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Thesis abstract 

Consumer grocery behaviours have evolved over the past few decades, with 

consumer transaction behaviours becoming increasingly individualised due to the 

changes in cultural lifestyles, the increased demand for convenience, and the 

expanded provision of e-commerce. The UK grocery sector is a competitive market, 

and optimising their store network is of most importance to retailers. Current tools 

used within grocery location analytics use a top-down methodology, such as spatial 

interaction models. In the past, these tools have been considered the most 

appropriate for location impact assessments and predicting new store revenue. Whilst 

robust for the time, these models do not necessarily account for one of the most 

integral parts of store performance, the consumer's behaviours. Due to their top-down 

nature, current spatial models cannot account for the heterogeneous behaviours of 

grocery consumers, which are becoming increasingly diverse. These models would 

benefit from refinement in their ability to capture the nuanced behaviours of 

customers.  

Therefore, the research presented in this thesis provides a framework for developing 

an individual-based model using modelling elements from decision trees, 

microsimulation, and, largely, agent-based modelling. First, a rarely accessed loyalty 

card-linked transaction dataset provided by the study collaborator, Sainsbury's, was 

analysed and segmented, identifying seven unique consumer type groups. Using 

these groups, a fully reproducible individual-based model was developed. The study 

highlights the advantages these models could bring to retailers by modelling 

transaction temporality, and the notable challenges encountered when modelling 

spatiality. The research in this thesis provides a novel framework to create such data-

driven bottom-up models that utilise transaction data by known customers. The results 
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of this thesis present how individual-based models could be developed to provide 

grocery retailers with an integral tool that captures the diverse behaviours of 

consumers for site location analysis via scenario testing. 
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Chapter 1 Introduction 

With vast amounts of consumer data being collected every day, retailers are gaining 

a wealth of knowledge about the purchasing behaviours of their most loyal customers. 

This is especially true in the UK grocery sector, where the major retailers have long-

established loyalty card schemes accumulating customer insight across multiple 

channels (in-store, online, and click and collect) (Knox and Denison, 2000; Bombaij 

and Dekimpe, 2020; Hood et al., 2021; Rains and Longley, 2021). These data allow 

retailers to better understand how consumer behaviours adapt and respond to supply 

and demand-side changes. These data can support retailers in making location-based 

decisions, including site selection, store format development or the inclusion of online 

retailing opportunities (Thompson et al., 2012; Newing et al., 2015; Waddington et al., 

2018). One of the critical opportunities these data could provide is the ability to build 

models that incorporate and simulate both the spatial and temporal components of 

consumer behaviours, identifying how those individualised behaviours can impact the 

retailer at the store level and vice versa (Sturley et al., 2018). 

Both academics and retailers researching and working within location analytics have 

a longstanding history of developing and applying spatial models to solve and support 

location-based decisions (Nakaya et al., 2007; Birkin and Clarke, 2019). Historically 

within the grocery sector, the focus has been on estimating grocery demand or on 

undertaking spatial modelling to better understand where to locate, relocate, refurbish 

or close stores within their store network (Hernández and Bennison, 2000; Reynolds 

and Wood, 2010), along with an awareness of the need to provide sufficient capacity 

for online groceries (Urquhart et al., 2022). To support these decisions, location 

professionals have utilised modelling techniques, with the most common tools using 

a top-down methodology (discussed in section 3.2). These techniques include 
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methods such as spatial interaction modelling (SIM), in which the flow of consumer 

expenditure to stores is calculated via the disaggregation of store revenue amongst 

geographical areas based on numerous types of grocery demand, such as residential-

based demand, workplace-demand, tourist-based demand, retail-based demand, and 

event-based demand (Roy and Thill, 2004; Waddington et al., 2018; Newing et al., 

2018; Clarke and Birkin, 2018). Whilst these methods have become industry-standard 

(Rowe et al., 2022) due to their robustness, reliability and continual extensive 

development (Birkin and Heppenstall, 2011; Birkin and Clarke, 2012; Beckers et al., 

2022), there has been an increased interest in bottom-up methodologies.  

Within grocery location analytics, there has been increasing interest shown in  

individual-based modelling (IBM) in which the behaviours of individual agents are 

simulated. The following studies used an agent-based modelling (ABM) approach, a 

type of IBM, in the context of retail. Schenk et al. (2007) focused on building an ABM 

of grocery behaviour using only population and survey data, whereas Sturley et al. 

(2018) designed a proof-of-concept ABM based on the possibility of using loyalty card 

data. Bell and Mgbemena (2018) designed an ABM for mobile device sales using a 

decision-tree structure embedded within the model’s base.  

The work within this thesis is the result of a collaboration between the University of 

Leeds and Sainsbury’s Supermarkets Ltd., a major British grocery retailer. 

Sainsbury’s seeks to understand how their loyalty card-linked transaction data can be 

used and implemented into an IBM of consumer behaviour, covering transaction 

temporality and spatiality. Since the production of this research study, the author’s 

employers in the location analytics sector have sought to incorporate the model 

methodology developed here to enhance their spatial modelling tools. The interest 
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surrounding incorporating individual-level data into IBMs is ever-present, and the 

research findings presented here are significant steps towards filling this gap.  

1.1 Research context 

IBMs are widely applied across a range of research areas, including space and 

population dynamics (Bae et al., 2016), economics and finance (Axtell and Farmer, 

2022), and ecological processes (DeAngelis and Grimm, 2014). These models 

simulate the behaviour or actions of individuals or groups of agents, which can then 

be aggregated to identify macro-level impacts that emerge from those micro-

behaviours (Boero et al., 2008). The application of IBMs in retail location analytics can 

provide two key insights: firstly, to replicate and scenario-test the observed 

spatiotemporal behaviours of grocery consumers using empirical data, and secondly, 

an opportunity to identify how changes in consumer behaviour can impact store 

performance, and how supply side changes can impact consumer store or channel 

choice. Through the simulation of individuals and groups, the modeller can explore 

consumers’ complex and dynamic behaviours at the aggregate level from the 

individual, as opposed to disaggregating known data based on loose assumptions 

(Chen, 2012; Lorscheid et al., 2019).  

Two routes can be taken to build an IBM. The first route is to build a theoretical model 

that is loosely designed around observed data, where modelled agent behaviours are 

rather unspecific, allowing for true stochasticity (Yang and Gilbert, 2008; Gomez, 

2019). The alternative route is to build a model that entirely depends on empirical 

data, in which agent behaviours are directly derived from historical observations 

(Sajjad et al., 2016; Rosés et al., 2021). Ideally, such a model in this applied context 

of grocery retail would be data-driven to truly mimic real-world behaviour (Bell and 

Mgbemena, 2018). This would ensure that the model would capture the habitual 
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behaviours typically observed in relation to grocery shopping, which is often seen as 

a mundane and routine activity. However, it would also benefit from some element of 

stochasticity as human behaviour does follow a pattern of habituality that fluctuates 

from time to time (Knox and Denison, 2000; De Kervenoael et al., 2006; Krumme et 

al., 2013; Waddington et al., 2018). Therefore, developing an IBM of consumer 

behaviour would require a substantial amount of individualised data. Fortunately, as 

mentioned above, grocery retailers have been collecting data regarding their 

customers’ behaviour since the 1990s (Ing and Mitchell, 1994) during the introduction 

of digitally-linked loyalty card schemes (Lauer, 2020). These data have been used to 

refine SIMs in past studies of location analytics (Newing et al., 2015; Waddington et 

al., 2018; Hood et al., 2021), yet are still to be applied in more IBM techniques (Sturley 

et al., 2018).  

One of the most notable reasons why more IBMs have not been created or used 

within location analytics is due to the lack of accessibility to individual-level data 

(Quach et al., 2022). Due to private ownership and preservation of consumer 

information, these proprietary data are notoriously difficult to obtain within academic 

research. They are also yet to be used within the industry by retailers to refine their 

spatial models (Hummel et al., 2021). This is driven partly by the need for more 

expertise by those in the industry and the limited time available to explore the 

development of such models alongside their usual work. Additionally, IBMs are 

incredibly data-hungry (van der Ploeg et al., 2014) and require substantial 

computational power and time to run (Heppenstall et al., 2016). Despite these 

challenges, IBMs can provide us with a better methodology to better understand the 

spatiotemporal behaviours of grocery consumers via the simulation of individuals and 

groups (Heppenstall et al., 2013). Over recent decades, consumer grocery store and 

channel choice behaviours have evolved and developed in several ways, ranging 
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from when customers go shopping, where they shop, and what channel they use. All 

aspects have become increasingly complex when linked to shopping missions. These 

changes are largely due to a concoction of expanded personal mobility 

(Vanhaverbeke and Macharis, 2011), a rise in convenience culture (Wood and 

Browne, 2007; Hood et al., 2016; Waddington et al., 2018),  the proliferation of online 

shopping (Kirby-Hawkins et al., 2018; Hood et al., 2020), and changes to routines and 

workplace location following the pandemic. 

Owning the second largest grocery market share at 15.6% in the UK (at the time of 

writing) (Kantar, 2022), Sainsbury’s is a multi-national supermarket chain that owns 

Nectar; the most extensive multi-retailer loyalty card scheme in the UK, with over 17 

million cardholders (nectar360.co.uk, 2023). Since the publication of Sturley et al. 

(2018), there has been an increased interest by grocery retailers like Sainsbury’s to 

explore the shopping behaviours of their consumers and identify how these may adapt 

and change as not only consumer behaviours evolve themselves but how they 

respond to supply-side adjustments. Since the start of this thesis, the world has been 

impacted by the Covid-19 pandemic, causing unprecedented changes affecting many 

facets of life. A notable impact was on the UK grocery sector, disturbing various areas 

such as the supply chain and movement of goods, product availability, a proliferated 

increase in e-commerce, and a drastic change in consumer behaviour as lockdowns 

allowed customers to shop more flexibly when working from home. It would benefit 

grocery retailers if they could simulate and scenario-test such events via modelling 

the potential changes in consumer behaviour at the individual level to better prepare 

for potential impacts before such events occur again.  

Sainsbury’s first proposed this thesis in collaboration with the University of Leeds’ 

School of Geography, which has a longstanding relationship with collaborative 
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projects across their location planning and property analytics teams (Wright, 2008; 

LIDA, 2023). As a result of ongoing collaborations, several incremental 

enhancements have been made to the spatial modelling tools used by Sainsbury’s 

teams to support new store revenue estimation and impact assessments (Newing et 

al., 2015; Hood et al., 2016; Waddington et al., 2018). The study conducted by  Sturley 

et al. (2018) was a first attempt at incorporating the complex behaviours of 

Sainsbury’s customers within a novel individual-level modelling framework. After 

thoroughly analysing the prototype model’s logic proposed by Sturley et al. (2018) 

(section 6.1.3), this thesis considerably expands our understanding of the potential 

for individual-level models in the grocery retail location planning sector. For this study, 

Sainsbury’s provided access to extensive loyalty card-linked transaction data, an 

integral dataset in allowing this study to come to fruition.  

The research presented is split in two segments: part one focuses on the exploration 

of a high-volume loyalty card-linked transaction dataset, including the segmentation 

of customers to derive general consumer behavioural rules and identify key 

behaviours; part two focuses on the design and implementation of an IBM that 

simulates the store and channel choices of customers, using a hybrid-methodology 

that incorporates aspects of decision trees, microsimulation (MSM) and ABM. Each 

part of the thesis adds to the field of consumer behaviour and location analytics and 

will be incorporated into separate publications, with one already ready for submission 

(see thesis contributions in section 1.4). 

The research in this thesis was produced under a studentship awarded by the 

Economic and Social Research Council’s (ESRC) White Rose Doctoral Training 

Partnership (WRDTP). As part of this PhD, 3-months were spent working with the 

Sainsbury’s Property team as an Analytical Solutions Junior Developer. During this 
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internship, training was provided on the methodologies used to collate, analyse, and 

investigate the transaction data captured by Sainsbury’s and how these data are used 

to build their location planning tools. With the experience gained from this internship, 

domain knowledge of the grocery industry, and expertise from collaborators, this 

thesis has been guided by Sainsbury’s requirements and interests while expanding 

the spatial modelling research in academic literature. Due to the confidentiality of the 

in-house methodologies used at Sainsbury’s, these cannot be outlined fully in this text 

but have been discussed in more general terms to provide context. All methods, data, 

and analytical tools used in this study were confirmed as suitable by a supervisor at 

Sainsbury’s, who had considerable experience in both industry and academia. 

To support the future development of individual-based spatial planning in grocery 

analytics, this study mines a novel dataset capturing 2.7 million grocery transactions 

undertaken by over 216 thousand Sainsbury’s consumers over a 12-week period in 

2018, capturing habitual behaviours pre-Covid-19. These insights enable the 

identification of typical consumer behaviours with respect to store and channel choice 

in such a way that behavioural rules can be derived for subsequent use in individual-

level modelling. Using aspects from both IBM methods of MSM and ABM, this thesis 

meets its stated aims and objectives (section 1.2) and provides a working model of 

consumer behaviour that is fully reproducible with similar data requirements. The 

output of this thesis provides a bespoke modelling framework for modelling consumer 

behaviour, allowing retailers, retail-consultancies, academics and regulators (e.g. the 

Competition and Markets Authority) to model known consumer behaviours to better 

understand their customers and how they may change under different scenario tests. 

In the latter stages of thesis, the author has been employed as a Spatial Data Scientist 

for the location planning and data analytics firm Geolytix, working with dozens of 
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clients in the UK and internationally across various retail sectors, from fast-food 

companies and restaurants to sports brands and grocery retailers. In that role and 

using Geolytix’s vast array of data products and client data, the author has designed 

bespoke analytical models using a variety of spatial modelling techniques ranging 

from analogue models, scorecards, SIMs and machine learning algorithm models 

such as XGBoost, a decision-tree-based technique, for multiple clients. The research 

and methodologies developed in this thesis have been designed and influenced by a 

combination of the experiences of working in the spatial retail analytics industry, being 

an academic researcher, and collaborating with the study collaborator, Sainsbury’s. 

The combination of academic and industry experience provides a unique opportunity 

to develop a novel model that adds to the academic understanding of modelling retail 

consumer behaviour in such a way that it can be applied to industry location analytics. 

1.2  Aims and objectives 

The research presented in this thesis seeks to enrich the tools and methodologies 

used within location analytics by developing a prototype IBM in the application of 

grocery retail location analytics. The model developed is a first attempt at creating an 

IBM that simulates individual-level consumer behaviours, including temporality, 

spatiality, channel, and basket type choices. The model is designed to replicate the 

observed transactions to allow scenario testing using the customer population 

provided in the loyalty card-linked transaction data. Though the model has been 

designed primarily to simulate consumer behaviours at Sainsbury’s stores in West 

Yorkshire, the model can be adapted to other grocery retailers and other geographical 

contexts where similar data are available. 
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The overall aims of this research are: 

1. To present a review of the historical and recent changes in consumer 

behaviour in the context of grocery retail planning and the tools used in 

location planning analytics. 

2. To identify key segments of consumer type groups who exemplify particular 

consumer behaviours regarding when, where, how and what they purchase 

from grocery stores.  

3. To design an individual-based model based on known customer behaviour 

observations, incorporating temporality and spatiality using a hybrid 

microsimulation and agent-based modelling methodology. 

To meet these aims, this thesis addresses the following objectives: 

1. To explore the literature around British grocery retail over the past decades, 

identifying key changes that impacted consumer behaviour and the key 

indicators of consumer behaviour (Chapter 2). 

2. To articulate the benefits and limitations of current grocery location planning 

analytical tools, including the potential data sources available (Chapter 3). 

3. To investigate the loyalty card-linked transaction dataset provided by 

Sainsbury’s, identifying general behaviours of their customers in relation to 

their store choice behaviours in West Yorkshire (0). 

4. To segment the observed customers into consumer type groups based on 

their key behaviours regarding transaction frequency, store and channel 

choice, and purchase purpose, i.e., basket type (Chapter 5). 

5. To perform data mining on the customer segments, identifying the probability 

of making a transaction at any given time based on their linked loyalty card 

transactions (Chapter 5). 
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6. To design and build a prototype individual-based model of consumer 

behaviours suitable for simulating their transactions by day type, time of day, 

channel, and basket type (Chapter 6). 

7. To discuss how the model’s functionality and framework is beneficial in retail 

location analytics, and how it can be used and further developed by retailers 

and location professionals.(Chapter 6 and Chapter 7). 

Additionally, the research aims to expand the knowledge of consumer behaviours by 

analysing the transactional dataset, specifically around transaction temporality (time 

of the day/day of the week) and store and channel choice behaviour. The research 

produced in the thesis helps better understand whether loyalty card-linked transaction 

data of this calibre, in terms of size and quality, is sufficient for such model 

developments and how it can be used to develop more sophisticated IBMs. These 

objectives are addressed systematically throughout this thesis using the structure 

presented in section 1.3. 
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1.3 Thesis structure and scope 

 

Figure 1.1 Thesis structure 

To meet the aims and objectives discussed in section 1.2, the thesis structure 

presented in Figure 1.1 was followed. Firstly, Chapter 2 and Chapter 3 establish the 

research in existing literature, emphasising the context in which this study is situated. 

As with all grocery retail studies in geography, Chapter 2 focuses on the changes in 

the grocery landscape over recent decades, reviewing the literature on the evolution 

of the British grocery sector. This chapter also relates these changes to the evolution 

of consumer behaviour, highlighting the impacts of convenience culture, the 
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proliferation of e-commerce, and identifies the key indicators of consumer behaviour. 

The literature discussed highlights some of the most essential factors of grocery 

purchasing behaviour and is used to provide context during the analysis of the loyalty 

card-linked transaction dataset. 

Chapter 3 focuses on the past and present methodologies used in location planning 

analytics. The chapter explores location planners and consultants’ most used tools 

and practices, highlighting their key benefits and limitations. Alternative methods, 

such as IBMs and their application in grocery retail, are discussed. From these 

discussions, the prototype model developed in this thesis is situated in the literature, 

highlighting which features of different methods can be used and incorporated to help 

tackle the limitations of other models. 

Chapter 4 presents the case study area of West Yorkshire, providing a summary of 

the area’s profile, geodemographics, and other datasets, which are not incorporated 

into the model but provide context. This chapter introduces the loyalty card-linked 

transaction dataset provided by the study collaborator Sainsbury’s. This novel dataset 

contains 2.7 million individual transactions recorded between May and July 2018 at 

all stores within West Yorkshire by those who reside within the county. The recorded 

transactions were performed by 216 thousand individual cardholders across 55 

different stores, with each customer exhibiting unique and personal consumer 

behaviours. This chapter provides an overview of the dataset, including the types of 

transactions made, how far customers travelled to stores, and how often. The analysis 

in this chapter is used to support the segmentation of consumer type groups in 

Chapter 5. 

Chapter 5 outlines the steps and approaches used to derive consumer type groups 

from the loyalty card dataset, including data cleansing, variable aggregation, and k-
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means clustering. This chapter discusses the challenges of working with such a large 

dataset and the rationale for the chosen methodology. In this chapter, seven unique 

consumer type groups are identified, in which their behaviours characterise each 

group regarding shopping frequency, channel choice, store choice, and basket type 

choice. 

Chapter 6 provides context to the modelling approach developed for this thesis. A 

hybrid approach was established which incorporates features from ABM, MSM, and 

decision trees. Due to the model being the first of its kind in this application and the 

use of a significant dataset, the “keep it simple, stupid” approach was followed, adding 

complexity as and when required in the model building process (Edmonds and Moss, 

2005). The goal of this chapter was to establish an intuitive framework for an IBM that 

simulates individual customers transactional behaviours that directly related to which 

consumer type group they belong to. The chapter covers incorporating the temporal 

and spatial behaviours of consumers into the IBM, discussing the unique challenges 

and achievements found along the way. A short example case study is presented 

which discusses how the model could be used to perform scenario-tests in the future. 

This example illustrates the potential uses of IBM in location planning analytics in such 

ways that are not possible in current methods. 

Finally, Chapter 7 discusses the findings and limitations of the study presented in this 

thesis and provides recommendations for future work. The chapter concludes by 

discussing the extent to which IBMs can be used within grocery location analytics, the 

expected challenges, and the contributions this work has made via the attainment of 

the thesis’ aims and objectives. 
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1.4 Thesis contributions 

The outcomes of this thesis exemplify the importance of collaborative research 

between academic institutions and the private sector. The access to proprietary data 

provided by the collaborator allowed for an in-depth study of the true behaviours of 

known grocery customers, a rarely available opportunity. In exchange, along with their 

industry knowledge, study collaborators are provided with a wealth of knowledge from 

the research output and a bespoke modelling framework ready for expansion and 

implementation. The research presented in this thesis is the first documented attempt 

at building an IBM framework of this calibre for the application of modelling consumer 

behaviour, both temporally and spatially, in grocery retail. Due to the study being the 

first attempt, unique challenges were faced, and are documented, identifying specific 

areas of development required to enhance the model, notably regarding modelling 

spatiality. The findings produced have the potential to support location planning 

experts in expanding their current toolset for modelling consumers and are already 

being used to develop bespoke IBMs for clients with loyalty card data. 

The research presented also benefits the academic literature, filling the research gaps 

in grocery retail modelling. Specifically, this thesis provides insight into a notable gap 

in current spatial models: the inability to model customers who exemplify different 

transactional behaviours; current models assume that all customers behave 

homogeneously. The findings of this research identify key consumer typologies and 

their unique consumer behaviours regarding where, when, how, and why they 

transact for groceries. These consumer type groups were then implemented into an 

IBM, accurately simulating their past behaviour by adding behavioural stochasticity 

and heterogeneity and their relationships to store choice. The output from this study 

provides a deeper insight into how customers of a specific retailer behaved over a 3-
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month period and can be used to better understand the temporal relationships 

between individuals and stores, which has been notoriously difficult in this area of 

research. These insights can be used to perform various scenario tests, from 

changing populations to changing consumer behaviours, changes in spatial demand, 

and supply-side changes. This research enhances our understanding of grocery 

consumer behaviour, providing a framework to repeat the study for other geographical 

areas, customers, and time periods. 

Thus far, the first journal article has been written with the support of Andy Newing and 

Tim Rains, focusing on inferring consumer type from loyalty card data, and is awaiting 

submission to the Journal of Retailing and Consumer Services. A second paper is 

being written regarding the development of the modelling framework using IBMs for 

simulating consumer spatiotemporal behaviours. The journals considered for 

submission are the Journal of Artificial Societies and Social Simulation (JASS) and 

the International Review of Retail, Distribution and Consumer Research. 

Presentations were given at the GISRUK conferences during and prior to the Covid-

19 pandemic, focusing on the visualisation of flow data, and the segmentation of 

consumers based on store and choice behaviours. Outside of academia, these novel 

research findings have been presented at in-house company events and will likely be 

presented at the Society for Location Analysis, a respected group of industry 

practitioners, and potentially at the next Spatial Data Science Conference, a high-

profile event focused on commercial sector spatial data science. 

This thesis has contributed to a variety of areas of research, including retail consumer 

behaviour and expanding retail location models. It has generated interest from the 

industry, including the study collaborator and more. The research has identified areas 

for further development, particularly in enhancing the spatial element, in which the 
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strengths of other modelling methodologies can be implemented, such as those in 

SIMs. Additionally, more extensive scenario tests can be modelled, further 

demonstrating the true strengths this research provides. 
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Chapter 2 Evolving consumer behaviours 

The overarching goal of this research project is to refine spatial grocery models of 

consumer behaviour using an individual-based approach. To undertake this study, a 

thorough understanding of all facets of the study is required, notably what those 

spatiotemporal behaviours of grocery consumers are and how they have evolved over 

the years, what models have been developed and are being currently used to analyse 

the spatiality of grocery consumer behaviours, and how an individual-level modelling 

approach can be utilised in this application.  

The following sections of this chapter, along with Chapter 3, aim to achieve the first 

aim outlined in section 1.2: 

To explore the literature around British grocery retail over the past decades, 

identifying key changes that impacted consumer behaviour and the key indicators of 

consumer behaviour.  

To achieve the study’s first aim, this chapter is split into three key sections and attains 

objective 1: 

To explore the literature around British grocery retail over the past decades, 

identifying key changes that impacted consumer behaviour and the key indicators of 

consumer behaviour. 

Section 2.1 provides a context of the UK grocery sector, outlining what it supplies to 

consumers and how it has changed over the years. Section 2.2 explores the demand 

side changes observed in British grocery retailing. It focuses on how consumer 

behaviours have evolved regarding shopping missions, the channels they use to 

transact, and how shopping frequency varies. Section 2.3 identifies the key indicators 
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of consumer behaviour associated with grocery retail and how these impact the 

models designed for retail location analytics.  

2.1 The UK grocery sector: then and now 

To model consumer store and channel choice behaviours, a thorough understanding 

of both the supply and demand sides of grocery retail is required. As Burt et al. (2010: 

p.174) state, “Any attempt to understand the UK retail scene should start by 

recognising the distinctive features of this market”. Therefore, the following 

paragraphs of this section outline the major events that occurred in the grocery retail 

market over the past few decades in a UK context. The grocery industry is one of the 

UK’s most critical and thriving sectors, worth approximately ~£216bn in 2022 (IGD, 

2022). It is one of the largest private sector employers and property owners 

represented by some of the largest international retail firms (Cuthbertson et al., 2012). 

The UK had once been described as “a nation of shopkeepers” by Napoleon 

Bonaparte, but this characterisation is inapplicable to today’s grocery retail climate 

(Free, 2008). The UK grocery sector has undergone significant changes over the past 

decades, with various supply-side factors and customer shopping behaviours shaping 

the industry (Burt and Sparks, 1994; De Kervenoael et al., 2006; Elms et al., 2010). 

The following paragraphs briefly overview the key changes in the UK grocery market 

over the past few decades and explore the modern grocery retail landscape. The first 

few sections cover what is commonly referred to as the ‘Golden Age’ of UK grocery 

retailing (Jones, 1981; Akehurst, 1984; Wrigley, 1987; Sparks, 1990; Burt and Sparks, 

1994), in which the grocery sector went through most of its radical developments 

between the 1960s and 1990s. During this period, notable food retailers dominated 

the market in terms of their concentration and market power, which are still prominent 

today. Pommering (1979 cited in Harris and Ogbonna, 2001) identified three notable 



- 19 - 

shifts, recognising ‘manufacturers as king’ in the 1950s, to ‘consumers as kings’ in 

the 1960s, to finally ‘trade is king’ in the 1970s. These moving times are primarily due 

to the Resale Price Maintenance Act (RPM) abolishment (Harris and Ogbonna, 2001), 

followed by the increase in competition (Langston et al., 1997) and the growth of major 

multiples (Akehurst, 1984), which are further discussed below. 

2.1.1 The ‘golden age’ of UK grocery retail 

2.1.1.1 From independent greengrocers to supermarket 

enclosures 

Before the advent of supermarkets, the UK grocery industry was primarily dominated 

by small independent retailers and food co-operative stores, such as butchers, 

bakers, and greengrocers, who largely operated on a cash basis (Akehurst, 1984; 

Clarke, 2000). By 1948, supermarkets began to emerge in post-war Britain, offering 

a more comprehensive range of products, often at lower prices. In 1950, 

supermarkets accounted for 20% of the grocery market share, with the remaining 80% 

owned by a mixture of food co-operative and independent shops (Blythman, 2004). 

The introduction of supermarkets allowed customers to have a one-stop shop where 

they could purchase not only meats, breads, and fresh produce, but also general 

merchandise without having to visit multiple stores (Harris and Ogbonna, 2001). At 

this time, supermarkets developed to become more commonly self-service based, 

where customers can pick the items they desire off a shelf and pay at a till with a 

cashier (Poole et al., 2002b). Instead of only being able to purchase food items stores 

from specialised stores, this is the first time customers were provided options and 

choices regarding where they purchased their groceries.  
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2.1.1.2 Price wars: may the cheapest retailer win! 

Since modern supermarkets had become more common, supermarket chains and 

smaller independent grocers, entered a period of intense competition to attract the 

most customers (Akehurst, 1984; Wrigley, 1987; Seth et al., 1999). The competition 

was further proliferated by the abolishment of the RPM in 1964, impacting all 

stakeholders in the retail industry, from retailers and suppliers and more (Wrigley, 

1987; Harris and Ogbonna, 2001). The act was originally in place to control the UK 

market artificially, in which retailers did not have the power to alter the price of the 

goods they sold, thus reducing their competitive advantage. However, as the act was 

repealed, retailers now took advantage of using product pricing as a competitive tool 

to enable growth, resulting in the expansion of numerous early retail grocery multiples. 

During this time, grocery retailers managed their product pricing to gain market share, 

which is still observed today as the market became dominated by a few select 

retailers, each commanding a sizeable market share (Harris and Ogbonna, 2001; 

Poole et al., 2002a). Largely due to the abolishment of RPM, the UK grocery sector 

entered a period coined as the ‘price wars’ (Wrigley, 1992), in which there was 

increasing competition between retailers mostly focused on price and value from the 

consumer perspective (Burt and Sparks, 2003). Another key driver of the grocery price 

wars began in the 1970s when there was increasing popularity of British discount 

retailers such as Kwik Save and Fine Fare (Sparks, 1990; Burt and Sparks, 1995). 

These retailers could offer customers significantly lower prices than their competitors 

by adopting the strategies observed in successful European markets. These 

strategies included cost-cutting in their stores, such as no-frills stores with narrow 

aisles, selling their own brand of food items at an extremely low cost, and selling a 

limited range of goods on favourable payment terms with their suppliers (Sparks, 

1990). In reaction to the low-cost competition, other larger established retailers began 
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to compete in their prices, engaging in aggressive price-cutting strategies. This 

resulted in a significant decrease in profit margins for many retailers, with some 

smaller independent stores being forced out of business, largely due to the 

competition from larger multiples (Clarke, 2000; Burt and Sparks, 2001).  

Whilst grocery retailers faced negative impacts due to competition, customers now 

had a wider variety of supermarkets to visit and a choice regarding how much they 

were willing to spend. Customers could purchase well-known brands at a reasonable 

price or opt for discount retailers and their budget offers depending on their lifestyles 

(Knox and Denison, 2000). The price wars also resulted in the further development of 

new grocery retail formats, such as hypermarkets which combined large grocery 

stores with other retail products, such as clothing and electronic goods (Jones, 1981; 

Langston et al., 1997; Bevan, 2006). This allowed customers to purchase groceries 

from a supermarket and other items in a one-stop-shop shopping trip (Pacione, 1979). 

The increased competition between retailers contributed to the growth of private label 

or store brand products, with most major grocery retailers now offering their own 

budget version of foods alongside those offered by major manufacturers. With most 

supermarket chains now offering a similar variety of food and drinks that have become 

the standard and at a reasonably similar price, customers require more incentive to 

choose a particular retailer rather than competitors. Therefore, customer loyalty 

schemes become more prominent amongst grocery retailers, as further discussed in 

section 3.3.1. 

2.1.1.3 If you can’t beat them, buy them. 

Since the introduction of modern supermarkets, the grocery market has become 

increasingly consolidated, with a small number of large players dominating the sector. 

This has been partly driven by mergers and acquisitions (M&A), with larger grocery 
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retailers acquiring smaller rivals, which has a major impact on the industry. With large-

scale grocery chains reducing their prices and increasing in popularity and number of 

stores, smaller supermarket chains and independent retailers struggled to keep up 

with competition and reducing profit margins. Many smaller chains began to be 

acquired or merged with larger supermarket chains, leading to an increased market 

concentration and reduced competition in the grocery sector (Wrigley, 1987; Poole et 

al., 2002b). M&A activity has also been driven by changing consumer preferences 

and the need for retailers to adapt to changing market conditions. The consolidation 

of these retailers had a large positive impact on the overall grocery sector. With an 

increased market size, larger retailers can achieve economies of scale and increase 

efficiency, potentially leading to cost savings passed onto consumers through lower 

prices and shopping incentives. M&A can also drive innovation and diversification 

within the grocery sector, with retailers acquiring companies to expand their offerings 

to markets they have not entered before or which their previous stores could not reach 

(Burt, 2000).  

2.1.1.4 Location, location, location 

Alongside the abolishment of the RPM, living standards had also been increasing as 

the UK entered a post-war recovery period. Consumers across Britain became more 

affluent, allowing those to upgrade their appliances and become owners of personal 

vehicles. The increase in car ownership allowed consumers to expand their choices 

in where to shop and were no longer restricted to visiting their closest supermarkets 

and grocery stores (Guy, 1997). Retailers then faced a new problem of being the most 

attractive store regarding prices but also in terms of product variety and accessibility 

(Elms et al., 2010). As consumer demands became more versatile, retailers began to 

develop even larger store formats with more diverse product ranges and started to 
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locate these stores in out-of-town locations (Harris and Ogbonna, 2001; Burt and 

Sparks, 2003). As discussed in Wrigley (1992), placing these stores away from the 

city was a strategic choice by retailers as more consumers began to move to the 

suburbs. The acknowledgement of the importance of location created a new type of 

battle for retailers, this time a ‘race for space’ (Wood and McCarthy, 2014), also known 

as the ‘store wars’ (Wrigley, 1991). Major retailers began to reduce the number of 

their smaller stores and began to build larger, more profitable supermarkets and 

hypermarkets. In many cases this resulted in the closure of their town and city centre 

supermarkets in favour of larger replacement supermarkets located out of town. 

During the 1980s, the UK government approved the creation of ‘Enterprise Zones’, 

which encouraged the development of businesses across Britain in specific areas by 

combining tax breaks, lighter regulation, and more straightforward planning rules for 

retailers. Grocery retailers aggressively tried to purchase the best locations to build 

their stores, along with aggressive ‘land banking’ strategies for future expansion and 

felt the pressure of other retailers to increase their market share. Both the price wars 

and store wars together resulted in an incredibly concentrated UK grocery market, 

with only five grocery retailers owning over 50% of the market share (Langston et al., 

1998).  

2.1.2 From the ‘Golden Age’ heydays to the dog days 

Upon entering the 1990s, those within the British grocery retail sector began to face 

difficulties from all sides, from property and planning policy changes to market 

saturation and new competitors. During the ‘golden age’, the grocery sector 

experienced the emergence of major grocery retailers who strengthened their market 

power via store network expansions, resulting in large profit increases. These major 

supermarket chains caused the sector to be highly concentrated, producing a grocery 
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market share split between only a few retailers. The previous period of intense growth 

of major multiples was feared to be unsustainable, as that growth resulted from 

multiple market factors that produced an increasingly competitive environment 

(Wrigley and Lowe, 1996). The following subsections discuss the prominent issues 

the UK grocery retail market faced from the 1990s and their impacts on consumer 

behaviour. These issues include covering the new restrictions placed in planning 

policy, the fear of retail saturation, and the arrival of European discount retailers. 

2.1.2.1 Deep discounters from Europe 

By the early 1990s, additional competitors entered the UK grocery retail landscape, 

notably the German (Aldi and Lidl) and Danish (Netto) discount retailers (Burt and 

Sparks, 1994). These retailers predominantly established themselves in areas of 

deprivation in the north of England and the West Midlands. They have since expanded 

across the UK, increasing their grocery market share and geographical coverage 

(Thompson et al., 2012), including expansion into more affluent areas. Their main 

aims were to fill two critical retail supply gaps: value by providing highly competitive 

low prices, and spatiality, by locating in deprived inner city locations. By 1996, deep 

discounters became a notable part of the UK grocery market, directly competing with 

Kiwksave’s business strengths (Poole et al., 2002b) and their smaller profit margins 

compared to the leading grocery players. The introduction and permanence of these 

deep discounters increased competition between retailers, as customers now had 

even more choices between stores. The combination of store location and consumer 

budgets now played an even more prominent role in grocery competition. 
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2.1.2.2 Planning Policy Guidance, the government is ruining 

all the fun!  

To build new store developments in the UK, local planning authorities must adhere to 

national planning policy guidance (PPGs), which state the requirements for locating 

new store sites. During the 1980s, planning policies were lax, allowing retailers to 

locate where they desired during the space race. However, in 1998, Planning Policy 

Guidance 6 (PPG6) was introduced, creating much stricter planning regulations 

(Wrigley, 1994). At first, the PPG6 allowed and encouraged grocery retailers to build 

extremely large supermarkets out-of-town to reduce traffic into town centres and 

provide accessible food stores from multiple areas (Wrigley, 1987). However, by 

1993, the PPG6 was revised to protect and promote town centres by disallowing such 

a high number of superstores to be located out-of-town to increase retailer market 

share. Essentially, building these large format grocery stores out-of-town was a last 

resort, and retailers should focus on building closer to town centres utilising ‘within-

centre’ or ‘edge-of-centre' sites, uplifting consumer traffic to towns, and reducing car 

use (Guy, 1997; Wood et al., 2006). The encouragement of building within town 

centres coincided with consumer behavioural changes, as convenience began to play 

more significant role in customer behaviour. 

2.1.2.3 Now that’s a conveniently placed grocery store 

Due to policy changes the development of out-of-town stores slowed down by the 

2000s, and grocery retailers began to diversify their store types (Wood et al., 2006). 

Retailers found benefit in developing new, smaller store formats and placing them in 

places of consumer convenience, such as within town and city centres, near train 

stations, and within residential neighbourhoods (Wood and Browne, 2007). By 

locating in these areas, these stores were expected to experience distinct types of 
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consumer demand at varying points in the day (Waddington et al., 2018). Tesco and 

Sainsbury’s were key grocers at the forefront of convenience retailing and focused on 

developing convenience-focused stores whilst maintaining their larger superstores 

(Guy, 2007). These smaller, convenience-based stores provided customers with 

limited product ranges and an in-store environment more suitable for ‘urban markets’ 

(Burt et al., 2010). Wood et al. (2006) note that customer expectations of store 

standards were raised in previously ‘fragmented’ markets characterised by poor 

services, unreasonable prices, and limited ranges typically offered by independent 

convenience stores. Around the 2000s, many consumers began to prefer shopping 

for groceries locally and more frequently, identifiable as ‘top up’ shopping. Not only 

did retailers now compete with store locations, pricing, and customer accessibility, but 

new forms of consumer preferences were also emerging, notably around convenience 

(further discussed in section 2.2).  

2.1.2.4 Sainsbury’s join the convenience market 

In 1998, Sainsbury’s introduced their “Local” brand stores, their first venture into the 

newly recognised convenience market, catering to ‘on-the-go’ and ‘top-up’ basket 

types (Sainsbury’s Archive, 2019). Sainsbury’s Locals are generally located in urban 

and suburban areas, providing those in town centres with access to convenience-

based foods. The variety of foods available in Local stores is much smaller than in 

supermarkets, focusing on the types of items that customers need in-between ‘main’ 

shops. To expand their geographical coverage in the convenience market, 

Sainsbury’s acquired a variety of convenience shop chains in 2004 and 2005, rivalling 

Tesco’s expansion of Tesco Express stores (their convenience-based stores) in 2002. 

Sainsbury’s acquired Bells Stores for northeast England coverage, Jacksons Stores 

in Yorkshire and north Midlands, JB Beaumont in Nottingham, and SL Shaw stores in 
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southeast England (RetailWeek, 2005). These stores initially had a variety of brand 

names but were all rebranded to Sainsbury’s Local by 2007 (conveniencestore.co.uk, 

2007). 

In 1999 Sainsbury’s announced another new alternative store format named 

“Sainsbury’s Central”, carrying the same foods found in their Local stores but with an 

additional selection of food from their supermarkets (Campaign Magazine, 1999). The 

Central stores were mid-sized and were aimed to be located in town centres and 

commuter areas, essentially rivalling Tesco’s “Metro” store format launched in 1994 

(Owen, 2003). These stores were aimed to provide a more comprehensive range of 

foods, allowing those who live within the city to purchase larger shopping baskets than 

Sainsbury’s Local’s could offer. However, these stores were later rebranded as ‘Local’ 

stores as Sainsbury’s made efforts in to streamline their store strategy by making it 

clear they offer two store choices: supermarkets, catering for all basket types 

(especially ‘main’ baskets), and convenience stores for any basket type that is not 

considered a ‘main’ basket. The same is true of the Tesco Metro format, which was 

subsequently rebranded as part of their Tesco Express proposition.   

More recently, in 2020, Sainsbury’s Supermarkets launched a store format 

categorised as ‘Neighbourhood Hub’, providing a “one-stop offer” to neighbourhood 

communities (Sainsbury’s.co.uk, 2020). These stores are around 5,000 ft² and 7,000 

ft², being a middle-ground between their Local format types and Supermarket format 

stores (10,000 ft² to over 60,000 ft²). The larger Sainsbury’s Local stores have been 

rebranded and expanded to fit the Neighbourhood Hub format, with other smaller 

stores being completely refurbished. Neighbourhood hub stores are aimed to be 

accessible to neighbourhood and suburban areas, offering more services that are not 

currently offered in their Local branded stores (Sainsbury’s.co.uk, 2023c). These 
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services include Argos collection and Tu clothing collection points, value-added foods, 

and other household items outside groceries (Sainsbury’s.co.uk, 2020).  

Sainsbury’s has become one of the major players in the convenience sector and is 

continually changing their store network, especially with the recent introduction of 

Neighbourhood Hub stores. Whether Neighbourhood Hub stores will be as successful 

as their Local brand is still yet to be determined, but with their increased services, and 

a wider variety of food products and services, Sainsbury’s might take the lead over 

other retailers in the convenience market. Sainsbury’s provides a variety of store types 

from Locals, Neighbourhood Hubs, Supermarkets, and their extra-large 

supermarkets, sometimes referred to as Superstores. Sainsbury’s has a 

comprehensive store network, including e-commerce services in which they both 

deliver groceries and allow customers to use click and collect. Although not thoroughly 

discussed in this review, Sainsbury’s provides non-food products in their stores 

thanks to their acquisition of Argos, a catalogue retailer, and Habitat, a furnishings 

retailer, in 2016 (Guo and Wang, 2019). Their non-food service provision is integral 

to their attractiveness to customers; however, the data provided in this study only 

accounts for grocery purchases. Future considerations of modelling such stores 

should include other services provided, as these will attract non-grocery consumers 

to the brand who may become grocery customers as footfall into the stores increases. 

2.1.3 You can buy groceries without leaving the house? 

By 2010, grocery retailers began incorporating e-commerce into their channels for 

consumers. Grocers realised that via the internet, they could provide goods to their 

customers straight from the store to the home using delivery vans. Providing a new 

shopping channel gave retailers insight into expanding their customer base and 

market share without opening new stores and making the most of current ones (Clarke 
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et al., 2015). However, providing a new channel presented new challenges. These 

challenges included where to set delivery boundaries from stores (i.e. determining the 

spatial extent a given store is able to serve), deciding which supermarkets have the 

capacity to offer online orders, and whether current stores are suitable for doing so, 

and questioning the need for dark stores and online fulfilment centres (warehouse 

based stores used for online order fulfilment) (Kirby-Hawkins et al., 2018).  

Additionally, how could the retailer provide online orders for far away customers, and 

who should pay for delivery costs and within what range? Retailers had to decide 

whether e-commerce would benefit the company overall in terms of profit and 

consider multiple aspects such as demand, competition, capacity and cost. Anderson 

et al. (2003) highlight that customers who reside in rural areas and away from 

supermarkets are most likely to demand e-commerce channels; how can retailers 

balance the scales between distance, cost, and provision to such areas? Many 

retailers have been reluctant to provide e-commerce grocery deliveries to rural areas, 

as they base their e-commerce network around their existing (predominantly urban) 

supermarket store estate store sites (Newing et al., 2022).  

