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Abstract
The rapid growth in online retail sales in New Zealand during the recent years has resulted
in a considerable change in consumers’ shopping patterns and goods’ last mile transport,
as an increasing number of small freight vehicles deliver goods bought online to online
shoppers, rather than consumers carrying goods home from a physical store. This has
potential to exacerbate the adverse effects of urban transport, such as traffic congestion, air
pollution and road accidents in residential areas. In addition, failed home deliveries (which
are increasing due to recipients often not being available at home to receive parcels)
increase the vehicle-kilometres travelled by consumers collecting parcels from courier
depots and/or delivery-vehicle travel to redeliver parcels that were not delivered
successfully. However, in European countries, delivery via collection-and-delivery points
(CDPs), where consumers collect parcels from local stores (e.g. dairies), has been successful
in decreasing delivery costs for couriers and increasing consumer satisfaction. Since a
substantial proportion of New Zealanders currently tend to get their online orders
delivered to their doorstep, CDPs might be a solution to the above-mentioned problems
for consumers, couriers and the urban transport system.
CDPs have only recently become available in New Zealand and this study is aimed at
investigating the acceptability and applicability of CDPs in Christchurch (New Zealand).
The necessary data for the study were obtained via focus groups, online surveys and
personal interviews.
Firstly, New Zealanders’ online shopping behaviour and willingness to use CDPs were
investigated via qualitative content analysis. Several factors, such as CDP density, parking
availability at CDPs, safe and secure places for CDPs, hours of operation of CDPs, and
proximity to consumer locations, were found likely to influence consumers’ willingness to
use CDPs. Secondly, the likely effect of online shopping on consumers’ shopping travel
and goods’ last mile travel were studied, via an ordinal logit model. No effect was found
on consumers’ shopping travel, but the goods last-mile travel was found likely to increase,
as frequent online shoppers prefer home delivery and redelivery of the failed parcels.
Thirdly, consumers’ choice of mode of receiving goods bought online, given the various
operational features of two modes (i.e. home delivery and collection from a CDP), was
analysed using stated preference data and mixed logit and latent class models. The
shipping cost and risk of theft associated with both modes were found to be major factors
influencing consumer choice behaviour. Other significant factors were shipment time,
travel distance to CDPs, home delivery hours and CDP collection hours. Finally, the
optimal number and locations for establishing CDPs in Christchurch were identified, using
location-allocation models. Consumers were found to prefer supermarkets and post shops
for use as CDPs. However, the location-allocation analyses revealed that dairies (i.e.
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convenience stores) are the most accessible potential CDP locations from consumers’
residences, which will encourage consumers to walk or cycle to CDPs to receive or return
their online orders.
The study outcomes are expected to help inform transport policies (e.g. strengthening
the transport infrastructure to promote active transport modes to collect parcels from
CDPs), and business policies (e.g. deciding the locations for establishing CDPs), to foster
sustainable growth of online shopping activities in urban areas. It should be noted,
however, that the e-commerce sector is evolving rapidly, hence it is difficult to upkeep with
the pace of developments taking place in this sector, and to incorporate all dimensions of
a problem in a single study. For example, this study investigated consumers’ choice of
using a CDP to receive/return items bought online but did not examine factors influencing
courier companies’ choice of establishing CDPs. Therefore, future research should be
undertaken to advance the understanding of the interaction between consumer online
shopping and personal and goods transport in urban areas.

Keywords
Online shopping, New Zealand, last-mile logistics, collection-and-delivery points, home
delivery, focus groups, content analysis, logit models, choice models, mixed logit models,
latent class models, geographical information system, location-allocation models.
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Chapter 1. Introduction

“The mind that opens to a new idea never returns to its original size”
-- Albert Einstein

1.1

Background

A considerable proportion of the global human population (i.e. 55% in 2018) has been
living in urban areas (United Nations, 2018), which occupy only 30% of the total land area
inhabited by humans and 3% of the total land area of the world (Schirber, 2005). Yet, more
people are moving to urban areas every year, mainly in their quest to achieve economic
growth, in terms of better employment, income, health, education, and social and
recreational opportunities. To meet their requirements for economic growth and wellbeing, they depend on urban passenger and freight transport infrastructures, which enable
the movement of people and goods (Maparu and Mazumder, 2017). The demand for
personal travel and goods transport has therefore been increasing. Consequently, adverse
traffic impacts, such as traffic congestion, accidents, high transport costs, air pollution, and
degraded social space, have become increasingly common for urban dwellers. For
example, in New Zealand, where 86% of the population resides in urban areas, about 20%
of the country’s total greenhouse gas emissions each year comes from the transport sector
(NZ Ministry of Transport, 2019). Besides, a huge portion (i.e. 90%) of those transport
emissions is caused by road transport, with 67% being contributed by light vehicles (i.e.
passenger cars and light commercial vehicles), which are concentrated mainly in urban
areas (NZ Ministry of Transport, 2018c). It is worth also noting that light passenger vehicles
and light commercial vehicles respectively constituted 73% and 20% of road travel in New
Zealand in 2018 (NZ Ministry of Transport, 2018a), which indicates the significance of both
passenger and goods transport in urban areas. Therefore, it is essential to maintain the
sustainability (i.e. economic viability, social equity, and environmental acceptability) of
both personal travel and goods’ transport while facilitating the economic growth in urban
areas (De Marco et al., 2014).
It is worth noting that research and policies regarding urban transport planning, up
until the past two decades, often neglected the goods’ transport component of urban
transport systems (Lindholm and Blinge, 2014; Muñuzuri et al., 2013). It is mainly in the
past two decades that the development and implementation of policies related to urban
freight transport have received increasing attention (Ballantyne et al., 2013; Taniguchi and
1

1. Introduction

Thompson, 2014). For example, a variety of policy measures, such as controlled access to
city centres for freight vehicles, low-emission zones, relocation of large freight terminals to
outer parts of the city, off-peak hour deliveries, and higher taxes for freight vehicles, have
been assessed and implemented in several parts of the world, to help make urban areas
sustainable and liveable, and to foster their economic development (Taniguchi et al., 2014).
Besides, with the recent advances in Information and Communication Technology
(ICT), e-commerce (also referred to as online shopping) has emerged as a new opportunity
as well as a challenge for urban transport systems. For instance, while the increasing
adoption of online shopping has the potential for decreasing people’s shopping travel, the
last-mile of goods transport (i.e. the final leg of the supply chain of a product) has
undergone a considerable transformation in recent years, as the consumer demand for
getting the items (bought online) delivered to home has increased manifold (New Zealand
Post, 2018). This, in turn, has become an economic opportunity for businesses (e.g. retailers
and freight carriers) involved in the e-commerce and freight logistics sectors. However, at
the same time, the freight delivery-vehicle usage in urban areas has also increased. For
instance, the volume of domestic parcels delivered by New Zealand Post was 6% higher in
2019 compared to 2018 (New Zealand Post, 2019a). This has adverse implications for the
urban setting, in terms of environmental costs. Note that there are also other components
of freight transport that contribute to the adverse traffic and environmental implications,
such as the long-haul transport of raw materials, and the transport of finished products
between manufacturing units and warehouses, but the goods’ last-mile transport is often
the most expensive (e.g. up to 75% of total transport cost), least efficient and most polluting
component of the goods’ supply chain (e.g. Gevaers et al., 2014; Guerrero and DíazRamírez, 2017; Onghena, 2008). This only aggravates the adverse traffic impacts of
increasing online shopping and sales worldwide. To this end, more recent research (e.g.
Beckers, 2019; Cárdenas, 2019; Fikar et al., 2018; Jaller et al., 2018; Rai, 2019) have sought
innovative methods (e.g. delivery via collection-and-delivery points, deliveries using cargo
bikes, delivery using electric vehicles, and crowd-sourced deliveries) for conducting the
last-mile deliveries, to help mitigate the issues facing urban freight transport systems and
urban areas at large.
This thesis is primarily focused on examining the acceptability and the applicability of
one of the recent methods (i.e. collection-and-delivery points) to facilitate the goods’ lastmile deliveries, from a consumer perspective, using Christchurch, New Zealand, as a case
study.

1.2

Research Context

With the advances in ICT, consumers’ accessibility to internet-based applications, such as
telecommuting, e-commerce, e-learning and information searching, has greatly improved.
For instance, 51% of the world population has access to the internet (International
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Telecommunication Union, 2018). This is apparently due to ICT allowing people to
participate in various activities without travelling.
Online shopping has grown rapidly, in terms of the number of online shoppers and
online retail sales worldwide. For example, the global ‘online retail sales’, as a proportion
of total retail spending, has been increasing and is estimated to surpass 16% by 2021,
compared to 7.4% in 2016 (eMarketer, 2017). In the case of New Zealand, online retail sales
constituted 8.9% of total retail sales in 2018, when online retail sales grew by 16% and total
retail sales grew by only 3% (New Zealand Post, 2019b). The worldwide growth in online
retail sales has resulted in an increase in the number of parcels that need to be delivered to
end-consumers and an increase in the number and use of freight vehicles for delivering
parcels in urban areas (Cherrett et al., 2017; Schewel and Schipper, 2012), with home
deliveries being the most common delivery method (Janjevic et al., 2019; Visser and
Hassall, 2006). Moreover, for several reasons (e.g. the contents of the parcel being fragile
or confidential or very expensive), a considerable number of parcels need an ‘attended’
delivery (i.e. requiring a signature upon delivery). Therefore, the instances of people
missing home deliveries have also increased (Song et al., 2009) because of recipients often
not being available to receive their parcels during the standard delivery hours (say 8.00 am
to 5.00 pm) (Xu et al., 2008; Song et al., 2009). For example, first-time failed deliveries in the
UK cost companies and consumers around £850 million in 2012 (Francke and Visser, 2015).
Note that despite courier companies’ use of technology to improve the communication
with recipients (e.g. allowing for parcels to be tracked or sending email updates about the
progress of a parcel), in various parts of the world, a considerable proportion (e.g. up to
60%) of home deliveries reportedly need more than one delivery attempt before being
delivered successfully (Rai et al., 2019). For example, over 10% of home deliveries by a
major courier company operating in New Zealand fail during the first attempt (Courier
Company 1, personal communication, March 2017)1. In such cases, courier companies
typically ask recipients to arrange to have their parcels redelivered at another time or to
collect them from the courier company’s depot, which results in lower consumer
satisfaction. This also means additional vehicle-kilometres-travelled (VKT) by courier
companies (to redeliver parcels) or consumers (to collect or return parcels) and greater
environmental emissions per parcel delivered, thereby worsening urban transport
problems (Belet et al. 2009) and the quality of the urban environment (Esser and Kurte,
2006; Edwards et al. 2009). In addition, due to consumers’ being able to return the
unwanted items easily without incurring any expenses, a substantial proportion of the
items bought online are returned to retailers. For instance, depending on the item type,
around 10% – 25% of the items ordered online in the UK are usually returned (Financial

A personal interview was conducted with a courier company (say, Courier Company 1), whose
name cannot be revealed due to the confidentiality agreement held between the researcher and the
company.
1
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Times, 2016), thereby creating additional costs for the retailers, such as goods’ last-mile
delivery costs and other associated costs (e.g. manpower costs). In New Zealand, although
data about the proportion of items being returned are not available, 52% of online shoppers
returned the item(s) bought online at least once in 2018 (New Zealand Post, 2019b).
Besides, the increasing demand of online shoppers for higher levels of service (e.g.
same-day/urgent delivery) has affected the operational efficiency of courier companies,
because delivery vehicles are often not utilised to the full capacity while serving such
demands (Arvidsson, 2013). This puts considerable pressure on the internet-based
retailers, who bear the costs of providing the service, making it challenging for them to
maintain their competitive edge in the market while being profitable. For example, eBay
launched its ‘same-day’ delivery service, namely “eBay Now”, at several places in the USA
in 2012 and had to shut it down in 2015 due to the service being unprofitable (O’Brien,
2015). Yet, ‘same-day delivery’ services are currently being offered, and they are usually
more expensive than standard deliveries for users and environmentally less sustainable,
as the opportunities for courier companies to achieve a better load consolidation and
optimization of delivery fleet’s capacity are undermined by such deliveries (Bates et al.,
2018). Therefore, a resource-efficient operation of last-mile deliveries is essential not only
to sustain any logistics venture but also to ensure the sustainability of the built
environment (Kin et al., 2017).
To mitigate the issue of failed home deliveries and to improve the efficiency of goods’
last-mile deliveries, several alternative delivery methods have been assessed, such as offhour deliveries, i.e. deliveries outside 8 am – 5 pm weekday period (e.g. Marcucci and
Gatta, 2017; Mommens et al., 2018); delivery by allowing the courier person to access the
recipients’ property, using ‘smart locks’ (e.g. Rai et al., 2019); delivery during predetermined time-windows (e.g. Boyer et al., 2009; Köhler et al., 2020); crowd-sourced
deliveries, i.e. deliveries done by ad hoc drivers as part of a non-dedicated freight trip (e.g.
Devari et al., 2017; Le and Ukkusuri, 2019; Punel and Stathopoulos, 2017a, 2017b); and
delivery using collection-and-delivery points (CDPs) (e.g. Oliveira et al., 2017; Yuen et al.,
2018).
Among the several alternatives, CDPs, which are defined as third-party locations that
provide consumers with an opportunity to collect (or return) parcels, using convenient
locations and at convenient times, are viewed as a more sustainable means of delivering
goods bought online in many European countries, such as Belgium, France, Germany, UK,
and the Netherlands (Cárdenas, 2019; Edwards et al., 2009; Morganti et al., 2014a). For
instance, in France, 20% of the parcels are delivered via CDPs (Morganti et al., 2014a).
Two types of CDPs have been used in practice, namely service points (i.e. local shops,
convenience stores, fuel stations, news agents, etc.) and locker points (i.e. communal locker
boxes located at places such as parking lots, bus terminals, etc.). Being manned, service
points offer more payment options and give recipients a feeling of security. On the other
hand, locker points are automatically operated using digital passwords and are more
flexible with respect to the hours of operation (Weltevreden, 2008; Zenezini et al., 2018).
4
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Both types of CDPs have flourished in the European market, where various companies
have successfully established nationwide CDP networks, e.g. Kiala, Point Relais, and DHL
Packstations (Morganti et al., 2014a).
There are several advantages of using CDPs to conduct the goods’ last-mile delivery.
For example, CDPs can reduce the VKT by courier companies, as the number of delivery
locations and redelivery attempts will be reduced, because courier vans no longer need to
travel to each consumer’s home and can deliver parcels to fewer CDP locations (Folkert
and Eichhorn, 2007), as shown in Figure 1.1. Besides, if CDPs are placed along major roads
and near public transport terminals, they can provide consumers with the opportunity to
collect their parcels (or deliver the goods to be ‘returned’) during their daily commute,
which reduces consumers’ VKT, as people would no longer need to make a separate trip
to the courier company’s depot (Brummelman et al. 2003). Furthermore, when a CDP is
located near a consumer’s home or workplace, car trips can be substituted by trips using
non-motorised modes (McLeod et al. 2006). At the same time, CDPs might also reduce the
risk of theft of parcels, which otherwise would have been theft-prone due to often being
left unattended at consumers’ doorsteps (McKinnon and Tallam, 2003).

Goods’ last-mile travel via home delivery

Courier companies’
travel for successful
deliveries

Goods’ last-mile travel via CDPs

Courier
companies’
travel
due
to
unsuccessful deliveries

Consumers’ travel to
collect their parcels from
CDPs

Consumers’ travel for
returning unwanted
goods

Figure 1.1 Traditional and novel last-mile delivery patterns (source: the researcher’s own
creation)

5

1. Introduction

1.3

Research Gaps, Research Objectives and Research Questions

The key gaps identified based on a review of earlier studies (which will be discussed in
detail in Chapter 2), the research questions that the researcher intends to answer by means
of this study, and the research objectives that will help the researcher answer the research
questions, are briefly described below.
Although CDPs are being increasingly used in many European countries, the concept
of CDPs has only recently been introduced in New Zealand (i.e. locker points in 2012, and
service points in 2016), with New Zealand Post establishing CDPs, mostly in the form of
service points, in three of New Zealand’s biggest cities, i.e. Auckland, Wellington, and
Christchurch. Some other major courier companies in New Zealand are also trialling CDPs,
with a small number of CDPs being installed initially on an ‘ad hoc’ basis (i.e. not based on
a survey of potential users). Hence, the response to the trials might not accurately reflect
the true demand for CDPs, as the operational features of CDPs (e.g. the type of a CDP,
operating hours, and the CDP subscription fee) might not be relevant to or well aligned
with the expectations of potential users. Therefore, to identify the factors likely to govern
consumers’ choice of using a CDP, it is essential to first conduct a qualitative study to
understand consumers’ perceptions and expectations of CDPs. Besides, knowledge of
consumers’ online shopping behaviour, in terms of ‘what encourages them to buy online?’
and ‘what discourages them from buying online?’, is needed to help understand the
possible reasons for their perceptions regarding CDPs.
Research Question 1: What are the advantages and disadvantages of online shopping for
consumers, and what are consumers’ perceptions and expectations of using CDPs to
receive/return goods bought online?
Given that little is known about consumers’ perception of CDPs in New Zealand, a
qualitative method, such as focus groups coupled with content analysis, was deemed to be
appropriate, as this method facilitates the elicitation of consumers’ rationale for their online
shopping behaviour, in general, and the choice of using a CDP, in particular. There have
been a few marketing-oriented studies (i.e. Alsuwat, 2013; Brown et al., 2003; Doolin et al.,
2005; Shergill and Chen, 2005; Zhao and Gutiérrez, 2004) that were aimed at identifying
the online shopping behaviour of New Zealanders. These studies explored consumers’
perceptions of online shopping, which have been described in terms of motivators
(advantages) of and inhibitors (barriers/disadvantages) to online shopping. However, to
the best of the researcher’s knowledge, no study investigated consumers’ willingness to
use CDPs in the NZ context, where CDPs are just being introduced. To this end, the first
objective of this thesis is as follows:
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Research Objective 1: To examine the online shopping behaviour of consumers, with a
strong focus on exploring their views about using CDPs, to receive/return goods bought
online.
Online shopping overcomes spatial and temporal constraints, by allowing consumers to
purchase goods and services at any time, without having to travel to physical stores
(Mokhtarian, 1990). Also, online shopping could be used both as a substitute (i.e. to replace
the in-store shopping) and as a complementary option (i.e. in addition to the in-store
shopping) (Shi et al., 2019). For instance, consumers might visit the physical stores to
examine and/or compare the products before buying them online, or to pick the products
up after buying them online, thereby undermining the possible reduction in shopping trips
that might be achieved by shopping online (Mokhtarian, 2009). Besides, as discussed in the
previous section, online shopping generates freight vehicle trips, as the items sold online
are often required to be delivered to the consumers’ doorsteps (Visser and Nemoto, 2003).
Therefore, online shopping is likely to have implications for both personal shopping travel
and goods’ last-mile travel, each of which typically constitutes a substantial portion of total
urban travel. For example, in New Zealand, shopping trips constituted 22% of all the trips
undertaken by households, and 61% of those trips were done by car (O’Fallon and Sullivan,
2009).
It should also be noted that the per capita vehicle ownership in New Zealand is very
high (about 0.77) (NZ Ministry of Transport, 2016), and so is the reliance on cars for travel
(NZ Ministry of Transport, 2015b). For instance, in 2010, trips by car (as a driver or
passenger) accounted for 64% of all the trips made and 78% of the total distance travelled
in New Zealand (Milne et al., 2011). It is a major cause of rapidly growing traffic congestion
and transport emissions. Therefore, an assessment of the impacts of growing online
shopping on the travel pattern of people, as well as on goods’ movement, is essential to
help forecast passenger and freight travel demand, and to help frame appropriate transport
policies. For example, it can help to revisit regulations related to freight vehicle usage in
residential areas to mitigate the increasingly high emission of greenhouse gases due to
diesel (or petrol) powered delivery vehicles that are typically used for delivering parcels
to consumers.
Research Question 2: What is the likely effect of online shopping on consumer shopping
travel (i.e. consumers’ in-store shopping travel and travel to collect parcels from CDPs)
and delivery-vehicle travel?
Several studies (e.g. Farag et al., 2006; Ferrell, 2004; Lenz, 2003; Sim and Koi, 2002; Xi et al.,
2018; Zhang et al., 2007; Zhou and Wang, 2014) have explored the interaction between
online shopping and consumer shopping travel. However, the nature of the nett effect on
travel, in terms of shopping-related travel demand due to online shopping, is not clear,
and a wide variety of observations have been reported. For example, Shi et al. (2019) found
7
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that online shopping reduced shopping travel, while Lee et al. (2017) and Rotem-Mindali
(2010) observed an increase in shopping travel. Note that the differences reported in
previous studies regarding the interaction between traditional in-store shopping and
online shopping can be attributed to several reasons, such as differences in the
geographical and cultural contexts and differences in sample size and composition.
It is worth noting that the previous empirical studies examined the effect of online
shopping on the travel required only to do in-store shopping, but not the effects on travel
required to collect parcels from pick-up locations (e.g. CDPs) and on delivery-vehicles’
transport. Therefore, there is a need to understand the correlation of consumer attitudes
towards missing ‘attended’ deliveries and using CDPs to receive their parcels, with their
online and in-store shopping frequencies, to estimate the likely impacts on consumer
shopping travel and delivery vehicles’ movement. This will help in identifying the
characteristics of online shoppers, with respect to missing ‘attended’ deliveries and
attitude towards collecting parcels from CDPs, which, in turn, will help in estimating the
likely effect of consumers’ collecting parcels from CDPs, and delivery vehicle travel, on the
nett travel demand. Therefore, this study considered consumer attitudes towards missing
attended deliveries and using CDPs, as explanatory variables for modelling consumers’
online shopping frequency (described in Chapter 6).
Also, previous studies adopted a variety of statistical methods, such as inferential
statistics (e.g. chi-square tests), logistic regression, linear regression, discrete choice
models, and structural equation modelling. This study will adopt inferential statistics and
the ordinal logit model (i.e. logistic regression), but will differ from the others, as it
examines the effects on in-store shopping travel, on travel to collect parcels from CDPs,
and delivery-vehicle travel. To this end, the second objective of this study is as follows:
Research Objective 2: To examine the effects of online shopping on several components
of consumer shopping travel and goods’ last-mile travel, such as consumers’ in-store
shopping travel, travel to collect parcels from CDPs, and delivery-vehicle travel.
While the qualitative method (i.e. focus groups coupled with content analysis) can help
identify a range of causal factors underlying the consumers’ choice of using a CDP, it
cannot provide for the generalisation of those behaviours to the population. Furthermore,
it cannot quantify the relative importance (or weight) that consumers assign to factors
playing a role in their decision making, which weights are required to frame business
and/or transport policies (e.g. the travel distance from consumers’ residence to a CDP
should be less than 2 km) aimed at improving the efficiency of operations of last-mile
delivery alternatives and the urban transport system. To this end, a quantitative approach
to modelling consumers’ choice of using a CDP is necessary to identify the factors
governing consumers’ use of CDPs, such that the results can be generalised, and to derive
the estimates of relative weights for factors governing consumers’ choice behaviour.
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Research Question 3: What are the factors governing consumers’ choice of using a CDP,
to receive (or return) the goods bought online; and what is the relative
importance/weight of those factors in their choice decision?
Given that delivery using CDPs is a relatively new method of sending and receiving goods
bought online, the discrete choice modelling approach, which allows for the estimation of
choice models for a new alternative, is an appropriate method for studying consumers’
choice of using a CDP (Louviere and Timmermans, 1990). The discrete choice modelling
technique has been widely used for studying consumers’ choice of transport modes (e.g.
Abdel-Aty et al., 1997; Hensher and Bradley, 1993; Hensher and Rose, 2007; Axhausen and
Polak, 1991). Also, there are several studies that have modelled the choice behaviour of
various stakeholders regarding supply-chain systems. For example, Arencibia et al. (2015);
Feo et al. (2011); Kim (2014); Kim et al. (2017); and Witlox and Vandaele (2005) modelled
shippers’ choice of mode of freight transport. Similarly, Bergantino et al. (2013) and
Danielis et al. (2005) modelled carriers’ choice of mode of freight transport. However,
consumers’ choice of mode of receiving goods bought online (e.g. collection from a CDP)
has received a little (if any) attention. Therefore, the third objective of this thesis is as
follows:
Research Objective 3: To model consumers’ choice of mode of receiving goods bought
online (e.g. collection from a CDP), through the discrete choice modelling approach,
based on stated preference data.
Setting up any logistics facility (e.g. a CDP), regardless of whether it is being set up at a
facility to be built or at an existing facility, involves using resources. Thus, the selected
facility locations can increase or decrease the fixed cost (e.g. a flat monthly fee to be paid
to the host business for using their facility) and variable costs (e.g. vehicle operation costs)
and improve or impair the performance, in terms of customer satisfaction with the facilities
(Ahmadi-Javid et al., 2017; Lin et al., 2019). Given that the implementation of CDPs in
different cities of New Zealand is currently in the initial stage, it is timely to guide the
selection of locations for establishing CDPs, because locations selected on an ad-hoc basis
(which is currently being done by courier companies setting up CDPs in New Zealand)
may result in an uneven distribution of facilities with respect to the demand for services in
various parts of a city. For instance, a courier company trialling locker points on an ad-hoc
basis in Christchurch has been struggling to get people to use this service. The company
has, therefore, been considering changing the location of the existing locker point and has
also been planning to increase the number of such points (Courier Company 2, personal
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communication, February 2017)2. It should be noted, however, that the low adoption of
locker points could also be due to the fact that it involves the use of a ‘new’ technology
which had existed for only a short period of time, and consumers were still a bit reluctant
to accept it.
One of the important measures of the effectiveness of any facility system (e.g. a CDP
network) is the proportion of the target population that can be served by facilities situated
at the chosen locations. This proportion is a function of the impedance (e.g. distance and/or
time) between facilities and population centres, because the smaller the distance and/or
time, the greater is people’s accessibility to facilities (Church and ReVelle, 1976; Eiselt and
Marianov, 2011; Van Duin et al., 2019). In fact, shorter distances between CDPs and
consumer locations are likely to bring environmental benefits, as it may encourage
consumers to collect their items from CDPs on foot or cycle (or car, if visiting a CDP as part
of their daily commute to/from work), thereby reducing the vehicle kilometres travelled
(VKT) and greenhouse gas emissions. Therefore, CDPs, if located inadequately or at
locations that are not easily accessible for consumers, may not attract the desired consumer
patronage. Besides, there are facility-specific factors (e.g. the capacity of potential facilities
and the cost of establishing facilities) and location-specific factors (e.g. the population
density around CDP locations and the shopping potential near CDP locations) that
influence the selection of locations for siting facilities (Morganti et al., 2014a; Owen and
Daskin, 1998; Tong et al., 2012).
Thus, careful consideration of the above factors is of paramount importance when
selecting the locations for CDPs, because determining the optimal number and locations
for new facilities plays a decisive role in the success of facilities (Eiselt and Marianov, 2011;
Tong et al., 2012). Optimal number refers to the number of CDPs required to serve the
maximum demand (i.e. consumers) located within a specified distance from any candidate
CDP, such that the total demand-weighted distance (i.e. the total distance consumers will
have to travel to CDPs) is minimised and any increase in the number of CDPs beyond the
optimal number does not increase the demand coverage (Hakimi, 1964; Khumawala, 1973).
However, it should be noted that some or all the locations that form part of an optimal
solution now, may not remain optimal after a few years, due to possible changes in the
land-use and population distribution pattern in the city. Given that receiving parcels via a
CDP is a new concept for New Zealanders, and that service point CDPs can be established
using the existing facilities (e.g. dairies and supermarkets) without having to build new
infrastructure, it seems reasonable that CDPs be located first at existing service points (e.g.
diaries, etc.).

A personal interview was conducted with another courier company (say, Courier Company 2)
whose name cannot be revealed due to the confidentiality agreement held between the researcher
and the company.
2
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Research Question 4: What are the optimal number and locations for establishing
service point CDPs in Christchurch?
Location-allocation (LA) modelling is a tool that has long been used for solving facility
location problems (FLPs) by finding the optimal number and locations of facilities. The LA
model locates a set of sites to be used as facilities and simultaneously allocates the spatially
distributed demands to these facilities based on the optimization of one or more attributes,
such as distance, time, and cost (Rahman and Smith, 2000). There have been several FLP
studies (e.g. Zhang et al., 2017a; Xifeng et al., 2013) done in the recent years; however, they
were focussed on identifying locations mainly for establishing urban consolidation centres
(UCCs). Note that although CDPs are also a form of UCC (in terms of the function to store
and consolidate parcels near the consumption areas), the way last-mile deliveries take
place via CDPs is different than the way they are done via UCCs (Heeswijk et al., 2019).
Unlike UCCs, where parcels are delivered to consumers by a service provider, CDPs
require parcels to be picked up by consumers, thereby requiring consumers to travel to
CDPs. Therefore, the identification of locations for establishing facilities that require
consumers to visit them, should be based on the minimisation of consumers’ distances or
costs of travelling to and from those facilities. Currently, there are few studies (e.g. Wu et
al., 2015; Veenstra et al., 2018; Alvarado and Liu, 2019) that have determined locations for
establishing CDPs, but the majority of them have adopted a service provider–centric
approach (i.e. minimizing delivery service provider’s travel distance). For this study, it was
decided to investigate establishing CDP locations from the point of view of consumers,
who need to collect parcels from (or deliver parcels to) CDPs (i.e. taking a consumer-centric
approach). The fourth objective of this thesis is, therefore, as follows:
Research Objective 4: To identify an optimal configuration of locations for establishing
service point CDPs, using a consumer-centric approach, such that consumers are
encouraged to collect/return their parcels through CDPs via non-motorised transport
modes.
The objectives to be achieved to answer the above-mentioned research questions are
summarised in Table 1.1. The sub-objectives, set to help achieve the primary objectives, are
also summarised in the table but will be discussed in detail later in the thesis.
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Table 1.1 Research objectives and sub-objectives
No.

Research objectives

Sub-objectives

Chapter

To examine the online
shopping

behaviour

of

consumers, with a strong
1.

focus on exploring their

• To conduct focus group discussions with
consumers to gather the necessary data.
• To analyse the focus group data, using a

views about using CDPs,

qualitative

to

qualitative content analysis.

receive/return

goods

analysis

method,

such

Chapter 5

as

bought online.
To examine the effects of
online shopping on several
components of consumer
shopping
2.

goods’

travel

last-mile

and
travel,

such as consumers’ instore

shopping

travel,

travel to collect parcels
from CDPs, and deliveryvehicle travel.

• To examine the correlation of consumers’
socio-demographic,

travel,

and

online

shopping characteristics with consumers’
frequency of online shopping.
• To estimate an ordinal logit model, with the

Chapter 6

‘frequency of online shopping’ considered as
the response variable, and all the other
characteristics considered as explanatory
variables.
• To estimate multinomial logit, mixed logit,

consumers’

and latent class logit models, with ‘the mode

choice of mode of receiving

of receiving goods bought online’ considered

goods bought online (e.g.

as the response variable, and all the other

collection from a CDP),

characteristics considered as explanatory

through the discrete choice

variables.

To

3.

model

modelling approach, based
on stated preference data.

Chapter 7

• To estimate the willingness to pay values,
marginal effects and elasticity values for the
considered attributes of choice alternatives.

To identify an optimal
configuration of locations
for

establishing

point

CDPs,

service

using

a

consumer-centric
4.

approach,

such

that

consumers are encouraged
to

collect

their

parcels

through CDPs via nonmotorised
modes.

12

transport

• To obtain consumers’ maximum tolerable
walking and cycling distances to CDPs, to
collect or return parcels.
• To

obtain

consumers’

preferences

for

different types of locations (e.g. dairies,
supermarkets, petrol stations) to be used as
CDPs.
• To identify the optimal number and locations
for establishing CDPs, using the set-covering
and modified p-median problem approaches.

Chapter 8
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1.4

Intended Contributions of this Research

This research intends to make several contributions, some of which are theoretical, and
some are practical contributions, as discussed below.
Theoretical contributions
•

This research intends to add to the current international knowledge about innovations
in goods’ last-mile logistics, as future studies aiming at assessing new methods for
conducting last-mile deliveries can benefit from the methodology adopted in this
research.

•

The research is expected to contribute to the New Zealand specific literature on goods
transport in urban areas, with a strong focus on goods’ last-mile logistics, as no other
study has been done considering the relation between online shopping and goods’ lastmile logistics for the New Zealand context.

•

The research intends to provide a method that can help predict consumers’ shopping
behaviour, such as online shopping frequency, in-store shopping frequency, choice of
mode of receiving goods bought online, etc.

Practical contributions
•

The study outcomes are expected to help inform decisions made by internet-based
retailers (e.g. regulating the level of service provided to consumers), in-store retailers
(e.g. preparing to compete with their internet-based counterparts), logistics service
providers (e.g. strategising the delivery fee to be charged to consumers), and public
authorities (e.g. planning for the city’s land-use and transport infrastructure).

1.5

Scope and Limitations of this Research

Christchurch, the largest city in the South Island and the third-largest in New Zealand, is
spread over an area of 603 km2 and is inhabited by 341,000 people (Statistics New Zealand,
2013), and has been used as a case study for this research.
Some of the limitations of this research are as follows:
•

The study considered the consumer behaviour in regard to online shopping of only
small-sized or medium-sized items that can be accommodated in CDPs. Also, the items
that can be delivered via the internet (e.g. travel tickets) were not considered in the
study.

13

1. Introduction

•

To be eligible to participate in the survey, respondents must have had bought online in
12 months prior to completing the survey and had to be at least 18 years of age and
residing in Christchurch. Thus, the results of the study will not indicate how other
consumers might behave. However, it should be noted that in 2016, over 67% of New
Zealanders had done online shopping at least once, and the percentage of online
shoppers is expected to reach 83% by 2026 (Boyte, 2018).

•

The mesh block population data used in the location-allocation analysis were based on
Census 2013.

•

The census data used in the thesis were originally collected during the 2013 census. The
2018 census data were released after the research was nearly completed.

•

The road network data used in the location-allocation analysis had a few minor links
missing, as it was based on the Christchurch Transport Model that was developed in
2013.

•

The location-allocation analysis has been conducted only for service point CDPs, as
they are likely to be less expensive than locker point CDPs, given that existing
shops/businesses can be contracted to provide the service, and because they are
manned and hence need less use of technology, especially by consumers who are
technologically less literate.

1.6

The Organisation of the Thesis

Chapter 1 provides the background to the development of information and communication
technology (ICT), and the travel implications of the various applications of ICT (e.g. online
shopping). Chapter 2 comprises a review of previous studies that focussed on areas, such
as consumers’ online shopping behaviour, the implications of online shopping on personal
travel and goods’ transport, consumers’ choice of using a CDP, and facility location
problems for identifying the optimal number and locations for establishing CDPs. Chapter
3 explains the various methods of data collection and analysis. Chapter 4 describes the data
collection done in this study. Chapter 5 presents the results of the qualitative study done
to investigate the factors likely to govern consumers’ online shopping behaviour and
consumers’ willingness to use CDPs. Based on the results of this qualitative study, an
article has been published in the Case Studies on Transport Policy journal. Chapter 6 presents
the results of the quantitative analysis done to investigate the effect of online shopping on
personal travel and goods’ last-mile travel, using the ordinal logit modelling approach. The
analysis shown in this chapter has been published in the conference proceedings of an
international conference, namely the Australasian Transport Research Forum 2019.
Chapter 7 presents the results of the choice modelling exercise aimed at studying
consumers’ choice of mode of receiving goods bought online (e.g. home delivery and
collection from a CDP), using advanced discrete choice models. The results of this analysis
have not been submitted to any journal yet. The penultimate chapter of this thesis describes
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the results of the location-allocation modelling exercise that was aimed at identifying the
optimal number and locations for establishing CDPs. The analysis shown in this chapter
has been published in two different parts, one part in the journal Sustainability, and the
other part in Transportation Research Procedia, as proceedings of the International
Conference on City Logistics 2019. Finally, Chapter 9 presents the summary of the research
findings, provides recommendations for various stakeholders, acknowledges the
limitations of the study, and suggests directions for future research in this area.
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Chapter 2. Review of Literature

“Research is to see what everybody else has seen, and to think what nobody else has
thought”
-- Albert Szent-Gyorgyi

2.1

Electronic-commerce (e-commerce) and Online Shopping

E-commerce refers to the marketing, distribution, and sale and purchase of products and
services done exclusively through electronic channels, such as the internet (Radin et al.,
2012). There are three categories of e-commerce, namely business-to-business (B2B),
business-to-consumer (B2C) and consumer-to-consumer (C2C) e-commerce. Among the
three categories of e-commerce, the most well-known form is B2C e-commerce. In B2C ecommerce, transactions take place between end-consumers and businesses, while in B2B
e-commerce, parties, such as manufacturers, wholesalers and retailers exchange products
and/or services. The C2C e-commerce involve transactions between two or more endconsumers (e.g. a consumer buying a television from another consumer over an online
shopping website, such as Trademe) (Korper and Ellis, 2000).
Salomon and Koppelman (1988, p. 247) defined shopping as “information acquisition
that precedes purchasing”. They described shopping as merely searching for the
information and distinguished it from the purchasing process. On the contrary, Gould et
al. (1998) considered ‘online shopping’ as a combination of searching for information and
making transactions. Furthermore, Gould and Golob (1997, p. 355) defined ‘online
shopping’ as “an inquiry or transaction for consumer goods or services that take place
through interactive media with video capability”.

2.2

ICT and Online Shopping Growth Trends in New Zealand

New Zealanders seemed to have embraced the internet, as NZ’s internet penetration rate
had reached over 93% in 2016 (Internet Live Stats, 2016). Apparently, this is primarily due
to the increasingly cheaper prices and easy availability of electronic gadgets, such as
computers, tablets and smart phones. For example, 81% of New Zealanders own a
smartphone and use them to access the internet as often as computers and tablets (Yeh,
2019). The information available online help consumers in exploring virtual stores and
becoming aware about new products or services. For example, 52% of New Zealanders
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typically come across new products or services for the first time while surfing the internet
(Yeh, 2019). Also, 16% of New Zealanders use only online sources for searching the product
information, while 35% use both online and offline sources (Yeh, 2019). Furthermore, New
Zealanders increasingly do online shopping, with two-thirds (i.e. 67%) having done online
shopping at least once, in 2016, which proportion is considerably higher than the
percentage recorded a decade before 2016 (i.e. 37% in 2006) and expected to reach 83% by
2026 (Boyte, 2018). In addition, NZ’s total online retail spending in 2018 was 16% higher
than in 2017 (New Zealand Post, 2019b). Furthermore, the long been trend of online retail
sales at domestic online stores being lesser than at overseas online stores has ceased, as the
local online retail sales in 2018 increased by 19% when the overseas sales increased only by
10% (New Zealand Post, 2019b). Also, in 2018, there has been a 14% increase in the average
amount spent by New Zealanders over online shopping (New Zealand Post, 2019b). In
2018, in New Zealand, Department & Variety sector constituted the highest share (i.e. 31%)
of online retail sales followed by Clothing & Footwear sector (i.e. 20%) and Food, Groceries
& Liquor sector (i.e. 18%).

2.3

The Researcher’s Approach to Selecting and Reviewing the Literature

The literature was searched using several keywords (e.g. information and communication
technology, online shopping, e-commerce, e-shopping,, B2C e-commerce, urban freight
transport, shopping travel, goods’ last-mile travel, CDPs, home delivery, city logistics,
urban freight, facility location problems, choice models, mixed logit, latent class logit,
stated preference data, ordinal logit, etc.) from digital databases (e.g. Science Direct,
Scopus, Google Scholar, etc.) subscribed by the library at the University of Canterbury.
Boolean operators (i.e. and, or) were also used to connect two keywords together, such as
‘online shopping and home delivery’, which improved the search results.
This facilitated the identification of conceptual, empirical and review studies published
in journals belonging to a variety of research backgrounds, such as transportation research
(e.g. Transportation, Transportation Research Parts – A, B, C, D, E and F, Research in
Transportation Economics, and Research in Transportation Business and Management);
sustainable development research (e.g. Sustainability, Sustainable Cities and Society);
market research (e.g. European Journal of Marketing); e-commerce research (e.g. Electronic
Commerce Research and Applications, Journal of Electronic Commerce Research);
optimisation research (e.g. European Journal of Operational Research, Omega, Socioeconomic Planning Sciences, Annals of Operations Research); geography related transport
research (e.g. Journal of Transport Geography, Journal of Geographical Sciences); transport
policy related research (e.g. Case Studies on Transport Policy, Transport Policy); etc.
Additionally, articles from the proceedings of reputable conferences, such as International
Conference on City Logistics, World Conference on Transport Research, Annual meeting
of the Transportation Research Board, Australasian Transport Research Forum, NZ
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Transportation Group Conference, etc. were also incorporated in the review. In order to
ensure that the review covered most of the relevant studies, the references listed in the
journal and conference papers found were checked, which process helped to identify
several other journal/conference papers and reports/dissertations. Besides, the researcher
had subscribed to the Google Scholar and Research Gate profiles of other selected
researchers who had worked or are working in areas, such as city logistics, urban freight
modelling, choice modelling, facility location problems, etc., to help upkeep with the latest
research done in those areas.
The approach to identifying the relevant literature was that, initially, only the abstract
and the conclusions of each of the studies were read, and a detailed review was done of
only those studies that appeared to be relevant on reading their abstract and conclusions.
Altogether, over 200 articles ranging from the year 1927 to early 2020 were selected and
examined in detail. The literature reviewed in this study is discussed in detail in the next
few sections, along with the research gaps identified based on the review.

2.4

Factors Governing Consumers’ Online Shopping Behaviour

Online shopping, being an interdisciplinary area of research, has been studied by
researchers from diverse backgrounds, such as marketing, business management, land-use
planning, transport planning and social science. Several factors were identified to be
influencing consumers’ online shopping behaviour, based on the review of previous
studies (e.g. Al-Ghamdi et al., 2011; Alsuwat, 2013; Brown et al., 2003; Clemes et al., 2014;
Corbitt et al., 2003; Doolin et al., 2005), and those factors are discussed in the next few
sections.
Personal characteristics
Gender has a direct effect on people’s propensity to purchase via the internet, with males
showing a higher propensity (Brown et al., 2003; Corpuz and Peachman, 2003; Nayyar and
Gupta, 2010). This is consistent with the finding of Doolin et al. (2005) that male
respondents both shop online more frequently and spend more money on online purchases
than do female consumers. On the other hand, some studies (e.g. Clemes et al., 2014;
Dahiya, 2012b) of online shoppers in China and India revealed that female consumers shop
online more frequently than male consumers. The educational qualifications of consumers
also affect their shopping mode selection. Highly educated people are more inclined
towards online shopping than less educated people (Clemes et al., 2014). Furthermore, the
age of consumers also affects their shopping behaviour, with younger people being more
likely to buy online (Clemes et al., 2014; Corpuz and Peachman, 2003). An interesting
observation from Farag et al. (2003) was that the relationship between online shopping
adoption and the age of a consumer is non-linear, with the probability of shopping online
increasing up to the age of 35 years, and decreasing thereafter. The partnership status of
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the consumer has also been reported to have an effect on shopping behaviour, with ‘single’
consumers found to shop online more often than others (Farag et al., 2005). In addition, the
occupations of consumers have also been found to affect the choice of shopping mode, with
full time workers and students buying online more than others (Corpuz and Peachman,
2003). Working women with responsibilities for looking after children, have been found to
do more online shopping (Farag et al., 2007). The shopping experience, in terms of the
amount of in-store shopping done by a consumer, has a positive correlation with the
number of online purchases (Doolin et al., 2005).
Household characteristics
The household income has been found to strongly influence the online shopping tendency,
with consumers belonging to a household with a high income being more likely to
purchase online (Corpuz and Peachman, 2003; Doolin et al., 2005). Household composition
and size have also been found to affect online shopping behaviour. Families with two
children spend higher amounts of money on online shopping compared to families
without children (Dahiya, 2012b). Also, the availability of a computer and an internet
connection at home influences consumers’ tendency to buy online (Clemes et al., 2014). The
type of internet connection also acts as an important factor in the choice of online shopping,
as residents with access to a high-speed internet connection were found to shop online
more often than those having a slow internet connection (Farag et al., 2007).
Geographic and land-use factors
People living in areas with relatively many shopping opportunities buy online as often as
people living in areas with few shopping opportunities (Farag et al., 2003). However, in
another study, Farag et al. (2005) found that the location of consumers’ residence affect
their choice of the mode of shopping, as urban residents (i.e. people residing in inner parts
of a city) bought online more often than suburban residents (i.e. people residing in outer
parts of a city), perhaps owing to the former’s more frequent internet use. A similar
observation made by Farag et al. (2007) is that the accessibility to shops, in terms of
shopping opportunities that people could reach within ten minutes by bicycle, has a
negative correlation with online shopping.
Product characteristics
There is a substantial relationship between the ‘product type’ and the intention to purchase
online (Brown et al., 2003; Clemes et al., 2014). It may be due to the differences in the degree
of information that consumers require for different types of products prior to buying them.
For example, consumers may wish to physically examine items before buying them, which
may thus compel them to visit a store. There are three types of products, as defined by
Darby and Karni (1973). ‘Search’ products are those that can be evaluated from the
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externally provided information (e.g. books). ‘Experience’ products, on the other hand, not
only require information about a product but also need to be personally inspected or tried
(e.g. wine). ‘Credence’ products are those that are difficult to assess, even after purchase
and use (e.g. medical drugs). Generally, the most common items purchased online are
‘search’ goods, such as entertainment tickets, travel tickets and books, and inexpensive
products (Brown et al., 2003).
Experience using the internet and online shopping
Prior successful/satisfactory purchases of products via the internet have a direct effect on
an individual’s future online purchase intentions (Brown et al., 2003). Consumers with
greater internet experience are likely to spend more on online purchases (Doolin et al.,
2005). Consumers’ internet and computer skills have been found to have enhanced their
likelihood of doing online shopping (Clemes et al., 2014). Highly experienced internet users
tend to have a higher level of trust in e-commerce, but it does not lead to a lower level of
perceived risk with e-commerce (Corbitt et al., 2003). The duration of internet use was
found to have a positive correlation with online searching and buying (Ding and Lu, 2015).
Shopping activity functions
Shopping activities have several functions. One of these is the ‘economic function’, such as
buying a product. Shopping may also fulfil social motives (e.g. meeting people) and
recreational motives (e.g. physical exercise, entertainment). The psychological needs of
consumers may also be met by this activity, such as the need for exposure to information
or to fresh stimuli. The functions that different modes of shopping provide for individuals,
at a given time, will influence the decision whether to buy online or in a physical ‘brickand-mortar’ store (Brown et al., 2003; Farag et al., 2003; Koppelman et al., 1991).
Shopping mode characteristics
Convenience, in terms of spatial flexibility (i.e. ability to buy items without being present
at a ‘brick-and-mortar’ store), provided by online shopping has been found to be the
driving factor behind its increasing adoption (Clemes et al., 2014). Consumers who are
concerned about the loss of social interaction in online shopping are less likely to purchase
online (Doolin et al., 2005). The goods’ delivery mode also influences the shopping mode
choice of consumers (Rotem-Mindali and Salomon, 2007). For example, home deliveries,
pick-up from a store, and pick-up from a CDP are the typical ways of receiving the items
bought online. It is worth noting, however, that stores not providing the home delivery
service or the CDP service may lose consumer patronage. The privacy and security of
consumers’ information are matters of concern for people buying online (Shergill and
Chen, 2005). Website structure, in terms of the ease of navigation, merchandise assortment,
and the content of information, is perceived differently among people with different levels
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of experience buying online (Clemes et al., 2014; Shergill and Chen, 2005). Similarly, the
website design factors, such as graphics and colours used on a webpage, have an impact
on consumers’ emotions (e.g. excitement), which substantially impact the behavioural
intention to buy online (Koo and Ju, 2010). The technical trustworthiness and the perceived
website quality are strong predictors of consumers’ faith in online stores/websites (Corbitt
et al., 2003).
The factors governing consumers’ online shopping behaviour can be categorised as
shown in Table 2.1.
Table 2.1 Factors governing consumers’ online shopping behaviour
Category

Factors

Category

Age

Availability of a computer/internet

Educational

connection

qualifications
Personal
characteristics

Gender
Occupation
Limited time for

Factors

Household
characteristics

Household income
Household composition and size
Number of children in a household

shopping
Shopping experience

Type and speed of internet

Partnership status

connection in household

Accessibility to
Geographic

businesses/shops

and land-use

Residential location

factors

(urban, sub-urban,

Type of product
Product
characteristics

Value/cost of product

rural)
Spatial flexibility provided by
Computer and

shopping modes

internet skills

Opportunities for social interaction
via shopping modes

Experience

Prior satisfactory

Goods’ delivery methods offered by

using internet

experience with online

shopping modes

and shopping

shopping

Shopping

online

Experience (i.e.

mode

duration and

characteristics

frequency) using
internet and buying

Risk to personal information

Extent of product information
provided by shopping modes

online
Shopping

Economic, social and

User friendliness of shopping

activity’s

recreational functions

modes (e.g. easy to use website

functions

structure and design)

Note: The direction of influence of the factors varies from study to study. For example, Doolin et al.
(2005) found that male respondents both shop online more frequently and spend more money on
online purchases than do female consumers. On the other hand, some studies (e.g. Clemes et al.,
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2014; Dahiya, 2012b) of online shoppers in China and India revealed that female consumers shop
online more frequently than male consumers.

2.5

Online Shopping: Implications for Consumer Shopping Travel

Though the general belief is that online shopping leads to substitution of shopping travel,
it may also result in other types of interactions, such as complementarity, modification,
and neutrality (Mokhtarian, 1990; Salomon, 1986). Substitution (i.e. decrease in travel)
occurs when a location-based activity is substituted by an ICT-based counterpart, thus
eliminating one’s need to travel. Complementarity (i.e. increase in travel) occurs when ICT
leads one to undertake other activities involving travel, which would not have occurred
otherwise. Neutrality (i.e. no change in nett travel) happens when ICT does not affect other
travel-based activities. For example, not all the alternatives to ICT-based activities are
travel-based (e.g. not every distance-learning student would otherwise be enrolled at a
conventional university campus). Modification refers to the change in travel parameters
such as trip timing, mode and route, due to the ICT use. Several studies that investigated
the effect of online shopping on personal travel were reviewed in detail, and selected
studies are summarised below in Table 2.2.
As shown in Table 2.2, a substitution effect has been reported in several studies. One of
the very few panel studies, Lenz (2003), assessed the potential traffic substitution due to
online shopping in the Stuttgart region, using an inferential statistics (IS) approach (e.g.
Chi-square tests). A reduction of less than 10% of the total personal shopping travel was
reported to have occurred. Ferrell (2005) found home teleshopping to have substitutional
effects on in-store shopping travel. Online shoppers were found to have made fewer
shopping trips and travelled shorter distances for shopping purposes (i.e. modification).
Weltevreden (2007) examined the impact of buying a variety of products online, on instore shopping in city centres in the Netherlands, using an IS approach. About 22% of
online shoppers revealed that online shopping caused them to make fewer trips to the city
centre, thereby indicating a substitutional effect. Many online searchers (30%) and online
shoppers (48%) indicated that they spend less time shopping in a city centre, perhaps
because they had already gathered information at home (i.e. modification). One of the few
studies done in developing countries, Irawan and Wirza (2015), applied the structural
equation modelling (SEM) technique to data obtained from online shoppers in Indonesia
and found online shopping to have substituted in-store shopping trips. Similarly, another
recent study in the context of developing countries where online shopping is growing
rapidly, Shi et al. (2019), investigated whether e-shopping replaces shopping trips in
Chengdu, China, using regression models. Online shopping had a substitutional effect on
the frequency of in-store shopping trips.
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Table 2.2 Summary of selected previous studies
No.

Study

Modelling
technique a

Explanatory variables – Response variable b
Online shopping – Frequency of in-store shopping trips (frequent vs infrequent online
shoppers)

C (in-store shopping trips);
N (overall trips)

SDCs and attitudinal characteristics – In-store shopping pattern

N (in-store shopping trips)

1.

Casas et al.
(2001)

IS

2.

Sim and Koi
(2002)

FA, IS

3.

Lenz (2003)

IS

4.

Ferrell (2004)

5.

Farag et al.
(2005)

2-step LRM
PA, FA

Physical shopping behaviour, shopping travel – Affinity to online shopping (strong,
weak and no affinity)
Online shopping characteristics – In-store shopping trips and total trips, shopping
miles and total miles travelled, HH shopping-trip chains and total trip chains
Land-use and SDCs – Online searching, online shopping, in-store shopping, and
behavioural and attitudinal characteristics

6.

Ferrell (2005)

SEM, FA

SDCs, time shortage related factors, accessibility to retail opportunities from home –
Online shopping characteristics and in-store shopping characteristics

7.

Farag et al.
(2006)

LoR and
LRM

Online shopping characteristics – In-store shopping characteristics

8.

Farag et al.
(2007)

SEM

9.

Weltevreden
(2007)

10.

Mindali (2010)

11.

Cao et al.
(2011)

12.

Hiselius et al.
(2012)
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IS
OLM
SEM,
LRM, FA
IS

Online searching, online shopping – Non-daily shopping trips
Online searching, online shopping – Frequency of in-store shopping trips (occasional
online shoppers vs frequent online shoppers)
ICT usage and experience – Shopping mode (e.g. online, in-store)
Shopping accessibility, SDCs, shopping attitudes, and internet experience – Online
searching, online shopping, and in-store shopping trip frequencies
Trip length, travel mode, CO2 emission, and the frequency of in-store shopping trips –
Online shopping frequency (regular online shoppers vs non-regular online shoppers)
Continued on the next page…

Study outcome c

S (in-store shopping travel)
C (in-store shopping trips)
C (in-store shopping trips)
S (shopping trips);
M (travel distance,
shopping duration)
C (in-store shopping trips);
M (shopping duration)
C (in-store shopping trips);
M (shopping duration)
S (in-store shopping trips);
M (in-store shopping
duration)
C (in-store shopping trips)
C (in-store shopping trips)
N (total travel)
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No.
13.

14.

14.

15.

16.
17.

Study
Zhou and
Wang (2014)
Calderwood
and Freathy
(2014)
Ding and Lu
(2015)

Hiselius et al.
(2015)

Irawan and
Wirza (2015)
Zhen et al.
(2016)

Modelling
technique a

Explanatory variables – Response variable b

SEM

HH, personal, regional, internet-related, and travel characteristics – Web use, online
shopping frequency, total trips, and in-store shopping trips

C (in-store shopping trips)

IS

Locations of each respondent’s primary and secondary grocery purchase, the
frequency of in-store purchase – Internet availability and usage

N (in-store shopping trips)

SEM

SDCs, experience over the internet, shopping responsibility, shopping accessibility –
Online shopping behaviour, in-store shopping behaviour, and activity travel
behaviour

C (in-store shopping trips);
S (leisure trips)

Shopping habits and attitudes, SDCs, shopping travel distance and travel mode –
Frequency of online shopping (frequent, regular, and non-online shoppers)

N (in-store shopping trips,
shopping distance by modes
other than a car);
C (other trips done by
modes other than a car)

IS

SEM
OPM
FA,
Copulabased OLM

18.

Lee et al.
(2017)

19.

Xi et al. (2018)

SEM

20.

Shi et al. (2019)

NBRM

SDCs, shopping characteristics, and shopping attitude – Frequency of in-store
shopping trips
SDCs, shopping attitudes, and the frequency of online shopping – Frequency of instore shopping trips
SDCs, travel characteristics, internet access and usage, shopping attitude – Frequency
of online shopping, frequency of in-store shopping trips
SDCs, shopping behaviour, shopping attitude, and internet usage – In-store shopping
propensity, online shopping propensity, frequency of online searching
SDCs, internet experience, travel characteristics, and location factors – Frequency of
online shopping, frequency of in-store shopping

Study outcome c

S (in-store shopping trips)
C (in-store shopping trips)

C (in-store shopping trips)
N (in-store shopping
propensity)
S (in-store shopping trips)

Note: a: IS – inferential statistics, FA – factor analysis, LRM – linear regression model, PA – path analysis, SEM – structural equation model, LoR – logistic
regression, OLM – ordinal Logit model, OPM – ordinal Probit model, NBRM – negative binomial regression model; b: SDCs – socio-demographic
characteristics; HH – household; c: C – complementarity, N – neutrality, S – substitution, M – modification.
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Farag et al. (2005) investigated the interplay between consumers’ online shopping
pattern (i.e. frequency of online searching and online shopping) and non-daily shopping
trips, after controlling for socio-demographic, land use, behavioural, and attitudinal
characteristics of consumers in the Netherlands. Path Analysis was used to model the
direct and indirect effects. Complementarity between online shopping and in-store
shopping appeared to be more likely than substitution. Online searching was reported to
be positively correlated with non-daily shopping trips. Using data from a previous study,
Farag et al. (2007) applied SEM with latent variables to identify the relationship between
online shopping (i.e. searching and buying) and in-store shopping. As with their previous
observations, the results of this study also indicated a complementary effect on trips.
Applying an ordinal logit model (OLM), Rotem-Mindali (2010) investigated the
shopping mode choice behaviour of consumers having different levels of affinity towards
ICT, in the Tel Aviv metropolitan area. Online shopping was found to be serving as a
complementary option to traditional shopping. Cao et al. (2011), applying the SEM
technique on data obtained from consumers in the Minneapolis / St. Paul metropolitan
area, found online searching frequency to increase both online shopping and in-store
shopping. However, online shopping was also found to have a positive correlation with
in-store shopping, which may be attributed to consumers checking the goods in store and
then purchasing them online, due for example to an item being available at a cheaper price
online. Online searching increased the in-store shopping frequency more than the increase
in the in-store shopping frequency caused by online shopping.
A similar study (i.e. using the SEM approach) by Zhou and Wang (2014) resulted in a
complementary relation between online shopping and personal shopping trips. This study
used data from the first ever National Household Travel Survey in the USA that included
detailed information on consumers’ ICT usage and online shopping. Exogenous variables
included individual, household, regional, internet usage and travel characteristics. The
‘propensity to purchase online’ was derived from web use and online purchase frequency,
and the ‘propensity for shopping trips’ was derived from the total number of trips and
shopping trips. Both the variables were used as the latent endogenous variables. The
‘propensity to purchase online’ was found to be positively correlated with the ‘propensity
for shopping in-store’.
Ding and Lu (2015) applied the SEM technique to the data obtained from Chinese
consumers in Beijing. Online shopping frequency was found to have a positive correlation
with the frequency of in-store shopping and frequency of online searching. Zhen et al.
(2016) applied a joint ordered probit model (OPM) to data obtained from online shoppers
in Nanjing, China, and concluded that online shopping increased the in-store purchasing,
even after controlling for shopping attitudes and demographics. The magnitude of the
complementarity effect differed by product type, with less frequently purchased products
showing a larger effect. Lee et al. (2017) studied the effect of personal characteristics,
shopping attitudes and perceptions and the built environment, on frequencies of shopping
online in Davis, USA. Copula-based OLMs showed that online shopping had a
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complementary relationship with in-store shopping frequency, after controlling for
demographic variables and attitudes.
There have been a few studies where no significant effect of online shopping on
shopping travel was found (i.e. a neutral effect on travel). For example, Sim and Koi (2002)
used factor analysis (FA) and inferential statistics (IS) methods for data obtained from
Singaporean online shoppers, and based on their demographic characteristics, and
attitudes toward internet use and online shopping, found online shopping not to have a
significant impact on traditional shopping patterns, primarily due to Singaporeans’
preference for in-store shopping. Hiselius et al. (2012) also adopted an IS approach and
utilised the web-survey data obtained from online shoppers in Sweden for analysing the
changes in consumers’ travel pattern. No significant difference was found in total trips and
individual trip lengths, except for mode choice, thereby supporting the concept of
neutrality. Calderwood and Freathy (2014) took an IS approach to examine the effect of
online shopping upon the number of consumers’ shopping trips and used the Scottish isles
as a case study. Factors, such as drive-time to the shopping centre, the availability of
broadband internet connection, and the number of retail shops available on each island,
were considered in the cluster analysis. Although the findings noted both substitution and
generation effects, online shopping appeared to have a neutral effect on mobility for the
majority of island residents. Another study by Hiselius et al. (2015) investigated the instore shopping travel behaviour of frequent, regular and infrequent online shoppers in
Sweden. In addition to the frequency of shopping trips, the distance travelled and the mode
used for shopping trips, were also considered as explanatory variables. Online shopping
was found to have both a neutral effect (on the frequency of trips) and a substitutional
effect (on the distance travelled) for in-store shopping travel. Similarly, a recent study of
Chinese online shoppers, Xi et al. (2018), adopted the SEM technique and found online
shopping to have a neutral effect on consumers’ in-store shopping travel.
Modification effects have been observed in combination with other types of interaction
effects in several studies. For instance, online searching was found to have decreased the
shopping duration, which may be due to the information gathered by consumers prior to
visiting the stores (Farag et al., 2006). Similarly, modification in shopping time and
shopping distance by female households was found to have taken place as a result of online
shopping in Ferrell (2005). Online shoppers were observed to have a shorter shopping
duration in Farag et al. (2007) and Weltevreden (2007), and shorter distances travelled by
car for shopping trips (Hiselius et al. (2015).
The variations in the results of the above studies can to a large extent be attributed to
differences in several factors, such as the formulation of explanatory and response
variables, the geographical context, the statistical methods used, the sample size and
composition, the type of commodity studied, and the definitions of online shopping and
online shoppers (Suel and Polak, 2018).
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2.6

Online Shopping and Goods’ Last-Mile Deliveries

The goods’ last-mile-travel is considered as the final leg of the supply chain of a B2C
transaction, wherein the consignment is delivered to a location specified by the recipient,
which location is generally either a residence or a pick-up point (Gevaers et al., 2011). There
has been an unprecedented growth registered in online shoppers and the corresponding
sales revenue during the recent years. For instance, about 45% of European consumers
bought online in 2014 (Morganti et al., 2014b). This, in turn, has intensified the need for
home deliveries (Schewel and Schipper, 2012). Consequently, the concentration of freight
vehicles in urban areas has increased, adding to the degradation of urban areas, in terms
of traffic congestion, air pollution, etc. (Esser and Kurte, 2006). Besides, not all deliveries
are successful at the first attempt, as some parcels require to be received personally,
depending on the condition specified by the sender of the parcel. Also, some items (i.e. big
parcels) do not fit into the mailbox installed at recipients’ residential premises, in which
case a person is required to remain available at home to receive big parcels, and this is often
not feasible or inconvenient for them. This leaves the freight carrier with options, such as
redelivering the parcel later and incurring extra costs or getting consumers to arrange for
the collection of the parcel from the carrier’s depot, which is typically located in the
outskirts of the city. However, both the options may cause inconvenience to consumers, as
they either have to wait longer to receive their parcel or have to make extra efforts to collect
failed deliveries from a depot or a source store (i.e. the physical premises of an online store).
In addition, this increases the VKT by courier companies (to redeliver the parcel) or by
consumers (to collect the parcel), thereby increasing urban travel and associated
environmental emissions (Belet et al. 2009). Thus, higher consumer satisfaction and
optimisation of resources (i.e. time, cost and manpower), as have been generally
envisioned through ‘attended’ deliveries (e.g. successful home deliveries), seem not to be
getting achieved (Song et al. 2011). To this end, solutions necessary to make goods’ lastmile travel more efficient and consumer-friendly need to be sought.

