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Abstract: Understanding the characteristics that shape mobility could help to achieve more sus-
tainable transport systems. A considerable body of scientific studies tries to determine these char-
acteristics at the urban level. However, there is a lack of studies analyzing those factors for the
heterogeneous zones existing in the suburbs of big cities. The study presented in this paper intends to
fill this gap, in the context of two metropolitan corridors in the Madrid Region. Correlation analyses
are used to examine how mobility patterns are affected by socioeconomic and urban form variables.
Then, a cluster analysis is carried out to classify the types of zones we may find in the suburbs. Results
show that the main characteristics leading towards higher car use are low urban density, few local
activities, a high percentage of children, and a low percentage of seniors. As for the variable distance
to the city center, it does not explain car use. Moreover, some remote areas have many walking trips.
This is well understood in the cluster analysis; there are zones far away from the city center but that
are dense and well provided for, which work as self-sufficient urban centers. Results reinforce the
theories underlying polycentrism as a solution to the urban sprawl challenge.

Keywords: suburban mobility; explanatory factors; metropolitan corridors; urban form; land use;
socioeconomic characteristics; residential trips; household surveys; residential trips

1. Introduction

Cities are centers of innovation, wealth, and job creation, but are also often charac-
terized by air pollution, noise, heat, and disease [1,2]. One of the main challenges facing
cities in their efforts to address these problems is urban mobility [3–5]. In fact, achieving a
sustainable mobility has become one of the most widespread objectives in policy agendas,
whatever the political ideology of the decision maker [6–8]. Protecting the environment or
achieving healthier urban environments are now the main goals for transport and urban
planners. The actions to achieve these goals are well known, and there is even agreement
between the main actors concerned about what should be done (e.g., promote a modal shift
towards walking, cycling, and Public Transport, reduce trip lengths or encourage greater
efficiency) [9].

At the European level, the production and dissemination of official documents recom-
mending policies to achieve a more sustainable mobility are also wide and diverse [10–12].
As a result, most European cities are planning and carrying out actions such as the creation
of segregated bus lanes, the implementation of bicycle rental services, or the pedestrian-
ization of streets [13,14]. These policy interventions, aimed at improving the efficacy and
efficiency of urban transport systems, are usually implemented in the core cities, while
their peripheries are often disregarded [15]. However, it is precisely in core cities where the
mobility patterns tend to be more sustainable, especially in the European context, mainly
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due to the density and proximity of services [16,17]. In core cities, most transport alterna-
tives are available and are competitive with cars (e.g., public transport, shared mobility,
micromobility, public bicycles, etc.) [18,19].

Despite this, little attention has been paid to the suburbs compared to core cities, not
only at the policy and planning level but also in research. Numerous studies analyze ways
to achieve more sustainable transport systems in cities [5,18,20–24], whereas the literature
specifically focusing on suburban transport is scarce [15–17]. In their review paper on
approaches for sustainable planning in urban peripheries, Geneletti et al. [25] found that
urban peripheries are not central to sustainable planning research. Beyond this, the authors
conclude that the existing approaches in the literature focus more on context-specific issues
than on providing comprehensive frameworks for sustainable planning. This is where
research should move ahead, especially within the current context of generalized urban
sprawl [26,27]. The population is mainly growing in peripheries, frequently characterized
by low-density and car-dependent residential areas, where alternative transport modes are
inefficient [19].

Achieving a sustainable urban transport system at the regional level requires understanding
the factors influencing urban mobility patterns [28]. A considerable body of scientific studies
tries to determine what these factors are and how important they are [29–39]. Some of them
place high importance on the factors related to urban form and land use attributes [30,34],
while others focus their attention on the socioeconomic and personal characteristics of
individuals [36]. The contexts of analyses are also very varied; some studies focus on
a single city (e.g., [29,31,36]), while others carry out comparisons among several cities
(e.g., [30,33,35,37,39]). Finally, we may also find studies with similar purposes for rural
areas [40].

However, there is a lack of studies analyzing the factors that shape urban mobility in
the heterogeneity of the zones that compose the suburbs of big cities. This research intends
to fill this gap. To this aim, a comprehensive approach is adopted, trying to include a wide
range of concepts that—according to the literature—could have an important effect on
travel patterns (e.g., demography, socioeconomic features, density, land use, accessibility,
car availability, etc.). This analysis is carried out in the context of two metropolitan corridors
in the Madrid Region, considering that there may be big differences between different areas,
even within the same corridor.

The main objective of the research presented in this article is to understand the deter-
minants of daily mobility patterns in a suburban context, through replicable methods that
serve to simplify and structure geolocated information:

• Firstly, an extensive literature review of previous studies is firstly carried out to identify
the characteristics that may have an influence on urban mobility. Then, a set of agreed
indicators to measure these characteristics is proposed;

• Secondly, correlation analyses are performed between the indicators and in the context
of suburban zones in Madrid. These analyses serve to examine the relations between
urban transport patterns and other conditions such as socioeconomic characteristics
or urban form;

• Finally, a cluster analysis is applied, using geolocated data compiled in the set of
indicators. Through this exploratory technique, a taxonomy is created to classify the
types of zones we may find in the suburbs of big cities, which are different in terms of
geographical location and urban and social conditions.

This investigation is framed within the research project U-MOVE [41]. The ultimate
goal of this project is to upscale to the whole city level (especially suburban areas) the
use of those transport apps that may promote more sustainable trip decisions (e.g., public
transport information). However, the work presented here corresponds to an initial phase of
the project, where the main goal is to identify explanatory variables of user travel decisions
in a metropolitan context. To that end, research is developed in two metropolitan corridors
of the Madrid Region. Apart from the identification of the characteristics influencing
mobility in this context (e.g., urban density, diversity, the existence of children or seniors),
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the results of this work are the basis for later tasks of the project. For example, the clusters
identified serve to aggregate the transport zones by the homogeneity of mobility patterns.
This simplifies the task of carrying out specific surveys or interviews in the two corridors
for further analyses.