Online grocery delivery provision is commonplace today (Newing et al., 2020) and 

grew significantly during the Covid-19 pandemic (Meister et al., 2023). The 

unprecedented demand for online caused strain on multiple grocery retailers, as 

orders could not be fulfilled or delivered fast enough due to lack of capacity within the 

order fulfilment system (Pantano et al., 2020). The increase in on-demand grocery 

during the UK lockdowns had become known as ‘quick commerce’ (Q-commerce), 

where around 150 hubs were set up directly by food suppliers to provide customers 

with on-demand food deliveries (Sleeman, 2022). However, since the UK’s cost-of-

living crisis, analysis has found that customers are now less likely to choose the 
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extreme convenience of quick commerce and return to old money-conscious 

shopping habits (Rigby, 2022).  

Online grocery shopping has been a growing channel since its introduction to the UK 

grocery market and is expected to continue its rising increase in consumer demand 

(IBISWorld, 2023). The demand for online delivery peaked during the Covid-19 

pandemic but has since returned to regular growth rates as customers return to 

everyday life without the restrictions of the UK lockdown (Meister et al., 2023). The 

unprecedented need for online during the pandemic brought an entirely new 

challenge to grocery retailers, as they faced issues with product availability, staffing, 

and scheduling of deliveries (Boyle et al., 2022). For grocery retailers to be better 

prepared for such unique circumstances, a thorough understanding of their 

consumers, and rigorous scenario testing that includes the temporal and spatial 

aspects of their customers is required.  

A summary of the above sections on grocery supply changes is provided in section 

2.4; the following section of this chapter focuses on the demand side changes. 

2.2 Demand side of consumer behaviours 

Section 2.1 provided context of the supply side developments in the UK grocery sector 

since post-war Britain. The following sections are concerned with the demand side of 

consumer behaviour in grocery retail, which has evolved over recent years due to 

societal and supply-side changes. By setting the scene for both the demand and 

supply side of grocery retail, we can gauge an understanding of why customers 

behave the way they do, including their store and channel choice behaviours. 

Over the last century, the experience of grocery shopping has changed greatly, from 

shopping at specialised food shops (butchers, greengrocers, and bakeries, for 
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example), to self-service supermarkets, and the evolution of the habitual weekly food 

shop - often undertaken at the same retailer - thus expressing brand loyalty (Wood 

and Browne, 2007). The assumption that retailers will perform a weekly shop at the 

same retailer enabled location planners to efficiently make store location decisions. 

However, over the past decade, with the emergence of online shopping and cultural 

reforms (including the impacts of Covid-19 on mobility patterns), consumers have 

been performing unpredictable shopping habits. Consumers today may not partake 

in the weekly shop and instead shop as and when it is most convenient for that 

individual or shop online (Jackson et al., 2006; Hood et al., 2016). This shift in 

consumer behaviour has increased the complexity of grocery location planning, thus 

posing model calibration challenges for spatial interaction modelling and retail 

analytics (discussed further in section 3.2). In response to these challenges, there has 

been development the of SIMs in retail applications, such as model disaggregation 

that incorporates e-commerce, discount stores, and convenience retailing (Newing et 

al., 2015; Waddington et al., 2018; Hood et al., 2021). Despite these developments, 

it is integral that retail location planners consider alternative spatial modelling methods 

that reap the benefits of spatial interaction modelling and can capture consumer 

behaviour at the individual level, especially with the abundance of consumer data 

being captured each day (section 3.3). The following sections provide an overview of 

the changes in grocery consumer behaviour over time and space. 

2.2.1 The relationship between time and geography 

Consumer grocery shopping behaviour is complex and influenced by various factors, 

including convenience, price, product quality and variety, social and cultural factors, 

and technology. Understanding these factors is essential for retailers and marketers 
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to develop effective marketing strategies and product offerings that meet the needs 

and preferences of consumers.  

Many studies within grocery location analytics focus primarily on the spatial aspect of 

a store network, especially studies using modelling techniques. At the top level, a 

store’s location is one of the most important factors to determine how well it can 

perform in terms of sales and accessibility (Birkin and Clarke, 2012; Clarke and Birkin, 

2018). Other factors include the store’s product range, size, whether it has a car park, 

a café, etc. In the tools and models used within location analytics, an element of 

temporality is often considered via the incorporation of different demand layers, 

signifying the potential consumer population around a store at different times (Newing 

et al., 2014; Newing et al., 2015; Waddington et al., 2019; Rowe et al., 2022).  

The incorporation of time-based demand into location analytical tools can be linked to 

the classical theoretical framework of ‘time geography’, first coined by Hägerstrand 

(1970). Time geography is a constraints-oriented approach to understanding human 

phenomena and aims to understand and analyse the spatial and temporal dimensions 

of human activities and movements (Miller, 2008). In time geography, the concept 

states that what we do as humans in space is inherently constrained by time. As we 

live our lives, we make choices about where we go and when we go, which are all 

linked to purpose. Our daily activities are constrained by time, and Hägerstrand (1970) 

identified three primary constraints that shape our behaviour and movement: 

capability constraints, coupling constraints, and authority constraints. These three 

types of constraints impact our lives as consumers, as time and place impact our 

ability to purchase goods. Particularly, ‘authority constraints’, in which our access to 

a location is only available at specific times, impacts us as consumers as we can only 

make purchases if a store is open (Miller, 2008). If a store is not open, then we are 



- 33 - 

limited in both time and space to perform an activity. ‘Capability constraints’ are 

related to an individual’s physical limitations, such as age, health or disabilities, 

impacting their ability to travel long distances, essentially impacting their mobility and 

accessibility. ‘Coupling constraints’ are related to the temporal co-dependencies of 

different activities; for example, a person may need to catch a train to travel to work; 

therefore, that action is coupled with the train’s schedule, meaning the person may 

have to leave their home at a specific time to catch that train to then reach work.  

2.2.1.1 Trip chaining and convenience culture 

In the past, literature on consumer behaviour primarily focused on the principle of 

least effort, as in people always chose the closest available store regardless of their 

location. This principle was heavily interlinked with the Central Place Theory (CPT) 

(Getis and Getis, 1966) and Tobler’s First Law of Geography, in which he states 

“Everything is related to everything else, but near things are more related than distant 

things” (Tobler, 1987). However, those in the field of location analytics acknowledge 

that individuals do not always perform actions locally and are likely to perform multiple 

trips in a journey, known as trip chaining. Trip chaining is the practice of linking 

multiple trips to form a single journey, creating a chain of activities connected in time 

and space (Primerano et al., 2008). Trip chaining helps to explain how individuals 

organise and coordinate their activities to optimise their time. For example, a person 

may plan to visit a friend after work and would like to purchase dinner on their way 

over. To perform this sequence of actions, the individual will decide how to chain their 

trip events, integrally linked to both space and time. They might choose a different 

route from work to their friend’s house to purposefully pass a particular grocery store 

to buy dinner. Alternatively, they might take their usual route to their friend’s due to 

bus times and purchase dinner from any store close to their destination. 
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Understanding the concept of time geography and trip chaining together is essential 

in transport studies and heavily impacts other areas, such as urban planning and 

consumer store choices (Thill and Thomas, 1987). A closely linked concept to trip 

chaining and time geography is ‘tours’. Tours are sets of linked trips taken by 

individuals or groups to complete specific activities; trip chaining can be seen as a set 

of tours. Common tours are home-to-home loops and are often studied in transport to 

understand an individual’s actions outside the home (Daisy et al., 2018). An example 

of a home-to-home loop is a person travelling to work from home and then returning 

straight home from work. These simple tours occur often, but more complex trip 

chains, such as trip chaining between work, a grocery store, and a friend’s home, 

occur. Simple tours can be modelled relatively easily when a person’s home and work 

are known, but spatially modelled tours of non-workers are incredibly complex, as 

highlighted in Daisy et al. (2018), due to their flexible activity schedules and unique 

behaviours. 

2.2.1.2 Shopping missions, store choices and time 

Along with trip chaining and complex tours come multi-purpose shopping trips. Before 

the early 2000s, research found that customers mainly purchased their groceries in a 

single weekly shop on a habitual basis and often at the same retailer (Popkowski 

Leszczyc et al., 2004). The big weekly shop, often done at the weekend, became a 

common habit of most British families to purchase enough groceries for the whole 

family (Humphery, 1998). The increase in large out-of-town supermarkets, built due 

to policy guidance (section 2.1.2), allowed customers to undertake these large 

transactions at one store that provided everything the customer needed. These 

predictable behaviours allowed retailers to understand when demand was due in their 

stores and the types of transactions that would take place. As time passed, consumer 
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lifestyles shifted as convenience became a significant part of our lives (Elms et al., 

2010). From a demand perspective, the increase in consumers exhibiting 

convenience-based grocery transactions is often attributed to the rise in young, 

single-person households of professionals who work longer hours and are considered 

‘money-rich, time-poor’ (Hood et al., 2016). Alongside these changes came an 

increase in female workforces, a move to more time-centric lifestyles, and increased 

personal mobility (Vanhaverbeke and Macharis, 2011), further proliferating the need 

for convenience (De Kervenoael et al., 2006). 

The increase in convenience culture can also be attributed to the supply-side changes 

by the “big four” grocery retailers (Tesco, Sainsbury’s, ASDA and Morrisons). As part 

of the PPG6 (section 2.1.2), the ‘Town Centre First Policy’ was introduced (DoE, 

1996), which restricted the opening of new retail and other traditional town centre 

activities to town centre locations. This policy was deemed necessary to reduce the 

decay of the British high streets and maintain busyness after the proliferation of out-

of-town supermarkets that were previously encouraged. Thus, many retailers began 

to acquire smaller independent stores within town centres to open small-format 

supermarkets. This resulted in a significant increase in convenience stores opening 

between 1999 and 2008 across England, providing customers with more shopping 

destinations and increased accessibility (Cheshire et al., 2022). The encouragement 

of building convenience stores in town centres via policy not only provided the “big 

four” with the opportunity to expand into new formats but also provided customers 

access to groceries in more convenient locations. By 2008, online grocery shopping 

began to grow as some customers swapped their larger in-store transactions for 

online transactions alongside their in-store convenience-based transactions (Harris et 

al., 2017). 
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The increase in the convenience-based lifestyle saw an increase in various shopping 

missions (also referred to as basket types throughout this thesis). The large weekly 

shopping transactions, also known as “main” baskets, were still prevalent in consumer 

behaviour, but “top-up” baskets became more common. Top-up baskets are grocery 

transactions that contain food for a few days, containing some fresh foods and shelf-

stable foods. These transactions primarily occur at supermarkets or larger 

convenience stores due to the variety of available foods. Kahn and Schmittlein (1989) 

found a correlation between shop trip timing and store choice regarding basket type. 

Main transactions tend to occur on weekends at a customer's favourite supermarket, 

whereas top-up shops occur anytime at any store. The relationship between basket 

types and transaction temporality provides great insight into consumer behaviours of 

customers and their store choice (Popkowski Leszczyc et al., 2004). The third type of 

transaction is identified as "impulse" buys, or as referred to in this thesis, "for now" 

baskets. These transactions occur out of convenience, usually containing food to eat 

on-the-go or to be eaten soon. These convenience-based transactions often occur in 

inner-city shopping areas (Borgers and Timmermans, 1986). 'For now' transactions 

occur around places of work and are often associated with workers buying lunches 

such as meal deals. 

There is a complex relationship between consumer grocery transactions and 

temporality, especially as consumer behaviours become more individualised. 

Accounting for residential-based demand, particularly ‘main’ baskets, are well 

understood by retailers. Workplace grocery demand is also acknowledged by retailers 

and incorporated into their store location models. However, non-residential or work-

based grocery demand is difficult to capture, especially with the rise of convenience, 

trip chaining, and multi-purpose shopping trips. There is an element of stochasticity 

in consumer behaviour as non-habitual journeys occur, which are incredibly difficult 
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to predict. The increase in convenience-based demand translates into a need for more 

sophisticated modelling tools for location analytics, as the current models today find 

difficulty in incorporating individualised demand (Vanhaverbeke and Macharis, 2011; 

Rowe et al., 2022). 

2.2.1.3 Money, society, and culture 

Another important factor that has influenced differences in consumer grocery 

shopping behaviour is money. Consumers are often price-sensitive and shop at stores 

that offer competitive pricing. With the increase of discount retailers (section 2.1.2), 

consumers are now provided with a choice regarding whether they shop and the price 

they are willing to pay. This increased competition has impacted grocery retailers too, 

with supermarkets such as Sainsbury’s and Tesco advertising price matches against 

Aldi (Leyland, 2022). Research has found that many customers are willing to switch 

brands if they perceive to be receiving a better deal elsewhere (Retail Connections, 

2023). The deep discount brands Aldi and Lidl have recently experienced an influx of 

new customers. Considering the cost of living crisis impacting all areas of life, it is no 

surprise that customers have been changing their grocery purchasing habits 

(Consumer Intelligence, 2022). Around 83% of grocery shoppers are part of more 

than one grocery loyalty card scheme, reaping monetary benefits at most 

supermarkets they visit (Gonçalves and Nott, 2022). With money and budget 

becoming increasingly important in daily life, customers are willing to drop brand 

loyalty for a cheaper competitor (Retail Connections, 2023). The lack of loyalty to a 

particular retailer creates challenges for location planners as demand becomes more 

variable. 

In addition to changing budgets, culture and society play an integral part in consumer 

store and channel choices. Over recent years, specialised food products have 
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increased, such as vegan and vegetarian ranges and organic food preferences 

(Trewern et al., 2021). As customer preferences have changed, retailers have been 

adapting the variety of groceries they offer and promise to do so for a more 

sustainable future (Hughes, 2019). Some retailers now have a competitive edge over 

others by providing a more comprehensive range of foods to cater for multiple 

customers. Amongst these changes, there has been an increased preference for 

international foods, particularly in mixed ethnic areas. Research by (ABPL Group 

(2016) found that customers of south-east Asian descent will often transact at British 

supermarkets for their weekly main baskets but will go to local international food 

stores for the foods not stocked in supermarkets. This results in a proportion of 

transactions and resultant spend not being captured at specific retailers due to their 

limited range of foods.  

2.2.1.4 E-commerce  

Finally, the number of consumers using online for their transacting has increased, with 

more customers engaging in the variety of alternative channels provided by retailers, 

such as online and click & collect (Kirby-Hawkins et al., 2018; Dolega and Lord, 2020). 

This increase in online transacting has come about with the increase in convenience 

culture and the Covid-19 pandemic. With instant access to stock checks, zero travel 

costs, and price comparison across multiple retailers, online provides customers with 

the easiest and least intensive form of grocery shopping (Hamad and Schmitz, 2019). 

Grocery e-commerce is one of the fastest-growing sectors in the UK, and is expected 

to continue growing (Birkin et al., 2017; Beckers et al., 2022). During the height of the 

Covid-19 pandemic, online shopping for groceries had grown unprecedently, causing 

disruptions in the online service provision of many grocers (Pantano et al., 2020). 

Since the pandemic, consumer channel choice behaviours have shifted, with more 
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customers turning to online after avoiding retail premises during lockdowns (East, 

2022). E-commerce will likely continue garnering attention from new customers as 

online becomes more convenient. Grocery retailers who provide multiple shopping 

channels must consider the future of online provision, as their store delivery networks 

may need adapting as new customers join. The concept of the ‘last mile’ in grocery 

delivery is costly for retailers, and with increased competition, they must be prepared 

to both adjust their delivery networks and consider how to afford delivery costs 

(Urquhart et al., 2022) 

2.3 Key indicators of customer transaction behaviour 

At the surface level, purchasing groceries can be as simple as a thought of 'I need to 

buy food, I will go to the supermarket'. However, a few factors are involved in making 

that transaction based on the customer's needs, preferences, and choices. Customer 

transaction behaviour refers to the patterns of behaviour and the decision-making 

process we go through to make a purchase, and these can be summarised into key 

indicators. 

A customer will determine a need to transact before performing any transaction, 

whether that transaction is for a snack on-the-go, to pick up a few things from the 

shop such as bread and milk, or a large transaction containing food for multiple days. 

Alongside a need to transact, a budget is also considered, shaping the customer's 

choices. Some brands are too expensive, and the customer will seek elsewhere to 

make their purchase, or they have a limit on the amount to spend and will buy as 

much as they require within that budget. Alternatively, the customer has no budget 

limit and will buy the items they want. With the transaction need, there is a connected 

time to the transaction. If the customer needs their items imminently, then they will 

transact if no constraints are in place. If the customer needs the items but knows that 
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they should wait until later for a better shopping experience, then their transaction 

timing or channel choice. 

In some cases, the customer wants to purchase a food item, but there is no store 

nearby to visit or perhaps the closest store is not within walking distance and the 

consumer does not own a car. Therefore, the customer may not transact at all or will 

wait until another opportunity. All these considerations of transaction purpose 

interplay with choices that are both temporally and spatially linked. The grocery 

purchases we make are always based on choice, whether to transact or not to 

transact. If we do a transaction, then when, how, what, and where? 

These individual factors make up the key indicators of consumer store choice: When 

we buy, what channel we use to buy, what basket type we buy, and where do we buy 

the products from. These key indicators and their relationships to one another provide 

businesses with insights into the consumer behaviours of their customers and help 

them tailor their strategies to better meet the needs and preferences of their target 

audiences. By analysing these indicators in conjunction with their customers' 

behaviours, grocery retailers can identify shopping trends, patterns, and areas of 

improvement in their business and can help make location-based decisions.  

2.4 Chapter 2 summary 

This first section of this chapter has focused on the notable events that occurred in 

the supply side of grocery retail, such as the increase in traditional supermarkets, the 

emergence of top players, the increase in competition from abroad, the race for space, 

the increase in convenience store provision, and the extension of grocery shopping 

to online. Other events also happened during this time; however, the most relevant 

for this thesis has been discussed to place the context for this study. Today, the UK 
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grocery market provides consumers with various choices, providing access to food in 

areas of convenience (town centres, train stations, residential neighbourhoods) and 

large format superstores located along accessible road networks as guided by the 

PPG6. Customers now have more choice than ever regarding the brand of the 

supermarket they can purchase groceries from; from the big name brands that 

dominate the market share to more affluent retailers to the deep discounters, there is 

something for everyone regarding grocery expenditure. The addition of e-commerce 

has been a large development for grocery retail, providing unique challenges and 

questions regarding how to best approach the delivery of groceries and assign orders 

from stores for efficiency.  

The increase in convenience provision by retailers has allowed consumers to access 

grocery stores from a place of convenience, inherently adapting the behaviour of 

customers. The second part of this chapter focused on the demand side of grocery 

retail and how these factors have changed over recent years. This section highlighted 

the interconnections between time, space, and consumer behaviours and their 

relationships to channel choice and basket types. As mentioned in this chapter, 

consumer behaviours have been heavily impacted by the rise of convenience culture, 

the proliferation of e-commerce, and the cost of living crisis. This chapter presented 

the key indicators of consumer behaviour which are used throughout this study. The 

literature discussed highlights some of the most important factors of grocery 

purchasing behaviour and is used to provide context during the analysis of the loyalty 

card-linked transaction dataset in Chapter 4. 
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Chapter 3 Location Planning Analytics 

This chapter focuses on the location planning analytics of grocery retail, highlighting 

the methods used in this sector, the theories involved, and the available data to help 

improve these methods. The following sections of this chapter, along with Chapter 2, 

achieve the first aim outlined in section 1.2: 

To present a review of the historical and recent changes in consumer behaviour in 

the context of grocery retail planning and the tools used in location planning analytics. 

To achieve this aim, this chapter attains objective 2: 

To articulate the benefits and limitations of current grocery location planning analytical 

tools, including the potential data sources available. 

In addition to exploring the literature, my professional experience in these areas of 

study is also discussed for a thorough and rounded understanding of spatial analytics 

in grocery retail. This chapter beings with an overview of the theories involved in 

spatial analytics before moving onto the commonly used modelling methods used by 

location planners. Section 3.2.3 introduces an alternative computational-based 

approach, agent-based modelling, that is rarely used in grocery location analytics. 

Section 3.3 concludes the chapter by suggesting data sources that could help build 

these individual-based models, especially for spatiality.  

3.1 Background of store location planning 

Since the 1950s, grocery retailers have been developing techniques for store location 

planning using sales forecasts and experience to identify optimal site locations (Guy, 

1980; Clarkson et al., 1996; Clarke, 1998; Wood and Browne, 2007). These 

techniques were initially designed to understand where to open, close, and reformat 
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stores to gain revenue, market share and estimate store performance. Over time, site 

location techniques have progressed due to improvements in technology and 

analytical tools, the growth of data, and an increase in budget size as grocery retailers 

recognise the importance of location planning.  

These improvements have transformed from the reliance on intuition, checklists and 

comparative methods to using scorecards (regression-based models) and advanced 

spatial analytical tools such as Geographical Information Systems (GIS) and Spatial 

Interaction Models (SIM) (Reynolds and Wood, 2010). The progression of these 

techniques is primarily influenced by the incredible global growth of data volume and 

an exponential increase in computational power. According to the market intelligence 

company IDC, the ‘Global Datasphere’ had read approximately 18 zettabytes in 2018 

(Reinsel et al., 2018). Most of these data have been generated in the last few years 

and are predicted to grow to around 175 zettabytes by 2025. These information-rich 

datasets often contain location data on population (size), people (purchase history 

and income), property (residential land or commercial), places of interest (tourist 

destinations, commuter neighbourhoods), phone data (insight into movement or 

person location), and many other areas. The synthesis and analysis of these large 

datasets are essential for location planners to understand the population dynamics of 

an area to make location-based decisions.  

Along with increased computational power and data, the development of these 

techniques is often a result of collaborative work between grocery retailers and retail 

geographers. In this relationship, academics are often partly responsible for designing 

and developing a technique whilst the retailer provides rarely accessed (in the 

academic sector) datasets such as consumer transaction data. This partnership is 

essential as large retailer datasets contain location data on consumers at the 
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individual level instead of an aggregate level, thus allowing the creation of spatial 

models at the individual level.  

The evolution of retail location decision-making can be divided into four periods, 

where theoretical approaches, models, and data sources are used to support the 

decision-making process. In early location decision-making, choices were based on 

four key “cornerstone” theories of retail location (Brown, 1993), the Central Place 

Theory (CPT) (Getis and Getis, 1966), SIMs (Huff, 1963) the Bid Rent theory (BD), 

and Hotelling’s Law (Working and Hotelling, 1929). The first two theories, CPT and 

SIM, focus largely on the spatial behaviour of consumers, while the latter theories are 

strategy focused on choosing suitable retail locations. 

According to CPT, towns are referred to as central places as they were attractive 

places to locate retail stores, drawing in consumers from surrounding areas. This 

theory assumes that all consumers perform identical behaviours and that these 

consumers will only perform single-purpose trips to the closest shopping centre 

(Clarke, 1998). The key element that CPT does not incorporate is the notion of multi-

purpose trips, a behaviour that is very apparent today (as discussed in Chapter 2). 

CPT is based on the two assumptions that customers always shop at the closest place 

available, and if a service or good is in high demand, it will be offered close to where 

the population are based (Brown, 1993). Progressing from CPT and the 1960s 

quantitative revolution, modelling methods were developed in the discipline of 

geography, one notable method being Spatial Interaction Modelling (SIM). SIM 

acknowledges that the attractiveness of stores plays an important role in consumer 

store choices as much as distance (Roy and Thill, 2004; Clarke and Birkin, 2018; 

Birkin and Clarke, 2019); customer makes a trade-off between distance and how 

attractive the store is (such as its sales area, car park offering, closeness to other 
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retail points). The idea is that these retail points draw in consumers from different 

areas based on these two factors and allow retailers to analyse the market 

competition. In 1963, Huff recognised that the likelihood of a consumer visiting a store 

is probabilistic and based on several factors. Therefore, the Huff spatial interaction 

model was created, a slight advancement of the SIM as Huff identified the need to 

incorporate a variety of factors that store attractiveness relies on. The SIM method 

provided retailers with a model that could be used to make location-based decisions. 

However, due to the lack of available data and computational power at the time, 

retailers did not begin to entertain the use of SIM in location-based analysis until the 

1980s after large developments and progress were made by Wilson (1970; 1974).  

The collaborative work between retailers and academics has also resulted not only in 

the method of SIM but also in the development of in-house site researchers for various 

supermarkets and the emergence of businesses that utilise spatial modelling 

techniques (Wood and Browne, 2007; Rogers, 2016). A few examples of these 

businesses include GMAP, a planning consultancy using spatial interaction models 

for retail modelling and forecasting. CACI, a location planning consultancy combining 

customer data with geographic data for location analysis, and Geolytix, another 

location planning consultancy, provide comprehensive datasets for retail planning and 

are expanding their top-down modelling tools to incorporate bottom-up methods. 

Retailers and consultancies acknowledge the importance of location planning, 

especially considering the vast changes in consumer behaviour over the last few 

decades (Chapter 2). The following subsections outline and describe grocery retailers' 

most commonly used methods to support store location decision-making. These 

techniques have been categorised into two analytical types “comparative methods” 

and “predictive methods”. Comparative methods include analogue techniques, 

checklists, and intuition; these methods rely on comparing potential site locations and 
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using experience to make spatial decisions. Alternatively, regression analysis and 

SIMs are classified as predictive methods, a more advanced technique in which data 

is extracted, and statistics are used to predict an outcome. In this literature review 

section, the “knowledge-based methods” analytical category has been omitted due to 

the low usage amongst UK supermarket retailers (Reynolds and Wood, 2010). 

Although knowledge-based methods such as expert systems and neural networks 

were not commonly used a decade ago, there is a current rise of interest in using 

forms of artificial intelligence due to its substantial development and potential use of 

incorporating behavioural frameworks in spatial planning. 

In addition to supporting location-based decisions, statistical models play a crucial 

role in conducting Retail Impact Assessments (RIA), as mandated by UK local 

authorities under the Planning Policy Statement 6 (PPS6) (ODPM, 2005). These 

assessments aim to gauge the repercussions of new retail developments on existing 

urban areas, encompassing various dimensions such as economic, social, and 

environmental impacts (Khawaldah et al., 2012). 

Traditionally, two approaches have been used for RIAs: spatial interaction models 

(SIM) (section 3.2.2) and a “step-by-step” RIA approach. SIM, which gained 

prominence in the 1960s, leverages disaggregated data to forecast consumer 

demand for new retail developments, such as Haydock in 1964 (Foot, 1981). 

However, discrepancies among agencies’ results and criticisms of statistical-based 

models led to the Department of the Environment putting caution against SIM usage 

in impact studies since the 1980s (Khawaldah et al., 2012). Nevertheless, studies 

have highlighted SIM’s significance in accurately allocating expenditure-based 

geographies and populations, making them indispensable tools for major UK 

supermarkets such as Tesco and Sainsbury’s (Birkin et al., 2010). Understanding 
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geographical demand is essential for a RIA and produces more coherent results than 

a “step-by-step” approach as outlined in (England, 2000). Despite SIM’s efficacy, its 

sensitivity to specific components, such as attractiveness, underscores the 

importance of meticulous calibration. While SIM has been a more accurate approach 

for the RIA process, there is growing recognition that individual-based methodologies 

might offer more nuanced insights (Wilkinson, 2023). These methods account for 

diverse consumer behaviours, including brand preference, demographics, and 

shopping habits, providing a more granular understanding of demand variations within 

geographical areas. Consequently, the modelling framework proposed in this thesis 

presents a valuable tool for enhancing the accuracy of Retail Impact Assessments. 

By capturing consumer behavioural changes in response to new retail developments, 

the model offers insights into consumer behaviour’s spatial and temporal dynamics, 

thus aiding decision-makers in anticipating the impacts of new developments on local 

areas.  

As elaborated later in this thesis, the model’s ability to simulate diverse consumer 

behaviours in different locations and times enhances its utility for conducting robust 

RIAs, empowering stakeholders with a more comprehensive understanding of the 

potential ramifications of retail developments and local communities.  

3.2 Modelling methods in grocery location analytics 

3.2.1 Analogues, checklists and intuition 

Retail location planning in the 1970s largely relied on the combination of intuition, 

analogue techniques, and checklists when deciding where to open, close or reformat 

their stores (Simkin, 1990; Clarke, 1998). The most simplistic method commonly used 

by small companies is intuition, where the director embarks on a site visit and makes 
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an on-site decision based on ‘gut feeling’ (Davies and Rogers, 1984). The director will 

take into consideration the competition surrounding the location and get a ‘feel’ for the 

area and how well a store could perform there. Whilst the director may make a sound 

judgement call (ensuring the location meets retail requirements such as size, 

catchment area, and idea of competition) of the location based on experience, this 

method is subjective, time-consuming, and expensive (Clarke, 1998). Today, site 

visits are still an essential part of location planning even in an area of more 

sophisticated techniques, notably to supplement model-based techniques (Wood and 

Tasker, 2008); however, it is advised that decisions should not be solely based on gut 

instinct as there is a lack of validity. 

Along with intuition, checklist approaches were commonly used before the 1980s. A 

list of location characteristics that are considered to have a positive influence on store 

performance is used to make store location decisions. These characteristics include 

the potential store floor space, local neighbourhood population size, demographics, 

and expected consumer catchment area. Potential store locations are measured 

against the checklist and ranked on their suitability as a site (Simkin, 1990). Since the 

development of GIS, the checklist approach has become more accessible due to the 

ability to geocode stores and household locations, calculate drivetimes and identify 

potential consumer catchment areas using buffers. Using a GIS, users can overlay 

numerous datasets and create a variety of buffers to identify the most suitable store 

locations based on a set of user-defined criteria. However, buffer analysis in GIS is 

subject to drawbacks, as competitors are assumed to have equal market share, thus 

misrepresenting reality (Beaumont, 1991; Benoit and Clarke, 1997; Clarke, 1998). 

Other analytical tools have been embedded within many GIS programs that go 

beyond the scope of buffer analysis, such as incorporating spatial interaction models, 

discussed later in this literature review. 



- 49 - 

The final comparative method commonly used today by location planners is analogue 

modelling. In this method, store sales forecasts are calculated by drawing analogies 

with other similar existing stores that are physically alike in terms of location, floor 

space, demographic area, and trade area circumstances (Clarke and Hayes, 2013). 

If a store performs successfully in an area, it is assumed that a similar size and 

location elsewhere would also be successful. Analogue techniques are popular today 

due to their low cost and low requirements regarding data and staff knowledge and 

have been used successfully in the past (Hernández and Bennison, 2000). One of the 

central critiques that these techniques carry is the assumption that stores in similar 

areas will perform the same; this can be a considerable risk for some retailers if the 

analogous store is currently over or underperforming, and it is unknown whether the 

new store would perform the same (Clarke, 1998).  

Additionally, other aspects may be overlooked that contribute to store performance, 

such as accessibility via transport networks, changing demographics, or the economic 

downturn of an area (Birkin et al., 1999). Today, consumers are exhibiting complex 

behaviours and have shown to be alluding to convenience shopping; thus, the 

transport infrastructure plays a more prominent role (for example, the closer a store 

is to a train station, the more likely a customer will partake in a multi-purpose trip) 

(section 2.2). These factors may be overlooked in an analogue application, as 

commuters who visit a store may not reside in that catchment area, only pass through. 

Whereas in the analogous area, the retailer may attract more residential customers 

from the area than public transport users. Therefore, more sophisticated predictive 

methods should also be consulted due to their statistical nature and objectiveness. 

Despite these drawbacks, analogue methods are still commonly used by location 

consultancies today, providing a client with an affordable model that can be used to 

loosely indicate potential new store sites. 
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3.2.2 Predictive Methods: Regression Analysis and Spatial 

Interaction Models 

Unlike comparative methods, predictive methods such as regression analysis (also 

known as Scorecards) entail using “cumulative data on past store performances to 

ascertain future ones” (Hernandez et al., 1998, p.305). Reynolds and Wood (2010) 

found that most of their grocery retailer participants relied on the use of multiple 

regression; this involves analysing the correlation between a dependent variable 

(such as turnover) and a set of independent/exploratory variables such as store size, 

the distance between customer home addresses and store location, and population 

demographics. This method has successfully explained the variation of store 

performance for some studies (Morphet, 1991) and can be a viable tool for location 

planning. As with all location-based decision-making techniques, regression analysis 

must be used with some caution as they provide a snapshot of store performance 

(Ciari et al., 2008), and there is an assumption that the exploratory variables are 

uncorrelated (Clarke, 1998). However, regression analysis and similar techniques 

have been proven to be hugely important for convenience store location planning, 

therefore, are still a valuable method to be implemented in retail location analysis 

today (Wood and Browne, 2007). 

Progressing into the 1980s, as the competition for store sites and consumer 

patronage heightened during the store wars (section 2.1.1.4), retailers began to adopt 

more sophisticated modelling methodologies for their location-based decisions. SIMs, 

also known as gravity models, were first only used by a few retailers due to the cost 

requirements for access to data and software to run these models (Clarke and Birkin, 

2018); some early models used survey data but were difficult to calibrate and validate. 

As data became increasingly available and computational technologies advanced in 
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the early 1990s, SIMs produced significant value for early adopters of the method in 

their location-based decisions (Clarke and Birkin, 2018). SIMs assume that spatial 

issues play an integral role in the attractiveness of a store (Ciari et al., 2008). Benoit 

and Clarke (1997) explain that a SIM presents the flow of people or money from a 

residential area to a store, and is based on the demand in the area, the attractiveness 

of a store (such as floorspace, car parking availability, price), the distance to the store, 

and impact of competition.  

Significant developments in SIM have occurred over the past few decades, 

particularly by those in academia. Researchers acknowledged that as consumer 

behaviours changes, the models used for location planning must also change. A key 

factor in store-based SIMs is the demand layers; for each store, different types of 

grocery demand are available at different time points. As opposed to only accounting 

for residential-based demand in the models, researchers have enhanced models to 

incorporate other demand layers such as tourism-based demand (Newing et al., 2013; 

Newing et al., 2014), daytime population demand (Hood et al., 2016; Waddington et 

al., 2018), and e-commerce demand (Beckers et al., 2022). Each of these 

developments and incorporations of new demand types has enhanced SIMs, typically  

using anonymised loyalty card data. With these model developments, predicted store 

revenues have been shown to be more accurate when accounting for the varying 

temporal demand.  

SIMs are a well-known modelling method in location analytics and have been heavily 

used over the past decade. However, in today’s retail environment, recent studies 

such as Birkin and Heppenstall (2011), Sturley et al. (2018), Rowe et al. (2022) and 

Wilkinson (2023) have highlighted that past studies of expanded SIMs are not able to 

produce consistent results today, and are no longer optimal (at least on their own) for 
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modelling grocery store revenue. Their research indicates that newer methods are 

required for spatial models to continue their success in retail applications today. The 

main reason why SIMs are not optimal today is that they perform using a “top-down” 

methodology, in which data is disaggregated. By nature, SIMs cannot account for 

heterogenous customer behaviours and are missing an integral part of what makes a 

store perform well: the customer. As today’s consumer behaviour is becoming 

increasingly convenience-based, with more customers performing multi-purpose 

shopping transactions and turning to online shopping channels (as discussed in 

Chapter 2), SIMS must be further expanded, or newer methods are required. Location 

professionals have noticed the limitations in their current spatial modelling tools, 

especially at the author’s place of work. They are therefore seeking alternative 

modelling methodologies to use alongside their current ones. The following section 

discusses individual-based modelling methods as an alternative tool to support the 

development of spatial models in grocery retail. 

3.2.3 Individual-based models: Microsimulation and Agent-

based modelling 

An alternative modelling method that can be utilised in grocery spatial modelling is 

individual-based modelling (IBM), which uses an alternative methodological approach 

to SIM. When modelling complex systems, two primary approaches emerge: “bottom-

up” and “top-down” (Figure 3.1) (Lovelace and Dumont, 2016). Top-down models, like 

SIM, start with a high-level perspective and use aggregated data to identify macro-

level patterns and trends. Conversely, bottom-up models use individual-level data to 

capture micro-level intricacies and interactions. Each approach offers unique benefits 

and drawbacks. 
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Due to their reliance on aggregated data, top-down models require less computational 

power and offer transparency in tracking each step of the model’s logic. However, 

top-down models struggle to accurately capture nuanced behaviours, assuming 

homogeneity within modelled entities (Timmermans, 2001). In contrast, bottom-up 

models address these challenges by incorporating individual-level data, accounting 

for heterogeneity amongst modelled individuals. Furthermore, bottom-up models can 

accommodate complexity, yielding deeper insights by revealing nuanced patterns and 

relationships that may not be apparent at a more aggregate level (Bruch and Atwell, 

2015). Despite their advantages, bottom-up models necessitate large, high-quality, 

granular datasets and pose challenges in validation due to their heightened 

complexity (Heppenstall et al., 2021). While top-down models excel in efficiency and 

transparency, bottom-up models offer a more nuanced understanding of complex 

systems, albeit with greater data and validation demands. 

 

Figure 3.1 Example structures of top-down and bottom-up models 
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Two prominent bottom-up methodologies that utilise an individual-based approach 

and have significant potential for application in spatial grocery models are 

microsimulation (MSM) and agent-based modelling (ABM). IBM serves as a 

computational technique to examine complex systems by simulating individual 

entities, often referred to as agents, each possessing distinct attributes and 

behaviours, capable of interacting with one another (Parrott, 2008). IBM finds utility 

across diverse disciplines, ranging from ecological and biological systems (DeAngelis 

and Grimm, 2014) to finance (Axtell and Farmer, 2022) and population forecasting 

(Puga-Gonzalez et al., 2022). The agents modelled within an IBM can represent 

anything, such as customers, biological cells, organisms, or abstract entities.  

In an IBM simulation, an abstract environment is populated with these individual 

entities to incorporate spatiality and discrete-time steps are used to model temporality. 

During each time step, agents execute their assigned behaviours, leading to the 

emergence of patterns and phenomena at the macroscopic level. The critical 

advantage of IBM methodology lies in its capacity to model the genuine individuality 

of agents, thereby accommodating heterogeneity and stochasticity – a capability not 

readily achievable in top-down approaches (Heppenstall et al., 2016). Behaviour 

incorporation within an IBM can be achieved through various strategies. For instance, 

MSMs typically utilise rates, probabilities, and rules to simulate events and transitions. 

ABM employs rules, algorithms, interactions, stochastic processes and learning 

mechanisms to model behaviour. Each approach presents distinct benefits and is 

suited to study requirements and contexts. 

MSM is a classic modelling method nested within the individual-based modelling 

framework (Willem et al., 2017). At its core, MSM applies discrete rules to a list of 

elements to determine an outcome (Birkin, 2021). For instance, MSMs are suitably 
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applied to model population dynamics, characterising population behaviours through 

transition probabilities. These models leverage census data delineating individual-

level attributes (e.g. demographics) and incorporate statistical metrics (such as 

mortality, fertility and migration rates) to forecast population trends amalgamating 

behavioural outputs (Bae et al., 2016). Beyond population dynamics, MSMs have 

found applications in studies on energy consumption, econometric analyses and 

policy evaluations.  

The probabilistic nature of MSMs facilitates empirical-based investigations, rendering 

them highly representative of real-world scenarios. However, while MSMs excel in 

rate-based modelling at the individual level, they may need specific features offered 

by other IBMs. These include spatial interactions among individuals and other entities 

within the model environment, genuine autonomy, and spatial awareness (Ballas et 

al., 2018). Hence, depending on the model’s specific requirements, alternative 

modelling approaches such as ABM may offer a more suitable solution. Unlike MSMs, 

ABMs necessitate a virtual environment populated with individual agents, which are 

then simulated in an artificial environment using predefined behavioural rules. ABM is 

a modelling approach that simulates systems by representing entities as a group of 

autonomous entities, commonly referred to as ‘agents’ (Bonabeau, 2002). These 

models are widely applied to social, economic and political sciences due to their 

minimal interference with society, their ability to test theories and model output based 

on ‘actual’ observed data, and the ability to simulate individuals more akin to reality 

compared to other approaches (Castle and Crooks, 2006).  

ABM provides the opportunity to model phenomena from the bottom-up; All ABMs are 

made up of three key components; a set of agents that own attributes, characteristics 

and preferred behaviours, a set of agent relationships and interaction structures, and 
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finally, an environment that the agents reside in, adapt to and interact with (North et 

al., 2010). 

ABMs have been successfully applied in various fields of study such as behavioural 

sciences, (Smith and Conrey, 2007), economics (Axtell and Farmer, 2022), and 

pandemic modelling (Kerr et al., 2021). Few models have been applied in a retail 

context: Schenk et al. (2007)’s ABM of grocery behaviour using only population and 

survey data, Birkin and Heppenstall (2011) proposed a hybrid SIM and ABM for 

forecourt petrol retailing, Sturley et al. (2018) designed a proof-of-concept ABM model 

based on the possibility of using loyalty card data, and Bell and Mgbemena (2018) 

designed an ABM for mobile device sales using a decision-tree structure embedded 

within the model’s base. These different models all utilise the ABM methodology, 

simulating the behaviours of individual agents. 

Unlike top-down models, ABMs simulate the interactions of individual agents between 

one another and their environments, allowing for micro-behaviours to create 

aggregate output. Through modelling the individual, ABMs combat the issue of SIMs 

in which customers are assumed to behave the same. Agents in these models are 

autonomous and make their own decisions based on the information available in their 

environment and the rules assigned to them (North et al., 2010). Due to the agents 

having bounded rationality, they are inherently heterogeneous in their behaviour, 

allowing for the modelling of observable stochastic behaviour (Crooks and 

Heppenstall, 2012). In the application of grocery retail, individual customers can be 

modelled based on known and observable data, such as that found within loyalty card-

linked transaction data. As customers become more individualised in their consumer 

preferences, mobility, and personal budgets (as discussed in Chapter 2), ABM and 

IBM methods could be an alternative spatial modelling technique for store location 
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planning. Sturley et al. (2018) is the most recent study that attempts to design a proof-

of-concept model of consumer store and channel choice and has been thoroughly 

critiqued later in section 6.1.3. Their work identified that ABMs could be used by 

location professionals to undertake site location assessments and Retail Impact 

Assessments through scenario testing. However, due to the software chosen, their 

work had a fundamental flaw, limiting their ability to accurately simulate consumer 

temporality. 

Designing an ABM poses significant challenges, particularly as models can become 

overly complex. In response, the field of computation modelling advocates for the 

principle of “Keep it Simple, Stupid” (KISS) (Edmonds et al., 2019). This approach 

advises starting with a simple model and gradually introducing complexity when only 

necessary. By Adhering to this principle, modellers can maintain maximum control 

and comprehension of the model’s development. 

ABMs are notorious for being data-intensive and demanding substantial 

computational resources and execution time (van der Ploeg et al., 2014; Heppenstall 

et al., 2016). Therefore, utilising as much information from a single dataset as possible 

is recommended before considering additional complexities. Additionally, analysing 

ABM outputs can be challenging, particularly when limited data is available for 

validation (Lee et al., 2015), often leading to the formulation of inferences rather than 

definitive conclusions. While both ABM and MSM share similarities as individual-

based approaches, they possess distinct characteristics and individual descriptions. 

ABM emphasises modelling interactions between individuals, thereby incorporating 

spatial elements into the model. In contrast, MSM facilitates the integration of 

behavioural data based on discrete time intervals (Bae et al., 2016). 