2.7

Performance of Traditional and Novel Methods of Last-Mile Deliveries

There have been several studies where the operational efficiency of alternatives to
‘attended’ deliveries was compared, in terms of costs for the service provider and
consumers, and environmental emissions. For example, McLeod and Cherrett (2009)
estimated the travel and environmental impacts of using a local railway station in the UK
as a CDP for small parcels (Note: refer to Chapter 1 and the next section for a detailed
definition of CDPs). This delivery option was compared with the traditional service where
consumers, on missing the home delivery, travelled to a carrier’s depot to collect their
parcels. The total VKT by consumers and the carrier after the introduction of a CDP were
found to be less than without a CDP. Similarly, Gonzalez-Feliu et al. (2012) quantified the
effects of three goods’ last-mile transport strategies on VKT in France. They estimated the
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number of trips and travel distances corresponding to various alternatives, such as
consumers picking up parcels from a store, home deliveries, and deliveries via service
point CDPs. The joint usage of home deliveries and service point CDPs was found to be
the best option, as it allowed a reduction of about 13% in the density of traffic in urban
areas. Furthermore, Wang et al. (2014) in China compared the operational efficiency and
costs associated with alternatives, such as ‘attended’ home deliveries, deliveries via
reception boxes (i.e. personal and shared locker boxes) and deliveries via CDPs. They
found that CDPs’ operational efficiency was the highest, followed by reception boxes and
home deliveries. In a recent study, Iwan et al. (2016) investigated the usability and
efficiency of locker point CDPs set up by a Polish company (InPost), and found that VKT
can be reduced to a great extent by means of establishing locker points in proximity to
petrol stations, universities and shopping centres.
It is evident from the above studies that goods’ last-mile deliveries via CDPs can prove
to be more efficient, in terms of consumer satisfaction, service providers’ costs and the
environmental perspective. Besides, as shown above, in the European market, various
companies (e.g. Kiala, Pick-up services and Point Relais) have established nationwide CDP
networks (Morganti et al., 2014a). However, as also mentioned in Chapter 1, the CDP
option, on a small scale, has recently been introduced in New Zealand, and if it thrives, it
may have major implications for urban transport in New Zealand. For example, the
adoption of CDPs may reduce the VKT by light commercial (delivery) vehicles in
residential areas. Therefore, this study is aimed at investigating the acceptability and the
applicability of CDPs in New Zealand, from a consumer perspective.

2.8

Collection and Delivery Points (CDPs)

In European countries, such as France, Germany, Belgium and The Netherlands, the
concept of third party locations, called collection-and-delivery points (CDPs) has become
an important segment of goods’ last-mile travel (Morganti et al., 2014a; Weltevreden, 2008).
There are two types of CDPs, namely locker points (unattended) and service points
(attended). A locker point, or a communal reception box, is a collection of lockers, where
consumers can pay for their online orders, collect parcels and, if necessary, return the
goods. Locker points employ luggage locker technology and use personal identification
number (PIN) codes, to control the delivery by the carrier and the collection of a parcel by
the consumer (McKinnon and Tallam, 2003).
On the other hand, a service point is a shop-in-shop concept where parcels are delivered
to locations, such as a dairy (or convenience store), fuel station, pharmacy, and post office.
At service points, the store personnel facilitate the collection and drop-off process
(Weltevreden, 2008). The service point CDPs possess some merits (e.g. manually operated,
fewer constraints on the parcel size, flexibility of cash payment, safety of parcels, etc.).
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There has been wide adoption of CDPs, especially in European countries and the USA.
For instance, in 2013, 90% of the French population had access to a CDP location in under
10 minutes by car or on foot, regardless of the company operating it, and more than 20%
of online shopping shipments in France were delivered through service points (Morganti
et al., 2014a). It should be noted, however, that 10 minutes by car is a lot further than 10
minutes by foot, unless there is heavy congestion. The Pick-up service is one of the densest
CDP networks in Europe, with over 20,000 CDPs in place in 13 countries, and more such
companies have established their CDPs in Europe. Consequently, 95% of the European
population is able to access a CDP (service points or locker points) within 15 minutes by
car or on foot (Dynamic Parcel Distribution Group, 2015). These CDPs were set up in busy
areas with independent vendors (e.g. florists, tobacconists, petrol stations, and
newsagents) to facilitate people in collecting parcels (from neighbouring businesses, and
train/bus/metro stations) along with undertaking their daily commute. A summary of the
characteristics (i.e. the network size, types of CDPs, and types of locations used for setting
up CDPs) of selected CDP networks operating in several countries, are summarised in
Table 2.3.

2.9

Factors Governing the Performance/Adoption of CDPs

There have been a few studies (e.g. Morganti et al., 2014a; Weltevreden, 2008; Xu et al.,
2008) that investigated the factors governing the performance/adoption of CDPs. Several
socio-demographic characteristics have been found to have a correlation with the use of
service point CDPs. In a study of online shoppers in the Netherlands, Weltevreden (2008)
found that consumers having a medium or high level of education, previous online
shopping experience, and time constraints, are more likely to use service points. In
addition, female consumers were observed to be more likely than male consumers to use
such facilities.
Furthermore, based on one study (i.e. Morganti et al., 2014a) in France, factors such as
the household internet penetration, the ownership of modern electronic devices (e.g.
smartphones), the shopping trip frequency, and the type of consumers’ residential
premises (i.e. apartments need CDPs more than do detached houses) are important for
identifying potentially good locations for CDPs.
The spatial location of CDPs also plays an important role in the success of a CDP facility
(Iwan et al. 2016). For instance, the availability of retail shops, which can serve as CDPs, is
one of the major constraints in establishing a CDP network (Weltevreden, 2008). Moreover,
Weltevreden (2008) also observed that the higher the number of inhabitants living within
a five-minute trip by car from a CDP location, the higher the number of parcels collected
from (and returned to) that CDP. Furthermore, neighbourhood and convenience centres
seem to be more suitable for establishing CDPs than village centres and isolated locations,
as the number of parcels collected from and/or returned to neighbourhood and
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Table 2.3 Selected CDP networks
Name of the

Number of

Type of

company

CDPs

CDPs

United Parcel
Service (UPS)
Pick-up service
(DPD Group)

22,000

20,000

SP + LP

SP + LP

Parts of Europe and
North America

Types of CDP
location
News agents, petrol
stations, convenience
stores, etc.

Thirteen European

Pharmacies,

countries, e.g. The

convenience stores,

Netherlands, France.

etc.

Five European

Kiala
(merged with

Country

6,700

SP

UPS in 2012)

countries, e.g. the

Convenience stores,

Netherlands, Spain,

other shops

etc.

DHL

1,200

SP

The UK

Amazon

16,000

SP + LP

The UK

Amazon

3,500

SP

Spain

LP

Germany

Local shops
Post-offices, other
shops
Post offices, other
shops

3,000 sites
DHL

(250,000

Packstations

individual

Public places

lockers)
ByBox

1,200

LP

The UK, Ireland, the
Benelux

Public places
Tobacconists,

DPD Relais

5,000

SP

France

newsagents, grocery
shops, florists

Note: SP – service points, LP – locker points; Source: the researcher with company data from
various online sources, collected in early 2017.

convenience centres is likely to be higher than solitary locations (Weltevreden, 2008). This
is in line with the results of the study by Esser and Kurte (2005), which showed that
people’s preferences for using CDPs are correlated with urban density, with people in the
city centre using CDPs more often than those living in suburban areas. Similarly, MotteBaumvol et al. (2017) observed that people residing in suburban areas of France are less
inclined towards collecting parcels from CDPs than are inner-city residents and prefer
having their parcels delivered at home.
The type of locations adopted for establishing CDPs also plays an important role in
attracting the desired consumer usage. For instance, in Europe, post-offices have
commonly been used to set up CDPs, perhaps due to their dense network, which proved
to be successful in reducing VKT and air pollution (Edwards et al. 2009). However,
Morganti et al. (2014a) suggest that an ideal location for establishing CDPs is near major
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transport terminals, such as railway stations. CDPs’ age (i.e. the time since establishment)
and hours of operation, which depends on the type of locations adopted, also influence the
number of parcels collected from or delivered to CDPs and thus contribute to their success
(Weltevreden, 2008).
As discussed above, the performance/adoption of CDPs is governed by several factors,
which might vary from place to place, due to various reasons (e.g. differences in
geographical, cultural and behavioural aspects of different places). The differences
between New Zealand and some other countries, with respect to some of the above factors
and other potential factors, are discussed in the following section.

2.10

Establishing CDPs in New Zealand: Contextual Differences

The overall internet penetration (in terms of the proportion of internet users, who can
access the internet, regardless of the type of place of access, device and connection) is
slightly higher in New Zealand than in some other countries (e.g. Belgium, France and
Spain), where CDPs are popular (International Telecommunication Union, 2016). This may
facilitate New Zealanders buying online at a slightly higher rate (i.e. online sales as a
percent of total retail sales) compared to several other countries.
The number of cars per capita in New Zealand is much higher than in European
countries where CDPs have flourished (see Table 2.4), which highlights the high car
dependency in New Zealand. Therefore, the travel behaviour of New Zealanders, with
high car dependency, is quite different from the travel behaviour of people in many
European countries where CDPs have flourished. For instance, the share of bicycle trips in
the Netherlands was 27% in 2006 (Pucher and Buehler, 2008), but is just 1% in New Zealand
(New Zealand Centre for Sustainable Cities, 2016). This may prove to be a substantial
hindrance in achieving environmental sustainability of CDPs, if New Zealanders do not
adopt active transport modes to receive their parcels from CDPs.
Besides, urban land-use patterns in New Zealand’s cities, with low density and diversity
of land use, are also different from those in old European cities, typically having higher
density mixed-use development. For instance, in Christchurch, several large business
districts emerged outside the CBD, particularly after major earthquakes struck in 2010 and
2011. The CBD suffered extensive damage and this encouraged shops and other businesses
to move from the CBD to various suburban locations (Potter et al. 2015), further
contributing to urban sprawl. In contrast, in parts of many European countries (e.g. the
Netherlands), shops are mainly concentrated in the CBDs (Weltevreden, 2007), and there
has been a good balance between residential and commercial activities (i.e. mixed-use
development) in many European urban centres. Thus, urban dwellers in New Zealand
might not be required to travel to a fixed (or specific) part of the city to access shops or to
buy goods/services, which flexibility may lead to people preferring to buy in-store more
than buying online.
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Table 2.4 Factors likely affecting CDP adoption in various countries
Country
Population

Source
density

(persons/km2)

Statistics

dept.

New Zealand
of

respective countries (2010)
EuroStat

Cars per capita

(2016);

MoT3,

NZ4*

Country wide number of

NZ Post6; UPU7 (2015);

post offices5

EuroStat8

Number

of

persons

served per post office5

Calculated
current

based
(i.e.

The
UK

Germany

France

The Netherlands

Belgium

Spain

The USA

161

255

229

114

4142

355

91

332

0.774

0.45

0.54

0.48

0.46

0.49

0.47

0.8

8826

11,634

27,600

26,337

2,049

1,3598

10,0478

30,529

5,328

5,642

2,995

2,540

8,306

8,351

4,628

10,583

on
2017)

population

Note: 1 - 2009; 2 - 2017; 3 - Ministry of Transport; 4 - 2015; 5 - includes agent shops as well, and values belong to a variety of data sources; 6 - 2016; 7 - Universal
Postal Union; 8 - 2007.
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Moreover, the overall population density and the population density in urban areas in
New Zealand, are very low compared to the corresponding figures for other countries (see
Table 2.4). For example, the population density in Christchurch (i.e. 600 persons/sq.km) is
considerably less than the population density in Utrecht (i.e. 3,500 persons/sq.km).
Therefore, providing a dense network of CDPs in New Zealand will be challenging for a
service provider, as the ‘economies of scale’ (i.e. reduction in costs with a greater amount
of CDP usage) is less likely to be achieved, which may make the CDP service economically
non-viable for a service provider.
Based on a study done in Europe, Esser and Kurte (2005) found that urban dwellers
miss home deliveries more often than those living in rural areas. In line with this, New
Zealanders residing in urban and suburban areas have also been missing home deliveries
more often than those residing in rural areas (Courier Company 2, personal
communication, February 2017). Despite this, as the population density in New Zealand
urban areas is less (as mentioned in the previous paragraph), the adoption of CDPs in
urban areas in New Zealand will be challenging.
It should be noted that the average number of inhabitants served by each post-office in
New Zealand is higher than in Germany, France and Spain, but it is lower than in the UK,
the Netherlands, Belgium and the USA (see Table 2.4). As post-offices are commonly used
locations for setting up CDPs in European countries, the low post-office density in New
Zealand indicates that there is substantial scope for setting up CDPs at other potential
locations (e.g. convenience store).

2.11

Investigating Consumers’ Willingness to Use a CDP: Qualitative Studies

The majority of the existing studies examined the performance of CDPs, in terms of VKT
and/or emissions reduction, and found CDPs to be a promising solution to the problems
of inefficient last-mile deliveries (see Section 2.6). Besides, some other studies (as described
in Section 2.7) inspected the factors affecting consumers’ existing usage of CDPs, where
CDPs were already in practice. However, only a few studies (e.g. Vakulenko et al., 2019;
Wang, 2018; Yuen et al., 2018) investigated consumers’ behavioural motivation or
willingness to use CDPs for collecting and/or returning goods bought online, especially
where CDPs had not existed or been recently introduced. For example, Yuen et al. (2018),
using a qualitative approach based on Diffusion of Innovation (DOI) theory, investigated
consumers’ intention to adopt locker point CDPs in Singapore, where CDPs were a
relatively new last-mile delivery alternative. They found that the effect of various
attributes, such as the relative advantage, compatibility and trial-ability associated with
CDPs (Rogers, 1983) influence consumers’ intention to use CDPs. An intriguing finding of
their study was that consumer demographics could not adequately explain consumers’
intention to use CDPs.
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Similarly, Vakulenko et al. (2019) adopted a qualitative approach based on focus group
discussions for understanding Swedish consumers’ perceptions of locker point CDPs,
which were newly implemented in Helsingborg, Sweden. The research participants were
each provided with an opportunity to undertake a trial use of one locker point CDP in a
controlled but ‘close to real’ environment, where participants used a locker point CDP on
their own and without any assistance from the research team, and received email alerts
before and after receiving their parcels, which process was followed by focus group
discussions among participants and researchers. They found that consumers had both
expectations (e.g. reduced price, better transparency of delivery operations, improved
control over delivery features, etc.) and concerns (e.g. technology failures, service errors,
increased service prices, etc.) regarding the new method of receiving or returning goods
bought online.

2.12

Consumers’ Choice of Mode of Receiving Goods Bought Online:
Quantitative Studies

It should be noted, however, that qualitative paradigms cannot quantify the relative
importance (or weight) that consumers assign to factors affecting their decision making,
which information is important when framing policies for efficient operation of last-mile
delivery alternatives (e.g. parcels should not be left unattended at the recipient’s premise).
There have been a few studies (e.g. Collins, 2015; Chen et al., 2018) that adopted a
quantitative approach (e.g. discrete choice modelling) to investigate consumers’ choice of
using a CDP to receive or return goods bought online.
For example, using a binary logit model, Xu and Hong (2013) investigated Chinese
consumers’ willingness to use CDPs, as a function of various characteristics, such as sociodemographic characteristics (e.g. gender and age), shopping characteristics (e.g. online
shopping experience and frequency of online shopping), parcel characteristics (e.g. parcel
dimensions and the cost of the contents) and environmental characteristics (e.g. levels of
congestion around consumers’ residence). They found that consumers’ online shopping
experience, frequency of online shopping, perceived convenience of home deliveries and
the parcel’s value, affect their intention to use CDPs. Note that a potential drawback of
their study was that there were no CDP related attributes considered in the model, and
such attributes might well be important factors.
Furthermore, Collins (2015) modelled consumers’ choice of last-mile delivery
alternatives, such as ‘pick-up from a CDP’, ‘pick-up from the source store’, and the usual
‘home delivery’ option, for receiving products bought online. A random-parameter error
components model was estimated, using the stated preference (SP) data (explained in
Chapter 3) obtained from an online survey of 508 members of a research panel in Sydney.
Also, consumers’ choices with respect to trip chaining and travel mode to/from CDPs were
captured. Efficient design (as will be explained in Chapter 3) was adopted to generate
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choice sets, and D-error (as will be defined in Chapter 3) was used as a measure of the
efficiency of the design.
Subsequently, Oliveira et al. (2017) investigated consumers’ demand for automatic
delivery stations (i.e. locker point CDPs) in the city of Belo Horizonte. In particular, they
investigated consumers’ preferences in relation to selected attributes of deliveries, such as
the location of delivery, the delivery time, the availability of parcel tracking information,
and the cost of transportation. They used a factorial design (discussed in Chapter 3) to
generate choice sets where four attributes and two alternatives (i.e. home delivery and
locker points) resulted in 16 choice sets (i.e. alternatives), which were divided into four
blocks, each comprising four choice sets. Based on the SP data thus obtained, a multinomial
logit (MNL) model was estimated to estimate the importance of the attributes and
determine the probability of locker points being chosen. Home delivery was found to be
the preferred option for a majority of the consumers.
Another recent study, Zhu et al. (2019), investigated Chinese consumers’ choice of mode
of receiving goods bought online, using a cross-nested logit model. They used SP data that
was obtained through a survey, which used choice sets designed on the basis of the
researchers’ judgement and without using any experimental design. Two types of home
deliveries (i.e. attended and unattended) and unattended deliveries to CDPs, formed the
three competing alternatives. Also, each of the two home delivery options and deliveries
via CDPs had two further options: parcels are delivered by a professional courier person
or by a non-professional person, thereby resulting in six options. Four delivery time-slots,
during which the parcels were to be delivered, were considered. This resulted in 24
different choice sets (i.e. alternatives) to be evaluated by each survey respondent. The
delivery done by professional courier people during the ‘4 pm to 6 pm’ time-slot was found
to be most popular, while the delivery done through unattended CDPs during the ‘8 am to
10 am’ time-slot was found to be least popular.

2.13

Identifying Optimal Number and Locations for CDPs

As described in Chapter 1, the majority of the existing facility location problem studies
were typically done from the service providers’ perspective (i.e. minimizing delivery costs
or maximizing the profit). For example, Zhang et al. (2017) proposed locations of UCCs in
a Chinese city to be used for delivering fresh food that is sold online. The objective function
of the ‘fruit fly’ algorithm was aimed at minimizing the service provider’s transport cost.
Similarly, Orjuela-Castro et al. (2017), using a mixed linear programming model,
investigated UCCs for distributing perishable food items in Colombia. The algorithm used
was aimed at minimizing the sum of the fixed costs and transport costs between each of
the demand nodes and UCC locations. Other studies (e.g. Simoni et al., 2018; Kartal et al.,
2017; van Duin et al., 2013) determined the optimal configurations of UCCs as a part of
vehicle routing problem, where optimal vehicle fleet and delivery routes were identified
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sequentially, using the optimal locations of UCCs, with a view to minimizing service
providers’ costs.
Likewise, taking a service-provider-centric approach, Deutsch and Golany (2018)
adopted an un-capacitated FLP to design a parcel locker network, by determining the
optimal number, locations, and sizes of parcel lockers (i.e. locker point CDPs) that can be
shared and used by multiple e-commerce companies in Toronto. The objective function
was aimed at maximising the total profit, consisting of the revenue from customers who
use the service, minus the facilities’ fixed and operational costs, the discounts in the
delivery costs for customers who need to travel to collect their parcels, and the loss of
potential customers who are not willing to travel to use the service. Based on a heuristic
approach, Veenstra et al. (2018) studied a combined ‘facility location and vehicle routing’
problem. The study was aimed at determining suitable locations for installing lockers in
the Netherlands to enable people to receive medication from local pharmacies and for
generating optimal routes to the selected locker locations while minimizing the routing
cost and the cost for opening lockers.
In addition to the above service-provider-centric studies, a few studies have
investigated locating UCCs, to reduce greenhouse gas emissions along with service
providers’ costs, due to increasing concerns about global climate change. For instance,
Xifeng et al. (2013) solved the classical uncapacitated FLP to determine the trade-off among
economic, service and environmental aspects of establishing UCCs. They observed that
from a narrow economic perspective, it may be desirable to open more facilities than
optimal, to reduce the carbon dioxide emissions of transport and to improve service
reliability. Likewise, Harris et al. (2014), using a capacitated FLP, determined the number
of distribution facilities that should be opened, to satisfy entire customer demand while
minimizing both the monetary cost and the environmental impact (in terms of carbon
dioxide emissions) from operating depots and transport.
However, currently, there are a few studies that considered locating CDPs (or other
collection/distribution facilities) from the point of view of consumers (i.e. taking a
consumer-centric approach), who need to collect parcels from (or deliver parcels to) CDPs
or collection/distribution centres. For example, Wu et al. (2015) adopted a heuristic
approach to locating parcel collection points in Singapore. They used both the distribution
of potential customers and public transport ridership records to identify “people crowding
patterns” at public places during the various times of a day. Places near crowds of people
were assumed to be more convenient for establishing parcel collection centres than
distantly located places. Since a large proportion (78%) of workers in Singapore travel by
public transport, it seems reasonable to identify CDP locations based on public transport
ridership patterns. However, in a city where the public transport share is low, such as
Christchurch with only 2% (NZ Ministry of Transport, 2015b), it will not be sensible to
attempt CDP location selection based on public transport data. Similarly, taking a
consumer-centric approach to LA modelling, Alvarado and Liu (2019) identified countrywide locations for providing the parcel self-collection service (via service point CDPs) at
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the outlets of a department store chain in the US. They formulated a binary integer
programming function aimed at maximising savings, in terms of the transport cost for
consumers and service providers, along with a reduction in the CO2 emissions.

2.14

Research Gaps

Based on the literature review shown in this Chapter, several research gaps were identified,
and they are listed as follows.
•

The factors discussed in Sections 2.9 and 2.10 along with other (unknown or latent)
factors may influence consumers’ tendency to buy online and/or use CDPs. Also,
Holguín-Veras et al. (2017) recommend that a thorough understanding of the
behaviour of target users (e.g. online shoppers in New Zealand) of any urban freight
policy (e.g. a CDP service) is vital for the successful implementation of the policy.
Therefore, given the differences (see Section 2.10) between New Zealand and other
contexts (i.e. mainly the European context), where CDPs have been popular, and as
CDPs are new for New Zealanders, it is essential to understand the factors likely to
govern their choice of using a CDP to collect and/or return goods bought online, in
place of relying on home delivery. In addition, a qualitative investigation of New
Zealanders’ online shopping behaviour, in general, and their willingness to use a CDP
to receive goods bought online, in particular, will help provide a foundation for the
quantitative analysis needed to be done, to understand their choice behaviour and
estimate their likelihood of using a CDP. Despite having a large number of studies
being done worldwide to investigate the online shopping behaviour of consumers, the
online shopping behaviour of New Zealanders has not been dealt with in detail, at least
to the best of the researcher’s knowledge, and only a handful of studies (e.g. Alsuwat,
2013; Brown et al., 2003; Shergill and Chen, 2005; Doolin et al., 2005) have been
attempted in this area in New Zealand (see Section 2.4). Therefore, this study attempts
to investigate online shopping behaviour of New Zealanders, with a strong focus on
their willingness to use CDPs (i.e. Research Objective 1).

•

There has been a lot of debate on whether online shopping substitutes or complements
consumers’ in-store shopping travel (see Section 2.5). It must be noted that to the best
of the researcher’s knowledge, the previous studies did not consider the consumer
attitude towards missing attended deliveries and using CDPs when examining the
travel implications of online shopping. Therefore, this study considered consumer
attitudes towards missing attended deliveries and using CDPs, as explanatory
variables for modelling consumers’ online shopping frequency. This is expected to help
identify the characteristics of online shoppers, with respect to missing attended
deliveries and collecting parcels from CDPs. This knowledge can help predict the likely
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effect of online shopping on consumers’ in-store shopping travel, the travel to collect
parcels from CDPs and delivery-vehicles’ travel (i.e. Research Objective 2).
•

Note that there are several studies (e.g. Rai et al., 2017; Devari et al., 2017; Marcucci and
Gatta, 2017; Punel and Stathopoulos, 2017a, 2017b) that investigated consumers’ choice
behaviour with respect to using various types of last-mile delivery alternatives (e.g.
delivery during specific time-slots, off-hour deliveries and crowd-sourced deliveries).
However, to the best of the researcher’s knowledge, only a few studies, which are
discussed in Sections 2.11 and 2.12, modelled consumers’ choice of using a CDP. A
stated preference approach via experimental designs has been rarely used for analysing
the choice behaviour of consumers with respect to using CDPs to receive goods bought
online. Moreover, advanced logit models, such as latent class (LC) models, which can
yield additional information in terms of group-based preferences, have not been used
in previous studies in this context. Therefore, this study differs from the previous
studies in that it accounts for the heterogeneity in preferences of different groups (i.e.
segments) of consumers, by estimating LC models and latent class - mixed logit
(LCMXL) models, in addition to estimating MNL and MXL models that were estimated
by previous studies (i.e. Research Objective 3).

•

Moreover, this study aims to derive consumers’ willingness-to-pay (WTP) estimates,
elasticities and marginal effects of considered attributes. The estimated models show
the weight consumers assign to each attribute underlying their choice behaviour, which
information helps to provide insights necessary for establishing CDPs.

•

It is worth noting that among the two types of CDPs defined above in Section 2.8, the
suitability of service point CDPs is apparently a forerunner for implementing the more
technology-based locker point CDPs. Besides, as mentioned in Chapter 1, service point
CDPs can be established using the existing facilities (e.g. dairies and supermarkets)
without having to build new infrastructure. Therefore, along the lines of the above few
studies (see Section 2.13), this study adopts a consumer-centric approach to identifying
an optimal configuration of locations for establishing service point CDPs (i.e. Research
Objective 4). Additionally, this study compares the suitability of five types of
businesses (e.g. supermarkets) for use as CDPs, from the consumer perspective.

•

The present study aims to fill the above research gaps, using Christchurch city as a case
study. The research method adopted in this thesis is described in the following section.

2.15

Research Method and Framework of Analysis Methods

The research method adopted in this study is shown pictorially in Figure 2.1. The current
chapter describes the literature review and the research gaps identified in this study. Once
the gaps were identified and research objectives were set, data collection was undertaken
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via focus groups, interviews and online surveys. Data thus obtained were cleansed and
analysed using various analytical methods, such as content analysis, discrete choice
modelling and location-allocation modelling. The results of the various analyses are
discussed in relation to the intended research questions and objectives described in
Chapter 1. The limitations of the study and directions for future research are discussed
towards the end of the thesis.

Problem Identification

Literature Review
Identification of Research Gaps
Finalisation of Research Objectives
Focus Groups
Interviews

Data Collection

Online Survey

Data Cleansing and Handling

Design of the Survey
Questionnaire

Data Analysis
Qualitative Content Analysis

Discrete Choice Modelling
Location-allocation Modelling

Discussion of Results
Conclusions
Limitations of the Study
Directions for Future Research
Figure 2.1 Research method

Figure 2.2 summarises the framework of analysis methods and modelling techniques that
have been adopted in this study to achieve the various research objectives. This framework
will be applied step by step in Chapters 5, 6, 7 and 8 of the thesis.
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Qualitative Content Analysis
Examining the advantages and disadvantages of online shopping for
consumers, and consumers’ perceptions and expectations of using CDPs to
receive/return goods bought online.
Ordinal Logit Model
Examining the effects of online shopping on several components of
consumer shopping travel and goods’ last-mile travel, such as consumers’ instore shopping travel, travel to collect parcels from CDPs, and deliveryvehicle travel.
Discrete Choice Modelling (MNL, MXL, LC, LCMNL, LCMXL)

Examining the factors governing consumers’ choice of using a CDP, to
receive (or return) the goods bought online; and examining the relative
importance/weight of those factors in their choice decision.

Location-Allocation Modelling (Set-Covering Problem, Modified Pmedian Problem)

Examining the optimal number and locations for establishing service point
CDPs for Christchurch.

Figure 2.2 Framework of analysis techniques
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Chapter 3. Review

of

Methods

of

Data

Collection and Analysis

“Not everything that can be counted counts, and not everything that counts can be
counted.”
-- Albert Einstein

3.1

Review of Data Collection Methods

Data collection methods can be classified based on the type of data required for a study.
Data are of two types, namely qualitative data and quantitative data. Qualitative data is
defined as “data involving understandings of the complexity, detail, and context of the
research subject, often consisting of texts, such as interview transcripts and field notes, or
audio-visual material” (Hox and Boeije, 2005, p.593). Quantitative data is defined as “data
that can be described numerically in terms of objects, variables, and their values” (Hox and
Boeije, 2005, p.593).
Qualitative data and quantitative data are analysed using qualitative analysis methods
(e.g. Grounded Theory and Thematic Analysis) and quantitative analysis methods (e.g.
Descriptive Statistics and Inferential Statistics) respectively (Frechtling, 2002). However,
there also exists another analysis method, called the ‘mixed method’, where both
qualitative data and quantitative data are collected and analysed, and the findings are
integrated and inferred upon in a single study (Doyle et al., 2009). The mixed method is a
fairly new and less used method, and hence it is not used in the thesis (see Bryman, 2006,
for more details about the mixed method). Note that qualitative and quantitative analysis
methods will be described in detail in the ‘review of the analysis methods’ section.

3.1.1 Qualitative Data Collection Methods
Methods meant for collecting qualitative data typically involve the researcher’s direct
interaction with purposively sampled individuals (i.e. selected subjectively), either on a
one-to-one basis or in a group setting. Qualitative data collection methods seek richer data
to provide a deeper insight into the problem at hand, and hence are generally timeconsuming and expensive. The sample size for studies based on qualitative data is typically
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smaller than in studies based on quantitative data (Ziebland and McPherson, 2006). Also,
the sample size cannot be pre-determined because the selection of participants goes handin-hand with analysis (Boeije, 2009). There are four main methods of collecting qualitative
data, namely focus group discussions, in-depth interviews, observational methods and
document analysis/review (Green and Thorogood, 2018). Focus group discussions and indepth interviews were used because they are the most appropriate methods to elicit
people’s preferences and willingness to use CDPs and their willingness to have their
business contracted as a CDP location (Gill et al., 2008). Hence, they were adopted to obtain
the qualitative data required for this study. The other two methods (i.e. observational
methods and document analysis) are not discussed in the thesis. The methods adopted in
this study to obtain qualitative data are discussed in the following sections.

3.1.1.1 Focus group discussions (focus groups)
A focus group refers to group discussions that are done to investigate a specific set of
questions, such as people's opinions regarding certain products, services, or ideas. The
discussion is said to be 'focused' because it involves a group activity aimed at examining a
particular idea (Kitzinger, 1994). Focus group sessions are moderated (i.e. facilitated and
recorded) either by the researcher or by a trained professional (Kitzinger, 1994; Morgan,
1997). Focus groups are typically used as part of large research studies where the
information obtained via focus groups is expected to guide the design of other data
collection instruments, such as surveys or interviews. For example, in this study, as CDP
services have become available only recently in Christchurch (provided by NZ Post), it was
important to first carry out an exploratory study about perceptions, views, and concerns
of consumers about CDP services, before carrying out a quantitative exercise to model
consumers’ choice of CDPs. This combined approach is likely to provide deep insights into
consumers’ choice behaviour related to using CDPs. However, focus groups can also be
used independently of other data collection methods in their own right (Clifton and
Handy, 2003; Kitzinger, 1994). For example, focus groups can reveal causal relationships,
based on people’s explanations with respect to the relevant issues, which are sometimes
more important than quantitative interpretations.

3.1.1.1.1 Strengths and weaknesses of focus groups
Focus groups provide a rapid and cost-efficient means of data collection compared to
individual interviews, as more data (i.e. data from several people) can be obtained per
session held (Stewart and Shamdasani, 2014). There are several sampling related
advantages of focus groups. For instance, people who are unable to read or write can also
participate, as they can share the information verbally. Also, people who are hesitant about
being interviewed personally, perhaps due to the isolation involved in one-to-one
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interviews, can participate in focus groups more confidently. Similarly, people who feel
shy about initiating a discussion, but could join in the discussion initiated by others, can
be encouraged to participate (Kitzinger, 1995). Moreover, the results of focus group
discussions can be presented in a simple way using participants’ quotations (Thomas et al.,
1995).
On the other hand, there are some challenges associated with focus groups. For
example, the recruitment of a relevant and adequate number of participants, to run
meaningful sessions may be challenging, especially because participants typically need to
have a reasonable understanding of the subject matter, to be able to contribute to the
discussion. Depending on the complexity of the subject under investigation, focus group
sessions may well engage participants for a reasonably long time (say two hours).
Furthermore, as participants are required to remain present at a designated time and place,
they are often deterred from participating in a focus group session. This poses difficulties
in achieving the desired sample of respondents. Moreover, some people might feel more
comfortable to discuss in a one-to-one setting and more reluctant to voice their opinions in
a larger group setting. It could be because their opinions seem to be completely different
from others’ or it could be more related to the personalities of the individuals (Rabiee,
2004).

3.1.1.1.2 Design of focus groups
The number of focus group sessions to be conducted cannot be pre-determined. They are
often conducted until a clear pattern emerges from the discussions, and when theoretical
saturation is reached (i.e. subsequent groups cease to reveal any new information)
(Krueger et al. 1994). Regarding the optimum number of participants, Krueger and Casey
(1994) suggest that smaller groups have greater potential for a clear discussion, and hence
6 – 8 participants is an ideal number. Furthermore, if there are pre-existing groups among
the focus group participants, relating to each other’s comments is easy for participants
(Kitzinger, 1994). On the contrary, as per Thomas et al. (1995), more honest and naturally
expressed opinions can be obtained if participants are unknown to each other. Also, it
prevents pre-existing relationships (e.g. someone in the group being the leader) affecting
the freedom of others to express views in the discussion. However, as per Burrows and
Kendall (1997), it also depends on the skills of the moderator, because a skilful moderator
tends to be able to avoid the effect of existing relationships by creating an environment in
which all participants, whether known to each other or not, feel relaxed and confident to
exchange views about the notion under study. As per Krueger and Casey (1994), groups
that are homogeneous (e.g. believers of a particular idea), yield rich focus group data. This
is because homogeneity can help participants to engage more in the discussion. However,
this notion is not supported by many other researchers (see Rabiee, 2004).

45

3. Review of Research Methods

3.1.1.2 In-depth interviews
An in-depth interview (hereafter, referred to as an interview) is an exploratory and probing
conversation that involves an interviewer (e.g. a researcher) putting questions to an
interviewee (i.e. a person having expertise on a specific topic/idea) to extract as much
information as possible, to be able to understand the phenomenon under study (Guest et
al., 2013). Interviews are conducted flexibly so as to offer interviewees a good deal of
flexibility to express their ideas in their own words and visual cues. However, the
interviewer directs the conversation discreetly to ensure that adequate information is
obtained from the discussion within the stipulated time (Morris, 2015). The time required
for conducting an interview depends on several factors, such as the topic of discussion, the
skills of the interviewer and the depth of the interviewees’ answers. Although interviews
are ideally done face-to-face, they can be as effective as face-to-face interviews when
conducted via telephone or video-conferencing (Morris, 2015).
Interviews give researchers access to rich personal information and allow probing and
following up of responses, which helps in examining the complexity of the issue. Also,
non-verbal cues of interviewees help in building on the information obtained from the
interview (only if it is conducted face-to-face). However, given that interviews are often
conducted with a small number of people, generalisation to the population is difficult.
Also, the results of the study might be affected by the ‘interviewer effect’ (e.g. judgemental
personality of the interviewer).
Typically, interviews are conducted using one of the three interview formats, namely
structured, semi-structured and unstructured interviews (Roulston and Choi, 2018).
Structured interviews follow a standardised format where the points of discussion are predetermined, and a survey is conducted by asking questions in a specific order that is
controlled by the interviewer. In semi-structured interviews, the points of discussion are
fixed but the sequencing of questions is participant-led, and thus they are considered to be
less-rigidly formatted. Unstructured interviews are considered to be loosely formatted and
likely to resemble an everyday conversation, because the interviewer might not use a predesigned interview guide, and the points of discussion and the order of questions are both
participant-driven (Guest et al., 2013; Morris, 2015).

3.1.2 Quantitative Data Collection Methods
The commonly used methods to collect quantitative data include (1) experiments and (2)
structured questionnaire surveys (Hox and Boeije, 2005). Experiments have not been used
in this study and hence are not discussed in the thesis. Questionnaire surveys are typically
done to obtain information about a reasonably large number of factors related to the study,
and preferably from a larger and randomly selected sample of target respondents. They
provide a less detailed information than provided by the qualitative data collection
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methods. Surveys do not necessarily involve direct interaction with participants, as the
data collection process can be self-administered (e.g. using online surveys), and hence
surveys can avoid the results being affected by the ‘interviewer effect’ (e.g. judgemental
personality of the interviewer). Surveys typically comprise questions whose answers do
not require further probing, and thus they are often suitable only for studies where simple,
closed-ended responses are sought. While the physical presence of participants, which can
be cost-intensive, is not necessarily required, surveys may also turn out to be expensive,
depending on other factors, such as the amount of information needed (i.e. longer surveys
tend to have low response rate), the number of responses required to ensure reliability and
validity (i.e. the greater the number of cases sought, the greater the survey costs, e.g. time
and money) (Frechtling, 2002).

3.1.2.1 Traditional survey methods
Traditionally, surveys are conducted by telephone, face-to-face, or using self-administered
mail-back questionnaires. Telephone-based surveys are believed to have advantages, such
as low cost, easy access to distantly located respondents, enhanced interviewer and
interviewee safety, anonymity and privacy and less social pressure. However, there are
also drawbacks associated with this method, such as difficulty in reaching out to a wider
population due to partial coverage of fixed-line telephones, low response rate, the need for
shorter interview duration, and inability to observe the visual or non-verbal cues (Novick,
2008).
Face-to-face surveys (i.e. surveys assisted by the researcher by being present with a penand-paper based or computer based questionnaire when a respondent fill in the survey)
provide benefits, such as good response rates, clarity in responses to complex questions,
and the ability to witness and respond to the respondent’s non-verbal cues (Morris, 2015).
At the same time, these surveys may be expensive, time-consuming, limited in their
geographic reach, subjected to the interviewer-bias (e.g. distortion in data due to
interviewer’s characteristics or preconceptions about the hypothesis under study; Frey,
2018) and the social desirability bias (i.e. tendency to give only socially acceptable answers;
Lewis-Beck et al., 2004), and susceptibility to difficulty with exploring sensitive topics
(Duffy et al., 2005).
In contrast to the above two methods, mail-back questionnaire surveys are a low-cost
option that has a wide geographic reach and no interviewer bias involved. Also, as this
method typically maintains respondents’ anonymity, sensitive topics can be explored
relatively easily. Notwithstanding the lengthy response period that it usually requires, the
response rate (i.e. ratio of the number of survey respondents to the number sampled) is
usually low, as questionnaires are completed and returned mainly by the well-educated
people. Moreover, it is difficult to know whether the survey is filled by the designated
participant or somebody else (Sue and Ritter, 2012). More information on the traditional
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methods of conducting surveys can be found in Duffy et al. (2005), Frey (2018), Lewis-Beck
et al. (2004), Novick (2008) and Sue and Ritter (2012).

3.1.2.2 Internet-based surveys
In contrast to the traditional methods, Internet-based surveys (e.g. web-based surveys, email surveys or online panel surveys) have become a popular means of data collection, due
to the recent developments in information and communication technology (Sue and Ritter,
2012). Several studies (e.g. Doolin et al., 2005; Kim et al., 2017; Kusumastuti et al., 2011;
Kusumastuti and Nicholson, 2018) adopted Internet-based surveys to collect the data
required in those studies. This method offers many advantages over the above-mentioned
traditional survey methods. For instance, the cost involved in conducting an online survey
may be lower than for traditional surveys, especially if the desired sample is fairly large
and widely distributed geographically, because the traditional methods would need
comparatively more time and resources to contact the sample and obtain the completed
responses. In addition, the often error-prone and labour intensive task of data entry can be
circumvented (Solomon, 2001), as data obtained through the online surveys conducted via
sophisticated survey design packages (e.g. Qualtrics) is stored directly into a database
prepared for analysis, which process helps in retaining the accuracy of data.
The formatting-related features available in such packages help in making the
questionnaire user-friendly and attractive, which may well lead to better response rates. In
addition to this, with the help of such packages, it is possible to randomize the order of
questions and the order of choices available for each question and tailor the flow of
questions based on the information supplied by the respondent earlier in the survey. One
of the drawbacks of the Internet-based surveys is the sampling bias (i.e. over- or underrepresentation of one or more type of person in the sample) because only those people who
use the Internet can be part of the sample. Therefore, the collected responses need to be
checked for representativeness to check for sampling bias. Sampling bias can be identified
by comparing the survey results with the known values of the population parameters, such
as income, age, and gender, as done in other studies (e.g. Corpuz and Peachman, 2003;
Gould et al., 1998; Kim, 2014; Kim and Nicholson, 2014). Even if the tested parameters turn
out to be free from sampling bias, it is difficult to conclude that other parameters are also
free from that bias (Armstrong and Overton, 1977). However, this is one of the most
commonly used methods for testing the representativeness of the sample, regardless of the
survey method used (see Sue and Ritter, 2012, for more information on Internet-based
surveys).
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3.1.2.3 Recruiting participants for a survey
Participants for surveys can be recruited in several ways, such as using telephone
directories, embedding the survey in a website, mass emailing of the survey, and using
online panels. Telephone directories have been traditionally used to select the households
for sending questionnaire forms (Gould et al., 1998; Koppelman et al., 1991) or to conduct
telephone-based interviews (Hjorthol, 2002; Lenz, 2003; Zhang et al., 2007). However, a
drawback associated with this method of recruiting participants is that it leads to sampling
bias because more and more people nowadays (irrespective of income levels) do not have
fixed-line telephone subscriptions and mainly use mobile phones.
In web-based surveys, typically every nth visitor to a website is offered the opportunity
to take part in the survey, and multiple submissions from the same device are prevented.
For instance, Crocco et al. (2013) conducted a survey to investigate people’s choices of
shopping mode, by posting a hyperlink (i.e. web address) of the survey questionnaire on
the website of an online journal. One of the drawbacks of this approach is that it can gather
responses only from a specific part of audience (e.g. frequent readers of the online journal
in this case). This may lead to a biased sample, in terms of respondents having similar
characteristics, such as profession, time-constraints, and similar tastes and preferences.
This can be mitigated by accommodating a wide variety of people in the sample, either by
hosting the survey on several websites that belong to different areas of interest, or sharing
a link to the questionnaire through e-mail, in addition to hosting the survey on website(s),
as done by (Farag et al., 2003; Tonn and Hemrick, 2004).
In e-mail surveys, the target respondents are sent a survey invitation via email that
carries a hyperlink, which redirects respondents to the website where the survey is hosted.
While this can also be a cost-efficient and fast method of conducting surveys, it works well
mainly in closed populations, such as employees at a company or students at a university,
because the researcher needs to have access to the database of email addresses of potential
respondents (Sue and Ritter, 2012). A set of other studies (Doolin et al., 2005; Tonn and
Hemrick, 2004) employed e-mail as a means to distribute the survey questionnaire.
Another (and recent) method of recruiting participants is seeking responses from online
panel members who have agreed to be contacted for participating in research via surveys,
interviews or focus groups. Such panels are usually administered by market research
companies or companies involved in large scale data collection works (e.g. Research Now).
The panel members are typically incentivised with extrinsic rewards for completing
surveys, based on the average time required to complete the survey. The rewards can be
in terms of gift vouchers, entry into prize draws, or direct monetary payments. Often,
online panels maintain a database of their members’ socio-demographic, household and
personal characteristics, which is used to administer survey invitations, such that only
relevant or qualifying members receive an invitation to participate in a survey (Smith et
al., 2016). Panel members are invited to take part in the survey usually via email, where a
hyperlink to the survey is provided. The contact details of the panel members are not
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disclosed to the researcher, and the researcher shares a hyperlink to the survey, with the
company administering the survey. Often, online panel companies seek to tightly control
the quality and integrity of the panel by regularly exercising checks on members’ response
pattern to identify objectionable response behaviours (e.g. completing a survey very
quickly, or answering incorrectly to ‘attention check’ questions) (Smith et al., 2016). An
‘attention check’ question appears deceptively easy if the respondent is just skimming the
survey, but there are instructions included in the text of the question as to what answer is
to be given, regardless of the question being asked, to identify the likely non-attentive
respondents. For example, asking respondents to ‘select the colour of the sky’ out of ‘blue
colour’ and ‘orange colour’, but inserting an instruction in the text that “select only orange
colour as the answer to this question, so that we know you are paying attention to the
survey”, is an example of ‘attention check’ questions. Also, no member is allowed to take
the same survey more than once. Therefore, the selection of a reliable online panel is crucial
for the quality of data and, subsequently, the results of the study (Lee et al., 1997).
All considered, there are pros and cons associated with every data collection method.
However, as this study is focused on modelling online shoppers’ choice behaviour, people
who have had online shopping experience were considered to be more suitable for use as
the target study population. Since it is essential to have access to the internet to be able to
do online shopping, and because online panel members are more likely to have ready
access to the internet, online panel surveys were considered to be the most appropriate
method of data collection for this study.

3.1.2.4 Revealed preference (RP) data
The concept of using data obtained from actual events (i.e. RP data) for developing choice
models consistent with market behaviour, was put forward by Samuelson (1938). RP data
refers to observations about choices or decisions that are made in real life and in the
presence of market constraints (e.g. outdated technology that is no more available) and
decision makers’ personal constraints (e.g. income). Thus, RP data are believed to reflect
true market behaviour (Hensher et al., 2005). This strengthens the applicability of RP databased choice models for realistic forecasting and prediction of market shares (Hensher et
al., 2005; Louviere et al., 2000). For collecting RP data, the attributes (i.e. explanatory
characteristics of a good or service) need to be pre-determined by the researcher based on
the attributes in the market, but the attribute levels (i.e. values of the explanatory
characteristics) are provided by the respondents themselves or are those adopted by the
market. RP data comprise one observation per respondent, unless using panel surveys,
which may have several observations per respondent, as panel surveys imply two or more
surveys being done at a specified interval of time.
However, as RP data-based models are estimated with respect to the existing situations
(i.e. currently available alternatives, attributes, and attribute levels), which may have a
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limited variability, such models are limited in their use for forecasting market shares in
situations where attribute levels differ significantly (from those, based on which range of
levels the models were estimated), or where new alternatives and hence new attributes are
incorporated in the market (Louviere et al., 2000). Note that alternatives refer to the set of
options available to decision makers, e.g. home delivery and self-collection from a store,
are considered as alternatives for the mode of receiving goods bought online. Moreover, it
is difficult to transfer an RP data-based model for one area to another area, if the choice
alternatives present in the first area differ substantially from those in the second area. Also,
the parameters of RP data-based choice models may represent the characteristics of the
previous study area rather than more commonly applicable utilities (Louviere and
Timmermans, 1990). It should also be noted that as RP data seek information about
people’s actual choice decisions (e.g. choosing home deliveries to receive goods bought
online) is required, collecting RP data can be costly in terms of both time and money.

3.1.2.5 Stated preference (SP) data
SP data refers to information about decision makers’ preferences or choices under
specifically designed, stated hypothetical combinations of attributes, where each
combination is considered a different alternative. Thus, SP data comprise multiple
observations per respondent at each of the observation points (Louviere and Timmermans,
1990). In contrast to RP data, where attribute levels are sought from respondents, SP data
require the relevant attributes and their levels to be pre-specified by the researcher, in
terms of hypothetical combinations. SP data are better than RP data when it comes to
assessing the results of incorporating new alternatives that have emerged due to
technological advancements, or when one or more of the attributes of the existing
alternatives are not present, or when the attribute levels differ considerably from that of
existing alternatives (Louviere and Timmermans, 1990). However, lack of realism is often
an issue with SP data, given that it is collected based on hypothetical choice experiments,
and this leads to data being affected by hypothetical bias (i.e. the error induced due to not
presenting the decision makers with actual situations) (Schulze et al., 1981).
There are various types of SP methods, such as contingent valuation, choice experiment,
trade-off analysis, etc. (Carson, 2012; Carson and Louviere, 2011; Hensher et al., 2005).
However, contingent valuation (CV) and choice experiment (CE) are the most commonly
used SP methods. The CV technique was first proposed by Ciriacy-Wantrup (1947, 1952)
as an econometric analysis for the valuation of non-market goods or services, such as ‘a
view of a public beach’. Although such products are not sold in the market, they do provide
benefits or utilities to people. Therefore, the CV method involves estimation of benefits to
people from non-market goods, in monetary terms, such as willingness-to-pay (WTP) to
have a desired good or service that is currently not available to them, or minimum
compensation (WTA) to voluntarily give up using a good or service, via elicitation of
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people’s ‘preferences’ for those goods or services (Carson and Hanemann, 2005). Note that
‘preferences’ are typically recorded in terms of rankings or ratings given by individuals to
various combinations of attributes.
The CE method is another type of SP method, which has its roots in conjoint analysis
and was initially developed by Louviere and Hensher (1982) and Louviere and
Woodworth (1983) in the transport and marketing literature. This method is aimed at
estimating econometric models (i.e. utility functions) that capture respondents’ choices for
the considered alternatives and explaining their assessment of the levels of attributes of
those alternatives. Thus, it involves respondents making a discrete choice from amongst a
number of alternatives, each of which contains a finite set of combinations of attributes
with varying levels. This implies that no information is recorded about the respondent’s
relative preference/choice for the non-chosen combinations (Hensher, 1994). The choice
situations (or choice sets) to be presented to respondents are derived via the experimental
design method, as described in the following section. This study will be using the CE
method, and hence only this method is discussed in detail in the thesis. Note that the term
‘SP method’ has conventionally been used to signify methods involving responses
obtained in terms of both preference and choice. However, in this study, the term ‘SP
method’ will hereafter signify the CE method.

3.1.2.5.1 Experimental design
Experimental design is a process meant for generating the design of choice experiments
(i.e. choice sets) to be presented to respondents in the SP survey, which design enables the
researcher to measure the effect of changes in levels (i.e. manipulation of levels) of one or
more explanatory variables on a response variable (Lancsar and Louviere, 2008). The
manipulations of levels of the variables, however, are not done randomly; instead, they are
determined based on a statistical procedure that is comprised of eight stages, as shown in
Figure 3.1. While the steps are briefly discussed in the following paragraphs, more details
about the experimental design process can be found in Hensher et al. (2005).
Refinement of research problem
Refinement of a research problem can be done by reviewing the literature relevant to the
study, through which the questions intended to be answered by the study, and thus the
hypotheses to be tested can be developed. For instance, one of the questions to be answered
by this study is “what factors govern online shoppers’ choice of mode of receiving goods
bought online?” The identified research question helps in establishing the hypotheses to
be examined in the study, which, in turn, facilitates the identification of questions to be put
to the sample of online shoppers. For example, it may be hypothesised that ‘shipment cost’
and ‘shipment time’ govern the consumers’ choice of mode of receiving the items bought
online (e.g. home delivery or self-pick-up from a store). Let’s say, the delivery mode with
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Figure 3.1 The experimental design process (Hensher et al., 2005)
greater shipping cost and shipment time will have a lower proportion of consumers using
it, to receive the items bought online. To be able to test the above hypothesis, it will be
necessary for the researcher to ask respondents about their choices of goods’ delivery
modes given the combinations of varied shipping cost and shipment time.
Identification and refinement of stimuli
Once research questions and hypotheses are fixed, the identification and refinement of
stimuli, i.e. alternatives, attributes, attribute levels, and attribute level labels, are done
(Lancsar and Louviere, 2008).
Focus groups and/or interviews can be employed to facilitate the identification of
alternatives, attributes, attribute levels, and attribute level labels (Note: focus groups and
interviews were described earlier in Section 3.1.1). Initially, all the relevant alternatives,
regardless of whether or not they are currently available to the decision makers, should be
identified. For instance, home delivery, self-pick-up from a store, and collection from
CDPs, can be considered to form a finite set of possible alternatives. It should be noted,
however, that it is not always feasible to study all the available alternatives, either due to
practical reasons (e.g. cost constraints to collect data for many alternatives) or due to
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methodological reasons (e.g. statistical complexity involved in studying too many
alternatives simultaneously). Once the alternatives are identified, attributes of the
alternatives important for decision making (e.g. based on the researcher’s experience
and/or previous studies) are identified. For instance, travel distance can be considered to
be of importance to consumers when deciding whether to collect their items from CDPs. It
is important to also consider that the attributes should be able to be expressed clearly, so
as to ensure that the description of the attributes is not ambiguous and means the same to
different parties (e.g. the researcher, decision makers - consumers, and policy makers courier companies).
The attribute levels are used to run the design process and are presented to survey
respondents using the attribute level labels, in terms of either quantitative labels (e.g. labels
for shipping cost: $2 or $4 or $6) or qualitative labels (e.g. labels for parcel delivery days:
‘weekdays’ or ‘weekdays + weekends’). The decision on the number of levels to be adopted
must be done carefully, because each respondent may derive different utility from different
attribute levels, and the greater the number of levels of an attribute measured, the greater
the information needs to be collected form the respondents. For instance, with a greater
number of levels adopted, it is possible to identify the nature of the underlying relationship
(i.e. linear or non-linear) between the utility (i.e. the degree of satisfaction) and the
attribute, by calculating the ‘marginal utility’ for each of the levels of that attribute.
‘Marginal utility’ is the utility derived by changing the levels of a single attribute (all others
being constant). However, this additional information comes at the cost of the requirement
of greater number of observations to be made by each respondent of the SP survey, which
will undoubtedly add to the cost of the study and may also reduce the quality of the
respondents’ answers, as they will need to make a greater cognitive effort to complete the
survey.
The decision on the range of levels (i.e. attribute level labels) to be adopted for the
selected attributes can be made by examining the experiences of the decision makers,
related to each of the attributes. It should be noted, however, that possible future
fluctuations in the levels can be accommodated by keeping realistic upper and lower
bounds on the levels suggested by decision makers’ experiences. Also, the levels of the
variables should vary enough to encourage respondents to make a trade-off between
attributes and to avoid respondents ignoring attributes due to a small difference in levels,
which might make choice sets appear very similar to each other (Lancsar and Louviere,
2008).
Experimental design considerations
Design decisions relating to matters, such as the type of design, the type of experiments,
the model specification, the attribute level balance, and blocking the design, are discussed
as follows.
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•

Type of design

The type of design forms an important design consideration. A full-factorial design
involves numerous possible choice situations (i.e. choice sets), which might be too many to
be included altogether in a survey. On the other hand, fractional-factorial designs
statistically decrease the number of choice-sets required to be considered. There are two
types of fractional-factorial designs, i.e. orthogonal designs and efficient designs.
Orthogonal designs are based on the principle of uncorrelated choice sets (i.e. all the
considered attributes must be statistically independent of each other) and provide for the
estimation of independent effects of each attribute. One of the limitations of orthogonal
designs is that choice sets, where one of the available alternatives appears to be always
preferred more than the other alternatives, cannot be avoided (Lancsar and Louviere,
2006). Also, it should be noted that it is difficult to preserve the design orthogonality, as
estimating any additional variable (e.g. socio-demographic characteristics), which was not
a part of the design, will result in data losing orthogonality (Rose and Bliemer, 2009).
Efficient designs, on the other hand, are based on the principle of maximizing the
statistical efficiency of models by obtaining data that minimize the standard errors of
estimated parameters (Huber and Zwerina, 1996). At the same time, efficient designs also
seek to minimize the correlation in the data for estimation purposes (Rose and Bliemer,
2009). Therefore, efficient designs are capable of (1) estimating more precise parameter
estimates, thereby leading to statistically robust models, for a fixed number of observations
and design; and (2) reducing the number of observations required to produce a given level
of precision of parameter estimates, as compared to that required when using orthogonal
designs (Hensher et al., 2005). However, for generating efficient designs, reasonably
accurate prior values of parameters are required to be available. Alternatively, to reduce
the dependency on the accuracy of the prior values, which is necessary for obtaining a
stable design, Bayesian efficient designs can be used, because such designs draw the prior
parameter values from random distributions, rather than considering fixed values (Rose
and Bliemer, 2009).
The efficiency of a design can be assessed using several measures, such as D-error, Aerror, C-error, and S-estimate. The smaller the value of these errors, the greater the
efficiency of a design. The most commonly used measure is the D-error, which maximizes
the determinant of the asymptotic variance-covariance (AVC) matrix (Hensher et al., 2005).
The A-error is another popular efficiency measure, which takes the summation of all
diagonal elements of the matrix, and thus accounts only for the variances and not for the
covariances. The S-estimate is a measure that is computed in terms of the sample size
required to obtain a statistically significant estimate of each parameter. It is based on the
concept that the design should be focused more on parameters that are difficult to be
estimated significantly if some parameters need substantially higher sample sizes than
others (Bliemer and Rose, 2005; Rose and Bliemer, 2009). The C-error minimizes the
variance of the ratio of two parameters and hence is ideally used for problems involving
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willingness to pay (WTP) estimations (Kanninen, 1993; Scarpa and Rose, 2008). More
information about the measures of the efficiency of experimental designs can be found in
Hensher et al. (2005), Rose and Bliemer (2009) and Rose et al. (2012).
•

Type of experiments

Experiments in which the titles of the alternatives are generic in nature, are called
unlabelled experiments. For example, when modes of delivery 1 and 2 are used to describe
the delivery alternatives, such an experiment is called an unlabelled experiment. On the
contrary, experiments in which each of the alternatives are ‘labelled’, are called labelled
experiments (Hensher et al., 2005). For example, when labels such as home delivery and
collection from a CDP are each used to describe the delivery alternatives, such an
experiment is called a labelled experiment. One of the main benefits of using unlabelled
experiments is that they do not require the identification and use of all alternatives within
the universal set of alternatives. On the other hand, the IID (identically and independently
distributed) assumption, which requires all the alternatives considered for modelling to be
uncorrelated or independent, is less likely to be met under labelled experiments, as the
alternative’s label (or name) itself may generate perceptual correlations for the alternatives
in the mind of decision makers. However, if the alternative-specific parameters are to be
estimated, labelled experiments are preferred (Lancsar and Louviere, 2008). Also, if the
focus of the study is on prediction and forecasting, instead of establishing willingness to
pay (WTP) for specific attributes, a labelled experiment is preferred.
•

Model specification

The design of choice sets is done in accordance with the type of model that is to be
estimated. Therefore, the parameters to be estimated need to be specified in the model. The
model type, e.g. multinomial logit (MNL), mixed logit (MXL), or latent class (LC) logit
model, should be chosen in accordance with the objective of the study. The design of choice
sets is determined only for a specific type of model, and thus the design will be sub-efficient
if used to estimate other model specifications and types. For example, an MNL model with
generic parameters will be best estimated, using data obtained from choice sets designed
for the same MNL model. Also, it is important to decide whether the attributes are to be
estimated as generic over alternatives or alternative specific. Estimating the alternative
specific parameters is advisable if the degrees of freedom is not a serious concern (Rose
and Bliemer, 2009). However, each additional parameter in the model represents an extra
degree of freedom, meaning that the experimental design will become larger. Similarly, if
additional variables, such as socio-economic information (e.g. age, gender and income) are
added to the utility functions later during estimation, the models estimated then will be
sub-efficient. Therefore, if possible they should be considered from the beginning (Lancsar
et al., 2007). It should be noted, however, that it is very complicated to include all the
influencing factors in the model from the beginning (Hensher et al., 2005). Furthermore, it
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is necessary to decide whether any interaction effects besides the main effects will be
estimated, and whether non-linear effects will be estimated, because these will need
additional parameters to be estimated, and will increase the number of attribute levels to
be used in the experimental design.
•

Attribute level balance

‘Attribute level balance’ means that each ‘attribute level’ appears an equal number of times
for each attribute (i.e. in an equal number of choice sets). It is typically considered a
desirable property, because this implies that parameters will be estimated on the entire
range of levels, instead of having data points at only one or few of the attribute levels. It
also avoids bias due to presenting one or more levels more than the others. However, the
attribute level balance is, mathematically, a constraint for minimizing the efficiency error,
and hence it always leads to sub-efficient designs (Rose and Bliemer, 2009).
•

Blocking the design

The number of choice sets to be presented to any respondent can be reduced by blocking
the design. The design can be segmented into several blocks (Lancsar and Louviere, 2008),
and each block can be assigned to a different respondent. This implies that two or more
decision makers will need to take parts of the survey independently to complete the full
design (i.e. a complete set of choice sets). It should be noted that the orthogonality of a
design can be maintained only if the complete design is used, i.e. if any of the several blocks
remains unanswered or incomplete, the model estimated using the data obtained by those
incompletely answered blocks will not be orthogonal.
Generation of experimental design (using Ngene) and survey generation (using Qualtrics)
Once the model specification and the method to be used for generating the fractionalfactorial design are decided, it is appropriate to carry out the experimental design. The
design typically consists of a matrix of numbers in which each row represents a choice
situation (Rose and Bliemer, 2006). The numbers in the matrix correspond to the attribute
levels (e.g. three attribute levels ‘orthogonally coded’ as -1, 0, 1) for each attribute, which
are replaced by the labels (e.g. $2, $4 and $6) in the questionnaire. Ngene, a software
package that was developed by ChoiceMetrics Inc., Australia (Rose and Bliemer, 2009; Rose
et al., 2012) can be used for generating the designs of stated choice experiments that are
used for collecting data required to estimate choice models. The order of the choice
situations should be randomized in the survey to avoid the ‘fixed order’ of questions
affecting the modelling results. The design is incorporated in questionnaire survey, either
in a written form on paper, or programmed into software for implementation as an online
survey. As online surveys have several advantages over the other types of survey methods
(as discussed in Section 3.1.2.2), most SP surveys are conducted via online surveys.
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3.2

Review of Analysis Methods

Once the necessary data are collected, it need to be cleansed, transformed and analysed to
discover useful information, which will help to inform decisions related to the hypothesis
being tested. Data analysis can be carried out using various methods depending on the
objectives of the study and the type of data. Qualitative and quantitative analysis methods
relevant to this study are described in the following sections.

