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Abstract

In the year 2020, the COVID-19 virus has caused a tremendous amount of problems worldwide, having a
large negative impact on the economy and general health of the population. This is partly due to the rapid
spread of the virus, where it is easily transmitted between people, and henceforth also between regions.
Researchers often only consider to model the interaction between people but fail to use real mobility data.

In this study, real mobility data is used as an extension to the existing stochastic SEIR-model (Suscep-
tible, Exposed, Infected, Recovered). The anonymized and aggregated mobility data, extracted from mobile
phone services, was provided by the company Mezuro. In cooperation with the University of Technology
Eindhoven and several other universities and companies, an initiative was started to combine existing models
with the mobility data to create a new, more accurate, model.

For this newer version of the SEIR-model, multiple parameters were incorporated that were already de-
termined in other studies related to the spread of COVID-19. In this study, the SEIR-model was extended
to include hospitalizations. Furthermore, it now distinguishes three different moments of infection. From
the data provided by Mezuro, the number of visitors from one municipality to another was extracted, which
was in turn used to determine: the number of people getting infected by visitors; the number of visitors
getting infected by inhabitants; and the number of people getting infected from other inhabitants of a cer-
tain municipality. These numbers will then be used to update the number of susceptible, exposed, infected,
recovered, and hospitalized.

After using this model to simulate the scenario without any measures, it can be seen that up to 40% of
the population is infected at the same time, and up to 20% of the population is hospitalized. When only
implementing either personal (1.5 meter distance) or travel measures, there was only a slight decrease to be
seen in the number of infected people. When combining these measures, it showed a significant decrease.
However, the total number of infected people in this simulation was still higher than in the present situation,
showing that more measures are needed in the model than these personal and travel measures. Assuming
there is no change in tactics, local measures based on the infected percentage, the area of initial infections
does not influence the total number of infected people.

The advice would be, for further research, to first validate the model in-depth and then start simulat-
ing regional lockdowns or measures when an outbreak happens in one of its municipalities to see its effect.
Moreover, the effect of other variables like usage of public transport, the age of the infected, or certain events
like concerts or festivals could be studied.
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1 List of symbols

Symbols Meaning

Pv The probability of infecting a contact in another
municipality.

Ph The probability of infecting a contact in the same
municipality.

Cv The number of contacts in another municipality.
Ch The number of contacts in the same municipality.
Ti The average number of days before someone devel-

ops symptoms and becomes infectious.
Tr The average number of days before someone recov-

ers from the virus from the moment they develop
symptoms and become infectious, without needing
to go to the hospital.

Ts The average number of days before someone is ad-
mitted to the hospital after they develop symptoms
and become infectious.

Th The average number of days someone is hospital-
ized, until the moment of recovery.

Hp The percentage of COVID-19 patients who need to
go to the hospital.

M1(k) A numerical value ranging from 0 to 1, indication
the personal measure parameter. This parameter
will be multiplied with Pv or Ph to lower the infec-
tion probability.

M2(k) A numerical value ranging from 0 to 1, indication
the travel measure parameter. This parameter will
be multiplied with v1 or v2 to lower the number of
visitors.

va The number of visitors, from municipality k to mu-
nicipality l on day t, extracted from the data.

v1 The number of visitors, from municipality k to mu-
nicipality l on day t, when the travel measures have
been taken into account.

Iv The number of infected visitors, from municipality
k to municipality l on day t, when the travel mea-
sures have been taken into account.

Vi(k) The number of people who got infected, in munici-
pality k, by a visitor from another municipality.

vb The number of visitors, from municipality l to mu-
nicipality k on day t, extracted from the data.

v2 The number of visitors, from municipality l to mu-
nicipality k on day t, when the travel measures have
been taken into account.

NIv The number of susceptible visitors, from munici-
pality l to municipality k on day t, when the travel
measures have been taken into account.

Hi(l) The number of visitors, from municipality k, who
got infected by an inhabitant from another munic-
ipality.
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Li(k) The number of people, from municipality k, who
got infected by another inhabitant of municipality
k.

Ni(k, t) The total number of newly infected people in mu-
nicipality k on day t.

E(k, t) The total number of exposed people in municipality
k on day t.

I(k, t) The total number of infectious people in municipal-
ity k on day t.

H(k, t) The total number of hospitalized people in munici-
pality k on day t.

R(k, t) The total number of recovered people in municipal-
ity k on day t.

Nh(k, t) The total number of newly hospitalized people in
municipality k on day t.

T (k, t) The total number of people, that are not suscepti-
ble, in municipality k on day t.

M0 The scenario where there are no measures imple-
mented.

M1 The scenario where only the personal measures have
been implemented, using the parameter M1(k).

M2 The scenario where only the travel measures have
been implemented, using the parameter M2(k).

M12 The scenario where both the personal and the travel
measures have been implemented, using the param-
eters M1(k) and M2(k).

n(k) The number of inhabitants of municipality k.
Dm(k, t) The “measures-list” containing the numbers 0, 1,

and 2, bases on the infected percentage in munici-
pality k on day t.

L1 A list with samples from the Uniform[0,1] distribu-
tion. The number of samples is equal to the value
I(k, t).

P1 The probability of infecting a contact in another
municipality, when taking measures into account.
This probability is based on the number of suscep-
tible.

L2 A list with samples from the Uniform[0,1] distribu-
tion. The number of samples is equal to the value
n(l)− I(l, t)− E(l, t)−R(l, t)−H(l, t)− Vi(l).

P2 The probability of infecting a contact in another
municipality, when taking measures into account.
This probability is based on the number of infected.

L3 A list with samples from the Uniform[0,1] distribu-
tion. The number of samples is equal to the value
NIv ∗ Cv.

P3 The probability of infecting a contact in the same
municipality, when taking measures into account.
This probability is based on the number of suscep-
tible.

Table 1: The table including all symbols used in the model and their explanation.
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2 Introduction

2020 has been a turbulent year dominated by COVID-19. This virus not only caused many societal problems
but also invoked a great number of scientific challenges. This thesis focuses on mathematically modeling and
simulating the spread of the virus in the Netherlands, based on mobility information provided by Mezuro.
Moreover, the effect of several measures, and the area of initial infections will also be studied.

Early stages of COVID-19 In December 2019 the COVID-19 virus was first identified in Wuhan, China.
On January 30, 2020, the WHO declared the outbreak “a Public Health Emergency of International Con-
cern”, and later on March 11, it was declared a pandemic. All over the world news of the increase of infected
citizens was published and Europe faced its first major outbreak in Italy in February 2020. When reports
came in that army trucks needed to help with moving bodies in the Italian city of Bergamo, it became
clear for most people that the virus was not just like the ordinary flu. Some governments were trying to
prevent the virus from entering by closing all borders while others were aiming to slow down the spread
of the virus by implementing measures such as an obligation to wear a mask, work as much from home,
or even a total lockdown, where no one was allowed to go outside without proper reason. These measures
also caused collateral damage, mostly to the economy. Because people were often urged to stay at home, or
a lockdown was in effect, a lot of companies collapsed and a many people lost their job without receiving
financial aid from the government. Moreover, these measures also impacted the health of individuals, as
reports of depression and domestic violence increased. At the time of writing, the world is still struggling to
find a balance between containing the virus, reducing health problems caused by a lockdown, and preventing
the collapse of the economy.

Situation in the Netherlands In the Netherlands, the first case was reported in Tilburg on February
27, 2020. A few days later, on March 6, 128 more cases were reported together with the first Corona related
death. As the Netherlands, and the rest of the world, is struggling to contain this virus, there can be a lot
to learn when it comes to the spread of COVID-19. Knowing where the next local outbreak will be, could
help with notifying the hospitals in the area or even set up local measures to prevent further spread. As of
November 17th 2020, over 450 thousand people were diagnosed with COVID-19 in the Netherlands alone.
To slow down the spread of the virus, the government has put measures in place for the entire country. This
helped to lower the number of newly reported cases, but not everyone agreed to the measures. Even though
in a lot of municipalities the spread of the virus was not accelerating, as in other municipalities, they still
had to face the repercussions to the local economy because of the nationwide measures. When measures are
in effect based on the local situation, the economy will not suffer as much and the spread of the virus would
still slow down. However, before local measures can be put into effect, more needs to be known about the
spread of the virus in the Netherlands. This makes sure that, if an outbreak happens in one area, other areas,
which are in close contact with the infected area, can take measures in advance. Moreover, local hospitals
can be warned to make sure they are prepared for a sudden rise in the number of hospital patients. More
background information can be found on tijdlijncoronavirus.nl.

Outline In this thesis, the impact of (the location of) the area of initial infections and the personal (1.5
meter distance) and travel measures will be studied. This will be further explained in Chapter 3. After a
literature study it became clear that there are already a lot of researchers focusing on studying and simulating
the spread of the virus, and how taking certain measures could slow the spread of the virus. Some of these
studies will be discussed in Section 4.1. Most of these models also simulate the movement patterns of people.
However, these movement patterns are estimated based on observations. In the model described in Chapter
6, the movement patterns will be directly linked to the movement data extracted from mobile phone signals.
Where this data comes from and how it can be used will become clear in Chapter 5. Next, in Chapter 7, the
results of the simulation can be found, distinguishing between which measures are taken. Lastly, the results
and the methods will be discussed together with some recommendations for further research and the final
conclusions will be made in Chapter 8 and 9, respectively.
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3 Problem Description

Area of initial infections One of the main research questions in this thesis is about the influence of the
area of initial infections. To study this, 10 municipalities, located across the Netherlands, were selected.
These municipalities were selected based on size and location. For almost every province, one municipality
was chosen based on size. The reason not to choose smaller municipalities was based on the impact. A smaller
municipality would have a bigger impact once the virus reaches a bigger municipality. Thus, to properly
study the impact of the starting location, only the bigger municipalities were selected. The results of the
simulations were compared to see what effect the area of initial infections would have on the spread of the
virus. The goal is to determine which areas cause the fastest spread of COVID-19 through the Netherlands
and to recommend in which municipality it is important to act faster once an outbreak is detected. This will
also be done for different measures, to see if a municipality becomes less or maybe even more “dangerous”
when certain measures are in place.

