopping frequency 
in Model 4 is larger than that in Model 3.  This result suggests that if we do not control for 
shopping attitudes, we tend to underestimate the complementarity between online shopping and 
store shopping.  

. If the Pearson correlation between the frequencies  is positive and both 
 and  are positive (or negative), the partial correlation  may be smaller than the Pearson correlation 
.  If  is positive, and one of  and  is positive and the other is negative, the partial correlation  is 

larger than the Pearson correlation .   
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Table 7. Ordered Probit Models for In-store Shopping Frequency 

  
Model 1  Model 2  Model 3  Model 4  
Estimate p-value Estimate p-value Estimate p-value Estimate p-value 

Mu_0 -0.666 0.059 -0.215 0.558 -0.116 0.753 -0.007 0.984 
Mu_1 0.670 0.057 1.137 0.002 1.243 0.001 1.423 0.000 
Mu_2 1.540 0.000 2.040 0.000 2.154 0.000 2.387 0.000 
Demographics and Internet experience         
Household income 0.036 0.146       
# of children (12-15 years old) 0.179 0.085 0.165 0.107 0.170 0.097 0.202 0.051 
Student -0.626 0.040 -0.581 0.059 -0.551 0.073 -0.703 0.025 
Full time worker -0.217 0.065 -0.187 0.104 -0.181 0.116 -0.169 0.146 
Being retired 0.345 0.038 0.377 0.022 0.363 0.027 0.356 0.032 
Years using Internet -0.097 0.177 -0.170 0.017 -0.164 0.020 -0.110 0.127 
Broadband connection 0.393 0.021 0.280 0.100 0.289 0.089 0.315 0.070 
E-shopping behavior         
Frequency of product information search   0.191 0.001 0.187 0.001 0.138 0.021 
Frequency of online shopping   0.098 0.011 0.103 0.008 0.121 0.002 
Location         
Suburb neighborhoods     0.243 0.021 0.215 0.044 
Attitudes         
Shopping enjoyment       0.238 0.000 
Impulsive shopper       0.297 0.000 
Cost consciousness       0.078 0.163 
N 544 567 567 567 
Veall-Zimmermann R-square 0.104 0.158 0.163 0.240 
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We also included the shopping responsibility variable in the model. However, it is not significant 
at the 0.2 level.  Thus, the model is not presented in the table.  A bivariate correlation analysis 
confirmed that the variable is not significantly associated with either online shopping frequency 
or store shopping frequency.  Therefore, this study failed to support the alternative hypothesis 
that shopping responsibility in the household is an antecedent factor of online and store shopping 
frequencies.  
 
Veal-Zimmerman R2 increased from 0.104 of Model 1 to 0.240 of Model 4.  The large increase 
results from e-shopping behavior and shopping attitudes.  Based on these models, we conclude 
that both online searching and online buying tend to have a complementary, rather than a 
substitution effect on in-store shopping trips.  Although it appears that those who have used the 
Internet longest may have adopted behaviors that allowed them to reduce in-store shopping, 
increased access to the Internet in the form of a broadband connection, gathering information 
about a product via Internet, and online shopping allowed individuals to increase their shopping 
activities in-stores.   

4.3 Multivariate Analysis on the Usage of Online-Shopping 

How does geography impact online-shopping frequency?  An ANOVA shows that online-
shopping frequencies for respondents living in urban, suburban, and exurb neighborhoods are 
statistically different.  Bonferroni tests further illustrate that on average, the frequencies of urban 
residents are higher than those of other two groups.  The tests are significant at the 0.1 level.  
Bivariate correlation analysis shows that online-shopping frequency is positively associated with 
shopping accessibility measured at the five-mile and ten-mile buffers; and the association is 
stronger (in terms of both p-value and correlation coefficient) for the five-mile buffer.  This 
finding contradicts the efficiency hypothesis.  Therefore, it seems that the innovation-diffusion 
theory was supported by this data.  Broadband connection is also positively association with 
online-shopping frequency although it is not statistically related to types of locations.  
 
