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ABSTRACT

Metapopulation epidemic models help capture the spatial dimension of infectious disease spread by dividing
heterogeneous populations into separate but interconnected communities, represented by nodes in a network.
In the event of an epidemic, an important research question is, to what degree is the spatial information
(i.e., regional or national) relevant for mitigation and (local) policymakers? This study investigates the impact
of different levels of information on nationwide epidemic outcomes, modeling the reaction to the measured
hazard as a feedback loop reducing contact rates in a metapopulation model based on ordinary differential
equations (ODEs). Using COVID-19 and high-resolution mobility data for Germany of 2020 as a case study,
our model revealed two markedly different regimes depending on the maximum contact reduction. In the first
regime of (modest) mitigation, gradually increasing maximum contact reduction from zero to moderate levels
delayed and spread out the onset of infection waves while gradually reducing the peak values. This effect
was more pronounced when the contribution of regional information was low relative to national data. In
the opposite suppression regime, the feedback-induced contact reduction is strong enough to extinguish local
outbreaks and decrease the mean and variance of the peak day distribution, thus regional information was
more important. When suppression or elimination is impossible, ensuring local epidemics are desynchronized
helps to avoid hospitalization or intensive care bottlenecks by reallocating resources from less-affected areas.

1. Introduction

Infectious diseases like COVID-19 may spread from person to per-
son in contact networks, should one of the interacting individuals
be infectious, the other susceptible to the pathogen, and the contact
close enough to be contagious. Classic ordinary- or integro-differential
equation-based compartmental models (ODE or IDE) offer reasonable
results and qualitative agreement (in mean) with the overall dynam-
ics of the disease in homogeneous populations [1-4]. However, one
restrictive hypothesis in these models is that of homogeneous mix-
ing in populations; thus, using them typically overlooks the spatial
dimension of an outbreak. In large territories with diverse population
distributions, more complex approaches are required.

A straightforward extension of compartmental models of disease
spread to incorporate the spatial dimension of an outbreak is the
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use of metapopulation models [5-12]. While there are different ap-
proaches among the prior, in [6,7,11,12], spatially separated communi-
ties (where homogeneous mixing is assumed) are represented by nodes,
and the exchange between them (e.g., commuters or travelers) as edges
connecting them. Nodes in these networks have dynamics, which are
represented by decoupled ODEs. This is, in contrast to [5,8-10] where
the local dynamics are coupled through the force of infection and
fluxes to the ODEs representing other nodes that are connected to them
in a formalism equivalent to that of including age-stratification (see,
e.g., [13]). Both approaches are equally valid metapopulation models
that can represent an epidemic’s spatio-temporal dynamics.

As the disease spreads within and between nodes, information about
the outbreak reaches the general population and local governments.
Based on the local progression of the disease and the quantified and
perceived risk, individuals and policymakers might attempt to reduce
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the effective contacts (i.e., those that bear the potential to infect
others), thereby affecting the spreading dynamics of the disease itself in
a complex feedback loop (see, e.g., the foundational work of d’Onofrio
and coauthors [14-17] and references therein) that can also be ob-
served in longitudinal surveys, e.g., the German COSMO study [18,
191, or [20]. The incorporation of a feedback mechanism representing
human behavior not only induces complex and chaotic dynamics in
epidemic models [14,21-23], but also corrects artifacts, such as the
unrealistically high surges in SIR-like dynamics in fixed-rate epidemic
models, and stabilizes the system at a lower endemic equilibrium or
steady state dynamics [1,24]. In a metapopulation framework, where
information (and thus hazard) can be measured at different spatial
scales (local, regional, and national), how should local authorities
weigh these risks when designing interventions?

In this work, we answer this question using a graph-based metapop-
ulation compartmental model, including high-resolution travel mecha-
nisms between nodes and a feedback loop to dynamically adapt the
effective contacts based on different levels of spatial information. Us-
ing parameters representing the COVID-19 pandemic in Germany in
autumn 2020 as a case study, we investigate the effect of dynamic
interventions and different degrees of spatial information.

