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A B S T R A C T   

The spatial distribution of commercial activities is vital to support healthy lifestyles and to achieve livable public 
spaces and environmental, social and economic sustainability in our cities. However, commercial activities 
require a constant flow of expenditure for their own viability. As a result, understanding the spatial and temporal 
distribution of expenditure is fundamental, although the lack of detailed, complete data sources has impeded this 
task until now. 

Bank card data paves the way for a new urban geography of expenditure, thanks to its fine spatial and tem-
poral granularity along with the uniform coverage of all commercial sectors. In this paper, we analyze temporal, 
spatial, and spatiotemporal distributions of expenditure at the intraurban scale of the city of Madrid (Spain), 
combining spatial statistical tools (Getis-Ord General for global autocorrelation and Getis-Ord Gi* hot spot 
analysis for local autocorrelation) with k-means cluster analysis and spatiotemporal tools (Time Series Clustering 
analysis and Temporal Hot Spot Analysis). 

Our analysis confirms the strong center-periphery gradient described in previous literature, but with a CBD 
integrated by distinct specialized areas. The paper demonstrates that bank card data has a great potential to 
support a new geography of expenditure that could strengthen decision-making in planning and retailing.   

1. Introduction 

Commercial activities are key to promote urban sustainability, the 
vitality of public space, social cohesion and public health (Jacobs, 1961; 
Sevtsuk, 2010). However, the sheer viability of commercial activities 
depends on their profit and on a constant flow of customers' expenditure. 
Consequently, understanding the spatial logics of expenditure has long 
been a goal for planners and retailers, because “the choice of a store's 
location is perhaps the single most important decision a retailer has to 
make” (Craig et al., 1984), “critical to business success” (Dawson, 1980, 
p. 16). 

The lack of accessible, high quality data has constrained research on 
the spatial distribution of commercial activity (Araldi & Fusco, 2019, p. 
53), especially focusing on expenditure. In comparison with other eco-
nomic sectors, retail and services constitute a very fragmented and 
diversified sector, so dynamic (businesses opening and closing 
everyday) that data collection and maintenance have been an ambitious 

challenge for extensive territories or levels of detail. Expenditure data 
has been even scarcer, due to privacy and confidentiality issues, as well 
as retailers' mistrust of making their performance public to their 
competitors. 

The need of bespoke surveys and their great costs have limited the 
consideration of multiple sectors and large land extensions in a detailed 
geographical description of expenditure at the intraurban scale. How-
ever, big data from bank card usage has a great potential to achieve this 
goal, thanks to unseen levels of detail and extension, both in space and 
time, and for diverse commercial sectors (Di Clemente et al., 2018; 
Lenormand et al., 2015; Sobolevsky et al., 2016). 

Understanding multisector spatiotemporal patterns of expenditure 
can support better planning of shopping facilities and locational de-
cisions, providing a refined description of the economic dimension of 
commercial spaces (Carpio-Pinedo & Gutiérrez, 2020): the most 
convenient locations for both businesses and clients, where the former 
attract enough demand for their economic viability, and where the 
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former are willing to travel from their homes. 
The objective of this study is to develop a novel geographical analysis 

of expenditure, with a fourfold contribution to international literature: 
first, disaggregated at the intraurban scale; second, detailing temporal, 
spatial and spatiotemporal variations; third, distinguishing various 
commercial sectors (food, fashion, leisure, etc.), which often show 
radically different spatial patterns, according to previous literature; and 
fourth, taking advantage of the big data generated by bank card 
transactions. 

The case study is the city of Madrid (Spain). The discussion of results 
uses classic retail location models for comparison and as a source of 
explaining principles. 

2. Background 

2.1. Intraurban geography of commercial activity 

The unequal distribution of commercial activities within a city or 
town is a phenomenon observed since very old times: the concentration 
of shops and stalls at central markets, plazas, and main streets in contrast 
with outer, quiet residential areas. Due to the key structuring role of 
commercial areas for cities and whole regions, geographers and econ-
omists have aimed at understanding the spatial logics of commerce using 
both theoretical and empirical approaches. 

According to previous literature, spatial clustering can be the result 
of different logics, like spatial convenience (most accessible locations), 
the economies of agglomeration (cost savings) and the principle of 
minimum differentiation based on competitors' mutual mistrust 
(Hotelling, 1929) explain why firms benefit from locating near to each 
other. As a result, the clustering of similar types of shops is manifest in 
many of our cities for some types of businesses (e.g. jewels, high fashion 
boutiques and luxury stores), while other areas may remain devoid of 
the most basic goods, i.e. “food deserts” (Desjardins, 2010; Sadler et al., 
2016). 

The common center-periphery gradient distribution of many cities 
has been explained by retail location models like the bid rent theory. The 
main principle of the bid rent theory is that all economic activities 
compete for the best locations in the urban space, which are defined by 
good access to both customers and labour force. However, different 
businesses have different profits and resources to afford the unequal 
location-related costs. As a result, when different businesses “bid” for the 
most central/accessible locations, they show a spatial order that relates 
to the order of rent-paying. 

Inspired by the principles (and spatial outcomes) of von Thünen's 
land value theory for rural areas, Alonso's bid rent theory results in 
concentric zones from the city center to the outskirts, including − in this 
order− different retail types at the Central Business District (CBD) as the 
core of the system, offices, and residential types. The zoning pattern 
follows bid-rent concentric curves (Alonso, 1960, 1964). 

However, the center-periphery model ignores possible subcenters 
like suburban downtowns (Brown, 1993). Christaller's central place 
theory explains polycentric models based on the idea that customers 
patronize the nearest store, so demand declines with the distance from 
the store up to a limit. Customers travel up to a certain distance (called 
“range”), which is different for different goods. At the same time, every 
business requires a minimum demand for its viability, called “threshold” 
(Brown, 1995; Christaller, 1966). For Christaller, the diversity of prod-
ucts (and their different ranges and thresholds) explains the existence of 
multiple commercial centers with different size and product variety. The 
application of the central place theory at the intraurban scale deduced 
typologies that included the CBD, district centers, neighborhood busi-
ness streets, etc. (Carol, 1960; Guy, 1984; Proudfoot, 1937). 

