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Abstract: There have been significant changes in daily activities and corresponding durations since
the outbreak of COVID-19. This study examines how the built environment factors and individ-
ual/household characteristics affect activity durations (e.g., shopping, social-related, hiking, and
working) under the COVID-19 pandemic and analyzes the heterogeneity between different urbanized
areas using the data of a Dutch national travel survey in 2020. A hazard-based duration model
(e.g., the Cox proportional hazard model) was used to predict activity durations. Estimation results
showed that the activity durations for different social groups varied under different geographical
and policy conditions. In particular, women and seniors are more susceptible to the unprecedented
pandemic, manifested in significantly shorter durations for work and hiking activities. In addition,
couples with one or more children need to shorten their working hours and give more attention
to their children due to the closure of nurseries and schools. Furthermore, the influences of built
environment factors also present significant differences. A higher number of service facilities does
not significantly foster the extension of hiking activity duration; however, this is the opposite among
regions with more open green areas. Compared with previous studies on analyzing the influencing
factors of activity durations, this study incorporated some unique variables (e.g., COVID-19 counter-
measures and urban class) to consider the temporal and spatial heterogeneity under the particular
pandemic period.

Keywords: built environment; COVID-19 countermeasures; activity duration; spatial heterogeneity;
hazard-based duration model

1. Introduction

Since the first known outbreak of COVID-19 in Wuhan, China, in December 2019,
this novel coronavirus has spread rapidly around the world. Precisely because of the
unexpected epidemic, many countries have suffered varying losses. By early October
2021, more than 233.2 million cases were confirmed in 215 countries, with more than
4.7 million deaths [1]. In order to limit the further spread of COVID-19 and reduce the
number of deaths, most countries have imposed certain restrictions on their residents. Like
other European countries, the Netherlands has also introduced some epidemic prevention
and control measures in the last two years. These measures are expected to present an
effective method to prevent and slow down the pandemic in the Netherlands. However,
the practical effects depend on how society follows these rules. Subject to these kinds of
stricter control measures, Shelat et al. [2] found that residents could be roughly divided into
two groups: “COVID Conscious” and “Infection Indifferent”. In addition, the residents’
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various activities could also provide valuable references for the government to adapt and
update COVID-19 prevention measures further.

The COVID-19 pandemic and its countermeasures have disrupted daily life in many
aspects. One of those apparent influences is on travel behavior and transportation mode
choices. For instance, based on a worldwide web-based survey finding, Abdullah et al. [3]
argued that during the COVID-19 pandemic, the primary trip purpose became supermarket
shopping. In addition, private vehicles and active transport have become the first choice.
Existing studies have largely focused on the analysis of the impact of pandemic prepared-
ness policies on transportation and travel during the pandemic [3–6]. Moreover, there have
been numerous studies examining the changes in activity duration during the COVID-19
pandemic [7–10]. However, the specific factors influencing activity duration in the context
of the pandemic and whether the effects of built environment and socio-demographic
factors on activity duration have been altered remain relatively unexplored. Therefore, in
response to this gap, the paper aims to investigate the duration of various activities based
upon proposed governmental control measures for COVID-19 and the built environment,
primarily focusing on the Dutch context.

Due to the unique situation of the COVID-19 pandemic, the current paper investigates
the activity duration by considering two aspects of drivers: the observed heterogeneity in
socio-demographic characteristics and the built environment under COVID-19 countermea-
sures. The former has universal and observable variability, such as individual/household
characteristics (e.g., age, income). The latter has its own unique features because the built
environment factors (e.g., some public service facilities) under the pandemic can only be
used with restrictions [11,12].

Firstly, many governments have adopted social distancing and family isolation mea-
sures to minimize the damage to health caused by COVID-19 [13]. Although measures
are considered to reduce the transmission rate of this coronavirus, they can also endanger
people’s mental health, such as increasing the incidence of anxiety and depressive symp-
toms [14]. Therefore, influenced by this anxiety, people could be more inclined to participate
in activities of a relaxing nature in their lives, such as travel and exercise [15]. However,
not everyone is worried about COVID-19. Residents have differences in awareness of
COVID-19 infection due to different socio-demographic characteristics, such as gender,
education, and age [2]. Therefore, the latest research appears to show that individuals with
different characteristics tend to have different activity features. Against this background,
our research focuses on whether heterogeneous socio-demographic characteristics affect
the activity duration under the COVID-19 pandemic. This exploration facilitates the identi-
fication of unique characteristics linked to different population groups, thereby equipping
policymakers with new perspectives to develop customized and effective policies targeted
at specific segments of the population.

Secondly, researchers have confirmed that exercise activities, such as sports and cycling,
strongly correlate with the surrounding built environment for residents of all ages [16]. In
addition, some studies have also confirmed that the built environment is inseparable from
the duration of shopping activities [17]. As discussed in Koohsari et al. [18], the walkability
of surrounding buildings will worsen with the improvement of the built environment,
and the increase in population density will, in contrast, promote the sedentary behavior
of residents. These factors have a potential impact on the duration of various types of
activities. Furthermore, store opening hours have also changed due to the implementation
of COVID-19 policies [19]. Consequently, the built environment and government policies
have a profound joint influence on activity duration. Therefore, it is also necessary to
analyze the relationship between the built environment, COVID-19 countermeasures, and
the duration of various activities in life.

This paper investigates the impact of COVID-19 countermeasures taken by the Dutch
government and the surrounding built environment of the community on activity duration
based on a hazard-based duration model. The main contribution of this study does not
lie in its methodology, as hazard-based duration models have already been successfully
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employed in studying event durations across multiple disciplines, such as biomedicine [20]
and traffic safety analysis [21]. In relation to the topic of our study, hazard-based duration
models have been deployed to understand household evacuation time behavior in the
United States [22], as well as to investigate travel patterns concerning the use of new
energy modes [23]. Additionally, related techniques have been applied to explore factors
influencing social activity durations [24], gender differences in commuting activities [25],
and walking durations during daily travel [26]. What sets our study apart is its pioneering
approach, as it is the first, to the best of our knowledge, to employ this tool in analyzing
the impact of various built environment factors and individual/household characteristics
on activity durations during the COVID-19 crisis.

While this study focuses specifically on the Netherlands, and we acknowledge the
substantial variations among countries in terms of their culture, urbanization, government-
implemented COVID-19 countermeasures, and daily travel patterns [5,6,27], we nonetheless
also note that many other countries have experienced similar changes in behaviors during
the pandemic, akin to those observed in the Netherlands [28]. Therefore, considering the
shared features of reduced travel demand and ongoing debates on COVID-19 countermea-
sures, we expect that that our findings will provide valuable insights extending beyond the
specific context of the Netherlands.

The rest of this paper is organized as follows. Section 2 reviews the existing relevant
literature on behavior changes under the COVID-19 pandemic and methodologies. Section 3
explains the data, study area, and research time. Section 4 develops the hazard-based
duration model to derive hazard function distributions for various activities. Estimation
results for the considered factors and significant findings are then elaborated in Section 5.
Finally, the paper gives conclusions and recommendations for future research.

2. Literature Review

In the past two years, extensive and continuous measures have been announced by
governments worldwide to stem the spread of COVID-19 [5,29]. Nevertheless, a problem
is that people’s lives have been strongly shaped, and these effects are unprecedented.
Significant influences of COVID-19 countermeasures and built environment factors on
daily activities have been found in prior studies, presenting the differences among different
communities and social groups [3,4,11,12,30,31]. Since the objective of this paper is to
examine the relationship between socio-demographic, built environment factors, and
activity durations under the COVID-19 pandemic and to explore the spatial heterogeneity
of influences across different urbanized areas, the review mainly focuses on the pandemic
and the resulting activity duration features. The related aspects could be summarized as
follows: (1) the impact of COVID-19 on people’s daily life; (2) activity duration and its
influencing factors; (3) methodology; and (4) research gaps.

