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Abstract: Sequence analysis is a robust methodological approach that has gained popularity in 

various fields, including transportation research. It provides a comprehensive way to understand 

the dynamics and patterns of individual behaviors over time. In the context of the Metropolitan 

Region of Barcelona, applying sequence analysis to mobility surveys offers valuable insights into 

the sequencing of travel activities and modes, shedding light on the complex interrelationship 

between individuals and their travel choices and the built environment. Sequence analysis allows 

us to examine travel behaviors as dynamic processes and reveal the underlying structure and 

evolution of travel patterns over a day. Here, we describe a data analytics approach that enables the 

identification of common travel patterns and the exploration of variations across demographic 

groups or geographical regions. We propose a method for discovering similarities in travel behavior 

segments from diaries included in travel surveys in order to refine transport policies for selected 

segments. Unfortunately, the data collected by the authorities in the analyzed travel surveys do not 

include family structure, which seems critical in explaining the segmentation of travel sequences. 
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1. Introduction 

The need for a detailed understanding of transport demand and its behavioral 

patterns has prompted an interest in gaining a better understanding of mobility and 

transportation, their relationships and interdependencies, and the factors that shape 

them. This point of view has led to researchers paying attention to the activities necessary 

for social dynamics and the fulfillment of personal needs by focusing on where and when 

the activities occur. 

A transportation system ensures the connectivity of a territory. It provides a means 

to access activities, subject to time and distance constraints based on their locations, as 

determined by the topography of the region’s geography and its transportation network. 

According to [1], a transportation system is a tool that makes accessibility feasible and 

satisfying. In that way, mobility demand, leaving aside marginal trips for other purposes, 

is a derived demand for relevant journeys. As highlighted in [2], “Accessibility to the 

realization of activities is thus at the core of the process, and mobility must then ensure 

the completion of accessibility, where citizens and goods must reach destinations to 

satisfy needs and have access. Apart from the spatial dimension, individual characteristics 

shape citizens’ decisions regarding place access”. Different lifestyles determine these 

decisions [3], as do socioeconomic, ethnic, and gender issues [4]. 

Sequence analysis (SA) is a relevant approach to travel behavior analysis as it 

describes fragmentation and daily patterns in terms of strings of activities and transitions 
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from one activity to another as well as the amount of time spent engaged in each activity, 

as many studies, such as [5,6], have observed. 

Two decades ago, the authors of [7] noted that gender differences in travel patterns  

were linked to employment status, household structure, child care, and maintenance 

tasks. They found that the travel patterns of men and women were similar when 

considering families without children; when comparing multi-person households, males 

and females showed more significant differences, and these differences were the greatest 

for those living in homes with children. Over the last two decades, numerous studies have 

been conducted on travel behavior, showing gender as an influential factor in travel 

decision making [8]. 

The methodological approach of those studies is based on analyzing travel surveys, 

including travel diaries [9–12]. Most travel surveys collect information about individuals 

(socioeconomic, demographic, etc.), their household (size, structure, relationships), and 

their transportation habits as well as travel diaries (start and end location, start and end 

time, travel mode, purpose of travel, etc.) on a given day, usually a workday. 

Major travel surveys are typically conducted in metropolitan areas once per decade. 

Some urban regions conduct panel surveys in which the same people are interviewed 

yearly to determine how their behavior evolves. Traditional travel models rely almost 

exclusively on cross-sectional data, so individual/household travel surveys designed to 

capture people’s behaviors and attitudes simultaneously have always been the most 

appropriate data collection tools. Spring or fall is the selected season for conducting 

household travel/activity surveys. These seasons coincide with the most common traffic 

data collection periods. In addition, they represent periods when schools are in session 

and potential respondents are least likely to be away from their homes, such as on 

vacation. 

Travel surveys are usually complex. Organizing and expanding the data for analysis 

require special care. Survey data can typically be analyzed using several units, including 

households, individuals, trips, or activities. A vast body of the literature about this topic 

exists and a well-cited reference is the FHWA Travel Survey Manual [13]. A travel survey 

file contains at least two basic tables: individual-related data and all trip-related data for 

trip-makers included in the sample in a given period (commonly a single day). 

GPS-based household travel surveys are becoming more prevalent in Europe and 

North America. Such surveys require independent household travelers to carry a GPS 

device, such as a logger or a phone with a GPS application. These surveys enable the 

collection of more accurate and precise personal travel behavior data, which are mainly 

used in combination with prompted recall interviews. Data collection is expensive, time-

consuming, and not always straightforward, so care is needed when planning, designing, 

and conducting surveys. Without this attention, resources, namely time, people, and 

money, can easily be wasted for little gain. Obtaining high-quality and relevant data are 

essential for analyzing and supporting policy formulation and decision making. Poor-

quality or inappropriate data are detrimental to informed decision making. 

Traditional demand models rely on a trip-based approach and travel diaries collect 

trips made on a daily basis. Stopher [14] modified the travel diary concept to an activity 

diary, in which, instead of first asking what trip was made and the purpose for the trip, 

the activity diary asked the trip-maker what was the next activity and the transportation 

mode. Travel diaries are trip-based while activity diaries focus on what respondents did 

rather than on the places they went. 

In 1995, the North Central Texas Council of Governments pioneered a time-use diary 

[15]. The primary difference between an activity diary and a time-use diary is that travel 

is considered another activity rather than a means to reach an activity. This diary has yet 

to become popular among transportation agencies [11]. 

