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Abstract: The scientific literature on residential segregation in large metropolitan areas highlights
various explanatory factors, including economic, social, political, landscape, and cultural elements
related to both migrant and local populations. This paper contrasts the impact of these factors
individually, such as the immigrant rate and neighborhood segregation. To achieve this, a machine
learning analysis was conducted on a sample of neighborhoods in the main Spanish metropolitan
areas (Madrid and Barcelona), using a database created from a combination of official statistical
sources and textual sources, such as Wikipedia. These texts were transformed into indexes using
Natural Language Processing (NLP) and other artificial intelligence algorithms capable of interpreting
images and converting them into indexes. The results indicate that the factors influencing immigrant
concentration and segregation differ significantly, with crucial roles played by the urban landscape,
population size, and geographic origin. While land prices showed a relationship with immigrant
concentration, their effect on segregation was mediated by factors such as overcrowding, social
support networks, and landscape degradation. The novel application of AI and big data, particularly
through ChatGPT and Google Street View, has enhanced model predictability, contributing to the
scientific literature on segregated spaces.

Keywords: urban segregation; urban landscape; Wikipedia; ChatGPT; machine learning; immigration

1. Introduction

Residential segregation is a complex phenomenon related to the social, economic,
political, and cultural dynamics of a society. The influencing factors are heterogeneous,
maintaining reciprocal relationships that complicate a detailed analysis. The individualism
inherent in human beings and the fear of the unknown safeguard these spaces that seek
homogeneity in the characteristics of the resident population (García-Hernández 2020).
This phenomenon tends to manifest itself, especially in metropolitan areas, where the con-
centration of the immigrant population in certain neighborhoods often ends up generating
spaces segregated from the rest of the city.

Several studies have examined spatial segregation, identifying how various factors
contribute to segregation. In this regard, the income of residents, land prices, the con-
centration of immigrants from the same geographic origin, and the characteristics of the
urban landscape are significant factors (Vaalavuo et al. 2017). Thus, it has been established
that neighborhoods with a low average income tend to concentrate a higher proportion
of immigrants, which in turn increases the likelihood of segregated enclaves (Van Ham
et al. 2021). Similarly, the key importance of the urban landscape and negative narratives
about certain neighborhoods has been identified, which can certainly accentuate the social
exclusion of certain neighborhoods, creating a vicious cycle that hinders the social and
residential mobility of immigrants (Sýkora and Bouzarovski 2012).
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Despite the abundance of literature on residential segregation in Spanish cities, there
are significant gaps regarding the relationship between the different factors that contribute
to this phenomenon. Thus, little research has been conducted on the combined impact of
variables such as income, land prices, urban landscape, and the geographic concentration
of immigrants on segregation and how these factors interact differently according to the
geographic origin of migrant populations. In this regard, Rodríguez-García (2022) and
Lacayo (2016) point out that segregation does not manifest itself in the same way in all
immigrant groups. However, the current literature does not provide sufficient detail on the
differences between populations from Asia, Africa, and Latin America in Spanish cities.

This research gap poses a fundamental question: How do average income, the urban
landscape and the concentration of immigrants from different geographic origins interact
in the formation of segregated spaces in Spain’s main metropolitan areas? The answer to
this question will allow us not only to identify the most influential factors in the formation
of segregated spaces but also to identify differences in the processes of urban segregation
according to the geographic origin of immigrants.

On the other hand, there are abundant studies on the segregation of spaces (Matossian
2018), although statistical sources that estimate the segregation of urban spaces with little
rigor are often resorted to due to limitations imposed by statistical legislation on the
characteristics of the population and because the methodologies for obtaining data evolve
at a slower pace than the current social dynamics. That is why it may be convenient to resort
to other textual sources that adapt more quickly such as social networks or an encyclopedia
such as Wikipedia.

Therefore, this paper seeks to advance the understanding of residential segregation
processes in neighborhoods with high immigrant concentrations in Madrid and Barcelona,
addressing gaps in the existing literature on the interplay between economic, spatial, and
demographic factors in shaping segregated spaces. By employing a comparative analysis
that uses both traditional demographic data and unconventional sources such as Wikipedia,
this study offers a novel methodological approach. Wikipedia’s dynamic and community-
driven content provides a unique perspective on urban spaces, capturing narratives and
representations that evolve more rapidly than traditional statistical sources.

These analyses, combined with indices measuring the geographic concentration of
immigrant populations by origin (Asia, Africa, Latin America, and Europe), aim to uncover
nuanced differences in segregation patterns across diverse migrant groups. By integrating
quantitative measures with insights from publicly accessible knowledge bases, this study
not only contributes to the academic debate on ethnic residential segregation but also
highlights the importance of alternative data sources for understanding complex urban
phenomena. Ultimately, this research aspires to equip policymakers and urban planners
with actionable insights to foster more equitable and inclusive cities.

1.1. Main Factors Influencing Urban Segregation

Income levels have a direct impact on where immigrant populations settle in cities, as
they create barriers to housing and access to certain neighborhoods. As a result, immigrants,
typically with fewer resources, concentrate in areas with more affordable housing, which
increases residential segregation (Jones 2011). Neighborhoods with lower incomes tend
to be more densely populated, as people are forced to share smaller, more accessible
spaces. In addition, the concentration of low-income immigrants in neighborhoods fosters
the creation of segregated communities, where opportunities for social and residential
mobility are limited. Furthermore, segregation creates disparities in access to public
services, infrastructure, and job opportunities, thereby exacerbating economic and social
inequalities in cities. As Musterd et al. (2016) point out, this dynamic reinforces patterns of
urban inequality, which in turn weakens social cohesion and the integration of immigrants
into the urban fabric.
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1.1.1. Price of Land

Housing prices and land values are not only linked to accessibility to goods and
services but also to socioeconomic and political dynamics that influence residential segrega-
tion. In this sense, Skifter Andersen et al. (2015) argue that segregation is not only caused
by economic factors but that urban planning policies also represent an essential factor in
the distribution of population in cities. The concentration of social housing in certain areas,
instead of a more equitable distribution throughout the urban space, contributes to the
creation of segregated low-income neighborhoods, which reinforces spatial segregation.
In this way, the price of land, influenced by real estate speculation, limits the potential for
developing affordable housing in central or better-serviced areas.