- 58 - 

Recognising these differences, a hybrid approach combining MSM and ABM 

methodologies can be advantageous. Such a hybrid approach leverages MSM to 

depict individual stochastic behaviours based on actual real data, while ABM accounts 

for individual interactions and environmental dynamics (Richiardi, 2014). This 

integrated approach offers a comprehensive framework for modelling complex 

systems, incorporating individual-level behaviours and interactions within a spatial 

context. 

In grocery retail, ABMs hold promise as spatial modelling tools due to their ability to 

simulate individual consumer behaviours (Sturley et al., 2018). Leveraging the 

abundance of consumer data collected through loyalty card programmes, ABMs can 

closely resemble the observed behaviours of known customers. By employing 

decision-tree structures within the modelling framework (Lipowski and Lipowska, 

2012; Kotsiantis, 2013; Bell and Mgbemena, 2018), an ABM can capture the temporal 

aspects of consumer behaviour, incorporating bounded stochasticity while accounting 

for both independent and similar behaviours among individuals (Cooley and Solano, 

2023). The decision-tree structure is used within the modelling framework presented 

in this thesis and is further discussed in section 6.1.4. 

The modelling framework presented in this thesis adopts a hybrid MSM-ABM 

approach, integrating decision-tree structures to simulate individual customers’ store 

and channel choices, considering spatial, temporal and basket-type variations. This 

framework captures observed customers’ stochastic and heterogeneous behaviours, 

addressing limitations in traditional SIMs. This thesis meticulously documents each 

model development step, providing insight into the challenges encountered and the 

potential applications of loyalty card data within the context of grocery retail analytics. 

The resulting IBM offers a reproducible framework for scenario testing and enhancing 
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our understanding of consumer behaviour in grocery retail environments, which is 

ideal for analysing retail impacts. 

Subsequent sections explore the potential data sources that could further enhance 

spatial models in grocery retail and their potential implementation within the IBM 

framework. 

3.3 Data in spatial grocery analytics 

Along with changing consumer behaviours, technology has also evolved, leading to 

the ‘Big Data’ field – where large sets of data are collected and analysed using 

specialised methods, as the data are too complex to be examined using traditional 

data-processing software. Today, personal data is constantly being generated and 

stored from the use of personal mobile devices, purchases using debit or credit cards, 

online activity, loyalty card use, transport cards, social media activity, and even from 

your television-watching habits (Birkin, 2018). These datasets contain data beneficial 

to retailers and location planners, spatial data, otherwise referred to as ‘Spatial Big 

Data’ (SBD). Like Big Data, SBD data is characterised by the velocity of data 

collection, their large volume, and the wide variety of sources. SBD contain various 

information on humans, notably information about their spatial mobility and 

consumption behaviour (Lee and Kang, 2015).  

3.3.1 Loyalty card data 

Loyalty card data is a notable dataset collected by some grocery retailers that is 

incredibly insightful in retail location decision-making. Loyalty card schemes are 

commonly used by British supermarkets, providing customers with accounts in which 

points are accumulated on each recorded transaction made at that retailer in 

exchange for rewards. For example, there are Sainsbury’s Nectar card, Tesco 
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Clubcard, Morrisons More, Sparks by M&S, and ASDA Rewards among others. Tesco 

was the first grocer to launch a loyalty programme for UK customers in 1995 (Humby 

et al., 2004), shortly followed by Sainsbury’s and their launch of the Nectar card 

scheme in 2002 (Hassan and Parvez, 2013). Today, Tesco has ~21 million Clubcard 

users (Statistica.com, 2023) compared to ~18 million Sainsbury’s Nectar card users 

(Sainsbury’s.co.uk, 2023b). As Tesco and Sainsbury’s are direct competitors, the 

lower number of Nectar card users could be an incentive for why Sainsbury’s seeks 

to better understand their consumer base, improve their services to current 

customers, and attract new ones. 

Based on consumer shopping frequency and items purchased, rewards are tailored 

and personalised to the individual as an incentive to shop at that supermarket chain 

(Bombaij and Dekimpe, 2020). Whilst beneficial for the consumer, loyalty programs 

offer retailers a wealth of data regarding their customers' shopping behaviours 

(Jackson et al., 2006). Each transaction recorded with a loyalty card provides grocers 

with a summary of each unique cardholder, collecting information on which stores 

they visit, when they visit, the items purchased, what shopping channel was used, 

and how much money was spent (Byrom et al., 2001). These data provide location 

planners with the ability to better inform location-based decisions (Waddington et al., 

2018; Hood et al., 2021), especially concerning customer store and channel choice. 

These data have been strategically used in the past to identify ‘gaps’ in a retailer’s 

store estate, provide insight into customer lifestyles, and can be used to support store 

location decision-making through the estimation of impact or sales cannibalisation of 

new stores (Wood and Browne, 2007). 

Recent studies investigate the richness of grocery retail data regarding customers’ 

transactional behaviours to further enhance location planning models (Sturley et al., 
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2018; Waddington et al., 2018; Rains, 2019). Each study explores an integral area of 

customer behaviours using loyalty card transaction data, but each has limitations. 

Waddington et al. (2018) analysed grocery transaction data to cluster stores into types 

based on in-store customer transactions instead of clustering customers into types 

based on their observed behaviours. Sturley et al. (2018) clustered grocery 

consumers to support the development of a simple agent-based model but used 

synthetic data. Rains (2019) provides a methodology for clustering grocery customers 

into types based on behaviours; however, due to using a dataset covering the entirety 

of the UK, any nuances in consumer behaviour based on regional differences may be 

obscured. 

Loyalty card data is a valuable tool that provides insight into the spatial and temporal 

behaviours of known customers of a grocery retailer. However, not everyone who 

owns a loyalty card is a “loyal” customer, as they may shop at various brands for 

different reasons, as discussed in Chapter 2. Furthermore, loyalty card data only 

captures the behaviours of those who are part of the loyalty scheme, and those with 

a card may not always scan it for each transaction (Lloyd and Cheshire, 2019; Rains 

and Longley, 2021). Additionally, whilst these data provide information on the 

customer’s place of residence and store choice locations, no other information is 

provided regarding their whereabouts (Lloyd and Cheshire, 2019). Therefore, there is 

a void in the knowledge of the relationships between transaction spatiality and 

temporality. Loyalty card data can provide context for residential-based grocery 

demand but is limited in its ability to accurately represent other types of demand. 

Whilst the loyalty card data provides invaluable insight into consumer behaviours, it 

only partially represents all customers. Alternative data sources, such as the Living 

Costs and Food Survey (LCFS), provide insight into consumers' grocery purchasing 
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behaviour by directly asking customers about their expenses. However, the LCFS and 

other surveys are limited in scope as they typically have moderate sample sizes of 

~5,000 to 6,000 households in England and Wales and only cover a two-week survey 

period (Bulman et al., 2017). In contrast, the loyalty card scheme for Sainsbury’s 

contains data for up to 18 million customers, thus providing a vast wealth of insight 

about those customers and their transactional behaviours over an unlimited time 

period. 

All available data sources have their benefits and drawbacks; therefore, a 

complimentary approach may be the most appropriate when researching consumer 

behaviour. However, the applicability of survey data in building an IBM may be 

insufficient, whereas loyalty card data presents a more comprehensive source of data. 

This thesis mainly utilises loyalty card data, exploring the extent in which it can be 

used to create an IBM whilst applying other data sources where necessary, for 

example, workplace data. 

3.3.2 Capturing customer movement 

Other novel data sources could be used to approximate the movements of 

Sainsbury’s customers to help estimate non-residential-based grocery demand. The 

following sections discuss what data sources exist and could be used to further 

expand upon the modelling framework developed in this thesis. 

3.3.3 Workplace population 

As the loyalty card data does contain information regarding consumers’ whereabouts 

outside of the home, supplementary data could be used to estimate where customers 

are located at other times of the day, e.g., the census. Since 1801, the UK government 

have collected a nationwide census every ten years in which all households and 
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communal establishments in England and Wales receive a questionnaire through the 

post and may complete the survey online (ONS, 2012). The census gathers 

household data about the inhabitants, such as dependents, employment status, place 

of work, work hours, and educational backgrounds. The Office for National Statistics 

(ONS) provide access to the census data that has been anonymised to retain 

individual privacy and include further analytical reports. The UK census is a rich 

source of data providing information regarding the demographics of households.  

As the UK census is collected at the household level, individuals are enumerated at 

their ‘place of usual residence’. Within the data, non-standard populations are also 

captured, such as students away from home, and persons with second residences. 

Using these questions regarding residential addresses, employment status, places of 

work, and hours worked, the ONS presents alternative population bases for England 

and Wales. The alternative population bases are designed to estimate the population 

density of an area and suggest how this may change between the workday and at 

night (ONS, 2012). For this thesis, the most relevant population bases from the 

census are the residential and workplace populations. These population bases are 

helpful when attempting to estimate where people are located during the day, such 

as work or home. For each household in the UK, the census provides a place of 

residence and a place of work at the output area level (OA). OAs are produced by the 

Office for National Statistics (ONS) and designed for analysing residential and 

household data. They are broadly consistent in population size, with each OA 

containing 40 to 250 households or 100 to 625 individuals (ONS, 2012). Therefore, 

the movement of people can be inferred, which is helpful for building an IBM to capture 

non-residential grocery demand. However, it is difficult to determine which individuals 

in the census are likely Sainsbury’s customers. The workplace data is helpful for 

modelling movements between OAs, but it is impossible to know how representative 
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it is of the Sainsbury’s customers. Nevertheless, both sources of information (census 

and loyalty card data) are invaluable for creating an IBM of consumer store and 

channel choice behaviours. 

3.3.3.1 Transport data 

A novel data source that could be used to estimate the movements of a population 

includes transport datasets, particularly data collected by public transport. Each time 

a person alights on a public transport service such as a bus, train, tram, or subway 

using a smart card or pass, their journey is recorded from start to end to estimate the 

fare. These data are often used to analyse the spatiotemporal patterns of urban 

human mobility (Hasan et al., 2013), the estimation of fares (Seaborn et al., 2009), 

and the distribution of a population (Ma et al., 2017). Various transport services across 

the UK collect these data using smart cards, including Oyster card for various 

transport types in Greater London, Swift cards for train and bus travel in the West 

Midlands, and MCards for transport in West Yorkshire. Over recent years, there has 

been an increase in the number of areas around the UK providing these smart cards. 

The increase in the number of journeys being captured provides researchers and 

retailers insight into where people are travelling, how far, and how often. These 

characteristics cannot be captured in the census as journeys are not always 

consistent and vary day to day. The census does capture the mode of transport to 

and from work; however, it is not constantly updated, and individuals may move 

homes or places of work.  

Public transport that uses smart cards is an incredibly useful source of data. Each 

journey is captured with a timestamp from which the journey started, and in some 

cases, the data presents the destination of that particular journey. Actual routes can 

also be identified, knowing where people move through space and time. These data 
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can provide retailers with an insight into when people are on the move and whether 

they are potential consumers of their stores based on distance. 

3.3.3.2 Footfall Cameras 

Footfall cameras are one piece of technology that can capture spatiotemporal 

fluctuations within a geographical area. These cameras count the number of people 

passing a specific geographical point, estimating how many people are within the area 

at a given time (Crols and Malleson, 2019). Private companies often operate these 

cameras to quantify how many people passing the area are potential consumers. One 

drawback of this method of capturing footfall counts is that the same person may enter 

and leave an area, thus being double counted. Therefore, footfall cameras can use 

other methods, such as specific target tracking. In this method, small counting devices 

are mounted to columns around an area, creating a virtual zone in which pedestrians 

who pass through are counted (spring-board.info, 2021). This technique combats the 

issue of double counting pedestrians; however, it is best suited for the analysis of 

specific areas rather than a broad coverage. 

Footfall camera data have yet to be presented in many academic studies, likely due 

to the data's private ownership and the associated ethical concerns. Retailers, 

however, have the means to purchase footfall cameras and use these technologies 

to estimate how many people are entering their store and predict how many 

customers are visiting that day and perhaps not making purchases (Lansley and 

Longley, 2017). Crols and Malleson (2019) use footfall data for their study on 

quantifying the ambient population of Otley, West Yorkshire. In this research, an 

agent-based model was used to disaggregate mean footfall counts to estimate the 

size and demographic makeup of the ambient populations during the day. A similar 

application could be applied in a retail context; however, it may provide limited spatial 
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coverage of the population fluctuations and would focus solely on the store location 

(Hildebrand, 2012). Footfall data are instrumental in providing insight into population 

fluctuations. However, there are concerns around geo-privacy; thus, data access is 

restricted. Therefore, if an IBM were to incorporate data from footfall cameras, 

permissions from private companies would be required, or Sainsbury’s could employ 

their own set of footfall cameras for spatiotemporal retail demand research. Ultimately 

however, linking those customers to a place of residence would be almost impossible 

solely using these data. 

3.3.3.3 Geo-tagged Social Media Posts 

Over recent years, there has been an increase in the variety of social media platforms 

in which users can share their location, such as Twitter, Facebook, Instagram, 

Snapchat and FourSquare. The geotagged posts provide the exact coordinates of 

where a user posted online if they turned on the feature. These data can be 

downloaded via an application programming interface (API) for free by anyone who 

has requested an Access Token for secure access from the social media provider. 

Unfortunately, only around 1% of all social media posts are geotagged and thus may 

not be a large enough dataset to analyse the spatiotemporal fluctuations of an area 

(Jurgens et al., 2015). Additionally, access to social media and posting at all times is 

not equal amongst all populations, not everyone has access to data away from wi-fi. 

Despite this, several studies have used geotagged social media posts to analyse 

spatiotemporal fluctuations. Tsou et al. (2018) used geotagged tweets, land use data, 

and dasymetric maps to estimate the hourly population distribution during 2015 in San 

Diego. The study found that using geotagged data to create a population model is 

incredibly difficult to validate and that Twitter data is not stable in terms of consistent 

production. Despite geotagged social media posts being openly accessible, the 
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datasets are not substantial enough to provide robust estimates of population change 

in an area for 24 hours. Studies have shown, however, that there is a potential for 

emerging geotagged social media datasets to be used in a retail geography modelling 

context (Lovelace et al., 2016). 

3.3.3.4 Wi-Fi Sensors 

Almost all mobile devices in 2019 use wireless technologies in which data is 

exchanged using radio signals via airwaves (Torrens, 2012). These devices connect 

to Access Points (AP), and every time a device connects to Wi-Fi, it connects to an 

AP. Today APs can be found anywhere, from homes and hospitals to universities, 

coffee shops and commercial properties. When located in an area with Wi-Fi 

accessibility and a device has Wi-Fi turned on, probe requests are emitted from the 

device and sent to the APs. These probe requests can be counted to estimate the 

footfall within a certain proximity of a Wi-Fi point. With so many devices connected to 

Wi-Fi, there is an abundance of data available regarding where people are during the 

day based on probe counts. Yang et al. (2018) studied how Wi-Fi devices can be used 

to identify where people are moving and in which direction. Companies such as The 

Local Data Company (localdatacompany.com)  use Wi-Fi sensors to estimate footfall 

for retailers, highlighting how many pedestrians are nearby during the day, making 

them potential consumers. Whilst this data source is incredibly useful in counting the 

number of people within an area at a specific time, it does raise concerns regarding 

user privacy. Therefore, Wi-Fi sensor data is not publicly available or easily accessible 

for all studies. 

https://www.localdatacompany.com/
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3.4 Chapter 3 summary 

Several location-based theories for grocery retail were presented in this chapter: 

highlighting the incremental developments and increased applicability to the changes 

in consumer grocery demand. Coinciding with these theories, various location-based 

methodologies have been developed, each becoming more sophisticated. Due to 

improvements in computational power and academic research, tools used by retailers 

have evolved from checklists and intuitive-based approaches to predictive and data-

focused approaches. These tools are primarily used to support site location 

assessments and Retail Impact Assessments. Models such as SIMs have become 

industry standard due to their robustness and applicability to the retail landscape, 

especially over the past decade. However, as consumer behaviours have become 

more complex and individualised due to the rise in convenience-based demand, e-

commerce, and changing working environments, SIMs may no longer be the most 

appropriate methodology for location-based decision-making. Due to their 

aggregative approach and inability to consider heterogeneous behaviours of 

customers, other IBM methods, such as ABM, may be more applicable. 
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Whilst IBMs provide the ability to simulate individual consumer behaviours, unique 

challenges are presented: 

1. These models require abundant individual-level data to represent observed 

consumer behaviours. Such data is often inaccessible due to the proprietary 

nature and concerns regarding customer privacy. 

2. Analysing such sizable datasets is time-consuming, requires computational 

efficiency, and must be appropriate for mining behavioural rules for simulated 

agents. 

3. The anonymised nature of accessible individual-based data does not provide 

information regarding the movements of these individuals as it cannot be 

linked to other spatial-based data sources. 

Nevertheless, supermarket loyalty card-linked transaction data provides invaluable 

insight into known customers' store and channel choices. Whilst these data do not 

provide contexts for all customers, they do provide a comprehensive representation 

of many customers who have preferences in their grocery shopping habits. These 

data are suitable for developing behavioural rules for agents within ABMs, resulting 

in an entirely data-driven model. To combat some of the challenges of individual-

based data, supplementary data sources can be considered. For example, mobility 

data may support the modelling of customer transactional behaviours outside of their 

homes, capturing non-residential-based grocery demand. As the literature highlights, 

these data are often difficult to obtain or link to the same individuals in the transaction 

dataset. The most accessible data currently available is the ONS' census data, 

providing the home locations and places of work for British residents. Knowing which 

of these residents are the same customers captured in the loyalty card datasets is 
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impossible. However, it provides an opportunity to develop such IBMs in the context 

of grocery retail. 

Developing IBMs of consumer store and channel choice behaviours can provide 

grocery retailers and researchers with a valuable bottom-up modelling tool currently 

missing in their arsenal of spatial models. These IBMs, once fully validating against 

other datasets, can be used for scenario-testing various changes in the grocery 

markets, such as changes in consumer behaviours and their impact at the store-level 

or the changes by retailers and the impact on consumer behaviours. Ultimately, these 

IBMs can support the location planning decisions being considered by grocers and 

used as a tool for the Retail Impact Assessment process. 
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Chapter 4 Preliminary analyses 

Chapter 1 presented this study’s key aims and objectives, introducing the key 

concepts and study purpose. Chapter 2 and Chapter 3 achieved the first aim of 

exploring and reviewing existing literature around the evolution of grocery consumer 

behaviours, the tools used by those in grocery location analytics, and the datasets 

and more recent methodologies available to further expand and refine those methods. 

This chapter supports the achievement of the second aim regarding the identification 

of key consumer segments within the loyalty card dataset. To achieve the second 

aim, objective 3 was attained:  

To investigate the loyalty card linked transaction dataset provided by Sainsbury’s, 

identifying general behaviours of their customers in relation to their store choice 

behaviours in West Yorkshire. 

This chapter overviews the case study area and investigates the critical dataset 

provided by the study collaborator. This study is the first documented piece of 

research that investigates a loyalty card-linked dataset of this calibre in such a way 

for individual-level model building. Therefore, a thorough understanding of what can 

be derived from such data, and the drawbacks of using these data, is vital for 

expanding the field of knowledge. The chapter is structured as follows to investigate 

the  spatial, temporal, and behavioural aspects of customers store choice behaviours 

that can be extracted from these data. 

Section 4.1 offers insight into the significant features of the study area of West 

Yorkshire, such as population, demographics, and grocery expenditure, and how 

these factors may relate with consumer types. Section 4.2 explores the commercial 

sector loyalty card and retail supply side data provided by the study collaborator, 
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Sainsbury’s, covering variables and store information. This section includes a 

summary of the types of transactions that customers had made over the 12-week 

period, where they had taken place and the differences between day type (weekday 

versus weekend) and time of the day. The data provided by Sainsbury’s covers an 

entire county, at the finest resolution of the individual consumer level, including details 

regarding each transaction undertaken by uniquely identifiable consumers. The 

transaction dataset covers the period between May and July 2018, capturing all 

transactions at a Sainsbury’s store within West Yorkshire by only those with a loyalty-

card registered household address within West Yorkshire. Restricting the study to one 

region allowed for better model development due to reducing complexity and better 

model testing. The region chosen comprises of five local authority districts (LADs), in 

which the cross-district transactional behaviours of customers can be observed. A 

smaller case study area would provide limited insight into consumer behaviours 

across space, notably between workplace hubs and residential areas, which form a 

significant part of grocery demand (Waddington et al., 2018). A wider study area, 

however, would have provided excessively more data and created computational 

difficulties when working with individual-level transaction data. Therefore, the county 

of West Yorkshire provided a middle-ground between enough data to analyse, and 

enough for modelling software to manage. Sainsbury’s agreed to the study area due 

to the ample number of past studies based on the area in retail location analysis, 

meaning that we have a good baseline understanding of the type of consumer 

behaviours and the structure of the retail supply side in this area (Newing et al., 2014; 

Kirby-Hawkins et al., 2018; Waddington et al., 2018; Sturley et al., 2018; Newing et 

al., 2018; Waddington et al., 2019), and their collaboration with these studies. 



- 73 - 

4.1 Study area 

The metropolitan county of West Yorkshire was chosen as the study area as it covers 

a range of urban and rural geodemographic segments (Office for National Statistics, 

2018; Office for National Statistics, 2020a), has been used in various studies of spatial 

dynamics in the UK grocery sector (Waddington et al., 2018; Sturley et al., 2018; 

Waddington et al., 2018; Hood et al., 2020), and has a comprehensive store and 

online groceries coverage by Sainsbury’s and key competitors. With a population of 

around 2.2 to 2.35 million (Office for National Statistics, 2012; Office for National 

Statistics, 2021), West Yorkshire consists of five Local Authority Districts (LADs) 

Bradford, Calderdale, Kirklees, Leeds, and Wakefield. These LADs comprise 7,131 

Output Areas (OAs) (the smallest geographical unit for the release of small-area 

population, housing, expenditures and commuting data) located in various urban and 

rural areas. OAs are produced by the Office for National Statistics (ONS) and 

designed for analysing residential and household data. They are broadly consistent 

in terms of population size with each OA containing between 40 to 250 households or 

100 to 625 individuals (Office for National Statistics, 2012). The ONS also created 

their Output Area Classification (OAC) using the 2011 Census data, which classifies 

each OA in England and Wales (based on its dwelling type and population 

composition) to determine an overall insight into the demographics and composition 

of neighbourhoods (Gale et al., 2016, p.201). The OAC was produced using a top-

down classification system and segments the population into 8 supergroups, 26 

groups and 76 subgroups (Office for National Statistics, 2018). Figure 4.1 presents 

the 2011 OAC for West Yorkshire at the supergroup level, showing the spread of 

different demographic groups across the county at the OA-level (Office for National 

Statistics, 2018). The most common demographic group by OA in the study areas are 

suburbanites (22%), followed by urbanites (20%), hard-pressed living (20%) and 
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multicultural metropolitans (19%). Previous studies analysing the geodemographic 

profiles of grocery retailers found that for Sainsbury’s the majority of their customers 

reside in areas considered as ‘typical traits’, ‘prospering suburbs’, and ‘blue collar 

communities’ (Thompson et al., 2012). Therefore, it is expected that majority of 

customers in this study, using the loyalty card-linked dataset, reside in areas 

categorised as ‘suburbanites’ or ‘urbanites’, this is explored in section 5.4.4. The pen 

portraits for the OAC groups can be found in Office for National Statistics (2018), 

which further describes the characteristics of these populations. The OAC is a crucial 

input to this study as it allows for the identification of any relationships between 

customer behaviours and the type of areas they reside in later in the study.  

 

Figure 4.1 OAC Super Groups across West Yorkshire districts 

(percentage of total OAC groups within West Yorkshire by OA), 

(Office for National Statistics, 2017). 
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To better understand the relationship between demographic groups and the amount 

of money spent on groceries per week, the Living Costs and Food Survey (LCFS) 

dataset was analysed. The LCFS is an annual survey administered by the ONS in 

which a sample size of 5,000 to 6,000 households in England and Wales are asked 

to record their daily expenditure over two weeks (Bulman et al., 2017). These 

expenses include household items, food and drink purchases, and larger purchases 

such as holidays and cars. Information on household composition, characteristics, 

and income are also collected, with results given that account for the characteristics 

relative to all households. The LCFS is one of the few data sources that provide an 

idea of a household’s total expenditure ready for research (Rains and Longley, 2021). 

In this study, the 2017–18 survey period is used, containing data for 5,480 households 

(Office for National Statistics, 2020b) which ties in with the period from the Sainsbury’s 

transaction data, linking the average likely behaviours by OAC group to those who 

transacted in the time period.   

The LCFS is later used in this chapter to understand the share of expenditure by OAC 

group in relationship to the loyalty car dataset; allowing us to analyse whether 

customers likely perform most or all their transactions at a Sainsbury’s store, thus 

suggesting whether they are ‘loyal’ customers. The relationships between store 

locations, customers locations and ‘loyal’ customers are integral for retailers to 

understand to support location-based decision-making, which can be implemented in 

their location planning tools and models. Future model expansions beyond this thesis 

can incorporate the aspect of consumer loyalty once competitor data has been 

obtained. As the loyalty card dataset used in this project only provides insights into 

the Sainsbury’s stores that customers visited, other data are required to link 

customers to other supermarket brands. For those customers who are not ‘loyal’, we 

can infer what other retailers they are likely to transact at using competitor data or 
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other data types such as banking data – though there are unique challenges with 

linking customers transactional behaviours across different retailers. 

It is commonly accepted that retailers will target distinct types of consumers (Lansley 

and Cheshire, 2018), where ‘high-end’ brands and retailers often target more affluent 

consumers, and ‘budget’ and ‘affordable’ brands and retailers will target those less 

affluent (Shukla et al., 2013). In this study, Sainsbury’s is considered a mid-range 

supermarket due to the variety of their own  brands that they offer from, ‘SO Organic’ 

and ‘Taste the Difference’, which tend to be more expensive products, to ‘Sainsbury’s 

basics’, which are their value products that are often the cheapest (Sainsbury’s.co.uk, 

2022). Data from Which.co.uk’s supermarket price comparison tracker (2023) 

consistently indicate that Sainsbury’s is often the cheapest or second cheapest 

supermarket out of the UK’s ‘big four’. Therefore, it is expected in section 5.4 that 

customers within this study area are likely to reside across various area types (as 

defined by their geodemographic classification)  as they target both affluent and less 

affluent  customer types. However, because West Yorkshire is predominantly urban 

and suburban (Figure 4.1), it is also anticipated that most Sainsbury’s customers will 

reside those areas.  

Assessing each LAD individually and referring to Office for National Statistics (2018),  

Table 4.1 highlights the proportions of each OAC supergroup using population counts. 

40% of Bradford’s population falls within the OAC supergroup ‘multicultural 

metropolitans’, predominantly located between urban centres and suburbia, and have 

an unemployment rate above the national average. Bradford is one of the UKs largest 

multicultural cities, with 32.1% of inhabitants identifying as “Asian, Asian British or 

“Asian Welsh” (ONS, 2023). Research found that Asian British customers tend to do 

visit a supermarket for a large shop on a weekly basis, but struggle to find specific 
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food items, therefore rely on visiting local international food shops instead (ABPL 

Group, 2016). In this study, it is expected that customers in the loyalty card dataset 

will make up a smaller proportion of those who belong to the multicultural metropolitan 

OAC group. Those who are part of that OAC group, may be more likely to shop at 

Sainsbury’s for their ‘main’ basket purchases only. In contrast, one-third of 

Calderdale’s population is classified as living in the ‘urbanites’ group, where 

unemployment is lower than the national average, and people are likely to live in more 

urban areas. Kirklees has a more varied population with 28% belonging to the 

‘multicultural metropolitans’ group and 24% in ‘suburbanites’. The suburbanites are 

usually located on the outskirts of urban areas, are more affluent, and are most likely 

to own a car. It is expected that the majority of Sainsbury’s customers in this study 

belong to the suburbanite OAC group due to Sainsbury’s provision of both 

convenience and supermarket stores located on city edges, and within 

neighbourhoods. Similarly, 22% of Leeds’ population is categorised as ‘suburbanites’, 

and 21% as ‘urbanites’. Conversely, Wakefield has 40% of its population living within 

‘hard-pressed living’ areas, where people usually live in urban areas where 

unemployment is higher than the national average. This initial understanding of the 

variation in demographics between LADs will be used to assess the customer 

segments identified in section 5.4. 
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Table 4.1 Population breakdown by LAD and OAC supergroup in which the green 

values are the higher percentages of OAC groups for that LAD. Red represents the 

lower percentages of OAC groups for that LAD. Data source: (Office for National 

Statistics, 2015).  

Table 4.2 presents each demographic group’s expected weekly grocery (food and 

non-alcoholic drinks) expenditure. As the LCFS data has been linked to the OAC data, 

the relationship between population, demographics and grocery expenditures can be 

assessed. On average, in 2017/18, the more affluent OAC groups such as 

suburbanites, urbanites and rural residents all spent the most each week on food and 

non-alcoholic drinks (between £61.70 and £70.30 per household per week), whereas 

those less affluent such as those living in neighbourhoods classed as cosmopolitans, 

ethnicity central and constrained city dwellers spent the least amount (between 

£41.40 and £54.80 per household per week). The LCFS data will be used to assess 

how many customers in each consumer type group identified in Chapter 5 spent the 

expected weekly amount of money on food and drink. This forms an important 

indication as to whether that customer is likely to purchase most of their groceries 

from a Sainsbury’s store on a week-by-week basis, capturing a measure of customer 

loyalty and a notion of the share of their expenditure captured by our study retailer.  

OAC Supergroups Bradford Calderdale Kirklees Leeds Wakefield 

1 - Rural residents 2% 6% 5% 2% 5% 

2 - Cosmopolitans 1% 1% 1% 9% 0% 

3 - Ethnicity central 2% 0% 1% 3% 0% 

4 - Multicultural metropolitans 40% 10% 28% 17% 5% 

5 - Urbanites 19% 33% 21% 21% 12% 

6 - Suburbanites 18% 17% 24% 22% 27% 

7 - Constrained city dwellers 6% 10% 4% 9% 10% 

8 - Hard-pressed living 12% 22% 17% 16% 41% 
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Table 4.2 Expected weekly expenditure on food and non-alcoholic drinks by OAC 

supergroup. Green values represent hight amounts of expenditure per week. Red 

represents lower expected expenditure per week. Data Source: (Office for National 

Statistics, 2020b). 

As discussed in section 2.2, these insights into the demographics of the study area 

LADs help for a better understanding of where customers with certain behaviours are 

likely to reside. For example, those who live in less affluent areas, such as constrained 

city dwellers, are less likely to travel far to undertake their ‘main’ basket grocery 

transactions due to lower private car ownership (Office for National Statistics, 2018). 

Whereas those residing in more rural or suburban areas are likely to own a car, travel 

further afar, at stores that target a more affluent audience or shop online (Kirby-

Hawkins et al., 2018; Hood et al., 2020). Rural dwellers are often forced to travel 

further to undertake their food shops due to the lower density of food store provision 

in those rural areas.  

Additionally, the LCFS data allows for a better estimate of the amount of money likely 

to be spent by customers, depending on their location. It is acknowledged that not 

everyone who resides within a particular area expresses the same behaviours as 

those of their demographic segment. However, it does offer an indication of what 

OAC Supergroups Weekly Expected Expenditure (LCFS) 

1 - Rural residents £61.70 - £68.60 

2 - Cosmopolitans £41.40 - £54.80 

3 - Ethnicity central £47.00 - £59.80 

4 - Multicultural metropolitans £56.90 - £68.40 

5 - Urbanites £62.90 - £64.20 

6 - Suburbanites £64.00 - £70.30 

7 - Constrained city dwellers £43.30 - £46.80 

8 - Hard-pressed living £56.70 - £60.30 
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could be expected. The following section explores the transaction dataset provided 

by Sainsbury’s, analysing the dataset from the individual level and store level. 

4.2 Sainsbury’s loyalty card-linked transaction dataset 

Loyalty programs provided by grocery retailers have become a profound data source 

for expanding the tools used to support location-based decisions, as summarised in 

section 3.3.1. Sainsbury’s have provided access to a comprehensive subset of their 

Nectar card transaction-level dataset to support the development of the model built in 

this thesis. This section introduces that data and explores, summarises, and explains 

the variable creation process to mine consumer behaviours from these data for 

subsequent individual-based model development. A 12-week analytical overview is 

conducted of the customer’s behaviours regarding the transaction’s temporality, 

basket type, and spatiality from both the customer’s perspective and store level. 

Understanding transactional behaviour from both the demand and supply side is 

important to gain insight how both sides influence the other. For example, the location 

of Sainsbury’s stores and their store type will impact the opportunities that customers 

have to interact with the stores, i.e., stores located in train stations are expected to 

receive custom from customers from a variety of locations due to the store location 

and will likely provide smaller basket type transactions. Larger supermarkets located 

closer to residential neighbourhoods or city edges are expected to be visited by 

customers for a variety of basket type transactions, at all times of the day and week. 

Within those transactions however, unique consumer type groups are expected to be 

proliferating specific types of transactions scenarios for specific store types. The 

following section provides an overview of the loyalty card-linked transactional dataset 

and analyses the spatiotemporal and channel choice behaviours of those customers. 
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4.2.1 Dataset overview and analysis 

The loyalty card dataset contains 2.7 million transactions, by 216 thousand 

customers, in 55 stores, over 12 weeks. Sainsbury’s ‘Nectar’ loyalty scheme collected 

these loyalty card-linked transactions and extracted them from the spring and summer 

months between May and July 2018, avoiding seasonal product purchases at 

Christmas and Easter, which could skew habitual behaviours. The dataset includes 

all in-store and online transactions at a Sainsbury’s store (online orders were 

attributed to the store where the order was packed, typically the closest large format 

store to the delivery address) by customers whose home address linked to their loyalty 

card account is within West Yorkshire. Table 4.3 summarises the transactional 

dataset provided by Sainsbury’s. Each customer has a unique ID, enabling us to 

group all transactions individual customers made whilst presenting their loyalty card. 

We know nothing about transactions made by those customers or other members of 

their household for which a loyalty card was not presented. Every transaction 

recorded also has a date and time stamp, essential to explore the temporality of 

shopping. This enables us to link individual customer transactions to a specific basket 

type. The basket type variable was created by Sainsbury’s and classified each 

transaction based on the range of goods purchased and the total transaction value. It 

uses a confidential in-house methodology that combines transaction and customer 

survey data. This study categorised transactions into three key basket types: ‘food for 

now’, ‘top-up’, and ‘main’. Transactions considered as ‘food for now’ basket types 

contain perishable foods that are ready to eat or are expected to be eaten within a 

few hours in the same day (meal deal items, ready meals, and drinks) and are low in 

sales value. ‘Top-up’ transactions contain a small number of items that are a mix of 

perishable and shelf-stable foods and are expected to last the customer a few days 

(milk, bread, fruit and vegetables, etc.). ‘Main’ basket types contain food that will last 
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many days and over a week, these are large value transactions that contain a variety 

of food item types, including frozen items, meats, and the items found in ‘for now’ and 

‘top-up’ baskets. The basket type variable infers the purpose of a transaction without 

invading customer privacy by limiting insight into the exact items purchased. This 

crucial variable also allows the linkage between basket type and time of day, allowing 

the assessment of the relationships between types of transactions with time and 

geography.  

The home addresses of each customer were aggregated into OA geographies to 

preserve anonymity. These addresses are the ones the customer used to sign up to 

Nectar or are updated if the customers have a saved home delivery address when 

transacting online. Using the population-weighted centroid (PWC) of each customer’s 

OA with coordinates of the store they visited, a distance variable was created 

indicating the likely distance the customer travelled to purchase their groceries in-

store. The distance variable is measured in kilometres and was calculated using the 

shortest possible route via the  road network, providing a more accurate measurement 

than using a straight-line distance or as the crow flies. The inclusion of store distance 

in this study is integral, as it forms a key indicator of customer shopping behaviour 

and incorporates spatiality. Studies such as Waddington et al, (2018; 2019) and Wood 

and Browne (2007) highlight how customers perform grocery transactions in various 

areas, at various times of the day, and for different shopping missions. Analysing how 

distance interplays with shopping mission and store choice will provide insight into 

whether these customers are likely shopping locally or further away, perhaps due to 

multi-purpose shopping trips or picking food up on the way to/from elsewhere, such 

as a workplace or leisure activities. The OAC data discussed in section 4.1 has also 

been joined to the dataset to explore purchasing patterns by underlying area type and 

the relationship between customer segments and geodemographics. All the variables 
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mentioned, coupled with the transaction date and time, allow for a thorough summary 

of how cardholders transacted individually, across space and time, and using various 

shopping channels for different shopping baskets. 

Table 4.3 Data structure of the transaction dataset provided by Sainsbury’s Nectar 

prior to pre-processing. 

 

4.2.2 Sainsbury’s supply-side data 

Sainsbury’s also provided a list of their West Yorkshire stores, for a time period 

concurrent with the demand side transaction records. For each store, these data 

included information on store type (supermarket or convenience), coordinates, and 

floorspace Table 4.3). A total of 55 Sainsbury’s stores are located within West 

Yorkshire, with 50% of those stores located in the Leeds LAD (Table 4.4). Over 70% 

of these stores are classified as ‘convenience’ branded under the ‘JS Local’ fascia. 

Variable Description 

Transaction ID A unique numeric ID number assigned to the transaction 

Customer ID An anonymised loyalty card ID number linked to the cardholder. 

Transaction date and time Date and time of the transaction. 

Channel The channel used for the transaction (in-store or online). 

Sales value The total cost of the transaction (£). 

Basket type The shopping mission classification, supplied by Sainsbury’s. 

Store ID 
Identifies the store in which the transaction took place (in-store) or at which 

the order was packed (online). 

Output Area The 2011 Output Area of the customer’s home address. 

Distance via Road Network 

The distance (kilometres) between the customer’s OA population weighted 

centroid and the store the transaction took place following the road 

infrastructure. 

Store ID A unique numeric ID capturing the store at which the order took place. 

Store type 
Defines whether a store is a Sainsbury’s Local (smaller, convenience stores) 

or Supermarket. 

Store coordinates The longitude and latitude of the store. 

Floorspace An indicator of the size of the store (m2) at which the transaction took place. 
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Essentially, these stores are small at less than 3,000 sqm, offer a reduced variety of 

food products, and cater to smaller shopping baskets. Additionally, the number of 

stores where online transactions were picked and packed was calculated (6 

supermarkets), finding that at least one supermarket in each LAD was used for order 

fulfilment (Figure 4.2). The locations of these varying store types will be used to build 

the supply side representation in the individual-based model and to capture the 

simulated transactions that took place at the stores within the model. Figure 4.2 

provides an overview of Sainsbury’s store network coverage in West Yorkshire, 

highlighting where each store is located, including the type of store it is. These stores 

have been mapped against the urban/rural classification (Office for National Statistics, 

2016) at OA-level for context regarding the type of areas that surround the stores. 

The urban/rural classification has been used for a clearer visual representation of the 

store locations whilst indicating the types of areas within which they are located. Most 

Sainsbury’s stores are in urban areas, notably convenience stores which are most 

tailored to customers performing smaller basket type transactions. Supermarkets that 

fulfil online orders tend to be located on the outskirts of town and city centres; this is 

done purposefully due to better road network accessibility and are the types of stores 

that were planning policy compliant during the store wars (section 2.1.2). Some 

convenience stores are located close to rural villages, which most likely supply goods 

to locals within the area. Supermarkets that do not provide online order fulfilment are 

in a variety of locations both in town and city centres and in suburban areas. One 

unique store is the Leeds Station Local, located inside the train station. In this case, 

the store is in close proximity to other Sainsbury’s convenience stores, but is likely to 

serve a distinct purpose, with  most of the transactions that occur here are expected 

to be performed by those who are commuting via train, either stopping off in Leeds or 

transacting as part of a longer journey. 
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Table 4.4 Count of Sainsbury’s stores by type and by Local Authority District. Only a 

select few stores provide online order fulfilment and are always supermarket store 

types. 

Local Authority District Supermarket Convenience Total Stores Online Fulfilment 

Bradford 2 4 6 1 

Calderdale 2 2 4 1 

Kirklees 4 5 9 2 

Leeds 6 21 27 1 

Wakefield 2 7 9 1 

Totals: 16 39 55 6 

 

Figure 4.2 Sainsbury’s store network in West Yorkshire with urban/rural 

classifications at OA-level mapped for geographical context. Data Source: 

Sainsbury’s Ltd., and (Office for National Statistics, 2016). 
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4.2.3 Data pre-processing and variable aggregation 

This section of the thesis focuses on the preparation work for segmenting customers 

in the loyalty card-linked dataset. Consumer typologies are inferred based on their 

similar transactional behaviours at Sainsbury’s stores regarding transaction 

frequency, the time of day they transacted, the shopping channels they used, and the 

basket types purchased. 

To prepare the loyalty card data for clustering, all data were cleaned and aggregated 

into variables which best represent the key indicators of customer transaction 

behaviour, as discussed in section 2.3. The first step was to separate customers by 

their channel choices: those who solely shopped in-store, those who only shopped 

online, and those who performed multi-channel transactions. The customer 

behaviours between these channel groups vary and would skew the cluster 

behaviours if all were included in the same clustering process later. For example, 

whilst the author was working at Sainsbury’s (see Chapter 1), it was found that all 

online transactions are time-stamped the moment the order is picked and packed for 

delivery, which was almost always in the morning of delivery. However, the delivery 

itself may take place at any time that day. If all online transactions were included in 

the clustering process of customer behaviour, it would assume that specific customers 

have an exceedingly high likelihood of shopping in the morning. The usual shopping 

behaviours of transacting online are vastly different to in-store, where for online, the 

time of day is not insightful, and the shopping basket is most often classified as ‘main’ 

due to the minimum order value and delivery cost (Sainsbury’s.co.uk, 2023a). 

Additionally, distance does not pertain to the distance the customer travelled, but 

more so what a Sainsbury’s driver had travelled between fulfilment store and 

customer address. Although distance for online transactions were excluded for the 
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clustering calculations, they have been included for data analysis from this section 

onwards as it provides insight into the store assignment behaviours of online orders 

by Sainsbury’s.  

Therefore, using an automated procedure for each channel group (online, in-store or 

multi-channel), transactions were aggregated temporally into day type (weekday or 

weekend), time of day (morning, afternoon, or evening), and labelled each transaction 

by channel (in-store or online), and basket type (for now, top-up or main). The day 

variables were aggregated for a more general temporal overview, as customer 

behaviours were similar over the five weekdays and the two weekend days. The time 

of each transaction was aggregated to the time of day to provide more valuable 

insights. The time of day variable aggregated each transaction into three segments; 

morning covers the hours from 12am until 12pm, afternoon is from 12pm until 6pm, 

and evening is from 6pm until 12am. A nighttime segment was considered, which 

groups transactions from 12am until 6am; however, these transactions accounted for 

less than 0.1% of all transactions in the dataset, since most stores are closed during 

this period. Therefore these transactions were assigned to the morning period. The 

average number of weekly transactions for each customer was calculated using the 

date and time variables to identify shopping frequency. All variables used and 

generated are presented in Table 4.5, which were carefully chosen as they represent 

the most suitable indicators of shopper behaviour based on domain knowledge, 

experience of the location planning sector, and insight from Sainsbury’s. 
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Table 4.5 Transaction dataset variables after data processing and cleansing. 

