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The United Nations 2030 Agenda recognized the importance of focusing on cities to 

achieve sustainable development goals. The COVID 19 pandemic reaffirmed the need to 

consider spatial variables when analyzing the impact of a risk or an epidemic. Many studies 

have assessed the impact of this pandemic on countries and its connection with numerous 

population-related factors, such as vulnerability and resilience. However, there have been 

less spatial analyses at an urban scale also considering time as a variable. In spite that, some 

researchers have recently shown how the patterns of the pandemic evolution is changing in 

time. We performed a case study in Malaga (Spain) using a tempo-spatial analysis with the 

purpose of going as deep as possible into the micro-scale of the pandemic impacts, without 

leaving anyone behind. The micro-level research using composite indexes and cluster 

analysis clarify the living conditions of people. The results show some patterns a of the 

spatial segregation in the neighborhoods that could oriented better integrated policies and 

good governance in the recovery process.  
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1. Introduction 

The United Nations 2030 Agenda proposed a roadmap for achieving sustainable 

development at the country level but emphasized the need to focus on specific 

objectives and goals at the local level. Cities have become key agents to achieve the 

required environmental, economic, digital, and social transitions. Numerous authors 

have integrated the spatial (territorial) scale as the fifth dimension of sustainable 

development (Sharifi and Yamagata, 2017). The implementation of the 2030 Agenda in 

cities requires establishing interconnected objectives and goals, with coordinating action 

plans and tools, based in multi-actors and multilevel urban governance (Castillo and 
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Haarich, 2013). The literature refers to this as integrated sustainable urban development 

(UNSSC, 2017). This approach has inspired the urban policies of the United Nations 

and the European Union (Risi et al., 2020), but cities are still developing practical 

analyses tools and community mobilization to implement this kind of interdisciplinary 

perspective (Franch- Pardo et al, 2020). 

The global COVID-19 pandemic has emphasized the importance of spatial 

analyses, especially at the levels of the neighborhood and street, as a useful tool to make 

a rapid diagnosis and identify the right population. This approach can help has helped 

locate the most vulnerable groups, attend to their needs, and increase their resilience in 

the face of risks or disasters (Mishra et al, 2020). 

Several researches show how the spread dynamic is being regionalized and 

highly depending on the population density (Bourdin et al., 2021; Franch-Pardo et al., 

2020; Wang et al., 2020), because, although the initial hot spots were located in areas 

with good communications and higher demographic density, the evolution of the 

pandemic spread to less populated areas. These researches insist in the need to analyze 

the spatial dynamic of the pandemic and its relation to territorial, social and healthcare 

factors, as it already happened with other epidemics and similar situations (Lall 

&Wahba, 2020; Lai et al., 2009; Pfeiffer et al., 2008; Sajadi et al., 2020; Adecunle et al, 

2020; Mollalo et al., 2020; Xie et al., 2020; Gross et al., 2020). This means that to 

understand the complexity of these territorial processes, with multiple factors involved, 

it is necessary to use multidimensional statistical tools, as shown for example in 

Anselin, 1995; Cordes & Castro, 2020; Coccia, M, 2020; Labib et al., 2020; Desjardins 

et al., 2020 or Johnson et al, 221. With this baseline, and with the proposals of De 

Caprio et al., (2020), we have analyzed the relation of the territorial vulnerability and 

the pandemic spread.  
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So, the present research aims to address urban vulnerability at the micro-scale and 

how this affects to the COVID-19 spread, by analysing the impact of the epidemic waves 

of COVID-19 on different neighborhoods and determining the link between population 

vulnerability and level of disease contagion (Maroko et al, 2020). We propose to use the 

tempo-spatial analysis at census tracks level with clustering methods to understand better 

the relations between the spread of the disease and the socio-economic preconditions of 

each neighborhood. 

We focused on Malaga, a city in southern Spain with a population of about 

500,000. Malaga has a database with geo-referenced information at the scale of the 

census section tracts. This includes composite indicators that measure the different 

dimensions of urban vulnerability. Previous research analyzed data from the first four 

waves of COVID-19 (Bárcena- Martín et al., 2021). Cross-referencing of information 

can provide identification of the most vulnerable groups, and the reasons they live 

where they do. We believe that this type of analysis provides an important basis for 

guiding the design of integrated policies and governance systems that can help achieve 

the goals of the 2030 Agenda (Flood et al, 2021). For example, Madrid (Spain) has used 

the spatial analysis and the cluster method to identify some patterns in the procedures 

and calls to social services in the census tracts, during and after the COVID lockdown. 

With this information they have improved the personal attention to the vulnerable 

families, which is one of the targets of the Goal 10 “Reduced inequalities” of the 2030 

Agenda.  

2. Literature review. 

Stiglitz et al. (2020) concluded that pandemics rarely affect an entire population evenly. 

For example, although the Black Death of the 14th century reduced the world's overall 
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population by about one-third, the greatest number of deaths were in the poorest 

populations. Medieval Europe was densely populated by undernourished and 

overworked peasants, and this facilitated the spread and death from bubonic plague. In 

modern times, outbreaks of Ebola were also linked to rural and remote areas of 

equatorial Africa (World Health Organization, 2015). Because poorer populations have 

higher prevalences of chronic diseases (such as heart disease, diabetes, cancer, chronic 

obstructive pulmonary disease, chronic kidney disease, and obesity), they also have a 

higher risk of mortality from COVID-19 (Hacker et al., 2021; Fekadu et al., 2021). 

These crises caused shock waves in society, because they expanded existing 

vulnerabilities and led to multiple harmful effects, most notably death, disease, and 

adverse economic and social repercussions related to control measures. 

Multiple studies have examined the impact of COVID-19 in different countries 

(Karaye and Horney, 2020; Macharia et al, 2020) and on the most vulnerable groups. 

However, fewer Some studies have examined its impact at the level of cities and 

neighborhoods and its possible exacerbation of social inequalities (Lee and Ramirez, 

2021; Fu and Zhai, 2021; Krellenberg and Koch, 2021; Kayanan et al., 2020). 

At the early stages of the pandemic, Karaye and Horney (2020) examined the 

association between the number of cases of COVID-19 and social vulnerability in the 

United States, and identified counties with the greatest vulnerability based on a social 

vulnerability index (SVI). Their results showed that, in these first months of the 

pandemic, minority status, language, household composition, mode of transportation, 

size and conditions of housing, type and number of jobs, and disability were associated 

with increased risk of COVID-19. Their results also indicated that the relationship 

between social vulnerability and COVID-19 varied among counties. In particular, the 

variables most associated with higher numbers of cases were not the same in southwest 
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Georgia (household composition and disability) as in New York City (minority status 

and language). But the main finding of this study is that more socially vulnerable 

counties in the U.S. had more cases of COVID-19. They demonstrated to be valid only 

for the first months of the pandemic, as shown for example in Lee and Ramirez (2021). 

This study reveals that socioeconomic links are not always clear and depend on certain 

variables that may vary by scale and time. In fact, the relationship between COVID and 

social vulnerability varied from strong to moderate and weaker over the first year. In 

any case, both studies underscore the importance of including time as a variable to 

analyze the evolution of the pandemic, as patterns and relations are shown to be variable 

in time. 

