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Background: The potential impact of urban structure,
as population density and proximity to essential facili-
ties, on spatial variability of infectious disease cases
remains underexplored. Aim: To analyse the spatial
variation of COVID-19 case intensity in relation to
population density and distance from urban facilities
(as potential contagion hubs), by comparing Alpha
and Omicron wave data representing periods of both
enacted and lifted non-pharmaceutical interventions
(NPIs) in Malaga. Methods: Using spatial point pattern
analysis, we examined COVID-19 cases in relation to
population density, distance from hospitals, health
centres, schools, markets, shopping malls, sports cen-
tres and nursing homes by non-parametric estimation
of relative intensity dependence on these covariates.
For statistical significance and effect size, we per-
formed Berman Z1 tests and Areas Under Curves (AUC)
for Receiver Operating Characteristic (ROC) curves.
Results: After accounting for population density, rela-
tive intensity of COVID-19 remained consistent in rela-
tion to distance from urban facilities across waves.
Although non-parametric estimations of the relative
intensity of cases showed fluctuations with distance
from facilities, Berman’s Z1 tests were significant for
health centres only (p<0.032) when compared with
complete spatial randomness. The AUC of ROC curves
for population density was above o.75 and ca 0.6 for
all urban facilities. Conclusion: Results reflect the dif-
ficulty in assessing facilities’ effect in propagating
infectious disease, particularly in compact cities. Lack
of evidence directly linking higher case intensity to
proximity to urban facilities shows the need to clarify
the role of urban structure and planning in shaping the
spatial distribution of epidemics within cities.
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Introduction

COVID-19 emerged in Europe in early 2020 as a highly
contagious disease with a swift and extensive spread,
particularly in urban settings. Given that more than
half the world’s population live in cities [1-3] with a
high concentration of people and activities, it can be
inferred that close proximity contributed to the rapid
spread of the virus. In Europe, the COVID-19 pandemic
was most pronounced in Spain and lItaly during its
early stages [4].

Governments worldwide enacted non-pharmaceutical
interventions (NPIs) to mitigate the spread of the pan-
demic, and Spain was no different in this regard [5].
Mobility-restricting measures commonly referred to as
lockdowns were one of the main NPIs [6], with variable
degrees of reach and effectiveness [7-9]. Despite vari-
ations within adopted NPIs worldwide, including dif-
ferences in duration and type of activities or services
halted, a shared factor was the closure or restriction of
essential urban public facilities and services [10], i.e.
the infrastructure providing the population of an area
with goods and public services [11]. These services
encompassed educational, economic, health and lei-
sure activities and facilities, and measures temporarily
altered the urban landscape. In retrospect, this allows
us to study how changes in the urban environment
impact the progression of an infectious disease.

Studies looking at the effect of urban settings on the
spread of COVID-19 have focused on two main aspects:
(i) the modelling of cases as a function of the environ-
mental and/or economic variables which are labelled
as ‘urban’, or (ii) the description of the spatial patterns
of outbreaks at different points in time during the pan-
demic [12-15].
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KEY PUBLIC HEALTH MESSAGE

What did you want to address in this study and why?

Cities are recognised as places of interest in public health and epidemiology. Aspects such as urban
structure and planning, reflected for example in population density as well as supply and distribution of
urban facilities, have been overlooked but could play an important role in determining spatial distribution
of an infectious disease. We assessed the role of these co-variates on the spatial pattern of COVID-19 cases
in Malaga, Spain.

What have we learnt from this study?

Once controlling in our analysis for population density as main factor for positive COVID-19 cases, we found
that proximity to most urban facilities, that we considered to be contagion hubs, had a small effect on the
recorded number of infections. This small-scale effect was similar when there were mitigation measures
such as lockdowns (Alpha wave) in place or when they were lifted (Omicron wave).

What are the implications of your findings for public health?

Malaga’s compact urban structure with close proximity between densely populated areas and urban facilities
likely nullified any impact on relative intensity of cases. We suggest applying a geospatial perspective
merging urban studies with public health considerations to evaluate whether, and how, distance to and
spatial distribution of exposure factors may affect spatial distribution of infectious diseases in urban areas

and in similar settings.
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The first involves using linear regression models, such
as geographically weighted regression, to predict case
numbers based on relevant urban variables such as
population density, income, unemployment, mobility
and access to facilities. These studies aggregate cities
into administrative areas, treating them as rows in a
data matrix, and highlight the contribution of vulnera-
bility and exposure factors to case increases. However,
issues such as multicollinearity among variables often
lead to overfitted models and self-reinforcing assump-
tions, limiting the reliability of these findings [12-15].

