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Main messages
• Intervention measures were effective, reducing reproductive number from a median value of
3.18 to a median value of 0.70
• Care should be taken in relieving lockdown.
• Leisure activities have the largest potential impact on epidemic resurgence.
• Contact tracing and isolation of suspected cases are crucial to limit epidemic resurgence.

Assumptions and limitations
Below we report the main assumptions and related limitations of our model:
• We consider two age classes (0-18 and 19+). Therefore there is limited heterogeneity with
age.
• We use pre-pandemic data for social mixing and commuting, assessing their reduction during
lockdown from a fit to data on new hospitalizations. Information on how people change their
contact and travel behavior in response to interventions will become available in the next
weeks. This will allow us to lift some of the assumptions made.
• We define the impact of distancing measures and exit scenarios in terms of location-specific
“contact reductions”, which are used as proxy for changes in the force of infection.
• We present projections up to August 31st.
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Introduction
The COVID-19 pandemic has put an incredible pressure on modern society. While the global death
toll of the virus has risen above 280,000 deaths on the 11th of May [1], several countries are looking
at strategies to cope with the virus on the medium to long term. As specific therapeutics are
missing and a vaccine will not be available in the short term, non-pharmaceutical interventions
have been proven effective in reducing the pressure on healthcare systems [2, 3, 4, 5, 6]. After a
massive implementation of lockdown measures, affecting as much as one third of the global world
population [7], governments have now started to relieve some of the social distancing measures.
Belgium has started to do so on the 4th of May, with a plan for a gradual reopening over the
next month. The absence of substantial population immunity after this first wave of COVID-19
in Belgium stresses the risk of subsequent waves when interventions are relaxed, requiring real
time monitoring and early warning signals to be in place. Here, we assess the impact of different
implementations of re-openings, quantifying their effect on the epidemic in Belgium.

Model details
We adapted a previously developed meta-population model, that was validated for seasonal influenza
[8], to study the COVID-19 outbreak in Belgium. The model reproduces the demography of children
(0-18 years) and adults (19 years and above) in the different municipalities of Belgium. In our
simulation setting, people commute every day to their work/school municipality and interact with
people therein, therefore acting as potential carriers of the infection. At the end of the day, they go
back to their home municipality, possibly having been infected. In what follows we illustrate the
main model features, and refer to [8] for more details.
Data from a social contact survey conducted in Flanders, Belgium anno 2010-2011 [9] is used
to inform mixing patterns of the population. We account for intervention measures by reducing
contacts at specific locations i.e. home, work, school, transportation, leisure activity and other [10].
Mobility data from the 2001 census is used to inform mobility fluxes due to school attendance
and work. When individuals commute, we assume that they establish half of their contacts in the
patch they commute to. In this regard, our model accounts for commuting mobility and not for
short-term trips. We use a stochastic SEIp Ia IR model (Figure 1) in which we distinguish presymptomatic (Ip ), asymptomatic (Ia ), and symptomatic (Ims and Iss ) transmission by assuming
different transmission rates, governed by different contact patterns. In particular, we assume that
symptomatic individuals (both mildly symptomatic Ims and severely symptomatic Iss ) reduce their
number of contacts (with values in line with the ones measured during the 2009 Influenza pandemic
[11]) and their mobility (avoid commuting to work/school). A fraction of symptomatic individuals,
mostly adults, can show severe symptoms and therefore require hospitalization, either in a hospital
ward (W) or in intensive care unit (ICU). Once this happens, we assume that they cannot further
infect other people due to isolation measures. We assume that children have a lower susceptibility
(50%) with respect to adults [4, 12]. Table 1 shows the model parameters for the disease progression.

2

Table 1: Model parameters.

Quantity
Latent period ()
Pre-symptomatic period (θ)
Children infectivity (wrt adults)
Proportion asymptomatic (pa )
Proportion mild symptoms (pm )
Proportion severe symptoms (ps )
Symptomatic/asymptomatic period (µ)
Symptom onset to hospitalization (σ)

Median (95% CI)
1.4 days ([0:7] days)
2.4 days ([0:13] days)
0.5
0.45
0.5/0.45 (children/adults)
0.05/0.1 (children/adults)
2.4 days ([0:13] days)
4.7 days ([0:17] days)

Distribution
Exponential
Exponential
—
—
—
—
Exponential
Chi-square

Source
[13, 14]
[13, 14]
[4, 15, 12, 16]
[15, 16, 17, 18]
[15, 12, 16, 17]
[12, 16]
[19]
[19]

Figure 1: Schematic representation of the compartmental model. Individuals start as susceptible (S) and can become exposed to the disease (E) when interacting with infected individuals
(Ip , Ia , Ims and Iss ). After a latent period,exposed individuals enter a pre-symptomatic phase (Ip ),
after which they can either acquire symptoms (Ims and Iss ) or not (Ia ). Symptomatic individuals can
have mild symptoms (Ims ) or severe symptoms (Iss ). In the latter case, they are hospitalized, either
in a ward (W ) or they are admitted to ICU (ICU ). The final outcome of infected individuals is either
recovery (R) or death (D).

