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ABSTRACT

Working from home (WFH) has changed commuting behaviour in the Netherlands, with office attendance
increasingly concentrated on Tuesdays and Thursdays. This concentration poses a key challenge for Dutch
peak-spreading policy, yet existing research consistently measures working from home as a frequency
rather than a weekly structure, leaving the day-specific organisation of commuting behaviour largely
unexplored. This study addresses this gap by conceptualising working from home as a weekly structure,
applying latent class analysis (LCA) and latent transition analysis (LTA) to longitudinal survey data from the
Landelijk Reizigersonderzoek (LRO). The data cover three annual waves (2023-2025) with a balanced panel
of 1,026 respondents. Three distinct commuting profiles were identified: the Moderate Commuter (MC,
57%), the Intensive Full-Week Commuter (IFW, 30%), and the Tuesday and Thursday Commuter (TT, 13%).
These profiles remained highly stable over time, with the vast majority of individuals staying in the same
profile across consecutive measurement waves. None of the nine contextual policy factors examined
reached statistical significance. However, directional patterns suggest that perceived improvements in
working from home possibilities and public transport frequency are most strongly associated with
transitions away from peak-day commuting among TT commuters. At the same time, perceived
improvements in these factors reinforce peak-day concentration among IFW commuters. These findings
suggest that generic improvements to working conditions or infrastructure are insufficient to redistribute
peak commuting demand. Effective peak spreading may require targeted, day-specific interventions
directed at the groups that contribute most to Tuesday and Thursday concentration.

Keywords: working from home, commuting behaviour, weekly structure, latent class analysis, latent
transition analysis, peak spreading, hybrid work, commuting profiles, travel behaviour, the Netherlands.
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EXECUTIVE SUMMARY

Working from home (WFH) has fundamentally reshaped commuting behaviour in the Netherlands. More
than half of the Dutch working population now regularly works from home, with office attendance becoming
increasingly concentrated on Tuesdays and Thursdays. This concentration puts disproportionate pressure
on road and public transport networks on these peak days, presenting a key challenge for Dutch mobility
policy. The national Aanpak Spreiden en Mijden 2025-2027 programme explicitly aims to spread
commuting demand more evenly across the week. However, current policy monitoring focuses on how
often people work from home, rather than which days they choose to do so. Consequently, it remains
unclear whether the observed concentration on Tuesdays and Thursdays reflects a single behavioural
pattern or several distinct groups, and how individuals can be steered away from peak days.

This study addresses this gap by conceptualising working from home not as a frequency, but as a weekly
structure defined as the specific combination of office and WFH days from Monday to Friday. This
operationalisation captures both how often individuals commute and which days they do so on. The central
research question is:

How does the weekly structure of commuting behaviour evolve over time at the individual level, and
which contextual policy factors are associated with transitions between distinct commuting
profiles?

The analysis draws on longitudinal survey data from the Landelijk Reizigersonderzoek (LRO), a nationwide
travel survey conducted annually by the Dutch Ministry of Infrastructure and Water Management. Three
sub-questions were addressed sequentially: (SQ1) trends in commuting and WFH behaviour across waves,
based onthe complete working population per wave (8,169 in 2023, 8,330in 2024 and 8,674 in 2025); (SQ2)
identification of distinct commuting profiles using latent class analysis (LCA); and (SQ3) transitions
between profiles and their associated contextual policy factors using latent transition analysis (LTA). SQ2
and SQ3 are based on a balanced panel of 1,026 respondents present in all three waves, reduced to 612
after excluding non-workers and full-time home workers.

Commuting behaviour remained largely stable across all three measurement waves. Peak arrivals were
consistently highest on Tuesdays and Thursdays throughout the observation period, with the ranking of
weekdays by peak arrival volume remaining unchanged. Fixed commuting patterns and increasingly fixed
working hours left little scope for spontaneous redistribution of commuting demand, helping to explain the
persistent peak concentration. WFH increased slightly, with the proportion of non-home workers falling
from 53% in 2023 to 49% in 2025, while fixed WFH day patterns became slightly more common. Social
motivations, particularly the desire for contact with colleagues, remained the dominant reason for office
attendance. Conversely, only 2-3% reported working from home specifically to avoid peak hours. Employer
policy and flexibility were consistently rated as the most influential factors in shaping commuting and WFH
decisions across all waves.