An ordered probit model was developed for online-shopping frequency (Table 8).  Respondents 
who have a wired lifestyle (online product search frequency, personal Internet usage, and years 
of using Internet) are more like to shop online.  Household income and education are positively 
associated with online shopping frequency.  Those who like physical shopping are less likely to 
shop online.  After controlling for socio-demographics, shopping attitudes, and Internet usage, 
we found that respondents living in urban neighborhoods tend to shop more frequently via 
Internet.  Therefore, the multivariate analysis also supports the theory of innovation diffusion. 
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Table 8. Ordered Probit Model for Online-Shopping Frequency 
Variables Coefficient p-value
Mu_0 1.948 .000
Mu_1 2.277 .000
Mu_2 3.234 .000
Mu_3 4.293 .000
Mu_4 5.063 .000
Years using Internet .091 .200 
Hours using Internet for personal purpose .132 .052 
Frequency of product information search .454 .000 
Shopping enjoyment -.092 .066 
Household income .105 .000 
Education .049 .135
Urban .219 .033
N 540
Veall-Zimmermann R-square 0.286  

  
  
  
  
  
  

  
  
  

4.4 The Interactions among Online Shopping, Online Searching, and Store Shopping 

As the model presented in Section 4.2, most of previous multivariate studies share a 
characteristic: it was pre-determined that the connection between online buying and traditional 
shopping is from the former to the latter.  However, given the cross-sectional nature of the data, 
the assumption precludes the opposite direction of the influence.  SEM allows researchers to 
relax the assumption and enables the estimation of bi-directional influences.  Using SEM, Farag 
et al. (2005) found that in-store shopping tends to impact online buying whereas online buying 
does not have a significant influence on traditional shopping.  This observation questions the 
findings of previous research: does the association between online buying and traditional 
shopping indicate an influence from online buying to traditional shopping or an influence from 
traditional shopping to online buying?  Further, many studies have shown that online product 
information search also has connections with online buying and traditional shopping (Farag et al., 
2007; Wilson et al., 2007).  What are the interconnections among online searching, online buying 
and in-store shopping?  This section applies an SEM to reveal the complex relationships. 

4.4.1 Modeling approach 

An SEM approach was employed in this study.  Although SEMs can include latent endogenous 
variables, the present application is restricted to the case where all endogenous variables are 
observed.  Using the matrix notation in Mueller (Mueller, 1996), an SEM for observed (mean-
centered) variables can be defined as having the following form: 
 
Y = Y + X + 
 

 ,          (5)  

Where: 
Y = (NY 1) column vector of endogenous variables (NY = number of endogenous variables), 
X = (NX 1) column vector of exogenous variables (NX = number of exogenous variables), 
B = (NY NY) matrix of coefficients representing the direct effects of endogenous variables 
on other endogenous variables, 

 = (NY NX) matrix of coefficients representing the direct effects of exogenous variables on 
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endogenous variables, and, 
 = (NY 1) column vector of errors. 

 
The two coefficient matrices B and  determine the structure of an SEM.  In addition, a 
covariance matrix  (NX NX) for exogenous variables X and a covariance matrix  (NY NY) 
for error terms  can be specified.  The B, , , and  matrices together establish an SEM for 
observed variables.  To estimate an SEM, , the model-implied covariance matrix of observed 
variables X and Y, will be reproduced in terms of specific functions of unknown model 
parameters (namely, the B, , , and matrices).  If specific values for the unknown 
parameters are inserted in these functions, a model-implied (reproduced) covariance matrix is 
obtained, and then the difference between this matrix and the observed (sample) covariance 
matrix S is calculated based on some criterion.  A structural equations modeling program fits the 
specified model to the data by repeatedly inserting better and better estimates of these parameters 
until the difference between the reproduced and observed covariance matrices is minimized in 
terms of some criterion.  In view of the nature of the estimation process, the SEM is commonly 
referred to as covariance structure analysis.  The goodness-of-fit of an SEM relies on how well 
its model-implied covariance matrix  conforms to its observed covariance matrix S (Raykov 
and Marcoulides, 2000). 