The second approach utilises spatial statistics to pro-
vide more detailed insights into interurban variability.
Techniques such as local spatial autocorrelation and
hotspot detection often rely on data aggregated at var-
ying administrative boundaries, which introduces the
modifiable areal unit problem (MAUP), affecting results
[16-19]. To mitigate this, some studies employ spatial
point pattern methods to create continuous surfaces
of relative case intensity, also known as relative risk
(RR) [20], as the spatial equivalent of the incidence rate
in epidemiology. However, while incidence is a time-
bound measurement (cases over person-time unit) [21],
in point pattern analysis the RR is a spatial measure-
ment of cases relative to population, per unit area [22].

For the specific case of the city of Malaga, Spain,
research has focused on two main fronts: (i) data col-
lection and management and characterisation of the
initial spatial trends of the severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) Alpha variant
(Phylogenetic Assignment of Named Global Outbreak
(Pango) lineage designation (B.1.1.7) wave [23], and (ii)

methods for the quantification and cartographic repre-
sentation of risk in general [23-25]. While these efforts
provide the main precedent for the present investiga-
tion, there is room for further research, particularly in
relation to population density and distance to conta-
gion hubs, since the role of population density as the
main factor driving case intensity during an epidemic
remains inconsistent in the literature due to data avail-
ability and methodological shortcomings [26].

We thus propose focus on two specific factors: (i) case
distance from urban facilities and (ii) cases in relation
to population density. While these factors are inevita-
bly intertwined, we consider the latter as the main con-
founding variable.

This study aims to investigate the spatial patterns of
COVID-19 case intensity and relative intensity during
two distinct pandemic waves — the Alpha wave rep-
resenting a period of restricted mobility (lockdowns),
and the Omicron (Pango lineage B.1.1.529) wave rep-
resenting no lockdown. This comparison allows us to
examine the role that distance to urban facilities might
play in shaping the spatial pattern of relative intensity,
which may not be related to the effectiveness of NPIs in
slowing the spread of the disease.

Specifically, we seek to determine whether the rela-
tive intensity of cases during the Alpha wave remained
constant and proportional to population density, and
whether the relative intensity of cases during the
Omicron wave increased as proximity to urban facili-
ties decreased, corresponding to greater interpersonal
interactions in the absence of lockdown measures.

www.eurosurveillance.org
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FIGURE 1

Study area including (A) general map and aspects of interest, and (B) panoramic view of the city, taken from downtown
area at the port, and directed at the west, Malaga urban zone, Spain
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Source: own elaboration with data from Andalucia Census Bureau and the Malaga Municipality Open Data Platform. Panoramic view picture
taken from the Malaga Municipality website. Orthophoto from 2019 by the Andalucia Census Bureau.

Methods

Setting

The study used data collected between February and
March 2020 and between December 2021 and March
2022 in Malaga, the sixth largest city in Spain, with
a population of 579,076 residents, and a population
density of ca 12,000 inhabitants per squared kilome-
tre in its urban zone. Located within the municipality
of the same name in the autonomous community of
Andalucia, Malaga is a prominent tourism hub in the
southern coast of Spain (Costa del Sol), receiving a
high number of visitors annually.

This research specifically centred on the urban area
within the municipality, with a focus on examining the
spatial variability of population density and the place-
ment of urban facilities and amenities, as depicted
in Figure 1. We selected these urban facilities for the
specific roles they play in day-to-day urban life, encom-
passing schools (both public and private), markets,
health centres, public hospitals, cinemas, shopping
malls, sport centres and nursing homes (all of them
private, except one).

www.eurosurveillance.org

In terms of urban structure, the city has been char-
acterised in the framework of the ‘Mediterranean city
model’ [27] and the ‘compact city’ model [28]. These
models of urban planning and design have been con-
sidered the urban corelate of sustainable development
for the past 30 years, aimed at achieving a certain level
of population density, mixed land use and compact-
ness to encourage social interaction, energy efficiency,
pollution reduction and economic development [28-30].

Regardless of if or how Malaga deviates from these
models the city exhibits some characteristics of these
models, particularly in its housing type, with a promi-
nence of apartment buildings [31] in zones mixed with
different activities and establishments. Most facili-
ties are within a ca2 km radius from any residential
dwelling.

As regards to the development of the pandemic in
the city, while the Alpha wave (occurred February—
March 2020) was characterised by the predominance
of NPIs due to the unavailability of vaccines, the
Omicron wave (December 2021—March 2022) occurred
when lockdowns had been lifted and vaccinations
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FIGURE 2

COVID-19 case intensity by week, Mdlaga, Spain, December 2021-March 2022
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were available. The widespread removal of lockdown
measures occurred in May 2021 [32], approximately 5
months before Omicron cases were recorded. During
this period, mobility and activities were unrestricted,
allowing for the analysis of ‘imprinted’ patterns of the
free circulation of an infectious disease in relation to
key aspects of cities that were previously closed or
restricted as part of the mitigation strategies.