Interventions on 14/03/2020
To calibrate our model through the estimation of transmission parameters for the Belgian setting,
we used national data on daily hospital admissions [20]. The calibration is done in two different
steps:
• Pre-intervention phase: we used data on contact patterns and mobility from pre-pandemic
time to fit the per-contact transmission probability to hospitalization data up to the 18th of
March (Fig. 2,a).
• Intervention phase: keeping the same epidemiological parameters of the pre-intervention period, we modulated population mixing and mobility to fit hospitalization data up to the 1st
of May (Fig. 2,b).
Based on reported hospital admissions in Belgium during the lockdown period, we estimated a 100%
reduction in school contacts; 90% contact reduction at work and during transport, leisure activities
and in other locations and, on top of these reductions, a further reduction of 35% of contacts between
adults. The overall social contact reduction, relative to the pre-lockdown behavior, is estimated to
be 80%.
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Figure 2: Parameter estimation and model fitting. Panel a: calibration of the pre-intervention
phase in terms of per-contact transmission probability. Data on hospital admissions is shown in comparison with the best-fit model. Black points are fitted to calibrate the model in the pre-intervention
phase. Panel b: calibration for the intervention phase. Data on hospital admissions is shown in
comparison with the best-fit model.

Lifting lockdown
The Belgian government lifted the lockdown gradually from the 4th of May. Table 2 shows a
summary of the different phases and their implementation. Changes with respect to the previous
phase (i.e. the previous row) are shown in bold. In our scenario analysis we considered three phases:
• Phase 1: from the 4th of May, increasing the contacts made at work and during commuting by
adults, to account for the increase of people going back to work. Mobility of adults increases
accordingly. We also consider a small increase in contacts during leisure and in other locations
(from 10% of the soft lockdown up to 20%) to account for increased general mixing of the
population.
• Phase 2: from the 18th of May, increasing contacts made at school and during commuting by
children to account for school re-opening. Mobility of children increases accordingly.
• Phase 3: from the 8th of June, increasing contacts made during leisure and in other locations,
to assess the impact of a possible re-opening of leisure activities.

Table 2: Timing and concepts of lockdown relief. Each phase is implemented incrementally
on the previous ones. Bold values highlight the changes with respect to the previous phase (i.e. the
previous row). Intermediate parameter values are reported, with the full range in bracket.
Timing
start/end
Lockdown
Phase 1 (work)
Phase 2 (school)
Phase 3 (leisure)
Summer holidays

14-03/04-05
04-05/17-05
18-05/07-06
08-06/30-06
01-07/31-08

Work
& transportation
contacts (%)
10
40 [20-60]
40 [20-60]
40 [20-60]
40 [20-60]

School
contacts (%)

Mobility
adults (%)

Mobility
children(%)

0
0
40 [20-60]
40 [20-60]
0

10
40 [20-60]
40 [20-60]
40 [20-60]
40 [20-60]

0
0
40 [20-60]
40 [20-60]
0
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Leisure
& other
contacts (%)
10
10 [10-20]
10 [10-20]
30 [20-40]
30 [20-40]

Figure 3 shows three examples of the simulated scenarios, corresponding to the two extreme cases
of lowest/highest reduction of epidemic spread and a intermediate scenario, corresponding to parameter values that are chosen as the intermediate value of each parameter interval. The outermost
scenarios show that, depending on the exit strategy implemented, the number of new hospitalizations on the 31st of August can vary between a few hundreds and more than 7000 (not shown in
the Figure, beyond y-axis value).

Figure 3: Predicted hospital admissions per day for three scenarios. In the highest/lowest
parameter values scenarios, parameters are chosen to give the maximum/minimum reduction in number
of contacts for each phase of the exit strategy. In the intermediate parameters scenario parameters are
chosen to be in the intermediate of the parameter range. Table 3 reports the corresponding parameter
values.