4.4.2 Results 

4.4.2.1 Model development  
The purpose of this study is to explore the interconnections among online searching, online 
buying, and traditional in-store shopping.  We chose online searching frequency, online buying 
frequency, and traditional shopping frequency as endogenous variables in the model.  Based on 
the literature and our informed knowledge, the endogenous variables are expected to be 
influenced by several sets of exogenous variables such as shopping accessibility, socio-
demographics, shopping attitudes, and Internet experiences; a conceptual model is shown in 
Figure 4.  Because there are many exogenous variables in our empirical model, we first screened 
insignificant variables to reduce model complexity.  Specifically, we estimated two separate 
linear regression models for each of the endogenous variables: one with endogenous variables 
being independent variables of the regression model and the other without endogenous variables 
being independent variables.  To achieve a parsimonious model, we chose 10% as the critical 
significance level:  if the p-value of a variable is larger than 10%, it is removed from linear 
regression models.  Once all regression models were ready, they were integrated into an SEM 
based on the conceptual model.  The maximum likelihood estimation (MLE) approach, 
commonly used in practice, was used to develop the SEM.  This modeling process led to an SEM 
shown in Table 9. 



40 

 

 
Figure 4. Conceptual Model 

4.4.2.2 Multivariate normality and model fit 
We used the MLE approach to develop the original SEM.  The validity of MLE theoretically 
depends on whether the SEM meets the assumption of multivariate normality of its variables.  
When this assumption holds, estimates of the variances of parameters are consistent.  A review 
of the literature reveals that meeting this condition is a problem in many studies.  Bentler and 
Dudgeon (Bentler and Dudgeon, 1996) (p.566) stated that “in practice [for structural equation 
models], the normality assumption will often be incorrect.”  Micceri (Micceri, 1989) reviewed 
numerous data sets that were used in journal articles and found that a majority of the conclusions 
were based on data that were not normally distributed.  Although SEM using the MLE has been 
increasingly applied in travel behavior research, most studies did not explicitly discuss 
multivariate normality of its variables. 
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Table 9. Standardized Direct and Total Effects of the Original Model  
Variables Frequency of 

online buying 
Frequency of 

online searching 
Frequency of  

in-store shopping 
Endogenous variables    
Frequency of online buying n.a. 0.282**(0.282) 0.160**(0.186) 
Frequency of online searching  n.a. 0.093**(0.093) 
Frequency of in-store shopping   n.a. 
Exogenous variables    
Socio-demographics    
Household income 0.200**(0.200) 0.075**(0.131) 0.000(0.044) 
Age  -0.054(-0.054) 0.112**(0.107) 
Education 0.086**(0.086) 0.000(0.024) 0.000(0.016) 
N of children 6 – 11 years old  0.080**(0.080) 0.000(0.007) 
N of children 12 – 15 years old  0.076**(0.076) 0.072*(0.079) 
Living in suburbs (dummy)   0.083**(0.083) 
Living in urban areas (dummy) 0.089**(0.089) 0.000(0.025) 0.000(0.017) 
Fulltime worker or (dummy) 0.111**(0.111) 0.000(0.031) -0.064(-0.043) 
Homemaker (dummy) 0.097**(0.097) 0.000(0.027) 0.000(0.018) 
Part-time student (dummy)   -0.084**(-0.084) 
Internet-related attributes    
N of locations with Internet access   -0.089**(-0.089) 
Frequency of Internet browsing for 
personal use 

0.253**(0.253) 0.355**(0.426) 0.000(0.080) 