Travel diaries are still among the primary outputs of household travel surveys. In 

this paper, SA was used to examine the places people visited during a day together with 
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the duration of the activity at each site, travel mode episodes, and time spent traveling to 

these places. 

According to the results of a forthcoming study [16], gender, education, and age are 

notable factors involved in switching between activities. The authors also observe that in 

addition to gender and other relevant factors, it is necessary to have a deeper 

understanding of the spatial effects by exploring the relationships between the built 

environment and travel behavior and the influence of the spatial component on the 

sequence of activities. 

In demand modeling and forecasting, developing taxonomies of activity sequences 

is the first step in agent-based simulation involving synthetic population model design 

[17] and in studies comparing metropolitan areas. Some authors have addressed the 

nature of activity scheduling decisions based on hazard models applied to only one daily 

activity [18,19]. There are only a few examples of studies examining the choice of activity 

as a function of both duration and the structure of transition probabilities [20]. An explicit 

correlation of daily activity choices that people make was addressed using history 

dependence models [21], correlations between activities and destinations [22], daily 

activity pattern modeling based on empirical rules [23], and econometric models designed 

for agent-based simulation [17,24]. 

This study continues the analysis adopted by [5,25], exploring the factors influencing 

the fragmentation of daily travel patterns in the Metropolitan Region of Barcelona based 

on sequence analysis. This paper is structured as follows: Section 2 sets up the context and 

datasets used in the computational experiments. Section 3 describes the methodological 

approach. Section 4 presents the results and Section 5 presents the main findings and 

conclusions. 

2. Materials and Methods 

2.1. Context 

SA has become an invaluable tool in social sciences, offering insights into the 

structured occurrence of social events. Andrew Abbott, widely acclaimed as a trailblazer 

for his pioneering work in developing fundamental concepts and methodologies, stands 

at the forefront of this field. His contributions extend beyond historians’ mere ordering of 

events and encompass how quantitative research addresses sequences in social processes. 

Throughout various publications [26–30], Abbott elaborates on the evolution of these 

concepts and methodologies. According to Abbott, “Social reality happens in sequences 

of actions with constraining or enabling structures [...]. It is a matter of particular social 

actors, in particular social places, at particular social times” [29]. This encapsulates the 

essence of SA, highlighting its focus on the interplay between activities, their context, and 

the temporal dimension in which social events unfold. By recognizing the significance of 

sequences and their inherent constraints and possibilities, researchers can gain a deeper 

understanding of complex social phenomena. Abbott’s groundbreaking work continues 

to shape and enrich the field, fostering new perspectives and avenues for exploration in 

social sciences. 

This study is based on SA. It analyzes a series of time points at which a person can 

move from one discrete “state” to another. States are usually based on people’s activities 

in places they visit and stay at during the day and transitions between states involve 

transportation modes. This is graphically described in Figure 1. 

In the figure, ti is the time spent on activity i and τij is the travel time between the 

places where activities i and j occur. Travel activity between places is also considered a 

“state.” An example of a sequence could be HOME–GoToSchool–SCHOOL–GoToWork–

WORK–GoToSchool–SCHOOL–GoToOther–OTHER–GoHome–HOME. 
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Figure 1. Sequence of activities. O, origin; D, destination; Am , activities 

SA can offer valuable insights by highlighting differences or similarities between 

groups. Studer and Ritschard [31] highlight some features that are helpful when 

comparing activity sequences: 

• Experienced state: Each activity in the sequence, such as being at home, work, or 

school, or traveling by car, public transport, or other. State sequences can provide 

essential information highlighting group differences or similarities; 

• Distribution: The total time allocated to each state within a sequence; 

• Timing: The specific moment when each state appears within the sequence; 

• Duration: The time spent in each successive experienced state; 

• Sequencing: The specific order in which distinct states occur. A sequence represents 

an ordered string of activities spanning a particular period. 

Table 1 shows daily sequences for three hypothetical individuals in a travel survey, 

including considered activities and travel modes and the duration of episodes. The 

proposed list of activities is escorting (A), occasional activity (C), staying at home (H), 

going to school/university (S), daily activities such as shopping and visiting family (O), 

and working (W). The travel modes are walking (TW), cycling (TB), public transport (TP), 

private vehicle (TC), and e-scooter or Segway (TM). For example, in unit 1, the person 

spends 560 min at the start of the day at home, then travels by public transport (80 min) 

to an occasional activity (C) that lasts 110 min, then walks (TW) 25 min to a 5 min recurrent 

activity (O), walks 30 min to a new occasional activity (C) that lasts 210 min, and finally 

uses the same public transport (TP) at the end of the day (60 min) to go home, and remains 

there until the end of the day (23:59). Whereas unit 1 includes five activities, the variety of 

activities is minimal for unit 2 (three activities, repeated in sequence daily). 

Table 1. Example daily travel patterns for three units in a travel survey. 