2. Materials and Methods
2.1. Case Study: Two Metropolitan Corridors in Madrid

The Madrid Region has a population of 6.5 million inhabitants, distributed in
179 municipalities. The main municipality and core city of the region is Madrid, a central
area where 3.2 million people live. The territorial distribution is associated with its major
road infrastructures: eight radial motorways connected by three circular rings (Figure 1).
These main road infrastructures act as different transport corridors that are the backbone of
land use and mobility in all of the region [42].
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Table 1 shows the broad characteristics of the corridors. The population in the Madrid
Region is especially concentrated in the South (i.e., A-42 and A-5). Southern corridors are
generally characterized by residential land use and lower household incomes. Northern
corridors A-1 and A-6 are important tertiary axes, although A-6 also concentrates a great
amount of the population. In the eastern A-2 corridor, we can find important population
cores as well as industrial areas. The decision made by the consortium of U-MOVE was to
select the A-2 and A-6 corridors as case studies for the project. A variety of reasons support
this decision. Firstly, these corridors carry the heaviest traffic flows, being also comparable
in population. Secondly, both corridors are different in terms of land use—as mentioned
above—and income levels: the A-6 corridor presents the highest average income while
income levels in the A-2 corridor correspond to the middle–low class segments. Thirdly,
both corridors have good connections with the Madrid City Center, through commuter
trains, intercity buses, and metro or light rail. Finally, a comparative analysis between both
corridors may be of interest from a strategic point of view. Due to the fact that a Bus–HOV
lane was implemented in the A-6 by 2004, and partly because of the success of this initiative,
another Bus–HOV lane is planned for the A-2 corridor in the near future.

Table 1. Broad characteristics of the eight transport corridors in Madrid Region (rounded values).

Corridor Population *
(1000 Inhabitants)

Average Gross
Income * (1000 € per
Inhabitant Per Year)

Daily Traffic *
(1000 Cars Per Day)

A-1 250 50 90
A-2 * 600 30 135
A-3 200 30 85
A-4 550 25 125
A-42 750 25 110
A-5 750 30 90

A-6 * 550 55 140
M-607 300 45 80

Data source: INE (2022). * Selected corridors for the study.

2.2. Indicators to Characterize Urban Mobility in the Case Study

In this research, indicators are used to explore those urban characteristics determining
daily mobility. The explanatory variables to be considered are extracted from a literature
review of previous studies with similar objectives (Section 2.2.1). The selection and cal-
culation of indicators to measure these variables are performed according to available
information and data sets in the case study (Section 2.2.2).

2.2.1. Literature Review: Concepts and Variables Surrounding Urban Mobility

The term urban mobility is here understood as the total sum of individual trips [43].
Therefore, urban mobility does not only depend on transport systems, but also on the
socioeconomic characteristics of individuals, the built environment, and its spatial distri-
bution [9,44,45]. The studies summarized below deepen these relationships. The different
variables considered in each study are summarized in Table 2, and are the basis for the
indicator’s selection:

• (a) Handy [28] carries out a review of different approaches trying to understand the
relation between urban form and travel behavior. She remarks on the importance
of providing alternatives to using a car through urban design, especially in new
developments. Walking is promoted if residential areas are provided with facilities
such as shops, schools, or health centers. Public transport may be an option if there is
a competitive offer of services. In this regard, it is especially relevant to consider the
connections by train;

• (b) Kockelman [29] also focuses on the influence of variables related to urban form
on residential mobility. She analyzes the case of the San Francisco Bay Area, finding
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that a balanced land use mix and accessibility levels could be more relevant than other
variables usually used to predict travel behavior. Nevertheless, demographic and
socioeconomic variables should never be neglected;

• (c) Giuliano and Narayan [30] explore the relationship between land-use characteristics
and individual mobility. They make a comparison between the US and Great Britain
using travel diary data. According to this research, differences in daily trips and miles
traveled are mainly explained by household income and urban density;

• (d) Zang [31] uses data from a travel survey in Boston to analyze how spatial acces-
sibility may explain non-work travel choices. Apart from accessibility, many other
explanatory variables are included in this research (see Table 2). Special importance
is attached to household characteristics such as size, composition, and proximity to
facilities such as schools or leisure areas;

• (e) Giuliano and Dargay [32] extend the study carried out in [c]. Results show that
apart from income and density, other variables related to demography, population
size, or car ownership and costs are also explanatory factors for urban mobility;

• (f) The analysis presented by Limtanakool et al. [33] shows how socioeconomic factors,
land use characteristics, and travel time affect mode choice. The authors employ data
from the 1998 Netherlands National Travel Survey in the analysis, and also emphasize
the importance of trip purposes when choosing the transport mode;

• (g) Kang et al. [34] investigate how mobility patterns are affected by compactness and
urban size. This research is quite different from previous ones. On the one hand, the
authors only consider two variables, carrying out a very thorough analysis of both.
On the other hand, mobility phone data instead of household survey data are used to
characterize travel patterns. The study includes eight cities in Northeast China;

• (h) Klinger and Lanzendorf [35] apply regression models to analyze the determinants
of modal choices in the context of three German cities. They focus on the variables
related to urban form, socioeconomics, and transport infrastructure and offer. Data
are extracted from a survey specifically conducted for the research;

• (i) Bel and Rosell [36] use a household travel survey to analyze the factors influenc-
ing the greenhouse gas emissions of individuals on their daily trips. The variables
analyzed are mainly related to personal characteristics (e.g., occupation, age, gender,
educational level, or income). The case study is the metropolitan area of Barcelona,
and the mapped results show the importance of the geographical situation in relation
to the city center;

• (j) Marcinczak and Bartosiewicz [37] determine the relations between commuting
patterns and urban form in Poland. This study focuses on the effect of spatial struc-
ture on daily trips made for work. Conclusions are critical with the trends towards
suburbanization, but the analysis only considers jobs’ locations;

• (k) Reul et al. [38] quantify the effects of potential influencing factors on urban trans-
portation in the future through an innovative approach. The results are based on an
activity-based transport demand model, developed for a synthetic city. The authors
analyze different scenarios to investigate urban transportation against the backdrop of
mode availability, urban structure, or an aging population;

• (l) Cerin et al. [39] focus on a cross-cutting topic, which is becoming increasingly
significant: synergies between transport and health. They analyze how local urban
design features may encourage walking. To that end, data from specific surveys
carried out in 14 cities around the world are combined with objective measures of the
built environment. The results, presented at the neighborhood level, show that the
main factors predicting walking share are: the density, the number of intersections
and the public transport connectivity.
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Table 2. Concepts determining urban mobility and related variables (from literature reviewed).

