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tics in an integrated manner.

Activity participation

Citizens participate in various activities to fulfill their needs, advance their socio-economic status, and enhance their
well-being through social and health-related engagements. However, activity participation is influenced by many
factors in the built environment, such as the spatial and temporal dissemination of activities, which therefore neces-
sitate travel to overcome physical distances. Moreover, individual attributes such as gender, daily schedules, and other
socio-economic characteristics also influence mobility patterns. In this paper, we aim to investigate these factors

in the specific context of the Barcelona Metropolitan Area using three different samples of residents from annual
mobility surveys conducted between 2018 and 2020. To this end, we employ a sequence analysis method that exam-
ines the entire trajectory of an individual’s daily activities and travel, considering the number, order, and duration

of activities. In this way, we analyse in detail how various individual characteristics and the built environment influ-
ence the fragmentation of activities. Our study yields multiple results. First, we find that even in a transport-oriented
city, the fragmentation of activities is shaped by gender, especially after age 30, when major changes occur in an indi-
vidual's life course, in particular caring responsibilities and family status. Second, we observe that the educational level
and year of the sample also play a central role in shaping mobility patterns. Finally, our paper makes a methodologi-
cal contribution by defining sequence distances, after projecting the original space onto the factorial one defined

by the Multiple Correspondence Analysis. This study shows that mobility policies should not focus solely on transport
aspects, but also consider the built environment, dwelling location, gender, equity, and individual lifetime characteris-
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1 Introduction

The spatial and temporal distribution of activities in
the urban environment determines how people arrive
at places safely and on time. However, our access to dif-
ferent services in the built environment is affected by
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available transport systems, topography, and weather.
Furthermore, citizens’ mobility is determined by certain
intrinsic characteristics, such as socioeconomic level,
profession, gender, disabilities, family status, religion,
ethnicity, and other factors.

Research has consistently shown that lifestyles dif-
fer notably by gender. For example, women are over-
represented in certain professions such as healthcare
or education, and their family status influences their
income, contracts, work schedules, and conditions.
Furthermore, the burden of unpaid work and family
responsibilities, [35], also known as care work, affects
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their participation in economic activities and thus
influences their mobility choices, thereby leading to
gendered mobility patterns [15, 19]. As a result, women
tend to have more complex commuting patterns than
men, characterised by shorter, chained trips [16, 20],
and they often prefer certain transport modes [17, 32].

In the years before the COVID-19 pandemic, it was
widely accepted that emerging information and com-
munication technologies (ICTs) would transform
the way people move, such as their travel to work [6],
which would in turn lead to an expected increase in
travel demand, especially in the developed world [12—
14]. Because the traditional schedules and sequences of
daily activities were thus anticipated to become more
fluid and flexible as people switched between multiple
activities throughout their days, it was predicted that
transport demand would increase as many activities
became untethered from specific times and specific
places.

Since the COVID-19 outbreak, we have seen a remark-
able increase in the use of ICTs for daily activities, which
has indeed influenced our travel behaviour. Despite this
trend, many activities still require physical presence and
cannot be replaced by virtual services, such as school
attendance, doctor visits, and various activities that
require an escort. While working from home has become
a viable option for some professions with better wages
and job conditions [26], it remains relatively uncommon.
Certain other activities are preferably carried out in per-
son, such as those that foster community engagement
and provide physical and mental health benefits, thus
contributing to people’s well-being. In all these cases,
individuals rely on available transportation options.

The current study aims to understand spatiotempo-
ral travel behaviours in the Metropolitan Area of Bar-
celona while taking into account the abovementioned
issues and ultimately shedding light on policies that
would increase sustainable practices. We take a sequence
analysis approach that relies on three recent and con-
secutive mobility surveys in the Metropolitan Region
of Barcelona (BMR). As far as we know, ours is the first
attempt to apply this technique in the Spanish context, in
a transport-oriented development (TOD) urban environ-
ment using a longitudinal dataset. This paper is divided
into eight sections and organized as follows. After this
Sect. 1 introduction, we present the research objectives
in Sect. 2, followed by the literature review and meth-
odological framework in Sect. 3. We next introduce the
case study in Sect. 4, describe the data in Sect. 5, explain
the application of our methodology to the case study in
Sect. 6, and present the results in Sect. 7. Finally, Sect. 8
presents the discussion, main conclusions, and implica-
tions of this study.
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2 Research objectives
The objectives of this study are multifaceted:

1. Firstly, we aim to enhance our understanding of the
spatiotemporal patterns and travel behavior in the
Barcelona Metropolitan Area (BMA), both before
and after the pandemic outbreak. To the best of our
knowledge, a sequence analysis of daily travel pat-
terns has never been previously carried out in Barce-
lona.

2. Secondly, we endeavour to quantify activity partici-
pation in Barcelona by employing various fragmenta-
tion indicators, which will be discussed extensively in
Sect. 3. Barcelona, being a major European city with
a dense multimodal public transport system, serves
as a relevant case study.

3. Lastly, we aim to analyse gendered mobility patterns
and explore the significant role played by individual
characteristics, as well as those derived from the built
environment, in shaping mobility.

In this study, we present an alternative approach to
handling a large dataset. Rather than aggregating the
dataset into arbitrary time intervals that could induce
bias in the study, we maintain a detailed minute-by-
minute dataset and subsequently utilise a multiple cor-
respondence analysis to address dimensionality issues
effectively.

3 Literature review and methodological
framework
3.1 Sequence analysis (SA)
Sequence analysis has emerged in the field of social sci-
ences as a valuable tool for comprehending the occur-
rence of social events in a structured manner. Andrew
Abbott is widely recognized as a trailblazer in sequence
analysis, having developed the fundamental concepts
and methodology that extend beyond how historians
order events and how quantitative analysis deals with
sequence in social processes. His contributions are evi-
dent in his diverse range of publications elaborating on
the evolution of these concepts and methodologies [1-5,
38]. According to Abbott and DeViney [3, p. 428], “Social
reality happens in sequences of actions with constrain-
ing or enabling structures [...]. It is a matter of particu-
lar social actors, in particular social places, at particular
social times”.

Numerous authors within the sociology field have
used activity sequence analysis to conduct studies on
life course events such as marriage, childbearing, and
employment [22, 29]. These studies all understand
that a sequence is a structured list of events or actions
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performed in a specific order. Additionally, Abbott
and Forrest [4] describe how a sequence dataset can
encompass two different patterns: one involving
activities that occur only once, and another involving
activities that occur multiple times within a particular
sequence.

This approach has also been recently applied to the
analysis of mobility behaviour. Bhat and Pinjari [9]
noted that analysing travel behavior crucially involves
examining sequences of activities, the daily transitions
between them, and the amount of time spent on each
activity.

The analysis of activity sequences plays a critical role
in formulating econometric models integrated into
activity-based daily simulations of household activity-
travel patterns for large-scale travel demand analysis, as
observed by many authors [8, 11, 43, 44].

State sequences can offer valuable insights by high-
lighting differences or similarities among groups.
Studer and Ritschard [48] identify the following inter-
twined characteristics that are crucial for analysing and
comparing activity sequences:

+ Experienced states: These refer to each alternative
activity in the sequence, such as being at home,
work, school, or travelling by car, public transport,
or other. State sequences can provide essential
information that sheds light on group differences or
similarities.