Unit Daily Activity Sequence Time per Episode (min) 

1 H-TP-C-TW-O-TW-C-TP-H 560-80-110-25-5-30-210-60-360 

2 H-TW-O-TW-O-TW-H 660-60-480-10-10-10-210 

3 
H-TW-O-TW-H-TW-O-TW-H-

TW-O-TW-H-TW-O-TW-H 
600-2-28-3-27-2-58-2-28-2-13-2-373-2-28-2-268 

Whether we are defining travel diary files or daily activity sequences, systematic data 

processing and analysis has to be performed, including some critical decisions affecting 

sample unit characteristics and daily trip attributes, such as: 

• Education: A qualitative variable is usually coded with many levels to define a factor 

representing primary, secondary, and higher education groups; 

• Professional activity: Retired, unemployed, housemaker, student, etc.; 

• Age groups: Grouped according to local authorities’ commonly defined groups; 

• Trip purpose: Recorded in detail but some categories can be grouped together to 

simplify the results depending on the aim of the study. Again, the grouping has to 

be consistent with the underlying analysis by local authorities; 

• Travel mode: A qualitative variable usually consisting of many categories. Travel 

demand modeling needs ad hoc grouping depending on the aim of the analysis. Since 
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travel mode analysis is critical, we will describe some strategies in detail to define the 

principal mode of a trip and the day principal mode. 

In analyzing travel behavior, the entire daily sequence of activities and travel can be 

quantitatively described by indicators developed by numerous researchers [5,32–35]. 

These indicators allow for the analysis and measurement of activity duration and rates of 

transition from one activity to another, thus providing insights into the diversity and 

complexity of sequences. The following indicators were developed to address the 

limitations of not considering the order and number of state changes: 

• Entropy provides a measure of variety in daily schedules in terms of a “prediction of 

the uncertainty.” While it accounts for the proportion of time allocated to each state 

during the day, it does not consider the number of state transitions; 

• The turbulence index depicts the intricacy of the daily schedule as a measure of 

variability in terms of different activities, the order of these activities, and the varying 

duration of these activities in a day. It is directly related to the fragmentation of time, 

indicating a lack of time for oneself and stress; 

• The complexity index is based on the entropy and transitions within a sequence. It 

considers the order of successive states, measured by transitions, and the distribution 

of different states. This index has a normalized score [0, 1]; 

• The travel time ratio (TTR) represents the trade-offs people make between travel time 

and activity time; it accounts for the total travel time in a day divided by the sum of 

total time outside the home plus total travel time in a day [35]. 

A detailed description can be found in [16]. 

2.2. Case Study 

The Metropolitan Region of Barcelona (RMB), depicted in Figure 2, comprises about 

200 municipalities. The 18 municipalities near Barcelona city define the EMT (Primary 

Crown) subarea (including Barcelona city divided into 10 districts). The Barcelona 

Metropolitan Area (AMB, Secondary Crown) subarea comprises 36 municipalities, 

including EMT, and 10 districts of Barcelona city, accounting for 3.2 million inhabitants. 

It has a well-scattered public transportation network with over 200 bus lines, 4000 stops, 

10 metro lines, 15 railways, and 2 tramway lines. More than 9 million trips are made every 

day. The rest of the RMB consists of 164 municipalities and 1,848,514 inhabitants. More 

details can be found in [2]. 

 

Figure 2. Barcelona Metropolitan Region (RMB) study area: EMEF transportation analysis zones 

(TAZ-EMEF). The Municipality of Barcelona is divided into 10 districts (not shown). 
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The area is covered by the TAZ-EMO zoning system (582 transportation zones) for 

transportation planning purposes. The travel survey’s zoning system is TAZ-EMEF (see 

Table 2) and each TAZ-EMEF zone contains several aggregated TAZ-EMO zones. 

Table 2. Number of zones in the TAZ-EMEF zoning system. 

Crown TAZ-EMEF 

Barcelona City 10 

Rest of Primary Crown (ETM) 17 

Rest of Secondary Crown (AMB) 18 

Rest of RMB 128 

Rest of Barcelona Province  134 

2.3. Datasets 

In this study, we used four consecutive surveys of the Barcelona Metropolitan Region 

(RMB), the Working Day Mobility Survey (EMEF) [36] from 2018 to 2021 [37]. It includes 

individual characteristics and a list of trips made the day before. The sample design for 

the EMEF travel survey guarantees representativeness of the population. The technical 

team responsible for the sample design on behalf of the authorities assured its quality. 

Additionally, along with the trip purpose and travel mode required to build up the 

daily activity sequence data, we included the following relevant individual information 

from the surveys: 

• Education: A qualitative variable that divides education into basic, secondary, and 

higher education levels; 

• Professional activity: Retired, unemployed, homemaker, student, or active; 

• Gender: Male or female; 

• Age groups: 16–29, 30–44, 45–64, and 65 and above; 

• Other factors included car availability, residential area, mode use frequency, etc. 

2.4. Data Processing 

The following points summarize the study’s processes and decisions: 

• Data orchestration was needed to account for the 4 EMEF sources because they were 

delivered independently and the recorded fields differed. The orchestration of EMEF 

datasets involves selecting common subsets of fields and reordering them 

appropriately. While EMEF data allow access to specific periods of the day, data 

orchestration addresses the total number of daily trips; 

• The characteristics of trip-makers in EMEF datasets are gender (2 categories) and age 

(16–29, 30–44, 45–64, and 65 and above). EMEF 2019, 2020, and 2021 datasets do not 

contain a residential zone for each unit (trip-maker) but it was imputed using the 

origin zone for the first trip of the day in home-based trips. This means that some 

units lack a TAZ-EMEF residential area (only residential county is known); this 

subsample is less than 5% of the sample size; 

