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Daily activities and mobility dynamics play a central role in the spread of COVID-19. Close
physical interactions involved by certain daily activities help transmit the virus. Travel
required by the spatial distribution of activities contributes to the propagation of the virus. In
order to control and limit this propagation, it is critical to understand the contribution of daily
activities to the dynamics of COVID-19. This paper investigates the connection between
daily activities, their distribution in space and time, the characteristics of the individuals
performing them, and the transmission of the virus. A business-as-usual agent-based
simulation scenario of Montreal, Canada is used. To address this research question, we
use two agent-based models: MATSIM and EPISIM. MATSIM simulates daily activities and
mobility dynamics of the population. EPISIM simulates the spread of the virus in the
population using contact networks computed by MATSIM. A synthetic population of
Montreal is defined to replicate the main observed sociodemographic characteristics of
Montrealers as well as their activity and mobility patterns. The definition of the synthetic
population relies on various data sources: household travel survey, census, real estate, car
ownership, and housing data. In the business-as-usual scenario, findings underline the
significant role of home, work, and school activities in community transmission of COVID-
19. Secondary activities, including leisure and shopping, also help spread the virus, but to a
lesser degree in comparison with primary activities. The risk of infection in the workplace
depends on the economic sector. Healthcare workers are, by far, the most exposed
workers to the virus. Workplace infections mirror the gender-biased job market of
Montreal. Most infections in the healthcare and educational services are among
women. Most infections in the manufacturing, construction, transportation, and
warehousing industries are among men. In the business-as-usual scenario where
community transmission is high, primary and secondary school-aged children are
found to be a major transmission vector of the virus. Finally, simulation results suggest
that the risk of infection in the public transportation system is low.
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1 INTRODUCTION

Since its onset, the severe acute respiratory syndrome
Coronavirus 2 (SARS-CoV-2), responsible for the COVID-19
disease1, has swept through the globe to ravage more than 200
countries. As of May 2021, the virus has infected more than
162 million persons and it has claimed nearly 3.4 million lives
(WHO, 2021). This swift propagation is partly due to individual
and global dynamics of activity and mobility (Chang et al., 2020;
Xiong et al., 2020; Yilmazkuday, 2021). Close physical
interactions involved by daily activities help transmit the virus
from one infected individual to another (WHO, 2020a). The
mobility of infected individuals undergirds the spatial
propagation of the virus. These two factors: activities and
mobility, are critically important for understanding and
controlling the spread of the virus. This paper investigates the
connection between daily activities, mobility, and the spread of
the virus in Montreal, Canada using an agent-based simulation
approach.

While the connection between travel and pandemic dynamics
in general, and COVID-19 in particular, has largely been
addressed (Grais et al., 2003; Epstein et al., 2007; Frias-
Martinez et al., 2011; Smieszek et al., 2011; Badr et al., 2020;
Chang et al., 2020; Xiong et al., 2020; Yilmazkuday, 2021), the
investigation of the link between activities and virus transmission
has received relatively less attention (Arthur et al., 2017; Almagor
and Picascia, 2020; Institut Pasteur, 2020; Kerr et al., 2020; Müller
et al., 2021). Yet, the role of daily activities like work, education, or
shopping in virus transmission is crucial to examine, not only
from a research perspective, but also from a policy viewpoint. In
the absence of this information, governments and health
authorities have no choice but to enact restrictive measures on
everyday activities to limit the spread of the virus as what has been
seen in the first wave of the current pandemic. In some critical
situations, even harsh restrictions, like total lockdowns, with strict
control of activities and mobility of individuals were imposed
(Blavatnik School of Government, 2021).

Research on the contribution of travel to the spread of
pandemics has been addressed at different spatial scales:
continental, national, regional, and local. Several research
papers underline the significant role played by long distance
travel, be it by air, sea, or train in the spread of infectious diseases
(Grais et al., 2003; Epstein et al., 2007; Chinazzi et al., 2020; Hu
et al., 2020). Other studies have focused on urban mobility and its
role in community transmission of infectious diseases
(Wesolowski et al., 2015; Ruktanonchai et al., 2016; Huang
et al., 2020; Xiong et al., 2020; Yilmazkuday, 2021).

Research on the contribution of daily activities, taken
individually and in combination, to the transmission of
COVID-19 is still limited. Often, research studies focus on the
risk involved by specific activities like work, school, or home with
little regard to their global, wider, and complementary
contribution to community transmission. In these studies,
home is found to be a major source of infection outbreaks (Bi

et al., 2020; Leclerc et al., 2020; Li et al., 2020; Liu et al., 2020a; Liu
et al., 2020b; Galmiche et al., 2021). Due to the high likelihood of
close, repeated, and long interactions between household
members, the introduction of the SARS-CoV-2 into homes
bears a high risk of transmission to cohabitants. In the context
of home-related infections, early research suggests that the
quarantine status of the infected member, his/her age, and
household status (spousal or not), influence the risk of virus
transmission inside homes (Li et al., 2020; Madewell et al., 2020;
Galmiche et al., 2021).

Infections in the workplace are also significant, especially
among healthcare, salespersons, manufacturing, wholesale
trade, warehouse workers, and transit and taxi drivers
(Direction Régionale de la Santé Publique de Montréal, 2020;
Heinzerling et al., 2020; Institut Pasteur, 2020; Lan et al., 2020).
Health reports and research studies indicate that the risk of
COVID-19 infection is higher in essential jobs than others.
These jobs are often occupied by women, low-wage workers,
immigrants, and visible minorities (Hawkins, 2020; St-Denis,
2020).