Determinants of Urban Mobility References (Literature Review)

Key Concepts Variables (a) (b) (c) (d) (e) (f) (g) (h) (i) (j) (k) (l)

Socioeconomic
and personal

characteristics

Demographic
distribution

-Children
-Elders

-Working-age people
-Gender

X X X X X X

Socio-
economic
features

-Household income
-Household size

-Educational level
X X X X X X

Land-use
attributes and

urban form

Density and
diversity

-Inhabitants per
hectare

-Land use
-Activities (e.g.,
schools, health
centers, shops)

X X X X X X X X

Accessibility

-Existence of railway
station

-PT services
-Configuration of
streets (e.g., no. of

intersections)

X X X X X X X X

Geographical
situation

-Distance to the city
center X X X X

Urban size
and form

-Population in the
municipality
-Shape index

X X X X X X

Urban
transport
patterns

Car
availability
and modal

choices

-Modal share
(car/PT/bike/walking)

-Car availability
X X X X X X X X X

Trip
characteristics

-Travel distance
-Time and timetables

-Trip purposes
X X X X X X X X

These 10 studies reviewed constitute an appropriate framework to conceptualize and
define the main variables surrounding urban mobility (Table 2). Most of them gather
data from mobility surveys to analyze transport patterns as dependent variables of other
variables, as is the case for this research. However, there are clear differences in at least
three aspects—the variables, the contexts, and the type of trips analyzed:

1. Concerning the variables, some of them are more focused on urban form or land use
attributes (e.g., (a) [28], (g) [34], and (l) [39]). Others are more focused on socioeco-
nomic and personal characteristics (e.g., (i) [36]). Additionally, there are more broad
studies trying to include a range of socioeconomic and land use variables (e.g., (d) [31]
and (e) [32]).

2. As for the formal contexts, there is a wide variation. There are approaches that
analyze only one city or metropolitan area (e.g., (b) [29], (d) [31], and (i) [36]), while
others include in their analysis various cities or adopt a national or even international
approach (e.g., (c) [30], (e) [32], (f) [33], (h) [35], and (j) [37]). In reference to the case
studies, the most innovative approach is based on the analysis of a synthetic city
through an activity-based transport model (k) [38].

3. Finally, although most studies consider all types of daily trips, we also find investigations
only addressing commuting trips (e.g., (j) [37]) or non-work travel (e.g., (d) [31]).

As regards to the first aspect, the variables, this research intends to adopt a more
comprehensive approach than previous studies. Thanks to the extensive literature review,
all key concepts and associated variables that could explain urban mobility are considered,
unless there are data restrictions. In respect of the second aspect, the context of analysis,
the study presented here analyses the transport zones in two metropolitan corridors of the
Madrid Region. This perspective is particularly novel. Despite the relevance of suburban
trips—commonly characterized by car dependence—research specifically addressing sub-
urban mobility and its determinants is scarce [15–17,25]. Finally, we address all types of
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trips and purposes on an aggregated basis. In the Madrid Region, 57% of trips respond to
occupational mobility and 43% to non-occupational mobility [46]. Therefore, any partial
analysis only considering either commuting trips or non-work travel would be leaving
aside an important part of everyday mobility.

2.2.2. Data Availability and Indicators

This research aims to understand the main factors shaping urban mobility. Because
mobility is the result of individual trips, from now on we will consider the variables
related to transport patterns as dependent variables (e.g., modal share indicators). Through
different methodologies, we explore the interactions between transport variables and
other independent variables listed above (Table 2) related to socioeconomic characteristics
or urban configuration. Therefore, data collection depends on the configuration and
zonification of transport indicators. In this regard, the most valuable data source to gather
data concerning residential transport behavior are Household Mobility Surveys (HMS) [47].
In the Madrid Region, an HMS was carried out in 2018 [47], which has been the main data
source for this study. The sample of this survey, based on personal interviews, consists
of 85,064 people, distributed into 1259 transport zones [46]. These transport zones were
delimited to try to obtain uniform areas in terms of socioeconomic and urban characteristics,
and are the basis for the collection and aggregation of all the indicators. Figure 2 shows
the transport zones affected by the two metropolitan corridors analyzed in this research
(n = 91), which divide the municipalities into smaller areas.
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The data sources where the information about the variables in Table 2 may be available
are described below (named by capital letters in alphabetical order A–K). These data sets
determine the selection of indicators and related variables:

• (A) Household Mobility Survey (HMS) for the Madrid Region [48]. This is the most
important source of information that has served to structure and organize by zones all
the data gathered. It provides transport variables such as modal share;

• (B) Open Data from Madrid Transport Authority [49]. This database contains informa-
tion regarding Public Transport (PT) offer and infrastructure. The data are provided
in Geographical Information Systems format. The information is provided for each
PT stop and line; therefore, the data must be aggregated to obtain the indicators per
transport zone;

• (C) Geographic Information from the Spanish Ministry of Transport and Urban
Agenda [50]. The information available here is very wide and diverse and covers the
national territory. Of special interest in this case is the information on soil classifica-
tion, urbanized surface, and population. Data are presented as homogeneous areas
considering their land use characteristics. Therefore, some transformations—generally
aggregations—are needed to obtain the indicators for different territorial divisions;

• (D) Territorial Information System from the Statistic Institute in Madrid Region [51]. It
includes cartography and a street map with detailed information for each street. This
data source is very useful to calculate distances, or to obtain information on activities
and the supply of services existing in different zones of the Region. However, it is
necessary to simplify the figures to calculate the indicators per transport zone. For
example, the number of activities is provided per street and must be aggregated. While
the estimation of distances to the city center is based on the centroids of the zones;

• (E) Spanish Statistical Institute [52]. Statistics on population, demography, and so-
cioeconomic characteristics of residents per zone can be found in this data source.
Some figures in this source are obtained at the municipal level, and therefore certain
disaggregation is needed to obtain the indicators.

