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Abstract
Citizens take part in different activities to satisfy their needs, to invest in their socio-economic 
progress, participate in social and health activities that improve their well-being. However, activity 
participation is influenced by many factors in the built environment, but also individual’s attributes. 
Herein we analyze activity participation and travel through sequence analysis. This method 
explores sequences of daily activity and travel employing techniques from the sequencing of 
events in the life course of individuals. Studying sequences of daily episodes (each activity and 
each trip) considers the entire trajectory of a person’s activity during a day while at the same time 
considering the number of activities, order of activities in a day, and their durations jointly. We 
applied this method to a sample of residents in the Metropolitan Area of Barcelona (RMB) in the 
2018, 2019 and 2020 EMEF Travel Surveys.  The EMEF2020 deserves a particular analysis since 
activity patterns are expected to vary compared to pre-COVID19 spread. We have focused on 
that fragmentation in activity participation over the mean among persons in specific gender, age, 
activity and transportation mode. 

Keywords: Travel behaviour, fragmentation, gender, classification analysis, life course, 
activity participation

1. Introduction

In general terms, the spatial and temporal distribution of activities in the urban environment 
determine how people move to reach places in a timely and secure manner. However, other 
issues define how we access different services, for example, the transport systems available in 
the area, along with the topographic and weather characteristics of the site. Furthermore,  the 
intrinsic characteristics of the subject who needs to access different places, such as the 
socioeconomic level, profession, gender, disabilities, family status, religion, ethnicity, among 
others, play a key role in shaping mobility. 

In this regard, different studies observe that lifestyles differe notably in terms of gender. The 
gender gap influences gendered mobility patterns (EIGE, 2019). For example, the high share of 
women in certain professions, like healthcare or education, influences how they work, their 
income, and their working schedules. Furthermore, the unpaid work and family responsabilities 
(care work) also shape their participation in economic activities, and hence it influence how, when 
and with whom they move. This is translated into women having more complicated commuter 
patterns than men, based on shorter, chained trips (Cresswell, 2008; EIGE, 2022), and preferring 
certain transport modes (Cubells et al., 2020; Hanson, 2010), and different working schedules 
(Hyde et al., 2019).

In addition, years before the pandemic, it was widely accepted that the coming Information and  
Communication Technologies (ICTs) would bring changes in the way people move, for example 
to work (Alexander et al., 2010). This would be reflected in the organization of daily activities 
which would lead to a higher  flexibility in scheduling daily activities (Couclelis, 2006, 2000). As a 
result of this flexibility, the schedule and sequence of daily activities would be transformed into a 
multiple switching between different activities in a day leading to increased transport demand 
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because many activities are no longer bound to specific times and specific places. Similarly, a 
change of transport demand would be expected a a result of a higher flexibility. Authors such as 
Alexander et al. (2010) also comment that it may even impact dwellings’ requirements. The former 
could be verified through the analysis of fragmentation of individual daily activities. This concept 
of fragmentation is related to how activities are spatiotemporally reorganized, by subdividing 
activities into smaller components that are then performed at different times and/or locations.

Indeed, after the COVID-19 pandemic outbreak, we have seen a remarkable increase of ICTs in 
daily activities. According to the EU statistics (Eurostat, 2020) in the EU before the pandemic only 
5.2% of the labour force usually worked from home, whereas in Spain this share was of about 
4.3%.  A recent survey by the National Statistics Institute in Spain (INE, 2021), observes that 
people that have teleworked partially and totally in Spain and Catalonia has increased to 17.6% 
and 23.4% respectively. However, as Fana et al. (2020) observe, generally people that telework 
tend to be high-skilled workers with better wages and contract conditions. This means, that in 
Barcelona 76.6 % may not work from home, many of them employed as frontline workers. 

Notwithstanding this increase in ICT in daily activities, there are many activities that need to be 
carried out physically, which cannot be transferred to virtual services: visiting schools, doctors, 
and many escorting activities. Furthermore, other activities are preferably carried out personally, 
for example those that make us feel part of a community or the society, that contribute to people’s 
well-being. In all these cases, citizens depend on the transport alternatives available.

In this study we carry out a sequence analysis to measure the fragmentation in activity 
participation in a Transport Oriented Development (TOD) area to discuss the similarities or 
differences between results. The aim of this paper is to gain a better understanding of the 
spatiotemporal patterns  and travel behaviour in Barcelona, to analyze gendered mobility patterns 
and discuss which characteristics play a significant role in shaping mobility. Our approach is 
based on sequence analysis, making use of three recent and consecutive mobility surveys in the 
Metropolitan Region of Barcelona (RMB). This paper is divided into 7  sections and organized as 
follows. After this introduction, we present the literature review. Afterwards, we present the case 
study, datasets and the methodological approach. Section 5 presents the results. Finally, we 
present in section 6 and 7 the discussion and the main conclusions and implications of this study.

2. Material and methods

Sequence analysis has been developed in social sciences to understand the occurrence of social 
events in a structured manner. Andrew Abbott is recognized as a trailblazer in sequence analysis, 
developing the concepts and methodology to move beyond on how historians order events and 
how quantitative analysis deals with sequence in social processes, whith a wide variety of 
publications exposing the development of these concepts and methodology (Abbott, 1984, 1983; 
Abbott and Forrest, 1986; Abbott and Tsay, 2000; Leszczyc and Timmermans, 2002). As (Abbott 
and Forrest, 1986) states: “Social reality happens in sequences of actions with constraining or 
enabling structures (…). It is a matter of particual social actors, in particular social places, at 
particular social times”.

A sequence is a list of events, actions, performed in a ordered manner. As Abbott and Forrest  
(1986) describe, a sequence dataset may describe two different patterns. One may describe 
activities that occur only once and the other may descibe activities that occur several times in a 
certain sequence. Whereas the first idea may be solved with permutation, the second analyzes 
recurrent events.