Data

We obtained data on COVID-19 cases from the Malaga
Regional Hospital, which centralised records of all
SARS-CoV-2 tests performed at any testing centre or
facility within the municipality. The medical records of
every tested person, detailing the type of test applied
and its results, was provided by the Malaga Delegation
of the Health Office, Junta of Andalucia and is protected
under the Spanish Organic Law on Protection of
Personal Data, with each patient’s address serving as
the sole personal identification value. As such, data
were provided with no demographic variables such as
sex, occupation, age or ethnicity.

The addresses of individuals who tested positive for
any type of molecular (PCR / TMA) or serological (IgG

/ IgM) test underwent geocoding, which rendered the
spatial point dataset. In adherence to privacy protec-
tion laws, public sharing of these data is not allowed,
which hinders the reproducibility of this specific
analysis.

Urban infrastructure and services data, in the form
of spatial layers, was obtained from the Malaga
Municipality Open Data Platform (https://datosabier-
tos.malaga.eu). For this study, we used point data in
shapefile format representing the location of different
types of urban facilities. Spatial layers contained no
data on the number or the characteristics of visitors.

An important caveat to consider is that the data
obtained during each wave display notable differences
in both consistency and quality, as testing availability
and adoption increased throughout the pandemic. For
instance, records during the Alpha wave were avail-
able for cases in March 2020 only (n = 129). During the
Omicron wave (December 2021—-March 2022) 29,919
cases were recorded. Therefore, while we used the
whole Omicron dataset to explore the intensity of cases
across weeks, to make the comparison between waves

www.eurosurveillance.org
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FIGURE 3

Nonparametric estimation of COVID-19 case intensity as a function of the at-risk population during (A) the Alpha wave,
(B) the start of the Omicron wave, (C) the peak of the Omicron wave and (D) the decline of the Omicron wave, Mélaga,

Spain, March 2020 and December 2021-March 2022
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For each selected week from the Omicron wave, 129 cases were randomly selected and compared to the 129 cases available for the Alpha

wave.

meaningful we randomly sampled 129 cases from the
whole Omicron wave dataset.

Software

Excel 2016 was used for basic data preprocessing,
including column naming and deletion of records that
were duplicated, outside of Malaga or with no recorded
address, as the original datasets were provided in
spreadsheet format by the Malaga Delegation of the
Health Office.

Geoprocessing was made in a variety of Geographic
Information Systems (GIS) applications. The ArcGIS
geocoding toolbox within the ArcGIS Pro platform
[33] was used for georeferencing addresses, which
provided the most accurate application programming
interface (API) service to automate georeferencing of
the text addresses included in the original datasets.
Google Earth Pro version 7.3.6.9345 was used to cor-
rect imprecise geocoding caused by inconsistencies
between addresses and postcode areas. The software
QGIS version 3.22.9 Biatowieza [34] was used for car-
tographic design and general shapefile processing,
given its open-source nature and high capabilities for
integrating different file formats.

Statistical analysis was performed using R Language
version 3.6.3 in the R Studio IDE version 2023.06.1+524
(Posit, Boston, United States). The package spat-
stats version 2.1-o0 was used for this task since it is
specifically designed for spatial point patter analysis.

Spatial point pattern analysis

We performed a spatial point pattern analysis to study
the pattern of reported positive cases [22,35,36]. We
used the address of cases with a COVID-19 positive
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test result within the urban area of Malaga, during (i)
the Alpha wave (n =129 cases) and (i) Omicron wave
(n = 29,919 cases). We subdivided the latter by week,
from week 48 2021 to week 12 2022. We used case
intensity (events per unit area) as first order effect
within the domain of spatial point pattern analysis.

We explored variations in local intensity of posi-
tive COVID-19 cases across the study area by kernel
density estimation (KDE). Kernel radius was set at
300 m? based on Nearest Neighbour Analysis on the
location of cases.

However, the number of cases is often a reflection of
the underlying population density, in this context being
point data of at-risk population referred to as controls.
As such, to analyse the relationship of the intensity
and interaction of cases with other covariates, we
compared the number of cases to the underlying pop-
ulation at risk, which can be seen in more detail in
the Supplementary Material. The control point data set
is a simulated point pattern for controls proportional to
the total population in each census tract [35,37]. In this
case, a regular polygon from a 250 m? grid containing
census-level data created by the Andalucia Census
Bureau [38].

To evaluate whether the varying intensity of cases
could be explained by distance between case location
and the different types of urban facilities, we calcu-
lated a nonparametric estimation of case intensity as
a function of distance from urban facilities as the main
covariate.

