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ABSTRACT 

The development and evolution of the digital society has brought about relevant changes in 
the way people experience the city today. In particular, its impact on mobility patterns is 
evident, especially in the Post-COVID-19 society, where it is possible to access different 
types of daily activities online (e.g. working, shopping, training, etc.). At the same time, this 
digital era brings with it new challenges for urban and transport planning, in which 
information and communication technologies (ICT) can play a relevant role as transformers 
of traditional urban structures. For this reason, studying and understanding how the digital 
society is transforming current cities is important and necessary to optimize planning 
patterns/guidelines and achieve more sustainable and inclusive cities. 

To address this challenge, this project has implemented multivariate statistical techniques to 
characterize the city of Madrid (Spain) at urban level, in order to detect the impact of ICTs 
on the current urban structure of the city. The methodology incorporated both factorial and 
cluster analysis with spatial restriction, based on a set of starting indicators referring to urban 
equipment, demography, socioeconomics, transportation, as well as variables of the digital 
society (e.g., electronic mailboxes-online commerce, free public and commercial Wi-Fi 
points, etc.). 

The results, among other things, show an optimal classification grouping, as well as the way 
it was obtained. In this case, the optimal classification grouping is the one conformed by 6 
clusters, in which different relationships were detected between the space built, the 
equipment and aspects of the digital society such as online shopping and the proximity to 
transport equipment public and physical commerce. These results support a growing 
influence of the digital society in the urban characterization, suggesting the need to translate 
this influence into effective planning criteria.  

1. INTRODUCTION

The emergence of the digital era in society triggered an unprecedented explosion in the 
multiple ways in which people experience the city, giving a new direction to its development 
and modifying urban dynamics, mobility and spaces (Batty et al., 2012). In this sense, the 
UN´s Agenda 2030 considers digital tools as an essential means in the study and 
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understanding of cities, as well as to promote socioeconomic development, protect the 
environment, modernize infrastructure and improve human progress (United Nations, 2015). 
For this reason, there is a tangible need for developing and implementing innovative 
solutions that use criteria related to digital society in the analysis of the urban form.  

The notion of digital society proposes that network infrastructures, as well as information 
and communication technologies (ICTs), are capable of generating a large amount of data 
(Butot et al., 2020) and facilitating development processes. Therefore, they can be used to 
provide solutions to social, economic, urban and territorial challenges (Townsend, 2013) , 
which guide the progress and growth of cities. On the other hand, urban characterization, 
defined by its capacity to identify and classify urban typologies through various attributes 
related to the city, allows the elaboration of quantitative analyses with multiple variables 
(principal component analysis, factorial, cluster, etc.), using a large amount of information 
(Song & Knaap, 2007). As a whole, digital society and urban characterization, promote the 
idea that “increasingly complex” urban processes (Kitchin, 2016), can be made 
understandable by integrating both concepts. However, ICTs bring new challenges in the 
planning and development of cities, because by themselves, these new technologies aren´t 
able to solve problems in a simplistic way (Barbosa et al., 2020). This also generates several 
inconveniences (e.g. accumulation of power of those who generate and manage a high 
volume of data) (Sadin, 2013), therefore, their role is and will be fundamental as 
transformers of traditional urban structures (Elias B., 2020). 

Although the impact of the digital society on the structure of cities has been an area of 
interest in academia in recent years, (Batty et al., 2012; Butot et al., 2020; Elias B., 2020; 
Reddy & Reinartz, 2017; Ricaurte-Quijano et al., 2017; Townsend, 2013) it has not been 
widely explored from perspectives of urban characterization through multivariate statistical 
methods. In previous researches on urban issues and mobility, characterization 
methodologies have been developed using multivariate analysis that have ignored issues 
related to the digital society. These methodologies have focused mainly on indicators related 
to the population structure and its relationship to the metropolitan phenomenon (Martori & 
Hoberg, 2008; Santos P., 1991; Teoh et al., 2020; Yeh et al., 1995). Other studies have used 
variables related to the urban built environment (Berrigan et al., 2010; Porta et al., 2006; 
Song & Knaap, 2007; Vandenbulcke et al., 2009). While some other authors have developed 
methodologies of multivariate characterization using indicators related to attitudes and urban 
activities of the population (Balram & Dragićević, 2005; Jacques & El-Geneidy, 2014; Jiang 
et al., 2012; Steiger et al., 2015). Finally, some have even incorporated attributes with the 
ability to measure social welfare (Romillo B, 2013). 