Measures The other main research question is about the effect of different measures. For every starting
municipality, four scenarios will be studied. The first scenario is without any measures. This is the baseline
to see how the spread of the virus would go when everybody would act like there is no virus. This means
that people will not keep distance, will not stay at home when having symptoms, and will visit theatres,
amusement parks, and more.

The second scenario simulates the reduced risk of infection. This scenario has two stages, one where people
are obligated to wear face masks to reduce the risk of infection. The second stage is where everybody keeps
1.5 meter distance. The decision of which stage is active depends on the percentage of infected in that
region. Here the assumption is made that everyone follows these rules once they are in place. However, in
this scenario, everyone will still visit their local theater and go to a party even when having symptoms. To
see how this affects the spread of the virus, the results from this scenario will be compared to the results of
the first scenario. Here, a calculation can be made of the expected number of deaths.

The third scenario will reduce the number of movements, also in a two-stage method. The first stage
will see a low reduction in the number of movements and the second stage will see a bigger reduction in
the number of movements. Here, the decision of which stage is active will also be based on the percentage
of infected in that region. In contradiction to scenario two, people will not go to parties. Moreover, more
people will also work from home. However, when they come in contact with another person, they will not
keep their distance or wear a face mask. The results of this scenario will be compared with both the first
and second scenario to see what the effect is of reducing the number of movements and also see if it has
more effect than the measures in scenario two.

The final scenario combines the measures of the second and third scenario. This is also more like the
current situation in the Netherlands, where it is urged, among others, to keep distance and work as much
as possible from home. The results from this scenario will be compared with all the other scenarios and a
conclusion will be made on the influence and effectiveness of certain measures.
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4 Literature overview

In the next section, some existing models on the spread of a virus, including COVID-19, are highlighted. A
distinction will be made between deterministic and stochastic models and some parameters, that are used in
the model described in Chapter 6, will be explained.

4.1 Existing models

Deterministic A deterministic model is mostly used to represent a large community where there is no
need to track each individual. In a deterministic model, there is no randomness, leading to the same outcome
every time when using the same initial values and parameters. These models are based on the assumption
that all the parameters and initial values are known.

In the case of modeling the spread of a virus, the most common model used is the SIR-model along with its
extensions such as the SEIR-, SIsIaR- and SEIR+D-model. The SIR-model simulates the number of sus-
ceptible (S), infected (I), and recovered (R). The extensions may include exposed (E), symptomatic infected
(Is), asymptomatic infected (Ia), dead (D), and more.

There exist multiple models like these to simulate the spread of a virus. One article about a general epidemic
model (Britton, 2010) uses the SIR-model with a homogeneous and closed community, where there is no
birth, death, immigration, or emigration. Here they use that s(t), i(t) and r(t) are fractions of the number
of susceptible, infected and recovered on time t, respectively. Moreover, s(t) + i(t) + r(t) = 1 for every t. A
set of differential equations will then form the basis of the deterministic model. Next, the parameters and
initial values are given and the model is complete.

To model the spread of COVID-19, some researchers have extended this SIR-model. One of these arti-
cles (Brugnano, Iavernaro, & Zanzottera, 2020) used a so-called SI2R2 model, where distinctions were made
between diagnosed and undiagnosed infected individuals and between diagnosed and undiagnosed recovered
individuals. This model was extended with migration coefficients between certain areas. Using these mi-
gration coefficients, the model will become more realistic since the movement patterns of individuals are
not homogeneous throughout a whole nation. In this way, the individual areas are homogeneous but the
interaction between these areas is not. When gathering enough data to properly estimate the parameters
so the model would fit the data, it was seen that this model proved reliable when predicting the spread of
COVID-19 in Italy.

In the model, x denotes the number of susceptible, y1 and y2 denote the number of undiagnosed and
diagnosed infected, and z1 and z2 denote the number of undiagnosed and diagnoses recovered. The system
of differential equations, without the migration extensions, is given by:

ẋ(t) = − β
N
x(t)y1(t) (1)

ẏ1(t) =
β

N
x(t)y1(t)− σy1(t− τ)s+(y1(t))− γ1y1(t) (2)

ẏ2(t) = σy1(t− τ)s+(y1(t))− γ2y2(t) (3)

ż1(t) = γ1y1(t) (4)

ż2(t) = γ2y2(t) (5)

The parameters are as follows:

• β is the coefficient of infection rate;

• N is the total number of individuals in the system;

• τ is the delay time between becoming infectious and detecting the virus;
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• σ is the probability of detecting the virus;

• γ1 and γ2 are the recovery coefficients of y1 and y2, respectively;

• s+(y1(t)) =

{
1 if y1(t) > 1,

0 otherwise,

is a switch factor to prevent corresponding values from becoming negative.

Equation (1) shows the change in the number of susceptible, x, based on the number of undiagnosed infected,
y1. The change in the number of undiagnosed infected, y1, which is based on the number of susceptible,
x, the recovery coefficient, γ1, and the detection probability, σ, is described in Equation (2). Equation (3)
expresses the change in the number of diagnosed infected, which is based on the number of undiagnosed
infected, the recovery coefficient, and the detection probability. The change in the number of undiagnosed
recovered, which is based on the number of undiagnosed infected, and the recovery coefficient is shown in
Equation (4). Lastly, Equation (5) describes the change in the number of diagnosed recovered, which is
based on the number of diagnosed infected and the recovery coefficient.

In Section 6.2, the differences and similarities of this model, compared to the model used in this thesis,
will briefly be highlighted.

Stochastic A stochastic or probabilistic model is mostly used to simulate the movement inside a smaller
community. This model relies on random variations, which can result in different outcomes when using the
same initial values and parameters. When a large number of simulations of the probabilistic model has been
done, using the same initial values and parameters, a distribution of potential outcomes can be derived. This
can be used, for example, to establish a risk analysis for making investments.

When considering simulating the spread of a virus in a stochastic model, the SIR-model is also the most com-
mon. The article mentioned above (Britton, 2010), also uses a stochastic version of the SIR-model. In this
version, S(t), I(t) and R(t) are the number of susceptible, infected and recovered, where S(t)+I(t)+R(t) = n
and n is the size of the population. Here, the assumption of a closed and homogeneous community is in
place. The difference with the deterministic model is that the change in S(t), I(t) and R(t) is based on
distributions. A Poisson distribution is used for establishing when a close contact occurs, and a Uniform
distribution is used for determining which individuals are having close contact. Moreover, another distribu-
tion FI is used for the infectious periods.

There are also stochastic SIR-models to simulate the spread of COVID-19. One of these models (He,
Tang, & Rong, 2020) uses a SIR-model but with many extensions, like hospitalizations, quarantine, death,
and more. Making use of mostly Binomial distributions, the parameters were estimated using the available
data. After completing the model, it was fitted 100 times and compared with the actual data. It shows that
a stochastic model can give an accurate prediction. These predictions come in the form of an interval where,
for example, the probability that the actual data will fall in a certain interval is 95%. The predictions made
in the article were based on the assumption that China would not lift the measures that were in place at the
time of writing. Since China in fact did lift the measures, the predictions were not accurate. However for
the first period, when China still had the measures in place, the predictions proved to be accurate.

In the model, S and Sq denote the number of susceptible and quarantined susceptible, E and Eq denote the
number of exposed and quarantined exposed, I denotes the number of infected, H denotes the number of
hospitalized, and R denotes the number of recovered. The system of equations is given by:

S(t+ h) = S(t)−B11(t)−B12(t) +B41(t) (6)

E(t+ h) = E(t) + (1− q)B11(t)−B21(t) (7)

I(t+ h) = I(t) +B21(t)−B31(t)−B32(t)−B33(t) (8)

Sq(t+ h) = Sq(t) +B12(t)−B41(t) (9)
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Eq(t+ h) = Eq(t) + qB11(t)−B51(t) (10)

H(t+ h) = H(t) +B31(t) +B51(t)−B61(t)−B62(t) (11)

R(t+ h) = R(t) +B33(t) +B61(t) (12)

Here q is the quarantine rate of exposed individuals and h denotes the time step. If h is set to 1 day, the
system of equation will be updated each day.
The values of B..(t) are given as follows:

• B11(t) ∼Poi(S(t) ∗ P11(t)) is the number of susceptible individuals who become newly infected;

• B12(t) ∼Poi(S(t) ∗P12(t)) is the number of quarantined susceptible individuals who have contact with
the infected individuals but are not infected;

• B21(t) ∼Bin(E(t), P21) is the number of new cases with symptom onset;

• B31(t) ∼Bin(I(t), P31) is the number of new confirmed and admitted patients;

• B32(t) ∼Bin(I(t), P32) is the number of new death from infected individuals;

• B33(t) ∼Bin(I(t), P33) is the number of newly recovered from infected individuals;

• B41(t) ∼Bin(Sq(t), P41) is the number of people released from quarantine;

• B51(t) ∼Bin(Eq(t), P51) is the number of people admitted to hospital (also isolated);

• B61(t) ∼Bin(H(t), P61) is the number of newly recovered from hospitalized cases;

• B62(t) ∼Bin(H,P32) is the number of new death from hospitalized cases.