Table 3 shows the indicators finally calculated in this research and specifies the
databases used for collecting the necessary information. The indicators have been cal-
culated by compiling the available data per transport zone. The selection and calculation
of indicators follow the conceptual framework and taxonomy extracted from the literature
review (Table 2). Additionally, the indicators finally used meet the requirements specified
by [53], being transparent and easy to understand and measure. This criterion means
that indicators such as household size are discarded in favor of others such as income,
which is easier to understand and measure. Finally, as the methodologies in this research
include correlational and cluster analyses, indicators should be easily transformed into
numerical variables.
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Table 3. Indicators and databases.

Variables from
Literature Review

Selected * and Calculated
Indicators Per Transport

Zone (Units)
Reference Year and

Comments

Databases
(X) Data Available

(X) Data Used

[A] [B] [C] [D] [E]

-Children
-Elders

-Working-age people
-Gender

-Population under 14 (%)
-Population over 65 (%)

-Working age population (%)
-Women (%)

Year 2018. Data on [E] are more
complete and solid as it comes

from electoral roll and not
from a statistical sample

X X

-Household income
-Household size

-Educational level

-Net household income
(€/year) Year 2018 X X

-Inhabitants per
hectare

-Land use
-Activities (e.g.,
schools, health
centers, shops)

-Urban density
(Inhabitants/ha)

Year 2021. This indicator
requires information on soil
classification (urban areas),

available in [C], and
population, available in [E].

Information on these sources is
provided up to date (reference

year 2021)

X X

-Aggregated activities
(No./ha)

Year 2021. Information on
aggregated activities (i.e.,

schools, health centers, and
commerce) is available in [D]

and provided up to date
(reference year 2021)

X

-Existence of railway
station

-PT services

-Population near a train
station <800 m (%)
-PT stops (No./ha)

Year 2021. Data for public
transport offer are available in
[B] and values of population

and buffers are provided by [C]

X X

-Distance to the city
center

-Distance to the city center
(km)

Year 2021. Average distances to
the city center are calculated

through [D]
X

-Population in the
municipality
-Shape index

-

Since transport zones are
smaller than municipalities

(Figure 2), these indicators are
not appropriate to the context

X X

- Modal share
(Car/PT/

Bike/Walking)
-Car availability

-Car share (%)
-PT share (%)

-Walking share (%)
-Car availability (no. vehicles

per Inhabitant)

Year 2018 X

-Travel distance
-Time and timetables

-Trip purposes

-Average travel distance
(km)

Year 2018. Information on time
and timetables or trip purposes

is also available in [A], but
data are provided in

categorical formats, not easily
transformed into numerical

variables (therefore discarded)

X

* Selection criteria: available information, transparent indicators which are easy to understand. Variables easily
presented into numeric formats.

2.3. Correlation Analysis for Explaining Urban Mobility

One of the objectives of this research is to examine how different urban variables
shape urban transport patterns. Two types of correlation tests are employed for this:
the Pearson correlation coefficient and Spearman rho. Indicators related to the modal
share and car availability are considered dependent variables, which could be explained
through variables related to demography, socioeconomic features, density and diversity,
PT accessibility, and geographical access (Table 2, 2nd column).

The Pearson correlation analysis is applied by Haghshenas and Vaciri [54] and later
by Alonso et al. [4] for similar purposes. Both studies analyze various cities from an
aggregated perspective and correlate the variables of city size, density, and GDP with
private and PT modal share (samples: n = 100 and n = 23 cities respectively). The research
presented in this paper is much more detailed and disaggregated. Indicators are analyzed
per transport zone and not per city (sample: n = 91 transport zones), and the range of
concepts considered is broader and carefully selected thanks to the literature review carried
out (Section 2.2.2). However, for the analysis to be valid, at least one of the variables
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must be normally distributed [55,56]. A very widespread method to check if variables
are normally distributed is the Kolmogorov–Smirnov and Shapiro–Wilk tests. If the test
is not significant (Sig. > 0.05 for 95% confidence level), it means that the distribution of
the sample is probably normal [56]. Table 4 shows the results of this test for the transport
variables (dependent variables).

Table 4. Normality test results (of indicators proposed in Table 2).

Kolmogorov–Smirnov Shapiro–Wilk

Statistic df Sig. (>0.05) Statistic df Sig. (>0.05)

Car share (%) 0.120 91 0.002 0.954 91 0.003
PT share (%) * 0.084 91 0.122 0.980 91 0.183

Walking share (%) 0.108 91 0.010 0.950 91 0.002
Car Availability (no. vehicles

per inhabitant) * 0.065 91 0.200 0.987 91 0.533

Average travel distance (km) 0.269 91 0.000 0.426 91 0.000

(*) Normal distribution.

From Table 4 we can observe that only PT share and car availability indicators are
normally distributed. Therefore, correlations of these three variables with others are
analyzed through the Pearson coefficient (1):

Pearson Correlation Coefficient = ∑(xi − x)(yi − y)√
(xi − x)2(yi − y)2

(1)

xi = values of the x-variable in a sample.
x = mean of the values of the x-variable.
yi = values of the y-variable in a sample.
y = mean of the values of the y-variable.

The value of the Pearson correlation coefficient falls in the interval −1 and 1. Being
closer to −1 represents a strong negative correlation and being closer to 1 represents a
strong positive correlation [57]. Coefficient values of ±0.1 are generally considered to
represent a small effect, ±0.3 a medium effect, and ±0.5 a strong effect [56].

The three non-normal dependent variables (i.e., car share, walking share, and average
travel distance) are analyzed through Spearman rho. This Spearman correlation coefficient
is a non-parametric statistic and so can be used when the data have violated parametric
assumptions (e.g., for non-normally distributed data) [58]. It works by first ranking the
data and then applying the Pearson equation, and therefore interpretations are similar
for both coefficients regarding their values, ranges, and signs. The significance analysis
depends on the sample size; the smaller the sample, the higher the Pearson or Spearman
coefficients will have to be to prove the correlation between variables. According to agreed
formulations linking significance and sample size in the Pearson and Spearman methods, a
sample of 28 is enough to detect strong correlations, and samples bigger than 84 are needed
to confirm small effects between variables [59]. In this case, the sample (n = 91) is large
enough to capture all strong and medium effects and even some small effects.