These in-principle contradictory retail location models are compat-
ible once the different types of commodities sold are considered. Kivell 
and Shaw (1980) claim that spatial concentration models apply more to 
high order retail products (like fashion) and not at all to low order 

products (like food), which tend to follow polycentric models. In fact, 
the variety (Araldi & Fusco, 2019) and types of goods and services 
offered has been another key factor to classify commercial areas: 
whereas the CBD concentrate the greater variety of products and the 
majority of clothing, shoes, furniture or books, the neighborhood busi-
ness centers host convenience goods like groceries, food and drugs 
(Carol, 1960; Proudfoot, 1937). 

2.2. Geography of expenditure 

Every business aims at maximizing its profit and, to achieve this goal, 
it must understand the logics of clients' expenditure. 

Until very recently, the main methods to study expenditure had been 
bespoke field studies (Lloyd & Jennings, 1978) and mostly surveys –both 
of customers (Roy Dholakia, 1999) and of businesses (Buckinx & Van 
den Poel, 2005). However, these methods imply many costs and must 
limit their scope in space, time, type of consumption or type of clientele. 
For example, previous research has analyzed expenditure on specific 
products like tobacco (Desai et al., 2012), at specific events like mara-
thons (Wicker et al., 2012) and music festivals (Borges et al., 2016), or 
specific types of customers like tourists (van Loon & Rouwendal, 2017). 
As a result, the applicability of their results has been useful but ‘niche’, 
with no global understanding. 

Due to these constraints, a geographical description of expenditure 
distribution has been hardly possible, especially not with fine granu-
larity or integrating the diversity of commercial sectors. As the main 
objective for businesses is to predict people spending choices, a common 
approach has been to find correlations between expenditure and socio- 
demographic characteristics (e.g., gender, age, income level, educa-
tional attainment, etc.) (Hui & Wan, 2007; Krumme et al., 2013). Then, 
because the spatial distribution of socio-demographic characteristics at 
the intra-urban scale is usually captured by census data, expenditure 
levels can be inferred. 

2.3. Expenditure: opportunities of bank card big data 

The digitalization of most aspects of contemporary human activity 
has come with large volumes of automatically-recorded data, which 
offer unprecedented opportunities for urban studies. The value of these 
new data sources is manifold –great spatial and temporal detail, along 
with disaggregated values–, up-to-date for quick analysis (García-Pal-
omares et al., 2015), and significantly cheaper than traditional methods 
like surveys (Martí et al., 2019). 

Recent research has taken advantage of new big data sources for the 
intraurban analysis of consumption patterns, for example, using Google 
points of interest (Martí Ciriquián et al., 2021) and user-generated data 
from social networks (Carpio-Pinedo & Gutiérrez, 2020; Salas-Olmedo 
et al., 2018). However, bank card data has a number of advantages 
worth of further investigation. 

Bank card transaction data results from consumers using a device, 
normally a paying terminal, and –thanks to its geolocation– is an 
extraordinary opportunity to quantify and visualize the spatial and 
temporal distribution of expenditure at the intraurban scale yet covering 
whole cities. Unlike surveys and big data from social media, bank card 
data captures what people do, not what they say they do. 

Bank card payment data provides very large samples, as the use of 
cards has become progressively more widespread in recent decades. 
Payments using bank cards increase relative to cash payments as the 
payment amount increases. According to 2019 data, in the euro area 24 
% of transactions were carried out using bank cards and 73 % in cash 
(European Central Bank, 2020), while the value of the payments was 41 
% by card and 48 % in cash. In Spain, the use of bank cards is less 
widespread than in the euro area, with 15 % of transactions and 28 % of 
the value of payments. Spending with bank cards also varies signifi-
cantly depending on the type of business. Thus, for example, in the euro 
area it reaches 59 % and 65 % in petrol stations and shops selling 
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durable goods, respectively, but only 31 % in the category of restau-
rants, bars and accommodation. Payment with bank cards is higher 
among men (51 %) than among women (48 %), it decreases with age, 
increases with higher levels of education and is higher in cities (53 %) 
than in rural areas (46 %). In other developed countries, trends similar 
to those described for the euro area have been observed (Bagnall et al., 
2014). 

Despite its benefits, research with bank card data is still underde-
veloped: bank card data is highly sensitive and contains information 
protected by privacy and confidentiality laws and regulations. For this 
reason, bank card data is not often available for research, or is shared 
with many anonymized or nullified values. 

However, some academics have started to analyze bank card data for 
different objectives: to classify cities based on the economic activity of 
both residents and tourists (Sobolevsky, Sitko, Grauwin, et al., 2014), to 
infer socioeconomic characteristics of regions (Hashemian et al., 2017) 
to measure economic resilience (Alfaro Martinez et al., 2016), and to 
describe mobility patterns (Lenormand et al., 2015; Sobolevsky et al., 
2015). 

The intraurban scale is missing in most of these analyses. A first 
exception is the work of Di Clemente et al. (2018), who used transaction 
data to deduce shopping behavior patterns to build a typology of ‘life-
styles’ and consumer profiles, and then mapped these ‘lifestyles’ at the 
intraurban scale, but with no focus on the spatial distribution of con-
sumption and no consideration of expenditure volumes. Also at the 
intraurban scale, Yoshimura et al. (2020) used shop revenue data to 
calculate correlations with density and street network connectivity, but 
the analysis of the spatial distribution was not the focus. Recently, 
Aparicio et al. (2021) analyzed the spatial distribution of expenditure at 
the intraurban scale, but focused on tourists and made no distinction of 
commercial sectors. 