+ Distribution: This refers to the total time allocated
to each state within a sequence.

+ Timing: This is the specific moment in time when
each state appears within the sequence.

+ Duration: This pertains to the length of time spent
in each successive state.

+ Sequencing: This refers to the specific order in
which distinct successive states occur. A sequence
represents an ordered string of activities spanning a
specific period.

To identify similar sequences and quantify the mis-
match between them, a rule for sequence comparison is
needed. This rule enables the measurement of dissimi-
larity, with the number of operations required to align
two sequences representing a distance or dissimilarity
score. The distance between two sequences is the mini-
mum combination of operations necessary to transform
one sequence into the other [5]. A matrix of dissimi-
larity scores is generated as the output of an algorithm
that performs these operations on all the sequences.
Studer and Ritschard [48] present a thorough over-
view of various similarity measures that are commonly
found in the literature for comparing sequences.
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3.2 Fragmentation

As previously explained, a sequence refers to a series of
time points during which a subject can move from one
discrete “state” to another. Individuals with numerous
states in their daily schedules are considered to have
fragmented schedules. Fragmentation characterises
how activities are reorganized spatiotemporally, with
activities being subdivided into smaller components
performed at different times and/or locations. Various
authors such as Alexander et al. [6], Couclelis [13, 14],
Hubers et al. [33], and McBride et al. [40] have defined
travel and activity fragmentation as the sequence of
many short trips occurring within a person’s daily sched-
ule. The concept of activity fragmentation, which forms
the basis of this study, is inspired by Couclelis [13], who
describes fragmentation as “a process whereby a certain
activity is divided into several smaller pieces, which are
performed at different times and/or locations” (page 11).
Temporal fragmentation relates to the different times at
which activities are carried out, while spatial fragmen-
tation pertains to the locations where activities are per-
formed. Together with other activities and movements
that occurr in a larger frametime, they collectively form
a string of activities with varying durations and purposes.
The complexity of this activity string can vary depending
on certain extrinsic and intrinsic characteristics of both
the individual and the urban environment.

The classification of activity-travel fragmentation seg-
ments into clusters offers the opportunity to understand
different groups, although it may not explain how and
why individuals engage in activity-travel fragmenta-
tion, as noted by Su et al. [49]. However, it does allow us
to explore the relationship between the segments and
socioeconomic characteristics. For example, research
conducted by McBride et al. [39] and Su et al. [49] in Cal-
ifornia found that individuals aged 25-54 with children
tended to have the most fragmented schedules. These
studies also revealed significant differences among peo-
ple with different income levels, with poverty inhibit-
ing activity variety and ethnicity/nativity playing a role.
Their analyses also showed that specific age groups tend
to have very long sequences of short activities and trips.
People living in urban and suburban environments tend
to have more fragmented schedules, most likely due to
the combination of short and long activities within their
daily routines. A more in-depth analysis suggests that
social exclusion can occur in two ways: Individuals either
stay at home with limited access to opportunities, indi-
cating immobility, or they become extremely active, dedi-
cating little time to personal matters and prioritizing the
needs of others [30, 31, 40].

Furthermore, researchers have observed gender-dif-
ferentiated patterns in segmentation analyses. McBride
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et al. [39, 40] conducted a study in California and con-
cluded that gender roles need to be further investigated,
due to the relationship between time allocation for activi-
ties and activity-travel. In Europe, Leszczyc and Timmer-
mans [38] analysed Dutch activity diaries and concluded
that gender and age play important roles in determining
transitions between different activity types. Burchell et al.
[11] analysed the gender differences in the segmentation
of workplace patterns using the 2015 European Work-
ing Conditions Survey [25], which captured information
before the pandemic. Their analysis reveals clear differ-
ences between genders, such as a higher likelihood for
women to work at their employer’s offices compared to
men. Additionally, von Behren et al. [51] analysed indi-
vidual pattern segmentation using image-based cluster-
ing analysis in combination with the German Mobility
Panel [10]. The authors identified two clusters character-
ised by households with children, with one cluster pre-
dominantly consisting of women and part-time workers.

3.2.1 Fragmentation indicators: entropy, turbulence,
complexity, and travel time ratio
To understand the complex behaviour of an individual’s
activity sequences, various indicators have been devel-
oped. Ritschard [46] provides a comprehensive review
of indicators that characterize state sequences, although
only a subset of them is applicable to travel behaviour
analyses. In this field, the most relevant and commonly
used indicators are entropy, turbulence, complexity, and
travel time ratio [21, 28, 39]. These indicators allow for
the analysis and measurement of activity durations and
transition rates from one activity to the other, thus pro-
viding insights into the diversity and complexity of
sequences. An activity sequence is a list of states indicat-
ing for each minute in a day the activity/state that applies.
The index Entropy provides a measure of variety in
daily schedules and represents the proportion of total
time spent in each state McBride et al. [40]. However, it
does not take into account the number of state transi-
tions [28]:

S
h(x) = h(my ...7m5) = — Y _ milog () 1)
i=1

Here, 7; is the proportion of occurrences of the ith state
in the considered sequence. S is the number of potential
states and « is the sequence of daily activities defined
from minute to minute. Function log() refers to natural
logarithm.

The entropy indicator is calculated based on the pro-
portion of minutes allocated to each state during a day.
This measure disregards the number of state changes
and the specific ordering of states in the sequence. If a
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person experiences no state changes during the entire
day, their entropy value would be 0. Conversely, visiting
several states increases their entropy value. The poten-
tial range of values depends on the number of states,
with the maximum value achieved when the sequence
evenly distributes time among all states. Therefore, a
normalized entropy score is commonly used, divid-
ing the entropy by the maximum entropy value, thus
obtaining a range of 0—1.

To address the limitations of not considering the
ordering and number of state changes, the following
indicators have been developed.

The turbulence index was proposed by Elzinga and
Liefbroer [21] for measuring the number of state recur-
rences and the variability of durations of daily activities.
It is based on sequence permanence and employs two
components: the number of distinct subsequences that
can be derived from the distinct state sequence,and the
variance of consecutive time points spent in a distinct
state. For a given sequence «, the formula for T'(x) tur-
bulence is [39]:

52 1
T(x) = log, (¢(x)’:g’fl> @
In the formula: ¢(x) is the number of distinct subse-
quences that can be extracted from the distinct state
sequence, considering time precedence. s? is the variance
for the state duration. s2,,, is the maximum variance,
based on the sequence duration, and it is computed as
2 = m—1)(1-7) * where n-1 is the number of tran-
sitions in the sequence and ¢ is the sequence duration
divided by the number of distinct states in the sequence.
The complexity index, proposed as a more sensitive
indicator of entropy, was initially developed by Elzinga
and Liefbroer [21] and later presented in the work of
Gabadinho et al. [27]. This index is a normalized score [1]
based on the entropy, and it takes into account both the
order of successive states, measured by transitions, and
the distribution of different states. It is defined as follows:

Cw) = \/ (”t(") h(")> 3)
(Ix) = 1) hymax
where nt(x) is the number of distinct transitions within
a sequence, /(x) is the length of the sequence, i(x) is the
entropy indicator, and /1,4, is the maximum entropy in
the sample. This indicator will have a value between 0
and 1, with zero corresponding to zero entropy and no
transitions (e.g., staying at a single place for the entire day
of observation).
The travel time ratio (TTR), initially defined in the
research by Dijst and Vidakovic [18] and recently
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modified by McBride et al. [39], serves as a concise
indicator that represents the trade-offs that people
make between travel time and activity time. In this
study, TTR is calculated as the total time spent on daily
activities (7;) divided by the sum of the total time at
home (7s) plus the total time on daily activities (7%).
Thus, TTR ranges from 0.5 (no trips made) to 1.0 (the
entire day spent away from home).