Furthermore, the influence of digitalization on society has been analyzed from various points 
of view. The first of these, focusing on the availability and access of the population to the 
internet, from the logic of those who have it and those who do not (Chen, 2012; El Colegio 
de la Frontera Norte, 2018; Schleife, 2010). The digital society has also been studied through 
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the implementation of ICT´s in the identification of urban activity patterns (location of places 
of shopping, leisure, employment, study, etc.) using data from social networks (Steiger et 
al., 2015). Moreover, many studies have been developed without criteria of contiguity, 
obtaining significant results in relation to the attributes used, but maintaining high levels of 
fragmentation in these results.  
 
Therefore, the importance of urban characterization methodologies with the capacity to 
incorporate attributes related to the information society is fundamental. The objective of this 
study is to apply a quantitative method able to characterize through a multivariate and spatial 
analysis, the urban typologies affected by the digital society existing in the metropolitan area 
of the municipality of Madrid. For this purpose, sociodemographic and socioeconomic 
indicators were used, as well as variables of the built urban space and, specifically, criteria 
related to ICT´s and spatiality. 
 
2. CONCEPTUAL FRAMEWORK 
 
(Song & Knaap, 2007) emphasize the usefulness of identifying and classifying urban 
typologies, because this facilitates understanding by organizing ideas and characteristics into 
defined elements. Likewise, it allows the elaboration of quantitative analyses using a large 
amount of information, grouping it into a set of components. They also highlight the need to 
characterize these areas for the development and implementation of public policies. At the 
same time, (Wu & Sharma, 2012), (Song & Knaap, 2007), agree that in general terms, the 
classifications referring to the conceptualization of urban areas, are divided into two major 
categories. 
 
2.1. Descriptive classification 
The first category is known as descriptive, and is mainly based on spatial divisions that are 
readily available or prepared from visual interpretations of maps and images (Jones, 
Leishman & Watkins, 2005; Thibodeau & Goodman, 2007; Watkins, 2001). Satellite images 
have played a key role in descriptive characterization and have been used in various 
approaches. Tapiador, Avelar & Tavares-Correa (2011) applied this type of images to detect 
the urban morphology of an area of Lima, Peru and to classify it by relating this information 
to socioeconomic aspects, this allowed them to characterize large areas in social terms and 
map social inequality. Jun, Jinmei, Guoyu & Jizhong (2011) characterized an urban-rural 
region of Qingdao with the help of high-resolution satellite images under the criterion of 
land use properties (such as buildings, roads, pastures, farmland and water).  
 
This type of descriptive characterization has been used in studies of  the real estate market 
to spatially classify housing sub-markets under generic attributes, such as the census blocks 
into which the dwellings are grouped (Thibodeau & Goodman, 2007), postcodes (Jones et 
al., 2005) or the physical characteristics of the houses (Basu & Thibodeau, 1998; Watkins, 
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2001). However, there is a notable lack of descriptive characterizations based on attributes 
of the digital society (e.g. proximity of the houses to places with public internet access). 
 
2.2. Multivariate classification 
The second category is based on the interaction of data from different variables, where the 
growth of GIS tools and technical innovations has allowed statisticians to process a wide 
variety of quantitative attributes simultaneously. There are two variations in this category: 
without and with spatial restriction criteria.  
 
2.2.1 Multivariate classification without spatial criteria 
This first modality allows vast amounts of information and attributes to be covered without 
considering elements of contiguity, so the urban structure can be characterized from different 
perspectives, although not in a localized manner. 
 
 One perspectives is through the urban structure of the population and its relationship with 
the metropolitan phenomenon using socioeconomic variables and educational level, age 
indices, diversity and habitability indicators, and using factor analysis (FA), principal 
components analysis (PCA) and cluster analysis (CA). This reveals that the oldest and most 
educated population lives in the areas with the highest socioeconomic level (Martori & 
Hoberg, 2008; Santos P., 1991; Teoh, Anciaes & Jones, 2020; Yeh et al., 1995). 
 