Figure 4 shows the impact of the different phases of the exit strategy. In Figure (4,a), on the 4th
of May, contacts at work and on transportation are increased, ranging from 20% to 60% of prepandemic values. Phases 2 and 3 are implemented identically. As expected, there is a delay between
the implementation of the phase 1 of the exit strategy and its effect on the number of hospital
admissions: after 2 weeks the number of hospital admissions stops to decrease as in the intervention
phase. One further week is needed to see differences between the three implementations of phase 1.
In Figure (4,b) we show the impact of phase 2 (school re-opening) once phase 1 is implemented for
the intermediate value of contacts at work/transportation (40%). The percentage of school contacts
ranges from 20% to 60%, while phase 3 is implemented identically in all three scenarios. In this
case, the different curves start to diverge 5 weeks after the re-opening of schools. Summer school
holidays, starting on the 1st of July have a considerable effect on the number of hospital admissions
only in the 60% school contacts scenario. In Figure (4,c) we show the impact of phase 3, once
phase 1 and 2 are implemented with intermediate values of the considered parameters. Different
implementations of the phase 3 give different results already after two weeks. This means that phase
3 is the one with the largest potential impact, at least for the parameter values explored here.
Table 3: Parameters for the exit scenario analysis presented in Figure 3.
Scenario

Highest param. values
Intermediate param. values
Lowest param. values

Work
& transportation
contacts (%)
60
40
20

School
contacts (%)

Mobility
adults (%)

Mobility
children(%)

60
40
20

60
40
20

60
60
20
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Leisure
& other
contacts (%)
40
30
20

Figure 4: Exit scenarios using different timings and location-specific reductions. Panel a:
work re-opening (phase 1); Panel b: school re-opening (phase 2); Panel c: leisure re-opening
(phase 3). Only parameters for the considered phase differ while the others remain fixed to 40%
of work/transportation contacts, 40% school contacts, 10% leisure/other contacts.

Case isolation
When extensive contact tracing and testing is available, a viable option for disease mitigation is
to isolate (suspected) cases. By case isolation, we mean all the measures taken to trace infected
individuals’ contacts, test them and isolate them to reduce further spread. Since all contacts of
infected individuals are tested, case isolation is assumed to affect also asymptomatic individuals
that would otherwise slip out of the usual surveillance methods. We present our results in term of
a synthetic quantity, α, that is the percentage of individuals entering the symptomatic and asymptomatic classes (Ia , Ims and Iss ) that are effectively isolated. We assume that these quarantined
individuals reduce their contacts by a factor of ten. We do not cover here how to link the target
α to an optimal strategy for contact tracing and testing that takes into account test specifics and
the time of the testing [21, 22, 23]. We also assume that no isolation of pre-symptomatic people is
implemented (Ip ). We considered that case isolation can start at the start of phase 2 (i.e. on the
18th of May) or at the start of phase 3 (i.e. on the 8th of June), to assess the impact of delay in
implementation. Figure 5 shows the impact of case isolation for the scenario marked as “intermediate” in Figure 3. The ability to isolate newly infected individuals has a considerable impact on the
number of hospital admissions. The isolation of 25% of new cases is able to reduce the expected
number of hospital admission at the end of August from 2500 to less than 1000. The isolation
of twice as many cases (50% instead of 25%) would stop the growth of new hospital admissions.
Starting case isolation 3 weeks after (phase 3 vs phase 2), in the 25% isolation scenario, would lead
by the end of August to 250 more daily hospital admissions.

Discussion
We used a stochastic, discrete time, data-driven meta-population model to predict the impact of
lifting the lockdown in phases. The model includes data on pre-pandemic mobility and mixing, and
is calibrated on hospital admissions. The initial phase of COVID-19 spread in Belgium is characterized by a fast spread of the disease, with a doubling time of 3.09 days (95% CI [3.05 : 3.14]), in
line with values from other European countries [5, 2, 24] and worldwide [25, 26]. Combined with
our parameter choices, this results in an R0 = 3.18 (95% CI [3.13 : 3.22]), which lies within the
interval estimated in a recent meta-analysis (mean=2.6, standard deviation=0.54 [27]). Our model
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Figure 5: Effect of case isolation. The number of hospital admissions is shown for three different
values of case isolation. The baseline scenario (no case isolation) is the intermediate parameter values
scenario of Figure 4, which is detailed in table 3.