2. Methods
2.1. Disease spread model

In this section, we present a comprehensive mathematical model
that can be used to simulate the spread of infectious diseases, taking
into account human behavior and non-pharmaceutical interventions
(NPIs) in spatial resolution from local through regional to nation- or
system-wide. The fundamental element of our approach is an ODE-
based SECIR (Susceptible-Exposed-Carrier & Infectious-Symptomatic
& Infectious—Recovered)-type model that categorizes individuals into
different infection states and age groups. ODE models, in general, are
characterized by their computational efficiency at the population level,
especially compared to agent-based models such as [25-27]. However,
simple, single-patch ODE models are often unable to capture the spatial
heterogeneity of disease spread. To overcome this limitation, we use a
hybrid graph-ODE metapopulation approach [6,12]. In this approach,
different geographic regions are represented as nodes in a graph, where
edges represent the (regular) mobility and interaction between these
nodes.

In addition to spatial resolution, our model incorporates a feed-
back mechanism that represents the (potentially delayed) mitigation
response that society as a whole has when facing an epidemic. This
mechanism is based on the formalism proposed by d’Onofrio and
Manfredi [14,21], adapted for complex models with age structure [1].
In particular, the effective spreading rate of the disease is reduced when
the overall infection risk perception among the population increases.
This perception of risk is based on (or is directly proportional to)
the trends of ICU occupancy—which is the information individuals
receive. Combining this formalism with the spatial nature of our hybrid
graph-ODE model allows us to combine different sources of information
that are generated in different spatial units (e.g., local, regional, and
national).

The following subsections explain each of the components in more
detail.

2.1.1. Hybrid graph-ODE approach

To incorporate spatial resolution into our model, we utilize the
graph approach as proposed in [6]. There, each geographic entity is
represented as a node within a multigraph (cf. Fig. 1a for a symbolic
scheme using the example of Germany). Given that our model is age-
stratified and comprises different disease states, the number of edges
connecting a pair of nodes is given by the product of the number of
age groups and the number of compartments in the model.
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We implement two daily exchanges of commuters that occur in-
stantaneously, at the beginning of the day and after half a day. With
this approach, commuters can change their infection state during the
half-day stay.

The number of individuals commuting between nodes is derived
from the data provided in [28,29]. Since the data contains numerous
values close to or equal to zero, we introduce a threshold to exclude
weakly connected node pairs to improve the computational efficiency.
After filtering, approximately 40,000 edges remain for the 400 counties
in Germany.

2.1.2. ODE-SECIR-type model

Each of the nodes in the graph (corresponding to different regions
in the metapopulation) has its own disease-spread dynamics, which we
represent using an ODE-based SECIR-type model [6] with particular
consideration of hospitalization and intensive care treatment. This
model structures the course of the disease into the infection states:
Susceptible (.S), Exposed (E), Nonsymptomatic Infectious (Iyg or termed
as Carrier, C), and potentially progresses through Symptomatic Infectious
(Isy), Infected Severe (I.,), understood as hospitalized, Infected Critical
(I¢,, understood as ICU), to Dead (D). Starting from the nonsymp-
tomatic state, individuals have the possibility to recover (R) without
ever developing symptoms. Additionally, our model is stratified into
age groups (subindex i) that interact with each other according to a
contact matrix assumed to be uniform across the patches. The age-
resolved equations for an arbitrary node k of the metapopulation are
given by:
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where qbl(.ﬁ,)(t) represents the contact rate between any age groups i
and j in region k. For the sake of simplicity, we omitted the explicit
dependence on ¢ in (1). The contact rate for Germany is obtained
from studies presented in [30,31]. All parameters are explained in
Table 1, and Fig. 1 represents an overview of the dynamics in the
metapopulation (which is exemplified using a sketch of Germany).
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Fig. 1. Overview of the SECIR-type model integrated in a graph-based approach [6], with additional modeling of behavior. Behavioral adaptations can result from the interaction
between risk perception and voluntary health-protective actions [1] or from ICU-based dynamic NPIs [6]. The arrow that is impacted by the integration of the behavior is marked
in red. The ICU infection state is represented by the critically ill, hospitalized infection state, which plays a crucial role in the calculation of the integrated risk for the modeling

of risk-mediated regulation. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Parameters used in model (1). For clarity, the superindex k (representing the region in
the metacommunity) has been excluded.

Parameter Description

N; Population size of age group i.

pi(D) Age-dependent probability of transmission per
contact.

@0 Average number of contacts between age groups i
and j per day.

Ersi® Proportion of nonisolated asymptomatic infectious
individuals of age group i.

&40 Proportion of nonisolated symptomatic infectious
individuals of age group i.

