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Abstract

:

The localization of gambling establishments is a relevant topic in gambling research. In this paper, we analyze the spatial distribution of two types of gambling establishments—private and public—over the last 10 years in the municipality of Madrid (Spain). Using a spatial scan statistic, we identify the temporal dynamics of spatial clusters with high densities. The results reveal different spatial patterns regarding the locations of these two types of gambling establishments. While public gambling establishments do not exhibit spatial clustering, private gambling establishments show a growth in spatial clustering with dynamic behavior, seeking locations with specific sociodemographic characteristics. A machine learning tree-based algorithm is used to confirm that decisions on where to put new gambling establishments are based on targeting customers with a gambling profile.
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1. Introduction


In recent years, especially since the end of the 2008 financial crisis, the gambling industry has experienced unprecedented growth, which has attracted significant attention from public administrations, political parties, the scientific community, and the general public [1,2,3,4]. One of the main drivers of this growth has been the emergence of new forms of entertainment, particularly sports betting, which has also facilitated technological advancements and increased the social acceptability of gambling [5,6]. This strong interest in gambling has translated into a significant growth in gaming establishments, particularly in countries or regions where there has been a lack of regulation [7,8]. Most scientific research to date has focused on issues arising from activities that generate negative externalities, such as gambling addictions [9,10,11], alcohol [12], or crime [13,14]. However, recent studies have started to explore the spatial distribution of gambling outlets within cities [1,11,15,16]. These establishments have significantly transformed urban landscapes, often being concentrated in specific areas, which has sparked growing interest in their geographic distribution and their social and economic impacts. Spatial clustering analysis has emerged as a widely used method across various disciplines to identify patterns of concentration and dispersion. In sectors such as manufacturing and services, the identification of business clusters has provided valuable insights into economic development, innovation, and policy-making [17,18].



With the increase in gambling opportunities, understanding the spatial distribution of these establishments has become a crucial area of research [1]. This article aims to highlight the importance of the location of gambling outlets, drawing parallels with studies that identify spatial clustering regarding industrial businesses [19,20,21]. The location of gambling establishments influences their accessibility and impact on communities, affecting demand and problem gambling due to factors such as proximity to residential areas and urban development [1,7]. As in other industries, these outlets tend to cluster in spatial groupings that are determined by regulations, demand, and competition, offering valuable insights into spatial organization and its socioeconomic implications.



Several factors influence the choice of location for gambling establishments. Adeniyi et al. [1] highlighted that regulation, proximity to residential areas, and levels of urban development are decisive elements in determining a venue’s location. García-Fernández et al. [22] examined socioeconomic and cultural factors, as well as the urban environment and accessibility. Similarly, Macdonald et al. [15] observed a higher concentration of clusters of ‘environmental bad’ outlets—such as alcohol, fast food, tobacco, and gambling establishments—within more deprived areas. Abbott et al. [7] analyzed aspects like population density and the absence of effective regulation as key determinants for the establishment of gambling outlets.



Our study addresses a significant gap in existing research by analyzing the spatial and temporal dynamics of gambling establishment clusters. Using geographic information systems (GISs) and spatial autocorrelation methods, we investigate how these outlets form clusters within specific urban areas. We also explore how gambling businesses adapt over time, seeking market niches based on the spatial distribution of particular population groups and socioeconomic factors. By identifying the factors driving these spatial patterns, our research provides valuable insights into the role of location in the gambling industry. This study not only contributes to the understanding of spatial clustering in gambling but also suggests practical implications for policymakers, researchers, and industry stakeholders.




2. The Related Literature


A large number of studies have explored the importance of the “geography of gambling” from different perspectives [23,24]. These studies have addressed both different types of gambling establishments—such as electronic gambling machines (EGMs), gaming halls, and casinos—and online gambling, which has gained relevance in recent years due to its accessibility and the increasing penetration of digital technologies [25]. Many of these papers have examined gambling’s relationship with social and economic factors, primarily linking the location of gambling establishments with population groups with fewer economic resources, for example, in [1], but gambling has also been associated with certain ethnic groups that, for cultural reasons, have a stronger affinity with gambling, such as the Chinese population, for example, in [26,27] or Loo et al. [28]. Other variables are less related to the geography of gambling, such as crime rates; the authors of [13] revealed statistically significant relationships between the number of betting shops and all crime categories. Patterns of colocation with other types of establishments have also been studied, such as food outlets and grocery retailers [29]; alcohol sales outlets [15]; educational centers [30]; and even leisure or commercial places. All these studies aimed to understand how gambling establishments affect their surroundings, considering both their social and economic implications.



