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THE BIGGER PICTURE Learning about a complex system and simulating alternative scenarios under
changed conditions or dynamics is a challenging problem. Consider the time evolution of COVID-19 cases,
which depends on a combination of contact patterns, demographics, and vaccination rates. How many se-
vere cases could have been prevented had a different vaccine allocation strategy been implemented? To
answer such counterfactual questions, we propose an approach that merges (1) coarse-grained causal
modeling, (2) ordinary-differential-equation-based simulation, and (3) domain knowledge, combining the
advantages of different modeling paradigms. The resulting hybrid model can be viewed as a “causal digital
twin” of the underlying complex system; it captures relevant features thereof and allows reasoning about
novel scenarios and interventions. We hope that our hybrid causal approach can inspire modeling for other
domains where causal reasoning about a complex system is of interest.

92800

Proof-of-Concept: Data science output has been formulated,
implemented, and tested for one domain/problem

SUMMARY

We develop a model to retrospectively evaluate age-dependent counterfactual vaccine allocation strategies
against the coronavirus disease 2019 (COVID-19) pandemic. To estimate the effect of allocation on the ex-
pected severe-case incidence, we employ a simulation-assisted causal modeling approach that combines
a compartmental infection-dynamics simulation, a coarse-grained causal model, and literature estimates
for immunity waning. We compare Israel’s strategy, implemented in 2021, with counterfactual strategies
such as no prioritization, prioritization of younger age groups, or a strict risk-ranked approach; we find
that Israel’s implemented strategy was indeed highly effective. We also study the impact of increasing vac-
cine uptake for given age groups. Because of its modular structure, our model can easily be adapted to study
future pandemics. We demonstrate this by simulating a pandemic with characteristics of the Spanish flu. Our
approach helps evaluate vaccination strategies under the complex interplay of core epidemic factors,
including age-dependent risk profiles, immunity waning, vaccine availability, and spreading rates.

INTRODUCTION COVID-19 pandemic.® However, vaccine supply can fail to

meet demand, and vaccine uptake can fall short of expectations.

The coronavirus disease 2019 (COVID-19) pandemic posed sig-
nificant challenges to societies and decision makers around the
world. Many governments implemented non-pharmaceutical
interventions to limit the spread of infections and reduce the
number of severe cases.'” The development of efficient vac-
cines has provided another key control measure to combat the

4')
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Under these conditions, governments have to find rational stra-
tegies to allocate vaccines to minimize harm. It is therefore
important to understand how to evaluate and compare different
vaccine allocation strategies.*

One crucial aspect to consider when designing such strate-
gies is age, which is a key risk factor for COVID-19 mortality.®
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While pre-existing conditions and the high exposure of health
care workers have also played a role in vaccine prioritization,®”
in this work, we focus on age dependence, including interactions
between age groups, as one of the most important factors. Given
an observed evolution of infections and severe cases, we seek to
answer central policy questions. Given limited vaccine availabil-
ity, should one have prioritized first vaccinations of the young or
booster shots for the elderly? Which age groups should have
been targeted preferentially to increase vaccine uptake? How
would a different age-dependent risk profile have impacted the
outcome of a vaccination policy? Answering such questions re-
quires computing the effects of hypothetical interventions on a
complex system (given observations of the same system under
different conditions). Such “what if” scenarios lie at the heart
of causal inference and relate to counterfactual reasoning; that
is, reasoning about how events would have turned out had
some circumstances been altered.®*

The gold standard for inferring average causal effects are
randomized controlled trials (RCTs),'® which are used to eval-
uate medical treatments such as COVID-19 vaccines.'" How-
ever, to compare full vaccine allocation strategies at the coun-
try level, running an RCT is infeasible in practice (there is only
one copy of each country), mirroring similar challenges in the
empirical estimation of individualized treatment effects.'®'®
Moreover, it would be ethically unacceptable to implement vac-
cine allocation strategies that are expected to be suboptimal
for the population. Here, modeling approaches provide an
important tool to fill this gap.' For COVID-19, one and a half
years into the vaccination campaign, we now have data (age-
resolved cases, hospitalizations, and vaccination times) to infer
the reduction of spread because of vaccination across different
age groups and subsequently simulate counterfactual vaccina-
tion scenarios.

To capture the effects of changes in vaccine allocation
strategy, we have to model their impact on spread and hospital-
ization. Furthermore, we need to consider aspects such as vac-
cine efficacy, immunity waning, age-dependent risk profiles,
and contact structures. Two established modeling paradigms
are compartmental differential equation models and machine
learning (ML) approaches.

In principle, compartmental models like the susceptible-infec-
tious-recovered (SIR) model (and its extensions) can be used to
answer the types of questions in which we are interested, provided
that all relevant parameters are known sufficiently well.">'® How-
ever, this is typically not the case. Thus, a framework combining
inference of parameters and prediction is necessary. To jointly
model infections and severe cases, compartmental models
require a large state space whose parameters can be difficult to es-
timate from data without overfitting.°

ML methods excel at fitting data and making predictions based
on statistical associations but are generally unable to answer
causal questions. Moreover, they are unreliable when the underly-
ing data distribution changes. Yet, we are precisely interested in
how our system behaves under distribution shifts; we want to
know how the expected severe-case incidence would have
changed had we implemented different vaccine allocation
strategies.

Causal models occupy a middle ground between the two par-
adigms and are better suited for our purpose because they are
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modular and interventional. Modularity refers to a model being
composed of autonomous components or subsystems and al-
lows combining different sources of knowledge. Interventions
are naturally supported by causal models because they explicitly
capture the data-generating mechanisms rather than mere
statistical associations. Causal models can thus answer coun-
terfactual questions while clearly expressing the underlying as-
sumptions.®?" However, using them to describe time-varying
systems and modeling the dynamics of epidemic spread is
cumbersome.

Because neither compartmental nor causal models on their
own are fully suited for our task, we resort to a hybrid modeling
approach involving a modular combination thereof. We propose
a coarse-grained causal model in which most components are
estimated from data but where, additionally, one of the modules
is a compartmental model and another one is derived from liter-
ature estimates. In particular, we use a susceptible-exposed-in-
fectious-recovered (SEIR) model for the infection dynamics, but
not for severe cases, and rely on literature estimates of immunity
waning, as illustrated in Figure 1. The SEIR-like infection dy-
namics model can be fit more easily to data compared with a
joint model of severe cases and infections. For severe cases,
given a set of qualitative causal assumptions, fitting the causal
model reduces to the problem of statistical estimation of condi-
tional probabilities. This combines the strengths of the two
approaches: the data-driven nature of causal models and the
expressivity of compartmental models.

