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Abstract

Background: As a longitudinal study, the CoMix study was employed to monitor so-
cial behavior during the COVID-19 pandemic in, amongst others, Belgium. Dynamics
of transmission are driven by human behavior, especially for this airborne disease.

Objectives: This study aimed to analyse how non-household contacts changed across
age groups and time between December 20 and March ’22. More specifically, the drivers
that influenced the presence and reported number of non-household contacts based on
the CoMix study in Belgium were explored by building statistical models. Furthermore,
implications for transmission of COVID-19 in the population were made.

Methodology: Both negative binomial (NBI) and generalised Poisson (GPO) gener-
alised additive models for location, scale and shape (GAMLSS) model per age category
were built to examine the factors that influenced the average number of reported non-
household contacts. Due to the excess of zeros in the reported number of non-household
contacts, Hurdle models were employed to also explore the drivers of reporting contacts
outside the household. Based on the contact locations, contact patterns of the partici-
pants were found based on an agglomerative hierarchical clustering algorithm.

Results: Although the lockdown restrictions emposed by the government were gradu-
ally relaxed throughout the study period, the average number of reported non-household
contacts remained constant during this period. The GAMLSS and Hurdle models re-
vealed the presence of under-reporting due to survey fatigue effect where fewer non-
household contacts were reported as respondents participated in more survey rounds.
Children reported on average more non-household contacts than adults and elderly.
Whereas wearing a face mask and being vaccinated were consistently positively associ-
ated with the presence and number of non-household contacts, males and participants
living in larger households had lower odds of reporting contacts outside their house-
hold. Service employees reported on average more non-household contacts, in contrast
to the low number of contacts reported by participants who are not in labor force.
More non-household contacts were reported with increasing income level. Most of the
non-household contacts made by children and adults took place at school and work,
respectively, while for elderly these type of contacts were mostly occurring at home.

Conclusions: Based on data from the CoMix study, several factors were associated
with the presence and number of reported non-household contacts. These drivers may
have an impact on the spread/transmission of COVID-19 in the population. The av-
erage number of reported non-household contacts did not considerably increase after
relaxing the lockdown restrictions indicating the longer-term impact of the pandemic
on social contact behavior. However, the under-reporting due to participant survey
fatigue has to be taken into account as well.

Key Words: CoMix study, COVID-19, Social contact data, GAMLSS, Hurdle models
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1 Introduction

At early 2020, the COVID-19 outbreak became a global pandemic which changed the daily
lifes of many people. Since the SARS-CoV-2 virus, causing the airborne disease COVID-19,
is transmitted via contacts in physical proximity, non-pharmaceutical measures (NPIs) were
imposed to reduce the transmission rate. In Belgium, the number of contacts per person
was reduced by e.g. closing schools, requiring employees to work remotely and limiting the
number of contacts allowed to be made outside the household. Béraud et al. (2015) high-
lighted the potential high impact of home quarantine or school closures on the contact and
transmission rate. Moreover, it became mandatory to keep a safe distance from each other
and wear face masks in public places. Coletti et al. (2020) reported that the proportion of
participants in their study reporting to wear a face mask increased from 18% at the end of
April 2020 to 75% at the end of July, since more non-household contacts were made in the
latter period and face mask wearing was obligatory.

From the beginning of May 2020 onwards, lockdown measures were lifted stepwise but
tightened again starting from the end of July 2020 due to the Alpha variant. In fact, the
number of hospital admissions was higher in early November 2020 than before the summer,
leading to an even stricter lockdown including an evening curfew. In January 2021, a vacci-
nation campaign started in Belgium. The measures were relaxed from April 2021 onwards
as the vaccination coverages were increasing. At the end of July 2021, 60% of the total
population of Belgium was vaccinated, whereas this was 75% by the end of 2021 (Kremer
et al., 2023). In July 2021, the COVID safe ticket system was introduced as a certificate
proving vaccination or recent recovery used to have access to public events.

Data on social contact behavior in the population is of pivotal importance in understanding
the dynamics of virus transmission, since COVID-19 is a close-contact transmitted disease.
Willem et al. (2021) and Kremer et al. (2023) noted the effectiveness of the contact tracing
system (CTS) to reduce onward transmission. In order to investigate the effect of NPIs on
the contact behavior, contact surveys were employed in many countries. In 21 European
countries, the CoMix study was rolled out to collect contact data, resulting into information
on the impact of COVID-19 and NPIs on behavioral changes (Wong et al., 2023). Previous
research already found the reduction of the number of contacts over time in the first peri-
ods of the pandemic compared to pre-pandemic levels (Coletti et al., 2020; Gimma et al.,
2022; Tizzani et al., 2023; Wong et al., 2023; Veneti et al., 2024). However, the number of
social contacts remained below pre-pandemic levels after relaxing the NPIs (Loedy et al.,
2023; Backer et al., 2024; Reichmuth et al., 2024) indicating the long-lasting impacts of the
pandemic on individuals’ behavior. This also has an impact on the reproduction number
(Jarvis et al., 2024).
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Prior studies also focused on the effect of risk perceptions (Wambua et al., 2022; Wambua
et al., 2023), frailty (Loedy et al., 2025) and pregnancy (Wong et al., 2022) on the contact
patterns. More recent research also examined the effect of socio-economic factors including
education, income level and occupation on the contact behavior of individuals (Thomas et
al., 2021; Reichmuth et al., 2023; Lucchini et al., 2024; Soussand et al., 2025). However,
most of the studies considered the total number of contacts and limited interest went to-
wards investigating the effects on the number of non-household contacts. Since NPIs mainly
affect contacts outside the household (Dobreva et al., 2022; Phuong et al., 2025), the focus
of this thesis will go towards non-household contacts. Previous research on non-household
contact patterns during the COVID-19 pandemic includes Feehan and Mahmud (2021),
Bridgen et al. (2022), Backer et al. (2023) and Walde et al. (2023).

The goal of this thesis is to investigate which factors influenced the presence and reported
number of non-household contacts based on the CoMix study in Belgium between December
’20 and March 22 by considering both the Generalised Additive Model for Location, Scale
and Shape (GAMLSS) framework as well as zero-inflation and Hurdle models to account
for the excess of zero reported non-household contacts. Since the age group that was the
main contributor to transmission changed at different time periods (Angeli et al., 2025),
the evolution of the number of non-household contacts was examined across age groups
and time, together with the effect of different characteristics on the reported number of
contacts made outside the household. Moreover, similar to Kretzschmar and Mikolajczyk
(2009), the distribution of non-household contacts across different locations is investigated
via agglomerative hierarchical clustering since these contact patterns may play an important
role in how transmission in the population exactly takes place. First, more details about the
data collection procedure and the methodology of the analyses performed in this thesis are
given, whereafter the results of the analyses are presented. This is followed by a discussion
of the results, where implications towards the transmission of COVID-19 in the populations
will be made. This thesis will conclude by emphasising the societal relevance of this study
and reflecting on its ethical aspects and stakeholder awareness.

2 Methods and materials

2.1 Data collection

The CoMix study is a longitudinal survey used to keep track of the public behavior during
the COVID-19 pandemic. The study started in March 2020 with data collections in Bel-
gium, the Netherlands and the United Kingdom (Verelst et al., 2021). Between December
2020 and October 2021, an additional 17 countries took part in the CoMix study (Wong et
al., 2022). A map of the different participating European countries can be found in Verelst
et al. (2021). In each study country, quota sampling was used to recruit a nationally repre-
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sentative sample based on, among others, age, gender and geographical region to reflect the
distribution of the total population (Wong et al., 2023). The design of the CoMix study is
based on the POLYMOD survey, which recorded the daily social contacts of participants in
8 European countries (Mossong et al., 2008). In the CoMix study, participants self-reported
their social contacts made between 5 am on the day before filling in the questionnaire up
to 5 am on the day of the survey, where a contact is defined as an in-person conversation
of at least a few words or physical contact (Verelst et al., 2021).

During the first 8 waves of the CoMix survey in Belgium, only adults were included in the
data collection. Children were omitted to make sure that ethical clearance was obtained
as fast as possible (Loedy et al., 2023). From wave 9 onwards, children also took part
in the study. In order to accomplish this, the design of the study was changed and the
questionnaires for children were filled in by one of its parents. Since waves 9 to 11 can
be seen as a transition period where questions changed, our attention will go towards the
data collected between wave 12 and wave 43. Since participants dropped out during this
period, the group was continuously supplemented with new people to make sure the sample
size requirements were met during all waves of data collection (Loedy et al., 2023). Note
that participants could voluntarily decide to join or leave the study at any time. Moreover,
informed consent was collected and the data was pseudo-anonymised (Coletti et al., 2020).

Next to the number of contacts a participant made, also the place of the contact was
recorded, whether or not the contacted person was part of the same household and if the
participant was wearing a face mask during the contact. Information about the age and
gender of the contacted person was also asked for, as well as whether the contact was made
during a holiday (period) and during a weekday or weekend. With respect to the partici-
pant, the age and gender was collected, together with its income category, education of the
main earner of the household, occupation (if the participant’s age was eligible to work) and
social group. Note that the education of the main earner in the household will be consid-
ered in the sequel instead of the education of the participant themselves since there were
a lot of missing values for the education status of the participant and it can be assumed
that the social behavior may be influenced by the views of the highest earner within the
household, which in turn depend on that person’s educational background. Furthermore,
the size of the household and the area the participant is living in was recorded, as well as its
vaccination status, symptomatic status and whether the participant had an elevated risk
or not. Note that the CoMix study collected a rich amount of information, of which only
a selection of components have been mentioned above. More details on the CoMix study,
including the protocol, can be found in Jarvis et al. (2020), Coletti et al. (2020), Verelst et
al. (2021), Wong et al. (2023) and Jarvis et al. (2024). Details on the variables considered
in the analyses of this thesis can be found in Table 1.
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Table 1: Description of variables used in the analyses.

Variable Description Values
Wave Wave of participation 12,13, ..., 43
Wave count Number of times participant already participated 1,2,...,7, 8+
Social group Social group of the participant Group 1&2, Group 3&4, Group 5&6,
Group 7&8
Vaccination status Whether or not the participant had at least one Yes, No
injection of the vaccine
FElevated risk Chronic liver disease, neurological disease, dia- Yes, No
betes, weakened immune system, asplenia or mal-
functioning spleen, morbid obesity (BMI > 40),
pregnant women
Face mask Whether or not the participant used a face mask Yes, No
during the reported contact
Symptomatic status Whether or not the participant had fever or chills, Yes, No
cough, shortness of breath, extreme tiredness, mus-
cle or body aches or headache, runny nose, or
sore throat during the 7 days before participation
(Jarvis et al., 2024)
Area Region of residency of participant Brussels Hoofdstedelijk gewest,
Vlaams Gewest, Waals Gewest
Holiday Belgium nationally recognised non-working day, Yes, No
when most business and institutions are closed (in-
cludes both school holidays as well as one-day na-
tional holidays)
Weekday /weekend When contact was reported Weekday, Weekend
Gender Gender of the participant Male, Female

Household size
Age category
Day number

Contacts age

Education main earner

Employment status
Income level

Occupation

Number of people who live at the same address and
share the same kitchen with the participant

Age group participant was located in during its first
participation

Number of years the participation took place after
the start of the study (22 December ’20)

Age category of contact

Highest education level of the main earner in the
household

Current employment status of the participant
Income level of the participant

Occupation of the participant

1,2, 3, 4+

Children (age 0-17), Adults (age 18-
65), Elderly (age 66-...)
Real number

Children (age 0-17), Adults (age 18-
65), Elderly (age 66-...)
Low, Medium, High

Employed, Not in labor force, Student
Very Low, Low, Medium, High, Very
high

6 categories (see Table 6)
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For every participant, the age at the first wave of participation was considered as the
participant’s age. The age category factor variable of the participant (see Table 1) was
created based on the exact age of the participant (or age interval if the exact age was not
recorded). Creation of the age category factor variable of the contacted person was solely
based on the reported age interval of the contacted person. Since household sizes up to
12 were present in the dataset, a factor variable for the household size was made which
merged all household sizes of at least four to the category 4+. Participants whose social
group was ‘not allocated’ were removed from the dataset, as this group only accounted for
0.2% of the sample. In addition, some assumptions were made which limited the amount
of missing data. First, it was assumed that as soon as the participant reported to be
vaccinated, this person remained vaccinated for the other participation rounds as well (so
the number of doses of vaccine the participant received was not taken into account). It was
moreover assumed that children were not vaccinated as COVID-19 vaccination was not yet
recommended for them. For adults and elderly, the most recent vaccination status reported
by each participant, if available, was used to fill in missing data for this variable. This
approach was also employed for elevated risk status and face mask usage. For missingness
in these variables for children, we assumed that they generally did not have elevated risk
factors and were not subject to mandatory face mask policies during the study period.

