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Abstract
The management of infectious diseases increasingly relies on innovative but costly
pharmaceutical treatments, raising complex trade-offs between epidemiological con-
tainment, fiscal sustainability, and institutional coordination. We develop a spatially
structured agent-based model in which decentralized health authorities allocate treat-
ment under local budget constraints while infection spreads across a two-dimensional
lattice through neighborhood spillovers. Within each location, treatment intensity
is chosen endogenously, interacting with local GDP dynamics and pricing condi-
tions. Simulation results reveal that purely decentralized optimization mitigates but
does not reverse infection growth within policy-relevant horizons, generating persis-
tent spatial heterogeneity in both epidemiological and economic outcomes. We then
introduce bounded spatial policy interaction, showing that partial coordination sub-
stantially improves containment butmay increase the persistence of fiscal engagement.
Extending the model to heterogeneous and time-varying pricing, we find that price
discrimination amplifies medium-run infection and fiscal pressure under decentraliza-
tion. However, when surplus revenues finance endogenous R&D, treatment efficacy
improves over time, generating a feedback mechanism in which innovation mitigates
long-run epidemiological and economic losses. Our findings highlight the critical
interplay between spatial structure, decentralized decision-making, pricing design,
and innovation incentives in shaping epidemic outcomes. Effective management of
high-cost treatments requires not only medical efficacy but also institutional coordi-
nation and carefully designed market mechanisms.
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1 Introduction

The global experiencewith COVID-19 and other recent epidemics has underscored the
urgent need for robust and flexible frameworks to design and evaluate public health
interventions under significant uncertainty and resource constraints. Central to this
challenge is the emergence of innovative but costly pharmaceutical treatments, which
pose a fundamental dilemma for health authorities (HAs): how to contain the spread
of infectious diseases while managing scarce budgetary resources.

Although HAs manage consistent trade-offs for chronic diseases with regular ther-
apies, novel treatments that can outright cure infectious diseases disrupt this balance.
When a novel and effective treatment is introduced at a high price, the HA faces a
critical, non-trivial trade-off: the clinical goal of curing the current stock of infected
individuals vs. the fiscal necessity of aligning with a strict budget constraint. In the
case of communicable diseases, the inability to treat a patient due to budget limitations
is not merely a clinical failure but a public health risk, as it leaves active transmission
chains in the untreated population.

Recent literature on global health policy has confirmed that inequities in access
to treatments and vaccines—including pricing-based disparities—have real conse-
quences for public health outcomes. A comprehensive policy analysis byGleeson et al.
(2023) documents how structural inequities in access to COVID-19 health products
undermine disease containment and exacerbate socioeconomic vulnerability. Simi-
larly, computational studies likeGozzi et al. (2023) demonstrate that delayed or uneven
distribution of vaccines significantly lowers herd immunity, amplifying both health
and economic costs.

Traditional epidemiological models, typically grounded in mean-field approaches
such as deterministic Susceptible–Infected–Recovered (SIR) systems, have provided
useful insights into disease propagation. However, such models often fail to capture
the spatial and institutional heterogeneity that shapes real-world policy responses.
Recent advancements in spatial-economic epidemiology, most notably by La Torre
et al. (2022, 2024), have successfully integrated geographical heterogeneities and
economic externalities into epidemic management frameworks. While these studies
provide essential insights into optimal lockdown strategies across space, they oper-
ate under the assumption of a centralized social planner. In practice, public health
responses—especially regarding pharmaceutical procurement—are often fragmented
across decentralized HAs with localized budget constraints.

Our framework takes primary inspiration from the dynamic optimization approach
of Dubois andMagnac (2024), who analyze the trade-off between aggressive interven-
tion and budget smoothing for costly treatments. However, while their model offers
a critical foundation for understanding drug-related budget constraints, it does not
account for spatial contagion or the interactions between decentralized jurisdictions.
Our work bridges this gap by embedding these financial trade-offs into a spatially
explicit environment where decisions are made not by a single planner, but by local-
ized HAs.

In recent years, there has been increasing interest in agent-based modeling (ABM)
approaches for studying epidemic control. To date, this strand of literature has
focused predominantly on the individual level, often in the context of HIV among the
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blood-borne viruses (Vermeer et al. 2022), or COVID-19 lately (Kerr et al. 2021;Wol-
fram 2020), to study transmission dynamics among the general population or high-risk
subgroups, such as intravenous drug users (see, e.g., Ale et al. 2024). Epidemic ABMs
have also been applied to a variety of pathological behaviors that have social ori-
gins (Axtell and Farmer 2025), including smoking (Institute of Medicine 2015), drug
addiction (Agar and Wilson 2002; Heard et al. 2014), and obesity (Hammond 2009).
In these studies, agents represent individuals, and the focus is on behavioral or clinical
outcomes.