The LCA identified three distinct weekly commuting profiles, illustrated in Figure 0.1. The Moderate
Commuter (MC, 57%) commutes on all five working days at moderate frequencies. They work from home
an average of 0.83 days per week and are mainly concentrated in healthcare. The Intensive Full-Week
Commuter (IFW, 30%) commutes almost daily, works from home infrequently (M = 0.17) and has the
shortest commute distance of all profiles. This profile is concentrated in agriculture and industry, and small
organisations where physical presence is required. The Tuesday and Thursday Commuter (TT, 13%;
relabelled Selective Commuter, SC, in the LTA) selectively commutes on Tuesdays and Thursdays, works
from home most frequently (M =1.77), has the longest commute distance (42.7 km) and is concentrated in
large public sector organisations. Beyond these structural differences, the TT profile underwent a within-
profile reorganisation between 2023 and 2024, in which Wednesday and Friday attendance dropped to near
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zero while Tuesday attendance increased sharply — a shift invisible to frequency-based approaches, as the

total number of commuting days remained constant.

-
C1|57% C2|30% C3|13%
Moderate Commuter Intensive full-week Tuesday & Thursday
Flexible office worker Traditional on-site worker Structured hybrid worker
. Commuting probability . Commuting probability . Commuting probability
Mon D 60% Mon CEENIEED o Mon (D as%
) o5% e QR o7 e CED oo
wed QD 57 wed QD o wed  QEEEED 3%
™ QD T QD - ™ QI
T ) az Fio G i @ %
. Key Characteristics j ‘ Key Characteristics ) . Key Characteristics )
WFH days / week 0.83 WFH days / week 017 WFH days / week 1.77
Fixed location days 2.73 Fixed location days 4.04 Fixed location days 2.06
Avg. commute distance 26.0 km Avg. commute distance 17.3 km Avg. commute distance 42.7 km
Young children 23% Young children 17% Young children 40%
Gender Mostly female (57% F) Gender Mostly male (80% M) Gender Balanced (48% M/ 51% F)
Sector Healthcare (35%) Sector Agriculture & industry (44%) Sector Government (37%)
Company size Varies Company size <100 employees (40%) Company size > 1000 employees (69%)
Travel reimbursement Partial (39%) Travel reimbursement Partial (37%) Travel reimbursement Full (46%)
. . J J

Figure 0.1 Overview of the three commuting profiles

The LTA revealed that weekly commuting patterns are highly resistant to change, with the vast majority of
individuals remaining in the same profile across consecutive waves. None of the nine contextual policy
factors reached statistical significance, which may be partly due to the small analytical sample size (N =
612). Nevertheless, directional patterns in the transition matrices were informative. The strongest
associations with transitions from the SC to the MC profile were found with perceived improvements in
WEFH possibilities and public transport frequency (around 71% and nearly 100%, respectively), though both
simultaneously pushed IFW commuters towards the SC profile, limiting their overall peak-spreading
potential. The possibility to meet online was the only factor with a meaningful directional effect for IFW
commuters (around 6% towards MC), though its overall effect was mixed due to simultaneous increases in
commuting intensity among other profile groups. Financial incentives and scheduling flexibility had
negligible redistributive effects, while infrastructure improvements were primarily associated with
increasing peak-day concentration among IFW commuters.

These findings have direct implications for Dutch mobility policy. The high stability of commuting profiles
suggests that improvements to working conditions or infrastructure are unlikely to substantially
redistribute peak demand. Effective peak spreading may require targeted, day-specific interventions that
reduce the incentive to be present on Tuesdays and Thursdays. The SC profile contributes most directly to
peak demand and may have the greatest capacity to redistribute office attendance. Employer-level
measures that make WFH genuinely possible on peak days, combined with team-level scheduling
agreements and day-specific public transport improvements, may offer the most promising ways of
redistributing commuting demand. Given the exploratory nature of the LTA findings, the recommendations
in this study should be understood as evidence-informed directions rather than definitive prescriptions.

Several limitations apply. The small analytical sample (N = 612) may have reduced the statistical power in
the LTA, the contextual policy factors reflect perceptions rather than objective measures, and the sample
may not fully represent workers for whom WFH is a realistic option.
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1. INTRODUCTION
1.1 BACKGROUND: COMMUTING BEHAVIOUR AND WORKING FROM HOME

Travel behaviour in the Netherlands has undergone a structural change in recent years, particularly with
regard to commuting patterns. The traditional five-day working week, which was once characterised by
fixed office days and predictable peak times, is no longer the norm (M. de Haas et al., 2020). Commuting
demand is becoming increasingly concentrated on specific days of the week, putting disproportionate
pressure on road and public transport networks. Tuesdays and Thursdays have become dominant office
days, with substantially lower volumes on Mondays, Wednesdays and Fridays (M. de Haas, 2023).