2.1. Life Changes under the COVID-19 Pandemic

Amid the continual spread of COVID-19, Thunström et al. [29] and Cohen and Kupfer-
schmidt [32] have noted the necessity and feasibility of the requirement for a part of the
community to stay at home such that the social distance can be maintained and the strategy
of “flattening the transmission curve” can be ensured. Indeed, such large-scale travel
restrictions have had significant negative effects on individual travel and economic ac-
tivities of enterprises. In particular, the unprecedented pandemic has severely disrupted
travel patterns in almost all countries worldwide. Taking the United States as an example,
the decline in accommodation orders in every American state provides evidence for the
shrinking of traveling [30]. Studies have also shown that, due to the fear of COVID-19,
even a low risk of COVID-19 infection can significantly affect the turnover rates in an area.
In addition, the decline in the turnover rates was also influenced by the citizens’ desire
to follow governmental regulations [33]. Furthermore, due to the closure of recreational,
educational, and workplace facilities and the local or international travel restrictions, indi-
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viduals were forced to spend more time in their habitations. Consequently, they began to
find ways to replace or supplement their non-family activities with family activities [4].

Some studies also indicated that, from the long-term point of view, individual volun-
tary behaviors rather than government regulations might be more critical in controlling
COVID-19 transmission in Western countries [34]. Specifically, compared with citizens in
other European countries who were forced to stay at home, the Dutch government relied a
great deal on amoral appeals, encouraging citizens to stay at home and maintain a 1.5 m
social distance as much as possible. All public spaces, from parks to beaches, were kept
open in the early days of the outbreak of COVID-19 [35]. However, as the number of infec-
tions increased, the Netherlands also adopted “intelligent lockdown”. During that period,
cafés, restaurants, gyms, and schools were forced to close [36]. Obviously, young people
were free to join clubs and watch movies, women were free to participate in shopping
activities, and men were free to practice or watch football before the pandemic [37]. Under
the lockdown policies, people’s activity duration had to be adjusted passively (i.e., from
March to July 2020).

Meanwhile, an extensive body of research has been dedicated to investigating the
impacts of the COVID-19 pandemic and its associated policies on travel behavior, placing
specific emphasis on scrutinizing the spatial and social heterogeneity. Utilizing extensive
cellphone big data collected from regular metro users, Liu and Zhang [5] conducted a
comprehensive study to examine the socially and spatially heterogeneous impacts of
mobility intervention policies on daily metro transit use in Shenzhen, China. Concurrently,
Zhang and Li [6] adopted a similar methodology to investigate the causal effects of mobility
intervention policies on urban park visits during the COVID-19 pandemic. Furthermore,
employing spatial regression models, Li et al. [38] explored the utilization of urban parks
before and during the pandemic in Guangzhou, China, and identified spatially uneven
effects, underscoring the importance of considering sub-city-level differences (i.e., spatial
heterogeneity) in city planning. These aforementioned studies collectively demonstrate the
presence of social and spatial heterogeneity in influencing various factors.

2.2. Activity Duration

Previous studies generally divided activities into work-related and non-work-related
activities and indicated that the time allocation of work-related activities has better pre-
dictability and lower dependence on personal daily spatiotemporal constraints [39]. Com-
pared to work-related activities, the modeling of non-work-related activities is more com-
plicated, and these complexities could be attributed to the flexibility, variability, and
randomness of such behaviors [40]. In addition, the examination of relevant literature
showed that the non-work-related activities have great diversity, making diversity seeking
a critical factor in the choice of non-work-related activities (e.g., shopping activity, travel
activity, social activity). The duration of these activities has been extensively investigated
in the literature [24].

Bláfoss et al. [41] found that the durations of work-related activities and non-work-
related activities were negatively correlated and varied with the changes in age and physical
strength. Analogously, Sreela et al. [42] analyzed the duration of shopping activities based
on parametric and semi-parametric hazard-based models. In their research, the impacts
of household status, gender, age, travel cost, and activity start time were considered. In
terms of economic conditions, Sarangi and Manoj [43] developed a multivariate Probit
model to evaluate the decision making for activity participation and analyzed the duration
of various activities. Furthermore, with time and budget constraints, Dane et al. [44]
proposed an activity-based model to simultaneously predict the duration of several outdoor
leisure activities.

The effects of built environment factors on activity duration have also been examined
in previous studies [31]. Some researchers found that the built environment factors are
closely related to outdoor leisure activities [17,23,45,46]. In particular, various studies
have highlighted the effects of the built environment on the duration of outdoor activities
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and sedentary behavior of young and old adults [47,48]. Based on spatial hazard model-
ing, Anastasopoulos et al. [23] examined the impacts of distance of different facilities on
the duration of hiking activities. Clark et al. [45] also found that the changes in outing
activities are significantly affected by life events, spatial context, and individual percep-
tions (e.g., attitudes towards the built environment). Hahm et al. [17] examined the causal
relationship between the built environment, walking duration, and activity duration of
shopping activities using GPS data in Seoul retail districts. Based on the national travel sur-
vey data of the Netherlands, Wang et al. [46] examined the impacts of the built environment
and natural environment factors on the duration of recreational activities. In the context
of the pandemic, Park et al. [31] conducted a study examining the impacts of COVID-19
and built environments on daily community living activities. Their research specifically
concentrated on individuals with disabilities, who are particularly susceptible to the effects
of the pandemic.

2.3. Methodologies

In recent years, the growing focus on studying time allocation has sparked a quest
for flexible and tractable modes, exemplified by the emergence of the multiple discrete
continuous extreme value (MDCEV) model as a prominent approach [49]. Originating
from the foundational concept of maximizing individual utility, multiple discrete con-
tinuous (MDC) structures have evolved into a framework to model decisions related to
activity participation and time allocation while accounting for budget constraints. These
methodological advancements have yielded noteworthy contributions in understanding
the dynamics of activity participation [50]. More recently, the MDC model, which empha-
sizes the heterogeneity in socioeconomic characteristics and individual activity duration,
has been further developed into a choice model with latent variables [51]. Although some
MDC variant models (e.g., multiple discrete continuous extreme value models) improved
the variable handling method, in most cases, the MDC models still treat the duration of
activity as a discrete variable [52]. In addition, it is important to highlight that, owing to the
data prerequisites involving both discrete choice and continuous consumption decisions,
MDC models are commonly applied with stated preference data as opposed to revealed
preference data [53]. Conversely, the data used in this study fall under the category of
revealed preference data, thereby posing challenges in utilizing the MDC model to examine
the determinants influencing activity duration.

Due to the dynamic characteristics, non-work-related activities have inherent random-
ness, leading to uncertainty in estimating activity duration. The fuzzy set theory has been
proved to be an effective method to deal with the uncertainty in construction projects [54].
Salah and Moselhi [55] modeled emergency activities in projects based on the fuzzy set
theory and used the digital fuzzy number to express the total duration of each activity.
However, the fuzzy set theory cannot assign proper weights to the estimation. In addition,
the application of the average method may also cause incorrect membership functions,
a core element of fuzzy set theory [56]. Consequently, Gładysz [57] proposed a hybrid
probability distribution model that employed beta distribution and generation probability
distribution of fuzzy variables to model task durations. In their model, the deterministic
level was also incorporated into the most likely time estimation. However, this particular
model is better suited for modeling activities within construction projects rather than indi-
vidual travel activities. Therefore, it is crucial to find a method that can effectively model
and investigate the factors influencing the variations in daily activity durations.

In addition to the aforementioned methods, other commonly used approaches in the
literature to investigate the correlation between the built environment and physical activity
duration include multilevel Tobit regression models [58], structural equations [16], multiple
regression models [31], and spatial regression models [38]. However, there is an important
concept that needs to be highlighted, namely, the dependence of the probability of an
activity’s end on the duration of the activity. In other words, the likelihood of ending an
activity is influenced by the amount of time already spent on the activity. However, these
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models do not take this characteristic into account. Therefore, it is crucial to find a model
that can incorporate this concept in studying duration-based data.