Consistent with these findings, Dasgupta et al. (2020) also showed that the most 

socially vulnerable counties, particularly those with higher percentages of racial and 

ethnic minority residents, high-density housing structures, and crowded housing units, 

had greater risk of becoming a COVID-19 “hotspots”, especially in less urban areas. 

Within the counties that had these hotspots, the specific areas with the greatest social 

vulnerabilities had significantly higher incidences of COVID-19. The same focus was 

used by Sharoda et al. (2020) in United State. 

The CORDIS Programme of European Commission conducted an analysis to 

study the spatial impact in the European countries. They concluded that in the UK the 

pandemic had a wider spread than the rest of Europe, due probably to a late lockdown. 

The region of Helsinki accumulated the 69% of the confirmed cases in Finland, the 

Portuguese North Region (around Porto) concentrated the 60% of the cases in Portugal 

and the Oslo region concentrated the 58% of the cases in Norway. But, having the city 

of London more cases than any other area of UK, it supposed less than 17% of the cases 

in UK (European Commission, 2021). They remarked that the initial foci are usually in 



6 

 

well-connected regions with higher affluence, but, as an outbreak spreads, the areas 

with less affluence are the most affected. Therefore, they suggested the importance of 

the spatial studies to dig in the raisons of the spread. 

In this sense, Buffalo & Rydzewski (2021) analyzed the spatial dynamics of the 

COVID-19 pandemic in the province of Cordoba (Argentina). Their results indicated 

that the spread of COVID-19 at the regional level was most common around corridors 

defined by the road network, with the greatest circulation at the level of the province 

and within the province of Córdoba, and was related to flows and existing links between 

localities and the urban hierarchy. They concluded that the dynamics at the intra-urban 

and inter-urban scales reflects spatial mobility and the functional links of the population 

within a region. 

To investigate the pre-existing reasons that spread the pandemic from the areas 

with the greatest population flow to the worst communicated, authors such as 

Rodríguez-Pose and Burlina (2021) studied the COVID-19 pandemic in 206 regions of 

23 European countries, and focused on the uneven geography of COVID-19-related 

mortality during the first wave of the pandemic. They found the greatest number of 

deaths were in 16 of these 206 regions. Regions that were highly connected, with colder 

and drier climates, with high levels of air pollution, and with poorly equipped health 

systems had the greatest death rates. Institutional factors also played an important role.  

This same pattern was reported in the United Kingdom. In particular, people 

who lived in areas with fewer economic resources were twice as likely to die from 

COVID-19 as those who lived in areas with more resources; blacks were three to four 

times more likely to die than whites; and men with low-skill jobs were four times more 

likely to die than professionals. Thus, as Whitehead et al. (2020) point out, we are not 

"all in this together", because the underprivileged people in society are suffering the 
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most. Although a virus is the cause of the pandemic, the inequalities it generates have 

social causes, and only through the "organized efforts of society" can they be prevented. 

The Spanish cities of Madrid, Barcelona, Valencia and Málaga have developed 

spatial studies to understand the contagious of the virus and most of them have 

concluded the importance of the socio economic, environmental and cultural previous 

conditions of the population (Ayuntamiento de Madrid, 2020; Marí-Dell’Olmo et al., 

2021; García et al., 2021; Bárcena-Martín et al., 2022). 

The studies of the COVID spread in Málaga, such as Miramontes et al. (2021) 

showed that the pandemic has given a new perspective to spatial approaches for 

examination of risk and importance of place and time. The spatial and temporal analysis 

of the COVID-19 pandemic has been fundamental in helping to reduce mortality, and is 

very important for crisis management. Research on the causes of the different risks in 

different populations is therefore important. An analysis of the spatial distribution of 

cases and the presence of patterns and trends must be accompanied by an analysis of 

population flows and movements; clinical, social, and epidemiological vulnerabilities; 

and socioeconomic repercussions. Hence, the correlation between the distribution of 

COVID-19 and various factors related to the natural environment and the human 

environment must be examined at multiple scales. This is the approach of the present 

research. 

3. Materials and methods 

3.1 Case study 

This case study was performed in the city of Malaga and its 434 spatial census tracts 

(CT). Malaga is located in southern Spain and it has more than 570,000 inhabitants in a 

metropolis of almost 1 million (the sixth urban area in Spain). Malaga has an urban 
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pattern typical of European Mediterranean cities, in that it is compact and complex. 

Diverse cultures have passed through this region since 3000 years ago, as the ancient 

Phoenician, Roman or Arab civilizations, and these have had a great influence on the 

natural ecosystem. Malaga’s economy is based on urban cultural tourism and the 

construction sector, although technological and logistical services are also important 

and is surrounded by agricultural regions that underlie its characteristic food culture. 

The historical evolution of this millenarian city has generated a certain social 

and spatial segregation, in which individuals in a few areas have very good living 

conditions and high quality of life, and many more live in neighborhoods that are highly 

vulnerable. According to the Statistical National Institute, Andalusia is the Spanish 

region with the highest risk of poverty and the second with the worst level of average 

income per household. Malaga is the second Andalusian city with the largest number of 

inhabitants and the supposed economic capital of Andalusia, but the differences 

between the population are very severe, as shown in (Bárcena- Martín et al., 2021). For 

example, there’s a neighborhood in Málaga among de 1,6% richest of Spain and a 

neighborhood in Málaga among the 99,9% poorest of Spain. Figure 1 is showing the 

distribution of the vulnerability in Málaga, classified in four quartiles, from the lowest 

vulnerability (Q1) to the highest (Q4), 

The arrival of COVID-19 offered the opportunity to study if these previous 

unbalanced conditions could increase the spatial and social inequities, as occurred 

during other pandemics throughout history, because living conditions affect the 

resilience of individuals and areas to diseases. Our research took advantage of other 

studies (mentioned in the next section) to analyze the available spatiotemporal data and 

determine the links between the mortality rates of COVID and these geographical 

patterns. 
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3.2. Materials 

To measure the vulnerability of the different neighborhoods of Malaga, we used a 

composite index developed in 2021 by the CIEDES Foundation, in collaboration with 

the Malaga City Council and the University of Malaga, described and detailed in 

Bárcena- Martín et al, (2021)  

In this work, the level of vulnerability of each census tract was measured trough 

a multidimensional vulnerability index composed by 19 variables arranged in 4 

dimensions: socioeconomic, demographic, social care (needs of the people who inhabit 

the space), and territorial (quality of the space they occupy) (see Figure 2). The 

selection of variables mostly coincided with those used by other studies and authors for 

vulnerability analysis in other cities in Spain (Egea Jiménez et al., 2008; Ayuntamiento 

de Madrid, 2018).  

We built a database with more than 200 originally data, collected from official 

sources, and the information of a short-term survey on living conditions that we 

conducted. The initial problem arising was that these variables were obtained from 

many different sources, from the Municipal Register of Inhabitants, the National 

Institute of Statistics, the Survey of Living Conditions (ECV) of the National Institute 

of Statistics, the Information System for Users of Social Services or the Malaga Urban 

Environment Observatory, etc. Most of them were using heterogenic spatial units, 

ranging from postal codes, districts, classical neighborhoods, etc. To overcome this 

drawback, all the variables were translated into the minimal spatial unit, the census tract 

(CT), using a cartographical algorithm, specifically designed for the city of Málaga, 

able to transform all the information into the same (minimal) units. This algorithm was 
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using the cartographical information on the frontier of the different spatial units, as well 

as the Municipal Register of Inhabitants, that contains the exact address of each 

inhabitant in the city. The CT is smaller than the municipality and has easily identifiable 

limits, such as natural terrain features, permanent buildings, and roads. Each CT has a 

population of about 1000 to 2500 inhabitants. 