A key driver of this transformation is the growing prevalence of working from home (WFH). Although remote
working arrangements were gradually becoming more common prior to 2020 due to digitalisation and
changes in labour market structures, the COVID-19 pandemic accelerated this development (Beck &
Hensher, 2020; M. de Haas et al., 2020). Importantly, elevated levels of WFH have persisted since the
pandemic ended, suggesting that it has become a structural feature of work organisation and mobility,
rather than being a temporary response to exceptional circumstances (Jain et al., 2022).

According to recent statistics, over 5 million people in the Netherlands worked from home occasionally or
regularly in 2023, accounting for around 52% of the working population (CBS, 2024). This proportion is
higherthan in any other EU country. Prior to the pandemic, the proportion of employees working from home
was substantially lower at around 30% (Kennisinstituut voor Mobiliteitsbeleid, 2025). Additionally, in 2023,
employees working from home spent an average of around 15 hours per week working remotely, equivalent
to almost two full working days (CBS, 2024). These figures suggest that hybrid working has become the
norm, with most employees now combining office attendance with WFH within the same week, rather than
working remotely full-time.

Commuting accounts for a significant proportion of daily travel demand and is heavily concentrated during
peak hours, resulting in reduced accessibility and unreliable travel times (Arnott et al., 1993). Managing this
peak concentration on Tuesdays and Thursdays remains a central challenge in the Dutch transport system
(Kennisinstituut voor Mobiliteitsbeleid, 2025; Small & Verhoef, 2007). In response, Dutch mobility policy is
promoting flexible working arrangements as a key strategy for reducing peak congestion. The national
programme Aanpak Spreiden en Mijden 2025-2027 encourages employers and employees to adopt more
flexible working and commuting behaviours, with the explicit aim of steering commuters away from these
peak days and distributing office attendance more evenly across the week (Ministerie van Infrastructuur en
Waterstaat, 2025). Previous programmes, such as Beter Benutten, and various regional mobility
management initiatives have similarly promoted flexible working and travel demand management to
alleviate congestion (Rijkswaterstaat, 2015).

Working from home is not only a driver of peak concentration, but is also increasingly recognised as a
promising instrument for spreading commuting demand across the week. When fewer commuters travel
simultaneously during peak periods, the pressure on transport infrastructure can be alleviated without the
need for major capacity expansions (Hensher et al., 2021; Small & Verhoef, 2007). However, WFH does not
necessarily lead to less overall mobility; rather, it leads to a redistribution of travel over time (Buitelaar et
al., 2021). The way in which commuting demand is redistributed depends on which days employees go to
the office, and therefore on how WFH is structured across the week rather than just how frequently it
occurs.

Existing research on WFH has predominantly focused on the frequency of remote working, typically
measuring how many days per week are spent working from home (Barrero et al., 2021; Beck & Hensher,
2020; M. de Haas et al., 2020). While this provides insight into overall intensity, it offers limited
understanding of how WFH days are arranged across specific weekdays. Consequently, it remains unclear
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whether the observed concentration of office attendance on Tuesdays and Thursdays reflects a single
behavioural pattern or several distinct groups combining office and WFH days in different ways. Aggregate
statistics may therefore mask meaningful variation in weekly routines, making it difficult to assess which
segments of the working population contribute most to peak congestion on specific days.

Beyond identifying these distinct patterns, itis equally important to understand how people end up in them.
The concentration of office attendance on Tuesdays and Thursdays is not random - it may reflect employer
scheduling norms, social coordination among colleagues, or habitual behaviour that has solidified over
time. Understanding how individuals adopt these patterns and why they persist is key to explaining how
these undesirable concentrations arise, and whether policy can realistically steer people away from them.
Therefore, a more detailed understanding of recurring weekly commuting patterns is needed to inform
targeted interventions rather than one-size-fits-all approaches. This study addresses this gap by
conceptualising WFH not as a frequency, but as a weekly structure — capturing which specific days
individuals commute, rather than just how often.

1.2 THEORETICAL BACKGROUND, PREVIOUS RESEARCH AND KNOWLEDGE GAPS

The previous section established the societal relevance of this research by showing how working from
home is reshaping commuting demand in the Netherlands and its implications for congestion
management. This section addresses its academic relevance by outlining the theoretical background,
synthesising existing empirical research on WFH and commuting behaviour, and identifying the scientific
knowledge gaps this study addresses.