T;
T =
Tt + Ts

(4)

The following sections will describe the application of
these indicators to our case study, highlighting their role
and importance.

4 Case study

We apply this theory in the Barcelona Metropoli-
tan Area (BMA), which is depicted with a red line in
Fig. 1. The Barcelona Metropolitan Region (BMR) con-
sists of 164 municipalities (light grey zone in the map,
blue perimeter) and has a population of over 5 million
inhabitants. Within this region, the BMA (red perim-
eter) encompasses 36 municipalities with a population
of 3.2 million inhabitants. The BMA has a well-devel-
oped public transportation network, with more than
200 bus lines, 4,000 stops, 10 metro lines, 15 railway

Fig. 1 BMR study area: Transportation analysis zones. BMA subarea in green
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lines, and two tramway lines. It serves more than 9 mil-
lion trips every day. The urban and metropolitan bus
network provides services throughout the metropoli-
tan area, while the metro network covers the Barcelona
municipality and the closest municipalities within the
BMA. The commuter rail connects the most populated
municipalities in the BMR. The Primary Crown of the
BMA, depicted with a green line in Fig. 1, includes the
18 most populated municipalities and is partially cov-
ered by the two tram networks. The main data used in
this research is derived from detailed mobility surveys
conducted every year in the BMR. For further infor-
mation on the BMA and BMR, please refer to Mejia
Dorantes et al. [41] and the AMB [7].

According to EU statistics [24], before the pandemic
in 2019, only 5.3% of the labour force in the EU typically
worked from home. In Spain, this share was approxi-
mately 4.8%. This source observes that following the
pandemic outbreak in 2020, this percentage doubled.
A recent survey by the National Statistics Institute in
Spain [36] reveals that the proportion of people engag-
ing in partial or full teleworking in Spain and Catalonia
was 17.6% and 23.4%, respectively. However, as Fana
et al. [26] observe, people who work from home (WfH)
tend to be high-skilled workers with better wages and
contract conditions.

=~ Metropolitan Region of
Barcelona (BVIR)

=~ Metropolitan Area of

Barcelona (BMA)

=~ Primary Crown of BMR

Rest of BMR
Rest of BIMA

Municipality of Barcelona

10 km
A\
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5 Data description

The working days’ mobility surveys (EMEF) used in this
research cover the period from 2018 to 2020, and they are
traditional mobility surveys that analyse the mobility of
residents in BMR who are 16 years of age and older. The
spatial granularity is at the municipality level, and Barce-
lona is divided into ten districts, resulting in a total of 296
macrozones. Of these, only 45 macrozones are located in
the BMA, which is our main study area (as indicated by
the green perimeter in Fig. 1).

The survey design and field data collection for the
EMEF surveys are supervised by local authorities. A brief
description of the process can be found on the official
website of the [42]. Each survey consists of two waves:
the first wave conducted in April and May; and the sec-
ond one in October and November. The EMEF 2020 sur-
vey was conducted only during the autumn of 2020 when
certain mobility restrictions and the prevalence of online
activities persisted due to the COVID-19 pandemic.
Therefore, special attention should be given to the EMEF
2020 survey, since activity patterns may differ compared
to the pre-COVID-19 situation.

The sample size is approximately 10,000 units, selected
by stratification using residential area, gender, and age
group. The data collected for each journey includes
trips for the previous day: origin and destination (mac-
rozones), the purpose of the trip, mode of transporta-
tion (with a highly detailed list of possibilities), travel
start time, duration (in minutes), vehicle use, parking
use, and more. The sample units represent individual
residents rather than households. The Barcelona data-
sets include only working days and no data on household
composition. To avoid sample bias, professional drivers
are excluded from the analysis, as their travel behaviour
is not representative of the population sample. The final
sample sizes for each year are as follows: 9,930 for 2018,
9,934 for 2019, and 10,024 for 2020. The total number of
trips recorded in the BMA is 36,368 for 2018, 37,463 for
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2019, and 30,591 for 2020 BMA. After filtering out cases
with missing information, such as residential areas, the
final number of residents included in the total sample is
26,860.

We also make use of demographic and land use data.
This information is defined with the same spatial granu-
larity as the traffic analysis zones (TAZ-EMEF) used in
the surveys. This data includes the population segmented
by gender (male and female only), age group (5 groups),
education level, educational institutions, services, land
use, residential morphology, average income, and num-
ber of stops in the public transportation network.

6 Methodology for the case study analysis

We aim to understand how mobility patterns in the BMA
are influenced not only by individual characteristics such
as gender, educational attainment, origin, and life-course
but also by the pandemic outbreak. To achieve this, we
employ a time series dataset and, in line with previous
studies and theoretical approaches, we apply sequence
analysis to statistically analyse the fragmentation of
activities.

Furthermore, we analyse the normalized entropy, tur-
bulence, complexity, and TTR for trip makers. Using a
minute-by-minute time series, we capture every minute
of the day associated with a specific state for each person
in the study.

The workflow of the procedure is as follows (see Fig. 2
for a summary):

1. First, we analyse the activities and modal choices,
defining ten activities, including home (H), work
(W), casual (C, infrequently visited places), other
(O, frequently visited places outside of work), school
(S, students only), escorting (A), and the four travel
categories: active (T'W, walking and cycling), pub-
lic transport (TP), travelling by car (TC), and other
travel categories (TM). The final analysis considers an

7 ,A, & - A 4 7 = )
; 3% il : [7| et | gl | g |
|- | (- ,,,.._) foo || fi iy Y
AR i, \EF.V
Linear Models for . -
Eoloratory Dat Indicators . MultlpLe Hierarchical Clusbter ;:;ofllmg
Sequence Fragmentation Xploratory Dara addressing OIresponcence Clustering of asecion
Definiti Indicat Analysis on denendandies on Analysis (MCA) iacted characteristics and
ethition ndicarors Indicators '?ndividuals and Data projecte fragmentation
b Reduction sequences indicators
characteristics
L P Z AN AN P 4

Fig. 2 Methodological workflow
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alphabetic list of 10 activities and transport choices.
Both trip makers and non-trip makers are included in
a sequence of 1440 min or more (for example, those
returning home after midnight), with each minute
classified according to an activity category.