In the transaction dataset, in-store shoppers comprised 94% of all shoppers, 4% were 

multi-channel shoppers, and 2% were online-only shoppers. For all LADs besides 

Leeds, online shoppers encompassed 2% of all Sainsbury’s customers, 5% were 

multi-channel shoppers, and 93% shopped in-store only. The Leeds LAD, however, 

had 1% of its customers who shopped online only, 4% that shopped both online and 

in-store, and 95% of its customers shopped in-store only. These slight differences are 

potentially due to Leeds having more Sainsbury’s stores in the accessible city centre 

and within suburban areas, thus boosting in-store trade (Figure 4.2).  

Before preparing the dataset for clustering, overall consumer behaviours are analysed 

to understand better what transactions Sainsbury’s customers in West Yorkshire 

performed between May and July 2018. The following section provides an overview 

of consumer behaviours at the aggregate level, followed by a section focusing on 

analysing those consumer behaviours at store level. The analysis of these data is 

Variable Mean values for 12-weeks 

Total number of transactions. 12.3 

Total number of transactions per week. 1.8 

Average distance between customer home and store(s) visited. 5.5 kilometres 

Number of transactions that took place in-store or online. 
In-store: 12.1 

Online: 5.5 

Number of transactions that took place on a weekday or weekend. 
Weekday: 9.3 

Weekend: 4 

Number of transactions that took place during a morning, afternoon, or 

evening. 

Morning: 5 

Afternoon: 3.9 

Evening: 7 

Number of transactions classified under basket type categories as ‘for now’, 

‘top-up’, and ‘main’. 

For now: 6.4 

Top-up: 5.5 

Main: 4.4 
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used to support the identification of individual consumer type groups generated via 

the clustering process in section 5.5. 

4.2.4 Transaction data: customer overview 

To begin with the top-level overview of customer behaviours, Table 4.6 summarises 

of the total number of transactions that took place over the 12 weeks, split by day type 

and channel.  

Table 4.6 Total number of transactions split by day type and channel over the 12-

week period. 

Day Type 

Channel Total 

In-Store Online In-store 

Weekday 1,936,123 49,950 1,986,073 

Weekend 653,474 19,406 672,880 

Total 2,589,597 69,356 2,658,953 

 

As shown in the table, 2.59 thousand (97.4%) of all transactions took place in-store, 

with the remaining being performed using the online channel. At the individual 

transaction level, in-store transacting is a more common method of purchasing 

groceries. Of the 12,600 online customers, 18.6% had performed only one online 

purchase over the 12 weeks. These customers have no observable pattern in their 

online purchasing and are ‘by chance’ customers. Approximately 17.7% had 

consistently transacted online at least once a week or more; these are consistent 

customers who habitually purchase their groceries online every week. Due to online 

transacting often being high value, it is sensible that these make up a small proportion 

of all observed transactions. Although, during 2018, when this data was recorded, 



- 90 - 

online was one of the fastest growing shopping channels in the UK grocery market 

and made up 7% of all grocery transactions (Mintel, 2019). In the same year, the 

Leeds LAD was found to have a lower usage of online transacting compared to other 

areas in Yorkshire and the Humber despite having a considerably large number of 

grocery stores (Kirby-Hawkins et al., 2018; Hood et al., 2020). As Leeds contained 

around 35.8% of all Sainsbury’s customers, this could be why so few transactions 

took place online compared to the UK average. Other factors may impact this, such 

as the time of year the dataset is from; seasonality impacts are not captured which 

could present alternative results, customers transacting outside the West Yorkshire 

boundary, or Sainsbury’s customers transacting at other grocery retailers for their 

online food shops. For in-store and online transactions, most transactions occurred 

on a weekday at 74.8% and 72%, respectively. As the weekend only comprises of 2-

days in a 7-day week, fewer transactions during the weekend are expected. Overall, 

most transactions took place in-store and on weekdays. 

Considering that the proportions of transactions split by day type and channel vary, 

Figure 4.3 provides context regarding when those transactions took place using the 

time of day variable. The time of day purchasing patterns for in-store transactions are 

similar between weekdays and weekends, with over 50% of transactions occurring 

during the afternoon. Despite the afternoon period only covering 6 hours, the dataset 

suggests that this is the most common time for customers to perform grocery 

transactions. The morning time of day period accounted for almost 1/3rd of in-store 

transactions, and the evening period experienced much less for both weekdays and 

weekends. Considering these data are at the transaction-level, it is integral to analyse 

the type of baskets purchased at these varying times of the day. The high volume of 

afternoon transactions is from customers buying food ‘for now’ or ‘top-up’ baskets due 

to their lower monetary value and containing food to be eaten soon. 
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Figure 4.3 Proportional breakdown of transactions by day type, channel and time of 

day (%). 

Some general assumptions can be made from the data presented in Figure 4.3 and 

academic literature regarding the temporality of consumer purchasing (Elms et al., 

2010; Thompson et al., 2012; Berry et al., 2016). Firstly, focusing on weekends, it is 

essential to acknowledge that  all supermarkets on Sundays have much shorter and 

stricter opening hours due to UK Sunday trading restrictions in England (gov.uk, 

2022). Therefore, fewer transactions would be observed during the weekend evening 

and instead would take place in the morning or afternoon. Secondly, focusing on 

weekdays, it is vital to acknowledge the typical working hours of employed customers. 

Sainsbury’s does not hold personal data for their customers; therefore, assumptions 

can only be made regarding where customers are located during different time 

periods. On weekdays, many customers are most likely to be  at places of work for 

half of the morning and most of the afternoon, on the assumption of a standard 9-5 
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working day. A significant proportion of transactions during these hours are most likely 

frequently purchased ‘for now’ and ‘top-up’ baskets in which customers purchase food 

for their breakfasts or lunches, or purchase food to be taken home to be eaten later 

that day. 

In comparison, around ~94% of online transactions occurred during the morning 

regardless of day type due to how Sainsbury’s records online purchases in their 

database. During the internship at Sainsbury’s, it was found that almost all online 

transactions are processed on the morning of the delivery day once payment has 

been received. Although the grocery delivery may happen anytime during the day until 

11pm, the payment is almost always taken in the morning or once the order has been 

picked and packed for delivery. From this analysis, it can be determined that day type 

and time of day variables are less significant for online transactions but are important 

for in-store transacting. 

Despite having rich information for these transactions, little information can be 

retrieved for online transactions. Online is an ever-growing channel, notably during 

the Covid-19 pandemic, yet it is not easy to mine unique observations about these 

transactions and the types of customers who perform them. Further data regarding 

who these customers are such as demographics would be helpful, or understanding 

how online transactions are allocated to stores for picking and packing. 

Temporally, consumer behaviours differ between weekdays and weekends, and with 

time of day, notably for in-store transactions. Table 4.7 provides a breakdown of in-

store transactions, including the basket type variable and the time of day variable, for 

a temporal insight into the types of transactions made. The basket type variable 

indicates the purpose of the transaction with, ‘for now’ being food products often 

purchased ‘on the go’. ‘Top-up’ baskets contain food that will be consumed within a 
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few days or a mix of ‘on the go’ and ready to eat food products, and ingredients that 

form parts of larger meals. ‘Main’ baskets contain food for many days and are high-

value transactions that are often performed on a more habitual basis. Focusing 

primarily on weekday mornings, most transactions were categorised as ‘for now’ at 

13.3%, followed by ‘top-up’ baskets at 10.2% (Table 4.7). As stated, these 

transactions are most likely to be food purchased for on then go or to be consumed 

later in the day. It is assumed that these transactions predominantly take place near 

the customer’s place of work.  

Similarly, most afternoon transactions were categorised as ‘for now’ and ‘top-up’ 

baskets, at a much higher percentage compared to mornings. These frequent 

transactions comprise most of the transactions in the dataset and occur during the 

typical lunch break between 12p and 2pm. Evening transactions took place less often 

in general and still followed a similar trend regarding basket type. The top-level 

analysis of this dataset primarily shows that the most common time for a transaction 

to take place is during an afternoon, for ‘for now’ and ‘top-up’ baskets. Similar findings 

were found when analysing weekend only in-store transactions regarding basket size 

and time of day. 
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Table 4.7 Proportion of in-store transactions for basket type split by day type and time 

of day variables.  

Basket Type 
Weekday In-store 

Total 

Morning Afternoon Evening 

For now 13.3% 23.0% 7.9% 44.2% 

Top-up 10.2% 22.0% 7.2% 39.4% 

Main 5.1% 8.9% 2.4% 16.4% 

Total 28.6% 53.8% 17.6% 100% 

These frequent transactions will make up a large part of consumer behaviours; 

however, it is hypothesised that there are clear segments of customers who perform 

these common transactions alongside other types, based not only on temporality but 

also spatiality. These observations will be considered when segmenting customers 

into consumer type groups in Chapter 5. 

To incorporate spatiality in the analysis, Figure 4.4 presents the variation in the 

number of transactions over distance (km) between customer homes (using PWC OA 

points) and the stores they visited split by day type and time of day. The maximum 

distance observed in the dataset is 52km; however, these are not included in the 

figure as the same pattern continues from 20km onwards. The three most common 

distances observed in the dataset for all transaction types occurred at 0.3km, followed 

by 0.5km and 1.4km. Customers tend to travel locally for their groceries regardless of 

when they transact, and their transactions further away from home become less 

frequent. All transactions follow a similar pattern, with peaks at 2km, 4.5km, and 

become less dramatic from 7.4km onwards. The distance variation becomes much 

less drastic from 2km onwards for weekend evening transactions, though these 

transactions occur the least often. As highlighted in the literature (Byrom et al., 2001; 
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Waddington et al., 2018), customers tend to purchase groceries at their most local 

store, or favourite brand. This is observed in the dataset as customers mostly shop 

locally at all times of the day. The weekday afternoon transactions, however, have a 

much further distance overall, correlating with the hypothesis that customers are 

making smaller value transactions while at work and not near home. The increase in 

transactions at 4.5km could highlight a group of customers who reside within a specific 

area who all tend to travel to a specific city or place for their afternoon baskets. The 

clustering process will likely highlight these groups in the next chapter. At the 

aggregate level, it is challenging to identify nuances in the dataset due to the 

overbearing number of weekday afternoon transactions. Therefore, the following 

section considers the dataset from the store-level perspective. These analyses will be 

used to better understand the consumer type groups identified later in this thesis.  

 

Figure 4.4 Total number of transactions by distance (km) split by day type and time 

of day. 
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4.2.5 Transaction data: store-level overview 

To grasp the relationship between store performance (i.e., the number of transactions 

that took place) over the 12 weeks, Figure 4.5 presents an overview of supermarkets 

that fulfil online orders. Around 99% of the transactions that took place online were 

categorised as basket type ‘main’; this is likely due to the minimum order value of 

online orders and delivery cost increasing the transaction price (Sainsbury’s.co.uk, 

2023a). Removing the delivery cost from the online transactions to calculate the true 

value of the basket was considered, however, Sainsbury’s use variable pricing for its 

delivery slots, hindering further insight. Figure 4.5 shows that more transactions occur 

on a weekday than a weekend because there are only two weekend days within the 

7-day week. Despite there being over half the number of weekdays, weekends still 

experience a relatively large number of transactions. Two stores that stand out the 

most amongst the rest in terms of the total number of transactions (weekday and 

weekend together): White Rose in Leeds’ White Rose Shopping Centre, which 

delivered 19,029 transactions, and Shorehead in Kirklees (next to Huddersfield town 

centre label in Figure 4.2) which delivered 17,632 transactions. These stores, and the 

Halifax town centre store in Calderdale delivered the farthest transactions compared 

to all other stores. These three stores act as hubs for online delivery to households 

within West Yorkshire, as they are also some of the largest stores by sales area 

(Figure 4.2). Shorehead stands at 63,200 ft², followed by Halifax at 52,600 ft², and 

White Rose at 50,600 ft².  

Wakefield Marsh Way has the largest store size within the dataset, with an enormous 

78,000 ft² sales area, yet it does not deliver the most online transactions. Perhaps 

due to being located relatively close to White Rose, Wakefield prioritises home 

deliveries on the outskirts of West Yorkshire, in which those transactions are not 
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captured in the dataset. White Rose and Shorehead stores generated the most 

revenue during the 12-week period in terms of online Nectar card linked sales, 

representing 52.9% of online revenue, with the rest split across four stores. The type 

of customers that shop at these stores for online orders will be identified in Chapter 

5, linking their transactions to stores spatially. The analysis of this dataset is used to 

support the model development process in Chapter 6 when assigning online 

transactions to stores based on time of day and for assigning transaction value. 

 

Figure 4.5 Total number and percentage of transactions that took place online, 

including distances between the customer’s home address and the store delivered 

their online order (km). Bar length shows the total number of transactions, bar text 

and colour show the proportion regarding time of day. 

Focusing primarily on in-store transactions, Figure 4.6 captures the proportion of 

transactions in different LADs. For all LADs, at least 76.9% of all transactions occurred 

at a store within the same LAD, with most districts having a much higher proportion. 

Customers in Bradford transacted in a broader range of districts compared to others, 

with their second highest transacted district being Leeds at 13%, followed by 
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Calderdale at 8.6%; this is likely due to the location of Sainsbury’s stores in Leeds 

and Calderdale along Bradford’s district boundary (Figure 4.2). Bradford has many 

urban areas without a Sainsbury’s store, which may be why these customers seek 

further afield for their groceries. The least interacted districts were Wakefield and 

Bradford, mostly likely due to these districts not sharing a boundary, therefore not 

capturing local cross-boundary interactions. Cross-district transactions are frequent 

in this dataset due to a mix of store locations, store attractiveness, and the fact that 

district boundaries are arbitrary, with no  physical boundary on the ground preventing 

customer flows. For example, Leeds is a large city that draws customers from all 

different districts, acting as a hub. 93.6% of Leeds’ customers transacted within 

Leeds, most likely due to the abundance of Sainsbury’s stores and having a higher 

population count. Other districts will likely have more local stores that are competitors 

to Sainsbury’s, drawing customers there instead. Unfortunately, this study cannot 

access competitor data; therefore, these predictions cannot be analysed but only 

theorised. The second highest out-of-district flow of transactions is from customers in 

Wakefield transacting in Leeds at 9.2%, followed by Calderdale customers transacting 

in Kirklees at 8.5%. These transactions are likely smaller value baskets performed by 

workers and students inside these small towns.  
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Figure 4.6 Proportion of in-store transactions by customers in each Local Authority 

District into stores in each Local Authority District (%). 

Figure 4.7 presents an overview of all transactions that took place in-store in non-

residential locations, including city and town centre stores and retail park stores. Over 

the 12 weeks, Shorehead supermarket in Kirklees experienced the highest % of 

transactions at 17.2%. Shorehead, on average, also had the most extensive distance 

travelled between the customer’s home (PWC OA point) and the store and had the 

highest proportion of ‘main’ basket types for both weekdays and weekends; this is 

likely due to the store being a hub for Kirklees customers and its large sales area 

(discussed later in Figure 5.5). In general, all stores had a shorter distance travelled 

for weekend transactions, reflecting fewer workers travelling into the city compared to 

weekdays. The most notable finding of Figure 4.7 is the dominance of ‘for now’ basket 

type transactions in the dataset. For all convenience stores within city and town 

centres, between 80% and 94% of transactions were baskets categorised as ‘for now’, 

with the other transactions being ‘top-up’ baskets. The number of ‘for now’ and ‘top-
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up’ baskets reflect the nature of convenience stores with a considerably smaller 

product assortment and are likely to have smaller provision of car parking, making it 

difficult for customers to transport ‘main’ baskets home. Additionally, these stores also 

have a higher proportion of transactions that take place on weekdays reflecting the 

influx of worker purchases.  
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Figure 4.7 Summary of in-store transactions in non-residential locations split by day 

type, basket type. Percentages are of basket type by day type, followed by total 

number of transactions over the 12-week period and finally distance boxplots. 
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Leeds train station is the busiest train station in the north of England and England’s 

second-busiest outside of London (Office of Rail and Road, 2018). The inflow of 

customers to this station significantly benefits Sainsbury’s as customers looking to 

buy food ‘on the go’ have limited store choices (Karamshuk et al., 2013). Customers 

arriving at Leeds train station will come from areas around Leeds, West Yorkshire, 

and the entire country. Fortunately, Sainsbury’s has a local store within the Leeds 

train station and has the highest proportion of all transactions out of convenience 

stores on weekdays (Figure 4.7). The Leeds Station store is unique because it is one 

of the few stores in the dataset mainly visited during a journey rather than a store 

close to a customer’s home or destination (Hood et al., 2016). Stores like Leeds 

Station create difficulties when creating an individual-based model, as it is notoriously 

difficult to simulate individual customers’ movements in general, especially when 

related to consumer behaviour (Torrens, 2023). Figure 4.8 provides a context of 

where customers of the Leeds Station store resided at the PWC OA-level. Over the 

12 weeks, 21,647 individual transactions occurred at this store, coming from 3,281 

different OAs across West Yorkshire. Incorporating such a unique store within an 

individual-based model is not easy, and the difficulties of this are further discussed in 

Chapter 7. 
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Figure 4.8 Map of customer transactions counts between OAs and the Leeds 

Station store. The black outlined circle is the store, and each smaller dot represents 

PWC OAs where customers reside. 

Another key feature of this data is the basket type breakdown for Leeds’ Headrow 

supermarket in the city centre. Despite being a supermarket with a comprehensive 

product range, this store predominantly sold ‘for now’ baskets (80%) and only 1% of 

‘main’ baskets. These observations are likely due to the store’s location, on a busy 

street in the city centre with many customers. Similarly to the Leeds Station store, the 

Headrow Sainsbury’s had customers visiting from 3,846 unique OAs across all 

districts of West Yorkshire. Many of these transactions are performed by different 

customers and occur once in the 12 weeks at an OA. While customers travel from 

afar and shop at these stores, this is not necessarily a shopping habit but more of a 

‘by chance’ transaction. These observations would ideally be incorporated in an 

individual-based model, but deciding customers are making those transactions is 

challenging. 
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The final observation of interest is the proportion of ‘main’ baskets at Halifax’s town 

centre supermarket and Shorehead in Kirklees. Despite being in town centres, both 

these stores experienced high proportions of ‘main’ transactions on weekdays and 

weekends. This is likely because these large stores are Sainsbury’s supermarket 

hubs for the small towns and are located around a cluster of Sainsbury’s customers 

(Figure 5.5), provide a full range of in-store services, and substantial parking space 

despite being located in town centre locations. From this analysis, understanding 

store class is insightful but is paramount in conjunction with store locations and the 

types of areas they are located. City centre stores are a large target for drawing in 

workers for ‘for now’ and ‘top-up’ transactions for convenience stores and 

supermarkets. Supermarkets in city and town centres follow a similar pattern, with 

some stores capturing more ‘main’ transactions, primarily due to their location and 

product range. 

4.3 Chapter 4 summary 

The loyalty card-linked transaction data provided by Sainsbury’s are rich regarding 

where, when, and how and potentially why these particular customers have 

transacted in West Yorkshire over the three months. Based on those factors, we have 

been able to make some inferences about why, though we should treat these 

interpretations with some caution. Despite their richness, these data have some 

notable limitations. It is acknowledged that the information the loyalty card dataset 

provides is for only those who transacted at a Sainsbury’s store, and their actions 

elsewhere at other retailers are unknown. Those customers captured in the dataset 

will shop at other retailers for groceries, and the profiles of those transactions may 

vary greatly compared to their behaviours at a Sainsbury’s store. Additionally, the 

customer’s transactions at other Sainsbury’s stores outside the case study area are 
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not captured, even if they transacted at a store that falls just outside West Yorkshire’s 

boundaries. The modifiable aerial unit problem (MAUP) likely skews customers 

assumed behaviours as customers who made few transactions over the 12 weeks 

may also transact at a Sainsbury’s store just outside the county boundary. To combat 

the issue of MAUP, stores located within a buffer zone around West Yorkshire may 

have been incorporated; however, the study collaborator did not provide this data. It 

was agreed that a closed study of these customers and stores was sufficient for this 

study and the collaborator’s needs. Finally, as discussed in Rains and Longley (2021) 

the loyalty card transaction dataset only captures those transactions in which the 

customer scanned their Nectar card. Not all customers use their Nectar cards 

consistently, whether due to the scanner being broken, saving time by not scanning 

their cards, or not feeling like it is worth scanning when purchasing lower value 

baskets such as ‘for now’ basket types (as discussed in section 3.3.1). 

The transaction dataset used in this study has clear benefits and insights into known 

customer behaviours, linking each transaction to an individual cardholder. The 

limitations of these data are considered throughout this thesis’s analysis, notably 

during model building and discussion. This novel dataset allows researchers to 

explore what we can observe and use these empirical data to create empirically 

validated models. This concludes chapter 4 and ultimately achieves aim 2 and 

objective 3.  
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Chapter 5 Inferring consumer typologies 

The following chapter discusses the methodological approach to segment the 

customers observed in the loyalty card-linked transaction dataset into distinct 

consumer type groups based on their shopping behaviours. This chapter particularly 

supports the attainment of the second aim outlined in section 1.2; via the completion 

of objective 4: 

To segment the observed customers into consumer type groups based on their key 

behaviours regarding transaction frequency, store and channel choice, and purchase 

purpose, i.e., basket type. 

As discussed in section 2.3, customer store choices regarding store location, the 

shopping channel used, and the basket type purchased are key indicators of 

consumer behaviour, all in conjunction with time. Customer behaviours vary from day 

to day as shopping needs differ. However, every week, there tends to be a pattern in 

habitual shopping behaviour, such as the ‘main’ weekly shop, whether online or in-

store. The segmentation of the customers in the dataset aims to identify distinct 

grocery consumer type groups, with each differing in their consumer behaviour, 

whether that distinction is in the channels used, the times they make their purchases, 

how often they purchase groceries, or how far they travel between home and stores.  

The attainment of this aim allows for direct progression toward the completion of aim 

5: 

To perform data mining on the customer segments, identifying the probability of 

making a transaction at any given time based on their linked loyalty card transactions.  

The customer type groups identified in section 5.5 are analysed to derive probabilities 

for the individual-based model. 
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5.1 Preparing for customer segmentation 

The different customer groups by channel (in store versus online) were first 

investigated to prepare the loyalty card-linked transaction data for clustering. As 

previously mentioned, online-only customers made up 2% of the 216 thousand unique 

customers in the dataset, and multi-channel shoppers made up 4%. As these groups 

both represent such small percentages of the customer database, each group was 

deemed an individual cluster in their own right. These groups were still clustered for 

testing to explore whether there are distinct groups within them; although, little 

variation was found and were ultimately deemed as individual clusters. Online-only 

shoppers had variables/shopping indicators removed before clustering due to needing 

to be more suitable and accurate. The variables not included for online shoppers were 

the distance between home and store(s) visited as these customers did not travel 

themselves (this information does provide insight into how Sainsbury’s may assign 

their online picking and packing stores to different OAs, but this is beyond the scope 

of this thesis). The time of day variable was also not included, as mentioned previously 

in section 4.2.3; these data are almost always assigned as a morning transaction 

regardless of when the order was delivered. The multi-channel shoppers had all 

variables included from Table 4.5 for clustering, and for transactions that took place 

online, distance and time of day variables were set to null to not be included in the 

clustering as this would distort the results due to the prevalence of both online and in-

store transactions by each customer. Finally, the in-store-only shoppers had all 

shopping indicators included, as each one applies to every transaction made. 

Using Pearson’s coefficient, the relationships between variables were explored to 

ensure the data were logical (Gautheir, 2001). For example, positive correlations were 

found between ‘main’ baskets (large value transactions containing ingredients for 
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large meals) and online transactions and negative for ‘for now’ baskets and online 

transactions. Due to the minimum spend of online shopping baskets, a transaction 

should not be classified as an online and a ‘for now’ shopping basket unless captured 

as a user error or another unknown reason. The relationship between weekend and 

evening transactions was understandably weak due to the UK’s trading hour 

restrictions on Sunday (gov.uk, 2022). No significant peculiarities were found within 

the data; all variables were carried over to the clustering process. 

5.2 Customer segmentation using k-means clustering 

A popular method of identifying clusters within data is k-means clustering. K-means 

clustering is an unsupervised algorithm that makes inferences from data using only 

input vectors, grouping similar data points to discover underlying patterns (Macqueen, 

1967; Lloyd, 1982; Kanungo et al., 2000). A set number of clusters must be pre-

determined for this method; then, each data point is classified by the computed 

distance in feature space between all other data points and cluster group centres 

using the mean averages; the point is assigned to a cluster group depending on which 

centre point is the closest. Each group centre is then recomputed by taking the mean 

of all vectors in the group. This is repeated over several iterations until comparable 

results are continually reproduced. K-means clustering has proven to be successful 

with a variety of geodemographic datasets (Gale et al., 2016; Hincks et al., 2018; 

Burns et al., 2018), including customer segmentation (Sturley et al., 2018; Syakur et 

al., 2018; Kansal et al., 2018), and was therefore used within this study. Alternative 

clustering methods were considered, such as hierarchical clustering and expectation-

maximization Gaussian mixture models, which both have unique benefits. However, 

they both have major drawbacks regarding time complexity, inefficiency, and inability 

to operate with large datasets (Qi et al., 2016). K-means clustering offers a much 
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shorter execution time, much tighter clusters, and requires a lower amount of 

computational power for vast datasets (Kanungo et al., 2000). Considering the 

transaction dataset contains 2.6 million transactions, k-means was deemed the most 

suitable method. One of the most important user-driven decisions when applying k-

means is the determination of the optimal number of clusters (k). The next section 

outlines how the number of clusters was determined in this application. 

5.3 Determining the number of clusters 

The k-means clustering algorithm was applied to each customer group: online 

customers, multi-channel, and in-store. Due to the small number of customers in the 

online group, the k-means clustering algorithm struggled to identify distinct and unique 

groups; therefore it has been considered as a single cluster. The algorithm also 

struggled to cluster the multi-channel customers for the same reasons, identifying 

minor variations in behaviours between those who use both shopping channels. 

Consequently, the in-store-only group was put through the clustering algorithm, which 

successfully identified multiple groups that did express differing shopping behaviours.  

The k-means clustering algorithm was executed to consider 2 to 10 clusters and were 

analysed using both the Adjusted Rand Index (ARI) (Yeung and Ruzzo, 2001) and 

Calinski-Harabasz Index (CHI) (Klein et al., 2018) methods as set out in (Putler and 

Krider, 2012). Before executing the algorithm, z-scores were calculated and used for 

each variable to standardise the data, as the variables are a mix of percentages and 

counts. The k-means clustering algorithm was executed seven times, each run using 

100 bootstrap samples of the dataset. Each run of the algorithm created multiple 

replicates of the dataset to infer the uncertainty and confidence intervals related to 

the data to determine the number of clusters to use in the k-means clustering 

algorithm. More samples and executions of the algorithm will result in a higher 
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accuracy of the chosen cluster groups; however, it does cause exponential growth in 

processing time. After running the algorithm, it was found that 100 bootstrap samples 

at seven repetitions resulted in an ideal trade-off between processing time and tight 

clusters for this dataset after calculating the ARI measure (Figure 5.1). To assess the 

output of the k-means algorithm, box plots were created for the ARI and CHI, 

presented in Figure 5.1. The Adjusted Rand Index measures the similarity of data 

points within each cluster, indicating how stable and reproducible the clusters are 

using various samples and starting seeds (Santos and Embrechts, 2009). Values 

closer to zero indicate more dissimilar clustering; therefore, the higher the value, the 

more similar the data are within the cluster. The clustering output suggests that there 

are two distinct segments of customers within the dataset at means of 0.97 and 0.94 

and that the next best solution is segmenting into 5 clusters with a mean of 0.73. To 

further support the decision of choosing the number of clusters, the Calinski-Harabasz 

Indices are considered. The CHI measures how separated the clusters are; the higher 

the value, the more distinct the clusters are (Klein et al., 2018). Like the ARI analysis, 

the 2-cluster solutions produced the most considerable distinctions between the 

clusters, with the following best being 5 clusters (Figure 5.1). 
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Figure 5.1 Adjusted Rand Index and Calinski-Harabasz Indices Boxplots for 

consumer type classification. These are for in-store customers only as multi-channel 

and online clusters have been established separately. 

Whilst the 2-cluster solution is suggested as the best solution by the ARI and CHI 

results, running this solution of the entire dataset and investigating the results merely 

points to this approach being able to separate customers who shop at Sainsbury’s 

more and further away from home. This finding highlights that store distance and 

perhaps brand preference are notable factors in distinguishing differences between 

customers’ shopping behaviours and will make up key segments of customers in this 

dataset. However, this separation provides little additional colour to the variety of 

customer behaviours that the study wishes to identify and model. That is, to discover 
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behavioural traits amongst store distance and shopping frequency, channel choice, 

basket type and time. Further investigation of the results from each cluster runs from 

3 clusters to 10, resulting in choosing a 5-cluster solution. It was found that when 

using less than 5 clusters, slight variation was captured regarding time-related and 

basket type variables. Output using 6 clusters resulted in some segments with very 

few customers and therefore did not capture the generalised behaviours of groups of 

customers but rather the atypical behaviours of unique individuals. In doing so, this 

meant that the clusters were easily interpretable and valuable for examining shopper 

behaviour across the input variables. Coupled with the 5-cluster solution being 

amongst the best scores for the AR and CH indices, it was decided that this would be 

the best choice of clusters for our modelling purposes, which specifically sought large-

enough customer groups to be meaningful in a location planning context.  

5.4 Customer segmentation output overview 

All 216 thousand customers have been successfully segmented into a consumer type 

group based on their grocery purchasing behaviours over the 12-week period. Figure 

5.2 summarises the overall behaviours of the segmented Sainsbury’s customers, 

presenting the proportions of transactions under the different combinations of key 

consumer shopping indicators. At first glance, there is evident variation between 

consumer type groups, with group 1 being online-only shoppers, group 2 being multi-

channel shoppers, and the rest being in-store-only shoppers. The k-means clustering 

algorithm successfully identified varying behaviours between those who transacted 

in-store, especially against all key shopping indicators.  
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Figure 5.2 A high-level overview of the 7 consumer type group segments. Group 1 

are online only customers, group 2 are multi-channel customers, and groups 3 to 7 

are in-store only customers. Proportions are by day type, time of day, channel and 

basket type. The percentages are to be read by column. 
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5.4.1 Transaction frequency 

The k-means clustering algorithm incorporated both the total number of transactions 

that took place by each customer and the distances they travelled (distance from 

registered postcode to store location) for each transaction. These were further broken 

down into day type, time of day, channel and basket type. As shown in Figure 5.3, 

customers in differing groups transact in varying amounts. Transactions that took 

place by online customers are less frequent, mainly due to the reasons discussed in 

section 2.2; on average, customers purchased online groceries once per week, or 

every 8.6 days, with some customers performing them less often. Customers in 

consumer type group 2 are multi-channel shoppers, and on average, transacted 

online less than once a week and purchased in-store once or twice a week. These 

customers had an average of 4.8 days between each transaction. Those in consumer 

type group 5 had transacted the most frequently, between 3 to 5 times a week on 

average. Consumer type group 3 represents 67.56% in the dataset. Due to the high 

proportion of customers, the average days between transactions is skewed, and is 

difficult to interpret on an individual level. On average, these customers transacted 

every 5.8 days. Despite transacting the most frequently, consumer type group 5 only 

represents 3.45% of all customers, highlighting a small cluster of Sainsbury’s 

customers that frequently transact with the retailer. Those in groups 4 and 6 

transacted every 4.1 days, and those in group 7 transacted the most days often at an 

average of every 3 days. 



- 115 - 

 

Figure 5.3 Average number of transactions per customer within each consumer 

type group over the 12-week period split by shopping channel. 

5.4.2 Transaction distances 

For context regarding the distances travelled between customers’ homes and the 

stores they visited, Figure 5.4 provides a summary broken down into basket types. In 

all instances, customers in consumer type group 7 had travelled the furthest for their 

groceries, at least 7 kilometres for their ‘for now’ baskets. On average, these 

customers travelled 10.48km for ‘main’ purchases. These customers travel far from 

home and to reside in more rural areas. Customers in group 1 did not travel to receive 

their online groceries themselves, but their assigned stores were around 7km from 

their homes. Ideally, the ‘for now’ basket should not be in the dataset as only one 

transaction of that type took place in the whole 1.2 million transactions; this may be 

an error in the dataset. For all other in-store customers, most transacted around 3km 

away from home for most basket types. Our general understanding of grocery 

purchasing behaviour is that customers will swipe their loyalty card at the stores they 

most frequently purchase from (Waddington et al., 2018). These transactions are 
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often close to an area where a customer often visits, such as homes, workplace, or 

points of interest. For most in-store consumer type groups in this data, customers 

transact locally for ‘top-up’ baskets. Larger ‘main’ baskets are generally purchased 

further away from the customers’ homes; this could be due to customers living further 

away from their favourite grocery retailer, or that their closest supermarket happens 

to be a Sainsbury’s, something we cannot derive from the data. Unique behaviours 

are captured though, such as those in consumer type group 7 who travel the furthest. 

These customers transact the most frequent (Figure 5.3) yet travel the furthest away( 

Figure 5.4). These customers are highly likely to be visiting a particular location each 

week due to routines associated with work, education, leisure or other habitual 

behaviour, and purchase from a particular Sainsbury’s store close to that location, 

which may not be the closest store to home. 
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Figure 5.4 Average distance travelled by basket type for each consumer type group 

over the 12-week period (km). 

5.4.3 Transaction scenario proportions 

Table 5.1 provides a breakdown of the combined variables by consumer type group 

for a micro-view of the consumer behaviours and how they differ. As discussed in 

section 4.2.1, insight into online consumer behaviours is limited due to how 

Sainsbury’s records online transactions. Analysing all groups, weekday transactions 

during the afternoon in-store tend to be the most common across most consumer type 

groups besides groups 4 and 5. Those in group 4 predominantly transact for ‘main’ 

baskets during a weekday evening or for ‘top-up’ shops during a weekend afternoon. 

For those in consumer type group 5, over one third of their transactions occurred on 

a weekend afternoon for ‘main’ basket types. These two consumer segments 

potentially use Sainsbury’s as their key grocery retailer to purchase the bulk of their 
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groceries. Those in group 6 primarily perform ‘main’ transactions during weekday 

mornings and afternoons, not fitting into the proportion of customers who transact 

outside of traditional work week hours. Consumer type group 3 contains most of the 

observed customers in the loyalty card-linked transaction dataset and has the widest 

variety of transactions across all in-store transaction scenarios. Although overall, 

customers in this group tend to seldom purchase their ‘main’ baskets from Sainsbury’s 

during the evenings, this will be explored further in the following sections. The final 

consumer type group, 7, experienced the most unique behaviours compared to other 

groups. These customers predominantly transacted for ‘for now’ transactions during 

weekday afternoons and evenings. They also transacted frequently for ‘for now’ 

transactions during the weekend afternoon. These observations, combined with 

distance data, should support in identifying unique group behaviours that are 

expected of grocery consumers. For example, it is expected that those in consumer 

type group 7 are commuters who purchase at Sainsbury’s stores near their place of 

work. Though data on customer workplace locations are not  available, inferences can 

be made. 
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Table 5.1 Consumer type group breakdown by day type, time of day, channel and 

basket type. The percentages represent the proportion of total transactions for each 

consumer type group, reflecting which transaction scenario was the most common. 

Transaction Scenario by Consumer Type 
Group 

1 2 3 4 5 6 7 

Weekday Morning Online For Now 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekday Morning Online Top-Up 0.8% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekday Morning Online Main 49.0% 15.7% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekday Afternoon Online For Now 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekday Afternoon Online Top-Up 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekday Afternoon Online Main 2.1% 1.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekday Evening Online Main 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekend Morning Online For Now 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekend Morning Online Top-Up 0.5% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekend Morning Online Main 45.2% 15.8% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekend Afternoon Online For Now 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekend Afternoon Online Top-Up 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekend Afternoon Online Main 2.3% 0.9% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekend Evening Online Top-Up 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekend Evening Online Main 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Weekday Morning Instore For Now 0.0% 4.1% 6.4% 2.3% 2.3% 4.3% 15.1% 

Weekday Morning Instore Top-Up 0.0% 3.4% 6.1% 2.3% 2.3% 9.6% 3.8% 

Weekday Morning Instore Main 0.0% 2.1% 1.2% 1.3% 1.2% 20.0% 0.7% 

Weekday Afternoon Instore For Now 0.0% 7.6% 12.5% 5.3% 5.1% 5.0% 21.7% 

Weekday Afternoon Instore Top-Up 0.0% 8.0% 13.4% 8.7% 9.0% 10.1% 9.6% 

Weekday Afternoon Instore Main 0.0% 4.0% 3.2% 7.0% 6.0% 18.8% 2.1% 

Weekday Evening Instore For Now 0.0% 2.4% 4.8% 4.3% 1.9% 0.8% 5.3% 

Weekday Evening Instore Top-Up 0.0% 2.5% 4.2% 11.0% 3.2% 1.0% 2.7% 

Weekday Evening Instore Main 0.0% 1.2% 0.5% 15.1% 1.3% 0.7% 0.4% 

Weekend Morning Instore For Now 0.0% 2.7% 5.6% 2.1% 1.5% 3.5% 7.3% 

Weekend Morning Instore Top-Up 0.0% 3.6% 6.4% 3.4% 3.0% 5.4% 3.3% 

Weekend Morning Instore Main 0.0% 3.1% 3.4% 4.3% 6.8% 6.0% 1.5% 

Weekend Afternoon Instore For Now 0.0% 5.2% 10.2% 5.1% 4.5% 3.3% 12.1% 

Weekend Afternoon Instore Top-Up 0.0% 7.9% 12.9% 11.3% 12.4% 5.8% 7.8% 

Weekend Afternoon Instore Main 0.0% 5.7% 3.4% 8.6% 36.0% 4.5% 2.2% 

Weekend Evening Instore For Now 0.0% 1.3% 3.0% 1.6% 0.7% 0.4% 2.8% 

Weekend Evening Instore Top-Up 0.0% 1.2% 2.4% 3.4% 1.2% 0.6% 1.5% 

Weekend Evening Instore Main 0.0% 0.5% 0.5% 2.7% 1.6% 0.3% 0.3% 

 

 



- 120 - 

5.4.4 Demographic breakdown of consumer type groups 

The group-level OAC dataset was used to explore the demographic relationships 

between customer segments (Table 5.2). From this, we can determine if certain 

demographic groups have diverse types of shopping behaviour as reported in our 

consumer type groups which are explored further in the next section. The most 

prominent finding of Table 5.2 is that Sainsbury’s customers in West Yorkshire are 

primarily customers who belong to groups in OAC 5 and 6, which are households 

located in urban and suburban areas that are considered mixed in affluence, reflecting 

the general branding of the supermarket and its typical store locations in this region. 

Slight demographic variation is found in consumer type group 7 compared to other 

groups; some in-store customers are also located in ‘rural areas’ (group 1b) and in 

‘industrious communities’ (8a). The OAC data presented here will support the writing 

of pen portraits of the consumer type groups in the following section: 5.4.5. 
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Table 5.2 Proportion of consumer type groups by ONS Output Area Classification. 

Data Source: (Office for National Statistics, 2018). 

Output Area 

Classification  

Group Code 

Output Area Classification 

Group Labels 

Consumer Type Group 

1 2 3 4 5 6 7 

1a Farming Communities 1% 1% 0% 0% 0% 0% 1% 

1b Rural Tenants 4% 5% 2% 4% 4% 5% 7% 

1c Ageing Rural Dwellers 1% 0% 0% 0% 1% 1% 1% 

2a Students Around Campus 2% 2% 2% 1% 1% 0% 1% 

2b Inner-City Students 1% 1% 1% 0% 0% 0% 0% 

2c Comfortable Cosmopolitans 1% 1% 1% 1% 1% 0% 1% 

2d Aspiring and Affluent 0% 0% 0% 0% 0% 0% 0% 

3a Ethnic Family Life 0% 0% 1% 0% 0% 0% 0% 

3b Endeavouring Ethnic Mix 0% 0% 0% 0% 0% 0% 0% 

3c Ethnic Dynamics 0% 0% 0% 0% 0% 0% 0% 

3d Aspirational Techies 0% 0% 0% 0% 0% 0% 0% 

4a Rented Family Living 4% 4% 6% 5% 4% 3% 3% 

4b Challenged Asian Terraces 2% 2% 4% 3% 3% 2% 3% 

4c Asian Traits 2% 3% 3% 3% 3% 2% 2% 

5a Urban Professionals and Families 18% 20% 18% 19% 20% 16% 19% 

5b Ageing Urban Living 11% 10% 9% 10% 10% 11% 8% 

6a Suburban Achievers 11% 11% 9% 11% 12% 15% 7% 

6b Semi-Detached Suburbia 23% 25% 22% 24% 26% 29% 23% 

7a Challenged Diversity 3% 2% 3% 3% 2% 2% 2% 

7b Constrained Flat Dwellers 0% 0% 0% 0% 0% 0% 0% 

7c White Communities 1% 1% 1% 1% 1% 1% 1% 

7d Ageing City Dwellers 1% 1% 1% 1% 0% 1% 1% 

8a Industrious Communities 6% 5% 5% 4% 5% 4% 8% 

8b Challenged Terraced Workers 2% 2% 2% 2% 2% 1% 2% 

8c Hard-Pressed Ageing Workers 3% 3% 4% 3% 3% 3% 4% 

8d Migration and Churn 3% 3% 4% 3% 3% 2% 4% 
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5.4.5 Spatial context of grocery consumers 

Figure 5.5 provides an insight into the locations where Sainsbury’s customers resided 

(registered address for their loyalty card) during the 12 weeks for which Nectar card 

data have been collected. Ideally, total count numbers would not be used to create a 

choropleth map; however, the purpose of this map is to present the general 

geographical overview in which the customers within the loyalty card dataset lived. In 

conjunction with mapped store locations, the map indicates that more customers tend 

to be clustered around Sainsbury’s Supermarket stores (Figure 5.5). This is logical 

and coincides with other studies, such as Waddington et al. (2018) found that loyalty 

card customers tend to shop at their most local stores. Stores within the city centres 

of Bradford and Leeds seem not to have as many customers nearby; this is potentially 

due to multiple factors, such as the cities containing many competitors in the area and 

not as many people residing in city centres.  

On the other hand, Bradford does not have many Sainsbury’s supermarkets in its city 

centre, and only Sainsbury’s Locals (convenience stores), which provide a smaller 

selection of products. From these data, Sainsbury’s customers observed within the 

dataset appear to reside near the larger supermarkets and further away from the 

Sainsbury’s Locals. At this point, transactions that take place at Sainsbury’s Local 

stores in city and town centres are expected to be performed by customers who live 

far away and transact during the working week. Data regarding where the observed 

customers work is unavailable; only logical assumptions can be made based on the 

evidence presented. 
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Figure 5.5 Count of total number of customers in the loyalty card-linked transactional 

dataset provided by Sainsbury’s using their Nectar loyalty card scheme. Sainsbury’s 

store points sizes vary based on floorspace, with larger symbols indicated a higher 

sales area. 