The geographic dimension of gambling has been analyzed at different levels of geographic disaggregation. Some studies have conducted analyses at the national scale [24] in Denmark, while others have focused on regional levels [31] in Germany [5] and Italy, or even at the municipal level in the Czech Republic, for example, in studies by Frajer et al. [30] and Fiedor et al. [32]. However, microlevel analyses, which focus on specific urban environments, are becoming increasingly more common and detailed, allowing for a more precise understanding of the local impact of these activities. These studies typically employ advanced geolocation tools, such as geographic information systems (GISs), and focus on proximity to key infrastructures or vulnerable areas, such as disadvantaged neighborhoods [1] or school centers [30].



The urban environment represents the level of geographic disaggregation where it is possible to more clearly identify the reasoning behind the location of gambling establishments. Some contributions stand out among those that have analyzed gambling at neighborhood geographic levels. For example, Pérez et al. [16] analyzed the location of gambling establishments in 131 neighborhoods in Madrid (Spain). Pearce et al. [33] worked with more than 38,000 neighborhoods in New Zealand. Marshall and Baker [34] conducted their study across 31 neighborhoods in Melbourne, providing valuable insights into the spatial distribution and clustering of gambling establishments in this city. Geographic disaggregation can even be set below the neighborhood level. In the case of Selin et al. [35], square grids with a spatial resolution of 250 × 250 m were considered [in Helsinki, Finland]. At the extreme end of geographic disaggregation are studies in which the analysis is based on exact latitude and longitude coordinates, and where methodologies related to spatial econometrics techniques make the most sense. This highly spatially disaggregated information allows for the most precise analysis of factors related to the location of gambling establishments, enabling the analysis of colocation factors, distance measurements, etc. A paper by Adeniyi et al. [13] analyzes the distribution of gambling establishments using the local indicator of spatial association (LISA) [36]. Robitaille and Herjean [37] considered the accessibility of 1045 video lottery terminals in Montreal (Canada) using exact localization. Macdonald et al. [15] identified spatial clusters using the SatScan methodology [38]. Badji et al. [39] also precisely located these kinds of establishments and showed that people residing in close proximity to gambling outlets are more likely to gamble.




3. The Regulation of Gambling in Madrid


The spatial distribution of gambling outlets is closely linked to the legal and administrative restrictions that regulate their opening. In contexts where regulations are permissive, companies in the sector can operate in a favorable environment that facilitates their expansion, resulting in a significant increase in the number of these establishments over a short period of time [40]. This phenomenon has been particularly evident in Madrid, where the lack of clear restrictions in the legislation has led to a massive growth in gambling outlets, especially between 2014 and 2019. The Ley 6/2001 (https://www.boe.es/eli/es-md/l/2001/07/03/6, accessed on 20 December 2024) regulation on gambling for the local government of Madrid was the main regulation that facilitated this expansion. While this law established some general requirements for the sector, it did not impose substantial limitations on the proximity of gambling outlets to sensitive areas, such as educational centers, nor did it adequately regulate the concentration of these establishments in densely populated areas.



The rapid increase in gambling outlets and the public alarm caused by their concentration in certain areas, particularly vulnerable zones, mobilized various social actors, such as neighborhood associations, educational groups, and other stakeholders, who expressed concern about the social and economic impacts of the proliferation of these establishments [23]. In response, in 2019, the Community of Madrid implemented a temporary moratorium through Decreto 21/2020 [41], which suspended the granting of new licenses for gambling establishments and betting houses. This measure, adopted while evaluating a more restrictive regulatory framework, aimed to curb the uncontrolled expansion of these establishments and lead to their locations being planned more effectively.



Finally, in 2022, Decreto 19/2022 [42] was approved, introducing new specific regulations to limit the proliferation of gambling outlets in Madrid. Among its main provisions, it imposes minimum distances between gambling outlets and sensitive areas, such as educational centers, and identifies vulnerable areas, particularly in the districts of the city of Madrid. These measures seek to strike a balance between the economic activity of the sector and the protection of society, prioritizing the well-being of the most vulnerable groups. For this reason, we found that since 2019, the number of gaming halls has remained unchanged.




4. Data and Methodology


4.1. Data


Madrid is the largest municipality in Spain and the third largest urban center in Europe. With a population exceeding 3.4 million, it serves as the most important hub of economic activity in Spain. The city boasts a diversified economy and is one of the country’s primary financial and cultural centers.