Trounstine (2020) argues that urban policies have historically fostered patterns of
segregation that continue to this day, with zoning decisions that exclude certain social
groups from more affluent neighborhoods. These decisions have had a disproportionate
impact on immigrant and minority communities, who are not only affected by economic
barriers but also by discriminatory practices that restrict their access to affordable rental
housing in areas with higher real estate values and better infrastructure. As Cuena (2023)
points out, this spatial segregation is reinforced by the lack of inclusive policies that promote
genuine social and economic integration in cities. Instead, the concentration of investments
in areas of more profitable areas increases the value of land in these spaces, displacing the
population with lower incomes to the urban periphery.

Thus, as Sampson (2012) indicates, immigrants’ choice of residence is not so much a
matter of preference but of constraints set by the real estate market and the discriminatory
practices of the different groups involved in the supply of housing. Social networks, such as
family and friends, play an important role in the concentration of this population in specific
neighborhoods, reinforcing segregation. In addition, failed urban policies contribute to the
fact that the neighborhoods where the immigrant population is concentrated are affected
by the lack of investment in public services, which in turn contributes to prolonging
socioeconomic and spatial inequalities (Ministerio de Vivienda y Agenda Urbana 2024).

1.1.2. Compatriot Networks and Immigrant Placement

Cultural, ethnic, and social identifications are primary factors in the residential segre-
gation of the immigrant population, as they influence the preferences they may have in
choosing their residence. Often, the immigrant population is confronted with the practices
of some landlords who limit rental options in certain neighborhoods, resulting in concen-
tration in neighborhoods with less strict requirements. Likewise, the immigrant population
tends to consult relatives, friends, or compatriots about the most appropriate places to look
for housing, resulting in concentration in certain city neighborhoods (Sampson 2012).

Likewise, urban planning often has a direct impact on the configuration of cities,
as well as on segregation patterns. One example is the development of social or public
housing in specific areas, as opposed to atomization in large cities, which can lead to greater
inclusion of the population (Musterd and Ostendorf 1998).

1.1.3. The Urban Landscape

The urban landscape is an essential factor in shaping social dynamics within the city,
as it represents existing inequalities and helps to perpetuate spatial segregation. In the most
degraded neighborhoods, deterioration not only discourages investment and improvement
of urban space but also contributes to reinforcing barriers between different social groups.
According to Knorr (2017), the presence of visual elements such as dilapidated buildings,
poorly maintained public spaces, dirty areas, and visible signs of neglect such as graffiti is a
visible reminder of socioeconomic divisions, which in turn discourages non-residents from
accessing these areas, thereby reinforcing segregation. Such devaluation of the urban land-
scape, which is often related to a lack of resources and public attention, contributes to these
spaces being perceived as marginal areas, further limiting integration and improvement
opportunities for their inhabitants (Knorr 2017).
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Likewise, LaFleur (2021) argues that cultural appropriation of the urban landscape is a
process by which immigrant or marginalized groups adapt and transform the environment
to meet their needs and values. Through this resignification of space, inhabitants create
forms of resistance against imposed marginalization, generating new uses for the spaces
they inhabit. In this sense, Knorr (2017) highlights that, although both factors based on
cultural appropriation and landscape degradation are different, both coincide in that the
urban environment has significant power to reinforce or transform social divisions.

Similarly, Zukin (2010) and Harvey (2012) have pointed out that the relationship
between the urban landscape and segregation is not only embodied in its physical dete-
rioration but also in the distribution of a symbology and control of resources in the city.
Inequality in access to quality spaces, both in terms of housing and public infrastructure,
perpetuates the marginalization of certain groups. In this sense, urban exclusion is not only
a physical issue, but also a cultural one, as spaces become representative of who has the
right to the city and who does not (Zukin 2010).

Finally, as Roberto and Hwang (2015) point out, in cities there are also elements that
influence residential segregation such as the existence or construction of natural barriers
that can be, among others, rivers or mountains, as well as those related to transport road
infrastructures. Barriers to accessibility significantly impact population distribution, often
limiting access to essential resources and services.

1.1.4. Local Demographics and Immigration

Population size and density are important contributors to urban segregation, as more
densely populated neighborhoods are associated with a higher proportion of immigrants,
due to the need to access more affordable housing in limited areas. This higher density
increases competition for space and contributes to reinforce residential segregation, as
immigrants with lower incomes are forced to live in overcrowded neighborhoods. In
this sense, Crowder et al. (2011) argue that an increase in the density of immigrants in a
neighborhood favors the probability that residents move out, thus favoring segregation.
In turn, Owens (2019) notes that income segregation is higher in areas where housing
segregation is already significant, which favors urban disparities. However, although there
has been considerable study on the impact of population density, there is a significant gap in
studies analyzing the impact of population volume on the formation of segregated spaces.

1.1.5. Segregated Spaces

Methods for quantifying segregated spaces are varied. In Spain, the latent problem of
inequality and vulnerability of the population involves 22 observatories whose analysis is
carried out at different scales, from national to local (Giménez-Bertomeu 2020). However,
the main data sources usually used to analyze these problems at the local level are the
Population and Housing Census and the Atlas of Household Income Distribution of the
National Institute of Statistics. The latter source has a level of detail that reaches census
districts and sections. It also provides information on the average income per person and
household and the Gini index, among other variables.

Another primary source in Spain is the Urban Vulnerability Observatory of the Min-
istry of Housing and Urban Agenda, which has different applications, including the Atlas
of Urban Vulnerability and the Urban Analysis of Vulnerable Neighborhoods in Spain,
which includes the Catalog of Vulnerable Neighborhoods and the Vulnerable Neighbor-
hoods Catalog Viewer. It also includes several reports on urban vulnerability in some large
Spanish cities, such as Madrid and Barcelona. In this context of data search and analysis,
Wikipedia is presented as a valuable tool, since it receives almost 30 million daily visits in
its Spanish version and more than 250 million in its English version (Pageviews 2024).