1.2.1 THEORETICAL BACKGROUND
Working from home (WFH), also known as telecommuting or teleworking, is a work arrangement whereby
employees perform their job tasks from home instead of travelling to a traditional workplace (Allen et al.,
2015). Over the past decades, the development of information and communication technologies (ICT) has
enabled WFH, as digital tools allow employees to communicate, collaborate, and access organisational
systems from outside the office (Cheng et al., 2024).

Various teleworking arrangements exist, ranging from fully remote work to hybrid models, where
employees divide their time between home and the office. Prior to the pandemic, WFH had only a limited
influence on travel behaviour, as many organisations maintained strict remote work regulations and
commuting patterns remained stable (Kasraian et al., 2018). The pandemic introduced many employees to
working from home for the first time, and a significant proportion continued to do so afterwards, indicating
that the shift was not merely situational, but reflected a genuine change in work preferences and
organisational norms (Jain et al., 2022).

In this study, WFH is not conceptualised as a frequency-based measure indicating how many days per
week an individual works from home, but rather as a weekly structure. This is defined as the specific
combination of office and WFH days across the five working days of the week (Monday to Friday). This
definition not only captures the number of days an individual works from home, but also the specific
weekdays on which they commute or work from home — meaning two individuals with the same WFH
frequency may have fundamentally different commuting patterns.

The relationship between working from home and commuting behaviour is multifaceted and is shaped by
a variety of interconnected factors, including socio-demographic factors, contextual factors (such as job-
related and mobility-related characteristics), and experiential factors (Ory & Mokhtarian, 2006). These
determinants, in turn, shape various mobility effects, including changes in departure times, transport
mode choices, commuting distance, and the number of trips made. Chapter 2 will address a deeper
examination of the specific determinants and their effects, including how they interact and shape individual
WFH behaviour.
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The complexity and interplay of these factors reflect what travel behaviour research commonly refers to as
behavioural heterogeneity. Heterogeneity refers to systematic differences in behavioural patterns across
individuals or groups within a population (Train, 2002). Heterogeneity may be observed, explained by
measurable characteristics, or unobserved, reflecting latent differences in preferences, constraints or
decision-making processes (Greene & Hensher, 2003). In the context of WFH, this implies that individuals
may organise their weekly work location choices in fundamentally different ways.

Beyond heterogeneity at a given point in time, WFH behaviour may also evolve. Mobility behaviour is not
static and can change in response to life events, policy interventions, or changes in contextual conditions
(Garling & Axhausen, 2003; Schoenduwe et al., 2015). While behaviour may remain stable due to
established habits or organisational routines, changes in external conditions may trigger behavioural
adjustments (Schoenduwe et al., 2015). Capturing such dynamics requires a longitudinal approach, in
which the same individuals are followed over multiple points in time, making it possible to observe whether
and how commuting patterns change. In the context of this study, this raises the question of whether
individuals transition between weekly commuting patterns over time and what motivates them to adopt or
maintain patterns that concentrate office attendance on peak days.

1.2.2 PREVIOUS RESEARCH
This section examines how WFH behaviour has been studied empirically, with particular attention to its
relationship with commuting behaviour, heterogeneity and dynamics. Chapter 2 will provide a more in-
depth exploration of the literature on these topics.

To synthesise studies examining behavioural developments over time, this literature review focuses on
research employing longitudinal or panel data designs. Based on a structured review of the literature,
eleven academic studies were selected for inclusion. Appendix A provides an overview of the search
strategy and the included longitudinal studies, while Table A.1 and Table A.2 summarise their key
characteristics and analytical focus.

As shown in Table A.2, all of the reviewed studies operationalise WFH as either a binary indicator or a
frequency-based measure. In other words, WFH is usually measured by whether an individual works from
home, or by the number of days or hours worked from home per week. Therefore, none of the reviewed
studies captures how WFH is distributed across specific weekdays within the working week.

Within this body of research, the majority of studies examine the associations between changes in WFH
intensity and mobility outcomes. For instance, R. Faber et al. (2023) analyse the relationship between
changes in WFH and commute travel time, and Bohnen & Kuhnimhof (2024) examine the link between
sustained levels of WFH and changes in commuting distance over time. Similarly, Ruger et al. (2024)
evaluate the reductions in weekly commuting time associated with an increase in WFH. Together, these
studies consistently demonstrate that WFH is associated with measurable changes in commuting
behaviour, although the size of the effect differs across contexts and population groups.