While traditionalmodels basedonordinary andpartial differential equations assume
that there are no network effects, agent-basedmodels are particularly valuable for their
ability to capture heterogeneous populations and spatial interactions, which are essen-
tial for understanding disease transmission across heterogeneous geographic areas or
interconnected networks.

Recent ABM studies further suggest that spatial and institutional heterogeneities
create “tipping points" and unintended consequences that are invisible in aggregate
models. Specifically, localized variations in timing and severity (Thomas et al. 2020)
and the sensitivity of contagion to the initial source location (Kustudic et al. 2021)
underscore that small structural differences can amplify outcomes far beyond what
average-level predictions suggest.

In this paper, we develop an agent-based and spatially structured model of epi-
demic management in which decentralized health authorities operate under resource
constraints to treat the infected population using an innovative but costly drug. The
disease propagates through a discrete-time SIR dynamic, where the local transmission
rate depends endogenously on the effort spent on treatment, and spatial interactions
follow a Moore neighborhood scheme (Shiflet and Shiflet 2014), allowing infections
to spread across adjacent cells.1

Our work contributes to the literature discussed above in several ways. First, it inte-
grates the traditional SIR compartmental model with the more innovative framework
of ABM. Integratingmainstream approaches with ABM is not new (Axtell and Farmer
2025). In this case, the hybrid approach allows us to overcome the inherent limitations
of compartmental models in accounting for spatial and institutional heterogeneity.
Unlike much of the existing epidemiological literature that adopts ABMs, our model
operates at a higher level of institutional abstraction: the “agents” are the HAs them-
selves, rather than individual people. This shift in perspective enables a specific focus
on the economic dimensions of governmental decision-making. By treating HAs as
autonomous agents, we can observe how localized coordination failures and spatial
spillovers emerge from heterogeneous budget pressures and pricing schemes. To our
knowledge, limited research has employed ABM at this institutional level to study
either policy diffusion or the explicit impact of drug pricing on the collective capacity
to contain communicable diseases.

Second, relative to the literature focusing on the spatial dimension (La Torre et al.
2022, 2024), our approach allows to relax the assumption of a central social planner
and models a decentralized optimization process from the institutional side that more

1 The assumptions regarding the mechanism of illness spread are foundational to the results and dynamics
shown in the following sections.
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realistically reflects the fragmented nature of public health responses. This framework
provides the opportunity to analyze how interactions among decision-makers lead to
emergent consequences and systemic effects that would remain unobserved in the
absence of such interactions.

In addition, we explore and compare the effects of homogeneous and heteroge-
neous pricing for the treatment. The pricing dimension of our model relates to a
growing strand of literature on differential access to health innovations. In practice,
pharmaceutical companies often set prices based on willingness-to-pay, income lev-
els, or effectiveness, a strategy that can introduce inequities when public budgets
are constrained. Studies such as Danzon and Towse (2003) and Moon et al. (2011)
have analyzed tiered pricing and its implications for access to medicines in low- and
middle-income countries. However, few epidemic models incorporate pricing deci-
sions as endogenous factors that interact with local budget constraints and infection
dynamics. Furthermore, potential revenues are central determinants of firms’ R&D
investment decisions (Acemoglu and Linn 2004; Dubois et al. 2015).

Our analysis builds on this literature by endogenizing amechanismof price discrim-
ination, where the price varies across locations according to a rule based on local GDP,
reflecting real-world practice such as external reference pricing (ERP) and value-based
pricing (Vogler et al. 2021; Leopold et al. 2012). We include a model specification
in which the markup revenue is invested in R&D, which contributes to ameliorat-
ing endogenous treatment efficacy. We show how such pricing can distort treatment
incentives, leading to increasing spatial inequality in both disease prevalence and eco-
nomic outcomes, thus undermining both epidemiological effectiveness and equity.
This aligns with empirical evidence suggesting that wide price differentials can incen-
tivize parallel trade and the emergence of so-called “gray markets”, which can further
disrupt supply chains (Kanavos and Costa-Font 2005). Finally, we demonstrate that
agent interaction can drastically mitigate the negative effects of price discrimination,
effectively internalizing price heterogeneity through coordinated responses.