During the first wave of COVID-19, most countries have
imposed school closures (Max Roser et al., 2020). After the
reopening of schools, several COVID-19 outbreaks have been
reported (Direction Régionale de la Santé Publique de Montréal,
2020; European Center for Disease Prevention and Control
(ECDC), 2020; Liu et al., 2020a; Stein-Zamir et al., 2020).
Research on the role of schools and school-aged children in
community transmission of COVID-19 is burgeoning, and
consensus on this question is yet to be reached (Davies et al.,
2020; Hyde, 2020; Munro and Faust, 2020b; Puntis, 2020). Many
studies stress that schools have limited contribution to
community transmission of SARS-CoV-2 (European Center
for Disease Prevention and Control (ECDC), 2020;
Ludvigsson, 2020; Munro and Faust, 2020b; Ontario Public
Health, 2020; Falk et al., 2021; Zimmerman et al., 2021).
Conversely, other studies suggest that schools and school-aged
children may play an active role in community transmission of
the virus (Lee et al., 2020; Puntis, 2020).

As regards secondary activities, like leisure, social gatherings,
and shopping, the lack of appropriate data limits the investigation
of their specific contribution to community transmission,
especially in contexts where non-essential activities are
restricted (Baicker et al., 2020; Chang et al., 2020). In this
context, general recommendations have been issued to limit
social activities that involve close interactions (within 2 m, for
example) for periods of time longer than a reference threshold
(15 min daily, for example), especially in enclosed places (Centers
for Disease Control and Prevention (CDC), 2020; Government of
Canada, 2020).

This brief literature review brings to light the need for a
comprehensive understanding of the connection between daily
activities, urban mobility, population sociodemographics, and
virus transmission. To fill this research gap, we investigate the
following research question: how do daily activities, taken
individually and in combination, their distribution in space
and time, and the characteristics of the individuals involved in
them contribute to the COVID-19 pandemic? We investigate1In the following, SARS-CoV-2 and COVID-19 are used interchangeably.
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this connection in the case of Montreal, Canada using an agent-
based approach. Findings of this research can help improve our
understanding of the current pandemic, and ultimately help
design efficient policy mitigation measures.

2 METHODS AND MATERIALS

We adopt an integrated modeling framework of two agent-based
models (Figure 1): MATSIM (Horni et al., 2016) and EPISIM
(Müller et al., 2021). MATSIM simulates daily activity and
mobility dynamics of the population. EPISIM uses these
dynamics to simulate the spread of the virus in the
population. The coupling of these two microsimulation models
gives birth to emerging infection phenomena at the macroscopic
level (Figure 1).

To examine the link between daily activities, urban mobility,
and COVID-19 infections, the above integrated agent-based
approach is appropriate. This approach provides the possibility
to track infected and susceptible agents in space and time, and to
relate infections to specific agents, their characteristics, and their
activities.

2.1 MATSIM
MATSIM (Multi-Agent Transport Simulation) is a state-of-
the-art transportation agent-based model (ABM), developed
for more than 2 decades, and put into practice in different
case studies from various cities around the world (Horni
et al., 2016). As any ABM, MATSIM relies on a synthetic
population and individual daily activity plans. In a MATSIM
simulation, agents carry out their plans and compete for
network capacity to minimize unproductive travel and
activity times. During the simulation, agents learn how to
adapt their daily plans based on their experience over a series
of repeated simulations of the same day (iterations). At the
system level, this mechanism can be thought of as a co-
evolutionary algorithm. After a sufficient number of
iterations, MATSIM outcomes reach an equilibrium state
where each agent has an optimal daily plan given the
global state of the system.

Observations on the mobility of the population are used to
calibrate MATSIM parameters and validate its outcomes
(Figure 1).

MATSIM outcomes on individual daily activity plans are rich
input data for modeling epidemics (Smieszek et al., 2011). These
plans offer an insight into the distribution, in space and time, of
potential interactions of agents and their durations. These
outcomes are used by EPISIM to reconstruct contact networks,
i.e., who interacts with whom, when, where, and for how long
(Figure 1).

2.2 EPISIM
EPISIM, for Epidemic Simulation, is an agent-based
epidemiological model that has recently been introduced to
study the spread of infectious diseases (Müller et al., 2021).
Epidemic models can roughly be grouped in two categories:

• Non-mechanistic: statistical models
• Mechanistic: epidemiological models

Statistical models rely on extrapolation to predict future trends
of infection cases, hospitalizations, or the number of deaths.
These models have no epidemiological foundation in that they
do not model the mechanics at work in the transmission of
infections (Li et al., 2021). Epidemiological models, in contrast,
include these mechanics to explain the spread and evolution of
infectious diseases. These models offer more possibilities to study
epidemics and mitigation measures than statistical ones (Perez
and Dragicevic, 2009; Ajelli et al., 2010; Frias-Martinez et al.,
2011; Hoertel et al., 2020; Kerr et al., 2020). They are also an
interesting decision-support tool for their ability to assess
different policy interventions and mitigation measures to
control pandemic situations.

In addition to its epidemiological foundation, the agent-based
approach of EPISIM opens up new opportunities to study
individual behaviors, complex systemic interactions, and
emerging phenomena (Ajelli et al., 2010; Frias-Martinez et al.,
2011; Smieszek et al., 2011; Gaudou et al., 2020; Hoertel et al.,
2020; Koo et al., 2020). The premise of the EPISIM modeling
framework has already been demonstrated in the case of the 2003/

FIGURE 1 | Integrated simulation framework.

Frontiers in Built Environment | www.frontiersin.org July 2021 | Volume 7 | Article 6542793

Manout and Ciari Daily Activities and COVID-19 Pandemic

https://www.frontiersin.org/journals/built-environment
www.frontiersin.org
https://www.frontiersin.org/journals/built-environment#articles


2004 H3N2 influenza epidemic in Switzerland (Smieszek et al.,
2011). EPISIM has been applied to Berlin in Germany, to model
the spread of SARS-CoV-2 with different policy scenarios (TU-
Berlin, 2020).