• EMEF datasets contain the characteristics education level (none, primary, secondary, 

or higher) and professional status (student, active, unemployed, retired, or non-

active). Unfortunately, family size and structure are missing on 3 out of 4 EMEF 

travel surveys. These were included in the survey after 2021, so they will be analyzed 

in the near future; 

• The maximum number of modes collected for any trip is 3. The travel time for each 

trip segment is unavailable; just the overall trip travel time is available (in minutes); 

• Individual sample sizes in RMB are 9930, 9934, 10,024, and 10,028 for 2018 to 2021, 

respectively, and the total number of trips in the sample is 39,318, 40,276, 34,714, and 

35,209, respectively. After filtering professional drivers and inconsistent data, the 
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total sample size for individuals is 37,877 units. Travel surveys are cross-sectional; no 

panels are available; 

• A total of 11 activities and travel modes were considered: escorting (A), occasional 

activity (C), staying at home (H), going to school/university (S), recurrent daily 

activities such as shopping, visiting family (O), and working (W) and the travel 

modes were walking (TW), cycling (TB), public transport (TP), private vehicle (TC), 

and e-scooter or Segway (TM). 

3. Methodological Approach 

The proposed methodology derives activity sequences from travel diaries and 

analyzes travel behavior patterns. Most travel surveys collect information about 

individuals (socioeconomic, demographic, etc.), their household (size, structure, 

relationships), their transportation habits, and travel diaries (start and end location, start 

and end time, travel mode, purpose of travel, etc.) on a given day, usually a workday. 

Applying this approach to travel surveys and daily travel behavior involves the 

following steps: 

• Data preprocessing: The data need to be preprocessed before applying SA. This 

involves cleaning the data, handling missing values and multivariate outliers, and 

organizing the data into sequences based on the order of activities [38]. Each 

individual’s sequence of activities becomes a series of ordered events. Quantitative 

time-fragmentation indicators are elaborated; 

• Sequence mining: Data analytics algorithms are applied to identify common patterns 

and sequences found within the dataset after the data processing step. These 

algorithms can reveal frequent sequences, such as common travel patterns or 

recurring combinations of activities [32,39,40]. Activity sequences are qualitative time 

series; proposals have been made in the literature to quantify the degree of similarity 

between sequences. We selected a data analytics approach and considered 

similarities after projecting activity sequences in a real space resulting from multiple 

correspondence analysis (MCA) [41]. Euclidean distances were applied to assess the 

similarities between projected sequences; 

• Travel behavior comparison: SA allows comparisons of sequences between 

individuals or groups [32,39,40]. By comparing sequences, researchers can identify 

typical or representative travel behavior patterns that can help in understanding 

variations in travel behavior based on demographic characteristics, such as age, 

gender, or socioeconomic status; 

• Clustering and typology: Clustering of projected activity sequences obtained by 

MCA [41] identifies distinct groups or clusters of individuals based on travel 

behavior patterns. After clustering individuals with similar projected sequences, we 

can identify typologies or travel behavior profiles representing different population 

segments. 

A statistical analysis of sequences and fragmentation indicators allows a greater 

depth of analysis, as indicated by the workflow shown in Figure 3 (the methodological 

workflow is inspired by [16]). Some potential lines of analysis rely on developing a general 

linear model using a fragmentation indicator as a target variable and quantitative and 

qualitative explanatory variables such as gender, education, day principal mode, etc. The 

marginal effects of explanatory variables help to clarify the multivariate association with 

the characteristics of individual units. 
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Figure 3. Methodological workflow. From EMEF datasets, sequences in a day are defined in 

minutes. Once fragmentation variables are calculated, exploratory analysis is carried out and linear 

models are developed for each one based on the socioeconomic characteristics of sample units. Once 

the basic statistical analysis is completed and multivariate data reduction is applied, daily sequences 

are classified to identify segments of travel pattern behaviors. 

The sequences for all sampled units in the EMEF 2018 to 2021 travel surveys weighted 

by its expansion factor were produced by using the TraMineR package in RStudio [32,42]. 

Afterward, fragmentation indicators (entropy, turbulence, complexity, and TTR) were 

elaborated from daily travel sequences using functions in the TraMineR package of 

RStudio. 

The principal transport mode for trips and daily primary mode labeling were 

determined based on PCA and unsupervised classification [41]. 

3.1. Descriptive Analysis 

Firstly, we conducted a basic descriptive analysis of fragmentation indicators for 

activity sequences of sample units in 2018 to 2021 EMEF travel surveys, including the 

following: 

• Distribution of fragmentation variables for trip-makers and non-trip-makers; 

• Univariate and multivariate outlier detection based on the robust Mahalanobis 

distance [43]; 

• Spearman correlation coefficient between fragmentation variables with/without 

multivariate outliers to assess the association between selected fragmentation 

variables. 

3.2. Data Dimension Reduction 

We applied a data reduction technique to the dataset of daily sequences such that the 

number of columns (number of minutes by number of activities, in this case 11) retained 

represented the first N = 500 factorial axes in the multiple correspondence analysis (MCA) 

using the FactoMineR package in R [44,45], which accounted for more than 90% of data 

variability from 6 to 24 h. Our input matrix for MCA was a 37,877 × 11,880 matrix 

(complete disjunctive encoding) containing activities from the selected list (11 options), 

where each column represents one category of the minute factor (11 possible levels 

accounting for activities plus transportation options) and the output was a 37,877 × 500 

matrix. 