Likewise, urban characterizations have been studied using the built environment through 
building type indicators (size of homes, apartments and building, number of levels, building 
density, etc.), section widths, accessibility to public transport, etc. (Berrigan et al., 2010; 
Porta et al., 2006; Song & Knaap, 2007; Vandenbulcke et al., 2009). This group does not 
included any built-environment attribute related to the digital society either. 
 
City characterizations have been developed with attributes associated with the population´s 
activities (work, study, leisure, etc.) and travel behavior using origin and destination 
indicators, travel distances, schedules, mode of transport, activities during the trip, etc. 
(Balram & Dragićević, 2005; Ettema & Verschuren, 2008; Jacques & El-Geneidy, 2014; 
Jiang et al., 2012; Steiger et al., 2015; Varghese et al., 2018). This type of study analyzes the 
relationship between the digital society and travel behaviour, but with the aim of identifying 
the influence of digital media on multitasking and rather than as an attribute for effectively 
contributing to urban characterization. 
 
Some authors have used social indicators (percentage of active population and rates of: 
unemployment, divorce, infant mortality, life expectancy, etc.) in PCA and CA to group the 
sectors of an urban area according to territorial structures of social welfare (Romillo B, 
2013), but without including parameters related to the digital society in their classifications. 
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Characterization with this technique has also been extremely useful in explaining the 
phenomenon or urban expansion, identifying sub-centers in urban areas (Cai, Huang & Song, 
2017; Thomas, Riguelle & Verhetsel, 2007) and studying the effects of the compact vs. 
dispersed city (Thinh, Arlt, Heber, Hennersdorf & Lehmann, 2002). Or simply studying the 
phenomenon of sprawl by characterization the structure of the built environment and its 
connection with the growth of cities (Batty, Longley & Fotheringham, 1989; Piron, Dureau 
& Mullon, 2004). 
 
2.2.2 Multivariate classification with spatial criteria 
In the second mode, spatial restrictions can be incorporated simultaneously to the data being 
classified using criteria of location, distance or contiguity in the variables, or by including 
additional indicators that restrict the spatiality of the results.  
 
Many studies incorporating contiguity restrictions have been undertaken in the real estate 
market, and include characteristics related to dimensions, costs, building heights, number of 
rooms etc. This allows similar areas to be identified and grouping geographically (Bates, 
2006; Bourassa et al., 2007; Clapp & Wang, 2006; Tu, Sun & Yu, 2007; Wilhelmsson, 
2004). 
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Figure 1. - Area of study – Municipality of Madrid 

However, there are very few studies with the capacity to characterize urban areas 
incorporating spatial restrictions, and there continue to be considerable gaps in the 
methodology. As mentioned by Wu & Sharma (2012), authors that include spatial contiguity 
in their methodologies (Bates, 2006; Bourassa et al., 2007; Clapp & Wang, 2006; Tu et al., 
2007; Wilhelmsson, 2004; Wu & Sharma, 2012), were successful in achieving some levels 
of restriction, although the groupings generated lack contiguous boundaries and their results 
didn´t coincide with the actual division of urban space. In addition, by focusing on spatial 
contiguity, the studies fail to highlight the importance of the attributes analyzed with respect 
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to the complexity of the urban space (Wu, Wei & Li, 2019). This complexity is often 
addressed through features alien to the digital society, leading to significant gaps when 
incorporating spatial criteria and information society indicators. 
 
This highlights the need for a feasible solution for the classification of urban areas, and 
suggests that an optimal procedure would strike a balance between the importance of 
emphasizing the required urban attributes (of the built space, the conditions and habits of the 
population and incorporating digital society variables) and including spatial restriction 
criteria. This balance would make it possible to achieve a homogeneous classification 
without mitigating the original attributes. 
 
3. METHOD AND RESEARCH DESIGN 
 
3.1. Case of study 
The municipality of Madrid, in the metropolitan area of Madrid, Spain, was selected for this 
study (Fig. 1), as it is considered to fulfil many of the characteristics that exemplify the 
influence of the use of new ICT´s in Spain and Europe.  
 
According to the survey “Equipamiento y Uso de Tecnologías de la Información y 
Comunicación en los Hogares de la Comunidad de Madrid. TIC-H(2019a)” 94.5% of the 
homes in this community had access to internet, and it is also in second place in the province 
of Madrid, in terms of internet users with 94.1% of people connected (Instituto Nacional de 
Estadística, 2019b).  
 