EPISIM uses MATSIM outcomes to reconstruct contact
networks and computes the risk of infection for each
interaction, as well as the evolution of the disease in infected
agents (Figure 1). This model can be roughly broken down into
two sub-models:

1. Infection Model
2. Disease Progression Model

2.2.1 Infection Model
The infection model is based on the work of Smieszek (2009).
This model links the risk of infection to the intensity and duration
of interaction. It computes for each susceptible, i.e., not infected,
agent the probability of contracting the virus following an
interaction with an infected agent as:

⎧⎪⎨
⎪⎩

PA→B � 1 − exp(−θ × R)
R � TA−B × CIA−B × (1 −MA) × (1 −MB)≥ 0
θ > 0

(1)

PA→B is the probability of agent A to infect B. If both A and B are
susceptible, PA→B � 0. R is the risk run by agent B after
interacting with agent A. R ∈ [0,+∞]. TA−B is the duration of
interaction between A and B. T ∈ [0,+∞]. T is provided by
MATSIM. CIA−B is the contact or interaction intensity between
agents A and B. CI ∈ [0,+∞]. This intensity depends on different
unobserved factors, like the physical distance or the social bond
between agents A and B. For lack of information on this factor, we
assume that CIA−B � 1 for all interactions, except for leisure
activities and workers of the health and social assistance sector.

The contact intensity during leisure activities is assumed
greater than that of other activities (CIleisure � 2). Often, leisure
activities involve interactions with close contacts, which entails
closer interactions than other activities, everything else
being equal.

For agents working in the health and social assistance sector,
half of their work time is assumed in close interaction with
patients (not necessarily of COVID-19) and other colleagues.
During these interactions, the contact intensity is set to 2.

MA/B is a risk-reduction factor to account for face-covering
protective measures. M ∈ [0, 1]. We assume that agents use
similar face-masks, i.e., M is constant for all agents, and thus,
its value is included in θ. With appropriate data, it is possible to
model the use of different face-covering practices with varying
degrees of protection.

θ is a calibration parameter that fits EPISIM outcomes to
observed infection data, i.e., number of infections or
hospitalizations.

Since the precise social networks of agents is, to some degree,
unknown (except for household and family interactions), we
assume that an agent, in a given facility at a given time,
interacts with a pre-defined number of randomly chosen

agents. In this research, each agent is assumed to interact with
a maximum of eight other agents present at the same moment
and in the same facility or vehicle.

In the case of Montreal, we consider the influence of weather
on leisure activities. The proportion of outdoor leisure activities is
assumed to evolve with seasons. From November to January, 90%
of leisure activities are assumed indoor. In August, 70% of leisure
activities are assumed outdoor. In between, the share of outdoor
activities is linearly interpolated. The indoor/outdoor ratio has a
direct impact on the contact intensity parameter.

2.2.2 Progression Model
The progression or transition model is responsible for simulating
the evolution of the state of COVID-19 in infected agents. This
model is inspired by the conventional compartment model:
Susceptible Infected Recovered (SIR) (Kermack and
McKendrick, 1927; Wangping et al., 2020; Rubin et al., 2021).
The progression model includes eight compartments and three
types of transition rules (Figure 2). Transition rules are: time-
dependent, probability-dependent, or both.

Time-dependent progressions are deterministic and move all
agents in a given compartment to the next stage using transition
durations. These durations are assumed to follow a log-normal
distribution whose parameters μ and σ are derived from
pandemic observations. These values are shown in Figure 2
and more details can be found in Müller et al. (2021).

Probability-dependent transitions embody the uncertainty
involved in the evolution of the disease. Probability transitions
affect only some agents, uniformly or conditional on their
characteristics. Time-probability transitions are probability
progression rules that affect certain agents after a certain pre-
defined duration spent in the corresponding compartment. In
this research, we use an age-dependent probability progression
model that assigns different disease states depending on the age of
the agent. The age-dependent probabilities in Table 1 are
computed using COVID-19 pandemic data of Quebec, Canada
(Institut national de santé publique du Québec (INSPQ), 2020a).

At each disease stage that involves a time-probability
transition, the infected agent can directly recover after a
certain period of time (Figure 2).

2.3 Materials
2.3.1 Synthetic Population
The Census Metropolitan Area (CMA) of Montreal, hereafter
referred to as Montreal, has a population of nearly four million
persons (Statistics Canada, 2016). 47% of this population lives in
the island of Montreal, i.e., the census division (CD) of Montreal
(Figure 3).

For the agent-based approach to be implemented, a detailed
description of the main sociodemographic, activity, and mobility
characteristics of all individuals in the population is needed. For
confidentiality and cost reasons, this information is only available
for a limited portion of the total population. To overcome this
data limitation, our research, as most agent-based models do,
relies on a synthetic population that replicates main observed
characteristics of the population of Montreal.
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2.3.2 Data
Different data sources are used to prepare the synthetic
population: census data (Statistics Canada, 2016), Household
Travel Survey (HTS) (Ministére des Transports du Québec
(MTQ), 2013), car ownership data (Société de l’Assurance
Automobile du Québec (SAAQ), 2016), and housing data
(Ministére des Affaires Municipales et de l’Occupation du
Territoire (MAMO), 2014). Census (Statistics Canada, 2016)
provides aggregate sociodemographic information on
households (number, size, presence of children, etc.) and
persons (number, gender, age, working status, etc.) at different
spatial resolutions. In this paper, we use the smallest spatial
resolution, i.e., the dissemination area. Data on car ownership
and driving license (Société de l’Assurance Automobile du
Québec (SAAQ), 2016) are used to enrich census data. The
HTS provides detailed information on mobility, daily activities,
and population sociodemographics for a small sample of the total
population (less than 5% in Montreal).

Basically, population synthesis uses census data to compute
expansion factors of observations in the HTS and to clone
individuals and households according to their corresponding
weights. The resulting population has the advantage of: 1)
being comprehensive, i.e., it characterizes all individuals in the
population, and 2) of replicating observed data. Housing data
(Ministére des Affaires Municipales et de l’Occupation du

Territoire (MAMO), 2014) are used to spatially locate
activities of synthetic agents.

The synthetic population is prepared using the hierarchical
Iterative Proportional Updating method, with two spatial
resolutions: dissemination area and census tract (Ye et al.,
2009; Konduri et al., 2016). The EQASIM pipeline is used to
enrich the population with daily activities and prepare MATSIM
input data (Hörl and Balać, 2020). To keep computation times
reasonable, a random sample of 25% of the synthetic population
is retained, resulting in 1,011,295 agents and 431,580 households
included in our simulation.