However, the municipality faces challenges related to economic and social inequalities, with neighborhoods ranging from very low-income to extremely affluent. This disparity, common among many large European cities, poses significant challenges for urban planning and economic development. Additionally, Madrid is a major tourist destination, attracting millions of visitors each year. This context underscores why Madrid serves as an interesting urban area when analyzing the spatial dynamics of gambling establishments. Economic, social, and touristic factors heavily influence decisions regarding the locations of such venues within the city. Studies on business location, including gambling establishments (e.g., Kristiansen and Lund [24]), provide valuable insights into the economic and social dynamics of cities. These insights can help local authorities make informed decisions about regulations and urban policies. Finally, one of the key reasons Madrid was chosen for this analysis is its lack of gambling regulation before 2022, which allowed establishments to open without any restrictions. This regulatory gap offers a unique perspective on the impact of governance on urban development and business location strategies.



The information analyzed in this study comes from the open data website of the Madrid City Council (https://datos.madrid.es/portal/site/egob, accessed on 20 December 2024). From 2014 to 2024, all commercial establishments were geolocated with details such as their exact longitude and latitude, census tract, and Madrid neighborhood. The database also includes indicators of economic activity based on a classification specifically designed by the Madrid City Council. For our research, we consider two different types of economic activity with gambling profiles: first, “Gambling and Betting of Private Management” (code 920002 in the dataset), referred to as “Private gambling” from now on, and second, “Gambling and Betting of Public Management or Special Authorization” (code 920001), referred to as “Public gambling” from now on (which holds a state concession in gaming for the marketing of lotteries, enabling it to fund its social work and generate employment opportunities for its affiliates).



Although data are available for nearly every month since June 2014, this study focuses solely on data from February for the years 2015, 2018, 2021, and 2024. For each of these years, the number of establishments in each of Madrid’s 2430 census tracts was recorded (establishments were assigned to a census tract based on their coordinates). Table 1 report descriptive statistics of the data set.



Over the past decade, the evolution of the number and spatial distribution of gambling outlets in Madrid has shown striking disparities between private and public establishments, which increased by 112% from 2015 to 2024. The number of private gambling outlets has more than doubled between 2015 and 2024, reflecting significant growth in this sector. Conversely, public gambling establishments have experienced only minimal changes in number. In 2015, there were 195 private gambling outlets out of a total of 155,090 businesses, resulting in a density of 1.26 per 1000 firms. By 2024, the number of private establishments had risen to 413, while the total number of firms had increased to 169,646, resulting in a density of 2.43 private gambling outlets per 1000 firms. Public gambling establishments, however, have shown far less variation. Their numbers have decreased slightly, from 495 establishments in 2015 to 484 in 2024. This resulted in a relatively stable density of approximately 3 public gambling outlets per 1000 firms over the same period. These trends underscore a marked expansion in the private gambling sector, likely driven by market demand and profitability considerations, while public gambling services have remained steady, focusing on broader accessibility rather than growth. This contrast highlights the differing objectives and regulatory approaches governing private and public gambling outlets.



Regarding the spatial distribution of gambling outlets across Madrid’s census tracts, notable trends have emerged between 2015 and 2024. In 2015, a total of 168 census tracts had no private gambling establishments. By 2024, this number had risen to 317 census tracts without any gambling outlets. This result suggests a significant concentration of gambling outlets, as the total number of outlets has more than doubled over this period. Despite this growth, the number of census tracts without gambling outlets has also risen. This phenomenon is likely driven by the strategic targeting of census tracts where private operators anticipate higher net benefits, leaving less profitable areas underserved. In contrast, public gambling outlets exhibit a more balanced and equitable distribution, designed to serve the entire population spectrum rather than focusing on profitability. Throughout the years analyzed, the number of census tracts without any public gambling establishments has remained relatively stable, hovering around 400 census tracts. This consistency reflects a deliberate approach to ensuring broader accessibility to public gambling services.




4.2. Methodology


Over time, a broad consensus has emerged that firms operating within the same sector often form geographical clusters to capitalize on localization economies [43]. Over the past 30 years, geographers and economists have developed diverse methodologies to identify spatial clusters of firms [19,44], as well as to investigate the potential relationships between these clusters and factors proposed by theoretical frameworks. These methods have been applied across various countries and regions, with a particular focus on business activities in both the industrial and service sectors [21]. This research has provided valuable insights into how firms benefit from clustering, including shared resources, labor pools, and knowledge spillovers, contributing to a deeper understanding of spatial economic dynamics.