2.2 Methodology
2.2.1 Exploratory analysis

As exploratory analysis, summary statistics for the CoMix dataset were given, together
with the average number of non-household contacts per age category and wave with cor-
responding 95% confidence intervals. The longitudinal trend of the average number of
non-household contacts was compared with the stringency index as computed by Hale et
al. (2021). This government response tracker summarised the stringency of government
policies such as school closings and stay-at-home requirements during the COVID-19 pan-
demic on a score between 0 (no interventions) and 100 (strict interventions). Furthermore,
histograms showing the proportion of survey waves in which participants reported zero
non-household contacts were constructed and examined. These were created for the overall
dataset, as well as stratified by each variable considered in this thesis, to explore patterns
in the reporting of non-household contacts.

Since over the recent years, more interest is going towards investigating the relationship
between socio-economic factors and social behavior (see, amongst others, Gimma et al.,
2022; Tizzani & Gauvin, 2024; and Di Domenico et al., 2025), respondents’ characteristics
such as their income and education level, employment status and occupation category
were considered as well in this thesis. The average number of non-household contacts
per category of each SES-related variable was computed and accompanied with a 95%
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CI. Finally, as the perception of the COVID-19 pandemic severity can change throughout
the study period, the social behavior of participants with symptoms can be different as
well. Therefore, the longitudinal trend of the average number of non-household contacts of
participants with and without reporting symptoms was depicted with a 95% CI. Moreover,
the average number of reported non-household contacts stratified by symptomatic status
and other variables, such as vaccination status, was explored.

2.2.2 Number of non-household contacts via GAMLSS models

In order to investigate which factors influenced the number of non-household contacts based
on the data from the CoMix study, the Generalised Additive Models for Location, Scale
and Shape (GAMLSS) framework, introduced by Rigby and Stasinopoulos (2005), was con-
sidered. The models were fitted by using the R package gamlss (Rigby and Stasinopoulos,
2005). All analyses were performed using R Statistical Software (v4.4.1; R Core Team,
2023). More details on the implementation of GAMLSS in R with multiple data examples
can be found in Stasinopoulos and Rigby (2007). GAMLSS extends the generalised linear
mixed models (GLMM) and generalised additive mixed models (GAMM) to distributions of
the response which are not part of the exponential family. Moreover, next to the mean, also
other parameters of the distribution of the response variable such as the variance can be
modeled via linear, non-linear and/or (smooth) non-parametric functions of the explanatory
variables as well as random effects. Since the number of non-household contacts exhibited
overdispersion and there were a considerable number of responses with zero non-household
contacts, the GAMLSS framework was considered to model these contacts. Note that the
presence of overdispersion was assessed by comparing the deviances and AIC-values of the
final NBI GAMLSS model with the Poisson GAMLSS model with exactly the same struc-
ture as the former model.

Fitting GAMLSS models to the whole dataset resulted into convergence issues. Therefore,
subgroup analyses per age category (children, adults, elderly) were performed to investigate
whether the factors that drove the number of non-household contacts were different across
the three age categories. Since no children reported living alone, the reference household
size category in the model for children was 2. Moreover, the household size categories 3 and
4+ were merged together for the elderly age group, since the number of elderly participants
reporting to be living with more than 2 people in their household was very small. Note
that, since it was assumed that no children had elevated risks or were vaccinated and the
symptomatic status of children was never reported, these variables were not considered in
the model for children. Most of the adults and elderly participants reported their gender,
such that this variable could be included in their corresponding models for the number of
non-household contacts. However, gender was not considered in the model of the children
because none of the children reported their gender. Gimma et al. (2022) found an influence
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of employment status on the number of contacts. Therefore, the model of the adults also
accounted for both the employment status and education of the highest earner (see Table
1 and Table 6 for more details about the categories of these variables). Note that the
education of the participant itself was often not reported such that the education of the
highest earner was considered instead. The income level and occupation of the participant
were not included in the model of the adults, as 21.0% and 27.4% of these variables were
missing values, respectively. These socio-economic factors were reconsidered in the cluster-
ing analysis of contact patterns based on the location of the contact.

Following the recommendations given by Stasinopoulos, Rigby and Akantziliotou (2008),
the model building started by first considering a simple model with only main effects for
the mean parameter. Thereafter, the interaction terms which decreased the AIC-value of
the model the most were added one-by-one until no significant decrease of AIC-value was
occuring anymore. Since numerous pairwise interaction effects could be considered, only
meaningful pairwise interaction effects were considered to be added to the model for the
mean. Once a final model for the mean was fitted, attention went towards building a model
for the variance parameter where a similar model building procedure was performed as for
the mean parameter.

In this thesis, two GAMLSS distributions were considered to model the number of non-
household contacts. Negative binomial and generalised Poisson regression models were
employed due to the overdispersion present in the data and the considerable responses with
zero non-household contacts. The corresponding probability functions are given below. All
significance results were stated at a 5% level of significance and were accompanied with
their corresponding 95% confidence intervals.

Negative Binomial distribution (NBI)
The probability function of the negative binomial distribution is given by

Pyl o) = F(E()yrz_yi)l) (1 ilfmy (1 —i—lau)l/a (1)

for y =0,1,2,... the number of non-household contacts, u > 0 and ¢ > 0 representing the
dispersion parameter. This formulation of the probability distribution was introduced by
Anscombe (1950) where y = r,0 = 1/k and p = m. With this parametrisation, E(Y) = u
and Var(Y) = u(1 + op).

Next to parametric effects, the mean and variance structure of the final age-group spe-
cific models contained a smoothing penalised varying coefficient introduced by Hastie and
Tibshirani (1993) on the number of years the participation took place after the start of
the study considered in this thesis (22 December ’20) to make sure that its effect could
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vary depending on the combination of vaccination and symptomatic status, together with
a random intercept for each participant. Cubic splines for the day number were considered
instead of employing a penalised varying coefficient term, but the latter additive effect was
superior in the models for adults and elderly based on its lower corresponding AIC-value. In
the model for children, a smoothing penalised varying coefficient term for the day number
was included which did not change smoothly according to another variable instead since
both the vaccination status and symptomatic status of children were not included in the
model.

Generalised Poisson (GPO)

Since, next to the presence of overdispersion in the data, there is also an excess of zeros, the
Generalised Poisson GAMLSS model (GPO GAMLSS) was considered as well. Based on
real time and simulated data, Yadav et al. (2021) found that the latter model consistently
fitted overdispersed data with an excess of zeros better compared to negative binomial or
zero-inflation models.

The probability function of the Generalised Poisson distribution is given by

oy)v~1
i) = () I exp (o

for y =0,1,2,... the number of non-household contacts and p > 0, see Rigby et al. (2019).
Note that the dispersion parameter o is not restricted to be positive. A negative value of
o can be used to account for underdispersion, which rarely occurs in practice. With this
parametrisation, E(Y) = px and Var(Y) = u(1 + op)?.

For all three age categories, the same variables and interaction effects as for the NBI
GAMLSS models were considered in the model building process. Note that in the models
for the variance parameter of all three age categories, no random effect for participant was
included due to convergence issues.

As model diagnostic tool, randomised residuals of the NBI and GPO GAMLSS models were
employed. Via the plot.gamlss function in R, the normalised randomised quantile residuals
were checked by plotting the residuals against the fitted values and the index, considering
the kernel density estimate of the residuals and its normal QQ-plot (Stasinopoulos et al.,
2008). Alongside examining the diagnostic plots, the mean, variance, coefficient of skewness
and coefficient of kurtosis of the quantile residuals were studied as well. If the GAMLSS
model behaves well, i.e. the randomised quantile residuals are approximately normally dis-
tributed, the four coefficients mentioned above should be close to zero, one, zero and three,
respectively. Since a discrete distribution family (negative binomial or generalised Poisson)
for the response variable was considered to model the data, the quantile residuals were
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Figure 1: Histogram of number of non-household contacts. Note that this histogram zooms
in to the range of contacts between 0 and 10 to highlight the large number of zero non-
household contacts. However, up to 744 non-household contacts in one wave have been
reported by participants, although most reported number of non-household contacts were
between 0 and 10.

randomised. Therefore, based on recommendations from Stasinopoulos et al. (2008), the
function rqres.plot was also used to create 40 realisations of the normalised randomised
quantile residuals from the fitted GAMLSS model and consequently construct a QQ-plot of
their median. Although not considered in this thesis, also other types of model diagnostic
tools could be considered. One example is the worm plot of the residuals, introduced by
van Buuren and Fredriks (2001) from which specific regions of a (dominant) explanatory
variable where the model does not fit the data adequately could be identified. Moreover,
the Q-statistics to test normality of the residuals within a region of an explanatory variable
could be employed (see Royston and Wright (2000) for more details).

2.2.3 Non-household contacts via zero-inflation and Hurdle models

Next to the GAMLSS framework, both zero-inflation and Hurdle models were considered
as well to investigate which factors influenced the presence and number of non-household
contacts in our dataset. The histogram of the number of non-household contacts depicted
in Figure 1 shows the large number of participations with zero reported non-household
contacts. Moreover, as noted by Quilty et al. (2024), the overdispersion of contact rates
causes an increase in the dispersion of the reproduction number. This motivates the choice
of employing these models.

Both zero-inflation Poisson GAMLSS models (ZIP GAMLSS) and zero-inflation negative
binomial counterparts (ZINBI GAMLSS) were considered in this thesis. Suppose that
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the number of non-household contacts (Y) is 0 with probability o and follows a Poisson
distribution with parameter p (Y ~ Po(u)) with probability (1 — o). Then Y has a zero-
inflation Poisson distribution with probability distribution given by, adapted from Lambert
(1992) where y = k,0 = p and p = A,

oy = { TH A= ity =0
Py|u, o) = (1_0-)/;7?:6_“ ify=1,2,3,-~-»

see also Ridout et al. (1998), whereas Greene (1994) introduced the zero-inflation negative
binomial distribution where

v+ =v)plylp, o) ify=0
MMMUW%—{(lwmmmo) ify=1,2,3,... @)

with p(y|u, o) given by (1) in order to account for overdispersion as well. Zero-inflation
generalised Poisson models could also be defined, see Gupta et al. (1996), although these
were not considered in this thesis. The zero-inflation models can be extended to also in-
clude covariates. Thomas et al. (2018) compared the performance of the different GAMLSS
models for a dataset with an excess of zeros.

In addition to zero-inflation models, Hurdle models were considered to account for both
overdispersion and the excess of zeros. These models are defined in two steps. In a first step,
the probability of having at least 1 non-household contact is modeled via logistic regression.
The second step only considers the participations with a non-zero number of reported non-
household contacts and models the number of non-household contacts. Hurdle models were
introduced by Cragg (1971) to analyse the demand for durable goods and were extended to
count data with the truncated negative binomial distribution for the second step by Welsh
et al. (1996). As described in Feng (2021), the structure of a Hurdle model is given by

Di ( ) yi =0
P Y, Wi

1—p;

( )1—Mw=0w0

P(Y; =yi) = (3)

y; >0,

where Y; denotes the number of non-household contacts for participant-wave combination ¢
and p(y;, ;) is a probability mass function for a count distribution. Similarly as described

earlier for zero-inflation models, all Hurdle models can be generalised to include covariates
T

as well via logit(p;) = @, a and log(u;) = 2¥' 8 with covariate vectors z; and z; and vectors
of regression coefficients o and 8. More details about both steps of the Hurdle models

considered here will be discussed below.
The outcome variable of the first step of the Hurdle model was a binary variable (0/1)
which attained the value 1 if a participant reported at least 1 non-household contact in

that wave and 0 otherwise. A generalised linear mixed model (GLMM) was employed per

10
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age category with the function glmer in the R library 1lme4. The binomial distribution with
logit link function was considered. For every age category, the initial model was a model
with all main effects as in the GAMLSS modeling framework, together with a random in-
tercept for the participant. In order to check whether there was overdispersion present in
the data, the function dispersion_glmer in the library blmeco was used. Since, for all
three age categories, the dispersion factor was between 0.93 and 0.98, the binomial distri-
bution was continued to being used throughout the model building process. This process
consisted of including interaction effects that significantly improved the model fit the most
assessed by the Likelihood Ratio Test (LRT) until no significant improvements were occur-
ring anymore. For feasibility, only meaningful pairwise interaction effects were considered
to be added to the model. Thereafter, main effects that did not contribute significantly to
the model (i.e., whose removal did not result in a significant LRT) were excluded in or-
der to simplify the model. In the sequel, we will refer to this first step as the Hurdle 1 model.

As a second step, given that non-household contacts were reported, the number of non-
household contacts was modeled via a zero-truncated probability distribution. Since, for
all three age categories, there was clear overdispersion present in the data, the truncated
negative binomial distribution was considered via the function glmmTMB in the package
glmmTMB instead of the Poisson distribution. The Hurdle negative-binomial model is then
(via (3)) given by

Di yi =0
1
P(Y;:yz): ]-_pz F(y1+o)

o \'(_L N @)
1_(1+1m)1/af<;)f‘(yi+1)<1+Uﬂi) (1+0m) vi= 0

with dispersion parameter o. The same variables and model building strategy as in the
first step of the Hurdle model were considered. This model will be referred to as the Hurdle
2 model.

