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Abstract

A nutritious diet is essential for preventing diet-related diseases. In the UK, obesity and
related diseases are leading causes of death, with more than half of London’s residents
classified as overweight or obese. ‘Food deserts’ refer to areas where residents are
unable to access a nutritious diet, where barriers to obtaining healthy foods are thought
to underpin dietary behaviour. Previous attempts to identify food deserts’ have relied

on assumptions about the relationships between store locations, sociodemographic fac-
tors, and access to healthy food. These methods typically classify areas as ‘food deserts’
without any direct, quantitative link to food purchase data or dietary patterns. By utilis-
ing food purchase records from Tesco transactions, we explore the relationship between
food purchasing patterns and sociodemographic factors in London, with a focus on iden-
tifying food deserts and their drivers. Food purchasing patterns vary spatially, with sig-
nificant spatial clustering of nutritionally deficient food purchases across London’s bor-
oughs. These clusters are statistically explained by sociodemographic factors using a
geographically weighted regression model, which enables the exploration of how the
influence of sociodemographics, walk time, and car ownership varies across different
areas of London. Our findings demonstrate the potential of analysing food purchase data
to identify food deserts and their drivers, and suggest that area-specific, context-sensitive
interventions are necessary for the implementation of local public health strategies.

Author summary

Poor diets are a major risk to health, contributing to 13% of deaths in the UK, and over
half of London’s residents are now overweight or obese. While the concept of “food
deserts’ are commonly thought of as areas lacking nearby supermarkets, in urban envi-
ronments the issue is more complex—as barriers such as affordability and availability are
also prevalent. In this study, we analyse supermarket transaction data from 1.6 million
London customers to understand how food purchase patterns vary across the city. We
apply an unsupervised statistical method to identify a dominant purchasing pattern,
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which distinguishes between diets high in sugar and carbohydrates to those richer in
fibre and protein. We then explore how these patterns relate to local conditions using
geographically weighted regression, finding that both the drivers of food deserts and the
demographics most affected by them vary widely across London. This study highlights
the value of large-scale consumer data for understanding urban health challenges and
provides a new data-driven way to identify areas where barriers to healthy diets exist.

1. Introduction

Poor diet and nutrition are a leading global risk to health [1], and accounts for 13% of deaths
in the UK [2]. Diets high in processed foods, sugars, and fats are known to cause obesity and
are associated with a range of negative health outcomes including hypertension, heart disease,
and diabetes [2]. In recent years, 61% of London’s adult population were classed as overweight
or obese [3], and childhood obesity rates (for ages 10-11) were higher than the England aver-
age [4]. Increased production of processed foods, rapid urbanisation, and changing lifestyles
have led to a shift in dietary patterns [1]. Surveys indicate that only 29% of England’s adults
consumed the recommended portions of fruit and vegetables per day, whilst 7% consumed
none at all [5]. As of 2025, children are consuming less than half the recommended amount of
fruit and vegetables but over twice the recommended amount of sugar [6]. Barriers to access-
ing a nutritious diet vary from food availability and affordability, to lack of knowledge about
what constitutes a healthy diet [7]. Governments play a central role in creating and maintain-
ing a healthy food environment that enables people to adopt and maintain healthy dietary
practices [1]. However, to effectively target interventions to areas where residents face barriers
to accessing healthy food, area identification is necessary.

Areas where residents face barriers to a healthy and affordable diet are often referred to
as food deserts’ [8]. The ‘food desert’ metaphor became prevalent throughout the late 1990s
in social exclusion and health inequalities debates in the UK. Major food retailers were con-
sidered responsible for the emergence of poor dietary behaviour due to their failure to estab-
lish supermarket locations in low-income communities, and thereby denying residents access
to affordable food [9]. From the early 2000s, improving retail access to food in urban areas
was the focus of dietary intervention research in the UK [10-13]. Several studies have since
argued that supermarket provision and reducing the distance from residents’ homes to super-
markets does not have a significant affect on food purchasing patterns unless combined with
other factors such as price and availability [14]. Further, treating food access as only a store
distribution problem ignores critical factors such as racial and economic landscapes that
shape residents” urban life and mobility, and consequently, their shopping behaviour [15]. A
study by authors of [16] found that exposing low- and high-income households to the same
food only reduced nutritional inequality by 10%, and, a scoping review of adult food choices
identified high food prices and lack of transportation to be the major barriers to food access
[17]. Modern studies have motivated the need for the food desert’ metaphor to encapsulate
a multidimensional description of food access, which is classified into five key domains: spa-
tial accessibility (configuration of food stores), affordability (price of healthy food options),
availability (quantity of retailers stocking healthy foods), accommodation (ability of retailers
to accept alternative payments), and acceptability (stock of culturally appropriate foods) [18-
20]. This idea is particularly important in urban areas, where residents generally live within
close proximity to supermarkets, and since poverty rates are consistently higher than in rural
areas in the UK [21].
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Although recent research has identified the barriers that impair food access and health
outcomes, there remains no consistent methodology to characterise areas as ‘food deserts’

A widely used approach to identify food deserts was developed by the United States Depart-
ment of Agriculture (USDA), which characterised food deserts as census tracts that are low-
income and have limited spatial access (1 mile for urban and 10 miles for rural areas) to gro-
cery stores [22]. The USDA Food Access Research Atlas identifies limited spatial access to
healthy food based on distinct distance thresholds for urban and rural areas, although, a
variety of thresholds are available [23]. Researchers at the Consumer Data Research Cen-

tre (CDRC) developed a food desert mapping tool which assigns areas as food deserts using
weightings for different access domains such as income, transport, store distance and e-
commerce access, where each domain of access has an equal weighting [24]. This method has
since been extended upon to incorporate financial barriers, such as fuel poverty, in response
to the cost of living crisis, to highlight areas where intervention has become a priority [25].
Such methods rely on predefined thresholds and weightings of sociodemographic and envi-
ronmental characteristics, rather than being directly driven by data on food purchases. The
variety of thresholds, weightings, and dimensions used in these approaches limit consensus
in food desert identification, and hence, the understanding of their drivers. Before the rela-
tive contribution of such drivers can be quantified, a food purchase data-driven approach is
important for identifying food deserts in alignment with food consumption behaviours.