This procedure is effective for handling such a large dataset, which in our case 

comprised daily sequences. Our database thus remained highly detailed, as we 

maintained relevant information based on 1 min rather than aggregating the timeframes, 

which would lead to information loss. Recording activities for each 1 min of the day is the 

most suitable method to maintain the level of detail. 
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Multiple correspondence analysis projection ensures the utilization of all available 

information (minute-to-minute activities) and avoids distortions during dimensionality 

reduction. The reduction is based on the extended Kaiser criteria [46], with the retained 

factorial axes accounting for more than 90% of data variability, thus ensuring 

representativeness. These factorial axes were used to project the sequences into the new 

ℝ500  space, which achieved 95% dimension reduction and allowed the possibility of 

handling non-supervised clustering based on real numbers (instead of qualitative 

variables with 11 categories). 

Then, we projected the data sequences in the N-dimension factorial space. Sequence 

projections are vectors of N real numbers. We applied hierarchical clustering to discover 

data clusters showing similar daily sequences. The clusters were profiled based on 

characteristics and numerical variables from 2018 to 2021. 

For clustering analysis, the similarity/dissimilarity matrix had millions of cells 

(37,877 × 37,877) containing the dissimilarity scores for the sequences of every person in 

the working sample. Using seqdist() in the TraMineR package in R allowed us to calculate 

the dissimilarity matrix based on several metrics [31] of the original minute sequences. 

However, it was not feasible in the original space due to large memory requirements. For 

this reason, we performed multiple correspondence analysis (MCA) for data reduction 

instead of principal component analysis (PCA, suitable for numeric variables) to detect 

the underlying structures in the dataset before clustering. 

After data reduction was performed on all activity sequences (including multivariate 

outliers), we used clustering to group sequences of activities with similar dissimilarity 

scores obtained from the sequence comparison after projection. The fragmentation 

indicators and characterization variables of sample units helped in interpreting the 

clusters. We determined the final number of clusters by using an optimized criterion for 

balancing within-group similarity and between-group dissimilarity. Specifically, we 

applied hierarchical clustering (HC) [41] to the reduced projected data of daily travel 

patterns in the minute activity matrix. Each cluster comprised points that were more 

similar than those 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. We cut the hierarchical 

agglomerative tree at a degree of similarity of almost 40%, using a balanced combination 

of common techniques such as the between sum of squares to the total sum of squares, 

the gap statistic, and the silhouette method. 

3.3. Defining the Principal Travel Mode  

In metropolitan areas, trips can be composed of several modes: someone can leave 

home in a car as a passenger to get to a bus stop and, at some point, transfer to the train 

and arrive at the destination after a 5 min walk. The concept of principal mode is tricky 

and usually involves some decision making. The maximum number of user modes is a 

design parameter in survey K; sometimes, the travel time spent in each stage is unknown. 

Let us assume that the sequence of modes used in a trip is mode1, …, modeK. 

Rules of assigning principal trip mode (gmode) for K = 3: 

• If mode1 is defined and mode2 is none, then the principal mode (gmode) is code1; 

• If mode1 and mode2 are defined and mode3 is none, then gmode is code1:code2. For 

example, if mode1 is driving a car and mode2 is riding the bus, then gmode becomes 

C:B; 

• If mode1, mode2, and mode3 are defined, then gmode is code1:code2:code3. For 

example, if mode1 is driving a car, mode2 is riding the train, and mode3 is riding the 

bus, then gmode becomes C:T:B; 

• Repeat the process until the maximum number of stages has been considered; 

• If data preparation shows some drawbacks, such as mode1 and mode3 are none and 

mode2 is defined, then gmode is defined as code2; 
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• If mode2 and mode3 are defined and mode1 is none, then gmode is code2:code3. 

If the trip segment duration is known, then the principal mode assignment can be 

based on the mode that takes the longest time. Otherwise, it can be applied after a 

preprocessing step: 

1. Identify gmode frequencies once the number of possibilities is reduced based on 

unordered sets. For example, using a car and a bus would be indicated as C:B and 

assimilated to B:C (alphabetical order of the set code modes). Any mode composition 

involving W (walking) is also set to non-walking mode. For example, T:W is 

designated as T (train); 

2. The number of occurrences of each code for each trip survey is considered and 

principal component analysis is applied to the data matrix composed of n rows (as 

many as the total number of trips in the sample) and as many columns as mode codes. 

Unsupervised clustering analysis after principal component analysis defines the final 

number of clusters, which are groups of transportation modes used during 

individual trips. Thus, representative modal cluster combinations set the principal 

travel mode. 

Each individual’s principal modes during a workday help in labeling modal 

preferences for the expanded population. The same steps can be followed to define day 

principal mode (dpmode), considering all daily trips. 

3.4. Fragmentation Variable Profiling 

Each fragmentation variable determined a significant global association with 

quantitative and qualitative variables that characterize sample units, in this case, 

individuals. The quantitative variables are the number of daily trips and the total travel 

time in a day and the qualitative variables are gender, education, profession, principal 

daily mode, declared modal preferences, etc. Each fragmentation variable quantifies the 

quantitative variables related to sample units, qualitative variables where the mean value 

of the fragmentation indicator is not homogenous for all categories, and categories where 

the mean value of the indicator is significantly different from the overall mean at 99% 

confidence. 