The remainder of the paper is structured as follows: Section 2 introduces the core
structure of the model, presenting the baseline SIR dynamics (without and with spatial
contagion) and the formulation of the local optimization problem faced by health
authorities. Section 3 details the implementation of the agent-based simulations and
the initialization strategy adopted. Section 4 presents the simulation results under
uniform pricing, under the specification of null or positive institutional coordination.
Section 5 investigates the implications of introducing heterogeneous and time-varying
pricing, and compares the resulting dynamics to the baseline scenario. In Section 6
we briefly analyze the effects of coordination and pricing on the spatial distribution of
infection. In Section 7, we explore the effect of endogenizing the efficacy of treatment
based on an investment in R&D. Finally, Section 8 summarises our findings, and
Section 9 concludes.

2 Themodel

We investigate the dynamics and control of a non-lethal infectious disease in a spatially
distributed population. The disease can spread locally via agent-to-agent interactions
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and can be treated through an innovative but costly therapy. Given the budgetary
constraints facedbypublic health authorities, not all infected individuals canbe treated,
which gives rise to a control problem: the optimal allocation of limited resources to
contain the epidemic over time and space.

To jointly analyze the temporal and spatial dimensions of epidemic control, we
implement a two-dimensional toroidal lattice in which each cell represents a local
subpopulation evolving over time and following a compartmental discrete-time SIR
scheme. The spread of infection occurs both within each cell and across adjacent cells,
following a Moore neighborhood structure—that is, each cell interacts with its eight
immediate neighbors. Within each cell, a local health authority determines the share
of infected individuals to be treated at each time, maximizing a payoff that reflects
both the health benefits and economic costs of treatment, infection, and resource use.

To make the entire analysis accessible also to readers who are not specifically
familiar with SIR frameworks, we first analyze a simplified, non-spatial version of the
model in which treatment intensity is kept constant. This will also allow us to establish
some benchmark results concerning the existence and stability of equilibria. We then
introduce spatial interactions across cells and examine their implications for local
dynamics and epidemic containment. Finally, we incorporate the role of the health
authority, formalizing its payoff function and characterizing the optimal treatment
policy under a budget constraint.

2.1 An epidemic SIRmodel with treatment

In the absence of spatial interactions, the disease evolves according to the following
discrete-time SIR model with treatment. We assume a constant population size N =
St + It + Rt (e.g., via balancing birth and death rates), and let λt ∈ [0, 1] denote the
fraction of infected individuals treated at time t .2

⎧
⎪⎨

⎪⎩

St+1 = St − �It
It+1 = It + �It − χλt It
Rt+1 = Rt + �Rt

(1)

Here, �It = β(It ) c St
It
N denotes new infections at time t , where c > 0 is the

average number of contacts per person per period, while �Rt = χλt It represents
the individuals who recover due to treatment, with χ ∈ [0, 1] measuring treatment
efficacy.

The infection rate β(It ) is assumed to decrease in the health authority’s treatment
effort ht = pλt It , in which p > 0 represents the constant unit price of treatment,
and it reflects the idea that stronger treatment campaigns reduce effective contagion.
Specifically, we consider

β(It ) = β0

1 + χht + s
,

2 Susceptible, infected, and recovered states are assumed to be nonnegative at each time t .
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where β0 is the baseline transmission rate, and s ≥ 0 captures other exogenous mit-
igation measures (e.g., social distancing). For future reference, it is convenient to
express the model in terms of disease prevalence. We define the infection prevalence
as it := It

N , which represents the share of the population that is infected at time t .
Under the assumption of constant population size, the dynamics of the infected com-

partment can equivalently be written in terms of it , which will be particularly useful
when comparing regions of different sizes and when introducing spatial interaction.

2.1.1 Equilibrium analysis under constant treatment

To gain analytical insights into the long-run behavior of the epidemic, we assume a
constant treatment intensityλt = λ ∈ [0, 1]. Under this assumption, the system always
admits a disease-free equilibrium (DFE) given by (S∗, I ∗, R∗) = (N , 0, 0). Since
population size is constant, the system can be reduced to a two-dimensional dynamic
system in the (St , It ) plane, with the recovered compartment obtained residually as
Rt = N − St − It . To analyze the local stability of the DFE, we linearize the system
around the point (N , 0) and derive the corresponding Jacobian matrix:

J (St , It ) =
(
1 − β(ht )c · It

N − β0c(1+s)
(1+χ pλ It+s)2N

β(ht )c · It
N

(1−χλ)(1+s)2N−β0c(1+s)N
(1+χ pλ It+s)2N

)

. (2)