Once all the variables were referenced to the same spatial units, a normalization 

process was applied so that all of them were ranged in [0,1], being in all the cases 0 the 

best situation and 1 the worst. Therefore, all the variables were normalized so that in 

any variable, despite being a maximizing or minimizing one, a higher value means a 

worse situation in that characteristic. Finally, the normalized variables were grouped in 

four categories, demographic, socioeconomic, social care, and territorial, and a linear 

weighted aggregation was conducted to obtain a final vulnerability index. Following 

Stapleton and Garrod (2007), we chose to give the same weight to the dimensions and 

distribute the weights proportionally within each dimension. Note that this dimension’s 

aggregation method allows compensation between them. This is, authors assume that, 

for example, a low score in the level of income can be compensated (according to the 

assigned weights) by an increase in the level of education and this compensation is 

constant. 

About the COVID-19 data, the Andalusian Health Service provided has data on 

the total number of confirmed COVID-19 infections in Malaga daily for each census 

tract for the whole period between March 5, 2020 to March 31, 2021, covering the first 

four waves of the pandemic (Figure 3).  

With this data, we computed for each CT the numbers of accumulated cases by 

1,000 inhabitants over the previous 14 days period. The date limits for each wave were 

fixed according to the main local minimum of the curve of the evolution of the pandemic 
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in Figure 3. The starting dates of the three waves were June 21, 2020, October 12, 2020, 

and March 31, 2021 (Table 1). Therefore, each CT has its own unique pandemic profile, 

as indicated by the four representative CTs in Figure 4. 

Finally, all this information was used for statistical, graphical, and cartographic 

analyses, to try to deeper understand the incidence on the different CTs of Malaga. The 

unit of spatial reference was the CT, the same spatial unit used in the vulnerability index 

previously described.  

3.3. Methods 

Cross-referencing information from the vulnerability index with information on the 

waves of COVID-19 required the generation of a method that considered spatial and 

temporal variables. In the last decade, there has been an increased interest in the cluster 

approach as a regional development tool despite its non-parametric character. In 

general, parametric measures have been used for regions with relatively reliable and 

continuous information sources, whereas non-parametric measures have been used in 

regions with lower-quality information (Nguimkeu and Tadadjeu 2021). However, the 

study of COVID-19 incidence have required the use of non-parametric statistics, as 

cluster technique to generate more robust and explanatory results without losing basic 

information (Khavarian-Garmsir, Sharifi and Moradpour 2021; Rahman 2021). 

Most of the analysis regarding the incidence of COVID19 are using the accumulated 

incidence as the main measure to stablish incidences patterns (see for example Marí-

Dell’Olmo et alt., 2021 in Barcelona case), but it has been shown how these patterns are 

also changing in time, as for example in Galacho-Jiménez et alt., 2022 or in Bárcena-

Martín et al.t, 2022. In these papers it was shown how the incidence patterns are 

changing along the time, and so a tempo-spatial analysis is more appropriate than 
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spatial analysis using only accumulated incidence through the whole pandemic. This 

means, that, for example, in the locations shown in Figure 4 the accumulated incidence 

through the whole period could be similar in the four cases, but clearly the peaks and 

valleys (this is, the patterns) are so different for the four cases. To find and analyze 

these tempo-spatial patterns, we must compare the 434 incidence curves through the 

392 days of the pandemic (during the period of March 5, 2020 to March 31, 2021), to 

find common and simultaneous features in these temporal series. And, to this aim, we 

are going to use a clustering method, the K-means method, implemented using the 

Python package Kmeans. The K-means method (Hartigan and Wong, 1979) is one of 

the most widely used clustering methods (Ja-Shen et al. 2004). It aims to partition a set 

of n observations into k groups, in which each observation belongs to the group whose 

mean value is the closest. This method has been used in diverse fields, (e.g., as market 

segmentation (Lichtenstein et alt, 1997), computer vision (Frigui and Krishnapuram, 

1999), geostatistics (Fouedjio, 2016), astronomy (Jang and Hendry, 2007)), data mining 

(Berkhin, 2006) even in the study of the home dwell time during COVID-19 (Huang et 

al, 2020).  

In our case, the K-means algorithm was applied to the matrix of Euclidean 

distances between all the pairs of CT curves. Because each CT curve can be considered 

a 392-dimensional vector, the Euclidean distance in that 392-dimensional space was 

used to determine the similarity of each pair of curves; this is, to determine common 

and simultaneous features among these 434 temporal curves. Initial testing of different 

values for k (number of clusters) led to a selection of 5, because a k of 6 led to a very 

small number of members, preventing general conclusions about relationships. 

For this methodology, we selected the number of clusters (k) using the well-

known Elbow Method, that tries to minimize the within-cluster sum of squared errors 
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(WSS). The idea behind this method is looking at the total WSS as a function of the 

number of clusters and choose a number of clusters so that adding another cluster 

doesn’t improve the total WSS. Figure 5 is a plot of the WSS curve according to the 

number of clusters k. 

In this curve, it is shown how from k=5, the improve of the WSS starts to be 

rather marginal. On the other hand, another important aspect when choosing k is the 

size of the resulting clusters. In order to obtain general conclusions when studying the 

resulting clusters, is so important to avoid having too small clusters, because the 

obtained conclusions will be marginal and so less interesting. So, together with the 

WSS, we are considering the cardinal (size) of the smallest cluster for each value of k, 

to avoid choosing a number of clusters generating marginal clusters, this is, too small 

cluster, that are not useful for generalizing purposes.  

Figure 6 is including the WSS value and the size of the smallest cluster for each 

k. Again, from k=5 the size of the smallest cluster is dropping from 17 to 2. This is, 

when k is greater than 5 we start to have clusters with size 2 or less, that are not useful 

to obtain general conclusions from its information. For these reasons, we adopted k=5 

as the optimal value for our analysis, as k=5 was shown to be the best option when 

considering the minimization of the WSS value and avoiding too small clusters. 

4. Results 

The geospatial and temporal analysis obtained five clusters based on the Euclidian 

distance between each pair of the COVID-19 time-evolution curves for each CT, that 

are shown in Figure 7. This clusters are built only according to the COVID-19 data, but 

examining the vulnerability values on each cluster, we tried to stablish relations with the 

COVID-19 tempo-spatial profiles on that clusters. Note that these relations will not only 
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be spatial but also temporal, as the clusters are built considering the daily COVID-19 

curves. So is, including the time-moving patterns detected on previous studies 

(Galacho-Jiménez et alt., 2022; Bárcena-Martín et al.t, 2022), where the correlation 

analysis showed that there is not a time-constant relation between vulnerability and 

COVID-19 incidence. Within this analysis, we tried to find common vulnerability 

features among the CTs showing a common temporal COVID-19 evolution, this is, with 

those CTs being on the same cluster.    