In order to assess the fit of the Hurdle models, the DHARMa package in R (Hartig, 2017)
was used to obtain simulation-based residual diagnostics for hierarchical regression mod-
els. For every age category, standardised quantile residuals based on the final model were
simulated by first simulating new response data from the fitted model for each observation
and thereafter calculate the empirical cumulative distribution function for the simulated
observations. The residual is defined as the value of the empirical distribution function at
the value of the observed data and will be a number between 0 and 1 representing the pro-
portion of simulated data that is lower than the observed value. Based on the residuals, two
plots were created. On the one hand, a QQ-plot of the residuals was made to detect overall
deviations from the expected distribution with tests for correct distribution (Kolmogorov-
Smirnov test), dispersion and the presence of more simulation outliers than expected. On

11
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the other hand, a plot of the residuals against the predicted value was produced where
simulation outliers were highlighted. Note that the probability of an outlier depends on
the number of simulations. For the Hurdle models in this thesis, 1 000 simulations were
considered to obtain stable results. Furthermore, a simulation-based dispersion test was
performed.

By comparing (2) with (3) and (4), it is clear that whereas Hurdle models assume that there
is only one process to obtain zero non-household contacts, zero-inflation models include
two different processes that can give rise to a zero count. These two processes include (1)
participants who never reported non-household contacts and (2) participants who could
have reported non-household contacts but did not always do. In Hurdle models, only
the first process could produce zero counts since a zero-truncated probability distribution
function was used when the "hurdle” was crossed. See Feng (2021) for more details about
the differences in handling zero-inflation and the generating processes for zeros.

2.2.4 Clustering of contact profiles

Next to modeling the presence and number of non-household contacts, contact patterns of
the participants across different locations were also investigated in order to explain some ob-
servations from the regression analyses. By analysing the reported number of non-household
contacts in six different locations (home, work, school, leisure, transport, other), contact
profiles were defined for the whole dataset and per age category. This was done based on
an agglomerative hierarchical clustering algorithm in order to group the participants into
clusters where those within each cluster had more similar contact patterns than participants
assigned to other clusters. The agglomerative hierarchical clustering algorithm is a bottom-
up algorithm where each participant is initially considered as a single-element cluster. At
every step of the algorithm, the two clusters that are the most similar are combined into
a bigger cluster. This process continues until there is only one large cluster. Sometimes,
contacts with a person were recorded at multiple locations. Similar to the approach of
Kretzschmar and Mikolajczyk (2009), the contact was only counted once with the hierar-
chy home > work > school > leisure > other place > transport.

First, the average number of non-household contacts per location over all waves was cal-
culated for all participants. These six count variables were thereafter scaled to make sure
that clustering was not driven by locations with larger counts. Afterwards, the Euclidean
distance between every pair of participants was calculated via

where z and y are two vectors of length 6 representing the non-household average number
of contacts at all six locations for two participants. This distance matrix was employed

12
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to measure how similar two clusters were by performing the agglomerative hierarchical
clustering analysis using the function dist from the R package proxy. As agglomeration
method, Ward’s D2 measure of dissimilarity was considered. This measure was introduced
by Ward (1963) and minimises the total within-cluster variance. Therefore, at each step of
the algorithm, the two clusters with minimum between-cluster distance were merged. This
measure of dissimilarity was employed via the function hclust from the R package stats
since the option "ward.D2” implements the clustering criterion introduced in Ward (1963)
(Murtagh and Legendre, 2014).

In order to choose a number of clusters, three methods were considered. First, the den-
drogram was studied as an exploratory tool to visualise the hierarchical tree structure.
Secondly, an elbow plot was used where the number of clusters can be chosen such that
the total within sum of squares will not decrease a considerable amount when considering
more clusters. Thirdly, the average silhouette plot was inspected to determine how well
each participant lied within its cluster (Kaufman and Rousseeuw, 2005). The plot was
made by computing the average silhouette for different cluster sizes, based on the function
silhouette in the R package cluster. The optimal cluster size was the number for which
the average silhouette was maximised. Once a number of clusters was chosen, the R-function
cutree was employed to cluster the data into the desired number of groups. For each clus-
ter, the average number of non-household contacts made per location was calculated and
visualised. This hierarchical clustering algorithm was considered for the whole dataset and
to investigate and compare the contact patterns per age category. Furthermore, the contact
patterns in different income and occupation categories were examined via the same clus-
tering methodology. Since parents filled in the questionnaires for their child, but reported
their own income and occupation instead of that of their child, the children were not taken
into consideration during the clustering analyses of the contact patterns per income and
occupation category. Finally, also contact patterns of symptomatic and non-symptomatic
participants were compared.

Alongside clustering of contact patterns in age categories and socio-economic groups, also
participants with at least 1 non-household contact were clustered based on demographic
characteristics to partly explain the observations made in the Hurdle 2 models. Since the
demographic variables such as gender and household size of the participant were categorical
variables instead of numeric, the Euclidean distance could not be used anymore. Alterna-
tively, the Gower metric was considered to compute all pairwise ’distances’ between two
participants via the function daisy in the R package cluster (Kaufman and Rousseeuw,
2005). This similarity measure was introduced by Gower (1971) and can calculate the dis-
similarity between two participants based on both numerical and categorical variables. The
Gower metric first computes the distance for every variable separately and thereafter cal-
culates the overall Gower distance as the average of the individual distances. For numerical

13
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variables, the range-normalised Manhattan distance was computed via

Ti— U
4y = L= uil )
range;
for the j-th variable of participants  and y where range; is the difference between the
maximum and minimum values of the numerical variable to make sure that the distance is
between 0 and 1. For categorical variables, Dice distance was calculated as

d; = 0 if zj = yj
7 1 ifl‘j;éyj.

In order to reflect the ordering of the education of the main earner and household size, both
categorical variables were recoded as ordinal variables with equidistant numerical values,
assigning a difference of 1 between consecutive categories except for the household size for
children since there were a considerable amount of participants in the 44+ group who lived
in a household of size 5. Therefore, this variable with categories (2, 3, 44+) was encoded
by (1, 2, 3.5) to account for these larger households. Based on the assigned numerical
values for the ordinal variables, the distance between two participants for these variables
was calculated via (5).

After computing the Gower dissimilarity matrix, hierarchical clustering was performed,
although not with Ward’s D2 agglomeration method. Since this method minimises the
total within-cluster variance and is based on a (squared) Euclidean distance, it cannot
be employed with the non-Euclidean Gower distance. The average agglomeration method
does not assume Euclidean geometry and was therefore considered instead. The number
of clusters was determined by considering both the dendrogram and the average silhouette
plot. Thereafter, the proportion of each variable observed within each cluster was computed
and visualised, together with the average number of non-household contacts per location
in every cluster.

3 Results

3.1 Exploratory analysis

During the study period considered in this thesis, 4 208 individuals participated and re-
ported 39 028 responses and 166 208 contacts, of which 118 506 were non-household con-
tacts. The highest number of non-household contacts reported by an individual was 744.

Table 2 shows the distribution of the variables considered in the models per age category.
More than half of the participants was an adult and over 50% of the respondents were
living in Vlaams Gewest. Moreover, almost 3 out of 4 contacts took place during week-
days. 80% of participations were done by individuals living in a household smaller than 4.
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Table 2: Summary of dataset by age group of participant. Percentages may not exactly add
up to 100% due to rounding and a small proportion of missing values in some variables.

Age category of participant

Children

Adults

Elderly

Total

Total number of participants
Total number of participations
Total number of non-household contacts

Contacts age

1007 (23.93%)
7750 (19.86%)
37409 (31.57%)

2593 (61.62%)
23099 (59.19%)
66466 (56.09%)

608 (14.45%)
8179 (20.96%)
14631 (12.35%)

4208 (100%)
39028 (100%)
118506 (100%)

Children 27706 (23.38%) 9556 (8.06%) 1947 (1.64%) 39209 (33.09%)
Adults 8414 (7.10%) 45174 (38.12%) 8710 (7.35%) 62298 (52.57%)
Elderly 1030 (0.87%) 10460 (8.83%) 3694 (3.12%) 15184 (12.81%)
Don’t know/Prefer not to answer 259 (0.22%) 1276 (1.08%) 280 (0.24%) 1815 (1.53%)
‘Weekday /Weekend

Weekday 5044 (15.23%) 17545 (44.95%) 5487 (14.06%) 28976 (74.24%)
Weekend 1806 (4.63%) 5554 (14.23%) 2692 (6.90%) 10052 (25.76%)
Area

Brussels Hoofdstedelijk Gewest

Vlaams Gewest
Waals Gewest

750 (1.92%)
4263 (10.92%)
2737 (7.01%)

1968 (5.04%)
13805 (35.37%)
7326 (18.77%)

571 (1.46%)
5142 (13.18%)
2466 (6.32%)

3289 (8.43%)
23210 (59.47%)
12529 (32.10%)

Holiday
Yes 2455 (6.29%) 7189 (18.42%) 2491 (6.38%) 12135 (31.09%)
No 5295 (13.57%) 15910 (40.77%) 5688 (14.57%) 26893 (68.91%)

Household size

1 0 (0.00%) 6962 (17.84%) 2436 (6.24%) 9398 (24.08%)
2 716 (1.83%) 8831 (22.63%) 5348 (13.70%) 14895 (38.17%)
3 2627 (6.73%) 3958 (10.14%) 302 (0.77%) 6887 (17.65%)
4+ 4407 (11.29%) 3348 (8.58%) 93 (0.24%) 7848 (20.11%)

Elevated risk
Yes

No

Face mask usage
Yes

No

Symptomatic status

0 (0.00%)
7750 (19.86%)

3035 (7.78%)
4715 (12.08%)

6327 (16.21%)
16713 (42.82%)

14921 (38.23%)
8178 (20.95%)

3767 (9.65%)
4411 (11.30%)

5255 (13.46%)
2924 (7.49%)

10094 (25.86%)
28874 (73.98%)

23211 (59.47%)
15817 (40.53%)

Yes 0 (0.00%) 16623 (42.59%) 7106 (18.21%) 23729 (60.80%)
No 0 (0.00%) 6431 (16.48%) 1073 (2.75%) 7504 (19.23%)
NA 7750 (19.86%) 45 (0.12%) 0 (0.00%) 7795 (19.97%)

Vaccination status

Yes 0 (0.00%) 14428 (36.97%) 6517 (16.70%) 20945 (53.67%)
No 7750 (19.86%) 8626 (22.10%) 1661 (4.26%) 18037 (46.22%)
Gender

Female 0 (0.00%) 12451 (31.90%) 3065 (7.85%) 15516 (39.76%)
Male 0 (0.00%) 10601 (27.16%) 5114 (13.10%) 15715 (40.27%)
NA 7750 (19.86%) 47 (0.12%) 0 (0.00%) 7797 (19.98%)
Social group

Group 1&2 2813 (7.21%) 7204 (18.46%) 937 (2.40%) 10954 (28.07%)
Group 3&4 2143 (5.49%) 5722 (14.66%) 3213 (8.23%) 11078 (28.38%)
Group 5&6 1509 (3.87%) 4444 (11.39%) 2276 (5.83%) 8229 (21.08%)
Group 7&8 1285 (3.29%) 5729 (14.68%) 1753 (4.49%) 8767 (22.46%)

‘Waves of participation

1 1007 (2.58%) 2593 (6.64%) 608 (1.56%) 4208 (10.78%)
2 688 (1.76%) 1708 (4.38%) 456 (1.17%) 2852 (7.31%)

3 574 (1.47%) 1409 (3.61%) 411 (1.05%) 2394 (6.13%)

4 499 (1.28%) 1269 (3.25%) 401 (1.03%) 2169 (5.56%)

5 440 (1.13%) 1178 (3.02%) 392 (1.00%) 2010 (5.15%)

6 408 (1.05%) 1106 (2.83%) 384 (0.98%) 1898 (4.86%)

7 376 (0.96%) 1051 (2.69%) 372 (0.95%) 1799 (4.61%)
8+ 3758 (9.63%) 12785 (32.76%) 5155 (13.21%) 21698 (55.60%)
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Figure 2: Average number of non-household contacts per age category and wave, together
with the corresponding 95% CI. The black solid line represents the average number of
non-household contacts per wave over all three age categories. The grey shaded regions
represent the Christmas, Easter and summer periods. The stringency index at a specific
moment is indicated in orange.

The average number of reported non-household contacts was 3.04 with the median being 0
due to the large number of zero reported non-household contacts (see also Figure 1). The
number of reported non-household contacts decreased with the number of participations of
the respondent with an average of 4.74 (CI [4.18; 5.30]) for first participations and 2.51 (CI
[2.33; 2.69]) for individuals already participating for at least 8 times. As Figure 12 indicates
that the latter group dominated at later periods of the study period, this will influence the
average number of reported non-household contacts.

Figure 2 depicts the longitudinal trend of the average number of reported non-household
contacts per age category together with the evolution of the stringency index. This index
increased to almost 80 during the Easter period of 2021 and thereafter decreased again to
ultimately reach a value of 30 at the end of the study period. However, the average number
of reported non-household contacts was quite stable throughout the study period. The clear
drop in average number of reported non-household contacts of children during the holiday
periods could be attributed to the closure of schools during these periods. On average,
children reported more contacts outside their household (4.83, CI [4.46; 5.20]) compared to
adults (2.88, CI [2.68; 3.08]) and elderly (1.79, CI [1.63; 1.95]).