The values of P denote the probability of that event happening. For example, P11(t) denotes the probability,
at time t, that one susceptible individual becomes newly infected.

Equation (6) shows the change in the number of susceptible by subtracting the number of susceptible who
became infected or had to go in quarantine and it adds the number of susceptible who were released from
quarantine. The change in the number of exposed, described in Equation (7), is calculated by adding the
number of susceptible who became infected and it subtracts the number of susceptible who became infected
but had to go into quarantine and the number of exposed who developed symptoms. Equation (8) show the
change in the number of infected who are symptomatic by adding the number of exposed who developed
symptoms and subtracting the number of infected who were admitted to the hospital, who died, and who
were recovered. Equation (9) represents the change in the number of quarantined susceptible by adding the
number of susceptible who had to go into quarantine and subtracting the number of susceptible released from
quarantine. The change in the number of quarantined exposed by adding the number of susceptible who
became infected but had to go into quarantine and subtracting the number of quarantined exposed who were
admitted to the hospital is expressed in Equation (10). Equation (11) shows the change in the number of
people who are admitted to the hospital by adding the number of newly admitted infected and quarantined
exposed people and subtracting the number of people who are recovered or dead. Lastly, Equation (12)
describes the change in the number of recovered individuals by adding the number of recovered, including
those who were and were not admitted to the hospital.
In Section 6.2 the differences and similarities with the model used in this thesis will be briefly highlighted.

4.2 Model parameters

There is a lot of research to be found on the values of different parameters relating to the spread of a virus.
The research on the parameters that were used in the model described in Chapter 6, will be highlighted.
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Infection probabilities The first parameters used in the simulation are Pv and Ph. These are the
probabilities of infecting a contact in another and in the same municipality, respectively. A study in China
(et al Luo L, Liu D, Liao X-I, 2020) found that in households 10.1 percent of the close contacts also contracted
the virus, in quarantine. In another study (Bi et al., 2020), also conducted in China, it was found that overall
7 percent of the close contacts were also diagnosed with COVID-19. Therefore Pv and Ph to be 0.07 and
0.101, respectively.

Number of close contacts Another set of parameters is Ch and Cv. These parameters are the average
number of contacts in and outside one’s municipality, respectively. No studies were found considering the
number of contacts inside or outside one’s municipality in the Netherlands. However, there are studies on the
average number of people in a Dutch household (Volksgezondheidenzorg.info, 2019), which is 2.1. Moreover,
the average number of contacts a COVID-19 patient has on a day was also determined (Bolt, Hek, Heins,
Van Dijk, & Korevaar, 2020), which was fluctuating around 20 contacts per day.
The data described in Chapter 5 shows that the biggest portion of the day one spends either at home or
at work. The other portion is mostly going out with friends or visiting relatives. No studies were found on
the average number of colleagues one has in the Netherlands. So assuming the average person has around
3 contacts, other than the household, in the same municipality, the parameters Ch and Cv were set to be 4
and 16 respectively.

Time before becoming infectious The parameter Ti is the average number of days before someone
develops symptoms and becomes infectious. According to the World Health Organization (WHO) this
number is set to be 5-6 days (WHO, 2020a). Therefore the parameter Ti is set to 5 days.

Time before full recovery The parameter Tr is the average number of days before someone recovers
from the virus from the moment they become infectious, without needing to go to the hospital. In a report
of the WHO (WHO, 2020c), it is said that patients with mild symptoms would take two weeks on average
to recover. However, these findings were based on hospitalizations and do not take the recovery time of
patients with light symptoms into account.
In the Netherlands, there is a mandatory 10-day quarantine from the day one came into contact with a
corona patient. The Ti was set to 5 days, so will also be set to 5 days.

Time before hospitalization The parameter Ts is the average number of days before someone is admitted
to the hospital after developing symptoms. The Dutch newspaper “de Volkskrant” found that on average
it takes about 6 days before someone is hospitalized from the moment they get infected (Le Clercq, 2020).
Considering Ti is set to 5 days, Ts will be set to 1 day.

Time in a hospital The parameter Th is the average number of days someone is hospitalized, until the
moment of recovery. A study done in India (Barman, Rahman, Bora, & Borgohain, 2020) show that it takes
25 days on average to recover from the virus when hospitalized. Therefore, the parameter Th is also set to
25 days.

Percentage of hospitalizations The parameter Hp is the percentage of COVID-19 patients who need
to go to the hospital. According to the WHO (WHO, 2020b), around 1 in 5 people who are infected are
hospitalized. So Hp is set to 20.

Measures The parameters M1(k) and M2(k) are numerical values ranging from 0 to 1. They represent
the personal and travel restrictions in municipality k, respectively. Both are set to be 1 when there are no
restrictions and are lowered when measures are in place.
The parameter M1(k) is about lowering the infection probability when measures such as an obligation to
wear a face mask or to keep 1.5 meters distance from each other are implemented. The other parameter,
M2(k), is about lowering the number of travels when measures such as travel restrictions are in place. The
travel restrictions can be working from home, closing certain stores, closing movie theaters, etc. When the
measures are in effect, in municipality k, the value of the parameters M1(k) and M2(k) will drop.
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The model described in Chapter 6 has 3 stages for each of the measures. The first stage is having no measures
at all, the second stage is having a small lockdown (mask obligation, small travel restrictions) and the last
stage is having a big lockdown (1.5 meter distance, large travel restrictions).

• Mask obligation and 1.5 meter distance
According to research on the effectiveness of wearing a mask (Aiello et al., 2010), it was found that
wearing a mask would reduce the risk of getting a flu-like illness with 35-51 percent. Moreover,
according to (Wang, Pan, Tang, Ji, & Shi, 2020), keeping distance to each other would reduce the
absolute risk of infection to 2.6 percent. Therefore the parameter M1(k) is set to be 0.55 for the small
lockdown. Since the product of Ph and M1 has to be 0.026, the value of M1(k) will be set to 0.26 for
a big lockdown.

• Travel restrictions
When observing the traffic intensity in the Netherlands during the first big lockdown in March, it
was found that the traffic intensity dropped on average by 25-40 percent (Turpijn, 2020). There was
nothing found on the difference during a small and big lockdown. So the parameter M2(k) will be set
at 0.75 for the small lockdown and it will be set at 0.6 for the big lockdown.
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5 Data analysis

In this section, the data and its source will be explained.

The data used in this thesis is kindly provided by the company Mezuro (www.mezuro.com). Mezuro is
a company that builds algorithms that can extract mobility information from raw data collected by an MNO
(Mobile Network Operator). Mezuro wants to make the movements in the Netherlands transparent, whilst
not breaching the privacy of its inhabitants.

Collecting data When someone’s phone connects to the mast, for example, to call, to search something
on the internet, or to just receive their latest Whatsapp messages, not using WiFi, the phone emits a signal.
This signal contains information that can either be qualified as a CDR or EDR. CDR stands for Call Detail
Record, which happens, for example, when someone makes a call or gets a text. The EDR stands for Event
Detail Record, which, for example, happens when the phone connects to the internet. Both the CDR and
EDR will contain the telephone number, the time, the identification number of the telephone mast(s) to
which the phone connected, and the so-called mast area. The mast area is the area in which a phone can
connect to the mast itself (i.e. if the phone is outside of that area, it cannot connect to the mast), see Figure
1. All this information will then be coupled to create a data frame.

Figure 1: Visualization of a mast area (white) vs a “Mezuro-area” (yellow). This figure is provided by
Mezuro.

From data to information After this data frame is built, the MNO will apply the algorithm of Mezuro
to extract the information. The following can be extracted from the data:

• The number of people in a certain area. This area can be a municipality, a province, or a specially
designed “Mezuro-area”.

• The residence and the destination.

• The travel frequency (per month).

• How long someone stays at their destination.

• The traveling distance.

• Way of traveling (for example, by car or public transport).

• Time of travel.
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• Reason of traveling (e.g. for work, school, or shopping).

The first three are used in this thesis. This (aggregated and anonymized) information is then sent to Mezuro
(on a monthly basis). Mezuro does not receive information that can directly or indirectly lead back to an
individual. They do not receive personal data and they also do not need it. This information is in the form
on day X, Y people went from place A to place B. This information is a matrix with three dimensions, the
origin, the destination, and the time (this can be per hour, per day, per week, per month, etc.). Lastly, the
data is only given when there are more than 15 data points. For example, if there are 15 people or less living
in area A and traveling to area B, the data count for that travel will be set to 0.

Validating the data To see if the algorithm of Mezuro indeed provides correct information, it is compared
to other data. One example is determining how many vehicles are on the road based on the information from
Mezuro and the actual count, done by the NDW (the National Road Traffic Data Portal), of the number of
vehicles on the same road. As can be seen in Figure 2, the information from Mezuro is quite accurate.

Figure 2: Comparing the data from Mezuro (green) with the data from NDW (orange) where the vehicle
count is given with respect to the time of the day. This figure is provided by Mezuro

Simulation data The data used in the simulation, described in Chapter 6, contains a matrix where the
number of people moving from one municipality to another municipality is given per day. As an example,
the number of visitors on March 1, 2019, from Amsterdam to Rotterdam can be extracted from the data.
For the simulation, only the data of the first two weeks of March 2019 were given. The simulation will repeat
the data of these two weeks, where the assumption is made that there is no change in behavior during, for
example, holidays.
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6 Simulation

In this section, some general explanation about the model can be found along with some elaborations using
mathematical descriptions.

