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A B S T R A C T   

Urban sprawl is a phenomenon that is generally growing across all continents. As a result, modern city structures 
need larger areas for similar populations. Few studies have evaluated the effects of sprawl on an important aspect 
in terms of sustainable development: energy consumption. The aim of this paper is to analyse whether urban 
sprawl has a significant effect on electricity consumption in Spanish municipalities. The increase in sprawl in 
Spanish cities is heterogeneous, and the growth of household income during recent decades has allowed 
households to move to scattered residential areas. This situation makes this country especially interesting as a 
case study to evaluate the impacts of urban sprawl. In this paper, by disaggregating the electricity consumption 
of households at the local level using entropy, we measure the effect of sprawl to evaluate whether there is an 
effect on household energy consumption. The joint consideration of disaggregated data and spatial heterogeneity 
allows us to assess the effect that sprawl has for certain urban configurations on electricity consumption, which 
points to the need for policies that involve national, regional and local land use policies.   

1. Introduction 

Over the last few years, the phenomenon of cities covering large 
areas of available land, known as urban sprawl, has occurred in Europe 
at a high rate (see, among others, European Comision, 2006; Couch 
et al., 2007; Christiansen and Loftsgarden, 2011; Oueslati et al., 2015; 
Hennin et al., 2015; Milan and Creutzig, 2016). In fact, the size of many 
European cities is increasing faster than their population, evidencing 
agglomeration in large urban contexts, which tends to take up an 
increasing rate of land. Nevertheless, although this is not a general 
phenomenon across Europe, many cities continue to grow compactly, 
remaining faithful to the traditional European urban model (Patacchini 
et al., 2009; Travisi et al., 2010). The case of Spain is especially illus
trative of this heterogeneity of behaviour with respect to sprawl that is 
observed in Europe in general. As Rubiera et al. (2016) show, many 
Spanish cities have drifted towards intense sprawled growth, while 
others remain faithful to a compact urban model. 

Global warming and the great environmental challenges of our time 
have led researchers to study energy efficiency from several perspec
tives. This includes, of course, the energy efficiency of homes. Much 
emphasis has been placed on the study of construction materials that 

achieve greater energy efficiency; the development of electricity- 
efficient appliances is also worth investigating. Additionally, an anal
ysis of the impact of the urban form is also part of the research lines 
reinforced by the search for maximum energy efficiency and lower 
environmental impact (Itsván, 2010; Wilson and Chakraborty, 2013). 
The idea of how to design and develop sustainable cities is now at the 
centre of academia as well as the political debate. Policy makers very 
often refer to the concept of “smart cities”, so energy consumption 
emerges as a relevant aspect to be addressed. This topic has been 
recently debated in terms of the effects of urban sprawl. Stiri (2014), 
Wiesmann et al. (2011), Heionen y Junnila (2014), and Huang (2015), 
among others, have studied residential energy consumption for a set of 
housing types, namely, apartment buildings, row-terraced houses, and 
detached houses. They consider degrees of urbanization (cities, 
semi-urban and rural), finding that sprawled houses show significant 
increments in different types of energy consumption for different 
countries (see, for a review, Rubiera-Morollón and Garrido-Yserte 
(2020)). Lasarte et al. (2018) extend a study on 17 regions of Spain to 
determine the effects of urban sprawl on electricity demand via quantile 
regression, reaching similar conclusions for the Spanish case. 

The objective of this paper is to add to the current literature on the 
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effects of urban sprawl on household electricity consumption. We model 
electricity consumption at the local level, including measured urban 
sprawl, using georeferenced aerial photos as a control variable. In the 
model, sprawl is introduced as a factor directly influencing electricity 
consumption, assuming that the direct effect of rapid sprawl is likely to 
affect demand in electricity due to the lower efficiency of detached/ 
sprawled houses. Our analysis is specific to the case study of Spain 
(specifically, we apply the model for 248 cities in Spain). The strong 
changes in income per capita, social customs, and land use have caused 
Spain to be rapidly affected by urban sprawl, which justifies investi
gating more of the consequences expected from sprawl (Rubiera et al., 
2016). According to statistical data from the Household Budget Survey 
(HBS) of the National Statistical Institute (INE in its Spanish acronym), 
in 2014, approximately 35% of the population of Spain lived in houses, 
with 11% living in detached houses and 24.2% in semi-detached houses 
(INE, 2016). The main contribution is to estimate the effect that urban 
sprawl has on energy consumption by exploiting a robust spatial 
approach. In this direction, focusing on local models instead of a global 
one should allow much more accurate urban policies that influence 
sprawl. 

Two major issues arise in our evaluation of the effect of sprawl on 
electricity consumption in Spain. First, special consideration is paid to 
the spatial scale, disaggregating data at the municipality level of the 
analysis to support land use policies at a granular level. To this aim, we 
adopt a novel technique in the analysis of electricity consumption. 
Following Tarozzi and Deaton’s (2009) small area estimation (SAE), 
local estimates are made consistent by applying generalized maximum 
entropy (GME). Second, different urban patterns may cause variations in 
the impacts of climate, culture, and demographic structures. For this 
reason, we tackle the potential heterogeneity by applying a regression 
tree algorithm (Breiman et al., 1984). According to this methodology, 
we consider groups of municipalities that show homogenous behaviours 
in terms of electricity consumption. A comparison to another wide
spread technique is offered to treat spatial heterogeneity, geographically 
weighted regression (Fotheringham et al., 2002). 

The paper is structured as follows. Section 2 includes a brief review 
on the environmental effects of urban sprawl, with a focus on energy 
issues. Section 3 describes datasets explaining the methodologies 
adopted to obtain information about electricity consumption at the local 
level, as well as how the sprawl index is calculated. Section 4 presents 
the basics of the estimation strategy used to control the spatial hetero
geneity: the regression trees approach. In Section 5, the results are re
ported, while Section 6 concludes. 