Our methodological approach employs the spatial scan statistic [38], a tool widely used in spatial epidemiology and increasingly applied to identify firm clusters, e.g., [21,44,45]. This method allows for the precise spatial detection of clusters, including most likely clusters (MLCs) and secondary clusters, while ensuring compatibility with statistical hypothesis testing [21]. These advantages make it a robust and reliable approach for analyzing the spatial distribution and clustering of firms, providing valuable insights into geographical business dynamics.



The spatial scan statistic operates by utilizing moving windows of varying sizes to systematically “scan” the area of interest. As these windows move across the area, the number of events within each window is calculated. The likelihood of the observed spatial pattern (i.e., the actual number of events within the window) is then compared to the likelihood under the null hypothesis (i.e., the expected number of events). By optimizing the ratio of these likelihoods relative to the window size, analysts can identify the most probable spatial cluster, as well as subsequent clusters. Furthermore, assigning a probability value to each cluster validates inferential statements, enhancing the statistical rigor of the analysis.



In our study, the spatial scan statistic identifies windows with the maximum difference in gambling outlet density between the inside and outside of the window, thereby pinpointing areas with the highest concentration of gambling establishments. This approach allows us to detect and analyze significant spatial clusters within the study area.



4.2.1. Technical Details of the Scan Test


In this subsection, we briefly present the formal construction of the test. More complete details about the methodology of the scan test can be found in a paper by Kulldorff [38]. Let N be the total number of firms (total number of establishments like shops, outlets, etc.) observed in the Madrid municipality, which we consider to be divided into discrete areas (census tracts). Let   N i   be the total number of firms in the census tract ‘i’. Similarly, let n be the total number of gambling establishments (GEs) in Madrid, and denote the total number of GEs in each census tract by   n i  . We assume that the number of GEs in census tract ‘i’, namely,   X i  , follows a binomial distribution,   B (  n i  ,  p i  )  , that we can approximate as a Poisson distribution,   P (  λ i  )  , with    λ i  =  n i   p i   . Under the null hypothesis, we assume that the distributions in different census tracts are independent. Under the alternative hypothesis, we assume that there is a set of census tracts, named  Z , where the probability of finding a GE is different (higher or lower). Formally, the test is constructed under the following hypothesis:


   H 0  : λ =  λ i     ( ∀ i )    a n d    X i    a r e   i . i . d .  










   H A  : ∃ Z ∈ Θ ; w h e r e    λ i  =  λ Z    i f   i ∈ Z   a n d    λ i  =  λ  Z ¯     i f   i ∈  Z ¯    (  λ Z  ≠  λ  Z ¯   )   








where  Θ  is the set of all possible connected regions (windows) that could be considered in the study area.



The likelihood function of the spatial process was obtained for the null hypothesis (  L 0  ) and for the alternative hypothesis (   L A   ( Z )   ), and the likelihood ratio (named   Λ Z  ) was calculated. After some manipulation, the likelihood ratio may be expressed as follows:


   Λ Z  =     L A   ( Z )    L 0    =   (    N Z   E Z    )   N Z     (    N −  N Z    N −  E Z     )   N −  N Z     








where   N Z   is the total number of firms in the set Z, and   E Z   is the expected number of GE firms under   L 0  . Note that the likelihood ratio depends on the set Z, and, therefore, a ratio must be calculated for each proposed cluster Z. The Scan test looks for the set Z where the likelihood ratio is maximal. Therefore, the scan statistic,  Λ , is defined as follows:


  Λ =  sup  Z ∈ Θ     {  Λ Z   I  (     N Z   E Z    >    N −  N Z    N −  E Z      )  }   








where   I ( x )   is an indicator function used to look for clusters, Z, where the number of GEs is higher than expected. This indicator function can be changed if the objective is to look for clusters with fewer GEs than expected (by changing ‘>’ to ‘<’), or it can be deleted if no assumption is considered. Typically, this set  Θ  is reduced to only circular and/or elliptic shapes. The region, Z, where the likelihood ratio reaches its maximum is named the most likely cluster (MLC).



As the theoretical distribution of the scan statistic under the null hypothesis was not known, its significance was empirically evaluated by simulating neutral landscapes (obtained by means of a random spatial process) and comparing the empirically computed statistic against the frequency of values obtained from the neutral landscapes. Hence, a p-value was obtained through the Monte Carlo hypothesis testing method by comparing the ratings of the maximum likelihood functions of the real dataset with those of the random datasets, with B replications. If the MLC Z was significant, the process was repeated, looking for secondary clusters that do not overlap with the MLC.