3.2.1 Qualitative Analysis Methods
Qualitative analysis methods are more prevalent and long used in other research
disciplines (e.g. social science and health care research), and have gained traction as a
legitimate method for transport research (Clifton and Handy, 2003). These methods seek
to identify opinions, perceptions and motivations about the phenomenon under study
(Flick, 2013). Specifically, they seek answers to questions, such as ‘how’ or ‘why’ does any
phenomenon occurs, rather than answers needed to quantify a phenomenon, which
answers are sought by quantitative methods (Vega and Evers, 2016). Also, qualitative
methods may uncover, factors or ideas that might have not been reported by studies based
on quantitative methods. Moreover, in qualitative methods, the research question (or the
hypothesis to be tested) need not be clearly specified from the beginning of the study;
instead, hypotheses are finalised based on open-ended discussions with a sample of the
target population (Frechtling, 2002). The information yielded by such methods is richer
and provide deeper insights into the problem under study (Kusumastuti et al., 2010;
Patton, 1990). Therefore, such methods are also often used as a basis for developing
hypotheses for quantitative research. However, the information provided by qualitative
analysis of data cannot be easily generalised to the population, as the sample size involved
in qualitative studies is often very small. It should be noted that qualitative studies do not
seek generalisation to population anyway. Moreover, the results are typically subjective to
the researcher, particularly if interviews or focus groups are employed to collect the data.
However, the inter-coder reliability method can be used to ensure validity of results if two
or more independent coders are involved in analysing the data (Lavrakas, 2008).
Qualitative data can be analysed using a variety of analysis methods, such as ethnography,
grounded theory, qualitative content analysis and phenomenology (Hsieh and Shannon,
2005). The qualitative content analysis was adopted in this study and is described as
follows.

3.2.1.1 Qualitative content analysis (QCA)
Content analysis was initially used primarily for quantitative studies, where text data were
coded into obvious categories and described using statistics (Morgan, 1993). However,
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more recently, content analysis emerged as a potential method for qualitative analysis
(Nandy and Sarvela, 1997). Qualitative content analysis (QCA) is a method for subjectively
interpreting and examining the content of textual data, to systematically classify a large
amount of textual information into an efficient number of categories or themes or patterns
that represent similar concepts/rationales about the phenomenon under study (Flick, 2013;
Hsieh and Shannon, 2005). The textual data to be analysed using QCA can be obtained by
various data collection methods, such as interviews, focus groups, open-ended surveys,
observations, etc. There are three approaches to QCA, namely conventional, directed and
summative.
The conventional approach is used when the objective of the study is to describe a
phenomenon. This method is typically considered appropriate in situations where an
existing theory or research finding of a phenomenon is limited (Forman and Damschroder,
2007; Hsieh and Shannon, 2005). It does not rely on preconceived themes; rather themes
and labels for themes are often extracted from the data. The data to be analysed by this
method are collected using open-ended questions or discussions. During the analysis, the
textual data are read repeatedly to derive codes (i.e. words that appear to signify key
thoughts or concepts). All the identified codes are then sorted to form categories (or
themes) based on how different codes appear to be inter-linked. Note that themes can be
grouped further to form super-ordinate themes depending on the relationships between
themes and the number of themes (Attride-Stirling, 2001). However, if the initial themes
are not large in number and able to explain the underlying phenomenon, super-ordinate
themes may not be required to be created. The results of the analysis are reported by using
example quotations corresponding to each of the codes and themes. As pre-conceived
themes are not imposed while collecting the data, the findings of the conventional
approach to content analysis are grounded in the actual data. However, a challenge
associated with this approach is that the analyst may miss identifying important categories
if a complete understanding of the context being studied is not developed.
The directed approach is useful when an existing theory is to be conceptually validated,
because this method starts with a pre-conceived theory and the initial codes (concepts) are
developed before beginning to analyse the data (Kyngäs, 1999). The data collection exercise
is more structured compared to that in the conventional approach, as the analyst could
steer the discussion following a short open-ended discussion, based on the existing
information about the phenomenon being studied (Hickey and Kipping, 1996). Also, the
coding of concepts or variables can be carried out in two ways. If the analyst is confident
that pre-determined codes are comprehensive, then coding can be restricted to those predetermined codes. However, if there is a possibility that new concepts or variables may
emerge by examining the textual data, then coding should follow a thorough reading and
highlighting of the relevant text to identify any possible new codes. As in the conventional
approach, the results obtained by adopting the directed approach can be described using
exemplars for each of the derived codes and themes. However, unlike in the conventional
approach, in this method, the frequency counts of the occurrence of codes can be
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compared, to establish relative importance amongst the various codes (Curtis et al., 2001).
While the ability to support and extend the existing theory is the main advantage of the
directed approach to content analysis, it comes with a limitation that the analyst may be
biased, in that for the analyst the evidence supporting the theory will be more obvious than
one not supporting it. Furthermore, the analyst’s probing of participants about the existing
theory might provide participants with cues, which can influence them to agree with the
analyst (Hsieh and Shannon, 2005).
The summative approach to content analysis involves identifying and counting certain
words or phrases in the text that are related to the analyst’s pre-conceived codes about the
research question, to understand the contexts underlying the use of those words or
phrases. For example, it is essential to understand whether a specific word was used
‘against’ or ‘for’ some concept or code. The frequency of the occurrence of words is counted
either manually or using a computer, and the source (i.e. speaker) of each word is also
identified to be able to correlate that frequency with the available information about the
source (Morgan, 1993). Using this approach to content analysis, the concerned
phenomenon can be studied in unnoticeable and non-reactive ways (Hsieh and Shannon,
2005). However, a drawback of this approach is that the broader interpretation of the
textual data is not carried out, and hence the credibility of the results might be
questionable.

3.2.2 Quantitative Analysis Methods
Quantitative analysis methods quantify attitudes, opinions and behaviours related to the
phenomenon under study. These methods begin with a theory or question, and the
conclusion regarding the hypothesis to be tested can be generalized to the target
population, depending on the representativeness of the sample. They often provide more
objective and accurate information, as the underlying data is obtained using standardized
data collection tools (e.g. structured questionnaire survey) and, unlike in qualitative
methods, analyzed using statistical techniques. Quantitative analysis methods are much
more structured because they use measurable data to uncover differences and
relationships between the variables under study (Allen, 2017). A variety of quantitative
analysis techniques, namely inferential statistics (e.g. parametric and non-parametric
tests), discrete choice modelling and location-allocation modelling, are used in this study
and are described below.

3.2.2.1 Parametric and non-parametric tests
Parametric tests require the data to be distributed in a certain way (quite often, normally).
These tests are considered to be the most powerful tests, as they allow very in-depth
statistical interrogation and testing of data. The commonly used parametric tests are
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independent sample t-test, chi-square test of association, ANOVA, etc. The independent
sample t-test is done to compare the means of two groups over an observed characteristic
(e.g. the frequency of online shopping), to determine if the groups are statistically
significantly different from one another. The chi-square test of association is done to
examine the correlation between two categorical variables (e.g. the frequency of online
shopping and gender). More details about these widely used statistical tests can be found
in the fundamental literature on statistics (e.g. Allen, 2017; Sirkin, 2006).
It is always possible that the collected data do not follow a Normal distribution, and
non-normal data cannot always be transformed to a Normal distribution. Non-parametric
tests are a range of tests that do not need the data to follow a certain distribution and can
be used with data that do not appear to follow any specific distribution (e.g. Normal
distribution).
Many times, the response (or dependent) variable and/or explanatory variables are
ordinal (e.g. the frequency of online shopping: very frequent, frequent and infrequent) or
nominal (e.g. gender: male, female, others). Such variables are not normally distributed.
Therefore, parametric tests such as the independent samples t-test and chi-square test for
association, which require the data to be normally distributed, cannot be used (Scott and
Mazhindu, 2005). In that case, non-parametric tests, such as the Jonckheere-Terpstra (JT)
test, Mann-Whitney U (MWU) test and Kruskal-Wallis-H (KWH) test, which do not require
the data to be normally distributed, can be conducted to determine the correlation between
the response variable (e.g. consumers’ online shopping frequency) and explanatory
variables (e.g. gender).
The JT test is a rank-based non-parametric test that can be used to determine if there is
a statistically significant monotonic trend between an ordinal explanatory variable and an
ordinal or continuous response variable. The JT test is similar to the KWH test, which is
also a rank-based non-parametric test and can be used to assess differences between the
response variable scores of three or more levels (or categories, e.g. male, female and others)
of an explanatory variable (e.g. gender). However, the JT test accounts for the ‘ordinal’
nature of the explanatory variable, unlike the KWH test, which considers the explanatory
variable to be ‘nominal’ in nature (Laerd Statistics, 2017). Note that the MWU test is also a
rank-based non-parametric test and is similar to the KWH test, with a small difference that,
unlike the KWH test where the distributions of response variable scores of ‘three or more’
levels of an explanatory variable are compared, in the MWU test, the distributions of
response variable scores of only ‘two’ levels (or categories, e.g. male and female) of an
explanatory variable (e.g. gender) are compared.
If the distribution of the response variable scores for each level (i.e. category) of an
explanatory variable has the ‘same’ shape, one can interpret the JT test as a test of ‘trend in
medians’, and the MWU test and the KWH test as tests of ‘differences in medians’.
However, if the distribution of the response variable for each level (i.e. category) of an
explanatory variable has a ‘similar’ shape (for JT test) and a ‘different’ shape (for MWU
test and KWH test), one can interpret the JT test as a test of ‘trend in effects’, and the MWU
61

3. Review of Research Methods

test and the KWH test as tests of ‘differences in distributions’ (i.e. differences in mean
ranks) respectively. For more detailed information about the non-parametric tests, see Scott
and Mazhindu (2005).

3.2.2.2 Discrete choice modelling
Discrete choice modelling refers to the analysis of discrete choices made by individuals or
a group of individuals under the influence of their characteristics and attributes of
alternatives that are mutually exclusive and exhaustive (Ben-Akiva and Lerman, 1985).
One of the main functions of discrete choice models is to predict decision makers’ choice
behaviour, which is done by determining the likely relative effect of various attributes of
the available alternatives and characteristics of decision makers, on their choice decisions.
Therefore, as decision makers’ likely choice behaviour under the influence of possible
modifications to attributes of alternatives can be predicted, discrete choice models are
being increasingly used to help frame appropriate policies, which are aimed at
encouraging a positive behavioural change (Koppelman and Bhat, 2006). For example,
Dunn and Kusumastuti (2016) studied New Zealanders’ choice of cycling routes, using
discrete choice models, to inform decisions about hierarchical planning and design of cycle
routes in New Zealand.
Discrete choice models can be estimated through two hierarchical approaches. One
approach is aggregate in nature because, in this approach, the aggregate choice behaviour
of all (or a group of) decision makers is modelled as a function of the attributes of the
available alternatives and the aggregate socio-demographic characteristics of the group.
Models estimated via the aggregate approach are typically considered as aggregate choice
models. The second approach is considered to be disaggregated, as it models the choice
behaviour at the individual level, by considering the attributes of the available alternatives
and the socio-demographic characteristics of each individual. Models estimated using the
second approach are known as disaggregate choice models. Disaggregate choice models
are commonly considered to be more accurate, as they are capable of capturing greater
variability in the choice decisions and in the determinants of those choice decisions, which
variability is often masked in aggregate choice models, due to aggregation of responses
and attributes. Also, given their causal nature, disaggregate choice models are likely to be
less difficult to apply in a different geographic context and at a different point in time
(Koppelman and Bhat, 2006). Therefore, disaggregate choice models have been more
prevalent than aggregate choice models for studying the discrete choice behaviour of
decision makers, in a variety of applications related to both personal travel demand
modelling (e.g. Andrade et al., 2007; Ben-Akiva et al., 1984; Dunn and Kusumastuti, 2016;
Prato, 2009; Vasudevan et al., 2019) and freight transport demand modelling (e.g. Arencibia
et al., 2015; Collins, 2015; Gatta and Marcucci, 2016; Kim, 2014; Kim and Nicholson, 2012;
Kim et al., 2017). These type of models have also been applied widely in other sectors, such
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as brand choice and purchase quantity choice in marketing (e.g. Chintagunta and Nair,
2011; Kalyanam and Putler, 1997) and residential location choice in geography (e.g.
Kusumastuti and Nicholson, 2017, 2018).

3.2.2.2.1 Random utility theory (RUT)
Discrete choice models are based on the principle of random utility theory (RUT) of paired
comparisons of alternatives, which theory was proposed by Thurstone (1927) and later
extended to multiple comparisons by McFadden (1974). RUT assumes that an individual 𝑖
selects alternative 𝑗 out of 𝐽 alternatives available to individual 𝑖, if and only if the utility
(i.e. the degree of satisfaction) obtained from alternative 𝑗 is higher than that obtained from
all other alternatives in the choice set (Thurstone, 1927). Also, it assumes that ‘true utility’
(𝑈𝑖𝑗 ) is a latent unobserved quantity, as only indicators of utility, namely choices, can be
observed. The true utility can be summarised into two components, namely a systematic
(or explainable) component, 𝑉𝑖𝑗 , and a random (non-explainable) component, ℰ𝑖𝑗 , which is
unknown to the analyst (Louviere et al. 2010). The systematic component comprises a
vector characterising the choice alternatives and decision makers. The random component
comprises factors that impact decision makers’ choices but are unobserved by the analyst
(Louviere et al., 2010; Lancsar and Louviere, 2008). Mathematically, ‘true utility’ can be
written as:
𝑈𝑖𝑗 = 𝑉𝑖𝑗 + ℰ𝑖𝑗

(3.1)

The systematic component of the true utility can be modelled as:
𝑉𝑖𝑗 = 𝑉(𝑆𝑖 ) + 𝑉(𝑋𝑗 ) + 𝑉(𝑆𝑖 , 𝑋𝑗 )

(3.2)

𝑉(𝑆𝑖 ) is the portion of utility associated with characteristics (e.g. gender and income) of
individual 𝑖;
𝑉(𝑋𝑗 ) is the portion of the utility of individual 𝑖, associated with the attributes (e.g.
shipping cost, shipment time) of alternative j;
𝑉(𝑆𝑖 , 𝑋𝑗 ) is the portion of the utility that results from interactions between the attributes of
alternative j, and the characteristics of individual i.
Therefore, the true utility (𝑈𝑖𝑗 ) of Equation (3.1) can be re-written as follows:
𝑈𝑖𝑗 = 𝑉(𝑆𝑖 ) + 𝑉(𝑋𝑗 ) + 𝑉(𝑆𝑖 , 𝑋𝑗 ) + ℰ𝑖𝑗

(3.3)

Given that the error term in Equation (3.3) reflects the quantities that are unobserved
and unmeasured, the error term could be assumed to follow one of several types of
distributions, to be distributed over individuals and alternatives. The assumption for the
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type of distribution adopted for the error term leads to a variety of models, as discussed in
the next few sections.

3.2.2.2.2 Logit models for discrete choice
The random utility theory proposed by Thurstone (1927) and the theory of individual
choice behaviour given by Luce (1959) formed the basis of the work of McFadden (1974),
who developed the basic discrete choice logit model, known as the multinomial logit
(MNL) or conditional logit model. Note that Luce’s choice axiom states that the probability
of a choice alternative being chosen is equal to the ratio of the utility associated with that
alternative to the sum of the utilities for all the alternatives in the choice set.
A variety of logit models (e.g. binary logit, nested logit, and mixed logit models) have
been developed and applied extensively to inform policies in different fields, such as
economics, transportation, business, etc. However, the MNL model is the most commonly
used random utility based model (Koppelman and Bhat, 2006). When the choice task
comprises only two alternatives, the MNL model transforms into a binary logit model.
Note that the binary logit model is not discussed in this thesis, given that it is a rudimentary
model. Some of the other complex and advanced models, namely nested logit (NL), mixed
logit (MXL) and latent class (LC) models are described one by one after the discussion of
the MNL model.

3.2.2.2.3 Multinomial logit (MNL) model
There are several assumptions underlying the MNL model (McFadden, 1974). One
assumption is that the error components are Extreme-Value type I (or Gumbel) distributed.
Gumbel distribution is selected because it provides computational advantages, and it
closely approximates the Normal distribution, which cannot be used with logit choice
models, despite being the most commonly used distribution for error terms, for theoretical
and practical reasons (Koppelman and Bhat, 2006). Note that the Normal distribution can
be used with Multinomial Probit models. The second assumption is that the error
components are identically and independently distributed (IID) across alternatives. The
assumption of ‘identically distributed error terms’ implies that the variation or variances
in attributes not included in the observed portion of the utility are the same for all
alternatives. This is, however, unlikely to be true in reality, as unobserved attributes such
as ‘trip comfort’ will most likely not have the same effect on utility (or the same level of
variability in values), when two different modes, such as car and public transport, are
compared. The third assumption is that the error components are identically and
independently distributed across individuals, which partly implies that there is no
common unobserved individual characteristic affecting the utility of multiple alternatives.
This is also unlikely to be true in reality, as individual characteristics such as ‘time
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consciousness’ will have different utilities when comparing a slow mode (e.g. by sea) and
fast mode (e.g. by air) of shipping goods. Thus, each of the above assumptions undermines
the validity of the MNL model. The mathematical form of a discrete choice model is
determined by the assumptions made regarding the error components of the utility
function for each alternative.
With the MNL model, the probability 𝑃𝑖𝑗 of an individual 𝑖 choosing an alternative 𝑗,
from a set of 𝐽 alternatives, can be written as shown by Equation (3.4). The derivation of
the mathematical form of the MNL model that is shown in Equation (3.4), can be found in
Louviere et al. (2000).

𝑃(𝑌𝑖 = j) = 𝑃𝑖𝑗 =

exp (𝑉𝑖𝑗 )
𝐽
∑𝑘=1 exp (𝑉𝑖𝑘 )

𝑓𝑜𝑟 𝑘 = 1, 2, … , 𝑗, … , 𝐽

(3.4)

where, 𝑌𝑖 is a random variable denoting the choice outcome; 𝑉𝑖𝑗 is the observed utility index
or systematic component of utility for alternative 𝑗; 𝑉𝑖𝑘 is the observed utility index or
systematic component of utility for any alternative 𝑘.
In the present study, for consumers’ choice of shopping mode, the choice set comprises
alternatives, such as ‘in-store shopping’ and ‘online shopping’. Similarly, for consumers’
choice of mode of delivery of items bought online, the choice set comprises alternatives,
such as home delivery and collection from a CDP. Therefore, the probability of an
individual 𝑖 choosing online shopping as the mode of shopping, and choosing home
delivery as the mode of receiving the items bought online, can both be written using
Equation (3.4) as follows:

𝑃𝑖 (𝑜𝑛𝑙𝑖𝑛𝑒 𝑠ℎ𝑜𝑝𝑝𝑖𝑛𝑔) =

𝑃𝑖 (ℎ𝑜𝑚𝑒 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑦) =

𝑒 𝑉(𝑖) 𝑜𝑛𝑙𝑖𝑛𝑒 𝑠ℎ𝑜𝑝𝑝𝑖𝑛𝑔
∑(𝑒 𝑉(𝑖)𝑜𝑛𝑙𝑖𝑛𝑒 𝑠ℎ𝑜𝑝𝑝𝑖𝑛𝑔 + 𝑒 𝑉(𝑖)𝑖𝑛−𝑠𝑡𝑜𝑟𝑒 𝑠ℎ𝑜𝑝𝑝𝑖𝑛𝑔 )
𝑒 𝑉(𝑖)ℎ𝑜𝑚𝑒 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑦
∑(𝑒 𝑉(𝑖) ℎ𝑜𝑚𝑒 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑦 + 𝑒 𝑉(𝑖) 𝑝𝑖𝑐𝑘−𝑢𝑝 𝑝𝑜𝑖𝑛𝑡 )

(3.5)

(3.6)

One of the drawbacks of the MNL model is its property of independence of irrelevant
alternatives (IIA). This property implies that the ratio of shares of any two alternatives is
independent of all other available alternatives. It signifies that the decision of choosing
between the two alternatives in the pair is not affected by the presence of any other
alternative. The well-known ‘red bus, blue bus’ problem is a classic example of the IIA
property (Hensher et al., 2005).
Although the MNL model has some computational advantages, such as the flexibility
to apply the model to predicting the choice probabilities for a new alternative, and the
flexibility to add or remove an alternative from the choice set without affecting the
structure or parameters of the model, the IIA property is still a drawback, as other
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alternatives may not be irrelevant to the ratio of shares between a pair of alternatives.
Therefore, the predicted choice probabilities may be erroneous due to the IIA property.

3.2.2.2.4 Nested logit (NL) model
In the nested logit model, similar alternatives (e.g. two similar bus services) or alternatives
that are likely to have similarities in the unobserved utility are nested together. Also, the
errors are assumed to be distributed as per the Generalised Extreme Value (GEV)
distribution, which is generalised from the Gumbel distribution. Furthermore, while the
alternatives belonging to different nests (e.g. private mode – car; and public mode – bus
and train) are considered to be uncorrelated (i.e. zero correlation), the alternatives
belonging to the same nest are assumed to be correlated, i.e. the error term, 𝜀𝑖𝑗 within each
nest are correlated. However, the sequential estimation of an NL model does not insure
consistency with random utility maximisation. Also, an NL model does not allow choice
alternatives to share common unobserved attributes along all the dimensions
characterizing the multidimensional choice context (Bhat, 1998). Therefore, the IIA
limitation associated with the conventional MNL model can be mitigated partially by using
NL models (see Koppelman and Bhat, 2006, for a detailed explanation of the NL model).

3.2.2.2.5 Mixed logit (MXL) model
Unlike the MNL model, the MXL model takes into account the preference (or taste)
heterogeneity of consumers by allowing the coefficients of attributes to vary randomly,
rather than being fixed for the entire sample of consumers (McFadden and Train, 2000).
Also, the MXL model divides the stochastic portion of utility in two portions: one portion
(𝜂𝑖𝑗 ) is correlated over alternatives and heteroscedastic for each individual, and the other
portion (𝜀𝑖𝑗 ) is uncorrelated and identically distributed across alternatives and individuals.
Therefore, the MXL model provides a more realistic representation of consumers’ choice
behaviour, as it allows for correlation of unobserved factors that affect the choice
probability of multiple alternatives. The MXL model draws the values of the random and
correlated component (𝜂𝑖𝑗 ) from a general distribution (e.g. Normal, Lognormal,
Triangular or Uniform distribution), and the values of the uncorrelated term (𝜀𝑖𝑗 ) from an
IID Gumbel distribution (Hensher and Greene, 2002, 2003). The mathematical formulation
of the MXL model is summarised below.
𝑈𝑖𝑗 = β′ 𝑋𝑖𝑗 + [ 𝜂𝑖𝑗 + 𝜀𝑖𝑗 ]
where, 𝛽′ is the vector of coefficients;
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𝑈𝑖𝑗 refers to the utility, for an individual 𝑖 choosing an alternative 𝑗 from a set of 𝐽
alternatives.
𝑋𝑖𝑗 refers to observed variables related to consumer characteristics and the attributes of
alternatives;
𝜂𝑖𝑗 is a random term (with zero mean) whose distribution over alternatives and individuals
depends generally on underlying parameters and observed data concerning alternative 𝑗
and individual 𝑖;
𝜀𝑖𝑗 is a random term (with zero mean) that is IID over alternatives and is independent of
the underlying parameters or data.
The density function of the error component 𝜂𝑖𝑗 can be denoted by 𝑓(𝜂𝑖𝑗 |Ω) where Ω are
the fixed parameters of the distribution of 𝜂𝑖𝑗 . For a given value of 𝜂𝑖𝑗 , the conditional
choice probability of choosing option 𝑗, is logit, as the remaining error term is IID extreme
value.
𝐽
′

𝑄𝑗 (𝑗|𝜂𝑖𝑗 ) = exp (β 𝑋𝑖𝑗 + 𝜂𝑖𝑗 ) / ∑ exp (β′ 𝑋𝑖𝑘 + 𝜂𝑖𝑘 )

(3.8)

𝑘=0

As 𝜂𝑖𝑗 is not given, the unconditional choice probability is computed as the integral of
the conditional choice probability, 𝑄𝑖 (𝑗|𝜂𝑖𝑗 ), over the distribution of 𝜂𝑖𝑗 weighted by the
density of 𝜂𝑖𝑗 .
𝑃𝑗 = ∫ 𝑄𝑗 (𝑗|𝜂𝑖𝑗 ) 𝑓(𝜂𝑖𝑗 |Ω) 𝑑𝜂𝑖𝑗

(3.9)

Such models are called mixed logit models, as the choice probability is a mixture of
logits with 𝑓(𝜂𝑖𝑗 |Ω) as the mixing distribution (Hensher and Greene, 2002). As the
conditional choice probability does not always have a closed-form solution, the mixed logit
model does not have an exact likelihood function. Therefore, a simulated maximum
likelihood function is used for estimating the approximate value of choice probability
(McFadden and Train, 2000). To estimate parameters that depict the presence of preference
heterogeneity around the parameter estimates, the correlated random term 𝜂𝑖𝑗 can be
specified, using a random parameter specification, as shown in Equation (3.10).
𝜂𝑖𝑗 = 𝜂𝑗 + 𝜎𝑗 𝜑𝑖𝑗

(3.10)

where, 𝜂𝑗 is population mean;
𝜎𝑗 is the standard deviation of the distribution of 𝜂𝑖𝑗 around 𝜂𝑗 ;
𝜑𝑖𝑗 is individual-specific heterogeneity with mean equal to zero and standard deviation
equal to one.
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However, the random parameter specification implies that the random parameters
follow a distribution that is not known. As per Hensher and Greene (2002), the mean and
standard deviation of random parameters can be estimated based on the individualspecific choices and the corresponding values of the exogenous variables. These random
parameters show the heterogeneity in preferences of individuals for the considered
alternatives. However, the most commonly used distribution patterns from which these
random parameters can be drawn are the Normal distribution, Uniform distribution,
Lognormal distribution, and Triangular distribution (Hensher and Greene, 2003; Hensher
et al., 2005; Rose and Bliemer, 2005).
Selection of random parameters
The preference heterogeneity in the choice behaviour of respondents is captured through
the standard deviation of the random parameters, and through the interaction between the
mean parameter estimate and covariate(s) (i.e. the characteristics of respondents). The
selection of random parameters, however, is dependent on several factors, such as the type
and number of random draws employed in the simulation, and the distributional pattern
adopted for random parameters. Therefore, the selection of attributes that will be
considered to have random parameters is critical and often a lengthy process. The
inclusion/exclusion of the fixed parameters in the model can be decided through the
Lagrange Multiplier tests, such as a Wald or Likelihood Ratio test (McFadden and Train,
2000), which provides a statistical basis to do so. Although these tests are powerful
omnibus tests and easy to calculate, they are not sufficient to guide the selection of random
factors to be included in a more general MXL specification. An alternative to this approach
is assuming that all parameters are random and then examining their standard deviations,
using an asymptotic t-test for individual parameters or the likelihood-ratio test to establish
the overall contribution of the additional information. However, it should be noted that
this method is highly demanding if a large number of explanatory variables are considered
to be the random parameters.
Selection of distributions for random parameters
Distributions are used to approximately resemble true behaviour. One of the four general
distributions, as mentioned in Section 3.2.2.2.5, can be used to draw the values of random
parameters. These distributions can also be truncated or constrained; however, truncating
a distribution will require more advanced processes and hence not discussed in this thesis.
Each of the attributes should be tested with appropriate distributional patterns, especially
if the attributes are expected to be of a specific sign (Hensher et al., 2005). For example, as
the expected sign of the coefficient of the shipping cost attribute is known to be negative,
different distributions should be tried with this attribute.
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The most widely used distribution is Normal distribution, mainly for its simplicity. It is
symmetrical around the mean and permits standard deviations that can lead to a change
in sign.
The Lognormal distribution is often used if a specific (e.g. non-negative) sign is expected
for the coefficient of an attribute for all the respondents. For example, for a desirable
attribute that is expected to be always positive, distributions with support on only one side
of zero, like the Lognormal, are commonly used. However, the Lognormal distribution has
a very long right-hand tail, which is a disadvantage because this leads to distributions with
exceptionally high WTP (Hensher et al., 2005; Kim, 2014). Therefore, care is needed in
choosing an appropriate distribution.
Selection of the type and number of draws for the simulations
There are several types of simulation draws available for the estimation of MXL models.
Random draws are the basic type of draws and need a high computation time (e.g. up to 2
hours) if there are a large number of parameters to be estimated, for a reasonably large
sample size, to obtain parameter estimates of a model specification. Also, the random
draws may over-sample from some areas of the assumed distribution and leave the other
areas under-sampled. Bhat et al. (2007, p. 200) suggest that the intelligent draw methods,
such as standard Halton sequence (SHS) and shuffled uniform vectors, can overcome the
problem of over-sampling and under-sampling areas, as they are designed to sample the
entire space of the imposed distribution. Among the two types of intelligent draws, SHS
has been widely used. Regarding the number of draws to be employed, as per Train (1999),
several hundred random draws will suffice, but Bhat (2001) suggested that either 1000
random draws or 100 intelligent draws should be used.
Preference heterogeneity around the mean of a random parameter
The preference heterogeneity is revealed primarily by the standard deviation estimate of
the random parameters. However, the interaction between the mean estimate of a random
parameter and covariates (e.g. socio-demographic characteristics of respondents) is
another way of identifying and revealing the presence of preference heterogeneity around
the mean parameter estimate. A non-significant interaction means that there is no
preference heterogeneity around the mean regarding the covariate used in the interaction,
but the standard deviation of the mean parameter estimate still represents all sources of
preference heterogeneity around the mean.

3.2.2.2.6 Latent class (LC) model
The MNL model assumes individuals follow the same preference structure. Such a model
is characterised by biased estimates and incorrect predictions if the preferences of
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individuals are heterogeneous. The LC model posits that to account for respondents’
preference heterogeneity, a discrete number of segments (or classes) should be considered
(see, Boxall and Adamowicz, 2002; Kim, 2014). Despite the MXL model being able to handle
preference heterogeneity, the model may provide less accurate results if the respondents
have inherent groupings and the tastes of each group vary (Lenk and DeSarbo, 2000; Scarpa
and Thiene, 2005). Compared to the MXL model, the LC model is relatively simple,
reasonable, and statistically verifiable. However, like the MNL model, the parameters of
each of the attributes within each class are fixed (i.e. non-random), and thus the LC model
is relatively less flexible than the MXL model. The disadvantage, however, with the MXL
model is that it depends on the assumption that the parameters follow a specific
distribution, which needs to be specified.
In the LC model, a finite number of classes is assumed to exist, based on which
segmentation the class-specific sets of parameters are estimated. The likelihood of
respondents’ class membership is a probabilistic function of their characteristics. The
utility, for an individual 𝑖 choosing an alternative 𝑗 from a set of 𝐽 alternatives, given that
it belongs to class 𝑠 (𝑈𝑖𝑗|𝑠 ) is as follows:
𝑈𝑖𝑗|𝑠 = 𝛼𝑠 + 𝛽𝑠′ 𝑋𝑖𝑗 + 𝜀𝑖𝑗|𝑠

(3.11)

where, 𝛼𝑠 is a vector of unknown parameters for class 𝑠;
𝑋𝑖𝑗 is a vector describing the attributes of the alternatives;
𝛽𝑠′ is a vector of class-specific parameters to be estimated;
𝜀𝑖𝑗|𝑠 is the unobservable random component.
The probability of an individual 𝑖 choosing alternative 𝑗 from a set of 𝐽 alternatives,
while being in class 𝑠 (𝑃𝑖 (𝑗|𝑠)) is:
𝑆

𝑃𝑖 (𝑗) = ∑ 𝑃𝑖 (𝑗|𝑠) ∗ 𝑀𝑖 (𝑠)

(3.12)

𝑠=1

where,
𝑃𝑖 (𝑗|𝑠) =

exp (𝛼𝑠 + 𝛽𝑠′ 𝑋𝑖𝑗 )
∑𝑗∈𝐽 exp (𝛼𝑠 + 𝛽𝑠′ 𝑋𝑖𝑗 )

(3.13)

exp (𝛾𝑠′ 𝑍𝑖 )
∑𝑆𝑠=1 exp (𝛾𝑠′ 𝑍𝑖 )

(3.14)

𝑀𝑖 (𝑠) =

where 𝑍𝑖 is a vector of individual-specific variables for class 𝑠 (𝑠 = 1, 2, 3, … , 𝑆) and 𝛾𝑠′ a
vector of class-specific parameters to be estimated.
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The choice probability for alternative 𝑗 consists of two terms: (1) the choice probability
(𝑃𝑖 (𝑗|𝑠)) for a specific choice decision within the class 𝑠, which is given in terms of an MNL
model specified as a function of respondents’ and alternatives’ characteristics; and (2) the
probability (𝑀𝑖 (𝑠)) of respondent 𝑖 belonging to class 𝑠 (i.e. class membership), which is
also a function of respondent’s characteristics and is estimated using a standard logit
expression. To be able to identify the model, the class membership coefficients for one of
the classes are set to zero.
The respondents’ socio-economic characteristics and alternatives’ attributes need to be
specified for estimating the class membership functions. Once the parameter estimates are
identified, the class membership probabilities of each respondent can be computed, and
based on their largest probability, each respondent can be assigned to one of the classes.
The size of each class and the characteristics of respondents belonging to each class can
then be worked out.
The LC multinomial logit model that estimates the non-random parameters (i.e.
LCMNL), was extended by Bujosa et al. (2010) and Greene and Hensher (2013) to give the
LC mixed logit (LCMXL) model, which estimates random parameters. LCMXL allows for
another layer of heterogeneity, with heterogeneity measured both within and across the
classes, by allowing for continuous variation of the parameters within classes.
The determination of the optimal number of classes (𝑆) is done by estimating the model
several times, each time with a different number of classes, and assessing the model
performance for each estimation across several information criterion indices, e.g. the
minimum Akaike Information Criterion (AIC), the minimum Bayesian Information
Criterion (BIC) (Allenby, 1990; Louviere et al., 2000). Note that since 𝑆 is not a parameter
in the interior of convex parameter space, one cannot test hypotheses about 𝑆 directly. The
above indices are formulated as follows:
𝐴𝐼𝐶 = −2𝐿𝐿(𝛽̂ ) + 2𝐾]

(3.15)

𝐵𝐼𝐶 = −2𝐿𝐿(𝛽̂ ) + [ln(𝑁)] ∗ K]

(3.16)

where, 𝐿𝐿(𝛽̂ ) is the value of the log-likelihood function at convergence for the estimated
parameters 𝛽̂;
𝐾 is the total number of parameters estimated in the model;
𝑁 is the total number of observations in the sample.
The log-likelihood value typically decreases in magnitude with an increase in the
number of classes used, which implies that the performance of the model improves as the
number of classes increases. Furthermore, with the increase in the number of classes, the
parameter estimates in the utility function gradually tend to become less significant,
particularly in classes with smaller values of class membership. Therefore, the selection of

71

3. Review of Research Methods

the number of classes should also be based on the statistical significance and the expected
signs of the parameter estimates (Scarpa and Thiene, 2005).
As per Louviere et al. (2000), the model corresponding to the minimum number of
classes that minimizes the AIC values should be preferred. However, several studies (e.g.
Feng et al., 2013; Walker and Li, 2007; Gupta and Chintagunta, 1994; Boxall and
Adamowicz, 2002) recommends using BIC (Schwarz, 1978), given that it imposes a greater
penalty on the model fit to account for the increase in the number of classes than the AIC
and log-likelihood values. It should be noted, however, that the information criterion
indices should be used only as a guide, and judgement and simplicity should be given
equal consideration in the selection of the number of classes to be used.

3.2.2.2.7 Ordinal logit (OL) model (ordinal logistic regression)
All of the discrete choice models discussed so far are applicable for categorical response
variables that are measured on a nominal scale (e.g. mode of receiving items bought online:
home delivery or collection from a CDP). However, when a response variable of interest is
measured on an ordinal scale (e.g. frequency of online shopping: once or more per month,
once per three months, and once per six months or longer), those modelling methods might
not be the best option to model such response variables (Allison, 2012). This is because
those methods will consider ordinal response variables to be nominal, which means that
the information about the ordering of responses will be lost. Therefore, another type of
model, called ordinal logit model or ordinal logistic regression should be used to account
for the intrinsic ordering of the levels of ordinal response variables (McCullagh, 1980;
McKelvey and Zavoina, 1975). Note that the ordinal logit model and ordinal logistic
regression are the same method, except for a minor difference in the way their results are
presented (the difference will be shown later in the formulation of the model). However, it
has been referred to in different fields differently. For example, in the field of discrete
choice theory, it is often referred to as an ordered choice model or ordinal logit model
(Greene and Hensher, 2010), while in the literature on generalised linear models, it is often
referred to as ordinal logistic regression (e.g. Allison, 2012). Hereafter in this study, this
model will be referred to as ‘ordinal logit model’.
There are several methods for generalising the classic logit model to account for the
ordered levels of the response variable, such as the cumulative logit model, the adjacent
categories model, and the continuation ratio model. The cumulative logit model is the most
commonly used ordinal logit model, and hence other types of ordinal logit models are not
discussed in this thesis.
The cumulative logit model assumes that the ordinal response variable represents an
underlying continuous latent variable (say 𝜔) that depends on a set of explanatory
variables (say 𝑥𝑛 ; 𝑛 = 1, 2, … , 𝑘) according to the following linear model.
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𝜔 = 𝛼0 + 𝛼1 𝑥1 + 𝛼2 𝑥2 + ⋯ + 𝛼𝑘 𝑥𝑘 + 𝜎𝜀

(3.17)

where, 𝛼 ′ 𝑠 represent the coefficients of the explanatory variables;
𝜎 is a constant;
𝜀 is a random disturbance term, independent of 𝑥𝑛 , and it follows a Standard Logistic
distribution.
The underlying continuous variable 𝜔 cannot be directly observed, but it can be
transformed into 𝑌, an ordinal response variable, according to the following rules.
1 𝑖𝑓 𝜔 < 𝜃1 ,
2 𝑖𝑓 𝜃1 ≤ 𝜔 < 𝜃2 ,
3 𝑖𝑓 𝜃2 ≤ 𝜔 < 𝜃3 ,
.
𝑌=
.
.
𝐽
𝑖𝑓
𝜃
𝐽−1 < 𝜔
{
where, 𝜃1 , 𝜃2 , 𝜃3 , … , 𝜃𝐽−1 are cut-off values on the latent continuous variable;
𝑚 = 1, 2, … . , j, … , 𝐽 sequence represents the order of levels of the response variable 𝑌.
In the cumulative logit model, all levels at or below a given cut-off are compared with
all levels above that cut-off. For example, 𝑌 = 1 𝑜𝑟 2 𝑣𝑒𝑟𝑠𝑢𝑠 𝑌 = 3 𝑜𝑟 4 𝑜𝑟 … 𝐽. To
incorporate the ordinal nature of a response variable, the logit model can be modified by
defining the probabilities differently. Let 𝑃𝑖𝑗 be the probability of an individual 𝑖 falling in
level 𝑗 of a response variable, and 𝐹𝑖𝑗 be the cumulative probability that individual 𝑖 is in
the 𝑗 𝑡ℎ level or lower. The cumulative probability can be written as:
𝑗

𝐹𝑖𝑗 = ∑ 𝑃𝑖𝑚

(3.18)

𝑚=1

Each value of 𝐹𝑖𝑗 corresponds to a different dichotomisation of the response variable.
The cumulative logit model can then be specified as a set of 𝐽 − 1 equations as follows:
𝐹𝑖𝑗
log [
] = 𝛽𝑗 + 𝛽𝑥𝑖 ; 𝑗 = 1, 2, … , 𝐽 − 1
1 − 𝐹𝑖𝑗

(3.19)

𝛽𝑥𝑖 = 𝛽1 𝑥i1 + ⋯ + 𝛽𝑘 𝑥𝑖𝑘 ;

(3.20)

where,

𝛽𝑗 =

𝛼0 −𝜃𝑗
𝜎

(threshold values)

(3.21)
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𝛼

𝛽=𝜎;

(3.22)

The cumulative logit model is based on the assumption that the coefficients of the
explanatory variables are equal across the various (i.e. 𝐽 − 1) logistic regressions/equations,
but the intercept value is different for each equation. This assumption is therefore also
referred to as the assumption of parallel lines. The cumulative logit model is also referred
to as the ‘proportional odds’ model, because the odds ratios will remain constant
regardless of which of the levels are being compared, if the parallel line assumption is met.
Therefore, the parallel line assumption is also called as the proportional odds assumption.
The above Equation (3.19) yields the output in terms of the odds ratios for an individual
being in one level or other lower levels rather than in a higher level of the ordinal response
variable. This representation has been referred to in the literature as the ‘ordinal logistic
regression’ model. However, Equation (3.19) can also be transformed into another equation
as follows.
𝐹𝑖𝑗
log[𝑜𝑑𝑑𝑠 𝑟𝑎𝑡𝑖𝑜] = log [
] = log[𝑃𝑟𝑜𝑏(𝑌𝑖 ≤ 𝑗)/(1 − 𝑃𝑟𝑜𝑏(𝑌𝑖 ≤ 𝑗)] = 𝛽𝑗 + 𝛽𝑥𝑖
1 − 𝐹𝑖𝑗
Therefore, the above equation can also be written as follows:
1
𝑃𝑟𝑜𝑏(𝑌𝑖 ≤ 𝑗) =
(−𝛽𝑗 −𝛽𝑥𝑖 )
1+𝑒

(3.23)

(3.24)

The above Equation (3.24) yields the output in terms of the probability of an individual
being in a level (e.g. 𝑌 = 3) or other lower levels (e.g. 𝑌 = 1 𝑜𝑟 2), rather than in a higher
level (e.g. 𝑌 = 3 𝑜𝑟 𝑚𝑜𝑟𝑒) of the ordinal response variable. This representation has been
referred to in the literature as the ‘ordered choice’ model or ‘ordinal logit’ model.

3.2.2.3 Facility location problems (location-allocation modelling)
Facility location problems (FLPs) involve solving mathematical formulations that are
aimed at locating facilities in some given space. Based on the space in which problems are
modelled, location problems can be classified into continuous space, discrete space, and
network space location problems (Hale and Moberg, 2003; ReVelle and Eiselt, 2005).
Location problems on continuous space refer to situations where any existing location is
feasible for locating a new facility, while with discrete space problems, locations must be
selected from a pre-defined set of candidate locations (ReVelle and Eiselt, 2005). In the case
of problems over network spaces, locations are restricted to the components of an existing
road network, such as nodes and links (Hale and Moberg, 2003). As the identification of
locations for establishing CDPs is a discrete location problem type, only the discrete
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location problem will be discussed in this thesis. The problem at hand is also a network
location problem, but it can be treated as a discrete location problem because the potential
CDP locations, such as dairies and petrol stations, are discretely located on the road
network.
Discrete location problems are classified by Daskin (2008) into three categories, namely
median-based problems, covering-based problems and other problems (e.g. p-dispersion
problems). Median-based and covering-based problems are the popular location problem
approaches, as they are the fundamental approaches upon which other complex FLPs have
been formulated. Thus, they have widely been applied in setting up a variety of facilities
(see Shariff et al., 2012; Viswanath and Peeta, 2003), and therefore only these two methods
are discussed in this thesis. Detailed reviews of FLPs can be found in Hale and Moberg
(2003); Klose and Drexl (2005); Melo et al. (2009); Owen and Daskin (1998); ReVelle and
Eiselt (2005).
In the p-median problem, p sites (the maximum number of CDPs that can be placed
considering resource constraints) are selected as CDP locations, such that the average
distance (or time) travelled by consumers from their origins (i.e. demand points) to their
nearest CDP, or the total demand-weighted transport distance, is minimised (Hakimi,
1964). This type of MiniSum model often embraces location problems of private companies,
where cost minimization and profit maximization are the prime objectives (Note: more
information about the p-median problem is given in Section 3.2.2.3.1).
On the other hand, covering-based problems, which can be derived as special cases of
the p-median problem (Church and ReVelle, 1976), require that demand locations are
situated within a certain distance (or time) from facilities servicing them. This category of
location problems can be sub-divided into three types, namely set-covering problems,
maximal covering problems and p-center problems (Ahmadi-Javid et al., 2017). Setcovering problems aim to select facilities, such that all demand points (regardless of their
size) are served by a minimum number of facilities located within a specified distance cutoff from each demand point (Toregas et al., 1971). However, the number of facilities
required to cover the entire demand (e.g. households or individuals) is often prohibitively
large. Thus, when only limited resources are available to deploy facilities, the solution
might be uneconomical and infeasible (Marianov and ReVelle, 1996).
The second type of covering problem, called maximal covering problem, aims to
maximize the number of demand points being covered by employing a fixed number of
facilities (let’s say p), located within a specified distance cut-off from each demand point
(Farahani et al., 2014). This type of problem treats small and large demand points
differently and tend to result in some demand points (i.e. mainly less populous points) left
uncovered if the number of facilities needed to cover the entire demand exceeds p. Though
this problem also accounts for demand (i.e. population), it does not incorporate actual
distances between demand points and their servicing facilities within the model; rather it
deals with distance in a binary format (i.e. 1 if a demand point is covered, and 0 otherwise).
Thus, it favours populous areas more than does the p-median problem for locating
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facilities. However, the resulting mean distance to selected facilities may not be as small as
that achieved by the p-median problem where the actual distances are accounted for in the
model (Daskin, 2008).
The third type of covering problem, called the p-center location problem, involves
selecting a number (p) of facilities and seeks to minimize the maximum distance between
any demand point and its servicing facility, thus keeping the system from its worst possible
performance by locating facilities in more central (though less populous) areas (Daskin,
2008). This type of MiniMax model has been in use to solve public service location
problems, where the equitable distribution of services is often considered more important
than cost (ReVelle et al., 1977).
Apart from the classifications discussed above, location problems can also be
categorised based on the capacity of candidate facilities. If there is no constraint on the
capacity of facilities considered, the problem is known as an uncapacitated FLP. On the
contrary, problems dealing with facilities that can support only a limited capacity are
termed capacitated FLPs (Verter, 2011). The candidate facilities can be set to have the same
capacity value or different values across facilities. Each of the median-based and coveringbased problems can be solved as capacitated and uncapacitated FLPs.

3.2.2.3.1 Modified p-median problem
P-median problems consider all candidate sites equivalent in terms of the setup cost for
locating a new facility (Melo et al., 2009). However, it should be noted that there is no cost
function considered in the problem formulation used in this study, as there was no cost
minimisation sought in this study. Instead, the problem accounted for both demand (e.g.
population) and the actual distances. Note that the classic p-median problem does not
consider any restriction on the maximum distance that consumers will have to travel to
reach their nearest CDP. Thus, to keep consumers from travelling long distances to reach
their nearest CDPs, the classic p-median problem was modified by adding a service
distance constraint (i.e. 𝐷𝑐 ) as done by Toregas et al. (1971) and Khumawala (1973). The
mathematical formulation of the modified p-median problem is as follows.
Equation (3.25) is the objective function that minimizes the total demand-weighted
distance between demand points (i.e. consumers) and their closest CDPs. Equation (3.26)
restricts the number (𝑝) of CDPs that can be located. Equation (3.27) ensures that each
demand point must be allocated to exactly one CDP that is lying within the distance cutoff (𝐷𝑐 ). Equation (3.28) ensures that demand points are allocated only to sites where CDPs
are located and that the capacity at each of the CDPs is not exceeded.
𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛: 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ ∑ 𝑤𝑖 𝑑𝑖𝑗 𝑦𝑖𝑗
𝑖 𝑗𝜖𝑁𝑖
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𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ∑ 𝑥𝑗 = 𝑝

(3.26)

𝑗

∑ 𝑦𝑖𝑗 = 1 , ∀ 𝑖

(3.27)

𝑗𝜖𝑁𝑖

∑ 𝑤𝑖 𝑦𝑖𝑗 ≤ 𝑐𝑎𝑝𝑗 𝑥𝑗

∀𝑗𝜖𝑁𝑖

(3.28)

𝑖

where, 𝑤𝑖 is demand (i.e. the number of consumers/people) at point 𝑖;
𝑑𝑖𝑗 is the shortest distance (over the network and not the Euclidean distance) between
demand point 𝑖 and candidate site 𝑗;
𝑦𝑖𝑗 = 1 if demand point 𝑖 is assigned to a CDP located at point 𝑗, and 0 otherwise);
𝐼 signifies a set of demand points/nodes (𝑖 ∈ 𝐼), and 𝐽 signifies a set of facility sites (𝑗 ∈ 𝐽);
𝑝 is the maximum number of CDPs that can be located;
𝑥𝑗 = 1 if a CDP is located at candidate site 𝑗, and 0 otherwise; and
𝑐𝑎𝑝𝑗 is the capacity at candidate site 𝑗.
If all facilities have unlimited capacities (as assumed in this study), Equation (3.28)
becomes Equation (3.29). Additionally, Equation (3.30) states that a binary coverage is
assumed, i.e. a demand point is served if it is located within a distance cut-off (𝐷𝑐 ) from a
CDP, and not served otherwise.
𝑦𝑖𝑗 ≤ 𝑥𝑗

∀ 𝑖, ∀ 𝑗𝜖𝑁𝑖

(3.29)

𝑥𝑗 , 𝑦𝑖𝑗 ∈ {0, 1} ∀ 𝑖, ∀ 𝑗

(3.30)

Equation (3.31) defines the eligible facility sites, and states that only facility sites lying
within the distance cut-off (𝐷𝑐 ) can service demand point 𝑖.
𝑁𝑖 = {𝑗|𝑑𝑖𝑗 ≤ 𝐷𝑐 }

(3.31)

where, 𝐷𝑐 is the distance cut-off (over the network), outside which distance from a CDP,
no demand points can be served.

3.2.2.3.2 Set-covering problem
Suppose 𝐼 is a set of demand points and 𝐽 is a set of candidate CDP sites, and we know the
distance 𝑑𝑖𝑗 over the network (i.e. not the Euclidean distance) between every demand point
i and every candidate CDP site j. Suppose that candidate CDP site j (𝑗 ∈ 𝐽) can service
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demand point i (𝑖 ∈ 𝐼) only if 𝑑𝑖𝑗 is not greater than a distance cut-off (𝐷𝑐 ). The cost of
establishing and operating a CDP is assumed to be the same for all candidate locations
because the existing local businesses operating CDPs are usually paid a flat monthly-fee
(regardless of the number of parcels handled). Hence, there is no cost function included in
the problem formulation of the set-covering problem, which is formulated as follows:
𝑛

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛:

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒

𝑍 = ∑ 𝑦𝑗

(3.32)

𝑗=1

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜

∑ 𝑦𝑗 ≥ 1 ∀𝑖

(3.33)

𝑗𝜖𝑁𝑖

𝑦𝑗 ∈ {0, 1} ∀𝑗; 𝑦𝑗 = 1 if a CDP is located at candidate site 𝑗, and 0 otherwise;

(3.34)

𝑁𝑖 = {𝑗|𝑑𝑖𝑗 ≤ 𝐷𝑐 }

(3.35)

Equation (3.32) is the objective function aimed at minimizing the total number of
facilities to be opened. Equation (3.33) ensures that each demand point must be covered if
it lies within the specified distance cut-off of one or more candidate facilities. Unlike the
classical set-covering problem, which treats all demand points as potential facility
locations, in this study, I (the set of demand points) and J (the set of candidate facility sites)
have no members in common. Hence, demand points will not be allocated to a facility if
there is no candidate facility within the specified distance cut-off from those demand
points. Equation (3.34) states that coverage is binary, i.e. a demand point is covered if a
candidate facility is within 𝐷𝑐 from the demand point, and not covered if there is no
candidate facility within 𝐷𝑐 from the demand point. Equation (3.35) defines 𝑁𝑖 (the set of
eligible facility sites within a distance, 𝐷𝑐 ). If there are two or more candidate CDP locations
within the distance cut-off, the demand point is allocated to the nearest candidate CDP
location. This formulation makes no distinction between demand points based on demand
size, and the capacity of each candidate CDP location is assumed to be unlimited (i.e. there
is no limit on the number of demand points allocated to a candidate CDP location).
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“Garbage In, Garbage Out”
-- George Fuechsel

4.1

Primary Data

The data collected by the researcher directly from the first-hand sources (e.g. consumers)
for a specific research purpose, are called ‘primary data’. For example, the information
obtained by conducting a survey of a sample of the target population (i.e. the first-hand
source) is considered as primary data. It can be either qualitative or quantitative in nature
and can be collected using a variety of techniques, such as questionnaire surveys,
observations, focus groups or in-depth interviews (e.g. Allen, 2017). The data obtained
from the primary data sources is unmediated and hence is considered to be much more
accurate. Also, as the researcher possesses full control over the steps involved in the
primary data collection process (e.g. selection and recruitment of respondents, and design
of questionnaires), the researcher’s concern about the research method and design affecting
the quality of data that is being collected is considerably minimized (Salkind, 2010).
However, primary data is not necessarily always of high quality because there can be other
factors that affect the data quality. For example, if personal interviews are employed to
collect data, the quality of data may be affected by a number of factors, such as the
characteristics of the interviewer (e.g. being judgemental) (Salkind, 2010). It should also be
noted that primary data collection is usually an expensive and time-consuming exercise
for any research study (Salkind, 2010). For example, primary data collection, via face-toface interviews with a large number of participants, may take a long time (say several
months or up to a year) to be completed, because the researcher (or an interviewer) will
need to meet each of the participants personally (Guest et al., 2013). The following sections
describe the primary data collection done in this study.

4.1.1 Focus Group Data
4.1.1.1 Participant recruitment process
A flyer was designed to advertise the call for participants for focus groups. After getting
approval from the Human Ethics Committee of the University of Canterbury (UC), flyers
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were distributed at several public places in Christchurch. Also, staff and students at UC
were requested to refer people from among their acquaintances to participate in focus
group sessions. Flyers were also displayed on the notice boards of several departments at
UC. A total of 450 flyers were sent out. In addition to flyers, publicity through word-ofmouth was also done two weeks prior to the scheduled dates of focus group sessions.
Moreover, the hyperlink of the flyer and brief information regarding the study were
published in the monthly newsletter of the Royal Society of New Zealand and were shared
with their large membership base.

4.1.1.2 Details of focus group sessions
In this study, five focus group sessions (and a pilot session) were held, and they seemed to
be sufficient to elicit ideas and perceptions related to online shopping and CDPs, as ‘data
saturation’ was reached (see Chapter 3). Each session comprised six to eight participants
and a moderator. As described in Chapter 3, this figure is considered an ideal number
because smaller groups show greater potential for fruitful discussions than larger groups.
To maximise participation, some of the sessions were scheduled on the date(s) and time(s)
suitable to the people who showed a willingness to participate, and a reminder message
was sent a couple of days ahead of the scheduled session date. To make it easy for people
to participate, two of the sessions were conducted at premises of the participants, who were
either working for the same organization or belonged to pre-existing groups. As described
in Chapter 3, since the topic of discussion (i.e. online shopping) was quite generic, it was
believed that pre-existing relationships would not prevent participants from putting their
ideas forward and would instead encourage participants to have detailed discussions.
Thus, each of the focus groups comprised at least some people that were either
acquaintance or had pre-existing relationships, and the moderator ensured that the other
participants (who were not known to the group) were introduced during the refreshment
session held before each of the focus group sessions.
The participants for focus group sessions were recruited regardless of their ethnicities,
income level, and educational background, but they had to be residing in Christchurch to
be eligible to participate. The focus groups comprised participants from five age groups,
namely 18-30, 31-40, 41-50, 51–60 and 61 years old or more, with a dominant share (i.e.
79%) of youngsters (between 18 and 40 years). Over 60% of the participants were male,
which is an over-representation of males by 13%, as only 47% of NZ residents are male
(Statistics New Zealand, 2013). Also, this study sought an equal number of participants
who were online shoppers and non-online shoppers. However, despite many attempts to
recruit non-online shoppers, only 4 out of 34 participants indicated that they had never
bought online before. The profile of the participants is summarized in Table 4.1.
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Table 4.1 Profile of focus group participants
Sr. No.

1.

2.

3.

Variables

Age Group

Gender

Current Occupation

Categories

N*

%

18 – 30

15

44.1

31 – 40

12

35.3

41 – 50

02

5.8

51 – 60

04

11.8

61 or above

01

2.9

Male

21

61.8

Female

13

38.2

Others

0

0

Student

08

23.5

Homemaker

0

0

Unemployed

0

0

Employed full time

25

73.5

Self-employed

01

2.9

30

88.2

0

0

4

11.8

Have bought online in past, and still
4.

Category with respect to the
experience of online shopping

buy online
Have bought online in past and now
reduced or stopped doing so
Have never bought online

Note: N* – number of participants

All the sessions were moderated by the researcher and facilitated using a PowerPoint
presentation of the open-ended questions that were to be discussed during the focus group
sessions. The questions used to facilitate the group discussions are given in Appendix – I.
An incentive, in terms of a free entry into the prize draw for a $50 voucher of a shopping
mall, was offered to the participants of each session. At the beginning of each session,
participants were offered refreshments and welcome drinks, to make them feel
comfortable with the venue and the other participants. They were then given a brief
introduction to the project and provided with an Information Sheet (see Appendix – II)
containing an outline of the project and the process to be followed in the session.
Furthermore, they were requested to provide their informed consents (written) for
participating in the session (see Appendix – III). This process helped in protecting
participants’ well-being and interests and ensured that participation was informed and
voluntary (Salkind, 2010). Each session was recorded with the help of a digital recorder
and later transcribed. No additional observers were employed, and it was ensured that all
participants contributed to the discussion.
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4.1.2 Personal Interview Data
Semi-structured personal interviews were conducted with representatives from three
different courier companies, to understand their interest in and approach to installing
CDPs in the city. Questions that were put to the representatives of courier companies are
given in Appendix – IV. Also, given the dense distribution of dairies in the city and their
potential for being used as CDPs, dairy owners’ perception of CDPs and their willingness
to serve as a CDP were explored by means of a face-to-face interview survey with the
owners of five randomly selected dairies. The questionnaire used for the dairy owners’
interviews is given in Appendix – V.