2.4. Cluster Analysis to Classify Transport Zones According to Mobility Patterns

The study of the A-2 and A-6 metropolitan corridors through indicators compiled
by transport zone implies considering data from 91 zones. This gives a picture not easily
interpretable. The picture could be simplified if the information was analyzed on an
aggregated basis (e.g., by corridor or for the two corridors), but then many specificities
would be lost. Urban and suburban zones in the metropolitan regions may be totally
different from one another, even if they are geographically close [36]. As an intermediate
solution to simplify this outlook, the 91 zones are classified into homogeneous groups
according to their socioeconomic and urban form characteristics. This allows the analysis
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of the transport patterns characteristic of each type of zone without losing important
specificities, but at the same time makes the presentation and interpretation of data easier.

The method used for the classification is the cluster analysis, which aims to reduce
the dimensionality of a data set by exploiting the similarities and dissimilarities between
the cases (the transport zones) [4]. The approach is hierarchical if the classification has
an increasing number of nested classes, and non-hierarchical if the number of clusters is
previously decided [60].

The first and most important step of the cluster analysis is the selection of appropriate
variables considering the objective of the classification [61]. Hair et al. [62] set out two
main recommendations to select the variables. Firstly, variables should relate specifically
to the objectives of the cluster analysis. In this case, the objective is to create a taxonomy
able to provide a clear image of the types of zones existing in the metropolitan corridors,
in terms of geographical location and urban and social conditions. Therefore, indicators
related to all these key concepts (defined in Table 2) should be included in the classification.
Secondly, it is not appropriate to include too many variables. Instead, it is better to include
one variable for each concept and ensure that they are relevant to the main objective.
In response to the primary objective of this research, the taxonomy should also explain the
different mobility patterns existing in the different types of zones. For these reasons, just
one indicator per key concept is selected. Where there is more than one indicator available
per key concept, their impact on transport patterns is considered (i.e., higher impacts are
preferred, according to the correlation coefficients). This criterion also avoids substantial
multicollinearity among selected indicators as classification variables. The existence of
multicollinearity does not invalidate the statistical results of the cluster analysis, but it is
not desirable as it may indicate that some concepts are being double-counted.

The procedure followed for the cluster analysis in this research is the one proposed
by Alonso et al. [4], composed of several stages and supported by a strong theoretical
basis [61,62]. The objectives of both studies are similar: classifying cities to analyze the
sustainability of their transport systems in Alonso et al. [4], and classifying transport zones
to understand the factors shaping mobility patterns in this case. The sample in this research
is larger (n = 91 transport zones) compared to the sample of 23 cities analyzed in the
reference study. This difference may be positive to obtain significant groups and results [62].
The stages of the procedure are summarized below:

1. Normalize selected indicators using Z-scores formulation;
2. Set the appropriate number of clusters through a hierarchical method: the Ward

method with squared Euclidean distance measurement. The number of clusters is set
according to the agglomeration schedule and the dendrogram;

3. Use the non-hierarchical method k-means to test the stability of the resulting clusters.
The number of clusters is defined in stage 2 and the iterations are started from
centroids obtained with the Ward method;

4. Test the validity of the obtained solution. On the one hand, by comparing the solutions
obtained by the two cluster methods used; on the other hand, through the ANOVA
analysis, which shows if the classification variables selected contribute to the cluster
classification.

3. Results

In this section, the results of the correlation and cluster analyses of the zones are
presented. The use of the Household Mobility Survey [48] as the main database involves
certain limitations. Some zones are excluded from the analysis because the sample of
surveys carried out in the zone is not enough to consider the information representative.
This is the case of 44 zones out of the 135 comprised in the A-2 and A-6 corridors. Therefore,
analyses are performed for 91 transport zones. The zones excluded are mostly located
in the A-2 corridor, corresponding to industrial areas where very few residents live. We
may also find some areas excluded in the A-6 corridor, mainly characterized by tertiary
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activities. Therefore, it is assumed that the final sample is representative of the residential
areas in both the A-2 and A-6 corridors.

3.1. Explanatory Variables for Urban Mobility Patterns

Results from the Pearson and Spearman tests are shown in Table 5 in the form
of correlation coefficients. Significant coefficients imply causality between variables:
at the 95% confidence level if marked with two asterisks (**), or 90% confidence level if
marked with one asterisk (*). Furthermore, it is considered that absolute values higher than
0.5 indicate strong effects [56]. Therefore, we can infer the following relationships between
transport variables and other explanatory variables:

• Regarding the demographic distribution, the existence of children and elders are both
relevant variables shaping mobility in contrary directions. In those zones with a higher
percentage of the population over 65, the transport patterns are more sustainable. The
use and availability of cars are substantially lower, the walking share is higher, and
the trips are shorter. The rate of children has a stronger and opposite effect, especially
on the car share and walking share. Those zones with a higher percentage of the
population under 14 are very car-dependent and are characterized by few walking
trips. As for the working-age population or women rates, no significant relations can
be demonstrated with transport variables, at least at the zone level.

• Concerning the socioeconomic concept, results attach great importance to income lev-
els as explanatory variables. In this suburban context, wealthier families live in zones
where the car share is particularly higher, while the walking share is particularly lower
(absolute coefficient values > 0.7). These high-income zones are also characterized by
car availability and long distances traveled. The positive correlation between income
and the public transport share may be surprising. This is because the wealthiest zones
are located not very far from the city center and have good quality radial connections
by public transport (e.g., many zones in the A-6 corridor are connected with Madrid
City by a Bus–HOV lane).