The following sequence of figures and paragraphs goes through each unique 

consumer group, providing summaries about these groups, including their 

geographical locations, transaction scenarios, and links to their likely demographic 

supergroups. The subsequent series of maps show the percentage of Sainsbury’s 

customers in the dataset that belong to each consumer type group by OA. Some OAs 

have a very low count of customers within our dataset, and so the maps presented in 

section 5.5 should be interpreted with reference to figure 5.5. 
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5.5 Pen portraits of consumer type groups 

When creating geodemographic classifications, a standard approach is to interpret 

each unique consumer type group and provide a label related to the observations. 

Each consumer type group is presented in further detail in this section and is provided 

with geographical context. Radial charts are often created with classifications to 

visualise each variable’s average values. However, as the research presented here 

contains numerous variables, these charts are notoriously difficult to create and 

interpret. Therefore, the following sections provide a descriptive analysis of each 

consumer type group regarding each variable used in the clustering process, the 

distances customers travelled, the socio-demographic characteristics of the areas 

they reside within, and maps to visualise their presence in West Yorkshire. 
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5.5.1 Consumer type group 1: Weekly Clickers 

 

Figure 5.6 Percent of Consumer Type Group 1 customers by Output Area. 

This consumer type group represents only 2% of all customers, who, on average, 

transact once at a week, with 99% of their transactions categorised as a ‘main’ shop 

(Figure 5.2). Unfortunately, little insight is provided regarding the temporality of these 

consumers’ behaviours due to online transactions being assigned to the morning 

period by Sainsbury’s. However, this data can be helpful for Sainsbury’s when 

assigning customer deliveries from their store network. As shown in Figure 5.6 and 

Table 5.2, these customers largely reside within the suburbs, with 4% living in more 

rural areas. These customers tend to reside far away from Sainsbury’s stores, where 
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delivery drivers travel around 7km between the customer’s home and the store that 

prepared their delivery. The analysis of Sainsbury’s delivery network is beyond the 

scope of this thesis; however, these data can provide insight for those pieces of 

research. For more context, Figure 5.7 presents an overview of the interactions 

between online fulfilment supermarkets and online customers. Each yellow dot 

represents locations where customers live at the OA level. The mini maps show that 

online orders tend to be filled by the closest store that delivers them. However, some 

stores, such as Halifax’s supermarket and Shorehead, at some point delivered to  

customers in all 5-districts of West Yorkshire. This could be due to the lack of delivery 

drivers on a specific day or a fault with one of the more local stores, therefore, another 

store within the same ‘appraisal territory’ (a Sainsbury’s grouping of proximate stores 

to share online order fulfilment capacity) is fulfilling the online order. Studying this 

observation more thoroughly can support those researching Sainsbury’s online 

delivery network to understand better why some stores deliver across multiple  

districts. Relating back to the LCFS data (Table 4.2), analysis found that these 

customers, on average as a group, met the expected weekly expenditure 6 times out 

of the 12 weeks. The high sales value of online transactions means these customers 

are most likely to meet the expected spending on food and beverages each time they 

transact online. These customers are most likely purchasing the bulk of their groceries 

from Sainsbury’s, notably those who transact approximately once per week. Those 

who are purchasing their ‘main’ baskets from Sainsbury’s every 2 weeks or more at 

the LCFS expected value (Table 4.2) may be purchasing food items from other 

supermarket chains in-store. Without data evidencing this though, only logical 

assumptions can be made. 
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Figure 5.7 Consumer type group 1 (online customer) interactions between customer 

OAs and individual stores. Orange dots represent supermarkets, yellow dots are 

customer home locations. 
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5.5.2 Consumer type group 2: Clicks and Mortar 

 

Figure 5.8 Percent of Consumer Type Group 2 customers by Output Area. 

Representing 4% of customers, these customers, on average, transacted 2 – 5 times 

a week, with 67% of transactions taking place in-store (Figure 5.3). At least one 

weekly transaction was for a ‘main’ online basket, and the others were split between 

‘for now’ and ‘top-up’ baskets in-store. These customers performed most in-store 

transactions within 4.3km of their home’s OA and did most in-store transactions during 

a weekday afternoon (Figure 5.2). Customers within this consumer type group are 

most likely to live in suburban areas or be urban professionals and have families, 

according to the OAC (Figure 5.2). These customers are residents across all districts 
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in West Yorkshire and are the only group to purchase from Sainsbury’s both in-store 

and online. These customers are likely to be ‘loyal’ due to their frequent purchasing 

behaviour at the retailer, whether due to their brand preferences or distance from 

competitors. On average at the group-level, these customers met the weekly LCFS 

expected expenditure 4.2 weeks out of 12. These customers purchased their online 

transactions almost every week but did not follow a clear pattern compared to those 

in consumer type group 1. These customers are purchasing mixed baskets from 

Sainsbury’s both online and in-store but are most likely spending at other retailers too 

as they don’t always meet the weekly expected expenditure.   
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5.5.3 Consumer type group 3: Convenience Suburbanites 

 

Figure 5.9 Percent of Consumer Type Group 3 customers by Output Area. 

This consumer type group represents the larger number of Sainsbury’s customers in 

the dataset at around 68%. With customers across all districts, these customers cover 

the widest variety of geodemographic areas, except any areas classified as rural 

(Table 5.2). Due to the large number of customers in this group, it is unsurprising that 

a higher proportion of customers live in less affluent areas labelled as ‘rented family 

living’ or ‘challenged Asian terraces’. This consumer type group is almost a catch-all 

group that identifies all customers who transact at a Sainsbury’s store for smaller 

baskets only. Around 17-17% of all transactions by these customers took place on a 
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weekday afternoon in-store for ‘top up’ and ‘for now’ basket types, and on average, 

travelled 2.5km from home to transact. These customers also transacted for similar 

basket types on weekends and rarely purchased ‘main’ basket transactions. These 

customers are most likely not ‘loyal’ Sainsbury’s customers and prefer a different 

retailer for the bulk of their grocery purchases. For these customers, Sainsbury’s 

stores are more likely a place of transacting due to locality convenience and they 

would rather not travel further afield to a different store. In terms of the LCFS, this 

group did not meet the expected LCFS spend during any of the study weeks at 

Sainsbury’s (Table 4.2). This is not surprising as we infer that these customers are 

shopping at their local Sainsbury’s stores for food out of convenience as opposed to 

being their primary retailer for groceries. 
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5.5.4 Consumer type group 4: Small Town Shoppers 

 

Figure 5.10 Percent of Consumer Type Group 4 customers by Output Area. 

Around 4% of Sainsbury’s customers belong to consumer type group 4. These 

consumers frequently transact at a Sainsbury’s store multiple times a week and travel 

between 2 to 3.5km on average from their homes. Transacting during the morning is 

rare for these individuals, and they predominantly purchase ‘top-up’ and ‘main’ 

baskets on weekday evenings and weekend afternoons. Around 50% of customers 

transacted at a store in a residential area, followed by 47% in town centres. These 

customers transacted within various areas where stores are located, including retail 

parks. These customers shop locally around home and town centres but travel further 
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for weekend transactions. Customers in this group met the LCFS expected 

expenditure 4 weeks out of 12 on average. Considering the mixed types of transaction 

baskets performed by these customers, it was expected that they would meet the 

weekly expenditure more often. However, many customers in this group do not 

purchase main baskets on a habitual basis, therefore do not meet the weekly LCFS 

expected expenditure, bringing down the group’s average. Perhaps the customers in 

this consumer type group could be broken down further into those who purchase 

‘main’ baskets more regularly. Although, these customers make up such a small 

number of cardholders in the dataset that further segmentation may not bring much 

value at the macro-scale.  



- 134 - 

5.5.5 Consumer Type Group 5: Supermarket Weekend 

Warriors 

 

Figure 5.11 Percent of Consumer Type Group 5 customers by Output Area. 

Consumer type group 5 are unique, as these customers tend to favour a particular 

type of transaction. On average, over the 12 weeks, around 36% of all transactions 

by these customers took place on a weekend afternoon for a ‘main’ basket. 

Customers in this group transacted around twice a week, once for a ‘main’ purchase 

and the other times for an afternoon ‘top-up’ on weekends or weekdays. These 

customers met the weekly LCFS expected expenditure 5 weeks out of 12, mostly due 

to ‘main’ basket purchases. These customers were the most frequent to visit a 
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Sainsbury’s in-store store overall and are most likely shopping at the retailer for their 

‘main’ weekly grocery purchases.  

5.5.6 Consumer Type Group 6: If I need it, Sainsbury’s has it! 

 

Figure 5.12 Percent of Consumer Type Group 6 customers by Output Area. 

Consumer type group 6  frequently purchase their ‘main’ baskets from Sainsbury’s, 

especially during a weekday afternoon or morning, but do not transact during the 

evening or on the weekend. This group has more customers residing in Wakefield 

than all other groups. It has the highest proportion of customers living in the OAC 

group semi-detached suburbia and suburban achievers. It is difficult to explain why 

these customers purchase groceries from Sainsbury’s for such specific baskets at 
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certain times. They do not travel further than 3.86km on average and purchase their 

‘main’ food shops from Sainsbury’s. Interestingly, these customers do not transact on 

weekends. Due to their high proportion of ‘main’ basket purchases, these customers 

met the LCFS weekly expected expenditure amount for 6 weeks on average. These 

are high-value customers for Sainsbury’s, as their weekly transactions indicate they 

are purchasing most of their groceries from them. 

5.5.7 Consumer Type Group 7: Hungry and Far From Home 

 

Figure 5.13 Percent of Consumer Type Group 7 customers by Output Area. 

The 7th and final consumer type group is an incredibly distinct group of Sainsbury’s 

customers, representing 13% of all customers in the dataset. Around 66% of the 
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transactions these customers perform are classified as ‘for now’ transactions, 

indicating the purchase of ‘on the go’ meals such as meal deals, snacks, and lower-

value purchases. This is followed by ‘top-up’ transactions at 27%, including food 

purchases that will likely be eaten later or the next day. This group’s average distance 

between home and stores is the furthest, at around 7.3km to 10.5km (Figure 5.4). As 

this group is unique, the stores they visited were analysed and compared to other 

consumer type groups. One key store was identified, which experienced 58% of its 

transactions from consumer type group 7, and that was the Leeds Station Local store 

highlighted in Figure 4.8. Considering that these customers are predominantly located 

along the outer edges of the districts of West Yorkshire (Figure 5.2) and are most 

likely workers who purchase their lunches within the town and city centres, it is logical 

to assume that this consumer type group represents the commuting group of 

Sainsbury’s customers. Whether these customers work in Leeds city centre is 

unknown. However, as they are transacting at a train station, these transactions are 

opportunistic and likely part of a longer journey the customer is making. These 

customers are an integral find, backing the literature of multi-purpose shopping 

transactions and workplace food purchasing (Berry et al., 2016). These customers did 

not meet the weekly LCFS once during the 3 months, largely due to their low value 

yet frequent purchases. Customers within this segment are most likely transacting at 

other retailers for their groceries, and purchase from Sainsbury’s due to the store’s 

location to their destination.  

5.6 Chapter 5 summary 

This chapter has guided the reader through the clustering process performed in this 

thesis to derive consumer type groups. The k-means clustering algorithm successfully 

identified seven unique consumer behaviour typologies regarding the consumer’s 
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temporal and spatial choices. These customers vary regarding how often, where, and 

when they transact their shopping baskets and the stores they transact at. The 

addition of geodemographics provides an idea of the types of Sainsbury’s customers 

that reside within West Yorkshire based on the population they live within and how 

they differ based on shopping behaviours. This analysis presents how individualised 

behaviours can be aggregated to form groups of grocery shoppers who vary in terms 

of where they live, when they purchase their groceries, what channels they use, when 

they transact, and these relationships to basket type. From the county-level 

perspective, 41.2% of customers of this retailer in West Yorkshire fall within the ‘urban 

professionals and families’ and ‘semi-detached suburbia’ groups within the ONS’ 

geodemographic Output Area Classification (Table 5.2). This indicates that this 

retailer mainly attracts those who reside within suburban areas of the UK, who are 

most likely employed and have families, following similar research output in Clark et 

al. (2021). Other demographic groups do transact at this retailer, but less often. The 

segments identified in this study vary demographically, implying that demographical 

features such as affluence, accessibility, employment, and rurality play a key role in 

consumer behaviour depending on the brand being considered (Office for National 

Statistics, 2020b; Hood et al., 2020). 

Further work investigated each shopping indicator, comparing consumer type groups 

to the county level. It was found that customers in West Yorkshire shopped at the 

retailer relatively locally at 2 to 4km, visited between 1 to 2 stores, and transacted 

every 8.4 days. Out of all groups, customers in consumer type group 7 (Hungry and 

Far From Home) had travelled the furthest between store and home (by 10km+) 

compared to the county average and visited a wider variety of stores. Consumer type 

group 5 customers visited the most frequently at the county level. These customers 

mainly visit local supermarkets and are spread evenly throughout the county, residing 
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primarily in suburban family areas (Table 5.2). The ability to seek out and identify 

these unique consumer segments provides retailers with a deeper insight into the 

purchasing actions of their customers, linking transaction frequency, location, 

distance, and basket type with temporality. 

The findings regarding the online and multi-channel shoppers, identified as consumer 

type groups 1 ‘Weekly Clickers’ and 2 ‘Clicks and Mortar’, support the confirmation of 

the hypothesis that those who live more rurally are likely to use online for grocery 

purchase as discussed in Clarke et al. (2015). These customers who live away from 

towns and suburbs are most likely to reside on the outskirts of district boundaries and 

make use of the online services available. Understanding the spatial demand for 

online helps retailers plan their store network and adjust their stores to provide better 

access to delivery. Following the findings in Kirby-Hawkins et al. (2018) and 

Waddington et al. (2018), non-Sainsbury’s customers in these rural areas are likely to 

be using online grocery services provided by competitor retailers. Modelling the 

individualised behaviours of online customers can allow grocers to identify their most 

successful areas of demand and adjust their store network accordingly when 

competing with others.  

Customers in consumer type group 7 ‘Hungry and Far From Home’ are a unique group 

that represent those who transact at Sainsbury’s stores far away from home. Their 

distinct behaviour is likely linked to workplace location as their transactions are 

frequent and at stores close to city centres and retail parks. Research in Waddington 

et al. (2018) identified a specific store type that attracts workplace demand, which 

could possibly link the customers identified in consumer type group 7 to those stores 

in cluster group 2 in their work. Further work could combine the consumer clusters 

identified here, and the clustered stores presented in Waddington et al. (2018). This 
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would allow for a more sophisticated approach to modelling store allocation in the IBM 

presented here. Customers within consumer type group 7 could have behavioural 

rules that ‘pull’ them towards workplace demand stores. 

This study has successfully segmented customers into groups based on similarity, 

but it has limitations. Notably, being the coverage of transaction data, firstly, not all 

customers that own a loyalty card will swipe for every transaction, notably small 

baskets (Wright and Sparks, 1999). Secondly, some customers do transact at the 

grocery retailer who do not own a loyalty card, yet still generate a large amount of 

revenue for the retailer. The traceability of who is performing the transaction is 

unknown; therefore, knowledge cannot be derived from their behaviours. The other 

key drawback of the analysis is using the ONS 2011 Census and Output Area 

classification, as these data are seven years older than the transaction data. During 

analysis, there were significant discrepancies between the number of cardholders in 

various output areas and the number of households. This indicates that some output 

areas have experienced significant population increases over the years, as van Dijk 

et al. (2021) found. Finally, a key caveat of the dataset is the way in which online 

transactions are recorded. Despite the loyalty card data being rich, providing insight 

into spatiality and temporality of consumer behaviour, there is limited insight into the 

true behaviours and choices of online shoppers. If Sainsbury’s captured the time the 

online groceries were to be delivered, they would have a much richer insight into the 

lives of their customers, identifying whether they are likely to work from home, or not 

work at all, or be able to spot patterns in delivery times. Considering the 

unprecedented uptake in online grocery shopping during the Covid-19 pandemic 

(Pantano et al., 2020; Meister et al., 2023), understanding these behaviours may have 

helped better manage their responses. 
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This research has explored a rarely accessed dataset, allowing for further 

developments in areas of grocery retail geography to understand consumer 

behaviours. The consumer type groups identified are used to design the IBM 

developed in this thesis. However, some nuanced behaviours, such as journey-based 

transactions that occur at locations such as Leeds train station, are anticipated to be 

challenging when modelling store choice due to limited insight regarding where 

customers relocate at different time points of the day.  

It is duly recognised that while distinctive customer segments have been meticulously 

identified based on their transactional behaviours at Sainsbury’s stores, a notable gap 

persists concerning their behaviours outside of Sainsbury’s. This absence of external 

behavioural insights is imperative for a comprehensive understanding of consumer 

store and channel preferences, particularly considering competition. Access to data 

providing insights into customer activities at competitor retailers would substantially 

increase the robustness of the model designed in this study, extending its applicability 

beyond Sainsbury’s. Nonetheless, the study collaborator required an initial modelling 

framework predicated on their observed customer transactions within Sainsbury’s 

store network. This approach facilitates a deeper understanding of how their 

customers behave and their relationships with their store network. Incorporating other 

brands would further enhance this research, which is elaborated upon in Chapter 7. 

This chapter has successfully achieved aim 3 by segmenting the observed customers 

in the transaction dataset into consumer type groups based on their key behaviours 

regarding store location, channel, and basket purchase choices. This novel research 

provides insight into the spatial and temporal store choices of consumers and can be 

used to support retailers to better understand who their customers are, and how they 

behave.  
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Chapter 6 Building an individual-based model of 

consumer store and channel choice behaviours 

The core aim of this chapter is to design an IBM founded upon the observations and 

real data analysis in Chapter 5, incorporating temporality and spatiality using an IBM 

methodology. To achieve this aim, this chapter explicitly attains objectives 5 and 6: 

To perform data mining on the customer segments, identifying the probability of 

making a transaction at any given time based on their linked loyalty card transactions. 

To design and build a prototype individual-based model of consumer behaviours 

suitable for simulating their transactions by day type, time of day, channel, and basket 

type. 

To accomplish the core aim, an individual-based modelling framework is presented 

and applied for the purpose of simulating the store and channel choice behaviours of 

customers at Sainsbury’s grocery stores across the study area of West Yorkshire. To 

build the IBM, a hybrid methodological approach was used, incorporating elements 

from both MSM and ABM; this is further explained in section 6.1.2.  

The following sections focus on the steps taken during the model-building process. 

Section 6.1.2 summarises the methodology and tools used to build the model and 

data requirements. Section 6.1.3 discusses the model Sturley et al. (2018) created 

and how their work has guided the design and enhancement of the model built in this 

thesis. Section 6.1.4 discusses the process of mining the behavioural rules, i.e., 

probabilities of customers making transactions relating to day type, time of day, basket 

size, and channel choice derived from the different customer types identified in section 

5.5. This section also provides an in-depth overview of the decision tree developed to 

model the temporal probabilities of consumer transactions. Section 6.2 moves onto 
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the process of incorporating consumer store choice behaviour, focusing primarily on 

transaction spatiality. This part of the chapter takes the reader through three store 

choice selection methods attempted in the model building process, with each adding 

more complexity, following the KISS principle. Finally, Section 6.3.6 presents an 

example scenario test of how the model could be used by retailers in the future once 

a sound approach modelling consumer store choice is found.  

As with all studies that include the development of an IBM, or any model for that 

matter, specific criteria and model requirements should be outlined to clearly describe 

what the model aims to achieve, how it will achieve those aims, and identify what it 

will and will not desire to attain (Hammond, 2015). Such model design, formulation, 

and communication are uniquely challenging, and choosing how complex to design 

the model is notoriously challenging (Grimm and Railsback, 2012). Therefore, before 

building the individual-based consumer behaviour model, the Overview, Design 

Concepts and Details (ODD) protocol was followed, as described by Grimm et al. 

(2010)(Grimm and Railsback, 2012). The ODD protocol is a standard format for 

communicating and formulating ABMs, following a structure that focuses on model 

purpose, design, and initialisation. 

Prior to delving into the ODD protocol, which describes the model from a modellers 

perspective, here is a reminder about what is currently missing in the tools used in 

location analytics, and how the model proposed here offers a solution. As discussed 

in section 3.2, the top-down methodologies used in location analytics, especially 

SIMs, provide a sound technique for predicting store sales. These models perform by 

estimating the demand around a store point, which can account for temporal 

differences, distance decays, and competition (Heppenstall et al., 2006; Gauri et al., 

2008; Newing et al., 2015; Waddington et al., 2019). SIMs in grocery retail contexts 
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are useful for predicting how a new store could perform in a new location, by modelling 

flows between surrounding geographical areas and the store itself. However, if a 

location analyst wanted to know who in their customer base is shopping at their store, 

or how they will respond to supply changes, these methods do not provide this type 

of insight (Sturley et al., 2018; Wilkinson, 2023). Analysis of past customers can be 

performed to identify the who, as presented in Chapter 5, but does not allow for future 

scenario testing.  

Top-down models assume that all customers that generate the predicted store sales 

behave homogenously, with no unique preferences regarding store location and 

channel choice. We know that customers have preferences in terms of their grocery 

purchasing behaviours, whether it is brand choice, willingness to travel, or other 

aspects (Chapter 2). Customers store choice is inherently linked with their shopping 

mission (basket type), whether they are transacting at a store out of convenience, 

product variety, or is a habitual purchase (Wood and Browne, 2007). Therefore, being 

able to simulate these customer preferences from the individual-level provides 

researchers and retailers with a powerful tool to better understand their customer 

base, and scenario test both supply and demand changes. Using an IBM either alone 

or in conjunction with a SIM model gives retailers and upper hand in knowing their 

current and potential market, gaining competitive advantage over other retailers. 

Section  discusses the ways in which an IBM can be used, and the type of scenario 

tests that can be performed.  

6.1.1 Overview, Design Concepts and Details Protocol 

Despite using an ABM-inspired methodology, the model does not incorporate some 

of the unique features of ABM, such as agent adaptiveness or complete stochasticity. 

While beneficial in some studies, these key features would add more complexity to 
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this model but not more insight and have purposefully not been included. By keeping 

the model’s design and functionality relatively simplistic, the model is effortlessly 

followed step-by-step and can be easily validated. The model’s design could be 

further developed to include agent adaptivity and stochasticity; however, these 

developments require rigorous research to be representative of reality. 

Purpose. The model simulates the spatiotemporal behaviours of Sainsbury’s 

consumers at Sainsbury’s stores within OAs in West Yorkshire. The model captures 

individual transactions undertaken by customer agents who belong to varying 

consumer type groups as created in section 5.5. The model uses empirical data to 

calculate the transactional probabilities for any customer within a consumer type 

group, including individual probabilities regarding day type, time of day, shopping 

channel, and basket type. Based on empirical data, the model then assigns a store 

where the customer’s transaction will occur. 

Entities, state variables, and scales. The model entities include static agents 

representing individual customers, placed at OA PWC coordinates, and store agents 

representing Sainsbury’s stores, placed in actual store location coordinates. Individual 

customers are loaded into the model based on the loyalty card dataset provided by 

Sainsbury’s and have been assigned to an OAs PWC (after being aggregated from 

the postcode level to preserve customer anonymity). In some OAs with few individual 

customers, these customers have been relocated in the model using the OAC data 

previously linked to the customer type groups. Customers are characterised by their 

consumer type group, which can be one of 7 groups as outlined in section 5.5. Both 

their location and identity variables characterise stores; this includes their location 

type (city centres, town centres, residential areas, or retail parks), store class 

(supermarket or convenience store), and online provision (true or false).  
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The geographical space within the model uses the British coordinate system. Instead 

of having agents be mobile, the proposed model uses static locations for various 

reasons, further discussed in section 6.3. Workplace data was incorporated in section 

6.3.5, in which customers are assigned both a residential location and work location 

and move between the two at time points. Their chosen journey paths through the 

environment are not captured due to modelling complexities of our transactional data, 

we do not know where our customers work, if they are employed, or the likely areas 

they are relocating to at different time periods.  Section 3.3 further discusses the types 

of data that may be sourced and factored into the model, but complexity has been 

reduced to static agents for this first-time prototype model. Instead of moving agents, 

distances have been incorporated into the model and are used to assign which store 

a customer is likely to visit based on their transaction characteristics.  

The length of a time step is on a day-type level, broken into weekdays or weekends, 

and occurs seven times per cycle to represent one whole week. The model can run 

infinitely but has been limited to 365 time steps, i.e., one year. Alternatively, the model 

can be based on an emergent outcome; for example, once the consumer has spent 

a set amount of money, then terminate the customer’s behaviour. However, this is 

unreasonable for the nature of this model, as consumers will constantly be 

transacting; if there is not a store within their distance preferences, they will shop 

elsewhere. 

Process overview and scheduling. The following actions are executed in this order, 

once per time step, for each customer: 

• The model will read the probability of the customer making a transaction, 

which relies upon the day type and time of day calculations. If the customer is 

not transacting during that time step, the model moves on to the next step. 
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• For customers making a transaction, the model calculates the likelihood of the 

transaction occurring in-store or online. At this point, a transaction must occur. 

• Once the transaction channel is determined, the basket type of the transaction 

is specified using the fitness proportionate selection method. The selection of 

basket type is selected by both the channel used and the time resolution of 

the transaction. 

 

At this point in the time step, modelled customers have decided whether they will or 

will not make a transaction, and if they do, the transaction’s time of day, channel, and 

basket type has been selected. The following actions are all regarding store choice. 

• The model reads the chosen scenario for the transaction taking place for each 

customer. The scenario includes day type, time of day, channel, and basket 

type. Depending on these variables, the model calculates the likely distance 

the customer will travel for that specific transaction resolution. 

• The model calculates the geodesic distance between the customer and all 

stores in the model. Stores that fall within the likely distance range are 

identified and ranked. The closest store within that distance range is chosen 

depending on store choice variables which relate predominantly to the basket 

type taking place. 

• The customer’s transaction is recorded for the customer and store and, 

expenditure is calculated. 

• Outputs for the model are updated, and the next time set occurs. 

 

Design concepts. The key outcomes of the model are consumer transaction 

behaviours and store-level sales. These outputs are a result of a decision-tree 

structure which is entirely data-driven. The stores visited by those customers are 
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based on a combination of transaction variables and differ not only from consumer 

type group to consumer type group but also from customer to customer within the 

same groups, as stochasticity and geography is incorporated into the model.  

Initialisation. A user-chosen number of households are initialised; for this study, 

~210,000 individual customers are initialised, reflecting the loyalty card dataset. 

These customers are placed in the customer’s coordinates derived from the loyalty 

card dataset, with some changes discussed above. Each customer is given a 

consumer type group to guide their behavioural rules. The locations of the customers 

in the model and which consumer type group they belong to are entirely customisable. 

The number of stores and their features are also customisable, allowing for user-

testing and scenario-testing development. 

Input data. The model uses a variety of input data: 

• Consumer coordinates and group type statistics, assigning each simulated 

customer to a consumer type group with a home.  

• Store attributes, including store coordinates, fascia, location type and sales 

area. 

• Customer transaction probabilities are loaded into the model to support the 

decision tree process and weighted feature selection. These probabilities are 

unique to each consumer type group. 

• A dataset containing distance bins containing the probabilities of customers 

transacting at a store within a specific distance, which is unique for each 

consumer type group. 

• A table that assigns workplaces for customers for specific transaction types 

that occur on weekdays during the mornings and afternoons using 2011 

Census data (dataset WF01BEW (ONS, 2011)). 
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6.1.2 Establishing a methodological framework 

The core concept of the prototype IBM in this thesis is to generate transactional 

behaviours of grocery consumers, reflecting those observed transactions in the loyalty 

card-linked dataset, specifically around transaction day type, time of day, channel, 

and shopping basket type. To create such a model, a focus on modelling temporality 

is required, as each transaction is tied to a specific state of time. A second focus is 

required on modelling spatiality, which is interlinked with transaction temporality 

(section 2.2.1). Building these models from scratch is a challenging process and 

requires prioritisation of actions; if the base of the model does not function, then the 

latter work will not perform (section 3.2). Therefore, a methodological framework was 

created for this IBM, splitting the model into two steps, first modelling temporality, 

secondly modelling spatiality.  

The seven unique consumer type groups identified in Chapter 5 provides us with a 

baseline population to simulate, in which their individual behaviours have been 

categorised and grouped based on similar observations. Using these groups, the 

likelihood of these individuals transacting can be simulated by using the group’s 

average behaviours of transacting. The key indicators of consumer behaviour had 

been established in section 2.3, and these are used to guide the temporal aspect of 

model building. The most logical approach to model the probabilities of a consumer 

transacting at a given time is to use a decision tree structure. A core example of a 

decision tree approach in an IBM is that developed in Bell and Mgbemena (2018), in 

which they proposed a framework referred to as the CADET framework. The CADET 

framework is a data driven approach used for modelling agents and stands for the 

“Customer Agent DEcision Tree”. The CADET design method allows for an ABM to 

ran using the foundations of a decision tree, similar to that used in Jordan et al. (2014) 
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to model residential mobility. In the context of temporal grocery transacting behaviour, 

the decision tree framework is used in this study to decide what type of transaction 

will take place by the simulated customers. Section 6.1.4 provides more detail into the 

methodological approach taken to simulate the temporal aspect of consumer 

behaviour, including the use of weighted roulette selection to incorporate behavioural 

stochasticity. 

Due to the model being the first of its kind in the application of retail location planning, 

a manual implementation of the decision tree was used as opposed to machine 

learning (ML). The manual method was preferable to be able to identify exactly what 

was occurring within the simulation, allowing for continual validation against the 

observed data as more complexity was added. In future models, ML may be used to 

implement consumer temporal behaviour; however, rigorous analysis of the model 

output would be required and can use the output from this thesis as a validation 

dataset. Each ‘level’ of the tree is predetermined via the identification of shopping 

indicators in section 2.3. The tree structure allows for a simple and straightforward 

method to represent individual decisions within an ABM using an ‘if-then’ structure 

(DeAngelis and Diaz, 2019). Of course, human behaviours are not always ‘if-then’ 

dependent, we have considerations from all facets of life when it comes to decision 

making. However, using the loyalty card data, inferences can be made which logic 

follows an ‘if-then’ ideology. For example, for those in consumer type group 7 ‘Hungry 

and Far From Home’, then the decision tree will most likely decide for a customer in 

that group to transaction a weekday during the morning or afternoon.  

Section 6.3 introduces the approaches explored for modelling spatiality, and the 

challenges faced when doing so. The complex interactions between consumer 

transaction scenarios and store choice are difficult to incorporate in such model at the 
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individual level, as customer locations outside of the home are unknown. Despite this, 

three spatial modelling approaches are presented using the ABM ‘Keep it Simple, 

Stupid’ design principle in which complexity is added at each step of model 

development (Edmonds and Moss, 2005). The spatial developments are used to 

explore to what extent loyalty card data can help the assignment of store choice from 

the individual level. As opposed to using more complex algorithms to ‘pull’ in 

customers to specific stores from the offset, the model development framework 

begins with a simplistic Tobler’s first law approach in which customers will always 

transact at their closest store. Of course, this limits the ability to simulate the most 

complex behaviours such as a workplace transactions or multi-purpose shopping trip 

transactions. However, due to time and data accessibility constraints during this 

study, these more complex modelling developments must be implemented in future 

work; further recommendations are presented in Chapter 7. 

6.1.2.1 Modelling methodologies: microsimulation and agent-

based modelling 

The novel design of this model uses elements from both MSM and ABM, as both 

provide unique modelling functions appropriate for this study (Harland and Birkin, 

2015). As discussed in Richiardi (2014), using these two modelling methodologies in 

conjunction provides a powerful approach to modelling individual behaviours, 

especially when not all features from one method is required.  

Initially, the model developed in this thesis was to be built solely using agent-based 

methods in purpose-built multi-agent software. The user-friendly simulation platform 

‘NetLogo’ (Tisue and Wilensky, 2004) was considered due to its extensive use in 

multiple disciplines, and ability to integrate GIS data (Walker and Johnson, 2019). 

However, due to the complexity of the model and its nature in handling probabilities 
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within a decision tree, it was found that NetLogo was not an appropriate software as 

it is unable to utilise nested probabilities. Additionally, despite NetLogo incorporating 

GIS data, it struggles to capture non-arbitrary distances (Scott and Koehler, 2011), an 

essential part of the proposed model. The drawbacks from NetLogo and the 

application of this type of IBM are highlighted in section 6.1.3, in which a notable flaw 

was identified in Sturley et al. (2018). 

Whilst designing the model, several elements of ABM modelling were found to not be 

required for the model in this thesis. ABMs are profound for their ability to incorporate 

interactions by individual agents within an artificial environment, which can adapt over 

time (Bonabeau, 2002; Crooks and Heppenstall, 2012). However, this study does not 

involve individual agent’s (customers) interactions, as the focus is on their interactions 

between stores as opposed to one another. Additionally, ABMs utilise an element of 

mobility, as agents can move across the virtual environment, either randomly or 

following rules.  

The first time this project was discussed, we had this visual of a fully-fledged ABM in 

which Sainsbury’s customers traversed across a virtual West Yorkshire, moving 

between places at different time points, and making transactions along the way. After 

consulting the data, literature, and designing the model, it quickly became evident that 

such a model is beyond the scope of this thesis. As this is the first attempt at building 

such a model, it would be either impossible or highly unlikely that a fully validated and 

calibrated ABM could be produced. That is not to say it can never be done, it just is 

beyond the scope of this study.  

The key challenges for creating such a sophisticated model include the lack of data 

regarding who the customers are within the loyalty card data? (are they employed? 

how many family members do they have? do they own cars?), where do the 
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customers go throughout the week? (are they employed? do they work from home? 

do they have children?), and what other retailers do they purchase their groceries 

from? (are they loyalty to one brand? do they only use Sainsbury’s for opportune 

transactions?). Additional data is required about the observed customers to be able 

to fully simulate their movements across space and time, and to do so accurately. 

These types of issues in data-driven ABMs are notorious, especially when simulating 

a variety of complex interactions in attempt to simulate reality  (Malleson et al., 2022; 

Wilkinson, 2023).  

As the temporal aspect of the model does not incorporate all features within ABM, a 

hybrid ABM and MSM approach was used. Agents in the model do not move from 

point A to point B following paths across space, instead they are relocated at time 

steps to reflect different types of grocery demand (for example, workday hours they 

are moved to workplaces, and return to their homes for evenings and weekend). As 

the model requires agents to have spatial awareness, an ABM approach was used in 

which agents are aware of their surroundings and the stores available to them. At 

different time steps of the model, and when different transactions scenarios are 

chosen using the decision tree (presented in section 6.1.4), customer agents follow 

different behavioural rules to better represent the observed customers in the loyalty 

card dataset (using the mined behaviours identified for each consumer type group in 

section 6.2).  

The model uses a unique approach in a novel application and was built entirely from 

scratch. This was written using the Python programming language; Python is a high-

level general-purpose programming language that supports many programming 

paradigms and is found to be a flexible tool for this study (Nagpal and Gabrani, 2019). 

Due to Python’s versatility, aspects of decision trees, microsimulation, and agent-
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based modelling can be incorporated into the model, all which were used to build the 

model. 

Prior to discussing the model’s design and application in-depth (section 6.1.4), the 

following section provides a critical analysis of the most recent study that attempts to 

simulate the store and channel choice of grocery consumers via a proof-of-concept 

model. The model logic in Sturley et al. (2018) was used as a guide for this thesis, as 

requested by Sainsbury’s, and significant drawbacks of their method and software 

choice are highlighted. The findings from critically assessing their work helped 

enhance the model presented in this thesis.  

6.1.3 Expanding on previous work (Sturley et al., 2018) 

The study by Sturley et al. (2018) inspired this thesis, in which Sainsbury’s 

Supermarkets wished to understand the potential of alternative modelling techniques, 

such as IBM, to incorporate nuanced customer behaviours. Sturley et al. (2018) 

undertook the research challenge of building a proof-of-concept ABM, incorporating 

pseudo-transaction data. Their findings, at a conceptual level, found it possible to 

design and build such a model, despite some significant challenges. The following 

section discusses what Sturley et al. (2018) achieved, and how it has been used to 

support the development of the model presented within this thesis. 

The study by Sturley et al. (2018) can be divided into three essential parts: first, 

analysing a transaction dataset to create customer type groups. Second, deriving 

probabilistic behavioural rules from those customer type groups, and third, building 

an agent-based model in NetLogo using those behavioural rules in an abstract 

environment loosely representing the study area of Leeds. Their study uses pseudo-

transactional data based on Sainsbury’s Nectar card data, in which customers were 
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assigned homes within the Leeds local government area. The key aim of their study 

was to build a proof-of-concept model that incorporates the captured consumer 

behaviours observed within the loyalty card dataset. Their model focuses on 

recreating the behaviours regarding transaction frequency, time of day visits, and 

distance travelled. 

The first part of their study entails mining similar consumer behaviours from the 

dataset. The indicators of consumer behaviour regarding store choice were chosen, 

which included: shopping frequency, number of stores visited, the percentage of 

transactions that took place at a convenience store, the percentage of high-value 

transactions, how many transactions took place on a weekday or evening, and the 

distance to the customer’s most frequently visited store (Sturley et al., 2018, p.33). 

Each synthetic customer’s shopping indicators were calculated to create an overall 

summary. They were then run through a k-means clustering algorithm in which a 

seven-cluster solution was identified as the optimal number of clusters. Each of the 

seven consumer type groups varied in shopping preferences, with some preferring 

supermarkets over convenience stores, some travelling further than others and at 

certain times of the day and some who spent more money at Sainsbury’s than others. 

The second part of Sturley et al. (2018) attempts to summarise the behaviours of 

those seven consumer type groups for model implementation. Consumer type group 

characteristics were analysed and summarised to create behavioural rules for 

customers in the model, as shown in Table 6.1. What determines these characteristics 

as ‘low’, ‘average’, ‘high’, ‘short’ and so forth is not fully explained in this study but is 

used to signify differences in consumer behaviour between the consumer type 

groups.  The probabilities of transacting for each different consumer type group were 

calculated based on day type (weekday or weekend) and day part (morning, 
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afternoon, or evening) to determine the chance of customers making a transaction at 

any given time using the summaries in Table 6.1. 

Table 6.1 Summary of consumer type groups characteristics used in Sturley et al., 

(2018, p.36)  

 

The probabilities used to assign agent behaviour in their model are shown in Table 

6.2. The probabilities implemented are incredibly simplistic, with the chances being 

one number or another, resulting in a primitive model. The choice of using such 

simplistic (and most likely not representative) probabilities indicates a fundamental 

limitation in either the quality of the data used, the method and software chosen, or a 

time constraint on developing the model. The use of these specific probabilities is 

discussed further in the next section. 

Table 6.2 Probabilities of an agent making a shopping trip by consumer type, derived 

and implemented in Sturley et al. (2018, p.37) 

 

The third and final part of their study involves the development of the prototype agent-

based model. Their model is based on a 21-tick cycle representing a whole 7-day 
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week, each tick representing a day and day part. For example, ticks 0, 3, 6, 9, and 12 

represent ‘weekday mornings’, whereas ticks 17 and 20 represent ‘weekend 

evenings’. As each tick in the model runs, every agent (simulated customer) has a 

random number generated for them to determine whether they will make a 

transaction. If the customer has been chosen to make a transaction, then that 

customer needs to be assigned a store. Due to each consumer type group having 

different shopping characteristics (Table 6.1), their behaviours have been coded to 

differ. To implement these differing distance preferences, the researchers used a 

simple logic for customers likely to travel “long” distances; they have been hard coded 

to transact at any store, whereas those who travel “short” distances will only transact 

at their closest store. 

Each time a customer visits a store, the distance travelled is recorded, allowing the 

user to read the average distance customers of a specific consumer type travel. The 

researchers had data about the actual distances travelled by those in the transaction 

dataset, but these were not directly applied to the model. This is likely a limitation due 

to their software choice, as distance in NetLogo is entirely arbitrary, and it is difficult 

to identify and create a representative geographical scale (Scott and Koehler, 2011). 

The researchers could have incorporated a road network system into their model 

using NetLogo (Chen and Crooks, 2021); however, this is highly computationally 

intensive. For further complexity, customers who spend a “high” amount of money will 

only transact at supermarkets. However, those who spend a “low” amount will transact 

at supermarkets or convenience stores. Despite not using direct statistics from their 

data and using more abstract measures such as “low” or “high”, the model captures 

the shopping indicators that were previously identified (Sturley et al., 2018, p.33).  
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The model’s artificial environment is designed to represent an abstract interpretation 

of part of northern Leeds, as shown in Figure 6.1. A vital feature of the transaction 

dataset used in this study was the residential address provided at the OA level. The 

OAC was analysed using these data to determine which customer groups are likely 

to reside within a particular OAC Supergroup (Sturley et al., (2018, p.38, figure 2a.). 

The researchers do not fully explain their process of determining which OAC 

supergroup their consumer type groups fall within, as each group is likely to contain 

customers belonging to various OAC groups. Additionally, there is likely to be a skew 

of customers to specific OAC groups across all seven consumer type groups due to 

the expected target demographic of Sainsbury’s customers, the location of 

Sainsbury’s stores and the general populous of north Leeds as found in this thesis 

(section 4.1). Regardless, using a colour system, the NetLogo model populates the 

environment with customers of distinct types based on the OAC demographic groups 

and inserts the different stores. 
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Figure 6.1 NetLogo abstract environment based on the northern area of the city of 

Leeds created and used in Sturley et al., (2018, p.37). Squares labelled as ‘C’ are 

convenience stores, and squares labelled as ‘S’ are supermarkets. 

Table 6.3 is an excerpt of code used to determine the behaviours of customers 

belonging to consumer type 1 using the numbers in Table 6.2. 

Table 6.3 Code extract in Sturley et al. (2018) NetLogo file. 

1 ask consumer-as [ ; (represents consumer type 1 group) 

2     set probability 0; Set the initial probability of going to a store 

3     if member? ticks [2 5 8 11 14 17 20] [ 

4       set probability 75; Update the probability based on the time counter. 

5     ] 

6     if random 100 < probability [; Compare the probability to a randomly generate number. 

7       shop; Tell the consumer to go to a store (call the ‘shop’ procedure) 

8       set destination one-of supermarkets; Reset the consumers destination. 

9     ]  

10   ] 

With this logic (Table 6.3), line 2 instructs the model to have 0 chance of any customer 

in this consumer type group making a transaction at any time point or tick. However, 

line 3 states that if the model is at tick 2, 5, 8, 11, 14, 17, or 20, which represents any 
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‘evening’ time point, then the probability of a customer in that consumer type group is 

set to 75. Line 6 asks the model to generate a random number between 1 and 100. If 

the random number is less than 75, then the model triggers a transaction for that 

customer. Therefore, a customer of consumer type 1 has a 75% chance of making a 

transaction daily in the model during the evening. At any other time, there is a 0% 

chance of transacting. If the customer makes a transaction, the model has been coded 

to ensure that the transaction occurs only at a supermarket, where distance is not 

considered. Due to this consumer type group only making transactions at 

supermarkets, the researchers coded for all supermarket transactions to be worth 

£100 or £120 if the consumer type group contained ‘high value’ customers. If a 

transaction occurred at a convenience store, the transaction would be worth £20. 