The use of hazard-based duration models to study the time of occurrence for an event
has been a subject of research. Due to the flexibility of accounting for censored observations
of duration, this kind of model has been widely used in the analysis of duration data. In
particular, the proportional hazard model is the most commonly used method in duration
research [59]. For instance, using the proportional hazard model, Yee and Niemeier [60]
analyzed the duration data obtained from Puget Sound Transportation Panel surveys. Ad-
ditionally, based on a hazard-based econometric model, Anastasopoulos et al. [61] analyzed
the effect of influential factors on trip distance. Pang and Krathaus et al. [21] adopted
a hazard-based duration model considering multiple layers of heterogeneity to analyze
accident occurrences during snow events. It needs to be emphasized that heterogeneity is a
critical factor in duration modeling. The most commonly used method in the literature to
consider this factor is to incorporate an unobserved random term. Another alternative that
could include heterogeneity is to separately estimate parameters for different segments of
individuals using the underlying factors. Relative to other econometric models (e.g., stan-
dard regression), the Cox proportional hazards model could reasonably consider the effect
of heterogeneity. Therefore, in this paper, the Cox proportional hazards model is adopted
to examine the relationship between activity duration, socio-demographic characteristics,
built environment factors, and some representative COVID-19 countermeasures under the
COVID-19 pandemic.

2.4. Research Gap

The review of existing works presented above clearly shows missing knowledge
of activity duration under an emergency. Most studies only consider the relationship
between socio-demographic characteristics and activity duration, ignoring the impact of
environmental factors such as the built environment [26]. Considering the differences in the
built environment due to COVID-19 pandemic countermeasures, further understanding
the heterogeneous impacts of built environment factors and COVID-19 countermeasures
on activity duration is needed. Furthermore, studies on the relationship between activity
duration and built environment factors only focus on a single area and fail to explain the
differences in activity duration between different urbanized areas. The spatial heterogeneity
remains underexplored.

Therefore, to fill these research gaps, this study explores the duration patterns of
various activities by analyzing the Dutch national travel survey and physical neighborhood
data in 2020. Rather than defining complex land-use mix indexes, like in the literature, we
directly used lower-level land-use variables to measure the built environment in this study.
In addition, the impacts of COVID-19 countermeasures are also considered for the first
time. Moreover, we also examined the interaction effects between built environment factors
and COVID-19 countermeasures, e.g., the number of opened stores under the COVID-19
pandemic. Finally, the spatial heterogeneity in the duration of various activities for Dutch
society was also recognized using the hazard-based duration model. Results obtained in
this paper could serve as a reference for policymakers to understand the effectiveness of
COVID-19 countermeasures in different areas and take timely steps to better control the
spread of COVID-19.

3. Data and Study Area
3.1. Study Area, Time Span, and Dependent Variable

This paper considers all of the Netherlands as the study area. As different urban
contexts are found in different Dutch cities, the individual travel behaviors are bound to
show different traits. In the literature, the regional division of the Netherlands is usually
made based on municipalities, towns, or districts. Statistics Netherlands also takes these
classifications to publish statistics [36,46]. However, as an important identification code for
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location, the classification according to postcode areas has also become popular in recent
years. Therefore, this paper aggregates all data at the postcode level for the analysis.

The data employed in this study were retrieved from different data sources. In
particular, being the most critical dependent variables, the activity duration was collected
as part of the Dutch national travel survey conducted from January to December 2020 [62].
The survey includes data from 62,940 respondents, about 0.38% of the population aged six
years and older. Respondents were asked to keep a record of where they visited, for what
purpose, with what means of transport, and how long the activity lasted for one particular
day of the year. Additionally, information of individual/household characteristics, such as
age, gender, and driving license, was also collected. The location data were registered at
the 4-digit postcode level, which was used to link with the data at the neighborhood level.
The data contained a total of 4072 4-digit postcode areas (see Figure 1).
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A detailed classification of activities (e.g., nine kinds of activities) was used in the sur-
vey, and it is available from the corresponding author upon request. However, considering
the potential influence of COVID-19 policies on the possibility of various activities, these
activities were reclassified into four major activity classes: daily shopping, social-related,
hiking, and in-office work. Furthermore, to ensure that all activities examined originated
from the home location, activities departing from non-home addresses were excluded from
the analysis. The resulting sample size available for the present investigation included
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12,392 shopping activities, 6481 social-related activities, 8870 work-related activities, and
4142 hiking activities. Based on the collected data, the average duration of activities was
found to be 43.7 min for shopping activity, 129.7 min for social-related activity, 315.7 min
for work-related activity, and 167.9 min for hiking activity.

3.2. Explanatory Variables

The selection of the influential factors was largely based on the previous work on
activity analysis [26]. In Tables 1 and 2, we provide a descriptive summary of the variables.
Nine variables related to individual/household characteristics were included to capture
the effects of social demographics on activity duration. In addition, several groups of neigh-
borhood characteristics were also considered to explore the impacts of built environment
factors on activity duration. Furthermore, four types of COVID-19 countermeasures were
included to assess the effectiveness of various Dutch governmental measures on reducing
regular activity duration.

3.2.1. Social Demographical and Neighborhood Characteristics

Among individual/household characteristics, the effects of gender, age, driver’s li-
cense, education level, migration background, income status, household status, the number
of vehicles in the household, and the number of young members in a family were exam-
ined. Some variables have continuous values while others are categorical. For categorical
variables, the first category was considered as a reference.

The neighborhood data were extracted from the Dutch Central Bureau of Statis-
tics [63–66]. Five aspects were considered, including density, facilities, green space, land-
use mix indexes, and an urban class variable. The density variables include population
density and neighborhood address density. Facilities contain a range of facility–distance
variables and the number of facilities available within a 5 km radius. Note that the facility–
distance variables represent the average distance from the neighborhood center to its
nearest facility. In this study, various types of facilities are considered, namely health
and well-being facilities (e.g., hospitals), retail facilities (e.g., department stores), catering
facilities (e.g., restaurants), education facilities (e.g., primary schools), traffic and transport
facilities (e.g., train stations), and leisure and cultural facilities (e.g., museums and music
venues). For a detailed explanation of these facility variables, please refer to Tables 1 and 2.
In addition, as discussed earlier, people under the pandemic may become more willing
to use open and clear space to avoid crowds and reduce the infection risks. Thus, a wide
variety of green space variables, including open green spaces (e.g., green park space, forest,
and open nature space) and daily recreational spaces (e.g., sport space and recreation area),
were included.

Moreover, we tested a wide range of land-use mix indexes [67], including the Balance
Index, the Entropy Index, and the Herfindahl–Hirschman Index. However, none of these
indicators showed significant improvements in the model goodness of fit and interpretabil-
ity. Thus, we used the percentages of specific land-use types within an area (e.g., land
use for traffic, land use for residential buildings, land use for agriculture, and land use for
recreation). Finally, an urban class variable was used to represent the level of urbanization
within an area. A detailed description of these built environment factors is provided in
Tables 1 and 2.

It is also important to point out that the neighborhood data do not entirely match
the travel survey data presented in Section 3.1 because the travel data were identified
based on the 4-digit postcode, while the neighborhood data were derived from the Esri-
open postcode plane with 8 digits. Indeed, the 4-digit postcode area represents a higher
level of spatial aggregation than the 8-digit neighborhood postcode. For further analysis,
the neighborhood data were aggregated to the 4-digit postcode level. Based on the final
candidate variable dataset, some statistical indicators for the candidate variables are also
presented in Table 2.
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Table 1. The list of variables.

Variables Explanation of Variables

Dependent variable
Shopping activity duration The duration of shopping activities for a specific activity and person
Social-related activity duration The duration of social-related activities for a specific activity and person
Hiking activity duration The duration of hiking activities for a specific activity and person
Work-related activity duration The duration of work-related activities for a specific activity and person
Independent variable
Socio-demographic characteristics
Gender The gender of the person
Age The age class of the person
Driver’s license Whether the person has a valid driver’s license
Education The education level of the person
Migration background The migration background of the person
Household income level Deviation from the Dutch low-income threshold

Household status

The household composition/type of the person (including single household,
couple, couple +child(ren), couple +child(ren)+other(s), couple +other(s),
single-parent household +child(ren), single-parent household +child(ren)+other(s),
and another household

Car number The number of cars in the household
Young members in a family Number of household members younger than 6 years
Built environment: density variables
Population density Population per square kilometer
Neighborhood address density The average number of addresses per square kilometer
Built environment: facility variables

Facility distance The average distance from the center of the neighborhood to the near-daily or
non-daily facilities, such as supermarket, daily goods stores, etc.