We estimated a baseline relative intensity of the

point pattern for each urban facility based on a given
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FIGURE 4

Nonparametric estimation of relative intensity of COVID-19 cases as a function of distance from different urban facilities,
Malaga, Spain, during the Alpha (March 2020) and Omicron (December 2021-March 2022) waves
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covariate [22]. The baseline is a fitted point process
model of cases compared to population density of
controls, for which intensity variation was evaluated
as a function of the distance from urban facilities. For
this step, we randomly sampled 129 cases from the
Omicron wave dataset to make the comparison against
the Alpha wave data meaningful.

We performed Berman’s Z tests for point process model
to test against the null hypothesis of complete spatial
randomness (CSR) in relation to distance from urban
facilities, and receiver operating characteristic (ROC)
curve tests, as well as the area under the curves (AUQ)
to assess the statistical significance of the estimated
relative intensity as a function of distance from several
urban facilities and measured the effect size of each
covariate. We also compared the relative intensity to
population density as the main confounding variable.

We used nonparametric estimations [20], which can
be useful for studying a practical, real-world problems
[36] such as public health phenomena. Technical and
formal details are expanded in the Supplementary
Material.

Results

The highest case count (n = 3,891) and density, with up
to 350 cases per 300 m? (Figure 2, enclosed in red box),
was recorded during week 52 2021 (December), which
represents the selected bandwidth parameter for the
KDE. While visual inspection alone is insufficient, the
spatial pattern appeared similar across all the weeks
of the Omicron wave, varying primarily in intensity. The
overall ‘imprinted’ pattern resembles that of the popu-
lation density (Figure 1).

www.eurosurveillance.org
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FIGURE 5

Berman Z1 test for complete spatial randomness of relative intensity of COVID-19 cases as a function of distance from
urban facilities, Mélaga, Spain, during the Alpha (March 2020) and Omicron (December 2021-March 2022) waves
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We report a positive relationship between case inten-
sity and population density within the urban area of
Mélaga (Figure 3). This pattern is consistent when com-
paring the Alpha wave with different key weeks during
the Omicron wave (week 48 2021, week 52 2021 and
week 12 2022). However, fluctuations are noted, which
could be explained by other factors, such as proximity
to urban facilities or contagion hubs.

Having established the close relationship between
case intensity and population at-risk during the Alpha
and Omicron waves, we estimated the relative intensity
of cases as a function of distance from urban facili-
ties during both the Alpha and Omicron waves (Figure
4). In this way, we assessed the specific effect of this
covariate with minimal contamination from the effect
of population density, given its strong correlation with
case intensity.

For both COVID-19 waves, the relative intensity of cases
remained similar regardless of distance from markets,
shopping malls and cinemas, which also are the least
abundant urban facilities (Figure 1). On the other hand,
for sport centres, hospitals, health centres and nurs-
ing homes, the relative intensity of cases increased as

www.eurosurveillance.org

distance from these locations reduced (and vice versa).
This trend was also noted when taking into account all
urban facilities.

Interestingly, this trend was similar during both waves,
despite the first wave characterised by a generalised
lockdown and the second wave by a return to regular
public life, except for Health centres. Relative intensity
of cases at a distance of ca 100m from health centres
increased during the Alpha wave (ca 1.5), and dimin-
ished during the Omicron wave (ca o.5). Comparison
between all urban facilities suggests that distance had
a negligible effect on the spatial relative intensity of
cases, once accounting for population density.

Fluctuations in relative intensity as a function of dis-
tance from health centres were of statistical signifi-
cance for the Omicron wave only (p value<o.032) when
compared with CSR (Figure 5).

The relative intensity of cases as a function of distance
from urban facilities did not significantly differ from
CSR during the Alpha wave. However, for the Omicron
wave, relative intensity of cases increased slightly near
Health centres, and when taking into account all urban
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FIGURE 6

Comparison of receiver operating characteristic (ROC) curves and area under the curve (AUC) tests for the effect of high
population density vs distance from different urban facilities on COVID-19 case intensity, Malaga, Spain, during the Alpha

(March 2020) and Omicron (December 2021-March 2022) waves
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ROC is a plot showing the ability of the covariate to separate the study region into areas of high and low density of cases. The closer
the covariate curves (black and blue solid lines) are to the perfect classifier (red dashed line), the more these covariates explain the
separation of high- and low-density zones in the region. Conversely, the closer they are to the random classifier (green dashed line), the
less effect they have on said separation. For a point pattern and a given covariate, the AUC is a numerical index that measures the ability
of the covariate to separate the spatial domain into areas of high and low density of points. As such, an AUC=0.5 would mean a random

classifying effect (green dashed line).

facilities, beyond what would have been expected for
CSR.