1.1.6. Immigrant Resilience and Adaptation

Some threads of the scholarly literature have also focused on how immigrants often
demonstrate remarkable resilience and adaptability when facing the structural challenges
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of residential segregation. Despite the isolating effects of these barriers, immigrants very
often show resilience by reshaping the urban spaces they inhabit to recreate an environment
consistent with their cultural, economic, and social needs. This process, often referred to as
‘place-making’, involves transforming neighborhoods into hubs of cultural and economic
activity through the establishment of ethnic businesses, cultural centers, and informal
support networks (Simone 2018).

Other scholars, such as Cordero-Guzmán (2005), have highlighted how immigrant
communities resist marginalization by creating grassroots efforts, such as collective bar-
gaining for housing rights or the formation of local advocacy groups, exemplifying their
ability to resist exclusion and create pathways for inclusion. This resilience is particularly
evident in neighborhoods like Raval in Barcelona or Lavapiés in Madrid, where immigrant
populations have revitalized urban spaces despite systemic neglect (Zapata-Barrero 2024).

This resilience not only demonstrates their capacity to adapt but also highlights their
role in challenging urban exclusion and fostering social cohesion. As Lefebvre (1991) and
Zukin (2010) emphasize, the ‘right to the city’ is actively reclaimed by marginalized groups
through their everyday practices and transformations of urban environments, countering
the divisive impacts of segregation.

1.2. Wikipedia

Wikipedia is a free online encyclopedia that can be consulted and edited by anyone.
Since its creation in 2001, there have been numerous scientific articles analyzing it, but most
importantly, it has established itself as a very important tool in the access and dissemination
of information across various fields of knowledge (Obregón and González 2018). It is widely
used by users around the world, as well as by third-party services, such as search engines
(Google, Bing . . .) and knowledge bases. It is perceived as a reliable source of information,
although the reliability of its content is constantly debated, as anyone can edit it (Obregón-
Sierra et al. 2023). However, the trust that users and third-party services place in Wikipedia
seems to be justified by its quality and reliability (Singh et al. 2021).

With more than six million articles in its English version and millions of articles in
other languages, Wikipedia covers a wide range of topics, including demographic, geo-
graphic, and urban aspects (List of Wikipedias 2024). For studies of residential segregation,
Wikipedia provides an invaluable resource by offering data on the history, development,
and current characteristics of neighborhoods and cities around the world. These articles
are often continually updated, reflecting recent changes in the demographic and urban
composition of these places (Deltell and Claes 2021).

Wikipedia’s collaborative structure allows users worldwide to edit geographic articles,
incorporating local perspectives that enrich the analysis of factors influencing residential
segregation. Although it is not a primary source per se, Wikipedia acts as a repository of
references and data from official sources, such as censuses or government reports, as well
as information from the media, making it a complementary platform for academic research
(Obregón and González 2021).

One of the key points that favors its use in studies of this type is the availability of
articles in multiple languages. Wikipedia exists in 332 languages (List of Wikipedias 2024).
Although with large differences between versions, this high number allows comparison of
the representation of the same area in different languages, which may reveal differences in
perception and emphasis on factors such as immigration or urban vulnerability.

Factors such as the number of editors who contributed to an article or discussion
pages are important throughout the life cycle of an article (Zhang et al. 2018), but the
existence of articles for each neighborhood allows us to analyze the content of these to
identify demographic and geographic patterns. It is important to review the categorization
of neighborhoods or districts in each Wikipedia article, as it allows us to track aspects
related to classification with respect to immigration, urban development, and infrastructure
(Aghaebrahimian et al. 2022). For their part, the links between articles provide insight into
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the interconnectedness between different areas, helping to better contextualize the drivers
of segregation.

However, we consider that what is most important is the content of each article.
Although users use references to verify information, Wikipedia reflects not only factual
data but also public perceptions and debates on various issues. The selection of certain
biased sources can lead to biased content (Zubimendi et al. 2024).

If these perceptions are embodied in Wikipedia articles, which will be read by millions
of people, they can generate opinions and biases about specific individuals or places.
Performing a content analysis of Wikipedia articles requires careful review, as reading them
may not always be neutral and often involves processing a large amount of information
about those places.

1.3. Artificial Intelligence

Artificial intelligence (AI) has revolutionized the traditional way of working, as well
as the analysis and understanding of complex phenomena. Since the launch of ChatGPT in
November 2022, several areas have focused their research on this artificial intelligence chat-
bot application developed by OpenAI. These include customer care, health care, education,
finance, and communication technology (Singh and Singh 2023).

In the short time since its appearance, there are already several articles that offer
a literature review on ChatGPT, mainly referring to health and education (Aydın and
Karaarslan 2022; Li et al. 2024; Montenegro-Rueda et al. 2023), but also about its applications
and its potential impact in different fields (Gabashvili 2023).

In the latter, for example, generative AI is used to obtain cognitive collaboration,
leveraging its potential to learn “with” the technology rather than “from” it (Fuertes 2024).
In this field, a great influence of the use of ChatGPT on the quality of the submitted papers
has been observed (Baldrich and Domínguez-Oller 2024). In health care, benefits are also
noted, but the need for accurate and current data is revealed as one of the main obstacles to
adopting ChatGPT (Javaid et al. 2023).

In other areas such as geography, ChatGPT is also used for various studies. For
example, it provides invaluable assistance in creating large-scale maps and understanding
geographic space (Tao and Xu 2023), serves as a cartographic assistant, considerably
enriching maps (Juhász et al. 2023) or to study the dynamics of coastal water quality (Aziz
et al. 2024), though overall, research in this area remains limited.

In a context where population distribution patterns and urban dynamics are constantly
changing, the ability of AI to process large volumes of data quickly and accurately provides
a significant advantage for researchers and urban planners (Bermúdez-Quimis 2024). AI
not only helps identify correlations between socioeconomic, demographic, and geographic
factors but also detects hidden trends, makes predictions, and analyzes data with a level of
accuracy that surpasses traditional methods (Tejedor 2024).

In addition, AI facilitates information analysis by processing multiple sources, such as
Excel files containing national censuses, PDF documents, and web pages (OpenAI 2024).
This ability to understand datasets and combine structured and unstructured data, along
with its ability to analyze information in real time, allows researchers to obtain a more
holistic and up-to-date view.