The number of facilities The number of daily/non-daily facilities within 1/3/5 km distance by road for all
residents of an area

Built environment: green space variables

Open green space The percentage of the area of each type of open green space (including green park
space, forest, open nature space, and inland water area)

Recreational space The percentage of the area of each type of recreational space (including sports
space and daily recreational space)

Urban class variable

Urban class
The urbanization level defined by the Dutch Central Bureau of Statistics (including
very strongly urban, highly urban, moderately urban, slightly urban, and
not urban)

COVID-19 countermeasure variables
Social distance rule Whether the social distance rule is in effect
Work from home suggestion Whether the suggestion of working from home if possible is in effect
Entertainment open rule Whether restaurants, bars, and other recreational venues are allowed to open
Face mask requirement Whether the face mask requirement is in effect

Table 2. The descriptive analysis of the final candidate variable dataset.

Variables Min Max Mean SD Unit

Dependent variable
The duration of shopping activity 5.00 180.00 43.70 40.81 min
The duration of social and recreational activity 5.00 1115.00 129.67 112.65 min
The duration of hiking and hiking activity 5.00 600.00 167.89 121.51 min
The duration of work activity 10.00 1095.00 315.74 208.38 min
Independent variable
Built environment: density variables
Population density 5.00 26,986.00 5017.33 4167.20 per km2

Neighborhood address density (EAD) 20.00 11,545.00 2123.12 1933.73 per km2
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Table 2. Cont.

Variables Min Max Mean SD Unit

Built environment: facility variables
Supermarket distance (DTLS) 0.20 9.30 0.96 0.68 km
Daily goods store distance 0.04 7.75 0.84 0.62 km
Café distance (DTCAFE) 0.04 10.25 1.22 1.01 km
Cafeteria distance (DTCAFETERIA) 0.04 8.60 0.81 0.68 km
Restaurant distance 0.02 8.30 0.80 0.60 km
Hotel distance 0.09 13.30 2.19 1.75 km
Daycare distance 0.15 8.80 0.75 0.49 km
Out of school childcare distance 0.15 9.85 0.83 0.57 km
Primary education distance 0.20 9.00 0.85 0.48 km
Secondary education distance 0.20 19.44 2.15 2.00 km
Vmbo distance * 0.20 19.44 2.26 2.02 km
Havo vwo distance * 0.31 38.95 2.88 2.85 km
Train station distance (DTTS) 0.30 57.80 4.59 5.40 km
Transfer station distance (DTITS) 0.60 111.20 11.56 11.98 km
Main highway distance (DTMHE) 0.10 39.40 1.80 1.11 km
Cinema distance (DTCINEMA) 0.27 56.50 5.47 5.01 km
Library distance 0.30 17.40 1.87 1.30 km
Museum distance 0.29 24.25 3.52 2.79 km
Performing arts distance 0.20 36.10 4.16 3.95 km
Attraction distance 0.50 51.73 5.27 4.33 km
Number of supermarkets within 5 km 0.00 161.68 28.88 32.24
Number of daily goods stores within 5 km (NOSTORES) 0.00 1015.97 138.52 206.20
Number of cafés within 5 km 0.00 711.30 77.27 139.48
Number of cafeterias within 5 km 0.00 998.06 126.90 196.42
Number of restaurants within 5 km (NOREST) 0.00 1826.15 177.25 323.49
Number of cinemas within 5 km (NOCINEMAS) 0.00 11.98 1.70 2.39
Number of daycare facilities within 5 km (NOOFSC) 0.00 191.30 43.16 41.41
Number of primary education facilities within 5 km 0.10 120.15 27.69 24.01
Number of museums within 5 km 0.00 42.88 4.58 8.08
Number of performing arts facilities within 5 km 0.00 39.35 3.94 6.91
Number of attractions within 5 km 0.50 51.73 5.27 4.33
Built environment: green space variables
Business park 0.00 74.84 6.94 8.28 %
Park 0.00 41.54 4.86 5.38 %
Sports area 0.00 36.24 2.51 3.40 %
Allotment garden 0.00 68.63 0.42 2.22 %
Recreational area 0.00 46.66 0.33 1.67 %
Day recreation area 0.00 24.14 0.43 1.65 %
Forest and open natural terrain 0.00 76.26 4.32 8.85 %
Built environment: lower-level land-use variables
Land use for traffic 0.07 66.14 16.28 15.38 %
Land use for retail and hospitality area 0.00 72.13 4.68 9.03 %
Land use for public facilities 0.00 19.23 0.92 2.15 %
Land use for socio-cultural provision 0.00 53.85 2.91 4.68 %
Land use for residential buildings 0.00 98.33 40.39 20.07 %
Land use for agriculture 0.00 95.99 17.78 22.25 %
Land use for recreation 0.00 76.47 8.56 7.68 %
Urban class variable
Urban class 0.00 5.00 2.69 1.36 n/a
COVID-19 countermeasures
Social distance rule 0.00 1.00 n/a n/a n/a
Work from home suggestion 0.00 1.00 n/a n/a n/a
Entertainment open rule 0.00 1.00 n/a n/a n/a
Face mask requirement 0.00 1.00 n/a n/a n/a

* Vmbo and Havo vwo represent secondary professional education in The Netherlands; n/a is the abbreviation of
not applicable.
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3.2.2. COVID-19 Countermeasures

As in many other countries, unprecedented packages of COVID-19 countermeasures,
namely intelligent lockdown and hard lockdown, were also announced in the Netherlands.
Figure 2 summarizes a timeline of COVID-19 countermeasures announced by the Dutch
government over the whole of 2020. Besides this, the number of new cases daily (along
with the policy packages) during the same period is also presented. Policies such as
working from home, banning large-scale events, and social distancing undoubtedly have a
significant impact on activity choice behavior and activity duration.

Therefore, this study included the variables presenting the information on the Dutch
countermeasures to consider the effects of COVID-19 countermeasures on activity duration.
In particular, several representative policies, e.g., suggestions for working from home,
physical distancing requirement, mandatory mask wearing, and entertainment closure,
were included as control variables of our models. The selection of the four countermeasures
could also be attributed to the fact that these four measures are some of the most well-
adopted response strategies worldwide, making the result comparison of different countries
in future studies easier and more convenient [12,36,68].
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Figure 2. Measures against COVID-19 and the number of new cases daily during the same period.

3.3. Descriptive Statistics

In short, four dependent variables and six groups of explanatory variables are consid-
ered in this paper. Table 2 shows a detailed overview of the variable classification and the
descriptive statistics of all involved variables.
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4. Methodologies

In this study, the activity durations under the COVID-19 pandemic were modeled
based on hazard-based duration models. Specifically, a semi-parametric model, known as
the Cox proportional hazards model, was developed to examine the relationship of various
covariates with the activity duration data. Using this model, the survival probabilities of
the duration data (or the conditional probabilities of ending activities at a specific time t)
could also be estimated and acquired [24].

4.1. Survival Analysis

In hazard-based duration models, a hazard function h(t) gives the rate at which an
event (e.g., ending of an activity) occurs during a specific time interval, e.g., t to t + δ,
given that the event has not occurred. This conditional probability of an activity’s end is
critical in the model because the probability that an activity terminates depends on the
length of time the activity has lasted. For instance, when examining activity durations, the
probability of an individual ending an activity is contingent upon the time the individual
has already spent on that activity. Due to this feature, the hazard-based duration model
was selected in this study, rather than other statistical models (e.g., partial least square
regression), to examine the determinants of activity duration. In this study, it is assumed
that the activity duration starts when an activity is about to be executed and ends when the
activity is actually performed. The hazard function can be expressed mathematically in the
following equation.

h(t) = lim
δ→0+

P(t ≤ T < t + δ|T ≥ t )
δ

=
f (t)

1− F(t)
(1)

where t is a specific time and T is a non-negative continuous random time variable with
a probability density function f (t) and cumulative distribution function F(t). Note that
the function F(t) defines the probability that an activity is completed before time t The
mathematical expressions for the two functions are given by Equations (2) and (3).