We then used Tukey’s multiple comparisons test of means at 95% confidence, a 

particular case of the multiple comparison test (MCT). Tukey’s honestly significant 

difference (HSD) test can be used under the assumption of equal variance. Tukey’s test is 

considered a reliable method of detecting differences during pairwise comparison (it is 

less conservative than others when applied to small samples) and can increase the 

probability of rejecting the null hypothesis when there is a small group size (this was not 

a problem in our dataset since we needed to make comparisons by year and the sizes were 

large enough to justify the theoretical assumptions). Tukey’s HSD implemented in R [47] 

is the Tukey–Kramer test (a modification of the original HSD to cope with unbalanced 

data). 

4. Results 

This section presents the results of the analyses conducted in this study. 

4.1. Descriptive Analysis 

This section presents the descriptive analysis of fragmentation indicators between 

2018 and 2021. We derived fragmentation indicators from daily travel sequences using 

functions in the TraMineR package of RStudio [39]. Table 3 shows fragmentation 

indicators calculated for the daily sequences shown in Table 1. Figure 4 graphically 

depicts the exploratory analysis of fragmentation indicators. At the top of Figure 4, 

bivariate plots include the whole sample of trip-makers; at the bottom, histograms for the 

same variables exclude multivariate outliers at a 99% confidence level based on the robust 

Mahalanobis distance [43]. Non-parametric Spearman correlation coefficients between 
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fragmentation indicators excluding multivariate outliers show a direct association, with 

more intensity noted for the complexity–turbulence pair: 0.6 (entropy–turbulence), 0.91 

(complexity–turbulence), and 0.85 (complexity–entropy). 

Table 3. Examples of daily travel patterns for three units of working sample based on 11 activities. 

Id 
Daily Activity 

Sequence 

Time per 

Episode (min) 

Total Duration  

(min) 
Entropy Turbulence Complexity 

Travel Time 

Ratio (TTR) 

1 
H-TP-C-TW-O-TW-C-

TP-H 

560-80-110-25-5-

30-210-60-360 
1440 0.776 8.947 0.03020 0.610 

2 H-TW-O-TW-O-TW-H 
660-60-480-10-10-

10-210 
1440 0.689 8.519 0.02846 0.623 

3 

H-TW-O-TW-H-TW-O-

TW-H-TW-O-TW-H-

TW-O-TW-H 

600-2-28-3-27-2-

58-2-28-2-13-2-

373-2-28-2-268 

1440 0.272 16.751 0.02919 0.526 

The entropy indicator has the maximum value when all possible activities appear in 

a sequence and the total duration for each activity is the same. In a sequence where staying 

home takes up all the daily minutes, entropy is 0 (minimum), and the maximum for 11 

activities is 2.40. The fragmentation of daily time into many episodes weighted by 

duration is accounted for by turbulence, i.e., many shorter episodes mean more stress 

when handling all duties. In contrast, complexity considers the number of transitions 

between episodes, the number of activities represented, and their total duration. Stress in 

daily life is captured mainly by turbulence since transitions between activities use at least 

one transport mode. In comparison, complexity combines entropy and turbulence 

characteristics. 
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Figure 4. Fragmentation indicators. Top: bivariate plots for all trip-makers; middle: boxplots by 

year; bottom: histograms excluding multivariate outliers (99% confidence). 

To understand the meaning of the fragmentation indicators, we selected a subset of 

trip-makers in the 1%, 50%, and 99% percentile for turbulence indicators. The results are 

presented in Figure 5. 
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Figure 5. Some activity sequences in the 1%, 50%, and 99% percentile groups for turbulence. Trip-

makers subset and multivariate outliers are excluded. 

The radar plot in Figure 6 shows the four fragmentation indicators, total trips, and 

total travel time in a day relative to mean values over the years. The COVID-19 effects can 

be seen in 2020 fragmentation variables: they have the smallest values, while those for 

2018–2019 have the highest, and 2021 recovery was not as expected, revealing that some 

behavioral changes that may have been latent before COVID-19 and were potentiated by 

the pandemic seem to remain after it. This will be clarified once the data for 2022 and 

beyond can be analyzed. 

 

Figure 6. Fragmentation indicators according to EMEF travel survey year. Ttrips indicates the total 

number of trips and daytt indicates the total time traveling in a day. 
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4.2. Modal Frequency and Residential Area 

Travel surveys offer multiple possibilities for multivariate exploratory analysis; this 

section illustrates how declared modal use frequency (generic modal preferences) is 

connected to individual characteristics such as place of residence. These findings open a 

new line of research in which spatial representation is critical. The first factorial plane of 

multiple correspondence analysis applied to individual modal preferences and residential 

areas (see Figure 7) shows increasing frequency of use of public transport and rare use of 

cars by residents of Barcelona city (BCN). In contrast, frequent car use and non-active 

modes are found in the outer metropolitan region (RMB). The vertical axis has a spatial 

meaning (negative to positive values as external to the inner metropolitan area) and the 

horizontal axis has a temporal meaning (positive values are associated with 2020–2021, 

clearly separate from the negative values for 2018–2019). 

 

Figure 7. First factorial plane: modal preferences and residential areas across years. Residential areas 

are highlighted in the red box and modal preferences correspond to those in the blue box. fcard, car 

as driver; fcarnd, car as non-driver; fwalk, walking; ftpub, public transport; fbike, bike; fmicro, e-

scooter/Segway. BCN, Barcelona city; EMT, Primary Crown; AMB, Barcelona Metropolitan Area; 

RMB, Metropolitan Region of Barcelona. Year, gender, age group, and activity are shown in green. 