2. Effects of the sprawling process on the energy efficiency of 
cities 

The first studies on urban sprawl were more attentive to describing 
the phenomenon and understanding its causes than to analysing its 
consequences. However, the debate about the effects of the dispersion of 
cities soon began. Jenks et al. (1996) presented a comprehensive review 
of this first stage of the international literature on urban sprawl in which 
sprawl was basically understood to imply soil predation with conse
quences on the natural environment of cities and to generate greater 
distances in the city, which can make mobility more difficult. However, 
there was no consensus among social scientists about the ultimate 
impact of the phenomenon. Some researchers argued that urban sprawl 
was an inevitable consequence of economic growth and the develop
ment of societies, which could have positive effects. For example, Ewing 
(1997) argued that the dispersed city allowed lifestyles that reconnect 
human beings with nature without having to abandon the advantages of 
urban life, and Breheny (1996) positively valued the creation of large 
and polycentric cities, which achieved a more efficient distribution of 
economic and social activity, while avoiding congestion around a single 
centre. 

The more cities sprawled or did so with greater intensity, the more 

evidence accumulated on the effects of this urban model we had. In 
parallel, we have witnessed an extraordinary improvement in the 
methodologies for capturing information. All of this has given rise to 
much more precise empirical studies that have clarified the effects of 
dispersion on various fields. A greater consensus among the scientific 
community exists after this on the lower social and environmental sus
tainability of dispersed cities. Two good reviews of the literature on this 
second phase can be found in Camagni et al. (2002) or in Wilson and 
Chakraborty (2013). 

Already from a position of consensus against the dispersed urban 
model, although with nuances according to each author, the literature 
has continued to advance in the last decade paying attention to four 
main fronts: (i) immediate impact of the sprawl on the environment or 
the landscape, (ii) sprawl, mobility, and sustainability, (iii) social or 
economic effects of sprawl, and (iv) sprawl, climate change, energy ef
ficiency, and urban sustainability. These topics are studied in cities 
around the world, although there has been a growing interest in 
studying the phenomenon in the emerging economies of Latin America 
and, mainly, Asia. A complete revision of these more recent studies can 
be found in Rubiera-Morollón and Garrido-Yserte (2020). 

On the direct impact of the extension of the city and the soil preda
tion produced by its dispersion, we can see the works of Hasse and 
Lathrop (2003), Robinson et al. (2005), Skog and Stennes (2016), Abu 
Hatab et al. (2019), and Vicenzotti and Qvistrom (2018) that show how 
dispersion invades landscapes and damages natural environments with 
great aggressiveness. Slemp et al. (2012) paid attention to the damage to 
the traditional rural culture that, as they pointed out, is exterminated in 
environments around the dispersed city. Yan (1995) applies this type of 
impact analysis in the environment for Chinese cities with similar con
clusions. More recently, Yang et al. (2019) update their conclusions 
using advanced GIS models that allow us to see the growth of urban slick 
and the simultaneous disappearance of natural spaces. 

The second most commonly studied aspect has been related to 
mobility. Sprawl implies greater distances and lower population density, 
which hinders the success of collective means of transport, either due to 
the cost of the infrastructures in large urban areas, in the case of the 
subway or commuter rail, or due to the number of necessary stops, 
which makes urban bus systems or the like very inefficient (Camagni 
et al., 1998; Johnson, 2001). Several studies have analysed how 
dispersion generates a deterioration in public transport, making 
mobility dependant on access to private vehicles (Camagni et al., 2002). 
Going beyond this idea, some works have explored how this greater 
intensity of private transport in dispersed cities affects the traditional 
centre (Lee, 2005), generating cumulative processes: greater dispersion 
implies greater use of private vehicles and deterioration of public 
transport, with negative effects on the increase in CO2 emissions. This 
damages the centre, which, when weakened, loses compacting power, 
accelerating the dispersion process (Schneider and Woodcock, 2008). 
Most recent research has also paid attention to the complexity of 
mobility in dispersed cities in emerging countries in Latin America (see, 
among others, Coq and Asian, 2019) or Asia (see, among others, Xu 
et al., 2019). 

Another part of the international literature has focused on exploring 
the relationship between urban sprawl and other socioeconomic aspects, 
reaching very interesting conclusions. For example, Briggs (2005), 
among others, has identified that urban dispersion increases social 
conflict in cities. The coexistence of different social classes, which, in 
most cases, coincide with ethnic or religious groups, in dispersed cities 
with damaged main centres facilitates the generation of enormously 
dangerous urban ghettos. With an analysis from a historical perspective, 
Axelrod (2007) shows how dispersed cities have greater difficulties 
integrating immigrants and facilitating the assimilation of new cultures. 
From another perspective, Florida and Mellander (2015) paid attention 
to how less integration of urban life generated by dispersed cities with 
weak centres translates into less capacity to generate the positive effects 
of agglomeration on creativity, talent, or cultural development. Other 
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authors, such as Frumkin (2002), explore the effect of dispersion on 
health. The dispersed city model encourages the intensive use of the 
automobile, reducing physical activity and facilitating the increase in 
obesity; see, among others, Ewing et al. (2003). Finally, there are several 
works that relate urban dispersion with taxation. The key conclusion is 
that compact urban growth generates a better fiscal position for local 
governments, whereas, when development occurs with high levels of 
urban dispersion, the fiscal situation of local government worsens. 
Kotchen and Schutle (2009) can be seen for a general review. 

However, the aspect around which the greatest scientific production 
has been carried out in recent years is the environmental impact of 
urban sprawl. Obviously, most of the studies have explored aspects 
related to mobility, as commented above. However, there are also 
several works dedicated to exploring the relationships between urban 
sprawl and energy and electricity consumption, which can also affect the 
environment since the share of renewables in the energy mix is still low. 
As an example, see, among others, Stiri (2014), Wiesmann et al. (2011), 
Huang (2015), and Lasarte et al. (2018). All these works coincide in 
offering evidence on the lower energy efficiency of typical single-family 
homes in scattered urban settings. This residential model increases the 
energy costs borne by families and significantly reduces energy effi
ciency. This occurs because, in the first place, it is more complex and 
expensive to provide primary sources, whether gas, electricity or others, 
to homes located in dispersed urban areas. One has to travel more km of 
pipelines or power lines that imply higher costs and greater losses of 
resources in transport. All of this is needed just to reach a very low 
volume of families because dispersed growth implies a low density. 
However, second, and more importantly, single-family homes are a 
mode of construction that is more energy inefficient than apartments/
flats in buildings. They are more exposed to cold or heat and are more 
expensive to maintain the temperature of the house. 