2. Next, we analyze entropy, turbulence, complexity,
and the travel time ratio. Since we consider ten activ-
ities, the maximum entropy is 2.3 and we thus use the
normalized entropy. The statistical analysis of these
indicators is carried out with the TraMineR package
in R [28, 45], which has been widely used in the social
sciences for the analysis of biographical longitudinal
data.

3. The previously defined fragmentation indicators are
used as inputs for the different linear models, focus-
ing on the subsample of trip makers from 2018 to
2020. The goal is to examine the dependence and
behaviours of these trip-makers in terms of their
individual characteristics and information in the built
environment. Our models incorporate individual
characteristics like gender, age group, activity, disabil-
ity, working-from-home possibility, day of the week,
and the zone (TAZ-EMEF) in the Barcelona area.
The following descriptive variables are also included:
the percentage of residential areas with dwellings
larger than 100 m?, and the number of buses, metros,
trams, and train stops in each zone.

4. We next compare all sequences by computing pair-
wise mean fragmentation indicators for each year,
using Tukey’s honestly significant difference test
(Tukey’s HSD) [50] to evaluate variations in fragmen-
tation indicators across years.

5. To address the dimensionality issue of this database,
we employ a dimension reduction technique. As dis-
cussed in the literature review, various alternatives
are available. Instead of selecting a subsample like
McBride et al. [40] or aggregating the data into longer
timeframes, we chose to reduce the dimensionality.
This alternative is recommended for handling such
a large dataset, which in our case comprises daily
sequences from 5 to 24 h. Our database thus remains
highly detailed, as we maintain relevant information
rather than reduce the timeframe, which would lead
to lost information, such as when an activity duration
does not fit in a specific timeframe. A more meth-
odologically suitable approach thus maintains the
level of detail and later employs data analytics tech-
niques to evaluate the database. Our analysis uses a
26,860 1,140 matrix containing activities from the
selected alphabetic list (10 options), where each col-
umn represents a categorical factor with 10 possible
levels (activities).
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6. For  clustering analysis, the similarity/dis-
similarity =~ matrix =~ has  millions of  cells

(26,860 % 26,860="721,459,600) that contain the dis-
similarity scores for the sequences of each person in
the working sample. The method seqdist() from the
TraMineR package in R allows us to calculate the
dissimilarity matrix based on several metrics [48].
However, due to large memory requirements, it can-
not be applied. For this reason, we must use multiple
correspondence analysis (MCA) instead of princi-
pal component analysis (PCA) to detect underlying
structures in the dataset, given the large memory
requirements of 2.3 Gb.

After the data reduction, we proceed with a cluster-
ing technique to group sequences of activities with
similar dissimilarity scores, which are obtained from
the sequence comparison after projection. The frag-
mentation indicators are used to interpret the clus-
ters. The final number of clusters is determined by
using optimized criteria for balancing within-group
similarity and between-group dissimilarity. Spe-
cifically, we apply hierarchical clustering (HC) [34]
to the daily travel patterns contained in the minute
activity matrix, where each minute is based on dis-
tances between daily travel sequences. Each cluster
comprises points that are more similar to each other
than to the points in other groups. The hierarchical
clustering method in the FactoMineR package can
reduce the computational burden by starting the
agglomerative process on a heuristic partition that
represents 10% of the original length. The hierarchi-
cal agglomerative tree is then cut using a balanced
combination of commonly used techniques, such as
the between sum of squares to total sum of squares,
gap statistic, and silhouette methods.

7 Results
The next sections present an overview of the different
analyses conducted in this study.

7.1 Analysis of activities and modal choice

Our analysis encompasses a broad range of activities
based on the places individuals visit throughout the day.
The final analysis considers an alphabetic list of 10 activi-
ties and transport choices. Both trip makers and non-trip
makers are included in the analysis, along with a sequence
of 1440 min or more, which accounts for individuals
returning home after midnight. Each minute is classi-
fied according to the corresponding activity or trans-
port choice indicated by the assigned alphabetic letters.
Figure 8 shows the distribution of daily activity patterns
across the years. It is obvious that the state activity pat-
tern distribution for 2020 shows an overrepresentation
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Table 1 Percentages of activity states and transition modes distribution across main factors such as gender, age group, year, and
residential area (See Fig. 1, Barcelona city, Primary Crown and Rest of the Barcelona Metropolitan region). From 5:00 to 24:00 h using

the EMEF 2018 to 2020
Gender Activity states and transition modes

A C H (o] S TC ™ TP ™™ w

Escort (%) Casual (%) Home (%) Other (%) School (%) PrivateTr(%) Other PublicTr. (%) Active Work (%)

Tr.mode modes
(%) (%)

Male 1.0 19 62.6 49 2.5 3.0 0.2 14 22 20.2
Female 1.3 23 68.1 4.6 24 20 0.1 1.8 22 152
Age group Activity states and transition modes

A (%) C (%) H (%) 0 (%) S (%) TC (%) T™™ (%) TP (%) TW (%) W (%)
16-29 0.3 23 60.1 54 12.2 1.9 0.1 32 1.6 129
30-44 1.7 1.6 582 38 06 32 0.2 15 19 274
45-64 1.1 20 62.8 44 0.3 29 0.1 14 2.1 229
65+ 12 29 829 6.1 0.2 14 0.1 09 35 09
Year Activity states and transition modes

A (%) C (%) H (%) 0 (%) S (%) TC (%) ™ (%) TP (%) TW (%) W (%)
2018 1.0 2.7 61.7 5.1 2.8 29 0.0 20 2.1 19.6
2019 1.5 2.1 60.8 59 3.0 2.8 0.1 1.9 24 19.5
2020 09 1.6 73.5 35 1.5 1.8 02 09 22 138
Residential area Activity states and transition modes

A (%) C (%) H (%) 0 (%) S (%) TC (%) TM (%) TP (%) TW (%) W (%)
Barcelona 12 27 619 58 2.8 15 0.1 2.8 29 184
Primary 14 24 63.8 4.6 25 22 0.1 20 25 184
Rest 13 20 63.3 4.5 2.8 3.1 0.1 14 22 19.1

of entire-day home activities, likely influenced by the
COVID-19 pandemic and related restrictions.

The percentages of activity distribution across the day
for men and women and by year are shown in Table 1.
Work activities outside the home are greater for men
than for women, while school activity is similar for both
genders. In 2020, home activity increases by almost 13
points compared to previous years, reaching 73.5%, while
school and work activities outside the home were clearly
reduced. The percentage of private transport use is sub-
stantially influenced by the residential area (analysed
here according to the crowns, as described in Sects. 4
and 5). Non-central crowns show a higher incidence of
private transport activity (3.4%) compared to Barcelona
City (1.5%), while public transport usage is higher in the
central crown, as Barcelona City shows an incidence of
2.8%. External crowns fall within 1.2-1.4% incidence.
Similarly, active modes are preferred in the central part of
Barcelona city. Gendered mobility patterns also emerge.
Women tend to prefer public transport, while men are
more inclined to use private transportation. Female indi-
viduals escort others more often and spend more time at

home. Men have more trips related to work compared to
women. Furthermore, car use increases in the 30—44 age
group, which, again, aligns with life-course patterns.