Our results indicated a clear distinction of the most vulnerable CTs (clusters 1, 3 

and 4) from the least vulnerable CTs (clusters 2 and 5). We therefore analyzed these 

two groups separately, starting with the least vulnerable CTs (Figure 8). These least 

vulnerable CTs were in cluster 2 (which has many elderly people) and cluster 5 (which 

has many young people). 

Cluster 2 (elderly and upper class) includes CTs with the best socioeconomic 

conditions and quality of care (high income, high work intensity, advanced education, 

and little need for social interventions or material needs). However, it is also a 

demographically vulnerable population, mainly because many of these individuals are 

elderly and live alone. Some of the CTs in this cluster have less than ideal average 

environmental conditions due to temperature, slope, and poor access to services, 

although this cluster has the largest home size. This cluster includes neighborhoods in 

the eastern part of Malaga and parts of the historic center, as well as some areas of 

Teatinos and the west coast. It is the second largest cluster. 

Overall, the CTs in cluster 2 had a low incidence of COVID-19 and the number 

of cases remained low during almost all the waves, although there was a slightly 

increased incidence during the fourth wave. It should be noted that although the 
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pandemic curves for this cluster had lower maxima, they maintained higher for longer 

time.  

Cluster 5 (young upper-middle class) had positive conditions in all the 

vulnerability sub-indices and in almost all the variables studied. These CTs include 

neighborhoods with a medium-high income, high labor intensity, low unemployment 

rate, low social care needs, and young age. These CTs are distributed throughout 

Malaga and, although they are not in the most environmentally benign areas, they are in 

regions with good environmental conditions, but there is also a significant concentration 

on slopes and in areas affected by flooding. This is the third largest of the five clusters, 

and mainly consists of young upper middle-class individuals. 

The incidence of COVID-19 in cluster 5 increased during the different waves, 

with considerable intensity and slow recovery after the wave passed. The SCs CTs in 

this cluster seemed to be first affected by the different waves, but were also the first to 

experience resolution. It seems these neighborhoods had high resilience. The main 

reason to explain these high rates on COVID-19 on a non-vulnerable population could 

be mobility. These cluster is made up of young upper-middle class population, who 

travels more than average population, not only due to labor reasons, but also on 

holidays. On the other hand, most of the medical professionals lie on this upper middle- 

class, and they are more exposed to COVID infection. 

We then examined the three clusters with the most vulnerability (Figure 5 9). 

Cluster 1 (lower-middle class) includes SCs CTs with moderate socioeconomic status, 

welfare vulnerability, and low income levels and work intensity. The population is 

young, although life expectancy is lower than in clusters 2 and 5. These individuals 

make intensive use of social services, despite having low rates of dependency and being 

young. On the other hand, the environmental conditions of the neighborhoods were not 
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bad, despite the small house sizes, and many of the homes are located in coastal areas or 

in the foothills of mountains. This is the largest cluster and, according to income level, 

these individuals would be classified as middle class or lower-middle class. 

In these SCs CTs, the incidence of COVID-19 was very high during the fourth 

wave, with a moderate increase before the maximum and a moderate decrease after the 

maximum, but a lower maximum than cluster 5, perhaps because of the higher rate of 

social public care. 

Cluster 3 (young lower middle class) includes CTs with greater socioeconomic 

vulnerability than cluster 1, and includes individuals with low income, very low labor 

intensity and a high value on severe material deprivation. This cluster is younger than 

cluster 1, with a lower dependency ratio, and older people who live alone. It also 

included SCs CTs in which the family units consisted of parents who are unemployed 

and have greater material deprivation. However, the individuals in this cluster make less 

use of social services than those in cluster 1, perhaps because these people are in more 

isolated areas and have less education. These CTs include neighborhoods scattered 

throughout Malaga, on the urban periphery, and in working-class neighborhoods of 

western Malaga. 

The pandemic manifested slowly in the CTs of this cluster, although there was a 

much greater increase in incidence during the fourth wave than in cluster 1, 2, and 5. As 

shown in the contagion curves, the contagion in these most vulnerable communities is 

slow at the beginning, but the affection is higher after some time. It means that the 

initial contagions are found in the less vulnerable areas, probably due to their higher 

mobility, for labor and leisure reasons, and to the fact that the sanitary workers are more 

likely to be found on less vulnerable community. These facts have been already shown 

before in the literature: the higher geographical mobility of middle- and high-income 
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individuals in rich countries, for leisure or business travel (Bonaccio et al., 2020); or the 

higher proportion of workers in occupations most likely to be exposed such as doctors 

or nurses, who generally have a high socioeconomic status (Public Health England, 

2020). Hospitals also have been shown as major carriers of Covid-19 over the first 

phase of the pandemic, as they quickly become populated with infected patients, 

facilitating transmission to uninfected patients and doctors and nurses (Nacoti et al., 

2020). So, the initial contagions look to appear more likely on middle class areas, being 

then the more vulnerable areas less affected at the beginning. But, once the virus starts 

to spread to the rest of the population (more vulnerable), their living conditions are 

worse to stop this spread, due, for example, to a higher density of population, and then 

the contagion starts to be faster and higher in these areas. 

Cluster 4 (elderly lower class) includes a small number of CTs, but these CTs 

were highly vulnerable. They are in neighborhoods with the poorest people, the lowest 

incomes, low labor intensity indexes, significant need for social services, and significant 

dependency rates. Although the age was not very high, it was older than cluster 3. These 

CTs are in neighborhoods near the Natural Park, so have a high risk of flooding. 

The neighborhoods in cluster 4 experienced the largest peaks during all four 

waves. During the fourth wave, the incidence increased up to about 25 cases per 1000. 

Although the decline after the fourth wave was rapid, it was less rapid than for cluster 3. 

Analysis of all five clusters indicated that cluster 4 had the greatest vulnerability, 

in that it had the greatest number of cases during each wave (Figure 10). Cluster 2 was 

the least vulnerable, and even though it had an elderly population the number of cases 

was low during all waves. On the contrary, cluster 5, which consisted of young and 

vulnerable individuals, seemed to have had high levels of disease during the initial 

waves, with maxima earlier than other clusters. However, this cluster had fewer cases 
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during the fourth wave compared to other neighborhoods that were young but more 

vulnerable. 

These results indicated that CTs with older people responded differently 

according to their vulnerability. The least vulnerable had fewer infections, and these 

elderly people mostly remained safe and protected; however, the elderly from the most 

vulnerable neighborhoods had the greatest number of infections and were most affected 

by each of the four waves.  

Interestingly, the younger CTs that were least vulnerable seemed to develop 

maxima earlier than the other clusters, but in a more controlled way, except during the 

first wave. Among the young clusters, cluster 3 had the worst outcome, probably 

because many of these families live in small houses, have low work intensity, and 

experience severe material deprivation. 

We also analyzed the time of onset and the time when decline began during each 

of the three waves. (Table 2).  

Cluster 5 (young upper-middle class) had the first onset in wave 1 (day 64) and 

wave 3 (day 346). Because the second wave consisted of two concatenated waves, the 

clusters had somewhat different behaviors at that time. Below, we also considered the 

maximum of each cluster during each wave. After the onset of wave 1 in cluster 5, the 

COVID-19 wave began to appear in the other clusters, starting with the youngest cluster 

and ending with the oldest cluster. Thus, cluster 4 (elderly and lower class) had the last 

onset (day 74) and the highest maximum (Figure 11) for wave 1. 