Most of the previous literature in this emerging line of research is 
conducted on a household scale. Therefore, most authors measure the 
energy efficiency of families/houses. However, there are hardly any 
works – to our knowledge – that have attempted to extend these con
clusions at the city level, where the effect of their shape should be 
evaluated. This is the specific contribution that we try to make with our 
analysis. 

3. Methodology and data 

In our aim to evaluate the effect of urban sprawl on electricity con
sumption for Spanish cities, we need to include some variables. First, the 
spatial unit used should be defined, which is the objective of sub-Section 
3.1. Then, the methods to obtain the dependent variable (electricity 
consumption) and the main independent variable (urban sprawl index) 
are presented, sub-Sections 3.2 and 3.3. Finally, sub-Section 3.4 sum
marizes the variables that we have to incorporate as controls in the 
estimation. 

3.1. The spatial level of the analysis: Spanish municipalities 

The first step for our analysis, especially relevant when we consider 
the complexity of the local/regional institutional structure in Spain, is to 
properly delimit the level of spatial disaggregation and define the spatial 
unit of the analysis. 

The highest level of spatial disaggregation of the public adminis
tration in Spain is the municipality. Spain is made up of 8114 munici
palities. Nevertheless, most of these municipalities are rural areas for 
which the studies of urban phenomena, such as urban sprawl, are not as 
interesting they would be in cities. According to the Ministry of Devel
opment, approximately 84% of Spanish municipalities have less than 
5000 inhabitants and account for only around 13% of the total Spanish 
population. For comparison, all the smallest municipalities with less 
than 5000 inhabitants have almost the same total population as the two 
largest municipalities, the Madrid and Barcelona municipal areas, with 
more than 1,000,000 inhabitants which account for 10.38% of the 
population. If we only selected those urban areas with more than a 
specific population size (individually considered), we would be missing 
the fact that most of the large urban areas or metropolises in Spain cover 
larger areas than those within the municipal boundaries. For example, in 
Madrid or Barcelona, the real city includes more than 50 municipalities; 
some of them are very small in terms of population, but well integrated 
in the dynamics of the metropolitan area. 

For the aforementioned reasons, we select municipalities that are 
clear urban areas based on one of the following factors: have more than 
50,000 inhabitants, belong to a metropolitan area, or be located in its 
influential area. To determine the metropolitan areas and their influ
ential areas, we use the official delimitation of the Spanish government 
for 2011 (Ministry of development, 2011), known as Extended Urban 
Zones (EUZ). This delimitation implies a total amount of 657 Spanish 
municipalities according to the official information. The main data are 
summarized in Table 1. 

3.2. The dependent variable: disaggregating electricity consumption 

The lack of disaggregated information on energy consumption at the 
local level represents a problem in identifying the effect of urban sprawl 
on energy consumption. Moreover, the aggregation of heterogeneous 
spatial units within the same region makes this problem even larger. 
Estimating any relationship in these conditions could easily be spurious 
due to the modifiable areal unit problem, as shown in Openshaw and 
Taylor (1979) or Openshaw (1983). To solve this problem, small area 
estimation (SAE) provides a proxy at the local level. A basic explanation 
of this approach can be found in Rao (2003) and an extended summary 
of different methodologies in Pfeffermann (2002, 2013), and Gua
darrama et al. (2014). Through this approach, we disaggregate this 
variable at the local level, which constitutes another relevant contri
bution of the paper. 

This research adapts the Fernandez-Vazquez et al. (2017) method
ology to disaggregate figures of electricity consumption. To the best of 

Table 1 
Municipalities and population in Spain in EUZ, year 2011.  

Number Inhabitants (in 
thousands) 

Number 
Municipalities 

% total in number of 
municipalities 

Population 
(2011) 

% in total 
population 

Population/ 
Municipalities 

> 1000  2  0.02 4,880,486  10.38 2,440,243 
500–1000  4  0.05 2,743,809  5.83 685,952.25 
100–500  52  0.64 9,921,453  21.10 190,797.17 
50–100  74  0.91 5,327,459  11.33 71,992.69 
20–50  111  1.37 3,404,624  7.24 30,672.29 
5–20  240  2.96 2,619,183  5.57 10,913.26 
< 5  174  2.14 472,581  1.00 2715.98 
Total  657  8.10 29,369,595  62.45 44,702.58 

Note: (a) with the exception of Ceuta and Melilla. 
Source: Own elaboration derived from the Ministry of development database (2011). 
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our knowledge, there are no previous studies applying this methodology 
to disaggregate figures of electricity consumption. This methodology is 
based on the well-known framework of Elbers et al. (2003), Lanjouw 
(2003), and Tarozzi and Deaton (2009), where disaggregated informa
tion of a key variable in the consumption survey can be obtained using a 
group of auxiliary variables that are common in microdata from the HBS 
and census. This procedure has been used by the World Bank to estimate 
economic information in different countries. Some recent examples of 
this perspective can be found in Bramley and Watkins (2013) for Scot
land, Melo et al. (2014) for the United Kingdom, Modrego and Berdegué 
(2015) for several countries of Latin America, and Morales et al. (2017) 
for the region of Valencia (Spain). 

Fernandez-Vazquez et al. (2017) enhances this methodology through 
entropy (see Golan et al., 1996 or Golan, 2017), adding information 
about the observable aggregates in the survey, similar to Bernadini-
Papalia and Fernández-Vázquez (2018). This information improves the 
accuracy of the estimates due to the lack of assumptions and makes them 
consistent with the aggregates. The procedure starts with the Tarozzi 
and Deaton (2009) specification: 

ŷi =
1
Ni

∑
hϵH(i) Ê(yh|xh; γ̂ r

)

(1)  

where xh stands for the additional characteristics of household, h, in the 
census and γ̂ r is a set of parameters in each region, r, that indicates the 
relationship between the key variable in the household, in our case, 
electricity and additional characteristics. The value of the variable in 
city i, ŷi, can be obtained through aggregation of the estimated values in 
each location. 

