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Preface

Preface
This is the report of my graduation research done as part of the Master track Real Estate Manage-
ment & Development at the Eindhoven University of Technology. This master is part of the Archi-
tecture, Building and Planning (ABP) educational program at the department of the Built Environ-
ment.

The subject of this report is the relation between online shopping and the pedestrian behaviour in 
downtown shopping areas during a shopping trip. As expected, pedestrian behaviour turned out to 
be a challenging field of research. This study was able to combine my passion for retail with challeng-
ing analyses needed in order to compare pedestrian behaviour. 

The collection of data turned out to be a challenge and I would like to thank my fellow interviewers 
for their help during the collection of the data. Furthermore, I’m grateful for all the shoppers who 
were willing to participate, filling out the surveys during the field research in the downtown shop-
ping area of Eindhoven. Especially, my word of thanks goes out to Aloys Borgers, Astrid Kemper-
man and Harry Timmermans for their guidance throughout my research.

Enjoy reading.

Eindhoven, March 2016 

http://www.tue.nl
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Summary

Summary

Online shopping has revolutionized the way of shopping and has therefore been included into the strategy 
of most retailers. A substantial amount of shoppers performs activities online to prepare for a visit to the 
downtown shopping area. Online preparation can influence the length of a shopping trip and also other 
characteristics, such as efficiency of path choice. These changes can result in alteration of pedestrian 
flows and spatial patterns. Pedestrian flows are an important indicator when deriving the quality of a retail 
location and therefore of high interest to various stakeholders. City planners, investors, developers, retailers, 
and manager of shopping areas can all take advantage of pedestrian knowledge. Many models have been 
developed to simulate pedestrian behaviour in shopping areas. Understanding differences in pedestrian 
behaviour is essential to improve the accuracy of these models.

To understand pedestrian behaviour in a shopping setting, extensive knowledge of pedestrian and consumer 
behaviour is necessary, as they both pedestrian behaviour in shopping areas. It is expected that changes 
in consumer behaviour can affect the pedestrian behaviour during a shopping trip. A literature review was 
conducted, gaining insight into pedestrian and online shopping behaviour. Indices to measure and compare 
pedestrian behaviour were obtained from the literature.

The scope of this research is limited to shoppers visiting the downtown shopping area of Eindhoven. The 
objective is to explore the effect of preparing a shopping trip online on the pedestrian behaviour during a 
shopping trip in downtown shopping areas. This is done by analysing indices describing the trajectory of the 
path and the shopping behaviour during this trip. The research question reads as follows:

“What is the effect of preparing a shopping trip online on
pedestrian behaviour in downtown shopping areas?”

Data is collected among 427 shoppers using questionnaires to reconstruct their shopping trips and including 
personal characteristics and online behaviour. 205 respondents prepared their trip online and 222 did not. 
No additional selection criteria were used to create equal group sizes. The sample is not representative for 
the whole population of shoppers in the downtown shopping area as the age of the sample is substantially 
lower. The downtown shopping area of Eindhoven is mapped using GIS-software (TransCAD) and the 
routes through the shopping area were reconstructed. Indices describing characteristics of the routes were 
calculated. 

Regression analyses were performed incorporating personal and shopping trip characteristics. For the 
trajectory indices, the length of path, mean absolute angle, and correlation between consecutive angles were 
analysed using multiple linear regression and the behaviour of passing over a section in both directions was 
analysed using ordinal regression. The number of outlets visited was analysed using Poisson regression and 
negative binomial regression, distinguishing between planned and unplanned outlet visits. The indices related 
to visiting outlets are analysed using binary logistic regression. 

During the analysis of the various indices preparing of a shopping trip online yielded as a significant 
predictor. Main effects of preparing a shopping trip online were found as well as interaction effects with 
a number of shopping trip characteristics. Shopping motives, transport mode, familiarity, and time of day 
were found to interact with preparation online. Even though preparation online did yield significant in 
most analyses, most models had a fairly limited strength to explain the variance of the dependent variables. 
The most important findings will be discussed. Solely comparing the pedestrian behaviour between the 
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sub-samples (prepared and not prepared) did not yield significant differences between the sub-samples. This 
is not remarkable as high variances exist within the sub-samples, due to spread created by other predictors, 
such as shopping motives. 

19.5 per cent of the variance of the square-root of the length of path could be explained by the proposed 
regression model. An interaction effect was found between ‘came by foot or bicycle’ and prepared online. 
Traveling to the shopping area by foot or bicycle will have a positive effect on the length of path when the 
trip is not prepared online, for prepared shopping trips on the other hand a negative effect was found. Having 
hedonic motives did not affect distance walked when the shopping trip was not prepared online. For shoppers 
that prepared online a strong increase of distance walked was found. Overall, shoppers with both shopping 
motives walked longer routes when they had prepared online. For shoppers with only utilitarian motives a 
stronger decrease of distance walked was found for those who prepared online. Analyses of other trajectory 
indices, such as mean absolute angle, correlation between consecutive angles, and segments entered, yielded 
limited results.

There was no strong difference between sub-samples regarding the number of outlets visited during a 
shopping trip. When comparing the type of visits between the sub-samples, the difference stands out. For 
shoppers that prepared online over half of the visits are planned, where only around one third of the visits 
are planned for shoppers that did not prepare online. Comparing the outlets visited between the sub-samples 
shows that shoppers that prepared online seem to visit the stores on the main-street less frequently. 

Two interaction effects with preparation online were found, when examining the efficiency of the path 
between the outlets. An interaction was found between prepared online and coming by foot or bicycle on 
the efficiency of the path. The second interaction effect was found between starting a shopping trip in the 
afternoon and prepared online on the efficiency of the path between outlets. The efficiency of the sequence of 
outlets was also effected by preparation online. Three interaction effects were found of ‘preparation online’ 
with ‘coming by foot or bicycle’, ‘familiarity’, and ‘hedonic shopping motives’ on the efficiency of the 
sequence of the outlets.

This research shows the effect of preparation online on the pedestrian behaviour. Managers in the retail 
sector should understand that preparation online is changing the shoppers that come to a shopping area 
and also changes their pedestrian behaviour in the shopping area. The difference between goal-orientated 
shoppers and leisure-orientated shoppers seems to increase. When comparing the pedestrian flows between 
the sub-samples some differences can be found. Shoppers that prepare online seem to visit certain shopping 
streets out of the shopping heart more frequently. The differences in pedestrian flows become stronger when 
comparing the pedestrian behaviour per shopping motive. Managers should take into account these changes 
since changes in these pedestrian flows according to shopping motive are important as knowing what type of 
shoppers are walking on a shopping street is important for retailers and also other stake holders.

Including preparation online into the pedestrian models should be considered to improve the simulation of 
pedestrian behaviour in various ways. First of all, the shopping list added to pedestrians needs to be adjusted 
towards the type of shopping trip regarding preparation online. Moreover, the scheduling of the outlets 
visited seems to differ between those who prepared online and those who did not. The drivers for preparing 
a shopping trip online seem to alter the effect on the pedestrian behaviour. It seems that preparation online 
should be seen as an extension of the shopping trip or to improve the efficiency of the shopping trip, because 
they both affect pedestrian behaviour. 
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1. Introduction

Shopping has become an activity that is not limited to the physical shopping areas anymore; shopping can be 
done online, everywhere at any time. The shopping activities do not need to start when entering a shopping 
area nor end when leaving. Phenomena such as omni-channel and multi-channel shopping may have resulted 
in different shopping patterns; shoppers visiting the physical shopping area might have undertaken various 
activities online to prepare for their shopping trip. The research regarding these shopping phenomena has 
mainly focussed on the shopping behaviour and consumer segmentation and not on the effect on pedestrian 
behaviour during shopping trips in the physical environment. It is seen that the adoption of online channels 
by retailers with bricks and mortar stores is higher than ever. The stores that were solely online are opening 
physical stores and stores that were mainly focussing on their bricks and mortar stores are including other 
channels into their strategy. Online shopping may have resulted in a variety of changes in relation to pedes-
trian behaviour in the physical shopping environment and the effect of preparation of a shopping trip online 
on pedestrian behaviour is extremely interesting.

1.1. Background

Pedestrian behaviour has been studied for over 50 years and results have shown the width of the factors influ-
encing pedestrian behaviour. To be able to understand pedestrian behaviour in a shopping setting, extensive 
knowledge of consumer and pedestrian behaviour is necessary (Ali & Moulin, 2006). Consequently, one 
might suggest that online shopping is changing the consumer behaviour and thereby will affect the pedestrian 
behaviour. This change can result in new spatial patterns. Many studies were conducted to understand and 
simulate pedestrian behaviour in different settings. Looking at the models regarding pedestrian behaviour 
in a shopping setting; some models suggest consumers visiting a shopping area would have a specific list of 
shops to visit, thus creating a route between them (Dijkstra, Timmermans & De Vries, 2012). Other models 
focused on the influence of the environment on ‘local’ direction choice decisions (Borgers & Timmermans, 
2005). The environment influences pedestrians in different ways, resulting in alterations to the original 
route (Dijkstra, Timmermans & De Vries, 2012; Haklay, O’Sullivan, Thurstain-Goodwin & Schelhorn, 
2001). Overall pedestrian behaviour is complex and of high importance to various actors. For city planners, 
pedestrian behavioural knowledge is essential to predict how changes in policy can create and maintain 
healthy pedestrian flows. Retailers and real estate investors might use pedestrian knowledge to predict 
changes in pedestrian behaviour in order to choose strategic locations, especially since the pedestrian flows 
are an important indicator to evaluate the strength of a retail location. Mall managers benefit from pedestrian 
knowledge by tactical store placement to improve pedestrian flows. When shoppers prepare their shopping 
trip online before going to the shopping area, one might argue that this changes and influences the pedes-
trians who go to the shopping area and might alter their pedestrian behaviour.

The adoption of online shopping is closely related to the adoption of technology in general, therefore the 
adoption of online shopping is expected to further develop over time. Currently, online shopping is mainly 
limited to younger consumers, however this is expected to change over time. The generation raised with 
technology is growing and so is the adoption of online shopping. Understanding the effect of preparing a 
shopping trip online on the pedestrian behaviour is necessary to understand the development of pedestrian 
behaviour over time. Before undertaking a shopping trip, shoppers can prepare their shopping trip by 
comparing products and prices, checking the availability of products and looking up the location of stores. 
These are just a few of the activities which can be performed before going to a shopping area that can create 
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differences in pedestrian behaviour. Consumers who investigate products in one channel and purchase 
in another are called ‘research shoppers’ (Verhoef, Neslin, & Vroomen, 2007). These shoppers do online 
research about the products they want to buy, but still go to bricks and mortar stores for various reasons, 
such as trust, service, and to touch and feel the product. These shoppers might already know exactly where 
the product is in stock and its price and their pedestrian behaviour is less exploratory than those who did 
not prepare online. Spatial behavioural characteristics for example the length of the shopping trip, route 
efficiency and store patronage might be influenced if a shopper has done research beforehand.

1.2. Aim and Research Questions

The previous section has shown the relevance and importance of understanding the effect of preparing 
a shopping trip online on the pedestrian behaviour in the physical shopping area. This research aims to 
improve this understanding, focusing on various factors influencing pedestrian behaviour of shoppers to 
advise researchers in the field of pedestrian behaviour. This research follows up previous research examining 
the pedestrian behaviour in the shopping area of Eindhoven, as downtown shopping areas are of high interest 
to investors. The scope of this study is the pedestrian behaviour of shoppers in the downtown shopping area 
of Eindhoven, the Netherlands.

Even though many studies examined pedestrian behaviour in relation to shopping, no study was found 
including the changing shopping behaviour of consumers as a result of online shopping into the research of 
pedestrian behaviour. This is surprising as the shopping behaviour of consumers is changing and therefore it 
is expected that these changes in shopping behaviour would result in differences in pedestrian behaviour.

Some studies have suggested new segmentation for shoppers due to the new shopping phenomena (Van 
Delft, 2013), however, the connection toward pedestrian behaviour has been ignored. Knowledge about how 
the inclusion of new shopping phenomena are changing pedestrian behaviour is necessary to better simulate 
pedestrian behaviour and provides the ability to better predict how changes on the consumer side as well as 
the built environment would alter the pedestrian flow.

This study will focus on preparation of a shopping trip online. Due to ‘new’ shopping channels shoppers 
can prepare their shopping trip online before they enter the physical shopping area. This has resulted in the 
following research question:

“What is the effect of preparing a shopping trip online on 
pedestrian behaviour in downtown shopping areas?”
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To be able to answer this question a number of sub-questions have been formulated:

1. What is pedestrian behaviour and what indices can be used to measure, evaluate and compare pedes-
trian behaviour of consumers in downtown shopping areas?

2. What personal characteristics influence pedestrian behaviour of consumers in downtown shopping 
areas?

3. What shopping trip characteristics influence pedestrian behaviour of consumer in downtown shopping 
areas?

4. How is online shopping evolving and how does it influence shopping behaviour of consumer in 
downtown shopping areas?

5. Is there a relation between preparing a shopping trip online and personal characteristics regarding 
consumers in downtown shopping areas?

6. Is there a relation between preparing a shopping trip online and other shopping trip characteristics in 
downtown shopping areas?

7. What is the relation between preparing a shopping trip online and pedestrian behaviour of consumers 
in a downtown shopping area?

1.3. Research Structure

To answer the research questions, pedestrian behaviour and online shopping needs to be examined. The 
research is structured into seven chapters. Chapter 1 introduces the research followed by the literature review 
which covers chapters 2 & 3. Chapter 2 will first review literature regarding pedestrian behaviour focussing 
on the development within this field of research and the factors influencing pedestrian behaviour. Chapter 3 
will then address the literature regarding shopping behaviour in relation to online shopping and the adoption 
of online shopping. Chapter 4 will discuss the research design and gives an overview of the indices used to 
compare the pedestrian behaviour. This is followed by the data collection in chapter 5, where the survey and 
sample will be discussed. The analyses and results of the indices used to compare pedestrian behaviour will 
be presented in chapter 6. Chapter 7 will elaborate the conclusion of this research and managerial implica-
tions and provides advice to the academics in the field of pedestrian behaviour, followed by the limitations 
and recommendations for future research.
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2. Pedestrian Behaviour

Pedestrian behaviour has been studied for over half a century. In the beginning, regression and spatial 
interaction models were used for predicting pedestrian movement (Sandahl & Percivall, 1972; Scott, 1974). 
Borgers and Timmermans (1986) used Monte Carlo simulation to predict route choice and destination 
choice. After a good track record of cellular automata models in other fields, these models have become 
more present when predicting pedestrian behaviour in a multi agent setting (Dijkstra et al., 2009; Haklay et 
al.,2001). 

Examining and predicting spatial behaviour is a complicated process. Various attributes influence the 
behaviour of shoppers in a spatial setting; extensive knowledge of marketing, consumer and spatial 
behaviour is necessary (Ali & Moulin, 2006). Marketing will not be further discussed in this study and the 
focus will be on the changing consumer behaviour and the effect on pedestrian behaviour.

First the background of pedestrian behaviour will be addressed. The main assumptions of the structure 
to model pedestrian behaviour will be discussed followed by an overview of two types of models used to 
model and predict pedestrian behaviour and the four choices defined by Zhu and Timmermans (2008) to 
model pedestrian behaviour. Subsequently, the pedestrian model of Borgers and Timmermans (2005) will 
be addressed, followed by the discussion of cellular automata models. Indices used to measure and compare 
pedestrian behaviour will be addressed during the discussion of the related choices and behaviour. The exact 
calculations of the indices used in this research will be presented during the research design.

2.1. Modelling Pedestrian Behaviour

To understand pedestrian behaviour, it is necessary to comprehend the choices made during a trip. Zhu and 
Timmermans (2008) studied the choices made by pedestrian during a shopping trip in a single shopping 
street in Beijing, China. They argue that these choices can be encapsulated into four types: going home, 
direction choice, rest, and store patronage. These four choices will be further discussed in section 2.3.

Bierlaire and Robin (2009) on the other hand defined seven different behavioural dimensions within spatial 
behaviour and discussed various models focussing on these dimensions. They argue that spatial behaviour 
consists of: activity choice, destination choice, mode choice, route choice, walking behaviour, and inter-
action. Activity choice for shopping trips is relevant, because a shopping trip can contain multiple activities 
(shopping, resting, or other leisure activities), within a shopping trip each stop can be seen as an activity. The 
management of these activities can be strategic and tactical; on the strategic level, activity pattern choice 
and departure time choice, and at a tactical level activity scheduling (Hoogendoorn & Bovy, 2004). Activity 
scheduling consists of three choices: which activities will be performed, where, and in which order. The 
order of these activities is somehow optimized by the pedestrians (Helbing, 2001). 

Optimizing a route can be done by following certain heuristics. Borgers and Timmermans (2014) discussed 
two heuristics and two indices to analyse and describe the sequence of outlets. The indices can be used to 
calculate the efficiency of the sequence of outlets visited during a shopping trip. Finding the shortest path 
with multiple store visits is equivalent to solving the travelling salesman problem. 
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The first index compares the observed sequence to the local distance minimized (LDM) sequence. The 
local distance minimizing sequence is the result of simply choosing the closest destination next. This can 
lead to an inefficient trip; in these cases the sequence can be optimized by changing the order of the store 
visits (Hayes-Roth & Heyes-Roth, 1979). The second index is the global distance optimizing (GDO) score. 
It evaluates the efficiency of the sequence used within the range of most optimal to least optimal sequence 
possible. The Total Distance Minimizing (TDM) score is used to determine if the sequence is ordered in an 
optimal way and choosing the most optimal path between the visits.

Destination choice is influenced by the activity choice and the locations where this activity can be performed. 
Within a shopping context the number of possible destinations or intermediate stops can be extremely large 
making it difficult to model. Also the possibility of shopping without a specific known destination makes 
pedestrian behaviour in a shopping setting hard to model. When this is the case, simulation models should 
maximize the likelihood of reaching attractive places along the way (Borst et al., 2008). Models like the 
pedestrian models of Borgers and Timmermans (2008), might be more applicable for the modelling of the 
behaviour of these pedestrians.

Mode choice is the third choice within pedestrian behaviour. The choice would be to use different facilities 
like stairs, escalators or elevators. Daamen et al. (2005) marked out that changing storey would result in 
a travel time approximately 2 to 3 times the length of the related height. Research has analysed various 
attributes influencing route choice. The last two choices are in relation to walking behaviour, speed and 
direction. Interaction between pedestrians and with the environment also need to be considered. These 
interaction patterns are necessary to explain phenomena like moving crowds.

Dijkstra, Timmermans and De Vries (2012) state that a pedestrian’s behaviour is driven by a series of 
decision heuristics, deciding which stores to visit, in what order and which route to take. Borst (2001) 
divided shopping trip into two types. The first are unplanned shopping trips, where there are no specific 
stores that need to be visited and no specific products to be purchased, thus having an exploratory character. 
The other trips have a shopping list and are route based, due to a general interest or real need of some 
products. 

2.2. Choice Models

Different types of choice models can be used to model and predict pedestrian behaviour. While discrete 
choice models are utility based, heuristic models use rules that drive the behaviour of a pedestrian.

2.2.1 Discrete choice models
Discrete choice models are used to model decisions with a discrete set of options. For example, a decision 
to go home and finish a shopping trip can be seen as a decision with two discrete possibilities; continue 
shopping or finish a shopping trip. Other examples are the decision to enter a shop or the choice of visiting 
a new street segment at an intersection of shopping streets. It is assumed that the characteristics (attributes) 
of each alternative determine the utility of the alternative and that the alternative with highest utility has the 
highest probability to be chosen. 

2.2.2 Bounded rationality 
Satisfying heuristics found in bounded rationality theory are a problem solving, learning and discovering 
technique based on practical methodology. Heuristics are used to simplify complex problems. Different 
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cut-off models have been tested and four evaluation methods have been compared: disjunctive, conjunctive, 
lexicographic, and compensatory (Zhu and Timmermans, 2008). The disjunctive evaluation considers an 
alternative when one of its (sets of) characteristics is above a threshold, so when an option does not meet 
the specified threshold it will not be considered. Conjunctive rule is used when it is assumed that an option 
is considered when all of its features are above a minimum threshold, thus, the consideration of going home 
can be best captured in a conjunctive rule (Zhu & Timmermans, 2008a). Within a lexicographic evaluation 
the attributes are ranked by their importance, then evaluated on an attribute by attribute basis. This evaluation 
method can be used to predict store-patronage, rest, and direction decision. A compensatory model with 
weighted attributes is an evaluation method which uses all attributes involved. More important attributes 
are more heavily weighted. When a high difference between the attributes exists, the results of the method 
become similar to a lexicographic evaluation.

2.3. Choices

The decisions made by pedestrians are complex decisions. Pedestrian behaviour in general differs between 
different types of shoppers and is also affected by the familiarity with the area, and the shopping motive. 
This section will discuss the choices based on the research of Zhu and Timmermans (2008), dividing the 
choices into four decisions: go home decision, path choice, store patronage, and rest decision. As the research 
regarding the rest decision is limited, only the first three decisions will be discussed in this section. 

2.3.1 Go home decision
The go home decision describes the decision of a pedestrian to head back to the respective entry point and 
finish the trip. Zhu and Timmermans (2008) studied the go home decision with four models; multinomial 
logit model (MLM), simple satisfying model (SSM), decision engagement model (DEM) and varying update 
model (VUM). MLM is a utility based model with weighted attributes, where the other three are cut-off 
models. The SSM is a rational model which is simple to understand based on disjunctive evaluation. The 
DEM is a slightly more complex model implementing ‘sense of time’, which assumes that people do not 
make choices without a reason. An internal clock is used to trigger decision making and a go home decision 
will be evaluated after a store visit. The varying update model works like the DEM, only assuming that 
people will check more often to end a shopping trip when the time pressure increases. Their questionnaire 
data gave more insight into why people end their shopping trip. Half the respondents had as a major reason to 
go home ‘intended items bought’ or ‘planned places visited’, two other major reasons were ‘tired’ and ‘other 
things to do’. Where Zhu and Timmermans (2011) assume customers will decide to go home after visiting 
a store based on absolute and relative time, Borgers and Timmermans (2005) expect that pedestrians move 
away from their entry point in the beginning of their shopping trip and are expected to move back to the 
same entry point after they reach a threshold distance. When they are near their entry point they will decide 
to go home based on: distance walked, the number of store visits and the distance to their entry point. 

2.3.2 Path choice
The direction choice at an intersection has been studied with various results. For choice behaviour without a 
fixed location in mind some say pedestrians take the shortest route possible, resulting in a right turn because 
they tend to walk on the right side of a path (Bitgood & Dukes, 2006). During another research, Bitgood 
(2006) noted changes in the pedestrian flows patterns towards the path of least resistance when it becomes 
crowded. Bandini et al. (2006) studied the influence of crowdedness and concluded that a better under-
standing of the relationship between emotions, perception and behaviour is needed for a better model. 
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Borgers and Timmermans (2005) assume that the direction choice is influenced by: characteristics of the 
route, the location of the exit point (to finish the trip), the attributes of the streets and the location and charac-
teristics of the outlets. They also assume pedestrians to move away from their entry point at the beginning 
of their shopping trip. Deckers (2005) found that pedestrians tend to visit only the part of the shopping area 
close to their entry point. 

Zacharias (2006) examined the decision making of first time visitors with an exploratory character and the 
difference between real world trips and virtual trips. Research had already shown the influence of factors 
such as heat, smell and sound and therefore such differences were expected. To get more insight into the 
motivation of the path choice, the subjects were recorded and their reasons were marked under one of these 
ten categories: people, store, design, light, music, smell, path to new, non-repeat, avoid dead-end, and other. 
In reality, people and stores are the main drivers for path choice, however, the latter is also influenced by 
design and light.

2.3.3 Store patronage 
Apart from discussing the path visitors walk, it is also important to understand the stores they visit. 
Marketing research has studied ways to improve store patronage in various ways. For discrete choice models, 
the store characteristics included in models to predict store patronage have been limited to the type of store 
and the floor space (Borgers & Timmermans, 2005). How these attributes influence spatial behaviour will be 
further explained at the discussion of the ‘Pedestrian model’. A big limitation of predicting store patronage 
with a discrete choice model is the lack of implementing memory and personal shopping lists in an efficient 
way (Kearney and Kaplan, 1997). The pedestrian model of Borgers and Timmermans (2005) includes 
whether a store type has already been passed or visited to predict store patronage. The AMANDA model 
of Dijkstra et al. (2009), discussed in section 2.5.3, includes personal beliefs and familiarity with retailers. 
This model includes store characteristics like: the probability of products being in stock and attractiveness. 
Marketing research supports the influence of beliefs of stores. Some general dimensions found in the 
literature are; atmospherics, design, and the social dimension (Baker, 1982; Sullivan and Adcock, 2002). 
Atmospherics are composed of both tangible elements (the building, carpeting, fixtures, point-of-purchase 
decorations) and intangible elements (colours, music, temperature, scents) that comprise service experiences 
(Hoffman and Turley, 2002, p. 35).

The store patronage behaviour can be examined for the outlets which are visited during a shopping trip. 
Stores can be visited when passed for the first time or pedestrians can return to a store after having passed it 
before. The behaviour of returning to previously visited outlets can also be examined. In any case, leaving 
the outlet can be done at the same entrance and also at a different entrance in case of a multi-entry store. 
These can be analyses using a ratio of performing the activity over the number of times the activity could be 
performed (Borgers & Timmermans, 2014). Examining this behaviour would improve the understanding of 
how these pedestrians walk through the shopping area.