This manuscript addresses the gap in the literature owing to two points from the previous
paragraphs: that urban food deserts are acknowledged to be caused by multiple factors, and
that there is no consistent way to define them. To fill this gap, we identify food deserts in Lon-
don, defined as areas where residents are purchasing nutritionally deficient foods. We then
perform a statistical analysis to discover the factors that are most associated with each ‘food
desert’ The conclusion is that these factors are strongly suggestive of the drivers of food desert
behaviour.

The use of geographically aggregated consumer data offers valuable insights into dietary
behaviours and an advantage for analysis. A study of Leeds, UK used geographically aggre-
gated food purchase records to identify areas where residents purchased a lack of fruit and
vegetables, and linked such purchases to sociodemographic characteristics, shopping fre-
quency, and distance to supermarkets [26]. Similarly, food-sharing data has recently enabled
the development of models to map food insecurity in London [27,28]. A study by authors of
[29] has linked diet-related diseases to food purchases using Tesco loyalty card data in Lon-
don, finding that areas with higher prevalence of metabolic syndrome (hypertension, high
cholesterol and diabetes) also purchase considerable amounts of carbohydrates and sugar.
Health outcomes vary across London’s boroughs [29,30], suggesting that sociodemographic
and environmental factors may play a role in these disparities. While there is a growing body
of literature exploring the quantification of food deserts [24,31,32], such methods have not
been directly linked to dietary or food purchase records. More recent approaches use mobility
data and online food delivery records to infer dietary behaviour based on exposure or visita-
tion patterns [64,65]. These studies offer valuable insights into out-of-home eating environ-
ments but do not capture in-home food purchasing. Supermarket transactions—such as those
analysed in our study—provide a complementary perspective to out-of-home purchase data
by offering direct evidence of foods residents buy for home consumption. The Tesco dataset
represents purchases from 1.6 million loyalty card owners across London, offering fine geo-
graphic granularity and thorough insights into the food purchases of London’s residents [33].
Such large-scale supermarket transaction data provides an objective measure of food pur-
chasing behaviour, limiting biases associated with traditional survey methods which rely on
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self-reporting [34]. Since Tesco has the leading market share of supermarkets across the UK
(27.6%) [35], it is the most extensive purchase data publicly available.

The spatial analysis of purchasing patterns is a valuable tool in linking sociodemographic
and environmental factors to food consumption at a local level. A national survey from the
Netherlands was used to extract dietary patterns on the basis of food categories, which found
that dietary patterns were strongly spatially clustered [36]. This method, which links dietary
data to sociodemographics such as age, income, and education, identified key factors influ-
encing food behaviour, aligning with the broader recommendation to use dietary patterns
rather than the consumption of individual foods or nutrients for population dietary recom-
mendations [37]. Additionally, while the use of ordinary least squares regression provides
valuable insights [26,36], its assumption of spatial homogeneity limits the ability to account
for spatially clustered food purchase behaviour. The Tesco food purchase dataset has been
shown to exhibit spatial heterogeneity consistent with patterns in educational attainment [38],
however, the contribution of other sociodemographic factors was not considered.

In this work, we leverage consumer behaviour data to classify areas as food deserts accord-
ing to whether purchases are nutritionally deficient at a statistically significant geographical
level. We use the Tesco food purchase data [33] to uncover shopping behaviours according
to food category purchases, and identify where London’s residents are consuming nutrition-
ally deficient diets. We first employ an unsupervised statistical method to identify dominant
purchasing patterns, which separates purchases of high-sugar, high-carbohydrate, and pro-
cessed foods from those rich in fibre and protein (see Sect 2.2). Our findings, detailed in Sect
2.4, show that nutritionally deficient food purchasing patterns are spatially clustered, enabling
us to locate food deserts. We approach the issue from the perspective of consumer behaviour
and classify areas as food deserts based on whether purchases are nutritionally deficient at a
statistically significant geographical level.

A critical element of this research is accounting for the spatial variation in food purchasing
patterns and their non-stationary relationship with sociodemographic factors. Understand-
ing how these factors vary across different neighbourhoods is vital for identifying the specific
barriers to food access that residents face. We therefore apply a spatially dependent statisti-
cal regression technique—geographically weighted regression (GWR)—a well-established
technique for modelling spatial non-stationarity in relationships between variables [39]. Our
findings demonstrate that the relationship between food purchasing behaviour and drivers of
food access vary across space, uncovering the nuanced connections between these factors and
food purchases across neighbourhoods. For each neighbourhood, we identify the key factors
associated with food deserts, providing clear insights into the specific barriers to food access
across different areas (see Sect 3.4).

2. Purchasing pattern analysis
2.1. Data overview: Tesco Grocery 1.0

The Tesco Grocery 1.0 dataset [33] is a record of 420 million food items purchased by 1.6 mil-
lion Tesco Clubcard owners who shopped at 411 Tesco stores across Greater London in 2015.
Transactions were recorded and linked to the residential address associated with the Tesco
Clubcard account, and have been aggregated at geographical administrative areas to pre-
serve customer anonymity. The group of variables we consider are the food product classes,
whereby each food and drink item purchased was grouped into a distinct food or drink
category.

The geographical units used throughout our analysis are Lower Layer Super Output Areas
(LSOAS): units of approximately equal population size defined by the Office for National
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Statistics [40]. Using the 2011 boundaries, there are 4,833 LSOAs nested within Greater Lon-
don’s 33 local authority districts, each comprising between 1,000 and 3,000 residents. LSOAs
are the smallest official geographical census units in England and provide a more detailed
understanding of spatial purchasing patterns at a local level, compared to a larger geographi-
cal scale such as the local authority level.

We use an Open Access ‘LSOA Atlas’ dataset from the London Datastore which pro-
vides a summary of demographic and related data for each LSOA in London using the 2011
boundaries [50]. For each LSOA, we have the fraction of all items scanned at the register that
fall into each food product category, based on item counts. A summary of the 12 food cat-
egories considered in our analysis are shown in Table 1. Alcohol and non-calorific bever-
ages were removed from the dataset prior to analysis, as they are not directly relevant to the
study of food deserts or nutritional food purchasing patterns focussed on food quality and
availability.