6.1 General model explanation

In section 4.1, a distinction was made between a deterministic and a stochastic model. The model used in
this thesis can be categorized as a stochastic model. The stochastic part of the model will be elaborated in
Section 6.2. Algorithm 1 shows a general pseudo-code where the basic structure of the model is given.

Model description The model starts by setting all the initial values. When all the initial values are set,
the model will begin by checking if people are still infected. If there are no infections left, the simulation
will automatically terminate. This makes sure that the model does not make any unnecessary calculations
as it is assumed that there are no foreigners in the Netherlands, so there is no possibility for the virus to
come from foreign countries.
Next, the model will check for each municipality if someone is infected. If this is the case, the model will see
if there are measures in place and set the measure parameters accordingly. For every other municipality, it
will then search in the data how many people, from the infected municipality, traveled to this municipality.
It will determine how many visitors are infected and how many they infect in this specific municipality. This
will all be further explained in Section 6.2. Next, the model will also extract, from the data, how many
people from the other municipality come to the infected municipality and see how many of those visitors get
infected. After this is done for every municipality, it will be determined how many infected people infect
someone in their own municipality. This will also be explained further in Section 6.2. When the number of
newly infected people for each municipality is known, it will update the lists. The model will determine the
number of exposed, hospitalized, and recovered, which forms the basis of the model. Lastly, the day will be
updated and the next day will be simulated.
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Algorithm 1: General pseudo-code.

// See Table 1 for a description of all used symbols.

Result: Lists containing day-by-day information on the course of the virus
1 Set parameters
2 Set starting municipality
3 Get data
4 Initialize infection
5 Initialize day
6 Set list of the number of exposed people
7 Set list of the number of infected people
8 Set list of the number of hospitalized people
9 Set list of the number of recovered people

10 while People are infected do
11 for each municipality k do
12 if Someone is infected in that municipality then
13 Set the “measures-list”, by applying Algorithm 3
14 Set measure parameters, M1(k) and M2(k), according to Algorithm 4
15 for each different municipality l(6= k) do
16 From the data, extract number of visitors, va, from k to l on this day.
17 Adjust with the travel measure by setting v1 =round(va ∗M2(k))
18 Determine how many visitors are infected, Iv, according to Algorithm 5
19 Set the number of visitor infections, Vi(l), to 0
20 for each infected visitor (Iv) do
21 Use Algorithm 6 to determine how many contacts they infect, Vi(l), in

municipality l.

22 From the data, extract the number of visitors, vb, from l to k
23 Adjust with the travel measure by setting v2 =round(vb ∗M2(k))
24 Check how many visitors, NIv, are not infected, according to Algorithm 7.
25 Set the number of home infections, Hi(l), to 0
26 for each non-infected visitor (NIv) do
27 Determine how many visitors get infected, Hi(l), by someone in municipality k,

using Algorithm 8

28 for each municipality m do
29 Set measure parameters, M1(m) and M2(m), according to Algorithm 4
30 Set the number of local infections, Li(m), to 0
31 for each of the infected do
32 Determine how many contacts they infect, Li(m), in the same municipality, according to

Algorithm 9

33 Update the number of infections in this municipality, using the determined visitor, home and
local infections by setting Ni(m, t+ 1) = Vi(m) +Hi(m) + Li(m).

34 Update lists according to parameters

35 Update the day

Model dynamics When the model knows the number of newly infected people for each municipality, it will
determine the number of exposed, infected, hospitalized, and recovered for the next day. The first thing to
know is that the number of newly infected people are called exposed. This is when someone is infected but not
yet infectious. The model will add all the newly infected to the number of exposed and subtract all the newly
infected from Ti days prior. The number of infected is seen in the model as the number of people who are in-
fected and infectious, this is usually when someone develops symptoms. It is important to denote that when
someone is hospitalized, they are not infectious anymore. Next, the model will calculate the number of newly
hospitalized people by dividing Hp by 100 and multiplying it by the number of newly infected people Ti +Ts
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days prior. To know how many people are in the hospital, the model will add the number of new hospitaliza-
tions and subtract the number of people who stayed there for Th days. To calculate the number of infectious
people, the model adds the number of newly infected people from Ti days prior, which was subtracted from
the number of exposed. It then subtracts the number of new hospitalizations. To take recovery into account,
the model then subtracts the number of people who were newly infected Ti+Tr days prior. However, some of
these recovered people were hospitalized and are already subtracted from the number of new hospitalizations.
So the model will add the number of new hospitalizations from Tr − Ts days prior, to compensate for this.
Lastly, the model will determine the number of recovered people by adding the number of new hospitaliza-
tions from Th days prior and adding the number of people who were newly infected Ti + Tr days prior, here
also taking into account that some of the recovered were admitted to a hospital by subtracting the number of
new hospitalizations from Tr−Ts days. The formulas can be found in Algorithm 2. Here, E(k, t+1), I(k, t+
1), H(k, t + 1), R(k, t + 1), Nh(k, t + 1), T (k, t + 1) denote the total number of exposed, infected, hospital-
ized, recovered, newly hospitalized, and non-susceptible people in municipality k on day t+ 1, respectively.
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Algorithm 2: Determining exposed, infected, hospitalized and recovered.

// See Table 1 for a description of all used symbols.

1 if t ≥ Th + Ts + Ti − 1 then
// This happens when people can recover from the hospital

2 Nh(k, t+ 1) = bHp/100 ∗Ni(k, t+ 1− Ti − Ts)c
3 I(k, t+ 1) = I(k, t) +Ni(k, t+ 1−Ti)−Ni(k, t+ 1−Tr−Ti) +Nh(k, t+ 1−Tr +Ts)−Nh(k, t+ 1)
4 E(k, t+ 1) = E(k, t) +Ni(k, t+ 1)−Ni(k, t+ 1− Ti)
5 H(k, t+ 1) = H(k, t) +Nh(k, t+ 1)−Nh(k, t+ 1− Th)
6 R(k, t+ 1) = R(k, t) +Ni(k, t+ 1− Tr − Ti)−Nh(k, t+ 1− Tr + Ts) +Nh(k, t+ 1− Th)
7 T (k, t+ 1) = I(k, t) + E(k, t) +H(k, t) +R(k, t) +Ni(k, t+ 1)

8 else
9 if t ≥ Tr + Ti − 1 then

// This happens when people can recover in general

10 Nh(k, t+ 1) = bHp/100 ∗Ni(k, t+ 1− Ti − Ts)c
11 I(k, t+1) = I(k, t)+Ni(k, t+1−Ti)−Ni(k, t+1−Tr−Ti)+Nh(k, t+1−Tr +Ts)−Nh(k, t+1)
12 E(k, t+ 1) = E(k, t) +Ni(k, t+ 1)−Ni(k, t+ 1− Ti)
13 H(k, t+ 1) = H(k, t) +Nh(k, t+ 1)
14 R(k, t+ 1) = R(k, t) +Ni(k, t+ 1− Tr − Ti)−Nh(k, t+ 1− Tr + Ts)
15 T (k, t+ 1) = I(k, t) + E(k, t) +H(k, t) +R(k, t) +Ni(k, t+ 1)

16 else
17 if t ≥ Ts + Ti − 1 then

// This happens when people can be admitted to the hospital

18 Nh(k, t+ 1) = bHcp/100 ∗Ni(k, t+ 1− Ti − Ts)c
19 I(k, t+ 1) = I(k, t) +Ni(k, t+ 1− Ti)−Nh(k, t+ 1)
20 E(k, t+ 1) = E(k, t) +Ni(k, t+ 1)−Ni(k, t+ 1− Ti)
21 H(k, t+ 1) = H(k, t) +Nh(k, t+ 1)
22 R(k, t+ 1) = 0
23 T (k, t+ 1) = I(k, t) + E(k, t) +H(k, t) +Ni(k, t+ 1)

24 else
25 if t ≥ Ti then

// This happens when people can become infectious

26 I(k, t+ 1) = I(k, t) +Ni(k, t+ 1− Ti)
27 E(k, t+ 1) = E(k, t) +Ni(k, t+ 1)−Ni(k, t+ 1− Ti)
28 H(k, t+ 1) = 0
29 R(k, t+ 1) = 0
30 T (k, t+ 1) = I(k, t) + E(k, t) +Ni(k, t+ 1)

31 else
// This is for the first few days where no one can be infectious yet

32 I(k, t+ 1) = I(k, t)
33 E(k, t+ 1) = E(k, t) +Ni(k, t+ 1)
34 H(k, t+ 1) = 0
35 R(k, t+ 1) = 0
36 T (k, t+ 1) = I(k, t) + E(k, t) +Ni(k, t+ 1)