According to this formulation, it is necessary to follow a sequence of 
steps. First, the relationship between electricity in logs1 and relevant 
information about the households (such as sex, age, working status of 
the household head, or number of members) must be estimated.2 These 
variables must provide the same definitions in the HBS and census. 

It is possible to predict the electricity consumption of the households 
in the census by applying the estimated relationship to their observable 
characteristics. Households in the census can be located at a municipal 
level, so the estimated electricity consumption in the municipality can 
be calculated by using the mean of the predictions. 

Despite the advantage of this methodology to study spatial problems, 
one problem remains: ordinary least squares (OLS) extrapolation of HBS 
relations over census observations can easily differ from observable 
regional aggregates. Therefore, according to IMAJINE’s approach, this 
issue can be solved through optimization with restrictions. In this opti
mization, the known aggregates are used as a restriction for the esti
mates. The resulting estimates should be the most fitting ones that also 
fulfil the condition of aggregation given by the HBS. 

The fitness of the predictions is judged according to the Shannon 
(1948) entropy indicator, which indicates the ‘uncertainty’ value. This 
measure depends on the probability of each value and gives a score that 
is the maximum for a homogeneous distribution (see Golan (2017) for a 
more extended review of this approach). As a result, this approach tries 
to modify the original values as little as possible, given a set of re
strictions. This value can be calculated through a supporting vector with 
M possible values, b

′

h = [bh1,…,b∗h,…,bhM]. In this case, the supporting 
vector is designed using three standard deviations of distance from the 
mean as extreme values and the Tarozzi and Deaton (2009) estimation in 
the middle. These values are chosen to allow enough variability in the 
estimates, avoiding the fact that the estimates depend on an ad hoc value 

of the interval; see Golan (2017) for more information. Consequently, 
each value in (1) could be expressed as a multiplication of the supporting 
vector and their probabilities phm. 

ỹh =
∑

M
m=1phmbhm (2) 

This is a weighted mean of the values in the supporting vectors using 
probabilities as weights. These probabilities will be unknowns in the 
optimization problem. By means of the probabilities of the supporting 
vectors, the Shannon (1948) entropy measure can be expressed with the 
following equation: 

Ent(p) = −
∑

H
h=1

∑
M
m=1phm ln(phm) (3) 

This measure has the optimum value in the homogeneous distribu
tion of probabilities. Therefore, it deviates as little as possible from this 
distribution. With this property in mind, restrictions and errors can be 
introduced in the optimization as in (4): 

Max
P,U

Ent(P,U) = −
∑

H
h=1

∑
M
m=1pkmln(pkm) −

∑
J
j=1ujln

(
uj
)

subject to: 

yr =
∑

H
h=1

∑
M
m=1bhmphm x̂h +

∑
J
j=1vjuj (4)  

∑
M
m=1phm = 1; k = 1,…,K  

∑
J
j=1uj = 1 

This optimization problem maximizes the entropy measure 
expressed in (4) by adding a supporting vector for the errors vj with their 
probabilities uj. The three constraints indicate that the estimates have to 
be consistent with the observed regional aggregates, and at the same 
time, the sum of the probabilities in the supporting vector has to be 
equal to one. 

This methodology will be used to decompose information about 
electricity consumption. To do so, two databases are combined: the 
Spanish HBS and the census. Both databases are provided by the Spanish 
National Institute. 

The HBS database3 provides information on 21,358 households with 
personal information about their members and their consumption. The 
location in this database is only provided at the NUTS 2 (Nomenclature 
des Unités Territoriales Statistiques) level to protect the confidentiality 
of the households in the sample. In the specific case of Spain, this level 
represents Spanish autonomous communities. 

The census database, on the other hand, provides information for a 
sample of 1,619,806 anonymous households. It indicates the specific 
location of households in municipalities of more than 20,000 habitants, 
or the region with the population of the municipality (4 intervals) in 
areas of less than 20,000 habitants. 

In this research, the key variable is household electricity consump
tion in the main residence, as defined by the National Institute.4 

Therefore, it indicates the level of electricity consumption in the main 
home as well as the electricity consumed in the garage or similar areas of 
the main house. Several variables, observable in both sources, can be 
used to explain the variability in energy consumption. The variables 
used in this analysis can be found in Table A1 in the appendix with their 
mean and standard deviation. These variables describe the personal 
characteristics of the head of household as well as the structure of the 

1 Given that the relation is obtained in a log equation, an additional 
parameter can also be obtained in order to obtain the expected value without 
logarithms, as in Wooldridge (2011): Ê(yh|xh; γ̂ r) = α̂0exp⁡(xh γ̂r)∀h ∈ r.  

2 Heterogeneity in the parameters is introduced with a set of parameters γ̂r 
for each region r available in the HBS. 

3 Year 2011 has been chosen to allow a perfect match with the population 
census of the same year.  

4 Category 4.5.1.1 of the HBS. 
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household.5 As a summary, explanatory variables of energy consump
tion (xh) are presented in Table A1. These variables are used to estimate 
energy consumption for the households (yh) in the census. However, 
given the information available on energy consumption in the HBS for 
the regions (yr), the GME procedure in Eq. (4) is applied to the estimates 
to make them consistent with the observable aggregates. After the 
disaggregation process, we obtain the level of electricity consumption by 
municipality, which is represented in Fig. 1. Even from a national map, 
the extent of the differences between municipalities can be easily seen. 
In fact, 10% of the municipalities at the bottom are less than or equal to 
36% of the mean, while 10% of the municipalities at the top are greater 
than or equal to 6.7% of the mean, indicating higher electricity con
sumption in the south than in the north of Spain. The highest observed 
values in electricity consumption are related to regions around Madrid, 
the capital of Spain. Greater values of electricity consumption concen
trate on the Mediterranean Sea from north (i.e., Barcelona) to the south, 
with higher demand in the Valencia region. Conversely, average elec
tricity consumption at the municipality level is lower in the internal 
regions in the north of the country, such as in Galicia. 

3.3. The main independent variable: an urban sprawl index 

The phenomenon of urban sprawl has been studied within different 
disciplines (geography, town planning, territorial planning, environ
mental science, economics, sociology, and even public health) from very 
different standpoints. This multifaceted nature leads to numerous defi
nitions, and sometimes, one is inconsistent with another, thereby lead
ing to confusion (Richardson and Chnag-Hee, 2004). One of the main 
goals over the past decade in terms of the analysis of urban sprawl has 
been to provide a precise definition of the concept that might also lead to 
quantitative research. 