We restrict our analysis to a contiguous area comprising 23 London local authorities,
selected to support spatial analysis (see Sect 3.3) and shown in Fig 1. The selection was based
on a balance of three key factors: store coverage, transaction volume, and Tesco customer
representativeness. Representativeness is defined as the number of unique Tesco Clubcard
customers in an LSOA, expressed as a proportion of the LSOAs total population. Follow-
ing recommendations from the original dataset authors [33], areas where this proportion fell
below approximately 0.1 were generally avoided. Transaction volume was also considered to
reduce the inclusion of areas with sparse purchasing data. To support spatial analysis, we lim-
ited the study area to a set of geographically contiguous, complete local authorities. Due to
the unavailability of store location data, spatial contiguity was approximated using a refer-
ence map from the original dataset publication. Maps showing variation in customer repre-
sentativeness and transaction volume across LSOAs are provided in the Supporting Informa-
tion (S1 Appendix). This approach helps to minimise sampling bias by excluding areas where
Tesco customers are not representative of the broader population, ensuring spatial bias does
not distort the analysis of food category variables. LSOAs provide the finest granularity that
allows for analysis of anonymised data, and our restricted study area represents a population
of approximately 5-6 million London residents.

Table 1. Food and drink categories extracted from the Tesco Grocery 1.0 dataset [41].

Food categories Description

Grains Bread, rice, pasta
Sweets Candies, chocolate
Soft drinks Carbonated sodas
Fruit & veg Fruits and vegetables
Fish

Red meat Beef, pork

Poultry

Sauces Tomato sauce, soups
Fats & oils Butter, olive oil

Eggs

Dairy Milk, cheese
Readymade meals Pre-cooked meals

https://doi.org/10.1371/journal.pcsy.0000072.t001
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Redbridge

Brent Barking and

Dagenham
Ealing Newham

Fig 1. Map of our study area with LSOA boundaries included. The area of focus is highlighted in green. Shape-
files for LSOA boundaries were obtained from the Greater London Authority via the London Datastore [63]:
https://data.london.gov.uk/dataset/statistical- gis-boundary-files-london. Contains National Statistics data
Crown copyright and database right 2015. Contains Ordnance Survey data Crown copyright and database

right 2015. Licensed under the UK Open Government Licence v2.0 (https://www.nationalarchives.gov.uk/doc/
open-government-licence/version/2/).

https://doi.org/10.1371/journal.pcsy.0000072.9001

2.2. Identifying purchasing behaviour

We employ Principal Component Analysis (PCA), an unsupervised statistical method that
finds linear combinations of the data that successively capture the maximum variance [42].
PCA is widely used for identifying dietary patterns in various countries such as Australia [43],
Iran [44], and the Netherlands [36]. PCA has also been applied in health studies to explore
dietary patterns in adults with high blood pressure [45].

We define X as our standardised n X p matrix of food category purchases, where n = 3361
represents the number of LSOAs and p = 12 is the number of food categories. We perform
PCA on the standardised matrix, X, to identify dominant patterns in dietary purchasing
behaviour across London’s LSOAs. Standardisation ensures each food category contributes
equally to the analysis, preventing those with low absolute values but high relative variance
from disproportionately influencing results [46]. This approach corresponds with correlation-
based PCA. We extracted the first principal component (PC1), which captures the largest pro-
portion of variance in the food purchasing data. The corresponding component scores reflect
how closely each LSOA’s purchase profile aligns with this dominant dietary pattern. Factor
loadings indicate the contribution of each food category to this pattern, and are proportional
to the correlation between food categories and the PC1 scores. These scores form the basis
of subsequent spatial modelling to identify areas exhibiting nutrient-deficient purchasing
behaviours.
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The food category variables are compositional. The extraction of multiple principal com-
ponents from compositional data may be inappropriate, because each vector of proportions is
restricted to a space where the elements are non-negative and sum to unity, so the assumption
that components are orthogonal to one another is questionable [47]. To avoid potential issues
in the inference of multiple components, we use only the first component.

First, we examine the factor loadings to understand the relationship between food cate-
gories and the dominant purchasing pattern. Factor loadings are shown in Fig 2, and indicate
the strength of the correlation between food categories and the dominant purchasing pattern.
Purchases of sweets, grains, soft drinks and readymade meals are positively correlated with
PC1, whereas purchases of fruits, vegetables and fish are negatively correlated with PC1. The
first eigenvector, A;, has an eigenvalue of 4; = 0.304, meaning that the purchasing pattern
explains 30.4% of the total variance in food purchases. There is a distinguishable separation
in purchases of high-sugar, high-carbohydrate, and processed food categories to fresh, high-
fibre, and high-protein options. Therefore, PC1 scores represent the adherence of purchases
to the high-sugar and high-carbohydrate pattern; a higher positive score indicating higher
adherence. We focus our analysis on PC1 as it explains a substantial proportion of variance
in food purchasing behaviour and offers a clear nutritional interpretation, capturing the con-
trast between nutrient-poor and nutrient-dense food categories. The variance explained by
subsequent components is considerably lower and is shown in S2 Appendix.

2.3. Spatial analysis of purchasing behaviour

Building on our PCA results, we now examine the spatial relationships between LSOAs to
explore geographic variations in purchasing behaviour. To quantify the relationship between
purchases and their location, we use spatial autocorrelation. Spatial autocorrelation con-
siders the degree to which the similarity in values between observations in a dataset are
related to the similarity in locations of such observations. We define the relationship between
neighbouring LSOAs in terms of spatial weights, according to the queen contiguity criterion,

0.4-
0.3-
0.2-
0.1-
0.0-
-0.1-
-0.2-
-0.3-
-0.4-

Fig 2. Principal component 1 loadings as defined in Sect 2.2 against their respective food categories. Sweets, fruit
and vegetables, fish, grains, and soft drinks have the highest positive loadings. Purchases of sweets, grains and soft
drinks are inversely correlated with purchases of fruit and vegetables and fish.

https://doi.org/10.1371/journal.pcsy.0000072.9g002
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whereby neighbours are defined as areas that share a common boundary point [48]. We use a
frequently used measure of spatial autocorrelation, Global Moran’s I (GMI) [49], a summary
statistic that quantifies the extent of spatial clustering for a particular characteristic. GMI is
defined as
I Yim 2 @i (Y= Y1) (Yy - Y1)

So Yo (Y- Yy)? ’
where n = 3361 is the number of LSOAs, Y; is the vector of PC1 scores, Yi; is PC1 score at
LSOA i, w;; are the elements of a mostly sparse matrix of spatial weights (c;; = 0), and Sy =
P Zjnz , @i is the aggregate of all the spatial weights. Row weights have been standardised

so that Zn w;; = 1, to avoid bias towards areas with a larger number of neighbours (denser
areas), SO n/SO 1. GMI takes a value between -1 and 1, where a high positive GMI indicates
clustering of similar values, meaning neighbouring areas share similar values, hence GMI = 1
indicates perfect spatial clustering. GMI = -1 indicates perfect dispersion in the data, mean-
ing that the neighbouring areas have dissimilar values. A GMI close to 0 means that the data
is distributed randomly and exhibits no spatial clustering.