In addition to this, a digital transformation has been developed in various areas of the urban 
structure of Madrid, with transport being one of the main ones by focusing its attention on 
four lines of action. The traveler´s experience, security, intelligent platforms and routes 
(automating a wide variety of services, and offering digitally information related to trips, 
waiting times, routes, etc.) and finally from the line of environmental impact, addressing 
urban space management strategies to reduce congestion and environmental pollution 
(Public Sector Observatory, 2018). 
 
3.2. Description and data 
Our analysis was performed using indicators from the municipality of Madrid, created 
according to the urban and digital characteristics of the study area, and classified into six 
groups as shown in Table 1.  
 



2588 PREMIOS A JÓVENES INVESTIGADORES - FINALISTAS 

VARIABLES 
GROUPS VARIABLE No. UNIT 

1.- Socio-
demographic 

variables 

Housing Density 1 (Inhab / dw) 
Employment Density 2 (Inhab/Emp) 
% of population without education 3 % 
% of population with "University Studies" 4 % 
% of population dedicated to the "Industry" sector 5 % 
% of population dedicated to the "Construction" sector 6 % 
% of population dedicated to the "Services" sector 7 % 
Housing rental levels by neighborhood 8 (Euros /m2) 
Housing price levels by neighborhood 9 (Euros /m2) 

2.- Diversity 
Variables 

Youth Index 10 Index 
Ageing Index 11 Index 
Index: Structure of the working population 12 Index 
Shannon Diversity Index 13 Index 

3.- Design 
and urban 
structure 
variables 

Density of public transport stops and stations 14 (Stops/1000inhab) 
Proximity of the population to public transport stops (bus, 
metro, suburban) 

15 Distancia 

% of land use dedicated to "Residential" 16 % 
% of land use dedicated to "Green areas" 17 % 
% of land use dedicated to "Tertiary services" 18 % 
% of land use dedicated to roads (streets and sidewalks) 19 % 
Number of intersections per unit of analysis 20 No. 
Density of intersections per neighborhood 21 Intersec./1000inhab 

4.- Physical 
commerce 
variables 

Density of basic physical stores 22 
Physical 

stores/1000inhab 
Proximity of the population to physical commercial activities 
of daily use 

23 Distance 

Number of shopping centers per unit of analysis 24 No. 
Number of municipal markets per unit of analysis 25 No. 
Number of supermarkets per unit of analysis 26 No. 
Density of supermarkets per unit of analysis 27 Superm/1000 inhab 

5.- 
Information 

society 
variables 

Density of electronic mailboxes 28 Elec. Mail./1000 inhab 
Density of Free Public Wifi Points 29 (F.W.P. / 1000 inhab) 
Density of Commercial Public Wifi Points 30 (W.P.C./1000 inhab) 
Proximity of the population to electronic mailboxes 31 Distance 
Proximity of the population to free public wifi points per unit 
of analysis 

32 Distance 

Proximity of the population to public wifi points of stores per 
unit of analysis 

33 Distance 

Number of electronic mailboxes per analysis unit 34 No. 
Number of points with free public wifi per unit of analysis 35 No. 
Number of points with public wifi of stores per unit of analysis 36 No. 

6.- Location 
variables 

Distance to the centroid 1 Distance 
District of belonging 2 No. 
Geographic coordinates 3 Coordinates 
Cluster of belonging 4 No. 

Table 1. - Variables  
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These variables were developed using the 131 neighborhoods in the 21 districts in the 
municipality of Madrid shown in Figure 1 as units of analysis. They were obtained with the 
help of different official databses, as well as various digital platforms (NOMECALLES, 
NavegaPorMadrid, GoogleMaps, QGis, etc.), websites of official national agencies or of the 
Madrid regional government (INE, website of the Madrid City Council and the Madrid 
Transport Consortium, the open data portal of the Municipality of Madrid, etc.), websites of 
stores, parcel services, supermarkets, tourism, digital services, among other sources. 
 