2.4. Pedestrian Model – A Discrete Choice Model

The model presented by Borgers and Timmermans (2005) is a model which can be used in large shopping 
areas, such as inner city centres. The direction decision at primary nodes represents the direction decision 
a pedestrian need to make at an intersection of shopping streets. The structural utility of each direction is 
calculated by the summation of four components: route, finish, attributes and outlets. The first part of the 
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route represents the assumption that pedestrians will walk away from their entry point and back to their 
entry point when a threshold distance has been passed. Apart from the threshold distance, time pressure is 
included to incline pedestrians to move back to their entry point when time pressure increases. The distance 
component will include the length of the path away from the entry point. The combination of these two 
creates a positive utility when the threshold distance has not been passed yet and the direction of the path 
is away from the entry point. The other components are the length of the line of sight, if there is a staircase, 
elevator or escalator and whether the direction induces moving forward, turning to the right or left, or turning 
back. The utility of the finish component is calculated by its base utility and combined with the distance 
walked, number of outlets visited and time pressure. The attribute component includes the features of a street 
which are within the line of sight. The last component considers the accessibility of outlets when walking 
in that particular direction. The utility is calculated for each outlet using the following variables: type of 
outlet, if the store can be seen or not, if the store has already been passed or not and finally the square-root 
of the floor space divided by the distance from the current node to the outlet. The parameters used for utility 
of outlets regarding the direction choice are similar to the parameter for store patronage. Outlets with a high 
utility are more likely to be visited when passing this outlet.

2.5. Spatial Automata Models

Cellular automata models exist in single and multi-agent models. The multi-agent models are capable of 
creating interaction between agents. The advantage of an agent model is to create a good simulation of the 
reality by implementing agents with different characteristics and shopping lists. First the background of these 
models will be discussed followed by the discussion of two models.

2.5.1 Cognitive architecture 
Human behaviour has been studied at various fields. Cognitive architecture is a computational cognitive 
model, which is used to analyse cognition and behaviour (Sun, 2009). Cognitive architectures are used to get 
a better understanding of human behavioural patterns and thinking processes. One important aspect within 
cognitive architectures is memory. Including memory into the model can improve the inclusion of difference 
in behaviour caused by the familiarity with the area and retailers. In the context of shopping behaviour, two 
approaches, sociological and psychological, have started to be incorporated into models (Ali & Moulin, 
2006). 

2.5.2 The STREETS model
The STREETS model is one of the cellular automata models developed to predict pedestrian behaviour and 
one of the more structured models with a modular approach. Figure 2-2 shows the overall structure of the 
model which consists of four data sets as input: building geometry and attributes, street network, car parks 
and public transport nodes, and socio-economic data. 

The simulated environment consists of three components, the agents who move around in the environment, 
representing the pedestrians, the built environment and the movement environment. Even though it is a 
structured and well organized model, it still has some limitations when compared with other models. There 
seems to be no interaction between the memory of the agent and its behaviour, no memory of the spatial 
environment is used to create a route plan and no beliefs about stores are implemented. As Sun (2009) noted, 
implementing memory is essential to understand differences in behaviour. This however might not be the 
goal of this particular model. The STREETS model uses socio-economic data of the metropolitan area to 
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generate a representative population of agents. A 
pre-planned activity schedule is created based on these 
socio-economics and other data. Fixation towards this 
schedule varies per agent, creating a range of motiva-
tional states, where an agent can be fully fixated 
on the shopping task with no influence from the 
environment to no fixation and being fully influenced 
by the environment. 

As described earlier the STREETS model is a modular 
model with different levels of behaviour. This model 
defines five levels of behaviour: mover, helmsman, 
recognition, chooser, and planner. This shows similar-
ities with the modular approach of the seven choices 
mentioned by Bielaire and Robin (2009). 

Figure 2-1 shows the interaction diagram which is 
used in the STREETS model, with the input data 

on the right side. The dynamic environment contains the network, entry points, and the building geometry 
and attributes. The agents contain socio-economic characteristics and a pre-planned trip with stores they 
want to visit and the time available. The STREETS model includes more structured trip with an overall 
‘planner’ module managing the overall planning, where the fixation can be lowered for less structured trips. 
This module is assigned with managing the shopping list of an agent and the shopping time by influencing 
route choice. The ‘chooser’ module handles the choice of the order of the way-point which influences the 
‘navigator’ module by the progress. The movement itself within the model is organized by the mover and 
Helmsman module, which executes the direction and speed choice (see also Bierlaire and Robin, 2009). 
These modules guide the agent to their destination and prevent collisions between agents. 
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Figure 2-1. Interaction Diagram of the STREETS Model 
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2.5.3 AMANDA model
The AMANDA model developed by Dijkstra et al. (2009) is another multi-agent cellular automata model 
to simulate pedestrian behaviour. Similar to the STREETS model, agents have their own specific agenda. 
However, unlike the STREETS model where a parameter is set to represent the determination of an agent 
to follow their agenda, the AMANDA model implements priority to each activity in the agenda. Not only 
do agents have their own agenda, they also have agent based environmental knowledge, beliefs, choice 
heuristics and scripts. This should make it possible to load first time visitors as well as repetitive visitors into 
the model with knowledge of the environment. Beliefs about a store are built and updated over time. The 
model assumes the beliefs are influenced by the degree to which the attributes of the store match the ideals of 
the agent. The ideals are set per store characteristic and compared to the perceived values. 

The spatial environment differs from the STREETS model in various ways. Firstly, the AMANDA model 
only adds three characteristics to a cell, length, width and type. Where STREETS gives a range of walka-
bility, giving the ability to create less walkable areas like roads, the AMANDA model only includes walkable 
or not by allowing a cell to be set to empty, decision and wall. 

2.6. Conclusions

Pedestrian behaviour is influenced by the characteristics of the pedestrian, the characteristics of the shopping 
trip and the spatial environment. According to previous research in various fields it is reasonable to assume 
that the pedestrian behaviour differs between various types of shopping trips (Ali & Moulin, 2005; Borst, 
2001; Dijkstra & Jessurum, 2013; Dijkstra, Timmermans & Jessurum, 2014). Preparing a shopping trip 
online can be seen as a shopping trip characteristic and thereby influences pedestrian behaviour during that 
trip. However online shopping phenomena can also change the shoppers who come to the shopping area 
and thereby change spatial patterns. Conclusions on how these differences in pedestrian behaviour can be 
measured and the implications for pedestrian models will be discussed. One important difference between 
current pedestrian models is the ability to attach a predefined shopping list to pedestrians. How findings 
would influence these different models will also be addressed. 

Outlet visits during a shopping trip need to be specified as planned or unplanned, distinguishing the number 
of visits between planned and unplanned visits can improve the accuracy of these pedestrian models when 
implemented correctly. The number of outlets in a shopping area can be extremely large and this makes 
it difficult to implement. Even though many retail strategies shift focus towards recreational shopping. 
Both pre-planned and unplanned trips should be taken into consideration. This might require two different 
processes within one model, as Allen (1999) mentioned that different types of travelling have distinct mental 
processes. The models like the AMANDA and STREETS model use a predefined personal shopping list, this 
study will further examine differences in outlets visited during a shopping trip. 

Beside the problems of adding the correct (number of) stores to the shopping list, the sequence of the visits 
needs to be ordered. Two indices should be used to describe the efficiency of the sequence, which can 
be used to discover differences in pedestrian behaviour regarding visiting outlets. Further, two heuristics 
describe the behaviour of visiting outlets by furthest distance optimized or nearest distance optimized. 
Comparing the indices regarding the sequence of visiting outlets could improve the inclusion of outlet choice 
on a tactical level, as the chooser module of the STREETS model. The navigator module of the STREETS 
model guides the pedestrian to the next outlet. 
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3. Online Shopping

Pedestrians in a shopping area are partly influenced by consumer behaviour. Changes in shopping behaviour 
might result in changes in spatial patterns. Online shopping will be discussed to understand how online 
shopping can result into those changes in spatial patterns. First the adoption of technology will be discussed 
in a brief overview and predictors obtained from the literature are addressed. This will result in a better 
understanding of how the adoption and thereby the pedestrian behaviour will evolve over time. This is 
followed by a discussion of the ‘new’ shopping phenomena. These phenomena combine different channels 
into the shopping journey and are therefore significant for understanding the drivers, process, and effect of 
preparing a shopping trip online. This is followed by a discussion of the usage of different channels during a 
shopping trip.

3.1. Adoption Behaviour

The adoption behaviour is influenced by a number of factors. Various studies show the importance of 
certain characteristics to improve the acceptance of new technology. However, different characteristics are 
important when one considers electronic & mobile-commerce (E&M-commerce). The adoption behaviour 
of technology will be discussed first followed by the adoption of technology for shopping. Insight in the 
adoption of technology is important because of its direct effect on the adoption of E-commerce (Aldás-
Manzano, Ruiz-Mafé, & Sanz-Blas, 2009). 

According to the technology acceptance model (TAM) the attitude towards mobile technology is determined 
by three factors: perceived usefulness, ease of use and enjoyment (Davis, 1989). These factors are influenced 
by the characteristics: navigation, convenience and sub-experience (Childers et al., 2001). Wu and Wang 
(2005) studied the aspects related to M-commerce and stated that, cost, perceived risk, and compatibility, 
are important factors in relation to the acceptance of M-commerce. They found no significant relation 
with enjoyment, however they verified the relation between intention to use and the actual use of mobile 
commerce, indicating that behavioural intention to use mobile commerce has a significant effect on the actual 
use.

Apart from the acceptance of technology, numerous studies have been conducted to examine the character-
istics of the consumers who use different shopping channels. In relation to internet shoppers, the predicting 
variables age, status, and experience with internet, are significant (Bigne et al., 2005). Van Delft (2013) 
measured the influence of personal characteristics on omni-channel shopping behaviour and concluded that 
gender, age, net household income, work and education were significant predictors. 

Yang (2005) added innovativeness and specialization. This model implies that the individual characteristics 
influence the attitude towards the intermediate variables, perceived usefulness and perceived ease of use. The 
research is done only with students and thus it should not be generalized to other groups. 

An important predictor of the adoption is the perception of shopping benefits. Roy and Uusitalo (2002) 
examined these perceptions of shopping benefits associated with internet shopping and shopping in physical 
stores concluding that age, income, family composition and in-home shopping are significant character-
istics. For M-commerce, affinity to mobile phones is also important to predict the costumers’ engagement 
(Aldás-Manzano, Ruiz-Mafé & Sanz-Blas, 2009). Overall, the personal characteristics to segment shoppers 
regarding omni-channel shopping differ between different shopping segments (Van Delft, 2013). 
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Price Waterhouse Coopers (PwC, 2012) explored the success factors of online and multichannel retailing. 
They found the five most frequent convenient related reasons to shop online are: the ability to shop anytime, 
low prices and better offers, quicker, easier, and easier to compare products. Hsiao (2009) specified the 
influence of travel time; he compared the value of the travel time to the role of delivery time. This supports 
the results of Ailawadi et al. (2004) which stated that better accessibility has a negative effect on online 
searching. The five most frequent critical factors for multi-channel retailing are: the product offer, trust, 
easy to use, reasonable pricing, and fast and reliable delivery. Teltzrow et al. (2007) evaluated the influence 
of perceived size, reputation and privacy on the trust consumers have in a website. They concluded that 
perceived privacy is the most essential factor for trust in a multi-channel retailer. The importance of a 
physical store is partly shown by the increase of market share of multi-channel retailers in the online market 
from 52% in 1999 to 75% in 2003. This is the result of three factors; internet shops opening new physical 
shops, physical shops opening online shops and the shift from pure online stores to multi-channel retailers. 

To summarize, many researchers have studied the adoption behaviour of technology during the shopping 
journey. The majority predicts that the adoption of E-commerce will follow the adoption of technology in 
general. The consumers’ characteristics discussed in the literature are: age, gender, work, income, education, 
specialization, and innovativeness. Some argue that these characteristics influence the adoption by increasing 
ease of use and perceived usefulness. The main drivers for using online channels for shopping are: the ability 
to shop anytime, low prices and better offers, quicker, easier and easier to compare products. 

3.2. ‘New’ Shopping Phenomena 

The customer journey consists of different phases of various lengths depending on the product category and 
consumers. These phases make up the buying process. Some consider the shopping journey to end at the 
point of purchase where others include the post-purchase phase (Delft, 2013; Kollmann, Kuckertz, & Kayser, 
2012). Solomon, Bamossy, Askegaard & Hogg (2002) defined the following five phases: stimulation, search 
for information, purchase, delivery, and after sales service. 

Shoppers can easily change between shopping channels during their shopping journey. Omni-channel 
shopping is the phenomenon of shoppers using different shopping-channels simultaneously. Retailers can 
adjust their channels to work together and creating an environment which allows shoppers to effortlessly 
change between their channels.

Baik et al. (2014) reviewed the implication and impact of mobile technology on the path to purchase. They 
argue that new loops occur in the traditional shopping cycle due to mobile technology. Real time access 
to information and the ability to spread evaluations has brought motivation, search, evaluation, category, 
and store choice closer together. The importance of each phase differs between products. More expensive 
purchases generally require a more extensive search phase (Lihra & Graf, 2007). Stigler (1961) notes that 
consumers will search until the cost of search exceeds the benefits of the searching. Even though only price 
was taken into account, search benefits can also include finding other information resulting in a more suitable 
product.

The ability of consumers to switch between shopping channels has been addressed by researchers from 
different angles. Seck and Philippe (2001) examined the influence of different channels on the overall 
customer satisfaction on service quality. They concluded that customer satisfaction is influenced by 3 
factors: virtual service quality, physical service quality and multi-channel integration quality. Consumers 
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who investigate products in one channel and purchase in another are called “research shopper” (Verhoef, 
Neslin, & Vroomen, 2007). They defined three strategies that increase the lock-in within a channel, by 
decreasing the synergy between the channels, the channel lock-in can be improved by not providing a store 
locator. Heitz-Spahn (2013) argues that promotion should be differentiated across platforms to decrease free 
riding opportunities. Overall, various studies support the belief to diversify strategies per channels (Müller-
Lankenau et al., 2005; Pentina and Hasty, 2009; Wolk and Ebling, 2010). Others (Van Baal, 2014; Kwon and 
Lennon, 2009; Neslin et al., 2006; Neslin and Shankar, 2009) imply that multi-channel retailing should be 
managed by one strategy, however to create a good omni-channel experience the channels should offer the 
possibility of continuous and seamless switching. Various studies prove the importance of the possibility to 
switch easily between channels on the customer satisfaction (Rosenbloom, 2007; Sousa & Voss, 2006). They 
state however, that creating loyal customers is essential for a good functioning omni-channel strategy.

3.3. Usage of Different Channels

As discussed in section 3.1, the adoption of technology in general influences the adoption E&M-commerce. 
Other factors like trust are important to shoppers and of different importance throughout the stages of the 
shopping journey while adoption of technology might correlate more with the usage of different channels. 
This section will discuss the usage of different channels throughout the shopping journey for various 
segments. One important driver to visit a store to buy a product is the ability to touch and feel the product. 
Holmes et al. (2013) analysed the adoption of E&M-commerce during different stages of the consumer 
journey. 

Holmes et al. (2013) researched the relation of the importance of a product and the usage of E&M-com-
merce. They noted that apart from the tangibility of the product the level of involvement with the associated 
purchase is an important factor to predict the usage of online channels during different stages in the shopping 
journey. Table 3-1 shows the adoption of different media, during three stages of the shopping journey 
(information search, review of alternatives, and purchase). Mobile phones and computers are mostly used 
to review alternatives online. The ability to compare products easily is making these channels attractive to 
review alternatives. There is a strong difference between the first two stages and the purchase stage for all 
electronic channels.

Table 3-1. Usage of Channels During the Shopping Journey
Mobile 
phone Tablet Computer Store 

Info search: Percentage of 
responses 14% 4% 28% 56%

Review alternatives: Percentage 
of responses 15% 4% 30% 34%

Purchase: Percentage of 
population 6% 2% 14% 43%

Note: for the United States of America from Holmes (2013)
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As discussed, tangibility, trust and level of involvement are important predictors of the online behaviour of 
consumers in relation to the product. Table 3-2 shows how this translates to the usages of a mobile phone 
per stage of the shopping journey between different product segments. A higher level of involvement causes 
a higher usage of mobile devices to search for information, to review alternatives and to look for coupons 
and offers. However, in the transaction phase trust becomes more important and decreases the purchase of 
products online.

Table 3-2. Usage of M-commerce for Different Product Segments During Various Stages of the Shopping Journey

Holmes et al. (2013) argue that the difference of adoption between M-commerce and E-commerce is mainly 
caused by two reasons. First the higher adoption of computers in general; a better adoption of the medium 
will affect the perceived ease of use and usefulness. Therefore, they argue that the adoption of mobile 
technology during the shopping journey will follow the adoption of mobile technology in general. The 
second reason is the user interface since smartphones and tablets are used differently, more personally and 
show content in a different way. Most retailers adapt their website for phone or tablets however, they do not 
perceive m-commerce as a different platform missing out on some benefits of this platform. The difference 
between these two media will be discussed in the next section.

3.4. Mobile Versus Internet Shopping

Mobile shopping is considered to include all shopping activities through a mobile device. The development 
overtime is still not following the adoption of the usage of mobile devices in general. Many retailers still 
focus on e-commerce and not on m-commerce. Smartphones ask for a more personalized approach or 
as Google puts it: “The “Internet of Things” is becoming an “Internet of Me”—all to simplify your life” 
(Google, 2015). A smartphone can offer a different and more personal experience than computers and 
taking advantage of this can improve the costumer experience. Some stores have developed applications to 
customize the experience on mobile devices while most other retailers only adapt their website. The average 
perception for computers is better on every characteristic. In general mobile is only considered convenient 
and accessible. As mentioned in the previous paragraph, trust is an import factor, however the perceived 
trust with mobile commerce is low. Mobile commerce should become more helpful, friendlier, clearer, more 
simple, and trustworthy. Fun and excitement can be created by interaction with shopping in brick and mortar 
stores. 

A framework where mobile technology improves the shopping experience in bricks and mortar stores needs 
to be created as integration of channels improves the customer satisfaction (Rosenbloom, 2007; Sousa & 
Voss, 2006) and also improves the trust in a retailer (Payne & Flow, 2004). Mobile technology should be 
implemented in a helpful and friendly way thus adding value to the shopping trip. Combining the search 
and comparison engine on mobile technology to the touch and feel and trust of a brick and mortar store will 
improve the convenience of shopping in a store.

Powder Bread DVD or BR Footwear Phone TV

Information search 5% 3% 17% 13% 26% 23%

Review alternatives 10% 10% 25% 20% 35% 32%

Purchase 13% 12% 18% 20% 20% 20%

Transact 3% 3% 9% 9% 8% 6%

Note: for the United States of America from Holmes (2013)
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3.5. Conclusion

The implementation of online shopping into a pedestrian behaviour model will be complicated. Not only 
does the adoption deviate between different store types and product categories but also the way these types 
of shopping occur are different. Where in the past all shopping tasks were done in the physical environment, 
now only a part of the shopping journey might be done in the physical environment.

As products with a higher involvement are more often prepared online, one might expect that the shoppers 
that prepared online will have more high involvement products on their shopping list. Store visits should be 
examined to determine if shoppers that prepare online visit different stores from those who did not prepare 
online. When the stores visited strongly differ, differences in pedestrian behaviour might be the result of 
differences of the shopping list. Further, the personal characteristics are expected to differ resulting in 
differences in pedestrian behaviour.

Omni-channel shopping is interesting for pedestrian behaviour as this strategy focuses on the seamless 
interaction between channels, using online channels during visits in the physical shopping area. However, the 
adoption is expected to be too low to fully examine differences in pedestrian behaviour, therefore focus on 
online shopping is more qualified at this time. 



18 Online shopping

Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online 



19Research design

Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online 

4. Research Design

This research aims to gain a deeper understanding in the effect of preparing a shopping trip online on the 
pedestrian behaviour during a shopping trip in downtown shopping areas, answering: “What is the effect of 
preparing a shopping trip online on pedestrian behaviour in downtown shopping areas?”. No research has 
yet determined the effect of online shopping on pedestrian behaviour of shoppers during a shopping trip. This 
research examines the influence of preparing a shopping trip online on pedestrian behaviour by comparing 
indices used to describe pedestrian behaviour between shoppers who prepared their shopping trip online 
and those who did not. Two sub-samples will be created to examine differences of personal and shopping 
trip characteristics between the shoppers that prepared online and those who did not. The indices are further 
analysed by including personal and shopping trip characteristics into a regression model, where preparation 
online is included. Interaction effects of preparation online with various personal and other shopping trip 
characteristics are tested. To examine these differences multiple types of data are required. Through field 
research the network of the downtown shopping area of Eindhoven is updated. This is followed by the 
collection of consumer data with a reconstruction of their shopping trip though questionnaires. This chapter 
gives insight into the research design. 

First, the pedestrian data will be addressed, focussing on the reconstruction of the shopping trip and where 
after the additional data will be discussed. This is followed by the discussion of the indices. These indices 
will be derived from the pedestrian data and the analyses of these indices will be marked out. This chapter 
closes with conclusions for the data collection and analyses.

4.1. Pedestrian Data

For every respondent a representation of their shopping trip was created containing the complete path 
covered during the shopping trip from their entry point until the point of exit, including all the outlets visited 
along the way. Outlet, in the broad sense of the word, includes all shops and also other possible visits like 
cinemas and bars. Out of the four major decisions discussed by Zhu and Timmermans (2011), the rest 
decision is not fully included in the reconstruction of the shopping trip. They argue that the ‘rest decision’ is 
not negligible because this activity also takes space and time. However, this study excludes this activity when 
it does not involve one of the outlets (e.g. sitting at the public sitting area on a square). Even though people 
come to the squares to rest, especially during good weather, it is expected that respondents will not be able 
to include these well into the reconstruction. The data of all routes are stored in a Geographical Information 
System (GIS) using TransCAD.

For each outlet visited during the shopping trip, additional information regarding the visit are marked. The 
distinction used in previous research is included marking a visit as planned or unplanned. Planned outlet 
visits are all the outlets which were intended to be visited during the shopping trip and unplanned visits are 
impulse visits. Outlets which are visited as a result of another visit will be coded as planned as result of. The 
number of planned and unplanned outlets is expected to depend on age, gender, motive and frequency of 
visiting the shopping area (Dijkstra et al.,2014; Dijkstra & Jessurun, 2013; Borgers & Timmermans, 1986).
Preparation online will be included on a store by store basis. The activity performed will be marked in case a 
store is prepared.
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4.2. Additional Data

The personal characteristics of the respondent contain: age, gender, education, employment, familiarity with 
the shopping area and frequency of visiting the shopping area. As shoppers living close to the shopping 
environment are less likely to perform searching activities online (Farag et al.,2007), the distance from the 
shopping area is included.

Besides the personal characteristics of the respondent, it is important to also include more variables to give 
a good perspective of the shopping trip of the respondent. Various studies have shown the influence of 
companionship on shopping behaviour (Chebat, Haj-Salem & Oliveira 2014). Group size and other charac-
teristics of the group are noted since shopping is often done in groups. The number of males and females in 
the group is noted as well as the age categories, marked as ‘Adults’, ‘Young adults’ (12-16) and ‘Children’ 
(younger than 12). These are included by the interviewer based on observation. Transport mode is included 
as it is expected to relate to the pedestrian behaviour during a shopping trip. 

Babin, Darden and Griffin (1994) characterized two types of shopping motives: utilitarian and hedonic. 
Utilitarian shopping can be seen as shopping with a goal in mind. This is a more task orientated type of 
shopping where the feeling of accomplishment is strongly related to the buying of what was really needed or 
being searched. On the other hand, hedonic shopping is strongly related to the enjoyment of shopping as a 
whole, clearly highlighting the difference between ‘shopping with a goal’ and ‘shopping as a goal’. However, 
these two shopping motives can both be included and satisfied in one shopping trip. The shopping motive is 
included in the survey as respectively hedonic, utilitarian, both, and other. 

It is expected that crowdedness influences the pedestrian behaviour, however crowdedness will not be 
included due to limited resources. Time of the shopping trip will be examined during the analyses and partly 
include crowdedness as the shopping area is not as busy in the morning, however crowdedness itself will not 
be included. 

Two sub-samples are created based on online preparation of the shopping trip. Shoppers are grouped as 
prepared online when they prepared at least one outlet visit online. During this study, no differences are 
included between the activities prepared online. The indices and heuristics discussed in section 4.3 are 
compared between the sub-samples. Preparation online is included into the regression analyses as main effect 
and the interaction with other variables will be tested.