The GMI can be decomposed into its local contributions to show the individual contribu-
tion of LSOA i to the overall global spatial autocorrelation, GMI = * 37" | I, where I; repre-
sents Local Moran’s I,

Yii
== Y w;(Y; - V}).
i Z; 1(Y1, Yl)zz ij J

Having outlined the method for quantifying spatial autocorrelation and examining spa-
tial relationships, we now move on to explore the dominant purchasing pattern and its spatial
distribution.

2.4. Identifying food deserts

PCI1 scores are mapped to their corresponding LSOAs in Fig 3, which shows that high-sugar
and high-carbohydrate food purchases are located across London’s east and west boroughs,
with highest concentration in Newham, Redbridge, and Barking and Dagenham. LSOAs with
stronger adherence to the high fibre and high protein purchasing pattern are seen in London’s
inner north-west.

We consider the PC1 score a useful metric for measuring how closely each area aligns with
the characteristics of a food desert. We will refer to such food items as nutritionally deficient
foods, and areas exhibiting this behaviour as those with a nutrient deficient purchasing pat-
tern. This quantity provides a reasonable distinction between more and less nutritious food
purchases, whilst capturing more than 30% of the variance in the food purchase data.

The PC1 score exhibits strong spatial clustering with GMI = 0.70 and p-value < 0.001, indi-
cating that residents exhibit similar purchasing patterns to their neighbouring LSOAs. This
measure provides us with a global estimate for autocorrelation, but not the location of the
clusters. In Fig 4, we visualise the Local Indicators of Spatial Autocorrelation (LISA)[49]; loca-
tions whose PC1 score significantly contributes to the overall GMI. Red highlighted areas
have positive values of PC1 and have neighbours that also have positive values (i.e. Hot Spots).
Conversely, blue highlighted areas have negative values of PC1 and have neighbouring LSOAs
that also have negative values (i.e. Cold Spots). These are the areas that contribute significantly
to the overall positive global spatial autocorrelation of GMI = 0.70.

We consider Hot Spots as indicators for food deserts. That is, food deserts are classified as
areas where purchases are nutritionally deficient, and whose neighbouring LSOAs exhibit a
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Fig 3. Principal component scores across our study area. Adherence to purchases high in sugar and car-
bohydrates are most prevalent in London’s east, west and north-west (red). Adherence to high-fibre and
high-protein purchases are predominantly in London’s inner-west (blue). Shapefiles for LSOA boundaries were
obtained from the Greater London Authority via the London Datastore: https://data.london.gov.uk/dataset/
statistical- gis-boundary-files-london. Contains National Statistics data Crown copyright and database right
2015. Contains Ordnance Survey data Crown copyright and database right 2015. Licensed under the UK Open
Government Licence v2.0 (https://www.nationalarchives.gov.uk/doc/open-government-licence/version/2/).

https://doi.org/10.1371/journal.pcsy.0000072.9003

similar purchasing behaviour. On the other hand, Cold Spots are those where residents are
purchasing more nutritious options. We could attribute such areas to food oases, areas where
nutritious foods are plentiful and affordable. The food oases are located in central and west-
ern London. The largest food desert areas are located in the east and west, whilst a few smaller
food deserts are located in inner-city and south of the Thames.

We hypothesise that the spatial variation in purchasing behaviour, as measured by PC1
score, can be substantially explained by other covariates such as sociodemographic character-
istics and barriers to food access. This hypothesis is the topic of Sect 3.

3. Potential drivers of London’s food deserts
3.1. Data overview

Linking food purchases to sociodemographic data provides greater insight into how residents’
interactions with food environments may be shaping their purchasing habits, and which bar-
rier of access may be impeding their access to healthy foods. We use an Open Access ‘LSOA
Atlas’” dataset from the London Datastore which provides a summary of demographic and
related data for each LSOA in London using the 2011 boundaries [50], and journey time esti-
mates from the Department for Transport (DfT) [51] to investigate the relationships between
purchasing patterns and sociodemographic factors at LSOA level.

We consider census data that has been summarised at LSOA level, including average age,
Black, Asian, and minority ethnic (BAME) population, household median income, journey
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Fig 4. Local Indicators of Spatial Association (LISA) clusters of PC1 score at the 95% significance level. Hot
Spots (red) represent areas where purchases are nutritionally deficient, and are our indicator of ‘food deserts. Cold
Spots (blue) represent areas that have purchasing habits reflecting that of a ‘food oasis’ Shapefiles for LSOA bound-
aries were obtained from the Greater London Authority via the London Datastore: https://data.london.gov.uk/
dataset/statistical-gis-boundary-files-london. Contains National Statistics data Crown copyright and database right
2015. Contains Ordnance Survey data Crown copyright and database right 2015. Licensed under the UK Open
Government Licence v2.0 (https://www.nationalarchives.gov.uk/doc/open-government-licence/version/2/).

https://doi.org/10.1371/journal.pcsy.0000072.g004

time to the nearest store (by walking), and car ownership. These variables are important for
linking food purchases to domains of inaccessibility, such as socioeconomic factors, food
affordability, and transportation challenges, which have been highlighted in existing litera-
ture on the multidimensional nature of food deserts. Public transport accessibility and edu-
cation level metrics have been excluded from the analysis due to collinearity with walk time
and income estimates, respectively. An overview of these variables and their spatial autocorre-
lation is provided in Table 2, which shows that all the variables are spatially clustered.

