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Abstract

Meeting physical activity guidelines requires individuals to reallocate time from other daily
activities—a process shaped by behavioral preferences and structural constraints. This
paper uses a Multiple Discrete Continuous Extreme Value (MDCEV) model to simulate
how individuals reallocate their time use when meeting the WHO recommendation of 150
minutes of exercise per week. Drawing on multi-week time-use data from Switzerland, the
model estimates baseline utilities and satiation effects for a range of activities. Simulation
results reveal that exercise time is primarily reallocated from working, unpaid work,
and eating and cooking, while leisure remains relatively protected. Importantly, time
trade-offs vary across population subgroups: individuals with higher income and education
demonstrate greater flexibility to reallocate time, while parents of young children show
more constrained adjustments. These findings underscore that while increasing exercise
is behaviorally feasible, it is not uniformly accessible. Structural supports—such as
flexible work arrangements, mobility infrastructure, and childcare—are essential to enable
equitable time reallocations toward health-promoting behaviors. The MDCEV-based
simulation approach offers a framework to quantify such trade-offs and to design more
effective, context-aware physical activity interventions.
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1 Introduction

Understanding how individuals allocate their time across different activities is crucial for
designing public health interventions that effectively promote physical activity. While a
growing body of research has highlighted the health benefits of reallocating time from
sedentary behaviors to exercise (Miatke et al., 2023; Biswas et al., 2018; Aggio et al.,
2015), fewer studies have addressed the fundamental behavioral question: what must
individuals actually give up in their daily lives to meet physical activity guidelines?
Time is a finite resource, and engaging in more physical activity requires reducing time
spent on other activities—such as work, commuting, or unpaid labor—that differ widely
in utility, flexibility, and social obligation. Although “lack of time” is commonly cited as a
barrier to exercise Christian (2012), prior work often focused on identifying correlates or
health impacts of activity levels, rather than modeling the behavioral trade-offs people
make to adjust their routines. This paper addresses this gap by simulating how time-use
patterns must change for individuals to meet the WHO’s recommended 150 minutes of
weekly physical activity, while accounting for both personal preferences and structural
constraints.
Data collected through time-use surveys are a valuable source to analyze health related
activity patterns. Unlike traditional self-report questionnaires, which often rely on recall
and are prone to social desirability bias, time-use diaries more accurately capture daily
behavior and the context in which activities occur (Van Der Ploeg et al., 2010). Several
studies have explored the trade-offs between different activities using the American Time-
Use Survey (ATUS) Mullahy and Robert (2010); Christian (2012); Ng and Popkin (2012);
Kalenkoski and Hamrick (2013) as well as data from the UK Harmonised European Time
Use Survey Foley et al. (2018). However, these studies rely on single-day or cross-sectional
data, which fail to reflect the natural variability in physical activity behavior. As Brown
et al. (2004) and Craig et al. (2003) note, physical activity fluctuates substantially across
days and weeks. This study leverages multi-week time-use data to provide a more robust
understanding of habitual routines and the feasibility of reallocating time toward exercise.
Several previous studies have investigated how time for physical activity is found in daily
life. Experimental studies show that individuals tend to displace sleep, screen time, or
light household activities. For instance, Yao and Basner (2019) observed a 15.5-minute
reduction in sleep on days when people exercised, and Gomersall et al. (2015) found that
TV time declined by 50 minutes per day during exercise interventions. Other work has
linked long commutes to reductions in health-related time use (Christian, 2009, 2012), or
shown compensatory reductions in leisure-time exercise among individuals with physically
demanding jobs (Nooijen et al., 2018). Ng et al. (2021) have analyzed equivalence curves
to understand how reallocations between different daily activities were associated with
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equivalent changes in children’s health outcomes. They found that on a minute-for-minute
basis, medium to vigorous physical activity (MVPA) was 2 to 6 times as potent as sleep
or sedentary time in relation to adiposity and self-reported health-related quality of life.
Regarding methods, prior studies have applied diverse analytical approaches. Christian
(2012) used seemingly unrelated regression (SUR) to estimate reductions in activity time
due to commuting, and Nomaguchi and Bianchi (2004) modeled exercise time using
linear regression and sociodemographic predictors such as gender and family structure.
Joint models such as those used by Arora and Wolf (2014) explicitly accounted for the
interdependence of time uses but often relied on limited functional forms and partial
observability. Experimental studies, including Gomersall et al. (2015), measured change
in behavior through randomized physical activity interventions and structured time-use
recalls. Others have employed compositional data analysis (CODA) to account for the
relative nature of time-use data, where an increase in one activity necessitates a decrease in
others (Chastin et al., 2015). Mullahy and Robert (2010) estimated a generalized fractional
regression model to model the conditional means of time shares. The authors quantify
the average effect of explanatory variables on time allocation. However, these methods
often fail to capture the full complexity of time-use decisions, particularly in terms of
the underlying utility-maximizing behavior that drives individuals’ choices. For example,
linear regression models may not adequately account for the diminishing marginal utility
associated with time spent on different activities, while CODA approaches can obscure
the interdependencies between activities and fail to reflect the behavioral logic of time
allocation.
This study applies the Multiple Discrete Continuous Extreme Value (MDCEV) model,
offering several key advantages over previously applied methods. First, it models time
allocation across multiple activities simultaneously, inherently capturing trade-offs made
between the activites in the choice set. Second, it incorporates both the decision to
participate in an activity and the extent of engagement, capturing not only whether a
person chooses to engage in an activity, but also how much time they spend once doing so.
Third, the MDCEV model is grounded in utility maximization, allowing us to simulate
behavior under policy-relevant constraints such as meeting physical activity guidelines.
Compared to linear or compositional methods, MDCEV better captures the behavioral
logic and interdependencies of time-use decisions, enabling us to quantify the implicit
“cost” of reallocation for each activity domain.
The rest of this paper is structured as follows: We first describe the data and methods
used in this study, including the MDCEV model and simulation design. We then present
the results of our analysis, focusing on the estimated parameters and the implications of
our simulations for understanding time-use trade-offs. Finally, we discuss the implications
and future research.
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2 Data and Methods