Based on Figure 3, a considerable amount of participants could be divided into two groups
according to the proportion of waves in which they reported zero non-household contacts.
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Figure 3: Histogram of the proportion of waves per participant where zero non-household
contacts were reported.

One group almost never reported such contacts, while the other group almost always did. If
non-household contacts were made, participants with over 90% of waves reporting zero non-
household contacts had an average of 3.71 non-household contacts (median: 2), whereas
participants with fewer than 10% of waves reporting zero non-household contacts reported
on average 9.39 contacts outside their household (median: 3). A similar pattern was ob-
served for the categories of every variable, although the proportion of participants report-
ing zero non-household contacts in more than 90% of the waves was considerably lower in
Vlaams Gewest (23.3%) compared to Waals Gewest (38.7%) and Brussels Hoofdstedelijk
Gewest (35.3%).

Table 3 indicates that participants working as service employees reported the highest aver-
age number of non-household contacts whereas respondents not in labor force had the lowest
number. The differences in contact patterns between occupation categories was further ex-
plored in the clustering analysis. Moreover, there was an increasing trend in the average
number of reported non-household contacts as the income level was higher. Finally, note
that for both symptomatic and non-symptomatic participants, there was no clear increas-
ing trend over time in the average number of reported non-household contacts. On average
over all waves, non-symptomatic participants reported more contacts outside their house-
hold (3.31 vs 2.37). No deviations from this effect of symptomatic status were observed
in the comparison of the average number of reported non-household contacts stratified by
every other variable.
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Table 3: Average number of reported non-household contacts (95% CI) per category of
different socio-economic variables.

Variable Mean (CI) Variable Mean (CI)
Occupation Income
Managers & Professionals 3.22 [2.85; 3.59] | Very low 1.72 [1.49; 1.95]
Office employees 3.10 [2.79; 3.41] Low 2.45 [2.08; 2.82]
Service employees  6.13 [5.26; 7.00] Middle 2.91 [2.64; 3.18]
Manual workers 3.28 [2.81; 3.75] High 3.54 [3.23; 3.85]
[ } [ ]
[ }

Self-employed /Small business 3.05 [2.14; 3.96] | Very high 4.06 [3.62; 4.50
Not in labor force 1.86 [1.72; 2.00

Employment status Education main earner
Not in labor force 1.57 [1.48; 1.66] Low 2.14 [1.89; 2.39]
Employed 3.73 [3.41; 4.05] | Medium 3.35 [3.08; 3.62]
Student 3.02 [2.31; 3.73] High 3.08 [2.89; 3.27]

3.2 Number of non-household contacts via GAMLSS models

Both NBI GAMLSS and GPO GAMLSS models were considered for every age category
to investigate which factors influenced the number of non-household contacts. Table 4
presents the AIC values for the NBI GAMLSS and GPO GAMLSS models across all three
age categories. The former models showed substantially lower AIC values compared to the
GPO GAMLSS models in all age groups, suggesting a better fit when a NBI GAMLSS model
was considered. However, as already touched upon in the previous section, this difference
was largely attributable to the fact that in the GPO GAMLSS models it was not possible
to include a random effect in the model for the variance parameter. This had a considerable
impact on the overall model fit. If one only considered the models for the mean parameter
without building a model for the variance parameter, the GPO distribution consistently
provided a better fit across all three age categories compared to the NBI distribution.

Table 4: AIC values for NBI GAMLSS and GPO GAMLSS models for all three age cate-
gories.

Age category NBI GPO
Children 25965.0 26871.4
Adults 63222.0 65952.4
Elderly 22814.9 23581.1

Figure 4 and Figure 5 show the results of, respectively, the NBI and GPO GAMLSS models
for the average number of non-household contacts in the different age categories. A sum-
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mary of the coefficients for the mean and variance structure of the NBI and GPO GAMLSS
models can be found in Tables 7-18 in the Appendix. Based on the model diagnostic plots
depicted in Figures 13-15, one can conclude that no serious violations to the model fit
were present, although some outlying observations could be detected based on the residual
plots from the GPO GAMLSS model for elderly. Moreover, Table 19 shows that the mean,
variance, coefficient of skewness and coefficient of kurtosis of the median randomised quan-
tile residuals were close to their expected values, suggesting approximate normality. These
observations on the residual diagnostics therefore indicate that the models adequately cap-
tured the structure of the data with no major patterns suggesting some misspecifications.

For children, wearing a face mask was positively associated with the average number of
non-household contacts (NBI: 1.70 times higher, CI [1.59; 1.82], GPO: 1.90 times higher,
CI [1.75; 2.07]). Compared to Brussels Hoofdstedelijk Gewest, participants from Vlaams
Gewest reported 273% (CI [213%; 344%)] and 369% (CI [286%; 470%)]) more non-household
contacts based on the NBI and GPO GAMLSS models, respectively. The increase in number
of reported non-household contacts in Waals Gewest compared to Brussels Hoofdstedelijk
Gewest was much smaller and only significant in the GPO model (1.38 times higher, CI
[1.12; 1.68]). However, holiday was a moderating factor which reduced the positive effect
of living in Waals Gewest or Vlaams Gewest on the number of non-household contacts.
Based on the NBI GAMLSS model, one can conclude that the number of non-household
contacts was smaller during holidays (27.5% lower, CI [3.10%; 45.8%]). As opposed to the
NBI model, the GPO GAMLSS model indicated that compared to participants who lived
together with 1 person, participants living in a household of size 4 or more reported on
average 20.7% (CI [9.35%; 30.7%)]) fewer non-household contacts.

Based on the results of the NBI and GPO GAMLSS models for elderly, one can see that
vaccinated participants reported on average more non-household contacts compared to non-
vaccinated participants (NBI: 1.97 times higher, CI [1.82; 2.14], GPO: 1.92 times higher,
CI [1.60; 2.32]). Furthermore, wearing a face mask was positively associated with the av-
erage number of reported non-household contacts (NBI: 1.46 times higher, CI [1.10; 1.96],
GPO: 2.18 times higher, CI [1.83; 2.62]). During holidays, participants reported fewer
non-household contacts (NBI: 91.6%, CI [86.7%; 96.8%], GPO: 91.2%, CI [85.6%; 97.1%]).
Males also had fewer non-household contacts compared to females (NBI: 88.6%, CI [84.0%;
93.3%], GPO: 87.2%, CI [82.2%; 92.4%)]). However, also some differences in effects between
both models were observed. First, only the GPO GAMLSS model found a positive effect of
living in Vlaams Gewest compared to Brussels Hoofdstedelijk Gewest (1.24, CI[1.11; 1.38]).
Secondly, the household size also had a different influence on the average number of re-
ported non-household contacts. Compared to participants who lived alone, the NBI model
found that participants living in a household of size 2 reported on average 1.09 times more
non-household contacts (CI [1.03; 1.15]) which was non-significant in the GPO model. On
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Figure 4: Relative number of non-household contacts and 95% CI based on the NBI
GAMLSS model for (a) elderly, (b) children and (c) adults.
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the other hand, the latter model found a negative effect of living in a household of size 3
on the average number of reported non-household contacts (0.82, CI [0.70; 0.97]).

Similar to the models for the two other age categories, wearing a face mask was posi-
tively associated with the average number of reported non-household contacts for adults
as participants reported 134% (CI [117%; 152%)]) or 183% (CI [128%; 250%)]) more con-
tacts outside the household based on the NBI and GPO model, respectively. Vaccinated
adult participants reported more non-household contacts compared to non-vaccinated par-
ticipants (NBI: 1.54 times higher, CI [1.34; 1.77], GPO: 1.66 times higher, CI [1.40; 1.99]).
However, vaccinated participants who also wear face masks had fewer contacts as expected.
Therefore, being vaccinated acted as a moderating factor which reduced the positive effect
of mask-wearing on the number of non-household contacts. Also note that participants
experiencing symptoms reported fewer contacts (NBI: 93.8%, CI [91.0%; 96.6%], GPO:
87.5%, CI [84.1%; 91.1%]). Compared to Brussels Hoofdstedelijk gewest, participants from
Vlaams Gewest reported 148% more non-household contacts (CI [127%; 171%]) based on
the NBI GAMLSS model (126%, CI [81.5%; 182%)] for the GPO model). This positive effect
of living in Vlaams Gewest was smaller for vaccinated participants. The increase in number
of reported non-household contacts was much smaller in Waals Gewest compared to Brus-
sels and only significant in the NBI GAMLSS model (1.16 times higher, CI [1.05; 1.28]).
Weekend periods had a positive effect on the number of non-household contacts (NBI: in-
crease of 8.11%, CI [3.87%; 12.5%], GPO: increase of 7.31%, CI [2.37%; 12.5%]), whereas
males reported fewer non-household contacts (NBI: 90.3%, CI [87.7%; 92.9%], GPO: 91.7%,
CI [88.2%; 95.2%]). The household size also had an influence on the average number of
reported non-household contacts of adults. The larger the household size, the smaller the
average number of reported non-household contacts.

Finally, note that the number of reported non-household contacts showed a significant
downward trend for all three age categories as individuals participated in more waves. This
can be related to the under-reporting due to fatigue, which was also observed by Loedy et
al. (2023).

3.3 Non-household contacts via zero-inflation and Hurdle models

Due to the presence of an excess of zeros, zero-inflation and Hurdle models were considered
as well. First note that both zero-inflation Poisson and zero-inflation negative binomial
GAMLSS models did not converge, even if only the mean parameter was modeled. Since
zero-inflation models require the joint estimation of the count part and the zero-inflation
part, the additional layer of complexity by including a random effect for participant resulted
into convergence issues. Therefore, only Hurdle models are considered in the sequel.
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The summary output of the Hurdle 1 models for elderly, children and adults can be found
in Tables 20-22 respectively and are visualised in Figure 6. The DHARMa residual plots
for model diagnostics are shown in Figure 16. Although the Kolmogorov-Smirnov and dis-
persion test in the model for adults were both highly significant, there was not necessarily
a problem with the model fit. Given the large sample size, even minor deviations from the
model assumptions will be detected by the diagnostic tests, even when the model provides
an adequate fit in practice. A formal DHARMa dispersion test revealed that the ratio of
the observed standard deviation of the residuals to the expected standard deviation under
the fitted model was 0.97 and significantly different from 1 (p < 0.001). However, this was
a practically negligible deviation from the expected residual variance. For the Hurdle 1
models for elderly and children, the dispersion test was non-significant.

For elderly, the odds of having at least 1 non-household contact were 5.62 (CI [4.11; 7.67])
times higher for participants who were wearing a face mask during their reported contacts
and this effect was even higher if the person also had an elevated risk. Vaccinated individuals
had 1.56 times higher odds (CI [1.06; 2.29]), although for mask-wearing vaccinated respon-
dents this positive effect of being vaccinated was almost completely diminished. Males had
32% lower odds (OR = 0.68, CI [0.48; 0.95]) of having at least 1 non-household contact
compared to females. Also note that living in a larger household decreased the log-odds,
but this negative effect was less pronounced for vaccinated participants.

Based on the Hurdle 1 model for children (see Table 21), one can also notice the positive
effect of mask wearing (OR = 2.12, CI [1.84; 2.46]) and the negative effect of living in a
larger household on the odds of having at least 1 non-household contact. Compared to
Brussels Hoofdstedelijk Gewest, the odds of having non-household contacts were 4.11 times
higher in Vlaams Gewest (CI [2.65; 6.37]). The odds of having non-household contacts were
31% lower during holidays (OR = 0.69; CI [0.60; 0.80]), although this effect was less nega-
tive if the holiday took place during the weekend. Finally, also note that the more waves a
respondent already participated, the lower the odds of reporting at least 1 non-household
contact.

This fatigue effect was also visible in the Hurdle 1 model for adults (see Table 22). For
adults, wearing a face mask was positively associated with the odds of having non-household
contacts (OR = 5.58, CI [4.81; 6.46]) and this positive effect was even higher if the partic-
ipant also had an elevated risk. Having symptoms resulted into 19% lower odds of having
non-household contacts (OR = 0.81, CI [0.73; 0.90]) and the odds were also lower for males
compared to females (OR = 0.75, CI [0.62; 0.90]). Being vaccinated resulted into 1.35 times
higher odds of having at least 1 non-household contact (CI [1.09; 1.68]), although this pos-
itive effect was partly counteracted if the respondent was wearing a face mask or was at
elevated risk. Living together with other people in the same household had a negative effect
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Figure 6: Relative odds of having non-household contacts and 95% CI based on the Hurdle
1 model for (a) elderly, (b) children and (c) adults.
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on the odds of having at least 1 non-household contact. For vaccinated participants, the
effect of household size was more negative as the household size was larger. Compared to
Brussels Hoofdstedelijk Gewest, the odds of having non-household contacts were 2.34 times
higher in Vlaams Gewest (CI [1.71; 3.19]). During holidays, the odds were higher (OR =
1.14, CI [1.06; 1.23]). Finally, the education level of the main earner in the household also
influenced the odds of having non-household contacts. Participants for which the highest
earner of the household had a low education had 25% lower odds (CI [0.01; 0.43]) compared
to the reference category (medium-level education), whereas respondents with a high-level
educated main earner in their household had higher odds (OR = 1.42, CI [1.16; 1.74]).