As a case study, we apply our method to a comprehensive da-
taset collected in Israel.”” Specifically, we compare several
counterfactual age-dependent vaccine allocation strategies
with the factual strategy, assuming a fixed number of adminis-
tered doses and fixed vaccine uptake rate per age group. We
also simulate the effect of campaigning for vaccine uptake in a
given age group by increasing the vaccine uptake rate in one
group and computing the effect on the severe-case incidence
across all age groups. To showcase the capability of our model
to change and examine the influence of individual modules, we
consider a different type of disease whose age-dependent risk
profile is based on the Spanish flu. We also investigate the effect
of waning immunity by changing the timescale at which immunity
weakens.

RESULTS

Methods summary

We use a causal graphical model,® as shown in Figure 2, to
describe an individual’s probability of developing severe
COVID-19. We use a binary variable, Se {0,1}, where 1 indi-
cates a severe case and 0 describes a mild case or no infection
at all. We assume that the severe-case probability depends on
the following variables: the vaccination status of the individual,
Ve {0,1,2,3}, indicating the number of vaccine doses a person
has received; their age group, Ae {0 — 19,20 — 29,...,80 —
89,90 + }; the current week, T e {1, ..., M}; and the waning
time (i.e., the time since the last dose was received), We {1,...,
M}. M is the number of weeks in the considered time window.
The variables V and W are functions of the weeks in which the
respective doses were received, Tie{1,...M + 1} for
ie {1,2,3} and the current week T. By common convention,
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Figure 1. Method overview
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Our goal is to compute the weekly severe-case incidence (bottom right) under counterfactual vaccine allocation strategies (in the example shown here:
YoungFirst, top right). To compute this counterfactual scenario, we provide an estimate of the severity mechanism P_(S = 1|V, A, T, W) for all combinations of
(V,A, T, W) through our proposed factorization (2). The other conditionals in the causal graph are directly estimated from data (factual strategy, top center) or are
intervened upon according to the counterfactual strategy. The risk factors g(V,A) and the time dependence f°(T) are estimated from data after accounting for
immunity waning h(W) derived from literature estimates (top left). An SEIR-like infection dynamics model is fit to the factual infections and subsequently used to
simulate infections under the counterfactual strategy. The simulation output is used to compute the correction factors f; (A, T) accounting for the age-specific
change in probability of being infected. Only three of nine age groups are shown for simplicity.

we denote random variables by uppercase letters and realiza-
tions thereof by lowercase letters.

We are interested in how interventions on the distribution of
vaccination times for different age groups A affect the expected
severe-case probability:

E[S|do(Ty, T2, Ts ~ P(Ty, Ta, T5|A))] (Equation 1)
where we denote the distributions of vaccination times pre and
post intervention as m=P(T1,T2,T3]A) and 7 = I5(T17 1>,
Ts|A), respectively. The do( -) operator describes a change in
distribution arising from an intervention® (see Target function
for details).

There are three challenges we have to address. (1) In the pub-
licly available data by Israel’s Ministry of Health,?” severe out-
comes are not registered as a function of time since the last
dose was received. We only have access to the marginal distri-
bution P(S|V, A, T) = Y ,PSIV, A, T, w)Pw|V, A, T). (2
Computing the post-intervention severity (1) involves evaluating
the conditional P(S|V, A, T) for combinations (V,A,T), for which
there are no observations. In particular, because of the imple-
mented age-ranked vaccine allocation strategy in Israel, there
may not have been any vaccinated subjects in certain younger
age groups for some of the early weeks. (3) Changing the vaccine
allocation strategy influences the probability of having a severe

case in two ways: first, by changing the probability of having
immunity through vaccination, and second, through
impacting the infection dynamics at the population level. Such
changes in infection dynamics are not captured by the causal
model alone.

To address these challenges, we propose a factorization of the
severity mechanism

P.(S = 1|V,AT,W) = 2(T) g(V,A) Y (W) f%‘ (A, T).
(Equation 2)

The observed aggregate time dependence of the probability of
having a severe case is captured by fO(T). The factor g(V, A) de-
scribes the age- and vaccination-status-dependent relative risk
factor of having a severe case, where we normalize g = 1 for the
unvaccinated 60- to 69-year-olds. The factor h¥ (W) describes
the waning of immunity against infection. Finally, f;(1 (A, T)isa
correction factor that depends on the post-intervention vaccina-
tion distribution and accounts for the change in infection dy-
namics. The subscript 7 indicates factors that depend on the
post-intervention vaccine allocation strategy.

The factorization (2) resolves the challenges above by allowing
us to (1) incorporate literature knowledge about immunity waning
into our causal model; (2) estimate P(S = 1|V, A, T, W) for all
values in the conditioning set by transferring knowledge between
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Figure 2. Causal graph used to model the variables influencing se-
vere COVID-19 cases S

We consider the variables vaccination status V, age group A, the current week
T, and the time since the last dose was administered W. V and W determin-
istically depend on the current week T and the vaccination times T4, T, T3 for
each dose. An arrow indicates that one variable has a direct causal influence
on another. Note that the age group A influences V and W indirectly via the
vaccination times Tq, To, T3. The red dashed arrow (m m }) indicates a
relationship that cannot be estimated because the data are incomplete.

vaccination states, age groups, and weeks; and (3) take into ac-
count the population-level impact on the infection dynamics.

hY (W) can be derived from literature estimates for the vaccine
efficacy against infection as a function of time since the last dose
was administered.?® f%(T) and g(V,A) can be estimated from
data after correcting for the influence of waning. The correction
factor f;r1 (A, T) under the counterfactual vaccine allocation strat-
egy is given by the relative change in weekly infection probability
for each age group

P_(I=1|V,AT,W)
P:(I=1|V,A T,W)

fUAT) = (Equation 3)

Hence, the correction factor couples the compartmental
model for infection dynamics with the causal model. The deriva-
tions of all estimators are given in estimating the severity mech-
anism factors. Estimated factors are shown in Figure 3.

To estimate the effect of changing the vaccine allocation
strategy on the infection dynamics (P.(I = 1|V,A,T,W)), we
first infer the parameters of a Bayesian SEIR-like model under
the factual strategy =. Vaccines are assumed to offer some
protection against infection: 70%, 90%, and 95% directly after
the first, second, and third dose, respectively, after which the
protection is waning at the same rate.”® For each age group,
we fit a time-dependent base reproduction number; that is, the
reproduction number in a hypothetical non-immune population
(Figure 4 left). We assume a generation interval of 4 days®**°
and a reporting delay of 6 days. Non-equal reproduction
numbers for every age group are modeled by modulating sym-
metrically the rows and columns of a contact matrix. The prefer-
ence for contacts within each age group is parameterized by a
contact mixing factor y between 0 (no mixing between age
groups) and 1 (all-to-all connections). By default, this factor is
set to 0.8; we show that results are similar with lower and higher
mixing factors in supplement C. Because our method estimates
overall contact strengths per age group through the reproduc-
tion numbers, diary-based estimates of the contact patterns
are not appropriate in this setting (for details, see The contact
matrix). With the inferred reproduction number, we rerun the
model with the counterfactual vaccine allocation strategy 7 to

4 Patterns 4, 100739, June 9, 2023

Patterns

0.002 - 4th Wave

N

3rd Wave
< 0.001 45—

0.000 T T I T T T T
0 50 100
Weeks since last dose

(g}

Ji(A,T)

Jan Apr Jul Oct D DD DD DR g%ox
2021 TF I TSI
Age group
0-19 40-49 —— 70-79  Vaccination status
20-29 ~—— 50-59 —— 80-89 0 mm 2
30-39 —— 60-69 —— 90+ a1 m 3

Figure 3. Factors contributing to the severe case probability

(A) Estimated time dependence f°(T) approximately following the two infection
waves in Israel in 2021.