Census data is open-access. HTS, car ownership, and housing
data have been made available on request.

2.3.3 Simulation Scenario
The focus of this research is to unravel the connection between
daily activities, population characteristics, and the spread of
COVID-19. To ensure behavioral consistency in the model, we
use a business-as-usual (BAU) scenario where no pandemic
policy intervention is imposed. Agents are assumed to
maintain their travel and activity habits. Such a scenario is
more plausible during the first weeks or months of the
pandemic (from January to March 2020 for example), or when
activities have resumed after the summer break of 2020. Despite
its unrealistic assumptions during the peak of the pandemic, the

FIGURE 2 | EPISIM progression model of COVID-19.

TABLE 1 | Age-dependent disease progression probabilities (Institut national de santé publique du Québec (INSPQ), 2020a).

Age (years) Probability of having
symptoms (%)

Probability of becoming
seriously sick (%)

Probability of transition
to critical (%)

<15 80 2.3 12.5
15–19 80 1.1 16.1
20–29 80 1.8 19.4
30–39 80 3.3 24.4
40–49 80 5 27.3
50–59 80 9.9 28.7
60–69 80 20.5 30.3
70–74 80 34.3 22.1
>74 80 25 5
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BAU scenario is still useful to gain insight on the role of daily
activities in the spread of the virus in the absence of policy
restrictions. This information can help policy makers design
efficient interventions.

In this context, the EPISIM infection parameter θ is set to
10−5s−1. This value is used to replicate the number of infection
cases in Montreal in the first weeks of the pandemic. This
parameter reflects the predominant SARS-CoV-2 variant in
Quebec during March and April 2020. 10 randomly chosen
agents are infected during the first days of the simulation to
seed the infection process.

3 RESULTS

In this section, we explore the connection between the number of
infections and daily activities. First, we examine the link between
individual activities and the risk of infection. The second part
takes a more global approach by considering daily plans
(combination of activities) in connection with the risk of
infection.

Findings of the following section pertain to a business-as-
usual (BAU) scenario with no policy restriction or behavioral
change following the surge of the pandemic. The results do not
relate to the current pandemic situation in Montreal, Canada.

3.1 Do Activities Contribute Equally to the
Spread of COVID-19?
Daily activities contribute unequally to the spread of COVID-19
(Figure 4). In the BAU scenario, simulation outcomes reveal that
91% of infection cases in the CMA of Montreal are due to three
activity types. Home, work, and education activities are
responsible for 41%, 30%, and 20% of total infections,
respectively. Secondary activities, namely: leisures, shopping
and other activities, account for less than 6% of infections.
The remaining infections, 3%, are attributable to the public
transportation system.

There is an imbalance between the share of activities in the
daily plans of Montrealers and their contribution to COVID-19
infections. With 20% of daily activities spent, on average, at work
and educational activities, these occupations are responsible for
50% of infections. Home and secondary activities are, in contrast,
under-represented in infections regarding their shares in
daily plans.

3.1.1 Infections During Home Activities
Simulation outcomes show that homes are the primary site of
infection (Figure 4). 41% of infections take place at homes. Close
and repeated interactions between household members for long
hours increase the risk of virus transmission. This is especially

FIGURE 3 | The census metropolitan area of Montreal and its 2016 population.
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true in family households that represent 63% of all households in
the CMA of Montreal (Statistics Canada, 2016).

In all home-related infections, the virus is imported from
an out-of-home activity, with the exception of the first 10
infected persons used to seed the infection process. The

analysis of the first two levels of the infection graph
(Figure 5) reveals that in 45% (35% + 10%) of home
infections, the virus is introduced by a household member
infected in school. In 41% (34% + 7%) of cases, the virus is
imported from the workplace. 3% of home infections can be

FIGURE 4 | Comparison between the share of daily activities in COVID-19 infections and in daily plans (frequency in terms of number/occurence).

FIGURE 5 | Activities responsible for introducing SARS-CoV-2 into homes traced back to two levels.
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traced back to other cohabitants. Secondary activities are
responsible for less than 11% of virus introduction into
households (Figure 5).

These findings suggest that the presence of school-aged
children, workers, and the size of the household are key
factors in the introduction and transmission of the virus in
homes. To confirm this assumption, we compute the attack
rate, i.e., empirical probability of infection, in households
conditional on their number of children, workers, and size
P(infection∣∣∣∣Kids, Workers, Size) (Figure 6).

As expected, the probability of infection in households
increases with the number of children under the age of
19 years old, workers, and the size of the household. The

odds of infection, i.e., the ratio of the probabilities of getting
infected to being susceptible, in households of size 5 with
three children are 18 times the odds of infection in a one-
person household. In households of size 5 with two workers
and three children, the odds of infection are 87 times the
odds of infection of a non-worker one-person household.

3.1.2 Infections in the Workplace
The workplace is the second major infection site after homes
(Figure 4). Work activities often involve repeated interactions
with colleagues or customers for long periods of time. This bears
the risk of virus transmission and cluster formation. To better
understand this risk, infections in the workplace are investigated

FIGURE 6 | Empirical infection probability in households, conditional on their size, number of children (A), and workers (B). The size of the population is displayed
inside each cell.
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using the North American Industry Classification System
(NAICS) of infected agents.

Findings reveal that the Health care and social assistance sector
(NAICS 62) is, by far, themost affected sector (Figure 7). It employs
12% of the workforce in the CMA of Montreal, and it is responsible
for 17% of work-related infections. In the second position, the Retail
trade economic sector (NAICS 44 and 45) with its 12% of workforce
contributes to 11% of infections. 10% of work-related infections are
due to Manufacturing (NAICS 31–33) and Professional, scientific
and technical services (NAICS 54). These two sectors employ 10%
and 9% of the workforce, respectively. Educational services (NAICS
61) are responsible for 7% of work infections, and provide 8% of
jobs. Activities relating to Accommodation and food services
(NAICS 72), Construction (NAICS 23), and Public
administration (NAICS 91) contribute by 5% to infections and
to the workforce. Other economic sectors like: Agriculture and
farming, Utilities, and Mining offer few jobs, and hardly contribute
to work-related infections in Montreal.