Another key aspect is that AI has significantly improved digital content analysis
techniques, idea generation, and innovation (Livberber 2023). Its advanced algorithms
can efficiently analyze large volumes of texts and identify discourse patterns, highlighting
how narratives in those texts are structured. For this reason, the aim of this paper is to
analyze the factors that favor the formation of segregated spaces due to the concentration
of immigrants in certain territories of a city, analyzing Wikipedia content using ChatGPT.

2. Materials and Methods

The bibliographic analysis presented earlier identified the factors that favor the con-
centration of the migrant population and contribute to segregation processes. This identifi-
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cation allowed us to propose the following causal relationship in the form of an equation:
Segregated spaces = Income + Price of land + Concentration of residents of the same
geographical origin + Urban landscape + Neighborhood demographics.

2.1. Dependent Variables

Segregated spaces have been approximated using two groups of variables: the per-
centage of the immigrant population in the neighborhood and two indexes derived from
processing information contained in a large knowledge base. The first factor assesses
only the concentration of immigrants, not the potential marginality associated with it.
In contrast, the indexes have been developed to evaluate neighborhood segregation by
immigration from two different perspectives, which will be explained below.

Both indexes were obtained from a set of parameters sourced from Wikipedia. Specifi-
cally, the degree of segregation in the sample neighborhoods has been analyzed through
the interpretation of the information by a Large Language Model, specifically ChatGPT.
Executing the following prompt on the information from each Wikipedia article, for each
neighborhood and language, allowed us to obtain a series of parameters regarding the
degree of segregation in each neighborhood.

The prompt-questionnaire includes 12 items, most of which are parameters that help
infer the degree of marginality in the neighborhood. These parameters were designed based
on the analyses of Koopmans and Schaeffer (2016), McCann and Boateng (2020), Laurence
and Bentley (2016), and Dinesen and Sønderskov (2015). After designing the prompt, it
was applied to the texts collected from Wikipedia, and the indicators corresponding to each
question were obtained. Additionally, an overall assessment of neighborhood segregation
was requested from the text. Finally, it should be specified that all the information requested
from Wikipedia was obtained in 2024.

Specifically, the prompt applied to each neighborhood would be as follows:
Variables and evaluation items

1. Economic inequality: Does the article disproportionately emphasize economic diffi-
culties? Likert scale: 1 (Very negative or absent)–5 (Very positive or present).

2. Criminality: Does the article excessively highlight crime issues? Does the article link
crime to the foreign population and immigration? Likert scale: 1 (Very negative or
absent)–5 (Very positive or present).

3. Cultural representation: Does the article omit cultural diversity and the positive
contributions of immigrant communities? Likert scale: 1 (Very negative or absent)–5
(Very positive or present).

4. Negative language: Does the article use language that perpetuates negative stereo-
types about immigrants and minorities? Does the article highlight the presence of
certain immigrant nationalities? Likert scale: 1 (Very negative or absent)–5 (Very
positive or present).

5. Images and examples: Does the article use images that only show negative aspects,
such as deteriorated areas or people in precarious situations? Likert scale: 1 (Very
negative or absent)–5 (Very positive or present).

6. Incomplete history: Does the article fail to provide adequate historical context on how
certain neighborhoods were formed and the policies that led to their current situation?
Likert scale: 1 (Very negative or absent)–5 (Very positive or present).

7. Public policies: Does the article ignore public policies that have affected the commu-
nity? Likert scale: 1 (Very negative or absent)–5 (Very positive or present).

8. Local successes: Does the article ignore success stories and improvements in the
neighborhood, such as new businesses, infrastructure improvements, and reduced
crime? Does the article highlight social problems such as isolation, persecution, and
discrimination? Likert scale: 1 (Very negative or absent)–5 (Very positive or present).

9. Presenting a balanced view: Does the article present both the positive and negative
aspects of the neighborhood, providing a balanced perspective? Likert scale: 1 (Very
negative or absent)–5 (Very positive or present).
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10. Use of diverse sources: Does the article use diverse sources and compare information
to avoid bias and provide a more complete and objective view? Does the article make
unverified negative claims? Likert scale: 1 (Very negative or absent)–5 (Very positive
or present).

11. Updated statistics: Does the article use updated statistics and provide links to reliable
sources so that readers can verify and explore the information further? Likert scale:
1 (Very negative or absent)–5 (Very positive or present).

12. Highlighting positive contributions: Does the article highlight the positive contribu-
tions of immigrant communities and the initiatives that are improving the neighbor-
hood? Likert scale: 1 (Very negative or absent)–5 (Very positive or present).

13. Balanced images and examples: Does the article use images and examples that reflect
both the challenges and the achievements and positive aspects of the neighborhood?
Likert scale: 1 (Very negative or absent)–5 (Very positive or present).

14. Community involvement: Does the article encourage the participation of local resi-
dents, including immigrant communities, in editing and updating the content? Likert
scale: 1 (Very negative or absent)–5 (Very positive or present).

15. Overall assessment: Evaluate the overall contribution of the Wikipedia article to
spatial segregation, where 1 is minimal contribution and 5 is great contribution. Likert
scale: 1 (Minimal contribution)–5 (Great contribution).

Only include numerical ratings.
This information was obtained for a sample of 74 neighborhoods in two metropolitan

areas, Barcelona and Madrid. It should be noted that this database represents 80% of the
neighborhoods. The data were gathered from neighborhoods where the percentage of the
foreign population exceeds 25% of the total, focusing only on Spain’s main metropolitan
areas, specifically Madrid and Barcelona.

Moreover, Wikipedia information on each neighborhood was consulted in four lan-
guages: Spanish, English, French, and Catalan. Finally, all the information from each
language was aggregated at the neighborhood level using an average.

A factor analysis of the obtained values was performed, and the interpretation of each
factor was used as a dependent variable.

Thus, to conclude, three dependent variables were created in this research:

1. Factor Analysis Variable: This variable was obtained from a specific factor analysis,
capturing spatial segregation related to immigration, based on data obtained by
ChatGPT from Wikipedia. (Referred to later as “Factor Analysis Variable”).