properly describes hospital admissions during the lockdown period if a strong reduction (80%) in
the number of contacts is established. In this situation the number of hospital admissions starts to
decrease after 3 weeks from the start of the lockdown allowing the health system to cope with ICU
demands and the reproduction number is estimated to be 0.70 (95% CI [0.68 : 0.74]). Such a strong
reduction in the average number of contacts marks the disruption that a lockdown has on everyday
life. Studies in Wuhan and Shanghai [4] found an even stronger reduction in the number of contacts
during lockdown, while a recent survey in the UK [27] measured a reduction of 75%. Preliminary
analysis of social contact data collected in Belgium [28] after the lockdown shows similar results
compared to [4] and [27], in line with our model results. Adherence to country-specific contact data
is paramount, as intervention measures can vary substantially between countries, both in terms of
implementation and in terms of compliance. Collecting country specific contact data during the
different stages of the epidemic (i.e. before, during and after intervention) is therefore of crucial
importance to adequately assess the impact of social distancing. However, our knowledge of contact
patterns before the COVID-19 crisis can be used to explore synthetic scenarios and to identify the
relative impact of introducing social distancing in different locations. In the current analysis this
approach was taken, whilst considering a plausible range of reductions in social contacts in different
circumstances. According to our model, leisure activities have the largest potential impact on the
epidemic profile: allowing leisure activity contacts to exceed 10% of pre-pandemic values during
phase 3, would lead to an excessive projected number of hospital admissions by mid July. This is
consistent with leisure/other contacts accounting for 25% to 40% of the total contacts people make,
according to representative surveys [29, 30]. We observed less impact of school closure on hospital
admissions in contrast to social mixing at work and during transport or leisure activities. First,
as expected, school closure leads to observable effects only in those scenarios in which a consistent
fraction (i.e. 40% or more) of school contacts are established in the population. If smaller values
are considered, the relative contribution of school contacts to the overall spread of the disease is
negligible, and therefore no strong transition from school-term to holiday-term is observed. Second,
as children have a much lower probability of being infected, symptomatic (and as such hospitalized)
with respect to adults [26], increased diffusion among children increases the observed hospital admissions mostly indirectly, through the increase of infected adults. We tested in a sensitivity analysis
a scenario in which children have the same susceptibility to the disease: in this case school closure
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would have a larger impact on the number of infections, especially in the children age class. The
role of children is still unclear [31, 32] and, although their secondary attack rate in household [33],
this is difficult to reconcile with the absence of a documented case of infection caused by a child
below 10 in literature [15] nor to the low number of confirmed cases in children [12].
In our results, isolation of newly infected individuals has a tremendous impact on epidemic mitigation, allowing to re-establish social interactions while still ensuring epidemic containment. In
our 25% case isolation scenario, 25% of newly infected individuals reduce their spreading potential
by 90%; this already results in a massive reduction in the number of new hospitalizations. We
stress here that although we quantified the reduction of spreading potential in terms of number of
contacts, this may also come as a combination of different effects, like the use of antivirals in the
early phase of the infection [34]. Whether this 25% is achievable in practice, will depend on the
infrastructure put in place to identify infected individuals, trace their contacts and isolate them.
Also, a fast setup is crucial: a 3 weeks delay in implementing case isolation leads to a considerable
impact on the number of new hospital admissions. As a fast and reliable contact tracing is of foremost importance, several digital solutions have been proposed [35] to match the need for personal
information with privacy concerns.
Other models have been applied to the emergence of COVID-19 in Belgium, either specifically [36,
37, 19, 38] or in multi-country applications [39]. Using different model paradigms allows to focus on
distinct aspects of the outbreak, like delay distributions of the clinical history of patients [19], including serology in the model input [37] or exploring individual-specific contact tracing options [36].
When evaluating intervention strategies with profound societal impact, ideally different models
should be compared [40].
In this work we impose a set of assumptions. As we consider just two age classes (children and
adults) we can not fully capture age-specific effects of the clinical history of individuals. Although
clinical severity is known to vary with age [41, 5], we opted for two age classes as age-specific data
on hospitalizations was not available when this model was developed. Age-specific hospitalization
can be addressed in a future extension of this work. Also, we fitted the reduction of social interactions during the lockdown to data: even though this leads to reasonable results, it reduces the
interpretability of forecasted scenarios, as all situations have to be expressed in terms of the prepandemic situation. How contacts re-shape during social distancing depends on how interventions
are implemented and on population compliance, as well as on cultural habits. To overcome this limitation, social contact data collected during the lockdown in Belgium would be needed [28]. Lastly,
we did not consider the impact of increased hygiene, nor the use of personal protective equipment
such as face masks [42] on the spreading potential of COVID-19. However, in our model this would
translate into an overall reduction of the force of infection, that can be accounted for by a re-scaling
of the percentages of contact reduction. While we consider (e.g.) a scenario with 75% reduction in
the number of contacts (i.e. a fourfold reduction), a model with 50% reduction in the number of
contacts and 50% reduction in the transmissibility per contact would give similar results.
In conclusion, our results show the predicted impact of a phase-based relieve of lockdown. While
economical and societal needs urge government to relieve strict distancing measures and mobility
restrictions, caution should be taken when evaluating different scenarios and re-assessing the situation on a regular basis. Social distancing will still play an important role in the months to come and
infrastructure for extensive testing and contact tracing will increase the effectiveness of mitigation
strategies.

Websites with further information
www.simid.be
www.socialcontactdata.org
www.uhasselt/dsi-covid19
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