To prepare the PC1 scores for modelling and to reduce skewness, we apply a Yeo-Johnson
transformation, an extension of the Box-Cox power transformation to accommodate for
negative values. The transformation parameter was optimised for best fit. Further details are
provided in S2 Appendix.

3.2. Linear regression modelling

We identify factors associated with nutritionally deficient food purchases at LSOA level using
an ordinary least squares (OLS) linear regression model. The model predicts the transformed
first principal component score (PC1) using centred and scaled sociodemographic vari-

ables as predictors. This model serves as a baseline for comparison with the geographically
weighted regression (GWR), which accounts for spatial variation in the relationships.
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Table 2. Summary statistics for our response variable, PC1, and LSOA-level sociodemographic data across our
study area. BAME refers to Black, Asian, and minority ethnic population (%). Data is collected alongside the Tesco
Grocery 1.0 data, London Datastore (summarised data from the 2011 Census at LSOA level), and the Department for

Transport (DfT).

Characteristic Source Mean GMI
Food purchasing behaviour (PC1) 0 0.70
Average age (years) Tesco 1.0 35.4 0.59
Household median income (£) London Datastore 35558 0.61
BAME population (%) London Datastore 44.3 0.80
Households with cars (%) London Datastore 53.6 0.78
Walk time (minutes) DT 5.95 0.49

https://doi.org/10.1371/journal.pcsy.0000072.t002

The OLS regression model estimates that lower median income and higher Black, Asian,
and minority ethnic populations are associated with greater adherence to the nutritionally
deficient food purchasing pattern (see Table 3). The relationship between car ownership and
PC1 is positive, and shows that an increase in car ownership corresponds with an increased
adherence to nutritionally deficient purchases. The model explains approximately 38% of the
variance in our response, with a residual standard error of 1.493 on 3355 degrees of freedom.
Although the model explains some of the variance in the response variable, the sociodemo-
graphic variables are not able to explain its spatial autocorrelation. The model residuals still
exhibit strong spatial clustering, with GMI = 0.60 (reduced from GMI = 0.70). We therefore
extend our analysis to account for localised relationships between the covariates and response.

3.3. Modelling with Geographically Weighted Regression (GWR)

Geographically Weighted Regression (GWR) is a useful tool for exploring spatial heterogene-
ity [39]. GWR offers a more nuanced analysis with which we can incorporate spatial context
into the analysis of purchasing patterns and sociodemographic characteristics. In this section
we will extend our analysis to investigate the non-stationary spatial relationships between
London’s purchasing patterns and sociodemographic characteristics, with use of the GWModel
package [52].

GWR, an application of kernel regression, builds upon the basic linear regression model by
estimating the model coeflicients in terms of spatial locations. The GWR regression equation
is

i =Bio +Z;8ikxik+€ia (1)
k

where 5 is the value of the kth parameter at LSOA centroid i for i = 1, ---, n. This method
allows for local differences in how variables change, so that the model’s coefficients are

Table 3. OLS regression estimates and associated p-values.

Variable Estimate p-value
Intercept -0.14580 1.64x10°°
Average age (years) -0.21209 4.02x 1071
Household median income (£) -0.72683 <2x1071°
BAME population (%) 0.50379 <2x107®
Households with cars (%) 0.61992 <2x1071°
Walk time (minutes) -0.15759 3.34% 1077

https://doi.org/10.1371/journal.pcsy.0000072.t1003

PLOS COMPLEX SYSTEMS | https://doi.org/10.1371/journal.pcsy.0000072 November 6, 2025 11/ 23



https://doi.org/10.1371/journal.pcsy.0000072.t002
https://doi.org/10.1371/journal.pcsy.0000072.t003
https://doi.org/10.1371/journal.pcsy.0000072

PLOS COMPLEX SYSTEMS

Food purchase data reveals the locations of London’s ‘food deserts’

specific to LSOA i, rather than being equal across all areas. Rather, one regression is fit to each
LSOA, producing locally specific parameter results. GWR results generate a complete map of
the spatial variation of the parameter estimates.

GWR fits a model around each regression point (LSOA centroid), i, where each set of
regression coefficients is estimated using weighted least squares (WLS). The WLS approach is
an extension to OLS whereby a weighting factor is applied to each squared difference before
minimising, so that the inaccuracy of some predictions carries more of a penalty than others.
The estimated coeflicients satisfy

ﬁA,‘ = (ZTWI‘Z)_IZTW,‘)/,

where Z is the matrix of standardised sociodemographic variables as defined in Sect 3.2 with a
column of ones for the intercept, y is our response variable vector of transformed PC1 scores,
& = (Bios Bits > Bim) | is the vector of m + 1 local regression coefficients, and W; is the n X n
weight matrix for LSOA i, which scales the rows of Z and y according to their spatial relevance
to LSOA i. Each diagonal element of W;, denoted wj;, represents the geographical weighting
assigned to LSOA j when estimating the model at LSOA i, with off-diagonal elements set to
zero.

These weightings, w;;, are defined according to a kernel density function, such that obser-
vations nearer to LSOA i have more influence in determining the regression coefficients than
observations further away. The weighting of LSOA j on LSOA i is given by the bi-square ker-
nel function,

wij = [1_(?)2]2 ifd; <b, and

0 otherwise,

where dj; is the Euclidean distance between the centroids of LSOA i and j (British National
Grid coordinates in metres), and b denotes the bandwidth size (cut-off point, beyond which
LSOAs have zero weighting on the parameter estimate). This weighting function is continuous
and near-Gaussian up to distance b, and assigns a zero weight for LSOAs beyond b.

The size of our neighbourhoods for which each local regression model is fit, b, can either
be fixed (distance) or adaptive (discrete number of neighbours). We opt for an adaptive band-
width which quantifies bandwidth according to number of discrete neighbours (LSOAs),
since LSOAs are all of different sizes depending on the population density. The model is
therefore fit to a smaller geographical area in densely populated areas (such as inner London),
and large geographical areas for suburban areas.

One aspect of GWR is that the estimated parameters are, in part, dependent on the weight-
ing function or kernel selected. The problem is therefore how to select an appropriate band-
width or decay function in GWR. There are a number of criteria that can be used for band-
width selection. Methods to determine the optimal bandwidth (and the sensitivity of band-
width on model results) are studied extensively in the literature [53]. A large bandwidth
means more data points are included in the model, which reduces variance. On the other
hand, a small bandwidth confines the regression to a local area and parameter estimates will
be dependent on observations closer to the regression point.