Broadband access (dummy)  0.069*(0.069) 0.068*(0.074) 
Teleshopped before (dummy) 0.225**(0.225) 0.000(0.063) 0.000(0.042) 
Shopping attitudes    
Shopping enjoyment -0.059(-0.059) 0.000(-0.017) 0.196**(0.185) 
Cost consciousness 0.057(0.057) 0.129**(0.145) 0.058(0.081) 
Impulsive shopping 0.088**(0.088) 0.097**(0.122) 0.228**(0.253) 
Time consciousness  0.066*(0.066) 0.000(0.006) 
Squared multiple correlations 0.206 0.329 0.196 
Notes: 1. the numbers in parentheses are total effects; a direct effect of 0.000 means the coefficient for the direct link 
between variables is insignificant at the 0.20 level.  2. an empty cell means the coefficient is insignificant at the 0.20 
level. 3. * 0.05  
 
 
To test for departures from normality, we reviewed the multivariate kurtosis of the SEM.  That 
statistic was equal to 44.7, with a critical ratio of 16.6 (a critical ratio above 1.96 signifies 
departure from multivariate normality with 95% confidence).  Given this significant failure, 
modifications were in order.  We tried to normalize our variables by transforming variables with 
high kurtosis values into their natural log forms. However, it is difficult to achieve normality for 
dummy variables using the technique.  Because some dummy variables substantially contribute 
to deviation from normality, we had to manually remove them (which included part-time student, 
homemaker, and broadband connection of Internet) although they were significant at the 0.1 
level in the model.  Further, we removed a couple of categorical variables (the number of 
children 6-11 years old and the number of children 12-15 years old) due to the same reason.  
After these modifications, the multivariate kurtosis value for the SEM was reduced to -0.75, with 
a critical value of 0.36. That is, our model follows the multivariate normality.   
The other concern on the SEM in Table 9 is its model fit.  Almost all measures indicate that the 
model has an inadequate goodness of fit (Table 10).  One way is to trade some significant 
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exogenous variables for the fit.  Ory and Mokhtarian (Ory and Mokhtarian, 2009) offered an 
insightful discussion on this dilemma (p. 37):   
 

“[A]lthough inclusion of these variables increased the predictive accuracy of the model (equation-specific 
R2s), they also significantly degraded model fit, i.e. substantially increased the discrepancy between the 
model-predicted and empirically-observed covariance matrices. The literature contains mixed advice with 
respect to this (quite common) situation. On the one hand, several eminent scholars [(Hayduk et al., 2007; 
McIntosh, 2007)] argue that when a model does not fit the data adequately, parameter estimates, as well as 
the measures of predictive accuracy based on those estimates, are potentially bogus. On the other hand, 
other scholars [(Tomarken and Waller, 2003, 2005)] point out that the exclusion of relevant variables 
(when correlated with included variables, as is generally the case) constitutes an omitted-variables bias that 
renders coefficient and standard error estimates inaccurate – even, potentially, when goodness-of-fit is 
perfect. This dilemma makes it difficult, to say the least, to choose among competing specifications on the 
basis of either goodness-of-fit or parameter significance (or both), when apparently neither approach to 
assessing model adequacy can be fully trusted.” 
 

Because a fully-specified SEM was presented above, we chose to develop a model with a 
reasonable fit by excluding some variables.  The final model is illustrated in Table 11.  Similarly, 
“we do not pretend to have necessarily achieved the single right or best model of these 
relationships, only one that is meaningful, satisfying, instructive, and consistent with typical 
SEM practice”. 
 
Table 10. Measures of Fit for the Original Structural Equations Model 
Degrees of freedom 178 

2: measures discrepancy between the sample and model-implied covariance matrices; the 
smaller the better a. 

938.55 

2/d.f.: a “relative chi-square value” corrected for degrees of freedom; values of 3 or less indicate 
a good fit and values as high as 5 represent an adequate fit. 

5.27 

Goodness-of-Fit Index (GFI): the relative proportion of variance and covariance in the sample 
covariance matrix explained by the model-implied covariance matrix, with values closer to 1 
being better. 

0.85 

Hoelter Critical N: the largest sample size for which one would accept the hypothesis that a 
model is correct. A critical N of 200 or better indicates a satisfactory fit. 