3. Data and methods 

3.1. Case study 

The city of Madrid is the most populated town of Spain and the 
Iberian Peninsula, with 3.3 million inhabitants as per 2020. For our 
research topic, Madrid stands out for its diversity of commercial envi-
ronments: unplanned, neighborhood-based clusters of different scales 
cohabit with planned modern shopping malls (Carpio-Pinedo, 2020; 
Carpio-Pinedo & Gutiérrez, 2020; López de Lucio et al., 1996; López de 
Lucio & Parrilla Gorbea, 2006). 

The literature has analyzed the intraurban commercial structure of 
Madrid from the point of view of the physical dimension (number of real 
estate commercial units and floor area), the economic dimension 
(number of open businesses), and socio-symbolic dimension (popularity, 
prestige, or ‘symbolic capital’ using patrons' publications on social 
media as a proxy) (Carpio-Pinedo & Gutiérrez, 2020), but not yet from 
the point of view of expenditure. The greatest concentration of shopping 
activity is in the historical city center (around Puerta del Sol square, 
Gran Vía street, etc.) and, at a lower degree, in neighboring areas like the 
Calle Serrano and Salamanca district area (known as “the Golden Mile”). 

Further, diverse clienteles buy goods and services in Madrid city. 
First, with regard to their home location: Madrid is a shopping desti-
nation for locals, daily commuters, national and international tourists 
(Aparicio et al., 2021; Salas-Olmedo et al., 2018). Second, socioeco-
nomic diversity is significant within Madrid boundaries, although resi-
dential social mix is limited, given that spatial segregation is among the 
greatest of European capitals (Marcińczak et al., 2015; Musterd et al., 
2017). 

3.2. Data source 

This study uses BBVA card transaction data, which collects all 
transactions at BBVA point of sales terminals in face-to-face 

establishments in the city of Madrid in the year 2018. BBVA is the sec-
ond largest Spanish bank, with a market share of 14.5 %. For 2018, the 
dataset includes 52.9 million transactions, and over 68 billion euros. 
BBVA data has been used in previous academic works for different ob-
jectives with outstanding results (Alfaro Martinez et al., 2016; Aparicio 
et al., 2021; Hashemian et al., 2017; Lenormand et al., 2015; Sobolevsky 
et al., 2015, 2016; Sobolevsky, Sitko, Grauwin, et al., 2014; Sobolevsky, 
Sitko, Hawelka, et al., 2014; Yoshimura et al., 2020). 

Transactions and spending volumes are categorized into various 
commercial sectors, and spatially aggregated in 500 × 500 m grid cells. 
The temporal aggregation is the nominal month (January, February, 
etc.). The expenditure data was expanded based on BBVA market share 
and the percentage of card usage over other payment methods per 
commercial sector (Esselink & Hernández, 2017).1 

3.3. Variables 

This study uses thirteen variables of expenditure (in euros) per each 
commercial sector: one for expenditure in each month and one more for 
the total expenditure in the year 2018. 

The commercial sectors chosen for this study (Table 1) are the 
following:  

• Bars and Restaurants (BR): bars, cafés, restaurants, fast food, pubs 
and night clubs.  

• Fashion (Fa): chains and small fashion shops selling clothing, shoes, 
jewelry, watches, leather goods, etc.  

• Food (Fo): supermarkets and small food shops like groceries. 
• Leisure (L): cinemas, theaters, other shows, museums, tourist at-

tractions and betting houses.  
• Health (H): pharmacies, opticians and fee-paying medical services.  
• Wellness and Beauty (WB): wellness and beauty products shops 

(cosmetics, perfumery, etc.), hairdressers and other beauty/wellness 
services.  

• Total (Total): all of the above plus expenditure in other sectors and 
unclassified due to confidentiality issues. 

3.4. Methods 

3.4.1. Time 
To describe the temporal distribution of expenditure within each 

commercial sector, we calculate the difference between every monthly 
value and the annual average. This calculation is done in relative terms 
(%) to enable comparisons between sectors. 

3.4.2. Space 
To describe the spatial distribution of expenditure at the intraurban 

scale, we use three types of analysis. 
First of all, we conduct a Global spatial autocorrelation – High/Low 

Clustering analysis. Spatial autocorrelation (Getis-Ord General G) 
evaluates the overall degree of clustering for either high or low values 
(how concentrated the high or low expenditure values are in Madrid 
city). This inferential statistical tool calculates the z-score and p-value 

1 We did not directly analyze the sample provided by BBVA. Given that BBVA 
bank card transaction payments are a part of the total bank card payments in 
Madrid and that a part of the total spending in the city is in cash, we have 
developed a procedure (based on elevation factors) to infer the spatial distri-
bution of total spending in the city. In a first step, the BBVA data were expanded 
considering the bank's market share (14.5 %) in order to obtain the value of 
total spending with bank cards in Madrid. In a second step, we expanded the 
total expenditure by bank cards obtained in the previous step considering the 
percentage of total spending in Spain by card according to the results of a 
survey (Esselink & Hernández, 2017), with the aim of making it representative 
of the total expenditure in Madrid (cash and card). 
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(Getis & Ord, 1992; Mitchell, 2005). A positive and statistically signif-
icant z-score value indicates that high expenditure values are clustered 
in the area of study, while a negative and statistically significant z-score 
value indicates that low expenditure values are clustered in this area. 
Finally, a non-significant p-value would mean that values are randomly 
distributed. We expect to find positive and statistically significant z- 
score values, which represent high spatial concentration of expenditure. 
We apply this tool not only to the analysis of total spending, but also to 
each of the commercial sectors, in order to analyze in which commercial 
sectors spending is more spatially concentrated. 

Secondly, given that Getis-Ord General G statistics reveal the overall 
degree of clustering, but it does not indicate where the potential spatial 
consumption clusters are located, we conduct a Local spatial autocor-
relation – Hotspot analysis, by calculating the Getis-Ord Gi* statistic, 
obtaining a z-score, p-value and confidence level bin. Hot and cold spots 
can be identified as statistically significant local concentrations of high 
and low values, respectively (Getis & Ord, 1992; Mitchell, 2005). Again 
we apply this tool to each of the commercial sectors, so we can identify 
expenditure hotspots (positive and statistically significant z-score 
values) for each of the commercial sectors. 