• Density and diversity play the most important role in shaping mobility. The number
of inhabitants per urban surface is the variable with the biggest influence on transport
variables. Correlation coefficients demonstrate that in low-density settlements, the
motorization rate and especially the use of cars is higher. By contrast, people living
in more compact urban areas make shorter trips and walk more. As for diversity,
those areas with a broader offer of activities and services show more sustainable travel
patterns: less dependence on cars, more trips on foot, and shorter distances. The public
transport share is the only transport variable that is not well explained by any of these
density or diversity-related variables.

• Regarding the accessibility to public transport, those urban areas close to a train station
(800 m buffer) present higher PT use. However, the effect is moderate. As for the
number of PT stops, it has a very high effect on car share but the effect on PT use is
not significant. In this metropolitan context, the public transport share is found to be
an indicator with little variation (ranging from 10 to 20%) compared to the car (from
30 to 70%) or walking shares (from 20 to 60%). This makes it difficult to find strong
correlations with the rest of the variables.

• Finally, the distance to the city—the center of the Madrid Municipality—is a very
interesting explanatory factor. It is the variable with the highest impact on the public
transport share, even if the effect is not very strong (Pearson coefficient < 0.5). As
would be expected, people living closer to the city center make more trips by public
transport. However, living far from the city center does not necessarily imply having
less sustainable transport patterns. In fact, distant zones present higher walking shares
and lower motorization rates. Precisely due to the distance, many of these zones work
as isolated areas, being self-sufficient for many functions.
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Table 5. Correlation coefficients between transport variables and explanatory variables.

Transport Variables

Normal Variables Non-Normal Variables

Key Concepts Explanatory Variables PT Share Car Availability Car Share Walking Share Average Travel
Distance

Demographic
distribution

Population under 14 (%) −0.080 0.378 ** 0.659 ** −0.633 ** 0.439 **
Population over 65 (%) 0.166 −0.348 ** −0.553 ** 0.484 ** −0.333 **

Working age population
(%) −0.183 0.135 0.188 −0.126 0.130

Women (%) 0.064 0.011 −0.059 0.029 0.105

Socio-economic
features

Net household income
(€/year) 0.354 ** 0.523 ** 0.705 ** −0.737 ** 0.495 **

Density and
diversity

Urban density
(Inhabitants/ha) −0.069 −0.613 ** −0.812 ** 0.799 ** −0.582 **

Aggregated activities
(No./ha) −0.059 −0.487 ** −0.735 ** 0.702 ** −0.533 **

Accessibility
Population near a train

station <800 m (%) 0.244 * −0.078 −0.160 0.080 0.002

PT stops (No./ha) 0.009 −0.517 ** −0.753 ** 0.715 ** −0.506 **

Geographical
situation

Distance to the city
center (km) −0.384 ** −0.296 ** −0.174 0.269 ** 0.205

(Pearson coefficient) (Spearman rho)

** Correlation is significant at level 0.01 (2-tailed). * Correlation is significant at level 0.05 (2-tailed).

3.2. Transport Zones Classification

According to the criteria established in Section 2.3, the variables selected for the
classification (one per key concept, prioritizing those with the highest impact on mobility
patterns) were population under 14, net household income, urban density, no. PT stops, and
distance to the city center. Then, following the steps also described in the methodological
section, five clusters were identified as the optimal solution (See Appendix A). The five
clusters are described in Table 6, and graphically represented in Figure 3:

• Cluster 1: Self-sufficient dense zones, with an aging population and far from the
city center. This cluster is composed of the zones with the highest urban density
(268 Inhab./ha). Most of them are historical centers, with few children (12% on
average) and many elders (22%). These zones are functional urban centers far away
from Madrid city (30 km) and well provided for by services and activities, which are
viable thanks to the urban density. They present the highest walking shares (57% of
the trips on foot) and the lowest use of cars.

• Cluster 2: Middle-class dense zones in the East, closer to the city center. These zones
are also very dense and well provided for. They are in the A-2 corridor, relatively
close to the Madrid city center (16 km on average). The income is higher than zones in
Cluster 1 but low compared to other zones in this sample, especially those located in
the A-6 corridor. Nearly half of the trips are made on foot. Due to their high walking
shares and their proximity to Madrid, people living in those zones make the shortest
trips in this sample (4 km).

• Cluster 3: Middle-class zones with low density and far from the city center. The zones
in this cluster are very far from Madrid city (30 km). Despite the distance, they do
not work as self-sufficient centers due to their lack of activities and services and their
lower density compared to equally distant zones in Cluster 1 (55 Inhab./ha). More
than half of their trips are made by car.

• Cluster 4: Zones with upper-class families with children that are very car-dependent.
Zones characterized by a young population, showing the highest percentage of chil-
dren (24%). Families living in these areas are wealthy and very car-dependent (0.74 cars
per inhabitant and 67% of trips by car). Few activities are offered in these areas and
residents have the longest trips (11 km on average).

• Cluster 5: Wealthiest zones with very low density and few local activities. This cluster
is composed of the most dispersed zones (34 Inhab./ha). Households with the highest
incomes live in these zones (77,664 € per year), which are located mainly in the A-6
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corridor. Most trips are made by car (67%), and very few on foot. As for public
transport use, it is high compared to the rest of the clusters (18% of the trips). This is
probably due to the proximity to Madrid city and the relatively good connections by
PT with the city center.

Table 6. Average profile of transport zones in each cluster (See Figure A1).

Indicators

Cluster 1
(n = 10)

Cluster 2
(n = 24)

Cluster 3
(n = 21)

Cluster 4
(n = 9)

Cluster 5
(n = 27)

Self-Sufficient
Dense Zones, with
Aging Population
and Far from City

Center

Middle-Class
Dense Zones in

the East, Closer to
City Center

Middle-Class Zones
with Low Density
and Far from City

Center

Upper-Class
Families with

Children and Very
Car-Dependent

Wealthiest Zones
with Very Low

Density and Few
Local Activities

Population under 14 (%) 12 13 16 24 16
Population over 65 (%) 22 19 14 8 17

Working age population (%) 65 68 70 67 67
Women (%) 52 51 51 51 52

Net household income (€/year) 32,081 37,265 41,964 60,054 77,664
Urban density (Inhab./ha) 268 175 55 39 34

Aggregated activities (no./ha) 13.8 11.4 6.2 4.3 3.4
Population near a train station <800 m (%) 39.1 21.7 17.6 27.8 15.4

PT stops (no./ha) 75 39 18 12 16
Distance to the city center (km) 30.1 16.4 30.4 19.9 14.7

Car share (%) 28 37 51 67 62
PT share (%) 14 14 13 12 18

Walking share (%) 57 48 35 20 18
Car availability (no. vehicles per

inhabitant) 0.54 0.64 0.68 0.74 0.73

Average travel distance (km) 7 4 6 11 6
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4. Discussion

One of the main objectives of this research is to determine the key concepts and
variables explaining mobility patterns in suburban areas. As in other studies, a statistical
correlational analysis is carried out to describe these interactions. The main findings of
this analysis are described in the following paragraphs and compared with results from
previous research.