By evaluating J (St , It ) at the disease-free equilibrium (S∗, I ∗) = (N , 0), we obtain

JDFE =
⎛

⎜
⎝

1 − β0c

1 + s

0 1 + χλ

(
β0c

χλ(1 + s)
− 1

)

⎞

⎟
⎠ . (3)

Defining the basic reproduction number as

R0 := β0c

χλ(1 + s)
, (4)

we derive the eigenvalues of JDFE, that is the pair (λ1, λ2) = (1, 1+χλ(R0−1)). The
condition R0 < 1 ensures local decay of the infected compartment around the disease-
free state and therefore provides a critical threshold for epidemic control. Indeed, to
suppress infection, the treatment rate must satisfy

λ > λ = β0c

χ(1 + s)
. (5)

Differently, whenR0 > 1, the disease initially spreads and theDFE becomes unsta-
ble. However, since there is no demographic renewal and no reinfection, the number
of susceptible individuals decreases over time. As a result, the effective reproduction
number eventually falls below one, causing the epidemic to peak and then decline. The
system ultimately converges to the disease-free equilibrium (I ∗ = 0) not because it is
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globally stable, but due to structural depletion of susceptibles. The resulting dynamics
describe an epidemic outbreak followed by natural extinction, rather than the emer-
gence of a persistent endemic state.

2.2 Local infection dynamics with Moore neighborhood interactions

Consider now an extension of the dynamic model that accounts for local spatial inter-
actions. Each location v ∈ V hosts a subpopulation following the same SIR structure,
but infection can also spread across neighboring cells. LetNv denote theMoore neigh-
borhood of cell v, consisting of its eight adjacent locations. The dynamics in each cell
v are given by: ⎧

⎪⎨

⎪⎩

Sv
t+1 = Sv

t − �I v
t

I v
t+1 = I v

t + �I v
t − χλv I v

t

Rv
t+1 = Rv

t + �Rv
t

(6)

where

�I v
t = β(I v

t ) · c · Sv
t ·

⎛

⎝ivt +
∑

�∈Nv

i�t

⎞

⎠ , (7)

�Rv
t = χλv I v

t . (8)

In this spatial setting, the infection rate is still endogenous and defined locally as:

β(I v
t ) = β0

1 + χ pλv I v
t + s

. (9)

As in the case without local interactions, the system still admits a global DFE
defined by I v

t = 0, Rv
t = 0, and Sv

t = N v for all v. To analyze its local stability, we
linearize the infected compartment around the DFE as

I v
t+1 ≈ I v

t + β0c

1 + s

⎛

⎝I v
t + N v

∑

�∈Nv

i�t

⎞

⎠ − χλv I v
t ,

which simplifies to

I v
t+1 =

(

1 + β0c

1 + s
− χλv

)

I v
t + β0cN v

1 + s

∑

�∈Nv

i�t .

The expression for I v
t+1 demonstrates that local infection dynamics are driven by

a combination of internal transmission and spillover from the infection prevalence i�t
in neighboring cells Nv . This implies that a cell cannot be viewed in isolation; its
stability is contingent on the connectivity and population density of its neighbors. We
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define a cell-specific basic reproduction number,Rv
0, which accounts for these spatial

interactions:

Rv
0 := β0c

χλv(1 + s)

⎛

⎝1 +
∑

�∈Nv

N v

N �

⎞

⎠ . (10)

Here, the term
∑

(N v/N �) represents the relative risk posed by neighboring pop-
ulations. A conservative sufficient condition for local asymptotic stability of the
disease-free equilibrium is Rv

0 < 1 for all v.3 Consequently, for the entire lattice
to remain infection-free, the treatment effort λv in every cell must exceed a threshold
determined by the “weakest link” in the network, i.e., the cell with the highest local
transmission potential:

max
v∈V

Rv
0 < 1 ⇐⇒ λv > λ

v := β0c

χ(1 + s)

⎛

⎝1 +
∑

�∈Nv

N v

N �

⎞

⎠ ∀v ∈ V. (11)

This condition highlights that spatial heterogeneity creates “hotspots". Specifically,
cells with high internal density N v adjacent to low-density neighbors aremore prone to
instability, as they act as net exporters of the pathogen, requiring a disproportionately
higher treatment effort λ

v
to ensure global stability.

2.3 The health authority’s problem in the spatial setting

In the spatial model, we assume that each cell v ∈ V hosts a local Health Authority
(HA) responsible for managing treatment decisions within its jurisdiction. At each
time t , the local HA must determine the fraction λv

t ∈ [0, 1] of infected individuals in
cell v to be treated with the innovative drug.