127 

Root Mean Square Error of Approximation (RMSEA): measures the estimated discrepancy 
between the model-implied and true population covariance matrix, corrected for degrees of 
freedom; values less than 0.05 indicate a good fit, and values as high as 0.08 represent a 
reasonable fit. 

0.090 
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Table 11. Standardized Direct and Total Effects for the Final Model  
Variables Frequency of 

online buying 
Frequency of 

online searching 
Frequency of  

in-store shopping 
Endogenous variables    
Frequency of online buying n.a.  0.153**(0.153) 
Frequency of online searching 0.337**(0.337) n.a. 0.138**(0.189) 
Frequency of in-store shopping   n.a. 
Exogenous variables    
Socio-demographics    
Household Income 0.185**(0.246) 0.181**(0.181) 0.000(0.063) 
Age   0.132**(0.132) 
Education 0.104**(0.104)  0.000(0.016) 
Suburb   0.089**(0.089) 
Internet-related attributes    
# of places with Internet access   -0.104**(-0.104) 
Internet browsing for personal use 0.088**(0.233) 0.428**(0.428) 0.000(0.095) 
Shopping attitudes    
Shopping enjoyment -0.075**(-0.075)  0.189**(0.178) 
Cost consciousness 0.000(0.046) 0.138**(0.138) 0.000(0.026) 
Impulsive shopper 0.000(0.035) 0.103**(0.103) 0.220**(0.240) 
Time consciousness 0.000(0.034) 0.101**(0.101) 0.000(0.019) 
Squared multiple correlations 0.220 0.256 0.184 
Notes: 1. the numbers in parentheses are total effects; a direct effect of 0.000 means the coefficient for the direct link 
between variables is insignificant at the 0.20 level.  2. an empty cell means the coefficient is insignificant at the 0.20 
level. 3. * 0.05  
Model fit: 2/d.f. = 4.26; GFI = 0.93; Hoelter critical N = 186; RMSEA = 0.078. 
 

4.4.2.3 Discussion 
Table 11 shows that affluent people tended to search product information via Internet and make 
online purchases more often than did poor people; and individuals with higher education were 
likely to make frequent online transactions.  These are consistent with prototypes of online 
shoppers (Cao and Mokhtarian, 2005).  Older people tended to generate more in-store shopping 
trips, as we expected.  Further, suburban neighborhood is positively associated with shopping 
frequency in traditional store, a result found in a preliminary study (Cao et al., 2010).  Internet-
related attributes also have associations with shopping choice:  people who had an access to the 
Internet at multiple locations tended to make fewer store visits; those who frequently browsed 
Internet for personal reasons (an indicator of wired lifestyle) were likely to make more online 
information searching and make more online purchases.  
 
The statements underlying the shopping enjoyment factor (Table 5) measure individuals’ 
intrinsic affection toward shopping, especially physical shopping.  Therefore, it is logical that the 
factor is positively associated with in-store shopping frequency, and has a negative association 
with online buying frequency.  These suggest that online shopping is a substitute for in-store 
shopping for people who do not enjoy traditional shopping.  We also found that cost-conscious 
people, time-conscious people, and impulsive shoppers tended to conduct frequent product 
information searches via Internet: abundant online information enables cost-conscious and time-
conscious people to conduct comparable shopping with little physical effort; it satisfies the 
curiosity of impulsive buyers.  Impulsive shoppers also tended to make more in-store shopping 
trips.  
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The interactions among online buying frequency, online searching frequency, and traditional 
shopping frequency are interesting.  When we developed the SEMs, we allowed three pairs of bi-
directional influences (totally six links in the dashed box in Figure 4) in the model.  We first tried 
to constrain one of two links between any endogenous variables to zero and found the other link 
is always positive and significant at the 0.05 level.  Therefore, without including both links in the 
model, we are unable to disentangle the direction of influence between two endogenous variables. 
When we allowed Internet searching frequency and in-store shopping frequency to 
simultaneously influence each other, we found that the link from Internet searching to in-store 
shopping is significant at the 0.05 level whereas the other link is insignificant even at the 0.20 
level. Thus, the connection between Internet searching and in-store shopping is from the former 
to the latter.  For the pair of Internet searching and Internet buying, we found that both links are 
insignificant at the 0.05 level; however, the p-value for the link from Internet searching to 
Internet buying is much smaller than that for the other link and the size of the former coefficient 
is four times as large as that of the latter one.  Thus, the connection between Internet searching 
and Internet buying appears to be from searching to buying. Similar to Internet searching and 
Internet buying, the connection between Internet buying and in-store shopping seems to be from 
the former to the latter.  Overall, product information search encourages both Internet purchases 
and in-store shopping, and online buying has a complimentary effect on in-store shopping 
(Figure 5).   
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Figure 5. Empirical Relationship 
 