7.2 Fragmentation analysis

Table 2 shows three examples of trip makers along with
their daily activity sequences and durations. The first
unit’s daily activity sequence is as follows: H-TW-O-
TW-H-TW-S-TW-H-TP-O-TP-H. After midnight, this
person allocates their time according to the previous
activities’ sequence in the following manner for each
episode (in minutes): 600-1-29-1-314-15-120-5-55-30-
90-30-150. In this case, the total duration is 1,440 min.
The values of the fragmentation indicators for this exam-
ple are: 0.647 for entropy, 0.281 for normalized entropy,
14.421 for turbulence, 0.041 for complexity, and 0.563 for
TTR. This illustrates the rationale for maintaining a min-
ute-by-minute level of detail instead of grouping activi-
ties into arbitrary time intervals. While grouping would
reduce the dimensionality of the dataset, it would also
result in the loss of relevant information.
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Table 2 Daily-travel pattern example for 4 units of the working sample (maximum duration of dataset 1965 min)

Unit Daily activity sequence Used time per episode (min) Total Entropy Normalized Turbulence Complexity TTR (travel
duration entropy time ratio)
(min)

1 H-TW-O-TW-H-TW-S-TW-H-TP-  600-1-29-1-314-15-120-5-55- 1,440 0.647 0.281 14.421 0.041 0.563

O-TP-H* 30-90-30-150*
2 H-TW-S-TW-H-TW-S-TW-H* 600-30-240-30-120-30-210- 1,440 0.752 0.326 10.898 0.036 0.623
30-150*
3 H-TP-W-TP-H* 465-40-590-40-305* 1,440 0.766 0333 7421 0.026 0.652
4 H-TC-S-TP-O-TW-O-TP-H 960-30-195-40-155-15-450- 1,965 1.247 0.542 9.972 0.044 0.672

120-0

*For the calculations, Homestay extends from 1,440 to 1,965 min to account for the maximum day duration recorded in the dataset (Unit 4)

The range of values for normalized entropy are O to 1.
Units 2 and 3 exhibit greater normalized entropy values
(0.33) compared to Unit 1 (0.28). Despite the number
of episodes, Unit 1 predominantly remains at home for
most of the time (as reflected in the TTR for each unit).
Unit 4 has the largest (normalized) entropy 0.542 and
TTR (0.672) involving eight episodes and six different
activities; it leaves home at 16 h (960 min from midnight)
contributing to increase entropy.

It is worth noting that Units 2 and 3 have fewer changes
in activities throughout the day, with only three differ-
ent activities compared to Unit 1’s five different activities
(or Unit 4). Consequently, Unit 1 has a higher turbulence
value than Units 2 and 3. The Complexity indicators for
Units 2 and 3 are lower than for Unit 1 because they have
fewer episodes (9 and 5, respectively, compared to Unit
1’s 13 episodes). The complexity of Unit 4 combines large
entropy and turbulence.

Higher values of turbulence and complexity serve as
clear indicators of fragmentation, but a comprehensive
understanding of fragmentation can also be obtained
through the additional indicators, Entropy and Travel
Time Ratio.

In general terms, these indicators provide an overall
perspective on the extent of fragmentation experienced
by individuals, and they exhibit a direct correlation, with
correlation coefficients exceeding 0.6 (Pearson/Spear-
man). To gain further insights into the behaviour of
fragmentation indexes, a further analysis was conducted
using nonparametric statistical methods. The Kruskal—
Wallis test was employed to assess the homogeneity of
means across groups (defined by factors such as gender,
age group, and year, among others). Additionally, the
Tukey multiple comparison HSD test was utilised to per-
form pairwise comparisons between means within the
same groups.

The Kruskal-Wallis test confirms the presence of non-
homogeneous normalized entropy and TTR across years
(p-value=0), while homogeneity of variances cannot be

rejected. Tukey multiple comparisons of means confirm
that the entropy mean in 2020 is lower than those in 2018
and 2019 at a 95% confidence level. When considering
only the subset of trip makers, the same conclusions hold
for the previous years, as entropy is reduced by 18.57%
in 2020. The Tukey multiple comparisons of means con-
firm that the TTR mean in 2020 is lower than those in
2018 and 2019 at a 95% confidence level. When consider-
ing only the subset of trip makers, the same conclusion
holds, and TTR in 2020 is reduced by 5.5% compared to
2018 and 20109.

7.3 Linear models

In the following section, we provide detailed information
on the most relevant results regarding the various frag-
mentation indicators.

7.3.1 Linear model turbulence

To gain a deeper understanding of the behaviour of the
turbulence and its relationship to individual character-
istics, a linear model was employed on their logarithms
using the subsample of trip makers from the 2018-2020
EMEF dataset. These individual characteristics include
gender, age group, activity, disability status, WfH possi-
bility (for the year 2020 only, due to the lack of informa-
tion in previous years), and day of the week. Additionally,
descriptive variables related to TAZ-zone were included,
such as the percentage of households over 100m?* and the
number of bus, metro, tram, and train stops. However,
the following variables were found to be non-significant:
day of the week, dwellings larger than 100m2, number of
public transport stops, and professional activity. The last
case is because professional activity provides no addi-
tional information once the educational level is included
in the model.

The marginal effect of the variables having significant
net effects is shown in Fig. 3. The results show that the
fragmentation of female out-of-home activities is sig-
nificantly higher than for men in the 30-44 age group.
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Fig. 3 Turbulence transformation marginal effect for 2018-2020 EMEF (only trip makers)

A notable impact of the year 2020 on the logarithm of
turbulence is observed after controlling for other fac-
tors. Trip makers originating from other places in Spain
or abroad appear to have lower turbulence than local trip
makers, potentially due to having less social interaction.
Figure 4 shows the logarithm of the turbulence accord-
ing to gender, age group, and year, after controlling for

education, birthplace, disability status, and telework pos-
sibilities in the model. Women in the 30—44 age group
exhibit the highest turbulence across all the examined
years. While the turbulence for men remains relatively
stable in the 16-64 age groups in 2018 and 2019, the
youngest groups for both men and women experienced a
substantial decrease in fragmentation in 2020. Generally,
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Fig. 4 Marginal effect of turbulence transformation, considering year, gender, and age-group interaction in the entire 2018-2020 EMEF dataset
(limited to trip makers) after controlling for education, origin country, disability status, and telework effects
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turbulence levels were reduced in 2020 after the COVID-
19 outbreak. The higher turbulence among women con-
firms that gender plays a role in the complexity of daily
activities, particularly regarding women’s lifetime situa-
tion, which involves various caregiving activities. Women
above the age of 65 appear to decrease their activities
more than men.

7.3.2 Linear models of entropy and TTR

The analysis reveals that male entropy surpasses female
entropy, reaching its highest value within the youngest
age group (see Fig. 5). Essentially, irrespective of gen-
der, individuals under 30 years of age exhibit a more bal-
anced time allocation across various activities during the
years 2018 and 2019. However, as individuals progress
through different stages of life, this equilibrium dimin-
ishes, particularly for women. Furthermore, the normal-
ized entropy for the year 2020 illustrates the influence of
the COVID-19 pandemic on activity patterns compared
to previous years, regardless of gender. It indicates a
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reduction in the number of activities with unequal time
distribution, signifying a departure from established
patterns.