After running the model on a 21-tick cycle 100 times for one customer belonging to 

consumer type 1, it was found that this customer, on average, transacted six times a 

week out of a possible seven, which does not correlate with a ‘low’ frequency shopper 

as stated in Table 6.1. The model was also tested on a 21-tick cycle 100 times for one 

customer belonging to consumer type 4, who has a 90% chance of making a 

transaction on any day part on a weekday. The results of this test found that, on 

average, this customer transacted fourteen times a week and spent an average total 

of ~£400 per week. Considering this customer is aimed to be a ‘low’ spend consumer 

(Table 6.1), the model is fundamentally flawed due to how probabilities have been 

coded. Instead of breaking down the probability of making a transaction to day part 

(or each tick), the researchers applied the day’s chance of transacting down to each 

tick, therefore overly modelling the actual chances of transacting. To combat the 

probability flaw identified in Sturley et al. (2018), this thesis aims to identify and 

implement a more accurate method of converting the observed behaviours of 

customers into probabilities that are correct and representative of the data. 
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The overall logic of the study by Sturley et al. (2018) is sensible, providing a clear and 

concise structure of analysing a transaction dataset, generating consumer type 

groups, and subsequently using these groups to build an agent-based model. The 

study demonstrates how agent-based modelling can generate new data based on an 

empirical dataset, mimicking the behaviours of ‘real’ customers. The researchers 

discuss how elements of spatial interaction modelling can be implemented, such as 

store attractiveness, to support store choice behaviours and the incorporation of 

demographics. However, a more sophisticated method of deriving the probabilities of 

consumers making a transaction in the model needs to be addressed before 

attempting to incorporate these elements.  

Therefore, this thesis follows a similar route to building the individual-level model. 

First, the loyalty card-linked transaction dataset is analysed to identify distinct groups 

of customers who exhibited similar shopping behaviours. Next, customers are 

clustered into their unique groups, notably separating those who shop via different 

channels, such as those who only shop in-store, only online or multi-channel. The 

probability of them transacting at different time points is calculated, incorporating 

which channel they will likely use and what type of basket they will purchase. By 

calculating the probabilities of a customer transacting based on a day and time of day 

basis, the model evades the flaw found in Sturley et al. (2018) which did not consider 

the day part. The study then proceeds onto the model-building process, differing in 

the tools and methodologies used by Sturley et al. (2018). Instead, this thesis 

incorporates geographical distances and uses a decision tree as a base. Other 

studies, such as Garcia-Magarino et al. (2018) used NetLogo to build a decision tree; 

however, it works on a true/false basis. Realistically,  the model in this thesis requires 

more than true/false choice; therefore, it utilises Python to build the decision tree. 
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6.1.4 Decision trees of transactional behaviour  

The key objective of this thesis is to utilise the loyalty card-linked transaction data 

provided by Sainsbury’s to design an individual-level model. A decision tree was 

created as a foundational base for the agent-based model, incorporating data directly 

from the transaction dataset. The analysis in Chapter 5 was further explored, 

calculating the probability of a customer of any consumer type group making a 

transaction under different scenarios (section 6.2). The following section discusses 

the process of identifying and extracting key behaviours of customers in the dataset 

to create a set of realistic and robust behavioural rules for the model. 

One of the most crucial elements of the model is to include temporality, as customer 

shopping behaviours vary over space, time, and needs. Therefore, the model 

performs on an iterative time step basis, in which each time step represents a 24-hour 

day. The decision tree is made up of nodes, branches and leaves. All nodes represent 

key factors of consumer behaviour and are connected through branches which are 

decisions made by the customer, for example, transact = yes or no. ‘Leaves’ result in 

the termination of further decisions, such as at the end of the tree where the final 

decision is made. All branches in the tree lead to either a node or leaf.  

Depending on the time step, the customers either behave as if it is a weekday (time 

steps 1 to 5), or weekend (time steps 6 to 7). To determine whether the customer will 

transact on a given time step, a weighted roulette wheel selection function within the 

first node is triggered based on the probabilities of a customer transacting at the day-

level. The roulette wheel selection, commonly known as fitness proportionate 

selection, is used due to its ability to weight probabilities, best representing the 

behaviours of the customers in the model (Mitchell, 1998; Bell and Mgbemena, 2018). 

Essentially, the model asks a simple question: "what is the chance of this customer 
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making a transaction?". Each customer is ‘asked’ this question, and the model reads 

in the probability based on the customer’s consumer type group. This first node has 

a ‘yes’ branch connecting to ‘time of day’, and a ‘no’ leaf which terminates transaction 

options for that customer and moves onto the next time step.  

If the customer does transact, then the weighted roulette wheel selection function is 

used until the full profile of the transaction is recorded. The transaction profile includes 

the key factors (represented as nodes) of the day type of the transaction (weekday or 

weekend), day part (morning, afternoon, or evening), channel (online or in-store), and 

basket type (for now, top-up or main) (Figure 6.2). The probabilities have been 

calculated for every combination of the factors above and for each consumer type 

group to fully represent the observed behaviours of those in the loyalty card-linked 

transaction dataset (section 6.2). The method of creating these probabilities is entirely 

novel, and to the best of our knowledge, the first time this has been developed in such 

a way. By breaking down the probabilities to account for transactional behavioural 

differences in time, space, and purpose, the model developed in this study provides 

a solution to the key limitation found in Sturley et al. (2018), as discussed in section 

6.1.3. The following section outlines how the probabilities for customer behaviour 

were directly derived from the loyalty card-linked transactional dataset. 
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Figure 6.2 Decision tree process for each iteration for customer type group 2, 

probabilities are also calculated for afternoon and evening however are not included 

for demonstrative purposes. 

Logic tests were performed before building the complete decision tree code to identify 

whether the model functions as intended. Random customers of different consumer 

type groups were manually put through a makeshift model and compared to the input 

data. Once the logic was found to be logically sound, the decision tree was built in 

Python. Initially, NetLogo was considered; however, it was found that the software is 

limited in nesting multiple functions and weighted probabilities. This was likely a 

prominent issue in Sturley et al. (2018) as that model avoided the complexity of more 

than two customer choices. Using Python, the weighted roulette wheel selection 

function was used to apply weighting to the probability values at each decision tree 

branch. A random number is generated at each node; the number is weighted 

depending on the probabilities used in the model. Using Figure 6.2 as an example, 



- 165 - 

the model weights the ‘no’ option as heavier than ‘yes’ at the first node (‘transaction?’); 

therefore,  it is more likely that the customer will not transact on that weekday. If the 

customer does transact, the model weights the ‘morning’ branch heavier than 

‘afternoon’ or ‘evening’, and so forth.  

The decision tree provides the agent-based model’s behavioural foundation, reading 

in the exact behaviours of those customers observed within the dataset at a semi-

aggregated level. This data-driven approach has rarely been used in individual-based 

modelling; often as individual-level data of this calibre are challenging to work with. 

The novel application of decision trees presented here provides retailers the ability to 

replicate the genuine behaviours of their customers. By using a weighted roulette 

wheel selection function, the model allows for variation in unique behaviours of 

customers who belong to the same consumer type group. For example, a customer 

might have a higher chance of transacting on a morning based on the weighted 

probabilities but might transact in the afternoon instead based on the weighted 

roulette wheel selection function output. This allows for dynamic transaction 

behaviour within the limits of the consumer type group’s behavioural boundaries.  

As the model was built using entirely empirical data, the model’s simulated output 

reflects the observed behaviours of those in the original dataset. Yet, by using the 

weighted roulette wheel selection function, the model incorporated an element of 

stochasticity, allowing for some flexibility in consumer type behaviour. This allows for 

a direct comparison between model output and input for model validation to ensure 

the code performs as intended. Additionally, any supply-side changes in the model, 

such as an introduction of new stores, store relocations, closures or additions of online 

provision, can all be simulated to see how consumers’ store choices will change and 

which current stores will be impacted. This novel method of building a foundational 
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base of an agent-based model is yet to be documented in academic literature and 

provides an alternative to the standard method, making more use of empirical data. 

6.2 Modelling consumer transaction temporality 

Each consumer type group was individually assessed to derive the probability of a 

customer making a transaction at any time. Each factor was broken down to calculate 

the average number of transactions under different circumstances. For example, the 

average number of ‘weekday’ transactions by customers, the average number of ‘for 

now’ transactions, or ‘online’ transactions. These factors were initially calculated 

individually and processed to account for the time period of the dataset (12-weeks).  

To build the decision tree, the probabilities were compounded for each step of a 

transaction decision. For example, the probabilities for transacting on a ‘weekday’ 

versus ‘weekend’ were initially calculated, then the probabilities of a ‘weekday’ 

morning’, ‘weekday afternoon’, and ‘weekend evening’. This process was continued 

until there were individual probabilities at the most discrete level of a transaction 

scenario after all decisions had been made, for example, ‘weekday morning instore 

main’. 

To calculate the probabilities, the number of transactions of a specific type had to be 

broken down into a day level. The following was performed for each consumer type 

group: 

Step 1. Calculate each customer’s total number of transactions in the loyalty card-

linked dataset. 

Step 2. Divide the total number of transactions by 12 to determine how many 

transactions took place on average by individuals. 
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Step 3. Normalise the data by multiplying the count of transactions by the average 

transactions per week, i.e., apply a weighting factor. 

Step 4. Divide the normalised value by the total number of transactions overall to 

identify the proportion of total transactions that took place per person for a week under 

different circumstances (weekday, morning, online, main, and so forth). 

Step 5. Calculate the percent chance of a customer making a transaction at each 

event opportunity in the model based on day type. All transactions were split into 

weekdays and weekends; if a transaction took place on a weekday, the total 

transactions were divided by 5, and the total average weekend transactions were 

divided by 2.  

The formula below demonstrates the calculation for deriving probabilities per day for 

each transaction factor. 

𝑝 =
(
(𝑡 ∙ 𝑥̅)
𝑛

)

𝑑𝑡
 

Where, 

𝑡 = number of transactions per type 

𝑥̅ = average of total transactions per week 

𝑛 = total number of transactions 

𝑑𝑡 = day type 

Example of the equation in action: How can the model predict the behaviour of 

customer A if they only perform top-up transactions? In the original dataset, customer 
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A has made 13 transactions over the 12 weeks. Out of those transactions, 7 were top-

up baskets. Therefore, on average, customer A purchased 1.083 top-up baskets per 

week. To calculate the weighted normalised result, multiply the 7 top-up baskets by 

1.083, resulting in 7.583 top-up baskets over 12-weeks. To find the percentage of 

total top-up transactions per week, 7.853 is divided by 13, resulting in 0.583, meaning 

58% of transactions are top-up baskets per week. To implement into the model on a 

time step day basis, 0.5833 is divided by 5 to calculate the chance of transacting top-

up baskets on a weekday and divided by 2 for weekend values.  

The proportion of transactions occurring under all transaction scenarios was 

calculated in a single row per customer. The customer’s consumer type group was 

then appended to the rows to calculate the consumer type group’s average 

behaviours. All transactional scenarios were averaged and calculated into proportions 

for each consumer type group. Next, the percentage chance of transacting for each 

consumer type group was calculated for any combination of transaction scenarios 

(see below). For the weighted roulette wheel selection function to perform, the 

percentage chance of transaction scenarios was standardised to 100%. For example, 

if the percentage chance of a transaction on a weekday was 50%, and the percentage 

chance of a transaction on a weekend was 20%, these were standardised to 100% 

by calculating 50% / (50% + 20%) and 20% / (50% + 20%). This would result in the 

final probabilities of a 71.4% chance of transacting on a weekday and a 28.6% chance 

of transacting on a weekend. This removes the ability for the model to roll a null action. 

Probabilities for all transaction scenarios were calculated such as the following: 

% transactions on a weekday 

% transactions on a weekend 
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% transactions online 

% transactions instore 

% transactions morning 

% transactions afternoon 

% transactions evening 

% transactions classed as for now 

% transactions classed as top up 

% transactions classed as evening 

These were then further broken down into: 

% transactions on a weekday online morning for now 

% transactions on a weekday online morning top up 

% transactions on a weekday online morning main 

% transactions on a weekend online morning for now 

% transactions on a weekend online morning top up 

% transactions on a weekend online morning main 

% transactions on a weekday instore morning for now 

% transactions on a weekday instore morning top up 

% transactions on a weekday instore morning main, 

This was repeated for afternoons and evenings. 

The output of these calculations is the percentage chance of any customer of a 

customer type group making a transaction. Figure 6.3 and Figure 6.4 provide an 

overview of the probabilities derived from the loyalty card dataset, linking each step 

of the model. Step 1 is simple with a weighed ‘yes’ or ‘no’ roulette wheel decision, with 

the chance being relatively low to make a transaction; this is due to calculating the 
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probabilities on a day rate, an integral calculation missing in Sturley et al. (2018), as 

discussed in 6.1.3. Step 2 becomes more complex and is only reached if a transaction 

was rolled as ‘yes’ in step 1. This continues for step 3, becoming increasingly more 

specific regarding when the transaction occurs, what channel to use, and for what 

shopping basket. Finally, the model completes step 4 (Figure 6.4) in which the 

transaction basket is chosen. The decision tree is triggered for each model time step 

for every customer, recording the transaction they performed.  
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Figure 6.3 Probability results for steps 1 to 3 of the agent-based model’s decision 

tree for each customer type group. 

Day type 1 2 3 4 5 6 7

weekday 8.8% 17.2% 12.7% 21.8% 17.1% 25.6% 21.3%

weekday 8.8% 17.2% 12.7% 21.8% 17.1% 25.6% 21.3%

weekday 8.8% 17.2% 12.7% 21.8% 17.1% 25.6% 21.3%

weekday 8.8% 17.2% 12.7% 21.8% 17.1% 25.6% 21.3%

weekday 8.8% 17.2% 12.7% 21.8% 17.1% 25.6% 21.3%

weekend 8.2% 16.0% 11.7% 16.2% 35.7% 10.9% 13.5%

weekend 8.2% 16.0% 11.7% 16.2% 35.7% 10.9% 13.5%

Day/time 1 2 3 4 5 6 7

weekday morning 95.9% 48.8% 26.1% 10.5% 18.0% 48.3% 31.9%

weekday afternoon 4.0% 39.6% 55.6% 36.6% 62.2% 48.2% 54.5%

weekday evening 0.1% 11.6% 18.3% 52.9% 19.9% 3.5% 13.6%

weekend morning 95.0% 52.5% 32.2% 23.1% 16.6% 50.0% 31.1%

weekend afternoon 4.9% 41.1% 55.5% 58.7% 78.0% 45.8% 57.1%

weekend evening 0.1% 6.4% 12.2% 18.2% 5.3% 4.2% 11.8%

Day/time & channel 1 2 3 4 5 6 7

weekday morning online 100.0% 62.2% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday morning instore 0.0% 37.8% 100.0% 100.0% 100.0% 100.0% 100.0%

weekday afternoon online 100.0% 4.7% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday afternoon instore 0.0% 95.3% 100.0% 100.0% 100.0% 100.0% 100.0%

weekday evening online 100.0% 0.3% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday evening instore 0.0% 99.7% 100.0% 100.0% 100.0% 100.0% 100.0%

weekend morning online 100.0% 62.9% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend morning instore 0.0% 37.1% 100.0% 100.0% 100.0% 100.0% 100.0%

weekend afternoon online 100.0% 4.7% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend afternoon instore 0.0% 95.3% 100.0% 100.0% 100.0% 100.0% 100.0%

weekend evening online 100.0% 0.3% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend evening instore 0.0% 99.7% 100.0% 100.0% 100.0% 100.0% 100.0%

Customer type group probabilities

Step one:

Chance of transaction on said 

tick? 

(yes/no)

Customer type group probabilities

Customer type group probabilities

Step two:

If yes above, when will 

transaction take place?

(Morning, afternoon, or 

evening)

If no above, skip to tick 2 for 

customer

Step three: 

Depending on day & time of 

transaction, roll probability 

for which shopping channel

(Online or instore)
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Figure 6.4 Probability results for steps 1 to 3 of the agent-based model’s decision 

tree for each customer type group. 

Day/time & channel & basket type 1 2 3 4 5 6 7

weekday morning online main 98.5% 99.3% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday morning online now 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday morning online topup 1.5% 0.7% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday afternoon online main 99.4% 99.4% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday afternoon online now 0.0% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday afternoon online topup 0.6% 0.6% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday evening online main 100.0% 100.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday evening online now 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday evening online topup 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend morning online main 98.8% 99.3% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend morning online now 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend morning online topup 1.2% 0.7% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend afternoon online main 99.0% 98.6% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend afternoon online now 0.0% 0.2% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend afternoon online topup 1.0% 1.3% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend evening online main 83.3% 100.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend evening online now 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend evening online topup 16.7% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekday morning instore main 0.0% 21.6% 8.5% 22.4% 21.3% 58.9% 3.4%

weekday morning instore now 0.0% 43.2% 46.8% 38.9% 39.1% 12.7% 77.2%

weekday morning instore topup 0.0% 35.2% 44.6% 38.7% 39.5% 28.3% 19.4%

weekday afternoon instore main 0.0% 20.3% 11.0% 33.3% 29.7% 55.5% 6.3%

weekday afternoon instore now 0.0% 38.8% 42.9% 25.4% 25.6% 14.7% 64.9%

weekday afternoon instore topup 0.0% 40.9% 46.1% 41.4% 44.7% 29.9% 28.8%

weekday evening instore main 0.0% 19.2% 5.6% 49.7% 19.8% 26.9% 5.0%

weekday evening instore now 0.0% 39.3% 50.5% 14.3% 30.1% 31.5% 63.2%

weekday evening instore topup 0.0% 41.6% 43.9% 36.1% 50.1% 41.6% 31.9%

weekend morning instore main 0.0% 32.7% 21.8% 43.6% 60.7% 40.1% 12.1%

weekend morning instore now 0.0% 29.1% 36.6% 21.6% 13.0% 23.4% 60.9%

weekend morning instore topup 0.0% 38.2% 41.7% 34.8% 26.3% 36.5% 27.0%

weekend afternoon instore main 0.0% 51.9% 25.1% 62.7% 89.0% 57.2% 15.5%

weekend afternoon instore now 0.0% 48.1% 74.9% 37.3% 11.0% 42.8% 84.5%

weekend afternoon instore topup 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

weekend evening instore main 0.0% 17.2% 8.0% 35.0% 45.0% 21.2% 6.8%

weekend evening instore now 0.0% 42.6% 51.2% 21.1% 20.6% 33.8% 61.3%

weekend evening instore topup 0.0% 40.2% 40.8% 43.9% 34.4% 45.0% 31.9%

Step four:

Depending on day type, time 

of day and channel rolled, 

what basket type will be 

purchased?

(Food for now, topup, or 

main?)

Customer type group probabilities
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6.2.1 Model validation 

This section focuses on the validation of simulating temporal consumer behaviours. 

The model aims to create a simulated output that reflects the loyalty card dataset 

(hereby referred to as the observed dataset) whilst incorporating behavioural 

stochasticity. This provides the model with both a degree of predictability and 

variation, representative of human nature, notably in consumer purchasing behaviour. 

To assess the model’s performance and ability to represent the observed 

transactional dataset, the model was executed 30 times, producing 12 weeks’ worth 

of transactional data each time. These model runs were used to assess model stability 

and validate output against the observed transactional dataset provided by the study 

collaborator. To assess agreement between the observed data and simulation data, 

the following were calculated: central tendency (mean), accuracy (relative bias (RB)), 

precision (coefficient of variation (CV)), and variance (standard deviation and 95% 

confidence intervals).  

Initially, the overall behaviour of every consumer type group was compared to the 

observed dataset (Table 6.4). The most pertinent factor to consider when looking at 

the model output data was the total number of transactions per consumer type group 

and comparing these against the observed dataset. The total number of transactions 

over model runs 1 to 30 were calculated, and the mean was determined per consumer 

type group. The average number of transactions per consumer type group was similar 

to those in the observed dataset, with a high degree of precision as indicated by the 

low CV values of ≤ 0.57%.  The RB, or accuracy, is a measure of the closeness of the 

simulated results to the expected observed data values. The accuracy of the mean 

transaction numbers for each consumer type group was high, with RB results within 

a range of -0.09% to +0.03%. The variance of the number of transactions was 
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measured using the standard deviation of the total number of transactions over the 

30 model runs. The standard deviation for each consumer type group shows the 

spread of the data from the mean number of transactions. For example, consumer 

type group 1 has a standard deviation of 168.03, meaning that the 1 standard 

deviation above the mean is 29,434 + 168.03 transactions. This infers a level of 

stochasticity and variance within consumer type group 1 across the 30 model runs. 

The standard deviation is proportional to the mean number of transactions of a 

consumer type group which is expected as the probabilities are static but use a 

weighted roulette selection function. The analysis demonstrates that the frequency of 

transactions for each consumer type group is simulated with a high degree of 

accuracy and precision and is successful in integrating a degree of randomness in 

consumer behaviour.  

Table 6.4 Total transaction comparison between original data and model output over 

30 runs by consumer type group. 

Consumer Type 
Group 

Observed Data Model runs 1 to 30 

RB (%) 
Total 

transactions 
Mean 

Transactions 
Standard Deviation CV (%) 

1 29,462  29,434  168.03 0.57 -0.09 

2 120,999  121,019  308.92 0.26 0.02 

3 1,528,663  1,528,896  1288.04 0.08 0.02 

4 129,775  129,784  313.84 0.24 0.01 

5 140,563  140,528  395.97 0.28 -0.02 

6 250,760  250,845  446.95 0.18 0.03 

7 458,731  458,661  669.71 0.15 -0.02 
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The model validation has thus far demonstrated that the number of transactions that 

the model produced is representative of consumer type group behaviour; this section 

aims to demonstrate the model’s ability to capture transaction scenario behaviours 

accurately and precisely. The output data from model runs 1 to 30 were compared to 

the observed data transactions in terms of proportional probabilities of transaction 

behaviour for each transaction scenario.  

6.2.1.1 Consumer type group 1 

Consumer type group 1 consists of 4,063 customers who solely transacted using the 

online channel. Their most frequent transaction scenarios were ‘weekday morning 

online main’ and ‘weekend morning online main’, contributing 48.98% and 45.20% of 

transactions, respectively (Table 6.5). Less frequent transaction scenarios include 

‘weekday afternoon online main’ (2.05%), ‘weekend afternoon online main’ (2.35%) 

and ‘weekday morning online top-up’ (0.76%). The remaining scenarios contributed ≤ 

0.69% collectively. ‘Weekday morning online for now’ had a < 0.00% probability of 

occurring but is not equal to zero (0.0024%). 

As shown in Table 6.5, the mean transactions (%) produced by the model follow the 

same pattern as the observed data regarding proportional probabilities. For example, 

the ‘weekday morning online main’ and ‘weekend morning online main’ mean 

transactions (%) were 48.98% and 45.21%, respectively. To ensure the accuracy of 

the mean transactions (%) results, a 95% confidence interval assessment was 

completed using the individual proportional transaction data from each model run. 

The confidence intervals were calculated to identify the percentage of transactions 

that contain the actual population mean. This means that the ‘weekday morning online 

main’ percentage transaction range of 48.98% ± 0.001059 has a 95% chance of 

containing the true population mean. 
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Table 6.5 Consumer type group 1 model output summary. 

Consumer Type Group 1 (4,063 customers) 

Transaction Scenario 
Observed Data 

Transactions (%) 

Model runs 1 to 30 

Mean 
Transactions 

(%) 
CV (%) 

Confidence Interval 
(95%) 

Weekday Morning Online For Now 0.00% 0.00% 86.54 0.000010 

Weekday Morning Online Top-up 0.76% 0.75% 4.44 0.000121 

Weekday Morning Online Main 48.98% 48.98% 0.59 0.001059 

Weekday Afternoon Online Top-up 0.01% 0.01% 56.92 0.000022 

Weekday Afternoon Online Main 2.05% 2.05% 3.99 0.000298 

Weekday Evening Online Main 0.05% 0.05% 28.04 0.000051 

Weekend Morning Online Top-up 0.54% 0.53% 9.90 0.000190 

Weekend Morning Online Main 45.20% 45.21% 0.72 0.001179 

Weekend Afternoon Online Top-up 0.02% 0.02% 41.90 0.000037 

Weekend Afternoon Online Main 2.35% 2.36% 4.60 0.000395 

Weekend Evening Online Top-up 0.01% 0.01% 97.25 0.000020 

Weekend Evening Online Main 0.03% 0.03% 45.54 0.000048 

 

To measure the consistency of the model runs, the CV (%) was calculated for the 

percentage of transactions for each transaction scenario (Table 6.5). Several 

transaction scenarios demonstrated a high level of precision with CV values ≤ 9.90%: 

‘weekday morning online top-up’ (4.44%), ‘weekday morning online main’ (0.59%), 

‘weekday afternoon online main’ (3.99%), ‘weekend morning online top-up’ (9.90%), 

‘weekend morning online main’ (0.72%), ‘weekend afternoon online main’ (4.60%). 

The remaining transaction scenarios had high CV values ranging from 28.04% 

(‘weekday evening online main’) to 97.25% (‘weekday evening online top-up’), which 

indicates a low precision level for these transaction scenarios. To visualise this 

variability, a Bland-Altman plot showing the RB (accuracy) of each transaction 

scenario across the 30 model runs was produced (Figure 6.5). Various methodologies 

are used to validate individual-based models, and the Bland-Altman method (Bland 

and Altman, 1999) was found to be a robust analytical method in this type of simulative 
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study (Timmins and Edwards, 2016). In Figure 6.5, each dot represents the result of 

an individual model run. For each transaction scenario, there are 30 dots representing 

the relative bias for each model run. As mentioned previously, RB measures the 

closeness of the simulated results to the expected observed data values. 

 

Figure 6.5 Bland-Altman plot for Consumer Type Group 1. %RB for each 

transaction scenario across 30 model runs. 

The ‘weekday morning online now’ and ‘weekend evening online top-up’ transactions 

scenarios have the highest variability, as demonstrated by the wider range of relative 

bias results. These results are likely due to the low number of transactions overall that 
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occurred for these transaction scenario types in the observed transaction dataset. For 

example, ‘weekday morning online now’ contributed 0.0024% of all consumer type 

group 1’s transactions. Although there was a low chance of this type of transaction 

occurring in the model, there were model iterations whereby 0.0097% of all 

transactions belonged to this transaction scenario. Similarly, some model runs had 

0.0000% of all transactions originating from this transaction scenario. This is due to 

the inherent variability of the roulette wheel selection function and the low probability 

of this type of transaction occurring. The lower the probability of a transaction scenario 

occurring, the higher the variability. This variability was observed mainly in the ‘top-

up’ and ‘now’ transactions scenarios in this consumer type group, as these customers 

solely shop online, and online shops are typically ‘main’ shops. However, although 

there is considerable variation and lower precision for these transaction scenarios 

from run to run, overall, the mean transactions (%) proportions are representative of 

consumer type 1 behaviours. 

6.2.1.2 Consumer type group 2 

Consumer type group 2 is unique amongst the seven consumer type groups as these 

customers transact using both online and in-store channels. To analyse the model 

output of consumer type group 2, the simulated data were separated into online (Table 

6.6) and in-store (Table 6.7) transaction scenarios. In total, this group contains 8,537 

customers who predominantly shop in-store (~70% of the time) and occasionally 

perform ‘weekday morning online main’ (15.66%) and ‘weekend morning online main’ 

(15.76%) transactions. Their in-store behaviours are spread across a wider variety of 

transaction scenarios. 

The proportional probabilities for the online mean transactions (%) closely resemble 

the observed data, and the 95% confidence intervals demonstrate a close range in 
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which the true population mean falls within (Table 6.6). Overall, the model performed 

consistently for the online transaction scenarios across the 30 runs as, demonstrated 

by the low CV values ≤ 2.44% except for ‘weekday morning online for now’ (43.92%). 

Similar to consumer type group 1, ‘weekday morning online for now’ contributed 

0.0012% of all transactions, with the model producing a maximum of 0.0041% and 

minimum of 0.0000% proportion of all transactions across the 30 model runs.  

Table 6.6 Consumer type group 2 model output summary (online). 

Consumer Type Group 2 (8,537 customers) (Online) 

Transaction Scenario 
Observed Data 

Transactions 
(%) 

Model runs 1 to 30 

Mean 
Transactions 

(%) 
CV (%) 

Confidence 
Interval (95%) 

Weekday Morning Online For Now 0.00% 0.00% 43.92 0.000003 

Weekday Morning Online Top-up 0.11% 0.11% 0.97 0.000031 

Weekday Morning Online Main 15.66% 15.63% 1.05 0.000357 

Weekday Afternoon Online For Now 0.00% 0.00% 1.71 0.000003 

Weekday Afternoon Online Top-up 0.01% 0.01% 0.86 0.000006 

Weekday Afternoon Online Main 0.95% 0.94% 1.11 0.000082 

Weekday Evening Online Main 0.02% 0.02% 1.34 0.000012 

Weekend Morning Online For Now 0.00% 0.00% 1.56 0.000010 

Weekend Morning Online Top-up 0.11% 0.11% 1.43 0.000045 

Weekend Morning Online Main 15.76% 15.76% 2.44 0.000366 

Weekend Afternoon Online For Now 0.00% 0.00% 2.04 0.000004 

Weekend Afternoon Online Top-up 0.01% 0.01% 1.89 0.000017 

Weekend Afternoon Online Main 0.91% 0.91% 1.67 0.000137 

Weekend Evening Online Top-up 0.00% 0.01% 1.55 0.000018 

Weekend Evening Online Main 0.01% 4.14% 1.30 0.000147 

 

For in-store transactions, the model could precisely and consistently produce 

simulated data representing the observed data. This is shown by the mean 

transactions (%) following the same pattern as the observed data transactions (%) 

and the low CV values of ≤ 5.93% across all transaction scenarios (Table 6.7).  
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Table 6.7 Consumer type group 2 model output summary (in-store). 

Consumer Type Group 2 (8,537 customers) (In-store) 

Transaction Scenario 
Observed Data 
Transactions 

(%) 

Model runs 1 to 30 

Mean 
Transactions 

(%) 
CV (%) 

Confidence Interval 
(95%) 

Weekday Morning Instore For Now 4.13% 3.36% 1.17 0.000129 

Weekday Morning Instore Top-up 3.37% 2.07% 3.52 0.000129 

Weekday Morning Instore Main 2.07% 7.63% 3.64 0.000239 

Weekday Afternoon Instore For Now 7.61% 8.00% 5.93 0.000323 

Weekday Afternoon Instore Top-up 8.02% 3.97% 0.00 0.000194 

Weekday Afternoon Instore Main 3.97% 2.37% 0.00 0.000135 

Weekday Evening Instore For Now 2.37% 2.51% 0.00 0.000131 

Weekday Evening Instore Top-up 2.50% 1.16% 0.00 0.000103 

Weekday Evening Instore Main 1.16% 2.73% 0.00 0.000203 

Weekend Morning Instore For Now 2.73% 3.59% 0.00 0.000247 

Weekend Morning Instore Top-up 3.57% 3.06% 0.00 0.000186 

Weekend Morning Instore Main 3.06% 5.26% 0.00 0.000296 

Weekend Afternoon Instore For Now 5.24% 7.92% 0.00 0.000375 

Weekend Afternoon Instore Top-up 7.93% 5.66% 0.00 0.000240 

Weekend Afternoon Instore Main 5.66% 1.30% 0.00 0.000167 

Weekend Evening Instore For Now 1.31% 1.24% 0.00 0.000164 

Weekend Evening Instore Top-up 1.24% 0.52% 0.00 0.000113 

Weekend Evening Instore Main 0.53% 0.00% 0.00 0.000000 

 

A Bland-Altman plot was used to visualise the relative bias across the 30 model runs 

for both online and in-store transaction scenarios (Figure 6.6). All in-store transaction 

scenarios had a low RB ranging from -8.66% to +7.61%, demonstrating consistently 

accurate results for each transaction scenario over all 30 model runs. The online 

transactions scenarios have a greater degree of variability, with RB results as high as 

501.49% for ‘weekday afternoon online now’ and as low as -100.00% for ‘weekday 

morning online now’. As iterated previously, these transaction scenarios contributed 

0.0006% and 0.0012% of all consumer type group 2 transactions. Therefore, the 

variability observed with these types of transaction scenarios is expected as small 

fluctuations in the number of transactions will influence the RB. Overall, the variability 
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does not impact the proportional mean transactions (%) results, demonstrating the 

model’s ability to accurately reflect the observed data over multiple runs. 

 

Figure 6.6 Bland-Altman plot for Consumer Type Group 2. %RB for each 

transaction scenario across 30 model runs. 
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6.2.1.3 Consumer type group 3 

Consumer type group 3 has the highest number of customers (146,403) who shop 

online in-store. This consumer type group has a slight preference for ‘afternoon’ shops 

with ‘weekday afternoon instore for now’ (12.45%), ‘weekday afternoon instore top-

up’ (13.38%), ‘weekend afternoon instore for now’ (10.20%) and ‘weekend afternoon 

instore top-up’ (12.92%) collectively constituting 48.95% of all transaction behaviours 

(Table 6.8). The mean transactions (%) output from model runs 1 to 30 closely match 

the observed dataset transaction scenario proportionality, with the above scenarios 

contributing 48.96% of all transactions in the model runs. As this consumer type group 

has more customers, the model output has more agents performing transactions, 

providing a more extensive dataset from each model run. The more data points 

produced in the model output, the higher the level of confidence in the results in terms 

of accuracy and precision. This is represented by the CV values of all transaction 

scenarios achieving ≤0.57%, thus demonstrating a high degree of precision and 

consistency across the 30 model runs. 
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Table 6.8 Consumer type group 3 model output summary. 

Consumer Type Group 3 (146,403 customers) 

Transaction Scenario 

Observed 
Data 

Transactions 
(%) 

Model runs 1 to 30 

Mean 
Transactions 

(%) 
CV (%) 

Confidence Interval 
(95%) 

Weekday Morning Instore For Now 6.38% 6.39% 0.30 0.000071 

Weekday Morning Instore Top-up 6.08% 6.09% 0.34 0.000076 

Weekday Morning Instore Main 1.16% 1.17% 0.51 0.000022 

Weekday Afternoon Instore For Now 12.45% 12.46% 0.18 0.000082 

Weekday Afternoon Instore Top-up 13.38% 13.38% 0.18 0.000088 

Weekday Afternoon Instore Main 3.20% 3.20% 0.38 0.000044 

Weekday Evening Instore For Now 4.83% 4.83% 0.33 0.000058 

Weekday Evening Instore Top-up 4.19% 4.19% 0.28 0.000043 

Weekday Evening Instore Main 0.54% 0.54% 0.80 0.000016 

Weekend Morning Instore For Now 5.63% 5.63% 0.44 0.000089 

Weekend Morning Instore Top-up 6.41% 6.40% 0.36 0.000084 

Weekend Morning Instore Main 3.35% 3.35% 0.53 0.000064 

Weekend Afternoon Instore For Now 10.20% 10.20% 0.29 0.000107 

Weekend Afternoon Instore Top-up 12.92% 12.92% 0.28 0.000131 

Weekend Afternoon Instore Main 3.41% 3.41% 0.53 0.000065 

Weekend Evening Instore For Now 3.00% 3.00% 0.57 0.000062 

Weekend Evening Instore Top-up 2.38% 2.39% 0.54 0.000047 

Weekend Evening Instore Main 0.47% 0.47% 1.42 0.000024 

 

This consistency is further reflected in the Bland-Altman RB plot (Figure 6.7), whereby 

all transaction scenarios had RBs ranging from -2.73%  to +2.66%, which is 

accounted for by a single transaction scenario, ‘weekend evening instore main’. The 

remaining transaction scenarios have an RB range of -2.08% to +1.65%. This 

consumer type group did not contain any extremely low probability transaction 

scenarios similar to those discussed for consumer type groups 1 and 2, which likely 

accounts for the high precision and accuracy of the consumer type group 3 model 

output data.  
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Figure 6.7 Bland-Altman plot for Consumer Type Group 3. %RB for each 

transaction scenario across 30 model runs. 

6.2.1.4 Consumer type group 4 

Consumer type group 4 contains a smaller number of in-store customers (7,641) who 

have a slight preference for ‘evening’ and ‘top-up’ transactions as demonstrated by 

‘weekday evening instore top-up’ (10.95%), ‘weekday evening instore main’ (15.07%) 

and ‘weekday afternoon instore top-up’ (11.34%) scenarios accounting for 37.36% of 

all transactions (Table 6.9). Similarly to consumer type group 3, this consumer type 
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group does not include any extremely low probability transaction scenario types; 

therefore, high variability is not expected for any transaction scenario type.  

The model runs 1-30 once again produced very similar mean transactions (%) to the 

observed data set, with ‘weekday evening instore top-up’ (10.94%), ‘weekday evening 

instore main’ (15.10%) and ‘weekday afternoon instore top-up’ (11.37%) scenarios 

making up 37.41% of all transactions. The CV values for each transaction scenario 

were low, with the highest CV value calculated for the ‘weekend evening instore for 

now’ (3.16%) transaction scenario (Table 6.9). 

Table 6.9 Consumer type group 4 model output summary. 

Consumer Type Group 4 (7,641 customers) 

Transaction Scenario 
Observed Data 

Transactions 
(%) 

Model runs 1 to 30 

Mean 
Transactions 

(%) 

CV 
(%) 

Confidence Interval 
(95%) 

Weekday Morning Instore For Now 2.34% 2.34% 1.65 0.000141 

Weekday Morning Instore Top-up 2.33% 2.33% 1.21 0.000103 

Weekday Morning Instore Main 1.35% 1.34% 2.12 0.000103 

Weekday Afternoon Instore For Now 5.32% 5.33% 0.84 0.000164 

Weekday Afternoon Instore Top-up 8.68% 8.65% 0.74 0.000234 

Weekday Afternoon Instore Main 6.99% 6.98% 0.96 0.000244 

Weekday Evening Instore For Now 4.33% 4.31% 1.33 0.000209 

Weekday Evening Instore Top-up 10.95% 10.94% 0.82 0.000326 

Weekday Evening Instore Main 15.07% 15.10% 0.64 0.000353 

Weekend Morning Instore For Now 2.13% 2.12% 2.77 0.000214 

Weekend Morning Instore Top-up 3.42% 3.42% 1.97 0.000246 

Weekend Morning Instore Main 4.29% 4.29% 1.71 0.000267 

Weekend Afternoon Instore For Now 5.11% 5.09% 1.31 0.000243 

Weekend Afternoon Instore Top-up 11.34% 11.37% 0.95 0.000394 

Weekend Afternoon Instore Main 8.58% 8.61% 1.10 0.000344 

Weekend Evening Instore For Now 1.64% 1.62% 3.16 0.000187 

Weekend Evening Instore Top-up 3.41% 3.43% 1.80 0.000225 

Weekend Evening Instore Main 2.72% 2.71% 2.42 0.000238 
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The Bland-Altman RB plot for consumer type group 4 (Figure 6.8) demonstrates a 

high level of accuracy for each transaction scenario over model runs 1-30, with the 

RB ranging from -7.02% to +7.24%. The slight variance captured within the model is 

likely influenced by the smaller number of customers who belong to this consumer 

type group. The less agents there are in a consumer type group, the more variable 

the results will be, as statistical power is proportional to the number of results. 

Nevertheless, the results demonstrate that the model can capture some variance in 

consumer type 4 behaviours whilst retaining the ability to reproduce the observed 

dataset transactional behaviours.  
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Figure 6.8 Bland-Altman plot for Consumer Type Group 4. %RB for each 

transaction scenario across 30 model runs. 

 

6.2.1.5 Consumer type group 5 

Similar in size to consumer type group 4, consumer type group 5 contains 7,479 

customers. This consumer type group has a propensity for completing ‘weekday 

afternoon instore main’ transactions, making up 35.95% of all transaction scenarios 

in the observed data (Table 6.10). Once again, the model was able to accurately 
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simulate consumer transaction behaviours as shown by the mean transactions (%) 

results from model runs 1 to 30. The proportional transactions (%) from each model 

run consistently simulated the observed data, as shown by the high degree of 

precision across all transaction scenarios (CV ≤ 3.18%) (Table 6.10). 

Table 6.10 Consumer type group 5 model output summary. 

Consumer Type Group 5 (7,479 customers) 

Transaction Scenario 
Observed Data 
Transactions 

(%) 

Model runs 1 to 30 

Mean 
Transactions 

(%) 
CV (%) 

Confidence Interval 
(95%) 

Weekday Morning Instore For Now 2.28% 2.28% 1.03 0.000085 

Weekday Morning Instore Top-up 2.30% 2.30% 1.42 0.000119 

Weekday Morning Instore Main 1.24% 1.23% 1.37 0.000061 

Weekday Afternoon Instore For Now 5.14% 5.15% 0.80 0.000150 

Weekday Afternoon Instore Top-up 8.99% 8.99% 0.60 0.000197 

Weekday Afternoon Instore Main 5.98% 5.97% 0.92 0.000200 

Weekday Evening Instore For Now 1.94% 1.94% 1.48 0.000104 

Weekday Evening Instore Top-up 3.22% 3.22% 1.22 0.000143 

Weekday Evening Instore Main 1.27% 1.26% 1.39 0.000064 

Weekend Morning Instore For Now 1.47% 1.48% 3.00 0.000161 

Weekend Morning Instore Top-up 2.95% 2.93% 2.33 0.000248 

Weekend Morning Instore Main 6.83% 6.81% 1.23 0.000306 

Weekend Afternoon Instore For Now 4.45% 4.45% 1.26 0.000205 

Weekend Afternoon Instore Top-up 12.38% 12.39% 0.78 0.000353 

Weekend Afternoon Instore Main 35.95% 35.98% 0.31 0.000401 

Weekend Evening Instore For Now 0.74% 0.73% 3.18 0.000085 

Weekend Evening Instore Top-up 1.24% 1.24% 2.97 0.000134 

Weekend Evening Instore Main 1.62% 1.63% 2.26 0.000134 

 

The RB range for consumer type group 5 was -9.24% to +10.13% (Figure 6.9). These 

values originated from the ‘weekend evening instore top-up’ transaction scenario, 

which also had one of the lowest proportions of transactions for this consumer type 

group (1.24%). The lowest probability transactions scenario, ‘weekend evening in-

store for now’ (0.74%), also had higher RB than other transaction scenarios and 
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ranged from -8.4% to +8.9%. As discussed previously, lower accuracy and higher RB 

values are expected for transaction scenarios with a low probability chance of 

occurring as small fluctuations in ‘agent’ behaviour based on the weighted roulette 

selection function will result in lower precision. 

The higher RB values obtained for consumer type group 5 resulted from the lower 

proportional spread of probabilities over the transaction scenarios. Unlike consumer 

type group 4 where there were multiple transaction scenarios making up ~10-15% of 

all transactions each, consumer type group 5 had one transaction scenario 

comprising 35.95% of all transactions. This resulted in the majority of transaction 

scenarios accounting for ~2% of all transactions (Table 6.10). However, this did not 

hinder the model’s ability to simulate the observed data accurately and precisely.  
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Figure 6.9 Bland-Altman plot for Consumer Type Group 5. %RB for each 

transaction scenario across 30 model runs. 
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6.2.1.6 Consumer type group 6 

Slightly larger than the previous two consumer type groups, consumer type group 6 

contains 13,969 in-store customers. This consumer type group performed ‘mean’ 

shops as the main transaction scenario as depicted by the ‘weekday morning instore 

main’ (19.98%) and  ‘weekday afternoon instore main’ (18.67%) transaction scenarios 

totalling almost 40% of all transactions (38.65%). Other notable transaction scenarios 

were ‘weekday morning instore top-up’ (9.6%) and ‘weekday afternoon instore top-

up’ (10.11%), which contributed another 19.71% of all transactions (Table 6.11). 