The distribution of workplace infections among men and
women follows the distribution of both genders in the job
market of Montreal (Figure 7). In the Health care and social
assistance sector, the share of women in the workforce and
infections is 80% and 78%, respectively. In Educational
services, the share of women in the workforce and infections
is 68% and 66%, respectively. 88% of workers and infections in the
Construction sector are amongmen. In theManufacturing sector,
the share of men in the workforce and infections is 70% and 72%,
respectively.

As regards the incidence rate, i.e., infection probability, in the
workplace, three groups of economic sectors can be defined
(Figure 8):

1. Health care and social assistance (NAICS 62): with the most
highest incidence rate of infection

2. Economic sectors with an incidence rate between 20%
and 40%

FIGURE 7 | Total infections in the workplace by gender and NAICS classification (North American Industry Classification System).
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3. Real estate, rental, and leasing (NAICS 53) with the lowest
incidence rate

These disparities have serious social and economic
consequences. For instance, the odds of infection of a health
and social worker relative to a worker of finance and insurance, or
real estate, rental and leasing are 1.6 and 4.7, respectively.

3.1.3 Infections During Educational Activities
We assume that children and adults have equal infectivity,
i.e., capacity to infect others, and susceptibility, i.e., capacity to
contract the SARS-CoV-2. Given this assumption, simulation
outcomes show that 20% of infections occur during educational
activities. 75% of these infections concern students under the age

of 19 years old. Given this age distribution, the majority of these
infections are mild. However, findings stress that educational
facilities are important infection clusters that contribute actively
to community transmission (Figure 5).

3.1.4 Infections in Secondary Activities
In comparison with their share in daily plans, the contribution of
secondary activities to COVID-19 infections is underrepresented. On
average, these activities account for 19% of daily occupations (in
number) and 6% of infections. When compared with susceptible
agents, infected ones are found to perform more late-ending
secondary activities, i.e., ending after 8PM, than the former. 40%
of infections in these activities occur during activities ending
after 8PM Figure 9.

FIGURE 8 | Incidence rate of COVID-19 in the workplace by NAICS classification.

FIGURE 9 | Empirical probability of infection in secondary activities according to their end-time.
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The examination of the ending time of secondary activities
responsible for infections suggests that the probability of infection
in secondary activities is higher for late-ending activities than for
early ending ones, i.e., ending before 8PM (Figure 9). In other
words, late-ending activities are more riskier in terms of infection
than early-ending ones.

3.1.5 Infections in the Public Transportation System
In addition to infections occurring during activities, a relatively
limited part of infections is directly attributable to trips joining
these activities. We only consider infections taking place in the
public transportation system. 3% of infections can be traced back
to the transit system. Half of these infections occur during the
morning (6–9AM) and evening (4–6PM) rush periods.

Regarding the safety of using public transportation, simulation
results indicate that, in the BAU scenario, the probability of
getting infected in public transit is 4.2%, meaning 42 infected
agents for every 1,000 transit users.

3.2 Daily Plans and the Risk of Infection
In the previous section, we highlight the link between individual
activities and COVID-19 infections. This section broadens the
scope to explore the connection between daily plans
(combination of activities) and the risk of infection. For this
purpose, we retain three dimensions to describe daily plans:

1. Number of out-of-home activities
2. Total duration of out-of-home activities
3. Spatial distribution of out-of-home activities.

The focus on out-of-home activities is motivated by their
direct or indirect responsibility for almost all virus introductions
and transmissions as shown in the previous section.

3.2.1 Number of Activities
In the CMA of Montreal, simulation results show that 59% of
infections occur during out-of-home activities, and all virus
transmission can be traced back to out-of-home activities
(Figures 4, 5). In this regard, one can assume that the risk
of infection of an agent is positively correlated with its number
of out-of-home activities. The more activities the agent
performs outside of home, the higher the risk of contracting
the virus.

Findings show that the average number of out-of-home
activities of susceptible and infected agents is 1.15, 1.77
activity per day, respectively. However, when agents not
performing any out-of-home activity during the simulation
are excluded from the analysis, the probability of infection
seems not to depend on the number of out-of-home
activities. Instead, the risk of infection slightly decreases with
this number among agents performing at least one out-of-home
activity per day (Figure 10).

3.2.2 Duration of Activities
By design, the risk of infection during an activity is exponentially
dependent on its duration (Eq. 1). Longer activities bear more
risk of infection to an agent than shorter activities, everything else
being equal. In the case study of Montreal, simulation outcomes
indicate that infected agents spend more time in out-of-home
activities than non infected agents (Figure 11). The median daily
duration of out-of-home activities among infected and
susceptible agents is 8 h 25 min and 6 h 40 min, respectively.
Figure 11 shows that the duration of 7 h 30 min is a tipping point
in the infection probability distribution. More than 50% of
susceptible agents spend less than 7.5 h outside home. In
contrast, only 25% of infected agents spend less than 7.5 h
outside home.

FIGURE 10 | Risk of infection conditional on the number of out-of-home activities in daily plans. Observations with less than 100 records are not included in the
analysis.
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3.3 Spatial Clusters of Infections
To examine the spatial distribution of infections in Montreal, we
use the rate of infection computed at the census tract level using
the home location of infected agents. The infection rate is the
ratio of the number of infections to population. In the CMA of
Montreal, the spatial distribution of this rate is found to be non
random. The Moran’s index of spatial autocorrelation test rejects

(p< 0.001) the null hypothesis of complete spatial randomness of
the rate of infection at the census tract. The spatial distribution of
the infection rate follows a positive autocorrelation pattern, or
clustering [graphic (B) in Figure 12].

The investigation of the location of infection clusters, using the
local Moran’s statistic (LISA) (Anselin, 1995), reveals that the
Central Business District (CBD) of Montreal is a cold cluster with

FIGURE 11 | Cumulative distribution of the total duration of out-of-home activities for infected and susceptible agents.