Thirdly, we conduct a Cluster analysis with the aim of unveiling 
environments with similar typology of expenditure according to com-
mercial sectors, using as input for this analysis the z-scores (‘heat 
values’) obtained for each of the commercial sectors in the previous step. 
We use the K-means clustering method to establish a typology of multi- 
sector expenditure environment. This method looks for a solution in 
which all the entities (cells) within each group are as similar as possible 
from the point of view of commercial expenditure, and all the groups 
themselves are as different as possible. K-means clustering has been used 
to deduce shopping center types before (Dolega et al., 2016), but only 
once in combination with Getis-Ord Gi* z-scores (Carpio-Pinedo & 
Gutiérrez, 2020) and, to our knowledge, never with expenditure data. 
The main advantage of applying the cluster analysis to the z-scores is 
that each cell value considers its neighbor cells and, as a result, the ty-
pology describes the spatial structure of commercial expenditure better 
(“expenditure environments”). 

3.4.3. Space-time 
To explore the spatiotemporal distribution of expenditure in Madrid, 

we carry out a Time Series Clustering analysis. This analysis identifies 
clusters of locations that show similar time series characteristics 
regarding relevant variables, i.e. expenditure. More specifically, we 
perform two different analyses. Firstly, we identify clusters with similar 
expenditure absolute values across time, and secondly, we identify 
clusters with a similar profile of expenditure across time. In this second 
case, locations are clustered when their values tend to increase or 
decrease at the same time and rather proportionally (when their values 
are correlated). 

These analyses are carried out for total expenditure values, but also 
for exploring the spatiotemporal distribution of expenditure in two 
specific commercial sectors: fashion and food. These categories were 
chosen considering their different spatial and temporal characteristics, 
revealed from the results of the previous analyses, and according to the 
literature (different ‘order’). 

As a previous step, we have created a space-time cube dataset, con-
sisting of a three-dimensional cube made up of space-time bins with the 
x and y dimensions representing space and the t dimension representing 
time. In our case, the t dimension corresponds to the twelve months of 
analysis. 

In addition to the Time Series Clustering analysis, and with the aim of 
identifying persistent expenditure hot spots, we carry out a Temporal 
Hot Spot Analysis. This analysis uses a space-time implementation of the 
Getis-Ord Gi* statistic, applied to the space-time cube dataset. The 
analysis reveals the percentage of time slots (months in this case) in 
which locations behave as Hot Spots. In this case, the number of clusters 
was estimated as the optimal one according to the Calinski-Harabasz 
pseudo F-statistic, which is a ratio of between-cluster variance to 
within-cluster variance. 

4. Results 

4.1. Time 

The temporal variations have offered several quantitative results to 
frame the similarities and differences between commercial sectors. 

All sectors show the largest temporal decrease in August. As the most 
common month for long summer vacation, the population reduction 
translates into expenditure losses of − 29.7 % in relation to the annual 
average. 

Almost all sectors show growth peaks in December, probably due to 
Christmas and other holidays and their related consumption, also on 
food (bountiful Christmas Eve's dinner, Christmas Day lunch and New 
Year's Eve dinner are common traditions in Spain). 

The sectors with the most similar temporal pattern to the total 
expenditure pattern are Bars & Restaurants (because it is the most 
important sector), and ‘low order’ or basic sectors like Food, Health and 
Wellness & Beauty. Fashion shows a unique high spending peak in 
January, probably due to the typical sales of this sector in this month 
(Fig. 1). 

Expenditure on Leisure experiments the most divergent behaviors, 
probably due to the impact of holidays and climate: great indoors leisure 
consumption in November and December due to winter temperatures, 
Christmas and various bank holidays where Spaniards from other 

Table 1 
Basic statistics per commercial sector – whole year.   

BR Fa Fo L H WB Total 

Total tiles 509 244 258 40 442 322 946 
Total expenditure (million €) 15,261.4 6412.7 1986.7 609.2 2639.9 1392.1 68,083.5 
% over total expenditure 22.4 % 9.4 % 2.9 % 0.9 % 3.9 % 2.0 % 100 % 
Minimum (million €) 0 0 0 0 0 0 0.007 
Maximum (million €) 580.117 714.859 81.390 172.812 71.288 81.480 2268.302 
Average (million €) 16.133 6.779 2.100 0.644 2.791 1.472 71.970 
Standard deviation (million €) 48.094 48.564 7.051 6.845 7.228 4.773 162.640 
Coefficient of variation 298.1 % 716.4 % 335.7 % 1063.0 % 259.0 % 324.3 % 226.0 %  

Fig. 1. Graph – expenditure difference between each month and the annual 
average (in %), per commercial sector. 
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regions like to visit Madrid; in contrast with low expenditure in the 
Spring months, possibly related to a preference for outdoor activities in 
this time of the year, which is often cost-free (Table 2). 

4.2. Space 

4.2.1. High-Low Clustering (Getis-Ord General G) and Hot Spot Analysis 
(Getis-Ord Gi*) 

High-Low Clustering statistics (Getis-Ord General G) were calculated 
for all expenditure categories in order to measure the degree of con-
centration of high/low values (Table 3). The results obtained allow 
rejecting the null hypothesis (there is no spatial clustering of feature 
values), since the p-values are extremely low in all cases. All z-score 
values are positive, so it must be concluded that high values are clus-
tered in all expenditure categories within our study area. Bars & Res-
taurants was the most highly clustered sector (z-score = 40.65); in 
contrast, the lowest z-score value was Food (15.35). 

As we explained in the Methods section, Getis-Ord General G sta-
tistics show that high values are spatially clustered, but they do not 
identify the location of where those spatial consumption clusters. Getis- 
Ord Gi* analysis makes it possible to analyze the spatial patterns of 
spending within the city, identifying hot and cold spots (spatial clusters 
of high and low values, respectively). The maps below show the spatial 
distribution of z-scores within the city, both the total value (Fig. 2) and 
per expenditure sector (Fig. 3), using the same intervals in all of them in 
order to make comparisons possible. 