4.3.  Indices of Pedestrian Behaviour

Based on the overview of indices by Borgers and Timmermans (2014), a number of indices are calculated 
to describe the spatial behaviour at a global level. Table 4-1 shows an overview of the indices used in this 
research. These indices are compared between shoppers who prepared their shopping trip online and those 
who did not. Two types of indices will be calculated: trajectory indices and indices related to visiting outlets. 
The trajectory of pedestrians is analysed based on the length of their shopping trip along the trajectory, 
straightness, segments entered, and turning behaviour. The second type of indices are related to visiting 
outlets. The type and number of visits will be discussed first, followed by other route characteristics such as 
the heuristics concerning the sequence and the efficiency of the routes between the outlets visited and the 
overall efficiency of the route.
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4.3.1 Trajectory indices
Insight into trajectory indices can improve the understanding of how pedestrians move through shopping 
areas and be used to evaluate the quality of prediction by simulation models of path choice behaviour at a 
‘global’ level. The length of the path of shoppers from their entry point until their exit point is calculated in 
metres using the reconstructed path. Only the length of the path covered in the public area is calculated and 
elevation points are included with a custom length of 10 metres. This means that the path covered within 
an outlet is not taken into account even when the outlet is left at a different exit / floor. The length of the 
path is compared between the sub-samples, followed by an analysis of the length of the route using multiple 
regression to get a better insight into the predictors of the length of a path of a shopping trip. 

The straightness of the path is calculated using the mean absolute angle (MAA), measured from 0 to 180 
degree. The lower the MAA, the straighter the path followed as an MAA of 0 would imply a straight path 
without any turns, whereas a high MAA would indicate that a pedestrian is more likely to have stayed closer 
to the entry point. The MAA is compared between sub-samples and the correlation between consecutive 
angles is used to determine if a respondent has the tendency to keep turning in the same direction or if such 
tendency does not exist.

A completion of a full segment is counted as one and uncompleted segments will not be considered. This 
mainly occurs when stores at any point within the segment, connected to secondary nodes, are visited and 
the pedestrians return back to the primary node from which they entered the segment or when stores at a 
secondary node are entered and subsequently left at a different exit. The total number of segments entered 
and the number of full segments entered is compared between the sub-samples, consequently gaining 
some information about the route covered. Moreover, the number of segments entered in both directions is 
counted and compared. A high proportion of segments entered in two directions indicates that the respondent 
probably walked the same route back. This behaviour can be explained by shoppers checking the outlets on 
one side of the shopping street first and walking in the opposite direction to check the outlets on the other 
side. A low proportion would result in a more circular path. Retracement is introduced as a measure of the 
ratio between the number of segments entered from the opposite direction as well and different segments 
covered.

Trajectory indices
Length of route (LofR)
Mean absolute angle (MAA)
Correlation between consecutive angles
Number of segments entered
Retracement
Indices related to visiting outlets
Efficiency path between outlets (Eb)
Local distance minimizing (LDM) score
Global distance minimizing (GDM) score
Total distance minimized (TDM)
Heuristics
Furthest distance oriented (FDO)
Nearest distance oriented (NDO)

Table 4-1. Indices
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4.3.2 Outlets visited
First, the outlet visits are analysed by the number of visits made during the shopping trip and whether these 
are planned or unplanned. The store patronage is compared between the sub-samples. Outlets can be visited 
on the first time they are passed or later. This can be the result of various processes, for example, store 
sequence heuristics or a shopper might want to check out a different outlet first and returns if not satisfied at 
the other outlet. Pedestrians may also simply revisit an outlet they have already visited. These numbers can 
give some insight into the store patronage behaviour, which in its turn influences the pedestrian behaviour. 

Pedestrians do not often follow the shortest path between consecutive store visits. This behaviour is analysed 
using a ratio descriptive. This is calculated as the ratio between the length of the observed path and the 
shortest length between the outlets without changing the order of the outlets. Since the sequence is not 
optimized, the ratio only describes the efficiency of the path between the outlets. The sequence of the outlets 
is then analysed using two indices. The local distance minimizing (LDM) heuristic chooses the closest 
outlet as next outlet. The LDM score is a ratio between the shortest path using the observed sequence and 
the distance using the LDM heuristic. For the global distance minimizing (GDM) score, the sequence is 
compared within the range of most optimal to least optimal. Ranging the GDM score from 0 to 1 where a 
score of 0 indicates that the sequence is equal to the minimized sequence and a score of 1 indicates that the 
sequence is equal to the maximized sequence (least efficient sequence). These scores are compared between 
the group which prepared online and the group which did not prepare online. 

The choice of the first outlet within the sequence is analysed using two heuristics. These heuristics determine 
if the closest outlet was visited first or the outlet located farthest away from the entry point. The corre-
sponding heuristics are the nearest destination oriented (NDO) heuristic and the farthest destination oriented 
(FDO) heuristics. Pedestrians that did not follow one of those are marked as neither.

Where the GDM score gives an overview of the efficiency of the sequence, the ratio between the observed 
length and the shortest path between the outlets shows the efficiency of the path between the outlets. The 
total distance is minimized (TDM) heuristic combines these, shoppers following this heuristic follow the 
optimal path between the visits and visit the outlets in the optimal order. The TDM is marked as yes when 
pedestrians have followed the most optimal sequence and follow the most optimal route between the outlets. 

4.4. Data Analyses

The indices are compared between the sub-samples using independent sample T-tests and Mann-Whitney 
U-tests depending on the dependent variable. This concludes weather and how the overall behaviour of 
the sub-samples differs. However, it is expected that the sub-samples differ on personal characteristics and 
shopping trip characteristics. As these also influence the pedestrian behaviour additional analyses were done 
to examine the influence op preparing a shopping trip online on the pedestrian behaviour including these 
characteristics.

The length of the route and mean absolute angle will be analysed using multiple linear regression. After 
comparing the number of segments entered, the main focus will lay on the analyses of retracement of 
sections. Ordinal regression analyses will be used to determine the predictors. 
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Thereafter, the indices related to visiting outlets are analysed. First the number of planned and unplanned 
visits will be analysed using Poison regression. Store patronage behaviour will be compared between 
the sub-samples and not further analysed. The efficiency of the path between the outlets visited and the 
efficiency of the sequence is analysed using logistic regression analyses. The usage of the heuristics is also 
analysed using logistic regression. Regression analyses is used to further analyse the dependent variables, the 
effect of various characteristics are included and interaction effects with especially online preparation will be 
included.

4.5. Conclusions 

The aim of this study is to create a deeper understanding into the effect of preparing a shopping trip online on 
the pedestrian behaviour during this shopping trip. Two sub-samples are created with shoppers that prepared 
online in one sub-sample and those who did not in the other. Shoppers are marked as prepared online when 
they prepared at least one outlet or the trip as whole online.

The differences between these sub-samples will be examined, gaining insight into differences in personal 
and shopping trip characteristics. Differences in pedestrian behaviour will be measured using two types of 
indices used by Borgers and Timmermans (2014). One type is related to the trajectory of the path while the 
other is related to the outlets visited. 

The indices are used to compare the pedestrian behaviour of sub-samples with each other. Thereafter, 
regression analysis are used to determine the effect of preparing a shopping trip online on the pedestrian 
behaviour including the examination of interaction effects with personal characteristics and shopping trip 
characteristics. 

The results of these analyses are viewed from various angles. Toward researchers in the field of pedestrian 
behaviour, the results are discussed focussing on the effect on the models used to simulate pedestrian 
behaviour. Recommendation can be derived towards the development of models to incorporate the changes 
in shopping behaviour and thereby pedestrian behaviour caused by preparation online. For other stakeholders 
a more practical approach is used. As an increase of preparing a shopping trip online is expected the alter-
ations of the overall pedestrian flows related to the effect of preparing a shopping trip online will become 
stronger. The results are discussed focussing on the pedestrian flows and how stakeholders can contribute 
from this research. 
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5. Data Collection

This chapter will first mark out some characteristics of the location of interest. Then the network that is 
created to reconstruct the routes of the respondents will be addressed and the type of links and nodes will be 
explained. After discussing the network, the survey will be discussed. The survey is constructed to gather all 
data needed to fully reconstruct the shopping trip including its shopping trip characteristics, the socio-eco-
nomic characteristics of the respondent and their online shopping behaviour. After discussing the network 
and the survey, the collection conditions will be addressed and the sample will be analysed. This chapter will 
close with conclusions regarding the composition of the sample and the implications for further analyses 

5.1. Location of Interest

Eindhoven is a city in the south of the Netherlands with approximately 225.000 inhabitants. Due to the 
presence of the Technical University of Eindhoven and some bachelor colleges, the population of Eindhoven 
deviates from the overall population of the Netherlands as the population of Eindhoven has more students 
around the age of 20 to 25 year (CBS, 2015). The downtown shopping area of Eindhoven has been chosen as 
location of interest since previous research regarding pedestrian behaviour in this shopping area and network 
data was already available. This network needed to be updated and extended to cover recent changes in the 
shopping area. 

The city of Eindhoven has been bombed during the second world war resulting in a rather young shopping 
area. The downtown shopping area mainly consists of an open air shopping area with one indoor shopping 
mall and one semi-indoor shopping mall. The shopping area has a rather simple network structure with a 
couple of major entry points. The core area of the shopping area is almost completely occupied by stores, 
with bars and restaurants located at the central square. Functions around the core area are more mixed with 
the inclusion of other functions such as offices. Ongoing renovation of the indoor shopping mall might have 
influenced the pedestrian flow. The shopping area is open seven days a week. Additional information, such 
as outlet types, opening hours, and parking facilities are shown in appendix F. A short market review of the 
downtown shopping area of Eindhoven by NVM Business (2014) is shown it appendix D

5.2. Network

The downtown shopping area of Eindhoven is mapped as a network containing links and nodes. The network 
needs to contain all the data to analyse the differences in pedestrian behaviour at a ‘global’ level, meaning, 
describing the route as a whole. As specific characteristics of a network influence the pedestrian behaviour as 
well for example, placement of street furniture, this study does not aim to predict path choice at a local level 
and therefore the network does not include such detailed information. The information included in the links 
is mainly to compute trajectory data. All store visits need to be included in the reconstruction of the shopping 
trips in order to be able to analyse the heuristics used to order the outlets visited and to indicate the efficiency 
of the path used. The network contains five types of links and four types of nodes. Firstly, an overview of the 
links and nodes is given. The network itself will then be discussed and some characteristics of the network 
will be addressed. The software TransCAD was used to map the network for this analyses. A map of the 
network and an aerial photo of the downtown shopping area will also be presented.
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5.2.1 Links
To illustrate how the different link types are included in the 
network, an intersection taken from the complete network is 
shown in figure 5-1. The location of this intersection is marked 
by the dotted square in figure 5-3. 

Primary links (type 1) represent the public space (street, 
passage), and square crossings (type 2) represent the crossing 
of a square. Elevation links (type 3) represent public staircases, 
elevators or escalators. The public network, in this case defined 
as where pedestrians can freely walk during opening hours, 
consists of these three types of links which are all connected 
with each other. Exit links (type 4) connect the public network to 
entry/exit nodes where pedestrians can start and finish their shopping trip. Outlet links (type 5) connect the 
outlets to the public network. In case a store has multiple (storey) exits, every exit of the store is represented 
by a link.

Every link in the network has an identifier ID and two values are included to represent the length of a link. 
The first value is the length in metres set by TransCAD. The second value is often equal to the first one but 
can be manipulated, elevation links have a custom length of 10 metres based on the results of Daamen et 
al. (2005). The following four variables were included to further describe the link: indoor, pedestrian area, 
mixed traffic and shopping environment. The first three are dummy variables with ‘1’ for yes and ‘0’ for no. 
The fourth variable describes the intensity of a shopping street defined by three values: ‘0’ for 1/3rd or less, 
‘1’ for between 1/3rd and 2/3rd, and ‘2’ for 2/3rd or over). For links other than type 1 these values were set to 
‘0’. Appendix I shows the data included into each node.

The network is partitioned into segments. These segments contain primary links or an elevation link. A 
segment starts and ends with a primary node with no primary nodes in between and consists of a set of 
straight lines. Elevation links and links crossing a square are always a segment on their own. 

5.2.2 Nodes
The four types of nodes are also included in figure 5-1. The types of nodes will first be explained, followed 
by the additional data which is added to every node. Primary nodes (type 1) represent an intersection of 
streets where a pedestrian can choose a new direction. Secondary nodes (type 2) represent locations where 
a pedestrian can solely choose to enter an outlet or to keep walking ahead. Every outlet is represented by 
an outlet node (type 3) which is connected to the public network via a type 5 link. In case of a multiple 
exit store, the store can be connected to the public network with multiple links. Entry/exit points (type 4) 
represent locations where respondents start and finish their route. This point can represent a parking facility, 
a public transport stop, or simply a location to enter the network by foot. The reconstruction of the paths of 
the shopping trips is always encapsulated by these nodes. 

Each node includes some data which is used to reconstruct the routes for the analyses. An identifier number 
is added as the type of node together with coordinates of its position. In the case of an outlet, the name of the 
outlet itself is added, together with the type and size of outlet. Appendix J shows a complete overview of the 
data added to a node.

Type of nodes
    Primary nodes
     Secondary nodes
     Oulets
     Entry/exit nodes

Type of links
     Primary links
       Square crossings 
       Elevation links
       Exit links
       Outlet links

Figure 5-1. Detail of the Network Including 
the Type of Links and Nodes
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       Elevation links
       Exit links
       Outlet links
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The type of outlet is defined by a value ranging from 0 to 256. For outlets which were not operating due 
to for instance renovation, the value 0 was assigned. Working with such specific types of outlets will not 
be necessary in many occasions, therefore groups of outlet types were used. 25 Groups were created, still 
resulting in a specific range of store types. For the analyses in this research, 5 overall groups were used 
corresponding with the groups used by Borgers and Timmermans (2014): department stores, fashion stores, 
other stores, restaurants and bars, and entertainment and services.

5.2.3 Network overview
The network contains 79 primary nodes, 52 of which are intersections with more than three direction 
decisions whereof one is turning around (three segments). 33 Nodes represent the entry/exit points and 
603 outlets nodes of which 546 are occupied and open: 332 stores, 10 entertainment outlets, 133 food 
and drinks outlets and 71 service related outlets. Outlets which are not occupied or closed due to some 
reason are not incorporated into the analysis. Since this research aims to discover differences between the 
pedestrian behaviour of shoppers that prepared online and those who did not, it is not necessary to look 
closely into street characteristics. 
Figure 5-2 shows an aerial photo 
of the downtown shopping area of 
Eindhoven and figure 5-3 shows 
the network created with the dashed 
square indicating the overlay of the 
aerial photo and the smaller square 
with the dotted line indicates the 
detail used in figure 5-1.

Type of nodes
    Primary nodes
     Secondary nodes
     Oulets
     Entry/exit nodes

Type of links
     Primary links
       Square crossings 
       Elevation links
       Exit links
       Outlet links

Figure 5-2. Aerial Photo 
(Apple Inc., 2015)

Figure 5-3. Network of the Downtown Shopping 
Area of Eindhoven
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5.3. Survey

A survey was constructed to generate data which includes information about the shopping trip, the prepa-
ration of the shopping trip and socio-economic characteristics of the respondents. Appendix A shows the 
complete survey. Additional tables of shops per street and a map of Eindhoven were used to improve the 
quality of the response, which are shown in appendix B and C. To make the survey data suitable for further 
research, more data was collected than strictly necessary for this research. A full reconstruction of the 
shopping trip was created to analyse the path of the respondents. This reconstruction includes the full path 
of the respondents from the entry point until the point of exit and all the outlets visited in between. First, the 
reconstruction of the route will be discussed followed by the design of the survey as a whole.

5.3.1 Reconstruction of the shopping trip
To reduce distortion between the reproduced routes and the physical route, various techniques were applied 
to improve the reliability of the data. All interviewers were asked to use the same strategy to reproduce the 
routes. Respondents were not fully randomly selected, as shoppers with shopping bags were more likely 
to have finished their shopping trip and were thereby more likely to be asked than pedestrians passing by 
without any bags. Younger shoppers were also more likely to fill in the survey and this might result in an 
over representation of younger respondents. First respondents were asked if they finished their shopping trip, 
and only respondents who finished shopping were included to reproduce full shopping trips. No additional 
selection criteria needed to be used to create a close to equal group sizes according to preparation online. 
The location where they arrived in the city centre was marked according to their mode of transport. The first 
outlet which the respondent visited was marked and the route to this outlet was drawn on the map. This was 
repeated until the last visited outlet and the route to the exit point was drawn on the map. Some respondents 
who were unfamiliar with the city centre were not able to reproduce the route they took exactly. These 
respondents were assisted by asking them which landmarks and main stores they passed and resulting in a 
route they most certainly have followed. After reconstructing the shopping trip, all outlets along the path of 
the respondent were checked with the table containing the outlets per street. This was done to look for outlets 
which were visited but forgotten to be mentioned by the respondent. A quick look through the shopping bags 
also helped to add some forgotten store visits. Checking for these additional stores was done at the end of 
the reconstruction to prevent altering the order of the visits. All visits were marked accordingly to the outlet 
type (store/ bars and restaurants/ recreation and services) and if they were planned or not. In case of a store 
visit the purchases were marked using three columns; made (a) planned purchase(s), made (a) unplanned 
purchase(s) and did not make a purchase. In case of multiple purchases with planned and unplanned 
purchases the first two columns were both marked. Finally, the route to their exit point was marked on the 
map which was the same in many cases as their entry point. 

5.3.2 Additional questions
The survey is structured to include three sets of data as efficient as possible while giving the respondent 
comfort, taking into account that the answers contain a variety of personal data. First, the shopping trip was 
reconstructed, followed by their online shopping behaviour, socio-economic characteristics and personal 
characteristics like frequency of visiting the shopping area and familiarity with the shopping area. Finally, 
the interviewer would include some information about the group (size, gender and age) and day, time and 
weather based on observations.

As shown in appendix A, the first page of the survey contains questions about the mode of transportation, 
the time of starting the shopping trip and the table to reproduce the outlets visited during their shopping trip. 
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The shopping motives were marked (hedonic/ utilitarian/ both or other). The online activity per stage in the 
shopping cycle was marked using a 7-point frequency scale ranging from less than yearly to few times a 
week.

On the second page, first the shops which were planned to visit yet not visited were marked. Thereafter, 
the outlet visits which were prepared online were further examined to gain insight into how they were 
prepared. Online shopping behaviour is further examined per product category and it is checked whether the 
respondent prepared something online which was not related to one store only (e.g. activities in the centre). 
The frequency of visiting the shopping area was questioned using a slightly different frequency scale. 
The lowest scale was set to ‘never been here before’ instead of ‘less than yearly’, as first time visitors are 
expected to behave differently. 

On the final page, the first question determined if someone searched online for information during their 
shopping trip. Thereafter, a series of questions determined the level of education, employment and familiarity 
with the shopping area. To gain insight into the activity scheduling, the location where the respondent came 
from and went to afterwards was marked. The survey was finished by the interviewer, noting date, time and 
weather characteristics and the number of shoppers in the group specifying age category and gender. 

5.4. Data

The location of interest for this study is the downtown shopping area of Eindhoven. The condition of the data 
collection will first be discussed including the distribution of respondents being compared on who prepared 
online and those who did not and comparing the respondents per day of the week and time of the day. The 
weather conditions are shown for the days during the data collection. The personal characteristics will also 
be compared followed by the shopping trip characteristics. Finally, the online shopping behaviour will be 
compared between the sub-samples. 

440 Pedestrians were interviewed after finishing their shopping trip in the downtown shopping area of 
Eindhoven over a period of about three weeks, from the 1st of July to the 19th of July. Three respondents with 
shopping motive ‘other’, were removed from the sample. The motives of these respondents and thereby their 
pedestrian behaviour was not in line with the goal of this study (pedestrian behaviour in a shopping setting). 
Further, ten respondents were removed due to problems with the consistency of route data on the survey and 
the map or other missing critical data. This resulted in a sample of 427 respondents whereof the pedestrian 
data was examined.

5.4.1 Sub-samples
To group the respondents according to if they prepared online or not, the preparation per store was 
questioned. A respondent was marked as ‘prepared online’ when he or she prepared at least one store online 
or prepared the trip online as a whole (e.g. checking what stores are located in the shopping area). Two 
sub-samples are introduced in order to differentiate between these groups; respondents that prepared online 
are in sub-sample P and respondents that did not prepare online are in sub-sample NP. Three respondents 
with shopping motive ‘other’, were removed from the sample. The motives of these respondents and thereby 
their pedestrian behaviour was not in line with the goal of this study (pedestrian behaviour in a shopping 
setting). Further, ten respondents were removed due to problems with the consistency of route data on the 
survey and the map or other missing critical data. This resulted in a sample of 427 respondents whereof the 
pedestrian data was examined. Out of this sample 205 respondents prepared their shopping trip online (48%) 
and 222 respondents did not (52%). 
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5.4.2 Data collection conditions 
The surveys were conducted in the city centre of Eindhoven in a period of about three weeks, starting on the 
1st of July 2015 until the 19th of July 2015. Data collection started at 12:00h from Tuesday until Saturday and 
on 13:00h on Monday and Sunday, due to reduced opening hours. Data collection finished around 17:00h 
except on Fridays until 20:00h, due to extended opening hours. Table 5-1 shows the response per day of 
the week and hence also that the amount of respondents per day is well spread over the days of the week. 
Monday and Sunday show a slightly higher response of shoppers which prepared online and a lower one is 
seen on Tuesday. A chi-square test did not yield any significant differences.  

Prepared online
Total

Yes No
Monday 24 (60%) 16 (40%) 40
Tuesday 23 (37%) 39 (63%) 62
Wednesday 26 (51%) 25 (49%) 51
Thursday 29 (49%) 32 (54%) 59
Friday 43 (48%) 47 (52%) 90
Saturday 33 (44%) 42 (56%) 75
Sunday 27 (56%) 21 (44%) 48
 Total 205 (48%) 222 (52%) 427
X2 (6, N=427) = 7.345, p>.05

Table 5-1. Respondents per Day of the Week

Table 5-2. Respondents per Hour of the Day
Prepared online

Total
Yes No

Before 13:00 10 (37%) 17 (63%) 27
13:00 – 13:59 21 (41%) 30 (59%) 51
14:00 – 14:59 42 (48%) 45 (52%) 87
15:00 – 15:59 47 (50%) 47 (50%) 94
16:00 – 16:59 43 (47%) 48 (53%) 91
17:00 – 17:59 28 (51%) 27 (49%) 55
18:00 and after 14 (64%) 8 (36%) 22

205 (48%) 222 (52%) 427
X2 (6, N=427) = 7.356, p>.05

As previously mentioned, the data was collected from around noon until closing time. Table 5-2 shows the 
data collection throughout the day. Most respondents finished their shopping trip between 14:00 and 17:00 
(65,2%). This is both the case for shoppers that prepared online as for those who did not. Furthermore, a 
small difference is found as in the morning relatively less respondents prepared online, whereas a few more 
prepared online in the late afternoon (after 18:00). A chi-square test did not yield any significant differences 
between the sub-samples. A Mann-Whitney U-test indicated that the time of finishing the shopping trip was 
not significantly earlier for sub-sample NP over sub-sample P (U=20,010 p>0.05). 
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The weather characteristic were marked according to the type and temperature for the time of the interview, 
however, for a number of surveys these variables were missing. Table 5-3 shows the weather characteristics 
per day during the data collection. The weather conditions were diverse with (maximum) temperatures per 
day ranging from 19.1 to 36.2 degrees Celsius. The mean temperature for sub-sample P was 23.25 (SD 
5.282) and 22.87 (SD 4.737) for sub-sample NP. An additional independent sample T-test did not yield any 
significant differences (T=0.266, df=1, p=.607). The type of weather was marked as: heavy rain, light rain, 
clouded, clear or sunny. During sunny weather fewer respondents prepared online whereas, more did during 
light rain. A chi-square test did not yield any significant results. Since the specific weather information 
for the specific time of the interview and therefore shopping trip was missing in a number of surveys, the 
weather conditions of the whole day were included in this research as shown in table 5-3. 

Table 5-3. Weather Characteristics During Data Collection
Monday Tuesday Wednesday Thursday Friday Saturday Sunday

Date 7/1/2015 7/2/2015 7/3/2015 7/4/2015 7/5/2015
Temp: 35.1 ºC 36.2 ºC 32.2 ºC 35.3 ºC 29.9 ºC
Rain: 0.0 mm 30.0 mm 0.0 mm 0.0 mm 13.0 mm
Date 7/6/2015 7/7/2015 7/8/2015 7/9/2015 7/10/2015 7/11/2015 7/12/2015
Temp: 25.9 ºC 28.9 ºC 20.8 ºC 19.1 ºC 24.3 ºC 31.0 ºC 20.5 ºC
Rain: 0.0 mm 0.0 mm 66.0 mm 5.0 mm 0.0 mm 0.0 mm 9.0 mm
Date 7/13/2015 7/14/2015 7/15/2015 7/16/2015 7/17/2015 7/18/2015 7/19/2015
Temp: 19.5 ºC 20.2 ºC 22.0 ºC 26.7 ºC 29.7 ºC 25.0 ºC 21.7 ºC
Rain: 40.0 mm 33.0 mm 2.0 mm 0.0 mm 14.0 mm 1.0 mm 53.0 mm

5.4.3 Personal characteristics of the Sample
The personal characteristics of the sample are discussed according to gender, age, education and 
employment. These characteristics are compared between the sub-sample which prepared their shopping trip 
on line and those who did not. Non-response was not measured during data collection. 