Differences with other models In Section 4.1, a deterministic and a stochastic model was discussed.
The scheme in the deterministic has a few things in common with the scheme in Algorithm 2, where it
can be seen that the change in the number of, for example, infected can be calculated using the previous
numbers, which are known. There are a few differences. At first, this model does not include the number of
exposed or hospitalized, while the model in this thesis does not include the difference in undiagnosed and
diagnosed infections. One of the most important differences, however, is that this model is time continuous
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whereas the model used in this thesis is not. This is also why some prefer to build a deterministic model
over a stochastic model since it is difficult to make an extensive time-continuous stochastic model without
needing a lot of computing time. One other big difference is, of course, the use of stochastic components.
To calculate the number of infected on the next day, the model in this thesis uses a uniform[0,1] multiple
times. This creates a different outcome each time. The deterministic model, on the other hand, results in
the same outcome each time.
As for the stochastic model, it is very similar to the one used in this thesis. There are two major differences.
The first is that this model uses a Poisson distribution while the model in this thesis does not. The other
big difference is that this model does not simulate different areas. This model was meant to simulate China
as a whole, so the model does not provide insight as to where the virus is spreading in China. Notice that
for the model in this thesis, the “h”, in the stochastic model, should be equal to 1, representing the daily
calculations. If “h” would have been set to 1

2 , then the model would calculate the new numbers every 12
hours.
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6.2 Implementation details

Setting initial values The model starts by setting the parameters as described in Section 4.2. Next, a
starting municipality has to be chosen. This municipality will mark the starting point of the virus with
one infected person in the chosen municipality. Then the necessary data will be collected, as described
in Chapter 5, Paragraph “Simulation data”. The infection will then be initialized in the chosen starting
municipality along with the day. The latter will make it easier to keep track of how many days the virus
is in the Netherlands. Lastly, the lists contain the number of exposed, infected, hospitalized, and recovered
people are set. These lists contain lists themselves. As an example, the list of the number of infected people
contains a list for every day the virus is in the Netherlands. Each of those lists contains the number of
infected people for every individual municipality. In this way it is possible to, for example, easily find the
number of infected people on day X in municipality Y. This helps with visualizing the spread of the virus
for every single municipality.

Determining measures Before the model can determine the number of newly infected people, it has to
know first which measures there are in place if any. After checking if a municipality, k, is infected, the model
will determine what percentage of the inhabitants of that municipality are infected by dividing the number
if infected from that day, I(k, t), by the number of inhabitants, n(k). If the percentage is less or equal to
0.01 percent, the model will add a 0 to the so called “measures-list”, Dm(k, t) of that municipality. If the
percentage is greater than 0.01 percent but less or equal to 0.1 percent, the model will add a 1 to the list
and if the percentage is greater than 0.1 percent, the model will add a 2 to the list. This “measures-list”,
Dm(k, t), then contains on what day the percentage of infected got to a point where measures are needed. If
Dm(k, t) = 0, no measures are needed. If Dm(k, t) = 1, measures of stage 1 are needed and if Dm(k, t) = 2,
measures of stage 2 are needed. This can also be seen in Algorithm 3. Moreover, the stages are briefly
explained in Section 4.2.
When determining which measures are in place, the model will check the value of Dm(k, t). The model
will make a decision based on some assumptions. The first assumption is that implementing measures will
experience a delay of 7 days. This is because it takes time before coming to the decision of implementing
measures and actually implementing them. The second assumption is that the measures will last at least
14 days. This is based on the current situation in the Netherlands where all measures implemented by the
government will last at least 2 weeks. The last assumption is that, for measures to be implemented, the
number Dm(k, t) has to be bigger than 0 for at least 7 days, somewhere in the last 21 days. If for a certain
t in the last 7 days, the number of infected, I(k, t), has dropped to the point where Dm(k, t) = 0 again,
the measures will not be put into place. Knowing this, the model will check if the number 1 or 2 is found
for 7 consecutive days, from 21 days prior until now. If that is indeed the case, the model will implement
stage 1, by setting the measure parameters M1(k) and M2(k) as described in Section 4.2. However, if only
the number 2 is found for 7 consecutive days, the model will implement stage 2 of the measures instead of
stage 1, by setting the measure parameters M1(k) and M2(k) as described in Section 4.2. If both are not
the case, the model will implement stage 0 (no measures, default), by setting the measure parameters M1(k)
and M2(k) to 1. This can be seen in Algorithm 4. The implementation of these measures will be important
when determining the number of infections.

Determining the number of infections When determining the number of people that are infected,
the model will first make a distinction between three possible ways to get infected. The first is when an
infected person visits someone’s municipality and infects them. The second is when one visits an infected
municipality and gets infected while visiting. The third is when one gets infected by someone else living in
their own municipality. How it is determined how many people are infected on each of these occasions is, in
principle, the same with a few exceptions. An explanation for the first option will follow.
At first, the model will extract, from the data, how many people traveled from municipality k to municipality
l. This is where one of the measures can interfere. If the traveling measures are in place, the model will
multiply the number of visitors with the measure parameter, M2(k) and round the number so it will have
an integer value again. This number will then be considered as the number of visitors, v1, from k to l. To
determine how many visitors are infected, the model will determine for each of the infected if they are visiting
l, using a Uniform[0,1] distribution. If the number from the distribution is lower than v1/n(k), the infected
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visits l. If the number is higher than v1/n(k), the infected does not visit l. In the code, this is done efficiently
using a summation, see Algorithm 5. The model has now the number of infected people, Iv from k visiting
l. To determine how many other people every infected visitor will infect, the model will check the number
of visitor contacts, Cv, established in Section 4.2. For each of those contacts, the model will determine if a
certain visitor will infect their contact. This happens again using the Uniform[0,1] distribution. The contact
is infected when the number from the distribution is lower than the infection probability, P1. This infection
probability is determined by multiplying the value of the contact measure parameter, M1(k), the infection
probability, Pv, and the percentage of susceptible people. The first two are explained in Section 4.2 and
the last is calculated by adding the number of exposed, infected, hospitalized, and recovered, dividing this
by the number of inhabitants and subtracting this number from 1. The number of infected contacts will be
summed and the model now has the number of newly infected people, Vi(l) in l through the first possible
way to get infected, see Algorithm 6. The model will determine the number of newly infected for the other
possible ways and sum them to get the total number of newly infected, Ni(l, t + 1), in l. This is done for
all municipalities to get the number of newly infected people in every municipality on that day. This can be
seen in Algorithms 7, 8, and 9.
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7 Results

In this section, the main results can be found of four different scenarios.

To study the influence of the area of initial infections and the different measures on the virus spreads
through the Netherlands, a selection of ten municipalities was made. These ten municipalities were selected
based on size and location. In Figure 3, a map of the Netherlands is given along with the location of the
selected municipalities.

Figure 3: Location of the municipalities used in the model as the areas of initial infections.

First, the scenario without any measures will be studied, labeled as M0. This is where everybody will keep
their routine of going to work and visiting families without keeping distance, even when ill. Next, the scenario
where can be obligatory to wear a mask or to keep 1.5 meter distance when the percentage of infected will
reach above a certain number. This scenario is labeled as M1. Here, people will follow their routine, however,
they will all wear masks or keep their distance from each other when obligatory. The third scenario that
will be studied, labeled as M2, is when people are urged to work from home if possible, and not visit family
or friends. This means that, when the measures are in place, people will travel less frequently but if they
travel, they will not wear a mask or keep their distance. The last scenario that will be studied, is where the
measures are combined. This is when people will travel less frequently and keep their distance or wear a
face mask when the measures are in place, labeled as M12. More information on the measures and how they
were implemented in the code, can be found in Chapter 3 and Sections 4.2 and 6.2.
For each of the scenarios, the results are discussed for the six most informative areas of initial infections. This
can vary for each scenario, although the areas of initial infections Amsterdam, Maastricht, and Groningen
will always be included. The results include snapshots of videos on the spread of the virus. All of the videos
can be found in the supplementary information (SI).
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7.1 No measures (M0)

Initially, the spread of the virus was simulated without any restrictions. The areas of initial infections
Utrecht, Amsterdam, Groningen, Eindhoven, Almere, and Maastricht were compared for different moments
in time. Specifically 15, 45, 60, 75 and 90 days after the first infection.

The first comparison is made is on day 15, which was chosen because there is enough time for the virus
to start spreading, without the virus already taking over. As can be seen in Figure 4, the virus stays mostly
close to the area of initial infections. This is as expected since people tend to live in or near the city they work
in. However, there are also a few outliers. This is can be linked to the stochastic component in the model,
where an infection can happen anywhere as long as there is a positive infection probability and someone
travels to that place on that day.
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(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 4: The spread of the virus in the Netherlands on day 15, without any measures, visualized for 6
municipalities labeled (a) to (f). For the videos see SI.
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Fast forward to day 45, in Figure 5, it can be seen that the virus is already present in every municipality
in the Netherlands, except for some of the islands. When observing Utrecht and Amsterdam, it is clear
that they both play a significant role in spreading the virus. On the other hand, the viruses that started in
Maastricht and Almere did not infect that many people yet. In every case, all the big municipalities are now
infected, which can result in multiple outbreaks.

(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 5: The spread of the virus in the Netherlands on day 45, without any measures, visualized for 6
municipalities labeled (a) to (f). For the videos see SI.
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Moving on to day 60, it can be seen in Figure 6 that the viruses starting in Utrecht and Amsterdam, have
completely taken over, where over 40% of the Netherlands are now infected. The virus from Almere is
following the same spread as the virus from Amsterdam, only with a few days delay. This makes sense since
Almere and Amsterdam have a close relationship with each other. The virus from Maastricht has infected
the least number of people, which is also as expected due to its location in the Netherlands.

(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 6: The spread of the virus in the Netherlands on day 60, without any measures, visualized for 6
municipalities labeled (a) to (f). For the videos see SI.
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Figure 7 shows that the number of infected on day 75 is significantly decreasing. For Groningen, Eindhoven,
Maastricht, and Almere, the parts which did not peak in the number of infected on day 60, are peaking now.
This delay is mostly due to the position and size of the municipalities.