T, Average duration in days an individual stay in
compartment z.

;4; Transition probability from compartment z; to z,.

2.1.3. Feedback loop for the risk-dynamic regulation of effective contacts

To calculate the dynamic regulation of the effective contacts based
on the ICU occupancy, we first calculate the perceived risk H : R(‘)r -
Ry, which, for simplicity and in the absence of data on age-specific
perception weights, we assume to be uniform across age groups. Based
on [1], the perceived risk is convolved with a Gamma kernel G,
representing memory and information processing, including past values
of the ICU occupancy in the current perception of risk and weighing
them according to their recency. The Gamma function is defined using
shape parameter « and scaling parameter b, with explicit form

aza—1 ,—bt

Gus) = Tt @

Therefore, using Eq. (2), the perceived risk for a local model without
spatial stratification is defined by
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where I((:?perl()()k(f) denotes current ICU patients per 100000 inhabi-
tants in region k. Ccy represents the baseline ICU capacity, which
serves as a critical threshold for triggering governmental intervention
measures. Several feasible mitigation policies are implemented to re-
duce transmission when getting close to this threshold. In our model,
risk perception H is updated at the beginning of each day, reflecting

realistic possible responses. Note that we here build upon and borrow

nomenclature from prior studies on the self-regulation of effective
contacts. However, the perceived risk H (see Eq. (3)) can be understood
as a measured hazard that triggers targeted NPIs (implying governing
bodies) or can relate to self-regulation of effective contacts (implying
individuals).

The functional shape of the contact reductions in region k triggered
by risk perception at a given time u/gl)f(t) is defined as in [1], using a
soft-plus function, i.e., a function with a linear growth stage following
by a saturation level, with a smooth transition:
W(k) n= (Wmax - lI’min) -€-log <exp <H_(t)> + 1) * Vmin» 4

self €

where ¢ is a curvature parameter, and y,;,, Wmax represent the bounds
on the extent to which (self-)regulation can influence the contact rate.
The final expression for the contact rate between age groups i and j in
region k is:

K)oy — 1 _ B . (k)
b, =0 =wi )& €)
where ¢’(_’;)0 denotes a constant initial baseline contact rate. Thus, the

response y/s(:l)f(t) represents the reduction in effective contacts result-
ing from the risk perception, regardless of whether it was caused by

individuals adapting their behavior or authorities implementing NPIs.

2.1.4. Spatial integration of behavioral feedback loops

So far, we have calculated a population-weighted average of the
local-level risks for each node in the graph (i.e., regions in the metapop-
ulation approach). Let P® = ¥, N,.(k) denote the total population of
node k. The perceived risk for a higher spatial level, such as a federal
state or an entire country, is then computed by

1 !
H® (1) = Zierw PO HOO
agg PO ’
Yier®)

where R describes the set of all local units within the considered
aggregation size (e.g., federal state or national) defined by node k.

To integrate the aggregated risk into the feedback approach, we in-
troduce weighting factors for each spatial level, allowing us to calculate
a composite risk that reflects the influence of risks at the local, regional,
and national levels.

Let w;, w,,w, € [0, 1] represent the weighting factors for the local,
regional, and national levels, respectively. These weighting factors are
defined such that their sum equals one. Using these weighting factors,
we compute the adjusted risk H® for a region corresponding to the
node with index k as a linear combination of the risks at different
spatial scales,

©

HO® = w HO 0 + w, - HYE) (1) + w, - Hygg o 0. @
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(a) Regional proximity of Cologne.
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(b) Regional proximity of Berlin.

Fig. 2. Regional proximity of counties Cologne and Berlin. (a) Cologne and (b) Berlin; using the national average radius of approximately 103km in Germany. The selected county
is shown in purple. Counties with centroid located within 103km radius, are considered to be in regional proximity and are shown in red, all other counties are displayed in gray.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Here, Higir represents the risk aggregated at the regional level for
the region where node k belongs, while H,,,, denotes the nationally
aggregated risk.

This approach allows us to account for the varying impact of risks
across different spatial scales, ensuring that the overall risk used in the
behavioral feedback mechanism accurately reflects the perceived risk
or quantified hazard. By adjusting the weighting factors, we can model
different scenarios where, for instance, local dynamics may be more
influential than national dynamics.

This adjusted risk #® can then be used in Eq. (4) to determine
the degree of response implemented at different spatial levels, whether
through voluntary behavioral adaptations or through the application of
dynamic NPIs.