Figure 7 depicts the effects of the factors considered on the relative number of non-household
contacts based on the Hurdle 2 model. The specific coefficients can be found in Tables 23-
25. The DHARMa residual plots and nonparametric dispersion tests employed for model
diagnostics, shown in Figure 17, indicated that there was significant overdispersion present
in the Hurdle 2 models for adults and elderly, whereas the children’s model showed some
underdispersion. Therefore, interpretations of the results should be done with care.

For elderly, being vaccinated was positively associated with the average number of non-
household contacts (1.91 times higher, CI [1.60; 2.27]. During holidays and weekends, par-
ticipants reported 1.13 (CI [1.02; 1.25]) and 1.17 (CI [1.06; 1.29]) times more non-household
contacts. Furthermore, respondents from Vlaams Gewest wearing a face mask reported on
average 1.95 times more non-household contacts compared to participants from this area
of residency who did not wear face masks (CI [1.15; 3.31]). In contrast to elderly, the
Hurdle 2 model for children indicated the negative effect of holiday on the average number
of non-household contacts. During holidays, 37.9% less non-household contacts were made
by children (CI [29.1%; 45.6%]). children from Vlaams Gewest reported 2.11 times more
non-household contacts compared to respondents from Brussels Hoofdstedelijk Gewest (CI
[1.37; 3.25]). Moreover, there was a positive effect of household size on the average number
of non-household contacts and wearing a face mask also increased this average number of
contacts by 22.7% (CI [5.08%; 43.2%]). Finally, note that there was a clear fatigue effect
present on the average number of reported non-household contacts.

This fatigue effect was also visible in the Hurdle 2 model for adults. Wearing a face mask
was positively associated with the average number of non-household contacts (1.54 times
higher, CI [1.82; 2.20]), although this effect was partly counteracted if the participant
was vaccinated. Moreover, a positive effect of living in a household of size 2 or 3 was also
present in this model. Adults who were at elevated risk reported on average 13.2% less non-
household contacts (CI [2.37%; 22.8%]). During weekends, 1.11 times more non-household
contacts were made (CI [1.03; 1.19]). Compared to adults who were not in labor force,
students and employed respondents reported on average approximately 70% more non-
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household contacts. Moreover, among unvaccinated adults, those with a high-educated
main earner in their household had fewer non-household contacts compared to those with
a medium-educated main earner (0.72, CI [0.56; 0.92]). However, this pattern reversed for
vaccinated adults, where vaccination has led the participants with a high-educated main
earner in their household to have on average more non-household contacts. Finally, note
that vaccinated respondents from social groups 5&6 and 7&8 reported on average more
non-household contacts than unvaccinated adults in these social groups.

3.4 Clustering of contact profiles

As described in the methodology section, the contact patterns of participants were inves-
tigated by employing a hierarchical clustering algorithm. First, the contact patterns per
age category were considered, as clear differences in (factors that influenced) the number
of reported non-household contacts per age category were found in the regression analyses.
Since for every age category, the clustering algorithm revealed that there was one large clus-
ter and multiple very small clusters with only a few participants who differed considerable
with respect to the locations and number of non-household contacts, the clustering method
was executed again on the participants from the large cluster. Nevertheless, this resulted
once more in one large cluster and very small clusters. Therefore, the contact pattern from
the original large cluster was considered for each age category as typical contact pattern
for that category.

The resulting main contact patterns of the three categories, together with the average num-
ber of non-household contacts per location can be found in Figure 8. On the one hand,
this figure reveals that elderly had, on average, fewer non-household contacts compared to
adults and children, where children had even more non-household contacts compared to
adults. This is in line with observations made in the exploratory analysis. On the other
hand, the locations where most of the non-household contacts took place were different
across the three age categories. As expected, children had most of their non-household
contacts at school, but also had some non-household contacts at home. These could be
contacts with friends or family who were not part of the household. Adults had most of
their non-household contacts at work, but also had some contacts at home or at school. The
latter could for example be contacts with teachers of their children or with other parents.
Finally, it can be seen that most of the non-household contacts of elderly were at home, for
example when family members came to visit these participants. Since some participants
were still working at the age of 66 or older, some contacts were still made at work. Some
elderly respondents also came into contact with other persons at school, for example when
they picked up their grandchild. Note that, on average, not many contacts were made
at transport, leisure or other locations. The clustering analysis revealed that there were
participants with a considerable amount of non-household contacts at these locations, but
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Figure 8: Main contact patterns with mean number of non-household contacts per location
for (a) children, (b) adults and (c) elderly.

these were classified in a separate cluster to indicate that their contact patterns were clearly
different from the majority of the participants from that age category.

Figure 9 and Figure 10 depict the results from the clustering analyses performed in the
different income and occupation categories respectively. Note that a similar clustering al-
gorithm was performed as with the age categories, where the small clusters were ignored
and only the large cluster was considered. Figure 9 reveals that the average number of
non-household contacts increased as the income level of the participant was higher. The
average number of non-household contacts made at home was approximately 1 across all
income categories, although it is noticeable that most contacts were work-related except
at the lowest income category. A possible explanation is that respondents in the lowest
income category were more likely to be outside the labor force. Therefore, they did not
participate in the workplace and will lower the number of non-household contacts at work
in the lowest income category. This pattern is also visible in Figure 10, where participants
not in the labor force reported, on average, fewer non-household contacts overall, including
fewer work-related contacts compared to the other occupation categories. The negative
effect in the Hurdle 2 model for adults of not being in labor force can therefore partially
be attributed to the smaller number of work-related non-household contacts compared to
the other occupation categories. Furthermore, also self-employed participants reported on
average a low number of non-household contacts which is in contrast to the high number of
non-household contacts observed among service employees. This can be explained by the
fact that these latter group of participants worked in the service sector, in roles such as
teachers or nurses, where they had many contacts during their work. Finally, note that the
contact patterns of symptomatic and non-symptomatic participants were very similar and
only differed in the number of reported non-household contacts, where non-symptomatic
respondents reported more work-related contacts outside their household.

Figure 11 depicts the results of the clustering based on demographic characteristics. The
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children were separated into three clusters which are clearly primarily characterised by
their area of residence. In fact, each cluster only contained respondents from one area of
residence. The corresponding contact profiles revealed that the average number of non-
household contacts was the highest in the first cluster where only children from Vlaams
Gewest are present, which is in line with results from the regression analyses. Based
on demographic characteristics, the adult respondents were separated into four clusters.
The first cluster predominantly consisted of employed participants from social group 3&4,
whereas the second cluster consisted of primarily employed participants from social group
1&2 where the education of the main earner in the household was high. A large amount
of participants in the third cluster were from social group 5&6 where the education of the
highest earner in the household was medium, whereas the last cluster consisted of par-
ticipants from social group 7&8 where a considerable amount was not in labor force. On
average, a much lower average number of work-related non-household contacts was reported
in the latter cluster which can be partly attributed to the employment status of a large
proportion of these participants, as already indicated before and in the Hurdle 2 model.
Finally, the elderly participants were separated in five clusters, primarily based on their
area of residence and gender. Whereas the first two clusters mainly included respondents
from Vlaams Gewest and respectively males and females, clusters 3 and 4 consisted of
female and male participants from Waals Gewest. The fifth cluster included participants
from Brussels Hoofdstedelijk Gewest. As expected, most of the non-household contacts of
elderly respondents took place at their home.

4 Discussion

The main objective of this study was to investigate which factors had an influence on the
reported number of non-household contacts based on the CoMix study in Belgium between
22 December 2020 and 8 March 2022. Two approaches were considered to estimate these
effects. First, both NBI GAMLSS and GPO GAMLSS models were employed for three age
categories. Secondly, three two-step Hurdle models were fitted where the drivers of the pres-
ence of at least one non-household contact were investigated in the first step, whereafter the
factors that influenced the number of non-household contacts were investigated based on
only the participations with non-zero number of reported non-household contacts. An ag-
glomerative hierarchical clustering analysis was employed to identify potential explanations
for the observed effects in the models.

4.1 Interpretation of the results

The age of the respondent had an influence on the number of non-household contacts, since
children reported the highest average number of non-household contacts. This can be ex-
plained by the fact that children have a considerable amount of non-household contacts at
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school, a phenomenon which was also visible in the clustering analysis of contact patterns.
This finding is in line with other studies (Bridgen et al., 2022; Gimma et al., 2022; Loedy
et al., 2023). Based on the GAMLSS and Hurdle models and similar to Wong et al. (2023)
and Loedy et al. (2023), wearing a face mask consistently had a positive effect on the
presence and number of non-household contacts across all age categories. Several reasons
can be given to explain this phenomenon. First of all, at many times and in various public
places, wearing a face mask was mandatory during non-household contacts. Therefore, it
will be more likely to have contacts outside the household if a person wears a face mask,
which is reflected by the large positive association of face mask wearing in the Hurdle 1
model. People who often had to go outside also had to wear a face mask more often. In
this case, a reverse reasoning can be made since having more non-household contacts results
into the higher usage of a face mask instead. Moreover, some people could be aware of the
risks of having contacts outside the household and therefore chose to wear a face mask
for safety reasons. Thirdly, risk compensation could have taken place, where people had
a safer feeling when wearing a face mask. This feeling of protection implies having more
social interactions and showing higher-risk behavior. Note however that although wearing
a face mask results in a lower risk of transmission of COVID-19, this advantage will be
counteracted by the trend of making more contacts by face mask wearing participants.
Furthermore, there was no information if the face mask was worn well and whether or not

the contacted person was wearing a face mask was also not taken into account.

The area of residency of the respondent also had a significant effect on the presence and re-
ported number of non-household contacts of adults and children. More specifically, people
from these two age categories living in Vlaams Gewest were more likely to make non-
household contacts compared to those in the two other regions, and the average number of
non-household contacts was also higher. For elderly, this positive effects were not always
present. This effect of area was also found in Coletti et al. (2020). In all GAMLSS mod-
els, an association between males and reporting fewer non-household contacts was found.
However, this negative effect was only present in the Hurdle 1 model and not in the Hur-
dle 2 model. Therefore, based on this study, males do have a lower probability of having
contacts outside the household than females which implies that males more often reported
zero non-household contacts. This latter observation explains the negative effect of male in
the GAMLSS models. For adults, this effect could be associated with the fact that women
are more often employed in social sector jobs compared to men. Based on the clustering
analysis of contact patterns by occupation category, it was also visible that participants
who worked in the service sector reported on average a higher number of work-related non-
household contacts, as also concluded by Thomas et al. (2021) and Soussand et al. (2025).
Moreover, the positive association between income level and number of non-household con-
tacts was also observed by Lucchini et al. (2024).
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Based on the Hurdle 1 model, the relative odds of having non-household contacts were
consistently lower in higher household sizes. Since these participants already have more
contacts within their household, they feel less need to seek for non-household social con-
tacts. This behavioral trend of respondents living in large households will decrease the
transmission, although note that when such a participant get infected, more people in its
household are prone to being contaminated as well. However, if a person had at least one
contact outside its household, children and adults living in larger households had slightly
more non-household contacts. Similar to the effect of male, the negative effect of household
size in the GAMLSS models of children and adults was mostly attributable to the higher
number of zero non-household contacts reported by participants living in larger households.
Previous studies found a positive association between household size and the number of con-
tacts (Loedy et al., 2024; Lucchini et al., 2024; Jarvis et al., 2024), although these studies
did not restrict their focus to non-household contacts and also considered contacts made
within the household, which naturally increase with household size.

In general, vaccinated participants reported having more non-household contacts, which is
similar to findings from Reichmuth et al. (2023); Wambua et al. (2023) and Wong et al.
(2023). Vaccination can provide a sense of safety, both in terms of one’s own health as the
health of others, which may encourage in engaging in more non-household contacts. It is
well-known that, when infected, vaccinated people typically have a lower viral load, expe-
rience milder illness symptoms when infected and remain infectious for a shorter period.
Therefore, they are less likely to transmit the virus to other people compared to unvac-
cinated individuals. However, vaccinated people can still become infected and transmit
the virus. The safer feeling of individuals can result into risk compensation where people
will make more contacts, also outside their household. This increases the probability of
becoming infected and thereafter transmitting the virus. Moreover, adults with symptoms
reported on average fewer non-household contacts and isolated themselves to protect others
from becoming infected.