(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 7: The spread of the virus in the Netherlands on day 75, without any measures, visualized for 6
municipalities labeled (a) to (f). For the videos see SI.
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Day 90 is visualized in Figure 8, where it can be seen that the virus is starting to die out. Regardless of
where the virus starts, the virus has died out in most municipalities around day 100.

(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 8: The spread of the virus in the Netherlands on day 90, without any measures, visualized for 6
municipalities labeled (a) to (f). For the videos see SI.
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What can be seen from Figures 4, 5, 6, 7 and 8, is that regardless of the area of initial infections, the virus
will infect a significant portion of the population. The position of the area of initial infections can cause a
delay in some parts of the Netherlands, but eventually, the virus will have the same effect.
The simulations did not end after 100 days, however. In each of the cases, the small island Vlieland, the
second island from the left in the North of the Netherlands, still experienced infections that could last
another 90 days. This can be explained, due to the fact that Vlieland is not visited often outside the
holidays, making it experience a big delay in the infection rate when comparing it to the other islands and
the mainland. Moreover, this island is also the furthest away from the mainland, making it more difficult
to visit the island compared to the other islands. To compare, the smallest island of the five main islands,
Schiermonnikoog, has twice as many visitors each year. This delay in Vlieland can also be seen in Figure
9a, where the infected percentage of every relevant municipality is given for each day and where the area
of initial infections was Amsterdam. Here it is clear that almost every large municipality is peaking at the
same time. In Figure 9b, it can be seen that Maastricht is peaking first and the rest of the municipalities
are delayed, when the virus starts in Maastricht. This is in coherence with the geographical visualization.
One of the most shocking things is that on a single day 30-40% of the population is infected. This can be
catastrophic for the economy and the overall health of the population.

(a) (b)

Figure 9: The percentage of infected inhabitants with respect to the day since the start of the virus, without
implementing any measures, visualized for the areas of initial infections (a) Amsterdam and (b) Maastricht.

When inspecting the municipalities themselves, it becomes even more clear what damage the virus could
have caused if no measures would have been implemented. Since almost every municipality experiences
almost the same peak, albeit with a delay, only the visualization of the virus information of Amsterdam
will be discussed. Figures 10a and 10b show the virus information of Amsterdam when the virus started in
Amsterdam and Maastricht, respectively. This shows again, that it does not really matter where the virus
starts, it will have (almost) the same outcome. From these figures, it can be seen that almost everybody
will be infected. For both cases, only 438 and 439 inhabitants of Amsterdam were not infected, respectively.
This shows that the spread of the virus, in case of no measures, goes so rapidly that eventually over 99% of
the entire population will be infected. Moreover, at a certain point, over 19% of the population was admitted
to a hospital.
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(a) (b)

Figure 10: The virus information of Amsterdam with respect to the day since the start of the virus, without
implementing any measures, visualized for the areas of initial infections (a) Amsterdam and (b) Maastricht.

From the day of the first known infected in the Netherlands to the day of the start of the first lockdown,
14 days passed. If the Netherlands did not implement the lockdown so fast, the situation could have been
way worse. And if the Netherlands would not have implemented the lockdown at all, the situation could
have been catastrophic. Not only could the economy have collapsed, but also a lot of people could have
lost their loved ones because the hospitals could not handle the number of people coming in while dealing
with the virus and the sickness themselves. Figures 11a and 11b show that the area of initial infections does
not even cause a spread in the number of people admitted in a hospital. However, they do show that the
peak is clearly delayed when Maastricht the area of initial infection instead of Amsterdam, meaning that
the Netherlands has more time to start implementing measures before the virus gets out of control when the
virus would start more at the border rather than in the center of the Netherlands.

(a) (b)

Figure 11: The virus information of the Netherlands with respect to the day since the start of the virus,
without implementing any measures, visualized for the areas of initial infections (a) Amsterdam and (b)
Maastricht.
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7.2 1.5 meter distance (M1)

After analyzing the M0 scenario (no restrictions), personal measures will be implemented such as keeping
1.5 meters distance or wearing a mask to see how they influence the spread of the virus. The areas of initial
infections Nijmegen, Amsterdam, Groningen, Eindhoven, The Hague, and Maastricht were compared for
different moments in time. Specifically 15, 60, 90, 120 and 150 days after the first infection.

As can be seen, in the first 15 days there is not much difference using the measures or not, aside from
the stochastic component. This can be explained, due to the fact that the measures will be implemented as
soon as the infected percentage rises above a certain level. The stochastic component of the model can be
easily observed when the area of initial infections is Maastricht. It can be seen that in a very early stage,
the virus has already infected Amsterdam. Even though it is expected that Maastricht will at first infect
the surrounding municipalities, the stochastic component allows for the virus to spread to more distant
municipalities.
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(a) Nijmegen (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) The Hague (f) Maastricht

Figure 12: The spread of the virus in the Netherlands on day 15, only implementing the personal measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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It can be seen that, when personal measures are in place, the spread of the virus on day 60 is on the
approximately same level as on day 50 when no measures are in place. This could indicate that the personal
measures indeed have some effect in delaying the spread. Due to the early spread of the virus from Maastricht
to Amsterdam, the only significant difference between the areas of initial infected can be seen in Figure 29c,
where in Groningen there is a higher infected percentage than in the rest of the Netherlands, whereas for
the other areas of initial infected the highest infected percentage is located around Amsterdam.

(a) Nijmegen (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) The Hague (f) Maastricht

Figure 13: The spread of the virus in the Netherlands on day 60, only implementing the personal measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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On day 90, the infected percentage reaches its peak but it is clearly lower than the peak on day 60 when
no measures are in place. This could indicate that the personal measures do not only cause a delay in the
spread of the virus, it also helps with reducing the infected percentage.

(a) Nijmegen (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) The Hague (f) Maastricht

Figure 14: The spread of the virus in the Netherlands on day 90, only implementing the personal measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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On day 120, it can be seen that indeed the infected percentage is dropping. However, from this moment of
comparison it is not clear yet if the virus is dying out within a few months. Even though Groningen stands
out as the area of initial infections, it is noticeable that both the region around Groningen as well as the
region around Amsterdam have a lower infected percentage than the rest of the Netherlands. This indicates
how fast the spread in and around Amsterdam can be.

(a) Nijmegen (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) The Hague (f) Maastricht

Figure 15: The spread of the virus in the Netherlands on day 120, only implementing the personal measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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On day 150, the infected percentage now reached a point where some municipalities do not have any infected
anymore. It can be seen, however, that the speed at which the infected percentage was decreasing has
significantly dropped. This could mean that the virus will linger on for a few more months.

(a) Nijmegen (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) The Hague (f) Maastricht

Figure 16: The spread of the virus in the Netherlands on day 150, only implementing the personal measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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Figures 12, 13, 14, 15 and 16 show again, just like in the M0 scenario, that the area of initial infections do
not seem to significantly affect the spread of the virus. Nevertheless, the personal measures do visibly reduce
and delay the peak of the infected percentage. In Figures 17a and 17b, it can be seen that indeed there
was a delay of around 30 days in the peak, compared to the M0 scenario. Moreover, there was a significant
reduction in the peak infected percentage showing the big effect of personal measures on the spread of the
virus. In the M0 scenario, it was noticed that the small island of Vlieland caused the virus to linger on.
However, when implementing the personal measures, it is not only Vlieland that is still experiencing some
cases of infection. Almost all municipalities in the Netherlands have an infected percentage fluctuating
around 0.01%. This is exactly the percentage above which the measures will be implemented causing the
infected percentage to oscillate.

(a) (b)

Figure 17: The percentage of infected inhabitants with respect to the day since the start of the virus, only
implementing the personal measures, visualized for the areas of initial infections (a) Amsterdam and (b)
Maastricht.

The virus information of Amsterdam can be seen in Figures 18a and 18b. These figures show that, in the
end, the percentage of people who have been infected at some point is, slightly more than 80% which is a
big difference with the 99% of the M0 scenario. The peak of the hospital percentage has also dropped to
around 1% compared to the 20% without measures. This shows the importance of implementing personal
measures.
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(a) (b)

Figure 18: The virus information of Amsterdam with respect to the day since the start of the virus, only
implementing the personal measures, visualized for the areas of initial infections (a) Amsterdam and (b)
Maastricht.

Figures 19a and 19b again show that there is no notable affect of the area of initial infections on the spread
of the virus.

(a) (b)

Figure 19: The virus information of the Netherlands with respect to the day since the start of the virus,
only implementing the personal measures, visualized for the areas of initial infections (a) Amsterdam and
(b) Maastricht.

7.3 Working from home (M2)

After analyzing the M0 and M1 scenarios, travel measures will be implemented by reducing 25-40 percent
of travels. The areas of initial infections Zwolle, Amsterdam, Groningen, Leeuwarden, The Hague, and
Maastricht were compared for different moments in time. Specifically 15, 45, 60, 75 and 90 days after the
first infection.

Just like with the M1 case, there is no effect yet to be seen on day 15. It should be noted that, al-
though Groningen and Leeuwarden are close to each other, they have a very different initial spread. This
can be explained because Groningen has more visitors from the rest of the Netherlands, while Leeuwarden
has mostly visitors from the same region.