4.1.3 Online Survey – Questionnaire Development
The questionnaire used in the survey comprised nine sections, as shown in Figure 4.1. The
first section of the survey applied the necessary checks on survey respondents and
screened out all those who were not eligible to participate in the survey (Note: checks are
discussed in Section 4.1.4). The second section comprised questions about consumers’ ICT
usage and shopping characteristics. The revealed preference questions related to home
deliveries were asked in the third section, followed by the CDP related stated preference
questions in the fourth section. The fifth section sought consumers’ CDP related attitudinal
characteristics. The household characteristics were sought in the sixth section, before the
socio-demographic characteristics were sought in the seventh section. The sociodemographic questions were purposely placed towards the end of the questionnaire
because several studies (e.g. Dillman, 2011; Whitley and Kite, 2013) suggest that this often
helps to reduce the likelihood of respondents declining to answer when they are asked
possibly sensitive demographic questions, such as income. However, there are a few
studies (e.g. Babbie, 2017) that suggest socio-demographic questions should be placed at
the beginning of the questionnaire, to help establish rapport with the respondent, provided
the questions are not sensitive in nature and are small in number (Colton and Covert, 2007).
Travel related information was captured in the eighth section, and a concluding message
was shown in the ninth section. The questionnaire used in the online survey is shown in
Appendix – VII. The flow of questions within each section was programmed such that only
relevant questions appeared for each respondent, based on their initial responses to earlier
questions, to achieve a balance between the information being sought and the burden on
respondents (Kusumastuti et al., 2011).
The variables included in the survey are described as follows. ICT usage and shopping
characteristics included both online and in-store shopping-related information. Online
shopping related variables included the respondent’s internet usage (during the past 7
days) regardless of the purpose of use, the experience with online shopping (i.e. time since
their first online shopping), the frequency of online shopping (during the past 12 months),
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Eligibility and Quota
Check

Stated Preference
Questions
(CDPs)

Socio-demographic
Characteristics

ICT Usage and
Shopping
Characteristics

Revealed Preference
Questions

Attitudinal Questions
for CDPs

Household
Characteristics

Travel Characteristics

Concluding Message

(Home Deliveries)

Figure 4.1 Structure of the online survey questionnaire
and the frequency of searching about products and/or shops online before buying them
from physical shops. Note that all the online shopping related questions were to be
answered regarding products that cannot be delivered via the internet (i.e. travel tickets
and hotel bookings were excluded). In-store shopping related variables included the
frequency of shopping at physical shops, the frequency of examining products and/or
checking the price of products in physical shops before buying them online, and the
frequency of visiting businesses selling frequently used items (e.g. supermarkets and
dairies).
The home delivery related revealed preference questions sought information, such as
the respondent’s common place of getting the items bought online delivered, the
preference for various time-periods to receive home deliveries, and the frequency of
missing home deliveries.
The stated preference questions included various choice sets wherein respondents were
supposed to select between the two modes of receiving the items bought online (i.e. home
delivery and collection from CDPs). The process done to design the stated preference
questions will be described in detail in the next section. The CDP related attitudinal
questions sought information, such as consumer’s frequency of visiting potential CDP
facilities, their preference for using service point CDPs and locker point CDPs, and their
attitude towards missing ‘attended deliveries’ (i.e. deliveries requiring a signature on
receipt) and an alternate mode of unattended delivery (i.e. delivery to a CDP). Note that
consumer attitudes towards missing ‘attended deliveries’ and using CDPs were recorded
in terms of responses to qualitative statements, on a five-point Likert scale (i.e. -2 for
‘strongly disagree’ to 2 for ‘strongly agree’).
The household-specific questions sought information, such as the type of a dwelling
unit, the household size, the household composition, the number of workers in the
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household, the number of children below 18 years and below 13 years of age in the
household, the number of cars in the household, and the number of cycles in the
household.
Socio-demographic data included individual-specific information (e.g. age, educational
qualification, employment status and annual household/personal income). Travel
characteristics covered information, such as individual’s most commonly used travel mode
for each of the work and shopping trips, and the numbers of cars and cycles available for
use by the household.

4.1.3.1 Design of stated preference questions
As described in Chapter 3, the choice sets (i.e. questions) presented to respondents of the
survey were created based on the combination of predetermined alternatives, attributes,
attribute levels, and attribute-level labels. The process adopted for the selection of each of
the above items is described in the following sections.

4.1.3.1.1 Selection of alternatives and attributes
Since CDPs have only recently been introduced in New Zealand’s three biggest cities,
namely Auckland, Wellington and Christchurch, New Zealanders’ acceptance of CDPs is
not known. Therefore, to model consumers’ choice of CDPs, SP data-based choice
modelling has been carried out in this study. Given the success of CDPs in European
countries, such as Germany, France, UK and the Netherlands (Morganti et al., 2014a), they
were considered as an explicit mode of receiving parcels of items bought online. Thus,
‘Home Delivery’ and ‘Collection from a CDP’ were selected as alternatives to be presented
to consumers.
Based on the results of the focus group discussions done with consumers and previous
studies done abroad (e.g. McKinnon and Tallam, 2003; Weltevreden, 2008; Morganti et al.,
2014a; Morganti et al., 2014b), various attributes, such as the type of CDPs (TCDP),
shipping cost (SC), shipment time (ST), travel distance to CDP (TD), risk of theft (RT) (i.e.
the number of times a parcel is being stolen or tampered with, per 10 deliveries), home
delivery hours (HDH), and CDP collection hours (CDPH) were considered, as shown in
Table 4.2. Apart from these, the maximum time that a parcel can be held at a CDP, the
urgency of needing a product, the value of the contents of a parcel, and the additional
waiting time due to a home delivery being missed, were initially considered as attributes.
However, given that the results of SP studies are reliable only if choice sets are easy to
understand and allow trade-offs to be made (Louviere et al., 2000), they were omitted from
the final list of attributes, to avoid the choice sets becoming too complex and making tradeoffs difficult.
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Table 4.2 Definition of considered attributes
Attributes
Type of a CDP (TCDP)
Shipping cost (SC)
Shipment time (ST)

Definition
Whether CDP is manned (i.e. service points) or
unmanned (i.e. locker points)
The cost to be paid for getting a parcel delivered
The time duration between placing an order and
receiving the item

Travel distance to a

The distance between home and the nearest CDP

CDP (TD)

location

Risk of theft (RT)

The number of times a parcel is being stolen or tampered
with, per 10 deliveries

Unit
–
NZD
Days
Kilometres
%

Home delivery hours

The time duration during which home deliveries are

Days &

(HDH)

done

Hours

CDP collection hours

The time duration during which parcels can be collected

Days &

(CDPH)

from (or returned to) a CDP

Hours

4.1.3.1.2 Attribute levels and labels
The levels for SC for both the alternatives were based on shipping costs that are
experienced in the local market, for small to medium sized parcels. Also, it was assumed
that using CDPs, parcels can be received (or delivered) faster than by home deliveries,
because using CDPs, a greater number of parcels can be delivered per unit time, as parcels
will be required to be transported to a smaller number of locations (i.e. CDPs) than a large
number of individual recipients’ homes. Furthermore, CDPs were assumed to be located
within two – six kilometres from consumers’ locations. The risk of theft was assumed to be
higher for home deliveries (due to parcels being left unattended during home deliveries)
than for the CDP alternative. CDPs’ operating hours (i.e. hours per-day and days per-week)
were considered to be higher than home delivery hours, due to CDPs remaining open for
long hours during both weekdays and weekends (shown later in Table 4.8). Table 4.3
shows the details of the attribute levels adopted for the selected alternatives.

4.1.3.1.3 Generating choice-sets
Efficient designs, in order to minimise the standard errors, require prior parameter values
(e.g. mean and standard deviation of a parameter, if normally distributed; the range of
values of a parameter, if uniformly distributed) to be specified. These prior parameter
estimates can be adopted from the results of a previous empirical study or a pilot study
(Rose and Bliemer, 2009). However, as there was no ‘New Zealand’ study available that
could guide the selection of prior parameter values for each of the attributes, a pilot study
was conducted to derive the prior values and to get feedback about the clarity of choice
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Table 4.3 Attributes and attributes’ levels
Alternatives
Attributes
Home delivery

Collection from a CDP

–

Service point or Locker point

SC (NZD)

$6; $8; $10

$4; $6; $8

ST (days)

3; 5; 7

3; 5

TD (km)

–

2; 4; 6

TCDP

0 out of 10 times;
RT

1 out of 10 times;
2 out of 10 times

HDH / CDPH

8 hours (9 am to 5 pm) – weekdays;
8 hours (9 am to 5 pm) – weekdays + Saturday

0 out of 10 times;
1 out of 10 times
18 hours (6 am to Midnight) –
7 days;
24 hours – 7 days

sets and other questions. A pen-and-paper based questionnaire survey, comprising 18
choice sets, was completed by 22 online shoppers residing in Christchurch, and thus 396
observations were obtained. The questionnaire used in the pilot survey is given in
Appendix – VI. It is acknowledged that the number of responses obtained in the pilot
survey was not large. It is obvious that the greater the sample size, the better the estimates
would be, but a large sample size would have involved a greater cost and time for the
study. Thabane et al. (2010) suggest that sample size must not always be a concern for pilot
studies, and it is more important that a sample for a pilot be representative of the target
study population. Moreover, it should also be based on the same inclusion/exclusion
criterion as in the main study. However, in this study, the sample for the pilot study was
not found to be representative of the population, but participants were recruited based on
the same inclusion/exclusion criterion as in the main study. Julious (2005), on the other
hand, suggests a sample size of 12 be sufficient, while Hertzog (2008) considers 10 – 15
respondents, a reasonable sample size for pilot studies.
A software package, Ngene, that was developed by ChoiceMetrics Inc., Australia (Rose
and Bliemer, 2009; Rose et al., 2012), was used to undertake the experimental design.
Choice sets for the pilot survey were constructed by generating efficient designs for the
specification of a cross-sectional MNL model, because the MXL model specification
requires one or more parameters to be randomly distributed, and prior estimates were not
available. Thus, fixed prior parameter values were used in the MNL specification, and their
values were chosen based on the researcher’s judgement and common sense about the
attributes of delivery modes considered in the study. Typically, small values with expected
signs were used in the initial design of choice sets. It should be noted that the MNL model
assumes choice observations to be independent of each other, which is less likely to be true
in real-world situations, as discussed in Chapter 3.
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The data obtained from the pilot survey was analysed using NLOGIT 5.0, a package
developed by Econometric Software Inc., NY, USA (Greene, 1986). An MNL model was
estimated to arrive at the coefficients to be used as ‘fixed prior values’ when generating the
design to derive the choice sets to be used in the main survey. Choice sets for the main
survey were developed by generating efficient designs for an MNL model specification.
The efficiency measure used to evaluate the design was D-error, which is defined as the
inverse of the determinant of Asymptotic Variance Covariance (AVC) matrix.
‘Attribute level balance’ property (described in Chapter 3) was considered in the design.
The final design (shown in Figure 4.2) was selected after over five million designs were
assessed, which took over four days of the computer running time. This design was
selected because it had the lowest D-error value (i.e. 0.34) amongst all the other designs
and a reasonably low A-error value (i.e. 0.46). It should be noted, however, that typically a
design with a considerably low D-error value (i.e. local optimum) is used, because it is
practically difficult to find the design with the lowest possible D-error value (i.e. global
optimum). Furthermore, there is no clear demarcation available between the acceptable
and non-acceptable D-error values. However, as per the literature (e.g. Dunn and
Kusumastuti, 2016), the designs with as low D-error values as 0.34 appear to be considered
acceptable.
The above design was selected despite the high value of the S-estimate, which indicates
the sample size required for the study (see Chapter 3), because the S-estimate assumes that
the prior estimates are true and the model specification used to generate the design is the
‘final’ model specification, which is often not followed. Moreover, the efficient design
selected might be sub-optimal when another model specification is used and/or another
modelling type is used (e.g. MXL instead of MNL) (Hensher et al., 2005; Rose and Bliemer,
2009). Therefore, the S-estimate should only be used as a rough indicator of the required
sample size. However, it is still a better (i.e. more efficient) starting point than using a more
generic design. In this study, although the S-estimate turned out to be 1189, due to time
and budget constraints, the study comprised only 355 respondents.
More details of the final design that was used to generate choice sets for the main survey
are given below in Figure 4.2. The design was converted into choice sets and transferred to
an online survey, using Qualtrics, which is an online survey hosting package developed
by Qualtrics LLC, Provo, Utah, USA (Qualtrics LLC, 2013).

4.1.3.1.4 Hypothetical setting: online shopping scenario
Respondents were provided with a hypothetical setting (as shown in Figure 4.3) that
described an online shopping scenario they were supposed to imagine while making
choices. Based on the hypothetical scenario shown in Figure 4.3, respondents were asked
to assess 20 choice sets. The first two choice sets, which were included only to help
respondents become familiar with the choice setting, were taken from the choice sets used
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Figure 4.2 Selected design for the main survey
in the pilot survey. The remaining 18 choice sets were randomised to appear in a different
order for each respondent. This ensured that the survey results were not influenced by the
order of presentation of choice sets in the survey, i.e. the order effect, which is a potential
source of measurement error, was prevented (Lavrakas, 2008). Responses to the two
‘practice’ choice sets were not considered in the estimation of models. In each of the
scenarios, they were asked to select their preferred delivery option (i.e. either home
delivery or collection from a selected CDP location).
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“Imagine you are buying a product online (other than products that can be delivered via internet,
such as travel tickets), and it is small enough to be carried by car, bike or on foot.
There are two options for receiving the product you bought online:
Option 1: Home Delivery. If no one is available at your designated delivery address to receive
your parcel when the parcel arrives, a courier company will leave it unattended at that address,
and thus there is a risk of theft involved if no one is available to receive the parcel.
Option 2: Delivery at your chosen Collection and Delivery Point (CDP) from where you can
collect it at a time convenient to you.
There are two types of CDPs (i.e. service points and locker points), and both types can
accommodate parcels of a variety of sizes, but not very large parcels (e.g. a large TV).
➢ Service points
(a) Located in local shops, such as supermarkets, dairy shops and fuel stations.
(b) Operated and facilitated by a host business.

Example of a supermarket as a CDP

Example of a fuel station as a CDP

➢ Locker points
(a) Located at public places, such as beside malls, schools or universities, hospitals, bus
terminals, outside offices of a courier company, and near other offices in the city centre.
(b) Automatically operated using pin codes.

Example of locker points
In both these types of CDPs, there is a risk of theft involved as, for example, there may be no
CCTV cameras installed, and if installed, they may not be working.
Your task:
1. Based on the hypothetical setting above, you will be asked to assess 20 scenarios. In
each of the scenarios, you will be asked to select your preferred delivery option (i.e.
either having the product delivered to your place or to a CDP).
2. Furthermore, there are two categories of product prices that you should consider
(excluding shipping cost), i.e. products having a value of (i) $45 – $55 and (ii) $145 –
$155.
3. A snapshot will be shown next to depict the way these choices are to be made.”
Figure 4.3 The hypothetical online shopping scenario
They were given two categories of products, i.e. products worth $45 – $55 and $145 –
$155, excluding shipping costs, to consider while making choices. These price-groups were
decided to help cover both inexpensive and expensive products bought online. Note that
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the average amount spent by New Zealanders per online transaction was $100 in 2018
(New Zealand Post, 2019b). A snapshot of a pre-filled choice set, shown in Figure 4.4, was
shown in the instructions as an example. The SP section of the questionnaire used in the
main survey is given in Appendix – VII.

Figure 4.4 A snapshot of a pre-filled choice set

4.1.4 Online Survey Implementation
The quantitative data required for the study were obtained via an online survey
administered in May – June 2018 to panel members of a market research company, using
Qualtrics. There is no relationship between the people in the focus groups and the people
completing the online survey. However, the stated preference questions for the online
survey were partially based on the results of the qualitative content analysis conducted
using focus group data, as the alternatives and attribute levels adopted for the stated
preference questions were selected considering the results of the content analysis and the
available literature.
To be able to study the consumers’ choice of using CDPs, only people who had bought
any product online (excluding products that are delivered via the internet, e.g. travel
tickets) in the 12 months prior to completing the survey were surveyed. Also, note that for
various reasons, consumers aged less than 18 years are less likely to shop online. For
example, they are less likely to be able to access or own a credit/debit card, which is often
necessary to do online shopping. Thus, only people aged 18 years or above were surveyed.
Moreover, as the study is based on Christchurch, only people residing in Christchurch
were surveyed. Therefore, to be eligible to participate in the survey, respondents must have
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had bought online in 12 months prior to completing the survey and had to be at least 18
years of age and residing in Christchurch.
A total of 418 responses were obtained from the panel members, but only 305 of them
were used for the analysis, as 113 were not fully completed. In addition to the online panel
survey, another online survey, using the same sets of questions, was simultaneously
conducted among acquaintances of the researcher and the supervisory team. Around 100
additional responses were obtained, out of which only 50 were fully completed and able
to be used for the analysis. Therefore, the dataset used in the study comprised 355 complete
responses obtained from the two different sources. It should be noted, however, that all
the analyses carried out in this study are based on those 355 complete responses, except
the choice modelling exercise reported in Chapter 7, which analysis was carried out using
a subset of this data. The rationale behind it is discussed in Section 4.1.6. Table 4.4 compares
the sample and census proportions and shows that the sample represents the population
reasonably well.
Table 4.4 Comparison of sample and census characteristics
Sample of respondents (%)
Factors

Categories

Census 2013 (%)
(N = 355)

Male

50.7

49.1

Female

49.3

50.9

18 – 29

23.4

19.4*

30 – 39

20.9

16.9

40 – 49

14.6

18.9

50 – 59

14.6

17.8

60 or more

26.5

27.1

Gender

Age (years)

Note: *20 – 29 years; N – number of responses

4.1.5 Sample Population Characteristics
The levels of the variables considered in the study (except the SP section) were decided
based on Census information (wherever applicable). However, some levels of several
variables were later amalgamated due to their ‘expected count’ value being less than five,
which is a necessary condition for the results of statistical tests (e.g. Chi-square test for
equality of proportions) to be robust (Boslaugh, 2008). It should be noted that most of the
variables in this study were captured on a categorical scale, with some of them (e.g. gender)
considered as nominal, and others (e.g. age, attitudinal variables) being considered as
ordinal. Only four variables, namely household size, the number of workers in the
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Table 4.5 Sample population characteristics
#

Marginal
Percentage

Up to 15 hours

104

29.3%

16-25 hours

94

26.5%

26-35 hours

61

17.2%

More than 35 hours

96

27.0%

Up to 3 years

91

25.6%

4-6 years

103

29.0%

More than 6 years

161

45.4%

85
Frequency of online
shopping during the past 12 About once per three months (frequent
135
months (before survey)
online shoppers)
(FOS2)
About once or more per month (very
135
frequent online shoppers)

23.9%

Factors

Levels

ICT usage and shopping
characteristics
Internet usage during the
past 7 days (before survey)
(INUS)

Time since first online
shopping (TSFS)

About once per six months or longer
(i.e. infrequent online shoppers)

Less than once a week
Frequency of shopping from Once a week
physical shops (FSPS)
2-3 times a week
4 or more times a week
Never
Frequency of examining
Sometimes
products and/or checking
the price of products in
About half the time
physical shops before
Most of the time
buying them online (FXPPS)
Always
Never
Frequency of searching
about products and/or shops Sometimes
online before buying them
About half the time
from physical shops
Most of the time
(FXPOS)
Always

38.0%
38.0%

52

14.6%

98

27.6%

139

39.2%

66

18.6%

53

14.9%

172

48.5%

34

9.6%

70

19.7%

26

7.3%

23

6.5%

149

42.0%

73

20.6%

81

22.8%

29

8.2%

Note: # - number of responses

household, and the maximum tolerable distances to walk and cycle respectively to reach a
CDP, were measured on a continuous scale. However, they were also later transformed
into ordinal (i.e. categorical) variables to suit the modelling exercise. The distribution of
the sample population across the various characteristics is given briefly in Table 4.5, and
in detail in Appendix – VIII.
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4.1.6 Sample for Choice Modelling
The quality of data obtained via online panels is often a matter of concern for researchers
because the integrity of the sample of respondents that are part of a panel, cannot be
assured. Also, the data collected via online panels is typically considered as a non-random
sample, because only specific groups of people (e.g. computer literate people, or people
with the internet access) can be a member of an online panel to participate in online
surveys. Due to this, some researchers (e.g. Baker et al., 2010; Brick, 2011) have questioned
the generalisability of the results of studies based on data obtained from online panels.
However, if the sample of respondents obtained from online panels fits the target study
population reasonably well and is technically suitable for the research being done, it is
often considered as a statistically acceptable and generalizable source of data (Murray et
al., 2013).
The few main motivations for people joining online panels include incentives that can
be earned by completing surveys, curiosity, enjoyment, and desire to have their opinions
heard (Poynter and Comley, 2003; Poynter, 2010). As per Comley (2005), online panel
members can be categorised into four types, namely opinionated, professionals,
incentivised and helpers, based on the motivation behind their joining online panels.
Opinionated people are those who like to give opinions and have a desire to have their
views heard. Professionals are people those who participate in surveys primarily for
earning incentives and do not usually participate if there is no incentive offered.
Incentivised people are those who are attracted by incentives but may also participate
when no incentive is offered. Helpers are those people who enjoy doing surveys and like
helping others. As per Golden and Brockett (2009), professional survey takers, who
typically sit on several panels and take many surveys, are more prone to providing
satisficing and even fraudulent responses, as they primarily seek to earn survey
completion incentives. Therefore, if professional survey takers exist in the sample in large
numbers, the quality of the data thus obtained will be affected, and the integrity of the
sample may well be questioned.
The assessment of the quality of data obtained from online panels can be done by means
of identifying questionable response behaviours that are likely to provide unauthentic and
low-quality data. One such behaviour is completing the survey in an exceptionally short
response time, which suggests that respondents might have not read the questions
thoroughly and filled in the survey without giving enough thought to their answers (Smith
et al., 2016). Another questionable response behaviour is, responding to the survey
questions in a manner that results in a low level of variability in responses and, possibly,
in unreliable results. These behaviours can be assessed by analysing the survey completion
times of each respondent and the variability in their responses (Smith et al., 2016).
In this study, to be able to check for the above questionable response behaviours, the
time taken by each of the respondents to complete the online survey was recorded by
means of Qualtrics. It was found that some of the respondents completed the survey in a
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remarkably short time. For example, there were respondents reported to have taken as
short a time as six minutes. In contrast to this, there were other respondents who took over
100 minutes to complete the survey (see Figure 4.5).
50

42
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30

34

32

28
22

26

25

21

20

20

15

20
11

18
11

10

> 100

50.1 - 100.0

30.1 - 50.0

24.1 - 30.0

22.1 - 24.0

20.1 - 22.0

18.1 - 20.0

16.1 - 18.0

15.1 - 16.0

14.1 - 15.0

13.1 - 14.0

12.1 - 13.0

11.1 - 12.0

10.1 - 11.0

0

upto 10

Frequency counts

40

Time for survey completion (min)

Figure 4.5 Frequency counts corresponding to different values of survey completion
time
There can be several reasons for both exceptionally short and long survey completion
times. For example, surveys might have been completed in parts during different sittings
or while working on several tasks simultaneously, or were interrupted by a technical glitch,
which made them take a longer time to complete. It should be noted, however, that
respondents who took longer times to complete the survey are less likely to have led to any
objectionable response behaviour (e.g. providing satisficing or dishonest responses), unless
they deliberately filled in the survey very quickly and then waited for some time before
submitting the completed survey. On the contrary, while very experienced online
panellists might be well versed with the intricacies of online survey platform and hence be
able to complete the survey in a moderately short time, possible reasons for exceptionally
short survey completion time may include respondent’s inattentiveness to the survey
content, providing satisficing or rote responses, and seeking to earn incentives with a
minimal cognitive effort spent on responding to the survey, etc.
To differentiate between the authentic and questionable responses, it was essential to
find out the threshold value of minimum time that respondents would need to complete
the survey while being attentive to the survey content and giving enough thought to their
responses.
Among the nine sections of the questionnaire, the SP section, which had the greatest
number of questions (i.e. 22) that were similar in nature, was more prone to inattentive or
dishonest responses. To this end, chi-square test over cross-tabulation was conducted to
investigate the correlation between each respondent’s survey completion time and tradeoffs made among the attributes of the alternatives in all the 18 choice sets that were
presented in the SP section (see Table 4.6). Two categorical variables were created to run
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the chi-square test for association: (1) Trade off makers (i.e. those respondents who selected
each of the two alternatives in at least three choice sets out of 18 choice sets) and (2) Likely
speeders (i.e. those respondents who completed the survey in less than 𝑥 amount of time;
𝑥 was varied between 10 minutes and 19 minutes inclusive, for chi-square test).
Table 4.6 Results of the chi-square test
Survey

Trade-off

Likely speeders:

completion time

makers:

counts (X %)*

(min)

counts

Yes

No

Yes

19 (9.5%)*

180

No

10 (6.4%)*

146

Yes

29 (14.6%)*

170

No

22 (14.1%)*

134

Yes

40 (20.1%)*

159

No

33 (21.1%)*

123

Yes

52 (26.1%)*

147

No

47 (30.1%)*

109

Yes

68 (34.2%)*

131

No

64 (41.0%)*

92

Yes

75 (37.7%)*

124

No

70 (44.9%)*

86

Yes

82 (41.2%)*

117

No

90 (57.7%)*

66

Yes

94 (47.2%)*

105

No

94 (60.2%)*

62

10
11
12
13
14
15
16
17

Yes
18
No
Yes
19
No

113
(56.8%)*
106
(67.9%)*
124
(62.3%)*
108
(69.2%)*

Chi squared

Asymptotic p value

statistic

(2-sided)

1.148

0.332

0.016

1.000

0.059

0.895

0.695

0.407

1.759

0.187

1.868

0.192

9.516

0.003

5.951

0.018

4.612

0.037

1.849

0.180

86
50
75
48

Note: (X %)* – X is the percentage of likely speeders among trade-off makers or non-trade-off
makers; Example calculation: for the survey completion time of 16 minutes, the percentage of
speeders among non-trade-off makers = 90 / (90+66) = 57.7%.

It was found that, for the survey completion time of 16 minutes, 17 minutes, and 18
minutes, there was a correlation existing between respondents’ making no or few tradeoffs and taking a very short time to complete the survey (see Table 4.6). It is apparent from
Table 4.6 that the proportion of speeders is consistently greater among non-trade-off
makers than among trade-off makers. For example, for the survey completion time of 16
minutes, around 58% of the non-trade-off makers were speeders, while only 41% of the
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trade-off makers were speeders. This implies that 16 minutes was the threshold value of
time that distinguishes between likely speeders and authentic respondents. However, the
number of responses obtained from respondents those who took 16 minutes or more to
complete the survey was not adequate (i.e. 157 responses) for estimating the choice models,
and to this end, the survey completion time of 13 minutes was adopted as the threshold to
differentiate between likely speeders and authentic respondents. Accordingly, the data
obtained from the online surveys were screened to rule out responses that were filled in
less than 13 minutes, and consequently, only 256 responses were selected to be considered
for the choice modelling exercise. It should be noted, however, that although the greater
sample size (i.e. using 13 min as the cut-off) may improve the statistical power (in terms of
more accurate mean values and a smaller margin of error) of the choice models that will
be estimated using this SP data, the model parameters will have to be interpreted
cautiously, given the dubious quality of some responses.
Among those 256 respondents who completed the online survey, there were
respondents that, despite being non-speeders, consistently opted for a particular
alternative for 16 or more out of the 18 choice sets. As consumers’ trade-off between the
various attributes is required to estimate coefficients of attributes (Hensher et al., 2005),
only 147 responses (for the choice task related to inexpensive products) and 134 responses
(for the choice task related to expensive products) where a trade-off was made, in terms of
opting for each of the alternatives in at least three choice sets out of 18, were considered for
estimating the choice models. Table 4.7 compares the overall sample with the ‘sample
excluding likely speeders’ and the ‘sample excluding non-trade-off makers’ (i.e. the sample
of responses used in choice modelling). It is apparent that the ‘sample without likely
speeders’ had gender and age characteristics similar to those of the overall sample, except
for the age group, namely ‘60 years or more’, which was slightly over-represented.
Similarly, the ‘sample without non-trade-off makers’ (i.e. the sample used for choice
modelling) also had gender and age characteristics similar to those of the overall sample,
but the age groups, namely ‘18 – 29 years’ and ‘60 years or more’ were slightly over- and
under-represented respectively.

4.2

Secondary Data (Study Area Details)

Secondary data refers to data originally collected in regard to a research question/purpose
other than the research question/purpose for which it is used. For example, the data
provided by Census surveys, when used for any other study, will be considered as
secondary data for that study (Allen, 2017). Like primary data, secondary data can also be
either qualitative or quantitative. The usual sources of secondary data include government
websites and publications, journals, books, encyclopaedia, search engines, etc. Secondary
data can be obtained relatively easily and are often less expensive than primary data.
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Table 4.7 Sample versus population characteristics of Christchurch city
Overall
sample of
Factors

respondents
(%) (#)
N = 355

Sample without
likely speeders
(%)
N = 256

Sample without non-trade-off makers
(%)
Inexpensive

Expensive

products (%)

products (%)

N = 147

N = 134

Gender
Male

50.7 (180)

46.9

49.0

46.3

Female

49.3 (175)

53.1

51.0

53.7

18 – 29

23.5 (83)

21.1

27.2

27.6

30 – 39

20.8 (74)

18.8

18.4

18.7

40 – 49

14.6 (52)

15.6

16.3

17.2

50 – 59

14.6 (52)

13.3

15.6

14.9

60 or more

26.5 (94)

31.2

22.4

21.6

Age
(years)

Note: *20 – 29 years; # - number of responses; N – sample size

However, users of the secondary data cannot have control over that data and may also find
the data irrelevant and inappropriate for the study they intend to do (Hox and Boeije, 2005).
In addition to the data obtained by conducting focus group discussions, personal
interviews and online surveys, secondary data were also used in the study, and they were
obtained from various sources, such as Statistics New Zealand, New Zealand Transport
Agency, Christchurch City Council and NZ Ministry of Transport. The main secondary
data used in the study included the location of facilities having a potential to serve as CDPs;
the spatially distributed demand or population (which is often concentrated at the
centroids of areas); and the network travel distances between facility and demand
locations. The secondary data collection done in this study is described in the following
four sub-sections.

4.2.1 Demand Points’ Locations
Demand points are sources of demand (e.g. consumers) that are served by facilities to be
located using LA modelling. Factors, such as population density, shopping potential of
neighbourhoods and socio-demographic characteristics have been reported as governing
the service providers’ choice of location for CDPs (Lachapelle et al., 2018; Morganti et al.,
2014b). Thus, the socio-demographic characteristics of people residing in 2,931 mesh blocks
that constituted the study area were obtained. A mesh block is “the smallest geographic
unit, varying in size from part of a city block to large areas of rural land, for which statistical
data are collected and processed in New Zealand” (Statistics New Zealand, 2013). Mesh
blocks in the inner areas of the city are smaller in size and more densely populated, while
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those in the outer areas are larger and less densely populated. The geometric centroids of
the mesh blocks were assumed to be representing the location of the population residing
in the respective mesh blocks and were thus adopted as demand points for the LA analyses
(see Figure 4.6).

Figure 4.6 Centroids of mesh blocks in Christchurch city

This study employed centroids of small area units (i.e. mesh blocks) as demand
locations, which enabled a more detailed and precise LA analysis compared to the analyses
carried out in previous studies, using the centroids of large area units (i.e. postal code
areas). For example, Alvarado and Liu (2019) used the centroids of postal code areas as
location of demand points, which, in turn, were used to calculate the distances between the
candidate sites and consumer locations. Moreover, the larger the size of an area, the less
the likelihood of people living near the centroid of that area and the greater the likelihood
of people being near the centroid of the adjacent area. This might result in the allocation of
demand points to a CDP other than the CDP nearest to them, thereby affecting the output
in terms of the optimal number and locations of CDPs. Furthermore, the ‘even’ distribution
of people in an area becomes more important with a larger size of an area, because when
the area unit is large and people are not evenly distributed, a study will have less reliable
results. It should be noted, however, that the above problems of people not being allocated
to the nearest CDP and not being evenly distributed, also exist with the mesh block area
units but to a smaller extent than with the postal code area units.
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4.2.2 Candidate Facilities’ Locations
In many European countries (e.g. Belgium, France, Germany and the Netherlands), CDPs
have been established mainly at local shops, such as convenience stores, petrol stations,
pharmacies and post shops. These places have been reported as serving consumers in an
efficient manner (Morganti et al., 2014a). However, there is apparently no study available
that provides a comparison of the above-mentioned types of businesses with respect to
their performance as CDPs.
In New Zealand, post shops have been in use for handling failed home deliveries, and
only recently they were made available to be used as CDPs (i.e. to receive first-hand
deliveries). Since post shops are businesses related to sending and receiving items, the
nature of their business can be said to be similar to that of courier companies and thus, in
this study, they are being called traditional CDPs. On the other hand, businesses such as
supermarkets and petrol stations, which have only recently been introduced as CDPs in
the New Zealand market, are referred to as non-traditional CDPs. In this study, four types
of businesses, namely supermarkets, petrol stations, dairies and pharmacies were
considered as potential non-traditional CDP locations. The spatial distribution and
operating hours of businesses considered as potential CDP locations (both non-traditional
and traditional) are discussed below. Consumer shopping patterns, in terms of consumers’
frequency of visiting potential CDP locations, consumers’ preferences for using these
businesses as CDPs (to collect or deliver small parcels on foot or on cycle), their perceptions
of travel related to using CDPs, and the distances they are willing to walk or cycle to CDPs,
are also discussed in the following sections.

4.2.3 Spatial Distribution of Potential CDP Locations
Due to the damage to buildings and roads in the CBD caused by the Canterbury
earthquakes in 2010 and 2011, a large number of businesses have moved to suburban areas
(Kusumastuti and Nicholson, 2018; Potter et al., 2015). This has led to a city-wide
distribution of potential locations for CDPs, as shown in Figure 4.7. There were 58 post
shops operating in the city, including 22 post offices, 20 pharmacies and 16 other agency
shops, such as book stores and convenience stores that provide numerous postal services
(see Table 4.8). However, leaving those 20 pharmacies aside, the rest of the 38 post shops
(of which 11 were traditional businesses serving as CDPs), were considered as potential
locations for establishing traditional CDPs. A total of 39 supermarkets, 64 petrol stations,
92 dairies and 83 pharmacies (including those 20 pharmacies that currently provide postal
services) found operating in the city, were considered as potential locations for establishing
non-traditional CDPs (see Figure 4.7). It should be noted that pharmacies that provide
postal services were not considered as post shops and were counted only as pharmacies
for the analysis.
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Figure 4.7 Spatial distribution of candidate facilities

Table 4.8 Operating hours of potential CDP locations
Type of
CDPs

Nontraditional

Operating hours (m, sd)
Weekdays

Saturday

Sunday

Number of
facilities

Supermarkets

14.8 (1.2)

14.8 (1.2)

14.8 (1.2)

39

Petrol stations

19.8 (4.2)

19.4 (5.0)

19.3 (5.1)

64

Dairies

15.8 (4.6)

15.1 (5.4)

14.6 (6.0)

92

Pharmacies

9.3 (0.9)

3.9 (3.8)

2.0 (3.5)

83 (6)*

Type of facilities

Total NT-CDPs
Traditional

Post shops (post offices
and agent shops)

8.8 (0.8)

5.7 (2.9)
Total T-CDPs

278
2.3 (3.2)

38 (11)*
38

Note: m – mean; sd – standard deviation; (x)* – x is the number of traditional businesses serving
as CDPs; these data were collected in early 2017.

Information about potential CDP locations (e.g. geographical coordinates and operating
hours) were obtained from various sources, such as websites of business firms and search
engines. In this study, to simplify the analysis and due to a lack of information, it was
assumed that there is no consumer bias towards any particular type of facility (e.g. dairies
and supermarkets, say, are equally attractive) and any particular location of the same type
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of facility (e.g. all dairies, say, are equally attractive), with respect to possible influencing
factors, such as neighbourhood type and size of a facility. Therefore, the weightings were
set to one for all candidate facilities.

4.2.4 Road Network and Attributes
The travel distance between demand points (i.e. mesh block centroids, which represent
consumers’ locations) and CDP locations acts as an impedance to consumers’ willingness
to travel to CDPs for collecting or returning a parcel. Also, road traffic conditions are a
function of the time of the day, day of the week, and the mode of travel. Ideally travel time,
distance and mode need to be considered collectively to optimise the generalised cost of
travel between a typical set of a CDP and consumer locations. However, in this study, due
to the lack of travel time data, only the shortest distance if travelling by car was considered
when estimating the network travel impedance associated with each demand allocation.
For the Christchurch road network, the distances between the demand and facility
locations were assumed to be similar by car, walking and cycling modes of transport. A
traffic planning model for the Christchurch network was used to identify the optimal
locations for establishing CDPs based on the shortest network travel distance between
demand points and facility locations (Note: this will be discussed in detail in Chapter 8).
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Chapter 5. Consumers’ Perceptions of Online
Shopping and Willingness to Use CDPs: A
Qualitative Analysis

“The art of life lies in a constant readjustment to our surroundings”
-- Kakuzo Okakura

5.1

Background

Knowledge of the consumers’ perceptions of online shopping facilitates the understanding
of their acceptance of CDPs and how that acceptance is affected by various factors, such as
CDP location and operating hours. As mentioned in Chapter 4, the discussion probes and
questions used to facilitate focus group discussions are given in Appendix – I. The
conversations during the focus group sessions were transcribed and the textual data were
analysed using qualitative content analysis (QCA) method. As discussed in Chapter 3,
because little is known about New Zealanders’ perceptions of CDPs, the conventional
approach to QCA was deemed to be suitable and was adopted in this study. The
participants’ perceptions of online shopping will be discussed in Section 5.2. Subsequently,
the participants’ perceptions of and willingness to use CDPs will be described in Section
5.3. In each of these sections, a few selected quotations will be presented. Note that
grammatical mistakes have been corrected in those quotes and the names of shops/malls
and brands have been removed from them.

5.2

Consumers’ Perceptions of Online Shopping

The development of typical themes with respect to one of the discussion probes, the
‘advantages and disadvantages of online shopping’, is given in Table 5.1. As shown below,
codes such as ‘avoiding travel’, ‘saving travel time, costs or energy’, ‘avoiding parking’,
and ‘avoiding going shopping with small children’ appeared to represent the convenience
offered by online shopping, in terms of ability to buy things without travelling to brickand-mortar shops, and thus, they were grouped to form a theme called ‘spatial flexibility’.
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Similarly, several other themes were developed to explain the underlying phenomenon,
and they were represented using appropriate labels extracted from the data.
Table 5.1 Development of themes – consumers’ perceptions of online shopping
Discussion probes

Codes (key thoughts or concepts)

Themes

‘avoiding travel’; ‘saving travel time, costs or
energy’; ‘avoiding parking’; and ‘avoiding

Spatial flexibility

going shopping with small children’, etc.
‘can shop at any time I want’; ‘can shop
whenever I have time’, ‘you can do online

Temporal flexibility

shopping in your own time, etc.
Advantages

of

online shopping

‘many different options to choose from’; ‘ability

Greater

content

to compare products’, etc.

information

of

‘huge price difference between local stores and
online stores’; ‘prices are higher in local stores’,

Better deals

etc.
‘cannot find an item in a local store’; ‘things that
I can’t get here’; ‘some jewellery made in South
Africa is not available here’, etc.
‘do not have the first-hand experience’; ‘quality
of the product’; ‘can’t believe anything that I
can’t see’; ‘can’t have a feel of things’, etc.

products
Misleading

product

information

failed order’, etc.

concerns

‘some websites do not even accept PayPal’; ‘a
online shopping

special

Privacy and security

needed urgently’, etc.
of

to

‘it is not entirely secure’; ‘charged also for the
‘can’t wait for the parcel’; ‘some items are

Disadvantages

Access

website had only the card option’, etc.

Long waiting period
Difficulty of payment

‘things simply get stolen’; ‘it can still arrive

Risk of damage or loss

broken’, etc.

to items bought online

‘there can be a loss of local jobs’; ‘little shops
have gone’, etc.
‘in-store shopping is a good excuse to go out and
being social’, etc.

Risk to the local market
Missing

social

and

recreational
opportunities

‘we miss almost every delivery’; ‘I will have to

Missing

go to post office to receive a parcel’, etc.

deliveries

home

The results of the above analysis show that the advantages of online shopping can be
categorized into several themes, which are described as follows. ‘Spatial flexibility’ refers
to flexibility in terms of being able to buy items without travelling to brick-and-mortar
shops.
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“… I really enjoyed it [online shopping], as it was convenient for me. It saved
my time… and I did not have to go to a shop and park my car there. It also
saved me time and fuel [costs].” [Male, 18–30 years old, Online Shopper (OS)]
“… With online shopping, it’s easy to compare things. That saves a lot of energy,
as I don’t need to roam around.” [Female, 18–30 years old, OS]
‘Temporal flexibility’ includes the ability to shop after office hours or at any time of the
day.
“I can shop at any time I want, such as in the evening or whenever I have time.”
[Female, 18–30 years old, OS]
“… But it is also nice that you can do it [online shopping] in your own time.”
[Female, 18 – 30 years old, OS]
In a qualitative study of New Zealanders by Alsuwat (2013), both ‘spatial flexibility’ and
‘temporal flexibility’ were observed as being perceived as the advantages of online
shopping by consumers.
‘Greater content of information’ comprises the ability to compare prices, assess a
myriad of products, and read reviews from other users, as implied in the following
statements. A similar theme, named "access to extensive information", emerged from the
quantitative study by Alba et al. (1997).
“It [online shopping] provides many different options… you get a wider
selection to choose from.” [Male, 51–60 years old, OS]
“You can compare prices of the same item from different sellers. This is difficult
to do when you are in store…You can check if it [the product] is available, and
whether you get a discount when buying multiple items. [Male, 31–40 years old,
OS]
‘Better deals’ encompasses the ability to find cheaper or sale products, second-hand
products and tax-free products. This theme also emerged in the results of the qualitative
study by Al-Ghamdi et al. (2011), where it is called "competitive prices".
“Local shops sell a foot-ball t-shirt for 100 dollars, but if I order from a website
in the UK, even including the shipping costs, I sometimes pay only 50 dollars.”
[Male, 18–30 years old, OS]
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“Prices are much higher here… For instance, a device is sold in Europe for 250
euros, but here the importer sells it for 700 dollars…Shipping costs should not
be the excuse for this much price difference.” [Male, 31–40 years old, OS]
Finally, ‘access to special products’ refers to the ability to find goods that are not
available at local stores, as shown in the following quotes. This theme is similar to
"provision of goods not available locally" found by Zhao and Gutiérrez (2004) in a
quantitative study of the influence of New Zealanders’ perceptions of online customer
service on their attitudes to shopping online.
“…sometimes I cannot find an item in a local store… Recently, my wife wanted
a [brand removed] watch…. We couldn’t find it in local stores. Then, we found
it at an online store called [removed], so we bought it from there.” [Male, 31–40
years old, OS]
“With online shopping, I can buy things that I can’t get here. For example, there
is a nasal spray known as [removed]. It used to be available here…. It was so
successful that they took it off the shelf…. It is still available in the UK, and now
I buy it online….” [Male, 51–60 years old, OS]
“… There is some jewellery that is made in South Africa, and it is not available
in New Zealand and thus we ordered them online.” [Male, 31–40 years old, OS]
Similarly, the drawbacks associated with online shopping can be grouped into several
themes. ‘Misleading product information’ refers to the fact that consumers must rely on
the information provided by sellers, and often such information does not represent the
actual features of the product. For example, a product’s quality, size, weight and available
colours may not be described accurately. Furthermore, when a consumer feels displeased
with the product that he or she purchased online and decides to return it, the consumer
has to repack the product, take it to a courier service provider, and sometimes pay the
return shipping costs. This can discourage people from buying online. Similar themes,
named "lack of physicality" and "hard to trust" were found to represent the barriers in
online shopping in the study by Zhao and Gutiérrez (2004).
“I am concerned about the quality of the product [bought online]. If I don’t have
the first-hand experience with that product, I would generally avoid buying it
online.” [Male, 31–40 years old, OS]

106

5. Consumers Online Shopping Behaviour - Qualitative Analysis

“…even if they [online shops] accept it [a returned product], we have to
personally go to the post office and send it, and we have to pay also for it.”
[Female, 18–30 years old, OS]
“I personally prefer going out, trying a few things, looking at it, having a feel of
it, and then purchasing it rather than only trusting the information given
online.” [Male, 31–40 years old, Non-Online Shopper (NOS)]
‘Privacy and security concerns’ is another factor often expressed by the participants.
Consumers often feel uneasy about putting their contact and credit card details into an
online system because they worry about what would happen if websites get hacked and
their details are accessed by a hacker. Additionally, they are also concerned with
difficulties that might occur when making online payments. These are in line with the
observation made by Shergill and Chen (2005), where "financial security and privacy"
appeared as one of the challenges associated with online shopping.
“I have this feeling that it’s not entirely secure because I have to share my
personal information, especially my bank account information…I use the same
password for various accounts. So, if I lose my password, it means someone
may get access to all my accounts.” [Female, 18–30 years old, OS]
“When my dad shopped online…, the website hung… Then, it said to ‘please
redo your order’. He did it and he later found that he was charged also for the
failed order…” [Male, 18–30 years old, OS]
The ‘waiting period’ to receive online purchases (from a few days to a few weeks) might
also discourage people from buying online, especially when they need the items urgently,
as reported in the study by Alsuwat (2013), where a theme named "slow delivery time"
emerged from the analysis. Thus, some people consider it more beneficial to buy the same
product at a local store.
“We can’t just order online and wait for tomorrow. We never know when it
arrives, we can’t be assured.” [Female, 18–30 years, OS]
“Some items are needed urgently. Even if an item costs $10 from China and $15
in a shop here, if I want it this weekend, I just go to the shop and buy it there.”
[Male, 31–40 years old, OS]
‘Difficulty of payment’ refers to limited payment options given by online stores. Some
online shops accept payment only with credit cards or payment gateways, such as PayPal
and ecoPayz, and not with debit cards. Also, some websites charge a high transaction fee
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when a type of card other than a preferred one is used. This may discourage people from
buying online. This result is in agreement with observations made by Alsuwat (2013),
which indicated that "extra fees applied" is a barrier to shopping online.
“Some websites don’t even accept PayPal.” [Male, 31–40 years old, OS]
“…their website had only [removed] card option, and they were charging 70
dollars extra if I use the [removed] card.” [Male, 18–30 years old, OS]
People also worry about ‘the risk of damage and loss’ during transportation, as found
in the studies of Chinese consumers by Lin et al. (2014) and Hu et al. (2016), where the
consumer satisfaction level was found to be positively correlated with the quality of
logistics service employed to deliver their parcels.
“Sometimes things simply get stolen…. We bought books and they just
disappeared, so now we direct them to the workplace.” [Male, 51–60 years old,
OS]
“Safety is a very important one. Even if a service provider is taking care of
everything, it still can arrive broken and you cannot inspect it.” [Male, 31–40
years old, OS]
The participants also considered the risk that online shopping imposes to the local
market. Therefore, ‘risk to local market’ was found to be another theme representing the
disadvantage of online shopping. With the uptake of online shopping, the sales of local
shops may decline, making it more difficult for them to survive. This, in turn, will create a
problem for consumers who need to urgently obtain a product or would like to examine a
product before purchasing it. This concern of consumers has been reported in the study by
Alsuwat (2013).
“There can be a loss of local jobs because of people buying online. Some shop
owners cannot maintain their shops and may lose their businesses.” [Male, 31–
40 years old, OS]
“... Small businesses that do not have online shop have more difficulties
competing with online shops, as they are not able to beat the prices offered by
online shops, and they [small businesses] do struggle... More and more people
have been buying online in Europe, and because of that, a lot of people’s
favourite little shops have gone [stopped doing business].” [Female, 31–40 years
old, OS]
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‘Missing social and recreational opportunities’ is another disadvantage of online
shopping. In-store shopping allows people to be involved in various other activities, such
as meeting other people and visiting places. The themes named "lack of enjoyment in
shopping" and "loss of social interaction", referring to the absence of feeling of amusement
and leisure experience in online shopping were reported to be the inhibitors to online
shopping, in studies by Phau and Poon (2000) and Doolin et al. (2005). A similar sentiment
by a non-online shopper can be seen in the following quote.
“My wife normally does that [online shopping] and when she tries to buy
something online, I say, let’s go out. It’s a good excuse to go out, be social, have
some fresh air, talk to some different people, and travel around.” [Male, 31–40
years old, NOS]
‘Missing home deliveries’ due to nobody being at home when the parcel arrives was
mentioned as being another disadvantage of online shopping.
“The days when my wife works, we miss almost every delivery.” [Male, 31–40
years old, OS]
“The problem with [company name removed] is, they don’t call me to check
whether I am at home? If I am not at home [i.e. if it seems to the courier person
that I am not at home], they will leave a card behind, and I will have to go to
the post office to collect it.” [Male, 18–30 years old, OS]
As mentioned in the Introduction Chapter, over 10% of the home deliveries by a major
courier company in New Zealand fail during the first attempt, and this figure is
considerably higher in the urban areas than in rural areas (Courier Company 2, personal
communication, February 2017). To some extent, this might be attributed to factors, such
as the low unemployment rate (3.6% in the Canterbury region in 2019, according to
Statistics New Zealand, 2019) and the considerable proportion (24%) of households in
Christchurch that are single-occupant households (Statistics New Zealand, 2013). These
factors imply that many Christchurch residents are engaged in paid work outside their
home and are thus more likely to miss home deliveries. The issues of late delivery, and
damage and loss to parcels during transit, have been reported as inhibitors to online
shopping in the studies by Swinyard and Smith (2003) and Hu et al. (2016).

5.3

Consumers’ Perceptions of and Willingness to Use CDPs

As one of the aims of the study is to investigate consumers’ willingness to use CDPs to
receive/return items bought online, focus group discussions were then steered towards this
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matter, by asking participants to ponder conditions under which they would like to use a
CDP service. The results of the QCA show that several factors may affect consumers’ choice
of using a CDP to receive/return items bought online, and they are identified via the themes
shown in Table 5.2.
Table 5.2 Development of themes – factors affecting the CDP usage
Discussion probes

Codes (key thoughts or concepts)

Themes

‘clear two different prices should be there’,

Monetary incentives for

‘price difference is enough’, etc.

using CDPs

‘it has to be dense enough’, etc.

CDP density

‘in CBD, you face a parking problem’, etc.

Parking

availability

near CDPs

‘prefer going to a CDP nearby rather than one
Consumers’
willingness to use
CDPs

in the CBD’, ‘it should be located along main

Spatial location of CDPs

roads’, etc.
‘as close to my home as possible’, ‘near to my
home’, etc.
‘they are busy and well lit’, ‘they should be
responsible’, etc.
‘prefer having a CDP open for 24 hours’,
‘shops that remain open longer are a good
option’, etc.

Close

proximity

consumers’

home

to
or

office
Safe and secure CDPs
Operating

hours

of

CDPs

The results are mixed, with some participants liking the idea of CDPs and others
disliking it. For example, one participant argued that having to pick parcels up from a CDP
location, especially for goods bought online from a local physical store, would undermine
one of the main advantages of online shopping, i.e. avoiding making a trip.
“The point of shopping online is that you want to get things at home. If one has
to go to CDPs to save just [say] five dollars, then I think one can go to some
[local] shops, and shop whatever one likes.” [Male, 18–30 years old, OS]
“I think, if it is an item bought from a store overseas, and if it [a CDP] is within
an area of 4–5 kilometres, and I can drive, then, of course, I can go 4–5 kilometres
to collect it.” [Male, 18–30 years old, OS]
However, participants could see the advantages of the idea of CDPs. They indicated
that they would use CDPs to collect failed deliveries but would not use it as an alternative
delivery method unless there are some ‘monetary incentives for using CDPs’, e.g. reduced
shipping costs.
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“If there are clearly two [shipping] prices,…and the price difference is enough,
then obviously in most cases, I would probably do it myself [collect the parcel
from a CDP]” [Male, 31–40 years old, OS]
The participants also indicated conditions in which they would favour CDPs, and they
can be taken as the factors governing their acceptance of CDPs, as discussed below.
‘CDP density’ is a factor which consumers would consider when deciding to use CDPs.
“I think it [CDP network] has to be dense enough… basically spread out
through suburb areas.” [Male, 51–60 years old, OS]
This is not inconsistent with the observation by Weltevreden (2008) that the closer a
CDP is to residential areas, the higher the number of parcels it receives for consumers to
collect. However, as shown in Table 4.8, the density of existing CDPs in Christchurch is
low [i.e. only 17 CDPs until mid-2017]. ‘Parking availability near CDPs’ appears to be
another important factor affecting the attractiveness of CDPs.
“If a CDP is in the CBD, you face parking problem…it should be in a place
where you can pull over easily.” [Male, 51–60 years old, OS]
Parking being available might prompt people to drive to a CDP and thus might
undermine the idea of using active modes of transport (especially walking and cycling) to
go to a CDP as discussed below. However, a car trip to a CDP can be combined with routine
commuting trips (Brummelman et al., 2003) and thus might still lead to a nett reduction of
VKT. Also, consumer preference for ‘spatial location of CDPs’ might affect their use of
CDPs, as they would like to use CDPs located in the suburban areas, and not CDPs in the
CBD.
“I prefer going to a CDP near my place rather than one in the CBD.” [Male, 51–
60 years old, OS]
“The distance to CDPs is irrelevant actually, as long as CDPs are located along
your daily route on main roads, because you do not want to go out of your way
to pick up items.” [Female, 51–60 years old, NOS]
Other studies (e.g. Esser and Kurte, 2005) found that the use of CDPs increases with the
increase in the density of development (in CBD). This is perhaps due to the fact that the
density in the CBD of European cities is generally higher than in Christchurch.
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Furthermore, along the lines of the observation made by McLeod et al. (2006), consumers
appeared to favour CDPs located in ‘close proximity to their home or office’.
“I may use a CDP if it is located as close to my home as possible.” [Female, 18–
30 years old, OS]
“I am happy to collect it [parcel] from the supermarket that is located near to
my home.” [Male, 51 – 60 years old, OS]
It was observed in a study by McLeod et al. (2006) about online shoppers in the UK that
48% of consumers would walk, and 5% would cycle to collect their parcels at a service
point located in ‘close proximity to consumers’ home or office’. A similar trend might be
difficult to achieve in Christchurch. The average car availability in households in each of
the countries successful in implementing CDPs tends to be lower than the average figure
in New Zealand (see Table 2.4). Thus, a high car dependency in New Zealand, and
Christchurch in particular, will pose a challenge to encouraging people to walk or cycle to
access CDPs, as the number of vehicles per capita (0.91) in the Canterbury region is higher
than the national average of 0.77 (NZ Ministry of Transport, 2016). Also, the infrastructure
for non-motorised transport (i.e. cyclists and pedestrians) in Christchurch is currently not
as good as that in many North European countries. For instance, only 0.2% of the total road
length in Christchurch has protected bicycle lanes, i.e. lanes with bollards, curbs or other
barriers that physically separate the bicycle lane from vehicle lanes (New Zealand Centre
for Sustainable Cities, 2016). This may discourage Christchurch’s residents from using
bicycles to collect their parcels from CDPs.
In addition, consumers prefer to have a ‘safe and secure place’ to collect or return items
bought online, so that they can buy expensive items online.
“⋯Yes, I will use CDPs, if it is secure.” [Female, 18–30 years old, OS]
“Supermarkets [CDP] should take responsibility for the safe storage of parcels
and also they should be responsible if a parcel is handed over to a wrong
person, and they should bear the cost in such situations.” [Female, 51 – 60 years
old, NOS]
“I prefer fuel stations [as CDPs] because they’re always busy… and secured,
well lit…” [Male, 51–60 years old, OS]
Another factor that is likely to affect consumers’ willingness to use a CDP is the
‘operating hours of CDPs’. Given the current operating hours of post offices and their
agencies (see Table 4.8), it is difficult for consumers to collect their failed deliveries during
weekdays, as these conventional CDPs most commonly operate until 5:00 pm (or 6:00 pm
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in a few cases). In contrast, the non-conventional CDPs (i.e. fuel stations and supermarkets)
remain open most commonly until 10:00 pm on any day of a week, giving consumers the
opportunity to collect parcels at their convenience. They are well lit and comparatively
busy, and thus, give a sense of safety and security. Dairies seem to also meet the criteria
above and were mentioned by several participants during the focus groups sessions.
“I prefer having a [CDP] shop open for 24 hours, compared to just a few
hours….” [Male, 18–30 years old, OS]
“The dairy around the corner is a really good solution, especially shops that are
open longer, we can actually provide them with an additional income, and then
you can just choose as well, to leave it there and pick from there.” [Male, 18–30
years old, OS]
Moreover, dairies tend to be located in residential neighbourhoods, and thus, they also
meet the criteria related to the ‘spatial location of CDPs’.

5.4

Conclusion

CDPs have only recently been introduced in New Zealand, and this preliminary study has
attempted to explore, using a qualitative focus group method, New Zealanders’
perceptions of online shopping and their willingness to use CDPs, using Christchurch as a
case study. Several factors, namely monetary incentives for using CDPs, CDP density,
parking availability near CDPs, spatial location of CDPs, close proximity of CDPs to home
or office, safe and secure place for CDPs, and hours of operation of CDPs, were found to
be the factors influencing consumers’ willingness to use CDPs. These factors need to be
taken into account when establishing a CDP network.
The factors outlined by the above qualitative analysis were used for data collection for
quantitative analyses: (1) to estimate the likely effect of online shopping on consumers’
shopping travel and delivery vehicle’s travel; (2) to estimate the weight consumers assign
to various factors while choosing the mode of receiving goods bought online, and their
likelihood of using a CDP.
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Chapter 6. Effect of Online Shopping on
Consumer Shopping Travel and Goods’ LastMile Travel

“The only way to test a hypothesis is to look for all the information that disagrees with it”
– Karl Popper

6.1

Background

As mentioned in Chapter 2, this study aimed to identify the effect of online shopping on
three components of shopping travel: (1) consumers’ in-store shopping trips (2) consumers’
travel to pick up parcels from physical stores or CDPs and (3) delivery service provider’s
travel to deliver items bought online. Since CDPs have only recently been introduced in
New Zealand, not many people had started using CDPs when the data for this study were
collected. Thus, it was not feasible to correlate consumers’ actual trips to pick up items
from CDPs (as done for in-store shopping trips) with their online shopping frequency. It
should also be noted that, in this study, due to time and budget constraints, no data could
be obtained regarding delivery vehicle’s travel, and estimating the actual effect of
consumer online shopping on delivery vehicle’s travel demand was therefore not feasible.
Hence, consumer attitudes towards missing attended deliveries and perceptions of using
CDPs were deemed necessary to estimate the likely effect of online shopping on both
consumers’ travel to pick up items from stores or CDPs and delivery service provider’s
travel to deliver parcels to end-consumers.
The effect of online shopping on personal travel had been estimated using several
methods in previous studies. For example, Tonn and Hemrick (2004) estimated the effect
of consumers’ online shopping and internet usage on their shopping travel, by comparing
consumers’ perceived changes in their in-store shopping trips, due to shopping online or
using the internet over a certain period of time. It should be noted, however, that, in this
method, the estimates of the decrease/increase (in trips) revealed by consumers may well
be approximate and not accurate. This is because consumers might face difficulty
remembering trips generated due to shopping online or using the internet (e.g. an in-store
shopping trip done to buy a new product that a consumer came across for the first time
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over the internet) and trips substituted by shopping online or using the internet (e.g. an instore shopping trip saved by online shopping), as those trips had been done over a
reasonably long period of time (e.g. four weeks or more). Accurate information about
changes in their travel behaviour (e.g. travel mode, the time of the day when travel is done,
and VKT) induced by online shopping or internet usage, also cannot be obtained.
Therefore, this method is considered to be less reliable and hence is not pursued in this
thesis.
In some other studies (e.g. Casas et al., 2001; Ding and Lu, 2015; Farag et al., 2005; Ferrell,
2004), it has been estimated by analysing consumers’ activity and travel behaviour related
to their online shopping and ICT usage characteristics. This type of analysis has typically
been done by distinguishing between the travel behaviour of consumers classified into
various categories (e.g. non-online shoppers and online shoppers), based on factors such
as the frequency of online shopping and the experience of using the internet. For example,
several studies (e.g. Calderwood and Freathy, 2014; Casas et al., 2001; Hiselius et al., 2015;
Weltevreden, 2007) adopted inferential statistics (i.e. chi-square test, independent samples
t-test, etc.), and some other studies (e.g. Lee et al., 2017; Rotem-Mindali, 2010; Zhen et al.,
2016) adopted discrete choice logit/probit models, to identify correlations between
consumers’ online shopping behaviour (e.g. online shopping frequency) and their in-store
shopping behaviour (e.g. frequency of in-store shopping trips).
In contrast to the above approach (i.e. distinguishing between the travel behaviour of
consumers related to their online shopping characteristics), another approach involves
analysing the travel behaviour and online shopping characteristics, considering all the
consumers to be part of one group, i.e. not classifying them based on their online shopping
behaviour. In this approach, online shopping characteristics (e.g. frequency of online
shopping) are typically measured on a continuous scale, and other variables, such as travel
characteristics and socio-demographic characteristics, are treated as covariates when
estimating regression relationships between the explanatory variables and the response
variable(s). For example, several studies (e.g. Cao et al., 2011; Farag et al., 2007; Ferrell,
2004; Zhou and Wang, 2014) adopted statistical methods, such as structural equation
modelling (SEM), path analysis and regression models, to identify the correlations between
consumers’ online shopping behaviour and in-store shopping behaviour.
However, since the response variable (i.e. the frequency of online shopping) in this
study was measured on ordinal scale, the SEM technique, which typically require the
response variable to be measured on a continuous scale, was deemed to be computationally
demanding because it involves a complex three-step process to estimate a structural
equation model for an ordinal response variable (Muthén, 1984). Hence, SEM was not used
in this study.
On the contrary, discrete choice models can deal with ordinally measured response
variables, with the ordinal logit model being a suitable method for analysing ordinal
responses. Furthermore, given the considerable use of discrete choice models in achieving
some of the other objectives of this thesis, the discrete choice modelling approach (i.e.
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ordinal logit model) was adopted in this study, to investigate the effect of online shopping
on consumer shopping travel and goods’ last-mile travel.
Note that correlations between a pair of variables do not imply a cause and effect
relationship between the variables. However, the effect of one variable over another
variable has traditionally been identified by establishing correlations between variables
(Suel and Polak, 2018). Therefore, basic tests (e.g. Mann-Whitney U Test) of inferential
statistics were conducted prior to carrying out the ordinal logit modelling exercise, to
identify the correlations between each of the considered explanatory variables and the
response variable. The results of the statistical tests help support the results of the discrete
choice modelling.
Factors governing consumers’ online shopping frequency were determined, using nonparametric tests and an ordinal logit model (or ordinal logistic regression), as discussed in
the following sections.