F(t) = P(T < t) (2)

f (t) =
F(t)

t
(3)

In addition to the hazard function, the survival function is another important concept
in hazard-based duration models [69]. This function is defined as the probability that the
activity duration is greater than or equal to a specific time t (see Equation (3)).

S(t) = P(T ≥ t) = 1− P(T < t) = 1− F(t) =
f (t)
S(t)

(4)

The most frequently used method to estimate the survival function in the literature is
the Kaplan–Meier method [70]. This non-parametric model exploits the product limit of
conditional probabilities to estimate the approximate survival function. A general formula
for the Kaplan–Meier estimator is shown below.

S(tk) =
K

∏
i=1

r(ti)− d(ti)

r(ti)
(5)

where r(ti) represents the number of individuals at risk of ending their activity in time
period i, d(ti) is the number of individuals terminating their activity in time period i, and K is
the number of all time periods. However, it should be pointed out that the non-parametric
models cannot involve any other covariates except for the duration variable.
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4.2. Hazard-Based Duration Model

The effect of covariates on the activity duration can be accounted for by two alternative
hazard models: the accelerated hazard (AH) model and the proportional hazard (PH) model.
Unlike the PH model, which assumes the covariates have a constant effect on an unspecified
baseline hazard function, the AH model requires a prior distribution (e.g., exponential,
Weibull, log-logistic, etc.) for the hazard function. Previous studies also pointed out that
the approach will lead to inconsistent estimates if the assumption of the distribution of
hazard function is incorrect [71,72]. Alternatively, the semi-parametric hazard model is
convenient when there is little or no knowledge on the hazard functional form available;
in addition, the parametric assumption of the effects of covariates is still retained. For a
detailed discussion of hazard-based duration models, see Hensher and Mannering [69]
and Bhat [73]. In this paper, in order to address the above issues, the most frequently used
approach in modeling duration data from biostatistics and economics, namely the Cox
proportional hazards model, is employed. For this model, the hazard function is generally
expressed as follows.

h(t, X) = h0(t) exp (βTX) (6)

where h0(t) represents the baseline hazard function, i.e., a non-parametric model that does
not need to be nominated as having a specific distribution. The other part is a parametric
model, in which the exponential of a linear combination of covariates and corresponding
parameters is involved. X is a vector of attributes describing the socio-demographics of
individuals and the built environment. The vector β is a set of unknown parameters to be
estimated. Note that this model could be estimated using standard maximum likelihood
methods. Combining the estimated parameters and hazard ratios, this model could provide
an adequate explanation for the duration data.

Based on the t-statistic, variables introduced in Table 2 were included in the final
models if they were significant in any single activity duration model. In particular, a
variable that had a significant effect on one activity was also included in other activities,
even if this variable was indeed insignificant in that model. The main reason for this action
was to fairly compare the effect of a variable on different activities (i.e., how the variable
influences duration differently across different activities).

5. Results
5.1. Results of Survival Curve Analysis

As discussed earlier, this study aims to analyze the heterogeneity of activity duration
between different urbanized areas. In this case, the distribution of activity duration is
first examined. As an initial step, the survival curves for different urban classes were
first estimated and depicted (see Figure 3). Collectively, this visual assessment provides
an opportunity not only to examine the distributional characteristics of different activity
durations but also to determine whether the differences in activity durations between
different urbanized areas are sufficiently significant to warrant further investigation.

The survival curves presented in Figure 3 are for four different types of activities. As
there are some overlaps for the survival functions of different urbanized areas in some
specific activities, we also present a fitted hazard curve (see Figure 4) to jointly analyze the
differences in activity durations between different urbanized areas. The findings deduced
from these analyses are summarized as follows.

A general finding is that the activity behaviors (e.g., shopping, socializing, hiking, and
work) are similar across Dutch citizens in different urbanized areas because the trends of
all graphs for each activity are almost identical. However, as can be seen, the significance
of the drops in the value of the survival function for different urbanized areas is higher
among social, hiking, and working activity than shopping activity.

More specifically, Figure 3a indicates that the drop in shopping activity duration in
highly urbanized areas is more remarkable than other areas in periods under 75 min, but
the opposite in periods over 125 min. In that time period, the shopping activity durations
for citizens living in non-urbanized areas fell at the fastest rate. One potential explanation
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for this finding is that the higher density of shopping facilities in highly urbanized areas
leads to residents having relatively shorter shopping durations, mainly concentrated within
75 min. In contrast, residents in non-urbanized areas, confronted with the inconvenience
of shopping, engage in longer shopping durations to meet their needs for an extended
period. Consequently, they tend to make bulk purchases to fulfill their future requirements,
resulting in a relatively longer shopping duration. In addition, as shown in Figure 3a,
the probability of continuing the shopping activity declines more steeply in the periods
under 50 min than other periods for all urbanized areas. The probability of continuing
the shopping activity after 50 min was only about 23%, and there is 50% likelihood that
Dutch citizens end their shopping activities in 29 min. This value is slightly lower than the
average time Europeans spend on shopping activities, but the finding is consistent with
our experience (https://ec.europa.eu/eurostat/web/products-eurostat-news/-/edn-2018
1123-1, accessed on 4 May 2023).

Similarly, the survival functions for social-related activities are summarized in Fig-
ure 3b. It can be seen that the main drops in the survival functions are seen at up to 4 h,
and the rate of reduction rapidly decreases after this period. In particular, the probability
of social-related activities longer than 4 h is 11.3%, 11.7%, 11.3%, 8.7%, and 6.2% for Dutch
citizens in very strongly urban, highly urban, moderately urban, slightly urban, and non-
urban areas, respectively. We can also observe that the fall in the survival function values is
more remarkable in less urbanized areas (e.g., slightly and not urban) than in other areas.
One plausible explanation for this finding is that residents living in less urbanized areas,
where social facilities are limited in availability, need to travel a greater distance to engage
in social activities. The relatively longer return journey, coupled with the increased risk of
infection during such social interactions, prompts them to prefer concluding their activities
at an earlier time.

Regarding the survival functions for hiking activities, Figure 3c indicates that the
probability of continuing hiking activity decreases almost linearly in periods under 300 min.
In addition, it is interesting to note that the decline in hiking activity duration in non-
urban areas has a relatively high magnitude. This result implies that a wide-open area
does not lead to a significant increase in hiking activities. Quite the opposite, the hiking
activity duration is much higher in slightly urban areas, especially when the periods are
over 200 min. Specifically, compared to the average hiking time provided in Table 2, the
probability of continuing hiking activity for longer than that time is 47.4% and 38.7% for
citizens in slightly urban areas and non-urban areas, respectively. This finding raised
a question regarding the shared experience that more open green areas result in more
hiking activities. It seems possible that the lack of essential public facilities (e.g., shops and
restaurants) might be the cause of the opposite results in non-urban areas.