Regarding demography, two variables have strong and opposite effects on car share
and walking share: the rates of the population under 14 and over 65. Zones with higher
percentages of children are more car-dependent, while walking trips are more recurrent
in zones with many people aged over 65. These results are foreseeable and consistent
with previous research (e.g., [32,36]). However, the approach here is clearer and more
detailed and the results are more categorical (higher correlations are found). Giuliano and
Dargay [32] just consider the percentage of elders while Bel and Rosell [36] consider the
average age of the population. As for the variable gender, in contrast to other studies [36],
it does not explain differences in transport patterns between different zones. This is due
to the approach of the study. At the individual level, differences in mobility patterns
between men and women have long been demonstrated [63]. However, if indicators are
examined at the transport zone level, the percentage of each sex is close to 50%, with small
variations towards a majority of women due to their higher average life expectancy. These
little variations make it impossible to establish causal relations with any transport variable.
A more detailed study, with different data segmentations, would be needed to explore
gender differences in transport patterns.

Income levels are positively correlated with the use of cars and negatively correlated
with active modes. This causality is also found in previous studies [35,36]. However, these
results would probably be very different if the context of analysis was the municipality of
Madrid and not its metropolitan surrounding area. As Carpio-Pinedo et al. [64] demon-
strated, in the Madrid city center higher incomes are usually located in areas well provided
for by services, commerce, and activities.

The study reveals that variables related to density and diversity are the most powerful
to infer car dependence and active mobility. In this regard, denser areas with mixed land
use present more sustainable transport patterns. This statement is commonly agreed to in
the literature, and the results just ratify the findings of previous studies (e.g., [28,30,31,34]).
However, neither the density nor the mix of activities predict public transport patronage. This is
a surprising outcome that contradicts conclusions obtained in other studies (e.g., [4,30,32]), and
it is probably due to the context of this research. Previous studies analyze information on
an aggregated basis, mixing data from zones in the city center with data from suburban
zones. Results in these simplifications are statistically very influenced by the performance
of central areas, with high density and high public transport patronage. While in the
metropolitan context, this interdependence is not so clear.

Nevertheless, it is noted that public transport share is not very well explained by
the variables included in this study. It seems that areas with a higher income, closer to
the city center, and connected by railway tend to use more public transport. However,
according to the correlation coefficients obtained, these effects are not very strong. A
deeper analysis would be needed to explain public transport use. On the one hand, more
complex accessibility measures based on the quality of services (i.e., including quantity
and frequency of services and not only the number of stops) would probably be better
predictors [65,66]. On the other hand, analysis considering travel purposes and timetables
could help to understand the reasons behind public transport modal choice [31,37]).

The effects of geographical distance to the city center over certain transport variables
might be, a priori, surprising. It seems that people living further from the Madrid city
center tend to walk more. This refutes findings from other studies (e.g., [36]). It is because
there are some zones in the outer periphery working as self-sufficient urban centers. These
zones are also characterized by higher densities, a broad offer of services and activities, and
lower motorization rates (e.g., zones in Cluster 1).
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In addition to the correlational tests, an exploratory analysis is carried out: the cluster
analysis. None of the studies reviewed applied exploratory statistics or cluster analysis for a
similar approach, and in this case, the results are clarifying. Specifically, it shows significant
differences between the five types of zones (clusters) identified. These differences should
be carefully considered, because they may lead to misinterpretations when processing
aggregated data, as is the case of most studies on this topic (e.g., [4,30,33–35,37]).

5. Conclusions

Initiatives addressing daily mobility pay little attention to the suburbs, at both policy
and scientific levels. However, the population is precisely growing in the peripheries of
core cities, where transport patterns are generally less sustainable. This study aims to
understand the factors determining mobility patterns in the context of two metropolitan
corridors in the Madrid Region. Its originality is firstly based on the specificity of the
context, the suburban areas; secondly, on its broad approach. Thanks to the exhaustive
literature review, all the key concepts and related variables surrounding mobility are
considered, except for some data limitations. Finally, the twofold methodology is novel and
useful to describe the complex interrelations between urban characteristics and mobility
patterns and the taxonomy of zones existing in peripheries.

Regarding the conceptual outcomes of the research, the first one is a list of key concepts
and related characteristics (variables) that, according to the literature, may shape daily
mobility (Table 2). This can be a useful input for future research. We find that the most
recurrent concepts in previous studies are socioeconomic features, density and diversity,
accessibility, and urban size and form.

Secondly, the interrelations between certain variables and transport patterns are exam-
ined. The main characteristics leading towards higher car use are, by order of importance,
low urban density, few local activities, a high percentage of children, and a low percentage
of seniors. Apart from these commonly agreed findings, certain results obtained in the
correlation analysis are less foreseeable. On the one hand, the distance to the Madrid city
center does not explain car use. Moreover, distant zones present more walking trips. This
is well understood in the cluster analysis: there are zones far away from the city center
but dense and well provided for, that work by themselves as urban centers. On the other
hand, public transport use is an indicator with little variation between zones (12–18%)
and is difficult to explain through other variables. It seems that wealthier zones closer
to the city center tend to use more public transport (due to their privileged connections).
However, apart from this, neither density nor accessibility indicators have an effect on
public transport use. This is a surprising result, partly due to the suburban context. How-
ever, more precise accessibility measures and the consideration of other variables such as
travel purposes would be needed to deepen the study into the reasons behind PT use in
the peripheries of cities.