6.2

Response Variable: Classification of Consumers

In previous studies, a variety of nomenclatures have been adopted for classifying
consumers based on their online shopping or ICT usage characteristics (see Table 2.2 in
Chapter 2). For example, Weltevreden (2007) classified consumers into four categories with
respect to their online shopping experience: non-online shoppers (those who never bought
online, but might have used the internet for other purposes, e.g. e-mail); online searchers
(those who used the internet to acquire information about products and retailers but did
not make purchases online); occasional online shoppers (those who had already made some
purchases online, but they did this infrequently, say less than once a month); frequent online
shoppers (those who bought online on a regular basis, i.e. at least once a month). Similarly,
Hiselius et al. (2012) defined regular online shoppers (those who bought online at least once
per week) and non-regular online shoppers (those who bought online less than once a week
or never). In another study, Hiselius et al. (2015) classified consumers into three different
groups of online shoppers based on their stated online shopping habits: frequent online
shoppers (those who used to shop online at least once a week), regular online shoppers (those
who used to shop online about once a month), and non-regular online shoppers (those who
used to shop online once every six months or less). A similar classification based on the
degree of acceptance of e-commerce was adopted by (Lenz, 2003), where consumers were
categorised as having strong affinity (those who already shop online regularly or will do so
in the near future), weak affinity (those who do not have general objections against ecommerce and will eventually shop online), and no affinity (those who have general
objections against e-commerce and will probably not shop online in the future). Nobis and
Lenz (2004) classified consumers as heavy ICT users (those who use cell phones and
computers having access to the internet, multiple times per week) and non-users (those
whose households own neither a computer nor a cell phone with internet access).
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In this study, consumers were categorized based on their ‘online shopping frequency
during the 12-months period prior to taking the survey’, as shown in Table 6.1. The
frequency of online shopping was considered as the response variable.
Table 6.1 Categorisation of consumers
Response options
Those who bought online about once or more per month
Those who bought online about once per three months
Those who bought online about once per six months or
longer

6.3

Categories of consumers
Very frequent online shoppers
(VFOS)
Frequent online shoppers (FOS1)
Infrequent online shoppers (IFOS)

Explanatory Variables

The explanatory variables considered in the study are described below. Explanatory
variables included ICT usage, shopping characteristics, household characteristics, sociodemographic characteristics, travel characteristics, and consumer attitude towards missing
attended deliveries and using CDPs, as described in Appendix – VIII. As mentioned in
Chapter 3, the variable levels were decided based on Census information (wherever
applicable), but some levels of several variables (e.g. employment status) were later
amalgamated due to their ‘expected count’ value being less than five, which violates a
necessary condition for the results of the chi-square goodness-of-fit test to be robust. Note
that several types of measurement scales, such as continuous scale, nominal scale and
ordinal scale, were used to record consumers’ responses (see Appendix – VIII).
Some of the previous studies (e.g. Hiselius et al., 2015; Irawan and Wirza, 2015; Lee et
al., 2017; Zhen et al., 2016) considered variables related to consumer attitude towards
online shopping. However, as mentioned in Chapter 2, this study considered consumer
attitude towards missing attended deliveries and using CDPs, which variables, to the best
of the researcher’s knowledge, were not considered in previous studies that investigated
the effect of online shopping on consumer shopping travel and goods’ last-mile travel.
These attitudinal variables were recorded in terms of responses, on a five-point Likert scale
(i.e. -2 for ‘strongly disagree’ to 2 for ‘strongly agree’) to the qualitative statements listed
in Table 6.2.

6.4

Results of the Non-parametric Tests

As shown in Appendix – VIII, the response variable (i.e. the frequency of online shopping)
and several explanatory variables were ordinal in nature and are typically not normally
distributed. As described in Chapter 3, it is worth noting that if the response variable and
explanatory variables are not normally distributed, parametric tests such as the
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Table 6.2 Attitudinal variables
No.

Attitude toward missing attended deliveries and using CDPs

1.

Missing an attended delivery is an issue for me

2.

Parcels being left unattended in the house compound is undesirable for me

3.

Operating hours of post shops and pharmacies are not enough to facilitate collection of
parcels

4.

I am concerned that getting a parcel redelivered, adds to vehicular traffic and air
pollution

5.

I do not mind getting my parcels delivered to a CDP, and collecting them later at a time
convenient to me

6.

I would be willing to combine my travel to CDPs with my daily work/education-related
travel

7.

I would not mind going walking/biking to collect my parcels from a nearby CDP

independent samples t-test and chi-square test for association, which assume the data are
normally distributed, cannot be used (Scott and Mazhindu, 2005). Thus, non-parametric
tests, including the Jonckheere-Terpstra (JT) test, the Mann-Whitney U (MWU) test and the
Kruskal-Wallis H (KWH) test, which do not require the data to be normally distributed,
were undertaken to determine the correlation between consumers’ online shopping
frequency and relevant explanatory factors from among the 34 factors listed in Appendix
– VIII. However, among the 34 factors considered, only 10 factors turned out to be
statistically significantly correlated (at the 90% confidence level) with consumers’
frequency of online shopping, and hence the results of only those 10 factors are discussed
in this thesis (see Table 6.3).
Table 6.3 Results of the non-parametric tests
Explanatory factors
Age (years)
18-29
30-39
40-49
50-59
60 or more
Employment status
Student (full or parttime)
Employed part-time
Employed full time
Unemployed, Retired
and Others

# of
responses
83
74
52
52
94

Statistical
test

Mean
ranks

Median
RV
score

The test
statistic
(df)

Zvalue

Pvalue

JT Test

------

2.0
2.0
3.0
2.0
2.0

21,921.50

-2.87

0.004

153.83

2.0

185.50
196.36

2.0
2.0

10.23 (3)

--

0.017

164.16

2.0

36
50
131
138

KWH
Test

Continued on the next page…

119

6. Online Shopping – Consumers’ Shopping Travel and Goods’ Last-mile Travel

Explanatory factors

# of
responses

Statistical
test

Mean
ranks

Median
RV
score

The test
statistic
(df)

Zvalue

Pvalue

Household composition
Person living alone
59
173.08
2.0
Couple
without
113
166.81
2.0
children
Couple with children
104
KWH
193.67
2.0
10.78 (4)
-0.029
Test
Household composed
of flat-mates only (i.e.
45
153.44
2.0
not a family home)
Others
34
208.29
3.0
No. of workers in hh
None
64
-2.0
One
101
-2.0
JT Test
25,223.50 2.53
0.011
Two
133
-2.0
Three or more
57
-2.0
No. of children < 18 years of age in
hh
None
249
-2.0
One
57
JT Test
-2.0
17,365.50 3.30
0.001
Two or more
49
-3.0
No. of children < 13 years of age in
hh
None
274
-2.0
One
52
JT Test
-2.0
14,063.00 2.89
0.004
Two or more
29
-3.0
Internet usage (past 7 days)
Up to 15 hours
104
-2.0
16-25 hours
94
-2.0
JT Test
25,800.00 2.42
0.016
26-35 hours
61
-2.0
More than 35 hours
96
-2.0
Time since first online shopping
Up to 3 years
91
-2.0
4-6 years
103
JT Test
-2.0
23,563.50 3.35
0.001
More than 6 years
161
-2.0
No. of cycles available in hh
None
136
-2.0
One
88
JT Test
-2.0
22,480.50 1.86
0.062
Two or more
131
-2.0
Frequency of missing home
deliveries
Never
56
-2.0
Sometimes
184
-2.0
JT Test
22,564.50 2.04
0.041
About half the time
55
-2.0
Most of the time or
60
-3.0
Always
Note: # - number; hh – household; JT – Jonckheere-Terpstra; KWH – Kruskal-Wallis H; RV –
response variable; df – degrees of freedom; Z-value – standardized test statistic; P-value –
asymptotic significance (2-sided).
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As discussed in Chapter 3, it should be noted that if the distribution of the response
variable scores for each level of an explanatory variable has the ‘same’ shape (i.e. same
variability), one can interpret the JT test as a test of ‘trend in medians’, and both the MWU
test and the KWH test as tests of ‘differences in medians’. However, if the distribution of
the response variable score for each level of an explanatory variable has a ‘similar’ shape
(for JT test) and a ‘different’ shape (for MWU test and KWH test), one can interpret the JT
test as a test of ‘trend in effects’, and the MWU test and the KWH test as tests of ‘differences
in distributions’ (i.e. differences in mean ranks) respectively.
In this study, distributions of the response variable scores for levels of each of the
considered explanatory variables were examined, and none of them was found to have the
‘same’ shape (i.e. same variability). For example, Figure 6.1 shows distributions of the
response variable score for consumers belonging to five age groups, and these indicate that
the JT test cannot be used as a test of ‘trend in medians’ for the correlation between
variables, ‘age’ and ‘online shopping frequency’. Note that the distributions for statistically
significant variables are given in Appendix – IX, and those for not statistically significant
variables are not included in the thesis. It is worth also noting that there was only one
ordinally measured explanatory variable (i.e. gender) that had exactly two levels (i.e. male
and female), and it was not found to be statistically significant under the MWU test. Due
to this, there is no MWU test mentioned in Table 6.3.

Figure 6.1 Sample result of the JT test (online shopping frequency vs age).

To this end, the JT test was considered as a test of ‘trend in effects’ rather than ‘trend in
medians’, and the KWH test was considered as a test of ‘differences in distributions’ (i.e.
mean ranks). However, the median values (of the response variable) for the ordered levels
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of each of the explanatory variables are also reported, and the median values should be
interpreted cautiously.
The JT test indicated that there was a statistically significant decreasing monotonic trend
(i.e. negative Z-value) in the ‘frequency of online shopping’ for increasing levels of age,
and an increasing monotonic trend (i.e. positive Z-value) for increasing levels of several
variables, namely the number of workers in a household, the number of children below 18
years of age in a household, the number of children below 13 years of age in a household,
the respondent’s internet usage during the past 7 days, the time since first online shopping
by the respondent, the number of cycles in a household, and the respondent’s frequency of
missing home deliveries.
The KWH test indicated that there were statistically significant differences in the
‘frequency of online shopping’ (i.e. different mean ranks) for levels of the explanatory
variables, namely the household composition and the employment status of the
respondent.
Note that none of the attitudinal variables shown in Table 6.2 turned out to be
statistically significant, which results indicate that those variables were not able to explain
the variance in consumers’ frequency of online shopping. However, it is worth also noting
that these variables might turn out to be statistically significantly correlated with
consumers’ online shopping frequency when controlling for the effects of other variables,
as explained in the following section.

6.5

Results of the Ordinal Logit Model

Since the inferential statistics do not allow for the effects of multiple variables, the effect of
each of the explanatory variables on the response variable cannot be determined.
Therefore, an ordinal logit model (OLM) was estimated to determine the association
between consumers’ frequency of online shopping and in-store shopping related travel,
while controlling for the effects of consumers’ socio-demographic, shopping, and travel
characteristics, and for their attitude towards missing attended deliveries and using CDPs
to receive the goods bought online. The frequency of online shopping during the 12-month
period prior to the survey was considered as the response variable, and consumers were
categorized as VFOS, FOS1 and IFOS, as shown in Table 6.1. All the remaining variables
were treated as predictor (or explanatory) variables.
Thirty-four explanatory variables were initially considered to estimate the model, using
the OLM tool in the Statistical Package for Social Sciences (SPSS). Of the 34 variables, only
nine turned out to be statistically significant in explaining the variance in consumers’
online shopping frequency, at the end of four iterations of model estimation, with variables
that did not turn out to be statistically significant (at the 90% confidence level) being
eliminated from the model in those four iterations. It is worth noting that there are also
other methods to eliminate variables from a model. For example, in a step wise elimination
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method, the selection of variables is done based on the effect of removal of each variable
(independently) from the model, on the overall performance of the model (e.g. the loglikelihood value). In this study, numerous (i.e. 34) relevant explanatory variables were
involved and thus, the step wise approach was deemed to be a cumbersome, complex and
very time-consuming exercise.
Moreover, the correlation matrix can be used to reduce the number of explanatory
variables from a model, as it can help identify the collinear predictor variables (i.e. linearly
correlated variables), but this approach was not pursued due to time constraints. Similarly,
factor analysis is another method that can help aggregate variables to create factors that
share common variance. The problem with that, however, is that the original meaning of
the predictors gets lost in the aggregation. If originally obtained explanatory variables are
preserved, the interpretation of the results is typically more meaningful and practical
(Trninić et al., 2013). Therefore, factor analysis was not used in this study. The results of
the OLM analysis are given in Table 6.4 and are discussed below.
Table 6.4 Results of the OLM
Details of the factors considered
Response variable: Frequency of online shopping
during the past 12 months (before survey) (FOS2)
IFOS
FOS1
Explanatory variables
Age (years)
18-29
30-39
40-49
50-59
60 or more
Household composition
Person living alone
Couple without children
Couple with children
Household composed of flat-mates only (i.e. not a
family home)
Others
Household size
One
Two
Three
Four
Five or more

Estimate

Std. Wald chi- Odds
Perror square
ratio value

-1.935
0.019

0.857
0.851

5.100
0.001

---

0.024
0.982

1.000
1.194
1.265
0.375
0

0.355
0.363
0.407
0.355
--

7.926
10.792
9.663
1.113
--

2.72
3.30
3.54
1.45
1.00

0.005
0.001
0.002
0.291
--

-1.848
-1.109
-0.649

0.849
0.424
0.442

4.734
6.832
2.152

0.16
0.33
0.52

0.030
0.009
0.142

-1.823

0.485

14.134

0.16

<0.001

0

--

--

1.00

--

1.813
0.732
0.026
0.453
0

0.845
0.455
0.401
0.418
--

4.598
2.593
0.004
1.173
--

6.13
2.08
1.03
1.57
1.00

0.032
0.107
0.948
0.279
--

Continued on the next page…
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Details of the factors considered

Estimate

Std. Wald chi- Odds
Perror square
ratio value

Time since first online shopping
Up to 3 years
-0.861 0.273
9.971
0.42 0.002
4-6 years
-0.495 0.263
3.540
0.61 0.060
More than 6 years
0
--1.00
-No. of cars available in hh
None
-0.047 0.522
0.008
0.95 0.928
One
-1.100 0.346
10.086
0.33 0.001
Two
-0.662 0.307
4.637
0.52 0.031
Three or more
0
--1.00
-Frequency of missing home deliveries
Never
-0.700 0.391
3.200
0.50 0.074
Sometimes
-0.171 0.305
0.313
0.84 0.576
About half the time
-0.799 0.377
4.479
0.45 0.034
Most of the time or Always
0
--1.00
-Parcels being left unattended in the house
compound is undesirable for me
Strongly disagree
0.733 0.518
2.004
2.08 0.157
Disagree
0.843 0.405
4.318
2.32 0.038
Neutral
0.472 0.382
1.524
1.60 0.217
Agree
0.401 0.405
0.981
1.49 0.322
Strongly agree
0
--1.00
-Operating hours of post shops and pharmacies are
not sufficient enough to facilitate collection of
parcels
Strongly disagree
-0.498 0.490
1.032
0.61 0.310
Disagree
-0.629 0.402
2.443
0.53 0.118
Neutral
-0.574 0.369
2.420
0.56 0.120
Agree
-0.748 0.364
4.225
0.47 0.040
Strongly agree
0
--1.00
-I am concerned that getting a parcel redelivered,
adds to vehicular traffic and air pollution
Strongly disagree
0.220 0.556
0.156
1.25 0.693
Disagree
0.913 0.542
2.838
2.49 0.092
Neutral
0.400 0.519
0.593
1.49 0.441
Agree
0.656 0.544
1.453
1.93 0.228
Strongly agree
0
--1.00
-Model statistics
1 = IFOS (85); 2 = FOS1 (135); 3 = VFOS
Dependent variable (n)
(135)
-2 log-likelihood (intercept only model) = 765.105
-2 log-likelihood (final model) = 686.404
Chi-square statistic – Likelihood ratio tests = 78.700*** Degrees of freedom = 32
Pseudo R2 (McFadden) = 0.103
Note: hh – household; n – number of cases in each category of FOS2
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The VFOS level of the response variable was treated as the reference level. The intercept
only model (i.e. with no variables included) was outperformed by the final model (i.e. with
variables included), as the likelihood ratio chi-square test, which tests whether at least one
of the coefficients is not equal to zero, was found to be statistically significant (chi-square
= 78.700, p < 0.001, and degrees of freedom = 32). Furthermore, both the Pearson and
Deviance chi-square goodness-of-fit measures (p-value of 0.215 and 0.382 respectively)
show that the model is an adequate fit. The McFadden pseudo r-squared value of 0.103
indicates a moderately good fit, as the pseudo r-squared values are usually considerably
lower than the R-squared value of the ordinary least square (OLS) regression (Kusumastuti
and Nicholson, 2018; McFadden, 1977). A value between 0.2 and 0.4 denotes an excellent
fit for the model and is approximately equivalent to an OLS R-squared value between 0.5
and 0.8 (Domencich and McFadden, 1975).
As discussed in Chapter 3, one of the assumptions underlying OLM is that the
relationship between each pair of outcome groups is the same. In other words, OLM
assumes that coefficients that describe the relationship between, say, the lowest versus all
higher categories of the response variable are the same as those that describe the
relationship between the second-to-lowest category and all higher categories, and so forth.
This is called the proportional odds assumption or the parallel regression assumption,
which needs to be tested. The null hypothesis of this chi-square test is that there is no
difference in the coefficients between models. The proportional odds assumption was
tested, and the results are shown below in Table 6.5.
Table 6.5 Results of the test of the proportional odds assumption (or parallel lines)
Model

-2 Log Likelihood

Null Hypothesis

686.404

General model

646.232

Chi-Square

df

Sig.

40.173c

32

0.152

The null hypothesis states that the location parameters (slope coefficients) are the same across
response categories.
Note: c – The chi-square statistic is computed based on the log-likelihood value of the last iteration
of the general model.

Since the p-value for the test of parallel lines is 0.152 (i.e. more than 0.05), the null
hypothesis should not be rejected, and thus the above test indicates that the proportional
odds assumption is not violated. Since the relationship between all pairs of groups is the
same, there is only one set of coefficients (i.e. only one model), but different intercept values
for all the choice alternatives (or levels). If this was not the case, different models would
have been needed to describe the relationships between each pair of outcome groups, and
another type of modelling approach (e.g. multinomial logit model) would have been
needed to be used.
The logit estimates (i.e. log-odds) are coefficients of the explanatory variables included
in the model and are relative to the reference level within each of the explanatory variables.
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For example, the log-odds of scoring higher on the response variable (i.e. shopping online
more frequently) is 1.0 unit higher for consumers aged 18-29 years than those aged 60 years
or more, when all the other predictor variables in the model are held constant. In other
words, younger consumers are more likely than older ones to buy online ‘very frequently’.
The standard error values of the estimates indicate the average distance of the observed
values from the regression line, and thus it shows the precision of the model on average,
using the units of the response variable. Smaller values are better because they indicate
that the observations are closer to the fitted relationship.
The odds ratio is the exponentiation of the logit estimate. It indicates the odds of a level
of an explanatory variable (relative to the reference level of the variable) being in a higher
level of the response variable rather than lower levels of the response variable. For
example, for respondents aged 18 – 29 years, the odds ratio of 2.72 (see Table 6.4) indicates
that they are 2.72 times more likely to be in the higher level (e.g. VFOS) of the response
variable (i.e. frequency of online shopping) than respondents aged 60 years or more.
It should be noted that some of the variables (e.g. employment status) that were found
to be statistically significantly correlated with consumers’ online shopping frequency,
based on the results of the non-parametric tests, were not found to be statistically
significant from the results of the ordinal logit modelling; instead, some new variables
turned out to be statistically significant, as shown in Table 6.4. This is likely due to
considering various factors simultaneously in the model, which process resulted in the
elimination of less significant variables.
In line with the results of the JT test and with previous studies (e.g. Clemes et al., 2014;
Corpuz and Peachman, 2003), the factor ‘age’ turned out to be significantly correlated with
the frequency of online shopping, with younger consumers found to be more likely to buy
online ‘very frequently’. This could be due to several reasons; for example, young people
(say 18 – 29 years old) being more technology-oriented.
As observed in the results of the KWH test and in previous studies (e.g. Dahiya, 2012b),
household composition was found to be significantly correlated with the frequency of
online shopping, with people living alone and in households composed of flat-mates only
(i.e. not a family home) being less likely to buy online ‘very frequently’ than respondents
living in households with other types of compositions.
The household size turned out to be significantly correlated with the frequency of online
shopping, which is inconsistent with the result of the JT test. Note that more weight should
be placed on the results of OLM if the results of the descriptive tests are inconsistent with
the results of OLM, because descriptive tests do not account for the simultaneous effects of
multiple variables, the effect of which may not be independent of each other, on the
response variable. Consumers living alone were found to have a greater likelihood of
buying online ‘very frequently’. However, this is inconsistent with the above correlation
between the household composition and the frequency of online shopping, where
consumers living alone were found to have a low likelihood of buying online ‘very
frequently’. It must be noted that only one of the four coefficients for household size, and
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three of the four coefficients for household composition, turned out to be statistically
significant, implying a stronger correlation of the latter with the frequency of online
shopping.
Consumers’ online shopping experience was found to be positively correlated with the
frequency of online shopping, with consumers with six or more years’ experience doing
online shopping having a greater likelihood of shopping online ‘very frequently’ than
consumers with less experience of online shopping. This is consistent with the results of
the JT test, and also with the observation made by Brown et al. (2003) that previous
successful purchases of products via the internet have a direct effect on individuals’ future
online purchase intentions. This is likely due to their familiarity with online shopping
platforms and the high amount of satisfaction they have achieved by shopping online, as
Corbitt et al. (2003) found that highly experienced internet users tend to have a higher level
of trust in e-commerce. On the other hand, consumers with less than three years’
experience doing online shopping were found to be the least likely to buy online ‘very
frequently’. This is likely due to such consumers’ limited confidence in online shopping or
limited knowledge of using ICT gadgets (e.g. computers or smartphones) and internet, as
consumers’ experience of using the internet have a positive correlation with online
shopping (Ding and Lu, 2015).
In contrast to the results of the JT test, the number of cars available in the household
turned out to be statistically significantly correlated with the frequency of online shopping.
Specifically, consumers having either no car or three or more cars in their household were,
for different reasons, found to be more likely to buy online ‘very frequently’ than
consumers having one or two cars. This is likely due to difficulty in reaching shopping
destinations if no car is available, because having a car gives consumers the flexibility to
reach shopping destinations conveniently (Ding and Lu, 2015), and perhaps because
consumers having three or more cars have a very high disposable income, which enables
them to shop more overall, regardless of the mode of shopping. This is consistent with
Corpuz and Peachman (2003) and Doolin et al. (2005), which studies found that consumers
belonging to a household with a high income are more likely to purchase online.
As observed in the results of the JT test, consumers’ frequency of missing attended
deliveries was found to be statistically correlated with their frequency of online shopping.
Consumers who missed attended deliveries ‘most of the time’ or ‘always’ were found to
have a greater likelihood of shopping online ‘very frequently’ than the other consumers.
The cause and effect in this correlation are likely to be the frequency of online shopping
and the frequency of missing attended deliveries, respectively. This is likely due to
consumers with a greater likelihood of buying online ‘very frequently’ being people aged
18 – 59 years (see Table 6.4) and typically students or working adults (Corpuz and
Peachman, 2003), who are perhaps too time-poor to shop in-store and are often unable to
receive deliveries due to their frequent absences from their home, due to competing
commitments.

127

6. Online Shopping – Consumers’ Shopping Travel and Goods’ Last-mile Travel

Contrary to the results of the JT test, consumers, those who do not find it undesirable to
have a parcel being left unattended in the house compound were found to be more likely
to shop online ‘very frequently’ than those who find it undesirable. This is likely due to
very frequent online shoppers being more experienced at online shopping than less
frequent online shoppers (as discussed above), because highly experienced online
shoppers tend to have a higher level of trust in online shopping (Corbitt et al., 2003), and
hence are more confident about the safety of a parcel that is left unattended.
Consumers who agreed with the operating hours of post shops and pharmacies not
being enough to facilitate collection of parcels, were found to be significantly more likely
to shop online ‘very frequently’ than those who disagreed with it. This is likely due to very
frequent online shoppers having a high frequency of missing home deliveries due to not
being available to receive their parcels (as discussed above) and, consequently, having to
collect parcels from the conventional CDPs (i.e. post shops and pharmacies) that operate
mainly during 8 am to 5 pm, a period which perhaps coincides with their working/office
hours or with their educational commitments at a school/college. This correlation is
inconsistent with the results of the JT test.
Unlike the results of the JT test, consumers, those who did not agree that getting a parcel
redelivered adds to vehicular traffic and air pollution, were found to have a significantly
greater likelihood of buying online ‘very frequently’. This shows that very frequent online
shoppers are more likely to get the failed deliveries (i.e. parcels that were not delivered
successfully in the first attempt) redelivered. This is likely because of their high frequency
of missing home deliveries and insufficient operating hours of T-CDPs (e.g. post shops)
that make self-collection of parcels less convenient.
From the above discussion, it can be observed that very frequent online shoppers often
miss home deliveries and are more inclined towards getting the failed deliveries
redelivered, because they find it difficult/inconvenient to travel to the courier company’s
depot or to use CDPs to collect their items bought online, due to the short operating hours
of the traditional CDPs (e.g. post shops). This causes the courier service providers to make
redelivery attempts until the parcel is successfully delivered, thereby increasing the travel
for each parcel delivered. However, if no one is at home at the time of the second attempt,
the recipient must pick it up from the depot, and this increases the consumer travel per
parcel received. Hence, delivery-vehicle travel to deliver the item successfully or consumer
travel to collect an item from the depot are each likely to be more than travel required for
deliveries done via CDPs, provided consumers use active modes of transport to visit a
CDP.
Consumers’ willingness to use CDPs for collecting parcels was not found to be
statistically significantly correlated with their online shopping frequency. Moreover,
despite the location-allocation analysis (see Chapter 8) conducted as part of this study,
which concluded that CDPs, if located densely around consumer locations, can facilitate
consumers collecting parcels from CDPs on foot or cycle, consumers’ willingness to collect
parcels on foot or cycle from a nearby CDP, did not turn out to be statistically correlated
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with the frequency of online shopping. Also, there was no correlation found to exist
between consumers’ in-store shopping and online shopping frequency, implying a neutral
effect of online shopping on consumers’ in-store shopping travel.
Therefore, out of the three possible components of shopping-related travel that online
shopping was anticipated to affect, two components (i.e. consumers’ in-store shopping
travel and the travel to collect parcels from CDPs) were not found to have been affected
significantly as a result of increasing online shopping, thereby indicating a neutral effect
of online shopping on consumer shopping travel. However, the delivery-vehicle travel is
likely to increase with online shopping, as frequent online shoppers were found to have a
greater need for redelivery of failed parcels, suggesting that there is a complementary effect
of online shopping on goods’ transport. Therefore, the nett effect of online shopping on
travel (i.e. considering consumer shopping travel and goods’ last mile transport) in urban
areas might well be consistent with ‘complementarity’, i.e. an increase in travel.

6.6

Conclusion

An ordinal logit modelling exercise, supported by the non-parametric JT, MWU and KWH
tests, was carried out to identify the effects of increasing online shopping on consumer
shopping travel and goods’ last-mile travel, using Christchurch as a case study. As the
descriptive tests do not take into consideration the interdependence of the effects of the
explanatory variables, the results of the non-parametric tests are less reliable than the
results of the ordinal logit modelling exercise, which account for the effects of multiple
variables. Although there was found to be no significant effect on consumers’ in-store
shopping travel and travel to collect parcels from CDPs, the delivery-vehicles’ transport
for each parcel sold/bought online is likely to increase with an increase in online shopping
(as noted above).
The relationship between the frequency of online shopping and various explanatory
variables (e.g. consumer characteristics) considered in the study, is expected to help online
businesses and physical shops understand consumer behaviour and to frame appropriate
business strategies. Also, transport planners are expected to benefit from the knowledge
created in this study, in terms of understanding the travel behaviour of existing and likely
future online shoppers. This would be a useful step towards forecasting the future demand
for consumer shopping travel and goods’ last-mile travel.
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Chapter 7. Modelling Consumers’ Choice of
Using

a

Collection-and-Delivery

Point:

A

Quantitative Analysis

“Essentially, all models are wrong, but some are useful”
– George E. P. Box

7.1

Background

As mentioned in Chapter 2, the objective of this chapter is to model consumers’ choice of
using a CDP to receive/return parcels of items bought online. Several types of discrete
choice models, e.g. multinomial logit (MNL) models, mixed logit (MXL) models and latent
class (LC) models were estimated, and the results of each of those modelling approaches
are discussed in this Chapter.
The descriptions of the sampling procedure adopted in the study, the sample of
respondents and the variables adopted in the study, were discussed in Chapter 4. To
estimate the choice models, some attributes (measured in ordinal scale) were entered in the
estimation process using the ‘face values’ of their levels (e.g. Shipping cost = $6), and other
more qualitative attributes were entered as coded variables (e.g. Type of a CDP = -1), i.e.
using various coding patterns, such as effects coding (e.g. -3, -1, 1, 3) and dummy coding (e.g.
0, 1, 2), as shown in Table 7.1. Similarly, the socio-demographic characteristics (SDCs) were
entered as design coded variables, as shown in Table 7.2.

7.2

Measures of the Goodness-of-fit of Discrete Choice Models

The maximum likelihood estimation (MLE) technique was used to estimate discrete choice
models in this study. The MLE technique involves an examination of the sample data and
the estimation of parameters based on that data (Hensher et al., 2005). In other words,
parameters are estimated such that the observed data from the sample of respondents are
those most likely to have occurred. The likelihood values obtained by maximising the
likelihood function are typically very small in magnitude, and thus, it is a common practice
to use the log of the likelihood function (Hensher et al., 2005).
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Table 7.1 Alternatives and attributes used for modelling
Attributes

Attribute levels of alternatives

Unit

Home delivery

Collection from a CDP

–

–

Service point; Locker
point
[effects-coded: -1, 1]

Shipping cost (SC)

NZD

$6; $8; $10

$4; $6; $8

Shipment time (ST)

Days

3; 5; 7

3; 5

Kilometre

–

2; 4; 6

0 out of 10 times; 1 out of 10
times; 2 out of 10 times
[dummy-coded: 0, 1, 2]
8 hours (9 am to 5 pm) –
weekdays; 8 hours (9 am to 5
pm) – weekdays + Saturday
[effects-coded: -1, 1]

0 out of 10 times; 1 out
of 10 times
[dummy-coded: 0, 1]
18 hours (6 am to
Midnight) – 7 days; 24
hours – 7 days
[effects-coded: -1, 1]

Type of a CDP (TCDP)

Travel distance to a CDP
(CDPTD)
Risk of theft (RT)

%

Home delivery hours
(HDH) / CDP collection
hours (CDPH)

–

Table 7.2 Socio-demographic characteristics (SDCs) considered for modelling
SDCs
GEN
AGE
EDU
EMP

Coding for SDCs
1 = Male; 2 = Female
1 = 18 – 29 years; 2 = 30 – 39 years; 3 = 40 – 49 years; 4 = 50 – 59 years; 5 = 60 years or
more
1 = NCEA Level 1; 2 = NCEA Level 2; 3 = NCEA Level 3; 4 = Trade Certificate; 5 =
Bachelor Degree; 6 = Post Graduate Degree
1 = Student (part time) or Student (full time); 2 = Employed part time; 3 = Employed full
time; 4 = Unemployed, Retired and Others

INUS

1 = Up to 15 hours; 2 = 16 – 25 hours; 3 = 26 – 35 hours; 4 = More than 35 hours

TSOS

1 = Up to 3 years; 2 = 4 – 6 years; 3 = More than 6 years

FOS2

1 = IFOS; 2 = FOS1; 3 = VFOS (see Chapter 6 for definitions)

FSPS

1 = Less than once a week; 2 = Once a week; 3 = 2 – 3 times a week; 4 = ≥ 4 times a week

FMD

1 = Never; 2 = Sometimes; 3 = About half the time; 4 = Most of the time or Always

TDU

1 = Separate house; 2 = Flat in a single storey apartment; 3 = Flat in a multi-storey
apartment or Others

HHS

1 = One; 2 = Two; 3 = Three; 4 = Four; 5 = Five or more

HHC

1 = Person living alone; 2 = Couple without children; 3 = Couple with children; 4 =
Household composed of flat-mates only (i.e. not a family home); 5 = Others

NWH

1 = None; 2 = One; 3 = Two; 4 = Three or more

NC18

1 = None; 2 = One; 3 = Two or more

NC13

1 = None; 2 = One; 3 = Two or more

NCH

1 = None; 2 = One; 3 = Two; 4 = Three or more

NCYH

1 = None; 2 = One; 3 = Two or more

Note: The abbreviations of all SDCs are given in Appendix – VIII.
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The log-likelihood (LL) estimate for the specified model is computed using the
estimated parameter values. To examine whether the specified model is statistically
significant or not, the LL estimate for the specified model is compared with the LL estimate
for a base model. The greater the LL value for the specified model, the better the model fit.
There are two types of base models, namely the Null model (i.e. no information model)
and the Constant Only model. In the null model, no attributes are considered, and each
alternative is assumed to have been chosen by an equal number of respondents (i.e. equal
market shares). In the constant only model, the shares of alternatives are derived from the
collected data, and no attributes are considered (Hensher et al., 2005). The formulae for
computing the LL value for both the above types of base models are as follows.

𝐿𝐿 (𝑛𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙) =

1
1
(𝑛) 𝑙𝑛(𝑝1 = 0.5) + (𝑛) 𝑙𝑛(𝑝2 = 0.5)
2
2

(7.1)

where, 𝑛 is the sample size;
𝑝1 is the proportion of respondents choosing Alternative 1 = 0.5;
𝑝2 is the proportion of respondents choosing Alternative 2 = 0.5.
𝑛1
𝑛2
𝐿𝐿 (𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑜𝑛𝑙𝑦 𝑚𝑜𝑑𝑒𝑙) = (𝑛1 ) ln ( ) + (𝑛2 ) ln ( )
𝑛
𝑛

(7.2)

where, 𝑛1 is the number of respondents choosing Alternative 1;
𝑛2 is the number of respondents choosing Alternative 2.
Pseudo R-squared is another common measure of the goodness-of-fit of discrete choice
models. The value of pseudo r-squared varies from 0 to 1. However, as mentioned in
Chapter 6 (Section 6.5), the pseudo r-squared is not comparable to the r-squared of the
ordinary least square regression. Also, a pseudo r-squared value of 0.2 to 0.4 represents a
decent model fit (Domencich and McFadden, 1975; Kusumastuti and Nicholson, 2017). It
should be noted that pseudo r-squared can be computed using the above two types of base
models. However, in this study, due to the observed shares of both the choice alternatives
being nearly equal, both the types of base model yielded similar values of LL and,
consequently, of pseudo r-squared. Therefore, in this study, the null model has been used
as the base model to compute the pseudo r-squared value, as shown in the following
formula.
Pseudo r-squared = 1 −

𝐿𝐿 (𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙)
𝐿𝐿 (𝑏𝑎𝑠𝑒 𝑚𝑜𝑑𝑒𝑙)

=1−

𝐿𝐿 (𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙)
𝐿𝐿 (𝑛𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙)

(7.3)

The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are
measures of the goodness-of-fit of discrete choice models and are used to compare models
with different number of parameters. Both AIC and BIC have been discussed in detail in
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Chapter 3. The smaller the value of AIC and BIC, the better the model fit. The likelihood
ratio (LR) test is used to compare the goodness-of-fit of two competing models, in terms of
the difference between the LL of an estimated model and the LL of a base model (Vuong,
1989). The LR test tests whether the estimated model is statistically significantly different
from the base model, and the formula for the test statistic (𝜒 2 ) is as follows.
−2(𝐿𝐿𝑏𝑎𝑠𝑒 𝑚𝑜𝑑𝑒𝑙 − 𝐿𝐿𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙 )
2
~ 𝜒𝑑𝑜𝑓

(7.4)

where,
𝑑𝑜𝑓 = the difference between the number of parameters estimated in the
base model and the estimated model.

7.3

Results of the MNL models

The MNL model was estimated both with and without SDCs included in the model. Also,
as mentioned in Chapter 4, the consumer behaviour was studied with respect to
purchasing both inexpensive products (i.e. worth $45-$55) and expensive products (i.e.
worth $145-$155). The results of the MNL modelling exercise for the above types of
products are discussed as follows.
The LR test was conducted to compare each of the estimated models with the null
model, and to compare models (i.e. MNL-I and MNL-III) that included only choice
attributes with models (i.e. MNL-III and MNL-IV) including choice attributes and SDCs
(interacted with the alternative specific constant for home delivery, ASCHD). It can be seen
from Table 7.3 that all the LR tests turned out to be statistically significant, which results
imply that all the estimated models are statistically significantly different from the null
model, and MNL-II and MNL-IV models are statistically significantly different from MNLI and MNL-III models respectively. Given the above, the MNL-II and MNL-IV models were
respectively considered to have outperformed the MNL-I and MNL-III models, because
the values of various measures of the goodness-of-fit (e.g. LL, AIC and pseudo r-squared)
were better for MNL-II and MNL-IV models than MNL-I and MNL-III models respectively.
It should be noted, however, that there is a trade-off between the benefits of adding more
variables (e.g. SDCs) to the model and the statistical complexity associated with
interpreting complex models (Ortúzar and Willumsen, 2011).
The parameter estimates and standard error values are reported in Table 7.3. The SDCs
included in the MNL-II model were selected based on the overall performance of the model
and the statistical significance of each of the variables, using a modified stepwise variable
elimination approach. The standard stepwise variable elimination approach eliminates one
variable at a time as the model progresses, but in this study, one or more variables were
eliminated at a time, depending on the statistical significance of the estimated parameters.
Initially, 17 SDCs were included in the model specification and then, variables that were
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Table 7.3 Summary of MNL modelling results
Inexpensive products
Attributes
ASCHD
HDSC
HDST
HDRT
HDH
CDPSC
CDPST
CDPRT
CDPH
CDPTD
TCDP
ASCHD*AGE
ASCHD*EDU
ASCHD*EMP
ASCHD*FOS2
ASCHD*FMD
ASCHD*INUS
ASCHD*TSOS
ASCHD*FSPS
ASCHD*HHS
ASCHD*NCH
ASCHD*TDU
ASCHD*HHC
# of respondents
# of
observations
# of parameters
LL (estimated)
LL (null)
Pseudo R2
AIC
BIC

MNL-I
Coefficient
(S.E.)
0.478 (0.365)
-0.408*** (0.029)
-0.180*** (0.028)
-0.626*** (0.075)
0.035 (0.044)
-0.332*** (0.027)
-0.267*** (0.046)
-0.520*** (0.117)
0.126*** (0.044)
-0.221*** (0.029)
0.069 (0.044)
-

Expensive products
MNL-III
Coefficient
(S.E.)
0.806** (0.383)
-0.332*** (0.029)
-0.239*** (0.029)
-0.903*** (0.078)
0.103** (0.046)
-0.270*** (0.027)
-0.258*** (0.048)
-0.944*** (0.123)
0.114** (0.046)
-0.160*** (0.029)
0.079* (0.046)
-

MNL-IV
Coefficient
(S.E.)
0.319 (0.556)
-0.342*** (0.030)
-0.246*** (0.029)
-0.931*** (0.080)
0.105** (0.047)
-0.278*** (0.028)
-0.266*** (0.049)
-0.974*** (0.126)
0.117** (0.047)
-0.165*** (0.030)
0.082* (0.047)
0.083** (0.038)
0.064** (0.033)
0.130** (0.058)
-0.267*** (0.068)
0.109** (0.054)
-0.123* (0.065)
-0.265*** (0.059)
0.165** (0.083)
0.209*** (0.050)

147

MNL-II
Coefficient
(S.E.)
1.933*** (0.439)
-0.418*** (0.029)
-0.184*** (0.028)
-0.642*** (0.076)
0.035 (0.045)
-0.341*** (0.027)
-0.274*** (0.046)
-0.534*** (0.119)
0.130*** (0.045)
-0.226*** (0.029)
0.070 (0.045)
2.058* (1.143)
-3.470** (1.588)
-5.251*** (1.428)
-3.233*** (1.141)
-6.777*** (1.583)
Model statistics
147
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2646

2646

2412

2412

11
16
11
20
-1581.3
-1551.5
-1475.7
-1440.9
-1834.0
-1834.0
-1671.8
-1671.8
0.136
0.153
0.113
0.134
3184.6
3134.9
2973.5
2922.0
3249.3
3229.0
3037.1
3037.7
𝜒 2 =500.3***,
𝜒 2 =559.9***,
𝜒 2 =377.3***,
𝜒 2 =446.8***,
LR Test (null)
df=10
df=15
df=10
df=19
2
2
LR Test
𝜒 =59.6*** (i.e. >15.1), df=5
𝜒 =69.5*** (i.e. >21.7), df=9
***, **, * – Estimated coefficient is significant at 1%, 5% and 10% significance levels respectively

not found to be statistically significant at the 10% significance level (SL) were eliminated,
and so forth. After six iterations, only statistically significant variables (at the 10% SL) were
left in the model. It should be noted, however, that elimination of variables resulted in a
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very small reduction in the LL value (e.g. a LL value of -1550 decreased to -1551 on
removing the SDC, namely AGE from the model), i.e. a negligible degradation in the
performance of the model took place on eliminating variables that were not found to be
statistically significant (at the 10% SL). Note that the researcher acknowledges that the
adopted order of elimination of variables might affect the statistical significance of
variables and the overall performance of the model. However, given the large number of
variables involved in the study, and due to the small changes observed in the overall
performance of the model on eliminating variables as stated above, in terms of pseudo rsquared and LL values, the adopted process is expected to have produced relatively robust
models. Note that SDCs included in the MNL-IV model were also selected using the above
process.
The sign for each of the parameters was found to be logical. For example, the parameters
estimated for home delivery attributes, namely shipping cost (i.e. HDSC), shipment time
(i.e. HDST) and risk of theft (i.e. HDRT), were found to have a negative sign for all the four
models. Similarly, the parameters estimated for CDP attributes, namely shipping cost (i.e.
CDPSC), shipment time (i.e. CDPST), risk of theft (i.e. CDPRT) and travel distance to a CDP
(i.e. CDPTD), were found to have a negative sign for all the four models. The positive sign
for HDH and CDPH respectively indicates a positive correlation of the home delivery
hours (HDH) and CDP collection hours (CDPH) with the utility of the mode of receiving
goods bought online.
Amongst the attributes considered in the study, the shipping cost (SC) and the risk of
theft (RT) associated with both the choice alternatives, i.e. home delivery and collection
from a CDP, were found to carry greater weight (i.e. greater impact on consumers’ choice
decisions) compared to other attributes. The HDH attribute was not found to be
statistically significant at the 1% SL for both inexpensive products and expensive products.
However, it was statistically significant for expensive products at the 5% SL. This implies
that consumers do bother about the home delivery hours, especially when purchasing
expensive products, possibly because they are concerned about their parcels carrying
expensive products being left unattended. Note that in the hypothetical online shopping
scenario given to respondents in the online survey, it was specified that parcels are to be
left unattended if there is no one available to receive a parcel at the delivery address (i.e.
home).
The ‘type of a CDP (TCDP)’ attribute was not found to be statistically significant at both
1% and 5% SLs for both types of products. This implies that consumers might have found
both types of CDP to be flexible and equally competitive, say, in terms of operating hours,
compared to traditional post shops that remain open for fewer hours, and thus, the TCDP
attribute was not able to differentiate the choice decision of consumers. Another possible
reason is that it might be difficult for consumers to imagine using CDPs, as they might
have never used CDPs, given that it is a novel concept of goods’ last-mile deliveries in New
Zealand.
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Given that there were only two alternatives, i.e. home delivery and collection from a
CDP, in the models shown in Table 7.3, the independence of irrelevant alternative (IIA)
assumption (described in Chapter 3) that applies to the MNL model, does not apply to the
models estimated in this study. Therefore, the Hausman test, which is typically done to
test the IIA assumption for the MNL model (Hensher et al., 2005), was not required to be
done. However, the heterogeneity in consumer preferences cannot be captured using the
MNL model. Furthermore, the identically and independently distributed (IID) assumption
of the distribution of the error terms is another limitation of the MNL model. As discussed
in Chapter 3, there are several advanced discrete choice models, such as MXL models and
LC models, which can capture the preference heterogeneity. For example, MXL models,
via random parameters, allow for the estimation of individual-specific parameters, i.e.
capturing the heterogeneity in consumer preferences, and allow for unobserved factors or
error terms to be correlated over alternatives. Similarly, LC models capture the
heterogeneity in preferences of segments of consumers, where each segment is
characteristically different from the other.
It should be noted, however, that as described in Chapter 3, to estimate an MXL model,
various decisions regarding MXL model specifications need to be made (e.g. the selection
of attributes to be estimated as random parameters and the distribution patterns for
random parameters). The following section describes the rationale for decisions made in
this study regarding MXL model specifications.

7.4

MXL Model Specifications

MXL models were estimated by varying several items, such as the attributes considered as
‘random’ parameters, the number of draws used to obtain parameter estimates, and the
distribution patterns (e.g. Normal, Lognormal, Triangular and Uniform distributions) for
random parameters. To help decide the attributes to be treated as random variables, the
Lagrange Multiplier test can be used, as it provides the basis to preserve non-random
parameters for a basic (i.e. MNL) model (McFadden and Train, 2000). However,
Brownstone (2001) argues that this test is not as good for a more general MXL specification
(to identify the attributes to be estimated as random parameters) as it is for a basic MNL
model, and hence it was not used in this study. Alternatively, all the attributes can be
treated as random parameters and their standard deviations can be examined, using an
asymptotic t-test for individual parameters or an LR test to establish the overall
contribution of the additional information. This method is, however, very demanding for
a large number of explanatory variables.
The number of random parameters to be estimated depends on the degrees of freedom
available for the collected data. There were four home delivery attributes, one alternative
specific constant (ASC) and six CDP attributes in this modelling study. Therefore, the
number of ‘main effects’ parameters to be estimated was 11, including an ASC. There were
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18 choice sets to which each participant responded. Thus, the extra ‘degrees of freedom’
available was 18 – 11 = 7. Note that a random parameter would require one additional
‘degrees of freedom’ to estimate the coefficient of standard deviation. Thus, the extra 7
‘degrees of freedom’ could be used to estimate the standard deviation coefficients of a
maximum of seven random parameters. At least three parameters (and the ASC) were
treated as non-random. Note that when a standard deviation estimate of a random
parameter did not turn out to be statistically significant, this parameter was re-entered in
a model as a non-random parameter.
Hensher et al. (2005) suggest that the possibility of using different types of distributions
for each attribute should be investigated, especially where the sign is important (e.g. a
negative sign was expected for the SC attribute). There were 10 attribute-parameters
(excluding ASCHD) to be estimated in this study. Since 7 of the above 10 attributes were
expected to have a negative estimate (i.e. the sign was important), they were estimated as
random parameters. Note that effects coded categorical variables, namely home delivery
hours (HDH), CDP collection hours (CDPH) and the type of a CDP (TCDP), were not
strictly expected to have a specific sign, as the levels of those attributes were qualitative
(see Table 7.1), and not every consumer was expected to find a specific level to be
advantageous. For example, some consumers might perceive service points to provide
greater utility than locker points, despite the long operating hours of locker points, and
other consumers might perceive locker points to be better, despite the service points being
manned. In addition, the initial MNL modelling results showed that out of those three
categorical variables, HDH and TCDP were not statistically significant (see Table 7.3).
Given the above two justifications, they were initially considered as non-random
parameters in MXL models. However, CDPH, despite being statistically significant in the
MNL model (see Table 7.3), was initially estimated as a non-random parameter, due to
limitations on degrees of freedom. In the first few MXL models, the standard deviation of
the HDSC and HDST attributes were not found to be statistically significant, and thus, they
were then considered as non-random parameters, and CDPH was then estimated as a
random parameter. This combination was preserved as the final selection of non-random
and random variables for MXL models to be estimated for inexpensive products.
As mentioned in Chapter 3 (Section 3.2.2.2.5), amongst the various distribution options,
the most widely used distribution is the Normal, mainly for its simplicity. The Lognormal
distribution has a long tail and allows values in cost ranges close to zero. Thus, the
Lognormal distribution leads to exceptionally high willingness-to-pay (WTP) estimates
(Hensher et al., 2005; Kim, 2014). Given the numerical complexities associated with the
Lognormal distribution for WTP estimations, it was not used in this study. The Uniform
and Triangular distributions are other commonly used distributions, and, in this study,
they were used for estimating parameters of the effects coded categorical variables. Note
that several other trials with these distributions were made to draw random parameters
for the ordinal and dummy coded variables; however, due to poor model fits and lack of
statistical significance of estimated parameters with those distributions, they were
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discontinued. The Normal distribution was then used for estimating parameters of the
ordinal and dummy coded variables.
The random parameters in MXL models are estimated using simulated draws. Two
types of intelligent draws can be used in the MLE process, namely Standard Halton
Sequence (Halton) draws and Shuffle draws. As mentioned in Chapter 3, these intelligent
draws are much more efficient than ‘random draws’, in terms of the number of draws
required and the computer run time needed to arrive at the desired level of precision in
the results. For example, 125 Halton draws are equivalent to 2000 random draws (Bhat,
2001; Train, 1999), and hence, they are sufficient to provide a stable set of parameter
estimates within a considerably shorter computer run time. Moreover, Halton draws have
been the most widely used type of intelligent draws for estimating choice models (Hensher
et al., 2005), and thus, different numbers of Halton draws (i.e. 100 and 200) were trialled to
achieve a robust model fit.
For inexpensive products, a total of 14 different models were estimated to derive the
most suitable model specification. A comparison of the goodness-of-fit of those 14 models,
using various combinations of the above factors (e.g. the distribution pattern of random
parameters) is shown in Appendix – X.
However, the model corresponding to 200 Halton draws and the Normal and
Triangular distributions appeared to be the ‘best model’. It is apparent from Appendix – X
that the 1C1 model is overall the ‘best model’ amongst the other estimated models, in terms
of the LL estimate (-1569.4), pseudo r-squared (0.144) and AIC (3172.9). The specification
of this model (e.g. the attributes considered as non-random and random variables, the
distribution pattern of random parameters, etc.) was also used for estimating other MXL
models (e.g. an MXL model considering preference heterogeneity around mean estimates
via interaction between random parameters and SDCs). It should be noted, however, that
the selection of the ‘best model’ is somewhat subjective, as there are several measures of
the goodness-of-fit of models, such as the LL, pseudo r-squared, AIC, etc. In this study, the
selection of the ‘best model’ was a matter of judgment, based on the LL, pseudo r-squared,
AIC and the statistical significance of parameters, as done in previous studies (e.g. Kim,
2014).
The model specification process for inexpensive products was repeated for expensive
products, and a comparison of the 14 models estimated for expensive products is given in
Appendix – XI. Once the distribution patterns for random parameters were finalized, MXL
models with and without including SDCs (interacted with random parameters) were
estimated for both inexpensive and expensive products. The analyses for inexpensive
products and expensive products have been discussed separately in Sections 7.5 and 7.6
respectively.
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7.5

Estimation of Models: Inexpensive Products

As with MNL models, MXL and LC models were estimated both with and without SDCs,
as shown in the next two sub-sections.

7.5.1 MXL Model Estimations
There are two different MXL model specifications, as shown in Table 7.4. The first MXL
model (i.e. MXL-I) did not include SDCs and revealed the preference heterogeneity via
standard deviations of random parameters. The second MXL model (i.e. MXL-II) included
SDCs via the interaction effects of random parameters, and it revealed the preference
heterogeneity via both the standard deviations of random parameters and the interaction
of random parameters and SDCs (as shown later in this section).
Table 7.4 Summary of MXL modelling results (inexpensive products)
Attributes

MXL-I

MXL-II

Coefficient (S.E.)

Coefficient (S.E.)

Random parameters: Mean
HDRT

-11.177*** (3.373)

-13.825*** (4.897)

CDPSC

-5.412*** (1.522)

-5.070*** (1.587)

CDPST

-4.609*** (1.306)

-8.092*** (2.612)

CDPRT

-5.819** (2.526)

-13.745** (6.308)

CDPTD

-3.673*** (1.046)

-2.491 (1.698)

CDPH

1.804** (0.732)

0.659 (2.306)

Non-random parameters
ASCHD

7.312 (6.420)

9.185 (5.772)

HDSC

-6.614*** (1.811)

-6.974*** (1.381)

HDST

-2.771*** (0.853)

-3.045*** (0.730)

HDH

1.252* (0.662)

1.639*** (0.618)

TCDP

0.760 (0.664)

0.301 (0.590)

Heterogeneity in mean
HDRT: TDU

-

2.624* (1.425)

HDRT: NC18

-

-2.096* (1.185)

HDRT: FMD

-

1.194 (0.843)

HDRT: FSPS

-

-0.536 (0.869)

CDPSC: TDU

-

-0.193 (0.406)

CDPSC: NC18

-

-0.131 (0.377)

CDPSC: FMD

-

0.401 (0.284)

CDPSC: FSPS

-

-0.430 (0.296)

CDPST: TDU

-

-0.046 (0.672)

CDPST: NC18

-

-0.257 (0.608)

Continued on the next page…

140

7. Consumers’ Choice of Using CDPs – Quantitative Analysis

MXL-I

MXL-II

Coefficient (S.E.)

Coefficient (S.E.)

CDPST: FMD

-

0.726 (0.485)

CDPST: FSPS

-

0.840* (0.502)

CDPRT: TDU

-

2.235 (2.033)

CDPRT: NC18

-

1.767 (1.462)

CDPRT: FMD

-

1.364 (1.211)

CDPRT: FSPS

-

-0.774 (1.201)

CDPTD: TDU

-

0.563 (0.585)

CDPTD: NC18

-

-0.138 (0.500)

CDPTD: FMD

-

-1.375*** (0.464)

CDPTD: FSPS

-

0.600 (0.399)

CDPH: TDU

-

0.830 (0.864)

CDPH: NC18

-

1.606** (0.671)

CDPH: FMD

-

-0.228 (0.499)

CDPH: FSPS

-

-0.900 (0.556)

Attributes

Random parameters: Standard deviation
NsHDRT

12.478*** (3.771)

12.107*** (2.690)

NsCDPSC

1.110** (0.536)

1.020** (0.462)

NsCDPST

1.411** (0.671)

0.799 (0.670)

NsCDPRT

8.942* (4.659)

10.758** (4.359)

NsCDPTD

3.607*** (1.090)

4.313*** (0.920)

30.972*** (10.481)

24.279*** (7.579)

TsCDPH

Model statistics
No. of respondents

147

147

No. of observations

2646

2646

17

41

LL (estimated)

-1569.4

-1547.4

LL (null)

-1834.0

-1834.0

Pseudo R2

0.144

0.156

AIC

3172.9

3176.9

No. of parameters

BIC
LR Test (null)
LR Test

3271.2
2

𝜒 =529.3***, df=17

3417.9
2

𝜒 =573.3***, df=41

2

𝜒 =43.9*** (i.e. >42.9), df=24

***, **, * – Estimated coefficient is significant at 1%, 5% and 10% SL respectively

Both MXL models were found to be statistically significantly different from the null
model at the 1% SL (see the LR test results in Table 7.4). Similarly, the MXL-II model was
statistically significantly different from the MXL-I model (at the 1% SL). Although AIC and
BIC values were less (i.e. better) for the MXL-I model, the pseudo r-squared and LL values
were greater (i.e. better) for the MXL-II model. Furthermore, there were more parameters
statistically significant (at the 1%, 5% or 10% SL) in the MXL-II model compared to the
MXL-I model. Besides, the MXL-II model revealed more information than the MXL-I
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model, in terms of the preference heterogeneity via interaction effects (e.g. CDPTD:FMD).
Therefore, the MXL-II model was considered to be better than the MXL-I model, hence the
results of only MXL-II model are discussed in detail.
It is apparent from the MXL-I model that there exists heterogeneity around the mean
parameters, because the derived standard deviation of all the attributes (e.g. HDRT,
CDPTD and CDPH) were found to be statistically significant (at the 1%, 5% or 10% SL).
This shows the existence of heterogeneity in consumer preferences for attributes and,
consequently, for the modes of receiving goods bought online.
In the MXL-II model, similar to the MXL-I model, six attributes (i.e. HDRT, CDPSC,
CDPST, CDPRT, CDPTD and CDPH) were estimated as random parameters. However, the
mean parameter estimates of only four of them were found to be statistically significant at
either the 1% or 5% SL, as shown in Table 7.4. Four attributes (i.e. HDSC, HDST, HDH and
TCDP) were estimated as non-random parameters, and the parameter estimates of three of
them were found to be statistically significant at the 1% SL. The sign of each of the
estimated parameters was found to be logically correct. Amongst the considered attributes,
the risk of theft for home delivery (i.e. HDRT = -13.825) and the risk of theft for CDP (i.e.
CDPRT = -13.745) were found to be major factors influencing the consumer preference for
the mode of receiving goods bought online. This implies that consumers were very
concerned about the security of their parcels. Other factors concerning consumer
preferences were the shipment time for the CDP alternative (i.e. CDPST) and the shipping
cost for the home delivery alternative (i.e. HDSC).
Several interaction effects (e.g. CDPTD: FMD and CDPH: NC18), which were made up
of interaction between random parameters and SDCs, were found to be statistically
significant at various significance levels (e.g. 1%, 5% and 10%). These interaction effects
decompose any heterogeneity around the mean parameter and indicate a possible
explanation for that heterogeneity. For example, the differences in the marginal utility held
for the travel distance to a CDP (CDPTD) attribute may be, in part, due to the differences
in consumers’ frequency of missing home deliveries (FMD). The negative coefficient (1.375) of CDPTD:FMD suggests that any increase in FMD will decrease the consumer
utility associated with CDPTD. In other words, it suggests that consumers with a greater
FMD are more sensitive to CDPTD, possibly because such consumers need easy access to
CDPs to be able to collect their missed home deliveries. Similarly, the heterogeneity
associated with the mean parameter of CDP collection hours (CDPH) may be, in part,
explained by differences in the ‘number of children less than 18 years old in the household
(NC18)’ of consumers. The positive coefficient (+1.606) of CDPH:NC18 suggests that an
increase in NC18 will increase consumers’ utility associated with CDPH. In other words,
consumers with a greater NC18 are more appreciative of an increase of CDPH, possibly
because CDPs that operate for long hours and on weekends will be advantageous for such
consumers, in terms of the flexibility to collect parcels at their convenience.
Similarly, three other interaction effects, namely HDRT:TDU, HDRT:NC18 and
CDPST:FSPS, were found to be statistically significant at the 10% SL. Of these interaction
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effects, the positive coefficient of HDRT:TDU (+2.624) indicates that respondents residing
in a flat in single or multi-storey apartments are less sensitive to the risk of theft associated
with home deliveries (HDRT), possibly because apartments are not easily accessible by
strangers and hence are perceived to be safer than individual houses. The negative
coefficient of HDRT:NC18 (-2.096) indicates that respondents with a greater NC18 are more
sensitive to HDRT, possibly because such consumers might be frequent online shoppers
(as observed in the results of non-parametric tests done in Chapter 6). Finally, the positive
coefficient of CDPST:FSPS (+0.840) indicates that respondents, those who frequently shop
in physical shops, are less sensitive to the shipment time of CDPs (CDPST), possibly
because they can buy urgently needed products from physical shops. Finally, the above
interaction effects imply that SDCs when interacted with random parameters, provide
additional information about consumer choice behaviour, which information can prove to
be useful for informing policies related to the goods’ last-mile distribution.
It should be noted also that several interaction effects (e.g. HDRT:FMD, CDPSC:TDU)
were not found to be statistically significant. In addition, three random parameters’ mean
estimates (i.e. CDPTD, CDPH and TCDP) were also not found to be statistically significant.
Such parameters are typically removed from the model, and the model is re-estimated to
improve the overall model fit (Hensher et al., 2005). However, in the above model, the
model fit worsened (e.g. decrease in the pseudo r-squared value) when the parameters not
found to be statistically significant were eliminated from the model specification, and thus
they were not removed from the final model.