Heterogeneity across individuals is also acknowledged. For example, Victoriano-Habit & El-Geneidy (2024)
demonstrate that the relationship between WFH and active travel is highly dependent on local residential
accessibility. Meanwhile, Pedreira Junior & Pitombo (2024) identified three different substitution patterns
of work trips by WFH, showing that these patterns differ in terms of the persistence with which WFH is
adopted post-pandemic. Furthermore, Kroesen et al. (2023) reveal that different groups of travellers follow
structurally different post-pandemic recovery trajectories in train usage, with WFH playing a key role in
explaining how people adapted their travel habits. Together, these findings suggest that the effects of WFH
are not uniform across the population.
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Several studies explicitly address behavioural change over time. For example, Xie & Liao (2025) analyse the
bidirectional effects of WFH, commute distance, mode preference, and car use. Similarly, Kroesen et al.
(2022) investigate the dynamic interactions between WFH, train use, and attitudes, capturing the
reciprocal relationships between attitudes and behaviour over time. Meanwhile, Magrico et al. (2024)
compared pre-pandemic rail commuting with 2023 survey data, finding that employer policies on office
attendance significantly moderated whether patterns returned to pre-pandemic levels. Together, these
studies emphasise that commuting behaviour is not fixed and that policy interventions, such as employer
scheduling norms, can actively drive transitions.

Overall, existing research shows that WFH is systematically related to commuting behaviour, that
workers do not respond uniformly and that their travel patterns may evolve over time. At the same
time, however, WFH is consistently operationalised as a binary or frequency-based variable,
focusing on how often individuals work from home rather than on how WFH behaviour is structured
across specific weekdays.

1.2.3 SCIENTIFIC KNOWLEDGE GAPS
Despite the empirical advances outlined in Section 1.2.2, three interrelated gaps remain in the existing
literature.

1. Operationalisation: WFH as a weekly structure
Firstly, there is a conceptual gap in the way that WFH is operationalised. WFH is consistently
measured as either a binary indicator or a frequency-based variable. However, it does not capture
how work is distributed across specific weekdays. Whether someone works from home on
Mondays and Fridays, or on Tuesdays and Thursdays, is behaviourally and policy-relevant, yet this
distinction is absent from existing measurement frameworks.

2. Heterogeneity: Individual differentiation in weekly commuting patterns
Secondly, the lack of a weekly structure perspective means that behavioural heterogeneity in
commuting patterns has not been systematically investigated. While studies acknowledge that
individuals respond differently to WFH, these differences are analysed in terms of effect size rather
than qualitative, distinct weekly patterns. Therefore, it remains unclear whether individuals can be
grouped into meaningful profiles of weekly commuting behaviour, and what factors shape
membership of each group.

3. Dynamics: Stability and transitions of commuting patterns
Thirdly, although some studies analyse behavioural change over time, their focus is primarily on
changes in WFH intensity or mobility outcomes. It remains unclear whether individuals maintain
stable weekly routines or transition between different commuting patterns over time. Moreover, it
remains unclear which factors drive these transitions, particularly contextual policy factors, as
these are most amenable to policy intervention.
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1.3 RESEARCH OBJECTIVE AND RESEARCH QUESTIONS

This section outlines the research objectives and the corresponding research questions, which have been
formulated based on the societal and scientific relevance as identified in previous sections.

1.3.1 RESEARCH OBIJECTIVE

Building on the identified knowledge gaps in Section 1.2.3, the following research objective is formulated:

To gain insight into the weekly structure of individuals’ commuting behaviour by identifying
distinct commuting profiles and examining whether and how individuals transition between these
profiles over time. Additionally, this study analyses the contextual policy factors associated with
these transitions, particularly those amenable to policy intervention, in order to understand their
implications for commuting demand and peak congestion management in the Netherlands.

1.3.2 RESEARCH QUESTIONS

Based on the research objective, as defined in Section 1.3.1, the following main research question is
formulated:

How does the weekly structure of commuting behaviour evolve over time at the individual
level, and which contextual policy factors are associated with transitions between distinct
commuting profiles?

To answer the main research question in a structured manner, three sequential sub-questions are
formulated.

1. SQ1: What are the observed trends in commuting and working from home behaviour, and the
factors associated with these behavioural decisions, across the three measurement waves (2023,
2024 and 2025)?

2. SQ2: Which distinct commuting profiles can be identified based on individuals’ commuting
behaviour per day of the week?

3. SQ3: How do individuals transition between commuting profiles over time, and which contextual

policy factors are associated with these transitions?

Together, these sub-questions address the main research question. The first sub-question examines
observed trends across the three measurement waves: 2023, 2024 and 2025. The analysis focuses on
changes in commuting and WFH behaviour, as well as trends in the factors associated with decisions for
this behaviour. This provides a descriptive foundation for the study and establishes whether these patterns
have remained stable or shifted within the working population.