The mean transactions (%) for all transaction scenarios accurately reflected the 

observed data, with the proportions of the above four scenarios comprising (on 

average) 58.47% of all transactions compared to 58.45% in the observed data. The 

precision followed a pattern of proportionality, with the lowest probability transaction 

scenarios resulting in the highest CV values; ‘weekend evening instore for now’ 

(proportion: 0.42%; CV 3.46%), ‘weekend evening instore top-up’ (proportion: 0.56%; 

CV 4.32%) and ‘weekend evening instore main’ (proportion: 0.26%; CV 5.90%). The 

remaining transaction scenarios had CV values ≤2.35%.  
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Table 6.11 Consumer type group 6 model output summary. 

Consumer Type Group 6 (13,969 customers) 

Transaction Scenario 
Observed Data 

Transactions 
(%) 

Model runs 1 to 30 

Mean 
Transactions 

(%) 
CV (%) 

Confidence Interval 
(95%) 

Weekday Morning Instore For Now 4.32% 4.33% 0.79 0.000124 

Weekday Morning Instore Top-up 9.60% 9.60% 0.56 0.000195 

Weekday Morning Instore Main 19.98% 19.98% 0.45 0.000327 

Weekday Afternoon Instore For Now 4.96% 4.94% 0.80 0.000145 

Weekday Afternoon Instore Top-up 10.11% 10.11% 0.59 0.000218 

Weekday Afternoon Instore Main 18.76% 18.78% 0.37 0.000250 

Weekday Evening Instore For Now 0.77% 0.77% 1.85 0.000052 

Weekday Evening Instore Top-up 1.02% 1.02% 1.63 0.000060 

Weekday Evening Instore Main 0.66% 0.66% 2.35 0.000056 

Weekend Morning Instore For Now 3.49% 3.49% 1.56 0.000199 

Weekend Morning Instore Top-up 5.43% 5.42% 1.14 0.000225 

Weekend Morning Instore Main 5.98% 5.98% 0.96 0.000209 

Weekend Afternoon Instore For Now 3.35% 3.34% 1.18 0.000144 

Weekend Afternoon Instore Top-up 5.85% 5.85% 1.20 0.000255 

Weekend Afternoon Instore Main 4.47% 4.48% 1.40 0.000227 

Weekend Evening Instore For Now 0.42% 0.42% 3.26 0.000050 

Weekend Evening Instore Top-up 0.56% 0.56% 4.32 0.000089 

Weekend Evening Instore Main 0.26% 0.27% 5.90 0.000057 

 

The pattern of proportionality was also reflected in the RB variance (Figure 6.10) with 

the ‘weekend evening instore’-’for now’, -’top-up’ and –’main’ with RB ranges of -5.2% 

to +5.7%, -7.8% to +9.2% and -10.7% to 15.9%, respectively. Although slightly 

elevated, these RB and CV results are not sufficient to render the model incapable of 

simulating consumer type 5 transaction behaviour. In fact, it is an advantage of the 

model to have the capacity to incorporate variance in consumer behaviour whilst still 

accurately simulating real customer behaviours.  
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Figure 6.10 Bland-Altman plot for Consumer Type Group 6. %RB for each 

transaction scenario across 30 model runs. 

6.2.1.7 Consumer type group 7 

Consumer type group 7 comprises the second highest number of customers (28,618) 

who proportionally perform higher numbers of ‘for now’ and ‘top-up’ transactions in 

comparison to ‘main’ shops. In this consumer type group, only 7.16% of all 

transactions are ‘main shops’. The highest proportion of transaction scenarios are 

‘weekday morning instore for now’ (15.10%), ‘weekday afternoon instore for now’ 

(21.69%), ‘weekday afternoon instore top-up’ (9.61%) and ‘weekend afternoon instore 
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for now’ (12.07%) which constitute more than 50% of all transactions (58.47%) (Table 

6.12).  

The model runs 1 – 30 achieved a high degree of precision in the transaction (%) 

results with only ‘weekend evening instore main’ having a CV value > 2.00% (3.84%). 

This suggested that the model was not only able to simulate an overall mean 

transaction (%) that was representative of the customers in consumer type group 7 

but that it was able to do so consistently and precisely.  

Table 6.12 Consumer type group 7 model output summary. 

Consumer Type Group 7 (28,619 customers) 

Transaction Scenario 
Observed Data 

Transactions 
(%) 

Model runs 1 to 30 

Mean 
Transactions 

(%) 
CV (%) 

Confidence Interval 
(95%) 

Weekday Morning Instore For Now 15.10% 15.10% 0.30 0.000163 

Weekday Morning Instore Top-up 3.80% 3.80% 0.85 0.000117 

Weekday Morning Instore Main 0.66% 0.65% 1.35 0.000032 

Weekday Afternoon Instore For Now 21.69% 21.70% 0.26 0.000206 

Weekday Afternoon Instore Top-up 9.61% 9.60% 0.43 0.000149 

Weekday Afternoon Instore Main 2.11% 2.10% 0.94 0.000072 

Weekday Evening Instore For Now 5.27% 5.27% 0.58 0.000112 

Weekday Evening Instore Top-up 2.66% 2.65% 0.76 0.000074 

Weekday Evening Instore Main 0.41% 0.41% 1.55 0.000023 

Weekend Morning Instore For Now 7.34% 7.36% 0.85 0.000226 

Weekend Morning Instore Top-up 3.25% 3.26% 1.34 0.000159 

Weekend Morning Instore Main 1.45% 1.45% 1.24 0.000065 

Weekend Afternoon Instore For Now 12.07% 12.06% 0.52 0.000228 

Weekend Afternoon Instore Top-up 7.80% 7.80% 0.59 0.000169 

Weekend Afternoon Instore Main 2.22% 2.21% 1.19 0.000095 

Weekend Evening Instore For Now 2.80% 2.80% 1.05 0.000107 

Weekend Evening Instore Top-up 1.46% 1.45% 1.46 0.000077 

Weekend Evening Instore Main 0.31% 0.31% 3.84 0.000044 
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The higher CV value for ‘weekend evening instore main’ is attributable to the low 

probability chance (0.31%) of this transaction scenario occurring. The maximum 

transaction (%) result for this transaction scenario in the model runs was 0.33%, and 

the lowest was 0.29%. As these numbers are extremely low, small fluctuations in 

transaction numbers will reduce the precision. However, even though the 

proportionality of this transaction scenario varied and resulted in the highest CV value, 

the CV was still very low, indicating a high degree of precision and consistency.  

This variability can be observed in the RB Bland-Altman plot (Figure 6.11), where it is 

apparent that most variance originates from the ‘weekend evening instore main’ 

transaction scenario (RB range: -7.3% to +6.1%). The other transaction scenarios had 

an RB range of -4.0 to +3.0%. As with all consumer type groups, the model has 

demonstrated the capability of integrating inherent variability in consumer type 

behaviour whilst conserving the overall proportionality of each transaction scenario.  
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Figure 6.11 Bland-Altman plot for Consumer Type Group 7. %RB for each 

transaction scenario across 30 model runs. 

6.2.2 Model validation summary 

The data analysis presented in this section has been heavily driven by the nature of 

the dataset provided by Sainsbury’s and the modelling approach used. The validation 

approach was specifically chosen to compare the observed data to the simulated 

output, ensuring that the model performed was representative of the Sainsbury’s 

customers. If other individual-based data was available besides the Sainsbury’s 
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dataset,  more detailed and varied validation techniques could be performed to further 

validate this model. However, as these data are inaccessible, the model validation is 

restricted to assessing the accuracy and precision of the model outputs compared to 

the observed dataset.  

By using RB (%), the analysis has shown that over 30 model runs, the model can 

provide reproducible data accurately and consistently for consumer type groups 3 to 

7. Model runs for consumer type group 1 and 2 produced the most variable results, 

largely due to the spread of transaction proportionality for online transaction 

scenarios. For example, 94.19% of consumer type group 1’s transactions originated 

from two transaction scenarios (‘Weekend Morning Online Main’ and ‘Weekday 

Morning Online Main’). This meant that the other transaction scenarios had a low 

chance of occurring; thus, any fluctuations in transaction frequency resulted in high 

variability across model runs. A similar situation was observed with consumer type 

group, 2 whereby 31.42% of transactions were from the ‘Weekend Morning Online 

Main’ and ‘Weekday Morning Online Main’ transaction scenarios. The variability in the 

model output was also detected when employing a precision assessment (CV (%)) to 

assess the closeness of the results across model runs 1 to 30. The online transaction 

scenarios had the lowest precision for consumer type groups 1 and 2, and this was 

accounted for by the transaction proportionality as discussed above. Consumer type 

groups 3 to 7 demonstrated a high level of precision across all transaction scenarios.  

Therefore, the model validation has confirmed the applicability and robustness of the 

IBM and decision tree approach in simulating in-store consumer type behaviours. 

However, although variability was present in the online transaction scenarios, the 

model output average transactions for each transaction scenario for all consumer type 

groups were accurate and precise. Therefore, the variability observed is more an 
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artefact of agents making transaction decisions rather than the model failing to 

simulate consumer behaviours.  

6.3 Modelling consumer transactions spatially 

After validation of the model in section 6.2, the model confidently simulates the 

temporal aspect of consumer behaviour, including the relationships between day type, 

time of day, channel, and basket type. Next, the model needed to consider which 

store the customer should transact at based on the transaction scenario being made. 

The following sections begin with a discussion on the importance of modelling the 

spatial aspect of consumer behaviour, including spatial-based demand and the 

challenges of modelling these behaviours at the individual level (6.3.1). Next, section 

6.3.2 demonstrates how spatiality was initially incorporated into the model using naïve 

behavioural rules, following Tobler’s first law of geography. After analysing the results 

of naïve behavioural rules, the study considered a second, consumer-based approach 

in which the actual distances of observed customers were implemented into the model 

(section 6.3.3); this second method utilises distance bins implemented as an 

additional, secondary decision tree, in which distance bins were created that relate to 

transactional temporality, mission, and basket type. Section 6.3.5 then discusses 

further steps to be taken to incorporate various layers of grocery demand, beginning 

with work-based demand using census data, whereby customers are assigned both 

a home location and workplace location. Finally, section 6.4 closes this modelling 

chapter, discussing the complexities of modelling the behaviours of individual 

customers across space. 
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6.3.1  The importance of modelling spatiality 

Understanding the complexities of consumer purchasing behaviour can be 

challenging. Multiple factors are considered when making purchasing decisions, 

ranging from personal preferences, brand loyalty, product pricing, channel choices, 

store location accessibility, and these factors are all interlinked with temporality. This 

thesis focuses on the temporal and spatial aspects of consumer behaviour in the 

context of grocery retail, including channel choice and the relationships to basket 

types. This study identified key indicators of consumer behaviour specifically for 

grocery transacting in section 2.3, and many of these indicators are linked to spatiality. 

Those in academia and industry researching and working within the field of retail 

location analytics are aware of the importance of location (Chapter 3) and have 

continued to develop the tools and methods used to consider all factors of spatial 

demand. At face value, purchasing groceries is a task that is often to be done near 

home, online, or at least close to home. The habitual weekly shop is a task that most 

people do, whether it is performed online, in-store, or using click and collect (section 

2.2). However, consumer behaviours are much more versatile, with convenience 

playing a more important role in our lives (section 2.2). Therefore, consumer grocery 

demand goes beyond the base of residence-based demand and into all facets of life.  

As demonstrated by Bell (2015) and (Martin et al. (2015), the population fluctuates 

throughout the 24-hour day, with distinct areas becoming densely populated, notably 

during work hours, thus creating an entirely new demand for groceries outside of 

residential demand (Berry et al., 2016). Others have identified additional notable 

areas of demand that fluctuate temporally, including school-based and university 

demand (Waddington et al., 2019), leisure and tourism demand (Newing et al., 2015; 

Newing et al., 2018), and convenience demand in general (Wood and Browne, 2007; 
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Hood et al., 2016). As individuals relocate over the day, grocery shopping becomes 

an opportunity for various reasons, whether it is purchasing food as part of a multi-

purpose trip, buying lunch on a journey, or visiting a place of interest and picking up 

a bottle of water for the day. 

Waddington et al. (2018) demonstrate a sound attempt at incorporating these different 

sources of demand into a top-down SIM, in which stores were clustered, and demand 

catchments were created using demand layers, focusing on residential, workplace, 

school, and leisure-based demand. However, recreating these demand layers at the 

individual level is incredibly complex, especially in this study, as further information is 

needed about the customers being modelled. As the study focuses solely on 

modelling the known behaviours of those identified in the loyalty card-linked 

transaction dataset and their interactions with Sainsbury’s stores, their general 

grocery behaviours outside Sainsbury’s may vary. It is not known whether these 

customers work from home, have school children, are in university, or when they 

purchase non-locally as part of a multi-purpose trip. Inferences can be made, but 

before modelling what we do not know, we must determine how to model what is 

known. 

The loyalty card-linked transaction dataset by the study collaborator provides two key 

data; customers’ home OA and the stores they transacted at. The following store 

choice methodologies assign each observed customer a home location in the models 

using OA PWC and loads in store information directly from the Sainsbury’s store table. 

For comparability between model output and observed transactional data, the same 

observed customers are allocated a home in the model. However, it must be noted 

that the observed Sainsbury’s data calculates home-to-store distances using their in-

house GIS that uses road network data. In contrast, the model uses geodesic 
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distances, which will cause disparities between the two to an extent. As a first attempt 

at incorporating spatiality into the IBM, section 6.3.2 presents the first step in adding 

spatiality into the temporal model using simplistic behavioural rules. 

6.3.2 Store choice method 1: Tobler’s Law 

For the first implementation of spatiality into the temporal model, only residential 

demand is captured, keeping in line with the model’s philosophy of “keep it simple, 

stupid”. This method is based on Tobler’s first law of geography (Tobler’s law), a naïve 

approach to modelling demand. Tobler’s law states that “everything is related to 

everything else, but near things are more related than distance things” (Tobler, 1987); 

therefore, customers are assigned their closest store for all transactions, depending 

upon the chosen channel and basket type. Figure 6.12 provides a section of pseudo-

code to portray the logic of the model. After a customer has been entered through the 

decision tree process for a transaction scenario, resulting in a time, channel, and 

basket, the model decides which store the transaction should take place. Essentially, 

any ‘for now’ and ‘in-store’ transaction scenarios will take place at the customer’s 

closest store, regardless of whether the store is a convenience store or supermarket. 

If a transaction is ‘top-up’ or ‘main’ and ‘in-store’, then the transaction will be assigned 

to the customer’s closest supermarket only. If a transaction scenario has the channel 

‘online’, the transaction will occur at the customer’s closest supermarket that fulfils 

online orders. 

Figure 6.12 Pseudo-code of store choice rules for store choice method 1 

1 if transaction basket type = ‘for now’ AND channel = ‘in-store’ 

2         then transact at ANY closest store 

3     else if transaction basket type = ‘top-up’ or ‘main’ AND channel = ‘in-store’ 

4         then transact at closest store type = supermarket 

5     else if transaction channel = ‘online’ 

6         then transact at closest store type= supermarket AND online fulfilment = TRUE 

7 endif; 
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Once the customer’s transaction scenario is determined, the model calculates the 

geodesic distances in kilometres between the customer’s assigned home location and 

every Sainsbury’s store in the model using coordinates. During the model’s 

initialisation stage, a distance matrix is created between every OA location in West 

Yorkshire and all stores within the model environment. For each customer, all stores 

are ranked in terms of closest distance and are split by convenience stores, 

supermarkets, and supermarkets that provide online ordering. Sainsbury’s stores in 

the model are either classified as ‘supermarkets’ or ‘convenience’ stores.  

Sainsbury’s supermarkets and other supermarket stores tend to have a wider variety 

of foods available in these stores, catering for all basket types. Convenience stores, 

however, have a much-limited variety of foods available and are often confined to 

‘essential’ products that are either frequently purchased during the week or ready-to-

eat food and drink. With these factors considered, the model assigns a customer to a 

store based on the transaction’s basket type, channel, and the customer’s distance to 

the stores. 

The simple logic of this model ensures that all customers are transacting at the store 

closest to their home location under different scenarios. This implementation of 

Tobler’s law is likely to accurately capture the observed Sainsbury’s customer 

transactions that occur residentially but not transactions that are considered non-

residential demand. The reasoning for attributing specific basket types to store choice 

is related to the provision of different goods at different store types. Convenience 

stores tend to provide a limited product range compared to supermarkets. As the data 

presented in section 4.2.5 identified, a strong relationship exists between ‘main’ and 

‘top-up’ transactions at supermarket stores, which generally occur further away from 

the customer’s home location. Customers who transact online do not have a distance 
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to travel themselves but are still assigned a store from which their order would have 

originated. Their transactions are assigned to their closest store that provides online 

delivery (at least one supermarket in each LAD provides online delivery in the case 

study) (Newing et al., 2022; Urquhart et al., 2022). 

Using Tobler’s simplistic law, the assignment of where the transactions occur is 

achieved using agent-based modelling techniques, allowing for the simulation of 

spatiotemporal shopping behaviours at the individual level. The following section 

provides the results of the model using Tobler’s law and naïve behavioural rules. 

6.3.2.1 Store choice method 1: Tobler’s law results 

As explained previously, this first attempt at incorporating spatiality may have limited 

scope in representing the observed transactional data, as naïve store choice rules 

were implemented. As the model’s logic uses the closest store rule, it is expected that 

most transactions in the model occur within the same local authority district as the 

customer or a surrounding district edge. Figure 6.13 presents the cross-district 

interactions between customer and store locations for in-store transactions only. The 

analysis finds that, similar to the observed dataset provided by Sainsbury’s, 

customers mainly transact within their district (Figure 4.6). However, cross-district 

relationships are not identified to the same extent, as customers are not relocating in 

the model, which would impact location-based demand. The cross-district 

transactions presented in Figure 6.13 are due to customers residing on the edge of 

districts or far from a Sainsbury’s store within their district. As mentioned in section 

4.2.5, Bradford has a limited number of Sainsbury’s stores; therefore, customers will 

have reduced store choices and be assigned a store likely in Calderdale. Predictably, 

the model does not capture workplace demand as it has not been accounted for or 

any demand beyond residential-based transacting. Nevertheless, this analysis has 



- 204 - 

shown that the model can simulate individual consumer behaviour, linking channel, 

basket type, temporality and spatiality to store choice. 

 

Figure 6.13 Store choice method 1: Tobler’s law. Proportion of in-store transactions 

by customers in each Local Authority District into stores in each Local Authority 

District (%). 

For more context, Figure 6.14 compares each consumer type group’s modelled 

behaviour regarding the average distance (km) travelled and basket type. Despite 

each transaction being simulated to occur locally, some element of distance variation 

has been simulated. Overall, the model under-predicts the distances the consumers 

travelled compared to the observed data (Figure 5.4). The minimum average distance 

travelled in the simulated output is ~1.4km, whereas the observed data is ~2.3km. 

This could be due to two factors; firstly, the model uses geodesic distances (straight-

line distance with a curvature due to the Earth’s surface), and the observed data used 

road network data generated by Sainsbury’s in-house GIS. Secondly, as all 

customers travel locally, the data is likely skewed, bringing the average distance 

down.  
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Figure 6.14 Store choice method 1: Tobler’s law. Average distance travelled by 

basket type for each consumer type group over the 12-week period (km). 

Despite these limitations, as expected, simulated customers travelled much further 

for ‘main’ basket types. This is due to the ‘main’ transactions being assigned to the 

customer’s closest supermarket instead of to any store. Out of the in-store consumer 

type groups (groups 3 to 7),  group 7 was the most notable (Figure 6.14), as they 

transacted the furthest on average. These customers are generally located in rural 

areas in the model, reflecting the observed dataset (Figure 5.13). Due to those 

customers being predominantly rural, their modelled behaviour captured the further 

distances they would have to travel for ‘main’ basket type transactions. Although work-

based transactions by this consumer type group are not accurately captured 

(compared to their behavioural summary in section 5.5.7), their residential 

transactions are. 
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To visually demonstrate the model’s performance, Figure 6.15 presents the difference 

in customer locations between the observed dataset and the model’s output using 

Tobler’s law naïve ruling for all online transactions at the Bradford supermarket. The 

observed dataset captured customers from 674 OAs across Bradford, Leeds, 

Kirklees, and Wakefield. The model recorded transactions from 749 OAs within 

Bradford, Leeds, and Kirklees. The model captured 88.43% of the same OAs as the 

observed dataset, with the rest being densely located around the Bradford store 

(Table 6.13). All other stores that fulfil online orders are listed in Table 6.13, along 

with the OAs that transacted at these stores in the observed and simulated data. On 

average, the simulated results ‘delivered’ online orders to 70.58% of the same OAs, 

with Bradford being the most accurate and White Rose being the least accurate 

(44.41%). As discussed in section 4.2.5, Shorehead and White Rose supermarkets 

delivered significantly more online orders than all other stores across a much further 

distance (Figure 4.5). This was difficult to capture in this store location methodology, 

as the closest store was always chosen. This analysis is beneficial for Sainsbury’s to 

better understand which customers could be served if their most local store was used 

to deliver their online orders. 

Table 6.13 Store choice method 1: Tobler’s law. Observed vs simulated output; count 

of OAs captured by online transactions. 

Store Name 
(Online 

customers) 
Store LAD 

Number of  
OAs transacted from  

(Observed data) 

Number of  
OAs transacted from 

(Simulated data) 
Shared OAs (%) 

Bradford Bradford 674  749  88.43% 

Dewsbury Kirklees 377  387  72.68% 

Halifax Calderdale 774  765  79.72% 

Shorehead Kirklees 1,029  676  61.22% 

Wakefield Wakefield 761  869  77.00% 

White Rose Leeds 1,637  953  44.41% 
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Figure 6.15 Store choice method 1: Tobler’s law. Observed vs simulated output for 

Bradford supermarket - online transactions by customer OA. Black outlined dots 

represent Sainsbury’s stores, yellow dots are customer home OAs. 
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Whilst Tobler’s law-inspired store location methodology is appropriate for modelling 

online transactions, disparities are more evident when analysing in-store transactions. 

Tobler’s law methodology simplifies the behaviours of simulated customers to an 

extent in which unpredictable behaviours are not captured, such as multi-trip journeys, 

workplace purchases, and opportune purchases. Figure 6.16 provides an example of 

the Leeds Colton supermarket, comparing the OAs of customers who transacted at 

the supermarket over 12 weeks. The Leeds Colton store was chosen as it is one of 

the largest stores in the Sainsbury’s store network in West Yorkshire, pulling in 

customers from 3,027 OAs during the 12 weeks in the observed dataset. Leeds Colton 

is located within the Colton Retail Park, which offers various non-grocery-based 

retailers. The retail park draws in customers for its selection of shops and Sainsbury’s 

superstore. Customers are likely transacting at the Leeds Colton store for purposeful 

grocery purchases or out of opportunity as it is close to other retailers they visit.  

The model captured local customers of the Leeds Colton store, pulling individuals 

from OAs in east Leeds and north Wakefield, but has a cut-off point to the east as 

other Sainsbury’s stores are closer to those OAs. The model’s logic does not account 

for Leeds Colton being located in a retail park; therefore, there is no behavioural 

incentive to draw customers from further afield. The model captured local customers, 

notably for ‘main’ transactions. The model identified that customers of Leeds Colton 

reside in 825 individual OAs, with around 88.64% matching those within the observed 

dataset. The observed dataset captured individuals from 3,027 OAs, meaning the 

model matched 24.17% of the OAs. By expanding the consumer’s rules to not always 

consider their closest store for transacting, the model would cover a wider variety of 

customers. The output of this model has provided further evidence that more 

sophisticated behavioural rules are required to capture different types of grocery 

demands beyond residential.  
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Figure 6.16 Store choice method 1: Tobler’s law. Observed vs simulated output for 

Leeds Colton supermarket – in-store transactions by customer OA. Black outlined 

dots represent Sainsbury’s stores, yellow dots are customer home OAs. 
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Figure 6.17 provides an example of a Sainsbury’s Local store (Rochdale Rd Local), 

located in the residential area between Halifax town centre and Sowerby Bridge 

market town centre. This store is the smallest Sainsbury’s in West Yorkshire, with a 

sales area of around 891 ft², and is mainly visited for ‘for now’ and ‘top-up’ basket type 

transactions. This store captured transactions from around 300 different OAs where 

their customers resided. Generally, the customer’s home addresses are located within 

a close vicinity of the store, with few customers visiting from elsewhere. The Tobler’s 

law-based rules in the model performed well, with 84.11% of OAs matching between 

the model and the observed dataset. The transactions from the unmatched OAs in 

the surrounding districts occurred less often in the observed dataset, with 1 or 2 

transactions occurring over the 12 weeks. These rarely occurring transactions are 

challenging to model at the individual level, notably when the store is located in a 

residential area, yet customers travel from afar. Outside of local and convenience-

based demand, it is difficult to determine why customers would travel from further 

away and transact at these stores. 

To accurately model these unique, low frequency-transactional behaviours, other 

types of non-residential demand should be incorporated or an added element of store 

choice randomness. Adding spatiality into a data-driven agent-based model is 

challenging, especially when attempting to simulate a particular population when only 

their transaction behaviour is known and nothing more.  
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Figure 6.17 Store choice method 1: Tobler’s law. Observed vs simulated output for 

Rochdale Rd convenience store- in-store transactions by customer OA. Black 

outlined dots represent Sainsbury’s stores, yellow dots are customer home OAs. 
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As this is the first attempt at building an individual-based model of temporal and spatial 

consumer behaviour using observed data, the study followed the KISS approach. 

Therefore, the model begins with the simplest behavioural rules, adding complexity to 

agent behaviour at each iteration of model development. As discussed, this first 

method of adding store choice to the model followed Tobler’s first law, in which the 

closest store for all transactions would take place, depending on the basket type. The 

idea behind this logic was to capture residential-based demand in the model by 

ensuring the customer agents always transacted locally.  

The model results show that using Tobler’s law, behavioural rules for store choice can 

capture residential-based demand, notably for stores located in residential areas. 

Although imperfect, the model captured around 50% to 90% of the same OAs as the 

observed dataset for each residential store, indicating that the model can capture 

customer demand locally. Stores in city and town centres shared a much lower 

proportion of OAs, at an average of 26%. Due to the low number of customers residing 

in these areas, and an influx of customers from elsewhere, capturing these behaviours 

using Tobler’s law behavioural rules is nearly impossible without relocating customers 

at different time points in the model. 

Linking the customers in the dataset based on their consumer type group is 

challenging, especially when personal or demographic information is unknown. 

Therefore, before attempting to use other data sources, the following section 

discusses how the transaction dataset can incorporate more complex behavioural 

rules into the model whilst maintaining the ability to capture residential-based demand 

observed in the Tobler’s law-inspired model.  
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6.3.3 Store choice method 2: Distance bands 

The next step of the model-building process included a second decision tree-like 

structure in which customers’ distances were determined. In this second store choice 

method, complexity was added by calculating the distance a customer is likely to 

travel depending on the transaction scenario being performed. As we do not know 

where the customer will likely be located at different time points in the model, their 

known behavioural data from the consumer type group analysis was explored. 

For each transaction scenario, i.e., the combination of day type, time of day, basket 

type and channel, the average distance travelled was derived per consumer type 

group. The idea behind this method was to assess whether the loyalty card-linked 

transactional dataset alone can provide enough information to identify the types of 

areas customers were transacting in, in relation to temporality. Therefore, distance 

bands were assigned, ranging from 0 - 1 km, 1.1 - 2.5 km, 2.51 - 5 km, 5.1 - 10 km, 

and ≥ 10.1 km. For each consumer type group, the probability of a customer making 

a transaction based on every transaction scenario was calculated using the average 

group-level proportions.  

A second decision tree was created using the same weighted roulette wheel selection 

function discussed in section 6.1.4. Each time a customer performs a transaction, the 

model reads in a file containing the distance probabilities for each transaction scenario 

by distance band for each consumer type group. The distance probabilities were 

standardised to 1, ensuring that a store would always be chosen. For example, 

customers in consumer type group 7 have a 44.36% chance of transacting at a store 

between 5.1 km and 10 km away if their transaction is a ‘weekend morning in-store 

main’ scenario. For the same scenario, they have a 34.51% chance of transacting 

between 2.51 km to 5 km away from home. 



- 214 - 

Using a decision tree structure should ideally reflect the average distances customers 

in each consumer type group travelled, linking back to the observed dataset from our 

study collaborator. During the development of this model iteration, several challenges 

were faced. Firstly, not all customers had a store within the distance band they were 

assigned to transact within, therefore could not perform the transaction. To overcome 

this issue, the model re-standardised the distance probabilities in real-time as the 

model ran. Therefore, if a store was not within a distance band, the next most probably 

distance band was chosen. The second challenge was store selection. When a 

customer has more than one store to choose from in the distance band, how should 

a customer decide where to go? To combat this issue, two solutions were considered. 

Solution one entailed assigning the customer to transact at their closest store within 

the distance band, as their distance parameter had already been set using 

probabilities. Solution two considered using a random function to assign a customer 

to any store in a distance band. To keep in line with the KISS approach, the first 

solution was applied to identify whether distance bands and probabilities alone could 

replicate the observed data.  

6.3.3.1 Store choice method 2: Distance bands results 

The model was initialised to run for 84-time steps, producing 12 “weeks” of data to 

match the observed dataset. Using distance bands, Figure 6.18 presents the cross-

district interactions between customers and Sainsbury’s stores. The model results 

found that for each district, most transactions occurred within the same district the 

customer resided within, similar to the observed data (Figure 4.6) and the output in 

store choice method 1 (Figure 6.13). The distance bands method produced a high 

proportion of cross-district transactions, an improvement from the previous spatial 

model. The model captured a similar pattern of cross-district transactions compared 
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to the observed dataset. For example, customers who live in Bradford performed 9.0% 

of transactions in Calderdale, 1.4% in Kirklees, and 11.3% in Leeds (Figure 6.18) 

compared to the observed dataset (Calderdale: 8.6%, Kirklees: 1.1%, and Leeds: 

13.0%) (Figure 4.6). The precision for the proportion of transactions in Wakefield was 

not calculated, as zero transactions occurred in the model. The precision of these 

results was assessed with the following calculated CV values for the above Bradford 

example: 1.3% (Bradford), 3.2% (Calderdale), 17.0% (Kirklees), and 9.9% (Leeds). 

Overall, the average CV for Bradford was 7.8%. At the aggregate level, the proportion 

of cross-district transactions is accurate for Bradford but may be inaccurate at the 

micro-level, as the same OAs may be being assigned to stores in other districts; this 

is explored further in the following sections. 

The average cross-district CVs were calculated for all other customer LADs, with the 

following results: 53.0% (Calderdale), 28.8% (Kirklees), 31.7% (Leeds), and 17.1% 

(Wakefield). The higher the CV, the less similar the model output is to the observed 

dataset. The distance bands methodology worked well for Bradford but needs 

refinement to find similarities for Calderdale and Leeds. These disparities are due to 

the residential locations of customers in the model and the logic rules applied in this 

store choice method. The model assigns customers to a store to transact at based on 

the chosen distance band; however, it does not inform the customer which direction 

to choose a store and automatically forces them to choose the closest. Therefore, 

customers who reside on the border of districts may be pulled into an adjacent district 

to transact at a store, resulting in the proportions presented in Figure 6.18. The output 

from the model that used Tobler’s first law (section 6.3.2) produced relatively close 

results for the customers within the Leeds LAD compared to the observed data (Figure 

6.13). This is due to the higher proportion of Sainsbury’s stores within Leeds, and 

customers’ closest stores were within the same LAD. 
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Figure 6.18 Store choice method 2: Distance bands. Proportion of in-store 

transactions by customers in each Local Authority District into stores in each Local 

Authority District (%). 

The average distances that the modelled customers ‘travelled’ are presented in Figure 

6.19, split by consumer type group and basket type. The average distances are 

slightly higher than the output in the store choice method 1 model (Figure 6.14) and 

represent the observed data more accurately (Figure 5.4). It is not easy to compare 

the average distances between the observed data and simulated output, as different 

measures were used. The data provided by Sainsbury’s used their in-house GIS, in 

which the distances between customer homes and stores used a road network 

distance in kilometres,  whereas the model uses geodesic (straight line on a curved 

surface) distances. The different distance measures are expected to produce different 

outputs and are difficult to model without using a common distance methodology. 

Therefore, an alternative method to distance bands may be more appropriate for 

modelling store choice unless the exact measures of distance are able to be used. 
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Figure 6.19 Store choice method 2: Distance bands. Average distance travelled by 

basket type for each consumer type group over the 12-week period (km). 

A series of maps are presented in the following section to visualise the interactions 

between select Sainsbury’s stores and OAs, comparing the observed data to the first 

store choice method results and the results of using the distance band methodology. 

Figure 6.20 compares in-store transactions for the Keighley supermarket in Bradford. 

Customer OAs are highlighted in yellow circles and only OAs are shown in which a 

transaction happened by a customer in the area, at the Keighley store. The observed 

dataset found a wide range of customer OAs transacting at this particular store, 

predominantly customers in Bradford, followed by Leeds (to the east) and Calderdale 

(to the south) (Figure 6.20, map (a)). The first spatial model using Tobler’s law 

successfully identified the most local OAs of Sainsbury’s customers (89.6% of the 

OAs in the model output matched those in the observed dataset). However, as the 

model only uses the closest store rules, the model overpredicted the number of local 
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OAs in which customers visited the Keighley store (Figure 6.20, map (b)). As unique 

store distances are not assigned as a rule to those who often transact far away (such 

as those in consumer type group 7, ‘Hungry and Far From Home’), customers of that 

groups are forced to transact locally. This overprediction has been reduced using the 

distance bands method (Figure 6.20, map (c)). As the maps show, the model using 

distance bands enabled the Keighley store to draw in customers from further away 

and from fewer OAs. Striking a middle ground between the two models is a challenge, 

though, and further complexity is required to fully capture consumer store choice. 
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(a)  

(b)  
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(c)  

Figure 6.20 Store choice method 2: Distance bands. Observed vs simulated method 

1 vs simulated method 2 - output for Keighley supermarket store- in-store 

transactions by customer OA. Black outlined dots represent Sainsbury’s stores, 

yellow dots are customer home OAs. 
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A second example of the model’s spatial results is presented in Figure 6.21 for the 

Smawthorne Local convenience store located in Wakefield. This store offers a 1,250 

ft² sales area, offering a limited range of goods due to its small size and convenience 

fascia. This local store is intended to serve the residential population around the area, 

with most customers transacting locally (Figure 6.21, map (a)). Similar to the Keighley 

store, the model using Tobler’s law behavioural rules pulled in mostly local customers 

for the Smawthorne store, overpredicting some local areas to the south, and missing 

out customers to the north of the Wakefield boundary (Figure 6.21, map (b)). The 

second store choice method captured largely the same OAs of customers for the store 

and customers located in neighbouring districts (Figure 6.21, map (c)). By using the 

distance bands, the model manages to simulate customers transacting at a wider 

variety of stores, similar to the observed dataset but still has its inaccuracies despite 

assigning behavioural rules unique to consumer type groups. The following section 

provides discusses the benefits and limitations of solely using the loyalty card-linked 

transaction dataset to incorporate spatiality into the individual-based model, 

highlighting what alternative rules combinations could be used, along with other data 

sources.  
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(a)  

(b)  
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(c)  

Figure 6.21 Store choice method 2: Distance bands. Observed vs simulated method 

1 vs simulated method 2 - output for Smawthorne Lane Local convenience - in-store 

transactions by customer OA. Black outlined dots represent Sainsbury’s stores, 

yellow dots are customer home OAs. 
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6.3.4 Benefits and limitations of solely using transaction data 

to model consumer store choice 

When modelling individual consumers, it is notoriously challenging to derive general 

spatial behavioural rules when little information is known about the customers 

(Wilkinson, 2023). The first two attempts at incorporating store choice into the model 

followed the KISS approach, utilising the most available data for this study: the loyalty 

card-linked transaction data. For both attempts, individual customers were placed in 

the model using the observed dataset to directly compare observed customer store 

choices and model output.  

The first model (section 6.3.2) used the most straightforward behavioural rules by 

assigning customers to their closest stores. Basket type determined whether the 

customer would choose their closest supermarket for ‘main’ or ‘top-up’ transactions 

or any closest store for ‘for now’ transactions. At the local scale, the model performed 

well for modelling local, residence-based demand, capturing various surrounding OAs 

for each store. The model also worked reasonably well for assigning transactions to 

online stores. Overall, the Bradford district performed the best in the model due to the 

few stores within the district (Table 4.4). The model did not perform well for Leeds, 

which has the greatest number of stores. This is due to the low number of Sainsbury’s 

customers that reside in the city centre and the abundance of Sainsbury’s stores 

within the city centre. The residential grocery demand in city centres is often low and 

is replaced with workplace demand, as found in Berry et al. (2016) and Waddington 

et al. (2019). Overall, the first store choice method worked reasonably well for 

residential-based demand, though not quite capturing a wide range of OAs. 

The second model (section 6.3.3) used a more complex store choice methodology, in 

which distance bands were used. The proportional chances of transacting within a 
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distance band were calculated, unique to each consumer type group and transaction 

scenario. This attempt followed the same ruling for linking basket types to store types 

but incorporated more sophisticated rules via a decision tree. This method was tested 

to see whether we could retain the local, residence-based grocery demand captured 

using the first modelling method for store choice whilst capturing a wider range of OAs 

for each store. In essence, the method sought to capture a wider variety of store 

distances based on the consumer type group preferences. This method of assigning 

store choice produced model results similar to that produced in the first modelling 

method and was slightly better at representing the observed data.  

Using the transactional dataset solely to assign behavioural rules for store choice 

provided an easy-to-follow method, as each attempt built up from the previous. Ideally, 

the dataset alone would provide enough information to create behavioural rules 

representing the observed consumer behaviours. However, we need more 

information about these customers to be able to use the data for modelling individual 

store choices. The dataset can simulate residential-based grocery demand, as 

customer home locations are known, but other types of grocery demand are unknown. 

Therefore, as discussed in section 3.3, other data sources are required to make more 

representative models of consumer store choice behaviour. The loyalty card data 

provides a solid base for modelling individual consumers' temporality and store 

choice, but further data regarding customers' location outside the home is required. 

The prior sections discussing how store choice behavioural rules can be derived from 

the loyalty card dataset provide insight into the extent that these data can be used 

and the critical limitations of these data. 

The following section provides context and an example of incorporating census data 

into the IBM, focusing on a single OA in Leeds. 
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6.3.5 Store choice method 3: Place of work 

This thesis's third and final store choice methodology utilises the 2011 Census 

workplace data(Office for National Statistics, 2014). These data provide the flows 

between each OA in England and Wales, in which one side is the individual’s place 

of residence, and the other is the OA where the individual’s place of work is. This 

dataset was chosen for the model to incorporate workplace grocery demand during 

usual weekday working hours. Keeping in line with the whole model’s philosophy of 

‘keep it simple, stupid’, the model output in this section focuses on one single OA in 

Otley, Leeds. The particular OA has not been shared due to consumer confidentiality. 

Due to time constraints in the development of this research (as discussed in the 

Covid-19 impact statement provided separately), the amount of time required to 

calculate the flows between thousands of OAs, and then assigning them to 

Sainsbury’s customers, select examples are presented to show the potential of the 

model. 

In this model iteration using workplace data, around 88 unique customers within an 

Otley OA were loaded into the model. The 88 customers were identified within the 

loyalty card dataset out of a total area population of ~1,000. This study area example 

was chosen as Otley is a well-known market town in the north of Leeds, with a variety 

of local supermarkets, including Waitrose, Asda, and Sainsbury’s. The population of 

this OA are categorised as ‘Ageing industrial workers’, who have a slighter older age 

profile and are employed in IT and financial-related industries (Office for National 

Statistics, 2015). Although the model does not incorporate competitors, this area is of 

interest in future case studies due to the variety of supermarkets, with Waitrose being 

classified as a ‘luxury’ brand, Asda as a ‘ lower-end mass market’ brand, and 

Sainsbury’s as a ‘higher end mass market’ retailer (Clark et al., 2021). 
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For this example, the 88 Sainsbury’s customers in this OA were assigned a home 

location, the OA, and a workplace location. Using the workplace data from the 2011 

Census, the proportion of those Sainsbury’s customers that would leave the Otley 

area for work was calculated. Approximately 77% of the customers worked within 

Otley, were unemployed, or were retired. The remaining 33% of these 

individuals do leave Otley for work and visit various other OAs across Bradford and 

Leeds, according to the 2011 Census data. These are inferences, as we do not know 

exactly which Sainsbury’s customers leave Otley, but these assumptions were made. 

Therefore, the model was initialised with 88 customers from a particular Otley OA, 

and each customer was assigned a workplace within Otley or elsewhere. Customers 

were then assigned a consumer type group, depending on the proportion of 

customers who lived within the OA during the 3-month period of the loyalty card 

dataset. As expected, most customers belonged to consumer type group 3 (section 

5.5.3 for this group’s pen portrait).  

The behavioural rules of the model were then amended from the previous store choice 

methods. If a customer were to transact during a weekday morning or weekday 

afternoon, that transaction would occur from their workplace location. Using the same 

ruleset as previous store choice methods, the closest store would be chosen, with ‘for 

now’ transactions taking place at any store and ‘top-up’ and ‘main’ transactions only 

taking place at a Sainsbury’s supermarket store. This methodological approach aims 

to replicate the demand layers used within spatial interaction models (Newing, 2013), 

albeit it is not as simple as using the top-down methodology. Essentially, this model 

iteration attempts to capture individual-level behaviours of consumers who are being 

relocated during the model to represent workplace demand (Waddington et al., 2019). 
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Validating this section of the model is challenging, especially when working with 

assumptions within an agent-based model (Pullum and Cui, 2012). Therefore, the 

same observational validations used in the prior store method choice sections are 

used, comparing the mapped model outputs. Figure 6.22 Figure 6.23 are to be 

analysed together, with each image acting as a progressive step in modelling 

spatiality in this model. All models were run on a timescale of 12 weeks for comparison 

to the observed dataset. 

6.3.5.1 Store choice method 3: Place of work results 

First, Figure 6.22 presents the output of the observed dataset, showing the stores 

chosen by the customers within the Otley OA. The percentages on the map are the 

proportions of transactions at the mapped stores. As shown in the observed dataset, 

Sainsbury’s customers in this OA mostly transacted at Otley (95.37%). The remainder 

of the transactions occurred at various stores across Leeds, Bradford and Halifax. 

These customers predominantly shopped locally, with few transactions occurring in 

Leeds city centre and no online transactions. The second map in Figure 6.22 shows 

the output from the store choice method 1 model, in which customers always transact 

locally. Unsurprisingly, these customers did 100% of their transactions at the 

Sainsbury’s Otley supermarket due to only one store near this OA. Although this 

model is 4.63% off from the observed dataset, it cannot capture transactions from out 

of Otley. 

Figure 6.23 presents the output from store choice method 2, which uses distance 

bands. This modelling method captured a wider variety of Sainsbury’s stores. 