FIGURE 12 | Spatial clusters of the infection rate at the census tract level in Montreal. Panel (A): local Moran’s statistic at p � 0.05.Panel (B): spatial distribution of
the infection rate.
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a low rate of infection [graphic (A) in Figure 12]. This means that
the census tracts (CT) in the CBD have a low rate of infection and
have neighbors with also a low infection rate. On the contrary, the
north-east and south-ouest areas are hot clusters with a high
infection rate [graphic (A) in Figure 12].

4 DISCUSSION AND POLICY
IMPLICATIONS

4.1 Role of Home, Work, and School in
COVID-19 Transmission
Findings on the prevalence of home-related infections are
concordant with conclusions from Bi et al. (2020); Leclerc
et al. (2020); Li et al. (2020); Liu et al. (2020a); Liu et al.
(2020b); Scientific Advisory Group for Emergencies (2020);
Shen et al. (2020); WHO (2020b); Galmiche et al. (2021).
These studies suggest that households are an important
contributor to virus transmission. This is especially true in
large households with school-aged children (Scientific
Advisory Group for Emergencies, 2020; Martin et al., 2020;
Bravata et al., 2021; Galmiche et al., 2021; Vlachos et al., 2021).

Simulation results show that the workplace is the secondmajor
source of infection. This finding is confirmed by different studies
and observations that highlight the significance of work-related
infections (Direction Régionale de la Santé Publique de Montréal,
2020; Institut national de santé publique du Québec (INSPQ),
2020b; Lan et al., 2020; Galmiche et al., 2021; Nash et al., 2021). As
of the first of December 2020, 48% and 22% of all active COVID-
19 outbreaks in the census division (CD) of Montreal took place
in the healthcare system and other workplaces, respectively
(Direction Régionale de la Santé Publique de Montréal, 2020).

At the time of writing this paper, the role played by schools and
school-aged children in community transmission is still
controversial [see European Center for Disease Prevention and
Control (ECDC) (2020) for an exhaustive review on the subject].
Studies suggest that where transmission levels are low, school
openings do not significantly increase the risk of community
transmission (Falk et al., 2021; Zimmerman et al., 2021), and
where transmission levels are high, schools can significantly
contribute to community transmission (European Center for
Disease Prevention and Control (ECDC), 2020; Keeling et al.,
2021). Furthermore, empirical data shows that the presence of
school-aged children increases the risk of infection in households
(Bravata et al., 2021; Gold et al., 2021). This is in line with our
findings related to the BAU scenario where community
transmission is high. In this case, our research emphasizes the
role of schools, especially primary and secondary institutions, in
community transmission.

4.2 COVID-19, Work, Gender, and Social
Inequities
Findings indicate that the incidence rate of infections in the
workplace differs according to the economic sector. This is in
line with previous research and observations (Institut Pasteur,

2020; Institut national de santé publique du Québec (INSPQ),
2020b; Contreras et al., 2021). Health and social assistance workers
are the most vulnerable toward COVID-19. All studies and
infection records acknowledge the prevalence of COVID-19
among healthcare workers (HCW) (Canadian Institute for
Health Information (CIHI), 2020; Chen et al., 2020; Direction
Régionale de la Santé Publique de Montréal, 2020; Nguyen et al.,
2020). As of July 2020, the incidence rate among HCW and the
total population, in Canada, was 19% and 3%, respectively
(Canadian Institute for Health Information (CIHI), 2020; Public
Health Agency of Canada, 2020). Data also support the varying
prevalence of COVID-19 infections according to the economic
sector. Manufacturing, retail, wholesale, and warehouse industries
are often found to have higher numbers of COVID-19 outbreaks
than the rest of economic sectors (Institut Pasteur, 2020; Lan et al.,
2020; Institut national de santé publique du Québec (INSPQ),
2020b; Contreras et al., 2021). Real estate, rental, leasing, finance
and insurance are often found to have low incidence rates
(Contreras et al., 2021). These discrepancies are likely to worsen
with the enforcement of restrictive policy measures. Actually, in
most affected countries, work activities have been limited to
essential businesses, including health and social assistance and
educational services.

In addition to the unequal COVID-19 exposure of workers
from different economic sectors, their sociodemographic
characteristics are also at play in determining their risk of
infection by SARS-CoV-2. In Montreal, as well as in Canada
and other countries, women are overrepresented among health
and social assistance workers (Statistics Canada, 2016; Boniol
et al., 2019). As a consequence, most infections in this sector are
among women. This result is supported by several studies and
pandemic reports (Bandyopadhyay et al., 2020; Mutambudzi
et al., 2020; Zheng et al., 2020). Outside of work, simulation
results indicate that the number of infections among women is
higher than that of men in shopping activities (58% of infections),
other activities like escorting kids (54% of infections), and public
transit (53% of infections). This is due to the overrepresentation
of women in these activities.

4.3 Why Is There an Imbalance in the
Relative Contribution of Activities to
Infections?
Findings from the BAU scenario support that most infection
cases are attributable to primary activities: home, work, and
education. In contrast, secondary activities are only responsible
for a limited part of infections, despite their non-marginal average
share in daily activity plans ofMontrealers. This is due to the non-
uniform distribution of activity durations. By design, the risk of
infection during an activity depends on its duration (Eq. 1). In the
CMA of Montreal, and most likely in other metropolitan areas,
individuals spend more time in primary activities than in
secondary ones during an ordinary working day.
Consequently, primary activities bear more risk of infection
than secondary ones, everything else being equal. In the case
of Montreal, 77% of the cumulative activity time is spent at home,
13% at work, 6% at school, 2% in leisure activities, and the
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remaining at shopping and other activities. Given this duration
distribution, it is expected for primary activities to outweigh
secondary ones as a source of infection.

This research demonstrates that in the absence of policy
interventions and behavioral change, primary activities and
particularly work and educational occupations play a critical role
in community transmission of the virus. These two activities are
responsible for most COVID-19 infections, either directly (infections
during the activity), or indirectly (virus introduction into households).

From a policy perspective, these two activities require careful
attention andmonitoring, especially where community transmission
is high. With the enactment of policy restrictions on non-essential
activities, massive teleworking, and school reopening, it is likely that
the relative share of daily activities in infections will change. In this
context, an increase in the relative share of home and school
infections and a decrease in work-related infections are expected.