Galster et al. (2001) provided a definition that manages to encom
pass the complexity and multidimensionality of urban sprawl, defining it 
as “a pattern of land use in an urban area that exhibits some level of com
bination of eight dimensions: density, continuity, concentration, clustering, 

centrality, nuclearity, mixed use, and proximity”. Squires (2002) defines 
sprawl in a similar way, including the “vehicle dependency and exclusion 
of new developments in the outskirts of settled areas”. Glaeser and Kahn 
(2004) compiled a complete review on urban sprawl, defining it similar 
to the authors mentioned previously and taking the different aspects that 
interact in a sprawled city into consideration. Dwyer and Childs (2004) 
connect sprawl with the decline in city centres and Sturm and Cohen 
(2004) focus more on its public health effects, a Davoudi (2003) and 
Johnson (2001) view it from an environmental perspective. 

Although the way in which previous authors define the concept of 
urban sprawl is the most consistent with its multidisciplinary character, 
it presents the problems of the overlapping of the dimensions taken into 
consideration and the difficulty of combining them in a single measure, 
enabling its comparison over time and between different locations. 
Consequently, other authors have defined the phenomenon to be easily 
converted into an indicator. Peiser (2001) defines sprawl from a more 
spatial perspective. Jaeger and Schwick (2014) take a major step for
ward in this respect, focusing their definition on only three dimensions, 
namely, dispersion, ratio of built-up area, and density of use, and they 
propose an index pondering these three aspects. However, their index 
presents a serious problem of subjectivity in the weightings applied as 
well as in the choice of the dimensions considered. 

Burchfield et al. (2005) go one step further in simplifying the concept 
and classify the phenomenon of urban sprawl as “whether the residential 
development is scattered or compact,” such that “in the sprawling areas much 
of the land immediately surrounding the average house will not itself be 
developed”, bringing the definition of urban sprawl down to only one 
dimension, the degree to which building is dispersed, thus simplifying 
quantification. These authors propose an urban sprawl index (USI) 
consistent with their definition, which can be obtained via the possi
bilities offered by geographic information systems (GIS). These authors 
specifically use TM Landsat imagery at a resolution of 30 × 30 m, 
providing photointerpretation in a raster GIS scenario. This scenario 
indicates the delimitation of the pixels of the image as urban or rural 
and, for each pixel considered, urban counts the number of other urban 
pixels that fall within an area of 1 km2 around it, applying the following 
formula: 

USI = 100
[

1 −
Urban pixel

182π

]

(5) 

Fig. 1. Map of the mean estimates of electricity consumptions of the households in each municipality with the correction of GME, year 2011 (€/year). 
Source: Own elaboration. 

5 In addition, control dummies for economic sector (1 digit) and occupation 
level in 5 categories (Manager/Technician or professional/Support worker or 
sales/craftsman machine operators or skilled agricultural worker/non-qualified 
workers) and the squared age of the head of the household were also included. 
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Thus, high values of USI (up to 100) indicate high levels of dispersion 
or sprawl, while low values indicate concentration (Burchfield et al., 
2005). This paper has had a major impact, and this measure will be the 
one used in this analysis, making use of Rubiera et al. (2016), where the 
proceedings of Burchfield et al. (2005) are applied to the specific case of 
Spain by exploiting the potential of the databases available for this 
country. 

This paper departs from the estimates of USI in Rubiera et al. (2016) 
for the studied 657 municipal areas in Spain. The USI estimates are 
mapped in Fig. 2. The average USI for all Spanish urban areas is 68.81. 
There is a strong dispersion in this index within the territory: from the 
metropolitan area of Seville, with the lowest value of 48.13, to Lleida, 
with the highest level of 81.12. Other important urban areas with a high 
level of sprawl include Madrid, Granada, and Vitoria. At the other 
extreme are cities such as Caceres, Lugo, and Santiago, with the lowest 
levels of sprawl. Barcelona presents the national average value. 

Regarding the period of time, we are very limited by the data 
availability for the calculated sprawl index. Our assumption is that a 
phenomenon such as urban sprawl does not produce effects immedi
ately. Consequently, it is necessary to have a significant time lag to 
observe the impact that urban sprawl may have on energy efficiency. We 
propose the use of sprawl data from the beginning of the decade, using 
2001, which is the first year when the urban sprawl index was calcu
lated, and the electricity consumption at the end of the same decade, 
2011. 

3.4. Other control variables 

To obtain a reliable estimate of the relationship between the level of 
dispersion and electricity consumption, control variables are introduced 
in the model. Despite the limited available information for Spanish 
municipalities, estimations include controls for socioeconomic, 
geographical, and climatological factors, following the ideas of Rappa
port and Sachs (2003). According to them, geography has an important 
role in the location of the population, productivity, and quality of life, 
creating a suitable environment where it is easier for cities to grow. 

The Spanish Institute of Geography (ING) and Spanish Climatolog
ical Agency (AEMET) provide precise local information on geographical 
characteristics and climatological data at the local level. A description of 

all the variables incorporated in the model can be found in Table 2. All 
variables, including dependent variables and controls, are accounted for 
in logs and summaries are reported in Table A1. 

4. Econometric strategy 

Different strategies may be adopted for treating spatial heterogene
ity. Basically, we can distinguish between continuous and discrete het
erogeneity (Anselin, 2010). While the former corresponds to the 
variation of the relationship in each unit (as in the case of geographically 
weighted regression; Fotheringham et al. 2002), the latter leads to the 
identification of clusters defined as spatial regimes (Anselin, 1988). In 
this sense, the identification of regimes may be conducted choosing both 
an exogenous and an endogenous criterion (Ramajo et al., 2008; Pos
tiglione et al., 2013). This article focuses on the identification of spatial 
clusters in energy consumption. However, geographically weighted 
regression (GWR) results are also presented, allowing us to compare 
both methods and enhancing the robustness of the conclusions. 