For the effect size on relative intensity of cases, in
general, population density has double discriminatory
power for classifying the study region in high and low
intensity areas when compared with the distance from
urban facilities. This is measured by the area under the
curve (AUC), while also noting that both ROC curves,
one for each covariate, follow each other in a similar
fashion (Figure 6), indicating the close spatial relation-
ship between population density and urban facilities.

In urban planning terms, this may be a consequence of
the compact urbanisation model of Malaga mentioned
earlier, given that within the main urban zone, facili-
ties are no more than ca2 km from housing dwellings
(Figure 1), which are, in turn, blocks of apartment build-
ings. Thus, dwellings and facilities in the city overlap,
which seem to neglect any effect distance from urban
facilities could otherwise play in the recorded intensity
of cases.

Discussion

Based on our results, and contrary to our starting
hypotheses, we were unable to find compelling evi-
dence of the role of proximity to urban facilities, as
hubs of potential contagion, on the relative intensity of
COVID-19 cases during the Alpha and Omicron waves.
Instead, population density, our main confounding
variable, was positively correlated with case intensity
during both waves. Even when comparing facilities, dif-
fering in spatial distribution and number, the effect on
relative intensity remained similar between periods of
enacted and lifted NPI.

Our results are not in agreement with previous studies
addressing the main factors of interest [12,13,15,37].
In Wuhan [12], the availability of schools and markets
was positively associated with higher incidence rates
of COVID-19, while population density negatively cor-
related with incidence rate. Similarly, in Tokyo, higher
incidence rates at municipality level were linked to the
availability of various urban facilities and negatively
correlated with household crowding [13]. Indirectly,
previous research in Malaga associated accessibility
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(measured as an index built from unspecified proxim-
ity variables) with higher incidence rates [15]. The study
using the most similar methodology to ours suggested
that areas of Neukdolln in Berlin with higher relative
intensity of COVID-19 cases were those with shorter
proximity to places of social interaction and higher
population density per building [37].

In contrast, our results show that for Malaga, popula-
tion density has greater explanatory power over the
relative intensity of cases, effectively nullifying any
effect of the availability and distance from urban facili-
ties. This finding remained consistent when comparing
scenarios of enacted and lifted lockdown measures.
However, the inconsistencies between our results and
those of previous research may be attributed to the
diversity in methods, data and scale in the summarised
research, or to the particularities of each analysed city.
While it is not possible to generalise our results to any
other city, we suggest that it is necessary to thoroughly
discuss the role of urban planning on public health. This
includes not only basic and well-stablished (but not
necessarily well-achieved) areas like health services
and public sanitation, but also overlooked areas such
as housing, zoning and non-health / medical-related
urban facilities. Currently, research on this topic, this
study included, exhibits high variability in results,
methods and data spatial and temporal resolution.

On the limitations of this study, first, due to data con-
straints, we were unable to account for variations in
supply, capacity, transportation and attractiveness
between different types of facilities, as well as in the
variability of sanitary measures taken in each type
of facility. For instance, markets outnumbered hospi-
tals, with the former typically having smaller capac-
ity and strict sanitary protocols when compared with
the any other type of facility. Survey designs, big data
approaches, and urban analytics could offer ways to
overcome such constraints, showing nuanced insights
into the attractiveness of different urban facilities, and
serving as a new covariate in future studies.

Second, given the nonparametric framework of the
spatial point pattern analysis, it was not possible to
provide formal statistical evidence that allows for the
extrapolation of these results to any other city, which
limits the external validity of the results to the city of
Malaga only. However, it provides some assumptions
and hypotheses about how the intensity of cases for
similar cities, with similar population density and com-
pact urban structures, could vary on the interurban
scale. This could be particularly relevant for cities like
Valencia, Sevilla, Barcelona, Turin, Rome, Geneva and
Thessalonica, which, along with Malaga, were recog-
nised as examples of the “Mediterranean city model”, a
sustainable urban planning approach that emphasizes
compactness, walkability, and mixed land use [27].
While such a structure promotes higher accessibility to
health services and sanitation due to close proximity,
the mixed land uses closely overlapped with densely
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spaced residential dwellings across a city could pro-
mote a generalised spread of an infectious disease
such as COVID-19.

Third, the reproducibility of this specific analysis is not
possible due to the legal protection of personal data,
presented in the form of geolocated addresses for
cases positive for COVID-19. However, our study pro-
vides a reproducible design which can serve as a tem-
plate for analysing similar data from other locations.

Conclusion

With the current study’s results and acknowledged lim-
itations, different types of research, aside from obser-
vational studies, whether spatial or not, are important.
Exploring quasi-experimental and simulation-based
designs would significantly enhance the depth of our
understanding regarding the role of urban factors in
both intensifying and mitigating the spread of infec-
tious disease. Further investigations along these pro-
posed lines, while not exhaustive, could contribute to
a better understanding how epidemics evolve in urban
contexts. It is important to consider that urban areas
constitute the environment where a growing share of
the world’s population is living. Consequently, they
can be expected to play a role as epicentres in future
health crises triggered by infectious diseases. How we
configure, manage and design cities needs thus to be
considered a key aspect in the public health domain.