(B) The waning curve h¥ (W) with increasing risk over time as immunity wanes.
The waning curve is computed based on results from Tartof et al.”®

(C) Estimated age-dependent correction factors f; (A, T) accounting for the
change in population-level infection dynamics. The correction factors shown
here correspond to the scenario with increased vaccine uptake rate by 2%,
leading to a relative decrease in the number of infections.

(D) Risk factor g(V, A) estimates indicating the relative risk of having a severe
case by age A and vaccination status V.

obtain an estimate of the number of infections in the counterfac-
tual scenario. The simulated number of infections is then used to
calculate the correction factor (3).

Compartmentalizing the factors related to severe cases into
the causal model simplifies parameter estimation; for the causal
model, we need to estimate conditional probabilities, which is
trivial given our data (except for the severity mechanism [2]).
This reduces the state space and the parameters that
need to be estimated for the compartmental infection dynamics
model.

Counterfactual vaccine allocation strategies

We compare four age-dependent vaccine allocation strategies:
the Factual and three counterfactual ones. (1) Factual: the
vaccine allocation strategy implemented in Israel generally
prioritized the elderly (starting with all people aged 60 and
over) for the initial two doses and for booster shots but also
prioritized nursing home residents, patients with pre-existing
medical conditions, and frontline health care workers.® (2) uni-
form: in the uniform strategy, we do not implement any prior-
itization based on age or any other factors; all age groups are
vaccinated at the same rate. (3) ElderlyFirst: we prioritize
age groups in descending order, starting with the oldest and
ending with the youngest. This strategy differs from the Factual
strategy in that it strictly prioritizes by age and does not
consider other factors. (4) YoungFirst: the opposite of
ElderlyFirst. The counterfactual strategies are simulated,
while, here, the outcome of the Factual strategy is taken
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Figure 4. Base reproduction numbers per age group inferred by the
SEIR-like infection dynamics model

The base reproduction numbers describe the contribution of each age group
to infection spread after accounting for the effect of vaccination. Left: inferred
weekly base reproduction numbers between December 20, 2020 and
December 25, 2021. a, lockdown;® b-e, restriction-easing phases 1-4;" f,
Green pass and purple badge requirement lifted; g, high and middle school
summer break start; h, indoor mask requirements;>® i, green pass re-
quirements;29 j, school summer break end. The ticks on the x axis indicate the
first day of the respective month. Right: average base reproduction numbers
weighted by the factual total weekly infections. Note that uncertainty on the
base reproduction number is high during spring 2021 because of low case
numbers (Figure S1). The 90+ age group has only 3-4 cases per week on
average during this period.

from data. In the simulated scenarios, the number of first, sec-
ond, and third doses is kept fixed to the factual numbers. The
vaccine uptake rate per age group is also fixed to the factual
values up to a margin of error of 2.5 percentage points to be
able to satisfy other constraints, such as the total number of
vaccines or minimum times between doses (see supplement
A.1 for more details).

Infections

As shown in Figure 5, during the third wave, YoungFirst leads
to the lowest infection incidence, followed by the Uniform and
the Factual strategy. ElderlyFirst leads to the highest
infection incidence.

The most effective strategy in preventing infections is deter-
mined by which age group is contributing most to infection
spread. The base reproduction numbers express how much an
age group contributes to infection spread after removing the ef-
fect of vaccinations; in other words, how much an age group
would contribute to infection spread if no one in that age group
were vaccinated. As shown in Figure 4, during the third wave,
the base reproduction numbers tended to be higher among the
young and middle-aged groups and lower for the elderly, point-
ing to differences in behavior and average number of contacts.
Therefore, strategies that prioritize young and middle-aged
groups are most effective at preventing infections.

During the fourth wave, the relative effectiveness of strategies at
preventing infections is reversed. ElderlyFirst leads to the
lowest infection incidence, followed by the Factual strategy.
YoungFirst and Uniformlead to the most number of infections.

The order of the vaccine allocation strategies regarding infec-
tions in the fourth wave is changed because the estimated base
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Figure 5. Cumulative incidence of infection and severe cases for the
two infection waves in 2021 under the factual and counterfactual
vaccine allocation strategies

For the third wave, we sum all cases from December 20, 2020 to April 11, 2021
and for the fourth wave from June 20, 2021 to November 7, 2021. The whiskers
show the 95% credible intervals. The outcome of the Factual strategy is
taken from data,?? while the other vaccine allocation strategies are simulated.

reproduction numbers per age group are different. For the first
half of the wave, the base reproduction number in the youngest
age group, accounting for roughly a third of the population, tends
to be lower than for the other age groups, presumably because
of the school summer break, as indicated in Figure 4.
Conversely, at the start of the wave, the base reproduction
numbers for the middle-aged groups and the elderly tend to be
higher. Therefore, prioritizing these age groups is a more effec-
tive measure for preventing infection spread at that point in time.
Severe cases

As shown in Figure 5, the ElderlyFirst strategy leads to the
lowest cumulative severe-case incidence; it performs similar to
(third wave) or better than (fourth wave) the Factual strategy.
The Uniform and YoungFirst strategies lead to the highest
cumulative severe-case incidence. Which one of these two leads
to the highest severe-case incidence depends on the wave and
the assumed contact mixing factor (supplement C).

Figure 6 shows the trade-offs made between age groups
in terms of severe cases under the different strategies. As
expected, the younger age groups benefit most from the
YoungFirst strategy, and older age groups experience the
lowest severe-case incidence under the ElderlyFirst
strategy.

The severe-case risk is lowest for the youngest age groups, as
shown in Figure 3D. Hence, prioritizing the younger age groups
leaves the older age groups (which are at higher risk) less pro-
tected against severe cases. While the YoungFirst strategy re-
duces the severe-case incidence in the youngest age group, this
reduction is far outweighed by the increase in most other age
groups. We find the opposite effect for the E1derlyFirst sce-
nario; we have a reduction of severe-case incidence in the
elderly and an increase in the younger age groups.