Time characteristics of the contacts (holiday and/or weekend) were also present. Based on
the Hurdle models of children and adults, holiday periods showed a significant association
with a lower odds of reporting non-household contacts and the number of non-household
contacts for children, whereas the association between holiday periods and the odds of hav-
ing non-household contacts was positive for adults. Moreover, the effect of weekend was
positive for elderly and adults, but negative for children. These observations for children
can be explained by the fact that schools were closed during holidays and weekends and the
clustering analysis of contact patterns revealed that most of the non-household contacts of
children took place at school. Therefore, as also noted by Backer et al. (2023), holiday
periods and weekends lower the probability of transmission between children.
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Finally, the results indicated that people reported fewer non-household contacts as they
participated in more rounds of the survey. This effect was less pronounced in the Hurdle
models for elderly. Loedy et al. (2023) discovered a similar phenomenon in the study of the
mechanisms that drove contacts based on the CoMix study in Belgium and attributed this
to survey fatigue, while this effect was also observed by Backer et al. (2023) in their study
on dynamics of the non-household contacts. O’Reilly-Shah (2017) noted that respondent
fatigue is often present in longitudinal survey studies and can be influenced by factors such
as survey length and the type of questions. This fatigue effect also influenced the likelihood
of reporting non-household contacts, leading to under-reporting and consequently underes-
timating the true number of non-household contacts.

The exploratory analysis demonstrated the heterogeneity in behavior where two clearly
separated groups of contact profiles could be distinguished. On the one hand, a consider-
able amount of participants (almost) never reported non-household contacts. This highly
cautious group systematically avoided non-household contacts, which can be driven by fear
of infection, having elevated risk or a strong adherence to lockdown measures. On the
other hand, the highly social group almost always reported non-household contacts. This
behavior can be due to work-related obligations, a lower perceived risk of infection or less
concerns about transmitting the virus to others. Targeted interventions, such as vaccination
campaigns, encouraging face mask use or implementing targeted testing strategies, focusing
on the highly social group may have a large impact on reducing transmission.

Note that the average number of reported non-household contacts did not increase sub-
stantially during the study period, although the stringency index decreased to some extent.
This behavioral trend was also observed in previous studies, as already indicated in the
introduction. A possible explanation for this phenomenon is the presence of a fatigue effect
where respondents tend to report a lower number of non-household contacts as they partic-
ipated in more survey rounds. Since at later waves, a higher proportion of respondents will
be participating in multiple waves, the fatigue effect will have a larger impact and dampen
the effective average number of non-household contacts. Moreover, the motivation to con-
tribute to the survey in the CoMix study may initially be high. As time progresses and
the number of cases, hospitalisations and lockdown measures were decreasing, participants
may have perceived the pandemic as less severe, potentially reducing their motivation to
accurately report all their contacts. It is also reasonable that, although restrictions were
relaxed and people started working at the office and attending other activities again, people
may still try to reduce the number of contacts outside their household and keep physical
distance during interactions. This can also partly explain the clustering pattern of the low
average number of leisure contacts made during this study.
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4.2 Limitations and suggestions for future research

This study has several limitations that should be acknowledged. First of all, the CoMix
survey is prone to several sources of bias, which will be further discussed in the section on
ethical thinking. Moreover, a fatigue effect was found in the analyses performed in this the-
sis, which significantly influenced the reported number of non-household contacts. Loedy
et al. (2023) estimated the fatigue effects in their study to predict the number of contacts
that would have been reported if a respondent participated for the first time to the survey
by estimating the effect of participating for the first time. Although not considered in this
thesis, this methodology could also be applied to this data in future research to correct for
under-reporting due to fatigue. Furthermore, several assumptions were made to account for
the missingness present in the data. Future research can dive into a robustness analysis by
considering multiple imputation methods to better understand the missing data mechanism
whether or not missingness is independent of both observed and unobserved data (miss-
ing completely at random (MCAR)), only depends on observed data (missing at random
(MAR)) or depends on both (missing not at random (MNAR)), where MNAR cannot be
ruled out based on the observed data alone.

No cut-off value for the maximum number of reported contacts was used in this thesis.
In contrast, some previous studies considered a cut-off value of 50 (Gimma et al., 2022
and Reichmuth et al., 2024) or 100 (Jarvis et al., 2024) contacts per individual to reduce
the influence of reporting high numbers of contacts on the mean. Since over 99.6% of the
responses included less than 100 non-household contacts and a large proportion of partic-
ipants reported no or a small number of non-household contacts, the mean was employed
instead of the median. Moreover, Jarvis et al. (2024) demonstrated the limited impact of
considering a higher treshold value on their results. As a recommendation for future re-
search, the effect of using different cut-off values on the estimates obtained in the GAMLSS
and Hurdle models, together with considering the trimmed mean instead of the arithmetic
mean could be investigated.

In the model building procedures, the variables wavecount and household size were treated
as nominal instead of ordinal to examine the effect of each category on the average presence
and number of non-household contacts compared to a reference category. However, some
models showed a linear trend in one of these variables. Although not considered here, an
ordinal version of the categorical variable could be considered instead in the corresponding
models to improve statistical efficiency. This was not done in this thesis to consistently
consider the same type of variable throughout all models. As discussed before, a limitation
of the GPO GAMLSS models is that no random effect could be included in the variance
model partly due to convergence issues, which had a considerable impact on the overall
model fit. This limitation was partly accounted for by also considering the NBI GAMLSS
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model counterparts and revealed the limited impact on most of the estimates.

Both zero-inflation and Hurdle models were considered for the presence and number of
non-household contacts where the overdispersion and excess of zeros were accounted for.
Since the ZIP GAMLSS and ZINBI GAMLSS models did not converge, only results from
the Hurdle models were reported and interpreted. The Hurdle models modeled on the one
hand the odds of having non-household contacts and on the other hand the number of non-
household contacts if at least one contact outside the household was reported. As opposed
to zero-inflation models, zero counts can only be produced in the first step of Hurdle models
as a zero-truncated probability distribution function for the number of contacts outside the
household was employed in the second process. Note, however, that the assumption of two
independent states (zero vs non-zero counts) makes the Hurdle modeling framework not en-
tirely suitable for this dataset, as some participants almost always reported non-household
contacts except in one survey round where they reported none. Nevertheless, the Hurdle
models still provide useful insights regarding the contact behavior of the participants.

The DHARMa residual plots for the Hurdle 2 models considered in this thesis revealed
that these models did not completely capture the variability in the data. Even though the
negative binomial distribution was employed to account for overdispersion, there was still
more dispersion than expected. First, there may be unmodeled heterogeneity that was not
captured by the variables considered in these models. For example, due to the large number
of missing values for socio-economic variables as income, occupation and education, it was
only possible to account to some extent for SES of the participant. Instead of considering
the education of the participant, the education level of the household’s highest earner was
employed since the two are assumed to be closely related. Secondly, these Hurdle 2 models
could be improved by including a random slope for wavecount. This could account for
some of the unexplained variability and reduce overdispersion, as the models considered in
this thesis indicated that participants behave differently as the number of participations
increased. It is furthermore also possible to explicitely model the dispersion parameter such
that the variance could change with covariates. Finally, note that the Hurdle 2 models in
this thesis considered a quadratic mean-variance relationship. A linear relation between
the mean and variance was considered as well, but these models did not converge. Other
relations can be examined in the future.

The clustering analyses of contact profiles made use of the commonly employed Ward’s
D2 measure of dissimilarity. However, note that also other linkage methods could be con-
sidered such as complete or single linkage clustering. Whereas the former method will
produce more compact clusters, the latter clustering method will tend to produce long
clusters. Group average clustering gives a compromise between the two linkage methods
just described. More information about these different linkage methods can be found in
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Hastie et al. (2009). Further research can perform the clustering analyses with different
linkage methods and compare their performance based on the cophenetic correlation intro-
duced by Sokal and Rohlf (1962). Finally, this thesis focused on modeling the number of
non-household contacts, but many other insights could possibly be drawn from the CoMix
study. One possible direction is to investigate which factors influence the probability of
having physical contacts, which could be examined via a logistic regression model.

4.3 Ethical thinking, societal relevance and stakeholder awareness

This study is based on survey data collected via the CoMix study and involves a random
sample of individuals from the Belgian population. For children, one of the parents filled in
the survey on behalf of their child. Informed consent was collected and participants could
autonomously decide to withdraw from the study or participate again at any time. There
was also a possibility to leave specific questions open, including the income level of the
respondent. Furthermore, the personal data was pseudo-anonymised to ensure privacy and
confidentiality, such that the publicly available data is not personally identifiable.

As discussed before, the CoMix survey is, as a self-completed survey, prone to bias since
participants may want to give socially desirable answers instead of their true behaviors (e.g.
stating that they did not have any non-household contacts whereas in reality they had).
This could make the results less accurate and not fully reflect reality. Anonymisation of the
responses was employed to reduce this bias. Moreover, recall bias could be present where
participants have difficulties in accurately recalling the number of contacts they had in the
past. The disadvantage of this retrospective survey study is limited since only contacts
made on the day before filling in the survey had to be remembered. Finally, this study
is also prone to nonresponse bias, as individuals who chose not to participate may differ
meaningfully from those who did, potentially skewing the results. As the pandemic pro-
gresses, changes in public perception about its severity may also result into selection bias,
for example if individuals with certain levels of concern are more or less likely to continue

participating in the survey over time.

Both significant and non-significant results are stated and discussed in the report, with all
necessary details about the analyses given in the methodology section. Both the assump-
tions and limitations of all models considered in this thesis are discussed as well. Accurate
statistical models were fitted to the real data to ensure the relevance of the resulting inter-
pretations. Results from the models can serve as a guidance for decision makers to have
a deeper understanding about possible drivers of transmission of COVID-19 due to social
contact behavior, which are also relevant for other airborne diseases. Non-pharmaceutical
interventions may influence the spread of airborne diseases, but may also have a large impact
on the mental well-being of the population (Lwin et al., 2022; Massell et al., 2022; Colella et
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al., 2023). Therefore, decisions on future strategies about NPIs should not solely be based
on models, but its societal impact (e.g. due to social isolation) should be considered as well.

Different stakeholders can be defined. First of all, researchers in social contact behavior
can compare their results with the results of this study and, based on observations and
limitations in this thesis, decide on what interesting directions could be pursued in further
research. Our results can also be employed by researchers in infectious disease modeling to
build models for the transmission of airborne diseases. Furthermore, public health officials
and the government can consider the information in this thesis to develop data-driven
strategies on the use of NPIs for disease control of future outbreaks of airborne diseases.
Since the social contact patterns were different between the areas of residence, also regional
governments can employ these results to decide on region-specific NPIs. Finally, note that
the general population is a relevant stakeholder as well, as decisions from the governments
on the NPIs will have an impact on their daily lives during future outbreaks of airborne
diseases.

5 Conclusion

Based on data from the CoMix study, several factors were associated with the presence
and number of reported non-household contacts. These drivers may have an impact on the
spread/transmission of COVID-19 in the population. The average number of reported non-
household contacts did not considerably increase after relaxing the lockdown restrictions
indicating the longer-term impact of the pandemic on social contact behavior. However,
the under-reporting due to participant survey fatigue has to be taken into account as well.
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Appendices

A.1 Software code

Software code for this thesis can be found via https://github.com/StijnLapere/CoMix_

study_non-household_contacts.

A.2 Additional descriptive tables and figures

Table 5: Time periods where every wave of data collection took place.

Wave Period Wave Period
12 22 Dec ’20 —04 Jan 21 28 03 Aug '21-10 Aug 21
13 05 Jan ’21 11 Jan 21 29 17 Aug ’21-23 Aug 21
14 19 Jan 21 —24 Jan ’21 30 31 Aug ’21-07 Sep 21
15 02 Feb ’21 —07 Feb 21 31 14 Sep ’21 20 Sep 21
16 16 Feb '21 —23 Feb 21 32 28 Sep 21 —04 Oct 21
17 02 Mar '21-09 Mar ’21 33 12 Oct '21-17 Oct 21
18 16 Mar ’21-23 Mar 21 34 27 Oct 21 -03 Nov 21
19 30 Mar '21-06 Apr 21 35 09 Nov ’21-15 Nov 21
20 13 Apr '21-19 Apr 21 36 23 Nov ’21-29 Nov 21
21 27 Apr 21 -03 May 21 37 07 Dec ’21-13 Dec 21
22 12 May ’'21-19 May 21 38 21 Dec ’21-28 Dec 21
23 25 May ’21-01 Jun ’21 39 04 Jan '22-11 Jan 22
24 09 Jun ’21 -16 Jun 21 40 18 Jan ’22 -23 Jan ’22
25 22 Jun 21 -27 Jun 21 41 01 Feb 22 -08 Feb 22
26 06 Jul 21 —14 Jul 21 42 16 Feb ’22 —22 Feb ’22
27 20 Jul ’21 —26 Jul 21 43 01 Mar '22-08 Mar 22
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Table 6: More detailed description of categories of socio-economic variables.