Particular attention should be given to the survival functions of working activities,
which have a relatively interesting distribution pattern. Unlike the distribution pattern
of other activities, the S-shaped survival function for work activities shows that the re-
duction rate is relatively high in periods under 2.5 h and between periods of 7.5 h and
12 h. According to Figure 3d, the work activity duration for nearly 40% of the respondents
lies between 2.5 h and 12 h, and the probability of work activities longer than 600 min
(i.e., 12 h) per day is negligible. These values correspond well with findings from most pre-
vious studies (https://www.spica.com/blog/working-regulations-netherlands, accessed
on 4 May 2023). For example, according to the latest OECD Better Life Index, most full-
time employees in The Netherlands work 36–40 h per week (e.g., 430 min to 480 min
per day). In addition, Dutch part-time work limits the working time to between 12 and
36 h per week. The data also provide indirect insights into the underlying reason for the
S-shaped pattern observed in the survival function for work activities. The implementation
of pandemic-related policies has led to a decrease in the operating hours of numerous
businesses or service establishments and, in some cases, complete closures. Consequently,
there has been a reduced demand for short-term part-time positions, and there is no need
for full-time employees to extend their working hours. Instead, they are simply expected to

https://ec.europa.eu/eurostat/web/products-eurostat-news/-/edn-20181123-1
https://ec.europa.eu/eurostat/web/products-eurostat-news/-/edn-20181123-1
https://www.spica.com/blog/working-regulations-netherlands


Sustainability 2023, 15, 9537 15 of 28

fulfill their prescribed work hours, contributing to the relatively gradual decline observed
in the middle part of the survival function for work activities. Furthermore, it can also
be observed that the reduction rate of the survival function decreases with the increasing
level of urbanization, indicating that citizens in highly urbanized areas tend to work longer
than those who live in non-urban areas. This finding is as expected because the increas-
ingly competitive environment in urban areas puts many people under great pressure and,
consequently, they need to work hard for a better quality of life [74,75].
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5.2. Results of Hazard-Based Duration Model

To examine the effects of the built environment and individual/household character-
istics (introduced in Table 2) on the activity durations under the COVID-19 pandemic, a
hazard-based duration model (e.g., the Cox proportional hazard model) was calibrated
in this study. Note that, different from previous studies that calibrated the models for
different groups, we include an urban class variable to consider the effect of urbanization
on activity durations. In addition, based on the z-statistics, variables that were significant
at a 10% level in one of the four activities were included in the final model. The detailed
results are discussed in subsequent sections.

5.2.1. Individual/Household Characteristics

Table 3 represents the estimation results of the socio-demographic variable part. First
of all, age tends to significantly influence the duration of social-related activities under the
COVID-19 pandemic. The results reveal that, relative to the 18–24 age group, older persons
tend to have shorter durations of social-related activities, and the magnitudes of this factor
are distributed relatively equally across different age groups. This is probably because
people try to avoid non-necessary social activities under the pandemic in order to protect
themselves from infection. In particular, the fact that the magnitude for the older group
(0.19) is higher than the magnitude for the middle-aged group (0.16) suggests that older
people are more concerned by the pandemic, which is fairly consistent with most previous
studies [2]. The results also show that young people are more likely to work longer in
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the pandemic, while elderly people work less. These findings are understandable because
the 25–45 age group generally has a strong sense of professionalism, e.g., high level of
commitment and motivation to work. In contrast, the elderly tend to work from home and
shorten their working hours.

Regarding gender, results show that females are more likely to have a longer shopping
activity duration but a shorter social and work-related activity duration. This may indicate
that under the COVID-19 pandemic, females have a relatively strong willingness to shop.
Unlike males’ shopping activities aiming simply to buy things, females prefer to treat it as
a hobby and enjoy it [76]. Results also show that females are more reluctant to take part
in social and work-related activities under the pandemic. Previous studies also indicated
that the reduction of work and social activities decreases the probability of exposure to
infected individuals [33]. One possible explanation for this may be that females need to
devote more time to their families and take care of their children because of the closure (or
the restricted use) of daycare centers and schools.

The results also reveal that people who have a valid driver’s license are more likely
to spend more time on shopping and work activities. This finding highlights a shift that
people expect to need to avoid crowds more than usual to reduce their exposure to COVID-
19 [77]. One reason may be that it is convenient for people with a valid driver’s license
to take part in these activities since they can use a relatively safe and private mode of
transport (e.g., car) in their journey. However, the number of cars in the household has an
opposite influence on hiking activity duration. It is shown that car-owning households
tend to reduce their duration of hiking activities under the COVID-19 pandemic. This may
be because people abandoned long-distance hiking in favor of walking or biking around
their home locations due to the restrictions on non-essential travel.

Moreover, education level is also found to closely correlate with the activity duration
under the COVID-19 pandemic. In particular, we found that people with lower education
(e.g., primary and low vocational education) tend to have a longer shopping activity
duration. This corresponds well with previous studies [78]. Particularly, relevant studies
have also demonstrated that older and less educated people took more time shopping in
brick-and-mortar stores [78]. In contrast, all education levels negatively affect the duration
of social-related activities, and the effects are relatively stable. This finding confirms that a
relatively large proportion of older adults with lower education are less likely to participate
in social activities due to physical conditions [79]. In addition, this result may be caused
by the policy of home quarantine. In recent years, the policy of home quarantine led to
significant changes in the Dutch shopping pattern, and online shopping has become an
appealing option to avoid crowded contact in offline malls.

The migration background leads to some interesting interpretations. The effects
on shopping and work activity duration are significantly negative, which implies that
individuals with migration backgrounds tend to spend more time on shopping and work
compared with Dutch people. In addition, people with oriental immigrant backgrounds
tend to reduce their hiking activity duration. This is perhaps because the perceived risk of
infection for Eastern people is higher than that of people with Western backgrounds [80].

Furthermore, it is found that the coefficients of the income level are significant for
social-related activities, indicating that high-income people are more likely to reduce the
duration of social activities. This result is in line with the COVID-19 countermeasures
urging the public to avoid social interactions outside of the household. In addition, due
to the pandemic, people are more inclined to contact each other online unless face-to-face
communication is necessary.
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Table 3. Estimates for the socio-demographic variables.

Shopping Social Hiking Work

Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.

People aged 25 to 45 - - 0.16 c 0.05 - - −0.12 c 0.04
People aged 46 to 65 - - 0.17 c 0.05 - - - -
People aged 66 and older - - 0.19 c 0.05 - - 0.54 c 0.06
Female −0.12 c 0.02 0.11 c 0.03 - - 0.09 c 0.02
Driver’s license −0.08 c 0.03 - - - - −0.15 c 0.04
Primary education −0.24 b 0.12 0.48 c 0.16 - - - -
Lower vocational education −0.18 a 0.11 0.38 c 0.15 - - - -
Secondary vocational education - - 0.38 c 0.15 - - - -
Higher vocational education - - 0.4 c 0.15 - - - -
Western migration background −0.07 b 0.03 - - - - −0.08 b 0.04
Non-Western migration background −0.14 c 0.04 - - 0.13 a 0.08 −0.08 b 0.04
From 100% to 105% low-income threshold - - 0.53 b 0.22 - - - -
From 106% to 110% low-income threshold - - 0.33 a 0.2 - - - -
Couple - - - - - - 0.07 b 0.03
Couple + child(ren) - - - - - - 0.08 b 0.04
Couple + child(ren) + other(s) - - - - - - 0.27 b 0.12
Single-parent household + child(ren) - - 0.12 a 0.06 −0.17 b 0.09
Other household type - - 0.42 b 0.18 - -
Number of people younger than 6 years old - - - - −0.27 a 0.16 - -
Number of cars in the household - - - - 0.36 a 0.22 - -

Note: Only significant values presented; a: Significant at the 0.1 level; b: Significant at the 0.05 level; c: Significant
at the 0.01 level.

The results also show that household composition is closely related to activity duration,
as one can expect that families with children tend to have shorter social and work-related
activity duration. In other words, parents need to shorten their work time and spend more
time at home with their children under the pandemic. Moreover, a single-parent household
with children is positively and significantly associated with the hiking activity duration,
which perhaps means single-parent households have a stronger need for hiking activities
during the pandemic.

Similarly, the number of family members younger than six years old has a positive
effect on hiking activity duration. As discussed earlier, children have to stay at home due
to the closure of childcare facilities but outdoor activities are still necessary. Based on
the policy adopted in the Netherlands, there are no restrictions on the travel of underage
children. Consequently, parents would prefer to take their children to open green spaces.

5.2.2. Built Environment Characteristics

Regarding the green space variables, results reveal that individuals are more motivated
to work and increase their working hours if large-scale green spaces (especially allotment
gardens) exist around the workplace. This finding is consistent with our shared knowledge
and experience because green space around offices could contribute to physical and mental
health. In particular, green space areas around offices could make the office staff exercise
properly in their spare time and make them feel energetic and relaxed. However, the result
for time spent on socializing in sport and recreational areas is quite the opposite. This
result confirms that people are more inclined to socialize in leisure and entertainment
venues [81]. Private and quiet recreational areas are more suitable for social activities than
noisy sports areas. It is interesting to note that business park and day recreation areas
have a negative impact on the shopping activity duration. This reflects that, during the
COVID-19 pandemic, shopping desires could be easily satisfied if many other recreational
options were available in residential areas.