4.4 What Is More Riskier: Many
Out-Of-Home Daily Activities or Longer
Ones?
Findings reveal that the infection risk depends more on the
duration of out-of-home activities than on their number.
Simulation outcomes reject the assumption of a positive
correlation between the risk of infection and the number of
out-of-home activities in the daily plans of agents performing
at least one out-of-home activity. As the number of these activities
increases, the risk of infection slightly decreases. Given the 24 h
constraint on daily activities, an increase in their number reduces,
inevitably, their average duration (Figure 13). In daily plans with
one out-of-home activity, the average duration of this activity is
6 h and 45 min. In daily plans with five out-of-home activities, the
average duration of these activities is 1 h and 20 min. An increase
in the number of out-of-home activities induces a decrease in
their corresponding infection risk.

The above conclusion does not hold for agents who do not
perform any out-of-home activity. For these agents, the probability
of infection is nearly zero.With the introduction of at least one out-
of-home activity in their daily plan (a work-related activity, for
example), the probability of infection escalates to nearly 50%.

From a policy perspective, this finding suggests that more
emphasis should be put on the reduction of the duration of out-
of-home activities than their number. In practice, such a policy is
difficult to implement. Instead, several governments and local
authorities have resorted to extensive activity restrictions or total
lockdowns to indiscriminately control the number and the
duration of all out-of-home activities.

4.5 Why do Most Infections in Secondary
Activities Occur Late in the Day?
Results suggest that the probability of infection in secondary
activities is higher for late ending activities, i.e., ending after 8PM,
than for early ending ones (Figure 9). This is mainly due to the
distribution of the duration of secondary activities over the day.
On average, late-ending secondary activities last longer than
early-ending ones (Figure 14).

This result is of interest to the enactment of nighttime activity
restrictions. In many countries, nighttime curfews were imposed
to limit the spread of the virus through non-essential activities.
Data on how individuals engage in activities and for how long can
help policy and health authorities set appropriate curfew hours.

4.6 Business Closures
Policy interventions should adapt to the reality of the job market and
to the distribution of infections across economic sectors. In absolute
and relative terms, the infection risk is more prevalent in some
economic sectors than others. This calls for different control policies
for different economic sectors (Figure 8). If the aim of health
authorities is to limit the burden on hospitals, then maintaining

FIGURE 13 | Distribution of the average duration of out-of-home activities according to their number in daily plans in the population of Montreal.
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open economic sectors with low infection risk would be less
problematic and more manageable by the health system than for
other sectors. In the case of the CMA of Montreal, an example of
these businesses can be identified in the right side ofFigure 8 (NAICS
51 and forth). For these sectors, a total shutdown, as what has been
observed here and there, might be unjustifiable from a health
perspective with dire economic and social consequences on workers.

4.7 Infection in Public Transit
Simulation outcomes highlight the low risk of infection in the
transit system. This finding is in agreement with other studies
from China, France, Japan, and the United States (Hu et al., 2020;
Institut Pasteur, 2020; Galmiche et al., 2021; Nash et al., 2021).
Nevertheless, tracing back infections to transit is difficult (Institut
Pasteur, 2020; Galmiche et al., 2021). This may understate the
contribution of transit to the transmission of the virus.

When prevention and control measures are adopted by transit
agencies, the risk of infection in transit should be lower than our
estimate (4.2%). Despite this fact, data from various metropolitan
areas show a sharp decline and a slow recovery in transit ridership
between March and December 2020 (Google, 2020). Besides the
economic slowdown and massive teleworking, this decline is also
due to a persistent fear of contagion in public transportation
systems (Tan and Ma, 2021). In this regard, transit agencies need
to address this psychological barrier to regain their users and
ensure their financial viability.

4.8 How Census Data Can Help Limit
Infections?
This research underlines the positive correlation between the risk
of infection in households, their size, their number of children,
and workers. This finding is confirmed by different observations
and studies that also add to this finding by highlighting the
prevalence of the virus among low-income communities and

immigrants (Figueroa et al., 2020; Institut Pasteur, 2020; Stefanelli
et al., 2020; Toronto Public Health, 2020; Martin et al., 2020).
Given this pattern and with the support of basic census data, this
information can help identify, in advance, vulnerable
communities and neighborhoods to closely monitor their
health and prevent uncontrollable outbreaks.

5 CONCLUSION

Daily activities and mobility dynamics are key factors to the surge
of COVID-19. Close interactions involved by certain daily
activities play a central role in the transmission of the virus.
The travel required by the spatial distribution of activities helps
spread the virus from one place to another. Aware of their critical
role, governments supported by health authorities have
controlled, restricted, and even banned activities and travel in
critical circumstances. However, the connection between
everyday activities, the travel they require, and the dynamics
of virus transmission is not yet clear. This research contributes to
answering the question of how daily activities, their distribution
in space and time, and the characteristics of the individuals
involved in them contribute to the current pandemic.

To address this question we rely on an agent-based approach
and two models: MATSIM and EPISIM. MATSIM provides rich
data on daily activity and mobility events of each agent in the
population. EPISIM exploits these data to reconstruct the spatial
and dynamic social contact networks and simulates the spread of
the virus in these networks. This approach has already been proven
operational and informative. The case study of Montreal in Canada
and a business-as-usual (BAU) scenario with no policy intervention
or behavioral change are used to address the research question.

Findings from this research contribute to our understanding of
the current pandemic and provide useful policy implications. In the
BAU scenario, home, work, and educational activities are

FIGURE 14 | Duration of secondary activities according to their ending hour.

Frontiers in Built Environment | www.frontiersin.org July 2021 | Volume 7 | Article 65427915

Manout and Ciari Daily Activities and COVID-19 Pandemic

https://www.frontiersin.org/journals/built-environment
www.frontiersin.org
https://www.frontiersin.org/journals/built-environment#articles


responsible for the majority of infection cases. Secondary activities,
like leisure or shopping have a lesser role in the spread of the virus
than primary activities. This is in line with the total time spent at
each of these activity types on a daily basis. The introduction of the
virus into homes is mainly due to school-aged and working
household members. This finding has interesting policy
implications both for the control of risky activities and the
monitoring of highly exposed and vulnerable communities.