As shown in table 5-4, the composition of the sample according to gender shows a larger share of females 
(69%) within the sample. This is expected to correspond in some extend to the higher representation of 
female shoppers in the downtown shopping area of Eindhoven. The table shows a small difference between 
the sub-samples regarding gender, as it indicates that males are more likely to prepare online. No significant 
difference between the sub-samples was found by a Chi-Square test on the distribution of gender.

Table 5-4. Gender Distribution of the Sample
Prepared online

Total
Yes No

Male 70 (53%) 63 (47%) 133
Female 135 (46%) 159 (54%) 294
Total 205 (48%) 222 (52%) 427
X2 (1, N=437) = 2.473, p>.05
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Table 5-6 gives an overview of the sub-samples regarding age and gender. First looking at the males within 
the sample, it shows that the preparation online deviates strongly between the age groups. It shows that two 
age groups are stronger represented in the sub-sample that prepared online; those who are between 19 to 35 
(66%) and between 36 to 50 (48%). Males younger than 18 or older than 50, seem to be less likely to prepare 
their shopping trip online. An additional chi-square test did yield significant differences between the male 
sub-samples. For the female sample on the other hand, the differences were smaller. The main difference 
occurred within the age category older than 50 years, where only 32 per cent of the respondents prepared 
online. A chi-square test on the distribution between the age categories and if they prepared only for the 
female sample did not yield significant.

Table 5-6. Age and Gender Characteristics of the Sample

Table 5-5. Age Characteristics of the Sample

Age
Prepared online

Total
Yes No

Mean 27.27 29.03 28.2
SD 10.841 14.701 13.027

Total 205 222 427
T=2.642, p>.05

Gender Age Category
Prepared online

Total
Yes No

Male

<=18 7 (37%) 10 (63%) 17
19 - 35 48 (66%) 25 (34%) 73
36 - 50 12 (48%) 13 (52%) 25
>50 3 (16%) 15 (84%) 18
Subtotal 70 (53%) 63 (47%) 133

Female

<=18 33 (43%) 41 (57%) 74
19 - 35 75 (46%) 86 (54%) 161
36 - 50 20 (54%) 16 (46%) 36
>50 7 (32%) 15 (68%) 21
Subtotal 135 (45%) 159 (55%) 294

 Total 205 (48%) 222 (52%) 427
Males: X2 (3, N=133) = 14.99, p=.002 
Females: X2 (3, N=294) = 2.982, p=.394

As a result of various factors, almost half of the sample consists of students. Due to the Technical University 
of Eindhoven and various colleges in Eindhoven, the share of students in Eindhoven is higher than the 
average in the Netherlands. In addition, the response rate was higher for this group resulting in a higher 
share of students in the sample. Table 5-7 shows a higher representation of full time employees within the 
sub-sample which prepared online. A Chi-Square test on the distribution of employment status between the 
sub-samples did yield significant results. Full time employees have the highest rate of preparing online and 
unemployed or other have the lowest rate.

The age characteristics of the sample can probably not be considered representative for the population. 
The average age of the sample (28.2 years) is expected to be lower than the average age of the shopping 
population of the downtown shopping area of Eindhoven. The average age of the sub-sample which prepared 
their shopping trip online is slightly lower (27.3 years) than the sub-sample who did not prepare anything 
online (29.0 years). The age characteristics are shown in table 5-5. An independent T-test between the 
sub-samples did not yield significant differences. The standard deviation of sub-sample P is lower however 
indicating that this sub-sample is less spread out when focussing on age characteristics. 
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All respondents were asked for their highest finished education. Due to a high number of students in 
the sample, the educational level of many respondents will increase and therefore is not expected to be 
ultimately their highest education. As shown in table 5-8, the sub-sample which prepared online contains 
more respondents with the highest finished education ‘HAVO/VWO’ and ‘HBO’. No statistical differences of 
the educational levels between the sub-samples were discovered. 

The frequency of visiting the downtown shopping area of Eindhoven is shown in table 5-9. The sub-sample 
which prepared online visits the downtown shopping area of Eindhoven a little more frequent than the 
sub-sample which did not prepare. A Mann-Whitney U-test indicated that there are no significant differences 
between the sub-samples based on frequency of visits and a chi-square test yielded no significant difference 
between the distributions of both sub-samples in general.

Table 5-7. Employment of the Respondents

Employment
Prepared online

Total
Yes No

Student 94 (47%) 107 (53%) 201
Part time employee 29 (45%) 36 (55%) 65
Full time employee 62 (58%) 44 (42%) 106
Unemployed or other 20 (36%) 35 (64%) 55
Total 205 (48%) 222 (52%) 427
X2 (3, N=427) = 8.078, p=.044

Table 5-8. Educational Level of the Respondents

Highest finished level of education
Prepared online

Total
Yes No

Primary school 18 (49%) 19 (51%) 37
Secondary school ‘VMBO’ 18 (42%) 25 (58%) 43
Secondary school ‘HAVO/VWO’ 45 (52%) 42 (48%) 87
Secondary vocational education (MBO) 42 (39%) 66 (61%) 108
Bachelor College (HBO) 68 (54%) 59 (46%) 127
University 18 (47%) 20 (53%) 38
Total 205 (48%) 222 (52%) 427
X2 (5, N=427) = 6.262, p>.05

Table 5-9. Frequency of the Visiting the Shopping Area
Frequency of visiting the 

downtown shopping area of 
Eindhoven

Prepared online
Total

Yes No

First time 7 (41%) 10 (59%) 17
Once a year or less 17 (49%) 18 (51%) 35
Few times a year 44 (42%) 62 (58%) 106
Monthly 59 (50%) 59 (50%) 118
Few times a month 41 (51%) 39 (49%) 80
Weekly 22 (56%) 17 (44%) 39
Few times a week 15 (47%) 17 (53%) 32
Total 205 (48%) 222 (52%) 427
X2 (6, N=427) = 3.760, p>.05
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Table 5-10. Shopping Motive of Respondents

5.4.4 Shopping trip characteristics of the sample
Shopping trip characteristics are important to gain insight into the shopping trip as a whole. Different settings 
will result in differences in pedestrian behaviour during the shopping trip. The shopping trip characteristics 
of the sample are discussed according to: shopping motive, transport mode, group characteristics and time.

Table 5-10 shows the shopping motives for the sample as well as for both sub-samples. The major differ-
ences between the composition of the sub-samples occurs within the solely utilitarian and hedonic motives. 
The share distribution of the sub-samples is quiet equal for shoppers shopping with both motivations. Almost 
60 per cent of the utilitarian shoppers prepared their shopping trip online while only around one third of the 
hedonic shoppers did so. A chi-square test did yield significant differences between the composition of the 
sub-samples.  

As shown in table 5-11, the composition of the sample according to their mode of transport does not 
drastically vary between the sub-samples. An additional Chi-Square tests on the distribution between the 
sub-samples did not yield any significant differences. Shoppers using the Park and Ride facilities to come to 
the shopping area were marked as came by car.

Shopping motive
Prepared online

Total
Yes No

Utilitarian 103 (58%) 76 (42%) 179
Hedonic 43 (31%) 95 (69%) 138
Both 59 (54%) 51 (46%) 110
Total 205 (48%) 222 (52%) 427
X2 (2, N=427) = 23.61, p<.001

C

D

B

A

E

The entry points respondents used are compared between the 
sub-samples. Twenty-seven entry points were used by the sample, 
after grouping the entry points, five main entry points were 
included covering over 90 per cent of the respondents. The five 
main entry points are shown in table 5-12 and the locations are 
marked on figure 5-4.

Differences of entry points used could alter the pedestrian behaviour of pedestrians as for example, the 
respondent enters the shopping area from the train station would need to walk further to reach the shopping 
core then those entering at 18-Septemberplein (B) or Heuvel (D). No significant differences were found 
between the sub-samples. 

Table 5-11. Mode of Transportation of the Respondents
Mode of 

transportation
Prepared online

Total
Yes No

On foot 10 (53%) 9 (47%) 19
By bicycle 39 (56%) 31 (44%) 70
By car 80 (46%) 94 (54%) 174
By Bus 51 (46%) 59 (54%) 110
By Train 25 (46%) 29 (54%) 54
Total 205 (48%) 222 (52%) 427
X2 (4, N=427) = 2.283, p>.05

Figure 5-4. Map with Entry Points
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Table 5-13 shows the group sizes of the respondents. Just over 75% of the respondents were shopping with a 
companion and a quarter of the respondents was shopping alone. The composition of the group sizes does not 
differ much between the sub-sample that prepared online and the sub-sample that did not prepare online. The 
sub-sample that prepared online contains slightly more shoppers with a companion. An additional chi-square 
test did not yield any significant differences between the sub-samples.

Table 5-12. Entry Point of the Respondents

Entry point
Prepared online

Total
Yes No

A Station 89 (49%) 93 (51%) 182
B 18-septemberplein 15 (44%) 19 (56%) 34
C Mathildelaan 37 (42%) 51 (58%) 88
D Heuvel Galerie 31 (61%) 20 (39%) 51
E Catherina kerk 18 (50%) 18 (50%) 36
- Other 15 (42%) 21 (58%) 36
Total 205 (48%) 222 (52%) 427
X2 (5, N=427) = 5.490, p>.05

Table 5-13. Group sizes of the Respondents
Group size Prepared online

Total
Yes No

1 43 (43%) 57 (57%) 100
2 125 (51%) 120 (49%) 245
3 18 (43%) 24 (57%) 42
4+ 19 (48%) 21 (53%) 40
Total 205 (48%) 222 (52%) 427
X2 (2, N=427) = 2.354, p>.05

As around 75 per cent of the respondents was shopping in a group, the composition of the groups was further 
analysed. Three types were considered: adults, no adults, and adults with children or young adults. Table 
5-14 shows the group composition of the full sample followed by the composition of shoppers shopping in 
a group. A chi-square test between the sub-samples did not yield significant. The table shows that almost 75 
percent of the respondents was shopping with only adults and just over 10 percent was shopping without any 
adults. 

Table 5-14. Characteristics of the Groups

Group composition
Prepared online

Total
Yes No

Only adults 153 (48%) 165 (52%) 318
No adults 23 (51%) 22 (49%) 45
Adults with children or young adults 29 (45%) 35 (55%) 64
Total 205 (48%) 222 (52%) 427

Group composition of shoppers 
shopping in a group Yes No Total

Only adults 112 (50%) 111 (50%) 223
No adults 21 (53%) 19 (48%) 40
Adults with children or young adults 29 (45%) 35 (55%) 64
Total 162 (50%) 165 50%) 327
Complete sample: X2 (4, N=427) = 0.361, p>.05
Shopping in a group only: X2 (4, N=327) = 0.640, p>.05
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The gender characteristics of the whole group are shown in table 5-15. Females shopping alone have the 
lowest share of respondents that prepared online. A chi-square test did not yield any significant differences 
regarding the gender characteristics of the group between the sub-samples. When comparing the differences 
between males and females it becomes clear that the difference is smaller between groups of males and 
females than between the genders when shopping alone.

More than 70 percent of the respondents came from home and went home again after their shopping trip. 
Others include a diverse set of activities including work or school, visiting another shopping area, and 
recreation activities. The sub-sample which prepared online contains relatively more shoppers who come 
from or go to family and friends afterwards. Furthermore, people who combined their shopping trip with 
their vacation trip are less likely to have prepared online. An additional chi-square test did not yield signif-
icant differences between the compositions of the sub-samples according to the enclosing activities of their 
shopping trip. Work or school was most of the time combined with home. Only three respondents come from 
work or school and went back to work or school. Appendix E shows a cross table, combining the activity 
before shopping with the activity after. 

Table 5-15. Gender Characteristics of the Samples

Gender within group
Prepared online

Total
Yes No

Male 23 (53%) 20 (47%) 43
Female 23 (37%) 39 (63%) 62
Males 16 (55%) 13 (45%) 29
Females 75 (47%) 86 (53%) 161
Both 72 (50%) 73 (50%) 145
Total 205 (48%) 222 (52%) 427
X2 (4, N=427) = 4.318, p>.05

Table 5-16. Enclosing Activities of the Shopping Trip
Prepared online

Total
Yes No

Home 147 (48%) 160 (52%) 307
Work or school 23 (52%) 21 (48%) 44
Family & friends 25 (60%) 17 (40%) 42
Vacation address 4 (21%) 15 (79%) 19
Other 4 (25%) 12 (75%) 16
Total 205 (48%) 222 (52%) 427
X2 (4, N=427) = 7.178, p>.05
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The distance to the city centre was determined based on the postal code. As shown in table 5-17, the mean 
distance substantially differs between the sub-samples. The mean distance for the respondents that prepared 
online was almost 19 kilometres (SD 23.9), whereas the mean distance for the respondents that did not 
prepare online was more than 26 kilometres (SD 31.0). It needs to be taken into account that this is the 
distance calculated from the city centre based on their postal code and not all respondents came from home. 
An independent T-test did yield significant differences. Furthermore, the distance from the shopping area is 
also compared for solely the respondents that did not chain activities. These respondents showed a smaller 
difference regarding the distance they live from the shopping area. Since not all respondents were willing to 
give their postal code, the place of residence was used to calculate the distance. Some respondents did not 
want to state their place of residence either resulting in a slightly smaller sample for this analyses.

Table 5-17. Living Distance from the Shopping Area
Prepared online

Total
Yes No

Full sample 
Mean 18.95 26.23 23.91
SD 23.91 30.97 27.99

Total 202 209 411

No 
chaining

Mean 17.19 20.37 18.84
SD 19.86 24.29 22.29

Total 140 151 291
Full sample: T=14.013, p<.001
No chaining: T=2.590, p>.05

Table 5-18 shows the shopping motive and distance class (living less than 5 kilometres, 5 to 25 kilometres 
and more than 25 kilometres from the shopping area) per sub-sample. Comparing the sub-samples, it is 
noticeable that for hedonic shoppers the share of respondents that prepare online increases as the distance 
increases, whereas for utilitarian shoppers the share was the highest for shoppers living less than five 
kilometres from the shopping area. A Mann-Whitney U-test and chi-square test per shopping motive did not 
yield significant. 

Table 5-18. Shopping Motive and Living Distance of the Respondent from the Shopping Area
Shopping 
motive Distance

Prepared online
Total

Yes No

Utilitarian
<5000 41 (66%) 21 (34%) 62
5000-25000 43 (52%) 39 (48%) 82
>=25000 17 (59%) 12 (41%) 29

Hedonic
<5000 6 (22%) 21 (78%) 27
5000-25000 16 (31%) 35 (69%) 51
>=25000 20 (38%) 33 (62%) 53

Both
<5000 19 (59%) 13 (41%) 32
5000-25000 22 (59%) 15 (41%) 37
>=25000 18 (47%) 20 (53%) 38

 Total 202 (49%) 209 (51%) 411
Utilitarian: X2 (2, N=173) = 2.724, p>.05,
Hedonic: X2 (2, N=131) = 1.995, p>.05
Both: X2 (2, N=107) = 1.439, p>.05
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5.5. Usage of Internet During the Shopping Journey

This section will compare the usage of the internet in different stages of the shopping journey and whether 
the respondents prepared online or not. Table 5-19 shows the share of respondents that did prepare online 
per stage in the customer journey. Additional Mann-Whitney U-tests did yield significant for all the stages 
of the shopping journey. The strongest result was found for comparing products online. The more frequent 
respondents compared products online, the more likely it is that they prepared their shopping trip online. 

The table shows some deviations between the usage of internet during the various stages of the shopping 
journey and the preparation of the shopping trip online. Shoppers are not likely to prepare online when 
using the internet once a year or less. A research shopper does research in one channel and buys in another. 
Shoppers that prepare online and follow this behaviour are expected to have stronger differences regarding 
the usage of the internet between the pre-purchase stages and the purchase stage. No strong differences were 
found when this was compared between the sub-samples, however the difference seems bigger for those who 
prepared online. This implies that shoppers that prepare online use the internet more during the pre-purchase 
stages in comparison to their usage of internet during the purchase phase than shopper that did not prepare 
online. Overall, shoppers that prepared online are more active online. 

Table 5-19. Usage of Internet During the Stages of the Shopping Journey

Stage of the 
shopping journey

Prepared 
online

Frequency
Less than 

once a 
year

Once a 
year

Few 
times a 

year
Monthly

Few 
times a 
month

Weekly Few times a 
week or more

Usage of internet 
to keep up with 
trends and new 

products

Yes
17 5 28 31 32 46 50

22% 31% 54% 48% 48% 54% 64%

No
60 11 24 34 35 39 28

78% 69% 46% 52% 52% 46% 36%

Usage of internet 
search for product 

information

Yes
10 4 12 39 48 68 28

19% 40% 39% 43% 48% 64% 54%

No
42 6 19 51 51 38 24

81% 60% 61% 57% 52% 36% 46%

Usage of internet 
to compare 

products

Yes
20 15 44 57 29 25 19

24% 32% 52% 55% 55% 64% 61%

No
62 32 41 46 24 14 12

76% 68% 48% 45% 45% 36% 39%

Usage of internet 
to compare the 
prices of shops

Yes
23 15 49 52 32 19 19

27% 30% 57% 51% 65% 54% 59%

No
63 35 37 50 17 16 13

73% 70% 43% 49% 35% 46% 41%

Usage of internet 
to purchase 

products

Yes
15 21 75 59 15 22 2

28% 42% 50% 51% 48% 65% 29%

No
38 29 75 56 16 12 5

72% 58% 50% 49% 52% 35% 71%
Usage of internet to keep up with trends and new products: U=17,045, p<.001
Usage of internet to search for product information: U=17,405, p<.001
Usage of internet to compare products: U=16,388, p<.001
Usage of internet to compare the prices of shops: U=17.220, p<.001
Usage of internet to purchase products: U=19.743, p<.01
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5.6. Outlet Visits

The outlet visits are fairly similar. Figure 5-5 and 5-6 indicate the frequency every outlet is visited by the 
sub-sample which prepared online (1271 outlets visited, 6.2 outlets on average) and the sub-sample that 
did not (1432 outlets visited, 6.45 outlets on average). More than half of the outlets were not visited by the 
sample. The sub-sample which did not prepare online did visit more outlets than the sub-sample that did 
prepare online (average and sum). However, a few less unique outlets were visited by the sub-sample which 
did not prepare online. The figures show that shops at the Demer are visited more frequently by those who 
prepared online. Further, no strong differences between the number of visits per outlets are present. The 
frequencies per outlet range from 0 to 80 for the sub-sample that did prepare online and from 0 to 103 for the 
sub-sample that did not. Additionally, appendix K show a larger version of the maps shown below.

Outlet vistis per 100 resp.
(prepared)
 
 50    37.5    25     12.5    0

Prepared online
Yes No

Primark 80 (7%) 103 (8%) Primark
H&M Piazza 53 (4%) 58 (4%) Bijenkorf

Bijenkorf 47 (4%) 56 (4%) Zara
Zara 40 (3%) 54 (4%) H&M Piazza

H&M Heuvel 37 (3%) 36 (3%) H&M Heuvel
Total 1178 1356

Figure 5-5. Map of Outlet Visits (Prepared) Figure 5-6. Map of Outlet Visits (Not Prepared)

Prepared online
Yes No

Not visited 314 (58%) 336 (62%)
1 visit 72 (13%) 55 (10%)

2 Visits 41 (8%) 40 (7%)
2 < visits ≤ 4 38 (7%) 44 (8%)
4 < visits ≤ 8 41 (8%) 43 (8%)

8 < visits ≤ 16 25 (5%) 14 (3%)
16 < visits ≤ 32 10 (2%) 7 (1%)

32 < visits 5 (1%) 7 (1%)
546 546

Table 5-21. Most Frequently Visited OutletsTable 5-20. Number of Visits per Outlet

Outlet vistis per 100 resp.
(not prepared)
 
 50    37.5    25     12.5    0

N
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50 100 200 2501500
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Table 5-20 shows that 42 per cent of the outlets was visited by the sub-sample that prepared online and 38 
per cent by sub-sample NP. Even though the number of outlets visited differs between the sub-samples, the 
distribution of stores according to the number of times visited by the sub-samples does not differ strongly.

For both sub-samples ‘Primark’ was the most visited outlet. Table 5-21 shows the top five of most popular 
stores for both sub-samples. The five most frequently visited stores are fairly similar (only order differs) and 
the overall relative frequency is similar too. The five most visited outlets take up to almost one fourth of the 
total store visits. 

5.7. Conclusion

The survey data resulted in a good overview of the shopping trips and the respondents including a detailed 
reconstruction of the paths and outlets visited. The type of visit is included in two categories, planned or 
unplanned, and the purchase behaviour is not included. The sub-samples have been compared based on 
personal characteristics, shopping trip characteristics and online behaviour. The results will be discussed 
accordingly.

5.7.1 Personal characteristics
Shoppers that prepared online are on average a bit younger than shoppers that did not prepare online. This 
is mainly the result of the relatively low amount of shoppers older than 50 that prepared their trip online. 
Additionally, males are slightly more likely to prepare their shopping trip online. The majority of the group 
of males that prepared online was of the age between 18 and 35 years old, while shoppers under the age of 18 
prepared less online. Additionally, shoppers with a full time job, and a higher education level (HAVO/VWO, 
HBO & University) were more likely to prepare online. They also visit the city centre more frequently and 
live closer to the city centre than shoppers that did not prepare online. 

5.7.2 Shopping trip characteristics
Shoppers that prepared their shopping trip online more often combined the shopping trip with going to 
friends (before or after), where shoppers that did not prepare their trip online combined it more often with 
vacation and other activities. A higher share of the sub-sample that prepared online did have a utilitarian 
motive. The likelihood that a utilitarian shopper prepared online was the highest for those living less than 
5 kilometres from the shopping area. On the other hand, for hedonic shoppers the share increased as the 
distance increased. No differences were found between the transport modes used to come to the city centre. 

There was a significant difference in usage of internet in all the stages of the shopping journey between the 
sub-samples. Therefore, differences in spatial behaviour between the sub-samples might be the result of 
differences of online shopping behaviour in general. Shoppers that prepared their shopping trip online are 
using the internet more often in every stage of the shopping journey.

5.7.3 Shopping trips
The store visits were compared at a global level; no tests were done to determine if there was a significant 
difference and therefore no statistically supported conclusion can be drawn. The average number of stores 
visited by the sub-sample that did not prepare online (5.49) was higher than the total number of store visits 
made by the sub-sample that prepared online (5.5). However, the number of unique stores which were visited 
was lower for the sub-sample that did not prepare online. This indicates that shoppers that prepare online 
have a larger spread over stores which are visited.
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6. Analysis and Results

This chapter will elaborate on the results of the analysis of the routes of 427 respondents, who made a 
shopping trip in the downtown shopping area of Eindhoven to answer the research question: What is the 
effect of preparation online on the pedestrian behaviour in downtown shopping areas? Data was gathered 
from the 1ste of July until the 19tb of July. Of the 427 respondents, 205 prepared online and 222 did not. The 
sample is expected to be younger than the population of shoppers in this shopping area. This is the result of a 
higher response rate among younger shoppers, additionally a slight preference towards younger shoppers was 
needed to create equal group sizes as younger shoppers were more likely to have prepared online. 

A reconstruction of the shopping trips was created, including the pedestrian data such as the locations visited 
and the path covered. A deeper understanding of the shopping trip was gained by questions addressing 
the shopping motive, mode of transportation, activity performed before and after the shopping trip and 
by observing the group with regard to size, gender and age. Further, socio-economic characteristics of the 
respondent were added and frequency of online shopping per stage in the shopping journey. The sample has 
been described in the chapter ‘Data collection’ and the various indices and heuristics which will be used to 
analyse the pedestrian behaviour were discussed in the ‘Research design’. A number of analyses have been 
conducted to examine differences in pedestrian behaviour using those indices. The focus of these analyses is 
to determine the differences in pedestrian behaviour between shoppers that prepared online and shoppers that 
did not.

In the first section, the route data will be discussed at a more practical aspect of pedestrian behaviour. Two 
different maps will be shown comparing the popularity and the pedestrian flows between the sub-samples, 
those who prepared their shopping trip online and those who did not. The routes of both sub-samples will 
then be analysed on various indices and heuristics as described in the research design. The trajectory indices 
will be covered by first analysing: the length of the path, mean absolute angle, and behaviour regarding 
segments. These are followed by indices related to the efficiency of the path of a pedestrian. Using the visited 
outlets, the path in between outlets will be analysed followed by an analysis of the sequence of the outlets. 
The conclusions are included in the end of this chapter.  

6.1. Pedestrian Flows

Pedestrian flows are often used as benchmark when classifying the quality of shopping streets, therefore, 
insight into pedestrian flows and potential changes in these pedestrian flows are of high practical use. 
The pedestrian flows of the 427 shoppers are compared between the sub-samples. The pedestrian flows 
are measured as a ratio of number of respondents within each sub-sample. This resolves issues related to 
differences in sample sizes. Based on the literature, it is reasonable to assume that pedestrian behaviour will 
differ regarding an exploratory character and task orientated character. Therefore, might occur between the 
frequency of streets being visited by one pedestrian. By only including whether a street has been passed by 
a respondent, these figures would show the ratio of respondents who passed this link. This ratio is marked as 
the popularity of the street segment.