7.5.2 Latent Class (LC) Model Estimations
Two types of LC models, namely the latent class multinomial logit (LCMNL) model and
latent class mixed logit (LCMXL) model were estimated. As described in Chapter 3, the
LCMNL model assumes that individuals belonging to a specific class or segment that is
made based on certain characteristics (e.g. SDCs), have identical preferences, but different
preferences to those of consumers belonging to different class (Speelman and Veettil, 2013).
The LCMNL model estimates consumer preferences corresponding to various classes,
using the MNL model specification that is characterised by the IIA property. However, it
provides additional information about consumer preferences, in terms of class-specific
preference estimates. However, models with a large number of classes tend to have a less
good statistical fit and are often complex and difficult to interpret, given the large number
of parameters involved in such models (Scarpa and Thiene, 2005). Therefore, the number
of classes to be adopted is critical for the estimation of LC models. The number of classes
to be adopted is determined exogenously. Note that the statistical criteria (i.e. the AIC and
BIC values) typically used to determine the optimal number of classes were discussed in
detail in Chapter 3. The model corresponding to the least values of AIC and BIC, such that
adequate information is revealed, in terms of the class-specific preferences, is typically
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considered as the best model specification (Kim et al., 2017). The BIC value is, however,
typically given more weight, as it incorporates a penalty for the increased number of
classes (Bujosa et al., 2010). Also, the statistical significance of parameters in various classes
and the meaningfulness of signs of the estimated parameters are given consideration when
determining the number of classes (Kim et al., 2017).
LCMNL models were estimated for several numbers of classes (e.g. 1, 2, 3, …), and
model estimation was stopped after seven classes, as the model with seven classes failed
to converge (see Table 7.5). As the number of classes increased above three, the pseudo rsquared continued to increase and the AIC continued to decrease (i.e. both were getting
better). However, the BIC value, which incorporates a penalty for the increased number of
classes (as discussed in the previous paragraph), was found to be minimised for the ‘three
class’ LCMNL model, and it increased when more than ‘three’ classes were adopted (i.e.
degradation of the model took place).
Table 7.5 Determination of the optimal number of classes (inexpensive products)
Model
MNL

LCMNL

MXL

LCMXL

# of
class
base
2
3

AIC

BIC

-1581.3
-1455.6
-1402.9

Pseudo
R2
0.137
0.206
0.235

3184.6
2957.2
2875.9

3249.3
3084.6
3065.9

# of
P(1)
11
22
33

4

-1378.2

0.248

2850.4

3103.1

44

5

-1358.9

0.259

2835.9

3151.2

55

6

-1336.5

0.271

2815.0

3193.1

66

7
base
2
3

-1569.4
-1460.3
-1419.6

0.144
0.204
0.226

Failed to converge
3172.9 3272.8
17
2990.6
3188.5
34
2945.1
3241.0
51

4

-1378.8

0.248

2899.7

3293.5

68

5

-1379.5

0.248

2937.0

3428.9

85

6

-1334.0

0.273

2882.1

3471.9

102

LL

7

Class probability
[0.447, 0.553]
[0.416, 0.118, 0.466]
[0.350, 0.246, 0.124,
0.280]
[0.355, 0.077, 0.189,
0.255, 0.124]
[0.335, 0.135, 0.145,
0.224, 0.069, 0.092]
[0.489, 0.511]
[0.414, 0.270, 0.316]
[0.359, 0.199, 0.148,
0.294]
[0.504, 0.110, 0.113,
0.115, 0.158]
[0.325, 0.160, 0.070,
0.110, 0.127, 0.208]

# of sig.
P(1)
8
17
20
25
31
29

15
16
16
20
13
33

Failed to converge

Note (1): P – parameters

Also, respondents were found to be adequately distributed among those three classes,
i.e. none of the class probability values were too big (e.g. 0.9) or too small (e.g. 0.10);
however, when more than three classes were adopted, some of the class probability values
decreased to an exceptionally small magnitude (e.g. 0.077 or 7.7% in class 5). Furthermore,
the pseudo r-squared value (0.235) of the three-class model was found to represent decent
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model fit. Thus, the model comprising three classes appeared to be better than models
corresponding to the other numbers of classes.
The above process was repeated to determine the number of classes to be adopted for
the LCMXL model, and two classes were deemed to be appropriate, as shown in Table 7.5.
Note that distributions used for drawing random parameters for the LCMXL model were
adopted from the MXL-I model estimated in the previous section (see Table 7.4).
Once the numbers of classes to be used in the estimation of LC models were derived,
LCMNL models without (and with) SDCs were estimated, as shown in Table 7.6. Both the
LCMNL models were found to be statistically significantly different from the null model
and the basic MNL model, at the 1% SL (see results of the LR tests). Also, both the LCMNL
models outperformed the basic MNL model, in terms of various measures of the goodnessof-fit, such as the LL, pseudo r-squared, AIC and BIC. For instance, the pseudo r-squared
for both the LCMNL models was found to be nearly 0.23, which value represents a decent
model fit (Domencich and McFadden, 1975).
The LCMNL-II model, which included SDCs, was not statistically significantly different
from the LCMNL-I model that did not include SDCs, at the 1% SL (see results of the LR
test between estimated models). Therefore, the LCMNL-I model was considered to be
better than the LCMNL-II model, as the additional parameters estimated in the LCMNL-II
model could not improve the LCMNL-I model, hence the results of only LCMNL-I model
are discussed in detail.
There were 10 attribute-parameters and one ASC estimated in both the LCMNL models.
In the LCMNL-I model, among the 10 attribute-parameters estimated, only HDRT and
CDPST were found to be statistically significant for all three classes. This implies that all
the respondents are sensitive to the risk of theft associated with home deliveries and the
shipment time associated with CDPs. Furthermore, six other attributes, namely CDPSC,
CDPRT, CDPTD, CDPH, HDSC and HDST were each found to be statistically significant
for two of the three classes, implying that these attributes affect the choice behaviour of
respondents belonging to those classes. Two attributes, namely HDH and TCDP were
found to be statistically significant for only one of the three classes (i.e. class 3). This implies
that only for respondents belonging to class 3, the choice of mode of receiving goods
bought online is also affected by home delivery hours and the type of CDPs. The ASC for
home delivery (i.e. ASCHD) was not found to be statistically significant for all the three
classes. This indicates that unobserved attributes were not found to be affecting consumers’
choice of mode of receiving goods bought online. Although not statistically significant, the
positive value of ASCHD for all the three classes indicate that all the respondents are likely
to have a positive attitude towards receiving home deliveries of items bought online.
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Table 7.6 Summary of LCMNL modelling results (inexpensive products)
Attributes

MNL-I

LCMNL-I

LCMNL-II

Coefficient (S.E.)

Coefficient (S.E.)

Coefficient (S.E.)

HDRT

-0.626*** (0.075)

CDPSC

-0.332*** (0.027)

CDPST

-0.267*** (0.046)

CDPRT

-0.520*** (0.117)

CDPTD

-0.220*** (0.029)

CDPH

0.126*** (0.044)

ASCHD

0.478 (0.365)

HDSC

-0.408*** (0.029)

HDST

-0.180*** (0.028)

HDH

0.035 (0.044)

TCDP

0.069 (0.044)

Class 1

Class 2

Class 3

Class 1

Class 2

Class 3

-0.630***

-3.141***

-0.555***

-0.670***

-0.557***

-1.722***

(0.177)

(0.727)

(0.135)

(0.197)

(0.151)

(0.592)

-0.468***

-0.033

-0.429***

-0.654***

-0.434***

-0.049

(0.064)

(0.107)

(0.046)

(0.090)

(0.054)

(0.098)

-0.404***

-0.342**

-0.337***

-0.702***

-0.316***

-0.240

(0.119)

(0.174)

(0.080)

(0.197)

(0.095)

(0.162)

0.128

-4.064***

-0.790***

-0.362

-0.807***

-1.653***

(0.243)

(1.256)

(0.240)

(0.329)

(0.254)

(0.454)

-0.310***

-0.134

-0.342***

-0.341***

-0.357***

-0.027

(0.076)

(0.154)

(0.051)

(0.093)

(0.070)

(0.094)

0.221**

-0.018

0.161**

0.138

0.150**

(0.103)

(0.198)

(0.072)

(0.127)

(0.076)

0.791

0.896

0.356

0.874

0.598

(1.006)

(1.516)

(0.619)

(0.981)

(0.676)

-0.767***

-0.133

-0.403***

-1.009***

-0.421***

-0.101

(0.081)

(0.103)

(0.050)

(0.143)

(0.066)

(0.084)

-0.175**

-0.227

-0.300***

-0.357***

-0.309***

-0.062

(0.070)

(0.163)

(0.057)

(0.101)

(0.072)

(0.087)

-0.158

0.130

0.196***

-0.038

0.206***

(0.103)

(0.210)

(0.072)

(0.129)

(0.075)

-0.047

0.009

0.147*

-0.273

0.163*

(0.116)

(0.177)

(0.077)

(0.180)

(0.089)
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Attributes

MNL-I

LCMNL-I

LCMNL-II

Coefficient (S.E.)

Coefficient (S.E.)

Coefficient (S.E.)

-

Class 1

Class 2

Class 3

Class 1

Class 2

Class 3

Class probability

-

0.416

0.118

0.466

0.381

0.439

0.180

Constant

-

-

-

-

-0.082

3.099

(2.387)

(2.397)

FSPS

-

-

-

-

HHS

-

-

-

-

NCH

-

-

-

-

0.392

-0.054

(0.374)

(0.361)

-0.052

-0.330

(0.348)

(0.319)

0.028

-0.420

(0.509)

(0.519)

0
0
0
0

Model statistics
# of respondents

147

# of observations

2646

# of parameters

11

35

41

LL (estimated)

-1581.3

-1402.9

-1396.7

LL (null)

-1834.0

-1834.0

-1834.0

Pseudo R

0.137

0.235

0.238

AIC

3184.6

2875.9

2875.5

2

BIC

3249.3

3065.9

2

LR Test (null)

2

𝜒 =500.3, df=10,

𝜒 =862.3, df=35,

𝜒 =874.6, df=41,

(p<0.0001)

(p<0.0001)

(p<0.0001)

2

𝜒 =356.8*** (i.e. >42.9), df=24

LR Test
LR Test

3116.6

2

-

2

𝜒 =12.3 (i.e. <16.8), df=6

***, **, * – Estimated coefficient is significant at 1%, 5% and 10% SL respectively
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The latent class probability showed the proportion of respondents belonging to various
classes. These classes were segregated based on SDCs, namely the frequency of shopping
from physical shops (FSPS), the household size (HHS) and the number of cars available for
use by the household (NCH). The selection of SDCs was based on the overall performance
of the model, in terms of the LL value. The LCMNL-I model assumed that latent class
probabilities are constant, and the LCMNL-II model assumed that latent class probabilities
can vary. The class membership probabilities of classes 1, 2 and 3 of the LCMNL-I model
were 0.416, 0.118 and 0.466 respectively, which indicate that around 41.5%, 12% and 46.5%
of respondents belonged to the respective classes.
Interestingly, class probability values in the LCMNL-I model changed considerably
when SDCs were included in the LCMNL-II model as a systemic conditioning source on
the membership probability, i.e. to segregate the sample of respondents into various
classes. For the LCMNL-II model, the class membership coefficients of the ‘class 3’ model
were normalised to zero, to allow for the identification of class membership coefficients of
‘class 1’ and ‘class 2’ models (Birol et al., 2006).
Several parameters (e.g. CDPSC and CDPTD) from ‘class 2’ of the LCMNL-I model
became statistically significant in the LCMNL-II model where, as discussed above, SDCs
were incorporated to segregate the sample of respondents into various classes. Also,
several statistically significant parameters (e.g. CDPSC and CDPST) from ‘class 3’ of the
LCMNL-I model lose statistical significance in the LCMNL-II model. One of the possible
reasons for the above change in the statistical significance of parameters is the substantial
change in the membership probability of class 2 and class 3 of the above two models.
As mentioned in Chapter 3 and at the beginning of this section, the LCMNL model
assumes preference homogeneity within each class. However, the LCMXL model
introduces another layer of preference heterogeneity by estimating class-specific
parameter estimates. Table 7.7 shows the results of two LCMXL models in which two
classes were deemed to be appropriate (see Table 7.5). Both the LCMXL models were
statistically significantly different from the null model and the base MXL (i.e. MXL-I)
model. While none of the SDCs were included in the LCMXL-I model, one of the SDCs,
namely the type of dwelling unit (TDU), was included in the LCMXL-II model. The
selection of the SDC (i.e. TDU) included in the model was done iteratively, based on the
goodness-of-fit (i.e. the LL value) of the model. The BIC value for the LCMXL-I model was
less (i.e. better) than for the LCMXL-II model. However, given that the LCMXL-II model
was statistically significantly different from the LCMXL-I model, and due to the pseudo rsquared and LL values for the LCMXL-II model being greater (i.e. better) than for the
LCMXL-I model, the LCMXL-II model was considered to have outperformed the LCMXLI model.
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Table 7.7 Summary of LCMXL modelling results (inexpensive products)
Attributes

HDRT
CDPSC
CDPST
CDPRT
CDPTD
CDPH
ASCHD
HDSC
HDST
HDH
TCDP
NsHDRT
NsCDPSC
NsCDPST
NsCDPRT
NsCDPTD
TsCDPH
Class probability
Constant
TDU

MXL-I
Coefficient (S.E.)
-

LCMXL-I
Coefficient (S.E.)
Class 1
Class 2
Random parameters: Mean
-11.177*** (3.373)
-0.823*** (0.162) -0.608*** (0.120)
-5.412*** (1.522)
-0.510*** (0.060) -0.318*** (0.039)
-4.609*** (1.306)
-0.459*** (0.114) -0.241*** (0.067)
-5.819** (2.526)
-0.305 (0.226)
-0.749*** (0.190)
-3.673*** (1.047)
-0.324*** (0.071) -0.214*** (0.041)
1.804** (0.732)
0.188* (0.099)
0.163*** (0.062)
Non-random parameters
7.312 (6.420)
0.475 (0.920)
0.478 (0.517)
-6.614*** (1.811)
-0.771*** (0.076) -0.297*** (0.038)
-2.771*** (0.853)
-0.213*** (0.065) -0.206*** (0.040)
1.252* (0.663)
-0.137 (0.100)
0.209*** (0.061)
0.760 (0.664)
0.001 (0.112)
0.103 (0.063)
Random parameters: Standard deviation
12.478*** (3.771)
<0.001 (0.064)
<0.001 (0.045)
1.110** (0.536)
0.004 (0.012)
0.004 (0.010)
1.411** (0.671)
0.009 (0.018)
0.016 (0.014)
8.942* (4.659)
<0.001 (0.108)
0.002 (0.081)
3.607*** (1.090)
0.002 (0.018)
0.010 (0.014)
30.972*** (10.481)
0.002 (0.189)
0.002 (0.143)
0.489
0.511
-

LCMXL-II
Coefficient (S.E.)
Class 1
Class 2
-0.782*** (0.177)
-0.473*** (0.060)
-0.464*** (0.115)
0.0184 (0.230)
-0.275*** (0.071)
0.288*** (0.102)

-0.856*** (0.129)
-0.319*** (0.036)
-0.324*** (0.068)
-1.202*** (0.204)
-0.273*** (0.040)
0.135** (0.062)

0.552 (1.014)
-0.741*** (0.075)
-0.175*** (0.064)
-0.172* (0.100)
-0.086 (0.111)

0.332 (0.507)
-0.325*** (0.038)
-0.242*** (0.040)
0.199*** (0.061)
0.147** (0.064)

<0.001 (0.066)
0.004 (0.012)
0.005 (0.018)
<0.001 (0.112)
0.004 (0.018)
0.003 (0.191)
0.445
0.355 (0.480)
-0.417 (0.309)

0.012 (0.044)
0.002 (0.009)
0.001 (0.014)
0.001 (0.083)
0.003 (0.014)
0.003 (0.143)
0.555
0
0

Continued on the next page…
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MXL-I
Coefficient (S.E.)
-

LCMXL-I
LCMXL-II
Attributes
Coefficient (S.E.)
Coefficient (S.E.)
Class 1
Class 2
Class 1
Class 2
Model statistics
# of parameters
17
35
36
LL (estimated)
-1569.4
-1460.3
-1454.3
LL (null)
-1834.0
-1834.0
-1834.0
2
Pseudo R
0.144
0.204
0.207
AIC
3172.9
2990.6
2980.6
BIC
3271.2
3188.5
3192.3
2
2
2
LR Test (null)
𝜒 = 529.3***, df=17
𝜒 = 747.5***, df=35
𝜒 = 759.5***, df=36
2
LR Test
𝜒 =218.3*** (i.e. >34.8), df=18
LR Test
𝜒 2 =12.0*** (i.e. >6.6), df=1
***, **, * – Estimated coefficient is significant at 1%, 5% and 10% SL respectively

150

7. Consumers’ Choice of Using CDPs – Quantitative Analysis

Given that the LCMXL-II model is better than the LCMXL-I model, only the former is
discussed in detail. Six attributes were treated as random variables and four attributes were
treated as non-random variables (see Table 7.7). The signs of both random and non-random
parameters were found to be logical, except the sign of the CDPRT parameter (+0.0184, not
statistically significant) for class 1. As mentioned earlier in the chapter (i.e. Section 7.4),
three qualitative attributes, namely CDPH, HDH and TCDP were not strictly expected to
have a specific sign. Note that the sign of the HDH parameter (+0.199) and the TCDP
parameter (+0.147) for class 2 is positive, and those estimates indicate that respondents
belonging to class 2 have a positive attitude towards long home-delivery-hours and locker
points. None of the standard deviation estimates of random parameters was found to be
statistically significant (at the 10% SL), which indicates that there was no heterogeneity
observed around mean parameter estimates.

7.5.3 Comparison of Model Fits
To compare the model fit for several types of models (e.g. MNL model, MXL model)
estimated for inexpensive products, the measures of the goodness-of-fit of all the selected
models (i.e. MNL-II, LCMNL-I, MXL-II and LCMXL-II models) that were found to be better
than other estimated models of each type, are shown in Table 7.8. Clearly, the LCMNL-I
model outperformed all the other models, in terms of the LL, pseudo r-squared, AIC and
BIC.
Table 7.8 Comparison of model fits (inexpensive products)
MNL-II

LCMNL-I

MXL-II

LCMXL-II

-1551.5

-1402.9

-1547.4

-1454.3

0.153

0.235

0.156

0.207

AIC

3134.9

2875.9

3176.9

2980.6

BIC

3229.0

3065.9

3417.9

3192.3

Parameters

16

35

41

36

𝜒 2 =8.2 (i.e. <44.3),

𝜒 2 =194.4*** (i.e.

LL
Pseudo rsquared

LR Test
2

MNL-II

-

𝜒 =297.2*** (i.e.
>36.2), df=19

df=25
2

LCMNL-I

-

-

𝜒 =289*** (i.e.

>37.6), df=20
2

𝜒 =102.8*** (i.e.

>16.8), df=6

>6.6), df=1
2

MXL-II

-

-

-

LCMXL-II

-

-

-

𝜒 =186.2*** (i.e.
>15.1), df=5
-

The LCMXL-II model is statistically significantly different from all other models. It
should be noted, however, that a model (with greater information) being statistically
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significantly different from another model (with lesser information) does not mean that the
former is better than the latter. When additional information is sought from a model (i.e.
more parameters are estimated), the measures of the goodness-of-fit of the model, such as
the LL value and pseudo r-squared, should also improve over the base (or smaller) model.
Therefore, despite that the LCMXL-II model is statistically significantly different from all
other models, it is inferior to the LCMNL-I model because all measures of the goodnessof-fit for the LCMXL-II model are poor than those for the LCMNL-I model. For example,
the LL value (-1454.3) for the LCMXL-II model is smaller (i.e. poor) than (-1402.9) for the
LCMNL-I model. Thus, the LCMNL-I is overall a better model. This is inconsistent with
the observation made by Greene and Hensher (2013), who concluded that the LCMXL
model extended by the addition of a parameter, as a source of systematic variation in the
class membership probability, provides a better model fit than MNL, MXL and LCMNL
models, and also over the ‘LCMXL model with no segmenting parameter’.

7.6

Estimation of Models: Expensive Products

As done for inexpensive products, MXL models and LC models were estimated to
understand consumer choice behaviour related to the mode of receiving expensive
products bought online. The next two sub-sections describe the estimation of MXL models
and LC models respectively.

7.6.1 MXL Model Estimations
Following the process done for inexpensive products (see Section 7.4), several MXL models
were estimated for expensive products, using various types of distribution to estimate
random parameters. The final selection of the distributions was done based on the results
of 14 different models, as shown in Appendix – XI. The model (2A1) where all the random
parameters were drawn from the Normal distribution, was found to have yielded the best
model fit. Therefore, the 2A1 model was adopted as the base MXL (i.e. MXL-III) model,
and the distribution pattern used to estimate this model was adopted to estimate another
MXL model (i.e. MXL-IV), which considered heterogeneity in mean parameter estimates
of random variables, both via the standard deviation around the mean and via the
interaction of random parameters and SDCs.
It is apparent from Table 7.9 that both the MXL models are statistically significantly
different from the null model (at the 1% SL). However, the MXL-IV model, which included
the interaction effects of an SDC, namely the frequency of missing home deliveries (FMD)
and random parameters, was not statistically significantly different from the base MXL
model (i.e. MXL-III). The MXL-III model was considered to be better than the MXL-IV
model, as the seven additional parameters estimated in the MXL-IV model did not improve
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the performance of the MXL-III model, and hence, only the MXL-III model is discussed in
detail.
Table 7.9 Summary of MXL modelling results (expensive products)
MXL-III
MXL-IV
Coefficient (S.E.)
Coefficient (S.E.)
Random parameters: Mean
HDSC
-7.075*** (0.556)
-6.418*** (1.637)
HDST
-4.978*** (0.498)
-3.369*** (1.248)
HDRT
-18.734*** (1.420)
-18.530*** (4.798)
CDPSC
-5.435*** (0.493)
-4.578*** (1.433)
CDPST
-5.516*** (0.557)
-5.149** (2.008)
CDPRT
-15.571*** (1.834)
-14.571*** (5.504)
CDPTD
-2.696*** (0.799)
-0.124 (1.200)
Non-random parameters
ASCHD
21.905*** (4.585)
21.395*** (7.081)
HDH
2.201*** (0.663)
2.028** (0.789)
CDPH
2.256*** (0.643)
2.116*** (0.749)
TCDP
1.196* (0.632)
1.368* (0.735)
Heterogeneity in mean
HDSC: FMD
0.041 (0.352)
HDST: FMD
-0.558 (0.421)
HDRT: FMD
1.028 (1.110)
CDPSC: FMD
-0.072 (0.387)
CDPST: FMD
0.114 (0.643)
CDPRT: FMD
0.174 (1.696)
CDPTD: FMD
-0.996** (0.488)
Random parameters: Standard deviation
NsHDSC
1.729*** (0.356)
1.515*** (0.440)
NsHDST
1.664*** (0.300)
1.661*** (0.569)
NsHDRT
13.414*** (1.531)
10.755*** (2.772)
NsCDPSC
2.475*** (0.365)
2.147*** (0.628)
NsCDPST
0.620** (0.309)
0.936 (0.638)
NsCDPRT
2.713 (1.698)
2.813 (3.567)
NsCDPTD
4.247*** (0.393)
3.666*** (0.953)
Model statistics
# of respondents
134
134
# of observations
2412
2412
# of parameters
18
25
LL (estimated)
-1462.2
-1455.4
LL (null)
-1671.9
-1671.9
2
Pseudo R
0.125
0.129
AIC
2960.4
2960.8
BIC
3064.5
3105.5
2
2
LR Test (null)
𝜒 =419.4***, df=18
𝜒 =432.9***, df=25
2
LR Test
𝜒 =13.6 (i.e. <18.5), df=7
***, **, * – Estimated coefficient is significant at 1%, 5% and 10% SL respectively
Attributes
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Seven attributes, namely HDSC, HDST, HDRT, CDPSC, CDPST, CDPRT and CDPTD
were treated as random variables, and all of them were found to be statistically significant
(at the 1% SL). Three other attributes, namely HDH, CDPH and TCDP were treated as nonrandom variables, and all three parameters were found to be statistically significant (at
either the 1% or 10% SL). The sign of each of the estimated parameters was found to be
logical and as expected. The ASCHD parameter was found to be statistically significant (at
the 1% SL), and the value of ASCHD (+21.905) was positive and considerably greater than
other coefficients estimated in the model. The positive sign of ASCHD implies that
consumers have a positive attitude towards receiving home deliveries compared to using
CDPs to receive their parcels. This also implies that other attributes or consumer
characteristics, which were not considered in this study, could also affect consumers’
choice of the mode of receiving goods bought online.
As for inexpensive products, the heterogeneity in mean parameter estimates can be
captured via the interaction of SDCs and random parameters (see MXL-IV model in Table
7.9). However, the MXL-III model did not include any interaction effects. Although the
MXL-IV model was statistically inferior to the MXL-III model, the interaction effects
estimated in the MXL-IV model are discussed, for the sake of completeness. One of the
interaction effects, namely CDPTD:FMD (-0.996) was found to be statistically significant at
the 5% SL. This implies that consumers with increased frequency of missing home
deliveries are more sensitive to the travel distance to CDPs.
Going back to the discussion of the MXL-III model, the standard deviations of six of the
seven random parameters of the MXL-III model were found to be statistically significant
(at either the 1% or 5% SL). This implies that there exists heterogeneity in consumer
preferences. It should be noted also that the coefficients of HDRT and CDPRT were
considerably greater than observed in the MXL-I and MXL-II models estimated for
inexpensive products (see Table 7.4). This implies that consumers are concerned about the
safety of expensive products more than inexpensive products.

7.6.2 LC Model Estimations
As done for inexpensive products, the numbers of classes to be adopted for LC models
were determined based on AIC and BIC values. It is apparent from Table 7.10 that ‘three’
classes are appropriate for both LCMNL and LCMXL models, as the BIC value was
minimised with three classes. Therefore, models corresponding to only three classes are
discussed in the following paragraph.
Two different LCMNL models were estimated, with one model (i.e. LCMNL-III)
including only choice attributes, and the other model (i.e. LCMNL-IV) including choice
attributes and SDCs. It is apparent from the results shown in Table 7.11 that both the
LCMNL models were statistically significantly different from the null model (at the 1%
SL), and the LCMNL-IV model was statistically significantly different from the LCMNL-
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Table 7.10 Determination of the optimal number of classes (expensive products)
Model
MNL-III

LCMNL

MXL-III

LCMXL

# of
class

LL

Pseudo
R2

AIC

BIC

# of
P(1)

base
2
3

-1475.7
-1376.9
-1304.4

0.117
0.176
0.220

2973.5
2799.8
2678.8

3037.1
2925.1
2865.8

11
22
33

4

-1278.6

0.235

2651.3

2899.9

44

5

-1264.8

0.243

2647.5

2957.9

55

6

-1252.5

0.251

2647.0

3019.0

66

7
base
2
3

-1462.2
-1376.9
-1304.7

0.125
0.176
0.220

4

-1287.8

0.230

5

Class probability
[0.625, 0.375]
[0.416, 0.118, 0.466]
[0.357, 0.085, 0.323,
0.235]
[0.357, 0.197, 0.084,
0.122, 0.239]
[0.357, 0.083, 0.085,
0.086, 0.157, 0.231]

Failed to converge
2960.4 3064.5
18
2827.8 3034.1
36
[0.625, 0.375]
2721.4 3029.9
54
[0.344, 0.415, 0.241]
[0.256, 0.240, 0.271,
2725.7 3136.5
72
0.234]
Failed to converge

# of
sig.
P(1)
11
17
22
21
25
23

17
17
19
21

Note (1): P – parameters

III model (at the 1% SL). For the LCMNL-IV model, although the AIC value was marginally
less (i.e. better) and the pseudo r-squared and LL values were marginally greater (i.e.
better), the BIC value, which should be given more weight (Bujosa et al., 2010; Kim, 2014),
was less (i.e. better) for the LCMNL-III model. Therefore, the LCMNL-III model was
considered to be better than the LCMNL-IV model, hence the results of only LCMNL-III
model are discussed in detail.
There were 10 attribute-parameters and one ASC estimated in both the LCMNL models.
In the LCMNL-III model, among the considered attributes, four attributes, namely HDRT,
CDPSC, CDPST and HDSC, were found to be statistically significant for all the three classes
(at the 1% or 5% or 10% SL). This implies that all the consumers are sensitive to these four
attributes. Four other attributes, namely CDPRT, CDPTD, HDST and HDH were found to
be statistically significant (at either the 1% or 10% SL) for two of the three classes, implying
that these attributes affect the choice behaviour of consumers belonging to those classes.
Another attribute, namely CDPH was found to be statistically significant (at the 5% SL) for
a single class (i.e. class 3). This implies that for respondents belonging to that class, the
choice of the mode of receiving of goods bought online is also affected by CDP collection
hours. The TCDP attribute was not found to be statistically significant for all three classes,
which indicates that consumers’ choice of the mode of receiving goods bought online is
not affected by the type of a CDP. The ASCHD parameter was found to be statistically
significant only for class 2. This indicates that unobserved attributes affect the choice of the
mode of receiving goods bought online by consumers belonging to class 2.
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Table 7.11 Summary of the results of LCMNL modelling (expensive products)

Attributes

MNL-III

LCMNL – III
Class 1

Coefficient (S.E.)
HDRT
CDPSC
CDPST
CDPRT
CDPTD
CDPH
ASCHD
HDSC
HDST
HDH
TCDP

-0.903*** (0.078)
-0.270*** (0.027)
-0.258*** (0.048)
-0.944*** (0.123)
-0.160*** (0.029)
0.114** (0.046)
0.806** (0.383)
-0.332*** (0.029)
-0.239*** (0.029)
0.103** (0.046)
0.079* (0.046)

Class 2

Class 3

Class 1

Coefficient (S.E.)

Class 2

Class 3

Coefficient (S.E.)

-0.535***

-0.870***

-3.00***

-0.564***

-0.853***

-2.846***

(0.178)

(0.152)

(0.371)

(0.191)

(0.143)

(0.373)

-0.520***

-0.209***

-0.383***

-0.589***

-0.211***

-0.388***

(0.084)

(0.047)

(0.122)

(0.104)

(0.046)

(0.115)

-0.551***

-0.217***

-0.302*

-0.700***

-0.225***

-0.300*

(0.154)

(0.083)

(0.160)

(0.236)

(0.082)

(.157)

-0.400

-1.394***

-2.66***

-0.593

-1.360***

-2.472***

(0.304)

(0.248)

(0.419)

(0.396)

(0.235)

(0.426)

-0.209***

-0.255***

-0.083

-0.195**

-0.253***

-0.061

(0.074)

(0.050)

(0.121)

(0.080)

(0.051)

(0.117)

-0.032

0.359**

0.143

-0.021

0.346**

(0.080)

(0.156)

(0.132)

(0.076)

(0.147)

1.615**

-1.205

1.381

1.493**

-1.484

(0.679)

(1.940)

(1.029)

(0.668)

(1.909)

-0.742***

-0.280***

-0.233**

-0.881***

-0.277***

-0.207*

(0.106)

(0.047)

(0.101)

(0.142)

(0.047)

(0.109)

-0.406***

-0.334***

-0.051

-0.495***

-0.329***

-0.036

(0.087)

(0.050)

(0.104)

(0.123)

(0.049)

(0.101)

-0.083

0.224***

0.279*

-0.028

0.214***

0.256

(0.116)

(0.075)

(0.152)

(0.149)

(0.074)

(0.166)

0.028 (0.141)

0.078 (0.078)

-0.027

-0.110

(0.163)

(0.210)

0.164 (0.117)
0.999 (0.933)

Continued on the next page…
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LCMNL – III

MNL – III

Attributes

Class 1

Coefficient (S.E.)

LCMNL – IV

Class 2

Class 3

Class 1

Coefficient (S.E.)

Class probability

Class 2

Class 3

Coefficient (S.E.)

0.362

0.407

0.230

Constant

-

-

-

-

GEN

-

-

-

-

FSPS

-

-

-

-

HHC

-

-

-

-

0.338

0.424

-3.046**

-1.808

(1.404)

(1.326)

1.246*

0.876 (0.586)

(0.639)
0.511

-0.134

(0.434)

(0.409)

0.145

0.528*

(0.300)

(0.282)

0.238
-

Model statistics
# of respondents

134

134

134

# of observations

2412

2412

2412

11

35

41

-1475.7

-1304.4

-1294.9

-1671.9

-1671.9

-1671.9

Pseudo R

0.117

0.220

0.225

AIC

2973.5

2678.8

2671.9

# of parameters
LL (Est.)
LL (Null)
2

BIC
LR Test (Null model)

3037.1

2909.2

2

𝜒 =377.3***, df=10

2

𝜒 =734.9***, df=35

𝜒 =753.8***, df=41

2

𝜒 =342.6*** (i.e. >42.9), df=24

LR Test
LR Test

2865.8

2

-

2

𝜒 =19.0*** (i.e. >16.8), df=6

***, **, * – Estimated coefficient is significant at 1%, 5% and 10% SL respectively
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The positive value (+1.615) of ASCHD for class 2 indicates that consumers belonging to
that class have a positive attitude towards receiving home deliveries of items bought
online. On the other hand, given the negative value (-1.205) of ASCHD for class 3, it is
apparent that consumers belonging to class 3 have a negative attitude towards home
deliveries. Class 1 consumers appear to be the most sensitive to HDSC, while class 2 and
class 3 consumers appeared to be the most sensitive to CDPRT and HDRT respectively.
These classes were segregated without using any SDC. The class probability values in
the LCMNL-III model did not change considerably when SDCs were included in the
LCMNL-IV model as a systemic conditioning source on the membership probability. The
HDH attribute from ‘class 3’ of the LCMNL-III model loses statistical significance in the
LCMNL-IV model.
As done for inexpensive products, two types of LCMXL models were estimated, as
shown in Table 7.12. While SDCs, namely GEN, FSPS and HHC, were included in the
LCMXL-IV model, none of the SDCs were included in the LCMXL-III model. Both the
models were statistically significantly different from the null model at the 1% SL, but not
statistically significantly different to each other at the 1% SL (see the results of LR tests).
The LCMXL-III model was considered to be better than the LCMXL-IV model, because the
additional parameters estimated in the LCMXL-IV model could not improve the
performance of the LCMXL-III model, and hence the results of only the LCMXL-III model
are discussed in detail.
Seven attributes were treated as random variables and three attributes were treated as
non-random variables (see Table 7.12). The class membership probabilities of classes 1, 2
and 3 were 0.34, 0.42 and 0.24 respectively, indicating that 34%, 42% and 24% of
respondents belonged to the respective classes. The signs of both the random and nonrandom parameter estimates were found to be logical. Note that the sign of HDH (although
not statistically significant) was negative for class 1, which indicates that consumers
belonging to class 1 have a negative attitude towards long home-delivery-hours. None of
the standard deviation estimates of random parameters were found to be statistically
significant (even at the 10% SL), which indicates that there was no heterogeneity observed
around mean parameter estimates. This implies that none of the considered attributes
should be treated as random parameters, hence the latent class MXL model was deemed
to be not worthy of application in informing policies.
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Table 7.12 Summary of the LCMXL modelling results (expensive products)
MXL-III
Attributes

Coefficient (S.E.)

HDSC

-7.075*** (0.556)

HDST

-4.978*** (0.498)

HDRT

-18.734*** (1.420)

CDPSC

-5.435*** (0.493)

CDPST

-5.516*** (0.557)

CDPRT

-15.571*** (1.834)

CDPTD

-2.696*** (0.799)

ASCHD

21.905*** (4.585)

HDH

2.201*** (0.663)

CDPH

2.256*** (0.643)

TCDP

1.196* (0.632)

NsHDSC

1.729*** (0.356)

LCMXL-III
LCMXL-IV
Class 1
Class 2
Class 3
Class 1
Class 2
Coefficient (S.E.)
Coefficient (S.E.)
Random parameters: Mean
-0.277***
-0.227**
-0.729***
-0.279***
-0.800* (0.413)
(0.047)
(0.108)
(0.101)
(0.049)
-0.331***
-0.070
-0.398***
-0.333***
-0.443 (0.317)
(0.050)
(0.108)
(0.084)
(0.050)
-0.840***
-2.798***
-0.538***
-0.878***
-0.547** (0.238)
(0.159)
(0.739)
(0.177)
(0.152)
-0.210***
-0.349***
-0.515***
-0.211***
-0.569** (0.263)
(0.046)
(0.115)
(0.088)
(0.049)
-0.219***
-0.285*
-0.530***
-0.222***
-0.636 (0.582)
(0.082)
(0.164)
(0.151)
(0.083)
-1.346***
-2.525***
-0.363
-1.407***
-0.501 (0.848)
(0.262)
(0.832)
(0.317)
(0.250)
-0.212***
-0.250***
-0.061
-0.212***
-0.256***
(0.082)
(0.052)
(0.133)
(0.074)
(0.050)
Non-random parameters
-0.861
1.578**
0.885 (1.023)
1.562** (0.676)
0.993 (0.966)
(1.709)
(0.683)
0.252
-0.085
0.225***
-0.050 (0.267)
0.221*** (0.075)
(0.183)
(0.123)
(0.075)
0.336**
0.134 (0.180)
-0.017 (0.087)
0.167 (0.123) -0.032 (0.081)
(0.154)
0.010
-0.040 (0.517)
0.080 (0.078)
0.044 (0.133) 0.082 (0.077)
(0.256)
Random parameters: Standard deviation
<0.001
<0.001
<0.001 (0.012)
<0.001 (0.008)
<0.001 (0.009)
(0.014)
(0.011)
Continued on the next page…

Class 3

-0.240**
(0.103)
-0.052
(0.103)
-3.035***
(0.373)
-0.369***
(0.122)
-0.293*
(0.162)
-2.739***
(0.448)
-0.077
(0.129)
-1.009
(2.019)
0.273*
(0.156)
0.360**
(0.155)
-0.043
(0.162)
<0.001
(0.015)
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MXL-III

Class 1

Coefficient (S.E.)

LCMXL-III
Class 2
Coefficient (S.E.)

Class 3

Class 1

<0.001
(0.021)
0.005
(0.124)
<0.001
(0.018)
<0.001
(0.028)
0.026
(0.180)
<0.001
(0.029)

<0.001
(0.017)
<0.001
(0.072)
<0.001
(0.013)
<0.001
(0.021)
<0.001
(0.122)
<0.001
(0.021)
0.364

NsHDST

1.664*** (0.300)

<0.001 (0.018)

<0.001 (0.013)

NsHDRT

13.414*** (1.531)

0.001 (0.075)

<0.001 (0.053)

NsCDPSC

2.475*** (0.365)

<0.001 (0.014)

<0.001 (0.011)

NsCDPST

0.620** (0.309)

<0.001 (0.021)

<0.001 (0.017)

NsCDPRT

2.713 (1.698)

0.011 (0.125)

0.005 (0.100)

NsCDPTD

4.247*** (0.393)

<0.001 (0.022)

<0.001 (0.017)

Class
probability

-

0.344

0.415

0.241

Constant

-

-

-

-

NWH

-

-

Model statistics
56
-1304.7
-1671.9
0.220
2721.4
3029.9

# of parameters
18
LL (Est.)
-1462.17
LL (Null)
-1671.9
Pseudo R2
0.125
AIC
2960.4
BIC
3064.5
LR Test (with
𝜒 2 =419.4*** , df=18
𝜒 2 = 734.3*** (i.e. >83.5), df=56
Null model)
LR Test
𝜒 2 =314.9*** (i.e. >61.1), df=38
LR Test
***, **, * – Estimated coefficient is significant at 1%, 5% and 10% SL respectively
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-0.734
(0.854)
0.477 (0.321)

-

LCMXL-IV
Class 2
Coefficient (S.E.)
<0.001 (0.075)
<0.001 (0.053)
<0.001 (0.011)
<0.001 (0.017)

Class 3
<0.001
(0.022)
<0.001
(0.135)
<0.001
(0.019)
<0.001
(0.030)

0.003 (0.101)

0.009 (0.191)

<0.001 (0.017)

<0.001
(0.030)

0.409

0.227

-0.601 (0.798)

-

0.471 (0.303)

-

58
-1302.2
-1671.9
0.221
2720.5
3056.1
𝜒 2 = 739.2*** (i.e. >85.6), df=58
2

𝜒 =5 (i.e. <9.2), df=2
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7.6.3 Comparison of Model Fits
To compare the model fit for several types of models (e.g. MNL model, MXL model)
estimated for expensive products, the measures of the goodness-of-fit of all the selected
models (i.e. MNL-IV, LCMNL-III, MXL-III and LCMXL-III models) that were found to be
better than other estimated models of each type, are shown in Table 7.13. Clearly, the
LCMNL-III model is statistically significantly different from all other models, and
outperforms other models, in terms of the LL, pseudo r-squared, AIC and BIC. For
example, the LL value (-1304.4) for the LCMNL-III model is greater (i.e. better) than (1440.9, -1462.2 and -1304.7) for all other models. Thus, the LCMNL-III is overall a better
model.
Table 7.13 Comparison of model fits (expensive products)
MNL-IV

LCMNL-III

MXL-III

LCMXL-III

-1440.9

-1304.4

-1462.2

-1304.7

0.134

0.220

0.125

0.220

AIC

2922.0

2678.8

2960.4

2721.4

BIC

3037.7

2865.8

3064.5

3029.9

Parameters

20

LL
Pseudo rsquared

35
2

MNL-IV

-

𝜒 =273.0*** (i.e.

18
2

𝜒 =42.6*** (i.e.

>30.6), df=15

-

-

𝜒 =272.4*** (i.e.

>9.2), df=2
2

LCMNL-III

56
2

𝜒 =315.6*** (i.e.

>58.6), df=36
2

𝜒 =0.6 (i.e. <38.9),

>33.4), df=17

df=21
2

MXL-III

-

-

-

LCMXL-III

-

-

-

7.7

𝜒 =315.0*** (i.e.
>34.8), df=18
-

Model Applications and Policy Implications

Several types of discrete choice models were estimated to capture consumer preferences
for attributes of modes of receiving goods bought online. Those models can be used further
to estimate other economic measures of consumer behaviour, such as the WTP, elasticities
of attributes (defined later) and marginal effects (defined later).

7.7.1 Willingness to Pay (WTP) Estimations
Consumers’ WTP for a service or product was briefly defined in Chapter 3. For the basic
MNL model, which estimates a single parameter (i.e. mean) value for each attribute over
the sampled population, the WTP is computed by taking the ratio of coefficients of non-
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price attributes to the negative of the coefficient of the price attribute. For a reliable WTP
measure, both the attributes (i.e. numerator and denominator) must be statistically
significant. However, the process of deriving WTP estimates based on the MXL model,
which can estimate individual-specific parameter values for attributes treated as random
variables, is somewhat complex (Greene, 1986; Louviere et al., 2005), because it provides
individual-specific WTP values. In this study, WTP values were estimated, using
conditional parameters estimated via MXL models (i.e. the MXL-II model for inexpensive
products and MXL-IV model for expensive products). Consumer WTP for a better level of
service, in terms of shorter shipment time, a decreased risk of theft and a shorter travel
distance to a CDP, were computed. However, it should be noted that the WTP for more
qualitative attributes, namely home delivery hours (HDH), CDP collection hours (CDPH)
and the type of a CDP (TCDP) were not computed, as WTP for those attributes does not
make sense. Note that levels of these attributes were qualitative, as shown in Table 7.1. The
mean, standard deviation, minimum and maximum values of WTP estimated for
inexpensive and expensive products are shown in Table 7.14 and Table 7.15 respectively.
Table 7.14 WTP estimations based on the MXL-II model (inexpensive products)
WTP

Home delivery

Collection from a CDP

VoST ($/day)

VoRT ($/ RT%)

VoST ($/day)

VoRT ($/RT%)

VoTD* ($/km)

0.44

1.67

0.90

1.19

0.69

-

0.74

0.21

0.53

0.49

Minimum

-

-1.16

0.38

-1.03

-0.86

Maximum

-

3.67

1.42

2.69

2.49

Mean
Standard
deviation

Note: VoST – the value of the shipment time; VoRT – the value of the risk of theft; VoTD – the
value of the travel distance to a CDP; * - not statistically significant.

Table 7.15 WTP estimations based on the MXL-IV model (expensive products)
WTP

Home delivery

Collection from a CDP

VoST ($/day)

VoRT ($/ RT%)

VoST ($/day)

VoRT ($/RT%)

VoTD* ($/km)

0.73

2.55

1.06

3.08

0.46

0.09

0.49

0.17

0.53

0.32

Minimum

0.49

0.56

0.75

2.17

-1.03

Maximum

1.05

3.63

2.04

6.12

1.40

Mean
Standard
deviation

Note: * - not statistically significant.

For inexpensive products, given that both HDSC and HDST were estimated as nonrandom parameters in the MXL-II model (see Table 7.4), there was no standard deviation,
minimum and maximum values computed for VoST. Consumers were found to be
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prepared to pay an additional $0.44 per day for getting the shipment delivered to their
home in advance of the standard shipment time, and $1.67 per one-level reduction (i.e. a
reduction of 10%) in the risk of theft associated with home deliveries. Similarly, for WTP
measures associated with CDP, consumers were found to be prepared to pay an additional
$0.90 per day for getting the shipment delivered to a CDP in advance of the standard
shipment time, and $1.19 per one-level reduction in the risk of theft associated with
deliveries to CDP, and $0.69 per one-km reduction in the distance to be travelled to reach
to a CDP. It should be noted that the ‘minimum WTP value’ for some of the attributes (e.g.
VoRT) were negative (see Table 7.14).
For expensive products, consumers were found to be prepared to pay an additional
$0.73 per day for getting the shipment delivered to their home in advance of the standard
shipment time, and $2.55 per one-level reduction in the risk of theft associated with home
deliveries. Similarly, for WTP measures associated with CDP, consumers were found to be
prepared to pay an additional $1.06 per day for getting the shipment delivered to a CDP
in advance of the standard shipment time, and $3.08 per one-level reduction in the risk of
theft associated with deliveries to CDP, and $0.46 per one-km reduction in the distance to
be travelled to reach to a CDP. It should be noted that the ‘minimum WTP value’ for some
of the attributes (e.g. VoTD) were negative (see Table 7.15). Comparing the WTP values
computed for both the types of products, it is apparent that consumers are willing to pay
a greater amount of money to obtain improved delivery services for expensive products
than inexpensive products.

7.7.2 Elasticities of Attributes
Elasticity is a unitless measure of the effect of a percentage change in one variable (e.g.
quantity demanded) on the percentage change in another variable (e.g. price), provided all
other variables are held constant (Free, 2010). There can be two types of elasticity: direct
elasticity and cross-elasticity. The change in the quantity demanded of a product/service
due to the change in the price of the same product/service is called direct elasticity, and
that due to the change in the price of other competing product/service is called crosselasticity. Also, elasticity can be computed as point elasticity (i.e. elasticity at a point on the
demand curve) or arc elasticity (i.e. elasticity along an arc of the demand curve) (Fender,
2010). In this study, only point elasticities were estimated.
The probability weighted sample enumeration (PWSE) method was adopted to
compute elasticities. There are two other methods (i.e. sample data means and naive
pooling) for computing elasticities, but Hensher et al. (2005) advise against the use of those
two methods and hence, they were not used.
The elasticities of attributes for inexpensive and expensive products are shown in Table
7.16 and Table 7.17 respectively. For both types of products, the ‘shipping cost’ attribute
was found to be ‘relatively elastic’ (i.e. elasticity value > 1) for both home delivery and CDP
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alternatives. For example, the elasticity values corresponding to SC in Table 7.16 means
that a one percent increase in the SC of home delivery will decrease the probability of
choosing home delivery by 2.37%, and a one percent increase in the SC of CDP will
decrease the probability of choosing CDP by 1.36%. This implies that the probability of
choosing home delivery is more sensitive to changes in SC compared to the probability of
choosing the CDP alternative. This is because the SC for home delivery considered in all
the choice sets presented to consumers were always either equal to or greater than the
shipping cost for the CDP alternative, due to which setting, the effect of X% increase in the
SC for home delivery on its mode share will be more than the effect of X% increase in the
SC for the CDP alternative on its mode share.
The other three attributes, namely ‘shipment time’, ‘risk of theft’ and ‘travel distance’,
were found to be ‘relatively inelastic’ (i.e. elasticity value < 1 but > 0) for both home delivery
and CDP alternatives, for both types of products. For instance, the elasticity values
corresponding to ST in Table 7.16 imply that a one percent increase in ST of the home
delivery alternative will decrease the probability of choosing home delivery by 0.65%, and
a one percent increase in ST of the CDP alternative will decrease the probability of choosing
the CDP alternative by 0.77%.
Table 7.16 Elasticities of attributes (inexpensive products)
Attributes
SC
ST
RT
TD

Alternatives

Home delivery

CDP

Home delivery

-2.37

2.17

CDP

1.49

-1.36

Home delivery

-0.65

0.60

CDP

0.84

-0.77

Home delivery

-0.83

0.76

CDP

0.21

-0.19

CDP

0.91

-0.83

Table 7.17 Elasticities of attributes (expensive products)
Attributes
SC
ST
RT
TD

Alternatives

Home delivery

CDP

Home delivery

-1.90

1.63

CDP

1.17

-1.00

Home delivery

-0.90

0.77

CDP

0.73

-0.62

Home delivery

-0.75

0.65

CDP

0.29

-0.25

CDP

0.56

-0.48

Elasticity values for expensive products can be interpreted as done above for
inexpensive products. One of the differences between the elasticity values for inexpensive
and expensive products is that some attributes, namely the shipping cost and the risk of
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theft of the home delivery alternative, are more elastic for inexpensive products than for
expensive products. For example, the elasticity value (-2.4) of the SC attribute
corresponding to the home delivery alternative for inexpensive products is greater than
the elasticity value (-1.9) for expensive products. A possible reason for this is that
consumers might prefer not to pay a large shipping cost for inexpensive products, and thus
an increase in the SC of the home delivery alternative drastically affects their choice of the
mode of receiving goods bought online. Similarly, a possible reason behind the RT attribute
of the home delivery alternative being slightly more elastic for inexpensive products is that
consumers might be buying inexpensive products online more often than expensive ones.
Hence, their choice of mode of receiving goods bought online is drastically affected even
by a small change (say 10%) in the risk of theft associated with home delivery. Likewise,
the TD attribute of the CDP alternative is more elastic for inexpensive products than for
expensive products. This is also perhaps due to consumers buying inexpensive products
online more often than expensive ones.

7.7.3 Marginal Effects
Marginal effects represent the change in one variable as an effect of a change in another
variable (Lewis-Beck et al., 2004). Direct marginal effects refer to the impact a one-unit
change in the attribute level of an alternative will have upon the choice probabilities of the
same alternative, all else being constant. Cross marginal effects, on the other hand, refer to
the impact a one-unit change in the attribute level of an alternative will have upon the
choice probabilities of a competing alternative, all else being constant. In this study, both
direct and cross marginal effects are computed and reported in Table 7.18 and Table 7.19
for inexpensive products and expensive products respectively.
The marginal effect of SC corresponding to the home delivery alternative, i.e. -0.011,
indicates that a one-unit increase in the SC for the home delivery alternative will decrease
the choice probability for the home delivery alternative by 0.011, all else being constant.
Similarly, the marginal effect of SC corresponding to the CDP alternative, i.e. -0.007,
indicates that a one-unit increase in the SC for the CDP alternative will decrease the choice
probability for the CDP alternative by 0.007, all else being constant. Likewise, the marginal
effects of the other attributes can be interpreted for both inexpensive and expensive
products.
It should be noted, however, that the magnitude of the marginal effects of three
qualitative variables is very small (e.g. 0.00007 for HDH). The possible reasons for these
small values are that these attributes were generally not statistically significant, and the
magnitudes of their coefficients were very small compared to the coefficients of other
attributes in all the estimated models. This implies that these three attributes were not
influential, and hence, their impact on the choice probability of both the alternatives is
negligible, i.e. marginal effects values are extremely small.
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Table 7.18 Marginal effects (inexpensive products)
Attributes
SC
ST
RT

Alternatives

Home delivery

CDP

Home delivery

-0.011

0.012

CDP

0.007

-0.007

Home delivery

-0.003

0.003

CDP

0.004

-0.004

Home delivery

-0.004

0.004

CDP

0.001

-0.001

TD

CDP

0.004

-0.005

HDH

Home delivery

0.00007

-0.00008

CDPH

CDP

0.00010

-0.00036

TCDP

CDP

-0.000006

0.00001

Table 7.19 Marginal effects (expensive products)
Attributes

Alternatives

Home delivery

CDP

Home delivery

-0.00843

0.00904

CDP

0.00531

-0.00551

Home delivery

-0.00403

0.00429

CDP

0.00329

-0.00340

Home delivery

-0.00324

0.00369

CDP

0.00128

-0.00143

TD

CDP

0.00224

-0.00290

HDH

Home delivery

0.00005

-0.00007

CDPH

CDP

-0.000003

0.00010

TCDP

CDP

-0.00002

0.00004

SC
ST
RT

7.7.4 Sensitivity Analysis
The choice models estimated in this chapter were used to predict whether consumers will
prefer home deliveries or CDPs under various scenarios that affect the attributes of the
modes of delivery of goods bought online. It should be noted that the base shares of ‘home
delivery’ and ‘collection from a CDP’ alternatives for inexpensive products were 47.8% and
52.2% respectively, and for expensive products, they were 46.2% and 53.8% respectively.
The sensitivity analysis was carried out for several hypothetical scenarios, as discussed
below.
Scenario 1 was aimed at understanding consumer behaviour, if there is an increase in
the SC for home delivery, due to a rise in fuel price. It should be noted that a few companies
(e.g. NZ Post) deliver courier parcels using electric vehicles (New Zealand Post, 2018), and
several other companies in New Zealand still use diesel or petrol-driven delivery vehicles.
Therefore, if the price of petrol or diesel increases, courier companies might need to
increase the shipping fee that is charged to consumers, and due to this, consumer
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behaviour might change. Also note that, if retailers bear the shipping cost and provide free
delivery to the end-consumers, the increase in the fuel price might not affect consumer
behaviour, unless the purchase price is higher (i.e. the shipping cost is built into the
purchase price). However, if retailers charge the increased shipping fee to consumers,
consumer behaviour might be affected. Figure 7.1 shows the shares for both the
alternatives, i.e. home delivery and collection from a CDP, for various increases (no change
through to 100% increase) in the shipping cost. It is apparent that with an increase in the
SC for home delivery, the proportion of respondents using home delivery will decrease
and the CDP usage will increase. For instance, for a 50% increase in the SC, the home
delivery share will drop by 27.2% (i.e. 47.8% to 20.6%). Similarly, for expensive products,
the home delivery share will decrease by 23.1% (i.e. 46.2% to 23.1%) for a 50% increase in
the SC, as shown in Figure 7.2.

Mode Share (%)

100
80
60
40
20
0

CDP share (%)

Base 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
52.2

59.1

65.5

71.1

75.7

79.4

82.5

85.1

87.0

88.5

89.6

Home delivery share (%) 47.8

40.9

34.5

28.9

24.3

20.6

17.5

14.9

13.0

11.5

10.4

Increase in the SC for home delivery (%)

Figure 7.1 Effect of increase in the SC for home delivery on mode share (inexpensive
products)
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Figure 7.2 Effect of increase in the SC for home delivery on mode share (expensive
products)
Scenario 2 was aimed at understanding consumer choice behaviour when the shipping
costs for both the home delivery and CDP alternatives are increased, due to the increase in
the fuel price or any other reason. There will be more vehicle travel required for home
deliveries than for deliveries via CDPs, if consumers are willing to use non-motorised (i.e.
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active) modes of transport to collect or return parcels via CDPs, and any increase in the
fuel price will increase the SC for home delivery more than for the CDP alternative. For
this reason, the SC for the home delivery alternative was increased from ‘no change’
through to 100%, but the SC for the CDP alternative was increased from ‘no change’
through to 50%. For instance, for inexpensive products, a 50% increase in the SC for home
delivery and a 25% increase in the SC for CDP, will decrease the home delivery share by
19.6% (i.e. 47.8% to 28.2%), as shown in Figure 7.3.
Similarly, the effect of an increase in the SC for home delivery and CDP alternatives for
expensive products was also estimated, and it is apparent that a 50% increase in the SC for
the home delivery alternative and a 25% increase in the SC for the CDP alternative, will
decrease the home delivery share by 15.9% (i.e. 46.2% to 30.3%) (Figure 7.4).
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Figure 7.3 Effect of increase in the SC for home delivery and CDP on mode share
(inexpensive products)
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Scenario 3 was aimed at understanding consumer choice behaviour when the TD for
the CDP alternative is increased, due to a reduction in the density of CDPs in the city. If a
dense network of CDPs is not established in Christchurch, the travel distance from
consumer locations to a CDP might not always be small enough to walk or cycle, thereby
affecting consumer choice behaviour. Figure 7.5 shows the shares for both the home
delivery and CDP alternatives for various increases (i.e. no change through to 100%
increase) in the TD, for inexpensive products. It is apparent that with the increase in the
TD, the proportion of respondents using home delivery will increase and the CDP usage
will decrease. For instance, for a 50% increase in the TD, the CDP share will drop by 7.1%
(i.e. 52.2% to 45.1%).
Similarly, the effect of an increase in the TD for the CDP alternative for expensive
products was also estimated. From Figure 7.6, it is apparent that a 50% increase in the TD
for the CDP alternative will decrease the CDP share by 4.7% (i.e. 53.8% to 49.1%).
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Figure 7.5 Effect of increase in the TD for CDPs on mode share (inexpensive products)
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Figure 7.6 Effect of increase in the TD for CDPs on mode share (expensive products)
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Scenario 4 was aimed at understanding consumer choice behaviour when the TD for
the CDP alternative is decreased, due to increasing the density of CDPs in the city. If a
dense network of CDPs is established in Christchurch, the TD between consumer locations
and a CDP will decrease, which may encourage consumers to collect parcels from CDPs
using non-motorised modes. Figure 7.7 shows the shares for both the home delivery and
CDP alternatives, for various decreases (i.e. no change through to 70% decrease) in the TD,
for inexpensive products. It is apparent that with the decrease in the TD, the proportion of
respondents using a CDP might increase and home delivery usage might decrease. For
instance, for a 50% decrease in the TD, the CDP share will increase by 9.9% (i.e. 52.2% to
62.1%).
It is interesting that the effects of increasing and decreasing the TD for the CDP
alternative are not equal and opposite. For example, for inexpensive products, for a 50%
increase in the TD, the CDP share decreases by 7.1%, i.e. from 52.2% to 45.1% (see Figure
7.5). On the other hand, for a 50% decrease in the TD, the CDP share increases by 9.9%. The
rationale behind this is that the observed share for the CDP alternative was already higher
than for the home delivery alternative. This implies that the CDP alternative provides
greater satisfaction than does the home delivery alternative, to the majority of the people.
Hence, the effect of an X% increase in the TD, on the CDP mode share, will be less than the
effect of the X% decrease in the TD, because decreasing the TD will make the CDP
alternative even more advantageous, i.e. easily accessible.
The effect of a decrease in the TD for the CDP alternative for expensive products was
also estimated. From Figure 7.8, it is apparent that a 50% decrease in the TD for the CDP
alternative will increase the CDP share by 6.2% (i.e. 53.8% to 60%).
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Figure 7.7 Effect of decrease in the TD for CDPs on mode share (inexpensive products)
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Figure 7.8 Effect of decrease in the TD for CDPs on mode share (expensive products)

In New Zealand, courier companies provide updates about the delivery status of a
parcel via email or text messages. For example, a consumer can opt for receiving an email
message when the parcel is delivered. If the service providing parcel delivery updates is
not available, the RT is likely to increase. However, no company gives the recipient a phone
call, to let them know about the parcel being kept unattended at their premises. Therefore,
if a phone call is made to the recipient after the parcel is left unattended at their premises,
the recipient might pick up the parcel sooner than they would have done otherwise, or
they might find any other solution, such as requesting a friend or neighbour to pick up the
parcel for them, which service can decrease the likelihood of parcels being stolen or
tampered with.
Scenario 5 was aimed at understanding consumer choice behaviour when the RT for
home delivery increases due to the service providing updates (about the parcel being
delivered or left unattended) via email or text message to the recipient, not being available.
Figure 7.9 shows the shares of both the home delivery and CDP alternatives, for various
increases (i.e. no change through to 100% increase) in the RT associated with home
delivery, for inexpensive products. It is apparent that with an increase in the RT associated
with home delivery, the proportion of respondents using CDPs will increase. For instance,
for a 50% increase in the RT for home delivery, the home delivery share will decrease by
4.4% (i.e. from 47.8% to 43.4%).
Similarly, the effect of an increase in the RT associated with home delivery for expensive
products was also estimated. From Figure 7.10, it is apparent that a 50% increase in the RT
for home delivery will decrease the home delivery share by 6.4% (i.e. 46.2% to 39.8%).
Clearly, the CDP share for expensive products will increase more than for inexpensive
products when the RT for home delivery increases by 50%. This implies that consumers
are more inclined towards using CDPs for receiving expensive products bought online.
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Figure 7.9 Effect of increase in the RT for home delivery on mode share (inexpensive
products)
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Figure 7.10 Effect of increase in the RT for home delivery on mode share (expensive
products)

Scenario 6 was aimed at understanding consumer choice behaviour when the RT for
home delivery is decreased. Figure 7.11 shows the shares for both the home delivery and
CDP alternatives for various decreases (i.e. no change through to 100% decrease) in the RT
associated with home delivery, for inexpensive products. It is apparent that with the
decrease in the RT associated with home delivery, the proportion of respondents using
home delivery will increase. For instance, for a 50% decrease in the RT for home delivery,
the home delivery share will increase by 6.4% (i.e. from 47.8% to 54.2%).
It is interesting that the effects of increasing and decreasing the RT for the home delivery
alternative are not equal and opposite. For example, for inexpensive products, for a 50%
increase in the RT for home delivery, the home delivery share decreases by 4.4% (see Figure
7.9). On the other hand, for a 50% decrease in the RT for home delivery, the home delivery
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share increases by 6.4% (see Figure 7.11). The rationale behind this is that the observed
share for the home delivery alternative was already lower than for the CDP alternative.
This implies that the CDP alternative provides greater satisfaction than does the home
delivery alternative, to the majority of the people. Hence, the effect of an X% increase in
the RT for home delivery, on its mode share, will be less than the effect of the X% decrease
in the RT for home delivery, because increasing the RT for home delivery will make it even
more disadvantageous (e.g. less reliable).
Similarly, the effect of decrease in the RT associated with home delivery for expensive
products was also estimated. From Figure 7.12, it is apparent that a 50% decrease in the RT
associated with home delivery will increase the home delivery share by 9.3% (i.e. 46.2% to
55.5%). Clearly, the home delivery share for expensive products will increase more than
for inexpensive products when the RT associated with home delivery decreases by 50%.
This implies that consumers are concerned about the safety of their parcels and would use
home delivery for receiving expensive products bought online if the RT associated with
home delivery is decreased.
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Figure 7.11 Effect of decrease in the RT for home delivery on mode share (inexpensive
products)
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7.8

Conclusion

This chapter dealt with a variety of discrete choice models, such as MNL, MXL and LC,
which provided a wide range of results about consumers’ choice of the mode of receiving
goods bought online. Each type of approach to modelling consumer behaviour has its own
merits and demerits. For example, the MNL model can be estimated within a short
computer run time and does not need knowledge of parameter priors. However, it cannot
capture the heterogeneity in consumer preferences and is characterised by the IIA
property. On the other hand, the MXL model estimation requires knowledge of parameter
priors and is a lengthy process, but it captures the preference heterogeneity and overcomes
the IIA property. Therefore, the selection of the modelling approach is typically done based
on several items, such as time and budget constraints, software expertise and the technical
expertise to estimate and interpret complex models.
Amongst the models estimated in this chapter, for both the inexpensive and expensive
products, the latent class multinomial logit (LCMNL) models were found to have
outperformed the other models in capturing the consumers’ choice of the mode of
receiving goods bought online. The risk of theft and shipping cost associated with both the
alternatives, i.e. home delivery and collection from a CDP, were found to have greater
influence on consumers’ choice of the mode of receiving goods bought online. All the
choice-attributes considered in the study, except for the ‘type of a CDP’ attribute, were
found to be affecting consumer behaviour.
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Chapter 8. Identifying the Optimal Number
and Locations for Establishing Collection and
Delivery Points

“Everything is related to everything else, but near things are more related than distant things (the
first law of geography)”
– Waldo Tobler

8.1

Background

As mentioned in Chapter 1, the objective of this chapter is to identify the optimal number
and locations for establishing CDPs, using Christchurch city as a case study. In contrast to
the service provider-centric approach adopted by previous studies, this study adopted a
consumer-centric approach to identifying the optimal locational configuration for
establishing CDPs, as explained in Chapter 2. Also, this study compared the suitability of
five types of businesses (e.g. supermarkets and dairies) for establishing CDPs. The location
of demand points, the location of candidate CDPs and the shortest network travel distance
between the demand and candidate locations, were employed for the location-allocation
(LA) analysis, as described in Chapter 4.
To help compare the suitability of various types of businesses to be used as CDP
locations, it was essential to understand consumers’ shopping patterns and their
perceptions of those businesses, because consumer characteristics and candidate locations’
characteristics affect consumer behaviour (Janjevic et al., 2019; Weltevreden, 2008;
Morganti et al., 2014a). Refer to Chapter 2 (Section 2.9) for a detailed discussion about
factors affecting consumers’ adoption of CDPs. Consumer characteristics, in terms of their
frequency of visiting potential CDP locations, their preferences for using various
businesses as CDPs (to collect or return small parcels on foot or cycle), their perceptions of
travel related to using CDPs, and the distance they are willing to walk or cycle to CDPs,
are discussed as follows.