4.1. Geographically Weighted Regression 

GWR has often been used in applied research. Estimated coefficients 
in GWR change in each locality so that nearby observations have more 
influence in determining local regression relationships. For example, 
parameters indicating sensitivity to climate conditions (as well as other 
variables) may be calculated at every spatial unit based on major effects 

Fig. 2. Map of Urban Sprawl Index (USI) for the major Spanish urban and metropolitan areas, year 2001. 
Source: Rubiera et al. (2016). 

Table 2 
Control variables description (year considered for the control is 2011).  

Other control 
variables 

Description 

Pop Population resident 
Pop 1970 Population resident in 1970 
Prec Total Level of precipitation (average liters/m2) 
Rat man Share of manufacturer employees on the total employment 
Rat_ SA Share of advanced services employees on the total 

employment 
Tmax Jul Average of the maximum temperature in the month of July 
Tmin Jan Average of the minimum temperature in month of January  
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from neighbours. The estimation is obtained by adopting a geographical 
version of the weighted least squares estimator (Fotheringham et al., 
2002): 

β̂i = (XtWiX)
− 1XtWiy (6)  

where βi is the set of parameters corresponding to the regression cova
riates plus the intercept variance for each unit, i = 1...n, X is the set of p 
covariates plus a vector of ones, y is the vector including observations for 
the dependent variable, and Wi is a nxn diagonal matrix whose entries 
are specified on the basis of a kernel. In our application a Gaussian 
kernel is adopted: 

wij = exp⁡
(
− dij

2/2γ2) (7)  

where dij is the distance between location i and j and γ is the selected 
level of bandwidth. Following Fotheringham et al. (2002), the band
width is determined in this research by the AIC criterion. GWR has 
expanded the consideration of spatial heterogeneity, allowing the 
identification of geographical differences in the estimated parameters. 

4.2. Structural differences and regression trees 

Regression trees (Breiman et al., 1984; Hastie et al., 2001) have also 
been adopted in applied research to address spatial heterogeneity 
(among others, Tomczyk and Ewertowski, 2013; Postiglione et al., 
2010). 

A regression tree is developed through binary recursive partitioning 
that divides a data set of n observations into different subsets, imposing 
certain linear conditions on a set of covariates. The algorithm can be 
described as it follows. In step zero, we start considering a sample of n 

observations on a dependent variable, y, and the p predictors, X. The 
regression tree algorithm tries to find partitions so that the X space is 
split into k disjoint sets, A1, …, Ak. Each split is based on a single 
criterion, i.e., the value of a single variable X. The rule created at each 
split divides the data into two subsets with maximum homogeneity to 
minimize the sum of squared residuals, therefore minimizing misclas
sification costs (Breiman et al., 1984). Successively, each subset of a 
child node is split further until one of the following stopping criteria is 
reached:  

(i) The division of a specified node does not improve the fit of the 
model (Therneau and Atkinson, 1997).  

(ii) Further disaggregation of any current group generates subgroups 
whose size is less than a certain threshold value.  

(iii) The constraint on the maximum number of groups k is active. 

After terminal nodes are individuated, the chosen model will be 
estimated for each of the groups A1,…, Ak by ordinary least squares 
(OLS). Hence, this technique avoids a large production of coefficients 

and simplifies the interpretation for groups. In fact, regression trees 
could help policy makers localize spatial clusters that show homogenous 
effects of sprawl on electricity consumption. 

5. Main results: effects of urban sprawl on electricity 
consumption 

5.1. Results in a general estimation using OLS models 

Table 3 presents the model estimated by ordinary least squares 
(OLS). Most of the control variables are significant with expected signs. 
Temperatures seem to adequately capture the influence that weather 
differences have on electricity consumption. The sign of the coefficient 
of the temperature variables is, for both the maximum and the mini
mum, positive. In fact, heating systems in Spain rely on various energy 
sources: gas, diesel, and, to a lesser extent, coal. Electric powered 
heating systems are also used, but this is less frequent. Therefore, in cold 
climate areas to the north of the peninsula, various energy sources are 
used for heating systems. In contrast, air conditioning works exclusively 
using electricity. Therefore, in warmer areas, the use of electrical energy 
increases significantly. 

The model incorporates the urban sprawl level, which is not signif
icant at the global level. This result is, at first glance, different from what 
was found by Lasarte et al. (2018) at the household level; however, OLS 
results do not take spatial heterogeneity into account. Therefore, we will 
focus our attention on the following estimation methodologies to be able 
to consider this effect. 

Table 3 
A model for energy consumption for 248 Municipalities in Spain.  

Variables Coefficients  

5.215*** (0.284) 
Tmax Jul 0.589*** (0.056) 
Tmin Jan 0.029*** (0.004) 
Prec -0.021 (0.013) 
Ratio Man -0.029*** (0.008) 
Ratio SA 0.052*** (0.016) 
Pop -0.018 (0.012) 
Pop 1970 -0.046*** (0.008) 
USI 0.040 (0.026) 

Note: Model 3 includes Sprawl indicator (USI). P-values 0.10(*), 0.05(**), and 
0.01 (***). Standard errors in brackets. 
In order to avoid for the presence of multicollinearity in the estimation we 
verified the variance inflation factors (VIF) for different variables. Particularly, 
all the selected variables show VIFs below the level of the (Vittinghoff et al., 
2011). A table including VIFs is reported in Table A2. 
Source: Own elaboration. 

Fig. 3. Quantile map for estimated parameters related to USI using GWR (left) and significance levels (T values - right). 
Source: Own elaboration. 
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5.2. Energy consumption, urban sprawl, and spatial heterogeneity 

GWR is applied for the 248 cities of Spain by using a Gaussian 
adaptive kernel. The bandwidth is determined based on an AIC crite
rion.6 GWR produces an extensive set of results, and a table summarizing 
variations in estimated parameters for each variable is reported in 
Table A3. In particular, variations in the minimum and maximum 
temperatures show higher coefficients in southern cities. For the special 
case of urban sprawl, our variable of interest, local variation of co
efficients seems to justify a deeper analysis of spatial heterogeneity. In  
Fig. 3.a, we observe how the coefficients linked to USI have higher a 
magnitude especially around Madrid. On the one hand, few cities in the 
North present a high and significant estimated parameter for USI (see 
Fig. 3.b for the significance of estimated parameters at the local level). 