A data based urban characterization model was applied through factor analysis (FA) and 
cluster analysis. This methodology without spatial contiguity parameters has been 
previously tested in several studies focused on urban structure and metropolitan phenomena 
(Jacques & El-Geneidy, 2014; Martori & Hoberg, 2008; Piron et al., 2004; Santos P., 1991; 
Song & Knaap, 2007; Thinh et al., 2002; Thomas et al., 2007; Yeh et al., 1995). Including 
criteria of contiguity and spatial constraints some of them, mainly focused on the analysis of 
the housing market (Bates, 2006; Bourassa et al., 2007; Clapp & Wang, 2006; Tu et al., 
2007; Wilhelmsson, 2004). 
 
4. RESULTS 

 
4.1. Factorial analysis (FA) 
The application of FA allowed seven factors to be extracted that can reproduce 
approximately 71% of the total variation of our original 36 variables, given their scores. 
Principal component analysis was used for factor extraction. Varimax with Kaiser 
Normalization was applied as the rotation method in the analysis, as this combination 
explains the greatest variation in the data by maximizing the loading squared for each 
component (Campos, Pitombo, Delhomme & Quintanilla, 2020; Khan, Ahmad & Bano, 
2020; Wu & Sharma, 2012). 
 
The results of the FA are shown in Table 2, where the variables are listed in the order of 
magnitude of their factor loadings sequentially for each factor. This shows the seven 
dimensions (factors) of the attributes originally proposed (socio-demographic, diversity, 
information society, etc.) resulting from the analysis. 
 
The first factor reflects the dimension “Information Society: Proximity and distribution of 
equipment”. It mainly highlights the variables of the information society and then, those 
related to public urban equipment’s. The high correlation between ICT variables and public 
equipment’s (public transportation stops and physical commerce) is a clear indicator that 
there aren´t physical barriers that interfere with the user´s choice to make purchases and 
develop activities in a traditional way or using digital media. 
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The second factor includes variables of “Diversity and surplus value of urban areas”, with 
high positive loads existing among the variables related to the cost of renting, the indices of 
the active population and of Shannon´s diversity.  
 
The third factor reflects the “Socioeconomic” level. High positive loads among the variables: 
percentage of population with university studies (PPUNS) and housing costs per 𝑚ଶ, and 
high negative loads in the variables: percentage of population without studies (PPWS), 
percentage of population dedicated to the service sector (PPSS) and employment density.  
The fourth factor is related to the variables of “Density of urban and digital equipment”. 
Maintaining high positive loads between the density of physical commerce, density of wifi 
points in stores (WPC), density of supermarkets and density of public transport stops 
(DPTS). Thus corroborating the capacity of this factor to represent aspects related to the 
public equipment’s in the analysis units.  
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FACTORIAL ANALYSIS 
Rotated component matrix 

Components 
  1 2 3 4 5 6 7 
1.-Hous_Density 0.472 -0.656         0.231 
2.-Emp_Density 0.390   -0.627 -0.221   -0.505   
3.-Youth_index 0.431 -0.362         0.623 
4.-Aging_index -0.338 0.522         -0.516 
5.-Pop%(Witho_stud)     -0.902         
6.-Pop%(Univ_stud)     0.952         
7.-Pop%(Indus)               
8.-Pop%(Constr)     -0.666 -0.303       
9.-Pop%(Serv)     0.506 0.202       
10.-Rent(Eu/m2) -0.392 0.614 0.452         
11.-Cost(Eu/m2)   0.324 0.863         
12.-Act_pop_index 0.251 0.715           
13.-Shannon_Ind -0.294 0.787   0.221 -0.204     
14.-P.T. Density   -0.346   0.719     0.203 
15.-P.T. Distance 0.730       0.210     
16.- %Resid_Use -0.360 0.521 0.203   -0.493     
17.-%Green_Areas_Use   -0.200   -0.254 0.687     
18.-%Serv_Use             0.747 
19.-%Road_use -0.243 0.375   -0.218 -0.502 -0.236 0.280 
20.-Intersections 0.484       0.304 0.542 0.223 
21.-Inters_Density 0.702     0.468       
22.-Phys_Com_Dens.   0.225   0.880       
23.-Phys_Com_Dist. 0.822         0.201   
24.- No.Shop._Center           0.272 0.542 
25.- No. Municip_Mark   0.603           
26.- No. Superm.   0.659       0.459   
27.-Superm_Density   0.212 0.369 0.760       
28.-Mailbox_Density       0.530   0.604   
29.-F.W.P. Density       0.639 0.645     
30.-W.P.C. Density   0.239   0.819       
31.-Mailbox_distance 0.930             
32.-F.W.P. Distance 0.912             
33.-W.P.C. Distance 0.859   -0.243         
34.-No.Mailbox   0.305       0.821   
35.-No.F.W.P.   0.478     0.739     
36.-No.W.P.C.   0.641 0.335 0.316   0.225 0.207 
Extraction method: principal component analysis 
a. The rotation has become 9 interactions 