The treatment is costly, and the HA operates under a health budget bv
t . Since treat-

ment reduces contagion and promotes recovery, but also entails direct and indirect
costs, the HA aims to maximize a payoff function that captures both the epidemiolog-
ical and economic impacts of its decision.

Let hv
t = pλv

t I
v
t denote the treatment expenditure in cell v at time t , where p is

the unit cost of the curative treatment. The HA’s optimization problem is given by:

max
0≤λv

t ≤1
�

H A,v
t (12)

subject to the budget constraint hv
t ≤ bv

t , or equivalently λv
t ≤ bv

t
pI v

t
when I v

t > 0.
The payoff function is:

�
H A,v
t = (γ vχ − p)λv

t I
v
t − αI (I

v
t )2 − αv

T
(λv

t I
v
t )2

1 + δ I v
t

(13)

3 More generally, local stability of the global DFE in the coupled lattice is characterized by the spectral
radius of the linearized infection operator; the condition based on maxv Rv

0 provides a tractable sufficient
bound.
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where the positive parameters are described as follows:

• γ v captures the monetary benefit of each recovery due to treatment;
• αI weighs the (quadratic) cost from the prevalence of infection;
• αv

T represents the cost of implementing the treatment effort;
• δ models the decreasing marginal returns of treatment as the number of infections
increases.

Although the HA’s payoff in Eq. 13 depends only on the local infection stock
I v
t , spatial spillovers shape the decision environment indirectly through the dynamics
of this state variable. Since �I v

t depends on both local and neighboring prevalences,
infection in adjacent cells affects the future evolution of I v

t and, therefore, themarginal
benefit of treatment. Thus, even if the optimization problem is formulated locally, it
is embedded in a spatially interconnected epidemiological system.

Solving the first-order condition for an interior solution yields

(γ vχ − p)I v
t − 2αv

T
λv
t (I

v
t )2

1 + δ I v
t

= 0, (14)

from which we directly obtain

λ
∗,v
int = (γ vχ − p)(1 + δ I v

t )

2αv
T I

v
t

. (15)

Thus, the optimal internal policy for each local HA is:

λ
∗,v
t = min

{

max
{
0, λ∗,v

int

}
,
bv
t

pI v
t

, 1

}

. (16)

Equation 16 defines the individually optimal treatment decision of the local HA
under myopic optimization and budget feasibility. However, we assume that the treat-
ment intensity effectively implemented in each cell may also reflect local policy
interaction. In particular, health authorities form naive expectations about the treat-
ment policies of neighboring jurisdictions. LetNv denote the Moore neighborhood of
cell v, and define the average effective treatment intensity observed among neighbors
at time t − 1 as:

λ
Nv

t−1 = 1

8

∑

�∈Nv

λ�
t−1. (17)

We assume that HAs expect neighboring policies to persist unchanged, i.e., expec-
tations are purely backward-looking and coincide with the last observed value. The
treatment intensity effectively implemented in cell v at time t is then given by a
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convex combination of the locally optimal choice and the expected average policy of
neighbours:4

λv
t = (1 − ω)λ

∗,v
t + ω λ

Nv

t−1 ω ∈ [0, 1]. (18)

Here, ω measures the degree of local policy interaction. When ω = 0, the model
reduces to purely decentralized individual optimization. For ω > 0, treatment policies
exhibit bounded spatial interdependence: neighboring policies serve as benchmarks
for local decision-making and provide a channel through which policy coordination,
imitation, or informational spillovers may affect epidemic dynamics. Since feasibility
must be preserved, the adjusted treatment intensity that any HA actually adopts is
obtained by projecting λv

t onto the admissible set defined by the budget constraint and
the unit interval:

λ
ad j,v
t = min

{

max{0, λv
t },

bv
t

pI v
t

, 1

}

. (19)

This formulation implies that treatment intensity varies dynamically across space
and time as a function of local infection levels and as an adjustment between local
decision and neighborhood interactions. Indeed, although each HA solves its opti-
mization problem independently, the effective treatment intensity may exhibit spatial
interdependence due to the local interaction mechanism described above. This gener-
ates endogenous coordination effects that can influence aggregate epidemic dynamics
and the persistence of spatial clusters.

3 The agent-based framework

3.1 Initialization

The simulation environment employs a toroidal grid topology. Such a topology elim-
inates edge effects by ensuring all patches have identical neighborhood connectivity.
While this abstracts real-world geography, it is computationally preferable for study-
ing global pandemic dynamics, as isolated geographic boundaries would introduce
artifacts.