This approach is an alternative to other methods, such as time-series methods, which intends to 
highlight historical, unilinear information which, according to Abbott, in the later case is restricted  
and not the main point of analysis. In this respect, authors such as Abbott and Tsay  (Abbott and 
Tsay, 2000), or Levy and Widmer (2013) explain that many states or events in individual life 
courses are unilinear, such as family, occupational or residential social trajectories.

Many authors in the sociology field have studied life course events such as marriage, 
childbearing, and employment through activity sequence analysis (Elzinga and Studer, 2019; 
Giele and Elder, 1998). This analysis has been recently applied in mobility behaviour. In this 
respect, Bhat and Pnjari (2007) observe that sequences of activities and the daily transitioning 
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from one activity to another as well as the amount of time spent in each activity represents an 
important direction of travel behavior analysis.

In fact, analysis of activities’ sequences and travel is critical in formulating econometric models 
embedded in activity-based daily simulations of household activity-travel patterns for large-scale 
travel demand analysis as many authors observe (Bhat et al., 2013; Burchell et al., 2020; Paleti 
et al., 2017; Rasouli and Timmermans, 2014).

Authors, such as  Studer and Ritschard (2016), identify the following important intertwined 
characteristics:

 Experienced states: the distinct alternatives present in the sequence
 Distribution: the total time or state distribution within a sequence
 Timing: the moment of time in which each state apperas
 Duration: the time span in the different successive states
 Sequencing: the order in which the distinct successive states take place

Studer and Ritschard (2016) describe that two sequences are compared to quantify the level of 
mismatch between these sequences, which is a measure of dissimilarity. These authors obser 
that there are different approaches to define the dissimilarity of sequences. Recently, McBride et 
al. (2020), applied this approach to analyze mobility behaviour in California. They explore events 
with regards to time and their duration. 

On the other hand, the fragmentation concept has been defined by different authors, such as 
Alexander et al. (2010), Couclelis (2006), Hubers et al. (2008). and McBride et al. (2020). They 
define the fragmentation of travel and activities as the sequence of many short trips that take 
place during the daily schedule of a person. Wheras the temporal fragmentation is related to the 
different times that activities are carried out, the spatial fragmentation is related to the locatios 
where activities are perfomed. Together with other activities and movements that occurr in a larger 
frametime, they build up a string of activities with different durations and purposes. This string 
may have different complexities depending on different extrinsic and intrinsic characteristics of 
the individual and the urban environment which shape mobility behaviour. 

Furthermore, despite of not providing an explanation of how and why individuals engage in 
activity-travel fragmentation, the classification of activity-travel fragmentation into clusters makes 
possible to understand different groups. For instance, it allows us, to establish the relationship 
with socioeconomic characteristics of the segments. Some authors, such as McBride et al. (E. 
McBride et al., 2020), have pointed the need to understand gender roles that it is considered to 
be related to time allocation to activities and thus, activity-travel.

Furthermore, there are some researchers that observe gender differenciated patterns in 
segmentation analyses. For example, Leszczyc and Timmermans (2002) analyze the Dutch diary 
and concluded that gender and age are important determinants of moving from one activity type 
to another. Burchell et al. (2020) analyze the gender differences in the segmentation of workplace 
patterns using the 2015 European Working Conditions Survey (EWCS, 2015), which presents 
information before the pandemic. The authors observe that there are clear differences when 
analyzing gender, for example women were more likely than men to work at the employer’s 
offices. On the other hand,  von Behren et al. (2020) carried out an image-based clustering 
analysis of the individuals’ pattern segmentation using the German Mobility Panel of activity 
(BMDV, 2020). The authors identify two clusters with children in the household, one is 
predominantly characterised by women and part time workers. 

In the next sections we will aply this theoretic approach to analyze the gendered mobility patterns 
in the Metropolitan Region of Barcelona. To our knowledge, this is the first attempt to apply this 
technique in the Spanish context, and making use of a longitudinal dataset.

3. Case Study

We apply this theory in the Metropolitan Region of Barcelona (RMB) depicted in Error! Reference 
source not found.. It is composed of 36 municipalities in the Metropolitan Area of Barcelona 
(AMB) subarea, which accounts with 3,239,337 inhabitants. It has a well-scattered public 
transportation network with more than 200 bus lines, 4,000 stops, 10 metro lines, 15 railways 
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lines, and two tramway lines. More than 9 million trips are carried out every day. The rest of the 
RMB area consists of 164 municipalities and 1,848,514 inhabitants. A detailed travel demand 
modelling is regularly conducted in the AMB subarea (see green zone Fig.  1).  

Fig.  1. RMB Study Area: Transportation Analysis Zones. AMB subarea in green.

A case of special interest is the Primary Crown (Primary in what follows) of the Metropolitan area 
that includes the 18 most populated municipalies. More information on the Metropolitan Region 
of Barcelona may be found in Mejía Dorantes et al. (2021).

3.1. Data Description and Methodology

The EMEF (Weekday Mobility Survey, in Catalan) surveys of 2018, 2019 and 2020 are examined 
to define the sequences of visited places by a person during a day jointly with the duration of 
activities at each place and the travel times to reach these places. 

The entire daily sequences of activities and travel patterns are quantified by  three indicators, 
defined in McBride et al. (2020): 

 Normalized Entropy, which explores the variety in daily schedules; 
 Turbulence, which shows the complexity in daily schedules, and 
 Complexity, a normalized [0,1] score based on entropy, and different sequences of the 

individual’s schedule. 
 Travel Time Ratio (TTR): the total travel time in a day divided by the sum of the total time 

outside the home plus the total travel time in a day’

As explained by McBride et al. (2020),  these summary indicators are correlated to each other. 
They quantify daily activity-travel patterns for each individual in a numerical way. 