We determine an optimal bandwidth, b, with an automatic optimisation algorithm which
selects the bandwidth that produces the best model. AICc and cross-validation (CV) are
the most frequently used methods in the literature. We consider the two kernel shapes, bi-
square and Gaussian, along with tuning methods, CV and AICc, to determine a bandwidth
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which optimises model performance. Table 4 shows the bandwidths and their resulting GWR
model fit (according to AIC, AICc and R squared). Due to the risk of overfitting, which can
occur when GWR is fit to a small number of neighbourhoods, we choose the bandwidth that
minimises AICc. As shown in Table 4, the bandwidth that minimises AICc, b = 72, is larger
than the bandwidth which maximises R?; but the value we choose is almost as accurate (R? =
0.711), and significantly reduces the risk of overfitting. We visualise the bandwidth, b =72, in
Fig 5, and in the Supporting Information (S3 Appendix). This size of bandwidth allows us to
capture variation within our food desert areas shown in Fig 4.

As shown in Eq (1), GWR typically fits an intercept term that varies spatially across the
study area, meaning that each LSOA is assigned a unique baseline value for the predicted
response (PC1). This behaviour is undesirable when our aim is to enhance the interpretabil-
ity of the model and focus on the key predictors. Accordingly, we re-centre the response prior

Table 4. Performance of the different spatial weighting functions and bandwidth selection schemes. We opt to use
a bi-square kernel with bandwidth of 72, which minimises the AICc of the resulting model.

Optimisation method |Bandwidth AIC AICc R?
Bi-square, CV 55 9091.409 10196.27 0.726
Bi-square, AICc 72 9375.27 10155.24 0.711

https://doi.org/10.1371/journal.pcsy.0000072.t004
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Fig 5. Map of neighbourhood (bandwidth) size, b = 72 nearest LSOAs. The black LSOA is the target LSOA, and
the red LSOAs are considered its neighbours. The chosen bandwidth appears approximately valid for resolving
geographical features of the scale of the food deserts visible in Figs 3 and 4. Shapefiles for LSOA boundaries were
obtained from the Greater London Authority via the London Datastore: https://data.london.gov.uk/dataset/
statistical-gis-boundary-files-london. Contains National Statistics data Crown copyright and database right
2015. Contains Ordnance Survey data Crown copyright and database right 2015. Licensed under the UK Open
Government Licence v2.0 (https://www.nationalarchives.gov.uk/doc/open-government-licence/version/2/).

https://doi.org/10.1371/journal.pcsy.0000072.9g005
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to fitting GWR by subtracting the OLS intercept term (see Table 3), and focus our subsequent
analysis on the effects of covariates relative the mean behaviour of the response variable (at
7€10).

3.4. Main results

GWR offers an improvement to the OLS model. GMI has decreased from 0.70 to 0.14, so the
GWR model is successful in capturing a large portion of the spatial variation in food pur-
chases. A plot of local R? is shown in Fig 6, where darker blue coloured areas represent those
where the model has a better fit. We overlay food desert areas with a white border, and see
that the model fits well in all food desert areas (R*>0.5), with the exception of a small handful
of LSOAs in central London. Adjusted global R? has also increased from 0.38 to 0.71.

The most common approach to presenting the results of GWR is to generate maps of the
parameter estimates, ;. Such maps allow the visualisation of the estimated model coeffi-
cients, from which we can deduce the direction and magnitude of the relationship between
variable k and the predicted response variable for each area, i. We choose to visualise a quan-
tity that is similar to the predicted coefficients, but provides some additional insight into how
much the predictor influences the outcome for each area. The contribution of each predictor
to the predicted PC1 score J;, is calculated by

Cix = ZixBik»

Fig 6. Map of local R? for our GWR model. Darker areas correspond with a better model fit, and LSOAs clas-
sified as food deserts according to LISA clusters are outlined in white. Shapefiles for LSOA boundaries were
obtained from the Greater London Authority via the London Datastore: https://data.london.gov.uk/dataset/
statistical- gis-boundary-files-london. Contains National Statistics data Crown copyright and database right
2015. Contains Ordnance Survey data Crown copyright and database right 2015. Licensed under the UK Open
Government Licence v2.0 (https://www.nationalarchives.cov.uk/doc/open-government-licence/version/2/).

https:/doi.org/10.1371/journal.pcsy.0000072.9006
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where S is the GWR coefficient and Zj, is the standardised census data for variable k at
LSOA i. We will refer to this quantity as the contribution, where the sum of the contribution
over all predictors is the predicted PC1 score, y; = Zizl Cik.

The contributions measure how much of the food purchasing behaviour is associated with
each predictor across the study area. The contribution with the greatest magnitude is inter-
preted as being the most important predictor for a given LSOA, where the sign of the contri-
bution determines whether the predictor is contributing to nutrient deficient (positive sign)
or nutritious (negative sign) foods. For example, if longer walk time in a region is associated
with purchasing more nutrient deficient foods, this would show up as a positive contribution.
Hence, the longer the walk time in that region, the more ‘nutrient-deficient’ the purchasing
behaviour becomes.

Fig 7 (left column) shows the local census estimates for each of our predictor variables
prior to centring and scaling, and the right column shows the local contribution values, Cy,
for each predictor k in LSOA i. Along with the value of Cj, the LSOAs outlined in black
denote those where the LISA cluster is classified as a Hot Spot, and, the B coefficient is sig-
nificantly different from zero at the 95% confidence level, rejecting the null hypothesis Hy :
Bix = 0.

Household median income is associated with nutrient deficient purchases in the east and
west, whereas income contributes to more nutritious purchases in the inner-west. Higher car
ownership rate contributes to more nutritious purchases in a small region of London’s north-
west, but contributes to nutrient deficient purchases in the east, west and north-west. Black,
Asian, and minority ethnic (BAME) population is associated with nutrient deficient purchases
and has a high contribution in the west, north east and inner-east food deserts. The contribu-
tion of age is weak in comparison to the other terms, but has a slightly positive contribution
in a few LSOAs. Walk time has negligible contribution to the predicted response across space,
and the figure has been excluded.