Variable Category Groups included
Education main earner Low Without a diploma or primary education

General lower secondary education (first 3 years completed)
Technical /artistic/professional lower secondary education (first 3 years)

Medium General upper secondary education (6 years completed)
Professional upper secondary (6 years)
Technical or artistic upper secondary education (6 years)

High Higher education: graduate, candidature, bachelor
University education: bachelor’s degree, post-graduate master’s degree
Complementary master
Doctorate

Employment status Employed Employed full-time (34 hours or more)

Income

Occupation

Not in labor force

Student
Very low
Low
Middle
High
Very high

Managers/Professionals

Office employees
Service employees
Manual workers

Self-employed/
Small business

Not in labor force

Employed part-time (less than 34 hours)
Self-employed

Full-time parent homemaker

Long-term sick or disabled

Retired

Unemployed but looking for a job

Unemployed and not looking for a job

Student /pupil

€0 - €1299

€1300 - €1899

€1900 - €3200

€3200 - €4499

> €4500

Liberal profession or profession with qualification required
Member of general management senior executive
Middle management not part of general management
Other employee who mainly perform office work
Other employee who does not do office work (eg teacher, nurses ...)
Non-skilled worker

Skilled worker

Craftsman trader with 5 employees or less

Industrial wholesaler with 6 employees or more
Farmer

Houseman or housewife

Unable to work

Never worked

Unemployed

(pre-)retired

Student
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Figure 12: Proportion of the number of times a participant already participated to the
CoMix study per wave.
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A.3 Coefficients of NBI and GPO GAMLSS models

Table 7: Coeflicients for mu for NBI GAMLSS elderly.

Parameter Estimate SE  p-value
Intercept —0.591262 0.152045 < 0.001
Vacc Yes 0.680269 0.040828 < 0.001
Face mask Yes 0.381465 0.147819 0.010
Symptoms Yes —0.055198 0.034870 0.113
Vlaams Gewest 0.022659 0.144789 0.876
Waals Gewest —0.178782 0.150306 0.234
Holiday Yes —0.087728 0.028273 0.002
Weekend 0.039205 0.028273 0.166
hh size 2 0.086573 0.028278 0.002
hh size 3+ —0102832 0.070358 0.144
2 waves 0.113599 0.068108 0.095
3 waves —0.236361 0.072007 0.001
4 waves —0.008987 0.075504 0.905
5 waves —0.297800 0.077364 < 0.001
6 waves —0.350155 0.079367 < 0.001
7 waves —0.313700 0.078051 < 0.001
8+ waves —0.454829 0.052329 < 0.001
Male —0.121366 0.026794 < 0.001

Vlaams Gewest : Face mask Yes 0.247030 0.153813 0.108
Waals Gewest : Face mask Yes 0.074947 0.161006 0.642
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Table 8: Coefficients for mu for NBI GAMLSS children.

Parameter Estimate SE  p-value
Intercept 0.17979  0.09960 0.071
Face mask Yes 0.53104 0.03518 < 0.001
Vlaams Gewest 1.31550 0.08915 < 0.001
Waals Gewest 0.12408 0.09316 0.183
Holiday Yes —0.32183 0.14813 0.030
Weekend —0.04058 0.05013 0.418
2 waves 0.05629 0.06455 0.383
3 waves —0.35745 0.07412 < 0.001
4 waves —0.33201 0.07304 < 0.001
5 waves —0.33650 0.08984 < 0.001
6 waves —0.60372 0.09164 < 0.001
7 waves —0.45255 0.10364 < 0.001
8+ waves —0.70211 0.04597 < 0.001

Vlaams Gewest : Holiday Yes —0.17951 0.15644 0.251
Waals Gewest : Holiday Yes —0.16132 0.16985 0.342
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Table 9: Coefficients for mu for NBI GAMLSS adults.

Parameter Estimate SE  p-value
Intercept —1.05014 0.06439 < 0.001
Social Group 3&4 0.07557 0.02192 < 0.001
Social Group 5&6 0.04732 0.02760 0.086
Social Group 7&8 —0.17937 0.02783 < 0.001
Vacc Yes 0.43206 0.07144 < 0.001
Elevated risk Yes —0.18980 0.04702 < 0.001
Face mask Yes 0.85116 0.03801 < 0.001
Symptoms Yes —0.06448 0.01513 < 0.001
Vlaams Gewest 0.90859 0.04522 < 0.001
Waals Gewest 0.14886 0.04967 0.003
Holiday Yes —0.02578 0.01573 0.101
Weekend 0.07799 0.02042 < 0.001
hh size 2 —0.05192 0.01857 0.005
hh size 3 —0.15338 0.02215 < 0.001
hh size 4+ —0.24405 0.02275 < 0.001
2 waves 0.09714 0.03379 0.004
3 waves —0.07670 0.03727 0.040
4 waves —0.21297 0.03952 < 0.001
5 waves —0.27232 0.04083 < 0.001
6 waves —0.29780 0.04067 < 0.001
7 waves —0.49281 0.04308 < 0.001
8+ waves —0.46260 0.01798 < 0.001
Male —0.10252 0.01463 < 0.001
Low education —0.06530 0.04251 0.124
High education 0.04133 0.03024 0.172
Vacc Yes : Face mask Yes —0.16838 0.04458 < 0.001
Elevated risk Yes : Face mask Yes 0.18100 0.05021 < 0.001
Vacc Yes : Low education —0.03514 0.05005 0.483
Vacc Yes : High education 0.12371 0.03229 < 0.001
Vacc Yes : Vlaams Gewest —0.14788 0.05783 0.011
Vacc Yes : Waals Gewest 0.05245 0.06289 0.404
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Table 10: Coefficients for sigma for NBI GAMLSS elderly.

Parameter Estimate SE  p-value
Intercept —0.50952 0.38087 0.181
Vacc Yes 0.39576 0.15593 0.011
Face mask Yes —1.22537 0.34344 < 0.001
Symptoms Yes 0.19692 0.10656 0.065
Vlaams Gewest 0.31339 0.32326 0.332
Waals Gewest 1.03256 0.33127 0.002
Holiday Yes 0.06745 0.08712 0.439
Weekend 0.42585 0.08106 < 0.001
2 waves —0.03755 0.22691 0.036
3 waves —0.50911 0.27048 0.060
4 waves 0.48012 0.22870 0.036
5 waves 0.24199 0.24786 0.329
6 waves 0.29340 0.23225 0.207
7 waves 0.06759 0.24453 0.782
8+ waves 0.04028 0.18116 0.824
Male 0.46056 0.08445 < 0.001
Vlaams Gewest : Face mask Yes —0.08379 0.36047 0.816
Waals Gewest : Face mask Yes —0.89672 0.37605 0.017

Table 11: Coefficients for sigma for NBI GAMLSS children.

Parameter Estimate SE  p-value
Intercept 0.69004 0.15889 < 0.001
Face mask Yes —0.59891 0.05812 < 0.001
Vlaams Gewest —0.88301 0.13691 < 0.001
Waals Gewest —0.50381 0.14520 < 0.001
Holiday Yes —0.49432 0.25639 0.054
Weekend 0.13098 0.07383 0.076
2 waves 1.00702 0.11630 < 0.001
3 waves 1.18894 0.12686 < 0.001
4 waves 1.03239 0.13536 < 0.001
5 waves 1.54811 0.13955 < 0.001
6 waves 1.49510 0.15163 < 0.001
7 waves 1.81874 0.15130 < 0.001
8+ waves 1.86716 0.10750 < 0.001
Vlaams Gewest : Holiday Yes 0.88196 0.26687 < 0.001
Waals Gewest : Holiday Yes 0.77680 0.28783 < 0.001
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Table 12: Coefficients for sigma for NBI GAMLSS adults.

Parameter Estimate SE  p-value
Intercept —4.184320 0.165465 < 0.001
Vacc Yes —0.382833 0.051819 < 0.001
Elevated risk Yes 0.008556  0.104322 0.935
Face mask Yes —1.302687 0.056924 < 0.001
Symptoms Yes 0.055563 0.045670 0.224
Vlaams Gewest —0.077878 0.086241 0.367
Waals Gewest —0.160117  0.092857 0.085
Holiday Yes 0.157468 0.047161 < 0.001
Weekend 0.038639 0.050661 0.446
2 waves 6.053423 0.143036 < 0.001
3 waves 6.160135 0.147742 < 0.001
4 waves 6.196243 0.152166 < 0.001
5 waves 6.117824 0.155786 < 0.001
6 waves 5.946735 0.160240 < 0.001
7 waves 5.793944 0.165900 < 0.001
8+ waves 6.066425 0.134969 < 0.001
Male 0.183651 0.043661 < 0.001
Low education 0.145399 0.073560 0.048
High education —0.312642 0.046334 < 0.001

Elevated risk Yes : Face mask Yes —0.466475 0.118947 < 0.001
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Table 13: Coefficients for mu for GPO GAMLSS elderly.

Parameter Estimate SE  p-value
Intercept 0.486520 0.115675 < 0.001
Vacc Yes 0.655594 0.094251 < 0.001
Elevated risk Yes —0.019628 0.029134 0.501
Face mask Yes 0.781521 0.091757 < 0.001
Symptoms Yes —0.015642 0.038261 0.683
Vlaams Gewest 0.213975 0.056081 < 0.001
Waals Gewest —0.145527 0.059404 0.014
Holiday Yes —0.092588 0.032005 0.004
Weekend 0.058483 0.032478 0.072
hhsize 2 —0.001194 0.031644 0.970
hhsize 3+ —0.194896 0.081320 0.017
2 waves 0.195183 0.072784 0.007
3 waves —0.159409 0.076471 0.037
4 waves 0.023364 0.082265 0.776
5 waves —0.242724 0.082816 0.003
6 waves —0.123869 0.090532 0.171
7 waves —0.234290 0.084516 0.006
8+ waves —0.371801 0.054508 < 0.001
Male —0.137434 0.030027 < 0.001

Vacc Yes : Face mask Yes —0.069611 0.099750 0.485
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Table 14: Coefficients for mu for GPO GAMLSS children.

Parameter Estimate SE  p-value
Intercept 3.06955 0.12707 < 0.001
Face mask Yes 0.64410 0.04344 < 0.001
Vlaams Gewest 1.54548 0.09938 < 0.001
Waals Gewest 0.31855 0.10350 0.002
Holiday Yes 0.21760 0.19487 0.264
Weekend —0.11558 0.05913 0.051
hhsize 3 —0.12601 0.07236 0.082
hhsize 4+ —0.23211 0.06834 < 0.001
2 waves 0.26659 0.08713 0.002
3 waves —0.42193 0.09385 < 0.001
4 waves —0.52649 0.08946 < 0.001
5 waves —0.32428 0.12180 0.008
6 waves —0.98464 0.10673 < 0.001
7 waves —0.69363 0.12748 < 0.001
8+ waves —1.11953 0.05828 < 0.001

Vlaams Gewest : Holiday Yes —0.90540 0.20415 < 0.001
Waals Gewest : Holiday Yes — —0.85949 0.21733 < 0.001
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Table 15: Coefficients for mu for GPO GAMLSS adults.

Parameter Estimate SE  p-value
Intercept 1.51018 0.11769 < 0.001
Vacc Yes 0.50959 0.08994 < 0.001
Elevated risk Yes —0.03406 0.02197 0.121
Face mask Yes 1.03867 0.10926 < 0.001
Symptoms Yes —0.13302 0.02046 < 0.001
Vlaams Gewest 0.81612 0.11211 < 0.001
Waals Gewest 0.15820 0.11760 0.179
Holiday Yes —0.03810 0.02121 0.072
Weekend 0.07055 0.02406 0.003
hhsize 2 —0.02354 0.02347 0.316
hhsize 3 —0.09835 0.02911 < 0.001
hhsize 4+ —0.23687 0.03058 < 0.001
2 waves —0.07609 0.04255 0.074
3 waves —0.32101 0.04656 < 0.001
4 waves —0.52213 0.04756 < 0.001
5 waves —0.54687 0.04804 < 0.001
6 waves —0.52876 0.05220 < 0.001
7 waves —0.80727 0.05049 < 0.001
8+ waves —0.75989 0.02746 < 0.001
Male —0.08706 0.01950 < 0.001
Low education —0.26977 0.05188 < 0.001
High education —0.01767 0.03562 0.620
Vacc Yes : Face mask Yes —0.19186 0.05581 < 0.001
Vacc Yes : Vlaams Gewest —0.26141 0.07321 < 0.001
Vacc Yes : Waals Gewest —0.05482 0.07815 0.483
Vacc Yes : Low education 0.11738 0.06476 0.070
Vacc Yes : High education 0.22694 0.04413 < 0.001

Face mask Yes : Vlaams Gewest 0.04995 0.10869 0.646
Face mask Yes : Waals Gewest —0.07278 0.11353 0.521
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Table 16: Coefficients for sigma for GPO GAMLSS elderly.