Our results suggest that, under the E1derlyFirst strategy,
the cumulative severe-case incidence could have been reduced
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Figure 6. Expected weekly number of severe-case incidence for the entire population and in each age group for the factual and counterfac-

tual vaccine allocation strategies

The right panels show the trade-offs in severe-case incidence between age groups under different vaccine allocation strategies. The ticks on the x axis indicate
the first day of the respective month. The outcome of the factual strategy is taken from data,?* while the other vaccine allocation strategies are simulated.

had this strategy been implemented in Israel (177 vs. 184 per
100,000 and 84 vs. 126 per 100,000 in the third and fourth waves,
respectively). However, our counterfactual vaccine allocation
strategies make some simplifying assumptions that are difficult
to implement in practice. We assume that it is possible to vacci-
nate all willing patients of an age group before moving on to the
next age group without delays. In practice, this is difficult to
accomplish, in particular given that it may be harder to reach
the elderly. Therefore, no realistic vaccine allocation strategy
can be as strict as the protocol followed in ElderlyFirst
and will have some overlap between age groups. Hence,
from our counterfactual results and these observations, we
conclude that the Factual strategy may have been close to
optimal.

Impact of increasing vaccine uptake
We simulate the effect of increasing vaccine uptake in a single
age group. Limited vaccine uptake is a factor that prolongs the
necessity of non-pharmaceutical interventions.® One possible
intervention governments have at their disposal is to encourage
vaccinations through advertisement campaigns. Such cam-
paigns can be targeted at specific age groups by choosing the
channel over which the campaign is broadcast. Our method al-
lows us to estimate the impact of increasing vaccine uptake on
the expected incidence of infections and severe outcomes. We
simulate the effect of increasing the vaccine uptake rate within
one single given age group by administering an additional N =
55,746 doses (0.6% of the total population) to that age group.
All other age groups follow the simulated factual vaccine alloca-
tion strategy. The additional doses are spread over the entire
time period by scaling the weekly administered doses by a con-
stant factor.

Increasing vaccine uptake in the oldest age groups is most
effective in decreasing the severe-case incidence in the total
population, as shown in Figure 7. On the other hand, increasing
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vaccine uptake in the middle-aged groups is most effective in
decreasing the infection incidence in the total population.

There are two effects of an increase in vaccine uptake. First,
there is a larger number of individuals who are better protected
against infection and severe cases through vaccine-induced im-
munity. This effect can be explained by the risk factors shown in
Figure 3D; by increasing the vaccine uptake rate in a given age
group, we effectively move an additional part of this population
from vaccination status 0 (unvaccinated) to 3 (boostered). We
find the largest effect for the elderly because they have the
largest absolute difference in risk factors between vaccination
states 0 and 3. Second, there is a population-level effect; by
influencing the infection spread, the total number of infections
is reduced (Figure 7, left). Because the base reproduction num-
ber tends to be higher for the middle-aged groups (Figure 4,
right), they have a larger impact on the number of infections
when their vaccine uptake rate is increased. However, when
considering the severe-case incidence, this effect on infections
is not large enough to outweigh the differences in risk factors,
as shown in Figure 7 (right). In summary, even when taking
into account the effect on infection dynamics, it would have
been most beneficial to increase the vaccine uptake rate in the
elderly.

Simulating other disease types

To investigate whether one can generalize the recommendation
to first vaccinate age groups with the highest severe-case risk,
we simulate different types of diseases by adopting other risk
factors. The explicit factorization of the severity mechanism (2)
allows us to dissect the different contributing factors that deter-
mine the expected severe-case incidence. One of those factors
is the age- and vaccination-dependent risk profile of COVID-19.
Here, we showcase the ability of our model to be adapted to
different diseases in fictional but plausible scenarios. We
compare three disease types, shown in Figure 8 (left). (1)
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Figure 7. Impact of increasing vaccine uptake rate (UR) in a given
age group

In each scenario, the vaccine UR is increased in a given age group by a fixed
number corresponding to 0.6% of the population being motivated to get
vaccinated. We assume that the change comes from originally unvaccinated
individuals who are persuaded to receive three doses. The plots show the
impact on cumulative infections (left) and severe cases (right) in the entire
population, not just in the age group in which the UR was increased. We group
the three oldest age groups into one to increase the total number of additional
doses we can give to an age group (the oldest age groups have the smallest
share of the population). We consider cases from December 20, 2020 to
December 25, 2021. While the middle-aged groups have a larger impact on
infection dynamics, this effect is outweighed by the higher severe-case risk in
the 60 + age group when considering the impact on severe cases. The
whiskers show the 95% credible intervals.

COVID-19 (Figure 3). (2) Spanish flu. We use age-specific excess
respiratory death rates associated with the Spanish flu pandemic
in Kentucky (1918-1919)*° as an approximation for the risk fac-
tors g(0,A) for the Spanish flu. To obtain the other risk factors
g(V >0,A), we assume a constant vaccine efficacy for all age
groups. (3) Flat risk. This simulates a disease where all age
groups have the same severe-case risk.

Lacking adjusted estimates, and for simplicity and compara-
bility, the other factors of the severity factorization (2), f°, ff:,
and hY, are assumed to be the same as for COVID-19 (shown
in Figure 3). The risk profiles are normalized so that the cumula-
tive severe-case incidence is equal under the Uniform vaccine
allocation strategy.

Besides the vaccine allocation strategies shown in Counter-
factual vaccine allocation strategies, we consider two additional
strategies that take into account the altered risk profiles: (1) Ri-
skRanked: we prioritize age groups in descending order of the
risk factors. (2) RiskRankedReversed: we prioritize age
groups in ascending order of the risk factors. Note that, for the
flat risk profile, these two strategies are identical to Uniform
because all age groups have the same risk.

The factual vaccine uptake rate is influenced by the age-spe-
cific risk structure of COVID-19. Because the elderly have a
higher severe-case risk, they have more incentive to get vacci-
nated. To remove this bias from the simulation setup, we assume
a flat vaccine uptake rate of 90% willingness to receive all three
vaccine doses across all age groups for the Flat and Spanish flu
risk profiles.

There are no differences between diseases regarding the cu-
mulative infection incidence under the four initial vaccine alloca-
tion strategies: Factual, Uniform, ElderlyFirst, and
YoungFirst. Of those, the strategies that prioritize young and
middle-aged groups are most effective at preventing infection
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spread during the third wave, as discussed in Counterfactual
vaccine allocation strategies. For COVID-19, the RiskRanked
and RiskRankedReversed strategies are most similar to the
Factual and YoungFirst strategies, respectively, and lead
to similar infection incidence. For the flat risk, RiskRanked
and RiskRankedReversed are identical to the Uni form strat-
egy and lead to the same infection outcome. For the Spanish flu,
the most effective strategy for preventing infection spread is Ri -
skRanked because it prioritizes age groups 20-29 and 30-39,
which tend to have the highest base reproduction numbers dur-
ing the third wave (Figure 4); conversely, RiskRankedRe-
versed is the least effective.