We quantify the most influential predictor (MIP) using the contribution term, Cy, to high-
light the important features or demographics that are associated with food deserts across Lon-
don. This metric offers a simple way to identify which sociodemographic factor has the great-
est impact on the predicted response for each LSOA, i. The MIP is defined as the factor with
the largest positive contribution term to nutrient deficient purchases (positive PC1) in each
LSOA i, ie.,

MIP; = arg ml?x Cik.

The MIP is set to null in the case where i) none of the 8 coefficients are different from
zero at the 95% significance level, or ii) where none of the contribution terms Cj are greater
than zero. If there are no positive Cy for LSOA i, then we deduce that none of the sociode-
mographics in our model are contributing to nutrient deficient purchases. Rather, they are
contributing to nutritious purchases instead.

Fig 8 shows the MIP for each LSOA, where food desert areas are plotted with full opac-
ity. The maximal contribution of each explanatory variable to the predicted response varies
considerably across the study area. Income, Black, Asian, and minority ethnic (BAME) pop-
ulation, and car ownership contribute the most to nutrient deficient purchases in food deserts,
whereas age and walk time are the highest contributor for only a few LSOAs. In Ealing,
income has the largest contribution to nutrient deficient purchases. In areas such as Newham
and Brent, Black, Asian, and minority ethnic population is associated with nutrient defi-
cient purchases. Car ownership is associated with nutrient deficient purchases in Barking
and Dagenham. This result is perhaps unintuitive in the context of food deserts, as high car
ownership is associated with nutrient deficient purchases, which we discuss in Sect 4. For
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Fig 7. Sociodemographic estimates (left column) and corresponding GWR model contributions Cj; (right column)
mapped across London for (a-b) household median income, (c-d) car ownership, (e-f) Black, Asian, and Minority
Ethnic population, and (g-h) average age. LSOAs outlined in black denote areas where the LISA cluster is a Hot Spot
(food purchases are reflective of food deserts’), and the 3 coefficient for location i and covariate k is statistically
significant. Household income; Black, Asian, and minority ethnic population; and car ownership contribute to nutrient
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deficient purchases in food desert areas. Shapefiles for LSOA boundaries were obtained from the Greater London
Authority via the London Datastore: https://data.london.gov.uk/dataset/statistical- gis-boundary-files-london. Contains
National Statistics data Crown copyright and database right 2015. Contains Ordnance Survey data Crown copyright and
database right 2015. Licensed under the UK Open Government Licence v2.0 (https://www.nationalarchives.gov.uk/doc/
open-government-licence/version/2/).

https://doi.org/10.1371/journal.pcsy.0000072.g007

Age

BAME

Car ownership
Walk time
Income

Insignificant

Fig 8. Map of Most Influential Predictor (MIP) in food deserts: variables that have the largest contribution
to nutrient deficient purchasing behaviour. Opaque polygons represent food desert areas. ‘Insignificant’ areas
refer to LSOAs where there are only negative contributions (contributions toward healthy behaviour), or, areas
where there is not a statistically significant 8 coefficient. BAME refers to Black, Asian, and minority ethnic pop-
ulation (%). Shapefiles for LSOA boundaries were obtained from the Greater London Authority via the London
Datastore: https://data.london.gov.uk/dataset/statistical- gis-boundary-files-london. Contains National Statistics
data Crown copyright and database right 2015. Contains Ordnance Survey data Crown copyright and database
right 2015. Licensed under the UK Open Government Licence v2.0 (https://www.nationalarchives.gov.uk/doc/
open-government-licence/version/2/).

https://doi.org/10.1371/journal.pcsy.0000072.g008

comparison with MIP in food deserts, the Supporting Information (S4 Appendix) shows the
corresponding plot of the most significant predictors of a food oasis.

4. Discussion and conclusions

We developed a statistical model to identify London neighbourhoods where residents’ pur-
chases follow a nutrient deficient pattern, highlighting areas that are characteristic of ‘food
deserts. The significance of area-specific adherence to high-sugar and high-carbohydrate pur-
chases suggests that residents in these areas are not accessing a nutritionally adequate diet.
We attribute such behaviours to food deserts; areas where residents face barriers to accessing
more nutritious foods such as high-fibre and high-protein options. Such areas are located in
London’s east (e.g. Newham; Barking and Dagenham), and some areas of London’s north west
(e.g. Ealing; Brent), and are associated with sociodemographic factors. This method not only
highlights areas where residents are purchasing nutritionally deficient foods, but also narrows
the scope of the problem by focussing on the areas most affected by food desert conditions
and potential barriers to access.
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We linked food purchasing patterns to sociodemographic and environmental factors using
GWR, revealing spatial variation across London’s boroughs. Our study finds that household
income and the proportion of Black, Asian, and minority ethnic populations are strongly
associated with food deserts in the London area. Our analysis identifies significant associ-
ations, but the underlying mechanisms are likely to vary and require further investigation.
These spatial differences in associations may reflect a combination of socioeconomic condi-
tions, local food retail environments, or varying food preference. For example, Black, Asian,
and minority ethnic populations are disproportionately affected by poverty, being twice as
likely to experience poverty than white Londoners [54]. Further work involving local experts
is needed to better understand these context-specific relationships and to develop appropri-
ately targeted interventions. Understanding these nuanced local dynamics requires collabo-
ration with local experts and policymakers to develop tailored and culturally sensitive inter-
ventions. Our findings highlight the importance of such localised approaches, as city-wide
analyses may mask important within-city heterogeneity in food access and dietary behaviours.

In the study, we also identified a statistically significant association between high car own-
ership and food desert areas in London’s east. This association is unexpected. A potential
explanation is that urban areas manifest convenient and accessible stores that respond to the
needs of carless households, and more accessible public transport reduces the need for per-
sonal vehicles. Residents in such areas may choose to give up cars or live in urban areas when
they cannot afford one. This dynamic may not hold in rural areas, where store dispersion and
limited public transport require residents to travel long distances to access food. Interestingly,
walk time to the nearest store did not significantly influence food purchasing patterns in food
desert areas, with a minor and localised contribution observed only in London’s north-west
and south-west. These results suggest that differences in walk times and car ownership rates
are less important than sociodemographic factors in the context of urban food deserts.