4.2.2. Secondary Clusters


If the test rejects the null hypothesis and identifies a significant cluster, a natural follow-up question is whether additional clusters, not overlapping with the most likely cluster (MLC), also exhibit variance significantly different from the rest. These are referred to as secondary clusters. As suggested by Zhang et al. [46], an iterative method was employed, which involved removing the observations included in the MLC from the sample and recalculating the statistic for the remaining subsample. This approach, used in the current study, enables the identification of secondary clusters.



In this study, we focused on elliptic clusters. The choice between circular, elliptic, or flexible windows depends on the true shape of the cluster, as their relevance is comparable [47]. All calculations were performed using the free software SaTScan, v10.2.5 which is available at http://satscan.org, accessed on 10 December 2024.






5. Results


5.1. Spatial Cluster Identification


Several studies have provided evidence of gambling establishments being concentrated in specific locations [1,13,16,24]. In this section, the spatial scan statistic is applied to identify clusters with high concentrations of gambling establishments in the Madrid municipality for the years 2015, 2018, 2021, and 2024. The analysis distinguishes between public and private gambling establishments and utilizes elliptical windows to capture potential anisotropy in cluster formation. This approach ensures a more nuanced understanding of the spatial distribution and clustering patterns of gambling outlets over time.



The first rows in Table 2 present the output of the scan test for public gambling establishments. The scan statistic did not identify significant clusters in the locations of public gambling establishments in any of the four years analyzed. In all the years, the MLC identified a set of census tracts with p-values far from significance. This suggests that the spatial distribution of these establishments is random and appears to be more influenced by an interest in reaching the entire population rather than targeting locations with higher concentrations of potential customers.



In contrast to public gambling establishments, private ones show a growing tendency to be concentrated in specific areas of the city. The scan statistic identified several spatial clusters, which increased in number and size over the analyzed period. In 2015, the MLC found only one cluster, containing 13 census tracts with a low p-value = 0.077 (Figure 1 left). In 2018, two major clusters emerged: (i) The MLC was identified, formed by 46 census tracts in the southwest of the city (around the Tetuan neighborhood). In this cluster, there were 4131 firms, out of which 25 were gambling-related, while the expected number was 8.22. (ii) A secondary cluster was also found, formed by 54 census tracts. In these 54 census tracts, there were 4339 firms, out of which 27 were gambling-related, while the expected number under the null hypothesis was 8.63. Figure 1 (right) shows the localization of the clusters. Additionally, in this year, two small clusters (C18-3 and C18-4) were identified in the north of the city, formed by nine and five census tracts, with a significance level of p-value < 0.10. Three years later, in 2021, four significant clusters were found in similar locations to those found in 2018 (Figure 2 left). The largest cluster (C21-4) remained in the same location as in 2018, and one of the small clusters with a low significance found in 2018 became significant. Finally, in 2024, three significant clusters were identified by the scan statistic (Figure 2 right), consolidating the clusters found in previous years.



The Temporal Dynamics of the Spatial Clusters


The results presented in Section 5.1 reveal significant temporal dynamics regarding the formation of spatial clusters. While in 2015, no significant clusters were identified (only one cluster appeared with a p-value of 0.077, consisting of 13 census tracts containing 9 establishments), two significant clusters emerged in 2018. These clusters comprised a total of 100 census tracts (the sum of C18-1-MLC and C18-2) and included 52 establishments (the sum of C18-1-MLC and C18-2). In both 2021 and 2024, the number of clusters increased again, with four and three clusters identified, respectively. These clusters consisted of 56 and 66 census tracts and accounted for a total of 68 and 70 gaming establishments in each year.



It is evident that the selection of locations for gaming establishments throughout the analyzed period has not been random. Companies opening new establishments identify optimal locations for their businesses by targeting neighborhoods where higher profits are expected. However, these profits depend on the sociodemographic characteristics of each neighborhood, as well as the specific attributes of each establishment.



However, the company will not only consider the characteristics of the specific census tract where it plans to establish itself but will also take into account the surrounding environment. Since census tracts are relatively small, the characteristics of neighboring areas become equally relevant. For this reason, we included the spatial lags of the sociodemographic characteristics in our analysis.





5.2. Spatial Clustering Membership: Classification by Decision Tree Algorithm


In this subsection, we expand on our investigation by examining the potential role of various factors in the cluster formation. The exploratory analysis presented in the previous section, along with prior evidence (e.g., Pérez et al. [16]; Adeniyi et al. [1]), highlights several factors that may correlate with cluster formation. The potential predictors considered here are related to economic and demographic variables. Table 3 provides a list of the variables included in the analysis, along with a brief description.