2. Foreigners Proportion: The percentage of foreigners relative to the total number of
neighborhoods. (Referred to later as “Foreigners Proportion”).

3. Index for Spatial Segregation: An index related to spatial segregation due to immigra-
tion, obtained by ChatGPT from Wikipedia and available in question 15 of the prompt.
(Referred to later as “Index for Spatial Segregation”).

2.2. Independent Variables

The independent variables of the model have been grouped into four categories: those
that value the demographic size of the neighborhood, those that value the income of the
neighborhood, those that value the formation of clusters of immigrants by geographic
origin, those that analyze the price of land and those that value the urban landscape.
Some variables have been obtained directly from different sources, while another group of
variables are indexes, which will be explained below.

First, the index of geographic concentration of immigrants by geographic origin should
be highlighted. The calculation of this index was based on the application of the Local Index
of Spatial Autocorrelation (LISA) by Anselin (2013), as it is one of the most widely used
methods for identifying the geographic concentration of variables. This algorithm detects
local spatial patterns, providing an accurate measure of spatial autocorrelation in specific
areas. Specifically, four analyses were performed—one for each of the four geographic
origins: Asia, Africa, America, and Europe, excluding Spain. Since the National Institute
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of Statistics does not provide neighborhood-level information on this, it was necessary to
obtain such data at the census section level, which offers a notably smaller geographic unit,
with each neighborhood containing between 6 and 7 census sections on average. After
applying the analysis to the set of census sections, immigrant hotspots were identified for
each geographic origin, as shown in Figures 1 and 2.

Figure 1. Concentration of immigrants in Madrid. Source: author.

Next, only those census sections that met the following criteria were selected: signifi-
cant at the 95% confidence level, a positive High–High correlation, and at least 25% of the
population being immigrants. Finally, the census sections identified for each geographic
origin are presented below.

Once the LISA value for each census section was identified, the values for all the census
sections in each neighborhood were averaged. Then, the percentage of these averaged
values relative to the total sum was calculated. This proportion constituted the clustering
indicator for each neighborhood and each geographic origin: Europe (Europe_Percentage),
Latin America (Latino_Percentage), Africa (Africa_Percentage), and Asia (Asia_Percentage).

Another index, called Max_Clustering_Index, identifies the highest percentage of
concentration for any continental ethnic group within a given neighborhood.

The final index (Urban_Landscape_Index) involves an assessment of the urban land-
scape using AI. Specifically, for each neighborhood, an image of a random street was
selected from Google Street View. In neighborhoods with census sections that indicated a
high concentration of a particular ethnic group, the street image was selected from those
areas. The image was then downloaded and attached to ChatGPT-4.0, along with the
following prompt: “Rate the urban landscape of the attached image using a Likert scale.”

These variables were then entered along with the rest into a database with the follow-
ing characteristics (see Table 1):
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Figure 2. Concentration of immigrants in Barcelona. Source: author.

Finally, a regression analysis was carried out using four machine learning algorithms:
Lasso, ridge regression, gradient boosting, and random forest. Algorithm selection was
performed by comparing the mean square error (MSE) and the coefficient of determina-
tion (r2) of the resulting models for each algorithm. The algorithm that showed the best
performance in both parameters was selected for use in the research.

These four models are relevant because they are particularly suitable for this type of
analysis. Lasso and ridge regression are regularized linear regression models, useful when
the goal is to simplify the model by eliminating or reducing the weight of less relevant
variables (Hastie et al. 2015; Zou and Hastie 2005). On the other hand, gradient boosting
analyzes complex nonlinear interactions between variables and improves predictive perfor-
mance by sequentially combining several weak models, such as decision trees (Friedman
2001; Chen and Guestrin 2016). Random forest, in contrast, is robust in avoiding overfitting,
as it generates multiple decision trees randomly and averages their predictions, giving
it high generalization capability (Breiman 2001). These characteristics make these algo-
rithms particularly effective for analyzing data with multiple complex relationships and
interaction structures between variables, as in the present study.
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Table 1. Variables collected in the database. Source: own elaboration.

Variable Description Measurement Source Category

Name Name of the neighborhood
or district.

Name of the
geographical entity

National Statistics
Office -

Africa_Clustering_Index
Clustering index for African
geographic origin in the
district.

Anselin LISA algorithm
(value)

(Instituto Nacional de
Estadística 2024b) Index

Asia_Clustering_Index
Clustering index for Asian
geographic origin in the
district.

Anselin LISA algorithm
(value)

(Instituto Nacional de
Estadística 2024b) Index

Europe_Clustering_Index
Clustering index for
European geographic origin
in the district.

Anselin LISA algorithm
(value)

(Instituto Nacional de
Estadística 2024b) Index

Latino_Clustering_Index
Clustering index for Latin
American geographic origin
in the district.

Anselin LISA algorithm
(value)

(Instituto Nacional de
Estadística 2024b) Index

Africa_Percentage
Proportion of African
population in the district out
of the total population.

Percentage (Instituto Nacional de
Estadística 2024b) Index

Asia_Percentage
Proportion of Asian
population in the district out
of the total population.

Percentage (Instituto Nacional de
Estadística 2024b) Index

Europe_Percentage
Proportion of European
population in the district out
of the total population.

Percentage (Instituto Nacional de
Estadística 2024b) Index

Latino_Percentage
Proportion of American
population in the district out
of the total population.

Percentage (Instituto Nacional de
Estadística 2024b) Index

Max_Clustering_Index Maximum clustering index. Maximum value of the
clustering index Index Index

Resident_Population Total number of people
residing in the district. Number of persons Instituto Nacional de

Estadística (2024a)
Demographic
size

Net_Annual_
Income_Per_Capita

Average annual net income
per inhabitant of the district. Euros Instituto Nacional de

Estadística (2024a) Renta

House_Price_Index Average price of houses in
the district. Euros per square meter Idealista (2024) Land price

City_Average_Index Average of city averages for
different variables. Numerical value Idealista (2024) Land price

Relative_House_Price_Index
Relative price of homes in
the district compared to
other areas of the city.