In a toroidal grid, agents crossing one boundary re-enter the opposing boundary.
In our case, each cell of the grid represents ideally a world country, with a total of
196 cells. Each cell carries a population drawn from a transformed lognormal dis-
tribution that takes values in the interval [100, 106]. The choice of the distributional
model aligns with empirical evidence, which consistently shows that human settle-
ments and population densities are highly skewed (Gabaix 1999; Blank and Solomon
2000; Eeckhout 2004).

At the model setup, the global population is initialized with a fixed aggregate
infection share of 1%. This total volume of infected individuals is then distributed

4 In this ABM framework, spatial policy interaction should not be interpreted as fully strategic behav-
ior in the game-theoretic sense, where agents solve forward-looking best-response problems over payoff
functions. Rather, it captures a decentralized behavioral heuristic based on local social learning and policy
benchmarking: under uncertainty, HAs may partially adapt their own treatment intensity by observing the
policies implemented in geographically adjacent jurisdictions. This interpretation is consistent with ABM
approaches, in which agents adjust their behavior using simple rules informed by their peers’ actions.

123



Spatial heterogeneity and budget-constrained treatments in epidemic… Page 11 of 49    57 

across cells (countries) according to three distinct scenarios, as illustrated in Fig. 1.
By holding the total initial infection constant, we are able to isolate the effect of spatial
configuration and localized density on the subsequent epidemic trajectory.

In the first scenario, the initial 1%of infected individuals is distributed evenly across
all cells in the world. To ensure consistency with local population constraints, if the
assigned number of infected individuals for a specific cell exceeds its total population
N v , the overflow is redistributed among cells that still have remaining capacity. This
scenario represents a post-endemic or undetected widespread transmission context,
where the disease is already present globally without a specific point of origin.

The second scenario emulates a classic pandemic emergency with a well-defined
epicenter. The 1% infected share is concentrated in a single randomly selected seed
country i0. If the population of the seed country is insufficient to contain the total
initial infected volume, the remainder is distributed among its immediate neighbors.

The third scenario distributes the 1% infected share across n = 10 spatially dis-
tinct outbreaks. Each epicenter is assigned a proportionate share of the total infected

Infected

25%

50%

75%

100%

(a) Scenario 1

Infected

0%

25%

50%

75%

100%

(b) Scenario 2

Infected

0%

25%

50%

75%

100%

(c) Scenario 3

Fig. 1 The three scenarios at t = 0. Seed = 1000
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population. Similar to Scenario 2, if an epicenter’s population capacity is reached, the
infection overflows into adjacent territories.

As mentioned, γ v represents the monetary benefit of recovering from the disease. It
is heterogeneous across countries. We imagine it as the average annual salary of those
that once recovered and can again productively contribute to their country’s economic
life.

Therefore, each cell v is initialized with a wage γ v drawn from a double Pareto
lognormal (dPLN) distribution. The choice of this specific distributional model is
explicitly intended to replicate a well-established stylized fact: while the middle of
the income distribution is approximately lognormal, the tails might exhibit power law
(Pareto) behavior (Reed and Jorgensen 2004; Clementi and Gallegati 2005). We set
the location parameter μ = 2.6, which yields a median annual wage of approximately
e13,460 and truncate the distribution at a lower bound of 1.5 (e1,500) and an upper
bound of 120 (e120,000). 5

Sincewe can interpret the parameterγ v as the average annualwagewithin a country,
we derive a country’s GDP, Bv , as:

Bv
t = γ v(N v − σ I v

t ) (20)

where σ ∈ [0, 1) captures the degree to which infected individuals are able to con-
tribute to the country’s economic life.6 By setting σ as a measure of diminished
productivity, the term (N v − σ I v

t ) effectively represents the productive population
equivalent. Consequently, the total output Bv

t fluctuates endogenously with the infec-
tion dynamics, creating a direct feedback mechanism between the epidemiological
state of the country and the fiscal capacity of its HA.

The constant and homogeneous parameters of the model are given the values
reported in Table 1.

3.2 Simulating themodel

We model a generic infectious disease characterized by relatively slow contagion
dynamics, more comparable to chronic infections such as hepatitis C than to acute,
fast-spreading viruses like COVID-19 or influenza. Infections of this type typically
progress over longer time scales, with slower transmission rates and prolonged infec-
tious periods. This epidemiological profile requires focusing on broader spatial and
policy dynamics rather than day-to-day fluctuations.