Finally, a taxonomy of the types of zones we may find in the suburbs is presented.
The 91 transport zones analyzed in the two metropolitan corridors are classified into five
clusters, very different from each other. For example, the car share varies from 28% on
average in Cluster 1 to 67% in Cluster 4. These differences are explained by their charac-
teristics: Cluster 1 is composed of self-sufficient compact areas with an aging population,
while zones in Cluster 4 are typically inhabited by wealthy families with children living in
low-density neighborhoods. The differences in the two corridors—the eastern A-2 corridor
characterized by a more industrial character and the northeastern A-6 corridor with many
tertiary activities and high-income residents—translate into greater concentrations of cer-
tain types of zones. For example, zones in Cluster 4 are typically found in the A-6 corridor,
although we may also find some examples of these wealthy zones in the A-2 corridor.

Results demonstrate that mobility in the periphery is not necessarily unsustainable
if these areas are compact and self-sufficient. This reinforces the theories underlying
polycentrism as a solution to the urban sprawl challenge (e.g., [37]).
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This research work comes with two main limitations. On the one hand, the statistical
methodologies applied require numerical indicators, and therefore some important cate-
gorical variables such as travel purposes or timetables are not considered in the analysis.
On the other hand, the accessibility measures adopted do not consider the frequency and
quality of services and are not able to explain public transport use. These gaps could be ad-
dressed in future research. In addition, it would be interesting to replicate the methodology
in central areas of the city to compare the results.
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Appendix A

This appendix contains information on the procedure of the cluster analysis. Table A1
shows the coefficients of agglomeration for each stage of the hierarchical Ward method with
squared Euclidean distance measurement. The process is stopped at Stage 86, considered
an optimum cut-off point according to the agglomeration schedule coefficients (Figure A1).
This provides five clusters, as represented in the dendrogram (Figure A2).

Table A1. Agglomeration coefficients for the hierarchical clustering (Ward with Euclidean distances).

Stage
Cluster Combined

Coefficients Stage
Cluster Combined

Coefficients
Cluster 1 Cluster 2 Cluster 1 Cluster 2

1 22 37 0.020 46 19 23 110.624
2 14 20 0.057 47 27 86 120.179
3 51 56 0.106 48 28 32 120.777
4 22 39 0.171 49 42 53 130.473
5 89 91 0.237 50 41 45 140.220
6 54 57 0.311 51 29 30 150.028
7 71 73 0.387 52 3 84 150.894
8 1 40 0.464 53 6 11 160.759
9 80 82 0.554 54 21 38 170.629
10 41 69 0.647 55 50 52 180.498
11 44 67 0.752 56 7 9 190.391
12 50 61 0.857 57 80 87 200.312
13 64 90 0.963 58 4 83 210.274
14 65 66 10.072 59 43 54 220.289
15 79 85 10.190 60 10 24 230.308
16 62 88 10.321 61 62 65 240.379
17 23 25 10.461 62 1 21 250.518
18 4 5 10.644 63 2 79 260.723
19 12 17 10.836 64 29 42 280.044
20 29 31 20.038 65 6 10 290.505
21 30 35 20.243 66 44 64 310.035
22 41 68 20.458 67 7 19 320.566
23 52 58 20.675 68 71 72 340.205
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Table A1. Cont.

Stage Cluster Combined
Coefficients Stage Cluster Combined

Coefficients
Cluster 1 Cluster 2 Cluster 1 Cluster 2

24 10 14 20.900 69 34 41 350.865
25 23 26 30.130 70 50 51 370.882
26 62 89 30.361 71 28 80 400.093
27 27 36 30.627 72 3 33 420.367
28 72 76 30.899 73 7 8 440.738
29 47 49 40.172 74 2 4 470.463
30 21 22 40.445 75 29 71 500.409
31 6 15 40.728 76 43 47 530.596
32 8 18 50.054 77 28 74 570.408
33 43 46 50.419 78 3 44 610.487
34 52 59 50.787 79 43 50 660.433
35 51 60 60.174 80 27 34 710.675
36 45 63 60.590 81 28 29 790.495
37 47 48 70.024 82 1 2 880.504
38 74 77 70.467 83 27 62 1000.828
39 71 81 70.948 84 1 7 1130.406
40 7 13 80.442 85 6 12 1260.576
41 54 55 80.947 86 * 27 43 1440.536
42 71 78 90.470 87 3 27 1800.351
43 72 75 100.000 88 6 28 2160.710
44 12 16 100.537 89 1 3 2890.013
45 32 70 110.076 90 1 6 4500.000

* The hierarchical process is stopped in Stage 86. Optimum cut-off point.
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Once the number of clusters is set, the classification is repeated with the k-means
method. Results are very similar in both procedures; only six zones change to another
cluster (6.5% of the cases). Therefore, the solution is considered stable (<10% cases to a
different cluster) [62]. The classification obtained through k-means is preferred: it changes
the cases (zones) from one cluster to another to obtain the best solution. Hierarchical
methods are very useful to establish the optimum number of clusters, but once the cases
have been merged, they remain in the same cluster. Therefore, k-means could correct some
aggregation performed in earlier stages by the Ward method. Finally, to test the validity of
the results, an ANOVA analysis is carried out (Table A2). The very high F-values show that
the classification variables selected contribute to the formation of clusters [52]: the zones
contained in each cluster show high similarities among them and are significantly different
from the rest.

Table A2. ANOVA analysis results from the k-means procedure.

Cluster Error F Sig.

Mean Square df Mean Square df

ZScore_Pop. < 14 (%) 150.036 4 0.347 86 430.307 0.000
ZScore_Net household income (€/year) 170.935 4 0.212 86 840.461 0.000

ZScore_Urban density (hab/m2) 160.365 4 0.285 86 570.345 0.000
ZScore_ PT stops (No./ha) 130.688 4 0.410 86 330.398 0.000

ZScore_Distance city center (km) 150.626 4 0.320 86 480.874 0.000
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