Similarly, the neighborhood address density (EAD) was employed as a residence
measure for each neighborhood. A larger EAD represents a higher density of human
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settlement. The results show that individuals living in neighborhoods with high EAS have
shorter durations for shopping activity. This finding seems logical, as the distribution of
shopping malls in large population centers is generally broad, bringing convenience to
local people and therefore shortening the shopping duration. From another point of view,
EAD, to a certain extent, could reflect the economic status of a family. Individuals who
live in villas with a low EAD or communities with large housing areas tend to have a high
income [82]. Due to the different economic conditions, as expected, the frequency and
duration of shopping activities also differ.

Particular attention should be given to the effects of facility variables. This part will be
analyzed in the order of activities: (1) regarding the shopping-related activities, the results
show that the duration of shopping activity will increase as the average distance from the
center of the neighborhood to the nearest supermarket and daily goods stores increases.
This can be attributed to the fact that individuals tend to buy more daily necessities at
once to reduce the number of unnecessary trips during the pandemic. (2) For the social
and hiking-related activities, it can be found that the duration of social-related activities
increases by the increase in the average distance to supermarkets and cinemas. This may
be because a long distance to supermarkets and cinemas indirectly indicates the area is less
urbanized, and people need to travel for a long time to enjoy social activities. Consequently,
when people conduct a social activity, they still tend to take part in it for a long duration
even travel cost and risk of COVID-19 infection are high. As shown in Table 4, similar
results are also found in the hiking-related activities. When respondents choose to take
part in hiking activity, duration increases as the distance to cafés and cafeterias increases.
This finding is indeed consistent with our shared knowledge and experience because
people need to spend more time finding support facilities during their hiking activities.
(3) Lastly, the results reveal that when the number of daycare facilities and restaurants
in the neighborhood increases, the duration of work activity also increases. Quite the
opposite, the average distance to an important transfer station and main highway entrance
is significantly and negatively associated with the duration of work-related activities. The
possible reason for these results may be that placing children in nurseries could effectively
save parents’ time. On the other hand, due to long commuting distance or time, people’s
intention to work in person will be severely weakened. Furthermore, as the distance from
train stations increases, the noise in the community can be effectively reduced, which is
beneficial for the workers’ productivity and work time [83].

The lower-level land-use variables (e.g., retail and hospitality area, agricultural land,
recreational area, residential area, and socio-cultural area) also significantly affect shopping
and work-related activities, which is consistent with most previous studies. The negative
coefficient of retail and hospitality areas for shopping activity indicates a reduced risk of
these activities coming to an end. This suggests that a greater availability of shopping
options has a positive influence on the duration of shopping activities. Quite the opposite,
the agricultural area significantly and negatively influences shopping time. This result is
understandable because a large agricultural area usually means a less developed urban
area, and residents have fewer shopping options. In addition, the results show that the
larger the recreational and residential areas in a neighborhood, the shorter the in-office
work time. One logical explanation for this may be that the probability of exposure to
the virus also increases due to the high population density in entertainment venues and
residential areas. The negative impact of the soundness and expansion of entertainment
venues on work should also be considered.
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Table 4. Estimates for the built environment variables.

Shopping Social Hiking Work

Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.

Green space variables
Business park 0.28 b 0.11 - - - - −0.43 c 0.15
Day recreation area 0.26 a 0.15 - - - - −2.57 c 1.05
Sports area - - 0.36 b 0.15 - - −2.42 b 1.16
Allotment garden - - - - −0.39 b 0.18 −6.11 b 2.86
Park - - - - - - −4.13 b 1.77
Recreational area - - −0.57 b 0.26 - - −4.81 b 2.02
Density
EAD 0.36 a 0.21 - - - - - -
Facility variables
DTLS −0.46 b 0.23 −0.55 a 0.31 - - - -
DTTS −0.25 b 0.13 - - - - −0.42 c 0.15
DTITS - - - - - - 0.35 c 0.14
DTMHE - - - - - - 1.14 c 0.39
DTCINEMA - - −0.49 a 0.27 - - - -
DTCAFE - - - - −0.28 a 0.16 - -
DTCAFETERIA - - - - −0.37 a 0.22 - -
NOCINEMAS 0.42 c 0.13 - - - - - -
NOSTORES −0.32 b 0.14 - - - - - -
NOREST - - - - - - −1.7 c 0.58
NOOFSC - - - - - - −0.54 a 0.29
Land use
Retail and hospitality area −0.2 a 0.11 - - - - - -
Total agricultural land 0.17 a 0.09 - - - - - -
Total recreational area - - - - - - 7.23 b 3.25
Residential area - - - - - - 0.41 b 0.2
Socio-cultural area - - - - - - −0.31 b 0.16
Urban density
Urban class_2 −0.08 c 0.03 - - - - - -
Urban class_3 −0.08 b 0.04 - - - - - -
Urban class_4 - - - - −0.21 c 0.08 - -
COVID-19 countermeasures
Entertainment open −0.05 b 0.03 - - - - - -
Face mask requirement - - 0.09 a 0.05 0.11 b 0.05 0.07 b 0.04
Two-way interaction
Entertainment open * NOCINEMAS −0.25 b 0.1 −0.99 b 0.47 - - - -
Entertainment open * NOREST - - - - - - 1.58 c 0.53

Note: Only significant values presented; a: Significant at the 0.1 level; b: Significant at the 0.05 level; c: Significant
at the 0.01 level; Urban class_2 = Highly urban; Urban class_3 = Moderately urban; Urban class_4 = Slightly urban;
* means the interaction effect between two variables.

To further investigate the effects of urban class on the duration of different activities, a
more detailed estimation (e.g., a quantitative analysis) was conducted to further analyze
the correlations. Results are shown in Table 4. It is found that the effects on shopping
activity duration in highly and moderately urbanized areas are both positive, indicating
that residents in these areas exhibit longer durations of shopping activities compared to
individuals in the very strongly urban area. This finding aligns with expectations, as the
availability of shopping malls in highly and moderately urbanized areas is comparatively
limited compared to very strongly urban areas. Residents in highly and moderately
urbanized areas may face less convenience compared to those in very urban areas, leading
them to make larger purchases in one go to meet their future needs. In addition, the
relatively lower population density in highly and moderately urbanized areas, in contrast
to very urban areas, contributes to a reduced risk of COVID-19 infection. As a result, local
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residents in these areas are more inclined to engage in longer shopping durations. This
observation is further supported by the estimated parameter of the variable EAD.

It is interesting to note that a significantly positive correlation is found between the
hiking activity duration and the fourth class of urban density (i.e., slightly urbanized area).
This may be attributed to the fact that people who live in slightly urbanized areas tend to
have a relatively slow-paced lifestyle and fewer options for leisure activities, especially
under the COVID-19 pandemic with strict control measures [84]. In addition, due to the
availability of large open spaces, the slightly urbanized areas are also more attractive for
travelers to take part in hiking activities.

5.2.3. COVID-19 Countermeasures and Interaction Effects

For the effects of COVID-19 countermeasures, it can be found that the opening rule
of entertainment venues is positively associated with the duration of shopping activity.
This means that the issue of the opening rule of entertainment venues, initially aiming to
reduce the shopping demand, tends to increase the shopping duration instead. A plausible
explanation for this finding is the shorter opening hours in the pandemic and the limited
store attendants. Compared with the pre-pandemic period, customers need to wait a longer
time for services under the pandemic (e.g., waiting at the checkouts of supermarkets).
In contrast to the positive impact of the opening rule of entertainment venues, the face
mask requirement has a negative effect on the duration of social, hiking, and work-related
activities. This finding is understandable because the public in Western countries has a
perception that wearing a face mask in public open spaces is sometimes considered unusual
for a healthy person. In addition, under the pandemic, the enforcement of the face mask
requirement signifies a high risk of COVID-19 infection for travelers. This heightened risk
not only leads individuals to instinctively shorten their activity duration but also reduce the
frequency of their trips to protect themselves from infection. This finding is also supported
by relevant literature [11,12].