The statistical analysis is carried out by the TraMineR package in R (Gabadinho et al., 2011; R 
Development Core Team, 2021). It has been widely used for the analysis of biographical 
longitudinal data in social sciences, but other approaches have been also described. 

After examining the sequence of activities and travel patterns, a clustering technique was used 
to evaluate the results. 

3.2. Data description

The mobility survey on working days (EMEF) from 2018 to 2020 were used to carry out this 
research. They are traditional mobility surveys that analyze the mobility of residents in the 
Metropolitan Region of Barcelona (RMB)  for individuals aged 16 and over. The spatial granularity 
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is at municipality level, but as Barcelona is divided into ten districts, it leads to a total of 296 
macrozones, where only 45 of them in the AMB area. The EMEF 2020 survey was launched 
during the Fall 2020, when some mobility restrictions and the prevalence of some online activities 
were still present due to COVID-19 situation. The EMEF2020 deserves a particular analysis since 
activity patterns are expected to vary compared to pre-COVID19 spread.

The data collected for each journey refers to trips for the day before: origin and destination 
(macrozones), purpose, mode (a very detailed list of possibilities), travel start time and duration 
(min), vehicle use, parking use, etc. The sample units are individual residents, not households. 
The sample size for each year after removing the category “professional drivers” are of: 9,930; 
9,934; and 10,024, respectively for 2018 to 2020 in the AMB area. The total trips are 36,368; 
37,463; and, 30,591, respectively for 2018 to 2020 in the RMB area. After filtering (professional 
travellers, residential area missings, etc.), the final number of residents included in the total 
sample was found to be of 26,860.

We also make use of a demographic and land use data. This information is defined with the same 
spatial granularity defined by the EMEF surveys. It consists on population segmented by gender 
(only men and women), age group (5 groups), education level, educational places, services, land 
use, residential morphology, average per capita rent and number of stops in public network.

4. Methodology

A sequence is defined as a series of time points at which a subject can move from one discrete 
‘‘state’’ to another. People with many states in their daily schedule have fragmented schedules. 
In this research we used sequence analysis to statistically analyze the fragmentation of 
respondents’ days using a minute-by-minute time series, in which every minute of the day 
contains a specific state for each person in the study. These states are based on types of places 
which individuals visit during their diary day. Activities initially considered are: home (H); work 
(W); casual (C) for not frequently visited places;  other (O) for frequently visited places that are 
not the working place; and travel (T). 

Among the many techniques in the travel behavior field that can be used to measure the duration 
of activities and transition rates from one activity to the next, we make use of entropy, turbulence 
and complexity. Entropy is the proportion of total time spent in each state and the number of state 
transitions is not taken into account (Gabadinho et al., 2011):

ℎ(𝑥) = ℎ(𝜋1… 𝜋𝑆) =‒
𝑆

∑
𝑖 = 1

𝜋𝑖𝑙𝑜𝑔(𝜋𝑖)

Where  is the proportion of occurrences of the ith state in the considered sequence.  S is the 𝜋𝑖 
number of potential states and  is the sequence defined from minute to minute day activities.𝒙

The proportion of minutes allocated to each state during a day defines the entropy indicator. For 
this measure the number of state changes is irrelevant. If a person has no state change during 
the entire day, his/her entropy would be 0. In contrast, visiting several states makes entropy to 
increase. The range of possible values depends on the number of states and the maximum is 
allocated at sequences showing equal amount of time in each state. In our case maximum entropy 
is 1.61. A normalized entropy score is often used consisting on dividing entropy into maximum 
entropy, thus a 0 to 1 range is obtained.

The sequence turbulence is a measure proposed by Elzinga and Liefbroer (2007) for measuring 
schedule complexity in daily activies. It is based on sequence permanence and uses the number 
of distinct subsequences that can be extracted from the distinct state sequence and the variance 
of consecutive time points spent in a distinct state. For a sequence , the formula for  𝒙 𝑇(𝒙)
turbulence is (McBride et al., 2019):

𝑇(𝑥) = 𝑙𝑜𝑔2(𝜙(𝑥)
𝑠 2

𝑚𝑎𝑥 + 1

𝑠2 + 1 )
Where:

Electronic copy available at: https://ssrn.com/abstract=4175965



6

 is the of distinct subsequences that can be extracted from the distinct state 𝜙(𝒙)
sequence accounting on time precedence.

is the variance for the state duration𝑠2

 is the maximum variance to be given based on the duration of the sequence and it 𝑠 2
𝑚𝑎𝑥

is computed as , where n-1 is the number of transitions in the 𝑠 2
𝑚𝑎𝑥 = (𝑛 ‒ 1)(1 ‒ 𝑡)2

sequence and   is the sequence duration divided by the number of distinct states in the 𝑡
sequence.

𝐶(𝒙) = ( 𝑛𝑡(𝒙)
(𝑙(𝒙) ‒ 1)

ℎ(𝒙)
ℎ𝑚𝑎𝑥)

Where  is the number of distint transitions within a sequence,  is the length of the 𝑛𝑡(𝒙) 𝑙(𝒙)
sequence,  is the entropy indicator and  is the maximum entropy in the sample. This ℎ(𝒙) ℎ𝑚𝑎𝑥
indicator will have a value between 0 and 1, with zero corresponding to entropy zero and no 
transitions (e.g., staying at a single place for the entire day of observation).

The travel time ratio (TTR), defined in the research by McBride et al. (2020), is as a compact 
indicator that  represents the trade-offs of people between travel and activity time. In this paper, 
TTR is defined as ‘the total travel time in a day divided by the sum of the total time at home plus 
the total travel time in a day’. Thus, TTR ranges from 0.5 (no trip-makers) to 1.0 (whole day out 
of home).