2.2. Definition of regional proximity

As provided in Eq. (7), we will analyze three different spatial levels
of information that contribute to the risk: local (node, county), regional
(local proximity measure or federal state), and national (whole graph).
While the unit and the whole are well-defined, the definition of regions
has some caveats. On the one hand, definitions based on political
boundaries (e.g., counties in a particular federal state) may not reflect
the heterogeneity in the size of political units or synthetically introduce
barriers that are nonexistent to disease spread. On the other hand,
distance — or proximity — based measures may not have political
meaning and are hard to define in a metapopulation formalization of
spatial units, as it is unclear how to include “fractions” of regions, but
they are more realistic for disease spread. We define regional proximity,
by the inclusion of counties whose centroids fall within a certain radius
of the county of interest.

Using Germany as an example, we first calculate the centroid of
each county. Then, we determine the distances between each county
and the other counties within the same federal state. From these
distances, we calculate the weighted mean distance for each of the 16
federal states in Germany, adjusting the measure based on the number
of counties in each state. This results in a national average radius
of approximately 103 km. Subsequently, we define regionally close
counties by the integration of all counties within this radius. This is
then used for the calculation of the risk metric H in Eq. (6). Fig. 2
illustrates the regional proximity of two counties, Cologne and Berlin.

2.3. Definition of epidemic waves
During the COVID-19 pandemic, the public and media often referred

to different “waves”, using rather imprecise time windows and defini-
tions. However, we need a clear definition for an epidemic wave to

analyze the outcomes of various scenarios. Here, we define the timing
of an epidemic wave’s peak as the specific day 7., such that the value
of the observable (e.g., incidence or ICU occupancy) is higher than on
the three preceding days (fpeax — 1. fpeak — 2 fpeax — 3) and also higher
than on the three succeeding days (peax + 1 fpeak + 2, fpeax + 3) for a
given region. This allows us to rule out “border effects” that would
misclassify the initial or final point of monotonic epidemic curves as
waves and also ensures that the identified peak represents a real local
maximum in the data, filtering out minor oscillations to consistently
identify the peak of the wave.

3. Results

In this section, we numerically examine how risk-mediated dy-
namic regulation of effective contacts influences the spatial spread of
epidemics. Additionally, we consider the impact of varying levels of lo-
cality in the information used to shape risk perception or quantification.
Our study focuses on a scenario that reflects the dynamics of SARS-
CoV-2 in Germany during autumn 2020, with October 1st as the start
date, a time before vaccines were introduced. The population is divided
into six age groups, with age-resolved parameters (see Tables 2 and
3) and initialization based on [6] using official reported data [32-34].
To assess the robustness of our results, we also tested three additional
settings, where only the initialization is changed accordingly to the
starting dates September 1st, November 1st, and December 1st, 2020
(see supplementary materials). These analyses confirm that the findings
regarding the existence of mitigation and suppression regimes and
the influence of y,,,, and information weighting hold across different
initialization dates.

Our analysis focuses on the dynamics of the epidemic across the
different patches of the metapopulation model. Specifically, we track
the ICU occupancy in each patch as a key indicator driving the feed-
back loop and as the primary outcome measure. We focus on several
observables when analyzing the distribution of peaks throughout the
country: (i) day of peak (defined as in Section 2.3), (ii) variability on
the day of peak (measured as the standard deviation of the peak day
distribution), (iii) peak ICU occupancy, and (iv) variability of the peak
value (measured as the standard deviation of the peak ICU occupancy
distribution). Unless stated otherwise, we consider that all spatial levels
of information have the same weights.

3.1. Dynamic regulation of effective contacts helps de-synchronize epidemic
peaks

Our findings reveal distinct regimes that appear as we increase the
strength of the behavioral feedback, represented by .., which cor-
responds to the highest level of contact reduction achievable through
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Table 2