Figure 6-1 shows the popularity of segments for those prepared online and figure 6-2 of those that did not 
(see also, appendix L). As one sub-sample prepared (a part of) their shopping trip online, they might walk 
more efficient routes and are less likely to follow the same path back. Adding a maximum count of one 
would not be influenced as much by the behaviour of walking over a segment in both ways. 
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Firgure 6-3 show the pedestrian flows of the shoppers that prepared online, where figure 6-4 shows the 
pedestrian flows of those that did not. When comparing the pedestrian flows between the sub-samples some 
differences stand out. Overall, the popularity of the major shopping streets is smaller within the group that 
did prepare online. Shoppers that prepared online seem to be more likely to visit shopping streets which are 
out of the main shopping heart. This results in an increase in popularity of some streets, such as Nieuwe 
Emma Passage. Since the entry points used deviate between the groups, the percentages of the group that 
used an entry point are marked on the maps. To explain these differences, the next section will further discuss 
the trajectory indices, followed by the indices related to the outlets visited.

Comparing the two maps regarding the shoppers that prepared online, the Nieuwe Emma Passage seems 
to be visited in one time only, as no increase is found when counting all passes made by a pedestrian. The 
pedestrians visiting the south-west of the shopping area on the other hand visit the street in both ways as the 
pedestrian flow is twice as high as the single count pedestrian flow. 

Figure 6-2. Ratio of Pedestrians Visited a Link 
(Not prepared)

Figure 6-1. Ratio of Pedestrians Visited a Link 
(Prepared)
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Figure 6-4. Pedestrian Flows (Not prepared)Figure 6-3. Pedestrian Flows (Prepared)

6.2. Transformation of Independent Variables

Table 6-1 shows the transformed independent ordinal and nominal variables. There is no linear relation 
between the dependent variables and familiarity with the shopping area nor with the frequency of visiting the 
shopping area. Furthermore, the distribution of frequency of visiting the shopping area did not fit a normal 
distribution well. Therefore, both variables are recoded into dummy variables. Familiarity with the shopping 
area is recoded into ‘neutral or lower’ and ‘higher than neutral’ and frequency of visiting the shopping area is 
recoded into ‘monthly or less’ and ‘more than monthly’.
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Time until closing is calculated from the start of the shopping trip until the time of closing of that specific 
day expressed in hours. One might expect that when the time until closing approaches 0, the effect of this 
variable increases. No transformation of time until closing was found that would lead to a better prediction 
of the dependent variables. When graphs between the dependent variables and age were compared, shown 
in appendix G, it turned out that pedestrian behaviour is better explained by age groups rather than age in 
years. For this reason, age is grouped into four categories; 18 years old or younger, from 19 until 35 years 
old, 36 until 50 years old and over 50 years old. For the trajectory indices, the age categories are including 
using two dummy variables; 18 or younger (yes=1 and no=0) and older than 35(yes=1 and no=0), both ‘no’ 
for shoppers within the group from 18 up to 35 years old. Shopping motive is recoded into only utilitarian 
motives (yes=1 or no=0) and only hedonic motives (yes=1 or no=0), shopping motive ‘both’ would result in 
no for both variables. Group size is recoded into a dummy variable using ‘Alone’ (yes=1 or no=0).

Various nominal variables are transformed into dummy variables. Transport mode is recoded into ‘came by 
public transport’ (yes=1 or no=0), ‘came by foot or bicycle’ (yes or no) and leaving the option by car if both 
cases are ‘no’. Gender of the shopping group contained five classes and is recoded into ‘Male(s) in group’ 
(yes=1 or none=0) and ‘Female(s) in group’ (yes=1 or none=0). 

6.3. Trajectory Indices

This section will discuss the trajectory indices used to describe a route at a ‘global’ level. This means that 
these indices are not suitable to explain or predict decisions made by pedestrians on their route. They can on 
the other hand be used to discover and express differences in pedestrian behaviour. Four trajectory indices 
are used to compare and analyse the routes of pedestrians; length of path, mean absolute angle, correlation 
between consecutive angles and street segments entered. The mean and standard deviation are shown in table 
6-2. Later in this section the index retracement will be introduced.

Table 6-1. Recoded Independent Variables
Ordinal variables Dummy value = 0 Dummy value = 1
Familiarity <= Neutral > Neutral
Frequency of visiting the 
shopping area <= Monthly > Monthly
18 and younger No Yes
Older than 35 No Yes
Nominal variables Dummy value = 0 Dummy value = 1
Alone No Yes
By public transport No Yes
By foot or bike No Yes
Male(s) in group None Yes
Female(s) in group None Yes
Hedonic motives No Yes
Utilitarian motives No Yes

Dummy value = -1 Dummy value = 1
Prepared online No Yes
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Length of path Mean abs 
Angle

Corr. Between 
consecutive Angles

Segments 
entered

Prepared online Mean 1134.2 45.8 -0.063 17.8
SD 572.1 15.9 0.284 8.9

Did not prepare 

online

Mean 1173.7 44.4 -0.039 18.5
SD 542.3 14.4 0.244 8.6

Complete sample Mean 1155 45 -0.051 18.2
SD 556.3 15.1 0.263 8.8

Length of path: T(1, 426) = -0.590, p > .05
Mean absolute angle: T(1, 390) = -0.842, p >.05
Correlation between consecutive angles: T(1, 389) = -0.963, p >.05
Segments entered: T(1, 426) = -0.770, p >.05

Table 6-2. Trajectory Indices

When comparing the indices between the sub-sample which prepared online with the group that did not, no 
strong differences seem to occur. The sub-sample that prepared online walked slightly shorter routes and 
entered less segments. Furthermore, they had a marginally higher mean absolute angle and higher correlation 
between consecutive angles. However, these differences are small and additional independent T-test did not 
yield any significant differences between the groups. 

Further analysis will explore these indices, gaining insight into how and if preparation online influences 
pedestrian behaviour. The length of the path is analysed followed by the mean absolute angle. Finally, the 
retracement of segments is analysed. 

6.3.1 Analyses of Length of Path
To get a deeper understanding into the length shoppers walk during their shopping trip, the dependent 
variable length of path was prepared for regression analysis. Since the length of path has an absolute 
minimum, the variable was checked to determine if transformation was necessary. The distribution is 
slightly skewed (0.343) which still follows the normal curve quite well. Moreover, it is reasonable to expect 
that there is not a linear relation between the length of the shopping trip and the independent variables as 
explained later. In order to perform a linear least squares regression the assumption that the relation between 
the variables is linear has to be met. By transforming variables, one can improve the linearity of the relation. 
For the length of the path during a shopping trip it is reasonable to assume that the actual impact of a variable 
increases as the length of the shopping trip increases. A square-root transformation decreases the differences 
between higher values compared to the lower values of this variable. This results in an actual difference of 
for instance 100 metre longer or shorter will be incorporated stronger at a reference length of 200 meters than 
at a length of 2000 metres.

Tabachnick and Fidell (2007) and Howell (2007), specified guidelines to transform data regarding improving 
normality. They suggest that a square-root transformation should be used for moderately positive skewed 
data, as the length of path has a fixed minimum it was chosen to still compare the distribution with a gamma 
and log-normal distribution and compare the results to the square-root transformation. MATLAB was used 
to determine the optimal parameters. Figure 6-5 shows the cumulative probability of the length of the routes 
compared to a Log-Normal (μ=6.888,σ=0.664) and Gamma distribution (κ=3.223,θ=358.342). A Gamma 
distribution can fit a wide range of distributions, a κ= 1 corresponds with an exponential distribution whereas 
a κ=∞ would represent a normal distribution. Both distributions do not fit the data well. Finally, the length 
of the route was transformed using square-root transformation creating a fairly normal distribution and 
minimizing the problems concerning the fixed minimum. Figure 6-5 show a histogram of the length of path 
including a plot of these distributions.
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The square-root transformation (shown in figure 6-6) results in a better prediction of the dependent variable, 
indicating a non-linear relation of predictors with the length of a shopping trip. However, it does not reduce 
the skewness of the distribution. The transformed length of route has a mean value of 32.74 (SD 8.85) 
skewed by -0.433.  

To determine which variables are able to significantly predict the length of the route, a multiple linear 
regression analysis was conducted. Variables containing personal characteristics, online shopping behaviour 
and shopping trip characteristics are used to predict the total length of the route of a shopping trip. Inter-
action effects are also included of prepared online with shopping motivation, transportation mode used, and 
group size. A stepwise method is used to determine significant predictors (see table 6-1).

Due to the high correlation between ‘prepared online’ and the frequency a consumer uses the internet in 
various stages of their shopping journey, these variables are not included in the analyses. A non-automated 
process is used to prevent the backwards method from removing the lower term variable of an interaction 
effect. It is desirable to keep the main affect in the regression analysis to prevent changes in scale (Faraway, 
2014). The interaction effect between ‘alone’ and ‘prepared online’ is removed due to low significance as a 
result of high covariance with the interaction effect between ‘motive’ and ‘prepared online’. 

As mentioned before, the lower term variables of the interaction effects are not excluded from the model. 
One out of the ten predictors in the regression equation is insignificant. The variable ‘came by foot or 
bicycle’ did not yield significant (p=.802). The interaction between shopping motive and prepared online did 
yield significant (p=.016), the effect of shopping motive is positive for those who have prepared online and 
negative for those who have not prepared online. The interaction between ‘coming by foot or bicycle’ and 
‘prepared online’ did yield significant (p<.001). Table 6-3 shows the predictors used in the regression and 
their parameters. Other significant predictors are frequency of visiting the shopping area, time until closing, 
alone, hedonic motives, came by public transport and 18 and younger. 

The regression analysis explains a significant part of the variance (F(10,415) = 10.040, p< .001) with an R2 
of .195. Note that the dependent variable is defined as the square-root of the length walked by the pedes-
trians. Thus to predict the length of the path, the square-root of the predicted dependent value has to be taken. 
The ordinal and nominal variables are recoded as in table 6-1 and time until closing was measured in hours 
from starting the shopping trip.

0 500 1000 1500 2000 2500 3000
Data

0

1

2

3

4

5

6

7

8

D
en

si
ty

#10-4

Length of route
Lognormal
Gamma
Normal

10 15 20 25 30 35 40 45 50 55
Data

0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

0.045

D
en

si
ty

LengthOfRouteSQRT
Normal - SQRT

Figure 6-5. Distribution Length of Path Figure 6-6. Distribution SQRT Length of Path



47Analysis and Results

Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online 

Table 6-3. Linear Regression Analysis of the Square-root of Length of Path

Model
Non standardised 
Coefficients

Stand-
ardised 
Coefficients

t Sig. Correla-
tions

B Std. Error Beta Zero-order Partial Part
V0 (Constant) 28.684 2.302 12.458 0.000
V1 Prepared 6.265 1.798 0.708 3.484 0.001 -0.046 0.169 0.153
V2 Hedonic 1.772 0.897 0.088 1.976 0.049 0.111 0.097 0.087
V1 * V2 Hedonic * Prepared 1.881 0.891 0.110 2.111 0.035 0.057 0.103 0.093
V3 Foot|Bicycle 0.194 1.097 -0.009 -0.176 0.860 0.050 -0.009 -0.008
V1 * V3 Foot|Bicycle * 

Prepared -3.953 0.971 -0.821 -4.070 0.000 -0.085 -0.196 -0.179
V4 Time To Closing 0.981 0.215 0.209 4.558 0.000 0.269 0.218 0.201
V5 Younger than 18 1.992 0.986 0.092 2.019 0.044 0.176 0.099 0.089
V6 Familiarity 0.859 0.346 0.115 2.483 0.013 0.075 0.121 0.109
V7 Public transport -2.599 0.902 -0.143 -2.880 0.004 -0.166 -0.140 -0.127
V8 Alone -3.548 0.963 -0.171 -3.684 0.000 -0.220 -0.178 -0.162

Overall, including the interaction between prepared 
online and shopping motive and including the inter-
action between prepared online and ‘came by foot or 
bicycle’ did improve the model. The final equation to 
predict the length of the path during a shopping trip 
is able to explain up to 19,5 percent of the variance. 
As shown in figure 6-7, the histogram of the residual 
follows the curve fairly well. 

6.3.2 Analyses of mean absolute angle
The mean absolute angle of a route is an index used to gain insight into the straightness of the route. The 
distribution of the mean absolute angle is positively skewed, with a mean value of 45.26 degree (SD=14.79) 
skewed by 1.314. A square-root transformation is used to reduce the skewness of the distribution. The 
square-root of the mean absolute angle has a mean value of 6.164 (SD=1.07) and skewed by 0.300. A signif-
icant regression equation is found (F(3, 398) = 3.548, p = .029), with an R2 of .022 indicating a fairly limited 
improvement. The regression coefficients have been reported in table 6-4.
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Table 6-4. Linear Regression Analysis of Mean Absolute Angle

Model
Unstandardised 

Coefficients
Standardised 
Coefficients t Sig. Correla-

tions
B Std. Error Beta Zero-order Partial Part

V0 (Constant) 6.743 0.075 90.41 0
V1 Prepared 0.069 0.075 0.064 0.925 0.356 -0.05 0.046 0.046
V2 Males -0.194 0.107 -0.09 -1.812 0.071 -0.091 -0.09 -0.09
V1*V2 Prepared*Males -0.239 0.107 -0.154 -2.23 0.026 -0.113 -0.111 -0.111
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As shown in table 6-4, shoppers that prepared online with at 
least one male in the group have the lowest mean absolute 
angle (40.7 degree) indicating that they walk the straightest 
routes, whereas for shoppers that prepared online without any 
males in the group, the mean absolute angle is the highest (46.4 
degree). For shoppers that did not prepare online the difference 
between with or without any males in the group was smaller; 
a mean absolute angle of 45.1 degree for with a male in the 
group and 44.5 for those without any males in the group. Even 
though the regression model only explains 2.2 per cent of the 
variance, the difference between the groups with and without 
any males is substantial for those who prepared online. The 
residual of the regression equation deviates from the normal 
curve as it has a few high errors on the right side and a high density around 0 (figure 6-8). 

6.3.3 Analyses of Segments
As described in chapter 4, the network consists out of segments which can contain multiple links. A segment 
consists out of a straight series of links, without a primary node in between. One exception is included where 
segments can have multiple links which are not in a straight line. When there is an arced path and all the 
stores are in sight, the arc is combined into one segment. 

As the number of segments strongly correlates with the length of the path, no additional analysis is done to 
examine the number of segments entered, nor the number of full segments entered. Even though the length 
of the segments vary strongly, a correlation of 0.766 (p<.000) was found between the number of segments 
entered and the length of the path. An overview of the mean number of segments which a pedestrian entered 
is shown in table 6-5. The number of full segments is shown to give an indication of the amount of segments 
which are walked until the end. A high number of different segments entered from the opposite side indicated 
that a pedestrian might walk on one side of the street first and walks back on the opposite side, where a low 
number might indicate a more circular route. 

Retracement is defined as the behaviour of pedestrians entering a segment from the opposite direction 
as well. The number of different segments entered from the opposite node as well were divided by the 
number of different segments entered by the pedestrian to calculate the ratio of retracement. The results 
ranged between 0 (no retracement) and 1 (full retracement). Creating a ratio based on count data results in 
a distribution which is not continuous, due to limited possible outcomes. Non parametric regression is used 
as there is a high number of pedestrians that fully retraced their route on one side and a high number of 

Table 6-5. Segments Entered

Total number of 
segments entered 

Number of full 
segments entered 

Number of different 
segments entered 

Number of different 
segments entered from 
the opposite node as 
well

Prepared online Mean 17.78 16.47 17.39 9.37
SD 8.931 8.457 8.561 6.476

Did not prepare 
online

Mean 18.53 17.35 18.09 10.42
SD 8.6 8.193 8.03 6.609

Complete sample Mean 18.18 16.93 17.76 9.93
SD 8.756 8.32 8.283 6.56
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pedestrians that did not retrace any segment fully on the other side. The ratio between the retraced segments 
and the number of different segments entered is converted into an ordinal scale as shown in table 6-6. First a 
Mann-Whitney U-test is run to determine if there is a difference between the group that prepared online and 
the group that did not, thereafter an ordinal regression is used to find significant predictors. 

A Mann-Whitney U-test is run to determine if there is a difference of retracement of segments between 
shoppers that prepared online and shoppers that did not prepare online. Figure 6-9 shows the horizontal 
histograms of the sub-samples. No 
significant difference were found 
between the groups (U=25,820, 
p=.080). However, it shows that 
shoppers that prepare online (right 
side of the figure) have a higher 
tendency not to retrace any segments 
at all, whereas shoppers that did not 
prepare online have a higher tendency 
to fully retrace the segments. Solely 
considering the values in between, no 
difference between the groups stands 
out.

An Ordinal regression analysis is 
conducted to predict the retracement 
of segments during a shopping trip 
using ‘prepared online’ and ‘having 
utilitarian motive’ as predictors. 
Ordinal regression is often used to measure the strength of various independent variables on an ordinal scale 
like a five point Likert scale, when not normal distributed. A first test did yield a statically significant model 
(Chi-Square = 17.798, p<.000 with df=4). However, a test of goodness of fit did yield significant deviances 
between predicted and observed values. A test of the full regression model against a linear predictor yielded 
statistically significant (Chi-Square = 18.402, p=.001 with df=4). A Chi-Square test 54.6 (p=.320) is run 
to determine the Pearson Goodness of Fit and deviance Goodness of Fit of Chi-Square 60.5 (p=.151). No 
significant differences are found between the model and the data. The Cox and Snell R2 statistic is used to 
measure the strength of the association, resulting in an R2cs = 0.025, indicating a considerably weak relation 
between predictors and dependent variable. 

Two variables yielded significant due to low frequencies in the categories full retracement and no 
retracement. No extra variables are added to prevent a further increase of the number of cells with an 
expected count of 0. The ordinal regression analysis shows a significant higher retracement of segments 
during a shopping trip for respondents with shopping motive utilitarian (p=.009). Finally, taking these 
variables into account, shoppers that prepared online did have a significant lower retracement than shoppers 
that did not prepare online (p=.039). A full overview of the model parameters is shown in table 6-7. 

Table 6-6. Ratio of Retracement of Segments
Values Frequency

Did not retrace any segment (0) 1 36
Retraced over 0 and 0.25 or less of the segments 2 53
Retraced between 0.25 and 0.75 of the segments 3 221
Retraced between 0.75 and 1 of the segments 4 89
Did retrace all segments (1) 5 28
Total 427

Independent-sample
Mann-Whitney U-test
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6.4. Outlet Visits and Store Choice Heuristics

This section will discuss the outlets visited during a shopping trip and the outlet choice heuristics used to 
order the outlets visited. The efficiency of the sequence is compared using the discussed indices. First, an 
overview of the number of outlet visits is discussed, focussing on whether these visits were planned or not. 
A Mann-Whitney U-test will first be used to compare the results between shoppers that prepared online and 
those who did not. This analysis is followed by Poisson regression to predict the number of planned and 
unplanned visits made during a shopping trip in the downtown shopping area of Eindhoven. As this research 
focusses on the difference between shoppers that prepared online and those that did not, the influence of 
online shopping behaviour in general is not included. After discussing the number of store visits made during 
a shopping trip, the efficiency of the route between the consecutive store visits is analysed. The efficiency 
of the order of store visits will then be discussed, not taking into account the exact path walked by the 
respondent. Efficiency is determined by comparing the length of the shortest path of the outlet order used by 
the respondent to the shortest length of the path when using a local distance minimizing heuristic and to the 
shortest length of a global distance minimized path. Combining the efficiency between the outlets and the 
efficiency of the outlet order, it can be determined if the pedestrian followed the most efficient path or not. To 
get an understanding of the predictors for this behaviour, a binary logistic regression analysis is estimated. 

The two store choice heuristics, local distance minimizing and further distance minimizing, are tested to get 
an understanding of how the store order is organized. These heuristics are also tested using binary logistic 
analyses. 

6.4.1 Number of outlets visited
Table 6-8 shows the number of planned and unplanned outlet visits made during a shopping trip by the 
respondents. 51 per cent of all the outlets visited by shoppers that prepared online was planned and only 35 
per cent of the outlets visited by shoppers that did not prepare online was planned. The total number of store 
visits will not be further analysed as it is the result of the sum of these visits. The total number of store visits 
made during a shopping trip ranges from a single visit to seventeen visits. The average number of visits 
does not differ much between the groups with an average of 5.49 stores for the group of respondents that 
prepared online to 5.50 for the group that did not prepare online. An additional Mann-Whitney U-test and a 
Kruskal-Wallis test did not yield any significant differences. As mentioned, further analyses focusses on the 
outlet visits separating them into planned visits and unplanned visits. Even though the total number of outlets 

Table 6-7. Predictors for Retracement of Segments
Estimate Std. Error Wald df Sig. 95% Confidence Interval

Lower Bound Upper Bound

Tr
es

hh
ol

d 

Did not retrace any segment -2.923 0.244 143.275 1 0.000 -3.402 -2.445
Retraced over 0 and 0.25 or 

less of the segments -1.836 0.203 81.597 1 0.000 -2.235 -1.438
Retraced between 0.25 and 

0.75 of the segments 0.448 0.180 6.207 1 0.013 0.096 0.801
Retraced between 0.75 and 

less than all of the segments 2.213 0.238 86.28 1 0 1.746 2.68

Pr
ed

ic
to

rs Utilitarian only: Yes = 1 0.491 0.188 6.828 1 0.009 0.123 0.859
Utilitarian only: No = 0 0 . . 0 . . .

Planned: Yes = 1 0.382 0.185 4.291 1 0.038 -0.021 0.744
Planned: No = 0 0 . . 0 . . .
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visited does not differ significantly between the groups, the planned and unplanned visits do seem to differ. 
An additional Mann-Whitney U-test indicated that the number of planned visits is significantly higher for 
the group that prepared online (Mean = 2.78) than the group that did not prepare online (Mean = 1.94), (U = 
16,984, p = .000) and the number of unplanned visits is significantly lower for the group that prepared online 
(Mean = 2.71) than the group that did not prepare online (Mean = 3.56), U = 28,166, p = .002. Table 6-8 
shows on overview of the number of planned and unplanned visits.

Table 6-8. Planned and Unplanned Outlet Visits
Planned Unplanned

Prepared online Prepared online
Yes No Yes No

0 2 33 62 46
1 60 80 30 27
2 45 53 36 38
3 40 33 21 18
4 25 15 13 34
5 22 4 10 12
6 9 11 9 14
7 2 0 6 10
8 3 2 6 7
9 1 0 9 12

10 4 5
11 1 1
12 2 3
13 0 1
14 0 3

Mean 2.78 1.94 2.71 3.56
SD 1.8 1.6 3 3.3

Total 209 231 209 231

To examine the number of planned and unplanned outlet visits made during a shopping trip a regression 
model needs to be used to incorporate count data. Poisson regression is used to determine the predictors for 
the number of planned and unplanned visits. As a negative binomial regression is able to fit a wider range of 
distributions, it was considered in case the Poisson regression was not able to fit the data. 

This analysis will determine the predictors for the number of planned and unplanned outlet visits during 
a shopping trip. Dijkstra and Jessurun (2013) used the following predictors to determine the number of 
planned and unplanned outlets visited; gender, age, companionship, familiarity, motivation, time budget, 
and activity agenda. They used Monte Carlo simulation with gamma distribution to predict total number of 
visits and unplanned visits and deducted the planned visits from the total visits to determine the number of 
unplanned visits. The predictors stated by Dijkstra and Jessurun were tested for the number of planned outlet 
visits. Gender characteristics of the respondent as well as the group composition did not yield significant for 
the number of planned store visits. Interaction is examined between gender and shopping motive as well as 
for gender and prepared online. Furthermore, the age classes as shown in table 6.1 did not yield as significant 
predictor for the number of planned visits. The activities on the agenda of the respondents are not included 
into this analyses and the inclusion of time budget was limited to time until closing measured in hours from 
starting their shopping trip. Companionship is included using dummy variable ‘alone’ coded as 1 and in a 
group coded as 0. Specification regarding type of companion or group did not yield significant. Familiarity 
is included as dummy variable coded as higher than neutral = 1 and neutral or lower = 0. Shopping motive 
is included using two dummy variables defined as ‘utilitarian only’ and ‘hedonic only’. Shoppers with 
utilitarian and hedonic motives were recoded as base case, both coded as yes = 1 and no = 0. The day of the 
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week is included as dummy variable ‘weekend’, coded as week day = 1 and weekend = 0. Weekend does 
not include Friday (evening) in this analyses. Finally, as no interaction effect is found, prepared online is 
included as dummy variable, coded as prepared online = 1 and did not prepare online =0.

A Poisson regression with log link is used to determine the significant predictors of the number of planned 
store visits. A Chi-square on the performance indicated that the model performs significantly better than 
an intercept only model (Chi-Square = 104.991, p<.001 with df=7). Moreover, the model has a deviance 
of 437.46 on 418 d.f. (on average 1.05 per d.f.), resulting in a p-value of 0.25, passing the assumption of 
Goodness of Fit. Table 6-9 shows the results of the Poisson regression. The exponential Beta’s are used as 
the Poisson regression used a log link. The intercept of 1.89 planned store visits represents a pedestrian with 
a higher than neutral familiarity, who prepared online, with both hedonic and utilitarian motives and visiting 
the shopping area alone during the weekend with time until closing of zero hours. The results of the analyses 
will be discussed. 