To achieve a better understanding of the behaviour of the turbulence and its dependency with the 
individual features like gender, age group, activity, handicapped status, telework possibility, day 
of the week and macrozone in the area of Barcelona, along with different descriptive variables 
including percentage of households over 100m2, number of bus stops, number of metro, tram and 
train stops, a linear model of their logarithms has been applied to the 2018-2020 subsample of 
trip makers. 

Later we compare all sequences with each other to address sequence dissimilarity and compute 
pairwise mean fragmentation indicators by year using the Tukey’s Honestly Significant Difference 
(HSD) Test (Tukey et al., 1984). 

Finally, we use a clustering technique to group sequences of activities with similar dissimilarity 
scores. The final number of clusters is optimized to represent the data using a criterion of within 
group similarity and across groups dissimilarity.

5. Results
A fist analysis was carried out by simplifying the kind of activities that people carry out, or places 
that people visit. The activities initially considered are home (H); work (W); casual (C) for not 
frequently visited places;  other (O) for frequently visited places that are not the working place; 
and travel (T). Table 1 shows as an example some sequences of activities and durations for the 
3 first elements of our sample and some defined scores.

Table 1. Daily-travel pattern for 3 units of the working sample.
Unit 
No.

Daily activity 
sequence

Used time by activity 
(min)

Total 
duration 
(min)

Entropy Normalized 
Entropy

Turbulence Complexity

1 H-T-W-T-H                       360-20-600-20-440 1440 0.707 0.439   6.998 0.768
2 H-T-W-T-

H-T-O-T-H
450-10-740-10-110-
20-280-40-0

1660 1.137 0.706  10.975 0.924

3 H-T-O-T-
H-T-O-T-H

450-30-390-30-150-
10-170-30-180

1440 0.781 0.485 10.984 0.766

The first two patterns belong to foreign young men living in the first district of Barcelona city  
having neither a car, nor a motorbike.The third pattern belongs to an student who normally uses 
public transport or walking. A graphical representation of a daily sequence is depicted in Fig.  2. 
The activity set is defined as the activity alphabet and, herein, for illustration purposes,  set up as 
casual (C), home (H), other (O), travel (T), and work (W).

Electronic copy available at: https://ssrn.com/abstract=4175965



7

Fig.  2. Graphical representation of daily-travel pattern for 3 units of the working sample.

For ilustration purposes, the activity distribution across the day in a subset of the working sample 
is shown in Fig.  3. An interpretation of this figure indicates at 13:00h, 3% of the sample units show 
a casual activity, 32% stays at home, 14% are involved in other activity, 9% is traveling and the 
rest, 58%, is working.

Fig.  3. Activity Distribution by time.

The relationship among numeric indicators relationships are shown in Fig.  4. Herein a direct 
association can be seen between normalized entropy and turbulence as well as complexity vs 
turbulence, having both a correlation around 0.7.
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Figure 1. 

Fig.  4. Normalized entropy vs Turbulence indicators (left) and Complexity vs Turbulence indicators 
(right). EMEF 2018 to 2020 data.

Fig.  5 shows normalized entropy, turbulence, and complexity distributions useful for the 
generation of synthetic populations (anonymized population that is representative of real 
population numbers), where some questions arise. For example, why has the normalized entropy 
a maximum at 0.5 corresponding to daily pattern (H-T-W-T-H-T-O-T-H 450-10-740-10-110-20-
280-40), and the 0 value corresponds to non-trip-makers, the same high bar at zero is seen for 
turbulence and complexity histograms. 

 
Fig.  5. Normalized entropy, Turbulence and Complexity distributions. EMEF 2018 to 2020 data.

To achieve a better understanding of the behaviour of the turbulence and its dependency of the 
individual features, a linear model of their logarithms has been applied to the 2018-2020 EMEF 
subsample of trip makers. These individual characteristics, include gender, age group, activity, 
disability status, telework possibility (with regards to year 2020), day of the week and macrozone 
descriptive variables including percentage of households over 100m2, number of bus stops, 
number of metro, tram and train stops. The marginal effect of the variables having significant net-
effects is shown in Fig.  6. The results show that the fragmentation of female out-of-home activities 
is significantly greater than those for men in the 30-44 age group. A remarkable effect of year 
2020 on the logarithm of the turbulence is seen once controlled by the other considered factors. 
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Fig.  6. Turbulence transformation marginal effect for 2018-2020 EMEF (only trip makers)

Furthermore, Fig.  7 shows the logarithm of the turbulence according to gender, age group and 
year, once education, birthplace, disability status and telework possibilities accounted in the 
model. Women in the 30-44 age group show the highest turbulence in any year; while men 
turbulences seem stable from 16 to 64 age groups in 2018 and 2019, the youngest groups, either 
men or women are affected by a severe decrease in fragmentation in 2020. In general terms, the 
2020 turbulences are reduced after COVID-19 breakout.

 
Fig.  7. Marginal effect of the turbulence transformation with regards to year, gender, and age-
group interaction in the total 2018-2020 EMEF dataset (only trip makers) after controlling by 
education, origin country, handicapped and telework effects.

Given the nature of the results and the no justification of any normality hypothesis, further analysis 
to get insights on their behaviour were conducted resorting to nonparametric statistical methods, 
as for example Kruskal-Wallis test for homogeneity in means across groups.  The Tukey HSD 
test has been employed to address pairwise comparisons between means in groups.

Considering the (normalized) entropy indicator, the gross effect of gender is significant according 
to Kruskal-Wallis non-parametric test for means depending on year at 95% confidence level. The 
male entropy is greater than the female entropy being the highest value at the youngest age group 
(see Fig.  8). 
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Fig.  8. Normalized Entropy marginal effects (upper figure) and Travel Time Rate (TTR, lower figure) 
for gender and age-group and year interaction in 2018-2020 EMEF subsample of trip-makers after 
controlling by year, education, activity, country of origin, disability, and telework effects.