Numerical value Idealista (2024) Land price

Urban_Landscape_Index Index of the district’s urban
landscape. Numerical value Google Street View

(2024) Index

To interpret the results of this model, we used SHAP (Shapley Additive Explanations),
a technique based on game theory that decomposes the prediction of each observation
and reveals the contribution of each variable. SHAP not only provides interpretability in
terms of which variables are most important but also shows how each explanatory variable
influences the dependent variable positively or negatively (Lundberg and Lee 2017). This
is particularly useful for our analysis, as it allows us to visualize clearly whether factors
such as income or streetscape are increasing or decreasing the likelihood of segregated
spaces forming. SHAP offers an accurate and understandable representation of the causal
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relationships between the independent variables and the observed outcomes, helping to
generate more robust conclusions (Molnar 2020).

3. Results

Once the database has been completed and the analyses explained in the Section 2
have been applied, the results of the analysis are explained.

3.1. Correlation Analysis

Thus, initially, an analysis of correlations between the dependent and independent
variables considered was conducted (see Figure 3). Thus, it was found that in general, the
correlation of the variables in the model is low, with some groups of variables standing out
in particular. Specifically, there is a significant expected correlation between the average
sales price of the neighborhoods and that of the city. Likewise, significant expected correla-
tions are identified between the urban landscape and the average rent of buildings or the
average price of housing. Finally, the concentration of immigrants in a neighborhood is
particularly correlated with the concentration of populations from Asia and Africa.
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3.2. Factor Analysis Results

The results of the factor analysis (FA) showed that Factor 3 is strongly influenced by
variables related to negative social and economic narrative (0.828), economic inequality
(0.784), criminality (0.628), and community participation (0.409). This indicates that this
factor is influenced by negative perceptions or discourses about the neighborhood. It is also
noteworthy that most of the articles mention the structural inequality of the neighborhood.
A large number of these neighborhoods cite insecurity due to high crime. Finally, the low
involvement of residents suggests that the neighborhood is neglected, leading to poorer
preservation. “Factor Analysis Variable,” will be obtained from factor 3 and can be defined
as a “Factor of negative social perception and structural inequality of a neighborhood” (see
Table 2).
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Table 2. Values returned by ChatGPT for Factor Analysis Variable (Factor 3).

Factor 3 Valor

Negative_Narrative_Index 0.828017

Economic_Inequality_Index 0.783713

Criminality_Index 0.628341

Community_Involvement_Index 0.409855

Images_Examples_Index 0.315339

Cultural_Representation_Index 0.256997

Incomplete_History_Index 0.204445

Balanced_Images_Index 0.190039

Diverse_Sources_Index 0.143111

Balanced_View_Index 0.104003

Public_Policies_Index 0.068489

Positive_Contributions_Index −0.083090

Local_Success_Index −0.118917

Updated_Statistics_Index −0.195487

3.3. Regression Results Using the Factor Analysis Variable as Target Variable

On the other hand, the model run showed that ridge regression was the most efficient
for the variable from the FA (factor of negative social perception and structural inequality
of a neighborhood) and for the variable Foreigners Proportion, while random forest was
the most outstanding for the index generated by ChatGPT from the information of the
neighborhoods in Wikipedia.

Specifically, of the total tests performed, the most outstanding models for each of the
three dependent variables were the following:

Results with ridge regression for the dependent variable (FA) Factor 3 (negative social
perception factor and structural inequality of a neighborhood) are presented in Figure 4
and include the following parameters.
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R2: 0.2497
MSE: 1.2135
RMSE: 1.1016
MAE: 0.8894
Interpretation of the model by SHAP representation on the most prominent variables,

i.e., those located from the top down.

• Net_Average_Income: High values in red have a negative impact on Factor 3, while
low values in blue amplify it. From this, it can be inferred that the higher the income of
the residents, the lower the contribution to Factor 3, indicating a negative relationship.

• Resident_Population shows a negative trend similar to that of average income, al-
though its importance is less, as fewer observations are located at the extremes of
the graph.

• The next variable in importance would be Urban_Landscape_Index. This parameter
presents a lower importance and presents a negative relationship in relation to Factor
Analysis Variable. It is found that the factor’s negative social perception and structural
inequality of a neighborhood increase as the landscape deteriorates.

• Max_Clustering_Index, which represents the concentration of immigrant populations
in a neighborhood, also has a negative relationship, i.e., the higher the concentration,
the higher the values of Factor 3.

The remaining variables have limited importance in the model.
Results with ridge regression for the dependent variable proportion of Foreigners

Proportion are presented in Figure 5 and include the following parameters.
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R2: 0.3282
MSE: 18.4581
RMSE: 4.2962
MAE: 3.7219
The following model exclusively values the accumulation of immigrants, regardless of

whether they have become segregated spaces or not. The dependent variable is Foreigners
Proportion. Thus, the interpretation of the most relevant variables according to the SHAP
values, would be the following:
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• Average_Neta_Income: As in the previous variable, the average income tends to be
negative with respect to the immigration rate, so the lower the income, the higher the
number of foreigners in the neighborhood, as expected, and conversely the higher the
values the lower the immigration rate.

• House_Price_Index: This parameter has a positive relationship indicating that the
higher the price of land the higher the proportion of foreigners residing in an area.

• Resident_Population: The volume of population has a negative and expected impact
with respect to the volume of population. Thus, the immigrant population tends to be
concentrated in sparsely populated neighborhoods.

• Percentage_Asian and Percentage_Latino: These variables have a moderate influence,
with the percentage of Asians positively impacting the proportion of foreigners.

Random forest results for the dependent variable of ChatGPT with Wikipedia “Index
for Spatial Segregation” are presented in Figure 6 and include the following parameters:
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R2: 0.4096v
MSE: 0.2404
RMSE: 0.4903
MAE: 0.3643
Finally, we will proceed to analyze the spatial segregation parameter, which does con-

sider the impact of the immigrant population on spatial segregation. Next, the most relevant
variables will be interpreted according to the SHAP values, as with the previous models:

• Resident_Population: As in the previous model, a clear negative relationship between
population volume and spatial segregation is seen. So, areas with less population tend
to be more segregated compared to the rest of the city. It is also worth noting that
since the variable is located at the top of the model, it is the most relevant parameter
in the model.