Age-dependent epidemiological parameters. Parameters are based on [6] for the SARS-CoV-2 dynamics in Germany, autumn 2020.
Parameter Description Units 0-4 5-14 15-34 35-59 60-79 80+
Ty Latent period Days 3.335 3.335 3.335 3.335 3.335 3.335
Ty Recovery time (asympt.) Days 1.865 1.865 1.865 1.865 1.865 1.865
T, Recovery time (sympt.) Days 7.026 7.026 7.067 6.939 6.835 6.775
Ty, Recovery time (severe inf.) Days 5.00 5.00 5.925 7.55 8.50 11.00
Ty, Recovery time (critical inf.) Days 6.95 6.95 6.86 17.36 17.10 11.60
P Transm. probability - 0.03 0.06 0.06 0.06 0.09 0.175
S ® Rel. infectiousness (asympt.) - 1.0 1.0 1.0 1.0 1.0 1.0
&, (0 Rel. infectiousness (sympt.) - 0.3 0.3 0.3 0.3 0.3 0.3
;4:; Symptomatic fraction - 0.75 0.75 0.8 0.8 0.8 0.8
;4;: Severe fraction - 0.0075 0.0075 0.019 0.0615 0.165 0.225

y

;4;:" Critical fraction - 0.075 0.075 0.075 0.15 0.3 0.4
”:Ii- Death probability - 0.05 0.05 0.14 0.14 0.4 0.6

Table 3

Model parameters without dependency on age. Parameters for the gamma function and
the soft-plus curvature are chosen based on [1]. The baseline ICU capacity is derived
from observations during the pandemic in Germany and is further explained in the
Discussion section.

Parameter Description Units Value
a Shape parameter - 6

b Scale parameter - 0.4

€ Soft-plus curvature - 0.1
Cicu Baseline ICU capacity ICU beds/100k individuals 9

realistic self-regulation or interventions (cf. Fig. 3). As we increase
Wmax» fOT instance up to the approximate visual threshold of vy, ~
0.4 shown in Fig. 3, we observe two primary effects on the timing
and magnitude of epidemic peaks. First, there is a notable delay in
the mean occurrence of peak days across regions. This delay is par-
ticularly pronounced as y,,,, increases from low to moderate values,
suggesting that even modest levels of dynamic contact reduction can
significantly postpone the onset of major outbreaks. Concurrently, we
observe an increase in the dispersion of peak timings, indicating a
de-synchronization of epidemic waves across different geographical
areas. This de-synchronization could potentially alleviate the burden on
healthcare systems by distributing peak demand for medical resources
over a longer period.

However, as y,,,, continues to increase, we identify a transition
point that marks a shift from a “mitigation” regime to a “suppression”
regime. In the mitigation regime, interventions are sufficient to slow
the spread of the disease but not enough to fully contain it, resulting in
delayed but still significant outbreaks. The suppression regime, on the
other hand, is characterized by interventions strong enough to push the
effective reproduction number below 1, leading to the extinguishment
of local outbreaks before they can spread widely. This transition is
evidenced by a narrowing of the peak day distributions towards initial
scenario values and a sharp decrease in peak ICU occupancy.

The range of y,,,, values corresponding to the mitigation regime
strongly depends on the base transmissibility of the disease. For in-
stance, when analyzing scenarios with lower or higher transmissibility
of our default values (cf. Fig. 4), we see that the threshold for the
transition from mitigation to suppression becomes diffuse. On the one
hand, for lower transmissibility (Fig. 4a), waves are naturally delayed,
and suppressing them becomes easier; thus, the turnover occurs earlier.
On the other hand, higher transmissibility requires stronger actions
(Fig. 4c). This phenomenon can be attributed to the faster progression
of the epidemic wave under higher transmission rates, resulting in
populations reaching final size thresholds more rapidly. Consequently,
the window of opportunity for mitigation strategies narrows, and the
potential for containment is strongly related to the delay associated
with the calculation of H (i.e., the shape and scaling parameters of
the memory kernel, which have been set to default in all scenar-
ios). Adapting this parameter, allowing for faster and even preventive
interventions, could help suppress outbreaks earlier [21].

In the next section, we seek to quantify this measure of dispersion.

3.2. Global rather than local information helps de-synchronize epidemic
waves in the mitigation regime

Up to this point, we have considered that all spatial sources of
information are equally important when building the risk perception
or quantification. However, when deciding on interventions, local au-
thorities can deem the information from the immediate neighboring
regions more important than the national averages. While fixing the
local weight of information, we systematically explore this effect by
continuously changing the weight of the regional information relative
to the national information and assessing its impact on both the mean
and variability of the peak day distributions.