4.3. Linear Models for Fragmentation Indicators  

One line of analysis that considers variables that affect fragmentation indicators is 

linear modeling. For example, in the case of the complexity indicator, linear model results 

show a significant dependency (marginal effect once all other significant variables are 
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included) on year, the interaction of gender and age group, activity, residential area, and 

education. 

Figure 8 shows the marginal effects of gender by age group across years on the 

complexity indicator. There is significantly greater complexity for women in the 30–44 

year age group than men (all years except 2020), while the opposite is clearly seen for 

women 65 and older (any year). A second analysis involving the travel time ratio (TTR) 

indicator as the target variable in a linear model showed a pattern when comparing 2018–

2019 against 2020–2021 data, where TTR in 2021 did not seem to return to values before 

COVID-19. Education is an important factor; those with a higher level of education spent 

more of their daily time away from home before COVID-19 than those with other levels 

of education (none, primary, and secondary), in contrast to 2021 (see Figure 9). More 

highly educated people spent increased time at home during 2020 and 2021; teleworking 

had a remarkable impact on this group after COVID-19, and differences across residential 

areas have been minimized, according to 2021 data. The higher-educated group had a 

more remarkable increase in home-stay time from 2019 to 2020 than the other education 

groups, for whom telework was not an option. 

 

Figure 8. Marginal effects of age group on complexity indicator by gender across years. 
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Figure 9. Marginal effects of a residential area on TTR by education across years. 

4.4. Principal Mode 

As noted in Section 3, one step in data processing relies on defining the day principal 

mode (dpmode). We elaborated this variable according to the frequency of transportation 

modes recorded in the transitions between activities in the sample (2018 to 2021) and 

unsupervised classification. The first factorial axis separates the day principal modes of 

private transport (negative values) and public transport (positive values) and the second 

factorial axis splits the sample into more pedestrians (negative values) and fewer 

pedestrians (positive values) (see Figure 10). 

 

Figure 10. Day principal mode clusters based on the number of activity occurrences in daily trips. 

Multimodal labels M:B:T, combined metro plus bus and train last mode; T:M:B, combined train first, 

metro plus bus modes; T:M bimodal train and metro. 
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4.5. Clustering 

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 (see Figure 11). These clusters account for 

37% of the sample variability, with a median size of 145 units; 90% comprise fewer than 

800 units and 90% contain more than 10 units. The largest cluster consists of non-trip-

makers (4190 units), with a value of 0 for entropy, turbulence, and complexity. TTR is 0.5 

(this cluster does not appear in the sequence state analysis shown in Figure 12). The 

hierarchical clustering method was employed after dimensionality reduction through 

multiple correspondence analysis factorial projections of sequences according to standard 

multivariate data reduction techniques, as explained in Section 4.2, since this mitigates 

biases resulting from information loss. 

 

Figure 11. Fragmentation indicators in five largest clusters after activity sequence classification. 

Clusters 93, 94, and 97 show people mainly involved in work activities but the 

patterns are not the same. Cluster 94 includes people whose shifts start very early in the 

morning and who conduct after-work activities, while people in clusters 93 and 97 start 

their work activity later in the morning, and 97 includes people who take a break during 

their shift to eat lunch at home, not in the workplace as those in cluster 93 do. Cluster 

profiling reveals additional characteristics of these units. 

Although we do not include profiling details in this paper, the following is a 

summary of these findings: 

• Cluster 18: Retired, primary education or handicapped, over 65 years, origin is the 

rest of Spain; 

• Cluster 93: High education level, professionally active, 30–44 years of age, origin is 

Catalonia, private car use score 13 points over the overall mean; 

• Cluster 94: Primary or secondary education, professionally active, 30–64 years of age, 

foreign origin, private transport use score 15 points over the overall mean; 

• Cluster 97: High education level, professionally active, 30–64 years of age, origin is 

Catalonia, private car use score 26 points over the overall mean. 
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Figure 12. State distribution of the four largest clusters after activity sequence classification. 

A more in-depth analysis of clusters overrepresented by males and females shows 

remarkable differences between activity sequences (see Figure 13). In clusters containing 

more than 65% males, early morning and afternoon shifts (clusters 94 and 83) and 

extended shifts (cluster 100) with occasional escorting activities are seen. In clusters 

containing more females, escorting is prevalent, especially in the after-school period 

(usually after work) in clusters 48 and 69; in cluster 90, public transport commuter mode 

for travel to the workplace is seen. Profiling details are not included in this paper. 

However, the main findings can be summarized as follows: 

• Cluster 68: E-scooter users, unemployed or students, Barcelona city residents; 

• Cluster 83: Age 16–29, secondary education, active, car users, RMB residents; 

• Cluster 94: Primary education, professionally active, origin is Catalonia, engaged in 

non-flexible job schedule and public transport use, mostly Primary Crown or AMB 

residents; 

• Cluster 100: High education level, professionally active, flexible work schedule, 

private car use score 26 points over the overall mean, RMB residents; 

• Cluster 34: Retired, over the age of 65, or unemployed young people or students 

living in Barcelona city; 

• Cluster 48: Primary education, unemployed, mostly escorting activity using a car in 

RMB area; 

• Cluster 69: Age 30–44, homemakers, mostly escorting activity using a car, resident of 

RMB or AMB area; 

• Cluster 90: Higher education level, non-flexible work schedule, public transport 

users, residents of Barcelona city. Foreign origin is overrepresented. 
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Figure 13. Daily sequence activity according to clusters overrepresented by males and females. 