• Average_Neta_Income: The average income variable, unlike the first model, presents
a nonlinear relationship, where extremely high-income values tend to discourage
neighborhood segregation and extremely low values tend to encourage it, but there
is also an intermediate situation in which moderately high-income values can favor
segregation and moderately low values discourage it.

• Urban_Landscape_Index: This parameter, like the previous ones, presents a negative
relationship with respect to social segregation, where poorer landscape quality is
associated with greater neighborhood segregation.
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• Max_Clustering_Index also shows a nonlinear relationship, where a strong concen-
tration of foreigners from the same geographical origin does not necessarily lead to
spatial segregation in the neighborhood.

• Africa_Percentage and Latino_Percentage: Both parameters present a clear positive
relationship with respect to the segregation of spaces, being especially prominent in
the case of African populations.

Finally, the average price of housing and its relative price with respect to the city’s total
is also negative, although it is one of the parameters with the least influence on the model.

In comparing the models, it is worth noting that they exhibit acceptable evaluation
parameters (MSE, RMSE, and MAE), though the explanation of variability is somewhat
limited. In this regard, it is worth mentioning that the model with the highest predictive
capacity is the one that includes the general assessment of the neighborhoods based on
ChatGPT as the dependent variable.

4. Discussion and Conclusions

The analysis of the model results allows us to draw several conclusions about the com-
parison between these approaches. The comparative analysis of the two types of variables
shows that the variable generated by ChatGPT’s textual interpretation has contributed
to building a more predictive model than those using variables processed through factor
analysis or those that explain neighborhood segregation by simply grouping immigrants.

Average income is a relevant variable in all the models. In general, it has a negative
relationship with both the proportion of immigrants and segregation, although this re-
lationship is not linear in the ChatGPT general valuation model. This finding confirms
conclusions from previous studies that the proportion of immigrants and segregation are
higher in lower-income neighborhoods (Jiménez et al. 2020).

Resident population is also a significant variable in all three models, although it is
more influential in the models that assess segregation than in those analyzing the percent-
age of immigrants in neighborhoods. This difference can be explained by the fact that
neighborhoods with smaller populations are more easily segregated and transformed than
those with larger populations. In larger neighborhoods, a significant proportion of the
population must be segregated to effect a noticeable change, while in smaller neighbor-
hoods, transformation is simpler. This is a novel finding compared to the existing literature.
Although it aligns with the results of Bellman et al. (2018) and Logan et al. (2023), which do
not establish a direct relationship between total neighborhood population and segregation.

The urban landscape has a significant impact on the Index of Segregated Spaces
variable, which is consistent with the findings of Vargas (2020). However, this situation
is nuanced, as the concentration of foreigners has a low correlation with the landscape
valuation parameter, as shown in Figure 3. This impact likely results from a long-term
interaction between immigrant concentration and landscape degradation.

Neighborhoods with more degraded or poorly maintained urban landscapes tend
to become less attractive to the broader population, ultimately leading to a reduction in
property prices and, consequently, greater availability of affordable housing for low-income
residents, including immigrants. As a result, degradation fosters long-term segregation.

On the other hand, the lack of impact of the landscape valuation variable on the
dependent variable proportion of foreigners may seem contradictory, but it can be explained.
In many cases, neighborhoods with a high percentage of foreign residents host long-
term international students, workers, and tourists alongside other immigrants. These
populations often reside in areas with high landscape quality. Therefore, it is logical that the
model does not find this parameter significant for the proportion of foreigners, although it
is significant for the Spatial Segregation Index.

Furthermore, it should be noted that two tools related to big data and AI have been
essential in reaching this conclusion. The use of Google Street View alongside AI analysis
has allowed us to assess the importance of this variable. Obtaining these data through
conventional methods would have been time-consuming and costly, making it impractical.
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Additionally, this research highlights the impact of landscape degradation on the
segregation of spaces, which contrasts with the cultural appropriation of the landscape
discussed by LaFleur (2021) and Knorr (2017). It would have been interesting to introduce
an assessment of the impact of other elements of the urban landscape, such as accessibility
to products and services specific to immigrant cultures. This aligns with the findings
of den den Butter et al. (2004) regarding the closed economies of ethnic groups within
neighborhoods. In relation to this, while Roberto and Hwang’s (2015) contributions on
the barrier effect was not considered in the model, many neighborhoods with a high
concentration of immigrants are not physically separated, as seen in the maps in Figures 1
and 2, and therefore, this variable was not included in the model.

This research has also confirmed the relative importance of local networks of com-
patriot immigrants, although the result is not homogeneous across all the models. The
conclusion drawn is that the concentration of the population of African origin tends to
create more spatial segregation than immigrants from other areas such as America or Asia.
In fact, as can be seen in Figures 1 and 2, the degree of spatial concentration is lower for
immigrants from the Americas and Asia, while it is higher for immigrants from the African
continent. Language difficulties may be a factor that contributes to African immigrants
being more affected by social and economic barriers, which limits their opportunities for
residential mobility and access to more diverse areas (Espaliú 2022). All of this can lead to
a concentration of the population of African origin in neighborhoods where compatriots
predominate, forming segregated enclaves. These results are consistent with those obtained
by Pan Ké Shon (2010) and Tesfai and Thomas (2020); however, they also represent a
contribution to the literature in that, to our knowledge, the impact of the concentration
of immigrants of various ethnic groups had not been compared on a large scale as in
this study.

Finally, it should be noted that the price of land has not shown a significant relationship
with the indexes that focus specifically on segregation, but it has shown a significant and
positive relationship with the dependent variable Foreigners Proportion, which measures
the raw percentage of immigrants in the city. This conclusion contradicts the findings of
authors such as Skifter Andersen et al. (2015) and Trounstine (2020).