Following the analysis carried out in Section 5.1, Madrid census tracts were coded as 1 (cluster) if they belonged to a significant cluster (p-value < 0.05) or 0 otherwise (no cluster). Only the years 2018, 2021, and 2024 were analyzed because no significant spatial cluster was identified in 2015. An appropriate modeling methodology for a binary variable like this is the use of classification trees, which model the probability that a firm belongs to a cluster or not [48,49]. One of the main advantages of decision trees, as opposed to other modeling methods, is that they provide effective “If–then” rules, making the model very practical and easy to interpret. The decision tree models were implemented using the rpart package in R [50], which provides a robust framework for recursive partitioning and classification. This package allows for flexible and efficient modeling, enabling the identification of key predictors and their interactions in determining cluster membership.



The decision to locate a gambling establishment in a specific census tract will depend not only on the characteristics of that tract but also on the characteristics of surrounding tracts. Note that a census tract is a relatively small geographic unit (with a median area of 0.039 km2 in Madrid), and the target audience for gambling establishments may reside in their neighborhood. In order to incorporate this information into the machine learning algorithm, we included the spatial lag of variables, as listed in Table 3. For this purpose, we define a W matrix of neighbors, as is common in spatial econometrics [51]. This matrix is based on the distance between the centroids of the census tracts. We consider two census tracts neighbors if the distance between their centroids is less than “k” meters. Formally, the matrix W =   {  w  i j   }   can be defined as follows:


   w  i j   =     1    if  the  distance  between  the  centroids  of  the  census  tracts  “ i ” and “ j ”  is  less  than  k      0   otherwise      











The W matrix is row-standardized, as is usual in spatial econometrics [51].



In order to reduce possible overfitting problems, some decisions were made regarding the hyperparameters in the “early stopping” stage. Thus, a node can be split if it contains at least 50 observations, and each final leaf of the tree must contain at least 10 observations. The trees were calibrated with respect to the parameter k, which determines the matrix W. The values for k are 800, 1000, 1200, and 1500. A value of k = 1200 was selected as it maximized the mean accuracy rate for the three classification trees.



Figure 3, Figure 4 and Figure 5 illustrate the three classification trees generated by applying the machine learning tree algorithm to each of the three years analyzed. In all instances, the accuracy is very high (0.978 in 2018; 0.985 in 2021; 0.981 in 2014). The algorithm excludes some of the variables listed in Table 3, such as gender index and unemployment. This result confirms that decisions on where to locate a gambling outlet were not based on these sociodemographic characteristics in any of the analyzed years. On the other hand, the algorithm prioritizes variables such as Dens, ChinaPop, NativePop, and Income. In nearly all cases, spatial lags (WX) determine whether a census tract is classified as either part of a cluster or not.



In 2018, the spatially weighted population density (WDens18) was the initial variable, reflecting the importance of the surrounding environment in terms of the general population density for cluster formation. By 2024, the spatially weighted Chinese population (WChinaPop24) became the primary variable, highlighting a shift toward more specific demographic factors in the immediate neighborhood.



In 2018, higher income levels favored cluster formation (Income18 > EUR 18,800), likely due to the economic attractiveness of these areas for gambling establishments. By 2024, the income split shifted toward lower levels (Income21 < EUR 9392), indicating a potential change in localization strategies, with a focus on areas with lower incomes.



In 2024, in addition to the influence of the weighted Chinese population (WChinaPop24), NativePop23 and ChinaPop also emerged as key indicators, adding a new dimension to the interaction between the characteristics of neighboring populations and clustering dynamics.



These results confirm that decisions on the location of a gambling outlet in Madrid were based on demographic factors. The spatial lags of population density and the percentage of the Chinese population were the variables with the greatest influence.




5.3. Importance of Variables


Table 4 presents the standardized importance scores of the variables incorporated into the machine learning algorithm for the years 2018, 2021, and 2024. Figure 6 illustrates the temporal evolution of the variables’ importance in cluster formation. Variables starting with “W”, representing spatial lags (influences from neighboring areas), consistently show higher importance scores, emphasizing the critical role of surrounding neighborhoods in the classification process. Among these, WChinaPop stands out as particularly dominant, underscoring the significance of the Chinese population in nearby areas for clustering. In contrast, nonspatial variables such as Income and Dens show variation in their influence over time, with Income gaining prominence in 2024. This indicates that the decision to establish new gambling outlets depends not only on the characteristics of the census tract but also on the sociodemographic attributes of its surrounding neighborhood.