However, the proportions of transactions at those stores are very dissimilar to those 

within the observed data (Figure 6.22). The distance bands methodology may be able 

to capture varied distances, but there needs to be a fundamental improvement in the 
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way it performs. The problem is if the model cannot find a store within a distance band 

and is constantly standardising the distance bands for the weighted roulette wheel 

function used for spatiality. This results in customers in the model favouring the 

Menston Local store on Bradford Road for non ‘main’ transactions. This model aimed 

to incorporate store variety based on customer basket types but did not perform 

optimally. 

The second map in Figure 6.23 presents the output for the third store choice method, 

‘Place of work’. By moving customers out of Otley during workday mornings and 

afternoons, the model output performed exceptionally well, being the most similar to 

that presented in the observed dataset (Figure 6.22). The output of this model gives 

hope that future model developments will be successful in incorporating other 

datasets, such as the census 2011 workplace data. The model captured various 

stores as customers moved to Leeds and Bradford, forming work-based grocery 

demand. Other study areas were analysed, using a few OAs from select areas, and 

produced similar results. Using workplace data resulted in the most similar model 

results to the loyalty card dataset and should be considered for future models. There 

are obvious drawbacks to using the census data in this model, however, especially 

with the discrepancies between the periods of the datasets; this is discussed further 

in Chapter 7. 

The next section of this thesis provides an example of how the model can be used for 

future scenario testing for retailers. As this is a prototype model, the scenario test 

output is not fully explored but is for demonstrative purposes. 
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Figure 6.22 Store choice method 3 comparison: Tobler’s law - Observed vs 

simulated method 1 – stores visited by those in a single Otley OA. Percentages are 

the proportion of transactions that took place at each store in total. Black outlined 

dots represent Sainsbury’s stores, yellow dots are customer home OAs. 
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Figure 6.23 Store choice method 3 comparison: Distance bands vs Place of work -  

stores visited by those in a single Otley OA. Percentages are the proportion of 

transactions that took place at each store in total. Black outlined dots represent 

Sainsbury’s stores, yellow dots are customer home OAs. 
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6.3.6 Scenario test: Work-based store addition 

This section of the chapter provides a brief example of how the model could be used 

for scenario testing in the future. Using the third store choice method that incorporates 

the workplace data from the 2011 Census, the example demonstrates the addition of 

a new convenience store to the Sainsbury's store network. The demonstration of the 

model in action takes place at the Dean Clough complex in Halifax, Calderdale. Dean 

Clough is a 22-acre mixed-use mill complex located on the edge of Halifax town centre 

and was once a group of large factory buildings (deanclough.com, 2023). Today, 

Dean Clough consists of 16 Grade II listed Victorian mills that were converted for 

various commercial and cultural uses; it is a leading example of successful urban 

regeneration (Stratton, 2000). Dean Clough offers a variety of things to do, boasting 

large workspaces, eateries, and boutique shops. However, the one thing it does not 

have is a small convenience store for those not-so-ostentatious quick eats.  

In 2014, one of Calderdale's largest employers, Covéa Insurance, purchased two mills 

at Dean Clough, bringing over 1,000 employees into their offices (Covéa Insurance, 

2014). These employees need their lunches, and not every employee will want to eat 

lunch at a quirky cafe every day. Therefore, this scenario tests what could happen if 

a new Sainsbury's Local opened at the Dean Clough complex. To model this scenario, 

a spatial interaction model could be used to estimate the area's demand for the store 

by disaggregating the number of customers in the area and estimating their 

expenditure. However, we know that some of those employees at Dean Clough are 

likely to already be Sainsbury's customers depending on the OA they reside in. Those 

customers will also belong to one of the seven consumer type groups identified in 

Chapter 5. Therefore, what potential does the IBM developed in this thesis have to 
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estimate the behaviours expected at this new store? To model this, we need to know 

who is relocating to Dean Clough for work and where they reside.  

However, there is a misalignment in the available statistics regarding worker 

movements, as each dataset is from a different time period. The 2011 Census 

captured worker flows before Covéa relocated to Dean Clough (in 2014); therefore, 

the census will not account for those employees in the area. The 2021 Census could 

be used; however, that census captured the population's information during the Covid-

19 pandemic, and Covéa adopted a hybrid working environment. Additionally, the 

loyalty card dataset being used to link workers to consumer type groups were based 

on 2018 Sainsbury's customers. Therefore, there is quite a disparity between the 

available datasets. 

Regardless, as this is an example demonstration, the thesis uses the 2011 Census to 

estimate how many Sainsbury's customers worked at the Dean Clough complex. The 

2011 Census identified that 2,075 individuals worked at Dean Clough and resided 

within various OAs across Calderdale, Bradford, and Kirklees. Using the consumer 

type group proportions, the number of Sainsbury's customers in each OA was 

calculated, resulting in the assumption that ~100 of those individuals that worked in 

Dean Clough were already Sainsbury's customers with a loyalty card. The Sainsbury's 

customers in these OAs belonged to consumer type groups 3 (Convenience 

Suburbanites) and 7 (Hungry and Far From Home).  

The model was initialised to run for 84-time steps, and customers were located at their 

home OAs using the census data. These customers were then assigned their place 

of work (Dean Clough) during the model's weekday mornings and afternoons. 

Therefore, if a customer were to transact (based on their consumer type group 

behavioural rules for temporality) during those times, they would transact as if they 
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were at their place of work. The new store “Dean Clough” was added to the model 

using coordinates and was located on the site. 

The model's results for this scenario test are presented in Figure 6.24, Figure 6.25 

and Figure 6.26. Each figure presents a breakdown of the stores chosen by all 

customers for each day type, basket type, and time of day. As the model output cannot 

be validated against other data, general observations are made whether the 

relationships between consumer type groups and the model's results are logical, 

reflecting the expected behaviours. All 'for now' and 'top-up' transactions by these 

modelled customers occurred as expected at the newly placed 'Dean Clough' store 

on weekday mornings and afternoons (Figure 6.24 and Figure 6.25). All weekday 

morning and afternoon 'main' transactions occurred at the large Halifax Supermarket, 

aligning with the behavioural rule that only supermarkets provide enough product 

range for 'main' transactions (Figure 6.24,Figure 6.25 and Figure 6.26). Customers 

always choose one of the closest stores to their home OA for weekend transactions 

for all basket types, forming residential-based grocery demand. Customers are 

located in particular OAs based on their consumer type groups, with those living the 

furthest away from Dean Clough mainly belonging to consumer type group 7 (Hungry 

and Far From Home).  

This demonstrative example of adding a new store into the model for simulating the 

potential behaviours of customers provides insight into the possible future scenarios 

that could be developed once accurate data has been obtained and implemented into 

the model. The model produces logical results with consumer type groups located in 

reasonable OAs, and their behaviours reflect the rules set out in the model. Although 

the model is in its early stages, it has demonstrated how it could be used for scenario 

testing, especially once consumer expenditure has been added along with other types 
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of grocery demand. The model does generate sales values for each transaction using 

the loyalty card dataset's analysis and standard deviation, but this has yet to be 

included in the analysis due to the early stages of model development in other areas.  

The model developed in this study provides retailers with insights into their current 

customers and the spatial and temporal behaviours in their grocery transactions. The 

model allows testing for 'what-if' scenarios at the individual level, capturing the 

nuanced behaviours of their customer base. This type of model is the first of its kind 

in the context of grocery location analytics and has generated interest from clients 

beyond Sainsbury's. 
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Figure 6.24 Scenario test: Work-based store addition results (morning): black 

outlined dots are the stores visited, and the smaller dots are OAs where customers 

reside. The Dean Clough store is a new addition and is located on the Dean Clough 

complex. 
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Figure 6.25 Scenario test: Work-based store addition results (afternoon): black 

outlined dots are the stores visited, and the smaller dots are OAs where customers 

reside. The Dean Clough store is a new addition and is located on the Dean Clough 

complex. 
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Figure 6.26 Scenario test: Work-based store addition results (evening): black 

outlined dots are the stores visited, and the smaller dots are OAs where customers 

reside. The Dean Clough store is a new addition and is located on the Dean Clough 

complex. 
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6.4 Chapter 6 summary 

The first part of this chapter focused on the temporal aspect of modelling consumer 

behaviours. A decision tree structure was developed to model the probabilities of 

different customers transacting based on the consumer type groups they belong to. 

Using the decision tree approach in an IBM, along with the roulette wheel selection 

function, the model could accurately simulate known behaviours of grocery customers 

(section 6.2.2). The developed model is a first attempt at refining spatial models used 

within the context of grocery retail, incorporating the individualised behaviours of 

known customers, which is missing in current spatial models, such as SIMs. As this 

thesis presents a novel approach, the KISS principle guided the model’s creation, 

allowing for a logical development process that is entirely reproducible. 

The second half of this chapter focused on modelling the spatial store choices of the 

simulated customers. Three store choice methods were presented, with each 

increasing in complexity, following the KISS principle. The first store choice method 

was inspired by Tobler’s First Law, in which customers always transacted at their 

closest store. This naïve approach was used to test whether the model could allow 

customers to make store choices by following simple rules. As discussed in section 

6.3.2, some behavioural rules were in place that linked customers’ basket types to 

store types. This approach demonstrated that the model’s spatiality function was 

working correctly as different stores were chosen based on consumers’ OAs and 

basket types. As customers chose their closest store, this spatial approach captures 

residential-based demand well but overpredicts transactions at convenience stores 

due to the lack of stochastic behaviour in-store choice. 

The second store choice model used distance bands directly derived from the 

consumer type group's store choices. This approach was used to see the extent to 
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which the loyalty card data can be used to simulate customers' temporal and spatial 

behaviours. Whilst this approach captured variation in the customer's store choice 

behaviour, the results did not represent the observed customers. This modelling 

method may have potential with refinement and added complexity, such as 

incorporating an element of store attractiveness like that within SIMs. As the model 

presented in this thesis did not provide the customer with a direction to choose a store, 

some store choices were not representative of the observed data. 

The third store choice method used the 2011 Census to relocate customers at 

different time periods to represent workplace populations. A small case study of an 

OA was presented in this thesis, but others had been tested too. This method was 

complex to model as assumptions had to be made. The loyalty card dataset does not 

provide information on who the customers are in the dataset; nothing is known about 

their demographics, employment status, or family size. The census does not provide 

information on who owns a Sainsbury’s Nectar card; therefore, direct links cannot be 

made. 

Nevertheless, loose assumptions based on the proportions of customers within an OA 

were used to estimate which customers will likely leave the OA for work. The output 

from this method captured simulated consumer store choices successfully, 

representing consumer spatiality and temporality compared to the observed dataset. 

Although the census was captured seven years before the loyalty card dataset, the 

model could still represent work-based grocery demand.  

Finally, section 6.3.6 provided an example of how the model could be used for store 

location testing once a sound data source for estimating non-residential demand is 

available. The example provided context around the agent’s behavioural rules if a new 

store was added in a new location. It is anticipated that future model developments 
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beyond this thesis will be able to incorporate alternative data sources suitable for this 

type of IBM in grocery retail. Overall, this chapter has provided a fully reproducible 

model that is driven by a loyalty card dataset containing different consumer type 

groups. This model provides a foundational framework that can be expanded by 

applying new data sources, validated against other data, and appropriate for use 

within retail location planning for site location assessments.  
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Chapter 7 Study findings, limitations, 

recommendations, and concluding comments 

7.1 Introduction 

The overarching research aim of this thesis is to develop a modelling framework that 

focuses on incorporating loyalty card-linked transaction data using IBM. The model 

aims to support grocery retailers' location planning and impact assessment process, 

providing a unique and enhanced methodology that considers their known customers' 

behaviours at the individual level. Current methods used in retail location analytics 

rely on top-down modelling methods, yet an abundance of individual data is being 

captured daily about customers. Therefore, this novel methodology sets the scene for 

developing and refining spatial models in grocery analytics.  

The overarching research aim is split into three parts as outlined in section 1.2: 

1. To present a review of the historical and recent changes in consumer 

behaviour in the context of grocery retail planning and the tools used in 

location planning analytics. 

2. To identify key segments of consumer type groups who exemplify particular 

consumer behaviours regarding when, where, how and what they purchase 

from grocery stores.  

3. To design an individual-based model based on known customer behaviour 

observations, incorporating temporality and spatiality using a hybrid 

microsimulation and agent-based modelling methodology. 

These three aims are met with the findings presented in Chapter 2 to Chapter 6 via 

the completion of the objectives also outlined in section 1.2: 
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1. To explore the literature around British grocery retail over the past decades, 

identifying key changes that impacted consumer behaviour and the key 

indicators of consumer behaviour. 

2. To articulate the benefits and limitations of current grocery location planning 

analytical tools, including the potential data sources available. 

3. To investigate the loyalty card linked transaction dataset provided by 

Sainsbury’s, identifying general behaviours of their customers in relation to 

their store choice behaviours in West Yorkshire. 

4. To segment the observed customers into consumer type groups based on 

their key behaviours regarding transaction frequency, store and channel 

choice, and purchase purpose, i.e., basket type. 

5. To perform data mining on the customer segments, identifying the probability 

of making a transaction at any given time based on their linked loyalty card 

transactions. 

6. To design and build a prototype individual-based model of consumer 

behaviours suitable for simulating their transactions by day type, time of day, 

channel, and basket type. 

This chapter achieves the final objective, bringing the study to a close: 

7. To discuss how the model’s functionality and framework is beneficial in retail 

location analytics, and how it can be used and further developed by retailers 

and location professionals. 

Recapitulating, this thesis seeks to make three contributions: (1) A contribution to the 

refinement of spatial models in retail, (2) a contribution to the literature surrounding 

spatial modelling; and (3) a contribution to the field of location analytics academically 

and professionally. 

This chapter discusses the research findings presented in this thesis, particularly in 

chapters 4, 5, and 6. Drawing on these discussions, section 7.4 concludes this study, 

highlighting the contributions of the thesis, the study's limitations, and 

recommendations for future work.  
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7.2 Inferring consumer typologies 

This section focuses on the research produced in Chapter 4 and Chapter 5, in which 

preliminary analysis of the loyalty card-linked transaction dataset is presented, and 

consumer type groups were identified through the segmentation of individual 

customers within that dataset. The identification of such consumer type groups and 

separation based on specific patterns of behaviour satisfies aims 1 and 2 and are 

explored below. 

7.2.1 Study findings 

To begin, the first part of the study focused on the store network and loyalty card data 

provided by Sainsbury’s (Chapter 4). Their extensive store network across West 

Yorkshire results from the supply-side developments within grocery retail, as 

discussed in section 2.1. Many of Sainsbury’s largest supermarkets are located within 

a variety of areas that aligned with the Planning Policy Guidance changes (Guy, 1997; 

Wood et al., 2006), with stores located in a mix of ‘out-of-town’,  ‘within centre’ and 

‘edge-of-centre’ sites (Figure 4.2). Their convenience store network is also a result of 

policy updates and the complex range of changes in consumer demand (Wood and 

Browne, 2007), with 71% of their stores in West Yorkshire being associated with their 

“Local” fascia (Figure 4.4). Their larger stores that act as online delivery hubs tend to 

be located next to the most accessible road networks. They are mainly the 

superstores built before the PPG6 changes that limited store developments outside 

town centres (Wood et al., 2006).  

By delving into the evolving patterns of grocery consumer behaviours (as reviewed in 

Chapter 2), from shopping at local greengrocers to shopping from the comfort of a 

sofa, it is clear that there is no one size fits all and that not all customers behave the 
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same in their store and channel choices. It is integral for retailers and location 

planners to understand their customers' unique and distinctive behaviours, as these 

behaviours can profoundly impact store economic performances, especially in 

different contexts of space and time. 

Current methodologies which utilise top-down approaches (Chapter 3) rely on 

disaggregating consumer demand and making inferences about consumer 

behaviours. The central assumption being that all consumers behave homogenously 

with no personal preferences. It is inferred that a store’s attractiveness, surrounding 

population numbers and competitors account for its performance. This type of 

approach omits the main factor influencing store performance and revenue 

generation, and that is the individual people. 

As described in Chapter 5, the loyalty card-linked transaction dataset was segmented 

in a two-step approach. Firstly, the consumers were separated based on their 

shopping channel choices (i.e., ‘online’, ‘in-store’, or ‘multi-channel’). The ‘online’ and 

‘multi-channel’ shoppers were assigned as unique clusters as they contained only 2% 

and 4% of the consumers in the dataset, respectively. The remaining consumers (‘in-

store’ only channel) were segregated using the k-means clustering algorithm, and five 

distinctive clusters were classified. In total, seven consumer type groups were 

identified.  

The low percentage of customers within the online and multi-channel consumer type 

groups demonstrated a curious finding that although retailers have progressed into 

the e-commerce era (Birkin et al., 2017; Beckers et al., 2022), most consumers 

continue to transact in-store. However, as the loyalty card-linked transaction dataset 

captured only transactions during 2018, consumer behaviour has shifted more 

towards online shopping since then. For example, the literature identifies a variety of 
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driving forces for e-commerce growth, such as a shift towards convenience shopping 

(Sleeman, 2022) and the major impact of the Covid-19 pandemic on consumer 

channel choice (Meister et al., 2023). As the pandemic occurred after the dataset was 

recorded, the behaviours of the same customers may differ today. Additionally, the 

lower participation in e-commerce by these customers could be an artefact of these 

consumers residing within West Yorkshire. Research shows that customers within 

Yorkshire and the Humber transacted online the least nationally in 2018 (Kirby-

Hawkins et al., 2018; Hood et al., 2020), which is therefore supported by the findings 

of this thesis. 

The analysis of the in-store consumer type groups 3 to 7 presented diverse 

behaviours, with differing consumer demands and transaction habits. For example, 

distinctions in consumer type behaviour were observed across basket types (‘for now’, 

‘top-up’, and ‘main’), time of day (‘morning’, ‘afternoon’, and ‘evening’), and day type 

(‘weekday’ and ‘weekend’) (Table 5.1). The different behaviours of these in-store 

shoppers could be due to several factors, such as brand loyalty (Wood and Browne, 

2007), consumer lifestyles (De Kervenoael et al., 2006), and store accessibility 

(Vanhaverbeke and Macharis, 2011).  

Consumer type group 3, “Convenience Suburbanites”, primarily transacted at 

Sainsbury’s stores for ‘for now’ and ‘top-up’ baskets on weekends and weekdays. The 

customers within this group rarely performed ‘main’ baskets and resided in the widest 

variety of geodemographic areas (Table 5.2). The lack of ‘main’ basket transactions 

performed by this consumer type group suggests that they may lack brand loyalty to 

Sainsbury’s and only transact at Sainsbury’s for smaller basket types due to store 

proximity to their homes. These customers may perform their ‘main’ baskets at other 

retailers due to budget (Retail Connections, 2023), culture (ABPL Group, 2016), or 
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brand preference (Popkowski Leszczyc et al., 2004). Potentially for the same reasons 

(budget, culture and brand preference), those in consumer type groups 4, “Small 

Town Shoppers”, 5, “Supermarket Weekend Warriors”, and 6, “If I need it, Sainsbury’s 

has it!” mostly transact at Sainsbury’s for ‘main’ baskets. However, these three groups 

varied in their day type, time of day, and shopping frequencies; although there is some 

overlap between the basket types they performed, their temporalities differed. 

Consumer type group 7, “Hungry and far From Home”, stood out from the other in-

store groups, as these customers travelled particularly far for their transactions, 

primarily being ‘weekday’ ‘morning’ and ‘afternoon’ for ‘for now’ and ‘top-up’ 

transactions. These customers are likely commuters purchasing groceries near their 

places of work, aligning with research around trip chaining (Primerano et al., 2008) 

and tour-based transactions (Daisy et al., 2018). 

These distinctions demonstrate the versatility of consumer type behaviour at the 

micro-level, providing invaluable insight into the consumer “mind”. Although consumer 

behaviour (and human behaviour in general) is unpredictable at its core, the identified 

consumer type groups demonstrate that a level of aggregation can be applied to 

individual consumers to form a foundational understanding of the nuances in 

consumer type behaviour. In this way, the consumer type behaviour drives the 

modelling approach presented in Chapter 6, meaning that the temporal and spatial 

aspects of the model are instinctively based on actual consumer type behaviour, 

rather than inferred. 
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7.2.2 Limitations 

It is acknowledged that whilst these findings are insightful in understanding and 

categorising consumer behaviour, there are various limitations to the data provided. 

Firstly, the time the loyalty card-linked transaction dataset was recorded was prior to 

significant world events such as the Covid-19 pandemic and only provides a snapshot 

of consumer behaviours during a 3-month period in 2018. The data does not account 

for seasonality which could impact the behaviours of those within the consumer type 

groups; for example, a new consumer type group could be identified who only transact 

at Sainsbury’s during the Christmas holiday season (Newing et al., 2013).  

Secondly, there are uncertainties associated with loyalty card transaction data, as 

discussed in section 3.3.1, in which customer addresses are not always updated, not 

all customers scan their loyalty card at check out, and customers may transact outside 

of the study area (Rains, 2019; Lloyd and Cheshire, 2019). Even where customers do 

scan their loyalty card, we cannot be certain that we are catching all Sainsbury’s-

based transactions for that household. Multiple members of the same household may 

be responsible for grocery shopping and use multiple loyalty cards. 

Thirdly, the data used for this study only represents the behaviours of those with a 

Nectar card, omitting customers who may be frequent and loyal shoppers but do not 

partake in the loyalty card scheme. Non-loyalty cardholders may make up a significant 

proportion of all customers at Sainsbury’s, and as they are not included in the 

consumer typologies, any model output will be missing the transactions by those 

individuals. Therefore, the model is limited to only simulating the behaviours of those 

with a loyalty card. 
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Finally, the clustering process did not incorporate demographic factors when 

identifying consumer type groups. Ideally, there would be a geodemographic link 

between the consumer type groups and the areas that customers reside in. Placing 

new customers within an IBM would be simple if each consumer type group had a 

particular association with a different demographic classification. For example, if 

customers in consumer type group 1 primarily lived in rural areas, new customers 

could be assigned to relevant OAs in the IBM. However, demographic elements were 

not incorporated into consumer type groups as they added little value to the clustering 

process. Most of the Sainsbury’s customers in the dataset resided in OAs categorised 

within OAC groups 5 and 6 (Table 5.2). Therefore, the k-means clustering algorithm 

could not find associations between consumer type groups and OAC groups. 

Despite these limitations, the loyalty card-linked transaction dataset provides 

invaluable insights into the behaviours of known customers, to the extent of identifying 

seven unique consumer type groups. These groups were suitable for developing an 

IBM that focuses on modelling spatiotemporal consumer behaviours, meeting the 

aims set out in this thesis. Therefore, the data limitations are not impactful for the 

purpose of developing a prototype IBM, and the dataset still provided a fascinating 

insight into consumer habits.  

7.2.3 Future work and recommendations 

To expand upon the work presented in Chapter 5,  the most sensible and logical area 

to enhance the model would be to include extra data that complements the loyalty 

card-linked transaction data. Knowing the past actions of a set of customers provides 

a great wealth of information. However, there are significant attributes about these 

customers that are unknown and would be integral for future development work. To 

fully understand the customers used within the study, demographic information such 
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as age, sex, household size, employment status and car ownership would provide a 

much insight into how lifestyle impacts transactional behaviour (Kirby-Hawkins, 2016; 

Hood et al., 2021). This would support the connection between population data and 

customer behaviour using this information. The simplest way to obtain this data would 

be to conduct customer surveys for Nectar cardholders willing to share their personal 

information and linked Nectar account ID, and perhaps their relationship with 

Sainsbury’s, such as whether they consider Sainsbury’s as their ‘main’ supermarket 

of choice (Benoit and Clarke, 1997). However, obtaining such data leads to ethical 

issues and data privacy limitations, which are always obstacles in these studies 

(Polding and Dieguez, 2021). Additionally, capturing a variety of Nectar card holders 

who transact at Sainsbury’s is also a challenge, as only a particular group of 

customers may have the time, interest or willingness to complete such a survey. 

Other public data sources, such as the 2021 Census or data held by the Consumer 

Data Research Centre, would provide these insights, and a more general assumption 

could be made regarding the customer’s demographic. Studies that have previously 

utilised census and other data to create synthetic populations would greatly enhance 

populating a future agent-based model that incorporates behaviour beyond customer 

home location and store location journeys (Wickramasinghe et al., 2020; Wu et al., 

2022). Linking the customers within this study to a synthetic version would optimise 

the model’s accuracy and could then be validated against this study’s output. If the 

Nectar card data were accompanied by customer surveys and census-based 

synthetic population data, it would be possible to identify relationships between 

customer shopping preferences, such as budget, distance between frequently visited 

locations and stores, online app usability and more. 
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Finally, a follow-up study using a different time period for the same subset of 

customers would be informative. If the same subset of customers were forced into the 

same consumer type groups presented in this thesis, how would each group’s 

consumer behaviours differ between the 2018 dataset and more recent data? 

Additionally, if the clustering process was re-run from scratch using more recent data, 

how would the consumer type groups differ post Covid-19? Could a whole new 

consumer type group with a new set of behaviours have emerged since the 

pandemic? 

These suggested developments are substantial, and obtaining such a variety of data 

is not always available due to costs, proprietary nature, time requirements, and ethical 

problems. However, any small developments would help enhance the framework 

provided in this thesis, which provides the groundwork to do so. 

7.3 Building an Individual-based model of consumer store 

and channel choice behaviours 

This section discusses the findings from the model development process presented 

in Chapter 6, focusing on incorporating temporal and spatial behaviours of the defined 

consumer type groups, which achieved aim 3. 

7.3.1 Study findings 

The first element of the model-building process was to incorporate temporality and 

refine this parameter to accurately reflect consumer type group transaction 

behaviours. As outlined in section 6.1.2.1, the model’s foundation was built upon the 

development of a decision tree structure. The decision tree utilised the probabilities 

calculated in section 6.1.4 to drive the consumer type group transaction decisions 

once inserted into the model.  
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Previous attempts at modelling consumer behaviour, such as that of Sturley et al. 

(2018), fell short in successfully reproducing the temporal behaviours of known 

customers, as critically discussed in section 6.1.3 Their work produced a proof-of-

concept model that did not correctly reflect the probabilities of certain transactions 

occurring and did not offer the agents an option to not transact. Despite these 

drawbacks, their work presented a logical process of building an IBM in the context of 

grocery retail but required refinement. The IBM created in this thesis was inspired by 

Sturley et al. (2018) by utilising probabilities for consumer transaction decisions and 

was expanded upon by creating a decision tree. Using the decision tree and weighted 

roulette wheel selection function, consumers were assigned behavioural choices 

based on their consumer type group and given a degree of flexibility in what 

transaction they carry out and when. The application of the roulette wheel selection 

provides the consumers with a choice of transaction behaviour at each decision node, 

thus incorporating the stochastic behaviour of consumers. The stochasticity element 

allows the model to capture dynamic transaction choices within each consumer type 

group. This is a novel application of a decision tree framework within the models used 

in the location analytics sector and provides a unique insight into modelling consumer 

temporality. 

This research fills a gap in the academic literature and industrial practice. Tools and 

methods such as SIMs are robust and well-studied, allowing modellers to predict 

spatial flows and understand underpinning factors. However, as noted by Rowe et al. 

(2022), more progress has yet to be made in developing these models to incorporate 

an element of consumer heterogeneity. The individualised behaviours of consumers, 

notably in their temporal and spatial aspects, are incredibly valuable to understand for 

retailers, policymakers, and researchers. Incorporating the oddities and patterns of 

individual customers in SIMs is a challenging feat, even when additional 
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methodologies are considered (Rowe et al., 2022). Therefore, the research presented 

here delivers a modelling framework that performs at the individual level, providing 

the ability to simulate individual customers based on observed, known behaviours. 

The model has been developed entirely on actual customer store and channel choice 

behaviours, notably focusing on the relationships between transaction temporality, 

channel, and basket type.   

The second part of developing the IBM framework focused on the spatial aspect of 

consumer store choice behaviour. As highlighted in section 3.2.3, incorporating 

spatiality is a notorious challenge and requires vast data to simulate those behaviours 

accurately. The study has demonstrated how far a single loyalty card-linked 

transactional dataset can be used to develop an IBM and its limitations in locating 

customers temporally. The model fully simulates the temporal aspect of customer 

behaviour but requires further development regarding forming agent store choice 

rules. Multiple attempts at incorporating spatiality solely from the transactional dataset 

were included, finding sticking points when modelling non-residential grocery demand 

(as discussed in section 0).  

Section 6.3.5 provided an example of utilising census data to assign customers to 

workplaces depending on the flows between OAs; this was achieved by using 

residential and workplace data from the 2011 Census at the OA level. However, the 

critical drawback of using census data is that it is seven years out of date compared 

to the transaction data, in which some customers will have likely moved homes or 

changed places of work over that period. The 2021 Census was considered as an 

updated data source; however, it created a new problem. The 2021 Census recorded 

population data after the Covid-19 pandemic, in which consumer working behaviours 

had changed since 2018 as remote working became incredibly popular for most office-
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based jobs (Adekoya et al., 2022). Therefore, no substantial data are available for the 

particular year of 2018 that can link customers to places of work, thus hindering the 

ability to simulate workplace-based grocery demand accurately.  

Nevertheless, the third store choice method implemented in the model successfully 

captured an element of workplace-based grocery demand, and residential-based 

grocery demand. This was achieved by relocating the consumer agents in the model 

at different times of the day, replicating the working week. The output from this store 

choice method indicates the potential that census, or other types of workplace data 

can be used in conjunction with loyalty card data to simulate consumer store and 

channel choice behaviours. This was demonstrated via the example scenario test 

presented in section 6.3.6, in which a new store was placed in an established place 

of work and modelled the consumers interactions with this store. These consumers 

transacted at this store in the model at different times of the day, reflecting their 

consumer type group behaviours. 

The research in Chapter 6 presents the successful development of an IBM that 

simulates the spatiotemporal transactional behaviours of different consumer type 

groups using loyalty card-linked transaction data. The research in this chapter 

provides a comprehensive process of creating such models, identifying the potential 

of using decision trees with loyalty card data, and the challenges of modelling store 

choice. The modelling techniques were chosen to fully incorporate the nuanced 

behaviours of grocery customers, providing location analysts with a tool to better 

understand their customer’s behaviours. By modelling the customers at the individual-

level, those in grocery location analytics can use these model outputs to support their 

location-based decisions via scenario testing, as changes can be made in the model 

on the supply and demand sides.  
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7.3.2  Limitations 

Due to the complex nature of building and designing IBMs (as discussed in Chapter 

3), various challenges were faced while creating the model presented in this thesis.  

Firstly, the data provided for this thesis only contains loyalty cardholders and their 

past transactions at Sainsbury’s stores. Therefore, only the interactions between the 

customer and Sainsbury’s stores are known, and their behaviours elsewhere cannot 

be derived. Modelling new customers is incredibly difficult, as they could belong to 

any consumer type group. Assumptions could be made by assuming those within the 

same OA would behave similarly, but there is no way to validate these postulations.  

Secondly, no demographic data is available for the customers in the model. Linking 

these customers to other datasets, such as the census or transport data, is 

challenging but would support the ability to model other types of non-residential-based 

grocery demand. If we knew which customers had children in school, were retired, 

worked from home, or were university students, assumptions could be made to help 

identify other grocery demand types. If consumers could be linked to other data 

sources, agents in the model could be mobile, moving from point A to point B. 

Currently, the model cannot account for trip chaining transactions, like those at Leeds 

Train Station (section 4.2), which form a large part of grocery success in today’s 

convenience-based society.  

Thirdly, model validation is limited as data is only available to cross-validate the 

model's results within the loyalty card-linked transaction dataset. Sensitivity analysis 

and comparison to the observed data are sufficient, but ideally, the model could be 

compared to similar outputs that use a bottom-up approach. As this is the first attempt 

at such a model, it is challenging to find comparable outputs. 



- 256 - 

The fourth limitation is that the model only considers the closest store depending on 

the transaction scenario. This approach may be logical for some customers, but as 

the model does not incorporate competitor supermarkets, the logic requires more 

complexity. If the model were to incorporate other retailers, a more sophisticated store 

allocation methodology would be required, similar to that found in SIMs, where the 

customer makes a trade-off between store attractiveness and distance. In the model’s 

current form, it is limited in its ability to consider competitors. It thus assumes that 

these agents are Sainsbury’s customers – a logical assumption given that they have 

been derived from the Sainsbury’s loyalty card dataset. 

Finally, the most significant outstanding limitation of the model is its limited 

consideration for competition. This has been touched upon throughout the thesis and 

is an acknowledged limitation within the scope of this research. The UK grocery 

market offers consumers a variety of brand options (Clark et al., 2022). As a result of 

convenience culture, increasing living costs, and expanded choice, Barclay’s Bank 

(2024) found that two in five customers are shopping at multiple supermarkets. 

Customers no longer transact solely with one grocery retailer; obtaining data to 

capture the variety of retailers they interact with is incredibly difficult at the individual 

level. Other retail studies, such as Heppenstall et al. (2006),  built a hybrid agent-

based model of the petrol market in West Yorkshire. Their work uses an agent-based 

methodology to simulate the openings and closures of petrol forecourts based on 

simulated customer expenditure. Customer behaviour is incorporated using a spatial-

interaction model to determine the geographical source of demand. Like the research 

presented here, consumer mobility is based on home-work networks as it is the most 

readily available data with an origin-destination structure. Heppenstall et al. (2013) 

utilised a dataset containing daily petrol prices across various forecourt retailers over 

a 3-month period. The dataset was used to control the price parameters of the model 
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and allowed for the incorporation of competitor retailers. If such a dataset existed for 

the grocery market, the model presented in this study could begin to consider 

consumers' behaviours outside of Sainsbury's. Competitor data would allow for a 

complete comprehension of the extent to which consumers behave differently when 

purchasing groceries from each other. 

These model limitations indicate the core challenges that bottom-up models face, 

especially when working with a limited behavioural dataset. As consumer behaviours 

are personal, it is challenging to quantify behaviours representative of reality outside 

of what is already known. Despite these limitations, the following section provides 

suggestions and directions for future work in this study. 

7.3.3 Future work and recommendations 

To further expand the work presented in Chapter 5, key areas of improvement should 

be considered. The first improvement includes the incorporation of spatial data. The 

most readily available dataset that could be implemented in this model is the 2021 

Census. Future work could take a larger sample of past consumer transactions for 

the same 2021 time-period to create a model of consumer store and channel choice 

behaviours. This would provide a more accurate representation of consumer 

movements than the previous census. Additional data from the census should also 

be considered, such as those mentioned in Waddington et al. (2019) that account for 

other types of grocery demand, for instance, school-based demand (representing 

parents being near schools during dropping off and picking up children), university 

demand, and leisure demand.  

The model could also be enhanced by utilising mobility data to help locate optimal 

store locations, which would inherently alter customer behaviour, as demonstrated in 
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the small case study presented in section 6.3.6. Mobility data provided by companies 

such as Huq can have a two-fold application in this model. Mobility data records how 

consumers move and interact with the places around them. It is ideal for observing 

customer movements and provides a better understanding of consumer trends. The 

first data enhancement for this model would be to link the Nectar cardholders to the 

mobility data to gauge a loose insight into the types of movements the customers 

could be making (Nijenhuis et al., 2022; Kaziyeva et al., 2023). However, linking 

individual customers to the mobility data would be laborious. The second usage would 

be to enhance the store choice methodology further. The current model uses travel-

to-work census data to place customers at different locations at different times. If a 

causally informed synthetic population was applied to the model, mobility data could 

be used to have these agents travelling for various reasons other than work. 

Additionally, this data helps identify customer hotspots that help place stores in the 

model for scenario testing. Obtaining this data for a large study area can be 

expensive, though, unless it is provided in collaboration with academic institutions 

(such as the Urban Big Data Centre or CDRC). 

The most aspirational recommendation would be calculating the customer’s 

probability of transacting elsewhere at non-Sainsbury’s supermarkets. Currently, the 

model only accounts for transactions at Sainsbury’s, which limits the ability to consider 

new customer behaviours. For example, a customer may transact at Sainsbury’s three 

times a week for ‘for now’ and ‘top-up’ transactions and spend around £20 a week. 

This customer will likely transact at another retailer for the remainder of their weekly 

grocery transactions. Using the LCFS, a researcher could calculate the likely amount 

of money the customer would spend on groceries and link that value to a basket type. 

In the example, the customer may be expected to have £50 a week left over that is 

being spent at other supermarkets that are not Sainsbury’s. That £50 could be spent 
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on a ‘main’ basket type at the customer’s local supermarket or online with a 

competitor. What would happen if Sainsbury’s opened a new supermarket near that 

customer’s home or made their e-commerce offer more attractive to that consumer? 

Would that customer begin transacting for their ‘main’ basket-type shop at 

Sainsbury’s? This information is unknown and is incredibly difficult to calculate 

accurately. If these data were available, the model could simulate various consumer 

type groups and their interactions at non-Sainsbury’s retailers.  

The next recommendation would be to attempt to incorporate and apply a SIM-like 

model for agent store location choices. As demonstrated in this thesis, the KISS 

principle can only be used to an extent in recreating consumers’ complex and 

sophisticated behaviours. If the modelled customers had further preferences beyond 

distance in their rules, they would have the capacity to make further choices, such as 

choosing a store that offers a broader range of services over the closest store.  

In conjunction with customer, population, and mobility data, an integral dataset would 

be the Retail Place Boundaries dataset created by Geolytix (geolytix.com, 2020). 

These data provide the exact boundaries of retail places across the UK, covering train 

stations, retail parks, shopping centres, urban centres, cities, towns and much more. 

As part of their GeoData packs, they also provide retail points of interest, including 

various retail brands and their exact coordinates. Using a combination of these data, 

a store retail score can be calculated and used to determine a store's attractiveness 

depending on what is located nearby; if a supermarket is located near a train station 

or football stadium, would this store attract more multi-purpose transactions? Or 

would this help us understand the times or days of the week when demand will likely 

be present near that store? This would allow for further model expansion and support 
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the incorporation of competitor stores, recreating the benefits of SIMs whilst 

maintaining the temporal benefits of IBM. 

These datasets and logic enhancements would create a more rounded model for 

understanding consumer behaviour and allow for a complete agent-based model 

approach. Using a synthetic population, as suggested in section 7.2.3, the need for 

distinct individuals based on empirical data is less critical if we can link these 

populations to customer-type groups. Then, a more complex method of assigning 

store choice rules could be implemented, including a trade-off between store proximity 

and attractiveness within SIMs. An agent-based model can allow agent interactions 

that adapt as their environment changes by modelling agents’ temporal and spatial 

behaviours using the synthetic population and Nectar card data. 

A more developed modelling framework would allow those undertaking a Retail 

Impact Assessment to fully account for individuality between consumers and their 

interactions with new and existing retail stores. With future model developments 

incorporating retail place locations and their attractiveness and competitors, the 

method presented could provide property developers with a more accurate tool for 

measuring retail impact. Whilst current SIM approaches in RIAs adequately allocate 

expected demand, they cannot account for temporal variations in demand based on 

consumer home locations. 

Whilst these sections identified limitations and areas for further refinement, this thesis 

has met its stated aims. It adds considerable value to the academic theory and 

practical model building within this context, as summarised in the next concluding 

section. 
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7.4 Concluding comments 

Retail location analytics has been a long-studied research topic in the field of 

geography. Past studies have heavily focused on the spatial aspect of consumer 

behaviour, drawing inferences from various demand layers and linking these to store 

locations. These studies have primarily been used to estimate revenue for grocery 

retailers at the store level based on the population catchments. However, as 

discussed throughout this thesis, consumer grocery behaviours are individualised and 

heterogeneous, which is not captured by current spatial models. Therefore, this thesis 

set out to design an IBM framework that incorporates the spatial and temporal 

behaviours of grocery customers. 

Through the analysis of rarely accessed loyalty card-linked transaction data, seven 

unique consumer typologies were identified based on customer purchasing patterns 

within the Sainsbury’s store network, specifically relating to transaction temporality, 

channel, mission, and store choice. The analysis of these customers alone provides 

an integral insight into the ways in which consumer behaviours differ, notably 

regarding transaction frequency, willingness to travel, the types of baskets purchased, 

and the interrelations between these factors. 

The study then utilised these observed consumer type groups to build an IBM, using 

methodological approaches found in decision trees, MSMs, and ABMs. The model 

built provides an early-stage framework of how an entirely data-driven IBM could be 

developed that is representative of actual consumer transaction behaviours in grocery 

retail. The model presented in this thesis provides a step-by-step process that is fully 

reproducible and can be further developed and expanded on in future research, 

particularly pertaining to adding more complex spatial consumer behaviours. The 

reproducible workflow of this research is presented in Figure 7.1.  
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Future work based on the research presented in this thesis is primarily concerned with 

the addition of other data sources. The model presented heavily used loyalty card-

linked transaction data, providing integral insight into Sainsbury’s consumer 

behaviours. However, further information, such as demographics or consumer 

movement data, would enhance the model presented to better capture all types of 

grocery demand. Additionally, competitor data would benefit the model development 

to simulate consumer store choices beyond Sainsbury’s. Finally, once a more 

sophisticated store choice method has been identified, future work should focus on 

thoroughly validating the model via rigorous scenario testing, especially as consumer 

behaviours continue to evolve with the proliferation of e-commerce. Future scenario 

tests have been recommended throughout this chapter. 

As alluded to throughout the thesis, multiple challenges are faced when creating IBMs 

of individual consumer behaviour. These challenges are primarily related to the 

inaccessibility of alternative data sources that would support the loyalty card dataset 

in modelling spatial consumer store choices. Obtaining personal and demographic 

data about the customers is notoriously difficult due to GDPR guidelines. Linking 

customers to other data sources, such as mobility data, is also a unique challenge. 

For the IBM in a grocery context to fully simulate consumer behaviours, other research 

fields are required, such as transport. Many transport studies focus on individuals' 

mobility rather than individual grocery customers' mobility. A collaborative research 

study with transport experts could support the enhancement of the IBM of grocery 

consumers. 

The challenges and limitations discussed in this chapter do not suggest that IBMs are 

inadequate for modelling consumer behaviours. In fact, with access to the appropriate 

data, expertise from other disciplines, and data to validate against, IBMs can further 
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enhance and refine the spatial models used in consumer spatial analytics. Developing 

such models is not an easy win for retailers but would provide them with a bespoke 

modelling tool that can finally help them better understand and predict the 

individualised behaviours of grocery consumers in an ever-evolving convenience-

based climate. 

The research presented in this thesis contributes to three key areas. Firstly, it provides 

an IBM framework for future studies to expand upon the spatial models in retail. 

Secondly, the exploration of the customer data and implementation into an IBM 

contributes to the literature within spatial modelling and grocery spatial analytics. 

Thirdly, it contributes to the wider field of location analytics academically and 

professionally. The research outputs in chapters 4, 5, and 6 are suitable for journal 

publication, as discussed in section 1.4, with the first paper regarding consumer 

typologies being ready for submission. 

Ultimately, this thesis has achieved the core aims set out in section 1.2 by attaining 

all seven objectives. The research presented in this thesis has successfully designed 

and built a working IBM that simulates individual customers based on their consumer 

type group, capturing their spatial and temporal transactional behaviours driven 

directly by loyalty card data. There is still considerable work to be done to enhance 

these models for them to be ‘retailer ready’. Nevertheless, this thesis presents the 

foundations of a modelling framework that successfully simulates spatiotemporal 

consumer behaviours, with individuals at its core.  
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Figure 7.1  Reproducible workflow of the thesis from segmenting customers, mining 

behavioural rules, and inserting into the IBM. 
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