A plausible explanation may lie in the fact that the Foreigners Proportion variable
includes long-term tourists, foreign long-term high-skilled workers, and international stu-
dents who are less sensitive to housing prices, as they tend to live in expensive central areas
with high-quality landscapes due to their higher incomes. On the other hand, the presence
of immigrants, presumably from lower-income backgrounds, in high-price housing areas
may be explained by other factors that make them less sensitive to land prices, despite
having significantly lower incomes. Specifically, factors such as social support networks
of compatriots in certain neighborhoods, illegal occupation of vacant housing, or over-
crowding may mitigate the impact of land prices on residential choices. Additionally, the
degradation of the urban landscape can significantly reduce the price of specific buildings.
It should also be noted that the sale price of housing is an average applied to the entire
neighborhood, not to individual buildings, which may have significantly lower prices due
to their condition. In fact, the correlation between the urban landscape and land price is
the strongest in the correlation table shown in Figure 3, so severe landscape degradation
should have a very negative impact on land prices.

Therefore, land price does not always act as a direct predictor of segregation, as it
may be mediated by other factors such as the urban landscape, spatial concentration of
compatriots, overcrowding, and squatting. Thus, this analysis contributes to the literature
by qualifying the direct relationship between land price and segregation, showing that
other social factors—such as compatriot networks, squatting, and the degradation of the
urban landscape—may mediate this relationship.

Finally, the use of Wikipedia as a data source for identifying segregated spaces is a
valuable tool for practitioners and academics in the field of spatial segregation management
and analysis. It not only helps to identify segregated areas but also the causal factors
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behind them, which can aid in mitigating segregation. In this regard, it is important to
note that both the areas and the factors contributing to segregation can evolve over time.
Knowledge sources such as Wikipedia, which evolve relatively quickly, can thus be valuable
for managing these spaces. Moreover, Wikipedia appears more reliable than other sources,
such as the INE, for identifying segregated neighborhoods, since neighborhood segregation
is not always accurately captured by generic data on immigrants, as observed during
model testing. In any case, the analysis of Wikipedia information would not have been
possible without the help of AI Natural Language Processing (NLP) technology, which
facilitates text comprehension. In this regard, a generative AI like ChatGPT can interpret
and execute NLP-processed commands. Without these technologies, this work would have
been enormous and unfeasible. Therefore, the technological capabilities of AI can be of
great use in analyzing segregated spaces using various textual sources.

Among the main limitations of this research, two should be highlighted. First, the
sample size is not particularly large due to the lack of data from all neighborhoods in
Madrid and Barcelona from Wikipedia. Additionally, the inclusion of some neighborhoods
in Spain that slightly exceed the 25% threshold would have provided observations from
other Spanish cities, which might have altered the models. Nevertheless, the current
database accounts for 80% of all neighborhoods in Spain that meet this condition, as
previously mentioned.

Although the models’ predictability is reasonable, there is significant room for im-
provement in explaining data variability. Introducing additional factors could enhance
predictability.

Another limitation is that while the information consulted from Wikipedia was ob-
tained in 2024, the information requested and used for analysis is constrained by the last
update, which may not reflect the current date or have been updated at all.

As future lines of research, an analysis of the references used by Wikipedia could be
undertaken to check their consistency with the statements made in the articles, identifying
possible positive or negative biases. This could be a limitation in the current study’s
database and could serve as a case study on the reliability of Wikipedia as a knowledge base.
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Musterd, Sako, Szymon Marcińczak, Maarten van Ham, and Tiit Tammaru. 2016. Socioeconomic segregation in European capital cities.

Increasing Separation Between Poor and Rich. Urban Geography 38: 1062–83. [CrossRef]
Obregón, Ángel, and Natalia González. 2018. La Wikipedia en las facultades de educación españolas. Diseño y validación de

herramientas diagnósticas cuantitativas y cualitativas. Revista Iberoamericana de Educación 77: 55–76. [CrossRef]
Obregón, Ángel, and Natalia González. 2021. ¿Utilizan correctamente Wikipedia los estudiantes universitarios españoles? Revista

Lusófona de Educação 53: 159–74. [CrossRef]
Obregón-Sierra, Ángel, Javier López-Otero, Antonio Gavira-Narváez, and Rafael Fernando Vega-Pozuelo. 2023. Methodology for the

incorporation of geographic information in Wikidata. Revista de Estudios Andaluces 45: 260–64. [CrossRef]
OpenAI. 2024. Improvements to Data Analysis in ChatGPT. Available online: https://openai.com/index/improvements-to-data-

analysis-in-chatgpt/ (accessed on 16 May 2024).
Owens. 2019. Building inequality: Housing segregation and income segregation. Sociological Science 6: 497. Available online:

https://www.sociologicalscience.com/download/vol-6/august/SocSci_v6_497to525.pdf (accessed on 3 October 2024).
Pageviews. 2024. Siteviews Analysis. Available online: https://pageviews.wmcloud.org/siteviews/ (accessed on 3 October 2024).
Pan Ké Shon, Jean-Louis. 2010. The Ambivalent Nature of Ethnic Segregation in France’s Disadvantaged Neighbourhoods. Urban

Studies 47: 1603–23. [CrossRef]
Roberto, Elisabeth, and Jackelyn Hwang. 2015. Barriers to integration: Physical boundaries and the spatial structure of residential

segregation. arXiv arXiv:1509.02574. [CrossRef]
Rodríguez-García, Dan. 2022. The Persistence of Racial Constructs in Spain: Bringing Race and Colorblindness into the Debate on

Interculturalism. Social Sciences 11: 13. [CrossRef]
Sampson, Robert J. 2012. Great American City: Chicago and the Enduring Neighborhood Effect. Chicago: University of Chicago Press.
Simone, AbdouMaliq. 2018. Improvised Lives: Rhythms of Endurance in an Urban South. Cambridge: Polity Press.
Singh, Harjit, and Avneet Singh. 2023. ChatGPT: Systematic Review, Applications, and Agenda for Multidisciplinary Research. Journal

of Chinese Economic and Business Studies 21: 193–212. [CrossRef]
Singh, Harshdeep, Robert West, and Giovanni Colavizza. 2021. Wikipedia citations: A comprehensive data set of citations with

identifiers extracted from English Wikipedia. Quantitative Science Studies 2: 1–19. [CrossRef]
Skifter Andersen, Hans, Roger Andersson, Terje Wessel, and Katja Vilkama. 2015. The impact of housing policies and housing markets

on ethnic spatial segregation: Comparing the capital cities of four Nordic welfare states. International Journal of Housing Policy
16: 1–30. [CrossRef]
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