Fig. 2 reveals a clear center-periphery gradient in the spatial distri-
bution of total spending (z-scores) within the city, as expected according 
to the theory, since the central areas of the city concentrate specialized 
commerce while most of the commerce in the periphery is purely local. 
The center-periphery gradient in z-scores is smoother towards the north 
than towards the south, which is consistent with the morphological and 
socio-economic structure of the city, with a higher level of income, 
economic activity and residential density in the north than in the south. 
In the periphery, a set of moderately hot areas can be identified, cor-
responding with peripheral subcenters like neighborhood centers, sub-
urban shopping malls or specialized developments. Only one sub-center 
-the Airport area- is a statistically significant hot spot. 

The maps in Fig. 3 show the spatial distribution of GiZScores ac-
cording to the commercial sectors (expenditure categories). Less 
specialized types of commerce, such as Food, Health and Wellness & 
Beauty, show a lower heat intensity in the city center and a greater 
extension towards the periphery, since these are activities in which 
proximity takes on a special value. Fashion is highly concentrated 
spatially, with two hot spots in the center, namely the fashion shopping 
area in the historic center (Puerta del Sol and Gran Vía) and the luxury 
shopping area known as “the Golden mile” (Calle Serrano and Sala-
manca district), being the latter of them the one with the hottest spot due 
to the high value of the items sold there. Leisure establishments are 
mainly located in the historic center (the hottest spot in this expenditure 
category), although it is possible to identify second-tier hot and 
temperate spots in areas of intermediate centrality around the city 

center. Finally, bars and restaurants reveal a simpler spatial pattern, 
similar to the one of total expenditure: the center-periphery gradient is 
smoother towards the north than towards the south and temperate 
points are identifiable in some peripheral locations. 

4.2.2. Cluster analysis: typology of expenditure environments 
In order to establish a typology of expenditure environments, a 

cluster analysis has been carried out with the input of the z-scores 
(GiZScore) previously obtained using the Getis-Ord Gi* for the different 
expenditure categories. Six types of consumption spaces -named groups 
1 to 6 hereafter- have been differentiated, arranged from the center to 
the periphery of the city. 

Group 2 (red) is characterized above all by the highest spending 
volumes both on Leisure and on Bars & Restaurants, and a notable 
expenditure in Fashion. This group extends through the historic center 
of the city, a vibrant area that concentrates cinemas and theaters, as well 
as numerous bars, restaurants and fashion stores (Calle Gran Vía, and 
pedestrianized zones in calle Preciados, calle Fuencarral, Puerta del Sol, 
and others) (Fig. 4). 

Group 4 (orange) is characterized by the highest expenditure on 
Fashion and high expenditure values in all other categories except Lei-
sure. It covers “the Golden mile” (Salamanca district), with a high 
concentration of luxury fashion shops, but a very limited presence of 
cinemas and theaters. This district is also a dense residential area with 
very high socio-economic indicators, which explain high expenditure in 
sectors like Food, Health and Wellness & Beauty. It is the second con-
sumption hub in the city, with a different specialization than the historic 
center (Fashion the second one versus Leisure the first). Group 6 (brown) 
almost surrounds the two previous consumption poles completely, with 
high or medium values in all categories. Towards the periphery, the 
spaces covered by groups 5 (purple), 3 (green) and 1 (blue) follow one 
another in successive rings, showing a decreasing gradient of spending 
in all categories (Fig. 5). 

Three-dimensional maps (Figs. 6 & 7) are a quick way to understand 
the spatial distribution of expenditure volumes (extrusion height) and 
the different spatial structures (high or low concentration, one or more 
centers) per commercial sector. Total expenditure (Fig. 6) shows an 
evident historic center-periphery gradient, softer northwards. 

4.3. Space-time 

4.3.1. Time Series Clustering Analysis 

4.3.1.1. Time Series Clustering Analysis of total expenditure. The results 
of the Time Series Clustering analysis enabled the identification of 
different clusters of locations with similar total expenditure values 
across time. Fig. 8 illustrates the spatial distribution of the resulting 
clusters on a map, and the cluster temporal profiles on a graph. The map 
shows a center-periphery pattern, where different clusters of high 
expenditure values in the city center (Sol) as well as in the Salamanca 
district (the one with the highest income level), Nuevos Ministerios area 
(commercial area next to one of the main office districts in town), and 

Table 2 
Expenditure difference between each month and the annual average (in %), per commercial sector. 

Month
01 02 03 04 05 06 07 08 09 10 11 12

Bars and Restaur. -8.5% -7.0% 2.5% 3.0% 9.0% 2.6% -7.3% -38.8% -0.4% 6.3% 7.8% 30.8%
Fashion 23.2% -19.7% -16.5% 0.8% 6.1% 16.5% 7.9% -40.6% -16.9% 9.6% 4.4% 25.1%
Food -6.1% -12.2% -1.6% -1.6% -4.5% 4.4% -15.9% -52.8% -0.2% 7.4% 13.6% 69.5%
Health 3.5% 1.4% 3.4% 13.5% 11.4% 11.7% 0.5% -61.5% -7.1% 16.1% 10.5% -3.3%
Leisure -17.0% -29.5% -30.3% -32.8% -52.4% -46.3% 1.9% -54.0% -24.4% 33.5% 109.0% 142.4%
Wellness&Beauty -5.4% -13.8% -0.5% 6.9% 9.5% 15.9% 5.8% -27.8% -0.7% -2.6% -2.2% 14.9%
TOTAL 0.6% -11.2% -3.6% 1.7% 5.3% 3.6% -1.2% -29.7% -3.0% 7.0% 7.6% 22.9%
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the airport area. The map also reveals some exceptional locations of high 
expenditure values in the periphery, usually corresponding to shopping 
malls. The graph evidences a similar temporal pattern for all clusters, 
with an important decrease of expenditure in August and a significant 
increase around Christmas time (December and January). The graphs 
also evidence that this general pattern is stronger for the clusters of 
higher expenditure values. 