For COVID-19, the severe-case incidence is lowest for strate-
gies that prioritize high-risk age groups and lowest for strategies
that do the reverse, as discussed in Counterfactual vaccine
allocation strategies. The same can be said for the Spanish flu;
however, the adversarial strategy Ri skRankedReversed leads
to even worse outcomes. For COVID-19, younger and middle-
aged groups have high base reproduction numbers during the
third wave, and the elderly have high severe-case risk. For the
Spanish flu, however, the age groups with high severe-case
risk and high base reproduction numbers are the same (20-29
and 30-39). Therefore, the RiskRankedReversed strategy is
adversarial in two ways: it leads to a high infection and severe-
case incidence.

In summary, this simulation shows that, even when taking into
account infection dynamics, following a strategy where people
most at risk are vaccinated first leads to the least amount of severe
cases. However, we remark that the difference in severe cases is
not as large as one could assume based on the difference in infec-
tion-fatality ratio alone. For COVID-19, a difference of 20 years in-
creases fatality by a factor of 10, but different vaccination strate-
gies only differ at maximum by a factor of 4. The protection against
infection granted by the vaccines and the subsequent contribution
to mitigation of the epidemic waves decreases the differences of
the outcomes of the different strategies.

Impact of immunity waning

We investigate the influence of immunity waning on infection and
severe-case incidence. We compare three settings for the time-
scale at which immunity weakens. (1) Regular: we use the waning
function derived from the results reported in Tartof et al.?®
(2 No waning: we assume the vaccine efficacy against
infection stays constant at the maximum. (3) Fast: the waning
is 25% faster than regular; i.e., it takes 25% less time until vac-
cine efficacy is halved.

The other factors of the severity factorization (2), f°, f 7: and g,
are assumed to be the same as before (Figure 3). For each setting
of the waning function, we run the four vaccine allocation strate-
gies discussed in Counterfactual vaccine allocation strategies.

The cumulative infection incidence increases as the speed of
waning increases, as shown in Figure 9B. This difference is
mainly driven by the behavior of the fourth wave, where the
average times since the last dose are highest. The different
strategies perform similarly; the differences in effectiveness of
preventing infection spread between strategies is small
compared with the differences between waning profiles. The
severe-case incidence follows the same pattern; the faster the
waning, the higher the severe-case incidence (Figure 9C).
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Figure 8. Comparison of risk profiles or disease types

(A—-C) Age-specific risk factors for the unvaccinated g(V = 0,A) for three
considered disease types. Vaccine efficacy is assumed to be independent of
age and the same across all disease types. The risk factors are normalized
across disease types to lead to the same number of severe cases under the
Uniform vaccine allocation strategy.

(D and E) Cumulative incidences of infections (D) and severe cases (E) under
different vaccine allocation strategies between December 20, 2020 and April
11, 2021 (third wave). The whiskers show the 95% credible intervals. The
outcome of the Factual strategy for COVID-19 is taken from data;*” all other
scenarios are simulated.

These results highlight the influence of immunity waning on
infection dynamics. A relatively moderate reduction by 25% of
the waning timescale leads to an increase in infection and se-
vere-case incidence by a factor 3 over the time span of a year.
This illustrates two points. First, for accurate infection dynamics
predictions, it is crucial to have a good estimate of the waning
curve. Second, it shows the importance of regular vaccinations,
counteracting the waning effect.

DISCUSSION

We have built a model of how the severe-case probability de-
pends on relevant factors such as age and vaccination status.
This model uses data, simulation, and prior knowledge in a
modular fashion and combines parameter inference and predic-
tion. We used data on infections and severe cases to retrospec-
tively evaluate different strategies in a realistic setting and explore
counterfactual scenarios. We were able to simulate the impact of
increasing vaccine uptake by age group. The modular structure of
our approach also allowed us to evaluate the behavior of different
types of diseases and the role of immunity waning.

Previous work that retrospectively evaluated vaccination cam-
paigns focused mainly on estimating the overall success in
reducing infections, hospitalizations, and deaths by modeling
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counterfactual scenarios with fewer or no vaccinations.*'*? In

addition, there have been simulation studies conducted before
the start of the vaccination campaign that, similar to our work,
evaluate different age-dependent vaccine allocation strate-
gies.'"*3% The forward-looking studies find that, in general,
the middle-aged groups have the biggest impact on infection
incidence (see, e.g., Figure 1 in Bubar et al.*® for demographics
corresponding to the United States), which is in agreement with
our findings (Figure 7, left). However, in these studies, such dif-
ferences in contribution to spread stem from assumptions on
the contact matrix'”*>° or prior knowledge of susceptibil-
ity,'”%>3% whereas in our method, we estimate the age-depen-
dent reproduction numbers directly from infection data. The
agreement suggests that both approaches lead to qualitatively
similar results. Other studies investigating age-dependent trans-
mission inferred from observed cases®® or seropositivity data®’
also find that middle-aged groups have the largest impact on
transmission. In the present work, by retrospectively taking
into account observed infection data, we were additionally able
to show that the timing of the vaccination campaign relative to
non-pharmaceutical interventions is crucial. In the third wave,
for instance, with partially open schools in Israel, vaccinating
the young would have been most effective at preventing infec-
tions, whereas, in the fourth wave, with school holidays during
the start of the wave, this strategy would have been among the
least effective (Figure 5). Nevertheless, when it comes to mini-
mizing severe cases, all studies agree that (under realistic
parameter settings®?) prioritizing the elderly is most effective
because of the large difference in the infection-fatality ra-
tio'”*%3* (Figures 5 and 7, right). This tradeoff between direct
protection of at-risk groups (direct protection) and protection
through vaccinating those contributing most to spreading (indi-
rect protection) has also been discussed in Markovi¢ et al.”

While we were able to include many factors relevant to severe
cases and infections, our method has some limitations. Our
approach relies on assumptions, which are only approximately
correct and difficult to test in practice. We assume causal suffi-
ciency® for the variables in our causal model, which rules out
confounding between the variables on which we intervene
(vaccination times) and the outcome (severe cases). However,
we do expect some confounding in practice; at-risk groups like
healthcare workers or patients with pre-existing conditions
may have a higher incentive to get vaccinated.”*>*® This could
break the assumption of homogeneous subgroups based on
age, vaccination status, and waning time and lead to overesti-
mated risk factors for the vaccinated: g(V >0,A).