As previously shown, primary results were found very promising, therefore a redefined set of 
activities based on types of places individuals visit during their diary day were used for further 
analyses: Home (H), Work (W), School (only for students, S), Casual (for not frequently visited 
places, C), and Others (frequently visited places that are not the working place, O). Furthermore, 
the alphabet should and must be extended and refined since activities like 
Escorting/Accompanying (A) can be considered, as well as the differentiation of activities by travel 
mode since their data are available. Travel activities are divided into TW for active modes 
(walking, cycling), TC for private transport (car, van, motocycle), TP for public transport (bus, 
metro, tram and train) and TM for other transport modes, such as van and truck. An alphabet of 
10 activities is considered. Either trip makers, or non-trip makers are included and a sequence of 
1440 minutes (or more) with each minute classified as a category of the alphabet. Figure 8 shows 
the refined daily activity pattern distribution across years. Evidently, the 2020 state activity pattern 
distribution shows an overrepresentation of whole day home activities.
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Fig.  9. State distribution by year (top) and by gender (down). EMEF 2018 to 2020 

The percentages of activity distribution across the day for men and women (Fig.  9) and by year 
are shown in Table 2. Work activities out of home is greater for men than women, school activity 
is similar in both. Home activity in 2020 (73.5%) increases by almost 13 points compared to 
previous years, while school and work activities outside home are clearly reduced. The 
percentage of private transport use is severely affected by residential area (analysed here as 
crowns), showing that in non-central crowns there is an increase of private transport activity 
(3.4%) compared to Barcelona city (1.5%); consequently, public transport in the central crown as 
Barcelona city shows 2.8% incidence, while external crowns lie between 1.2-1.4% incidence. The 
spatial effects must be addressed in activity analysis (Table 2).

Table 2. Percentages of activity distribution across the day for men and women and year (Error! 
Reference source not found.). The percentage of activities is according to residential area (See 
Error! Reference source not found.). From 5:00 to 24:00 h using the EMEF 2018 to 2020.

Gender Activity
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A
Escort.

C
Casual

H
Home

O
Other

S
School

TC
Private 

Tr.

TM
Other 

Tr.mode

TP
Public 

Tr.

TW
Active 
modes

W
Work

Male
1.0% 1.9%

62.6
% 4.9% 2.5% 3.0% 0.2% 1.4% 2.2%

20.2
%

Female
1.3% 2.3%

68.1
% 4.6% 2.4% 2.0% 0.1% 1.8% 2.2%

15.2
%

ActivityYear A C H O S TC TM TP TW W
2018 1.0% 2.7% 61.7% 5.1% 2.8% 2.9% 0.0% 2.0% 2.1% 19.6%
2019 1.5% 2.1% 60.8% 5.9% 3.0% 2.8% 0.1% 1.9% 2.4% 19.5%
2020 0.9% 1.6% 73.5% 3.5% 1.5% 1.8% 0.2% 0.9% 2.2% 13.8%

ActivityCrown A C H O S TC TM TP TW W
BCN 1.2% 2.7% 61.9% 5.8% 2.8% 1.5% 0.1% 2.8% 2.9% 18.4%
PRIMARY 1.4% 2.4% 63.8% 4.6% 2.5% 2.2% 0.1% 2.0% 2.5% 18.4%
AMB 1.3% 2.0% 63.3% 4.5% 2.8% 3.1% 0.1% 1.4% 2.2% 19.1%
RMB 1.2% 2.2% 62.1% 5.1% 2.6% 3.4% 0.2% 1.2% 2.3% 19.9%

The Kruskal-Wallis test confirms that a non-homogeneous normalized entropy is present across 
years (pvalue = 0), while homogeneity of variances cannot be rejected. Tukey multiple 
comparisons of means confirms entropy mean in 2020 is less than those in 2018 and 2019 at 
95% confidence. Accounting for the subset of trip makers the same conclusions hold and entropy 
in 2020 is reduced by 18.57%. The Kruskal-Wallis test is a non-parametric test for addressing 
mean homogeneity in groups (3 years) and the Tukey HSD can be applied to pairwise 
comparisons of means defined by groups.

The non-parametric Kruskal-Wallis test also confirms that a non-homogeneous travel time ratio 
(TTR) is present across years (pvalue = 0). The Tukey multiple comparisons of means confirms 
a TTR mean in 2020 less than those in 2018 and 2019 at 95% confidence. Accounting for the 
subset of trip makers the same conclusion holds and TTR in 2020 is reduced by 3.5% compared 
to 2018 and 2019 aggregated TTR (See Fig.  10 and Table 3).

  
Fig.  10. Travel time rate per year. All samples (left). Only trip makers (right)

Furthermore, the non-parametric Kruskal-Wallis test also confirms a non-homogeneous 
turbulence across years (pvalue = 0). The Tukey multiple comparisons of means confirms a 
turbulence mean in 2020 is less than those in 2018 and 2019 at 95% confidence. Accounting for 
the subset of trip makers the same conclusions hold and turbulence in 2020 is reduced by 7.57%. 
No differences are found between 2018 and 2019 at 99% confidence, as shown in Table 3 and 
Fig.  11.
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Table 3. 
Tukey HSD pairwise comparison for mean turbulence and TTR across years. EMEF 2018 to 2020.