Shoppers with a higher than neutral familiarity are expected to visit 1.391 times more planned outlets than 
shoppers with a lower than or equal to neutral familiarity. A shopper that prepared online is expected to have 
1.403 times more planned visits than a shopper that did not prepare online. During week days shoppers are 
expected to visit 0.743 times less planned store visits than during weekends. Shoppers visiting the shopping 
area alone are expected to visit 0.791 times less planned outlets than shoppers coming to the shopping area in 
a group. For every additional hour from arriving until closing time, a shopper is expected to visit 1.057 times 
more outlets. Shoppers that have only hedonic motives are expected to visit 0.702 times less outlets than 
shoppers with both shopping motives and shoppers with only utilitarian motives are expected to visit 0.75 
times less outlets than shoppers with both motives. 

The number of unplanned store visits did not match the Poisson distribution well. However, it did fit a 
negative binomial distribution very well with an r of 1.125 (SE 0.122), real number (9/8) and a p of 0.2665 
(SE 0.023), where r is number of failures and p is the probability of success. Therefore, a negative binomial 
regression model was used to predict the number of unplanned outlets visited during a shopping trip. The 
model was compared against an intercept only model which yielded a significant improvement (Chi-Square 
= 66.404, p<.001 with d.f. = 6). The model has a deviance of 352.432 on 420 d.f. (on average 0.839 per 

Parameter Exp(B)
95% Wald Confi-
dence Interval 
for Exp(B)

(Intercept) 1.882 (1.471, 2.407)
Familiarity = 1 (yes) 1.391 (1.202, 1.61)
Familiarity = 0 (no) 1 (., .)
Prepared = 1 (yes) 1.403 (1.231, 1.599)
Prepared = 0 (no) 1 (., .)
Week day = 1 (yes) 0.743 (0.643, 0.859)
Week day = 0 (no) 1 (., .)
Alone=1 (yes) 0.791 (0.664, 0.941)
Alone=0 (no) 1 (., .)
TimeToClosing (hours) 1.057 (1.019, 1.096)
Hedonic only = 1 (yes) 0.702 (0.595, 0.827)
Hedonic only = 0 (no) 1 (., .)
Utilitarian only = 1 (yes) 0.747 (0.642, 0.869)
Utilitarian only = 0 (no) 1 (., .)

Table 6-9. Predictors for the Number of Planned Visits
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d.f.). This has resulted in a p-value of 0.99, indicating a strong goodness of fit and therefore passing the 
assumption of goodness of fit. As mentioned at the beginning of this section, the number of planned visits 
is higher for the shoppers that did prepared online, while the number of unplanned visits was lower on 
average. First the predictors for the number of unplanned visits will be discussed. The intercept of 2.592 
represents a male shopper that did not prepare online with shopping motive hedonic or both and was not 
shopping alone at closing time equal to zero. Per hour until closing time the number of expected unplanned 
outlets visited increases by 1.082 times. Shoppers that prepared online are expected to visit 0.784 times less 
outlets unplanned than shoppers that did not prepare online. Furthermore, shoppers with the shopping motive 
utilitarian are expected to visit 0.746 times less outlets unplanned than shoppers with shopping motive 
hedonic or both. The interaction between shopping alone or not and the gender of the respondent yielded 
significant, resulting in four groups. For shoppers not shopping alone, females are expected to make 1.23 
times more unplanned visits during a shopping trip than male shoppers that did not shop alone. Shoppers 
shopping alone are expected to make less unplanned visits than shoppers in a group where the respondent 
was a male. Females shopping alone are predicted to make 0.607 times less unplanned visits, where males 
shopping alone are predicted to make 0.301 times less unplanned visits during a shopping trip.

Comparing the predictors for the number of planned and unplanned visits, the exponent beta value of 
prepared online stands out as expected. Where preparation online increases the expected number of planned 
visits by 1.403, it decreases the expected number of unplanned visits by 0.784. Additionally, where a 
higher familiarity does increase the number of planned visits, it did not yield significant for the number of 
unplanned visits (p=0.918). The expected number of unplanned visits does not differ significantly between 
the shopping motive hedonic and ‘both’. The beta values for only utilitarian motives show a similar effect 
on the number of visits for planned and unplanned visits. The beta value of time to closing shows a stronger 
effect on the predicted number of unplanned visits than on the number of planned visits.

Table 6-10. Predictors for the Number of Unplanned Visits

Parameter Exp(B)
95% Wald Confi-
dence Interval 
for Exp(B)

(Intercept) 2.592 (1.704, 3.944)
TimeToClosing (hours) 1.082 (1.015, 1.154)
Prepared = 1 (yes) 0.784 (0.615, 0.998)
Prepared = 0 (no) 1 (., .)
Utilitarian only = 1 (yes) 0.746 (0.58, 0.959)
Utilitarian only = 0 (no) 1 (., .)
Alone = 1 (yes)* Gender = 2 (female) 0.607 (0.394, 0.936)
Alone = 1 (yes)* Gender = 1 (male) 0.301 (0.174, 0.52)
Alone = 0 (no) * Gender = 2 (female) 1.23 (0.917, 1.651)
Alone = 0 (no) * Gender = 1 (male) 1 (., .)
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6.4.2 Store patronage
Visiting outlets is analysed by an index that indicates if pedestrians have the tendency to visit the stores when 
they pass them for the first time or return to the store after passing it before. Furthermore, the behaviour of 
returning to outlets visited before is analysed by the number of outlets visited before divided by the number 
of outlets visited. When leaving an outlet, a pedestrian can walk back along the way they came or walk 
further (more options for outlets connected to primary nodes). This behaviour is described by the index 
‘Return’ dividing the number of returns to the previous primary node by the number of outlets visited. When 
the store has multiple exits, the index ‘entry = exit’ describes if pedestrians use the same location to exit 
a store as they entered it when visiting a multi entry store. For outlets with multi level outlets the index is 
calculated the same way. These mean values and the standard deviations of the indices are shown in table 
6-11. 

Table 6-11. Store Visiting Indices
Passed Visited Return Entry=Exit

Level Entry = 
Level Exit

Yes Mean 0.136 0.011 0.408 0.804 0.873
(N) (205) (205) (205) (177) (128)
SD 0.199 0.043 0.321 0.339 0.309

No Mean 0.153 0.011 0.403 0.841 0.887
(N) (222) (222) (222) (181) (117)
SD 0.211 0.051 0.314 0.295 0.28

Total Mean 0.144 0.011 0.405 0.823 0.88
(N) (427) (427) (427) (358) (245)
SD 0.205 0.047 0.317 0.318 0.295

Passed: T(1,425) = -0.848, p>.05., Visited: T(1,425) = 0.037, p>.05., Return: T(1,425) = 0.150, p>.05.
Entry=Exit: T(1,356) = -1.108, p>.05., Level Entry = Exit: T(1,243) = -0.385, p>.05.

Eb = Dobs / Dspo
(1)

Looking at all the shopping trips, around one out of every seven outlets was visited after passing it before. 
Shoppers that prepared their shopping trip online show a lower tendency of visiting stores after passing 
it before. The difference between the sub-samples regarding the other indices seems smaller and an 
independent sample T-test did not yield significant results for the indices. Around one out of 90 shops is 
revisited after visiting it before and 40 per cent of the stores are exited returning to the same primary node. 

6.4.3 Shortest path between store visits 
After discussing the number of planned and unplanned store visits the path followed between the store visits 
will be discussed. First the length of the path is analysed by comparing it to the shortest length without 
changing the order of the store visits. The length of the path is then calculated when the outlets were visited 
in the same order, but optimizing the routes between the visits including the path from their entry point to 
their first store and from their last store back to their exit point. The shortest paths are calculated over the 
public network, therefore, short cuts through other store are not included. Equation 1 shows the formula 
used to calculate the efficiency of the path in between visits. The distance of the path observed (Dobs) and 
the distance of the shortest path observed sequence (Dspo) are used to determine the efficiency of the route 
between the outlets (Eb).
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When the ratio of the route of a pedestrian falls between 0.95 and 1.05, it is assumed that the pedestrian 
followed the most optimal route between the outlets visited. The shoppers that prepared online do not follow 
the most efficient route between the outlets visited more frequently than those shoppers that did not prepare 
online. A Mann-Whitney U-test did not yield any significant differences between the sub-samples. Table 
6-12 shows some slight deviations between the sub-samples, where shoppers that prepared online do show 
a slightly higher tendency to follow a route with a ratio between 1.15 and 1.25 and shoppers who did not 
prepare online do follow a route more often with a higher ratio than 1.25.   

Table 6-12. Efficiency of the Path Between Consecutive Visits
Prepared online TotalYes No

[0.95, 1.05] 107 (52,2%) 118 (53,2%) 225 (52,7%)
<1.05, 1.15] 50 (24,4%) 58 (26,1%) 108 (25,3%)
<1.15, 1.25] 17 (8,3%) 9 (4,1%) 26 (6.0%)
<1.25,1.35] 4 (2,0%) 8 (3,6%) 12 (2,8%)
>1.35 8 (3,9%) 10 (4,5%) 18 (4,2%)
Total 205 (100%) 222 (100%) 427 (100%)

The efficiency of the path followed between the consecutive visits is further analysed using binary logistic 
regression. This type or regression is capable of predicting the outcome for a dependent variable with two 
outcomes (dummy variable). Efficiency of the path between the store visits is recoded into; optimized 
path between outlets, coded as 1, and not optimized path between outlets, coded as 0. The data used for 
the analyses consists of personal and shopping trip characteristics of 427 shoppers, of these shoppers 
225 (52.7%) did follow the most efficient route between the outlets visited and 202 (47.3%) did not. The 
likelihood that shoppers follow the most optimal route between their outlets visited is expected to be related 
to personal and shopping trip characteristics. After analysing various interactions between prepared online 
and personal and other shopping trip characteristics, no interaction yielded significant. Furthermore, no 
interaction is found between gender and alone. A forward method is used to determine significant predictors 
an entry criteria of p<0.05 and a removal criteria of p>0.10. This resulted in a five-predictor logistic model. 
The five predictors are familiarity with the shopping area coded as higher than neutral = 1, neutral or lower 
=0, females in group, started in the afternoon and came by foot or bicycle codes as yes =1, no/none = 0, 
Finally, prepared online is included, coded as did prepare = 1 and did not = -1. 
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According to the model, the log of the odds of 
a shopper following an efficient route between 
the outlets visited is positively related by coming 
by foot or bike and negatively related to having 
females in the group and familiarity. Afternoon 
and prepared online have an effect on the odds of 
a shopper following an efficient route or not. The 
interaction between afternoon, prepared online 
and came by foot or bicycle is shown in table 
6-12. As shown before, 51% of the respondents 
that prepared online followed the most efficient 
path between the outlets and 48% of the respondents that did not prepare online did and an additional Chi 
Square test did indicate no significant differences X2 (1, N=427) = 0.039, p=.843. No significant differences 
were found between shoppers who started their shopping trip in the morning and those who did start in the 
afternoon X2 (1, N=427) = 0.903, p=.342. A significant difference was found in the number of respondents 
that used an efficient path between the outlets and respondents that came by foot or bicycle (60%) and those 
who came by another mode of transportation (44%) X2 (1, N=427) = 7.243, p<.01

Table 6-13 shows a cross table of these variables with the efficiency between outlets. For shoppers that 
prepared online, a much higher percentage did follow the most efficient path between outlets in the afternoon 
(58%) and a low percentage did follow the most efficient path between outlets in the morning (39%). On 
the other hand, for shoppers that did not prepare online, the difference between morning and afternoon is 
smaller and more shoppers walk the most efficient path between outlets in the morning (57%) and around 
equal in the afternoon (50%). Beside the main effect of the dummy variable ‘foot or bicycle’, an interaction 
effect occurs similar to the previous interaction effect. The difference between shoppers who came by 
foot or bicycle is stronger for those who prepared online. Of those who prepared online, 59 per cent of the 
respondents followed the most efficient path between outlets when they came by foot or bicycle, while only 
31 per cent did when they used another mode of transportation. For the group that did not prepare online, 
54 per cent followed the most efficient path when coming by foot or bicycle and half of the respondents did 
when they did not come by foot or bicycle. 

Before going into detail on the influences of the variables, the overall model will be evaluated. The 
likelihood ratio test, score and Wald tests are used to examine the improvement of the model over a 
no predictor mode (null model). All three test yield similar results, namely the model is a significant 
improvement over the null model p<0.001. Table 6-13 shows an overview of the results of the tests and the 
predictors included in the model with their beta. 

The significance of the individual predictors is determined using the Wald’s chi-square statistic. Table 6-13 
shows that only the interaction between ‘foot or bicycle’ and ‘prepared online’ did not yield significant 
p=.053. Moreover, all predictors yielded significant. The Hosmer & Lemeshow (H-L) test is used to verify 
the goodness-of-fit. The H-L test yielded insignificant (p>0.05), suggesting that the model fits the data well. 
The overall correct prediction was 60.70%, an improvement over the base model. Of the respondents that did 
not follow the most efficient path between the outlets, 42.6% is predicted correctly and 76.9% of the cases 
where respondents did follow the most efficient path between outlets is predicted correctly. 

Table 6-13. Cross-table of Efficiency Between Outlets
Efficient between outlets

Prepared No Yes
Yes Afternoon No 59 (42%) 82 (58%)

Yes 39 (61%) 25 (39%)
No Afternoon No 64 (50%) 65 (50%)

Yes 40 (43%) 53 (57%)
Yes Foot or Yes 33 (69%) 15 (31%)

Bicycle No 65 (41%) 92 (59%)
No Foot or Yes 20 (50%) 20 (50%)

Bicycle No 84 (46%) 98 (54%)
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Table 6-14 shows an overview of the predictors and their parameters for following the most efficient route 
between he outlets visited. The eβ of the predictors will be discussed as those have the clearest relation 
with the outcome of the model. The odds of a shopper following the most efficient path between outlets is 
0.600 times smaller when there is a female in the group than when there are no females in the group. For 
respondents with a high familiarity, the odds of following the most efficient path between outlets is 1.722 
times higher than for those with a low familiarity. The odds that a shoppers that came by foot or bicycle 
and prepared online followed the most efficient path between the outlets is 0.310 times smaller than other 
shoppers. For shoppers shopping in the afternoon, the odds of following the most efficient path are 1.351 
times higher when they prepared online than shoppers shopping in the morning and the odds are 0.740 
times smaller for those who did prepare online. Rho2 is calculated using the Cox and Snell statistic (Rho2 
= .064) and the Nagelkerke Rho2 (Rho2 = .086), unlike the R2 used in multiple linear regression using the 
sum of squares, these statistics use the log likelihood making the interpretation not as straightforward. These 
statistics compare the likelihood of the model to the likelihood of the null model to determine the goodness 
of fit. The obtained rho2-values are rather low.

6.4.4 Efficiency of the order of the store visits
The efficiency of the route between the stores visited says something about the route followed, gaining 
insight in the shopping behaviour of a consumer. Before looking at the efficiency of the route as a whole, it 
is important to look at the order of the stores visited during a shopping trip. One heuristic is local distance 
minimized (LDM) where the sequence of the outlets is determined by first visiting the closest outlet to the 
entry point and visiting the closest outlet from there and so on, until all the outlets of the trip have been 
visited. Table 6-15 shows the ratio of this heuristic compared to the length of the shortest route between the 
sequence chosen by the respondent. A Mann-Whitney U-test did not yield significant results between the 
groups. Routes with a lower ratio than 0.5 followed a sequence which resulted in an at least two times longer 
route than visiting all outlets using the LDM heuristic, where a ratio higher than 1 is the result of a sequence 
more efficient than the LDM heuristic. 

Table 6-14. Logistic Regression Analysis of 427 shoppers for Following the Most Efficient Route 
Between Outlets

Predictors β x2  Wald’s  d.f.  Sig. eβ

Females -0.511 0.201 7.303 1 0.012 0.600

Afternoon * Prepared 0.301 0.210 6.136 1 0.027 1.351

Foot|Bicycle -0.589 0.107 18.373 1 0.022 0.555

Foot|Bicycle * Prepared -.0581 0.251 3.735 1 0.016 0.559

Familiarity 0.572 0.224 6.510 1 0.011 1.722

Constant 0.319 0.171 3.501 1 0.061 1.376

Test 

Overall model evaluation

Score test 28.382 5 0.000

Wald test 27.146 5 0.000

Goodness-of-fit test

Hosmer & Lemeshow 5.420 7 0.609

Note. Cox and Snell R2 = .064. Nagelkerke R2 = .086.
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Table 6-16. Global Distance Optimizing Score
Prepared online TotalYes No

[0, 0.05] 85 (57.8%) 102 (58.6%) 187 (58.3%)
<0.05, 0.15] 26 (17.7%) 26 (14.9%) 52 (16.2%)
<0.15, 0.25] 14 (9.5%) 16 (9.2%) 30 (9.3%)
<0.25, 0.50] 12 (8.2%) 18 (10.3%) 30 (9.3%)
<0.50, 0.95] 5 (3.4%) 7 (4.0%) 12 (3.7%)
<0.95, 1] 5 (3.4%) 5 (2.9%) 10 (3.1%)
Total 147 (100%) 174 (100%) 321 (100%)

The GDO scores per sub-sample are shown in tables 6-16. Over half of the respondents did follow the most 
optimal sequence with a margin of 0.05. No strong differences are found between the sub-samples and an 
additional Mann-Whitney U-test did not yield significant results. 

GDO
Prepared No Yes
Yes Foot or No 45 (40%) 67 (60%)

Bicycle Yes 20 (56%) 16 (44%)
No No 66 (46%) 77 (54%)

Yes 9 (32%) 19 (68%)
Yes Hedonic No 45 (41%) 66 (59%)

Yes 20 (54%) 17 (46%)
No No 51 (50%) 50 (50%)

Yes 24 (34%) 46 (66%)
Yes Familiarity Low 19 (47%) 21 (53%)

High 46 (43%) 62 (57%)
No Low 19 (35%) 36 (65%)

High 56 (48%) 60 (52%)

Table 6-17. Cross-table Global Distance Optimizing

Where the LDM follows a simple heuristic, finding the most optimal sequence is equivalent to solving the 
travelling salesman problem. No efficient algorithm has been developed to calculate the exact length and 
route of the most optimal sequence with a multiple stop route. For the routes with up to twelve outlet visits 
the length of the most optimal sequence was calculated (GLDmin) and the length of the least optimal sequence 
was calculated (GLDmax). The efficiency of the sequence of the route is calculated by comparing it within this 
range resulting in a ratio [0, 1], from equal to the minimized route (0) to equal to the maximized route (1). 
Equation 2 shows the formula used to calculate the global distance minimizing (GDO) score.

GDO = (Dsp – GLDmin) / (GLDmin – GLDmax) (2)

Table 6-15. Sequence Compared to LDM
Prepared online TotalYes No

[0, 0.5] 3 (1.7%) 3 (1.5%) 6 (1.6%)
<0.5, 0.65] 24 (13.4%) 16 (7.8%) 40 (10.4%)
<0.65, 0.75] 26 (14.5%) 41 (20.0%) 67 (17.4%)
<0.75, 0.85] 32 (17.9%) 49 (23.9%) 81 (21.1%)
<0.85, 0.95] 33 (18.4%) 38 (18.5%) 71 (18.5%)
<0.95, 1.05] 53 (29.6%) 51 (24.9%) 104 (27.1%)
<1.05, 1.25] 8 (4.5%) 7 (3.4%) 15 (3.9%)
Total 179 (100%) 205 (100%) 384 (100%)

Various types of behaviour can influence the 
sequence, for example returning to previous visited 
outlets can lead to a lower efficiency. The efficiency 
of the sequence was recoded to solely state if the 
sequence is minimized or not. As more than half of 
the sample (with the appropriate amount of outlets 
visited) did follow the most optimal sequence a binary 
logistic analysis is considered to be most appropriate. 
The data is converted into a dummy variable coded as 
followed the optimal sequence = 1, did not follow the 
most optimal sequence = 0. For the variables the same 
coding is used as in previous analyses (table 6-1). 
A backwards method with remove criteria ρ≤0.06 is 
used. This resulted in a five-predictor logistic model. 
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Table 6-18. Logistic Regression Analysis of 319 Shopper Following the GDO Sequence.
Predictors β x2  Wald’s  d.f.  Sig. eβ

Foot|Bicycle * Prepared -0.801 0.305 6.904 1 0.009 0.449
Prepared 0.498 0.634 6.480 1 0.263 1.645
Hedonic * Prepared -0.587 0.250 5.491 1 0.019 0.556
Familiarity * Prepared 0.510 0.262 3.771 1 0.052 1.665
Afternoon 0.445 0.153 8.482 1 0.004 1.561

Test 
Overall model evaluation

Score test 24.600 5 0.000
Wald test 24.578 5 0.000

Goodness-of-fit test
Hosmer & Lemeshow 11.409 8 0.18

Note. Cox and Snell R2 = .074. Nagelkerke R2 = .099. 

According to the model the log of the odds of a respondent optimizing the global distance is positively 
related to shopping in the afternoon. The other relations are part of an interaction effect and will be discussed 
using table 6-17. This table gives an overview of the number of respondents that optimized their route for 
respondents that prepared online and those who did not and grouped the sample further using the other 
variables. First the interaction between coming by foot or bicycle and prepared online will be discussed. 
Looking at the table the result of the interaction effect is illustrated. Shoppers who came by foot or bicycle 
to the shopping area are less likely to follow the GDO sequence when they did prepare online and are more 
likely to follow the GDO sequence when they did not. The second interaction effect is between only hedonic 
shopping motives and preparing online. Shoppers with only hedonic motives were observed to follow the 
GDO route less often than those who also had utilitarian motives. This is the case for shoppers that did 
prepared online, shopper that did not prepare online on the other hand do follow the GDO sequence more 
often when they only have hedonic shopping motives. Finally, familiarity was expected to increase the odds 
of following the GDO sequence during a shopping trip. 57% of the respondent that prepared online and had a 
high familiarity with the shopping area did follow the GDO sequence where 53% did with a low familiarity. 
For shoppers that did not prepare online, 65% followed the GDO sequence when they had a low familiarity 
and 52% when they had a high familiarity. This also implies that there can be an interaction effect. 

All predictors did yield significant results except the interaction between familiarity and prepared online 
(p=.052). The overall model does perform significantly better than the null model and the Hosmer and 
Lemershow test did not yield significant p=.180. The model predicts 75.4% of the cases that followed the 
GDO sequence correctly and 40.7% of the cases that did not follow the GDO sequence correctly. Overall 
60.2% of the cases is predicted correctly. The Rho2 was computed with the Cox and Snell (0.074) and the 
Nagelkerke (0.099). The odds of shoppers following the GDO sequence is 1.561 times higher for shoppers 
who were shopping in the afternoon than for those who were shopping in the morning. This might be related 
to the people who are going out for a whole day and are less organized than those starting in the afternoon. 
For shoppers that prepared online, the odds of following the most optimal sequence was 0.449 times lower 
when they came by foot or bicycle. Moreover,  the odds were 0.556 times lower when they only had hedonic 
motives and 1.665 times when they were familiar with the shopping area. For shoppers that had not prepared 
online, the odds were effected by the inverse strength.



60 Analysis and Results

Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online 

Table 6-18. Total Distance Minimizing

Table 6-19. Prediction of Total Distance Minimizing

6.4.5 Total distance minimizing
Total distance minimized (TDM) is true when the path between the outlets is efficient and the sequence of 
the outlets is optimized. As the GDO, the TDM could be calculated as a ratio where the score can not exceed 
1. For this study it is chosen to follow the study of Borgers and Timmermans (2014), the TDM score is a 
dummy variable which is true when the path is efficient and the sequence is optimized with a margin of 0.05 
for both indices. Table 18 shows the usage of TDM heuristic for both sub-samples.

Prepared online
Total

Yes No

TDM
Yes 47 (48%) 51 (52%) 98
No 101 (46%) 120 (54%) 221

Total 148 171 319

Predicted TDM Percentage 

correctYes No
Observed Yes 65 33 66%

TDM No 127 202 62%

Overall percentage 63%

Deriving the Predicted TDM score from the predicted score of efficiency between outlets and GDO sequence 
resulted in a correct prediction of 61% of the cases (63% when using constants). Of the cases where the total 
distance was minimized, 66% are predicted correctly and 61% of the cases are predicted correct for the cases 
which did not follow the total distance minimized score. However, of all respondent 69.3% did not follow a 
total distance minimized route. Therefore, the overall model does not have a higher correct prediction rate 
but is more capable to predict if respondents follow a total distance minimized route.

6.4.6 Outlet ordering heuristics
Where the previous sections focused on comparing the sequence of outlet visits, this section will determine 
if the respondent used one of the two tested heuristics to order the sequence of the outlet visits. The usage of 
the two heuristics nearest distance optimisation (NDO) and furthest distance optimisation (FDO) is shown 
in table 6-20. Almost half of the respondents used an NDO heuristic minimizing the distance to the first 
outlet. One tenth of the respondents used a FDO heuristic, visiting the furthest store from their entry point. 
The last group used neither of those heuristics. A chi-square test between the groups prepared online and did 
not prepare online did not yield any 
significant differences. 

As the TDM score is the result of the GDO and Eb scores, it could be expected that the predictors of those 
make up the predictors of the TDM score. This study will not further examine the predictors of the TDM 
score, as it is the result of those indices. Using the logistic regression a prediction, of the TDM score was 
made as shown in table 6-19.