5 The double Pareto-lognormal (dPLN) distribution is governed by four parameters: μ and σ , representing
the location and scale of the underlying lognormal base, and α and β, which are the shape parameters ruling
the upper and lower Pareto tails, respectively. In our implementation, we assume symmetric tails where
α = β. The specific parameters chosen for the wage distribution are listed in Table 1. Also, note that all
monetary variables are measured in thousands of euros.
6 The parameter σ is restricted to the interval [0, 1) in the simulations. In the limiting case σ = 1,
infected individuals would contribute zero to productive capacity. If, in addition, the entire population is
infected (I vt = Nv), this would imply Bv

t = 0 and therefore a zero health budget bv
t . In such a configuration,

treatment effort would become infeasible, and the cost-to-budget ratiowould be undefined due to a vanishing
denominator. To avoid this degenerate corner case, we impose σ < 1.
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Table 1 Parameter set employed
in the model set-up

Variable Values

χ 0.7

c 6

β0 0.1

δ 4

s̄ 10

σ 0.3

Nv ∼ Lognormal(μ = 8.52, σ = 0.59) truncated at [100,
106]

γ v ∼ dPLN(μ = 2.6, σ = 1.0, α = 2.5) subject to γ v ∈
[1.5, 120]

As a result, we approximate each discrete time step in the model as representing
one year, which provides a meaningful temporal resolution for studying the effects of
treatment decisions, budgetary constraints, and spatial interactions over the course of
an epidemic. Themodel is iterated for 60 time steps, therefore each representing a year.
While this 60-year span represents a medium-run horizon from an economic policy
perspective, it constitutes a long-run period in epidemiological terms, covering the full
lifecycle and potential stabilization of the disease. This duration is therefore chosen
to provide a reasonable and comprehensive period for observing the dynamics of the
type of disease being modeled that would not fully manifest over shorter durations
(see, for instance, Dubois and Magnac 2024).

The intervention strategy of each Health Authority (H Av) is governed by a state-
dependent activation mechanism. Rather than providing continuous treatment, HAs
only enter the pharmaceutical market when local epidemiological conditions warrant
intervention.

Let av
t ∈ {0, 1} be a binary indicator representing the active treatment status of

country v at time t . The policy follows a hysteresis-based trigger: the H Av activates
the health policy once prevalence surpasses a critical 5% threshold. To reflect institu-
tional persistence and ensure the outbreak is sufficiently contained before withdrawing
resources, the policy is only deactivated when prevalence falls below a “safe” low-
threshold of 2%. Within the intermediate range, the H Av maintains its current status.
This logic is formalized as follows:

av
t =

⎧
⎪⎨

⎪⎩

1 if ivt > 0.05

0 if ivt < 0.02

av
t−1 if 0.02 ≤ ivt ≤ 0.05.

(21)

When the status is inactive (av
t = 0), no treatment is provided (λad j,vt = 0).

Conversely, when the policy is active (av
t = 1), the H Av determines the share of the

infected population to treat, λad j,vt , on the basis of a linear combination of its optimal
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strategy and its expectation about the average policy adopted by neighbors (as shown
in Eq. 18):

λ
ad j,v
t =

{
0 if av

t = 0

min
{
max{0, λv

t }, bv

pI v
t
, 1

}
if av

t = 1.
(22)

The health budget in each cell v at time t is represented by bv
t . This budget is

determined by a state-dependent share rv
t of the local GDP (Bv

t ):

bv
t = rv

t · Bv
t (23)

The expenditure share rv
t is endogenously adjusted according to the local disease

prevalence ivt . We assume a baseline allocation r̄ = 0.05, which remains constant
until a critical prevalence threshold ĩ = 0.05 is reached. The fiscal rule is defined as
follows:

rv
t =

{
r̄ if ivt < ĩ

min
(
r̄ + ln(1 + ivt ), 1

)
if ivt ≥ ĩ .

(24)

As seen in Eq. 13, theHA’s payoff takes into account amonetary cost,αv
T , indirectly

associated with the treatment, representing, for instance, distribution and personnel
costs. We assume this cost to be highly dependent on exogenous macroeconomic
shocks and inflation dynamics. Therefore, αv

T is updated at each time step according
to the following rule:

αv
T ∼ U(50, 100). (25)

Once cells set their αv
T , the infection rate βv(I v

t ) evolves according to Eq. (9), and
the number of new infections, following Eq. (7). Finally, cells update their population
compartments accordingly. The algorithm followed at each time step is displayed
in Fig. 2. We run 2000 Monte Carlo simulations for each setup scenario and model
specification adopted.