175

8. Optimal Number and Locations of CDPs

8.2

Operating Hours of Potential CDP Locations

Consumers’ choice of using a CDP to collect (or return) parcels depends on the operating
hours of host businesses serving as CDPs (Weltevreden, 2008). This is consistent with the
results found from the qualitative analysis done in Chapter 5. Among the non-traditional
CDP (NT-CDP) locations, dairies (i.e. convenience stores), petrol stations and
supermarkets each operate for far more hours per day than post shops, i.e. traditional CDPs
(T-CDPs), and pharmacies operate for similar hours as post shops, on both weekdays and
weekends (see Table 4.8). Since pharmacies’ and post shops’ typical operating hours (i.e. 9
am to 5 pm) are far less than at the other facility types considered, it might restrict
consumers wishing to collect parcels outside the 9 am to 5 pm period.
Thus, consumers’ perceptions of ‘fewer operating hours’ being a hindrance to collecting
parcels from (or returning parcels to) pharmacies and post shops, were obtained in terms
of ratings to a statement, ‘Operating hours of post shops and pharmacies are not sufficient enough
to facilitate collection of parcels', on a Likert scale, as shown below in Figure 8.1. Over 43% of
respondents agreed that post shops’ and pharmacies’ fewer operating hours limit their
ability to facilitate consumers using them as CDPs. Only 27% of respondents disagreed (to
a varying degree) with the statement, with the rest of the respondents having a neutral

Responses (%)

view.
'Operating hours of post shops and pharmacies are not
sufficient enough to facilitate collection of parcels'
100
14.6
80
29.3
60
28.7
40

20
0
Strongly disagree
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19.2
8.2
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Agree

Strongly agree

Figure 8.1 Perceptions of operating hours of post shops and pharmacies

8.3

Frequency of Visiting Potential CDP Locations

The consumers’ frequency of visiting potential CDP locations during the month before the
survey was obtained and is shown below in Figure 8.2. It can be observed that
supermarkets were most frequently visited (i.e. over 60% of respondents visiting them six
or more times a month), followed by petrol stations and dairies. On the other hand, post
shops were least frequently visited (i.e. over 77% of respondents visiting them less than
two times a month), followed by pharmacies. Consumers’ high frequency of visiting
supermarkets can be attributed to the fact that supermarkets fulfil people’s needs in terms
of groceries, and people need to visit them frequently to replenish perishable items
(Nilsson et al., 2015).
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Figure 8.2 Frequency (%) of visiting (a) supermarkets, (b) petrol stations, (c) dairies, (d)
pharmacies and (e) post shops
As the car availability in New Zealand’s households is high (i.e. 0.77 cars per capita),
New Zealanders’ travel is highly car dependent (NZ Ministry of Transport, 2015a). In
addition, 84% of the time spent travelling for shopping purposes, and 80% of the time spent
travelling for work purposes, were spent in cars as a driver or a passenger during 2010 –
2014 (NZ Ministry of Transport, 2015b). The electric vehicle share among total vehicles in
New Zealand is less than 1% (NZ Ministry of Transport, 2018b), and respondents’ high
frequency of visiting petrol stations (i.e. around 37% of respondents visiting them four or
more times a month), can be ascribed mainly to their high demand for fuel, caused by their
car-dependent travel behaviour. Also, the convenience stores located at petrol stations
might have attracted some trips to these locations.
Dairies in New Zealand are densely located small-scale businesses that sell items, such
as food, tobacco and newspapers. Such businesses are located mainly near residential areas
and sell items usually at prices higher than at large-scale businesses, such as supermarkets.
Dairies have been observed to be used mainly for unplanned and fill-in shopping (Chung
and Myers, 2005).
Post shops in New Zealand have been offering banking services, in addition to postal
services, since 2002 (New Zealand Post, 2015). However, it is likely that due to the
specialized nature of their business and the decline in the usage of postal services, post
shops were visited least frequently (i.e. over 75% of respondents visiting them less than
two times a month). Similarly, pharmacies deal in items that are generally used very
frequently (e.g. daily) but in small quantities, and perhaps this is the reason that the
majority of respondents visit them infrequently (i.e. around 69% of respondents visiting
them less than two times a month).
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8.4

Preferences for Using Potential CDP locations

It is worth noting that a high or low frequency of visiting any particular type of business
does not necessarily mean a high or low consumer preference for that type of business
being used as a CDP. For example, a consumer may prefer a nearby dairy to collect a parcel
on foot or a bicycle, rather than taking a car to a distantly located supermarket. Thus,
preferences for each of the types of businesses being used to collect (and/or return) parcels
were obtained using ratings, on a 0 – 10 scale, where 0 means not preferred and 10 means
highly preferred (Figure 8.3). The mean and median ratings for supermarkets were 6.3 and
7.0, while for petrol stations they were 4.7 and 5.0, for dairies they were 3.0 and 2.0, for
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Figure 8.3 Preferences for (a) supermarkets, (b) petrol stations, (c) dairies, (d)
pharmacies and (e) post shops

The high preference for supermarkets being used as CDPs could be due to the high
frequency of visiting them. As observed in Figure 8.2, supermarkets are the most
frequently visited shopping destinations in New Zealand (Communicate Media, 2012), and
a high portion (95%) of distance travelled for shopping and personal business purposes, is
in cars as a driver or passenger (NZ Ministry of Transport, 2015c). This may provide an
opportunity to combine trips to CDPs with their shopping trips and collect any parcel
delivered to a supermarket together with other items (Brummelman et al., 2003).
Furthermore, the safety of parcels stored at CDPs is also a factor influencing the choice of
location for CDPs, as found from the qualitative analysis described in Chapter 5. Thus, as
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supermarkets in New Zealand employ closed-circuit cameras and use facial recognition
technology to reduce theft (Johnston, 2018), they may seem to consumers to be a safer place
to get parcels delivered. However, due to supermarkets’ low-density distribution in the
city, CDPs based at supermarkets will not be as accessible as CDPs based at other densely
distributed facilities, e.g. dairies.
The low frequency of visiting pharmacies and fewer operating hours may be the reason
for pharmacies being less preferred as CDPs. However, pharmacies’ fairly dense
distribution (see Figure 4.7) could help people collect their parcels during operating hours.
Interestingly, petrol stations, despite being visited frequently, turned out to be less
preferred as CDPs. Nevertheless, their longer operating hours give consumers a greater
opportunity to collect or return parcels at night (i.e. between 5.00 pm and midnight).
Similarly, post shops, despite being visited infrequently (as seen in Figure 8.2), were
preferred as highly as supermarkets, and more than pharmacies, petrol stations and dairies
as CDPs. As consumers might be used to going to post shops for anything related to
shipping and collecting goods, they might be reluctant to change, likely because of inertia.
Also, the availability of other supporting items, such as postage stamps and packaging
materials required for sending parcels, could be another reason behind consumers
preferring post shops as CDPs.
Dairies turned out to be the least preferred type of facility to be used as CDPs. The low
preference for dairies could be due to the low frequency of visiting dairies. However, as
dairies are densely located throughout the city and operate for long hours (see Table 4.8),
they can be considered as potential facilities to be used as CDPs. Unlike less densely located
facilities that could well undermine CDPs’ ability to reduce vehicle kilometres travelled
(VKT), by requiring people to travel by car to collect or return parcels, dairies, being located
close to residential areas may provide people with an opportunity to carry their parcels
home on foot or on a cycle, and thus reduce VKT associated with goods’ last-mile
deliveries.

8.5

Perceptions of Travel to CDPs

As the main objective underlying CDPs’ implementation is to reduce the VKT per last-mile
delivery, it is highly desirable to locate CDPs, such that the sum of the courier companies’
VKT to transport parcels to/from CDPs and consumers’ VKT to receive parcels from (or
return parcels to) CDPs, decreases. Leaving courier companies’ VKT aside, consumers’
VKT to collect or return parcels using CDPs is largely dependent on the distance to CDPs
and the travel mode they use to visit CDPs. If consumers use cars or other motorised
vehicles to visit CDPs, it will undermine the goal of VKT reduction. Thus, the location of
CDPs should be such that, it encourages consumers to use active modes of transport, such
as walking and cycling to CDPs.
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The willingness to use CDPs, and their perceptions of travel to CDPs using active
transport, were obtained in terms of ratings for several qualitative statements, on a fivepoint Likert scale (i.e. strongly disagree – strongly agree), as shown in Figure 8.4. Only 24%
of respondents disagreed with failed ‘attended’ deliveries being an issue for them. This
shows the inconvenience or dissatisfaction caused by failed ‘attended’ deliveries to
consumers, in terms of not being able to receive items at the expected delivery day/time.
Similarly, only 33% of respondents disagreed with ‘parcels left unattended’ being
undesirable, and this confirms consumers’ concern over the security of parcels that are left
unattended. Over 57% of respondents agreed that they do not mind getting their parcels
delivered to a CDP and collecting them at a convenient time. This shows the potential for
CDPs in the New Zealand market. Also, despite New Zealanders’ highly car-dependent
travel pattern (NZ Ministry of Transport, 2015c), over 54% of respondents were found to
be willing to use active transport modes to visit CDPs. However, as not everyone will be
using active modes of transport to visit CDPs, it is important that those who use motorised
vehicles (e.g. a car) to travel to CDPs optimise travel (i.e. minimize VKT) by combining
their trips to CDPs with other trips. In line with this, over 60% of respondents said they
would be willing to combine their CDP-bound trips with their daily commute. This
proportion is high; however, LA analyses do not allow for trip chaining, as the LA
modelling approach does not consider the potential for trip chaining. Furthermore,
perceptions of traffic and environmental implications of missed home deliveries were
sought, and only 25% of respondents were found to appreciate that deliveries involving
multiple delivery attempts by courier companies add to vehicular traffic and air pollution.
However, with people’s increasing awareness of climate change, the percentage of people
having this concern might well increase in the future.

I do not mind
I would be willing
getting my parcels I would not mind I am concerned that
to combine my
Parcels being left delivered to a CDP,
going
getting a parcel
travel to CDPs with
Missing an 'attended unattended in the and collecting them walking/biking to redelivered, adds to
my daily
delivery' is an issue house compound is
later at a time
collect my parcels vehicular traffic and work/education
for me
undesirable for me convenient to me from a nearby CDP
air pollution
related travel
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Figure 8.4 Opinions of travel related to CDPs

180

38.6

32.7

30

10

22.0

22.8

50

20

20.6

30.7

60

40

5.1
16.6

20.0

10.1

8. Optimal Number and Locations of CDPs

Also, distances that consumers would not mind walking and cycling to collect parcels
from (or return parcels to) CDPs were obtained and are shown in Figure 8.5. It should be
noted that the scale used to show the maximum tolerable walking and cycling distance is
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Figure 8.5 Respondents' tolerable walking and cycling distance to CDPs

From Figure 8.5, it is apparent that the potential consumer patronage (PCP), i.e. the
proportion of consumers willing to walk and cycle to CDPs (represented by red coloured
lines) decreases with an increase in the distance to travel to reach a CDP. It is worth noting
that around 17% of respondents were found to be unwilling to use bicycles to visit CDPs
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regardless of the travel distance. It is perhaps due to it being more difficult to carry a large
parcel while riding a bicycle (especially bicycles typically used in NZ – i.e. the ‘sporty’ type
without a basket).
A possible explanation for this is that not all consumers have access to bicycles, as only
52% of the households in New Zealand own at least one bicycle (NZ Ministry of Transport,
2015a). On the other hand, only 3% of respondents were found to have completely ruled
out the option of walking to CDPs, irrespective of their locations.
The tolerable distance to CDPs corresponding to the 85th percentile PCP refers to the
distance that 85% of respondents would not mind walking or cycling to collect or return
parcels using CDPs, and likewise with the 50th percentile PCP. It should be noted that the
cycling distance corresponding to the 85th percentile PCP does not exist because 17% of
respondents completely ruled out the option of cycling to collect or return parcels via
CDPs. The distances corresponding to the 50th and 85th percentile values of PCP and mean
‘maximum tolerable distance’ to walk and cycle, to collect or return items bought online
via CDPs, are shown in Table 8.1. The mean ‘maximum tolerable distance’ to walk and
cycle were found to be 1.70 km (standard deviation = 1.37 km) and 2.33 km (standard
deviation = 2.22 km) respectively, to collect or return parcels via CDPs.
Table 8.1 Consumers’ tolerable distances to CDPs.

Tolerable walking distance to
CDPs (km)
Tolerable cycling distance to
CDPs (km)

85th percentile

50th percentile

Mean (standard

PCP*

PCP*

deviation)

0.52

1.46

1.70 (1.37)

-

2.15

2.33 (2.22)

Note: * PCP – Potential consumer patronage

Therefore, considering factors discussed in Sections 8.2 – 8.5, such as (i) traditionalCDPs’ fewer operating hours; (ii) their low-density distribution in the city; (iii) the low
frequency of visiting them; (iv) the willingness to use CDPs only if they are nearby (which
condition is less likely with traditional-CDPs); and (v) the willingness to use active
transport to visit CDPs only if they are in close proximity (which condition is less likely
with traditional CDPs), it appears that it might not be feasible to serve the city-wide
demand with only the traditional CDPs in place. Thus, LA analysis was carried out for
both T-CDPs and more numerous NT-CDPs, and the optimal locational configuration for
T-CDPs was compared with that of NT-CDPs that appear to have a greater potential for
encouraging consumers to receive parcels via CDPs.

182

8. Optimal Number and Locations of CDPs

8.6

Operation of Location-Allocation Modelling

LA analysis was carried out using the inbuilt LA modelling tool of the Environmental
Systems Research Institute’s ArcGIS package. The LA modelling tool solves a
combinatorial problem where p out of n facilities are chosen. The exact solution is the
absolutely best solution, and an ‘exact’ method guarantees that the absolutely best solution
is found. The number of combinations to be evaluated depends upon p and n. It is,
however, difficult to obtain the absolutely best (or exact) solution within a reasonably short
period of time for large p and n, as it involves evaluating every possible solution sets, of
which there is an extremely large number for large p and n. Thus, a heuristic approach, that
resembles the exact methods of optimisation (e.g. those used to solve the p-median
problem and set-covering problem), and that does not require evaluation of each possible
solution to arrive at a near-optimal solution in a short time (Khumawala, 1973), was
adopted. Shortest distances between demand points and candidate sites were obtained
using Dijkstra’s algorithm (Dijkstra, 1959), and the shortest-distance matrix was processed
using Hillsman editing (Hillsman, 1984). Finally, a near-optimal locational configuration
was obtained through a combination of the vertex substitution heuristic, i.e. Teitz and Bart
search heuristic (Teitz and Bart, 1968) and metaheuristics. Note that although the location
configuration obtained in this study were theoretically near-optimal, they were considered
to be ’optimal’.
The road network data, comprising nodes, links and distances (over the road network)
between various facilities and demand points, were obtained from the transport planning
model for Christchurch. The costs of collecting or returning parcels via a CDP, depend on
the travel mode used and the time of the day when a trip is made to a CDP. As car travel
is the dominant mode in New Zealand, the impedance between demand and facility
locations was considered in terms of the distances between them, for travel by car over the
road network. Travel time was not considered as the impedance factor, and thus the impact
of ‘time of a day when a trip is made’ on the performance of candidate facilities, was not
captured in this study.

8.7

Results of Location-Allocation Modelling (Set-covering Problem)

To compare the locational configuration of T-CDPs and NT-CDPs, the LA analysis was
carried out using the set-covering problem algorithm, which was described in detail in
Chapter 3. Figure 8.6 and Figure 8.7 show the typical optimal allocation of demand points
to selected T-CDPs and NT-CDPs respectively, corresponding to a distance cut-off of one
kilometre. When T-CDPs were used as candidate CDP locations, a large proportion of
demand (or 70.6% of mesh blocks) remained unassigned due to their being situated further
than one kilometre from each of the candidate CDPs. On the other hand, when NT-CDPs
were adopted as the candidate CDP locations, only 26.0% of mesh blocks remained
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unassigned, as most of them were within one-km from a selected CDP location. Also, only
the sites forming the optimal solution were chosen as CDPs.

Figure 8.6 Optimal locational configuration for T-CDPs (𝐷𝑐 = 1.0 km)

Figure 8.7 Optimal locational configuration for NT-CDPs (𝐷𝑐 = 1.0 km)
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8.7.1 Discussion of Results
Table 8.2 shows the results of the set-covering LA model, in terms of the demand coverage
(DC), DC per CDP, mean distance to CDPs and the optimal number of CDPs (p),
corresponding to different values of the distance cut-off (i.e. 200m, 400m, 600m, 800m and
1000m). It should be noted that such small values of distance cut-off were adopted to make
CDPs accessible by walking and cycling and to encourage consumers’ use of CDPs (see
Figure 8.5).
Table 8.2 Results of the Set-covering LA model
𝑫𝒄
(m)

DC (%)

DC per CDP (%)

T-

NT-

T-

CDPs

CDPs

CDPs

200

1.4

9.3

400

4.9

600

Mean distance to
CDPs (m)

Optimal number of CDPs (p)

NT-

T-

CDPs

CDPs

121

114

29

0.16

255

252

36

0.32

0.28

400

365

36

68.4

0.60

0.42

540

463

36

78.7

0.87

0.60

662

552

37

NT-CDPs

T-CDPs

0.05

0.06

28.7

0.14

11.6

50.9

800

21.2

1000

32.2

NT-CDPs*
154 (= 42 + 25 + 22 +
11)
181 (= 41 + 23 + 23 +
13)
180 (= 39 + 26 + 24 +
11)
161 (= 43 + 24 + 23 +
10)
131 (= 43 + 23 + 25 +
09)

Note – * (% dairies + % pharmacies + % petrol stations + % supermarkets)

It can be observed that a much larger proportion of the demand can be covered with
NT-CDPs than with T-CDPs. For distance cut-offs up to 600m, the DC per NT-CDP is very
similar to the DC per T-CDP but is distinctly less than the DC per T-CDP for distance cutoffs higher than 600m. Also, the mean distance that consumers will be required to travel to
CDPs is always less for NT-CDPs, due to their higher density. It is also worth noting that
with an increase in the distance cut-off, the number of NT-CDPs required (to cover the
same or a higher proportion of demand) increases initially (up to 400m) and decreases
thereafter. This is because until all the demand points are within the range of one or more
CDPs, the distance cut-off needs to be increased to make CDPs available to serve the
demand. However, once all the demand points are within the range of at least one CDP,
any increase in the distance cut-off means fewer CDPs are required to serve the same
amount of demand, but the average distance to be travelled by consumers will be greater.
Also, it is worth noting that despite dairies constituting only 33% (i.e. 92 of 278) of NTCDPs (see Table 4.8), they constituted a larger proportion (between 39% and 43%, see Table
8.2) of the selected locations. This shows that dairies are not only densely located but are
also located in the residential areas in the outskirts of the city, where other types of
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businesses are less common. This gives dairies an advantage with respect to the proportion
of demand that can be covered. Given their longer operating hours, greater DC and
consumer accessibility, NT-CDPs were found to have the potential to attract greater
consumer patronage than T-CDPs.
The above analysis will help service providers decide on the number and locations of
both T-CDPs and NT-CDPs to be established. However, a comparison between the
businesses considered as potential sites for CDPs, in terms of their spatial distribution, DC
and consumer accessibility to those sites will help service providers prioritize the
installation of CDPs amongst various locations if there are budgetary constraints. It is
important to compare the suitability of the selected (five) types of CDP locations; hence the
LA analysis was also carried out separately for each of the five types of business locations,
and the results are discussed below.
Figure 8.8 shows the DC achieved by each of the five types of business locations for
various values of the distance cut-off. It was found that dairies could serve a greater
proportion of demand than other businesses, for any distance cut-off up to five kilometres.
This is due to dairies’ dense distribution in the city, as discussed earlier. It should be noted,
however, that the differences between the DC achieved by various businesses were
substantial only for short distance cut-offs, i.e. up to 2 km.

Demand coverage (DC) (%)
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Figure 8.8. DC as a function of 𝐷𝑐
Figure 8.9 shows the DC achieved per CDP located at each of the five types of business
location. For a distance cut-off up to one kilometre, the DC was found to be approximately
equal for all the five types of business location, but thereafter post shops achieved a
marginally greater DC per CDP.
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Figure 8.9. DC per CDP as a function of 𝐷𝑐
Figure 8.10 shows the mean distance, which consumers will have to travel to CDPs, as
a function of the distance cut-off. Although there are only marginal differences between
the mean distances corresponding to the various CDP locations, dairies were, in fact, the

Mean distance to CDPs (km)

most accessible CDP locations, in terms of the travel distance from the demand points.
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Figure 8.10. Mean distance to CDPs as a function of 𝐷𝑐
Figure 8.11 shows the optimal number of CDPs (p) (i.e. the minimum number of CDPs
required to cover the maximum possible demand) corresponding to various distance cutoffs. Clearly, the optimal number of CDPs required to cover a given demand increases with
an increase in the distance cut-off up to a certain point and decreases thereafter. Also, it is
worth noting that both the optimal number of CDPs (see Figure 8.11) and DC (see Figure
8.8) for each of the five types of business location differ distinctly for a distance cut-off up
to three kilometres, after which point each type of business location covers nearly the same
amount of demand (see Figure 8.8) with approximately the same number of CDPs (see
Figure 8.11).
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Figure 8.11. The optimal number of CDPs as a function of 𝐷𝑐
Since NT-CDPs appear to have a greater potential for encouraging consumers to receive
parcels via CDPs, LA analyses were further carried out to identify the optimal number and
locations of four types of businesses that can serve as NT-CDPs. However, this time,
another type of facility location problem, namely the modified version of the p-median
problem was employed, to undertake a detailed LA analysis. Note that the set-covering
problem provides an optimal number and locations of CDPs endogenously and yields the
DC corresponding to only the optimal number of CDPs. However, the output of a setcovering problem might not be able to provide a clear idea about the number of CDPs to
be located if there are budgetary constraints and fewer than the optimal number of CDPs
can be established. Therefore, a modified p-median problem, which yields the DC for a
number of CDP locations provided exogenously by the researcher, was employed. The
optimal number of CDPs was obtained based on several model-runs corresponding to the
exogenously provided numbers of CDP locations. It should be noted that the rationale for
using the modified version of the p-median problem has been described in detail in
Chapter 2 (Section 3.2.2.3.1).

8.8

Results of Location-Allocation Modelling (Modified P-median Problem)

The algorithm of the modified p-median problem was described in Chapter 3. Figure 8.12
and Figure 8.13 show the outputs of model-runs that resulted in optimal numbers and
locations for establishing CDPs, using supermarkets and dairies respectively,
corresponding to the distance cut-off, 𝐷𝑐 (i.e. the maximum distance consumers would
travel to collect or return parcels via CDPs) of two kilometres. Note that the optimal
locational configuration for each type of business location will change with the distance
cut-off applied to the model. The optimal locational configuration corresponding to other
candidate locations, namely petrol stations and pharmacies are shown in Figures XII–A
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and XII–B in Appendix – XII. It should be noted that post shops, as mentioned earlier, were
not considered for the p-median LA analyses.

Figure 8.12 The optimal locational configuration with selected supermarkets (𝐷𝑐 = 2.0
km, p = 32)

Figure 8.13 The optimal locational configuration with selected dairies (𝐷𝑐 = 2.0 km, p =
47)
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It is important to note that several mesh blocks have not been allocated to any selected
facility. For example, 15.5% and 30.8% of mesh blocks, especially those lying on the outer
areas of the city, are not allocated to any of the selected dairies (Figure 8.12) and
supermarkets (Figure 8.13) respectively. This is due to their being situated further than two
kilometres from the selected facilities, and due to mesh blocks, which are situated within
two kilometres, having no or low population residing in them. This means a zero or a very
low demand-weighted distance, corresponding to those mesh blocks, is ruling them out of
being allocated. At the same time, some of the candidate facilities were also not chosen by
the algorithm, because they do not form a part of the optimal solution that minimizes the
demand-weighted network distance (not the straight-line distance) to CDPs. Each
allocation line represents demand points and the facilities to which they are allocated.
Although allocation lines are shown to be straight, they are based on network distances.
Similar observations can be made over locational configurations resulted from models
analysing other types of CDP facilities (see Figures XII–A and XII–B in Appendix – XII).

8.8.1 Discussion of Results
Figure 8.14 and Figure 8.15 show the DC when supermarkets and dairies, lying within
various distance cut-offs (i.e. 1.0, 2.0, 3.0, 4.0 and 5.0 km) from demand points, were
respectively selected as CDPs. It can be observed that the DC increases with the number of
facilities adopted as CDPs, only up to a point (the black-coloured points in Figure 8.14 and
Figure 8.15), called the optimal number of CDPs. After this point, any increase in the
number of CDPs does not increase the DC. As discussed earlier, this implies that all the
unallocated demand points lie outside the respective service distance cut-offs from the
selected CDPs or there is no or low population residing in the mesh blocks associated with
those demand points. It should be noted that similar observations were made when petrol
stations and pharmacies were considered as candidate locations, and the corresponding

Demand coverage (%)

graphs are respectively shown in Figures XIII-A and XIII-B in Appendix – XIII.
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Figure 8.14 DC as a function of the number of supermarkets adopted as CDPs
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Figure 8.15 DC as a function of the number of dairies adopted as CDPs

It is also worth noting that for all five values of 𝐷𝑐 , the demand-weighted mean distance
(referred to as the mean distance hereafter) that consumers will have to travel to CDPs,
decreases with an increase in the number of facilities adopted as CDPs, and it continues to
decrease even after the optimal number of CDPs is reached (see Figure 8.16 and Figure
8.17). However, it must be noted that the decrease is non-monotonic, as the mean distance
increases at a few points where a CDP is perhaps located in a less dense area (see ‘green’

Mean distance to selected
supermarkets (km)

points in Figure 8.16 and Figure 8.17).
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Figure 8.16 Mean distance to selected supermarkets as a function of the number of
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Figure 8.17 Mean distance to selected dairies as a function of the number of dairies
adopted as CDPs
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The overall decrease in the mean distance can be attributed to demand points being
allocated to newly added CDPs that are located nearer than the CDPs to which they had
been previously allocated. However, the rate of decrease in the mean distance to CDPs
with an increase in the number of CDPs is higher for large values of 𝐷𝑐 (see Figure 8.16 and
Figure 8.17). This can be ascribed to the fact that when 𝐷𝑐 is large (say 5.0 km), the
catchment (i.e. the number of demand points lying within 5.0 km) of each CDP is bigger
than when 𝐷𝑐 is small (say 2.0 km). When additional CDPs are adopted, it results in bigger
overlaps of catchments of CDPs when 𝐷𝑐 is large. This implies that for a large value of 𝐷𝑐 ,
a larger number of CDPs are likely to be available within the distance cut-off from demand
points, leading to a large proportion of demand points being reallocated, but to other
nearby CDPs. It should be noted that similar observations were made when petrol stations
and pharmacies were considered as candidate locations, and the corresponding graphs are
respectively shown in Figures XIV-A and XIV-B in Appendix – XIV.
Table 8.3 summarizes the results of LA analyses carried out using each of the four
facility types considered in this study, in terms of the DC, the mean distance to selected
CDP locations, and the optimal number of CDPs, corresponding to each of the values of
𝐷𝑐 . It can be observed that, in general, as 𝐷𝑐 increases, the DC increases, and the number
of facilities (required to be used as CDPs to cover the same demand) decreases. For all the
five values of 𝐷𝑐 (i.e. 1.0, 2.0, 3.0, 4.0 and 5.0 km), the DC is greater when dairies are adopted
as CDPs, compared to when other types of facilities are adopted as CDPs. The mean
distance that consumers will have to travel to collect parcels from (or return parcels to) a
CDP increases with an increase in 𝐷𝑐 . For example, for 𝐷𝑐 equal to 1.0 km, 29.3% of
respondents will have to travel 0.66 km to reach a CDP at a supermarket, while for 𝐷𝑐 equal
to 2.0 km, 73.8% of respondents will have to travel 1.15 km to reach a CDP at a supermarket
(see Table 8.3).
Table 8.3 Results of the modified P-median LA model
Network distance to CDPs (km)

Demand coverage
𝑫𝒄

(%)

Mean

(km)

Optimal number
of CDPs (p)

85th percentile

S1

PS2

D3

P4

S1

PS2

D3

P4

S1

PS2

D3

P4

S1

PS2

D3

P4

1.0

29.3

47.4

61.4

52.3

0.66

0.64

0.57

0.61

0.91

0.90

0.85

0.87

34

59

84

69

2.0

73.8

85.0

89.3

84.9

1.15

1.04

1.02

1.10

1.68

1.53

1.52

1.61

32

46

47

37

3.0

89.0

92.3

93.6

90.6

1.44

1.49

1.43

1.42

2.14

2.23

2.02

2.09

25

26

28

26

4.0

93.4

95.7

96.3

93.5

1.82

1.82

1.85

1.67

2.72

2.69

2.80

2.53

20

19

19

21

5.0

95.6

96.6

97.1

94.7

2.28

2.33

2.11

2.05

3.46

3.37

3.17

3.02

15

14

15

16

Note: S1 – supermarkets, PS2 – petrol stations, D3 – dairies, P4 – pharmacies

It is important to note that the mean distance might not be a good representative of the
distance that consumers will have to travel to a CDP, because a mean distance might mask
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the presence of very small or very large distances and hence, might not depict the nonuniformity of distances that consumers will need to travel. For example, for 𝐷𝑐 = 1.0 km, a
mean distance of 0.66 km to supermarket-based CDPs (see Table 8.3), which represents the
distance consumers will need to travel to reach CDPs, is only the 45th percentile value of
distance to supermarket-based CDPs. It means that 45% of respondents will have to travel
up to 0.66 km and the rest of them will have to travel a distance ranging from 0.67 to 1.0
km. Note that this 45th percentile value has been manually computed by the researcher
from the distance values yielded by the LA model. Therefore, 85th percentile values in
addition to the mean distances were computed and are shown in Table 8.3.
Interestingly, for the first three values of 𝐷𝑐 (i.e. 1.0, 2.0 and 3.0 km), the 85th percentile
distances to be travelled by consumers to their allocated CDPs are least when dairies (i.e.
convenience stores) are adopted as CDPs, compared to the distances if other types of
facilities are adopted as CDPs (see Table 8.3). On the other hand, for other values of 𝐷𝑐 (i.e.
4.0 and 5.0 km), the 85th percentile distances are least when pharmacies are adopted as
CDPs, compared to when other facilities are adopted as CDPs. It should be noted that mean
and percentile distances to the respective facilities, corresponding to the same values of 𝐷𝑐 ,
differ only marginally. However, for small values of 𝐷𝑐 (i.e. 1.0 and 2.0 km), a substantial
variation can be observed in both the DC and the optimal number of CDPs obtained for
the different types of facilities adopted as CDPs (see Table 8.3).
It is important to note, however, that one objective of courier companies wanting to
establish CDPs will likely be to minimise the set-up costs. Another objective will likely be
to minimise the cost of transporting parcels from their distribution centres or regional
warehouses to CDPs. On the other hand, consumers are likely to want CDPs to be located
close to their residences, as found from the qualitative analysis done in Chapter 5. To make
the CDP service attractive, courier companies will need to balance minimising their costs
against satisfying the wishes of consumers. CDP services are new for New Zealanders and
adopting a consumer-centric approach to location selection (i.e. providing consumers with
easy access to CDPs), at least initially, will facilitate a quicker penetration of CDPs in the
New Zealand market.
Personal interviews with the representatives of the three largest courier companies
operating in Christchurch, undertaken to understand their views about CDPs, revealed
that businesses willing to be contracted as CDPs are typically paid a flat monthly fee,
regardless of the number of parcels being handled in a month. Hence, the cost of
establishing CDPs at existing facilities is much less than it would be if new facilities were
established. This study adopted a consumer-centric approach and at the same time
accounted (indirectly) for the courier companies’ objective of minimising CDP
establishment costs, by considering CDPs in existing facilities only, plus the ease of
consumer access to CDPs.
As far as the selection of the type of a facility to be used as CDPs is concerned,
supermarkets and post shops were found to be consumers’ preferred facilities to be used
as CDPs. Nevertheless, it is worth noting that their high preferences for supermarkets and
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post shops, at least to some extent, could be due to their high frequency of visiting
supermarkets and the tradition of collecting failed deliveries from post shops (for parcels
delivered by NZ Post) respectively. On the other hand, although dairies were found to be
less preferred as CDPs by consumers, results of the LA analyses show that for lower values
of 𝐷𝑐 (i.e. 1.0 and 2.0 km), the dense distribution of dairies across the city makes them the
most accessible locations for consumers.
A dense network of dairies being used to establish CDPs can potentially result in CDPs
being located a short distance from consumers’ residences, which is likely to encourage
them to walk or cycle to CDPs to collect and/or return parcels (as discussed in 8.5) and
might result in a substantial reduction in VKT. This is consistent with the observations of
McLeod et al. (2006). Additionally, it might result in consumers combining car trips to
CDPs with their daily commute and result in a substantial reduction in VKT. It could be
argued, however, that as consumers currently visit supermarkets frequently, they might
prefer them as CDPs because they can combine car trips to CDPs with their shopping trips,
and their using supermarkets as CDPs might, therefore, decrease consumers’ VKT. On the
other hand, dairy based CDPs, being located near the consumer locations, will reduce the
need for consumers to take cars to CDPs.
Also, it should be noted that the interviews with five randomly selected dairy owners
in the city, regarding their willingness to have their business contracted as a CDP, revealed
that all the dairy owners were willing to serve as a CDP (Note: those interviews were done
using the questionnaire shown in Appendix – V). They were all optimistic about the
increase in revenue and the increase in the number of customers that may result from their
businesses being part of a CDP network. Moreover, they were found to be willing to
allocate a reasonable amount of space in their business premises to store parcels. Therefore,
from the consumers’ perspective of accessibility to CDPs and from the sustainability
perspective, dairies tend to be better locations, compared to other businesses for
establishing CDPs.

8.9

Conclusion

This chapter was aimed at identifying the optimal number of CDPs and the optimal
locations for establishing CDPs at various types of business premises (e.g. supermarkets
and dairies), using Christchurch as a case study. The location-allocation (LA) analyses were
carried out using two types of facility location problems, namely the set-covering problem
and a modified p-median problem. Based on the online survey administered to
Christchurch based consumers, supermarkets were found to be the most preferred type of
premise to be used as a CDP. However, the LA analyses carried out considering five types
of business premises show that a dense network of dairies (or convenience stores) exists in
the city, and is the most accessible CDP location (i.e. at a short distance from people’s home
locations) than the other types of CDP location considered in the study.
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It must be acknowledged that if some of the businesses at the optimal locations are not
willing to be contracted as CDPs, the demand associated with those businesses will need
to be covered by other businesses and consumers will need to travel further than for the
optimal set of locations. It should also be noted that the optimality of the solution will be
affected by changes in population distribution and new candidate sites or businesses
coming into existence within the city. Therefore, such location-allocation models need to
be revisited from time to time to help guide changes in the CDP network. However, the
CDP network should not be modified frequently, as it might be difficult for consumers to
adapt to frequently changing CDP locations and might well lead to lower consumer
patronage.
The LA analyses carried out in this chapter are expected to help courier companies and
online retailers understand consumer behaviour concerning the choice of mode of
receiving or returning goods bought online. This knowledge of consumer behaviour can
be utilised to set up CDPs in the city. Also, urban planners are expected to benefit from the
knowledge created in this study, in terms of understanding the location choice and travel
behaviour of existing and likely future online shoppers.
It might be worthwhile considering the socio-demographic pattern (e.g. percentage of
people in different age-cohorts) of consumers residing in the various mesh blocks, for the
location selection for CDPs, because the age of consumers has been found to be correlated
with their frequency of online shopping. For example, several studies (e.g. Clemes et al.,
2014) have found younger people to be shopping online more frequently than older people.
Also, younger people have been found to be using cycles more frequently than the older
people (Rietveld and Daniel, 2004), and thus locating CDPs in the areas having a high
density of youngsters can encourage people to use a cycle to collect their items from CDPs.
However, for this study, it was not possible to obtain such detailed information at the mesh
block level, because some of the mesh blocks had very few people residing in them, and
disaggregate information was not available for confidentiality reasons.
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Chapter 9. Summary, Conclusions, Limitations
and Directions for Future Research

“Don’t judge each day by the harvest you reap, but by the seeds that you plant”
– Robert Louis Stevenson

The objectives of this thesis were described in Chapter 1, and the analyses done to achieve
those objectives were described in Chapters 5, 6, 7 and 8. A variety of observations has
been made, in terms of factors affecting consumer online shopping, their willingness to use
CDPs, their choice of mode of receiving goods bought online, and the suitability of several
types of business locations for use as CDPs. The results of the study are summarised in this
chapter, in terms of the key findings from the study. Also, the limitations of the study and
directions for future research are outlined.

9.1

Summary of the Key Findings from the Study

The key findings are listed corresponding to each of the research objectives achieved in this
study.

9.1.1 Key Findings Related to Research Objective - 1
9.1.1.1 Consumers’ perceptions of online shopping and factors likely to affect their
willingness to use CDPs
•

A qualitative analysis, via focus groups, was carried out to understand consumers’
perceptions of online shopping, in terms of advantages and disadvantages of online
shopping, and to understand factors affecting their willingness to use CDPs.
Several factors were found to be the main advantages associated with online
shopping. They are: spatial flexibility (e.g. ability to do shopping without travelling
to physical shops), temporal flexibility (e.g. ability to do shopping at any time of
the day), greater content of information (e.g. ability to compare various shops and
goods), better deals (e.g. ability to buy goods at a cheaper price), and access to
special products (e.g. ability to buy goods that are not available locally).
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•

Similarly, several factors were found to be the main disadvantages associated with
online shopping. They are: misleading product information (e.g. not being able to
test the quality of a product), privacy and security concerns (e.g. the risk of credit
card details being compromised or identity theft), long waiting period (e.g. inability
to get products urgently), difficulty of making payment (e.g. inability to pay cash
on delivery), risk of damage or loss to items bought online (e.g. products being
damaged during the home delivery), risk to the local market (e.g. local shops going
out of business), missing social and recreational opportunities (e.g. inability to meet
people while shopping), and missing home deliveries (e.g. inability to receive
parcels due to not being at home when a parcel arrives).

•

Several factors were found to be the main factors influencing consumers’
willingness to use CDPs, and they are: monetary incentives for using CDPs (e.g. a
reduced delivery fee for using CDPs), CDP density (i.e. number of CDPs per unit
demand), parking availability near CDPs (i.e. availability of car and cycle parks
near CDPs), spatial location of CDPs (i.e. location of CDPs relative to major roads
and public places, such as bus stations), proximity of CDPs to consumers’ home or
office (i.e. distance between CDPs and consumer locations), safe and secure places
for CDPs (i.e. safety of consumers and security of parcels at CDPs), and hours of
operation of CDPs.

9.1.2 Key Findings Related to Research Objective - 2
9.1.2.1 Factors affecting consumers’ online shopping frequency
•

The ‘age’ of consumers affects their frequency of online shopping, as respondents
aged 18-59 years old were found to have a greater likelihood of buying online ‘very
frequently’ than respondents aged 60 years or more, and with the likelihood
increasing up to the age of 49 years and decreasing thereafter. This result is
consistent with Farag et al. (2003) where the relationship between online shopping
adoption and the age of a consumer was non-linear, with the probability of
shopping online increasing up to the age of 35 years and decreasing thereafter.

•

The household composition affects consumers’ frequency of online shopping, as
respondents living alone or in households composed of flat-mates only (i.e. not a
family home) were found to be less likely to buy online ‘very frequently’ than
respondents living in households with other types of compositions. This result is in
part consistent with Dahiya (2012a), which study found that consumers living in a
household with a small household size spend less amount of money on online
shopping than people from a bigger household.
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•

Consumers’ online shopping experience affects their frequency of online shopping,
as respondents with six or more years’ experience doing online shopping were
found to have a greater likelihood of shopping online ‘very frequently’ than
respondents with less experience of online shopping. This is likely due to their
familiarity with online shopping platforms and the high amount of satisfaction they
have achieved by shopping online, as Corbitt et al. (2003) found that highly
experienced internet users tend to have a higher level of trust in e-commerce.
Similarly, respondents with less than three years’ experience doing online shopping
were found to be less likely to buy online ‘very frequently’ than other respondents
with more experience of online shopping. This is likely due to the former’s limited
confidence in online shopping or limited knowledge of using ICT gadgets (e.g.
computers or smartphones) and the internet, as consumers’ experience of using the
internet have a positive correlation with online shopping (Ding and Lu, 2015).

•

The number of cars available in the household affects consumers’ frequency of
online shopping, as respondents having either no car or three or more cars in their
household were, for different reasons, found more likely to buy online ‘very
frequently’ than respondents having one or two cars. This is likely due to difficulty
in reaching shopping destinations if no car is available, because having a car gives
consumers the flexibility to reach shopping destinations conveniently (Ding and
Lu, 2015), and because consumers having three or more cars in their household are
likely to have a very high disposable income, which enables them to shop more
overall, regardless of the mode of shopping. This is consistent with Corpuz and
Peachman (2003) and Doolin et al. (2005), which studies found that consumers
belonging to a household with a high income are more likely to purchase online.

•

Consumers’ frequency of missing attended home deliveries is positively correlated
with their frequency of online shopping, as respondents who missed attended
home deliveries ‘most of the time’ or ‘always’ were found to have a greater
likelihood of shopping online ‘very frequently’ than the other respondents. This is
likely due to consumers with a greater likelihood of buying online ‘very frequently’
being people aged 18 – 59 years (as discussed above) and typically students or
working adults (Corpuz and Peachman, 2003), who are perhaps too time-poor to
shop in-store and are often unable to receive deliveries due to their frequent
absences from their home, due to competing commitments. It can also be said that
consumers’ missing a home delivery does not deter them from shopping online.

•

Respondents who do not find it undesirable to have a parcel being left unattended
in the house compound were found to be more likely to shop online ‘very
frequently’ than those who find it undesirable. This is likely due to very frequent
online shoppers being more experienced at online shopping than less frequent
online shoppers (as discussed above), because highly experienced online shoppers
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tend to have a higher level of trust in online shopping (Corbitt et al., 2003), and
hence are more confident about the safety of a parcel that is left unattended.
•

Respondents who agreed with ‘the operating hours of post shops and pharmacies
not being enough to facilitate collection of parcels’ were found to be more likely to
shop online ‘very frequently’ than those who disagreed with it. This is likely due to
very frequent online shoppers having a high frequency of missing attended home
deliveries due to not being available to receive their parcels (as discussed above)
and, consequently, having to collect parcels from traditional CDPs (T-CDPs), i.e.
post shops, which operate mainly during 8 am to 5 pm, a period which typically
coincides with their working/office hours or with their educational commitments
at a school/college.

•

Respondents who did not agree that ‘getting a parcel redelivered adds to vehicular
traffic and air pollution’ were found to have a greater likelihood of buying online
‘very frequently’ than those who agreed with it. This shows that very frequent
online shoppers are more likely to get the ‘failed deliveries’ (i.e. parcels that were
not delivered successfully in the first attempt) redelivered. This is likely because of
their high frequency of missing attended home deliveries and insufficient operating
hours of T-CDPs (e.g. post shops) that make self-collection of parcels less
convenient.

•

From the above points, it is apparent that very frequent online shoppers often miss
attended home deliveries and are more inclined towards getting the failed
deliveries redelivered. This causes the courier service providers to make a
redelivery attempt to deliver the parcel successfully, thereby increasing the
delivery-vehicle travel for each parcel delivered. However, if no one is at home at
the time of the second attempt, the recipient must pick it up from the depot, and
this increases the consumer travel per parcel received. Hence, delivery-vehicle
travel to deliver the item successfully or consumer travel to collect an item from the
depot are each likely to be more than travel required for deliveries done via CDPs,
provided consumers use active modes of transport to visit a CDP.

•

Respondents’ willingness to collect parcels on foot or cycle from a nearby CDP was
not found to be correlated with their frequency of online shopping. This shows that
consumers’ willingness to carry parcels via walking or cycling from a nearby CDPs
is independent of their online shopping frequency. It should be noted, however,
that the correlation of consumers’ willingness to collect parcels from a nearby CDP,
regardless of the travel mode used to carry a parcel, with their online shopping
frequency, was not examined.
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9.1.2.2 Effect of online shopping on consumers’ shopping travel and goods last-mile
transport
•

No correlation found to exist between respondents’ in-store shopping (i.e. the
frequency of trips) and online shopping frequency, implying a neutral effect of
online shopping on consumers’ in-store shopping travel.

•

Out of the three possible components of shopping-related travel that online
shopping was anticipated to affect, two components (i.e. consumers’ in-store
shopping travel and the travel to collect parcels from CDPs) were not found to have
been affected significantly as a result of increasing online shopping, thereby
indicating a neutral effect of online shopping on consumer shopping travel.
However, the third component, i.e. the delivery-vehicle travel, is likely to increase
with online shopping, as frequent online shoppers were found to have a greater
need for home delivery and for redelivery of parcels that were not delivered
successfully in the first attempt, suggesting that there is a complementary effect of
online shopping on goods’ transport.

9.1.3 Key Findings Related to Research Objective - 3
9.1.3.1 Consumers’ choice of mode of receiving goods bought online (i.e. home delivery and
collection from a CDP)
Several types of model (e.g. MNL, MXL, LCMNL and LCMXL models), with and
without socio-demographic characteristics (SDCs) interacted with an alternative
specific constant (ASC) or random parameters, were estimated for both inexpensive
and expensive products. The results of models that achieved the best goodness-offit for each of the above types of products are summarised as follows.
❖ Inexpensive products
The latent class - multinomial logit model (i.e. LCMNL-I), which did not include
any socio-demographic characteristics, was found to give the best model fit
amongst all the estimated models. This model segregated the respondents into
three classes, as the optimal number of classes turned out to be three when several
numbers of classes were trialled. The following inferences can be made, based on
the LCMNL-I model:
•

Consumers are sensitive to the risk of theft associated with home deliveries and the
shipment time associated with CDPs, as these attributes were each found to have a
statistically significant effect on the choice behaviour of all respondents. This is
likely because consumers are concerned about their parcels being left unattended
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if no one is available to receive the parcel, and because parcels delivered via CDPs
need a shorter shipment time, as courier companies transport parcels to fewer
locations (i.e. CDPs) faster than delivering to a large number of locations (i.e. to
each recipient’s location).
•

Four attributes associated with CDPs (i.e. shipping cost, collection hours, risk of
theft and travel distance) and two attributes associated with home deliveries (i.e.
shipping cost and shipment time) were each found to have a statistically significant
effect on the choice behaviour of respondents from two of the three classes (e.g.
CDPSC – class 1 and class 3; CDPRT – class 2 and class 3).

•

The home delivery hours and the type of a CDP were each found to have a
statistically significant effect on the choice behaviour of respondents belonging to
class 3 (i.e. 47% of respondents).

•

The ASCs, which represent the unobserved attributes, were not found to be
statistically significant for any class of respondents. This implies that the considered
attributes explain the variance in the response variable and, consequently, in the
choice behaviour of consumers.

•

Respondents belonging to class 1 (i.e. 41% of respondents) are the most sensitive to
the shipping cost for home delivery, while both class 2 (i.e. 12% of respondents) and
class 3 respondents are the most sensitive to the risk of theft associated with
collecting parcels from a CDP.

❖ Expensive products
The latent class - multinomial logit model (i.e. LCMNL-III), which included
socio-demographic characteristics, was found to be giving the best model fit
amongst all the estimated models. This model segregated the respondents into
three classes, as the optimal number of classes turned out to be three when several
numbers of classes were trialled. The following inferences can be made based on
the LCMNL-III model:
•

Two home delivery attributes (i.e. shipping cost and risk of theft) and two CDP
attributes (i.e. shipping cost and shipment time) were each found to have a
statistically significant effect on choice behaviour of all respondents.

•

Two other home delivery attributes (i.e. shipment time and home delivery hours)
and two other CDP attributes (i.e. risk of theft and travel distance to a CDP) were
each found to have a statistically significant effect on the choice behaviour of
respondents from two of the three classes (e.g. CDPRT: class 2 and class3; CDPTD:
class 1 and class 2).
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•

Another CDP attribute, namely CDP collection hours was found to have a
statistically significant effect on the choice behaviour of consumers belonging to
class 3 (i.e. 23.0% of respondents).

•

The type of a CDP was not found to have a statistically significant effect on the
choice behaviour of any respondent. This is inconsistent with the result for
inexpensive products and indicates that, for expensive products, consumers find
both types of CDPs to be equally competitive, in terms of operating hours or risk of
theft associated with them.

•

The ASC, which represents the unobserved attributes, was found to be statistically
significant for consumers belonging to class 2 (i.e. 40.7% of respondents). This
implies that there can be other attributes, which were not included in this study,
but would help explain the variance in the response variable and, consequently, in
the choice behaviour of such consumers.

•

Consumers belonging to class 2 were found likely to have a positive attitude
towards receiving home deliveries of items bought online. This is perhaps because
they were found to be the most sensitive to the risk of theft associated with
collecting parcels from a CDP.

❖ General
•

It should be noted that consumer choice behaviour for inexpensive and expensive
products vary, in terms of their preference for the ‘type of a CDP’ attribute, which
was found to be significant for inexpensive products but not found to be significant
for expensive products. Also, the ASCHD coefficient was not found to be significant
for inexpensive products but found to be significant for expensive products. All the
other attributes were found to be statistically significant for respondents from one
or more classes, for both inexpensive and expensive products. However, the
magnitude of the correlation between each attribute and consumers’ choice of mode
of receiving goods bought online was different for inexpensive and expensive
products.

•

It should be noted also that the non-selected models can also provide various other
useful results, which should be used more cautiously, given their less good fit. For
example, MNL models reveal that consumers do bother about home delivery hours,
especially when purchasing expensive products, because they are concerned about
their parcels carrying expensive products being left unattended.

•

Similarly, from the results of MXL-II model, it is clear that interaction effects
decompose any heterogeneity around the mean parameter and indicate a possible
explanation for that heterogeneity. For example, CDPTD:FMD is the interaction
between the variables ‘travel distance to a CDP’ and ‘frequency of missing home
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delivery’, and the negative coefficient (-1.375) of CDPTD:FMD suggests that any
increase in FMD will decrease the consumer utility associated with CDPTD. This
indicates that such consumers need easy access to CDPs to be able to collect their
missed home deliveries.
•

Clearly, the results of other models may well provide useful information about
consumers’ choice of mode of receiving goods bought online and the overall online
shopping behaviour.

•

Given the complexities involved in estimating and interpreting more detailed
models, such as LCMNL and LCMXL models, the selection of the type of a model
for use in the application (e.g. in informing policies) is subjective to the analyst and
available resources (e.g. time and budget). For instance, the MNL model, which is
easy to estimate and interpret, might also be able to inform policies, but with
substantially less information than can be obtained by estimating advanced models.

9.1.3.2 Application of the estimated choice models
❖ Willingness to pay (WTP)
•

Consumer WTP for a better level of service, in terms of shorter shipment time, a
decreased risk of theft and a shorter travel distance to a CDP, were estimated using
MXL-II and MXL-IV models for inexpensive and expensive products respectively.
However, the WTP for more qualitative attributes, namely home delivery hours
(HDH), CDP collection hours (CDPH) and the type of a CDP (TCDP) were not
computed, as WTP for those attributes do not make sense.

•

For inexpensive products, consumers were found to be prepared to pay an
additional $0.44 per day for getting the shipment delivered to their home in
advance of the standard shipment time, and $1.67 per one-level reduction (i.e. a
reduction of 10%) in the risk of theft associated with home deliveries.

•

For inexpensive products, consumers were found to be prepared to pay an
additional $0.90 per day for getting the shipment delivered to a CDP in advance of
the standard shipment time, and $1.19 per one-level reduction in the risk of theft
associated with deliveries to a CDP, and $0.69 per one-km reduction in the distance
to be travelled to reach to a CDP.

•

For expensive products, consumers were found to be prepared to pay an additional
$0.73 per day for getting the shipment delivered to their home in advance of the
standard shipment time, and $2.55 per one-level reduction in the risk of theft
associated with home deliveries.

•

For expensive products, consumers were found to be prepared to pay an additional
$1.06 per day for getting the shipment delivered to a CDP in advance of the
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standard shipment time, and $3.08 per one-level reduction in the risk of theft
associated with deliveries to a CDP, and $0.46 per one-km reduction in the distance
to be travelled to reach to a CDP.
•

Comparing the WTP values computed for both the types of products, it is apparent
that consumers are willing to pay a greater amount of money to obtain improved
delivery services for expensive products than inexpensive products.

❖ Elasticities of attributes
•

For both types of products, the ‘shipping cost’ attribute was found to be ‘relatively
elastic’ (i.e. elasticity value > 1) for both home delivery and CDP alternatives. For
example, for inexpensive products, the elasticity of the shipping cost attribute for
the home delivery alternative was found to be -2.37%, and that for the CDP
alternative was found to be -1.36%. This implies that the probability of choosing
home delivery is more sensitive to changes in the shipping cost compared to the
probability of choosing the CDP alternative. This is because the shipping cost for
home delivery considered in all the choice sets presented to consumers were always
either equal to or greater than the shipping cost for the CDP alternative. Due to this
setting, the effect of an X% increase in the shipping cost for home delivery on its
mode share will be more than the effect of an X% increase in the shipping cost for
the CDP alternative on the mode share of the CDP alternative.

•

The other three attributes, namely ‘shipment time’, ‘risk of theft’ and ‘travel
distance to a CDP’, were found to be ‘relatively inelastic’ (i.e. elasticity value < 1 but
> 0) for both home delivery and CDP alternatives, for both types of products. This
implies that an improvement in the service level of the above three attributes for
any of the two alternatives will not lead to a substantial increase in their mode
shares.

❖ Marginal effects
•

The marginal effect of the shipping cost corresponding to the home delivery
alternative, i.e. -0.011, indicates that a one-unit increase in the shipping cost for the
home delivery alternative will decrease the choice probability for the home delivery
alternative by 0.011, all else being constant. Similarly, the marginal effect of
shipping cost corresponding to the CDP alternative, i.e. -0.007, indicates that a oneunit increase in the shipping cost for the CDP alternative will decrease the choice
probability for the CDP alternative by 0.007, all else being constant.

•

The marginal effects of shipment time, risk of theft and travel distance to a CDP,
were each found to be small compared to the marginal effect of shipping cost, for
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both alternatives, for both types of products. This is consistent with the results of
the elasticities of attributes, where the shipping cost attribute was found to be
relatively elastic and all other attributes were found to be relatively inelastic.
•

The magnitude of marginal effects of three qualitative variables, i.e. HDH, CDPH
and TCDP, were each very small (e.g. 0.00007 for HDH). This is because these
attributes were generally not statistically significant, and the magnitudes of their
coefficients were very small compared to the coefficients of other attributes in all
the estimated models. This implies that these three attributes were less influential
and hence, their impact on the choice probability of both the alternatives was
negligible, i.e. marginal effects values were extremely small.

❖ Sensitivity of attributes
•

A variety of hypothetical scenarios leading to an increase or decrease in values of
the considered attributes were evaluated, using the MXL-II and MXL-IV models for
inexpensive products and expensive products respectively. It should be noted that
the base shares of ‘home delivery’ and ‘collection from a CDP’ alternatives for
inexpensive products were 47.8% and 52.2% respectively, and for expensive
products, they were 46.2% and 53.8% respectively.

•

If there is an increase in the shipping cost for home delivery, for example, due to
increase in the fuel price, the home delivery share will increase greatly. For instance,
a 50% increase in the shipping cost for home delivery will decrease the home
delivery share by 27.2% and 23.1% for inexpensive products and expensive
products respectively.

•

On the other hand, a 50% increase in the shipping cost for home delivery and a 25%
increase in the shipping cost for CDP, will decrease the home delivery share by
19.6% and 15.9% for inexpensive products and expensive products respectively.

•

When the travel distance for the CDP alternative is increased, for example, due to
a reduction in the density of CDPs in the city, the CDP share will decrease. For
instance, for a 50% increase in the travel distance, the CDP share will decrease by
7.1% and 4.7% for inexpensive products and expensive products respectively.

•

When the travel distance for the CDP alternative is decreased, for example, due to
increasing the density of CDPs in the city, the CDP share will increase. For instance,
for a 50% decrease in the travel distance for the CDP alternative, the CDP share will
increase by 9.9% and 6.2% for inexpensive products and expensive products
respectively.

•

When the risk of theft for home delivery is increased, for example, by eliminating
the service providing updates (about the parcel being delivered or left unattended)
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via email or text message to the recipient, the home delivery share will decrease.
For instance, for a 50% increase in the risk of theft for home delivery, the home
delivery share will decrease by 4.4% and 6.4% for inexpensive products and
expensive products respectively.
•

When the risk of theft for home delivery is decreased, for example, by
implementing the service wherein a phone call will be made to the recipient, to let
them know about the parcel being left unattended, the home delivery share will
increase. For instance, for a 50% decrease in the risk of theft for home delivery, the
home delivery share will increase by 6.4% and 9.3% for inexpensive products and
expensive products respectively.