Parameter Estimate SE  p-value
Intercept —1.353458 0.263408 < 0.001
Vacc Yes —0.024746 0.196598 0.900
Elevated risk Yes —0.371119 0.062329 < 0.001
Face mask Yes —1.356939 0.196333 < 0.001
Symptoms Yes 0.223195 0.085458 0.009
Vlaams Gewest 0.012477 0.112029 0.911
Waals Gewest —0.141419 0.123960 0.254
Holiday Yes —0.009736  0.067587 0.885
Weekend 0.304400 0.067587 < 0.001
hhsize 2 0.110857 0.068581 0.106
hhsize 3+ 0.513540 0.123124 < 0.001
2 waves 0.263773  0.190974 0.167
3 waves 0.038162 0.229924 0.868
4 waves 0.663957 0.194954 < 0.001
5 waves 0.598480 0.202950 0.003
6 waves 0.942402 0.198214 < 0.001
7 waves 0.554680 0.198214 0.005
8+ waves 0.405440 0.155484 0.009
Male 0.296946  0.066210 0.036

Vacc Yes : Face mask Yes 0.675805 0.210241 0.001
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Table 17: Coefficients for sigma for GPO GAMLSS children.

Parameter Estimate SE  p-value
Intercept —0.47674 0.13494 < 0.001
Face mask Yes —0.29354 0.04724 < 0.001
Vlaams Gewest —0.67994 0.09896 < 0.001
Waals Gewest —0.23230 0.10535 0.027

Holiday Yes 0.26843 0.05225 < 0.001
Weekend 0.08800 0.06149 0.152
hhsize 3 0.09095 0.08504 0.285
hhsize 4+ 0.26285 0.08021 0.001
2 waves 0.68206 0.08885 < 0.001
3 waves 0.78705 0.09881 < 0.001
4 waves 0.60192 0.10471 < 0.001
5 waves 1.11812 0.10840 < 0.001
6 waves 0.90287 0.12342 < 0.001
7 waves 1.20692 0.12128 < 0.001
8+ waves 1.21878 0.08163 < 0.001
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Table 18: Coefficients for sigma for GPO GAMLSS adults.

Parameter Estimate SE  p-value
Intercept —1.117336 0.186636 < 0.001
Vacc Yes 0.624263 0.142172 < 0.001
Elevated risk Yes —0.010594 0.038911 0.785
Face mask Yes —1.181165 0.158363 < 0.001
Symptoms Yes 0.117262 0.035248 < 0.001
Vlaams Gewest 0.014376 0.176758 0.935
Waals Gewest 0.306036  0.190210 0.108
Holiday Yes 0.021503 0.037432 0.566
Weekend —0.009564 0.040828 0.815
hhsize 2 0.298901 0.042417 < 0.001
hhsize 3 0.348997 0.048875 < 0.001
hhsize 4+ 0.264342 0.056861 < 0.001
2 waves 0.836547 0.072317 < 0.001
3 waves 0.874209 0.077984 < 0.001
4 waves 0.856696 0.085793 < 0.001
5 waves 0.811996 0.089810 < 0.001
6 waves 0.992357 0.088934 < 0.001
7 waves 0.723333 0.101949 < 0.001
8+ waves 1.058194 0.060206 < 0.001
Male 0.031334 0.034517 0.364
Low education 0.003061 0.059844 0.959
High education —0.142263 0.035474 < 0.001
Vacc Yes : Vlaams Gewest —0.419240 0.146168 0.004
Vacc Yes : Waals Gewest —0.631203 0.159811 < 0.001

Face mask Yes : Vlaams Gewest 0.250498 0.165210 0.129
Face mask Yes : Waals Gewest —0.150463 0.178032 0.398
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A.4 Model diagnostic plots for GAMLSS models

Table 19: The mean, variance, coefficient of skewness and coefficient of kurtosis of the
quantile residuals of the different GAMLSS models.

Model Mean Variance Skewness Kurtosis
NBI children  —0.0193 0.9363  —0.1468 2.9583
NBI adults —0.0193 0.8888  —0.0842 3.1905
NBI elderly —0.0088 0.8791  —0.0357 3.3395

GPO children —0.0010 1.0467  —0.0885 2.8152
GPO adults —0.0140 0.9816 0.0196 3.4537
GPO elderly  —0.0093 0.9438 0.0892 3.8500
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Figure 13: Model diagnostics based on the randomised quantile residuals (left panels) and
QQ-plot of the median of 40 realisations of the randomised quantile residuals (right panels)
for the NBI GAMLSS model (upper panels) and GPO GAMLSS model (lower panels) for
children.
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Figure 14: Model diagnostics based on the randomised quantile residuals (left panels) and
QQ-plot of the median of 40 realisations of the randomised quantile residuals (right panels)
for the NBI GAMLSS model (upper panels) and GPO GAMLSS model (lower panels) for

adults.
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Figure 15: Model diagnostics based on the randomised quantile residuals (left panels) and
QQ-plot of the median of 40 realisations of the randomised quantile residuals (right panels)
for the NBI GAMLSS model (upper panels) and GPO GAMLSS model (lower panels) for

elderly.
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A.5 Coefficients of Hurdle models

Table 20: Coefficients for Hurdle 1 model for elderly.

Parameter Estimate SE  p-value
Intercept —0.711330 0.370124 0.055
Vlaams Gewest —0.022986 0.313367 0.942
Waals Gewest —0.452020 0.324909 0.164
Holiday Yes 0.114661 0.063356 0.070
Vacc Yes 0.444576  0.196907 0.024
Elevated risk Yes —0.144448 0.136176 0.289
Face mask Yes 1.725492 0.159138 < 0.001
Male —0.392107 0.172636 0.023
hh size 2 —0.411383 0.219339 0.061
hh size 3+ —1.101318 0.467023 0.018
2 waves 0.492847 0.163078 0.003
3 waves 0.127269 0.167397 0.447
4 waves 0.124492 0.169102 0.462
5 waves —0.237321 0.170783 0.165
6 waves —0.123039 0.173370 0.478
7 waves 0.006912 0.178130 0.969
8+ waves —0.193477 0.137896 0.161
Elevated risk Yes : Face mask Yes 0.345069 0.134543 0.010
Vacc Yes : Face mask Yes —0.415289 0.161142 0.010
Vacc Yes : hh size 2 0.394946 0.177694 0.026
Vacc Yes : hh size 3+ 0.797104 0.374711 0.033
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Table 21: Coefficients for Hurdle 1 model for children.

Parameter Estimate SE  p-value
Intercept —0.46670 0.27705 0.092
Vlaams Gewest 1.41299 0.22347 < 0.001
Waals Gewest 0.15099 0.22712 0.506
Holiday Yes —0.37373 0.07377 < 0.001
Weekend —0.17913 0.09164 0.051
hh size 3 —0.48692 0.22348 0.029
hh size 4+ —0.58241 0.21387 0.006
Face mask Yes 0.75331 0.07403 < 0.001
2 waves —0.02253 0.12434 0.856
3 waves —0.36051 0.13314 0.007
4 waves —0.29258 0.13949 0.036
5 waves —0.55091 0.14679 < 0.001
6 waves —0.73604 0.15240 < 0.001
7 waves —0.72873 0.15755 < 0.001
8+ waves —1.03180 0.10426 < 0.001

Holiday Yes : Weekend 0.29808 0.15172 0.049
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Table 22: Coeflicients for Hurdle 1 model for adults.

Parameter Estimate SE  p-value
Intercept —1.32878 0.20512 < 0.001
Vlaams Gewest 0.84838 0.15921 < 0.001
Waals Gewest 0.20921 0.16720 0.211
Holiday Yes 0.13139 0.03938 < 0.001
Weekend 0.08638 0.04493 0.055
Low education —0.28140 0.14003 0.044
High education 0.35113 0.10279 < 0.001
hh size 2 —0.48526 0.12423 < 0.001
hh size 3 —0.45668 0.15349 0.003
hh size 4+ —0.37944 0.15683 0.016
Vacc Yes 0.30219 0.11017 0.006
Elevated risk Yes —0.01198 0.11992 0.920
Face mask Yes 1.71873 0.07515 < 0.001
Symptoms Yes —0.20915 0.05117 < 0.001
Male —0.28911 0.09443 0.002
2 waves —0.16487 0.08440 0.051
3 waves —0.32955 0.09055 < 0.001
4 waves —0.51955 0.09451 < 0.001
5 waves —0.50286 0.09712 < 0.001
6 waves —0.42750 0.09993 < 0.001
7 waves —0.54417 0.10211 < 0.001
8+ waves —0.70912 0.07438 0.001
Vacc Yes : hh size 2 0.28607 0.10838 0.008
Vacc Yes : hh size 3 0.13037 0.13215 0.324
Vacc Yes : hh size 4+ —0.27181 0.13978 0.052
Elevated risk Yes : Face mask Yes 0.32328 0.09742 < 0.001
Vacc Yes : Elevated risk Yes —0.20077 0.09793 0.040
Vacc Yes : Face mask Yes —0.17285 0.08603 0.045
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Table 23: Coefficients for Hurdle 2 model for elderly.

Parameter Estimate SE  p-value
Intercept 0.04136 0.31422 0.895
Vlaams Gewest —0.19596 0.29991 0.514
Waals Gewest —0.31952 0.31388 0.309
Holiday 0.12024 0.05137 0.019
Weekend 0.15602 0.05131 0.002
Vacc Yes 0.64438 0.08850 < 0.001
Elevated risk Yes —0.01671 0.08213 0.839
Face mask Yes —0.34694 0.25826 0.179
Symptoms Yes —0.15582  0.08292 0.060
2 waves 0.16023 0.13101 0.221
3 waves —0.30736 0.14189 0.030
4 waves 0.02683 0.13849 0.846
5 waves —0.14388 0.14363 0.316
6 waves —0.20608 0.14566 0.157
7 waves —0.24968 0.14726 0.090
8+ waves —0.35092 0.11279 0.002

Vlaams Gewest : Face mask Yes 0.66708 0.26995 0.013
Waals Gewest : Face mask Yes 0.41927 0.28472 0.141

Table 24: Coefficients for Hurdle 2 model for children.

Parameter Estimate SE  p-value
Intercept 1.12475 0.27007 < 0.001
Vlaams Gewest 0.74603 0.22098 < 0.001
Waals Gewest 0.08782 0.23125 0.704

Holiday —0.47659 0.06766 < 0.001
Weekend —0.15833 0.08241 0.055
hh size 3 0.54145 0.20310 0.008
hh size 4+ 0.35535 0.19210 0.064
Face mask Yes 0.20427 0.07894 0.010
2 waves 0.04055 0.12141 0.738
3 waves —0.32295 0.13182 0.014
4 waves —0.24859 0.13532 0.066
5 waves —0.29275 0.14991 0.051
6 waves —0.62410 0.15497 < 0.001
7 waves —0.45236 0.16261 0.005
8+ waves —0.70276 0.10692 < 0.001
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Table 25: Coeflicients for Hurdle 2 model for adults.

Parameter Estimate SE  p-value
Intercept —0.06260 0.26672 0.814
Vlaams Gewest 0.29229 0.20044 0.145
Waals Gewest 0.05189 0.20938 0.804
Holiday —0.03216 0.12044 0.789
Weekend 0.10211 0.03723 0.006
Employed 0.53032 0.07284 < 0.001
Student 0.52555 0.11928 < 0.001
Low education 0.06264 0.14373 0.663
High education —0.33020 0.12661 0.009
hh size 2 0.16541 0.07931 0.037
hh size 3 0.20464 0.09610 0.033
hh size 4+ 0.09555 0.10138 0.346
Vacc Yes 0.14983 0.14532 0.303
Elevated risk Yes —0.14148 0.05996 0.018
Face mask Yes 0.43411 0.18120 0.017
Symptoms Yes —0.06427 0.03972 0.106
Male 0.02292 0.06773 0.735
Social group 3&4 0.17342 0.13710 0.206
Social group 5&6 0.01389 0.16641 0.933
Social group 7&8 —0.11730 0.16021 0.464
2 waves —0.14855 0.06725 0.027
3 waves —0.28487 0.07304 < 0.001
4 waves —0.39504 0.07653 < 0.001
5 waves —0.46811 0.07918 < 0.001
6 waves —0.48263 0.08077 < 0.001
7 waves —0.72389 0.08528 < 0.001
8+ waves —0.61347 0.05928 < 0.001
Vacc Yes : Low education —0.01603 0.14097 0.909
Vacc Yes : High education 0.54810 0.11020 < 0.001
Vacc Yes : Face mask Yes —0.34117 0.08498 < 0.001

Face mask Yes : Vlaams Gewest 0.30301 0.17912 0.091
Face mask Yes : Waals Gewest —0.08585 0.18772 0.647

Holiday Yes : Vlaams Gewest —0.04223 0.12654 0.739
Holiday Yes : Waals Gewest 0.23180 0.13694 0.091
Vacc Yes : Social group 3&4 0.09113 0.11660 0.434
Vacc Yes : Social group 5&6 0.28803 0.14301 0.044
Vacc Yes : Social group 7&8 0.39120 0.13484 0.004
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A.6 Model diagnostic plots for Hurdle models
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Figure 16: DHARMa residual plots (left) and nonparametric dispersion test (right) for
model diagnostics of Hurdle 1 models for children (top panels), adults (middle panels) and
elderly (bottom panels).
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Figure 17: DHARMa residual plots (left) and nonparametric dispersion test (right) for
model diagnostics of Hurdle 2 models for children (top panels), adults (middle panels) and
elderly (bottom panels).
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