Figure 5 also shows the TTR. Similar to the previous
indicator, individuals below the age of 30 tend to spend
a greater portion of their time outside of their homes,
which gradually decreases as they grow older. This trend
aligns with the increased parental responsibilities typi-
cally experienced with age. However, this decline is par-
ticularly pronounced among women, reflecting the
patterns observed in household and family care partici-
pation, as reported by Eurostat [23] and other sources.
Furthermore, even though mandatory lockdowns were
no longer in place in Spain during the time of the survey
in 2020, individuals continued to minimize their travel
and preferred to stay at home as much as possible.

7.4 Cluster analysis
An agglomerative hierarchical clustering method (HCPC
method in FactoMineR library for R) was employed
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Fig. 5 Marginal effects of normalized entropy (upper panel) and travel time ratio (TTR, lower panel), by gender, age-group, and year of interaction
(2018-2020). Data source: EMEF subsample of trip-makers after controlling for year, education, activity, country of origin, disability, and telework

effects
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following dimensionality reduction through multiple cor-
respondence analysis to mitigate biases resulting from
information loss. This analytical procedure ensures the
utilisation of all available information (minute-to-minute
activities), and it was designed to avoid distortions dur-
ing dimensionality reduction. The reduction is based on
the Kaiser criteria [37], with the retained factorial axes
accounting for 93.47% of the data variability, thus ensur-
ing representativeness. These axes were used to pro-
ject the sequences into the new space, achieving a 95%
dimension reduction. The 100 clusters chosen for analy-
sis capture 43% of the total data variability. The cluster
outcomes have been incorporated into the dataset con-
taining descriptive characteristics of the samples. It is
worth noting that some clusters have a relatively small
number of samples.

The five largest clusters exhibit distinct distributions
of entropy, turbulence, complexity, and travel time ratio,
highlighting the divergent behaviors of individuals within
each cluster regarding these indicators. Figure 6 shows
the various statistical values for fragmentation indicators,
along with their outliers, emphasising their relevance
in characterising the fragmentation within each clus-
ter. These clusters account for 32% of the sample, with
a median size of 89 units, and 90% of the clusters com-
prising less than 373 units. The fifth cluster consists of
non-trip makers, who appear at the bottom of each panel
as a reflection of their 0 values for entropy, turbulence,
and complexity, while their TTR is 0.5. The presence of
numerous clusters with a small number of observations
can be attributed to the fine granularity of minute-based
activity sequences taking all sequences in the sample,
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which allows for highlighting differences in activity pat-
terns. Homogenous fragmentation means across clusters
(inter-cluster variability) have been rejected using the
Kruskal-Wallis test (p value =0) for all four indicators.

To provide an illustrative example, we use categorical
variables to examine one of the largest clusters, number
13, which consists of 1482 observations (in the 90% per-
centile of cluster size). This cluster primarily comprises
car drivers who occasionally use public transport. They
are working men in the age groups of 30—44 and 45-64,
have higher education levels, and originate from Catalo-
nia. This cluster is over-represented by sample units (trip
makers) from 2018 and 2019. Profiling of clusters based
on characteristics and fragmentation indicators can be
addressed for any cluster, obtaining similar results based
on statistical significance.

An in-depth analysis was carried out to examine two
specific aspects:

+ Clusters significantly overrepresented by male sam-
ples compared to those overrepresented by female
samples.

+ Clusters significantly overrepresented by samples
from the year 2020 compared to those from 2018 and
2019.

For instance, clusters 19, 22, and 62 exhibit a signifi-
cantly higher percentage of women (70%). Figure 7 pre-
sents the activity pattern distribution for each of these
clusters. Women in these clusters allocate a significant
portion of their daily activities (from 15 to 21 h) to escort-
ing activities (A) and staying at home (H). Conversely,
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Fig. 6 Entropy, turbulence, complexity, and TTR for largest clusters. EMEF 2018 to 2020. The rightmost cluster collects all non-traveller units
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Fig. 7 Classification of daily activity patterns in EMEF sample, 2018-2020. The three clusters that are most over-represented by women
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Fig. 8 Classification of daily activity patterns in EMEF sample, 2018 to 2020. The three clusters that are most over-represented with men

working activities (W) are particularly prominent from 8
a.m. to 3 p.m., and transportation activities peak during

lunchtime.

In contrast, clusters 3, 8, and 59 exhibit a significantly
higher percentage of men. The activity pattern distribu-
tions for these clusters are shown in Fig. 8. These clusters
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exhibit a high incidence of work (W). The relevance of
private transport (TC) as the modal choice is evident.
Furthermore, clusters 3 and 8 show a distinct pattern of
staying at home (H) during the late afternoon. Notably,
cluster 59 contains men who work night shifts. Com-
pared to the female-dominated clusters, the incidence
of escorting activities (A) differs notably in these male-
dominated clusters.

Table 1 in Sect. 7.1 shows how escorting activity has
a greater incidence in females, than in males and this is
consistent with the fact that clusters over-represented by
women show a remarkable presence of escorting activ-
ity in the state distribution of activity sequences (Fig. 7).
Escorting activity is more common in the age group
30—44 years (Table 1) and turbulence linear model shows
a marginal effect on turbulence for the 30-44 age group
and females (Fig. 4). In Table 1, the residential area effect
in the incidence of the transition modes shows that the
built environment plays a relevant role in terms of the use
of the private vs public transport and that it is possible
because of the coverage of multimodal transport system
in the study area. In Sect. 7.4, we address an analysis in
greater detail based on classifying activity sequences, an
extensive analysis of all obtained clusters is not addressed
in this work. We examine some of the clusters using state
distribution graphics and profiling tools on characteris-
tics and fragmentation indicators, significant information
is obtained that summarizes the critical features of each
cluster.

Data analytics techniques, clustering analysis, MCA,
PCA, and others used in this paper on a rich multivariate
dataset, offer many different alternatives for leading to
the analysis and understanding of the features and prop-
erties of the studied samples, we are aware that we have
conducted only partial studies that represent specific
choices aimed at servicing the main objectives.

7.5 Insights on the built environment and fragmentation
indicators

The results reported in Table 1 make evident that travel
patterns also depend on other factors, the last sub-table
reveals that the zone of residence, the city of Barcelona,
the Metropolitan Area (BMA), or the rest of the Metro-
politan Region (BMR) has a strong in the way travelers
use the available transport modes but, a deeper analy-
sis to get a better understanding of these travel patterns
requires resorting to the information provided by other
data sources as those related to socioeconomic aspects
of the area object of study, the spatial characteristics of
the area, like accessibility to public transport or the built
environment, in addition to the fragmentation indica-
tors used so far. To achieve that objective let’s consider
which are the available variables in our case study. On
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one hand, there are aggregated variables accessible at the
Traffic Analysis Zone (TAZ) level, as those correspond-
ing to the socioeconomic and built environment attrib-
utes characterizing each TAZ. While, on the other hand,
fragmentation variables are disaggregated, available at
the individual level for each member of the sample.