•

Clearly, the shipping cost of either alternative was the attribute to which
respondents were most sensitive, as the mode shares for ‘home delivery’ and
‘collection from a CDP’ alternatives each decreased the most when their respective
shipping costs were increased.

9.1.4 Key Findings Related to Research Objective - 4
9.1.4.1 Consumer perceptions of CDP locations and attitude towards using CDPs
•

Supermarkets were the most frequently visited (i.e. over 60% of respondents
visiting them six or more times a month) potential CDP locations (during the month
before the survey), followed by petrol stations and dairies.

•

Supermarkets were the most preferred type of business premises for use as CDPs,
followed by post shops.

•

Dairies are densely located throughout the city and operate for long hours;
however, they were the least preferred type of business premises for use as CDPs.

•

The failed home deliveries are apparently an issue for the majority of the
consumers, as only 24% of respondents disagreed with failed home deliveries being
an issue for them.

•

The parcels left unattended are apparently undesirable for the majority of the
consumers, as only 33% of respondents disagreed with ‘parcels left unattended’
being undesirable.

•

The majority of the consumers appear to be willing to use CDPs to collect items
bought online, as over 57% of respondents agreed that they do not mind getting
their parcels delivered to a CDP and collecting them at a convenient time. This is
consistent with the base share of the ‘home delivery’ and ‘collection from a CDP’

207

9. Summary, Conclusions and Limitations

alternatives obtained from the online (stated preference) survey, as mentioned in
the results of the sensitivity analysis.
•

Despite New Zealanders’ highly car-dependent travel pattern (NZ Ministry of
Transport, 2015c), the majority of them are likely to use active transport modes for
using the CDP service, as over 54% of respondents were found to be willing to use
active transport modes to collect or return parcels via CDPs. The mean ‘maximum
tolerable distances’ to walk and cycle, to collect or return parcels via CDPs, were
found to be 1.70 km (standard deviation = 1.37 km) and 2.33 km (standard deviation
= 2.22 km) respectively.

•

On the other hand, the majority of the consumers are also likely to avoid making
dedicated trips to visit CDPs, as over 60% of respondents said they would be
willing to combine their CDP-bound trips with their daily commute.

•

The majority of the consumers are of the opinion that redeliveries do not affect the
transport system and environment adversely, as only 25% of respondents were
found to appreciate that deliveries involving multiple delivery attempts by courier
companies add to vehicular traffic and air pollution.

9.1.4.2 Identifying the optimal configuration of locations for establishing CDPs
The location-allocation analyses were carried out using two types of facility
location problems, namely the set-covering problem and the modified p-median
problem. The results of both types of problems are summarised as follows.
❖ Set-covering problem
•

A much larger proportion of the demand can be covered with non-traditional CDPs
(NT-CDPs) than with traditional CDPs (T-CDPs). Also, the mean distance that
consumers are required to travel to CDPs was always found to be less for NT-CDPs,
due to their high density.

•

Given NT-CDPs’ longer operating hours and greater demand coverage (DC), and
due to consumers’ better accessibility to NT-CDPs, they appeared to have the
potential to attract greater consumer patronage than T-CDPs.

•

It was found that dairies could serve a greater proportion of demand than other
types of businesses considered in the study, for any distance cut-off (𝐷𝑐 ) up to five
kilometres. This is due to dairies’ dense distribution in the city. It should be noted,
however, that the differences between the DC achieved by various businesses were
substantial only for short values of 𝐷𝑐 , i.e. up to 2 km.
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•

Dairies are not only densely located but are also located in residential areas in the
outskirts of the city, where other types of businesses are less common. This is
evident from a larger proportion (i.e. 39% to 43%) of dairies turning out to be a part
of the optimal configuration of CDPs (for 𝐷𝑐 values up to 1000m), despite dairies
constituting only 33% (i.e. 92 of 278) of the potential NT-CDP locations including
dairies, supermarkets, pharmacies and petrol stations.

•

Although there are only marginal differences between the mean distances
corresponding to the various CDP locations, dairies were, in fact, the most
accessible CDP locations, in terms of the travel distance from consumer locations.

•

Both the optimal number of CDPs and DC for each of the five types of business
location differ distinctly for a 𝐷𝑐 up to three kilometres, after which point each type
of business location covers nearly the same amount of demand with approximately
the same number of CDPs.

❖ The modified p-median problem
•

For all the five values of 𝐷𝑐 (i.e. 1.0, 2.0, 3.0, 4.0 and 5.0 km), the DC was greater
when dairies were adopted as CDPs, compared to when other types of facilities
were adopted as CDPs.

•

For the first three values of 𝐷𝑐 (i.e. 1.0, 2.0 and 3.0 km), the 85th percentile distances
to be travelled by consumers to their allocated CDPs were the least when dairies
were adopted as CDPs, compared to the distances if other types of facilities were
adopted as CDPs. On the other hand, for other values of 𝐷𝑐 (i.e. 4.0 and 5.0 km), the
85th percentile distances were the least when pharmacies were adopted as CDPs,
compared to when other facilities were adopted as CDPs.

•

Clearly, dairies are the most accessible CDP locations from consumers’ locations,
and they can serve a greater proportion of demand compared to other potential
locations, as found from the results of both the set-covering and the modified pmedian problems.

•

The knowledge of optimal locations identified in this study can help courier
companies establish an effective CDP network.

9.2

Recommendations

The main recommendations for those involved in city logistics and urban transport system
management are as follows. Urban planners should consider consumers’ choice of
locations to be used as CDPs when planning their city and make provisions for such
locations (e.g. dairies and supermarkets) near residential areas, to promote the use of active
transport for using the CDP service. Similarly, transport planners should consider
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providing adequate infrastructure to support the use of active modes of transport, such as
cycling, by providing a dedicated cycle lane and sheltered and secured cycle parks near
CDP locations. If safety/security of parcels is a major concern of the individual consumers,
they should consider installing video cameras in their residential premises, to deter theft
of parcels left unattended, and especially in areas where the chance of theft is high.
Retailers that operate in physical stores only might consider also operating online, as
the proportion of New Zealanders doing online shopping has been greatly increasing.
Retailers can benefit from the knowledge of factors found to be affecting consumers’ online
shopping behaviour. For example, providing more information about products and
offering competitive deals to online customers, might increase their sales and revenue.
Courier service providers should consider selecting appropriate locations within the
city for establishing CDPs based on the results obtained in this study. For example, dairies
are potentially good CDP locations, as they are densely established in the city and are easily
accessible, especially from the residential areas. Similarly, service providers should
consider the population distribution amongst the areas of the city, to decide the locations
for CDPs. Given the high sensitivity to the shipping cost, service providers might also
consider providing monetary incentives to consumers, in terms of reduced shipping cost
if delivery is via a CDP, to encourage them to get their parcels delivered via a CDP.

9.3

Limitations of the Study and Directions for Future Research

The number of responses obtained and analysed in this study is 355, which is not small for
the population (341,000) of Christchurch, but a larger sample size might increase the
statistical significance of one or more factors that were not found to be statistically
significant in models estimated in this study. Also, more sophisticated models (i.e. with the
interaction between choice attributes and/or socio-demographic characteristics) can be
estimated with a sample size larger than used in the study. Therefore, future research
attempts might consider obtaining a larger sample size if possible. The stated preference
approach also has some inherent limitations; for example, the results are reliable only if
respondents understand the task of making choices and commit to it.
Given the large number of explanatory variables (i.e. attributes and socio-demographic
characteristics) considered in the study, the correlation matrix could have been used to
reduce the number of explanatory variables in the models, as it can help identify the
collinear predictor variables (i.e. linearly correlated variables). However, this approach
was not pursued in this study due to time constraints, and hence it could be a worthwhile
avenue for future research.
Two types of products, namely inexpensive (i.e. worth $45-$55) and expensive (i.e. $145$155) products were adopted in this study, to model consumers’ choice of the mode of
receiving goods bought online. However, consumer behaviour might be different for
different inexpensive (or expensive) products. Therefore, the results of the study should be

210

9. Summary, Conclusions and Limitations

applied cautiously after considering the other characteristics of products. For example, a
consumer might want to receive an inexpensive perishable product via home delivery,
while wanting to collect inexpensive apparel via a CDP, despite both products being able
to be accommodated in a CDP. Thus, future studies might consider specific types of
products, such as groceries, pharmaceutical products and apparel.
It might be worthwhile considering the socio-demographic pattern (e.g. percentage of
people in different age-cohorts) of consumers residing in various mesh blocks, for the
selection of locations for CDPs, because the age of consumers is correlated with their
frequency of online shopping. For example, several studies (e.g. Clemes et al., 2014) have
found younger people to be shopping online more frequently than older people. This is
consistent with the results of the ordinal logit modelling carried out in Chapter 6 of this
thesis. Also, younger people use cycles more frequently than the older people (Rietveld
and Daniel, 2004), and locating CDPs in the areas having a high density of younger people
could encourage people to use a cycle to collect their items from a CDP. However, for this
study, it was not possible to obtain such detailed information at the mesh block level,
because some of the mesh blocks had very few people residing in them, and disaggregate
information was not available for confidentiality reasons.
This study adopted a consumer-focused approach to establishing CDPs in Christchurch.
However, it is equally important to examine the feasibility of implementing CDPs from the
service provider’s perspective, and hence this is an avenue for future research.
The impact of CDPs on traffic congestion and parking problems is also worthy of study,
as CDP usage is likely to grow with the growth of online retail sales. Moreover, as people
may access CDPs at the same time (immediately after office hours, say), it is important to
examine the impact of CDPs on parking demand and traffic conditions near CDP locations.
It might well be necessary to also investigate traffic management measures to be
implemented near CDP locations. It should be noted that major events, such as COVID-19,
might change people’s shopping behaviour and create a ‘new normal’, which has not been
captured by this study.
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Appendices
Appendix – I: Discussion probes (questions used to facilitate focus group
discussions)
1. Who has never ever bought anything online?
1a. What are the reasons for not having bought online?
2. What are the perceived advantages and disadvantages of online shopping?
3. Do home deliveries have any disadvantages associated with them?
4. What can be done to minimize them?
5. Would collection-and-delivery points be helpful to you?
5a. If yes, how?
5b. If no, how?
6. Where and how far from your home would you like these collection and delivery
points to be established?
6a. Why at these locations?
7. Would collection-and-delivery points reduce your overall travel?
8. Would it have an effect on your choice of travel mode to collect goods?
9. Would you prefer to buy online if collection-and-delivery points are established?
10. Would you be willing to pay to avail the facility of collection-and-delivery points?
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Appendix – II: Information sheet for focus groups

Information Sheet

Department of Civil and Natural Resources Engineering
Telephone: +64 273924086
Email: ashu.kedia@pg.canterbury.ac.nz
Research Title: Estimating the effect of online shopping and collection-delivery points on
shopping travel in New Zealand
Information Sheet: PhD Research of Ashu Kedia
I am Ashu Kedia, Ph.D. student at Civil and Natural Resources Engineering Department, UC. I
am carrying out research as a part of my PhD studies. My research aims at exploring the effects
of online shopping on the personal as well as freight travel in urban areas. As there has been an
unprecedented growth registered in the online shoppers in the recent years, it is likely to
influence the activity and travel pattern of people, which ultimately has an impact on travel
demand and the transport system as a whole. Thus, the idea here is to quantify these effects
caused as a result of online shopping, and to facilitate the transport and city planners in framing
appropriate policies.
The study involves two stages, such as focus group meetings and the in-depth questionnaire
surveys. This information sheet is only with respect to focus group meetings. If you choose to
take part in this study, you will be invited through an email to attend the focus group meetings
which will comprise of 6-8 members, which may or may not be from your acquaintance. All the
participants of the focus group will be asked to discuss their ideas, preferences, and views about
online shopping and the associated travel. The discussion will be moderated by the researcher
which may last up to 30-40 minutes, and it will be audio recorded. Also, you will have to fill in
a short (1 page) questionnaire form comprising of several questions pertaining to the research
project, which may take another 5 minutes of your time.
Further, as a part of this study, you will be invited through an email to take part in the second
phase of the study i.e. questionnaire surveys, which is again completely a voluntary task, and it
depends on the participant whether or not to become a part of both the stages of the study.
Participation is voluntary, and you have the right to withdraw at any stage without penalty. You
may ask for your raw data to be returned to you or destroyed at any point. If you withdraw, the
information related to you will be removed. However, once analysis of raw data commences, it
will become increasingly difficult to remove the influence of your data on the results.
The results of the project may be published, but you may be assured of the complete
confidentiality of data gathered in this investigation: your identity will not be made public
without your prior consent. To ensure anonymity and confidentiality, only the coded data,
containing no identifying information, will be used in the analysis. The coding forms and other
data with identifying information will be stored separately. All data will be securely stored in a
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locked cabinet and in password-protected and encrypted folders in a password-protected
computer and the server of UC. The researcher will be the only person who has the access to the
data. The researcher’s hand-written notes taken during the focus group meeting will be destroyed
upon the completion of the project. Other data will be owned by the researcher and will be stored
permanently for the purpose of data retention. A thesis is a public document and will be available
through the UC Library.
The project is being carried out as a requirement of Ph.D. degree by Ashu S. Kedia under the
supervision of Dr. Diana Kusumastuti and Prof. Alan Nicholson, who can be contacted at
diana.kusumastuti@canterbury.ac.nz and alan.nicholson@canterbury.ac.nz respectively. They
will be pleased to discuss any concerns you may have about participation in the project.
This project has been reviewed and approved by the University of Canterbury Human Ethics
Committee, and participants should address any complaints to The Chair, Human Ethics
Committee, University of Canterbury, Private Bag 4800, Christchurch (humanethics@canterbury.ac.nz).
If you agree to participate in the study, you are asked to complete the consent form and return it
to Ashu Kedia before the group meeting begins.
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Appendix – III: Consent form for focus group attendees
Consent Form
Department of Civil and Natural Resources Engineering
University of Canterbury
Telephone: +64 27 392 4086
Email: ashu.kedia@pg.canterbury.ac.nz
Estimating the effect of online shopping and collection-delivery points on shopping travel in
New Zealand
Consent form: PhD Research of Ashu Kedia
➢ I have been given a full explanation of this project and have had the opportunity to ask
questions.
➢ I understand what is required of me if I agree to take part in the research.
➢ I understand that participation is voluntary, and I may withdraw at any time without penalty.
Withdrawal of participation will also include the withdrawal of any information I have
provided should this remain practically achievable.
➢ I understand that any information or opinions I provide will be kept confidential to the
researcher, and the supervisors of the researcher, and that any published or reported results
will not identify the participants.
➢ I understand that all data collected for the study will be kept in locked and secure facilities
and/or in password protected electronic form and will be stored indefinitely.
➢ I understand the risks associated with taking part and how they will be managed.
➢ I understand that I can contact the researcher Ashu Kedia (ashu.kedia@pg.canterbury.ac.nz)
or his supervisors [Prof. Alan Nicholson (alan.nicholson@canterbury.ac.nz) and Dr. Diana
Kusumastuti (diana.kusumastuti@canterbury.ac.nz)] for further information.
➢ If I have any complaints, I can contact the Chair of the University of Canterbury Human
Ethics Committee, Private Bag 4800, Christchurch (human-ethics@canterbury.ac.nz)
➢ I would like a summary of the results of the project.
By signing below, I agree to participate in this research project.
Signature: _______________________________
I understand that this group meeting session is audio recorded.
By signing below, I agree to be audio-recorded during the group meeting.
Signature: _______________________________
Participant’s full name: _______________________________________
Date of the group meeting: _________________
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Appendix – IV: Questions asked in the courier companies’ interview
Existing services
•
•
•

What if a customer misses the home delivery twice? Does he/she need to collect it from your
depot?
Does your company operate from other depots situated somewhere in the city centre as well?
Do you charge customers to re-deliver their failed home deliveries? If yes, how much?
If no, won’t it increase the cost for the company? Does the shipper bears this cost?

Extent of failed home deliveries
•
•

What proportion of home deliveries done by your company fails at the first attempt, and at the
second attempt respectively?
Approximately, what percentage of home deliveries gets delivered at the first attempt?

Remedial measures
•

Does your company deliver parcels only during some specific hours (e.g. morning, afternoon,
or after office hours) or throughout the day? (for businesses and residences)

•
•

Does your company provide customers with an option to opt for a time window to receive their
parcel?
Have your company tried delivering parcels during late evening (e.g. 7.00 – 9.00 pm)?

•

What other measures have been taken by your company to reduce the failure of home deliveries?

•

Are you aware of Collection and Delivery Points (CDPs) or Parcel Lockers? Does your company
offer this service?

Operational cost of company
•

Do you think establishing CDPs would reduce the cost your company incurs on redelivering
parcels?

Choice of location
Service Points (e.g. supermarket, petrol stations, convenience stores, etc.)
• For how long has your company been providing this service?
• What is the basis of selection of places to be serving as service point CDP?
•
•
•

•
•

Existing locations: Supermarkets, petrol stations, etc.
Is there any plan to partner with other small retail businesses, such as dairies and convenience
stores to use them as CDPs, in the near future?
What all factors have been considered while selecting stores to be used as a service point CDP?
What are the terms and conditions agreed upon with these store owners? (What is the benefit to
them?) Are they paid on parcel basis or a flat fee per month?
Locker Points (e.g. parcel lockers)
For how long has your company been providing this service?
What is the basis of selection of places to set up locker point CDP?
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•
•

Existing locations: City centre
Is there any plan to increase the number of locker points in the near future?
Have you considered socio-economic characteristics of consumers while deciding on the
location of service or locker points?

Company’s business pattern
•

Approximately, what is the proportion of international parcels and local parcels among the home
deliveries done by your company?

•

What is the proportion of parcels delivered by your company to residential customers and
business customers respectively?

Types of goods transported
•
•
•
•
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What sort of goods does your company provides the last-mile services for?
Does your company provide last-mile delivery services for products requiring cold storage (e.g.
grocery or dairy products)?
What proportion of goods delivered by your company are general goods (e.g. clothes and
footwear) and perishable items (e.g. food or pharmaceuticals products) respectively?
Is the proportion of perishable goods delivered by your company to end-consumers growing?
How are these goods handled in transport and at CDPs?

Appendix – V

Appendix – V: Questionnaire for the dairy owners’ interview

Estimating the effect of online shopping and collection-delivery points on shopping travel in New
Zealand
PhD Research by Ashu Kedia
Department of Civil and Natural Resources Engineering
University of Canterbury
Dairy/Convenience Store Owners’ Survey
Q1 How long has the store been into existence?
0 – less than 3 years
3 – less than 6 years
6 – less than 9 years
9 – less than 12 years
12 years and more
Q2 What is the size of your store? (Example: 4 m X 6 m = 24 Sq. metre)
Less than 20 sq. metre
20 – 40 sq. metre
41 – 60 sq. metre
61 – 80 sq. metre
81 – 100 sq. metre
More than 100 sq. metre
Q3 What are the working hours of your store on weekdays? (Example: 6.00 am to 10.00 pm)
________________________________________________________________________
Q4 Do you keep your store open on weekends?
No
Yes, both on Saturdays and Sundays
Yes, only on Saturdays
Yes, only on Sundays
Yes, on alternate weekends only
Other ___________________________________
[If No, Go to Q6]
Q5 What are the working hours of your store on weekends? (Example: 7.00 am to 11.00 pm) Please
mention both, if working hours are different on Saturdays and Sundays.
________________________________________________________________________
Q6 Is the store run by someone, other than the store owner or their family members?
Yes
No
Q7 What is the minimum (min.) and maximum (max.) number of people generally working at your
store, at any point of time during a week?
min. ______
max. ______
Q8 Have you ever been approached by any courier company interested in using your store as a
collection and delivery point (CDP) for their packages?
Yes
No [Go to Q12]
Q9 Did you agree to be contracted as a CDP?
Yes [Answer Q10 and leave the rest]
No [Answer Q11 and leave the rest]
Q10 What were the reasons for accepting the offer of joining a CDP network? (Please describe in
the lines below)
_______________________________________________________________________________
_________________________________________________________________
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Q11 What were the reasons for not accepting the offer of joining a CDP network? (Please describe
in the lines below)
_______________________________________________________________________________
_______________________________________________________________________________
__________________________________________________________
Q12 Would you like to be a part of a CDP network of courier companies?
Yes [Answer Q13 and leave the rest]
No [Answer Q14 and leave the rest]
Don’t know (need more information) [Answer Q15]
Q13 What are the reasons for being willing to be a part of a CDP network of courier companies?
(Please describe in the lines below)
_______________________________________________________________________________
_______________________________________________________________________________
__________________________________________________________
Q14 What are the reasons for being unwilling to be a part of a CDP network of courier companies?
(Please describe in the lines below)
_______________________________________________________________________________
_______________________________________________________________________________
__________________________________________________________
Q15 Can you please describe your concerns which are not allowing you to decide on joining a CDP
network?
_______________________________________________________________________________
_______________________________________________________________________________
__________________________________________________________
To be filled by the surveyor
• Address of the store (street name and post code)
________________________________________________________________________
• Type of store
_____________________________________
• Number of private (off-street) car parks available solely for the store’s customers?
_____________________________________
• On-street parking outside the store available
Yes
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Appendix – VI: Questionnaire used for the pilot ‘stated preference’ survey
Hypothetical setting – Online shopping scenario
“Imagine you are buying a product online (other than products that can be delivered via internet,
such as travel tickets), and it is small enough to be carried by car, bike or on foot.
There are two options for receiving the product you bought online:
Option 1: Home Delivery. If no one is available at your designated delivery address to receive your
parcel when the parcel arrives, a courier company will leave it unattended at that address, and thus
there is a risk of theft involved if no one is available to receive the parcel.
Option 2: Delivery at your chosen Collection and Delivery Point (CDP) from where you can collect
it at a time convenient to you.
There are two types of CDPs (i.e. service points and locker points), and both types can accommodate
parcels of a variety of sizes, but not very large parcels (e.g. a large TV).
➢ Service points
(a) Located in local shops, such as supermarkets, dairy shops and fuel stations.
(b) Operated and facilitated by a host business.

Example of a supermarket as a CDP

Example of a fuel station as a CDP

➢ Locker points
(a) Located at public places, such as beside malls, schools or universities, hospitals, bus
terminals, outside offices of a courier company, and near other offices in the city centre.
(b) Automatically operated using pin codes.

Example of locker points
In both these types of CDPs, there is a risk of theft involved as, for example, there may be no CCTV
cameras installed, and if installed, they may not be working.
Your task:
1. Based on the hypothetical setting above, you will be asked to assess 20 scenarios. In each
of the scenarios, you will be asked to select your preferred delivery option (i.e. either having
the product delivered to your place or to a CDP).
2. Furthermore, there are two categories of product prices that you should consider (excluding
shipping cost), i.e. products having a value of (i) $45 – $55 and (ii) $145 – $155.
3. A snapshot will be shown next to depict the way these choices are to be made.”
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A snapshot of a pre-filled choice set
Attributes

Home delivery

Collection from a CDP

–

Service point

Shipping cost (NZD)

$10

$4

Travel distance (km)

–

2

Shipment time (days)

3

3

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 1
Attributes

Home delivery

Collection from a CDP

Type of a CDP

–

Locker point

Shipping cost (NZD)

$8

$6

Travel distance (km)

–

4

Shipment time (days)

3

5

2 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

–

Service point

Shipping cost (NZD)

$10

$4

Travel distance (km)

–

2

Shipment time (days)

3

3

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

Type of a CDP

–

Service point

Shipping cost (NZD)

$6

$4

Shipment time (days)

7

5

Travel distance (km)

–

2

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Risk of theft
Home delivery/CDP collection hours

Choice set 2
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 3
Attributes

Risk of theft
Home delivery/CDP collection hours
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Choice set 4
Attributes

Home delivery

Collection from a CDP

Type of a CDP

–

Locker point

Shipping cost (NZD)

$6

$4

Shipment time (days)

5

5

Travel distance (km)

–

2

2 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

Type of a CDP

–

Locker point

Shipping cost (NZD)

$8

$4

Shipment time (days)

7

3

Travel distance (km)

–

4

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

–

Locker point

Shipping cost (NZD)

$10

$6

Shipment time (days)

5

3

Travel distance (km)

–

6

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Risk of theft
Home delivery/CDP collection hours

Choice set 5
Attributes

Risk of theft
Home delivery/CDP collection hours

Choice set 6
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 7
Attributes

Home delivery

Collection from a CDP

Type of a CDP

–

Service point

Shipping cost (NZD)

$8

$6

Shipment time (days)

3

5

Travel distance (km)

–

4

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

Type of a CDP

–

Locker point

Shipping cost (NZD)

$6

$4

Shipment time (days)

3

3

Travel distance (km)

–

6

2 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

–

Service point

Shipping cost (NZD)

$10

$4

Shipment time (days)

5

3

Travel distance (km)

–

4

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Risk of theft
Home delivery/CDP collection hours

Choice set 8
Attributes

Risk of theft
Home delivery/CDP collection hours

Choice set 9
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 10
Attributes

Home delivery

Collection from a CDP

Type of a CDP

–

Service point

Shipping cost (NZD)

$8

$6

Shipment time (days)

3

5

Travel distance (km)

–

6

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

–

Locker point

Shipping cost (NZD)

$10

$8

Shipment time (days)

7

3

Travel distance (km)

–

2

2 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

Type of a CDP

–

Service point

Shipping cost (NZD)

$8

$6

Shipment time (days)

7

5

Travel distance (km)

–

6

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Risk of theft
Home delivery/CDP collection hours

Choice set 11
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 12
Attributes

Risk of theft
Home delivery/CDP collection hours
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Choice set 13
Attributes

Home delivery

Collection from a CDP

Type of a CDP

–

Locker point

Shipping cost (NZD)

$8

$8

Shipment time (days)

5

5

Travel distance (km)

–

2

0 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

–

Locker point

Shipping cost (NZD)

$10

$6

Shipment time (days)

7

5

Travel distance (km)

–

6

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

–

Service point

Shipping cost (NZD)

$10

$8

Shipment time (days)

5

5

Travel distance (km)

–

4

2 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Risk of theft
Home delivery/CDP collection hours

Choice set 14
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 15
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 16
Attributes

Home delivery

Collection from a CDP

Type of a CDP

–

Locker point

Shipping cost (NZD)

$6

$8

Shipment time (days)

3

3

Travel distance (km)

–

4

0 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

Type of a CDP

–

Service point

Shipping cost (NZD)

$6

$8

Shipment time (days)

7

3

Travel distance (km)

–

6

2 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Home delivery

Collection from a CDP

Type of a CDP

–

Service point

Shipping cost (NZD)

$6

$8

Shipment time (days)

5

3

Travel distance (km)

–

2

1 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is $45-$55,
how would you like to receive it?





2. If the value of a product bought online is $145$155, how would you like to receive it?





Risk of theft
Home delivery/CDP collection hours

Choice set 17
Attributes

Risk of theft
Home delivery/CDP collection hours

Choice set 18
Attributes

Risk of theft
Home delivery/CDP collection hours
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Demographic characteristics
Q1. What is your age? (years)

o 18 – 29
o 30 – 39
o 40 – 49
o 50 – 59
o 60 or more
Q2. What is your gender?

o Male
o Female
o Other
Q3. What is your education level? If currently enrolled, highest diploma/degree received?

o NZ School Certificate or National Certificate level 1 or NCEA level 1
o NZ Sixth Form Certificate or National Certificate level 2 or NCEA level 2
o NZ Higher School Certificate or National Certificate level 3 or NCEA level 3
o Trade Certificate
o Bachelor’s Degree
o Post-Graduate Degree
Q4. What is your occupation? (Please select all that apply to you).

▢
▢
▢
▢
▢
▢
▢
▢

Student (part time)
Student (full time)
Employed part time
Employed full time
Unemployed
Homemaker
Retired
Other
Thank you for your time and co-operation...!
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Appendix – VII: Questionnaire used for the main online survey

Eligibility Check
(a)

Which district of the Canterbury region do you live in?

o Kaikoura
o Hurunui
o Selwyn
o Waimakariri
o Christchurch City
o Ashburton
o Mackenzie
o Timaru
o Waimate
o Waitaki
(b)

Have you ever bought any product online, EXCLUDING products that are delivered via the
internet (e.g. travel tickets and hotel booking)?

o Yes
o No
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Quota check
(c)

Which gender do you identify with?

o Male
o Female
o Other
1. ICT use and online shopping
1.1.

Approximately, what was your total usage of internet during the LAST WEEK (i.e. all 7 days,
regardless of the purpose of use)?

o Up to 5 hours
o 6 – 15 hours
o 16 – 25 hours
o 26 – 35 hours
o More than 35 hours
1.2.

For how long have you been buying online, EXCLUDING products that are delivered via the
internet (e.g. travel tickets, hotel booking)?

o Less than a year
o One – three years
o Four – six years
o More than six years
1.3.

How frequently have you bought any product(s) online, during the PAST 12 MONTHS,
EXCLUDING products that are delivered via the internet (e.g. travel tickets, hotel booking)?

o About once or more per month
o About once per three months
o About once per six months or longer
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1.4.

How often do you go for shopping from any kind of physical ('brick and mortar') shops (e.g.
dairies, department stores, supermarkets, etc.)?

o 7 or more times a week
o 4 – 6 times a week
o 2 – 3 times a week
o Once a week
o Less than once a week
1.5.

How often do you examine products or check the price of products, in physical ('brick and
mortar') shops before buying them online?

o Never
o Sometimes
o About half the time
o Most of the time
o Always
1.6.

How often do you first search for information about products and/or shops online, before
buying products from physical ('brick and mortar') shops?

o Never
o Sometimes
o About half the time
o Most of the time
o Always
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2. Revealed preference
2.1.

Where do you get the parcels (of products bought online) delivered to?
Delivery location
Place of residence
Workplace
School or
university
Friend's or
neighbour's place
Other (specify)

2.2.

Never

Sometimes

About half the
time

Most of the
time

Always

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

How preferable are the following time-slots for you to receive home deliveries, during the
weekdays? (Please rate the following time-slots on a 0 – 10 scale, such that 0: least preferable,
10: most preferable)
Delivery Time Slots

0

1

2

3

4

5

6

7

8

9

10

6.00 am – 9.00 am
9.00 am – 12.00 pm
12.00 pm – 3.00 pm
3.00 pm – 6.00 pm
6.00 pm – 9.00 pm
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2.3.

How many times have you missed 'attended deliveries' (i.e. a parcel delivered either to you or
to someone who you authorized to receive it), during the PAST 12 MONTHS? (Note: a parcel
being left unattended at your premises, is to be treated as a missed 'attended delivery')

o Never
o Sometimes
o About half the time
o Most of the time
o Always
Display the following question:
If ‘Never’ is not selected in question 2.3.
2.3a. How frequently have you experienced the following, related to missed 'attended deliveries'?

Statements

Never

Sometimes

About
half the
time

I had to collect a parcel from a depot
/ office of a courier company

o
o
o

o
o
o

o
o
o

o
o
o

o
o
o

A parcel was not delivered on the day
it was supposed to arrive (i.e. as
advised by a courier company)

o

o

o

o

o

A parcel left unattended at my
address, was stolen or damaged or
tampered with

o

o

o

o

o

Other (specify)

o

o

o

o

o

I had to collect a parcel from an agent
shop (e.g. pharmacy shop)
I had to re-organize my day to stay at
home to receive a home delivery
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3. Stated preference
3.1.

Are you aware of a service called 'Collection and Delivery Points' (e.g. 'Parcel collect' service
by NZ Post), that allows you to get your parcels (of products bought online) delivered to
places, such as locker boxes, or to supermarkets, petrol stations and dairies, for you to collect
them at your convenient time?

o Yes
o No
Hypothetical setting – online shopping scenario
Same as that given in the pilot survey (see Appendix VI).
A snapshot of a pre-filled choice set.
Attributes

Home delivery

Collection from a CDP

–

Locker point

Shipping cost (NZD)

$10

$8

Shipment time (days)

7

3

Travel distance (km)

–

2

2 out of 10 times

0 out of 10 times

Home delivery hours / CDP collection hours

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP

Risk of theft

Now, you will be presented with some scenarios, one by one, to be answered by you.
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Choice set 1
Attributes

Home delivery

Collection from a CDP

Type of a CDP

–

Locker point

Shipping cost (NZD)

$8

$6

Shipment time (days)

3

5

Travel distance (km)
Risk of theft

–
2 out of 10 times

4
0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Locker point

Shipping cost (NZD)

$8

$4

Shipment time (days)
Travel distance (km)

7
–

3
4

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Locker point

Shipping cost (NZD)

$6

$4

Shipment time (days)

7

3

Travel distance (km)

–

6

2 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery/CDP collection hours

Choice set 2
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 3
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 4
Attributes

Home delivery
–

Collection from a CDP
Service point

Shipping cost (NZD)

$10

$6

Shipment time (days)

5

3

Travel distance (km)

–

4

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP
Shipping cost (NZD)

Home delivery
–
$8

Collection from a CDP
Service point
$6

Shipment time (days)

5

5

Travel distance (km)

–

4

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Locker point

Shipping cost (NZD)

$8

$6

Shipment time (days)

5

3

Travel distance (km)

–

4

0 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 5
Attributes

Risk of theft
Home delivery/CDP collection hours

Choice set 6
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 7
Attributes

Home delivery
–

Collection from a CDP
Service point

Shipping cost (NZD)

$6

$4

Shipment time (days)

3

3

Travel distance (km)

–

2

2 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP
Shipping cost (NZD)

Home delivery
–
$8

Collection from a CDP
Locker point
$4

Shipment time (days)

7

5

Travel distance (km)

–

2

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Service point

Shipping cost (NZD)

$8

$6

Shipment time (days)

5

5

Travel distance (km)

–

4

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 8
Attributes

Risk of theft
Home delivery/CDP collection hours

Choice set 9
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 10
Attributes

Home delivery
–

Collection from a CDP
Locker point

Shipping cost (NZD)

$10

$4

Shipment time (days)

3

5

Travel distance (km)

–

2

2 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP
Shipping cost (NZD)

Home delivery
–
$10

Collection from a CDP
Locker point
$8

Shipment time (days)

7

5

Travel distance (km)

–

6

2 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Locker point

Shipping cost (NZD)
Shipment time (days)

$10
3

$8
3

Travel distance (km)

–

2

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 11
Attributes

Risk of theft
Home delivery/CDP collection hours

Choice set 12
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 13
Attributes

Home delivery
–

Collection from a CDP
Service point

Shipping cost (NZD)

$10

$4

Shipment time (days)

7

3

Travel distance (km)

–

6

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP
Shipping cost (NZD)

Home delivery
–
$8

Collection from a CDP
Locker point
$4

Shipment time (days)

3

5

Travel distance (km)

–

6

1 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Service point

Shipping cost (NZD)

$10

$6

Shipment time (days)

5

3

Travel distance (km)

–

4

2 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 14
Attributes

Risk of theft
Home delivery/CDP collection hours

Choice set 15
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 16
Attributes

Home delivery
–

Collection from a CDP
Service point

Shipping cost (NZD)

$6

$6

Shipment time (days)

5

5

Travel distance (km)

–

4

0 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Service point

Shipping cost (NZD)

$8

$8

Shipment time (days)
Travel distance (km)

3
–

5
6

2 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays + Saturday

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Locker point

Shipping cost (NZD)

$6

$8

Shipment time (days)

3

3

Travel distance (km)

–

6

1 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 17
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 18
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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Choice set 19
Attributes

Home delivery
–

Collection from a CDP
Locker point

Shipping cost (NZD)

$6

$8

Shipment time (days)

7

3

Travel distance (km)

–

2

1 out of 10 times

1 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

18 hours (6 am to
Midnight) – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Home delivery
–

Collection from a CDP
Service point

Shipping cost (NZD)

$6

$8

Shipment time (days)
Travel distance (km)

7
–

5
2

1 out of 10 times

0 out of 10 times

8 hours (9 am to 5 pm) –
weekdays

24 hours – 7 days

1. If the value of a product bought online is
$45-$55, how would you like to receive it?





2. If the value of a product bought online is
$145-$155, how would you like to receive it?





Type of a CDP

Risk of theft
Home delivery/CDP collection hours

Choice set 20
Attributes
Type of a CDP

Risk of theft
Home delivery/CDP collection hours
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4. Attitudinal questions for CDPs
4.1.

In the PAST 12 MONTHS, approximately how frequently have you visited the following
types of shops?
Type of
business
(shops)

6 or more times per
month

4 – 5 times per
month

2 – 3 times
per month

Less than 2
times per month

o
o
o
o
o

o
o
o
o
o

o
o
o
o
o

o
o
o
o
o

Supermarkets
Petrol stations
Dairies
Pharmacies
Post shops

4.2.

If you must use Service points, how preferable for you are the following types of service
points' locations, to collect parcels from? (Please rate the locations on a 0 – 10 scale, such that
0: least preferable location and 10: most preferable location)
Service points’ locations

0

1

2

3

4

5

6

7

8

9

10

Supermarkets
Petrol stations
Dairies
Post shops
Pharmacies
4.2a How preferable for you are the following time-slots, to collect parcels from (the location with
your highest rating in question 4.2). (Please rate the time-slots on a 0 – 10 scale, such that 0:
least preferable and 10: most preferable)
Time-slots

0

1

2

3

4

5

6

7

8

9

10

6.00 am - 9.00 am
9.00 am - 12.00 pm
12.00 pm - 3.00 pm
3.00 pm - 6.00 pm
6.00 pm - 9.00 pm
After 9.00 pm
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4.3.

If you must use Locker points, how preferable for you are the following types of locker points'
locations, to collect parcels from? (Please rate the options on a 0 – 10 scale, such that 0: least
preferable location and 10: most preferable location)
Locker points’ locations

0

1

2

3

4

5

6

7

8

9

10

Near schools/universities
Near bus terminals
Near offices in the city centre
Outside offices of courier
companies
4.3a. How preferable for you are the following time-slots, to collect parcels from (the location with
your highest rating in question 4.3)? (Please rate the time-slots on a 0 – 10 scale, such that 0:
least preferable and 10: most preferable)
Time-slots

Before 9.00 am
9.00 am - 12.00 pm
12.00 pm - 3.00 pm
3.00 pm - 6.00 pm
6.00 pm - 9.00 pm
After 9.00 pm
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4.4.

Please rate your level of agreement or disagreement with the following statements, related to
missed 'attended deliveries' and CDPs.
Strongly
disagree

Disagree

Neutral

Agree

Strongly
agree

o
o

o
o

o
o

o
o

o
o

I do not mind getting my parcels
delivered to a CDP, and collecting
them later at a time convenient to me

o

o

o

o

o

Operating hours of post shops and
pharmacies are not sufficient enough to
facilitate collection of parcels

o

o

o

o

o

I would not mind going walking/biking
to collect my parcels from a nearby
CDP

o

o

o

o

o

I am concerned that getting a parcel
redelivered, adds to vehicular traffic
and air pollution

o

o

o

o

o

I would be willing to combine my
travel to CDPs with my daily
work/education related travel

o

o

o

o

o

Statements
Missing an 'attended delivery' is an
issue for me
Parcels being left unattended in the
house compound is undesirable for me

4.5.

What is the maximum distance you are willing to (i) walk and (ii) cycle, to collect your parcels
from locker or service points (in terms of km)?
0

1

2

3

4

5

6

7

8

Walking
Cycling
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5. Household information
5.1.

What type of a dwelling unit do you live in?

o Separate house
o Flat in a single-storey apartment
o Flat in a multi-storey apartment
o Other (e.g. university hall, hostel, motel, etc.) (Specify)
____________________________
5.2.

How many people are there in your household, including yourself?
(Note: INCLUDE everyone who is living or staying in your household for more than two
months, DO NOT INCLUDE anyone who is living somewhere else for more than two months,
such as a college student living away)
________________________________________________________________

5.3.

Which of the following best describes the make-up of your household?

o Person living alone
o Couple without child(ren)
o Single parent with child(ren)
o Couple with child(ren)
o Household composed of flat-mates only (i.e. not a family home)
o Other (specify) ________________________________________________
5.4.

How many people living at your household are workers (full time or part time)? (Please write
it below)
______________________________________________________________

5.5.

How many children (below 18 years of age) are there in your household?

o None
o One
o Two
o Three
o Four or more
Display the following question:
If ‘None’ is not selected in question 5.5
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5.5a. How many of the children in your household are below 13 years of age?

o None
o One
o Two
o Three
o Four or more
5.6.

How many cars are available for use by people in your household?

o None
o One
o Two
o Three
o Four or more
5.7.

How many cycles are available for use by people in your household?

o None
o One
o Two
o Three
o Four or more
6. Demographics
6.1.

What is your age (years)?

o 18 - 29
o 30 - 39
o 40 - 49
o 50 - 59
o 60 or more
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6.2.

What is your education level? If you are currently enrolled, what is your highest
diploma/degree received?

o NZ School Certificate or National Certificate level 1 or NCEA level 1
o NZ Sixth Form Certificate or National Certificate level 2 or NCEA level 2
o NZ Higher School Certificate or National Certificate level 3 or NCEA level 3
o Trade Certificate
o Bachelor Degree
o Postgraduate Degree
6.3.

Which of the following describes your current employment status? (Please select all that apply
to you)

▢
▢
▢
▢
▢
▢
▢
▢
6.4.

Student (part time)
Student (full time)
Employed part time
Employed full time
Unemployed currently but seeking employment
Unemployed currently and not seeking employment
Homemaker
Retired

What is your residential address? (Please mention, ONLY the street name and post code)

o Street name ________________________________________________
o Post code ________________________________________________
Display the following question:
If ‘Household composed of flat-mates only (i.e. not a family home)’ is not selected in question
5.3.

270

Appendix – VII

6.5.

What is the total before tax annual income of your household?

o Up to $20,000
o $20,001 to $40,000
o $40,001 to $60,000
o $60,001 to $80,000
o $80,001 to $100,000
o $100,001 to $150,000
o $150,001 or more
Display the following question:
If ‘Household composed of flat-mates only (i.e. not a family home)’ is selected in question 5.3.
6.6.

What is your total before tax annual income?

o Up to $20,000
o $20,001 to $40,000
o $40,001 to $60,000
o $60,001 to $80,000
o $80,001 to $100,000
o $100,001 to $150,000
o $150,001 or more
7. Travel information
7.1.

Which travel mode do you most commonly take to travel to and from your workplace?

o Car as a driver
o Car as a passenger
o Bus
o Cycle
o Walk
o Other (specify) ________________________________________________

271

Appendix – VII

7.2.

Which travel mode do you most commonly take to travel to and from shopping places?

o Car as a driver
o Car as a passenger
o Bus
o Cycle
o Walk
o Other (specify) ________________________________________________

Thank you for taking time to participate in my survey. I truly value the information you have
provided. Thank you again for your time and cooperation.
Ashu Kedia
University of Canterbury
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Appendix – VIII: Characteristics of the sample population
Marginal
Factors

Levels

N

percentage
M1 (SD2)
[Median]

Scale of
measurement
of a variable

ICT usage and shopping
characteristics
104

29.3%

94

26.5%

61

17.2%

96

27.0%

Up to 3 years

91

25.6%

4-6 years

103

29.0%

More than 6 years

161

45.4%

Up to 15 hours
Internet usage during the
16-25 hours
past 7 days (before survey)
26-35 hours
(INUS)
More than 35 hours
Time since first
shopping (TSFS)

online

About once per six months or
longer (i.e. infrequent online 85
Frequency
of
online shoppers)
shopping during the past 12
About once per three months
months (before survey)
135
(frequent online shoppers)
(FOS2)
About once or more per month
135
(very frequent online shoppers)
Less than once a week
Frequency of shopping from Once a week
physical shops (FSPS)
2-3 times a week
4 or more times a week

Ordinal

Ordinal

23.9%

38.0%

Ordinal

38.0%

52

14.6%

98

27.6%

139

39.2%

66

18.6%

Frequency of examining
products and/or checking
the price of products in
physical shops before
buying them online (FXPPS)

Never

53

14.9%

Sometimes

172

48.5%

About half the time

34

9.6%

Most of the time

70

19.7%

Always

26

7.3%

Frequency of searching
about products and/or
shops online before buying
them from physical shops
(FXPOS)

Never

23

6.5%

Sometimes

149

42.0%

About half the time

73

20.6%

Most of the time

81

22.8%

Always

29

8.2%

Never

4

1.1%

Sometimes

29

8.2%

About half the time

16

4.5%

Most of the time

66

18.6%

Always

240

67.6%

Never

249

70.1%

Sometimes

67

18.9%

About half the time

19

5.4%

Most of the time

15

4.2%

Always

5

1.4%

Ordinal

Ordinal

Ordinal

Revealed preference

Preference
for
parcel
delivery
locations
(frequencies)

Place of
residence

Workplace

Ordinal

Ordinal
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School or
University

Never

330

92.9%

Sometimes

16

4.5%

About half the time

6

1.7%

Most of the time

1

0.3%

2

0.6%

Never

307

86.5%

Sometimes

36

10.1%

About half the time

6

1.7%

Most of the time

5

1.4%

Always
Friend’s or
neighbour’s
place

Always

1

0.3%

337

94.9.%

Sometimes

7

2.0%

About half the time

5

1.4%

Most of the time

6

1.7%

Always

0

Never
Other

0

4.6 (3.6) [5]

Continuous

5.3 (3.4) [5]
4.9 (4.0) [5]

6.00 pm – 9.00 pm
56

15.8%

184

51.8%

55

15.5%

60

16.9%

Home delivery share

1264

47.8%

CDP share

1382

52.2%

Home delivery share

1111

46.2%

CDP share

1301

53.8%

55

15.5%

85

23.9%

215

60.6%

100

28.2%

129

36.3%

126

35.5%

214

60.3%

66

18.6%

Most of the time or Always

Ordinal

5.0 (3.7) [5]

9.00 am – 12.00 pm
Preference for home delivery
12.00 pm – 3.00 pm
time-slots (ratings)
3.00 pm – 6.00 pm

Frequency of missing home Sometimes
deliveries (FMD)
About half the time

Ordinal

4.2 (3.8) [3]

6.00 am – 9.00 am

Never

Ordinal

Ordinal

Stated preference
Inexpensive products
Expensive products

Nominal

Attitudinal questions for
missing home deliveries
and using CDPs
Up to 3 times per month
Frequency
of
visiting
4-5 times per month
supermarkets per month
6 or more times per month
Less than 2 times per month

Frequency of visiting petrol
2-3 times per month
stations per month
4 or more times per month

Less than 2 times per month

Frequency of visiting dairies
2-3 times per month
per month
4 or more times per month

Less than 2 times per month

Frequency
of
visiting
2-3 times per month
pharmacies per month
4 or more times per month

Frequency of visiting post Less than 2 times per month
shops per month
2 or more times per month
Preference for service points Supermarkets
locations (ratings)
Petrol stations
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75

21.1%

243

68.5%

80

22.5%

32

9.0%

276

77.7%

79

22.3%
6.3 (3.3) [7]
4.7 (3.5) [5]

Ordinal

Ordinal

Ordinal

Ordinal

Ordinal
Continuous
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Dairies

3.0 (3.0) [2]

Post shops

5.9 (3.3) [6]

Pharmacies

4.7 (3.3) [5]

Near schools/universities

3.8 (3.4) [3]
2.6 (3.0) [1]

Near bus terminals
Preference for locker points
Near offices in the city centre
locations (ratings)
Outside
offices
of
courier
companies

3.1 (3.2) [2]
3.7 (3.3) [4]
25

7.0%

61

17.2%

110

31.0%

109

30.7%

Strongly agree

50

14.1%

Strongly disagree

28

7.9%

90

25.4%

116

32.7%

81

22.8%

Strongly agree

40

11.3%

Strongly disagree

26

7.3%

44

12.4%

Strongly disagree
Disagree
Missing
an
'attended
Neutral
delivery' is an issue for me
Agree

Parcels being left unattended Disagree
in the house compound is Neutral
undesirable for me
Agree

I do not mind getting my Disagree
parcels delivered to a CDP,
Neutral
and collecting them later at a
Agree
time convenient to me
Strongly agree
Strongly disagree
Operating hours of post Disagree
shops and pharmacies are
Neutral
not sufficient enough to
facilitate collection of parcels Agree
Strongly agree
Strongly disagree
I would not mind going Disagree
walking/biking to collect my Neutral
parcels from a nearby CDP
Agree

81

22.8%

133

37.5%

71

20.0%

29

8.2%

68

19.2%

102

28.7%

104

29.3%

52

14.6%

49

13.8%

41

11.5%

73

20.6%

133

37.5%

Strongly disagree

59

16.6%

Strongly disagree

58

16.3%

77

21.7%

129

36.3%

73

20.6%

I am concerned that getting a Disagree
parcel redelivered, adds to
Neutral
vehicular traffic and air
Agree
pollution
Strongly agree
I would be willing to Strongly disagree
combine my travel to CDPs Disagree
with
my
daily Neutral
work/education
related Agree
travel
Strongly agree
Up to 1 km
Maximum distance prepared 1.1 to 2.0 km
to walk to a CDP (km) 2.1 to 3.0 km
(MDPW)
3.1 to 4.0 km
More than 4.0 km

Continuous

18

5.1%

36

10.1%

41

11.5%

63

17.7%

137

38.6%

78

22.0%

163

45.9%

112

31.5%

34

9.6%

22

6.2%

24

6.8%

Ordinal

Ordinal

Ordinal

Ordinal

Ordinal

Ordinal

Ordinal

Ordinal
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Up to 1.0 km

139

39.2%

Maximum distance prepared 1.1 to 2.0 km
to cycle to a CDP (km) 2.1 to 3.0 km
(MDPC)
3.1 to 4.0 km

49

13.8%

55

15.5%

37

10.4%

More than 4.0 km

75

21.1%

Separate house

266

74.9%

53

14.9%

36

10.1%

One

54

15.2%

Two

125

35.2%

Three

75

21.1%

Four

61

17.2%

Five or more

40

11.3%

Person living alone

59

16.6%

Couple without children

113

31.8%

104

29.3%

Household composed of flat mates
only (i.e. not a family home)

45

12.7%

Others

34

9.6%

Ordinal

Household
characteristics
Type of a dwelling unit Flat in a single storey apartment
(TDU)
Flat in a multi-storey apartment or
Others

Household size (HHS)

Household
(HHC)

composition Couple with children

None
Number of workers
household (NWH)

in One
Two

64

18.0%

101

28.5%

133

37.5%

57

16.1%

No. of children below 18 None
years of age in household One
(NC18)
Two or more

249

70.1%

57

16.1%

49

13.8%

No. of children below 13 None
years of age in household One
(NC13)
Two or more

274

77.2%

52

14.6%

29

8.2%

Three or more

25

7.0%

116

32.7%

141

39.7%

Three or more

73

20.6%

None

136

38.3%

None
No. of cars available in One
household (NCH)
Two

No. of cycles available in
One
household (NCYH)
Two or more

88

24.8%

131

36.9%

Male

180

50.7%

Female

175

49.3%

18-29

83

23.4%

30-39

74

20.8%

40-49

52

14.6%

50-59

52

14.6%

60 or more

94

26.5%

NCEA Level 1

50

14.1%

Nominal

Ordinal

Nominal

Ordinal

Ordinal

Ordinal

Ordinal

Ordinal

Socio-demographic
characteristics
Gender (GEN)

Age (AGE)

Education (EDU)
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Ordinal
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Employment status (EMP)

NCEA Level 2

23

6.5%

NCEA Level 3

57

16.1%

Trade Certificate

61

17.2%

Bachelor's Degree

93

26.2%

Post-Graduate Degree

71

20.0%

Student (full or part time)

36

10.1%

Employed part time

50

14.1%

Employed full time

131

36.9%

Unemployed, Retired and Others

138

38.9%

Car as a passenger or driver

216

60.8%

36

10.1%

48

13.5%

Other

55

15.5%

Car as a driver

242

68.2%

46

13.0%

24

6.8%

43
355

12.1%

Nominal

Travel characteristics
Travel mode to workplace(s) Bus
(TMW)
Cycle or Walk

Travel mode to shopping Car as a passenger
place(s) (TMS)
Bus
Cycle, Walk and Other
Total

Nominal

Nominal

Note: M1 – Mean; SD2 – Standard deviation
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Appendix – IX: Distributions of the response variable score for levels of
explanatory variables
•

Frequency of online shopping vs Age

•

Frequency of online shopping vs Employment status
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•

Frequency of online shopping vs Household composition

•

Frequency of online shopping vs Number of workers in household
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•

Frequency of online shopping vs Number of children below 18 years of age in
household

•

Frequency of online shopping vs Number of children below 13 years of age in
household
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•

Frequency of online shopping vs Respondent’s internet usage during the past 7 days
(before survey)

•

Frequency of online shopping vs Time since first online shopping by the respondent
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•

Frequency of online shopping vs Number of cycles available in household

•

Frequency of online shopping vs Frequency of missing home deliveries by the
respondent
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Appendix – X: Comparison of distributional patterns for random parameters (inexpensive products)

Home Delivery

Collection from a CDP
Distributi
ons used
in a model

# of
draws1

NRP

N

NRP

NRP

SC

ST

RT

HDH

SC

ST

RT

TD

CDPH

TCDP

HDSC

HDST

HDRT

HDH

CDPSC

CDPST

CDPRT

CDPTD

CDPH

TCDP

1A

RP(N)

RP(N)

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

NRP

1A1

RP(N)

RP(N)

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

Model

AIC

# of RP sig. at
the 1%; 5%;
and 10% SL

# of SD
sig. at ≤
10% SL

# of NRP sig.
at the 1%; 5;
and 10% SL

Total # of
factors sig.
at the 1%
SL

Total # of
factors
sig. at ≤
10% SL

ASC sig.?
If yes, at
what %
SL?

0.144

3176

7; 0; 0

5 of 7

0; 1; 0

7

8

No

-1568.5

0.145

3173.0

7; 0; 0

6 of 7

0; 1; 0

7

8

No

LL
value
(MXL)

Pseudo
R²

100

-1569.9

N

200

Model
fit

1B

NRP

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

RP(U)

NRP

N+U

100

-1570.2

0.144

3174

0; 0; 0

0

0; 0; 0

0

0

No

1B1

NRP

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

RP(U)

NRP

N+U

200

-1570.4

0.144

3175

5; 1; 0

6 of 6

2; 0; 0

7

8

No

1C

NRP

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

NRP

N+T

100

-1570.9

0.143

3176

0; 0; 0

0

0; 0; 0

0

0

No

1C1

NRP

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

NRP

N+T

200

-1569.4

0.144

3172.9

4; 2; 0

6 of 6

2; 0; 1

6

9

No

1D

NRP

NRP

RP(N)

RP(U)

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

NRP

N+U+T

100

-1565.4

0.146

3167

4; 1; 1

4 of 7

0; 2; 0

4

8

No

1D1

NRP

NRP

RP(N)

RP(U)

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

NRP

N+U+T

200

-1568.1

0.145

3172

0; 5; 0

4 of 7

0; 1; 1

0

7

No

Best

1E

NRP

NRP

RP(N)

RP(T)

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

NRP

N+T

100

-1565.7

0.146

3167

5; 0; 1

4 of 7

2; 0; 0

7

8

No

1E1

NRP

NRP

RP(N)

RP(T)

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

NRP

N+T

200

-1567.4

0.145

3171

0; 0; 0

0

0; 0; 0

0

0

No

1F

NRP

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

RP(T)

N+T

100

-1569.0

0.145

3174

0; 4; 2

6 of 7

0; 1; 1

0

8

No

1F1

NRP

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

RP(T)

N+T

200

-1568.9

0.145

3174

6; 0; 0

6 of 7

2; 1; 0

8

9

No

1G

NRP

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

RP(U)

N+U+T

100

-1568.6

0.145

3173

5; 1; 0

7 of 7

2; 0; 0

7

8

1%

1G1

NRP

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

RP(T)

RP(U)

N+U+T

200

-1568.9

0.145

3174

4; 2; 0

6 of 7

2; 1; 0

6

9

No

Note: RP(N) – random parameter (Normal distribution); NRP – non-random parameter; RP(U) – random parameter (Uniform distribution); RP(T) – random parameter (Triangular distribution);
# - number; 1Halton draws were used; LL – log-likelihood; AIC – Akaike Information Criterion; RP – random parameter; sig. – statistically significant; SL – significance level;

1

SD – standard deviation estimates; NRP – non-random parameter; ASC – alternative specific constant.
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Appendix – XI

Appendix – XI: Comparison of distributional patterns for random parameters (expensive products)

Home Delivery

Collection from a CDP
Distributi
ons used
in a model

# of
draws1

NRP

N

100

NRP

NRP

N

200

SC

ST

RT

HDH

SC

ST

RT

TD

CDPH

TCDP

HDSC

HDST

HDRT

HDH

CDPSC

CDPST

CDPRT

CDPTD

CDPH

TCDP

2A

RP(N)

RP(N)

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

NRP

2A1

RP(N)

RP(N)

RP(N)

NRP

RP(N)

RP(N)

RP(N)

RP(N)

Model

Model
fit

Best

AIC

# of RP sig. at
the 1%; 5%;
and 10% SL

# of SD
sig. at ≤
10% SL

# of NRP sig.
at the 1%; 5;
and 10% SL

Total # of
factors sig.
at the 1%
SL

Total # of
factors
sig. at ≤
10% SL

ASC sig.?
If yes, at
what %
SL?

0.125

2960

7; 0; 0

5

0; 1; 0

7

8

10%

-1462.18

0.125

2960

7; 0; 0

6

2; 0; 1

9

10

1%

LL
value
(MXL)

Pseudo
R²

-1462.11

2B

NRP

RP(N)

RP(N)

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(U)

NRP

N+U

100

-1465.77

0.123

2966

0; 0; 0

0

0; 0; 0

0

0

No

2B1

NRP

RP(N)

RP(N)

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(U)

NRP

N+U

200

-1466.37

0.123

2967

6; 0; 0

5

2; 2; 0

8

10

1%

2C

NRP

RP(N)

RP(N)

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(T)

NRP

N+T

100

-1465.72

0.123

2966

0; 0; 0

0

0; 0; 0

0

0

No

2C1

NRP

RP(N)

RP(N)

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(T)

NRP

N+T

200

-1466.32

0.123

2967

5; 0; 0

4

0; 0; 2

5

7

No

2D

NRP

NRP

RP(N)

RP(U)

RP(N)

NRP

RP(N)

RP(N)

RP(U)

NRP

N+U

100

-1467.58

0.122

2969

0; 0; 0

0

0; 0; 0

0

0

No

2D1

NRP

NRP

RP(N)

RP(U)

RP(N)

NRP

RP(N)

RP(N)

RP(U)

NRP

N+U

200

-1465.78

0.123

2966

0; 0; 0

0

0; 0; 0

0

0

No

2E

NRP

NRP

RP(N)

RP(T)

RP(N)

NRP

RP(N)

RP(N)

RP(U)

NRP

N+U+T

100

-1466.73

0.123

2968

5; 0; 0

6

3; 0; 1

8

9

10%

2E1

NRP

NRP

RP(N)

RP(T)

RP(N)

NRP

RP(N)

RP(N)

RP(U)

NRP

N+U+T

200

-1465.68

0.123

2965

4; 2; 0

5

3; 0; 1

7

10

10%

2F

NRP

NRP

RP(N)

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(U)

RP(T)

N+U+T

100

-1465.29

0.123

2965

4; 1; 1

4

4; 0; 0

8

10

1%

2F1

NRP

NRP

RP(N)

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(U)

RP(T)

N+U+T

200

-1467.74

0.122

2970

5; 0; 1

5

4; 0; 0

9

10

1%

2G

NRP

NRP

RP(N)

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(U)

RP(U)

N+U

100

-1465.84

0.123

2966

0; 0; 0

0

0; 0; 0

0

0

No

2G1

NRP

NRP

RP(N)

NRP

RP(N)

NRP

RP(N)

RP(N)

RP(U)

RP(U)

N+U

200

-1467.79

0.122

2970

0; 0; 0

0

0; 0; 0

0

0

No

Note: RP(N) – random parameter (Normal distribution); NRP – non-random parameter; RP(U) – random parameter (Uniform distribution); RP(T) – random parameter (Triangular distribution);
# - number; 1Halton draws were used; LL – log-likelihood; AIC – Akaike Information Criterion; RP – random parameter; sig. – statistically significant; SL – significance level;

1

SD – standard deviation estimates; NRP – non-random parameter; ASC – alternative specific constant.
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Appendix – XII

Appendix – XII: Optimal locational configurations

Figure XII – A, B. The optimal locational configuration with selected petrol stations (p =
46) and pharmacies (p = 37) respectively (𝐷𝑐 = 2.0 km)
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Appendix – XIII

Demand coverage (%)

Appendix – XIII: Demand coverage v/s the number of CDPs
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XIII-A. Demand coverage as a function of the number of petrol stations adopted as CDPs
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XIII-B. Demand coverage as a function of the number of pharmacies adopted as CDPs
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Appendix – XIV

Appendix – XIV: Mean distance to selected CDPs v/s the number of CDPs
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XIV-A. Mean distance to selected petrol stations as a function of the number of petrol
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XIV-B. Mean distance to selected pharmacies as a function of the number of pharmacies
adopted as CDPs
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