38



(a) Zwolle (b) Amsterdam

(c) Groningen (d) Leeuwarden

(e) The Hague (f) Maastricht

Figure 20: The spread of the virus in the Netherlands on day 15, only implementing the travel measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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At first, it would seem that also here there is no difference to be seen yet, however, the spread of the virus is
going slower now that measures have been implemented. The biggest difference can be seen with Maastricht
as the area of initial infections. Figure 5f has a higher infected percentage in the Northern part of the
Netherlands while Figure 21f shows areas that are less infected or even not infected yet. Even though, the
initial spread of Groningen and Leeuwarden differ, the spread seems to match more on day 45, indicating
again that the area of initial infections will probably not significantly affect the eventual spread of the virus.

(a) Zwolle (b) Amsterdam

(c) Groningen (d) Leeuwarden

(e) The Hague (f) Maastricht

Figure 21: The spread of the virus in the Netherlands on day 45, only implementing the travel measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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Here, it becomes even more clear that the travel measures indeed have some effect but does not significantly
reduce the spread of the virus, unlike the measures in M1. The virus experiences a delay of only a few days
when comparing it to the M0 scenario.

(a) Zwolle (b) Amsterdam

(c) Groningen (d) Leeuwarden

(e) The Hague (f) Maastricht

Figure 22: The spread of the virus in the Netherlands on day 60, only implementing the travel measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.

41

https://doi.org/10.4121/13536614


In the M0 scenario, there were already some municipalities without any infections anymore on day 75. When
implementing travel measures it can be seen that the infection percentage in most municipalities is still at
peak level. This again shows that the travel measures cause a delay in the spread but do not clearly have
an effect on the severity.

(a) Zwolle (b) Amsterdam

(c) Groningen (d) Leeuwarden

(e) The Hague (f) Maastricht

Figure 23: The spread of the virus in the Netherlands on day 75, only implementing the travel measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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On day 90, it can be seen that the virus is slowly starting to die out. Only when the virus has started in
Maastricht, some municipalities are still experiencing a high number of infected percentage.

(a) Zwolle (b) Amsterdam

(c) Groningen (d) Leeuwarden

(e) The Hague (f) Maastricht

Figure 24: The spread of the virus in the Netherlands on day 90, only implementing the travel measures,
visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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When inspecting the geographical heatmaps in Figures 20, 21, 22, 23 and 24, and comparing them to the
heatmaps in the M0 scenario, it can be concluded that also here, the area of initial infections does not reduce
the severity of the virus. The travel measures will cause a delay, however, in the spread of the virus, allowing
more time for the government to implement additional measures. In Figures 25a and 25b, it can be seen that
indeed there was a small delay. Most notably though, is the decrease in the infected percentage during the
peak. When no measures were taken, the peaks would reach a level of around 40%, with travel measures, the
peaks would only reach a level of around 30%. Even though this is more than the peaks in the M1 scenario,
it still shows that the travel measures do have some effect on the severity of the virus.

(a) (b)

Figure 25: The percentage of infected inhabitants with respect to the day since the start of the virus,
only implementing the travel measures, visualized for the areas of initial infections (a) Amsterdam and (b)
Maastricht.

Next, again examining the virus information of Amsterdam when the area of initial infections is either
Amsterdam or Maastricht, it can be seen in Figures 26a and 26b that, in the end, still over 90% of the
inhabitants have been infected at some point. The number of hospitalizations slightly decreases. But both
the infected percentage as the number of hospitalizations does not decrease enough to prevent a collapse of
the economy.

(a) (b)

Figure 26: The virus information of Amsterdam with respect to the day since the start of the virus, only
implementing the travel measures, visualized for the areas of initial infections (a) Amsterdam and (b) Maas-
tricht.
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In Figures 27a and 27b, it can also be seen that indeed both the implementation of only the travel measures
as well as the area of initial infections could not cause a significant reduction in the overall number of
infections.

(a) (b)

Figure 27: The virus information of the Netherlands with respect to the day since the start of the virus,
only implementing the travel measures, visualized for the areas of initial infections (a) Amsterdam and (b)
Maastricht.

7.4 Combination of measures (M12)

After discussing the M0, M1, and M2 scenarios, the restrictions from the M1 and M2 scenarios were com-
bined into M12. These personal and travel measures will be implemented at the same time. The areas of
initial infections Utrecht, Amsterdam, Groningen, Eindhoven, Almere, and Maastricht were compared for
different moments in time. Specifically 15, 60, 90, 150 and 200 days after the first infection.

Just like with the M1 case, there is no effect yet to be seen on day 15 and the virus has already infected
Amsterdam when the area of initial infections is Maastricht. This is again due to the stochastic component
in the model, it also shows the remarkable mobility relation between Amsterdam and Maastricht.
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(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 28: The spread of the virus in the Netherlands on day 15, implementing both the personal and the
travel measures, visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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On day 60 it already becomes clear how much effect the combination of these measures can have on the
spread of the virus, where the infected percentage is significantly lower than for other scenarios on day 60.
The difference in the areas of initial infections is also less noticeable than for the other scenarios.

(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 29: The spread of the virus in the Netherlands on day 60, implementing both the personal and the
travel measures, visualized for 6 municipalities labeled (a) to (f). For the videos see SI.

47

https://doi.org/10.4121/13536614


On day 90, the infected percentage is almost at peak level. This shows that the combination of the measures
has an extraordinarily effect on the spread of the virus and lowering the peak of infected percentage.

(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 30: The spread of the virus in the Netherlands on day 90, implementing both the personal and the
travel measures, visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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Jumping to day 150, it can be seen that the infected percentage is slowly decreasing, much more slowly than
in the other scenarios.

(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 31: The spread of the virus in the Netherlands on day 150, implementing both the personal and the
travel measures, visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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On day 200 it is nearly impossible to distinguish the areas of initial infections bases on the infected percentage
alone. Moreover, just like in the M1 scenario, the virus seems to be able to linger on for a long time.

(a) Utrecht (b) Amsterdam

(c) Groningen (d) Eindhoven

(e) Almere (f) Maastricht

Figure 32: The spread of the virus in the Netherlands on day 200, implementing both the personal and the
travel measures, visualized for 6 municipalities labeled (a) to (f). For the videos see SI.
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The geographical heatmaps seen in Figures 28, 29, 30, 31 and 32 show that the combination of the measures
has a significant effect on the peak of the infected percentage as well as in delaying the peak. The area of
initial infections seems to have almost no influence at all when both measures are implemented. In Figures
33a and 33b, it does show a slight difference in the spread of the virus for the area of initial infections
Amsterdam and Maastricht. It shows that Vlieland does not get infected at all when Maastricht is the area
of initial infections and both the personal and the travel measures are in place. The figures also show a
significant reduction in the peak of the infected percentage, staying below 3% for all municipalities. The
most noticeable, however, would be the second peak around day 250 and the peaks after that. This can be
explained by the measures, where there are enough susceptible left to cause a rise in the infected percentage
and as soon as it crosses the 0.01% the measures are implemented and the percentage drops again. This is
similar to the behavior seen in the M1 scenario. Another thing that should be noted is the fluctuation in the
first peak. This fluctuation is caused by the weekends where there is a significant decrease in the number of
new infections. After the weekends are over, the number rises again.

(a) (b)

Figure 33: The percentage of infected inhabitants with respect to the day since the start of the virus,
implementing both the personal and the travel measures, visualized for the areas of initial infections (a)
Amsterdam and (b) Maastricht.

The virus information of Amsterdam, Figures 34a and 34b, and the Netherlands, Figures 35a and 35b, show
that the percentage of people who were infected at some point is still more than 40%. This is however the
lowest percentage of all scenarios, making the combination of measures the most successful in reducing the
number of infected. The combination of measures is also most effective on the hospital percentage where
less than 2% of the inhabitants are hospitalized at the same moment.
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(a) (b)

Figure 34: The virus information of Amsterdam with respect to the day since the start of the virus, imple-
menting both the personal and the travel measures, visualized for the areas of initial infections (a) Amsterdam
and (b) Maastricht.

(a) (b)

Figure 35: The virus information of the Netherlands with respect to the day since the start of the virus,
implementing both the personal and the travel measures, visualized for the areas of initial infections (a)
Amsterdam and (b) Maastricht.
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8 Discussion and suggestions for further research

In the following section, the results and methods are discussed and some ideas for further research are given.

More data In this model, the data from Mezuro was used to simulate the movement patterns of the
inhabitants of the Netherlands. The data only consisted of 14 days in March 2019. Since the model
effectively simulates more than three months, it misses some elements like holidays. If we were to get the
actual data from a longer time period, the effects of holidays can be studied. Since the Netherlands wants
to extend the Christmas holiday for primary schools, it would be great to simulate the effect of a longer
holiday period on the spread of the virus.

Hours instead of days The data from Mezuro is also provided on an hourly basis, this could increase
the accuracy of the simulation. Doing this, however, will also significantly increase the computer power
needed to simulate this on an hourly basis. Since the progress of the spread of the virus in the Netherlands
is monitored based on a daily basis, the question rises if simulating on an hourly basis would provide much
more insight.

Types of travel The data from Mezuro also contained a distinction in the type of travel. There were
three types, the frequent visits, the regular visits, and the incidental visits, based on the number of the
same travels a person has in a month. The frequent visits could indicate a work visit. When simulating
that people are working from home, it is possible to only reduce the number of frequent visits and see how
this affects the spread of the virus. Another thing is to see how the other types of travel can influence the
behavior of the virus.