2.1 Data - The TimeUse+ Survey

This study utilizes data from the TimeUse+ project, a longitudinal, smartphone-based
time use and mobility diary conducted in German-speaking Switzerland between July
2022 and February 2023. Combining passive GPS tracking with self-reported information
on activities, expenditures, and social contexts, the dataset offers a rich account of daily
time allocation across a four-week period. For a full description of the project, see Winkler
et al. (2024).
Participants first completed an online survey capturing sociodemographic characteristics,
mobility tool ownership, employment, and household composition. Eligible individuals
were then enrolled for a four-week tracking phase via the TimeUse+ app. The app
passively recorded trip data, while participants annotated events daily, providing details
on purpose, duration, social context, and monetary expenditures.
For this study, we focused on time spent across key activity domains relevant to physical
activity trade-offs: working, unpaid work, leisure, eating and cooking, (non-active) travel,
active travel, and exercise. Only individuals with complete time-use entries across these
activities were retained. Sociodemographic variables—including gender, age, education,
income, presence of young children, and car access—were used to segment the sample
for subgroup analyses and simulations. Each week was treated as a separate observation,
resulting in a total of 3,179 observations from 1,097 individuals.

2.2 Methods

The trade-offs between time spent on exercise and time spent on other activities is
analyzed by applying an MDCEV model. The model simulates scenarios where individuals
shift their time use to accommodate more exercise, and the reduction in time spent
on other activities is measured. This method captures the trade-offs in time allocation
under a constrained schedule, providing insights into which activities are most flexible or
constrained when exercise is prioritized.
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2.2.1 Modeling Approach

We employ the Multiple Discrete Continuous Extreme Value (MDCEV) model (Bhat,
2005, 2008) to estimate individuals’ utility-maximizing time allocation across multiple
activity domains. The MDCEV model is particularly well suited for time-use data as it
allows individuals to allocate non-zero time to multiple alternatives (e.g., working and
exercising) and captures diminishing marginal utility from spending additional time on
any single activity.

The utility function is specified as:

Maxxk∀k

K∑
k=1

γk
αk

ψk

((
xk
γk

+ 1

)αk

− 1

)

subject to the budget constraint
K∑
k=1

xkpk = B

where ψk = exp(Vk + εk), xk is the time allocated to activity k, ψk is the baseline utility
of each alternative K. The αk and γk-parameters govern the rate of satiation. pk is the
price of each alternative. As the model is specified in terms of time, the price of each
alternative is set to 1. The budget constraint B represents the total available time for all
activities, i.e., the time recorded in the survey.

The probability of choosing a specific time allocation is given by the following expression:
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and Wk = Vk + (αk − 1) log
(

x∗
k
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+ 1
)
− log(pk), and x∗k is the observed

(optimum) consumption of product k.

In this case, the model is formulated under the assumption of an outside good activity,
which is always conducted with non-zero time. Parameters were estimated using the
apollo R package (Hess and Palma, 2019; Hess and Pamla, 2021), with Halton draws
used for simulation-based likelihood approximation.