During the second wave, cluster 4 (elderly and lower class) had the most 

infections, and cluster 2 (elderly and upper class) had the fewest (Figure 12). Cluster 5 

(young and upper-middle class) had fewer infections, a later onset, and a rapid decline. 
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During the third and most severe wave, cluster 4 (elderly and lower class) again 

fared the worst, and cluster 5 (young and upper-middle class) had the first onset and the 

most rapid decline (Figure 13). Cluster 3 (young and lower-middle class) had a later 

onset, but a higher maximum, and a slower decline than clusters 1, 2, and 5.  

5. Discussion 

COVID 19 has been a severe setback to sustainable development throughout the world. 

Numerous authors proposed that only an integrated and holistic analysis of current 

policies will be able to restore the goals for the future proposed in the United Nations 

2030 Agenda (Sachs et al., 2020). 

Quitar de las referencias: Hallencreutz, D., & Lundequist, P. E. R. (2003). 

Spatial clustering and the potential for policy practice: Experiences from cluster-

building processes in Sweden. European Planning Studies, 11(5), 533-547. 

In these analysis, clustering has been demonstrated to be an useful tool. In 

Fransiska, H. (2021), author used clustering to classify Indonesian provinces according 

to their COVID mortality, to help authorities to design their policies.  In Ojua et al. 

(2022) they implemented a K-means cluster analysis for the effective distribution of 

medial supplies and policy making during the pandemic in Nigeria. Analogously, 

Huang et alt. (2020) used also a K-means clustering approach to show how 

demographic/socioeconomic variables can explain the disparity in home dwell time in 

response to the stay-at-home order. Their study revealed that in Metro Atlanta the long-

standing inequity issue in the U.S. stands in the way of the effective implementation of 

social distancing measures.    

In many cities, the pandemic reinforced the need to analyze data at the micro-

scale to develop effective solutions to the problems and needs of the entire population, 
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especially the most vulnerable groups (Acuto et al., 2021). There have been glaring 

deficiencies in the availability of reliable data on the impact and scope of COVID-19 in 

vulnerable populations. In the case of Malaga, we were able to build a database using 

information provided by the Junta de Andalucía. However, during the first waves of the 

pandemic there were not enough tests available and many possibly infected individuals 

remained in their homes and were not registered. This reduced the reliability of some of 

our results and limited our ability to reach definitive conclusions. 

On the other hand, our analysis of urban vulnerability based on composite 

indicators was also used by many previous researchers (see, for instance, Egea Jiménez 

et al., 2008; Ayuntamiento de Madrid, 2018, Bárcena-Martín et alt., 2022). In the case 

of Malaga, we used a system that was established based on available census 

information. The global vulnerability index that we used (Bárcena- Martín et al., 2021) 

provides a ‘snap shot’ of the status of neighborhoods, although many changes occurred 

during the waves of the COVID-19 pandemic. Ideally, we should assess vulnerability 

before, during, and after the pandemic, and identify new variables that allow the 

construction of a more dynamic vulnerability index. Besides, such a more dynamic 

index could let as analyze another important feature within the COVID pandemic, the 

sanitary and socio-economic resilience among the different communities, that is 

something that cannot be properly studied with this kind of index.    

We therefore suggest that future research in this area should include variables 

related to the labor market, which can vary on a monthly basis, and population mobility 

(which could be determined by use of mobile devices, Kolesnichenko et al., 2021). 

Likewise, given the metropolitan nature of the city of Malaga and the importance of 

population mobility for disease transmission, COVID-19 indexes and data for other 

municipalities around the capital should be included in future research, as we must 
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assume that people living in the metropolitan area played also an important role on the 

COVID spread.   

Finally, we chose Málaga as a case study because it is the second biggest city in 

the south of Spain, our region, but there’s a lack of research on the rural and more 

isolated areas. It would be so interesting to explore the spread out of the main cities, and 

compare the results with the metropolitan areas, to more deeply understand the key 

factors and the socio-economic consequences of the COVID spread. 

6. Conclusions 

As Adams (2017) indicated, achieving the goals of the United Nations 2030 Agenda 

requires the development of tools that measure the multidimensional nature of 

sustainability, and allow a reliable characterization of the initial situation and the results 

of an intervention. The present research focused on the conditions of the current 

population and demonstrated the importance of spatial analysis for locating the most 

vulnerable groups so that appropriate policies can be implemented. 

Furthermore, we observed that assessment of global vulnerability requires a 

detailed spatial analysis, and also a sectoral analysis that considers economic, social, 

environmental, welfare vulnerability, medical and similar variables. Only in this way 

will it be possible to design spatially integrated policies, plans, and projects that correct 

underlying structural inequalities (Ludovic et al, 2022). 

Stiglitz (2020) and other authors emphasized that COVID-19, like many other 

crises, did not affect everyone equally, and that the most vulnerable groups suffered the 

most in terms of health consequences and subsequent economic effects. Our results 

indicated that this interpretation also applies to Malaga. In particular, the most 

vulnerable neighborhoods were those most affected by the COVID 19 pandemic. It may 
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seem counterintuitive that the pandemic began in neighborhoods that had more 

socioeconomic resources and a younger population. However, this may be because this 

population travels more and includes many employees in the health sector, who may 

have been exposed to COVID-19. However, the virus has been more devastating in 

neighborhoods that have elderly people who live under the worst socioeconomic 

conditions. Our use of a small spatial reference unit — the CT — greatly facilitated our 

identification of the most affected groups. 

Our results thus emphasize the importance of considering the spatial and 

temporal scale for analysis of planning strategies and evaluation of urban policies. The 

use of geographic information systems and the construction of indices from different 

sectoral indices is an effective approach for these analyses that should be more widely 

used to address similar problems in other areas. 

Acknowledgements 

The authors gratefully appreciate the financial support provided by the call for research 

proposals “Convocatoria para proyectos de investigación sobre el SARS-COV-2 y la 

enfermedad COVID19. Programa Operativo FEDER de Andalucía 2014-2020”. This 

paper is part of the project entitled “Vulnerabilidad y Resiliencia post-COVID en el área 

metropolitana de Málaga” (Code: CV20-27760). 

 

Disclosure statement 

The authors report there are no competing interest to declare.  

 

References 

 

Acuto, M., Dickey, A., Butcher, S., & Washbourne, C. L. (2021). Mobilising urban 

knowledge in an infodemic: Urban observatories, sustainable development and 



23 

 

the COVID-19 crisis. World Development, 140, 105295. 

https://doi.org/10.1016/j.worlddev.2020.105295. 

Adams, C. A. (2017). The Sustainable Development Goals, integrated thinking and the 

integrated report. ICAS and Integrated Report, IR. 

Adekunle, I.A.; Onanuga, A.T.; Akinola, O.O.; Ogunbanjo, O.W. Modelling spatial 

variations of coronavirus disease (COVID-19)  in Africa. Sci. Total Environ. 

2020, 729, 138998.  

Ahmed, F., Ahmed, N., Pissarides, C., & Stiglitz, J. (2020). Why inequality could 

spread COVID-19. Public Health, 5(5). 

Anselin, L. Local Indicators of Spatial Association-LISA. Geogr. Anal. 1995, 27, 93–

115.  