Age In the model used in this thesis, there is nothing based on the age of a person. If we could implement
the age of a person and consider the average number of close contacts per age group, it is possible to see
how a certain age group affects the spread of a virus. It would not help to improve the simulation in terms
of the number of hospitalizations in the Netherlands. Based on the Law of Large Numbers, it should not
matter if we would hospitalize people based on their age or not. Since we are working with numbers reaching
over 100 thousand individuals, the estimates would be approximately the same. When inspecting small
municipalities, however, it can be helpful to base hospitalization on age.

Public transport The data from Mezuro also contains if someone made use of public transport. If the
simulation would be extended to include the use of public transport, the effects of this could also be studied.
Since public transport is still operational, the question can arise on whether or not this is a significant factor
in the spread of the virus.

Multiple simulations For each of the areas of initial infections and the different scenarios only one
simulation has been completed due to time restrictions. If multiple runs can be done for every single
scenario and area of initial infection, the reliability of the model can be checked. Running a simulation
multiple times could also ensure better predictions based on real-life situations. If an outbreak was to
happen in, for example, Amsterdam, it would be possible to give a prediction on the spread of the virus with
a certain confidence level. Doing only one run of a stochastic model will not provide such a confidence level
for a certain prediction.

Mimicking real-life situation For this model, it was chosen to determine how implementing certain
measures or a change in the area of initial infections could affect the spread of the virus. This was done
using a system where every municipality could only implement measures when the local infected percentage
was higher than a certain level. This is not how it happened in the Netherlands. Mimicking the real-life
situation of the lockdown together with constant measures in every municipality, even when there were no
infections in a certain municipality, would provide us with the possibility to study every decision made by the
government. It would then be possible to simulate the exact same scenario, only with slight modifications,
shifting every implementation of a certain measure with a few days to see if the Netherlands could have
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waited before implementing the first lockdown or if it would have been even better to implement a lockdown
earlier on. This can be important when a new pandemic arises. If the values of the parameters are known
for the new disease, this model could predict which measures should be implemented and when.

Preventative regional lockdown This model implements measures in a municipality if the infected
percentage in that municipality is higher than a certain value. Another approach could be to implement
measures in an entire region if an outbreak would occur in one of the municipalities in that region. A study
done at the University of Technology Eindhoven (Gösgens et al., 2020) used the same data from Mezuro to
establish how these regions should be shaped to optimize the effectiveness of the measures while minimizing
the measures needed.
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9 Conclusions

The four different scenarios that were simulated are M0, M1, M2, and M12, where there are no measures,
only personal measures (1.5 meter distance), only travel measures, and a combination of personal and travel
measures, respectively.

From the results in Chapter 7, it became clear that the area of initial infections did not significantly af-
fect the spread of the virus in general. A slight effect of the area of initial infections, where it can cause a
delay, was most noticeable for the M0 scenario and least noticeable for the M12 scenario.

To analyze the difference between the four scenarios, only one area of initial infections, Amsterdam, will be
considered. Figures 9a, 17a, 25a, and 33a show the infected percentage per day for the M0, M1, M2, and
M12 scenarios, respectively. First, notice the difference in the y-axis symbolizing the infected percentage.
It shows how many people were infected at the same time at peak level. The M0 scenario shows that up
to 40% of all inhabitants are infected at the same time. Considering many will develop symptoms and are
too ill to go to work, this could be catastrophic for the economy. Implementing travel measures resulted in
a small decrease where up to 30% of all inhabitants are infected at the same time. Even though this is 10%
less than the M0 scenario, it could still cause similar damage to the economy. The first big decrease can be
seen when implementing personal measures. The peak of the infected percentage dropped to approximately
11%. This shows how much effect only the personal measures can have on the infected percentage. The
combination of the two measures has the most effect where less than 3% of all inhabitants were infected at
the same time.
Next, it is important to observe the difference on the x-axis symbolizing the day from the moment of the
first infection. For the M0 and M2 scenario, the virus has almost died out at day 100. Only a small island
called Vlieland still experienced infections for up to 75 days later. Vlieland is further from the mainland
than all other islands, reducing the number of day trips to the island. Instead, people will go on holiday
for a few days in Vlieland more often in the summer. However, the mobility data received by Mezuro only
consisted of two weeks in March 2019, which does not include the summer holidays, resulting in a delayed
infection on Vlieland. For scenarios M1 and M12 there are effective personal measures in place when the
infected percentage rises above 0.01% and due to the small population, this percentage is already exceeded
with only 1 infection. This resulted in considerably fewer infections in Vlieland.
The elongated x-axes for the M1 and M12 scenarios are due to fluctuations in almost all municipalities in the
Netherlands. Because there are significantly more susceptible people left than in the M0 and M2 scenario,
it is easier for the virus to spread again, although at a much slower pace. As soon as the infected percentage
reaches 0.01%, the measures will again be implemented. This is causing the oscillations around 0.01%. The
M12 scenario had more susceptible people to cause a second peak, but it follows more or less the same
fluctuations as in the M1 scenario. The fluctuations that can be seen in the first peak of the M12 scenario
are caused by the weekends, where structurally the number of newly infected people drops on Saturdays and
Sundays.

Next, the virus information of the Netherlands will be analyzed with Amsterdam as the area of initial
infections. Figures 11a, 19a, 27a, and 35a show the number of infected, exposed, hospitalized, recovered,
and susceptible for the M0, M1, M2, and M12 scenarios, respectively. First, observing the number of sus-
ceptible, it can be seen that implementing no measures would result in more than 99% of all inhabitants
getting infected. In the M2 scenario more than 97% of all inhabitants got infected. Even though there was
a reduction of 10% in the infected percentage compared to the M0 scenario, the travel measures do not
seem to remarkably decrease the number of total infections. The personal measures, however, do show a
significant reduction in the total number of infected, where a little more than 80% of the inhabitants have
been infected. The biggest difference can be seen for the M12 scenario less than 40% of the inhabitants have
been infected at some point. This shows that the effect of both the personal and travel measures notably
increased when combined.

The last aspect that should be observed is the number of hospitalized people. For both the M0 and M2
scenarios, the number of people in the hospital at the same time is around 20% and 18% respectively. This
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would cause the hospitals to flood where there are not enough doctors and nurses to take care of the infected,
which could cause more casualties as people do not get the care they need. Implementing personal measures
seems to lower this number to around 10%, which could still cause the hospitals to flood. Even in the M12
scenario, where only 2% of the inhabitants are hospitalized at the same time, it could cause chaos in the
hospitals.
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A Appendix

Algorithm 3: Setting “measures-list” Dm(k, t).

// See Table 1 for a description of all used symbols.

1 if I(k, t)/n(k) > 0.001 then
2 Dm(k, t) = 2

3 else
4 if I(k, t)/n(k) > 0.0001 then
5 Dm(k, t) = 1

6 else
7 Dm(k, t) = 0

Algorithm 4: Determining measures.

// See Table 1 for a description of all used symbols.

1 M1(k) = 1
2 M2(k) = 1
// Since a measure is in place for at least 14 days, x has to go from day 0 to day

13.

3 for x ∈ [0, 1, ..., 13] do
4 if 0 6∈ [Dm(k, t− x), Dm(k, t− x− 1), ..., Dm(k, t− x− 7)] then
5 M1(k) = 0.55
6 M2(k) = 0.75

7 for x ∈ [0, 1, ..., 13] do
8 if [Dm(k, t− x), Dm(k, t− x− 1), ..., Dm(k, t− x− 7)] = [2, 2, ..., 2] then
9 M1(k) = 0.26

10 M2(k) = 0.6

Algorithm 5: Determining Iv.

// See Table 1 for a description of all used symbols.

1 From the Uniform[0,1] distribution, sample I(k, t) numbers, and put them in a list, L1.
2 Count how many numbers in L1 are smaller than v1/n(k).
3 This count is labelled as Iv.

Algorithm 6: Determining Vi(l).

// See Table 1 for a description of all used symbols.

1 From the Uniform[0,1] distribution, sample Iv ∗ Cv numbers, and put them in a list, L2.
2 P1 = M1(k) ∗ Pv ∗ (1− (I(l, t) + E(l, t) +R(l, t) +H(l, t))/n(l))
3 Count how many numbers in L2 are smaller than P1.
4 This count is labelled as Vi(l).

Algorithm 7: Determining NIv.

// See Table 1 for a description of all used symbols.

1 From the Uniform[0,1] distribution, sample n(l)− I(l, t)− E(l, t)−R(l, t)−H(l, t)− Vi(l) numbers,
and put them in a list, L3.

2 Count how many numbers in L3 are smaller than v2/n(l).
3 This count is labelled as NIv.
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Algorithm 8: Determining Hi(l).

// See Table 1 for a description of all used symbols.

1 From the Uniform[0,1] distribution, sample NIv ∗ Cv numbers, and put them in a list, L4.
2 P2 = M1(k) ∗ Pv ∗ I(k, t)/n(k)
3 Count how many numbers in L4 are smaller than P2.
4 This count is labelled as Hi(l).

Algorithm 9: Determining Li(m).

// See Table 1 for a description of all used symbols.

1 From the Uniform[0,1] distribution, sample round(M2(m) ∗ I(m, t) ∗Cv) numbers, and put them in a
list, L5.

2 P3 = M1(m) ∗ Ph ∗ (1− (I(m, t) + E(m, t) +R(m, t) +H(m, t) + Vi(m) +Hi(m))/n(m))
3 Count how many numbers in L5 are smaller than P3.
4 This count is labelled as Li(m).

Link to supplementary information: https://doi.org/10.4121/13536614
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