 
SEM allows us to capture indirect effect, which is a component of total effect from one variable 
to the other. For example, if the variable X influences the variable Y2 without any mediating 
variables, this influence (X 2) represents a direct effect from X to Y2; by contrast, if X 
influences Y2 through Y1, this influence (X 1 2) represents an indirect effect from X to Y2.  
Although we did not find direct effects from three attitudinal factor scores (cost-consciousness, 
time consciousness, and impulsive shopping) to online buying and in-store shopping in the 
model, the variables influenced shopping frequencies through online product information search.  
Further, the total effect of online searching on in-store shopping exceeds that of online buying.  
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5 CONCLUSIONS 

This research aims to reveal the interactions between e-shopping and in-store shopping using a 
sample of Internet users in the Minneapolis-St. Paul metropolitan area through a number of 
analytical approaches.  This report summarizes previous research on the interactions among 
spatial attributes, e-shopping, and travel behavior and makes eight recommendations for future 
studies.  Guided by the recommendations, this study adopts an innovative research design by 
integrating a conventional shopping survey with an activity diary.  This report provides a 
detailed description of survey development and implementation and points out several common 
pitfalls in survey administration. 
 
This report also presents results of preliminary analyses regarding the interactions.  Two ordered 
probit models were developed to investigate the influence of geography on online shopping 
usage and the influence of e-shopping on traditional shopping.  After controlling for a variety of 
confounding factors, we found that residents living in the urban areas tend to shopping more 
frequently, which provides supportive evidence for innovation-diffusion theory; and that online 
searching and online buying tend to have a complementary effect on in-store shopping, although 
there is also evidence for substitution effect.  Using SEM, we found that online searching 
frequency has positive impacts on both online and in-store shopping frequencies.  After 
controlling for confounding factors, we found that there is a positive association between online 
buying and in-store buying and the direction of influence is from the former to the latter. The 
SEM relaxed the assumption of unidirectional influence imposed in the preliminary analysis.  
Overall, the use of Internet as a shopping channel tends to generate shopping demand because of 
the unprecedented large amount of product information online and the direct impact of online 
buying on in-store shopping.  In terms of total effect, it seems that online information search has 
a larger complimentary effect on traditional shopping than does online buying.   
  
However, this study has a few limitations.  First, our conclusion is based only upon the results of 
the survey portion of our instrument.  As we noted in our literature review, results from travel 
diaries may yield different and sometimes contradictory results.  Consequently, we will not be 
completely confident in our conclusions until we present the results of our diary instrument.  In 
the next step, a structural equations model integrating various activity participations and travel 
behavior should be developed to understand individuals’ day-to-day variation in the relationships.  
Second, this study has not decomposed the shopping process.  An examination of this process is 
likely to fully reveal the interactions of e-shopping and in-store shopping at different stages of 
shopping.  
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APPENDIX A. MEDIAN INCOME OF BLOCK GROUPS 