 Table 2. - Matrix of components/factors 
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The fifth factor incorporates variables of “Digital Society as a function of Land Use”, 
keeping mainly high factorial loads between the number and density of free wifi poins 
(FWP) and the percentage of land use dedicated to green areas (PLUGA). Highligthing the 
capacity of this factor to cover information regarding the sites where there is greater 
possibility of finding FWP according to the type of land use present in each unit of analysis. 

The sixth factor reflects interesting parameters among the variables related to “Online 
Shopping vs employment density”. With high positive factorial loads among the variables: 
number and density of electronic mailboxes, and relatively high negative factorial load with 
the variable employment density.  

Finally, the seventh factor includes variables related to the “Structure of the population”. 
Having high positive factorial loads between the youd index and the land use dedicated to 
services, with a high negative factorial load focused on the aging index. This allows us to 
differentiate the areas where the young population predominates, and in which of them, on 
the contrary, there is an aging population structure. 

4.2. Cluster analysis (CA) 
One of the main objectives of the research is to understand the dimension, variation and 
influence of the characteristics described in the previous factors incorporating spatial 
restrictions. It was therefore necessary to identify the optimal number of groups in which to 
incorporate our units of analysis. However, due to the lack of previous studies specific to the 
metropolitan area under the characteristics considered, a hierarchical cluster analysis was 
used to determine the appropriate k-value (number of groups). 

With the factors extracted in FA, the variables of spatial constraints and the number of cluster 
(k-value) defined, six k-means cluster analysis (CA K-means) with 125 units of analysis 
were performed. To form clusters with the influence of spatial contiguity from smallest to 
largest measure, a sequence of incorporation of spatial constraints variables was assigned 
for each cluster analysis. 

Table 3 shows the number of cases grouped in the clusters formed. It was observed that the 
number of cases is more homogeneously distributed in the clusters with a greater number of 
spatial constraints variables. 

The results were reviewed to select the optimal classification method according to the 
objective of the study. The result was that Group V, comprising seven FA factors and four 
spatial constraint variables, is the cluster that best defines the structure of the metropolitan 
area of the municipality of Madrid according to the characteristics considered (Fig. 2).  
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Table 3. - K-means cluster analysis (K = 5) 
 
The map represents the 131 units of analysis (Fig. 2). Except for the atypical cases that make 
up cluster six, the formation of homogenous sub-groups can be seen with units that maintain 
a contiguous boundary with another unit belonging to the same group, or at least have a 
location close to the subgroup. Achieving with this, an adequate level of spatial integrity and 
a balance between the location parameters used, the characteristics of urban structure and 
the variables of digital society considered (Table 4). 

 
7 Factors 7 Factors + 7 Factors + 7 Factors + 7 Factors + Constraint Spatial 

Clúster #  
 

1 Var. 
Restriction 

2 Var. 
Restriction 

3 Var. 
Restriction 

4 Var. 
Restriction 

"K-means 
clustering" 

  Group I Group II Group III Group IV Group V Group VI 

1 (Blue) 50 58 53 47 32 12 
2 (Pink) 17 17 15 24 16 34 

3 (Orange) 3 2 4 2 7 20 
4 (Green) 53 46 51 45 43 38 

5 (Light blue) 2 2 2 7 27 21 
Subtotal 125 125 125 125 125 125 

6 (Atypical 
cases) 

6 6 6 6 6 6 

Total 131 131 131 131 131 131 
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Fig. 2. - Group V – 4 Spatial constraints variables (Best grouping) 
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CLUSTER´S 
CLUSTER  Main features 

 
 
 

1 

Central zone with ederly population 
High ICT services (electronic mailboxes, Wifi Points Commerce) 
High urban services (public transport stops, basic retail outlets, municipal markets) 
High rent and housing cost and high socioeconomic level 
High percentage of population with university studies 
Shorter travel distances to access digital society services 
Lower number of free wifi points. 