Concerning the aggregated variables, for the study
area, and its zones, depicted in Fig. 9, there is an addi-
tional data set containing land use, demographic, and
other socioeconomic data at the TAZ level contained in
the TAZ-EMO, which were defined in the Commuters’
Mobility survey in 2001 [47].

However, the zones used in the EMEF surveys, called
from now on TAZ-EMEF, whose data have been utilized
in the fragmentation analysis of previous sections of the
research reported in this paper, are not the same as the
TAZ-EMO containing the new additional data, therefore
the use of these data requires a:

+ Zonal aggregation: TAZ-EMO and TAZ-EMEF zon-
ings had different origins and were set up with differ-
ent objectives. For BMR TAZ-EMO consists of 582
ones and TAZ-EMEF of 296, therefore there is a need
to aggregate the 582 BMR TAZ-EMO zones into 173
TAZ-EMEF zones in the BMR area, Table 3.

+ Data orchestration is needed to account for the three
EMEEF sources (2018, 2019, and 2020) because they
were delivered independently and the recorded fields
are not the same. The orchestration of EMEF data-
sets selects common subsets of fields and reorders
them properly. Although EMEF data allow access to
specific periods of the day the orchestrations have
not considered them and have been conducted for
total daily trips.

+ Land use variables are made available for research
by local authorities (Autoritat del Transport Met-
ropolita, ATM) and they can be transferred (aggre-
gated) from the TAZ-EMO zoning system for the
Barcelona Metropolitan Region (BMR) to the TAZ-
EMEF zoning system. These variables are m2 and m2
of ceiling for residential use, shopping use, industrial
use, services, etc., m2 of ceiling for residential areas
classified as the traditional city center, and, according
to the terminology used in Barcelona for the typology
of the different districts classified into four groups:
old city, urban block (Eixample-like), isolated blocks
and individual houses.

7.5.1 Land use and built environment variables combined

to yearly fragmentation indicators
These variables describe the socioeconomic character-
istics of the population and other information explicitly
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Fig. 9 TAZ-EMEF and TAZ-EMO Zoning of BMR. Source: [47]

Table 3 Comparison of the number of zones EMEF and EMO
Zoning Systems

CROWN TAZ-EMEF TAZ-EMO
BCN 10 198

Rest of primary crown (ETM) 17 151

Rest of BMA 18 33

Rest of BMR 128 210

Rest of Barcelona province 134 -

or implicitly related to the built environment according
to TAZ-EMO zoning system granularity:

+ Densitypop: Residential Density defined by the
ratio: TAZ Population / TAZ Area Size.

+ Densityjob: Employment Density defined by m2
ceiling for activities (commerce, cultural, indus-
trial, warehouses, entertainment, public buildings,
shops, offices) divided into total m2 ceiling any
activity).
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, EMO Zones 2001

EMEF Zones

Diversity: defined after the measure of Land Use
Diversity in terms of the Land Use Mix (LUM) indi-
cator, whose value for TAZi is given by:

Z;lzlpijlnpij }

LUM; = —{ b (5)

where Pj; is the proportion of land use of type j in
TAZi, and n is the number of different types of land
uses, i.e. residential, services, retail, other). Named
diversity.

Blocktype: Design (Blocks Typology) for each TAZ
we have m2 of residential land use split into percent-
ages of residential block types (old city, urban block,
isolated block, and houses).

Accesstpu: Accessibility to public transport facilities
(i.e. distance to transit). Defined as the access time at
origin to public transport.

Access: Destinations’ accessibility defined as the
median access time walking at origin and travel time
to any destination. Estimated by skim matrices from
a traffic assignment analysis.
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o Access.D12. Defined as the median access time walk-
ing at origin and travel time (any mode) to the center
in Barcelona (Districts 1 and 2).

Additional complementary variables, which are not
usually directly available, but can be derived from the
sources provided by planners:

+ Scholar places: Number of scholar places in each
TAZ.

« Services: Number of services or services’ typologies).

+ Av_rent: Average per capita income.

The former variables have been aggregated into the
TAZ-EMEF zoning system and fragmentation variables
for each year (2018-2020) calculated at the individual
level have been also aggregated at the TAZ-EMEF level
taking into account weighted means according to the
expansion factor given at each individual unit. After a
first exploratory data analysis, we decided to combine
fragmentation indicators for 2018-2019 (average) in
four variables and 2020 fragmentation variables stand as
defined:

« Entropy 2018-2019 and 2020 Average normalized
entropy of each TAZ — EMEF and years

+ Turbulence 2018-2019 and 2020 Average turbulence
of each TAZ — EMEF and years

+ Complexity 2018-2019 and 2020 Average complexity
of each TAZ — EMEF and years

PCA graph of variables

g
g 10
a
~
E
Q
05
0.0 - 'atces
accessD1.2
-05

-1.0 -0

2]

0.0 0

2]

1.0
Dim 1 (29.54%)

Page 16 of 21

+ TTR 2018-2019 and 2020 Average travel time ratio
of each TAZ — EMEF and years.

The dataset has as many rows as TAZ-EMEF zones
in the BMR and as many columns as the variables indi-
cated above. The first step of the new analysis consisted
of conducting a Principal Component Analysis (PCA),
taking the TAZ-EMEF as units, since all the vari-
ables, defined in the previous section, characterize the
attributes of each TAZ are quantitative. Fragmentation
indicators were taken as active variables in the calcu-
lation of the factorial axes in the PCA. Figure 10 (left)
presents the projection of the variables in the factorial
plane of the first two main components. This analysis
has been complemented by a hierarchical clustering
based on the principal components defined by PCA
analysis based on population and employment den-
sity, average per capita income, etc. as socioeconomic
indicators, residential structure, accessibility, diversity,
etc., as indirect indicators of built environment, and
fragmentation indicators. Figure 10 (right) presents the
projection in those of the third and fourth main princi-
pal components.

The first two principal components explain 45% of
the variance and the first main component can be
interpreted as a size component, in terms of popula-
tion, accessibility variables, and services, and the sec-
ond although has a diluted role, is mainly determined
by income, public transport accessibility, and 2018—
2019 fragmentation variables. Given the relatively low
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percentage of variance explained, we wondered what
role the next two components, the third and the fourth,
could play.

The third and fourth components, which represent
a significant explanation of the variance (20%), are fun-
damentally determined by the fragmentation indicators
and, what is relevant, those of accessibility highly corre-
lated to diversity. Thus, for example, fragmentation vari-
ables in 2020 as opposed to 2018-2019 ones at the same
time.