5



Understanding Barriers to Active Lifestyle May 2, 2025

2.2.2 Simulation Design

To simulate behavioral adjustments in time allocation under increasing physical activity,
we conducted a series of model-based forecasts using the estimated MDCEV model. The
simulation aimed to identify the minimum increase in the baseline utility for exercise,
denoted δexercising, that would result in at least 99.99% of individuals in the population
exceeding the World Health Organization (WHO) physical activity threshold of 150
minutes per week.
Formally, we define a sequence of parameter values {δ(t)exercising}Tt=1, where each successive
value increases by a small fixed increment ϵ = 0.01, i.e., δ(t+1)

exercising = δ
(t)
exercising + ϵ. At each

iteration t, we simulate predicted time allocations x(t)i for all individuals i ∈ {1, . . . , N} by
solving the utility-maximizing MDCEV allocation using random draws from the extreme
value distribution. For each value δ(t)exercising, we compute the share of individuals who
satisfy the exercise condition:

1

N

N∑
i=1

I
(
60 · x(t)i,exercising > 150

)
,

where I(·) is the indicator function and x(t)i,exercising denotes the predicted weekly time spent
on exercise (in minutes) for individual i in iteration t. The simulation continues until the
above expression exceeds 0.9999, i.e., when at least 99.99% of individuals are forecasted
to meet the 150-minute weekly exercise recommendation.
To analyze behavioral trade-offs, we compute the average time spent on each activity across
all simulation steps. These averages are calculated separately for the total population
and for selected sociodemographic subgroups (e.g., gender, education level, income group)
allowing us to analyze the change in time use as a function of the increasing share of the
population reaching the exercise target. Figures display the average time allocated to
each activity (in hours per week) plotted against the population-level compliance rate,
stratified by subgroup.

3 Results

The estimation results from the MDCEV model presented in Table 1 reveal the behavioral
structure behind time allocation decisions across daily activities. In this formulation, the
δ parameters capture the baseline utility of initiating participation in a given activity
— they determine whether the activity is likely to be selected at all. The γ parameters
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function as translation or satiation terms, governing how much time is allocated once the
activity has been chosen.

Table 1: Parameter estimation results of the MDCEV model

Parameter Estimate Robust S.E. Robust t-stat

Gender
Working (male) 0.133 0.063 2.10
Unpaid work (male) –0.450 0.062 –7.24
Eating / cooking (male) –0.199 0.045 –4.41

Education (higher education = yes)
Unpaid work 0.049 0.065 0.76
Eating / cooking 0.030 0.045 0.67
Exercising 0.323 0.074 4.38
Travel 0.125 0.060 2.09
Active travel 0.264 0.058 4.57

Income (reference: low income)
Unpaid work (medium income) 0.329 0.106 3.10
Unpaid work (high income) 0.402 0.103 3.90
Eating / cooking (med. inc.) 0.141 0.085 1.67
Eating / cooking (high inc.) 0.263 0.079 3.33
Working (med. income) 0.218 0.090 2.42
Working (high income) 0.201 0.084 2.40

Age (reference: middle-aged)
Unpaid work (young) –0.277 0.073 –3.79
Eating / cooking (old) 0.122 0.088 1.39
Exercising (old) 0.111 0.123 0.90
Leisure (young) 0.219 0.055 4.01
Leisure (old) 0.137 0.079 1.75
Travel (young) 0.170 0.072 2.37
Travel (old) –0.244 0.102 –2.40
Active travel (young) 0.183 0.068 2.71
Active travel (old) –0.183 0.100 –1.82
Working (old) –0.813 0.105 –7.72

Children in Household (young kids = yes)
Unpaid work 0.946 0.083 11.43
Eating / cooking 0.116 0.050 2.31
Exercising –0.241 0.083 –2.91
Leisure –0.081 0.058 –1.39
Travel 0.089 0.065 1.36
Active travel 0.060 0.064 0.94
Working –0.063 0.063 –1.01

Car Access (car = yes)
Exercising 0.097 0.131 0.74
Travel –0.295 0.109 –2.71
Active travel –0.353 0.096 –3.68
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The estimated MDCEV parameters reveal clear patterns in how individuals allocate time
across competing activities. Among the δ parameters, which govern the baseline utility of
participating in an activity, working (δ = −3.08), exercising (δ = −4.48), and active travel
(δ = −3.36) exhibit the most negative values, suggesting these activities face substantial
entry barriers. In contrast, leisure and eating/cooking are more routinely included. The γ
parameters indicate that once chosen, working (γ = 6.33), leisure (γ = 1.42), and exercise
(γ = 1.40) are granted the largest time shares, while travel and active travel are allocated
only minimal time, reflecting low marginal utility.
Sociodemographic parameters further underscore structural differences in behavior. Men
are significantly less likely to engage in unpaid work or cooking, while higher-educated
individuals are more likely to participate in exercise and active travel. Parents of young
children are far more likely to include unpaid work but slightly less likely to exercise,
highlighting a caregiving constraint. Car owners are less likely to include active travel,
and older individuals show lower participation in both work and active travel, aligning
with expected life-stage patterns.