Turbulence
Level

s Mean
Difference of 

Levels
Difference 
of means

lower bound diff. 
95 % CI

upper bound 
diff. 95 % CI

Adjusted 
P-value

2018 10.62 2019-2018 0.18 0.04 0.31 0.01
2019 10.80 2020-2018 -0.73 -0.86 -0.59 0.00
2020 9.90 2020-2019 -0.90 -1.04 -0.76 0.00

TTR (Travel Time Ratio)
Level

s Mean
Difference 
of Levels

Difference 
of means

lower bound diff. 
95 % CI

upper bound 
diff. 95 % CI

Adjusted 
P-value

2018 0.4968 2019-2018 0.0018 0.0002 0.0034 0.0203
2019 0.4987 2020-2018 -0.0162 -0.0179 -0.0146 0.0000
2020 0.4806 2020-2019 -0.0180 -0.0197 -0.0164 0.0000

Fig.  11. Turbulence distribution depending on year

The analysis is further developed through the following steps:

1. It considers every sequence of 1,140 minutes (from 5am to midnight) with each minute 
classified as home, work, casual, other, school, escorting and the four Travel categories: TW, TP, 
TC and TM.
2. A comparison in all sequences with each other and compute pairwise dissimilarity indicators is 
carried out.
3.A clustering technique that groups sequences by similar dissimilarity scores in such a way that 
low dissimilarity sequences are grouped together is applied.
4. The number of clusters that optimally represents the data using a criterion of within group 
similarity and across groups dissimilarity is evaluated.

To identify similar sequences, a rule for sequence comparison is needed. For example, we can 
perform different operations to reproduce one sequence departing from another and assign 
penalties to each operation (Wilson, 1998). Measuring the difference between two sequences 
depends on the number of operations and sum of penalties accumulated in the comparison. The 
operations applied to this comparison are replacement, insertion, and deletion. In the sequence 
alignment literature, the measurement of dissimilarity and the number of operations needed to 
make two sequences the same is called a distance or a dissimilarity score. The distance between 
two sequences is the minimum combination of operations (Abbott and Tsay, 2000). The output of 
an algorithm that does these operations among all the sequences is a matrix of dissimilarity 
scores. 

Measures of similarity between sequences found in literature are Longest Common Prefix (LCP, 
it is based on the length of the longest common prefix), Longest Common Subsequence (LCS, it 
is based on the length of the longest common subsequence) and Optimal Matching distances 
(OM, it is based on edit distances that are the minimal cost, in terms of insertions, deletions and 
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substitutions, for transforming one sequence into another; there are two possibilities one 
assuming that all substitution costs are set equal to a constant and an alternative using the 
transition rates between states observed in the sequence data). An Optimal Matching distance 
based on substitution costs using transition rates found in the data would allow to obtain a 
representative distance matrix between sequences. This matrix has millions of cells (26,860x 
26,860 = 721,459,600) containing the dissimilarity scores among sequences for each person in 
the working sample. Method seqdist() from TraMineR package in R allows to calculate the 
dissimilarity matrix based on optimal matching or Hamming distances (Studer and Ritschard, 
2016) since day duration in minutes is the same for all units in the working sample. Nevertheless, 
it cannot be applied to due to large memory requirements.

The dimensionality problem can be addressed in different ways. For example, McBride et al. 
(2020) chose to select a subsample, while another alternative consists on a reduction of 
dimensionality that is recommendable to suitable cope with this large dataset composed by daily 
sequences from 5 to 24h. The later was used herein, resulting in a 26,860 x 1,140 matrix 
containing an activity from the selected alphabet (10 options) in which each column behaves as 
a categorical factor having 10 possible levels (activities). Consequently, the Multiple 
Correspondence Analysis (MCA) has to be applied instead of the Principal Component Analysis 
(PCA). Given the large memory requirements, 2.3 Gb, the proper MCA method in FactoMineR 
package (Husson et al., 2008) had to be chosen. All the available possibilities in R were checked 
(5 packages provide a MCA tool). Finally, the mca() method in MASS library was able to deal with 
this large dimensionality dataset. According to Kaiser criteria, 500 axes for minute-activity 
composed by trip makers (non-trip makers are grouped into one specific cluster), 93.47% of data 
variability is retained and sample projections in the new space can be computed. The dimension 
reduction is 95%.

After the data reduction technique, the next step consisted in conducting a Hierarchical Clustering 
(HC) (Husson et al., 2010) to the daily travel patterns included in the minute activity matrix based 
on distances between daily travel sequences, grouping in each cluster the points that are more 
similar among them than with the points in other groups. The Hierarchical Clustering method in 
FactoMineR package allows to reduce the computational burden by starting the agglomerative 
process on a heuristic partition being 10% of the original length and cutting the hierarchical 
agglomerative tree using well-known techniques. 

The representativeness of 100 clusters accounts for 43% of total data variability. The cluster 
outcome has been transferred to the dataset containing descriptive characteristics of samples. It 
is remarkable the low number of samples for some clusters (see Fig.  12).

Fig.  12. Cluster size (decreasing order in samples) for the whole EMEF 2018 to 2020 sample

The five largest clusters have been selected to show entropy, turbulence, complexity, and travel 
time ratio distribution. This is depicted in Fig.  13 showing outliers and different statistical values 
for fragmentation indicators supporting the useful role of these indicators in cluster 
characterization.
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Fig.  13. Entropy, turbulence, complexity and TTR for largest clusters. EMEF 2018 to 2020.

Table 4 shows the profile for one of the clusters, based on categorical variables (cluster number 
13). It gathers the profiles of car drivers and occasionally public transport users, working men in 
age groups between 30-44 and 45-64. They have higher education and come from Catalonia. 
Sample units (trip makers) from 2018 and 2019 are over-represented. The characterization of 
cluster 13 (profiling based on categorical variables) is shown in Table 4. Cla/Mod indicates among 
the whole sample the percentage of units showing the category that have been allocated in cluster 
13; Mod/Cla is the percentage of the category in cluster 13; Global is the percentage of the 
category in the sample; p.value refers to hypothesis testing of Mod/Cla percentage in cluster 13 
being the same as global percentage; and v.test is the statistic supporting the test (Husson et al., 
2010). This exercise may be carried out to any other clusters.