Additionally, the importance of specific variables shifts significantly over time. In 2018, the population density of the surrounding neighborhood (WDens) was highly influential (0.3221). However, by 2024, its relevance had dropped to negligible levels (<0.000). Conversely, by 2024, variables reflecting the Spanish and Chinese populations became critical determinants of clustering, highlighting an evolution in the factors driving decision-making processes. This dynamic evolution reflects a shift in priorities and spatial strategies over the years.





6. Recommendations to Policymakers


The primary objective of this manuscript is to enhance the understanding of the factors driving the concentration of gaming outlets, aiming to provide a solid foundation for future research and, in particular, to support legislative measures that promote responsible gambling behavior. In this context, Decreto 19/2022 [42], which governs the planning of gambling outlets in Madrid, designates certain areas and districts as zones of special protection due to their vulnerability and concentration of establishments. It is important to note that the municipality of Madrid is divided into 21 districts. However, this study adopted a more granular approach, analyzing the 2430 census tracts that make up the city. It identified those with the highest concentration of gambling venues and examined the sociodemographic factors that may influence such concentrations, thereby highlighting neighborhoods in need of special protection. We hope that our findings will contribute to the development of policies and legislative actions aimed at enhancing the quality of life for Madrid’s residents.




7. Conclusions


The analysis of spatial firm location patterns has been extensively studied by economists and geographers, resulting in a substantial body of research collected over the past 20 years that has explored the complex mechanisms underlying locations of economic activity, with a particular emphasis on the gambling sector. Moreover, numerous indicators have been developed to quantify the effects of localization economies, providing valuable tools for understanding how proximity to other firms and regional characteristics influence business location decisions.



The objective of this article was to investigate the presence of spatial clusters of gambling outlets within the municipality of Madrid and to analyze their temporal changes over the last decade. To achieve this, we employed an exploratory spatial data analysis approach utilizing the scan statistic. The scan statistic, widely applied in spatial epidemiology, has received relatively limited attention in the study of industrial clustering [21,45]. This methodology offers three key advantages: first, it allows for the use of microdata, considering continuous space in the point-process sense while also being adaptable to aggregated data; second, it identifies areas (clusters) with high or low incidence and pinpoints their locations with precision; and third, it assigns both an intensity level and a measure of statistical significance to each identified cluster.



One of the main reasons for the sharp increase in gaming establishments is the lack of effective regulation by national and local governments [7,8,52,53]. Specifically, in the case of Madrid, this regulatory gap persisted until 2021, leading to a disproportionate rise in the number of establishments. In response, local authorities implemented measures in 2022 to better control and ensure the sustainable growth of gaming outlets (https://www.bocm.es/boletin/CM_Orden_BOCM/2022/04/21/BOCM-20220421-1.PDF, accessed on 20 December 2024). This nearly decade-long absence of regulation in one of Europe’s largest urban areas provides an opportunity to examine the factors influencing the location choices for gaming establishments, based on the premise that companies aim to place these venues near potential customers.



The results of our analysis reveal the preferences of companies for locating their establishments in areas with higher population densities, especially in zones with higher percentages of foreign residents, particularly those of Chinese origin, as gambling is deeply ingrained in their culture [28]. Additionally, companies favor areas where rental costs for commercial spaces are lower.



The findings of this study underscore the need for targeted policy interventions to address the unequal spatial distribution of gambling establishments and mitigate their potential social and economic impacts. Policymakers could consider implementing zoning regulations that limit the concentration of gambling outlets in vulnerable areas.



Finally, it is important to acknowledge some limitations of our research. First, while the temporal analysis highlights important changes over the study period, it lacks an in-depth discussion of external factors, such as evolving consumer behavior, technological advancements, or shifts in urban development, which may have influenced these trends. Second, although the exact locations of gambling establishments are available, this study aggregated the number of establishments in each census tract, which, although informative, might overlook microlevel variations and other contextual influences like regulatory shifts or consumer behavior changes. Third, the specific strategies of different gambling operators were not considered. Including these operators’ behaviors in the model could improve our understanding of the clustering phenomenon. Future research could incorporate longitudinal data, finer geographic scales, and qualitative methods to better understand the drivers of clustering and their broader impacts. Improving the methodology could lead to more precise and nuanced insights into the dynamics of gambling establishments.
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Figure 1. Clusters of private gambling establishments in 2015 (left) and 2018 (right). In dark red is the most likelihood cluster, and in red are the secondary clusters (significant ones, <0.1, are shown in orange). 
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Figure 2. Clusters of private gambling establishments in 2021 (left) and 2024 (right). In dark red is the most likelihood cluster, and in red are the secondary clusters. 
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Figure 3. Classification trees for clusters in the year 2018. 
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Figure 4. Classification trees for clusters in the year 2021. 
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Figure 5. Classification trees for clusters in the year 2024. 
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Figure 6. Importance of variables over time. 
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Table 1. Descriptive statistics.
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Private