The hierarchical clustering, in the space of the first
six principal components, captures the main com-
bined information of all variables (75% of data variabil-
ity). The number of selected clusters is 9 (plus missing
data cluster) because goodness of fit statistics show no
remarkable gain by increasing this number and it cap-
tures 65% of intercluster data variability. Cluster group-
ing based on TAZ-EMEF zone-related data can be seen
in Fig. 11. The first factorial axis quantifies service
availability on the positive side and good accessibility
to Barcelona municipality. Cluster 9 (at the right of axis
1 corresponds to the historic city of Barcelona (many
services for tourists and residential areas with a high
percentage of immigration); it is a multivariate outlier.
Cluster 8 (13 zones) corresponds to the rest of the dis-
tricts of Barcelona’s municipality and closest munici-
palities (L'Hospitalet, Badalona, etc.) containing many
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services and commerces for tourists and residents of
the whole BMR, high job density). Increasing values of
fragmentation indicators dominate the second princi-
pal axis and correspond to clusters 3 (22 zones) and 5
(10 zones) aligned to increasing values of accessibility
by public transport assigned to BMR municipalities.
Cluster 7 (25 zones) collects the primary crown (BMA),
excluding Barcelona city and BMR municipalities well-
connected to Barcelona city. Clusters 1 (16 zones) and 2
(3 zones) show low values of fragmentation indicators
and belong to small municipalities in the BMR with a
relatively weak relation to Barcelona city. Cluster 6 (19
zones) contains municipalities with high income and
low diversity (Sant Cugat, Sant Joan Despi). Finally,
cluster 4 (49 zones) consists of BMR municipalities
(excluding BMA).

Hierarchical clustering has been translated into geo-
graphical terms, assigning TAZ colors according to
the cluster to which they belong provides the map of
Fig. 12. Missing data corresponds to municipalities not
appearing in the EMEF surveys (thus, no fragmenta-
tion indicators can be computed). It is remarkable the
exceptions to the general pattern described above:

+ A green TAZ-EMEF zone (cluster 7) inside cluster 8
(Barcelona City, Santa Coloma, and Badalona). It is
Sant Adria del Besos a very low-income residential

5 10 15

Dim1 (29.5%)
Fig. 11 Hierarchical clustering of TAZ-EMEF zones based on build environment and fragmentation indicators
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Built Environment and Fragmentation clusters
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4
5
6
7
8
9
M

lissing

Fig. 12 Map of clusters with fragmentation variables

area with poor communication to the city. Montgat
on the north coast also belongs to this cluster.

+ Cluster 6 (orange) contains one zone in the north-
west of Cluster 8 (pink) corresponding to Sant Just
Desvern (high income and isolated houses in a large
area).

o Cluster 4 (red) contains three zones in the middle
of Cluster 7. It corresponds to Sabadell (the capital
of the county) and two adjacent municipalities with
high diversity and access time over the mean.

As a conclusion, the average income per capita is
directly related to fragmentation indicators in 2018-
2019. Access time by public transport and average
income per capita are variables directly related to frag-
mentation indicators. The south coast of Barcelona is
grouped into the same cluster, spatial continuity can be
seen in a large proportion of the BMR.

8 Discussion and conclusions

Addressing fragmentation indicators and their poten-
tial connection to modal preferences in one of the ten
largest European regions is notably relevant. This paper
focuses on conducting an activity analysis across days in
the BMA. Our research draws inspiration from various
studies, such as Abbott and Tsay [5] and McBride et al.
[40], among others. However, it should be noted that our
study is conducted in a completely distinct context, the
Metropolitan Area of Barcelona, which is characterised

by unique spatial and temporal behaviour of transport
demand, as evidenced by the underlying socioeconomic
characteristics, transport-oriented development (TOD),
urban structure, and variety of activity alternatives and
services.

The study of daily activity sequences involves examin-
ing a person’s entire daily trajectory of activities, account-
ing for specific locations and associated trips. This
analysis considers various factors, including the number
of activities and trips, their sequential order, and their
durations.

Although comparing our results with those of other
studies would provide valuable insights, direct compari-
sons are unfortunately limited due to differences in the
available datasets. While Barcelona’s dataset is larger
than others, it is based on individual-level data rather
than household-level data, which imposes certain con-
straints on the exploratory data analysis and multivariate
analysis involving fragmentation indicators. Neverthe-
less, the Barcelona dataset offers a wealth of information
specifically related to travel details, encompassing vari-
ous modes of transportation (public, private, and others),
which allows us to define a more detailed alphabetic list
consisting of 10 activities and transitions between them.
This represents a novel contribution. Furthermore, the
dataset covers data collected over a minimum period of
one month for three consecutive years, capturing year-
to-year variations specifically for working days. These
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characteristics are particularly pertinent in addressing
gender-related issues.

The analysis conducted in this study reveals signifi-
cant differences in activity distributions according to
gender, residential area, and year. The examination of
the marginal effect of age demonstrates that fragmen-
tation indicators among young individuals are similar
regardless of gender. However, significant gender dis-
parities in mobility patterns emerge after the age of 30.
The fragmentation of activities is influenced by individ-
ual life courses, with gender playing a significant role,
even in a TOD city like Barcelona. The life course per-
spective proves crucial in understanding the dynamics
of how, when, and with whom people move, and this is
particularly relevant for women.

Our study also examines the relationship between
spatial distribution and transport mode choices. For
example, we observe a notable impact of residential
areas on the percentage of private transport usage. The
outer areas of Barcelona exhibit a higher prevalence of
private transport usage compared to the central part
of the city, whereas public transport and active modes
are more prominent. Furthermore, women tend to pre-
fer public transport, while men more frequently opt for
private transport. The year 2020 shows significant devi-
ations from previous years, with home activities gain-
ing considerable importance and a noticeable decrease
in the use of public transport compared to previous
years. If we are to understand the ongoing evolution of
mobility behaviors, it is necessary to analyse post-2020
mobility patterns.

In the existing literature, the most common approaches
conduct an a priori dimensionality reduction by defin-
ing short time intervals. However, as shown in this paper,
this method can lead to substantial information loss and
potential biases. To mitigate these risks, we have adopted
a different approach in this study. In computing the frag-
mentation indicators, we preserved the full dimensional-
ity of the minute-by-minute time-based data. Later, we
employed a dimensionality reduction method based on
the data analytic technique MCA, which is well-suited
for reducing dimensions while maintaining control over
information loss. This new dataset allowed us to conduct
a more detailed clustering analysis that revealed the dif-
ferences between clusters overrepresented by women
and by men.

Our analyses of daily activity sequences reveal distinct
segments of citizens, each with specific needs that can-
not be disregarded by urban planners. Our proposed
approach, which involves segmenting based on daily
sequence analysis of travel and activity patterns, serves
as an accurate indicator for transport planning. This
method enables the formulation of targeted policies for

Page 19 of 21

each segment, taking into account their representation
within the population to quantify policy coverage.

The addition of complementary aggregated informa-
tion at the TAZ level, on demographic, socioeconomic,
variables, on characteristics of the built environment,
supplemented with the fragmentation indicators aggre-
gated at the TAZ level, enabled an additional analysis of
their spatial impacts.

The identified relationships between people’s mobil-
ity, the individual life course, gender equity, and the
built environment indicate the need for further detailed
analysis. Such analysis is crucial not only for under-
standing these relationships but also for translating this
understanding into appropriate modelling approaches for
effective transport and city planning.

Finally, future research should prioritize a detailed
analysis of mobility behaviour, utilizing new datasets
and additional information that was not available for
this study. A comprehensive examination of all clusters
and daily mobility patterns should be undertaken to gain
deeper insights. Undoubtedly, an analysis of the urban
environment at a finer spatial scale is necessary.
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