Fragmentation indicators are helpful to complement the previous interpretation 

(Figure 14). We can see the mean values of fragmentation indicators on radar plots for 

selected clusters with either male or female overrepresentation. Cluster 68, which is 
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predominantly male, contains patterns involving considerable turbulence and 

complexity, without remarkable entropy or TTR, in contrast to the predominantly male 

clusters 83, 94, and 100. In the case of predominantly female clusters, cluster 34 shows 

shallow fragmentation indicators compared to clusters 48, 69, and 90. 

 

Figure 14. Fragmentation indicators for eight clusters overrepresented by males or females. 

5. Discussion 

SA is a statistical method used to analyze and interpret patterns in sequential 

categorical time series data. When applied to travel surveys and daily travel behavior, SA 

can help researchers understand the sequential order and dynamics of activities 

undertaken during travel and their interconnections. It allows for a detailed examination 

of the sequences of activities individuals engage in, such as commuting, working, 

enjoying leisure time, and other daily routines, while also considering the number of 

activities, order of activities in a day, and duration. Studying daily activity sequences 

(including each activity and each trip) is preferable to using other techniques to study 

activity–travel behavior because sequences include the entire trajectory of a person’s 

activity during the day, as indicated by some authors [5]. Comparing our findings to those 

in [5], we used all sample units during four EMEF surveys and the whole study area 

instead of restricting the analysis to a subarea. Compared to [25], 15 activities were 

considered activities. Still, transport was regarded as a single activity (transition between 

activity states), while in our research, transportation modes were explicitly considered in 

the transitions between activity states. Our approach highlights the importance of 

multimodality in European metropolitan areas. 

Some authors [48] found that the duration of free time and personal business 

activities were very similar between men and women. In contrast, women spent 

significantly more time shopping. If we extend this result, activity sequences in clusters 

overrepresented by women show remarkable differences from those dominated by men. 

In our case, the lack of family size and structure data in the collected 2018 to 2020 

EMEF data was a limitation with regard to enhancing linear models for fragmentation 

indicators and classification profiling. We expect to extend our analysis once EMEF data 

from 2021 and beyond are available since these data seem to play an essential role 

according to the literature [49]. 

The impact of telework has been addressed by some authors, such as Bayarma et al. 

[50]. This feature was not collected in the EMEF travel survey until 2020 and is a limitation 

in the current paper. Analyzing activity sequences and fragmentation indicators 

according to telework availability is a promising research topic because telework is linked 
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to both education level and type of job. Medical staff, essential educators, and service staff 

have limited teleworking opportunities. In addition, the previously cited positions are 

mainly filled by women. 

Understanding the daily activity and travel patterns of transit users is fundamental 

for transportation authorities in European cities. Hence, classifying transit-based activity 

sequences is an important topic in order to improve transit performance and in turn the 

sustainability of metropolitan areas [51]. 

6. Conclusions 

SA was applied to EMEF travel surveys and various data analytics techniques were 

used to analyze daily travel behavior according to the following steps: 

• Data preprocessing: Each individual’s sequence of activities becomes a series of 

ordered events. Entropy, turbulence, complexity, and travel time ratio (TTR) 

indicators were elaborated using the TraMineR method in RStudio. Regarding 

fragmentation variables, 1190 out of 37,877 units were multivariate outliers (3%); they 

were not discounted but were used as supplementary observations when applying 

data analytics; 

• Sequence mining: Data analytics algorithms were applied to identify the profiles of 

fragmentation indicators within the EMEF dataset. Data reduction based on MCA 

allows activity sequences defined at the minute level to be projected into a 

multivariate real space, reducing the computational burden. Euclidean distances 

were applied to assess the similarities between projected sequences. This is an 

innovative feature of our research; 

• Sequence comparison: Based on fragmentation indicators as target variables, linear 

models were used to highlight variations in travel behavior based on demographic 

characteristics such as age, gender, and socioeconomic status; 

• Clustering and typology: Clustering of projected activity sequences identified 

distinct segments or clusters of individuals based on their travel behavior patterns. 

We obtained 10% of the clusters over 800 sample units. After clustering individuals 

with similar projected sequences, we developed typologies or travel behavior 

profiles, focusing on clusters over- and underrepresented by males and females. The 

clustering process considered all activity sequences, leading to many small clusters 

grouping multivariate outliers. We also paid attention to the four largest clusters. 

Large cluster typologies can inform transportation planners and stakeholders about 

policy making, allowing them to focus on targeted interventions by segment. In the case 

study, 10 clusters grouped more than 50% of activity sequences. A lack of mobility 

affected 11% of the population. 

Modal use frequency and residential area parameters have a remarkable association 

that will be addressed in future research. The built environment also seems to play a 

critical role. 

The characterization of activity sequences will be refined as soon as household 

composition and teleworking data are available and new yearly travel surveys are 

processed (from 2021). Our agreement with ATM will give us access to 2022 data when 

they become available, hopefully before 2024. Then, in the forthcoming work, we will 

check whether the conjecture about the behavioral changes is correct. 
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