Firstly, as we move up the y-axis of Fig. 5a—c, representing an
increase in the maximum mitigation factor (y,,,,), we observe a marked
transition from mitigation to suppression of epidemic waves. This
transition is characterized by a shift towards earlier peak days and a re-
duction in the dispersion of peak timings. Rather than completely sup-
pressing some waves, this phenomenon suggests that stronger contact
reductions lead to a more rapid and synchronized response across re-
gions. Note that the color bars have different limits for each scaling fac-
tor, given that peaks occur earlier as the disease’s base transmissibility
increases.

Secondly, although there is no marked effect for the mean day of
peak (Fig. 5a—c), the regional blending factor appears to influence the
dispersion of epidemic waves (Fig. 5d—f). When national information
is weighted more heavily than regional information (in the mitiga-
tion regime), waves tend to be more dispersed across regions. This
suggests that relying more on national-level data for risk perception
and decision-making may lead to greater heterogeneity in the timing
of epidemic peaks across different areas. The effect reverses when
analyzing the suppression regime. The relationship between the max-
imum contact reduction (y,,,,) and epidemic outcomes is not trivial.
While increasing y,,,, does provide the system with greater potential
to reduce the effective spread of the disease, the actual impact on case
numbers and peak timing depends on complex interactions between
behavioral changes, intervention timing, and disease transmissibility.
The Figure suggests that there may be an optimal range of y,,,, values
that balance the benefits of mitigation with the costs of stringent
interventions.

3.3. Political boundaries affect containment

In the following, we investigate the impact of different spatial
aggregations on our scenarios. We start by considering a maximum
allowed contact reduction of y,,, = 0.36, as this value represents
the approximate transition point from mitigation to suppression of the
epidemic waves (see Fig. 4a—c) and also shows a substantial difference
due to the different weighting of regional and national risks (see Fig.
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Fig. 3. Risk-mediated dynamical adaptation of effective contacts may delay the spatial spread of infectious diseases. (a) Number of ICU peaks observed, across Germany, per
simulation day, and (b) ICU peak value per simulation day. For both panels, strengthening contact reduction from top to bottom and from bottom-most plot in 1st and 3rd
column to 2nd and 4th column in steps of 0.1. As individuals become aware of infectious disease outbreaks, they may change their behavior in response to the risk they perceive.

Governments respond to quantified risk metrics or these perceptions by implementing interventions that limit effective contacts, which are interactions that could lead to infection.
Strengthening these interventions (y,,,) can help reduce peak occupancy in ICUs (b) and delay its onset until the turnover point is reached (a). At this point, the interventions
are capable of fully extinguishing the local outbreak, allowing us to transition from mitigation to suppression.
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Fig. 4. Base transmissibility of the disease determines both the dispersion and duration of the mitigation regime. We compare the peak day distributions for different variations
of our default scenario of base transmissibility (b): lower (a) and higher (c). We see that this scaling factor determines both the natural peak day distribution and the minimum

feedback strength required for the transition between mitigation and suppression.

5a-f). Therefore, we fix the impact of the integrated local risk w, = 0.3
while varying regional and national risks, w, and w,,.

We consider three scenarios: (i) national risk only, (ii) regional
risk based on federal states, and (iii) regional risk based on proximity
(radius 103km). Fig. 6 (top row) shows the average contact reduction
(left) and total ICU occupancy (right) for each scenario. We observe
that the maximal contact reduction is reached in all scenarios at the

midpoint of the simulation period and lasts until the end. The first
scenario to reach the maximal possible mean contact reduction is when
considering only the national risk. All other scenarios consider only
regional risks and show only slight differences in the mean contact
reduction and total ICU occupancy in Germany. Overall, we observe
a high ICU occupancy in all scenarios, indicating that the maximum
allowed contact reduction is not sufficient.
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Fig. 6. Total impact of contact reduction and ICU occupancy. Contact reduction (a,c) and ICU occupancy per 100,000 individuals (b,d) for scenarios with y,,, = 0.36. The three
panels compare the national, federal state, and regional proximity aggregations. The left panel shows the progression of the mean average contact reduction for all counties over
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individuals. In scenarios with lower maximum contact reduction, all approaches yield broadly comparable results. However, when higher levels of contact reduction are allowed,
the national-level approach leads to higher mean contact reduction across the country, whereas the two spatially targeted approaches yield slightly lower mean contact reduction
and also ICU peak occupancies.