Prepared online
Total

Yes No
NDO 84 (44%) 94 (48%) 178
FDO 17 (9%) 19 (9%) 36

Neither 81 (46%) 86 (43%) 167
Overall percentage 182 199 381

Table 6-20. Store choice Heuristics
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In order to perform binary logistic regression, the heuristics are recoded into dummy variables NDO (yes/
no) and FDO (yes/no). Of 381 shoppers of which the heuristic could be determined, 178 (46.7%) did follow 
the use the nearest distance optimizing heuristic and 203 (53.3%) did not. The likelihood that shoppers use 
the nearest distance optimizing heuristic when ordering their outlet visits is expected to be related to personal 
and shopping trip characteristics. After analysing various interactions between prepared online and personal 
and other shopping trip characteristics, no interaction yielded significant at a removal criteria of p>0.10. 
This resulted in a single-predictor logistic regression model. A backwards method is used for predicting if 
pedestrians used a nearest distance optimizing heuristic, only the variable shopping alone yielded significant. 
Table 6-21 shows the results of the regression model. Shoppers shopping alone are more likely to follow the 
NDO heuristic than shoppers shopping in a group. The overall model is rather weak with a Nagelkerke R 
square of 0.041.

Table 6-21. Logistic Regression Analysis of 381 Shopper Following the NDO Heuristic.

Table 6-22. Logistic Regression Analysis of 381 Shopper Following the FDO Heuristic.

Predictors β x2  Wald’s  d.f.  Sig. eβ

Constant -0.313 0.116 7.231 1 0.007 0.731

Alone 0.893 0.263 11.506 1 0.001 2.441

Test 

Overall model evaluation
Score test 11.968 1 0.000
Wald test 10.768 1 0.000

Goodness-of-fit test

Hosmer & Lemeshow 11.986 1 0.001
Note. Cox and Snell R2 = .031. Nagelkerke R2 = .041. 

Out of the 381 shoppers only 36 (9.4%) used the furthest distance optimizing heuristic to order their outlets 
visited during their shopping trip and 345 (90.6%) did not. To find differences in the usage of this heuristic 
between the sub-samples and to predict if pedestrians used the furthest distance optimizing heuristic, a 
forward method is used and only yielded coming by foot or bicycle as significant predictor with a Nagelkerke 
R square of 0.021, indicating a weak strength of the model. The results are shown in table 6-22.

Predictors β x2  Wald’s  d.f.  Sig. eβ

Constant -0.922 0.663 1.932 1 0.164 0.398

Foot | Bicycle -0.767 0.396 4.089 1 0.043 0.464

Test 

Overall model evaluation
Score test 3.792 1 0.051
Wald test 2.821 1 0.120

Goodness-of-fit test

Hosmer & Lemeshow

Note. Cox and Snell R2 = .015. Nagelkerke R2 = .021. 
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6.5. Conclusions

This chapter analysed various indices and heuristics regarding the pedestrian behaviour of shoppers in the 
downtown shopping area of Eindhoven and compared them between two sub-samples. One sub-sample had 
prepared their shopping trip online and the other had not. No significant difference was found between the 
sub-samples. This is not remarkable, as the sub-samples vary on a number of personal and shopping trip 
characteristics. These differences are expected to create variance within the sub-samples. To incorporate 
these characteristics, the indices and heuristics were further analysed using regression analyses to examine 
the effect of preparing a shopping trip online on the pedestrian behaviour. The indices describe the shopping 
trip at a ‘global’ level, describing the trip as a whole. The following conclusions have been drawn based on 
the findings discussed in this chapter.

This study has analysed the distance walked after performing a square-root transformation by using linear 
regression analysis. The regression model is able to explains 19.5 per cent of the variance of the square-root 
of the length of path. The most remarkable effect found, was the interaction between coming to the shopping 
area by foot or bicycle and prepared online on the length of the path. Shoppers that came by foot or bicycle 
walked shorter routes when they had prepared online and walked longer routes when they had not prepared 
online. This difference can be explained by the motive of these shopping trips. Shoppers coming by foot or 
bicycle are expected to live relatively close to the shopping area. Those who prepared online might just come 
to the shopping area to buy what they had found online. Shoppers with utilitarian motives walked shorter 
routes when they prepared online, this effect was not found for shoppers that did not prepare online. Overall, 
the pedestrian behaviour of shoppers that prepared online seem to be stronger effected by their underlying 
motives. Convenience shoppers that prepared online walk shorter routes and shoppers that prepared online 
as part of a day trip walk longer routes. Other significant predictors for the length of the path were; shopping 
alone, came by public transport, familiarity, and time until closing.

In the literature direction choice is mainly analysed at a local level, examining how the environment 
influences the direction choice (Bitgood, 2006; Bitgood & Dukes, 2006; Borgers & Timmermans, 2005; 
Zacharias, 2006; Zhu & Timmermans, 2011). This study examines the straightness of the path, which can 
improve the understanding of direction choice at a global level. A regression model was able to only explain 
2.2 per cent of the variance. The main difference found was: shoppers that prepare online with at least one 
male in the group walk straighter routes with an expected mean absolute angle of 40.7 degrees, whereas 
other shoppers have a mean absolute angle of approximately 45 degrees.

The behaviour of visiting segments in both direction was analysed by calculating the retracement. 
Retracement was defined as the ratio of segment entered from the opposite node as well over the number 
of different segments entered. A high retracement can be explained by shoppers visiting one side of the 
shopping streets and walking back visiting the shops on the other side. An ordinal regression was able to 
explain only 2.5 per cent of the variance, however some interesting results were found. The main differences 
occurred at the outer values, full retracement and no retracement. Shoppers with only utilitarian motives and 
shoppers that prepared online retrace less segment and are therefore less likely to walk the same street back.
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The literature has shown a strong relation between the shopping motives and pedestrian behaviour during 
shopping trips. Hedonic shoppers would have a more exploratory character, where utilitarian shoppers 
have a more task-oriented character. The type of store visit was included using two categories, planned and 
unplanned. Shoppers that prepared online were expected to have a more task-orientated character as they 
perform more planned outlet visits and less unplanned visits. A task-oriented shopping trip is expected to 
be more structured and more likely to optimize the sequence of the outlet visits and the route in-between 
consecutive outlets. This is analysed by the following indices; efficiency of the route between the outlets 
visited and efficiency of the sequence of the outlets. Both indices were recoded into dummy variables and 
binary logistic regression. Around half of the respondent followed the most optimal route between the outlets 
and almost 60 per cent followed the optimal sequence. 

Shoppers that prepared online are 0.310 times less likely to optimize the route between the outlets visited 
when they come by foot or bicycle than other shoppers. This result is contrast with expectations, as these 
trips are more likely to be task-oriented. Furthermore, shoppers that started their shopping trip in the 
afternoon are 1.351 times more likely to follow the most optimal sequence when they had prepared their 
shopping trip online and 0.740 times less likely when they had not prepare their shopping online. This is 
in line with previous finding and can be explained by the drivers of preparation online. Prepared shopping 
trips starting in the morning are more likely to relate to a day trip as these trips are prepared online as an 
extension of the actual shopping trip. On the other hand, shopping trips that are prepared online and start in 
the afternoon or more likely to relate to task-oriented trips driven by convenience. Those task-oriented trips 
are the result of online behaviour or online preparation was used to improve the efficiency during the trip. 
Other significant predictors were familiarity and having females in the group. The strength of the model was 
limited with a Nagelkerke R2 of 0.086.

The analysis of the efficiency of the sequence yielded some remarkable results. The strength of the model 
was limited with a Nagelkerke R2 of 0.099. The effects were in line with results found for the efficiency 
of the path between the outlets. Three interaction effects were found, all including preparation online. The 
effects of the independent variables will be discussed for those who prepared online. As adverse effects 
were found for shoppers that did not prepare online, the strength of these variables for shoppers that did not 
prepare online was marked between brackets. Those arriving by foot or bicycle were 0.449 times less likely 
to optimize the sequence of the outlets visited (2.227). Moreover, those with only hedonic motives were 
0.556 times less likely to organize their sequence optimally (1.799) and the odds were 1.665 times higher 
for those with a high familiarity (0.601). Further analyses should determine the underlying reason why these 
results are in contrast with previous finding. A possible reason could be that the underlying process, where 
task-oriented shoppers visit a small number of planned outlets and create a path between them. Shoppers 
with an exploratory character might walk over a path visiting stores along the path. Another interaction effect 
was found between familiarity and prepared online as shoppers familiar with the shopping area were less 
likely to follow the most efficient sequence when they had prepared online. This effect was not the case for 
shoppers that did prepare online and this might be the result of shoppers that did not prepare online are less 
task-orientated and walk standard patterns out of habit.
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Overall, preparation online does seem to alter the pedestrian behaviour in various ways. Even though some 
models were not able to explain a substantial part of the variance, significant main and interaction effects 
were found regarding preparation online. Differences between the pedestrian flows of the sub-samples per 
shopping motives might be stronger, as interaction effects between shopping motives and preparation online 
were found. Moreover, comparing them per shopping motive would resolve the effect caused by difference 
in the representation of the shopping motives within the sub-samples. The efficiency of the path between the 
outlets visited and the efficiency of the sequence of the outlets visited yielded some unexpected results and 
it is expected that task-oriented shopping trips do not necessarily improve likelihood of following the most 
efficient path between the outlets, nor following the most optimal sequence.

Appendix L shows the pedestrian flows per shopping motive for both sub-samples. Stronger differences 
were found between the pedestrian flows of the sub-samples, however, the smaller sample sizes within the 
shopping motives need to be taken into account. For utilitarian shoppers, the difference of pedestrian flows 
over the Demer stands out. Respondents that did not prepare online visited this street more frequent than 
those who did prepare online. The south of the shopping area is also visited less frequently by utilitarian 
shoppers that prepared online; this might be the result of the shopper trips made by these shoppers. Streets 
such as the Nieuwe Emma passage are visited more frequently by utilitarian shoppers that prepared online. 
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7. Conclusions and Recommendations 

This research presented an overview of the effect of preparing a shopping trip online on the pedestrian 
behaviour in downtown shopping areas on a ‘global’ level. Therefore, indices were used to describe the path 
followed in the shopping area as a whole and choices at a ‘local’ level have not been researched in this study. 
The indices were calculated and analysed focussing on the effect of preparation online. This chapter will 
first discuss the conclusions of this research, answering the research question and the sub-questions defined 
during the introduction of this research. Thereafter, the managerial implications will be listed followed by the 
academic relevance. This chapter will close with addressing future research and implications.

7.1. Conclusions

This study aimed to answer the central question: “What is the effect of preparing a shopping trip online on 
pedestrian behaviour in downtown shopping areas?” For this study the pedestrian data of 427 shoppers was 
collected in the downtown shopping area of Eindhoven. Data was collected over a period of around three 
weeks, from the 1st of July until the 19th of July, 2015. A reconstruction of the shopping trip was made by 
means of questionnaires. Two sub-samples were created regarding preparation online, 205 respondents had 
prepared their shopping trip online and 222 had not. 

Pedestrian behaviour is the overall movement of pedestrians and various aspects can be studied. Some 
studies focus on the pedestrian movement, taking into consideration moving crowds and detailed movement 
(Bandini et al., 2006; Hoogendoorn et al. 2001; Zheng et al. 2009). Other studies focus on the effects of the 
built environment, focussing on for example, the direction choice decision at a ‘local’ level (Bitgood, 2006; 
Borgers & Timmermans, 2005; Zacharias, 2006; Zhu & Timmermans, 2011). Others examined pedestrian 
behaviour at a ‘global’ level, as this study does, by using indices to describe the shopping trip as a whole 
(Borgers & Timmermans, 2014). Variables regarding the built environment were not included into the 
analyses as they are the same for both sub-samples. Two types of indices were obtained from the literature to 
describe and compare pedestrian behaviour in a shopping setting (Borgers & Timmermans, 2014). Analysing 
these indices can improve the understanding of how pedestrian walk through a shopping area. These were 
tested, comparing the pedestrian behaviour in the shopping area of Eindhoven with the shopping area of 
Maastricht. The first type of indices are the trajectory indices: the length of path, mean absolute angle, corre-
lation between consecutive angles and segments entered. Length of path was measured as the length covered 
in the public area; no distance was assigned to the movement inside the stores. The mean absolute angle 
(MAA) of a respondent is used to describe the straightness of the path of a pedestrian. A low MAA indicates 
a straight path, which might suggest a more organised route than those with a high MAA. The correlation 
between consecutive angles indicates if there is a tendency to keep turning in the same direction or if such a 
tendency does not exist. The last of the trajectory indices are related to segments visited. The number of total 
segments entered can be counted as the number of full segments. Pedestrians tend to walk on one side of a 
street. The behaviour of shoppers visiting outlets on one side of the street and walk back visiting the outlets 
on the other side will be analysed using retracement. Retracement is expressed using a ratio of segments 
entered from the opposite direction as well as over the number of different segments entered.
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The second type of indices are related to visiting outlets. During a shopping trip, a number of stores will 
be visited and this number of store visits and the order of the store visits can be analysed. The type of 
outlet visit will be marked as a planned or unplanned visit. By analysing these visits, it is possible to gain a 
deeper insight into the activity behaviour of shoppers visiting a shopping area and thus the pedestrian flows 
(Dijkstra & Jessurun, 2013). The path between the store visits can be analysed comparing the path observed 
to the shortest path without changing the sequence of the outlets visited. The sequence of these outlets can be 
analysed for efficiency as well. The global distance optimizing (GDO) score was used to score the efficiency 
of the order of the sequence on a range from optimal to least optimal. The total distance minimizing is 
a combination of the GDO score and the efficiency of the path between the outlets. When they are both 
optimised the total distance is minimized. Where the efficiency between the outlets can improve the under-
standing of how pedestrians walk from one store to another, the efficiency of the sequence is important to 
gain insight into the activity scheduling during a shopping trip. Activity scheduling is an important element 
of many simulation models (Dijkstra et al., 2002; Haklay et al., 2001; Helbing et al., 2001; Hoogendoorn & 
Bovy, 2004).

There are different drivers to prepare a shopping trip online and various activities can be performed. The 
stages of the shopping journey (stimulation, search for information, purchase, delivery, and after sales 
service) can be used to determine the level of preparation online regarding a product (Solomon et al., 2002). 
The length of each stage depends on the level of involvement with the product. By already performing 
certain activities online the shopping list might be more fixed (Holmes, 2013; Lihra & Graf, 2007). This 
could result in less exploratory behaviour during the shopping trip. Predictors for the adoption of online 
shopping are: age, gender, education, employment, and living distance from a shopping area (Aldás-
Manzano et al., 2009; Bigne et al., 2005).

Personal and shopping trip characteristics are important to take into account when analysing pedestrian 
behaviour. Important personal characteristics to analyse and predict pedestrian behaviour are: age, gender, 
employment, familiarity, and frequency of visiting the shopping area (Borst, 2001; Dijkstra et al., 2009; 
Dijkstra et al., 2012; Farag et al., 2007; Haklay et al., 2001). The pedestrian behaviour during a shopping 
trip is also affected by a number of trip characteristics. These include group characteristics, shopping 
motives, transport mode, and time and day (Babin, 1994; Chebat et al., 2012; Dijkstra et al., 2012; Haklay 
et al.,2001) . The personal characteristics that are important when analysing pedestrian behaviour are also 
important predictors regarding the adoption of online shopping. Furthermore, distance from the shopping 
area influences familiarity with the shopping area, frequency of visiting the shopping area, and online search 
behaviour (Ailawadi et al., 2004). Therefore, differences between the sub-samples were expected and needed 
to be included in the analyses and interpretation of the results. Furthermore, preparation online was expected 
to change the shoppers who come to the shopping area, resulting in different trip characteristics such as 
shopping motives. 

The personal characteristics of the shoppers differ between the sub-samples. The group that prepared online 
contained more full-time employees and had a lower average age. Age characteristics mainly differed for 
the male sample, where shoppers between 18 and 35 years old prepared more frequently online than the 
other age groups. The group characteristics differed stronger between the sub-samples. The sub-sample that 
prepared online contains more shoppers shopping only with males, are less often shopping alone, and had 
more often only utilitarian motives. The transport mode foot or bicycle was used more often by those who 
prepared online.
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This research has calculated and compared various indices to determine if there are differences in pedestrian 
behaviour in downtown shopping areas between shoppers that prepared online and those who did not. When 
solely comparing the indices between the groups, no significant differences were found. However, by using 
regression analyses the effect of preparation online was further analysed finding various significant effects. 
The main findings will be briefly discussed.

Various studies have examined the go-home decision of a shopper (Borgers and Timmermans, 2005; Zhu 
and Timmermans, 2008; Zhu and Timmermans, 2010), examining when shoppers finish their shopping trip 
based on distance covered or time spent. This study has examined the length of a shopping trip based on the 
distance covered. Online preparation has a positive effect on the length of the path of a shopping trip when 
the shoppers have hedonic motives. Arriving by foot or bicycle has a positive effect on the length of the 
path when a shopping trip is not prepared online and a negative effect when the shopping trip is prepared 
online. Other significant predictors for the length of the path were; shopping alone, came by public transport, 
familiarity, and time until closing. The overall model was able to explain 19.5 per cent of the variance within 
the square root of the length of path.

The efficiency of the route between the outlets and the efficiency of the sequence did yield some contrasting 
results. For both indices an interaction effect was found between coming by foot or bicycle and preparation 
online. Where shoppers coming by foot or bicycle were less likely to follow the most efficient route between 
the outlets when they prepared online and for only the efficiency of the sequence more likely when they had 
not prepared online. Contrarily, shoppers who came by foot or bicycle were less likely to have organized the 
sequence optimally when they prepared online and more likely to have organized them optimally when they 
had not prepared online.

Overall, it seems that shoppers that prepared online with hedonic motives, prepared a shopping trip as part 
of a day trip. The preparation online is therefore an extension of their shopping trip and those shoppers 
still seem to have an exploratory character. These shoppers perform more planned outlet visits. However, 
their online preparation might have been focused on orienting where they can go. This is in contrast with 
utilitarian shoppers that prepare their shopping trip online as the latter seem to prepare their shopping trip 
online to create a more efficient shopping trip or just come to the shopping area to purchase what they found. 
This has resulted in longer routes for hedonic shoppers that prepared online and shorter routes for utilitarian 
shoppers that prepared online.

Farag et al. (2007) stated that e-commerce can also create shopping trips and found that shoppers that 
frequently search online visit a shopping area more frequently and perform shorter trip. At the moment 
shopping trips that are prepared online are slightly shorter than shopping trips that are not prepared online, 
however, this is mainly caused by the shopping motive of these trips. Currently, these trips are often utili-
tarian trips, this might change over time, as the adoption of online channels further increases. The current 
results show that utilitarian shopping trips become shorter, it is expected that online channels are used to 
improve the efficiency during this shopping trip or short trips to buy the product found online. Hedonic trips 
on the other hand seem to become longer when they are prepared online. In these cases e-commerce is used 
to extend the shopping experience and seem to maintain an exploratory character.
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7.2. Recommendations

As explained during the introduction of this research, pedestrian behaviour is of high importance to various 
stakeholders, such as policy makers, developers, investors, and retailers. This section will discuss the impli-
cation and recommendations of this research for these stakeholders. After the managerial implications, this 
section will focus on recommendations for academics within the field of pedestrian behaviour. 

7.2.1 Managerial implications
Policy makers should improve the attractiveness of the shopping area as a whole in order to attract more 
hedonic shoppers. This is shopping trips with only utilitarian motives are expected to become shorter as more 
utilitarian shoppers prepare their shopping trip online. The liveliness of shopping areas with many hedonic 
shoppers would increase as hedonic shoppers who prepared online show an increase in length of path of the 
shopping trip. 

For developers, only global recommendations can be given as no street attributes were used to predict pedes-
trian behaviour at a local level. However, this research has shown that as the online preparation increases 
the difference between utilitarian trips and hedonic trips. A healthy shopping area would need both hedonic 
and utilitarian shoppers and offer the ability. Therefore, shopping areas would need to facilitate utilitarian 
shoppers by improving the ability to shop efficiently, where offering an experience for hedonic trips. 

Looking at the pedestrian flows per shopping motive strong differences were found for the Main street 
(Demer). Utilitarian shoppers that prepares online visited this street less frequently, hedonic shoppers on 
the other hand visit this street more frequently. Managers need to understand how the pedestrian flows are 
shifting according to shopping motives and place outlets accordingly, as some outlets are more utilitarian 
focused and other more hedonic. Hedonic shoppers tend to travel further to the shopping area and these trips 
are more frequently prepared online as the distance to the shopping area increases. A good online platform 
might attract more hedonic shoppers and extend the catchment area of the shopping area.

Investors should examine closely to whether a shopping area attracts mainly hedonic or utilitarian shoppers. 
As some argue that utilitarian shoppers would order their products online, a sustainable amount did prepare 
online and came to the downtown shopping area to purchase the product(s). However, these trips were 
shorter than those with utilitarian motives that did not prepare online. 

The number of unplanned visits decreased strongly for shoppers that prepared online, where the number of 
planned visits is increasing. This difference should not be underestimated as shoppers that prepared online 
visit 40 per cent more planned outlets and 25 per cent less unplanned outlets. This difference is expected to 
be higher when focussing only on stores. Furthermore, it shows that streets around the shopping core of the 
downtown shopping area are visited more frequently by shoppers that prepared online. For retailers, a good 
online (marketing) strategy becomes more important, as more visits are planned and/or prepared online. 
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7.2.2 Academic relevance
Where some pedestrian models do not include a personal shopping agenda (Borgers & Timmermans, 2005), 
other include a shopping agenda in various ways (Dijkstra et al. 2002; Haklay et al. 2002). This study has 
shown that shoppers that prepare online have different pedestrian behaviour to some extend. The number of 
outlets visited did not differ much, however, the number of planned visits is higher for shoppers that prepared 
online. As more pedestrians will prepare online, the inclusion of shopping agendas into pedestrian models 
will become more important.

The relation between shopping motive and pedestrian behaviour has been examined in previous research. 
This research has shown the interaction effect between shopping motive and being prepared, a stronger effect 
of shopping motive was found for shoppers that prepared online and need to be included into pedestrian 
models. This study has also confirmed the importance of transport mode to predict pedestrian behaviour and 
showed the interaction of preparation online with transport mode. 

Models taking shopping lists into account should also take online preparation and planning of outlet visits 
into account. Preparation online increases the number of planned outlets. The shopping lists needs to be 
adapted for planned and unplanned trips as the ‘shopping list’ differs between these types of shopping trips 
and the preparation online differs between personal and shopping trip characteristics. The behavioural 
module that organize the outlets visited on a tactical level need to various factors, such as preparation online, 
transport mode, familiarity, and shopping motive. The choice heuristics to order the sequence seems to differ 
according to these variables. This resulted in differences in the efficiency of the sequence of the outlets, 
however, the heuristics used to order the shopping trip is still not clear. Some models set a way-point and 
determine the next way-point from there. This behaviour seems to relate more to hedonic shopping trips, 
where utilitarian shopping trips seem to be process the sequence differently. 

7.3. Future research and limitations

As pedestrian behaviour is a complex field, this research has some limitations and a substantial number of 
suggestions for future research. Overall, this study has focussed on comparing pedestrian behaviour at a 
‘global’ level. As a number of differences have been found between the groups, it would be interesting to 
determine if these difference are the result of preparing a shopping trip online or the result of differences 
within the group, for example the online shopping behaviour in general. Ideally, pedestrian data of multiple 
visits of the same pedestrian could be compared thereby having unprepared trip on one side and a prepared 
trip on the other. During this study, respondents were marked as prepared online when they prepared at least 
a part of their shopping trip online. Future research can include additional information about their preparation 
online such as how often they prepare their shopping trips online and also including a parameter which 
addresses how much they prepared online. Another improvement would be to look at differences at a ‘local’ 
level. This might improve the understanding behind the differences found.

This research has concluded that shoppers that prepared online do visit the same amount of stores on average 
during a shopping trip as shoppers that did not prepare online. The difference occurs in the type of visit as 
shoppers that prepare online have more planned store visits and less unplanned visits. Further research could 
investigate the behaviour of the pedestrians, where some pedestrians prepared online for a store without an 
online purchase option like at Primark, and others prepared online for a store where products can be bought 
online. Future research could also examine if there is a difference between preparing for a store without a 
purchase option online and preparation online for stores with a purchase option. 
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It might be interesting to only look at the planned store visits when calculating the Global distance 
minimizing score and the ratio of the length of the route in relation to the minimized length between the 
stores. This would result in a score related to what shoppers knew up front. Understanding how the planned 
outlets were organized would help simulation models to improve the ‘Chooser’ module (STREETS model) 
and further research could determine how the additional unplanned outlets could be included into the 
simulation process. Additionally, it might be the case that shoppers do not have specific shops which they 
want to visit, but that they have a street or an area they want to visit. This could gain further insight into the 
route choice behaviour of consumers. Subsequently, the routes can be examined individually to find out why 
pedestrians decide not to follow the shortest path. 