A second analysis identified clusters of locations with a similar 
profile of total expenditure increase and decrease across the year. As 
Fig. 9 illustrates, four clusters were estimated. Clusters 1 and 3 account 
for most of the area, corresponding to the general temporal profile 
previously described (a relevant decrease of expenditure in August and a 
significant increase in December and January), with slight differences in 
total values, while cluster 4 shows higher expenditure values in the first 
half of the year and cluster 2, on the contrary, lower values in the first 
half of the year, and higher values starting in summer. Although some 
cluster locations seem to correspond to outdoors activity areas such as 
the Retiro Park, Oriente Square of the Amusement Park (consistent with 
higher expenditure values in summer), the spatial distribution of clus-
ters 2 and 4 does not follow a clear pattern, being rather scattered and 
probably dependent on more unique situations within each grid cell. 

4.3.1.2. Time Series Clustering Analysis of fashion and food expenditure. 
Regarding fashion expenditure and using Time Series Clustering anal-
ysis, we could characterize six different clusters of locations with similar 
expenditure values across time, illustrated in Fig. 10. The map shows the 
concentration of high value clusters around diverse areas such as the 
historic city center and the Salamanca district, while the graphs of all 
clusters show the general temporal profile previously described, with 
some differences related to seasonality (summer/winter clothes). In this 
case, clusters 3 and 5 show an increase of expenditure in June (begin-
ning of summer and early summer sales), and October (early Autumn 
and decrease of temperature in Madrid). Cluster 6 follows a similar 
pattern in October and Christmas time, but a peak of expenditure in 
April rather than in June. This cluster, the second most important in 
terms of expenditure, is located around Serrano Street in Salamanca 
neighborhood, the residential area with highest income per capita of the 
city. The seasonality effect in expenditure (Autumn-Winter vs. Spring- 
Summer) seems to take place in advance in this area, where shopping 
could also be less linked to summer sales usual dates (end of June, early 
July). 

Regarding food expenditure, the Time Series Clustering analysis re-
veals 4 different clusters of locations with similar food expenditure 
values across time, illustrated in Fig. 11. The map shows a distribution of 
high value clusters with some similarities with the previous expenditure 
types, but also some differences. The historic city center (around Puerta 
del Sol) has lower values while densely populated neighborhoods such 
as Cuatro Caminos or Pacifico, correspond to high value clusters. The 
graph evidences that the Christmas time increase of food expenditure is 
proportionally higher for the high value clusters. 

4.3.2. Temporal Hot Spot Analysis 
The Temporal Hot Spot Analysis regarding total expenditure evi-

denced a clear center-periphery contrast pattern, with persistent total 
expenditure hot spots. Fig. 12.a shows the distribution of areas with 
similar percentage of significant hot spots over the whole year (months 
being hot spot over the 12 months in the year). The map shows a deep 
contrast between a central cluster (the CBD) with values over 75 % 
(9–12 months being hot spot), and the rest of the city with values below 
25 % (0–3 months as hot spot). Only a secondary cluster in the airport 
area shows intermediate values (25–50 %, 4–6 months as hot spot). 

Regarding fashion expenditure, the spatial distribution of persistent 
hot spots is even more concentrated that in the previous case. Fig. 12.b 
shows two merged central clusters of areas with over 75 % of significant 
hot spots, corresponding to the historic city center (Sol) and the Sala-
manca district (‘the Golden mile’). In addition, the map reveals two 
additional secondary clusters with over 50 % of significant hot spots in 
Argüelles and Nuevos Ministerios, areas with important shopping malls 
and high accessibility. 

Finally, concerning food expenditure, the spatial distribution of 
persistent hot spots is less concentrated than in the previous two 
expenditure cases, as it was expected considering the results of the 
spatial analysis. Fig. 12.c shows clusters of areas with over 75 % of 
significant hot spots in densely populated residential neighborhood as 
Salamanca, Arganzuela, Cuatro Caminos or Pacífico. The map also il-
lustrates a more peripheral cluster of 25–50 % of significant hot spots in 
another densely populated area, the Villaverde District. 

Table 3 
High-Low Clustering: General G statistics.   

Total Bars & Restaurants Fashion Food Health Leisure Wellness & Beauty 

Observed General G 0,0296 0,0537 0,1254 0,0287 0,0361 0,1940 0,0402 
z-Score 32,7978 40,6482 19,3379 15,3523 32,7194 16,4118 25,5261 
p-Value 0,0000 0,0000 0,0000 0,0000 0,0000 0,0000 0,0000  

Fig. 2. GiZScores: total expenditure.  
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Fig. 3. Spatial distribution of GiZScores according to expenditure categories.  
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5. Discussion 

The results on temporal variations of expenditure correspond with 
previous literature and general knowledge in the case study. However, 

the analysis of bank card data has enabled the comparison of diverse 
commercial sectors, and some sectors like leisure show more distinct 
temporal variations, perhaps more than expected. On the other hand, 
sectors that are generally perceived as more seasonal do not show such 
changes, like fashion in relation to sales. As expected, the least time- 
variant expenditure (similar to the total expenditure time profile) is 
the expenditure at bars and restaurants (the largest sector) and the most 
basic products and services (food, health, wellness and beauty). 

Vis-à-vis the literature, the analysis of commercial environments in 
Madrid city using bank card data confirms the clear center-periphery 
gradient deduced by the bid rent theory (Alonso, 1960, 1964), where 
special sectors (leisure, fashion, etc.) make more profit than others and 
are more capable to opt for the best locations (the most central and 
accessible). 

Following this principle, the most basic sectors like food are more 
spatially distributed and widely available. Food GiZScore values show a 
weaker, more extended presence, although also more intense in central 
areas, probably correlated with higher residential densities. Other sec-
tors like leisure, clothes and restaurants are more spatially concentrated 
in the city center, with higher GiZScore values. 