To further examine regional aggregation effects, we analyze a case contact reduction does not reach the maximum in all scenarios. The
with a higher maximum contact reduction of y,,, = 0.8, with re- national scenario has the highest mean contact reduction, while re-
sults shown in Fig. 6 (bottom row). Unlike the previous case, mean gional scenarios show similar levels. However, ICU occupancy varies
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Fig. 7. Spatial distribution of ICU occupancy and risk for different scenarios at y,,,, = 0.8. The maps show the ICU occupancy on the county level and the corresponding risk
(top right above) on selected days of the simulation period: Day 80, Day 100, Day 120, and Day 160. The Rows represent different aggregation levels: regional proximity (top),
federal state (middle), and national (bottom). ICU occupancy rates are limited to 1.0 for better visualization. Notably, the federal state-based approach isolates certain hotspots
better, leading to more localized peaks than in the regional proximity scenario. In contrast, in the national-level approach, uniform risk perception causes more regions to exceed

the baseline ICU capacity due to insufficient local contact reduction.

drastically. Despite the highest mean contact reduction, the national
scenario results in the highest ICU usage. The federal state-based re-
gional scenario performs best in reducing total ICU occupancy, while
the regional proximity scenario leads to higher ICU levels than the
federal state approach. To explain these differences, we analyze the
spatial ICU distribution in Fig. 7. This figure presents ICU occupancy
and perceived risk on the county level for selected simulation days.
In the national scenario, perceived risk is evenly distributed, despite
regional ICU differences. Lower-infection areas experience stronger
contact reductions, suppressing ICU demand, but at the cost of weaker
reductions in hotspots, leading to local ICU overflows. This imbalance
creates widespread peaks around the hotspot regions. The federal state-
based scenario results in a more heterogeneous risk distribution. For
instance, Berlin, located at the center of the eastern hotspot, shows
lower ICU occupancy on day 80 due to its isolated risk perception,
whereas in other scenarios, its risk and ICU levels align with surround-
ing areas. An artifact might be given in the two different regional
approaches, due to the role of Berlin, which also represents a disease
hotspot here. The federal state approach prevents Berlin’s ICU capacity
from being exceeded, unlike with the local proximity definition, where
surrounding counties lower the locally perceived risk, loosening contact
reductions and thus leading to a higher number of effective contacts.
Due to its high population, Berlin impacts many counties, even those
at greater distances.

A similar effect is observed around day 80 in Lower Saxony, the fed-
eral state that hosts the hotspot in the Northwest. Here, the federal state
scenario isolates the hotspot by raising regional risk, keeping neigh-
boring states largely unaffected. In contrast, the regional proximity

scenario fails to isolate the hotspot, as lower-risk neighboring counties
reduce the risk fed back into Lower Saxony, leading to insufficient
contact reduction and increased outbreaks in other regions.

4. Discussion

In this study, we proposed a model to investigate the relationship
between the dynamic regulation of effective contacts triggered by the
quantified risk that is based on the disease-related ICU occupancy and
the spatial dynamics of epidemic outbreaks. Our goal was to shed
light on this complex relationship and interplay using a graph-based
metapopulation ODE model for disease spread, which incorporates
various levels of information (local, regional, and national). We aimed
to isolate the impact of this feedback loop in the metapopulation model
while controlling for the maximum contact reduction that interventions
can achieve and the relative weight of regional information compared
to national information in influencing risk perception.

Our findings indicate that the dynamic adaptation of interventions
leads to two distinct regimes depending on the maximum contact re-
duction, v, (modest) mitigation and suppression, two regimes defined
by the model, its parameters, and the capability of either delaying
epidemic peaks or suppressing it. In the mitigation regime, where
interventions or self-induced contact changes are insufficient to reduce
the effective spreading rate below the epidemic threshold (or fail to
do so in a timely manner), gradually increasing y,,,, from zero to
moderate levels delayed and spread out the onset of infection waves
(in relation to their peak day), while also gradually reducing the peak
values. The result of a more dispersed onset of waves is the potential
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to reallocate resources from less-affected areas to support those that
are more impacted. In the suppression regime, the feedback-induced
contact reductions can extinguish local outbreaks, thereby decreasing
the dispersion of peak day distribution and shifting the mean towards
the beginning of the simulation. As noted in [21], the delay in the
feedback response plays a critical role in determining the limits of this
effect.