The risk of infection in the workplace depends on the economic
sector. Some workers are more exposed to SARS-CoV-2 than
others. Healthcare workers are, by far, the most vulnerable
toward this disease. The distribution of workplace infections
among men and women depicts the distribution of both genders
in the job market. In sectors like health and social assistance or
education, women are overrepresented thanmen, and consequently
most infections in these sectors are among women. In other sectors,
like manufacturing, construction, transportation, or warehouse, the
number of male workers outweighs that of women and so does the
number of infections among men. These disparities persist even
outside of the workplace to the detriment of women. This situation
is likely to be exacerbated with the enactment of uniform or blanket
policy interventions as what has been observed in different
countries. This calls for scrutiny and comprehensiveness in the
enactment of mitigation measures.

The varying risk of infection in different economic sectors
requires policy interventions to adapt to this reality. The
shutdown and opening of businesses should take into account
the infection risk involved by each specific industry. With the
exception of essential businesses, closures and openings have
often been imposed without distinction. Yet, it is more efficient, if
not just, to adapt these policies in order to limit their social and
economic consequences.

Secondary activities contribute to the transmission of the
SARS-CoV-2, but to a lesser degree when compared with
primary activities. Late-ending secondary activities are riskier
than early-ending ones for that they last longer. In critical
situations, the limitation or even the restriction of certain risky
long secondary activities can be effective in limiting the spread of
the virus and less harsh than a restriction of all secondary
activities.

6 LIMITATIONS AND FUTURE WORK

This research has several limitations. The most critical one relates
to the exclusive use of weekday activity and mobility data. The
activity and mobility dynamics of the synthetic population of
Montreal replicate weekday observations. For this research, data
on weekend activities and travel were unavailable. This
shortcoming has noteworthy implications on our findings.
Weekend activities and mobility patterns are likely to be
different from weekday patterns. Often, more time is spent at
secondary and home-based activities on weekends than on
weekdays. Conversely, work and school activities are less
conducted on weekends than weekdays. Consequently, the use
of weekday activity data is likely to overestimate the contribution
of work and school activities in infections and underestimate that

of secondary activities. To address this shortcoming, future work
will include data on weekend activity and travel habits.

The yearlong invariance of daily activity plans is also a
limitation of this research. For lack of data on the seasonal
variability of activities, we assume that agents carry out the
same activity program all year round. Changes in daily
activities involved by seasons or holidays (winter or summer
breaks, for example) are not included. In particular, we do not
consider school or work holidays. This limitation is likely to
overestimate the share of primary activities relative to secondary
ones in infection cases. To overcome this limitation, panel or
longitudinal data describing the variability over months of travel
and activity behaviors are needed.

Another limitation of our work is the use of a synthetic
population. For confidentiality reasons, exhaustive and
representative data on the population are unavailable. This
limitation is common to almost all agent-based models.
Moreover, the synthetic population of Montreal is prepared
using 2013 household travel survey (HTS) data. We implicitly
assume that the 2013 activity and mobility behaviors of
Montrealers are representative of those of 2020. Early results
from the latest 2018 HTS suggest that this assumption is unlikely
to have important implications on our conclusions (Transport
Métropolitain (ARTM), 2020).

To limit the computational burden of simulation, a random
sample of the total synthetic population is used. In this paper, our
findings are based on a random sample of 25%. Findings on the
total number of infections are weighed by a coefficient of 4 to
match the total population. Future research is needed to assess the
sensitivity of the outcomes toward the size of the sample and the
random sampling procedure.

For lack of data on contact intensity between agents,
i.e., interaction closeness, we assume the same intensity for all
interactions, except those involved by leisure activities and among
healthcare workers. Yet, it is expected that friends interact more
closely than work colleagues do, for example. For workers, this
intensity varies also according to the economic sector and even
within the same sector. To address this limitation, passive data,
like COVID-19 contact tracing phone application data, can help
quantify the interaction intensity between people.

In the infection model, we assume that agents have a constant
and equal maximum number of contacts. This assumption is
questionable as the number of daily contacts varies among agents
according to their sociodemographic characteristics, time of day,
interaction location type, season, etc. If available, more accurate
data can be integrated within the EPISIM framework tomodel the
maximum number of contacts.

For lack of data on patient(s)-zero, the detailed process of
disease import is not included in our research. We randomly
draw 10 agents from the population to initiate the infection
process. However, the number of patients-zero, their
interactions with other agents, and the date of their
introduction in the population can play an important role in
the dynamics of the pandemic (Manout et al., 2020).

Our findings are based on a hypothetical scenario where no
policy mitigation measure is introduced and where agents do not
adapt their travel and activity behaviors. This scenario does not
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depict the ongoing pandemic situation of Montreal. Future work
is needed to understand how individuals and households have
adapted their travel and activities during the pandemic and in
response to varying and evolving policy measures.

At the time of writing this paper, there was no consensus on
the role of school-aged children in virus transmission (Davies
et al., 2020; Hyde, 2020; Puntis, 2020; Munro and Faust, 2020b;
Flasche and Edmunds, 2021). In this paper, we assume that
children and adults have the same infectivity and susceptibility
to COVID-19. However, recent studies suggest that children have
lower infectivity, susceptibility, and probability of showing
COVID-19 symptoms than adults (Munro and Faust, 2020a;
Munro and Faust, 2020b; Dattner et al., 2021; Zimmerman et al.,
2021). In light of this new evidence, future work will include an
update of the parameters of the infection and progression models
used in this research.

Finally, we could not perform the external validation of some
of our findings for lack of convenient observations or previous
studies. For example, the external validation of the link between
the number of out-of-home activities, their duration, and the risk
of infection needs disaggregated data on individual infection cases
and their circumstances. To date, these data are unavailable.
These findings can serve as starting assumptions of future work.
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