In our study, we quantify the number of infections and severe
cases, where we weigh all cases equally across age groups. How-
ever, to more accurately quantify the impact on society, we could
consider more factors, such as differences in predisposition to
long COVID.*° Differences in length and intensity of suffering could
also be captured by metrics such as quality-adjusted life years.*°
However, such metrics are difficult to estimate in practice.

In the present work, we do not explicitly model behavioral or
policy responses in our counterfactual scenarios. However, high
infection incidence increase perceived risk in the population and
prompt voluntary health-protective behavior.”' Governments
also react to changes in infection incidence by introducing or re-
laxing non-pharmaceutical interventions. Both effects tend to
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Figure 9. Comparison of waning timescales

(A) The considered immunity waning timescales. In the fast waning scenario,
we assume it takes 25% less time until vaccine efficacy against infection is
halved compared with the timescale reported in Tartof et al.”*

(B and C) The cumulative infection (B) and severe-case (C) incidences under
different vaccine allocation strategies for each waning timescale. We sum all
cases from December 20, 2020 to December 25, 2021. The whiskers show the
95% credible intervals. The outcome of the Factual strategy for regular
waning is taken from data;?? all other scenarios are simulated.

reduce (and increase, respectively) the effective reproduction
number during high (and low, respectively) incidence periods.
Therefore, we expect our infection and severe-case incidence to
be overestimated for high-incidence periods and underestimated
for low-incidence periods. Our results should thus be interpreted
as counterfactual vaccine allocation scenarios while keeping
behavioral and government responses fixed.

We are also neglecting possible selection bias through
differences in testing frequencies between age groups. School
children may be tested more frequently than other age groups
during school weeks, which could lead to overestimating their
contribution to infection spread and, consequently, the effect
of vaccinating children.

Besides approaching the problem of evaluating counterfactual
vaccine allocation strategies, this study illustrates a more gen-
eral problem in causal inference. Causal models typically require
joint observations of all relevant variables to evaluate counter-
factual statements. However, in realistic settings, data are often
a limiting factor. In the present study, two crucial parts were not
observed: waning times of the severely ill and latent factors
related to infection dynamics (such as the base reproduction
numbers). By assuming a factorization for the severity
mechanism (2) and incorporating an SEIR-like model together
with literature estimates for waning, we were able to address
these limitations. In our case, we leveraged domain expertise
to merge the different sources of knowledge—namely, data,
simulation, and literature estimates —into one model. Some first
steps in this direction have been taken,**® but it is still an open
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question how to merge information from different sources or da-
tasets into a single causal model without strong assumptions
stemming from domain knowledge.

Through our simulation-assisted causal model, we show
how interactions between different elements of a pandemic,
such as vaccinations, immunity waning, age-dependent infec-
tion spread, and risk can be effectively captured. While we
have applied our method retrospectively, with parameter infer-
ence on observational data, this does not limit its applicability.

While the overall model is unlikely to be valid for other pan-
demics, sub-modules may be transferable.** Moreover, each
of the sub-modules can be replaced with appropriate assump-
tions on parts of the system that are still unknown, as shown in
Simulating other disease types and Impact of immunity waning.
For example, when COVID-19 vaccines were approved initially, it
was not yet clear how long immunity against infection or a severe
course would last. Thus, besides informing the rollout of COVID-
19 vaccination campaigns, we hope that our method can help in
future pandemics where the relevant factors may not yet be
jointly measured or known from the literature.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources and materials should be
directed to and will be fulfilled by the lead contact, Armin Keki¢ (armin.
kekic@tuebingen.mpg.de).

Materials availability

This study did not generate new unique materials.

Data and code availability

The epidemiological data that support the findings of this study are available from
the Ministry of Health Israel®® (https:/data.gov.il/dataset/covid-19). The popula-
tion data used for estimating the age distribution in Israel are available from the
United Nations World Population Prospects 2019%° (https://population.un.org/
wpp). The source code is available at https://github.com/akekic/covid-
vaccine-evaluation “® and contains copies of all used data sources.

Target function

The target function s(7 = P(Ty, T, Ts|A)) describes the relationship between
the counterfactual vaccination policy 7 and the resulting expected number
of severe cases. It can be written as

(Equation 4)

x Z Z P(ty,ts,t3]2)9(0,)

(t1,t2, tsla)g(1,@)h" (t — t1) (Equation 5)

-
g

t t M+ 1

+ 33 S Pt e tla)g(2, a)h%(t — t)

ti=1tp=1t3=t+1

+ D03 N Pt b, tsla)g(3,a)h°(t — ta)

t=1to=1t3=1
where D is the total population. For notational convenience, we treat individ-
uals who have not received a certain dose by setting the respective time of

vaccinationtot; = M + 1. The full derivation is shown in supplement A.2.
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Estimating the severity mechanism factors

Risk factors for the unvaccinated

Estimating the factorization (2) is ill posed because the overall scale of the factors
g,h" and f° is not well defined. We can double ° and halve g and end up with the
same value for the severity mechanism. We remove this ambiguity by setting

g(0,a*) =1 (Equation 6)
for some age group a*. By common convention, we choose the age group
60 — 69 as the reference group so that all other risk factors are relative to
9(0,a*). Note that there is no waning for V = 0, hence P(S = 1|V = 0,A,
T,W) = P(S = 1|V = 0,A,T). We can then estimate the other risk factors
of the unvaccinated by

Er[P(S =1V =0,A=a,T)

908 = g s =TV =0A=a.7)

(Equation 7)

Immunity waning curve
The vaccine efficacy against infection as a function of time since administra-
tion of the second dose of the BioNTech vaccine is reported in Tartof et al.”®
for discrete time periods up to 6 months. To these data, we fit a logistic curve
that tends toward zero efficacy as time increases. For the waning curves after 1
and 3 doses, we assume the same functional relationship as for the second
dose but scale the function so that, under full protection, the efficacy is 75%
and 95%, respectively (efficacy under full protection is around 90% after
two doses).