The second sub-question focuses on identifying distinct commuting profiles based on individuals’
commuting behaviour throughout the week. By grouping individuals with similar configurations of
commuting patterns across the week, this step captures the heterogeneity in weekly WFH behaviour within
the working population.

The third sub-question builds on these profiles by examining how individuals transition between the
commuting profiles over time. This analysis provides insight into the temporal dynamics of weekly
commuting behaviour by investigating which contextual policy factors are associated with transitions
between the profiles. This information can be used to inform evidence-based commuting policy.
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1.4 RESEARCH APPROACH AND RESEARCH SCOPE

Building on the research definition presented in previous sections, this section outlines the study’s overall
approach and scope. First, it introduces the research approach in Section 1.4.1, including a research
overview. Then, the specific scope and boundaries of the research are outlined in Section 1.4.2.

1.4.1 RESEARCH APPROACH
Figure 1.1 provides an overview of the research process and explains the research approach, which is
structured in three phases: 1) Conceptualisation, 2) Operationalisation and 3) Integration.
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Figure 1.1 Research overview

Phase 1 (Conceptualisation) encompasses the research definition presented in this chapter and the
literature review in Chapter 2. The literature review examines the determinants of WFH behaviour, the
drivers of behavioural change, the mobility implications of WFH, and the heterogeneity and dynamics
observed across the working population. Based on a synthesis of longitudinal studies, analytical limitations
in existing approaches are identified, informing the conceptual framework introduced in Chapter 2.

Phase 2 (Operationalisation) includes the methodology and empirical analysis. This study adopts a
quantitative, longitudinal research approach based on secondary survey data from the Landelijk
Reizigersonderzoek (LRO) to analyse the weekly structure of commuting behaviour and its development
over time. Quantitative longitudinal approaches are particularly well suited to studying behavioural
heterogeneity and temporal dynamics at the individual level, as they enable the systematic analysis of
behavioural patterns and changes within individuals across multiple time points (Creswell, 2009; Vij et al.,
2013). In mobility research, latent variable modelling techniques are commonly used to identify
unobserved behavioural heterogeneity in large-scale survey data, enabling latent behavioural profiles to be
inferred from patterns in observable variables (McCutcheon, 2011; Rafig & McNally, 2021).
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The methodology chapter outlines the research methods and data used in this study. First, the analytical
methods are discussed, followed by a description of the data source, how the data was prepared, how the
key variables were operationalised, and how representative the datais.

The empirical analysis proceeds in three steps. First, descriptive statistics are used to analyse trends in
commuting and working from home behaviour across the three measurement periods: 2023, 2024 and
2025. Examining these trends provides insight into the current state of commuting and WFH behaviour
within the working population, as well as how factors associated with these behavioural decisions have
developed over time. This establishes the broader behavioural context in which the commuting profiles
identified in the subsequent analyses are situated.

Secondly, latent class analysis (LCA) is employed to identify different weekly commuting profiles based on
individuals’ commuting behaviour throughout the week. LCA groups individuals with similar commuting
patterns into latent profiles, thereby capturing heterogeneity in weekly commuting behaviour within the
working population (Collins & Lanza, 2010). This step corresponds to the second research sub-question,
which focuses on identifying distinct commuting profiles.

Thirdly, latent transition analysis (LTA) is employed to analyse how individuals transition between these
commuting profiles over time. LTA extends LCA by modelling changes in latent class membership across
multiple observation moments and estimating transition probabilities between the profiles (Collins &
Lanza, 2010). This enables the temporal dynamics of weekly commuting behaviour to be analysed, and
contextual policy factors associated with these transitions to be examined (M. C. de Haas et al., 2018;
Haustein & Kroesen, 2022). This step corresponds to the third research sub-question, which focuses on
transitions between commuting profiles over time. Both LCA and LTA are conducted using the LatentGOLD
software.

Phase 3 (Integration) synthesises the findings in the conclusion and discussion chapter, where the results
are interpreted and related to broader research context. The main research question is addressed,
scientific contributions are outlined, policy recommendations are formulated, and limitations and
directions for future research are discussed.

1.4.2 RESEARCH SCOPE
This study focuses on the Netherlands, given the high prevalence of WFH arrangements and their potential
impact on commuting demand and mobility patterns (CBS, 2024). It analyses the structure and evolution
of weekly commuting behaviour among the Dutch working population aged 18 years and older. The
empirical analysis draws on data from the Landelijk Reizigersonderzoek, a national panel survey conducted
annually since 2019. The study focuses on respondents who participated in three consecutive waves (2023,
2024, and 2025), enabling a longitudinal analysis of the same individuals over time.