On the other hand, discrete heterogeneity can also be studied 
through regression trees to identify spatial clusters. Fig. 4 summarizes 
the splitting, where a minimum of 40 units per group is set. The nodes 
follow a geographical logic (first split is determined by maximum tem
perature during summer – Tmax Jul). Urban areas in the north are 

grouped in the node that we have designated as "Atlantic". A split comes 
from urban characteristics, as we designated "inland" the node that 
collects urban areas of the peninsular interior with less than 80,000 
inhabitants (Pop). Another split comes from urban population in the past 
(Pop 1970); we designated “Mediter” as the node collecting urban areas 
recently developed on the Mediterranean and “Large” as the node 
including the traditionally largest metropolitan areas (for example 
Madrid). 

Table 4 and Fig. 5 report the results for the different regressions on 
each group. Considering heterogeneity allows us to derive accurate local 
models that change their coefficients over space. Major changes involve 
the variable of the urban sprawl index (USI). If this effect is not signif
icant in the global model, we observe that it turns significant in two 
important cases by considering spatial heterogeneity. The effect of 
sprawl was significant for both the “Mediter” group and the “Large” 
group. Particularly, in the “Large” group, this coefficient is higher in 
magnitude, a circumstance that suggests how sprawl influences the 
energy consumption of households in greater cities. Additionally, in the 
“Mediter" group (where there are many vacation areas with second 
residences combined with some of the most important urban areas in the 

Fig. 4. Regression tree performed on the global model, including variables used for splitting and number of units in the spatial clusters. 
Source: Own elaboration. 

Table 4 
Estimates of parameters for different spatial clusters obtained by regression 
trees.   

Atlantic Inland Mediter Large  

5.786*** 5.272*** 5.231*** 5.225*** 
Tmax Jul 0.594*** 0.547*** 0.313*** 0.510*** 
Tmin Jan 0.052*** 0.032*** 0.023*** 0.035** 
Prec -0.094** -0.041 0.009 0.042 
Ratio Man -0.052** -0.052*** 0.002 -0.060*** 
Ratio SA -0.074** -0.074 0.019 0.097*** 
Pop 0.053 0.015 0.077*** -0.051* 
Pop 1970 -0.093** -0.031* -0.073** -0.033* 
USI -0.042 -0.008 0.069** 0.097* 

Note: P-values 0.10(*), 0.05(**), and 0.01 (***). Standard errors in brackets. 
Source: Own elaboration. 

Fig. 5. Units (Municipalities) included into the four different clusters of the 
regression tree. 
Source: Own elaboration. 

6 In this application an adaptive kernel is preferred to a fixed one, due to 
irregular distribution of municipalities considered. In an adaptive kernel the 
number of units is specified for the bandwidth. For this application optimal 
bandwidth corresponds to 29. 
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country), the level of sprawl has a positive and significant effect, though 
slightly lower. In contrast, in ”inland”, which corresponds to emptied 
Spain (the area of Spain that loses population), the parameter is not 
statistically significant, which may be a result of the concentration 
process around the largest cities. Lastly, a relevant difference appears in 
the composition of the energy consumption model in the Atlantic node. 

Comparing local results to those obtained by Lasarte et al. (2018), it 
can be observed that for “Large” and “Mediter”, the impact at the 
municipal level is more relevant than that at the family level. One of the 
possible explanations is that we use the most accurate measurement of 
sprawl in this work and that dispersed areas also suffer energy in
efficiencies in lighting and public services. This result is also consistent 
with the conclusions of other works that measure the impact of sprawl 
on other energy sources or for other economies (such as Stiri (2014), 
Wiesmann et al. (2011), Huang (2015)). 

Looking at Table 5, we observe the root of the mean square error for 
specifications. Among the three options, OLS shows a higher level of 
RMSE, while both GWR and the regression tree option lead to a reduc
tion in RMSE. Particularly, we see that by considering spatial clusters, 
we obtain an additional improvement in the specification. 

Spatial heterogeneity should be carefully taken into account when 
modelling electricity consumption, especially in the case of Spain. The 
assessment of spatial heterogeneity can be supportive in terms of local 
policies and highlights relationships that are “hidden” at the global 
level. Moreover, while modelling heterogeneity, we should consider the 
difference between continuous heterogeneity and discrete heterogene
ity. In our study, we see how both options can be valid alternatives for 
uncovering the effect of sprawl; however, due to a slightly better per
formance and easier interpretability, we gave broader consideration to 
the case of discrete spatial heterogeneity. 

6. Concluding discussion 

The main objective of the paper was to evaluate the degree to which 
the urban sprawl of cities can affect electricity consumption. Since the 
available information does not offer disaggregated information on 
electricity consumption at the municipal level, a first contribution of the 
paper is a disaggregation of the energy consumption, for which we use 
small area estimation. Exploiting micro-data from the census, estima
tions were obtained making use of generalized maximum entropy. This 
information is combined with several control variables available at the 
local level and combined in a model that was initially estimated using 
OLS. This preliminary approach does not seem to capture any effect of 
the sprawl on the energy consumption of the families. Nevertheless, we 
observe that behind this global result, there is important spatial het
erogeneity. To control and consider this spatial heterogeneity, we used a 
regression tree approach. The joint consideration of working at the local 
level and considering the spatial heterogeneity with the regression tree 
offers a clearer picture. 