We can use this to derive the waning function h” (W). First observe that the
severe-case probability can be separated into two processes:

P(S = 1\V,AT,W) = P(I=1|V,A, T,W)PS = 1|V,A,l=1)

(a) (b)

(Equation 8)

(a) the probability of being infected and (b) the probability of developing a se-
vere case when infected. We assume that the probability of having a severe
case when infected only depends on V and A and that the immunity against
severe courses does not significantly wane over time, as reported in Tartof
et al.>® Now, let VE'(w) be the vaccine efficacy w weeks after receiving the
vih dose:

CPU=1V=vA=aTW=w)
PI=1V=0,A=a,T,W=w)

VE'(w) = 1 (Equation 9)

where we assume that the efficacy against infection is the same for all age
groups and constant over time T. Then note, using Equation 8,

P(S =1V =v,a,t,w)

P(S =1V =0,a,t,w)
_P(S=1|V=val=1)P(l=1V =v,a,tw)
TP(S=1V=0,al=1)PI=1V=0,atw)

1-VE' (w)

(Equation 10)

h (w)

g(g,:) (Equation 11)

)

g(0,a) P(S=1|V =v,a,l=1)
g(v.a) P(S=1V=0,a,/=1)

=h"(w) = (1 = VE'(w)).  (Equation 12)
Note that, because we are considering the factual vaccine allocation strat-
egy m, the correction factor is 1 (A, T) = 1. By definition, we have h*(0) =

1, and combining the above expression for W =w >0and W = 0, we get

B(w) 1 — VE'(w)
) ~ 1 - VE'(0)

1 - VE'(w)

=h'(w) = TV

(Equation 13)
Risk factors for the vaccinated

In our data,? we can only observe P(S = 1|V, A, T) because we do not have
data on severe outcomes as a function of the time since the last dose W. How-
ever, we do have data on the distribution of times since the last dose was
received P(W|V A, T). This allows us to use the waning function (13) to estimate
the risk factors for V = v> 0 since
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P(S =1V =v,at) = > P(S = 1V = v.a,t,w)Pw|V = v,a,1)

w

(Equation 14)

=P()g(v.a)Y_hW)PW|V = v,a,t). (Equation 15)

This motivates the following estimator:

PS=1V=vA=al)
Er [ Ewy - va-ar (W) ]

EPS-1v-0A-a7) 90

g(v,a) = (Equation 16)

i.e., we correct for the waning that occurred in the population to estimate the
risk factor under full immunity.

Time dependence

After correcting for immunity waning and differences in risk factors, we can es-
timate the overall time dependence:

_ P(S=1|V,AT=t
Fit) = Byape|—t Ol )

G(V. A)Ewyar =W (W)] |’ (Equation 17)

Infection dynamics correction factor

For the estimation of f!(A, T), we consider the following: let
P.(S =1|V,A, T,W) be the severity mechanism under the observed vaccine
allocation strategy 7 and P.(S = 1|V,A,T,W) under the post-intervention
vaccine allocation strategy 7. Then, using Equation 8,

P.(S=1|V,AT,W)

P.(S =1|V,A,T,W)

P(=1V,AT.W) PS=1V,Al=1) P.(=1V,ATW)

P.(I=1|V,AT,W) PS=1|V,Al=1)" P, (I=1|V,AT,W)
(Equation 18)

where we have used that the process of going from infected to severely
ill (b) does not depend on the vaccine allocation strategy. From the
factorization of the severity mechanism (2) and using f1(A,T) = 1, it follows
that

P(S=1IV.A T, W) = f1{A,T) (Equation 19)
P.(S=1V.AT,W) =77~

The assumption that f;: only depends on A and T means we assume that the
change in infection probability because of the infection dynamics is indepen-
dent of V and W. Hence, the correction factor is the relative change in weekly
infection probability for each age group under the counterfactual vaccine allo-
cation strategy:

P.(I=1|V,AT,W)

1 —
AT = p =1V AT.W)

(Equation 20)

Modeling infection dynamics

To estimate the effect of changing the vaccine allocation strategy on the infec-
tion dynamics, we first infer the parameters of a Bayesian SEIR-like model to
describe infections P, (I = 1|V, A, T, W) under the observed policy =. We then
rerun the model with the inferred reproduction numbers under the counterfac-
tual strategy 7 to obtain an estimate of P_(/ = 1|V, A, T,W). The correction
factor f; (A,T) is given by the ratio of these two infection probabilities
(Equation 3).

The SEIR-like dynamics

In our model, each age group a has its own compartment, and the dynamics
follow a discrete renewal process'*” determined by the effective reproduction
number Refia(tsay). These dynamics are discretized with a one-day step to
allow enough resolution to model the generation interval. The data are only
available on a weekly basis, which will require us later to sum the cases over
1 week. We fit one reproduction number per age group. The infections from
one age group to another are encoded by a contact matrix C. The latent period
is modeled by a kernel g(7), which is normalized to 1:

9 10
E, (tday) = Z \/Reff.a (tday)Ca.a’ \/Reﬂ.a’ (tday) Z Ea (tday -1- T)g(T> + hy (tday)-,
7=0

a =1

(Equation 21)
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Sa(taay) = Sa(taay — 1) — Ea(taay — 1), (Equation 22)

g(r) = Gamma(r;u = 4,0 = 1.5). (Equation 23)
Ea(tgay) is the number of newly exposed people on day tgay, who will later
become infectious; it is implicitly modeled by the generation interval kernel
g. We assume here a mean generation interval of 4 days.”*** S, (tqay) is the
number of susceptible people, and h;,(t4ay) is an external influx (see below).
We assume that changes in the reproduction number symmetrically affect
the infectiousness and infectability. This is achieved by multiplying the square
root of the reproduction number to the contact matrix from both sides in
Equation 21.
The contact matrix
While the effective reproduction numbers describe the overall level of infec-
tion-transmitting contacts for each age group, the contact matrix models
how these contacts are distributed between age groups. In other words, the
former describes how many infection-transmitting contacts a given age
groups has, and the latter describes how often these contacts are among their
own or other age groups. The following consistency requirements need to be
satisfied by the contact matrix.

e For unit effective reproduction numbers for a given time tyay, Refra (taay) =
1V a, the total number of exposed should stay constant. This is achieved
by column-wise normalized matrices sothat 13", Ca» = 1.

e For constant unit effective reproduction numbers, Refa(tday) = 1Va,
tqay, the limit distribution of cases over the age groups should be propor-
tional to the population share. This corresponds to the eigenvector for
the largest eigenvalue of C being proportional to the vector of the pop-

(p1.p2,...) = (%,#,m),

where D" =2) is the population of age group a, and D = Y, D4 =2 is

the total population. In the same setting, the total number of cases

should not diverge or tend to zero. This can be ensured by contact
matrices with the largest eigenvalue 1.

ulation share in each age group ?T =

There are two extreme cases for mixing patterns under these constraints.

1. There are no contacts between age groups. In this case, the contact
matrix would simply be the identity matrix: C = 1.

2. The contact between different age groups is the same as within age
groups: all-to-all connectivity.

—T

In this case, the contact matrix would be C = 5"~ 1

The reality lies somewhere between these two cases. A reasonable interpo-
lation between these extremes should ensure that the largest eigenvector of
the contact matrix stays 7’ and that the largest eigenvalue is 1. These require-
ments are met by the following matrix:

vor+ (1 =) P4 P4

T 1-7) vp

Co(loy 477 -1 = P2 v+ (1 — 2
A=wteas vps + (1 =)

vP3 TP3

(Equation 24)

The parameter y determines the contact mixing between age groups; at 1
we have all-to-all connectivity, and at O there are no contacts between age
groups. ‘&4

Because one of the goals of this study is to understand age dependence, we
have designed our infection dynamics simulation so that it can infer age-
dependent reproduction numbers directly from data rather than making as-
sumptions about age-dependent effects. Diary-based estimates of contacts
strength®®°" are not suitable for our purposes because they do not meet the
requirements outlined above. In particular, they contain distributions of con-
tacts between age groups and overall levels of contacts, which we try to esti-
mate over time. This leads the leading eigenvectors of these matrices to be
non-uniform (after accounting for differences in population share).