A-1 

Block  Group Neighborhood

Median  

Household  

Income   Block  Group Neighborhood

Median  

Household  

Income  

270530106002 1 $82,412 270530237001 8 $85,000

270530106003 1 $63,438 270530237002 8 $80,170

270531051003 1 $98,168 270530237003 8 $85,000

270531091002 1 $82,368 270530237004 8 $102,528

270531091003 1 $84,387 270030501141 9 $78,842

270531098001 1 $102,893 270030501142 9 $76,054

270531098002 1 $80,585 270030501161 9 $67,143

270531098003 1 $60,859 270030501162 9 $62,589

270530120011 2 $90,697 270030502251 9 $67,606

270530120012 2 $57,763 270030502252 9 $77,533

270530120013 2 $70,288 270530270011 10 $78,494

270531113001 2 $84,821 270530270021 10 $79,246

270531114002 2 $126,739 270530271011 10 $78,271

270531114003 2 $98,363 270530271021 10 $84,212

270531114004 2 $66,218 270530271024 10 $71,458

271230348002 3 $107,718 270190908003 11 $72,857

271230351002 3 $85,490 270190908004 11 $87,302

271230352003 3 $79,666 270190909002 11 $77,051

271230362005 3 $96,445 270190904011 12 $75,000

271230363002 3 $67,734 270190904012 12 $90,744

271230364001 3 $73,147 270190904021 12 $108,358

271230364005 3 $69,625 270190904022 12 $70,263

270530235023 4 $76,040 270370608141 13 $68,253

270531065001 4 $102,878 270370608142 13 $87,038

270531065002 4 $71,250 270370608152 13 $92,747

270531065003 4 $71,250 270370608161 13 $95,602

271230406012 5 $119,222 271390802041 14 $74,750

271230406031 5 $107,764 271390809031 14 $75,394

271230406032 5 $63,611 271390809052 14 $86,366

271230406044 5 $76,921 271390809053 14 $92,558

271230407031 5 $81,630 271390809061 14 $81,064

270530260161 6 $80,095 271390811001 15 $78,520

270530260181 6 $94,046 271390811002 15 $66,023

270530260182 6 $116,382 271390811003 15 $75,156

271630710161 7 $111,920 271630704031 16 $86,304

271630710171 7 $73,125 271630704032 16 $104,376

271630710181 7 $104,645 271630704033 16 $97,897

270530235021 8 $111,142 271630704042 16 $85,959

270530235022 8 $82,595 271630705011 16 $82,314

Median  Income  (2000)  in  Targeted  Block  Groups
Note:  Twin  Cities  Median  Income  (2000)  =  $54,304

 



 

APPENDIX B. ACTIVITY DIARY SKIP PATTERN
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APPENDIX C. SURVEY INVITATION LETTER AND REMINDER POSTCARDS



C-1 

 

 



C-2 

 
 
 



C-3 

 

Example Activity Diary

Example activities Categories Where Start time End time Means of transport Quick stops Duration of stops Last activity of the day?
sleep I home 3:00 AM 6:28 AM no
shower, breakfast, … F home 6:28 AM 7:25 AM no
travel D 7:25 AM 7:55 AM carpool drop off 5 min. no
work E out of home 7:55 AM 12:00 AM no
travel D 12:00 PM 12:10 PM walk ATM 3 min. no
lunch F out of home 12:10 PM 12:35 PM no
travel D 12:35 PM 12:42 PM walk no
online shopping B out of home 12:42 PM 1:00 PM no
work E out of home 1:00 PM 5:00 PM no
travel D 5:00 AM 5:50 PM drive alone grocery, gas 20 min. no
dinner, laundry, … F home 5:50 PM 7:30 PM no
travel D 7:30 PM 7:45 PM carpool no
shopping in stores C 7:45 PM 8:45 PM no
travel D 8:45 PM 9:00 PM carpool no
laundry, bath, … F home 9:00 PM 9:35 PM no
email and web-browsing A home 9:35 PM 10:30 PM no
watching TV G home 10:30 PM 11:15 PM yes



C-4 

First Postcard Reminder 

 
 
Second Postcard Reminder 
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