We also estimated several two-way interactions to identify the interaction effects
between built environment factors and COVID-19 countermeasures. Table 4 shows the
significant interaction effects between the opening rule of entertainment venues and the
number of restaurants and cinemas. It can be found that, when the entertainment venues
are allowed to open, the durations of shopping and social-related activities tend to increase
with the increasing number of restaurants and cinemas. Quite the opposite, the interaction
between the opening rule of entertainment venues and the number of restaurants is signifi-
cantly and negatively associated with the duration of work-related activities. The possible
reason for this may be that people who have been constrained for a long time because
of the “intelligent lockdown” are able to re-experience entertainment with the relaxation
of measures. Consequently, these palliative measures further contribute towards longer
durations of shopping and social-related activities. In addition, due to the long hours of
working from home and telecommuting, working time will instead be taken up by other
activities as the entertainment venues open up again.

6. Conclusions

Contributing to the literature on investigating the duration of activities, this study
examines the effects of various factors on the duration of several typical activities, both in
terms of individual characteristics and built environment factors. Unlike earlier studies on
normal situations, this study focuses on the effects under the COVID-19 pandemic. More
specifically, this paper used a hazard-based duration model to examine the differences in
activity duration between different urbanized areas. In particular, the impacts of various
COVID-19 countermeasures adopted by the Dutch government, individual characteristics,
and local built environment factors on the duration of several representative activities were
examined. In this regard, we hope to offer a stepping stone for future study efforts to inves-
tigate travel behavior and activity duration concerning the policy and built environments
impacts of the COVID-19 or other pandemics in different countries.
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The estimation results generally confirm that a relatively large number of factors
influence the duration of social and work-related activities. To be more specific, most of
these effects are negative, indicating that, under the COVID-19 pandemic, Dutch society
as a whole tends to reduce their duration of social and work-related activities. It is also
interesting to note that several socio-demographic characteristics and built environment
types significantly and positively impact the shopping activity duration. In addition,
household composition and green spaces around residential areas are found to correlate
closely with the activity duration. As expected, the results also show that driving private
vehicles and official COVID-19 countermeasures, to a certain extent, also affect individuals’
decision making regarding activity duration. These findings raised a question regarding
the coincident objective of introducing COVID-19 countermeasures in many countries.
The examination of relevant literature reveals that the primary goal of COVID-19 counter-
measures (e.g., non-pharmaceutical interventions) is to minimize mobility and shorten all
activities, regardless of their purposes, with the ultimate aim of reducing the transmission
of COVID-19 [85]. However, based on the findings of this study, the implemented COVID-
19 countermeasures in The Netherlands have only effectively decreased the duration of
social and work-related activities. In other words, the COVID-19 countermeasures in the
Netherlands have not fully achieved their initial objectives. Despite this, the findings of
this study can also serve as a valuable resource for policymakers in developing targeted
policies aimed at mitigating diverse types of activities during future health emergencies.

Moreover, the survival curve analysis revealed significant variations in the duration
of different activities in terms of both patterns and locations. Specifically, the duration of
shopping activities exhibited comparable levels across various urbanized areas. However,
a more focused analysis indicated that individuals residing in highly urban and moder-
ately urban areas tend to have longer shopping durations. Consequently, the cumulative
impact of these subtle differences significantly influences the overall outcome. Addition-
ally, individuals in highly urbanized areas demonstrated relatively longer durations of
work activities compared to those in other urbanized areas. On the contrary, in less ur-
banized areas, the survival curve illustrating the duration of hiking activities exhibited
a relatively rapid decline. This trend can be attributed to factors such as the presence
of crop areas and inadequate infrastructural facilities. Subsequent analyses revealed no
significant variations in the duration of work activities across different urbanized areas,
and only slightly urban areas exhibited a positive impact on hiking activity duration. These
findings emphasize the significance of policymakers’ acknowledgement of the variations
observed in different activities, as well as the often neglected spatial heterogeneities in
policy effectiveness, as highlighted in the existing literature [5,6,27]. By recognizing these
variations, policymakers can develop tailored intervention policies that are specific to dif-
ferent regions, thereby effectively mitigating mobility during the pandemic. Understanding
the heterogeneous nature of activity duration can facilitate the identification of activities
that necessitate additional interventions, particularly when the efficacy of current policies
on those activities diminishes.

Furthermore, it is important to recognize that activity duration during the pandemic
exhibits both social and spatial heterogeneity. The findings related to social heterogeneity
offer insights for identifying groups that may exhibit resistance to complying with pre-
ventive measures. As revealed in this study, older individuals, those with higher levels of
education, and married individuals are more susceptible to the impacts of the COVID-19
pandemic. They perceive adhering to measures aimed at shortening their activity duration
as an effective strategy to mitigate the risk of COVID-19 infection. In contrast, young and
single males demonstrate a higher level of resilience in maintaining their activity duration
despite the increased risk of infection. This particular group, characterized by their con-
tinued engagement in social activities, may underestimate the risk of COVID-19 and hold
strong beliefs regarding personal immunity [5]. Therefore, special attention should be given
to this group, and policymakers should consider implementing appropriate measures to
minimize their risk of infection.
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The findings of this study could also provide implications for resilient neighborhood
planning. Office spaces located in close proximity to plentiful green spaces appear to
exhibit a higher level of resilience in terms of work-related activities during the COVID-19
pandemic. In contrast, office spaces situated in residential and commercial areas demon-
strate a trend of shortened work durations in the absence of work from home policies.
This finding implies that, in order to enhance the working efficiency, the establishment of
garden-style office environments (i.e., decentralized, away from shopping and leisure areas,
and surrounded by abundant green spaces) should be encouraged in the Netherlands. In
addition, prior to the pandemic, the accessibility of shopping and social facilities played
a significant role in encouraging shopping and leisure activities. However, during the
pandemic, neighborhoods with convenient access to retail facilities were more vulnerable to
the impacts of pandemic-related policies, leading to an increase in shopping duration due
to social distancing restrictions and reduced staff availability. This observation suggests
that regions characterized by concentrated commercial areas are more susceptible to the
repercussions of the pandemic. Hence, in future urban planning endeavors, adopting a
decentralized approach to distribute commercial facilities within neighborhoods could
effectively mitigate the potential challenge of prolonged shopping durations resulting from
policy constraints.

In short, this paper is the first of a batch of studies investigating activity durations in
the context of the COVID-19 pandemic. More specifically, with the objective to provide
valuable insight for future related research, this study examined the relationship between
socio-demographic characteristics, built environment factors, and COVID-19 countermea-
sures regarding the duration of different activities and attempted to find a difference in
influence among different urbanized areas. The findings of this study could be of value
for transportation professionals and health protection agencies to develop transportation
plans and establish COVID-19 policies, as well as for future pandemics or any other public
health emergencies. Nevertheless, although this research can be regarded as a supplement
to the literature on the impacts of the COVID-19 pandemic and the influential factors of
activity duration, this topic could be further explored in future studies, especially for the
consideration of heterogeneous effects of COVID-19 countermeasures. More narrowly,
this paper has not considered the differentiated impacts of COVID-19 countermeasures on
different populations. In addition, in the current study, we only examine to what extent
the included factors influence the duration of a single activity in a single trip. However, a
trip may have several different activities. Thus, it would be interesting in future research
to examine the combined influences on sequential activities. Another limitation of this re-
search is the data. Indeed, the data used in this study were obtained from the self-reported
national travel survey of The Netherlands in 2020 and have not been objectively confirmed,
e.g., by GPS tracking, which may have led to biased estimation. Therefore, the results
could be more convincing if more accurate data (e.g., GPS data) could be collected in future
studies. Lastly, it is important to note that the scope of this study is limited to investigating
the determinants of activity duration during the pandemic. Future research endeavors
could be intriguingly expanded to explore the underlying determinants that influence
the differences in activity durations between the pre-pandemic and pandemic periods,
provided the availability of suitable data.
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