New technology can improve the quality and quantity of the data collection. Using Wi-Fi or Blue-tooth 
tracking to follow pedestrians through the shopping area can be used to create pedestrian flows and improves 
the reliability of the route created. To implement store visits, the same technique could be used by using 
hotspots in the outlets. This would enable researchers to investigate moving crowds and larger samples. 
Furthermore, it would improve the reliability of the reconstructed routes and outlet visits would always 
be ordered in the correctly. The level of detail could be improved by incorporating the time spent inside 
a store and rest decision could be modelled more precise. Wifi tracking is used in the Netherlands at the 
Central Station of Utrecht. The downside of this technique is that neither personal characteristics nor trip 
characteristics can be included. Privacy legislation in the Netherlands forbids Wi-Fi/ Blue-tooth tracking 
without using techniques to create anonymous data. Tracking using GPS is a second technique that can be 
used, possibly in combination with a survey. Asking respondent to install an application that would follow a 
shopper would make them cautious of their (pedestrian) behaviour, which might alter the behaviour. Other 
downsides of this technique are that it is expected that respondent are less willing to install something on 
their phone than to fill out a survey and the cost involved to develop an application to track consumers

A three-way interactions including independent variables; ‘came by foot or bicycle’, ‘shopping motive’ and 
‘preparation online’, could be us to research the effect of coming by foot or bicycle. However, Halford et 
al. (2005) suggest that a using four-way interaction is at the limit of an experienced researcher’s processing 
ability. Performing a three-way interaction might require a larger sample, therefore a different incorporation 
of the shopping motives might be more appropriate.

During the introduction of this research, the shopping phenomena omni-channel shopping was mentioned. 
This research has focused on the preparation of a shopping trip online and not on omni-channel shopping, 
due to the lower adoption of omni-channel shopping. No sustainable sample size could have been created 
that used omni-channel shopping during their shopping trip in the downtown shopping area of Eindhoven. 
Future research could examine the effect of omni-channel facilities on the pedestrian behaviour. Pedestrian 
data can be collected of shoppers in a shopping area with a strong adoption of omni-channel facilities or the 
adoption of omni-channel by shoppers need to further increase. The usage of ICT during the shopping trips 
used in this study was low, with an expected limited effect. The usage of ICT during a shopping trip might be 
higher for shopping trip in downtown shopping area of larger cities with a more complicated network.
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4. Met welk doel bent u naar 
het winkelcentrum gekomen?
o Doelgericht winkelen
o Winkelen voor plezier
o Beide
o Anders, namelijk______________

1. Hoe bent u naar het winkelcentrum gekomen?
o te voet markeer ‘V’  waar centrum is binnengekomen 
o per fiets,  markeer ‘F’ waar de fiets gestald is 
o per auto,  markeer ‘A’ waar de auto is geparkeerd
o per  trein  markeer ‘T’ voor het station
o per bus,  markeer ‘B’ voor de busstop 

2. Hoe laat bent u het centrum binnen 
gekomen? ____:____

5. Hoe vaak voert u de onder-
staande activiteiten uit online?

Op de hoogte blijven van nieuwe trends en producten
Opzoeken van producten en productinformatie
Vergelijken van producten
Vergelijken van prijzen tussen winkels
Aankopen van producten
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3. Welke winkels en andere locaties hebt u bezocht tijdens uw bezoek aan het centrum?
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Enqueteur: markeer voor iedere 
location die is bezocht het 
nummer op de kaart en vul de 
bestemming in de onderstaande 
tabel in. Markeer  de route die 
is afgelegd.

- Naam van de bestemming
- Type bestemming 
- Of de bestemming gepland was (markeer voor ja)
 - Indien niet vooraf gepland controleer voor de      
  oorzaak van het bezoek
- Bij winkels: item gekocht? Geplande aankoop? Online voorbereid?

Appendix A: Survey (Dutch)
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7. Welke winkels hebt u online voorbereid ten behoeve van deze winkeltrip?
 Geef verder aan welke informatie u per winkel heeft opgezocht.

Naam  van de winkel
Wat waren de concequenties van dit 
bezoek aan deze winkeltrip? Lo
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9. Welke verdere activiteiten heeft u online 
uitgevoerd ter voorbereiding van deze  
winkeltrip? (anders dan bij vraag 3 vermeld)

Activiteiten opgezocht
Parkeerlocaties opgezocht en evt. parkeerkosten
Winkelaanbod van de binnenstad doorgenomen
Anders, namelijk: ________________________

Kleding
Schoenen en lederwaren
Horloges, sierraden en optiek
Boeken
Media en entertainment
Telefonie en electronica
Speelgoed
Huishoudelijke artikelen
Huis en tuin
Sport, hobby en vrijetijd
Cosmetica en persoonlijke verzorging
Voeding en genotsmiddelen
Overig; __________________

       O  O  O  O  O  O  O 
       O  O  O  O  O  O  O
       O  O  O  O  O  O  O
       O  O  O  O  O  O  O
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8. Hoe vaak zoekt u naar de 
volgende productcategorieen 
online?
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6. Hebt u winkels niet bezocht tijdens deze winkeltrip die u oorspronkelijk wel had willen 
bezoeken?

Type

Naam W
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bezoeken van deze locatie. (al ergens anders 
geslaagd, geen tijd, uit de route) O
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o Nog nooit eerder geweest 
o Jaarlijks of minder
o Paar keer per jaar
o Maandelijks
o Paar keer per maand
o Wekelijks
o Paar keer per week

10. Hoe vaak komt u hier om te winkelen?
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19. Hebt u aanvullingen 
betreffende uw winkel bezoek? 

Ja
Nee

o  Student
o  Werkeloos
o  Werkzoekend (minder dan 1 jaar)
o  Werkend (part-time)32 of minder 
o  Werkend (full-time)
o  Gepensioneerd
o  Arbeidsongeschikt 
o  Anders; _____________________

13. Wat is uw hoogst afgeronde opleiding?
o Basisonderwijs
o VMBO
o HAVO/VWO
o MBO
o HBO
o Universiteit
o Anders; _____________________

14. Wat is uw huidige beroepsactiviteit? 

12. Wat is uw leeftijd? ______ jaar

Interviewer ID :
Respondent nr. :

Locatie van interview:
Tijdstip: ____:____
Datum: ___/juli/2015
Dag:
Weer: ________:_____

Groep samenstelling
Mannen
Vrouwen
Volwassenen
Volwassen kinderen
Kinderen

Intevullen door interviewer

o Thuis
o Werk / school
o Bij familie / vrienden 
o Anders; _____________________

16. Waar was u voorafgaand aan dit bezoek?

o Naar huis
o Naar werk
o Naar familie / vrienden
o Onbekend
o Anders; _____________________

17. Wat ben u van plan na dit bezoek?

18. Wat is uw postcode? _____   ___

11. Hebt u verder nog informatie opgezocht tijdens uw winkeltrip? Zo ja, welke?

Wat waren de concequenties van dit bezoek aan 
deze winkeltrip? Lo
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o  Geheel onbekend
o  Redelijk onbekend 
o  Niet bekend, maar ook niet onbekend
o  Redelijk bekend
o  Zéér bekend

15. Bekendheid met de binnenstad 
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Appendix B: Maps Used During the Survey (Dutch)
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1ste verdieping Piaza

1ste verdieping Heuvel2de verdieping Piaza

Begane grond Piaza
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Appendix C: Table of Stores per Shopping Street (Dutch)

Lardinoisstraat & Piaza 18 september plein west>>>oost
Boutique Roman American glamour nails Sissyboy Media markt 
Délicieux Mernaccessoires New Emma===
Habibi Beursgebouw Bakkertje Bol Zara
Get running Mc Donalds
Kinder outlet store Jolie spellen Demer=== Ingang Piaza
Moneygram L'amira C&A Beijenkorf
Express print Te huur Witteveen ===

Team kapsalon D‐reizen
Lederstudio van Doren MyGSM Scamm Etos
Bargello Primera Herm. Boexstr.= Cafe
Fashion & leather van Doren Te huur American Today VVV
Expo My lovely nails Primark ‐1/0/1/2
Vero moda Vestdijk ====
Piaza BG Albert Heijn
H&M We D'n Hertog
Esprit Zara 0 / ‐1 Fuso ===
 Piaza 1ste verdieping  Giornale Vrienden
H&M Yokohamapkux JC
Björn Borg Sopranos
Piaza 2de Verdieping
Perry Ling Ling
pippoos La Place

Heuvel  Heuvel

Aspact Holland Casino Meneer Frits
New Century +1 Residencia Muziek gebouw

Björn Borg Aspact Roma Steps
Valentino Foot Locker Van Dalen Sasha

Queen hotel (achter) Didi Heuvel passage
Gabor Miss Etam Lucardi Palorn o'pyret
Jack & Jones Paprika L'Escalier TasEindhoven
Pandora Leonidas Simon Levelt Strictly men
Sandwich La Place Colllage Strictly woman
Douglas Watch
Superstar Burmänn

Nita Gems (midden)
Lucardi Heuvel +1

Van Dalen L'escalier De Tweede Kamer Hout‐Brox
Naar markt Naar Vestdijk Gesloten Open 32
Steps Polarn O.Pyret Design@Work Gardens
Sacha Mc Gregor Barrows Big Bazar
Bijou Brigitte De Tuinen Amac Intertoys
Blue 32 Kens VaPiano 0 / 1 City dwellors
H&M Bastiaans
Gerry Weber Marc Cain
Supertrash Hunkermöller

Shoe line Make‐up Studio
Guess The body shop
Hugo Boss Elle

Costes

<<<t Eindje>>>

Dommelstraat

Markt

Catharinaplein

Markt noord

Vestdijk
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Demer & Rechtestraat Hermanus Boexstraat, Markt
Jan van liehoutstraat & smalle haven

Mac Donalds C&A
Etos Scamm Primark
Munnichs Always best choice
Granville Te huur Witteveen
De Tuinen Wam Denim Bart smit
Only Moda Paris Funny Fashion
Chasin Blokker Tenax
Amac Xtrastar KPN
Pro 040 Executie verkoop Boekenvoordeel Fix phone
Manfield Pieces Freerecordshop Waar Eindhoven
Invito Footlocker latino Pearl
Jeans centre Bakker Bart Kruidvat Specsavers
Expresso Samsung Te huur Contessa
T‐mobile Te huur Eyewish Belcompany
Bose Sasha Manatwork
Garcoa Dolcis Stufkens Zoet en Zout
Lola&Liza Accessorize Boulanger
Jamin Siebel
Douglas Schaap + Citroen Markt Nieuwstraat
The Sting KFC Bjorn Borg
Ici Paris XL cafe Store
WE Best business Cafe Queenshotel
Pull&Bear Cafe Crystal palace
Front Runner Eetcafé Publiek
Van Dalen Pijnenburg Cafetaria De Markt Holland casino
Vrijstraat Marktstraat Jan van Hooffstraat Ingang Heuvel
V&D Van Haren Karaca Meneer Frits

Tommy Hilfiger Tien tenen (kinder)
Snipes City

La place panini Van lier Hema (achter)
Vera Moda/ Jack&Jones Pro Indonesia O´sheans Irish Pub
Only Swarovski Bagels & Beans
Chacon Ecco Soho
JD H.E. By Mango Dik & Lang Va Piano
Peeters Donna Li Stacey's
Bershka Hi Luxury nails Hugo Boss
Kruidvat Coolcat Super cut Heerlijk Hollands
Nelson Rituals Street food Bloemkado Aurora

Jan van Hooffstraat Caterinaplein Ten Hagestraat
Claire's Vodafone Happy italy Dynamo
T‐mobile Aktiesport Poortje Alessi
Sasha Broodt
Sneakers Te huur Ming Mercado
Desigual Score
Hooghuisstraat Vestdijk
C. van de Kerkhof Hunkermöller
Te huur Anna van Toor Primark Albert Heijn
Violetta Claudia Sträter Fairplay Casino Fit all day
Mango Hema Nieuwstraat Dommelstraat
Xenos Jeans centre ING Movies
Cosmo Entertainment exchange Hotel ingang groene toren
Te huur Te huur ABN‐AMRO Iwok&go
Durlinger Emco Ter Tafel
Top schoenen outlet Dankers Ingang heuvel
Ziggo Go Britain
Jewelz Kidz 040
Jack & Jones Rambam
Kerkstraat Catharinaplein

18 septemberplein
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<<< 18 september plein >>>
<<< 18 september plein >>>
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Hooghuisstraat Vrijstraat& Marktstraat
Keizersgracht Emmasigel Keizersgracht Emma Singel

Randstad Hans anders Badtani Nachtegaal&schellekens
Te huur Ulla popken Eye optix Wibra
V. Harendonk Kijkshop Marilot Bredzz
Lumière Scapino +1 Lollypop Intersport
Bakkertje Bol The Society Shop Subway Gocco
For all 7 Mankind Te huur La Folie
Vielgut Liu Jo Resto ricus Hoogste tijd
Van os Jaguar Has gold‐7 Zeeman
Scotch&Soda Artishock FunFun Luz de la luna
Depeche Artu Nopoli De leermeester Purdey
Lou Lou Alberto Bellini shoes Nieuwe Emmasingel
Gesloten Kim&CO V&D zij‐ingang Brothers and Sisters
C. van de Kerkhof Desigual Flying tiger

Clarks
Henri

Bergstraat Cook & Co
Handyman

Oogwereld De lach Resto quick horeca
De stoute stoel De huisvester V&D Van Dalen Schoenen
De toverspiegel Beekmans

Stamdsbramderok Wijen Van Haren Pijnenburg
Recruit a student Adidas Service point
Marlou Hoefstraat KFC The athlete's shop
Smart Planet Markt G‐star Raw
Go‐hair Le ballon

Arena kapper The safe Shoe line
Slow living Carrousel
Timeles Mc Donalds
Bierbrigadier Siebel

Cannes trouwes B acadamy Markt Hermanus Boexstraat
Aspact Zoet en Zout
Falke Moneygram

Keizersgracht Keizersgracht Brabanti Mnana
Royal Fair Play Casino Gerry Weber Rijwielcentrale
Zwaan fotografie Lithos Yes Art‐Team salon Lente
De Burger Dragon Tattoo Gesloten News Café
Vintage La Gitanna Automatiek Marks Teppan‐Yaki

==== Oriental Parone
Cooks Tony's
Dr. Jink Bakgigant
HQ (gesloten) ING Fair play casino
Pit (gesloten)
Ons Eetcafé Movies Fit All Day
Smeagol
De kiost

kerk Jack & Jones
Catharinaplein Rechtestraat
Lounge +1 Rambam
Kaldi
Te huur Snackpoint
Happy Italy Street food

Smalle Haven Jan van Liehoutstraat
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Rechtestraat
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Emma singel & Keizersgracht Kleine Berg

Usine Sissy‐boy Leapp Piet van Kuyk
Rob Peetoom Coco Fleurop
Civo Design art Materials Admirant Boca Toon's 
Rabobank Kapper Bakkerij Hartogs
Anwb De Bergse Bakker Gallery Brochgreve
De witte dame Philips buseum Mangiare Seasoning #6
Fontys De Binenstad Second luxery De minibar
Tence uitzendbureau Timing persoonality Twinelbel
Clauseplein Amud drukwerk en des. CD teek
De Regent Sense Advocaten Umami Games Workshop
Willemstraat Boekenberg
Heel Holland Nagtegaal&Schellekens Wildenberg No 44
Kleine Berg Vrijstraat Gallery Rembrandt
Sakana Bastani Obooi candy Berlin
Goed werk Segafredo Bambooz
Oktober in huis Edelsmit Paul v. d. Hout Van Toen Aladin

Te huur Lucifer Javaans Eetcafé
Aline hairdesign Holland art gallery Fritz
Newfysic verzorging Mensroom You are here
Gladys Eppo Bommel
Start people Oogwereld Label

Mood TwoB Bergstraat Vanilia
Beterbaan Hooghuistraat De lach De Baron
Solutions Randstad Kreeftenbar Superdry stroe
Technicum Indonesisch restaurant Bagel & Juice Sonar
Meneer de Boer Hotel glow Smitje Le cozy
Pomm Manpower Kunstkoop Berlage
No 24 hair Bioscoop Zien 2Balou Jaspers
Studenten talent Te huur New Age Le Bonneaiseur
Gesloten Fair Play Spijkerman wiesen
Grote berg Kerkstraat Landschap Pourvous

Sakana Heel Holland
Nieuwe Emmasingel

Sissy‐Boy Bakkertje Bol Grote Berg
Ocho 
Bella (Gesloten) Leapp
Onigiri Livenzo loft
Brood2day Luba Motta
Te huur BlackToBlond

=== === Scissors & Nails Lay3rs
Mr Brown Bioscoop JT Cartridge Company Kralen atelier
Van Piére Prénetal baby Avondwinkel Sinte Kathrien kunst

Bruna te huur Moma (kapper)
Aluminium kunst Stichtingvredesburo Hoofdrol  (gesloten)
La ligna Perfect Lutters (gesloten)
Limited editions Pars Coulant (gesloten)
Gesloten First one done

De herenschoenen winkel Sting (achter) Yakitori & the sushis
Brasserie van den Berg Oktober in huis Taverna te huur

=== Gesloten Drinkers pub Ali Baba
Philips Museum Ziengs In de Bergsche Tuin Goldie Kapper

=== Panos Horeca Cannes Trouvés
Tamaris === B accademy

Lingerie Le Net The company Vascobelo
Eddy's Vitaminstore Arigato
Purdey Brother and Sisters De karseboom

Keizersgracht

Hoogstraat

Hoogstraat

Keizersgracht
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Appendix D: Review of the shopping area of Eindhoven

EINDHOVEN
Eindhoven’s retail market clearly had no reason to jump 
for joy. During the first six months of 2014 the city was 
unable to maintain the high take-up levels reported in 
previous years. Indeed lessees were sufficiently interested 
in A location stores in the downtown area, however they 
were reluctant to take up substantial retail space. But 
despite modest transaction volumes, business was not 
quite too bad after all at the Heuvel Eindhoven shopping 
centre, partly because fashion chain H&M had decided to 
take up more floor area, thus providing a solution for some 
of the vacant retail units in Eindhoven’s shopping centre. 
It is also interesting to know that the shopping centre will 
see some impressive changes in order to welcome more 
international chains in the future. In addition, during the 
first six months of 2014 lessees paid more attention to 
Hermanus Boexstraat, mainly due to the positive impact 
of Primark’s new establishment. In fact after welcoming 
this retail chain, the number of visitors rocketed not only 
on this street but across the city centre. When it comes to 
demand for stores, it turns out that both the city centre and 
the major shopping malls outside this area must settle for 
modest transaction volumes.

The fact that vacancy, e.g. due to limited transactions, 
reached 9.6% during the first half of 2014 was something 
of a let-down for the retail market. Although finding decent 
retail property on the city’s primary locations is not easy, 
considerably more options do exist in other inner city 
areas, including Vrijstraat and also in the final section of 
Rechtestraat. Also many stores are empty in Admirant 
Shopping Eindhoven. Also typical of the vacancy problem 
in Eindhoven’s inner city is shopping mall Piazza, which is 
located between Bijenkorf and Media Markt. After Toys XL, 
Men at Work and Mexx moved out, vacancy rates went up 
enormously. In fact, rates could have been much higher if 
Zara had decided not to take up 1500 square metres after 
all, thus doubling the amount of space it has been using so 
far. Last year shopping centre construction projects were 
limited to the expansion of the Haagdijk shopping centre. 
When it comes to large-scale edge-of-town retail trade, 
much reluctance is displayed in the city of Eindhoven. 
It means that Hornbach’s new outlet should move to the 
adjacent town of Best.

Due to rising vacancy levels and poor demand, rents inside 
but also outside Eindhoven’s city centre are seriously under 
pressure. 
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Appendix E: Activity Cross-table

Activity before coming to the city centre
Total

Home Work Family or 
friends

Vacation 
address Other

A
ct

iv
ity

 a
fte

r l
ea

vi
ng

 
th

e 
ci

ty
 c

en
tre

Home 312 31 6 2 5 356
Work 5 3 0 0 0 8
Family or friends 26 1 7 2 0 36
Vacation address 7 0 0 9 0 16
Shopping other area 5 0 1 0 0 6
Other 5 0 0 0 0 5
Total 360 35 14 13 5 427

Table E-1. Activity Cross-table
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Appendix F: Additional data of the shopping area

Day of the week Opening hours
Monday 13:00 - 18:00
Tuesday 9:30 - 18:00
Wednesday 9:30 - 18:00
Thursday 9:30 - 18:00
Friday 9:30 - 21:00
Saturday 9:30 - 17:00
Sunday 12:00 - 17:00
Note: a number of stores open on Monday 
at 11 am; Primark, Bijenkorf and Medi 
Mark have are often opened longer than 
these opening hours

Outlet type Number
Food, delicatessen, and stimulants 18
Personal hygiene 12
Warehouses 5
Clothing 137
Shoe 50
Jewellery, optics and hearing 25
Household 11
Home and decoration 18
Toys 2
Sports 10
Books and office supplies 10
Electronics 19
Media and entertainment 10
Food slow 75
Food fast 36
Bars 22
Other 86
Total Occupied 546

Capacity Charging period Daily tariff
Mathildelaan 1187 12 min €16,-
Heuvel 1106 12 min €14,-
Bijenkorf 512 24 min €14,-
Admirant 358 20 min €16,-
Stadhuisplein 300 24 min €14,-
Hooghuis 239 12 min €16,-
De Witte Dame 249 12 min €16,-

Table F-2. Opening Hours

Table F-3. Outlet Types in Network

Table F-1. Parking Facilities
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Appendix G: Analysis of Age Characteristics

Figure G-1. Scatter Plot of Age and Length of Route

Figure G-2. Scatter Plot of Age and SQRT of Mean Absolute Angle
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Appendix H: Network of Geographic Information System

Type of nodes
    Primary nodes
     Secondary nodes
     Oulets
     Entry/exit nodes

Type of links
     Primary links
       Square crossings 
       Elevation links
       Exit links
       Outlet links

Figure H-1. Network of Geographic Information System
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Appendix I: Node Data

Data Value Description

NodeID I4 Identifier for each node

Longitude I4 The X-coordinate of the node

Latitude I4 The Y-coordinate of the node

NodeLevel I4 Identifies the level (storey) of the node
NodeType I4 Identifies the node type (see appendix H)

OutletType I4 Identifies the outlet type in case of an outlet

OutletOpen I4 Identifies the day of the week the outlet is open

OutletM2 I4 Floorspace of the outlet expressed in square metres

OutletIndoor I4 Identifies if the outlet is located indoor

OutletLabel A32 Name of the outlet
Note: structure obtained from previous research (Borgers & Timmermans (2005)

Table I-1. Node Data
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Appendix J: Link Data

Data Value Description

LinkID I4 Identifier for each link

Length R8 Length in metres according to Transcad

Direction I2 Direction of the link (not relevant)

Linktype I4 Type of links (see appendix H)

LinkLength R8 Length of link defined by user

PedArea I4 Pedestrian area (yes/no)

MixedTraffic I4 Mixed traffic (yes/no)

Indoor I4 Link is indoor (yes/no)

ShoppingEnv I4 Shopping environment of link (see note)

LinkAttr05 Additional attributes

LinkAttr06 Additional attributes

LinkAttr07 Additional attributes

LinkAttr08 Additional attributes

LinkAttr09 Additional attributes

LinkAttr10 Additional attributes
LinkLabel A32 Additional name of link
Note: structure obtained from previous research (Borgers & Timmermans (2005), shopping environment of 
link is marked as: 0, less than 1/3 of the link can be considered a shopping street; 1, in between 1/3 and 2/3 can 
be considered a shopping street; 2, (almost) the entire link can be considered a shopping street.

Table J-1. Link Data
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Outlet vistis per 100 resp.
(prepared)
 
 50    37.5    25     12.5    0

Figure K-1. Visits per Outlet - Prepared Online

Appendix K: Visits per Outlet
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Outlet vistis per 100 resp.
(not prepared)
 
 50    37.5    25     12.5    0

Figure K-2. Visits per Outlet - Did not Prepare Online
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Figure L-1. Pedestrian Flow - Prepared Online (n=205)
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Figure L-2. Pedestrian Flow - Not Prepared Online (n=222)

42%

8%

9%

23%

9%

0

1
0.5

Pedestrian flow as ratio 

Share of respondents 
using this entry pointx%

N

E

S

W

50 100 200 2501500

Distance in metres



98 Appendices

Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online 

43%

9%

7%

18%

15%

0

1
0.5

Pedestrian flow as ratio 

Share of respondents 
using this entry pointx%

Figure L-3. Pedestrian Flow - Prepared Online (n=205) Maximum Count of 1 per Pedestrian
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Figure L-4. Pedestrian Flow - Not Prepared Online (n=222) Maximum Count of 1 per Pedestrian
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Figure L-5. Pedestrian Flow - Prepared Online from Station (n=89)

N

E

S

W

50 100 200 2501500

Distance in metres



101Appendices

Pedestrian Behaviour in Downtown Shopping Areas, the Effects of Preparing a Shopping Trip Online 

Figure L-6. Pedestrian Flow - Not Prepared Online from Station (n=93)
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Figure L-7. Pedestrian Flow - Prepared Online Utilitarian Motive (n=103)
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Figure L-8. Pedestrian Flow - Not Prepared Online Utilitarian Motive (n=76)
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Figure L-9. Pedestrian Flow - Prepared Online Hedonic Motive (n=43)
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Figure L-10. Pedestrian Flow - Not Prepared Online Hedonic Motive (n=95)
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Figure L-11. Pedestrian Flow - Prepared Online Both Motives (n=59)
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Figure L-12. Pedestrian Flow - Not Prepared Online Both Motives (n=51)
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