The study is further limited to individuals who are employed and commute to a fixed or external work
location outside the home on at least some days of the week, as fully remote workers do not make
commuting trips and therefore cannot be assigned a weekly commuting profile. The analysis focuses
exclusively on whether a commuting trip is made on each day of the working week, from Monday to Friday.
The mode of transport used on commuting days is outside the scope of this study, as the focus is on the
day-specific structure of commuting behaviour rather than modal choices. Furthermore, while various
factors may shape commuting behaviour, this study focuses specifically on contextual policy factors, as
these are most directly amenable to policy intervention.

Although the empirical analysis is specific to the Netherlands, the analytical approach and resulting
insights could be applicable to other countries experiencing comparable shifts in WFH and commuting
behaviour.
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1.5 CoSEM RELEVANCE

This research is conducted as part of the MSc programme in Complex Systems Engineering and
Management (CoSEM) at Delft University of Technology. The study examines commuting and working from
home behaviour as a complex socio-technical system shaped by the interactions of individuals,
organisations and policy frameworks.

Adopting a longitudinal approach reflects the CoSEM emphasis on analysing dynamic and heterogeneous
behaviour in interconnected systems. The focus on behavioural change and policy-relevant outcomes is
consistent with the programme’s goal of supporting informed decision-making in complex, real-world
situation contexts by integrating technical analysis with institutional and societal considerations.

1.6 READING GUIDE

Figure 1.2 presents the overall structure of this thesis. Chapter 1 establishes the research definition,
including the background, theoretical background, research objectives and questions, research approach
and scope, and the CoSEM relevance. Chapter 2 provides a literature review examining the determinants
and mobility implications of WFH, previous research on WFH and commuting behaviour, the limitations of
existing approaches, and the conceptual framework. Chapter 3 outlines the methodology, covering the
research methods - including latent class analysis and latent transition analysis — as well as the research
data, including the data source, preparation, operationalisation, and representativeness. Chapter 4
presents the empirical results in three stages. First, observed trends in commuting and WFH behaviour are
examined across the three measurement waves. Second, the results of the latent class analysis are
presented, including the identification of distinct commuting profiles. Third, the results of the latent
transition analysis are discussed, examining transitions between profiles over time and the contextual
policy factors associated with these transitions. The chapter concludes with a discussion of the results,
reflecting on the key findings in relation to existing literature. Finally, Chapter 5 presents the conclusion
and discussion, addressing the main research question, outlining the scientific contributions of this study,
providing policy recommendations, reflecting on the limitations of the study and directions for future
research, and closing with a personal reflection and final remarks.
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Chapter 1 Chapter 2
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Figure 1.2 Reading guide
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Chapter Summary

What do we know? Travel behaviour in the Netherlands has undergone a structural shift, driven by the
increasing popularity of working from home. Currently, over half of the Dutch working population works
from home regularly, with office attendance increasingly concentrated on Tuesdays and Thursdays.
This concentration puts disproportionate pressure on road and public transport networks on these
days, making peak congestion a key policy challenge. Dutch mobility policy actively promotes flexible
working arrangements to spread commuting demand more evenly across the week.

What do we not yet know? Existing research confirms that WFH is systematically associated with
changes in commuting behaviour, that individuals do not respond uniformly and that behavioural
patterns may evolve over time. However, WFH is consistently measured as a frequency-based variable
—indicating how often individuals work from home - rather than as a weekly structure capturing which
specific days they work from home. Consequently, it remains unclear whether the observed
concentration of office attendance reflects a single behavioural pattern or several distinct groups, how
individuals end up in patterns that concentrate commuting on peak days, how stable these patterns
are, and what factors drive transitions between them.