 
2 

Northeast zone with young population 
High number of electronic mailboxes 
Low density of public services and low active population and Shannon diversity indices 

 
 

3 

Mixed zone with High percentage of land use dedicated to green areas  
High number of free wifi points 
Longer travel distances to acces digital society services 
Structure population is mainly young 
Electronic mailboxes is relatively low 

 
4 

Southwest zone with low socioeconomic level and ederly population 
Minimum density of urban and digital services 
Low quantity of electronic mailboxes 
Low rental and housing costs with high percentage of population without studies (PPWS) 

 
 

5 

Peripheral zone to the center with few free wifi points and green areas 
Low density of urban and digital services 
Relatively low travel distances to access digital society services 
Above-average diversity and surplus value according to the high values of the Shannon and 
active population indices. 
High rental and housing costs. 

6 These units are that they are located on the periphery of the study area, 
Urbanized land of less than 50%, few public and digital amenities 

Table 4. - Clusters formed 
 
5. CONCLUSIONS 

 
The multivariate and spatial analysis developed allowed the identification of the typologies 
existing in the metropolitan area of Madrid based on sociodemographic, socioeconomic, 
urban structure and diversity criteria, and specifically relating to the digital society. A 
classification methodology was successfully developed with two levels of spatial 
restrictions: the first was incorporated into the FA, where it reduced the dimension of 36 
attributes in seven factors that explained over 70% of the total data; and the second involved 
four more contiguity variables that were gradually incorporated in the cluster analysis.  
 
The results suggest that 125 of the 131 units of analysis considered can be assigned to one 
of the five typologies, while the six remaining units were classified in a specific group of 
atypical cases due to their extreme characteristics. The largest group comprises 43 units of 
analysis (Cluster 4) and includes neighborhoods with a low socioeconomic level, minimum 
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density of urban and digital services, and a relatively low number of electronic mailboxes, 
meaning that they have limited access to both physical and online shopping. 

The second largest group consisted of 32 units of analysis (Cluster 1) located in the central 
zone. They have an elderly population and a high level of digital and urban services, with 
the shortest distances to these facilities. The third largest cluster comprises 27 units of 
analysis (Cluster 5), and contains the neighborhoods with a low density of urban and digital 
services located on the periphery of the central zone, thus maintaining a significant diversity 
and surplus value with high rental and housing costs and a representative number of Wi-Fi 
point commerce (WPC). 

The fourth (Cluster 2) and fifth (Cluster 3) clusters in order of size included 16 and 7 units 
of analysis respectively. Cluster 2 contains neighborhoods with a young population 
structure, a high number of electronic mailboxes and low densities of public amenities, while 
Cluster 3 is a mixed zone with extensive green areas and free Wi-Fi points (FWP), and a low 
proportion of housing areas. 

Although the central area is closer to digital society services, this is not the area with the 
most digital public amenities; these are cluster 3 and 2, which have a greater number of FWP 
in relation to the population. Likewise, cluster 2 and 5, despite not having an high number 
of electronic mailboxes like other groups, maintain a considerable proportion of these 
facilities, pointing to the importance of online shopping in these areas, even though Group 
5 has a mainly elderly population and Group 2 has a high percentage of population without 
studies (PPWS). 

The results show the potential usefulness of obtaining a classification of urban areas using 
attributes of urban complexity, with spatial limits and restrictions that do not significantly 
affect the quality of the data, and of measuring this complexity through the structure and 
services of the areas analyzed. This characterization also offers a detailed view of how digital 
society attributes strongly influence cities, and how these indicators are capable of modifying 
urban structures, the inhabitants’ activities and behavior, and the general development of the 
urban form.  

Public and private organizations can use classifications of this kind to carry out/adapt urban 
development plans and identify specific urban areas. This methodology can also be updated 
for various periods with current information, or with data from previous years to provide 
knowledge of the urban structure in specific years. As mentioned by Song & Knaap (2007), 
these classifications can be used in regression analysis to select sampling strategies, for the 
specific design of urban areas, and to measure progress in the implementation of urban 
development plans that incorporate information society criteria. 
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