Ethical statement

The study was conducted according to the guidelines of the
Declaration of Helsinki and approved by the Ethics Committee
of Regional Malaga Hospital (protocol code 25.715.231, date
of approval, 3/6/2020).

Patient consent was waived due to anonymised and agglom-
erated character of the data and commitment to exclusively
scientific use of the data signed by the research group.

Funding statement

Not applicable.

Use of artificial intelligence tools

We used ChatGPT 3.5 minimally as an editorial and coding
assistant tool (detection of fillers, odd wording, or R code
optimisation).

Data availability

The data used in the study are not available as to comply
with the legal framework of the Data Protection Law at the
national (Organic Law 3/2018) and the European Regulation
(EU) 2016/679 of the European Parliament and of the Council
of April 27th, 2016.

9

M) Check for updates


https://crossmark.crossref.org/dialog/?doi=10.2807/1560-7917.ES.2025.30.3.2400174&domain=pdf&date_stamp=2025-01-23

Acknowledgements

We are grateful to Maria del Mar Vazquez (Director of the
Mélaga Regional Hospital) and Susana Carillo (Councilwoman
of Innovation and Smart City) for their intervention and help
supplying the anonymous data on which this work is based.

We are grateful to both anonymous reviewers for their com-
ments, questions, and critiques, which significantly helped
improve the main ideas of this paper.

Conflict of interest

None declared.

Authors’ contributions

Sebastian Alejandro Vargas Molina designed the problem
statement, the conceptual and methodological framework,
and contributed to the data georeferencing and correction;
Juan Francisco Sortino Barrionuevo was involved in data
processing, contributed to the interpretation of results, and
designed the georeferencing workflow. Maria Jesls Perles
Rosellé6 made the data acquisition possible, contributed to
the interpretation of results, and reviewed and approved the
final version of the manuscript. All authors have read and
agreed to the final version of the manuscript.

References

1. World Health Organization (WHO). Urban health. Geneva: WHO.
[Accessed: 22 Jul 2024]. Available from: https://www.who.int/
health-topics/urban-health

2. World Bank Group. Urban Development. Urban Development.
[Accessed: 22 Jul 2024]. Available from: https://www.
worldbank.org/en/topic/urbandevelopment/overview

3. United Nations. World Urbanization Prospects. The 2018
Revision. New York: United Nations; 2019. Available from:
https://population.un.org/wup/Publications/Files/WUP2018-
Report.pdf

4. Working group for the surveillance and control of COVID-19 in
SpainMembers of the Working group for the surveillance and
control of COVID-19 in Spain. The first wave of the COVID-19
pandemic in Spain: characterisation of cases and risk factors
for severe outcomes, as at 27 April 2020. Euro Surveill.
2020;25(50):2001431. PMID: 33334400

5. Oreal, Alvarez IC. How effective has the Spanish lockdown
been to battle COVID-19? A spatial analysis of the coronavirus
propagation across provinces. Health Econ. 2022;31(1):154-73.
https://doi.org/10.1002/hec.4437 PMID: 34689385

6. Walport MJ, Professor Sir Mark Walport on behalf of the Expert
Working Group for the Royal Society’s programme on non-
pharmaceutical interventions. Executive Summary to the Royal
Society report “COVID-19: examining the effectiveness of
non-pharmaceutical interventions”. Philos Trans A Math Phys
Eng Sci. 2023;381(2257):20230211. https://doi.org/10.1098/
rsta.2023.0211 PMID: 37611626

7. Brauner JM, Mindermann S, Sharma M, Johnston D, Salvatier
J, Gavenciak T, et al. Inferring the effectiveness of government
interventions against COVID-19. Science. 2021;371(6531):802.
https://doi.org/10.1126/science.abd9338 PMID: 33323424

8. LiY, Campbell H, Kulkarni D, Harpur A, Nundy M, Wang X, et
al., Usher Network for COVID-19 Evidence Reviews (UNCOVER)
group. The temporal association of introducing and lifting
non-pharmaceutical interventions with the time-varying
reproduction number (R) of SARS-CoV-2: a modelling study
across 131 countries. Lancet Infect Dis. 2021;21(2):193-202.
https://doi.org/10.1016/S1473-3099(20)30785-4 PMID:
33729915

9. Baker RE, Park SW, Yang W, Vecchi GA, Metcalf CJE, Grenfell
BT. The impact of COVID-19 nonpharmaceutical interventions
on the future dynamics of endemic infections. Proc Natl Acad
Sci USA. 2020;117(48):30547-53. https://doi.org/10.1073/
pnas.2013182117 PMID: 33168723

10. LiuY, Morgenstern C, Kelly J, Lowe R, Jit M, CMMID
COVID-19 Working Group. The impact of non-pharmaceutical
interventions on SARS-CoV-2 transmission across 130

10

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25,

26.