Table 4. 
Cluster 13 characterization. EMEF 2018-2020.
Category in variable Cla/Mod Mod/Cla Global p.value v.test
activity=Active 33.44 99.80 52.12 0.00E+00 Inf
education=University 27.93 56.43 35.29 1.01E-75 18.41
gage=30-44 28.11 43.77 27.19 1.26E-52 15.27
handicap=No 19.23 97.79 88.80 6.50E-45 14.06
fbike=Occasionally 33.52 24.40 12.71 1.50E-43 13.84
gender=Male 23.70 59.72 44.00 4.85E-41 13.42
degree.hand=[0%,32%] 19.02 97.79 89.80 2.41E-38 12.95
fcard=Always 35.89 18.50 9.00 3.65E-38 12.92
fcard=Often 34.13 19.03 9.74 1.01E-34 12.29
country=Catalonia 20.41 80.90 69.21 7.50E-29 11.15
ftpub=Occasionally 24.72 37.40 26.42 7.68E-25 10.29
fcard=Occasionally 26.93 24.60 15.95 9.93E-22 9.58
year=2018 24.09 37.13 26.92 1.50E-21 9.54
gage=45-64 23.07 44.03 33.34 2.39E-21 9.49
fwalk=Often 22.15 49.33 38.90 2.05E-19 9.01
year=2019 22.76 34.79 26.69 2.62E-14 7.62
fcarnd=Occasionally 21.07 40.48 33.55 6.74E-10 6.17
tele.work=Presential 23.82 18.30 13.41 4.01E-09 5.88
fwalk=Occasionally 22.01 21.72 17.23 8.20E-07 4.93
day=Monday 20.49 23.73 20.23 2.64E-04 3.65
flexhorari=No 21.74 13.87 11.14 3.18E-04 3.60
day=Tuesday 20.16 19.84 17.18 3.16E-03 2.95
fmicro=Occasionally 25.00 2.41 1.69 2.15E-02 2.30
fbike=Often 21.26 5.90 4.85 4.14E-02 2.04
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An in depth analysis was carried out to:

 Clusters significantly overrepresented by men samples compared to those overrepresenting 
by women.

 Clusters significantly overrepresented by year 2020 samples compared to those 
overrepresenting 2018 and 2019 samples.

For example, clusters 19, 22 and 62 show a significant higher percentage of women than men as 
depicted in Fig.  14. The activity pattern distribution for each of these clusters can be seen in Fig.  
15. A significant daily activity from 15 to 21 hours is devoted to escorting activities by women 
combined with staying at home. On the other hand, working and other regular activities are shown 
from 7am to 3pm, and the highest transport activity is found at lunch time. The age-group, gender, 
activity, education level and transport modal preferences can be obtained by analysing its socio-
economic composition.

Fig.  14. Women percentage in Clusters 19, 22 and 62. Daily activity pattern classification. 
EMEF2018 to EMEF2020 data

Fig.  15. Classification of EMEF 2018 to 2020 daily activity patterns. The three most representative 
clusters over-representing women

Electronic copy available at: https://ssrn.com/abstract=4175965



17

Clusters 3, 8 and 59 show a significantly higher percentage of men than women and their activity 
pattern distribution, as may be seen in Fig.  16. In particular, cluster 3 shows a great incidence of 
work activity in the first part of the day using private transport or walking as modal choices and 
staying at home in the afternoon with a short escorting activity and other regular activities. Age-
group, gender, activity, education level and transport modal preferences can be obtained by 
profiling its socio-economic composition.

Fig.  16. Classification of EMEF 2018 to 2020 daily activity patterns. Three most representative 
clusters over-representing men

Fig.  17. Classification of EMEF 2018 to 2020 daily activity patterns. The three most large clusters 
over-representing 2020 samples
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The activity patterns and distribution in year 2020 are found in clusters 113, 123 and 151 (Fig.  
17). No trip-makers are the most frequent cluster (151), as it contains 60% of 2020-year samples 
staying the whole day at home (teleworking information is not available). The Cluster 113, groups 
those people walking or going by car to other frequent activities along the day. It includes 
escorting as no working activity, but a great part of the day is spent at home. Finally, cluster 125 
represents those walking at late afternoon and visiting or other frequent activities in the morning, 
using neither car, nor public transport, basically to short-distance destinations.

Table 5 summarizes fragmentation indicators according to modal preferences and Figure 17 
highlights a descriptive analysis for modal preferences, residential crown and year based on 
Multiple Correspondence Analysis.

Table 5. 
Means of fragmentation indicators according to transportation mode preference. EMEF 2018-20. 
Modes: fwalk stands for walking, fbike – cycling, ftpub – public transport, fcard - car as driver and 
fcarnd - car as non-driver.

Modal 
preference Levels nentropy turbulence scomplexity TTR

fwalk Never 0.29 9.53 0.640 0.497
fwalk Occasionally 0.30 10.25 0.648 0.499
fwalk Often 0.30 10.79 0.650 0.497
fwalk Always 0.25 10.23 0.583 0.480
fbike Never 0.27 10.31 0.619 0.489
fbike Occasionally 0.32 11.10 0.679 0.507
fbike Often 0.30 10.87 0.645 0.498
fbike Always 0.29 10.38 0.637 0.494

fmicro Never 0.28 10.44 0.628 0.492
fmicro Occasionally 0.33 10.98 0.684 0.508
fmicro Often 0.34 11.49 0.702 0.512
fmicro Always 0.36 11.71 0.706 0.522
ftpub Never 0.26 10.30 0.603 0.487
ftpub Occasionally 0.30 10.80 0.647 0.496
ftpub Often 0.31 10.35 0.668 0.500
ftpub Always 0.32 10.24 0.672 0.501
fcard Never 0.26 9.98 0.600 0.484
fcard Occasionally 0.31 11.04 0.656 0.499
fcard Often 0.32 11.13 0.678 0.507
fcard Always 0.31 10.88 0.668 0.505

fcarnd Never 0.28 10.24 0.624 0.492
fcarnd Occasionally 0.30 10.77 0.651 0.497
fcarnd Often 0.25 10.05 0.587 0.482
fcarnd Always 0.27 10.38 0.615 0.489