	
Public




	
Sort Description

	
2015

	
2018

	
2021

	
2024

	
2015

	
2018

	
2021

	
2024






	
Total gambling outlets

	
195

	
322

	
413

	
413

	
495

	
508

	
471

	
484




	
Total firms

	
155,090

	
161,874

	
164,784

	
169,646

	
155,090

	
161,874

	
164,784

	
169,646




	
Maximum gambling outlets in census tract

	
3

	
4

	
5

	
5

	
6

	
4

	
13

	
4




	
Census tracts contain two or more gambling outlets

	
22

	
39

	
62

	
66

	
22

	
0

	
62

	
66




	
Census tracts without any gambling outlets

	
168

	
269

	
316

	
317

	
399

	
440

	
405

	
420








Firms = establishments like shops, offices, or other premises.













 





Table 2. Significant clusters (p-values < 0.1) of private gambling establishments.
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Gambling

	
Year

	
ID

	
Size(Z)

	
    N Z    

	
    n Z    

	
    E [  n Z  ]    

	
Obs./Exp.

	
   Λ   

	
p-Value






	
Public

	
2015

	
C15- 1 -MLC

	
2

	
252

	
6

	
0.8

	
7.46

	
6.495

	
0.892




	
2018

	
C18-1-MLC

	
7

	
439

	
8

	
1.38

	
5.81

	
6.490

	
0.924




	
2021

	
C21-1-MLC

	
52

	
2598

	
19

	
7.54

	
2.52

	
5.895

	
0.987




	
2024

	
C24-1-MLC

	
3

	
125

	
4

	
0.36

	
11.21

	
5.916

	
0.985




	
Private

	
2015

	
C15-1-MLC

	
13

	
972

	
9

	
1.22

	
7.36

	
10.141

	
0.077




	
2018

	
C18-1-MLC

	
46

	
4131

	
25

	
8.22

	
3.04

	
11.258

	
0.038




	
C18-2

	
54

	
4339

	
27

	
8.63

	
3.13

	
11.235

	
0.038




	
C18-3

	
9

	
1080

	
12

	
2.15

	
5.59

	
10.723

	
0.059




	
C18-4

	
5

	
550

	
9

	
1.09

	
8.23

	
10.52

	
0.070




	
2021

	
C21-1-MLC

	
4

	
591

	
14

	
1.53

	
9.14

	
18.330

	
<0.000




	
C21-2

	
5

	
539

	
12

	
1.40

	
8.59

	
14.471

	
0.002




	
C21-3

	
6

	
923

	
14

	
2.39

	
5.86

	
13.301

	
0.006




	
C21-4

	
41

	
3616

	
28

	
9.37

	
2.99

	
12.216

	
0.015




	
2024

	
C24-1-MLC

	
16

	
2320

	
27

	
5.65

	
4.78

	
20.224

	
<0.000




	
C24-2

	
9

	
937

	
15

	
2.28

	
6.57

	
12.580

	
0.012




	
C24-3

	
41

	
3813

	
28

	
9.29

	
3.02

	
12.374

	
0.012








Note: Size(Z) = number of census trats; Obs.(  n z  ) = observed number of establishments inside the cluster; Exp.((  E [  n z  ]  )) = expected number of establishments inside the cluster.













 





Table 3. List of potential predictors of cluster membership, short description, and data sources.
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	Basic Service
	Description
	Mean 2015
	Mean 2024





	ChinaPop-XX
	Percentage of Chinese population in year XX
	1.024
	1.015



	Dens-XX
	Population density in census tract in year XX. Inhabitants per Km2
	13.399
	14.285



	Native Population-XX
	Percentage of Spanish population in year XX
	87.66
	82.99



	Income-XX
	Income per capita (EUR) in census tract in year XX
	14,776.37
	17,091.27



	RentPrice-XX
	Median rental price in census tract (EUR/m2) in year XX
	12
	12



	Unemployment
	Percentage unemployment in census tract
	–
	14.29



	IGini-XX