Why does this research fill that gap? This study addresses these gaps by reconceptualising WFH not
as a frequency, but as a weekly structure — capturing which specific days individuals commute, rather
than just how often. This distinction matters: two individuals working from home the same number of
days may have fundamentally different commuting patterns depending on which days they choose —a
difference that frequency-based approaches cannot detect. By applying latent class and latent
transition analysis to longitudinal survey data from the Dutch working population, the study identifies
distinct commuting profiles and examines how and if individuals transition between them, providing
insight into the behavioural heterogeneity and dynamics underlying peak-day concentration. This
allows for the design of more targeted policy interventions to effectively manage peak congestion in
the Netherlands.
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2. LITERATURE REVIEW

Working from home has fundamentally reshaped commuting behaviour, yet existing research leaves
important questions about its structure and dynamics unanswered. This chapter reviews the empirical and
conceptual literature on WFH in the context of travel behaviour research. It examines the determinants that
influence individual WFH behaviour, the drivers of behavioural change, the mobility implications of WFH,
and the heterogeneity and dynamics observed across the working population. Based on a synthesis of
longitudinal studies, analytical limitations in existing approaches are identified. These limitations inform
the conceptual framework introduced in Section 2.4, which conceptualises WFH as a structured weekly
pattern integrating behavioural profiles and transitions.

2.1 WORKING FROM HOME: DETERMINANTS AND MOBILITY IMPLICATIONS

WEFH is not randomly distributed across the working population. Its likelihood and frequency are shaped by
a range of structural determinants that vary between individuals and contexts. Section 2.1.1 examines
these determinants of WFH, Section 2.1.2 discusses drivers of behavioural change, and Section 2.1.3
examines the mobility implications of WFH. Together, these sections provide the individual-level
foundation for understanding the heterogeneity and dynamics of commuting behaviour, as discussed in
subsequent sections.

2.1.1 DETERMINANTS OF WORKING FROM HOME BEHAVIOUR
Previous studies have shown that the likelihood and frequency of WFH are influenced by a combination of
socio-demographic, job-related, residential and experiential factors (Ory & Mokhtarian, 2006). These
factors do not operate in isolation: together, they determine whether WFH is both possible and desirable
for an individual.

Socio-demographic characteristics are among the most consistent predictors of WFH adoption.
Employees with higher levels of education tend to work in knowledge-intensive occupations that offer
greater opportunities for WFH, and higher incomes are often associated with greater job autonomy and
access to flexible working arrangements (Mokhtarian & Salomon, 1997). Gender may also play a role, as
women are more likely to encounter cultural barriers to WFH, particularly in workplaces with a strong ideal
worker culture (Lott & Abendroth, 2020). Age is another factor, with younger professionals generally being
more likely to work from home. Furthermore, household composition and size matter: individuals with
caregiving responsibilities may be more inclined to work from home in order to balance work and private
life. However, the presence of young children can introduce distractions that make WFH more challenging
(Dunatchik et al., 2021).

Job-related characteristics are another important factor that enables WFH. Companies that require
physical presence are, by definition, incompatible with WFH. In contrast, knowledge-intensive sectors,
such as IT and business services, demonstrate higher levels of WFH due to greater job autonomy and
digitalisation (Elldér, 2019). At an organisational level, larger firms tend to have the digital infrastructure
and formal policies in place to support flexible working. In contrast, smaller firms may rely more on direct
oversight, which limits the uptake of WFH (Criscuolo et al., 2021). Financial arrangements can reinforce
this: commuting reimbursement policies may reduce the financial incentive to avoid commuting, making
WFH less attractive for some employees (Reiffer et al., 2023).

Residential characteristics introduce a spatial dimension. Commute distance affects the appeal of WFH,
as greater distances make avoiding the daily commute more attractive (Moeckel, 2017). Furthermore, the
urbanisation level of an individual’s place of residence may affect WFH adoption, as individuals living in
more urbanised areas typically have better access to workplaces and public transport, potentially reducing
the incentive to work from home.
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Finally, ongoing behaviour is shaped by experiential factors, which refer to individuals’ subjective
assessments of prior WFH experiences. Positive experiences, such as increased productivity or a better
work-life balance, encourage the willingness to continue WFH, whereas negative experiences, such as
social isolation or difficulty separating work and private life, may discourage it (Mokhtarian & Salomon,
1997).

As shown in Figure 2.1, individual WFH behaviour arises from the interaction between socio-demographic,
contextual (job-related and residential) and experiential factors. It is, in turn, associated with various
mobility effects, including changes in departure times, transport mode choice, commuting distance, and
number of trips (Ory & Mokhtarian, 2006). Although WFH has also been linked to broader effects on mental
well-being and work-life balance (Allen et al., 2015; Gajendran & Harrison, 2007), this study exclusively
examines its implications for travel behaviour.

Taken together, these determinants mean that WFH adoption is unevenly distributed across the
population. From a policy perspective, this is important because if certain groups are more or less
likely to work from home, commuting demand will not spread evenly, even as overall WFH rates
increase. Therefore, understanding who works from home and why is a necessary starting point for
analysing how commuting patterns are distributed across the week.
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