Fig.  18 presents the multiple correspondence analysis plot (Husson and Lê, 2020) representing 
the projection in the first factorial plane for categories taking as active variables modal preferences 
(described in Table 5) , year and residential crown. Some remarkable associations are found:

 Modal preferences for 2020 are basically related to frequent walking, cycling, or using car 
as a non-driver.

 The frequency of using micromobility and public transport is usually related to Barcelona 
city residents.

 Frequent car use is related to external crowns to the metropolitan area.
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Fig.  18. Modal preferences according to daily activity patterns by year and residential crown in 
Barcelona. EMEF 2018 to 2020. BCN – Barcelona city, ETM – Primary Crown (excluding BCN), AMB 
(Metropolitan Area excluding ETM) and RMB (Metropolitan Region excluding AMB).

6. Discussion 

Comparing our results with those reported by McBride et al. (2019; 2020) may provide interesting 
inputs. However, there are differences in the available datasets that limit the comparison 
possibilities. While Barcelona’s dataset for classification purposes is larger than their dataset, 
California’s dataset is for a larger sample of households and individuals, better suited for 
exploratory data analysis and multivariate analysis involving fragmentation indicators, land use in 
residential area, individual and household characteristics. On the other hand, our activity set, 
defined by an alphabet consisting of 10 activities is also larger, as it contains data for 2-month for 
each of the three consecutive years (what captures year variation for working days) we only have 
data for individual, not for households, and therefore we cannot explore differences and 
commonalities in couples with and without children in the same household. California’s data also 
include weekend activity patterns, whereas our dataset is restricted to working days. However, a 
relevant difference of Barcelona’s data set with respect of California’s one, is that it explicitly 
includes a rich information on travel modes, namely Public Transport, especially relevant when 
addressing the gender issues.

Barcelona’s analysis, conducted with the officially available datasets (no ad hoc data collection 
has been possible) has been able to successfully address most of the points except for the 
household composition, as it is not available in the EMEF surveys. 

California’s results can be summarized as follows: People aged 25–65 had the most fragmented 
schedules (especially as measured by turbulence). Significant differences among people of 
different incomes were found, with key findings being the impact of poverty inhibiting activity 
variety for a person, and ethnicity/nativity playing a role. Gender also emerged as a major 
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covariate for Entropy, but not for Turbulence (McBride et al., 2019). The analysis also showed 
that specific age groups tend to have very long sequences of short activities and trips. Urban and 
suburban environments, however, they tend to have more fragmented schedules, most likely 
because of the mixing of short and long activities in their schedule. Their state thar their analysis, 
however, “it is not sufficient to conclusively identify people who suffer from social exclusion” 
(McBride et al., 2019).  A deeper analysis is shown in (Goulias, 2020; Goulias et al., 2020; E. 
McBride et al., 2020) where social exclusion is claimed to happen in two ways: stay at home with 
little access to opportunities, which would be a measure of immobility,  or to be extremely-active 
for the benefit of others with no personal time. 

7. Conclusion 

According to Coucleclis’ statement (2000) “ the fragmentation of activities is one of the reasons 
for the widely observed increases in travel demand in the industrialized world’’, then, we believe 
that addressing fragmentation indicators and the potential connection to modal preferences in an 
European city such as Barcelona, and comparing it with a city with a totally different structure is 
notably relevant.

An activity analysis across days in the RMB area has been addressed in this paper. Our research 
follows the work of McBride et al. (2020), in a totally different context, like that of the Metropolitan 
Area of Barcelona, where the spatial and temporal behaviour of transport demand is rather 
different in terms of the underlying socioeconomic reality, the transport oriented development 
(TOD) which can be seen through the rich public transport network, the urban structure, and 
different activity alternatives and services. A sequence analysis is used in this paper to measure 
fragmentation in activity participation and travel. 

Studying sequences of daily activities (each activity at a place and each trip) includes the entire 
trajectory of a person’s activity during a day while jointly considering the number of activities and 
trips, their ordering, and their durations. The complexity of the data resulting from fragmentation 
in that case led us to resort it to make use of an OD dimensionality reduction and clustering 
techniques to conduct the analysis. The clustering analysis shows clear differences between 
clusters overrepresented by women and by men. 

Furthermore, as it has already been highlighted in Error! Reference source not found., activity 
distributions by year, gender and geographic residential area show significative differences, as 
for instance the work activity proportion of men is higher than that of women. Furthermore, the 
percentage of private transport use is notably affected by residential area, showing that in non-
central crowns there is an increase of private transport activity compared to Barcelona city. On 
the other side, public transport in the central crown as Barcelona city shows a higher incidence, 
compared to the external crowns. Error! Reference source not found. also highlights the 
relationship of spatial distribution and transport mode. This study makes evident, that it is 
impossible to disentangle the role of sustainable transport with the built environment and dwelling 
location. 

This study has also revealed some behaviours that to be properly understood require a deeper 
analysis, and likely more detailed data not available in this case. An example of this would be that 
of the bimodality of the turbulence.

This research leaves many doors open for future analysis. For example, a deeper analysis for all 
clusters. Additionally, regarding the influence of the urban environment, which clearly deserves a 
more detailed analysis at finer spatial scale. 
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