The simulation framework allows us to analyze how individuals reallocate time across
daily activities as a growing share of the population meets recommended physical activity
levels. Results are examined by tracking changes in average time use for each activity
in relation to the percentage of the population exceeding 150 minutes of weekly exercise,
both at the population level and across key sociodemographic subgroups.
The simulation results presented in Figure 1 reveal clear and consistent patterns in how
individuals reallocate time to meet physical activity guidelines, with meaningful variation
across activities and sociodemographic groups. On average, time spent on working, unpaid
work, and eating and cooking declined the most, reflecting their role as key trade-off
domains. In contrast, leisure time remained more stable, indicating its higher behavioral
priority.
Across population subgroups, individuals with higher income and education exhibited the
largest absolute reductions in working time and leisure, while those with young children or
limited car access showed more constrained behavioral responses, particularly in reducing
unpaid work or travel. Gender differences also emerged: women displayed smaller shifts
in paid and unpaid labor, consistent with persistent caregiving roles, while men were
more likely to displace working time. These findings demonstrate that while reallocating
time for exercise is behaviorally feasible, the cost and capacity to do so is unequally
distributed—driven by existing time-use patterns, structural constraints, and revealed
preferences.
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Figure 1: Time spent on working across population subgroups as exercising increases

4 Discussion and Conclusion

This study contributes to the growing literature on time-use trade-offs and physical
activity by simulating how individuals reallocate time to meet recommended exercise
guidelines, based on empirically estimated preferences. Using a utility-maximizing MDCEV
framework, the analysis offers new insight into the behavioral cost of reallocating time
across competing daily activities and highlights the heterogeneity in individuals’ capacity
to make such adjustments.
Consistent with prior research, the simulation results suggest that increased physical
activity typically displaces time from unpaid work, eating and cooking, and working, and
to a lesser extent from leisure. These findings resonate with evidence from accelerometer
and diary-based studies showing that individuals tend to reduce sleep and sedentary
time on days when they engage in more exercise (Yao and Basner, 2019; Hayes-Ortiz
et al., 2023), and with intervention studies that report reductions in television viewing
and household tasks when individuals increase physical activity (Gomersall et al., 2015;
Nooijen et al., 2018). Importantly, the present simulation reveals that such reallocation is
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typically distributed across multiple domains, rather than concentrated in a single activity.
This underscores the interdependence of daily routines and the subtlety of real-world
behavioral adaptation.
The relatively modest reductions in leisure time further support the notion that individuals
are inclined to preserve high-utility discretionary activities unless severely constrained, a
pattern also observed by Chastin et al. (2015).
The distribution of behavioral adjustments across population subgroups aligns with
previous evidence showing unequal time-use constraints. Women and individuals with
caregiving responsibilities exhibited smaller relative reductions in unpaid work and more
modest increases in exercise time. These patterns reinforce earlier findings that family
obligations and role expectations disproportionately limit women’s ability to engage in
physical activity (Nomaguchi and Bianchi, 2004; Bellows-Riecken and Rhodes, 2008).
Similarly, individuals with higher income or education levels appeared more capable of
adjusting their time use, consistent with the broader literature linking socioeconomic
status to greater control over time and health-related behaviors (Bauman et al., 2012).
Relatively, men were more likely to reduce time spent on both unpaid work and paid
employment, due to the lower baseline utility for these domains. This supports prior
studies documenting persistent gender differences in time allocated to domestic labor
(Arora and Wolf, 2014), and highlights how such differences influence the behavioral
feasibility of adopting healthier routines.
Compared to previous approaches—including regression-based time-use models (Christian,
2009), compositional data analysis (Chastin et al., 2015), and experimental designs
(Gomersall et al., 2015)—the MDCEV framework used here provides a distinct advantage.
It models time-use choices as the outcome of a utility-maximizing process, allowing for both
the inclusion and exclusion of activities (corner solutions) and accounting for diminishing
marginal utility. This allows not only identification of what changes occur in response
to increased physical activity but also inference about which changes are more or less
costly for individuals in behavioral terms. From a policy perspective, the findings suggest
that promoting physical activity should not rely solely on motivational or informational
campaigns. Rather, structural supports—such as flexible work policies, active mobility
infrastructure, and affordable childcare—are essential for reducing the behavioral cost of
adopting healthier routines. Policies aimed at increasing physical activity must take into
account the competing time demands individuals face and recognize that these demands
are unequally distributed across the population.
From a research standpoint, this study demonstrates the potential of combining high-
resolution, multi-week time-use data with behaviorally grounded simulation models to
explore constrained behavioral adaptation. The approach not only allows for scenario-
based analysis but also for identifying which activities are hardest to displace and for
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whom. Future work could extend this framework by incorporating financial trade-offs,
fatigue effects, or long-term health outcomes, or by applying it in different cultural or
institutional contexts.
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