In the larger cities of the country as well as those located along the 
Mediterranean coast, the cases in which sprawl is more intensive and 
grows more during the last decade, urban sprawl clearly affects elec
tricity consumption. In these places, the higher the sprawl is, the higher 
the electricity consumption is, which indicates that more attention 
should be paid to the urban form and to the design of policies to reduce 

urban sprawl. 
The Spanish Energy Saving and Efficiency Action Plan 2011–2020, 

elaborated by the Ministry of Industry, Tourism, and Commerce, and the 
IDEA (Institute for Energy Diversification and Saving; Spanish Govern
ment, 2011), includes recommendations on energy saving measures in 
the building sector, in accordance with the contents of Directive 
2010/31/EU related to energy efficiency in buildings (European Com
mission, 2010) and the Resource Efficient Europe strategy (European 
Commission, 2011). Another strategy regards the introduction of small 
installations of renewable thermal energy and cogeneration in house
hold electricity consumption. In that sense, the Spanish Government 
(2014) approved Law 413/2014, which establishes, for the first time in 
Spain, the conditions of electricity self-consumption, whose regulations 
were especially designed for households, since they were focused on 
small plants (less than 100 kV of installed capacity). The most recent 
Royal Decree in Spain related to self-consumption was approved on the 
5th of April 2019 (RD 244/2019, see BOE (2019)) by the Spanish gov
ernment, where more conditions and specifications are regulated, such 
as access to electricity production and distribution to the population. 
These measures are in line with European objectives, United Nations 
(2016), which try to encourage member countries to adopt more sus
tainable energy strategies by implementing policies, such as increasing 
the share of renewables in the electricity mix, trade, and efficiency. 
According to our results, major attention should be given to the urban 
form, especially in recently developed areas (i.e., urban areas growing 
faster than the Mediterranean) and in very large cities such as Madrid. 
Urban structure shows a heterogeneous impact in different geographical 
situations and climate conditions. In this direction, urban policies should 
be very aware of them, and above all, a “one size fits all” policy could be 
very far from reaching the expected results in terms of energy efficiency. 
Conversely, the definition of local policies, major attention to local 
planning, and collaboration between national, regional, and local au
thorities could lead to a reduction in urban sprawl and contribute to 
preserving the environment. 

Finally, our analysis is restricted to immediate effects of electricity 
consumption associated with urban sprawl. As a next step in this anal
ysis, we are interested in seeing the effects of sprawl in socioeconomic 
and environmental terms. The disaggregation of electricity consumption 
at the municipal level made in this paper, together with the econometric 
strategy developed, are suitable tools to be considered in the future. 
Through this methodology, it is possible to plan scenarios to change the 
sprawling processes of cities and determine the effect on electricity 
consumption, thus making use of a more global model, which will 
impact the rest of the variables of the economy. Another immediate 
future line of research is inclusion in the analysis of electricity prices. 
Although low, there can be differences among autonomous commu
nities, which creates clear borders on the disaggregated maps of energy 
consumption. There was a contraction in the access tariff by capacity, 
the tax that consumers pay to cover some fixed costs, especially for 
transmission and distribution companies, which can include different 
taxes among regions. This reason can explain the clear differences 
among regions obtained in our results. 
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Appendix 

See Tables A1-A3. 

Table 5 
Root of mean square errors (RMSE) for OLS, GWR, and regression tree (RT).   

OLS GWR RT 

RMSE  0.8312  0.7612  0.7290 

Source: Own elaboration. 
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USI  1.991 
Pop  5.880 
Pop 1970  5.541 
Prec Total  1.991 
Rat man  1.209 
Rat_ SA  2.050 
Tmax Jul  2.205 
Tmin Jan  1.381  

Table A3 
Summary of the estimated obtained by Geographically Weighted Regression.   

Min 1st Q Median 3rd Q Max   

3.155  4.427  4.728  5.344  6.917 
Max Jul  0.008  0.461  0.614  0.728  1.002 
Min Jan  -0.008  0.012  0.025  0.032  0.038 
Prec Tot  -0.031  -0.009  0.012  0.053  0.135 
Ratio Man  -0.064  -0.049  -0.038  -0.015  0.036 
Ratio SA  -0.035  0.019  0.080  0.127  0.162 
Pop  -0.083  -0.038  -0.007  0.005  0.020 
Pop 1970  -0.061  -0.052  -0.049  -0.038  -0.015 
USI  0.016  0.062  0.074  0.105  0.159  

Table A1 
Summary statistics for other control variables. All variables are expressed in log.  

Other control variables Description Min 1st Q Median 3rd Q Max Mean 

Pop Population resident  9.879  10.315  10.914  11.462  14.999  11.024 
Pop 1970 Population resident in 1970  5.442  9.309  10.003  10.934  14.954  10.170 
Prec Tot Level of precipitation (average liters/m2)  2.015  3.618  3.846  3.953  4.979  3.853 
Rat man Share of manufacturer employees on the total employment  -4.241  -3.127  -2.644  -2.223  -1.370  -2.707 
Rat_ SA Share of advanced services employees on the total employment  -4.528  -3.406  -3.175  -2.978  -2.004  -3.187 
Tmax Jul Average of the maximum temperature in the month of July  3.082  3.367  3.405  3.470  3.592  3.395 
Tmin Jan Average of the minimum temperature in month of January  -1.240  -1.204  1.281  1.569  1.946  0.615  

A. Cartone et al.                                                                                                                                                                                                                                

http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref1
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref1
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref1
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref2
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref2
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref3
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref4
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref4
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref5
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref5
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref6
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref6
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref6
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref6
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref7
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref7
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref7
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref8
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref8
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref9
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref9
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref9
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref10
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref10
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref11
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref11
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref12
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref12
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref12
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref13
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref13
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref14
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref14
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref15
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref15
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref16
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref16
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref17
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref17
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref17
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref18
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref18
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref19
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref19
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref20
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref20
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref20
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref21
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref22
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref22
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref23
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref23
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref24
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref24
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref25
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref25
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref26
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref26
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref27
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref27
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref27
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref28
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref28
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref29
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref29
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref30
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref30
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref31
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref31
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref32
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref32
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref33
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref33
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref34
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref34
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref34
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref35
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref35
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref36
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref37
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref37
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref38
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref38
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref38
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref39
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref39
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref40
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref40
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref41
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref41
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref42
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref42
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref42
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref42
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref43
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref43
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref44
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref44
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref45
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref45
http://refhub.elsevier.com/S0264-8377(21)00148-4/sbref45


Land Use Policy 105 (2021) 105425

11

Milan, B.F., Creutzig, F., 2016. Municipal policies accelerated urban sprawl and public 
debts in Spain. Land Use Policy 54, 103–115. 
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