Ayuntamiento de Madrid (2018). Metodología para la elaboración del índice de 

vulnerabilidad territorial de barrios y distritos de Madrid y ranking de 

vulnerabilidad. Madrid: Coordinación territorial y cooperación político-social. 

Ayuntamiento de Madrid (2020): Estudio de análisis georreferenciado predictivo y 

elaboración de cuadros de mando ante el impacto socioeconómico del COVID-

19 sobre la población vulnerable y demanda asistencial de la ciudad de Madrid. 

Dirección General de Innovación y Estrategia Social, Área de Familias, igualdad 

y bienestar social. ESRI España. Noviembre 2020. 

Bárcena-Martín, E., García-Peña, C., Marín Cots, P., Molina Luque, J., Palomares 

Pastor, M., Ruiz Sinoga, J.D. (2021). Vulnerabilidad en los barrios de Málaga. 

Edición Fundación CIEDES. ISBN: 978-84-09-32208-4. 

Bárcena-Martín, E., Molina, J., Muñoz-Fernández, A. and Pérez Moreno, S. (2022) 

Vulnerability and COVID-19 infection rates: a changing relationship during the 

first year of the pandemic. Economics and Human Biology. 

https://doi.org/10.1016/j.ehb.2022.101177  

Berkhin, P. (2006). A survey of clustering data mining techniques. In Grouping 

multidimensional data (pp. 25-71). Springer, Berlin, Heidelberg. 

Bonaccio, M., Iacoviello, L., Donati, M. B., and de Gaetano, G. (2020). A 

Socioeconomic Paradox in the Covid-19 Pandemic in Italy: a Call to Study 

Determinants of Disease Severity in High and Low-Income Countries. 

Mediterranean Journal of Hematology and Infectious Diseases, 12(1), e2020051. 



24 

 

Bourdin, S., Jeanne, L., Nadou, F., & Noiret, G. (2021). Does lockdown work? A 

spatial analysis of the spread and concentration of Covid-19 in Italy. Regional 

Studies, 55(7), 1182-1193. 

Buffalo, L., & Rydzewski, A. L. (2021). Territorial dynamics of the COVID-19 

pandemic in the province of Córdoba, Argentina. Boletín de la Asociación de 

Geógrafos Españoles nº 91. https://doi.org/10.21138/bage.3149 

Coccia, M. Factors determining the diffusion of COVID-19 and suggested strategy to 

prevent future accelerated viral infectivity similar to COVID. Sci. Total Environ. 

2020, 729, 138474.  

Cordes, J., & Castro, M. C. (2020). Spatial analysis of COVID-19 clusters and 

contextual factors in New York City. Spatial and Spatio-temporal Epidemiology, 

34, 100355. 

De Caprio, D.; Gartner, J.; McCall, C.J.; Burgess, T.; Garcia, K.; Kothari, S.; Sayed, S. 

Building a COVID-19 Vulnerability Index.  arXiv 2020, arXiv:2003.07347. 

Desjardins, M.; Hohl, A.; Delmelle, E. Rapid surveillance of COVID-19 in the United 

States using a prospective space-time scan statistic: Detecting and evaluating 

emerging clusters. Appl. Geogr. 2020, 118, 102202.  

Egea Jiménez, C., & Soledad Suescún, J. I. (2008). Migraciones y conflictos: el 

desplazamiento interno en Colombia. Convergencia, 15(47), 207-235. 

European Comission (2021). Análisis de los patrones espaciales de la pandemia de 

COVID-19. Available online: https://cordis.europa.eu/article/id/418443-

analysing-the-spatial-patterns-of-the-covid-19-pandemic/es (accessed on 16 

September 2022) 

Fekadu, G., Bekele, F., Tolossa, T., Fetensa, G., Turi, E., Getachew, M., ... & Labata, B. 

G. (2021). Impact of COVID-19 pandemic on chronic diseases care follow-up 

and current perspectives in low resource settings: a narrative review. 

International Journal of Physiology, Pathophysiology and Pharmacology, 13(3), 

86. 

Flood, S., Jerez Columbié, Y., Le Tissier, M., & O’Dwyer, B. (2021). Introduction: Can 

the Sendai Framework, the Paris Agreement, and Agenda 2030 Provide a Path 

Towards Societal Resilience? In Creating Resilient Futures (pp. 1-19). Palgrave 

Macmillan, Cham. 

https://doi.org/10.21138/bage.3149
https://cordis.europa.eu/article/id/418443-analysing-the-spatial-patterns-of-the-covid-19-pandemic/es
https://cordis.europa.eu/article/id/418443-analysing-the-spatial-patterns-of-the-covid-19-pandemic/es


25 

 

Fouedjio, F. (2016). A hierarchical clustering method for multivariate geostatistical 

data. Spatial Statistics, 18, 333-351. 

Franch-Pardo, I., Napoletano, B. M., Rosete-Verges, F., & Billa, L. (2020). Spatial 

analysis and GIS in the study of COVID-19. A review. Science of the total 

environment, 739, 140033.  

Fransiska, H. (2021, March). Clustering Provinces in Indonesia Based on Daily Covid-

19 Cases. In Journal of Physics: Conference Series (Vol. 1863, No. 1, p. 

012015). IOP Publishing. 

Frigui, H., & Krishnapuram, R. (1999). A robust competitive clustering algorithm with 

applications in computer vision. Ieee transactions on pattern analysis and 

machine intelligence, 21(5), 450-465. 

Fu, X., & Zhai, W. (2021). Examining the spatial and temporal relationship between 

social vulnerability and stay-at-home behaviors in New York City during the 

COVID-19 pandemic. Sustainable cities and society, 67, 102757. 

Galacho-Jiménez, Federico B., David Carruana-Herrera, Julián Molina, and José D. 

Ruiz-Sinoga (2022) "Tempo-Spatial Modelling of the Spread of COVID-19 in 

Urban Spaces" International Journal of Environmental Research and Public 

Health 19, 9764.  https://doi.org/10.3390/ijerph19159764 

García, C. R., Iftimi, A., Briz-Redón, Á., Zanin, M., Otero, M., Ballester, M., ... & 

Lozano, M. (2021). Trends in Incidence and Transmission Patterns of COVID-

19 in Valencia, Spain. JAMA Network Open, 4(6), e2113818-e2113818. 

Gross, B.; Zheng, Z.; Liu, S.; Chen, X.; Sela, A.; Li, J.; Li, D.; Havlin, S. Spatio-

temporal propagation of COVID-19 pandemics. EPL Europhys. Lett. 2020, 131.  

Hacker KA, Briss PA, Richardson L, Wright J, Petersen R. (2021). COVID-19 and 

Chronic Disease: The Impact Now and in the Future. Prev Chronic Dis 

2021;18:210086. http://dx.doi.org/10.5888/pcd18.210086 

Hallencreutz, D., & Lundequist, P. E. R. (2003). Spatial clustering and the potential for 

policy practice: Experiences from cluster-building processes in Sweden. 

European Planning Studies, 11(5), 533-547. 

Hartigan, J. A.; Wong, M. A. (1979). «Algorithm AS 136: A k-medias Clustering 

Algorithm». Journal of the Royal Statistical Society, Series C (Applied 

Statistics) 28 (1): 100-108. 

https://doi.org/10.3390/ijerph19159764
http://dx.doi.org/10.5888/pcd18.210086


26 

 

Huang, X., Li, Z., Lu, J., Wang, S., Wei, H., & Chen, B. (2020). Time-series clustering 

for home dwell time during COVID-19: what can we learn from it?. ISPRS 

International Journal of Geo-Information, 9(11), 675. 