The external influx
Toaccount for some infections occurring because of infected travelers entering
Israel, we add a random number of infections distributed over each week:
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ha(taay) = M (t = Kueek (taay)) / 7, (Equation 25)

pop.
108’

R (t) ~ Weibull(A =0.1- k= 0.3) Va, Vt, (Equation 26)

where t is indexing the weeks included in our analysis, and Kweek (tsay) is map-
ping a day tq4ay to the corresponding week t. We chose a Weibull distribution
because the long tails allow the occurrence of mass spreading events. The pa-
rameters of the Weibull distribution are chosen so that, on average, 0.1 infec-
tions per million inhabitants per day occur from external influx. This is about a
fifth of the lowest incidence during the analysis period. The median of the dis-
tribution is only at 0.003 infections per million inhabitants per day because of
the long tails of the distribution.

The effective reproduction number

The effective reproduction number Reta(tsay) depends on (1) the base
reproduction number Rpasea(tday), Which encodes the amount of social
distancing at time fyay, and (2) the infectability term Infectability, (tyay),
which encodes the acquired immunity of the susceptible population of
age group a:

Refta(taay) = Rboasea(taay) - Infectability, (tsay). (Equation 27)

Infectability

The Infectability, is the fraction of reduced spread because of acquired immu-
nity in age group a. Itis 1 in a completely non-immune population and reduces
with vaccination. Concretely, it is modeled as:*

Infectability,, (tsay ) = Unva(t)
1 W
+ Vace () (1 — wWie, ()

, ) (Equation 28)
+ Vace (1) (1 = W2y, (1)

+ Vace (1) (1 — wW3, (1))

With t = Kuyeek (taay ), (Equation 29)
where Unv,(t), Vacc} (t), Vacc?(t), and Vacc(t) are the fractions of unvacci-
nated and once, twice, and three times vaccinated, respectively, for each
age group. Here t = kyeek (tday) is the week corresponding to the day tgay. 1 de-
notes the corresponding protection against infection (O<u <1, and u = 0 cor-
responds to no protection). We assume that the protection is 70%, 90%, and
95% directly after the first, second, and third dose, respectively.23 These
vaccination fractions are modeled in a weekly manner because the data are
only available on a weekly basis. W, (t) denotes the effective group-wide
waning of immunity for the group that has been vaccinated v times. It is 1
when the whole age group had been vaccinated a few days ago and decreases

with time.
The effective waning of the group-wide immunity at time ¢ is calculated by

building an average over all individuals who have received v doses before
time t weighted by their individual waning factor:

S on-Vacce! (1)VEom(t — 7)

W, () =
etta(l) Z:: 0n7VacC:vt(T)

(Equation 30)

Where n_Vaccy,(7) are the newly vaccinated at time v who have received v
vaccinations by time 7, and VEnom (W) = \\/,E((‘g)) is the normalized vaccine effi-
cacy w weeks after the last dose.” n_Vacc, () and Vacc,(t) are obtained
from published data from Israel.”

The base reproduction number

The base reproduction number Rpase 2 (fday) is assumed to be a slowly changing
factor as a function of time. It is modeled as a superposition of logistic change
points vy(t4ay) every 21 days, which are parameterized by the transient length of
the change points /, the date of the change point d, and the effect of the change
point Ay*. The subscript n denotes the discrete enumeration of the change
points:
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Figure 10. Overview of the infection dy-
namics model
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(Equation 31)

Hbase.a (tday) = HO.a exp <Z'Yn (tday)>
n

Roa ~ LogNormal(u = 1,6 =1) Va (Equation 32)

(Equation 33)

1
Yna (tday) = ) AvYng

1 4 @ 4/ha(t-cha

Aypa ~ N(A'Yn— 1as ”A“ra)
with Ay,, = log Roa

vn,va (Equation 34)

oava ~ HalfCauchy(0.5) Va

Ihe ~N(4,1)

(Equation 35)
(Equation 36)

Vn,Va (unitis days) (Equation 37)
d,. =10"January 2021 + 21-n + Ad,, )
forn=0,...9 (Equation 38)

Ad,, ~N(0,3.5) Vn,Va (unitisdays). (Equation 39)

The likelihood

Next, we want to define the goodness of fit of our model to the sample data.
For that, the number of newly exposed people is delayed by 6 days and
summed over 1 week because the case data are available on a weekly basis.
The likelihood of that is modeled by a Student’s t distribution, which allows
some outliers because of its heavier tails compared with a normal distribution
(green box in Figure 10). The error of the Student’s t distribution is proportional
to the square root of the number of cases, which corresponds to the scaling of
the errors in a Poisson or negative binomial distribution:

C (t) = Z E week (t) - tGEY)

taay =

(Equation 40)

Calt) ~ StudentTy:‘,(y = Cy(t),o = k\/Calt) + 1) (Equation 41)

k ~ HalfCauchy(c = 30). (Equation 42)

Here C,(t) is the measured number of weekly cases in the population of
age a as reported by the health authorities, whereas Cy(t) is the modeled
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number of cases in week t. k0 (t) transforms the week t to the first day of
that week.

Sampling

To estimate the parameters of the Bayesian dynamical spreading model, in
particular the time-dependent base reproduction number, we use Monte Carlo
sampling. In this way, we also obtain credible intervals of the parameters and
not only the maximal likelihood estimate. Specifically, the sampling was per-
formed using PyMC3°? with the NUTS sampler,”® which is a Hamiltonian
Monte Carlo sampler.

The chains are initialized randomly. Because random initialization often
leads to some chains getting stuck in local minima, we run 8 chains for 150
initialization steps and chose the 2 chains with the highest unnormalized pos-
terior to continue tuning and sampling. We then let these chains tune for addi-
tional 500 steps and draw 500 samples. The maximum tree depth is set to 10.

Credible intervals

Infections

For all quantities related to infections, we sample from the Bayesian SEIR-like
infection dynamics model to obtain samples of the posterior distribution
P.(I = 1|V,A,T,W). For the credible interval, we take 1,000 joint samples
of P_(I = 1|V, A, T, W) to obtain samples of the final quantity, such as the total
sum of infections.

Severe cases

We compute samples for the correction factor (3) by sampling from the poste-
rior of the infection dynamics model 1,000 times. These joint samples of the
correction factor are then propagated through the target function (5) to obtain
samples of the severe-case incidence.
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