Our analysis also has limitations. First, we rely exclusively on Tesco Clubcard data, which
captures only supermarket purchases and excludes other dietary sources such as fast food vis-
its, food delivery services, restaurants, or purchases from other retailers (e.g., other supermar-
kets, specialty shops, or local markets). Due to customer anonymity, we were also unable to
identify the specific Tesco locations used by shoppers, limiting our ability to assess differences
in food access or pricing across store formats (e.g., Tesco Superstore versus Tesco Express)
or geographic areas. Second, the limited coverage of temporal data means we cannot ade-
quately observe changes in purchasing behaviour over time. This limits our ability to detect
seasonal variation, long-term dietary trends, or responses to events such as food supply short-
ages. If made available, time-series data could help distinguish short-term behaviours from
persistent patterns, allowing for modelling of how food purchasing responds to economic,
policy, or environmental shifts. Further, while our analysis operates at the LSOA level which
is the finest granularity available for purchase records, it may mask finer-scale disparities in
food access. Utilising street-level or postcode-level data would enable more fine-grained spa-
tial modelling, where food access issues may be localised within small urban pockets. Such
granularity would be particularly valuable in the most densely populated areas of London,
where average indicators at LSOA level may conceal concentrated areas of deprivation or lim-
ited access. It is also important to note that potential confounding factors may influence our
observed associations. For example, pricing strategies or the availability of culturally preferred
foods across different neighbourhoods could affect purchasing behaviour independently of
income or ethnicity. These influences may partially explain spatial variation in food purchas-
ing patterns and should be explored in future research. Further research using finer temporal
and spatial data should explore these causal pathways to design more effective interventions
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aimed at improving dietary behaviours and health outcomes: Finally, while we identify asso-

ciations between food purchasing and sociodemographic factors, causal inferences cannot be
drawn from cross-sectional data. Further research using individual-level or longitudinal data
is needed to explore causal pathways and to design more targeted and effective interventions

aimed at improving dietary behaviours and health outcomes.

A promising approach to determine effective location-specific interventions is the use of
predictive simulation models, which could account for the unique characteristics of differ-
ent food deserts. Policy interventions on populations cannot rely on controlled trials, and
therefore predictive modelling and surveillance data (e.g. food purchase data) must feature
more heavily in the standards of evidence for policy change [55]. For example, such meth-
ods have been used to test various interventions aimed at increasing households’ fruit and
vegetable intake through initiatives such as financial subsidies [56], increasing shopping fre-
quency [57], expanding public transit options [58], improving health eduction [59], and elim-
inating residential segregation [60]. Our analysis, by linking food purchasing to sociodemo-
graphic and environmental factors, can help inform such models and guide future research
into which interventions may be most effective in reducing dietary inequality. Incorporating
additional datasets, such as transport networks or commuting patterns, could further enhance
this work. Such integration would also allow researchers to examine food choice constraints
related to commuting schedules or transport connectivity—particularly in areas where access
to affordable and nutritious food is limited by travel time or cost.

Our findings identify key sociodemographic and environmental factors associated with
nutritionally deficient food purchasing in London, offering a foundation for future work
exploring targeted interventions. To address all barriers to nutritious foods—spatial access,
affordability, accommodation, acceptability, and appropriateness—we need a deeper under-
standing of how the type of food store influences local purchasing patterns. One area of inter-
est is the difference in shopping behaviours between large Tesco stores and their smaller con-
venience store format, Tesco Express, particularly in terms of price and availability. A com-
parison of grocery prices in 2022 found that Tesco Express was 10% more expensive, with a
yearly price difference of £817.91 [61]. Given that financial barriers were found to be a key
driver of food deserts, particularly in areas like Barking and Dagenham and Ealing, our find-
ings provide a basis for identifying areas where income-directed interventions should be pri-
oritised. Additionally, while our current study does not explore the introduction of gener-
ally lower-priced grocery stores like Aldi or Lidl, the methodology we have developed can be
applied to such datasets if they become available, supporting future research on the potential
impact of these stores on residents’ nutrition.

This study offers a more holistic method of identifying food deserts, moving beyond the
reliance on sociodemographic and environment characteristics alone. Our approach, which
relates purchasing behaviour to sociodemographic characteristics in a way that allows for
spatial heterogeneity, is novel in the context of food deserts. While earlier studies typically
infer dietary risk from spatial access or socioeconomic indicators, our approach begins with
observed purchasing behaviour. This data-driven method allows us to identify patterns of
nutritional vulnerability that traditional methods may overlook, particularly in urban areas
where food retail is abundant but dietary health remains poor. For example, we find boroughs
such as Barking and Dagenham, Newham, and Ealing to be characterised by nutritionally
deficient purchases, despite these areas appearing well-served by food retailers. Our find-
ings suggest that behavioural data can reveal food access challenges that would otherwise be
masked in spatial accessibility focussed approaches. Our analysis reveals significant spatial
variation in food purchasing behaviours, with strong clustering of nutritionally deficient food
purchases. The prevalence of both high-carbohydrate and high-sugar purchases in certain
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areas, and high-protein, high-fibre diets in others further highlights the inequality in dietary
nutrition across London’s boroughs. Our findings indicate that the sociodemographic fac-
tors influencing food purchasing vary across space, emphasising the need for targeted inter-
ventions that address local food access issues according to specific socioeconomic charac-
teristics. As a result, interventions need to be strategically targeted to areas exhibiting nutri-
tionally deficient purchasing behaviours, and with sociodemographic characteristics (indi-
cators of barriers) in mind. A ‘one-size-fits-all’ approach is therefore not the most effective
way of addressing food deserts in London, and intervention techniques should be tailored
to the local level to maximise the effectiveness and compliance of such interventions. This
study offers a modern way to classify London’s food deserts—by starting with the data that
reflects residents’ behaviour—and subsequently linking nutrient deficient purchases with their
potential drivers.

Data accessibility

Tesco purchase data is available from [41] and summarised London census data is

available from [50]. All choropleth maps were created using tmap [62]. Shapefiles are
available from the Greater London Authority https://data.london.gov.uk/dataset/
statistical-gis-boundary-files-london and contains National Statistics data Crown copyright
and database right 2015. Contains Ordnance Survey data Crown copyright and database right
2015. Licensed under the UK Open Government Licence v2.0. Code used to generate results
can be found on GitHub https://github.com/taylabroadbridge/paper-fooddeserts-gwr.
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