Jang, W., Hendry, M. (2007). Cluster analysis of massive datasets in astronomy. 

Statistics and Computing, 17(3), 253-262. 

Ja-Shen Chen, Russell K H Ching & Yi-Shen Lin (2004) An extended study of the K-

means algorithm for data clustering and its applications, Journal of the 

Operational Research Society, 55:9, 976-987. 

Johnson, D. P., Ravi, N., & Braneon, C. V. (2021). Spatiotemporal associations between 

social vulnerability, environmental measurements, and COVID‐19 in the 

conterminous United States. GeoHealth, 5(8), e2021GH000423. 

Karaye, I., & Horney, J. (2020). The Impact of Social Vulnerability on COVID-19 in 

the U.S.: An Analysis of Spatially Varying Relationships, American Journal of 

Preventive Medicine, Volume 59, Issue 3, 2020, Pages 317-325, ISSN 0749-

3797, https://doi.org/10.1016/j.amepre.2020.06.006. 

Kayanan, C., Moore-Cherry, N., & Clavin, A. (2021). Cities under lockdown: Public 

health, urban vulnerabilities and neighborhood planning in Dublin. Global 

reflections on Covid, 19, 189-198. 

Khavarian-Garmsir, A.M., Sharifi, A., and Moradpour, N. (2021): Are high-density 

districts more vulnerable to the COVID-19 pandemic?, Sustainable Cities and 

Society, Volume 70, 102911, ISSN 2210-6707, 

https://doi.org/10.1016/j.scs.2021.102911. 

Kiaghadi A, Rifai HS, Liaw W. Assessing COVID-19 risk, vulnerability and infection 

prevalence in communities. PLoS ONE 2020;15(10): e0241166. 

https://doi.org/10.1371/journal.pone.0241166. Accessed September 20, 2022. 

Krellenberg, K., & Koch, F. (2021). Conceptualizing interactions between SDGs and 

urban sustainability transformations in Covid-19 times. Politics and Governance, 

9(1), 200-210. 

Kolesnichenko, O., Mazelis, L., Sotnik, A., Yakovleva, D., Amelkin, S., Grigorevsky, 

I., & Kolesnichenko, Y. (2021). Sociological modeling of smart city with the 

implementation of UN sustainable development goals. Sustainability Science, 

16(2), 581-599. https://doi.org/10.1007/s11625-020-00889-5 

https://doi.org/10.1016/j.scs.2021.102911
https://doi.org/10.1007/s11625-020-00889-5


27 

 

Labib, S.M.; Lindley, S.; Huck, J.J. Scale effects in remotely sensed greenspace metrics 

and how to mitigate them for envi-ronmental health exposure assessment. 

Comput. Environ. Urban Syst. 2020, 82, 101501.  

Lai, P.-C.; So, F.-M.; Chan, K.-W. Spatial Epidemiological Approaches in Disease 

Mapping and Analysis; CRC Press: Boca Raton, FL, USA, 2009. 

Lall, S.; Wahba, S. La Construcción de Ciudades Inclusivas y Sostenibles en el Período 

de Recuperación de la Pandemia no es un Mito urbano. Grupo Banco Mundial 

2020. Available online: https://www.bancomundial.org/es/news/immersive-

story/2020/06/18/no-urban-myth-building-inclusive-and-sustainable-cities-in-

the-pandemic-recovery (accessed on 17 September 2022). 

Lee, J., Ramírez, I.J. Geography of disparity: connecting COVID-19 vulnerability and 

social determinants of health in Colorado. Behavioral Medicine. 2021. 

ttps://www.tandfonline.com/doi/full/10.1080/08964289.2021.2021382 

Lichtenstein DR, Burton S and Netemeyer RG (1997). An examination of deal 

proneness across sales promotion types: A consumer segmentation perspective. J 

Retailing 73: 283–297. 

Ludovic, J., Bourdin, S., Nadou, F., & Noiret, G. (2022). Economic globalization and 

the COVID-19 pandemic: global spread and inequalities. GeoJournal. 

Macharia, PM., Joseph, NK. and Okiro, EA, 2020. A vulnerability index for COVID-

19: spatial analysis at the subnational level in Kenya. BMJ Global Health 

2020;5:e003014. https://gh.bmj.com/content/5/8/e003014.citation-tools 

Marí-Dell’Olmo, Marc, Mercè Gotsens, M I. Pasarín, Maica Rodríguez-Sanz, Lucía 

Artazcoz, Patricia Garcia de Olalla, Cristina Rius, and Carme Borrell. 2021. 

"Socioeconomic Inequalities in COVID-19 in a European Urban Area: Two 

Waves, Two Patterns" International Journal of Environmental Research and 

Public Health 18, no. 3: 1256. 

Maroko, A.R., Nash, D. & Pavilonis, B.T. COVID-19 and Inequity: a Comparative 

Spatial Analysis of New York City and Chicago Hot Spots. J Urban Health 97, 

461–470 (2020). https://doi.org/10.1007/s11524-020-00468-0 

Miramontes Carballada, Ángel, Lois González, R., Perles Roselló, M. J., & Miranda 

Páez, J. (2021). Riesgo de contagio por COVID-19 en un entorno urbano 

(Málaga, noviembre del 2020). Boletín De La Asociación De Geógrafos 

Españoles, (91).  

https://gh.bmj.com/content/5/8/e003014.citation-tools
https://doi.org/10.1007/s11524-020-00468-0


28 

 

Mishra, S. V., Gayen, A., & Haque, S. M. (2020). COVID-19 and urban vulnerability in 

India. Habitat international, 103, 102230. 

https://doi.org/10.1016/j.habitatint.2020.102230. 

Mollalo, A.; Vahedi, B.; Rivera, K.M. GIS-based spatial modeling of COVID-19 

incidence rate in the continental United States. Sci.  Total Environ. 2020, 728, 

138884.  

Moraci, F., Errigo, M. F., Fazia, C., Campisi, T., & Castelli, F. (2020). Cities under 

pressure: Strategies and tools to face climate change and pandemic. 

Sustainability, 12(18), 7743. https://doi.org/10.3390/su12187743. 

Nacoti, M., Ciocca, A., Giupponi, A., Brambillasca, P., Lussana, F., Pisano, M., et al. 

(2020). At the epicenter of the Covid-19 pandemic and humanitarian crises in 

Italy: Changing perspectives on preparation and mitigation. NEJM Catalyst 

Innovations in Care Delivery, 1(2). 

Nguimkeu, P. and Tadadjeu, S. (2021). Why is the number of COVID-19 cases lower 

than expected in Sub-Saharan Africa? A cross-sectional analysis of the role of 

demographic and geographic factors. World Development, 138, 105251. 

https://doi.org/10.1016/j.worlddev.2020.105251 

Ojua, D. N., Ojua, E. O., Ojewale, T. T., Ashiwere, A. J., & Amadigwe, S. C. (2022). 

K-means clustering as a tool for effective distribution of resources and policy 

making:Using Nigeria Covid-19 medical supplies as a case study.  