27.

28.

29.

30.

countries and territories. BMC Med. 2021;19(1):40. https://doi.
0rg/10.1186/512916-020-01872-8 PMID: 33541353

Evert KJ. Ballard (deceased) EB, Elsworth D), Oquifiena I,
Schmerber JM, Stipe (deceased) RE, editors. 4716 public
infrastructure [n]. In Encyclopedic dictionary of landscape and
urban planning. Berlin, Heidelberg: Springer Berlin Heidelberg;
2010:771.

Wang |, Zeng F, Tang H, Wang J, Xing L. Correlations between
the urban built environmental factors and the spatial
distribution at the community level in the reported COVID-19
samples: A case study of Wuhan. Cities. 2022;129:103932.
https://doi.org/10.1016/j.cities.2022.103932 PMID: 35975194

Alidadi M, Sharifi A, Murakami D. Tokyo’s COVID-19: An
urban perspective on factors influencing infection rates in a
global city. Sustain Cities Soc. 2023;97:104743. https://doi.
0rg/10.1016/j.5€s.2023.104743 PMID: 37397232

Galacho-Jiménez FB, Carruana-Herrera D, Molina J, Ruiz-Sinoga
JD. Evidence of the Relationship between Social Vulnerability
and the Spread of COVID-19 in Urban Spaces. Int ) Environ

Res Public Health. 2022;19(9):5336. https://doi.org/10.3390/
ijerph19095336 PMID: 35564729

Galacho-Jiménez FB, Carruana-Herrera D, Molina J, Ruiz-
Sinoga JD. Tempo-Spatial Modelling of the Spread of

COVID-19 in Urban Spaces. Int ) Environ Res Public Health.
2022;19(15):9764. https://doi.org/10.3390/ijerph19159764
PMID: 35955122

Jesri N, Saghafipour A, Koohpaei A, Farzinnia B, Jooshin MK,
Abolkheirian S, et al. Mapping and Spatial Pattern Analysis of
COVID-19 in Central Iran Using the Local Indicators of Spatial
Association (LISA). BMC Public Health. 2021;21(1):2227.
https://doi.org/10.1186/5s12889-021-12267-6 PMID: 34876066

Kuznetsov A, Sadovskaya V. Spatial variation and hotspot
detection of COVID-19 cases in Kazakhstan, 2020. Spat
Spatio-Temporal Epidemiol. 2021;39(Nov):100430. https://doi.
0rg/10.1016/j.sste.2021.100430 PMID: 34774254

Li H, Li H, Ding Z, Hu Z, Chen F, Wang K, et al. Spatial statistical
analysis of Coronavirus Disease 2019 (Covid-19) in China.
Geospat Health. 2020;15(1):11-8. https://doi.org/10.4081/
gh.2020.867 PMID: 32575956

Vilinova K, Petrikovicova L. Spatial Autocorrelation of COVID-19
in Slovakia. Trop Med Infect Dis. 2023;8(6):298. https://doi.
org/10.3390/tropicalmed8060298 PMID: 37368716

Baddeley A, Chang YM, Song Y, Turner R. Nonparametric
estimation of the dependence of a spatial point process on
spatial covariates. Stat Interface. 2012;5(251:221-36. https://
doi.org/10.4310/Sll.2012.v5.n2.a7

Noordzij M, Dekker FW, Zoccali C, Jager KJ. Measures of
disease frequency: prevalence and incidence. Nephron Clin
Pract. 2010;115(1):c17-20. https://doi.org/10.1159/000286345
PMID: 20173345

Baddeley A, Rubak E, Turner R. Spatial Point Patterns.
Methodology and Applications with R. Florida: Chapman and
Hall / CRC Interdiscplinary Statistics Series; 2016. https://doi.
org/10.1201/b19708 https://doi.org/10.1201/b19708

Rosellé MJP, Barrionuevo JFS, Prados FJC, Noblejas HC, De
la Fuente Rosell6 AL, Orellana-Macias JM, et al. Potential of
hazard mapping as a tool for facing COVID-19 transmission:
The geo-COVID cartographic platform. Bol Asoc Geogr Esp.
2021; (91). https://doi.org/10.21138/bage.3151

Sortino Barrionuevo JF, Castro Noblejas H, Perles Rosellé M.
Mapping the Risk of COVID-19 Contagion at Urban Scale. Vol.
11. Land (Basel). 2022;11(9):1480. https://doi.org/10.3390/
land11091480