The best sources of information to consider depend on the overall
ability to reduce effective contacts (y,,,.). If the strength of interven-
tions is only sufficient to (modestly) mitigate outbreaks, it is advisable
to focus on national information when planning dynamic interventions,
as also stated in [35,36]. This approach allows communities to prepare
for the introduction of new cases and helps to flatten their infection
curves. Conversely, if y, .. is adequate to suppress local outbreaks, it
is more effective to consider regional information. This way, outbreaks
can be thoroughly suppressed. However, this effect is less evident when
the disease’s transmissibility is high, as we encounter the limitations
of delayed intervention responses, which can significantly undermine
even strong interventions [36,37]. The effectiveness of a local ap-
proach, also implementing widespread testing on commuters, was also
shown in [7].

We analyzed a default scenario characterized by parameters re-
flecting the epidemic situation in Germany starting in October 2020.
Throughout the COVID-19 pandemic, model requirements have con-
tinually evolved, necessitating the inclusion of vaccinations [38], vari-
ants [39,40], and waning immunity [41,42]. We examined several
versions of the modeling framework (without the behavioral response),
including vaccination [43] and waning immunity [11]. However, we
focused on the simplest version of the model to better isolate the effects
of behavioral feedback. Feedback loops, i.e., event-triggered interven-
tions, can also regulate the mobility between nodes and have proven
successful in limiting disease spread in synthetic scenarios [12,44].
A combination of both mechanisms opens wide avenues for future
research.

As per our parameter choices, at the beginning of the pandemic,
the maximum ICU capacity in Germany was around 30,000 beds [45].
However, this figure includes all types of patients, not just those
with COVID-19, and the effective capacity decreased over time due
to personal shortages [46]. The peak ICU occupancy due to COVID-
19 was observed in December 2020/January 2021, reaching around
21.5% of the total ICU capacity [33,47], leading to the postponement
of non-emergency treatments [46], which had further consequences
that are beyond the scope of this work [48]. Therefore, we assume a
baseline ICU capacity of 7500 beds specifically for COVID-19 patients
for our simulations, corresponding to approximately 9 ICU beds per
100,000 individuals, based on Germany’s total population of 83 mil-
lion. This value sets the parameter for the behavioral response in the
feedback mechanism, Cjcy, which denotes the level at which mitigation
measures reach their peak.

Our analysis has several limitations. First, the search space for
potential parameter variations is extensive. We decided to system-
atically explore variations in the strength of the feedback loop and
the sources of information. Sensitivity analyses regarding variations
in the initialization date are provided in the supplementary materials.
Second, in realistic contexts, local policies (e.g., criteria for defining
risk levels) can differ from one county to another. Additionally, we
are not considering the potential effects of travelers or information
from abroad here—which can be trivially included by extending the
metacommunity as required. Lastly, deterministic ODE models may
not effectively capture stochasticity at low-case numbers, potentially
introducing artifacts when contact reduction is excessive. However, this
limitation does not affect the conclusions drawn in the regimes under
consideration.
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5. Conclusion

The de-synchronization of epidemic waves allows for a more effec-
tive redistribution of resources, which can help mitigate the aftermath
of an epidemic. However, achieving this is challenging. Moderate dy-
namic interventions that respond to outbreaks can delay the peak
demand for ICU resources and increase the dispersion of these peaks.
This dispersion enables better allocation of resources. If contact restric-
tions are only sufficient to (modestly) mitigate the spread of the disease,
using national rather than regional information to shape risk perception
will maximize the dispersion of epidemic waves. Conversely, if contact
restrictions are strong enough to suppress the waves, it is essential to
prioritize regional information in local policies.

The relationship between peak infection values and y,, is clear;
more effective contact reduction leads to a reduction in overall in-
fections. However, enhancing the strength or effectiveness of these
interventions, as well as extending their duration, incurs higher societal
costs. This creates a complex optimization challenge, as it requires
balancing the goals of minimizing infections while limiting the intensity
of the interventions.
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Appendix. Robustness analysis with alternative initialization dates

To evaluate the robustness of our findings, we conducted three
additional experiments in which the initialization date was altered to
September 1st, 2020 (see Figs. A.1 and A.2), November 1st, 2020 (see
Figs. A.3 and A.4), and December 1st, 2020 (see Figs. A.5 and A.6).
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Data availability

All data and code used to generate the results presented in this work
are publicly available as part of the MEmilio framework [49] on branch
978-feedback-model in the repository.
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