However, the gradient is not homogeneous in all directions, with a 
smoother loss of commercial activity northwards. The unequal presence 
of land uses around the city center could be explained by other models 
like Hoyt's sector model (Hoyt, 1939). 

Following the Central Place Theory literature, Madrid city center can 
be understood as a great city business district (CBD) where customers 
find the greatest amount and variety of goods and services. Using 
Proudfoot's words, it is fair to say that Madrid's CBD “represents the 
retail heart of [the] city … [and] draws customers from all parts of the 
city proper and from outlying suburbs and nearby incorporated towns” 
(Proudfoot, 1937, p. 425). However, Madrid's CBD is not a homogeneous 
area, since some types of businesses tend to cluster together. Following 
Berry's (1967) descriptions, the CBD is rather a hypercenter (center of 
centers) or complex spatial organization integrated by smaller special-
ized subareas, which can be explained by Hotelling's principle of mini-
mum differentiation (1929) and economies of agglomeration. This 
commercial concentration occurs, to a large extent, because there are 

Fig. 4. Standardized means for the groups of cells (parallel box plot graph). 
FA_E: Fashion; FO_E: Food; H_E: Health; WB_E: Wellness & Beauty; BR_E: Bars & 
Restaurants; L_E: Leisure. 

Fig. 5. Expenditure environments in the city of Madrid according to total 
volumes spent in different categories. 

Fig. 6. Expenditure environments in the city of Madrid (colors) and total 
expenditure volume (extrusion heights proportional to z-scores). (For inter-
pretation of the references to color in this figure legend, the reader is referred to 
the web version of this article.) 

J. Carpio-Pinedo et al.                                                                                                                                                                                                                         



Cities 131 (2022) 103894

9

externalities derived from the behavior of consumers who chain 
consecutive purchases, visiting several stores one after another. For this 
reason, many merchants seek to locate themselves close to others to 
benefit from this external effect of agglomeration. Similar to other 
agglomeration advantages, these shopping externalities are expected to 
capitalize into store owners' rental income (Koster et al., 2019). Another 
contemporary example is Paris, with a hypercenter integrated by various 
continuous, specialized commercial poles and axes (Fleury et al., 2012), 

oriented to different clienteles, from tourists to the poorest costumers. 
Our analysis shows that the case of Madrid's central business district 

clearly integrates two specialized sub-centers. The first one is the Puerta 
del Sol and Gran Via area, the historic and symbolic city center. In this 
area, total expenditure is the highest, and the main sectors are leisure 
and bars and restaurants. According to expenditure data, Madrid shows 
one unique leisure and meeting area for the whole city, with no com-
parable competitor. 

Fig. 7. 3D graphs –Expenditure environments in the city of Madrid (colors) and expenditure volume per sector (extrusion heights proportional to z-scores). (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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The second sub-center in Madrid is in the Salamanca district area, 
around Calle Serrano, a traditional bourgeois neighborhood that hosts 
the most expensive, international brands (known as ‘the Golden mile’). 
High expenditure in fashion is notorious in this area (probably thanks in 
part to the high price of many items sold), but also in more basic sectors 
like health, food, wellness and beauty. As a high-income, dense resi-
dential area, high expenditure on convenience goods is not surprising, as 
normally assumed by geomarketing models based on gravity principles 
and expenditure power (Cliquet, 2006). 

Another result to discuss is the lack of strong sub-centers breaking up 
the center-periphery gradient out of the CBD. This kind of shopping 
centers are included in most spatial models and typologies as “outlying 
business centers” (Proudfoot, 1937), ‘suburban’/‘edge-of-town’ shop-
ping malls or retail parks (Guy, 1998). The city of Madrid has several 
planned, modern shopping centers and specialized premises out of the 
CBD, which capture no significant volumes of expenditure in our anal-
ysis. While it is true that the largest shopping malls and retail parks are 
located in other towns of the Madrid metropolitan area and our analysis 

Fig. 8. Time Series Clusters of locations with similar total expenditure values across time.  

Fig. 9. Time Series Clusters of locations with a similar profile of total expenditure across time.  
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has focused on the city of Madrid alone, recent studies using other data 
sources confirm the significant weight of these other shopping centers 
within Madrid city boundaries too (Carpio-Pinedo, 2020; Carpio-Pinedo 
& Gutiérrez, 2020). 

The overall high concentration of expenditure in the CBD (explained 
by the bid-rent theory) is not good news for urban sustainability, 
because longer travel distances are necessary for shopping and impede 
walking. Decision-makers and authorities may aim at promoting more 
adequate, alternative spatial distributions like, the central place theory, 
which is considered a social optimal solution with multiple subcenters in 

proximity to households and reachable by foot (Carpio-Pinedo, 2020). 
‘Decluttering policies’ may be stimulated using zoning-based tax bene-
fits and re-development plans, which can be informed by the identifi-
cation of opportunity areas with high potential to host economic activity 
but currently underperforming. 

However, the strong center-periphery expenditure pattern could be 
partly explained by the bias of bank card use for larger payments 
(Esselink & Hernández, 2017), more common for high order retail 
products (like fashion). As Kivell and Shaw (1980) explained, mono-
centric spatial concentration models apply more to high order products 

Fig. 10. Time Series Clusters of locations with similar fashion expenditure values across time.  

Fig. 11. Time Series Clusters of locations with similar food expenditure values across time.  
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than to convenience goods and services, which tend to polycentric 
models. 

The spatiotemporal analysis refined and intensified some of the 
findings from the spatial analysis, highlighting the center-periphery 
contrast, which corresponded with different extensions for each 

commercial sector. Unlike the spatial-only analysis, the spatiotemporal 
analysis has identified a higher number of secondary, isolated, sub- 
centers like shopping centers in the outskirts. In addition, the spatio-
temporal analysis allowed us to better explore some general patterns 
identified in the temporal analysis. For instance, the Time Series 

a) Total expenditure

b) Fashion expenditure c) Food expenditure

Fig. 12. Location of persistent expenditure hot spots according to the Hot Spot Analysis. 
a) Total expenditure. 
b) Fashion expenditure. 
c) Food expenditure. 
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Analyses unveiled how the general expenditure pattern over the course 
of the year (low expenditure during summer and high in Christmas 
time), was stronger in certain areas, corresponding with high expendi-
ture clusters than for low expenditure ones. 