Pfeiffer, D.U.; Robinson, T.P.; Stevenson, M.; Stevens, K.B.; Rogers, D.J.; Clements, 

A.C.A. Spatial Analysis in Epidemiology; Oxford University Press: Oxford, 

UK, 2008; p. 142. 

Public Health England (2020). Disparities in the risk and outcomes of Covid-19. 

London: PHE. 

Rahman, M.R., Islam, A.H.M.H. and Islam, M.N /2021). Geospatial modelling on the 

spread and dynamics of 154 day outbreak of the novel coronavirus (COVID-19) 

pandemic in Bangladesh towards vulnerability zoning and management 

approaches. Model. Earth Syst. Environ. 7, 2059–2087. 

https://doi.org/10.1007/s40808-020-00962-z 

Risi, F., Maxwell, L., Scheurer, L., & Grisel, M. (2020). The New Leipzig Charter and 

the JRC's urban activities. Exploring the role of science for policy post 2020 

(No. JRC122792). Joint Research Centre (Seville site). Doi:10.2760/232000. 

https://doi.org/10.1016/j.habitatint.2020.102230
https://doi.org/10.3390/su12187743
https://doi.org/10.1016/j.worlddev.2020.105251
https://doi.org/10.1007/s40808-020-00962-z


29 

 

Rodríguez-Pose, A. y Burlina, C. (2021). Institutions and the uneven geography of the 

first wave of the COVID-19 pandemic. Journal of Regional Science.  Volume 

61, Issue 4. Special Issue: COVID‐19 and Regional Economies. Pages: 687-881.  

Sachs, J., Schmidt-Traub, G., Kroll, C., Lafortune, G., Fuller, G., & Woelm, F. (2021). 

Sustainable development report 2020: The sustainable development goals and 

covid-19 includes the SDG index and dashboards. Cambridge University Press. 

Sajadi, M.M.; Habibzadeh, P.; Vintzileos, A.; Shokouhi, S.; Miralles-Wilhelm, F.; 

Amoroso, A. Temperature and Latitude Analysis to Predict Potential Spread and 

Seasonality for COVID-19. SSRN Electron. J. 2020, 3550308.  

Sharifi, A., & Yamagata, Y. (2017). Towards an integrated approach to urban resilience 

assessment. APN Science Bulletin, 7(1). doi:10.30852/sb.2017.182). 

Sharoda, D.; Bowen, V.; Leidner, A.; Fletcher, K.; Musial, M.; Rose, C.; Cha, A.; Kang, 

G.; Dirlikov, E.; Pevzner, E.; Rose, D.; Ritchey, M; Villanueva, J.; Philip, C.; 

Liburd, L. & Oster A. (2020). Association Between Social Vulnerability and a 

County’s Risk for Becoming a COVID-19 Hotspot — United States, June 1–

July 25, 2020. Center for Disease Control and Prevention. MMWR Morb Mortal 

Wkly Rep. 2020 Oct 23; 69(42): 1535–1541. 

https://dx.doi.org/10.15585%2Fmmwr.mm6942a3 

Stapleton, L. and Garrod, G.D. (2007): Keeping Things Simple: Why the Human 

Development Index should not diverse from its equal weights assumption. 

Social Indicators Research, 84, 179-88. 

Stiglitz, J. E. (2020). Priorities for the COVID-19 Economy. Project Syndicate. July, 1. 

UNSSC (2017). Understanding the Dimensions of Sustainable Development. Available 

online: https://www.unssc.org/news-and-insights/news/understanding-

dimensions-sustainable-development-now-available-8-languages/ (accessed on 4 

August 2021). 

Wang, C., Li, Z., Clay Mathews, M., Praharaj, S., Karna, B., & Solís, P. (2020). The 

spatial association of social vulnerability with COVID-19 prevalence in the 

contiguous United States. International Journal of Environmental Health 

Research, 1-8. 

Whitehead, M., Barr, B., & Taylor-Robinson, D. (2020). Covid-19: We are not “all in it 

together”—less privileged in society are suffering the brunt of the damage. 

Available online: https://blogs.bmj.com/bmj/2020/05/22/covid-19-we-are-not-

https://dx.doi.org/10.15585%2Fmmwr.mm6942a3


30 

 

all-in-it-together-less-privileged-in-society-are-suffering-the-brunt-of-the-

damage/. 

World Health Organization (2015). Emergencies preparedness, response: factors that 

contributed to undetected spread of the Ebola virus and impeded rapid 

containment. Available online: https://www.who.int/csr/ disease/ebola/one-year-

report/factors/en/ (accessed 20 May 2015). 

Xie, Z.; Qin, Y.; Li, Y.; Shen, W.; Zheng, Z.; Liu, S. Spatial and temporal 

differentiation of COVID-19 epidemic spread in mainland China and its 

influencing factors. Sci. Total Environ. 2020, 744, 140929. 

 

 

 

 

  



31 

 

WAVE1 WAVE2 WAVE3 

till day 172 till day 344 till day 455 

21/6/20 10/12/20 31/3/21 

Table 1. Dates considered as the beginning of each wave of the epidemic. 

Source: Own elaboration 
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  Wave1 Wave2 Wave3 

  Onset Decline Onset Decline Onset Decline 

Cluster1 64 92 216 323 366 400 

Cluster2 71 95 203 318 363 391 

Cluster3 67 94 219 323 352 398 

Cluster4 74 91 220 315 367 395 

Cluster5 64 91 216 324 346 388 

Table 2. Day of wave onset and day when the wave began to decline during the three 

waves of COVID-19 in the five clusters. Note: Bold numbers indicate clusters with the 

earliest times. Onset: day of wave onset; Decline: day when the wave began to decline. 

Source: Own elaboration 
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Figure captions 

 

Figure 1. Vulnerability in Malaga’s census sections by quartile. Q1 includes the 25% of 

census tracts with the lower vulnerability, Q2 include the following 25% of census 

tracts ordered from the lower to the higher vulnerability, Q3 the following 25% selected 

in the same way and finally Q4 is the 25% of census tracts with the highest 

vulnerability. 

 

Figure 2. Variables and sub-indices of the vulnerability index of neighborhoods in 

Malaga. 
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Figure 3. Daily number of COVID-19 cases in Malaga from March 5, 2020 (day 64) to 

March 31, 2021 (day 455). 

 

Figure 4. 14-day accumulated cases of COVID-19 in four representative CTs. 
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Figure 5. WSS depending on the number of clusters. 

 

Figure 6. WSS and size of the smallest cluster depending on the number of clusters. 
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Figure 7. Distribution of the CTs of each cluster.   

 

Figure 8. Vulnerability variables and indices of the least vulnerable CTs (clusters 2 and 

5) 
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Figure 9. Vulnerability variables and indices of the most vulnerable neighborhoods 

(clusters 1, 3 and 4) 
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Figure 10. Number of cases per 1000 inhabitants in each cluster during the waves of the 

COVID-19 pandemic. 

 

Figure 11. Number of cases per 1000 inhabitants in each cluster during the first wave of 

the COVID-19 pandemic.   
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Figure 12. Number of cases per 1000 inhabitants in each cluster during the second wave 

of the COVID-19 pandemic.  

 

Figure 13. Number of cases per 1000 inhabitants in each cluster during the third wave 

of the COVID-19 pandemic.  
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