Perles MJ, Sortino JF, Mérida MF. The Neighborhood Contagion
Focus as a Spatial Unit for Diagnosis and Epidemiological
Action against COVID-19 Contagion in Urban Spaces: A
Methodological Proposal for Its Detection and Delimitation.
Int ) Environ Res Public Health. 2021;18(6):3145. https://doi.
org/10.3390/ijerph18063145 PMID: 33803729

Paez A. Reproducibility of Research During COVID-19:
Examining the Case of Population Density and the Basic
Reproductive Rate from the Perspective of Spatial Analysis.
Geogr Anal. 2021;54(4):860-80. https://doi.org/10.1111/
gean.12307 PMID: 34898693

Change Mediterranean Metropolis Around Time (CAT-MED) and
Europe in the Mediterranean. Carta de Malaga sobre modelos
urbanos sostenibles. [Malaga Charter on Sustainable Urban
Models]. 2011. Spanish. Available from: https://www.upv.es/
contenidos/CAMUNISO/info/Uo548731.pdf

Neuman M. The Compact City Fallacy. ) Plann Educ Res.
2005;25(1):11-26. https://doi.org/10.1177/0739456X04270466

Roger R, Power A. Cities for a Small Country. London: Faber;
2000.

Bibri SE, Krogstie J, Karrholm M. Compact city planning and
development: Emerging practices and strategies for achieving

www.eurosurveillance.org

M) Check for updates


https://crossmark.crossref.org/dialog/?doi=10.2807/1560-7917.ES.2025.30.3.2400174&domain=pdf&date_stamp=2025-01-23

31.

32.

33.

34.

35.

36.

37.

38.

the goals of sustainability. Dev Built Environ.2020;4:100021.
https://doi.org/10.1016/j.dibe.2020.100021

Barke M. City profile Malaga. Cities. 1992;9(1):2-17. https://
doi.org/10.1016/0264-2751(92)90002-M

The Government of Spain. Agencia Estatal Boletin Oficial del
Estado. Real Decreto 956/2020, de 3 de noviembre, por el

que se prorroga el estado de alarma declarado por el Real
Decreto 926/2020, de 25 de octubre, por el que se declara el
estado de alarma para contener la propagacion de infecciones
causadas por el SARS-CoV-2. [Official State Gazette. Royal
Decree 956/2020, November 3rd, extending the state of alarm
declared by Royal Decree 926/2020, of October 25th, which
declared the state of alarm to contain the spread of infections
caused by SARS-CoV-2]. Ministry of the Presidency, Relations

with the Parliament and Democratic Memory: 2020; 291:95841-

95845. Spanish. Available from: https://www.boe.es/eli/es/
rd/2020/11/03/956

Environmental Systems Research Institute (ESRI). ArcGIS Pro.
Redlands: ESRI; 2020. Available from: https://www.esri.com/
en-us/arcgis/products/arcgis-pro/overview

QGIS. QGIS Geographic Information System. QGIS Association;
2021. Available from: http://www.qgis.org

Gatrell AC, Bailey TC, Diggle PJ, Rowlingson BS. Spatial

point pattern analysis and its application in geographical
epidemiology. Trans Inst Br Geogr. 1996;21(1):256-74. https://
doi.org/10.2307/622936

Gonzalez JA, Moraga P. Non-Parametric Analysis of Spatial and
Spatio-Temporal Point Patterns. R J. 2023;15(1):65-82. https://
doi.org/10.32614/R)-2023-025

Lambio C, Schmitz T, Elson R, Butler J, Roth A, Feller S, et

al. Exploring the Spatial Relative Risk of COVID-19 in Berlin-
Neukélln. Int ) Environ Res Public Health. 2023;20(10):5830.
https://doi.org/10.3390/ijerph20105830 PMID: 37239558

Instituto de Estadistica y Cartografia de Andalucia.
Distribucién espacial de la poblacién en Andalucia.

[Institute of Statistics and Cartography of Andalusia. Spatial
Distribution of the Population in Andalusia]. Seville: Junta

de Andalucia; 2023. Spanish. Available from: https://www.
juntadeandalucia.es/institutodeestadisticaycartografia/dega/
distribucion-espacial-de-la-poblacion-en-andalucia

License, supplementary material and copyright

This is an open-access article distributed under the terms of
the Creative Commons Attribution (CC BY 4.0) Licence. You
may share and adapt the material, but must give appropriate
credit to the source, provide a link to the licence and indicate

if changes were made.

Any supplementary material referenced in the article can be

found in the online version.

This article is copyright of the authors or their affiliated in-

stitutions, 2025.

www.eurosurveillance.org

11

M) Check for updates


https://crossmark.crossref.org/dialog/?doi=10.2807/1560-7917.ES.2025.30.3.2400174&domain=pdf&date_stamp=2025-01-23