One limitation of our study is that we do not have data for each bank 
card transaction, but data aggregated by cells of a given size (500 × 500 
m). Therefore, we cannot check which is the most appropriate cell size in 
order to analyze spatial autocorrelation and identify spending clusters. 
We could just aggregate the 500 × 500 m cells to larger cells, but that 
would lead to very large cells (1000 × 1000 m) for our purpose. This 
limitation is not related to the bank card transaction data itself, but to 
the level of spatial aggregation at which they are distributed. In our 
opinion, the grid cell size is adequate to produce useful analysis for 
decision-making. Larger grid cells would reduce the applicability of our 
analysis, while smaller cells would lead to confidentiality issues. 

Further, aggregated bank card data may have a spatial bias for this 
type of analysis in the low-density outskirts. The confidentiality and 
privacy policies to deal with sensitive transaction data requires at least 
two paying terminals classified as the same business category within 
each grid cell (500 × 500 m). Otherwise, total expenditure taking place 
at specific businesses could be easily identified. For some shopping 
categories, finding two businesses using BBVA terminals at such dis-
tances may be hard in some low-density areas. 

6. Conclusions and next steps 

Unveiling the geography of expenditure has been a long-desired 
objective of research in spatial economics and retailing, with key im-
plications for location strategies, geomarketing and related fields like 
planning and transportation (Cliquet, 2006; Ortúzar & Willumsen, 
1990). Novel geolocated big data sources with improved spatial and 
temporal disaggregation details bring many opportunities for this task. 

This paper has contributed to the international literature with a ge-
ography of expenditure that takes advantage of newly available bank 
card data to provide a more detailed analysis of spatial and temporal 
spending variations. Further, the characteristics of the database supports 
the analysis at the intraurban scale and, therefore, an analysis closer to 
human experience and daily distances from home to shopping locations. 
This scale is adequate to find relationships with shopping choices and 
travel behavior, aiming at fostering more sustainable urban models 
(Marquet & Miralles-Guasch, 2014). 

Moreover, the bank card database is homogeneous for all expendi-
ture sectors. This fact supports cross-sectional comparisons and in-
tegrations to develop a new, more complete geography of expenditure, 
not focused on one type of product or sector, but on many or all of them. 
Patronage choices are often explained by multi-purpose shopping, while 
real estate units are often suitable for more than one commercial sector, 
which may compete for the best locations. These two examples 
demonstrate that geographical analysis of expenditure should be multi- 
sectorial. 

For the case of Madrid city, the results confirm the center-periphery 
contrast described in previous studies, but also reveals the greater 
complexity within the central business district: a ‘hypercenter’ or center 
of juxtaposed specialized sub-centers. 

Further research should compare Madrid results with other cities, 
also including more complex metropolitan systems with satellite towns, 
more suburban sprawl and rural areas. 

Another question for future exploration is whether bank card data 
implies spatial biases, and of which kind. According to previous 
research, card is preferred for larger payments (Esselink & Hernández, 
2017). Larger payments are more common in both the most expensive 
shops and the larger concentrations of retail that enable multipurpose 
expenditure, which are not normally homogeneously distributed in 
cities. 

Using bank cards over cash may also be a decision framed within the 
wider shopping experience, which is becoming more and more relevant 

in shopping choices (Cachinho, 2014) as online shopping is an efficient 
way to avoid discomfortable shopping experiences. Further, using cards 
instead of cash may be an action to showcase a certain status, taste and 
distinction (Bourdieu, 1984). Beyond its economic advantages, bank 
cards may be socially meaningful and the data that they record a com-
plementary means to overcome the “largely descriptive and all too often 
simplistic mapping of store location, location, location” (Crewe, 2000, p. 
275), common in economic geography studies. For this purpose, 
expenditure data mapping could be compared with other spatial analysis 
focusing on the socio-symbolic dimension of commercial spaces (their 
social meaning and prestige), which has started to be analyzed at new 
scales thanks to new data sources like social media (Bernabeu-Bautista 
et al., 2021; Carpio-Pinedo & Gutiérrez, 2020). 

Finally, future research could aim at explaining the spatial distri-
bution of expenditure using regressions with possible predictors like the 
built environment, accessibility, socio-economic or socio-symbolic var-
iables (Aparicio et al., 2021). Some of these probable relationships with 
the built environment and accessibility could be a first step towards an 
integration of expenditure forecast into the spatial planning framework. 
Indeed, taking advantage of new data sources, the type of results ob-
tained in this paper could inform planning and retailing decisions. 
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Musterd, S., Marcińczak, S., van Ham, M., & Tammaru, T. (2017). Socioeconomic 
segregation in European capital cities. Increasing separation between poor and rich. 
Urban Geography, 38(7), 1062–1083. https://doi.org/10.1080/ 
02723638.2016.1228371 

Ortúzar, J.d. D., & Willumsen, L. G. (1990). Modelling Transport. John Wiley & Sons.  
Proudfoot, M. J. (1937). City retail structure. Economic Geography, 13(4), 425–428. 

https://doi.org/10.2307/141589 
Roy Dholakia, R. (1999). Going shopping: Key determinants of shopping behaviors and 

motivations. International Journal of Retail & Distribution Management, 27(4), 
154–165. https://doi.org/10.1108/09590559910268499 

Sadler, R. C., Gilliland, J. A., & Arku, G. (2016). Theoretical issues in the ‘food desert’ 
debate and ways forward. GeoJournal, 81(3), 443–455. https://doi.org/10.1007/ 
s10708-015-9634-6 
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