4 Analysis under homogeneous and constant pricing

In this section, we investigate the epidemiological and economic implications of the
model under a benchmark pricing regime in which the unit price of treatment is
homogeneous across countries and constant over time. The three epidemiological ini-
tialization scenarios introduced earlier are analyzed comparatively, and their dynamic
trajectories are evaluated in terms of infection prevalence, treatment intensity, and
spatial and distributional outcomes.

Within this pricing framework, we distinguish between two institutional configura-
tions governing the behavior of local HAs. In the first configuration, there is no spatial
policy interaction: each HA implements its individually optimal treatment decision
independently of neighboring jurisdictions, so that treatment effort is purely decentral-
ized and determined exclusively by local conditions (that is, λad j,vt = λ

∗,v
t for every

v).
In the second configuration, we allow for local spatial interdependence in policy

implementation: the effective treatment intensity in each cell is determined as a convex
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Fig. 2 Flow of actions within a single cell v in a single time step t

combination of the locally optimal decision and the average treatment effort observed
in neighboring cells. The parameter ω governs the strength of this local interaction
mechanism, capturing the extent to which treatment policies display spatial imitation
or coordination.

Throughout Section 4, we assume a homogeneous and constant unit price of treat-
ment, denoted by p. We set p = 5, which corresponds to a cost of e5000 per
treatment unit (asmonetary variables aremeasured in thousands of euros). This order of
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magnitude is consistentwith reported prices of antiviral regimens for chronic infections
such as hepatitis B, hepatitis C, and HIV in high-income countries, where treatment
costs per patient can amount to several thousand euros even after price negotiations
(see Dubois and Magnac 2024; Yao et al. 2025). However, the purpose of this cali-
bration is not to replicate a specific drug price, but to adopt a realistic benchmark for
high-cost innovative treatments under budget constraints.

4.1 Purely decentralized treatment policies (! = 0)

We begin by considering the benchmark case in which treatment policies are purely
decentralized and no spatial policy interaction occurs (ω = 0). In this configuration,
each Health Authority implements its individually optimal treatment intensity, so that
λ
ad j,v
t = λ

∗,v
t for all v and t .

This case provides a clean institutional baseline: spatial spillovers arise exclusively
from epidemiological contagion, while policy decisions remain entirely local. Any
observed spatial patterns or aggregate regularities therefore emerge solely from the
interaction between local optimization, budget constraints, and infection dynamics.

Panels (a), (b), (c) in Fig. 3 show the final state (t = 60) for the three scenarios
considered for one simulation run.The comparisonwith the initial state t = 0displayed
in Fig. 1 immediately shows that initial conditions are crucial for the disease spread
and the final outcome over the time span considered.7 Substantial spatial heterogeneity
persists. Clusters of infection remain visible in Scenarios 1 and 3, whereas Scenario
2, which is characterized by a single localized outbreak, displays rapid containment
and near-eradication.

Figure 4 reports the cross-sectional density of compartment sizes across cells at
t = 60. A first robust pattern across scenarios is the strong right-skewness of the
infected distribution. In all three cases, the majority of cells exhibit very low lev-
els of active infection, while a relatively small subset of cells retains non-negligible
infection stocks. This heavy-tailed structure indicates that decentralized containment
generates substantial heterogeneity across regions even when aggregate infection is
declining. In Scenario 1, the recovered compartment displays a pronounced bimodal
structure. A mass of cells is clustered near zero, indicating regions that experienced
limited contagion, while a second peak appears at higher values, corresponding to
regions that underwent significant infection waves before converging. This polariza-
tion reflects path dependence induced by initial conditions: small stochastic differences
in early infection trajectories translate into persistent cross-sectional divergence. Sce-
nario 2 (single epicenter) exhibits a markedly different distribution. Both infected and
recovered densities concentrate sharply near zero, indicating rapid containment and
limited spatial diffusion. The absence of a pronounced secondary mode suggests that
decentralized optimization is sufficient to prevent widespread propagation when the
outbreak is geographically concentrated at the outset. Scenario 3 (multiple localized
outbreaks) occupies an intermediate position. While most cells converge toward low
infection levels, a visible secondary mass emerges in the recovered distribution. This

7 Comparison is ensured by setting the same seed, i.e., the numerical value used to initialize a pseudo-
random number generator (PRNG).
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Fig. 3 Final spatial distribution of infection across cells at t = 60 (Seed = 1000)
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Fig. 4 Distribution of population compartments across cells at (t = 60). Seed = 1000.
Note to the figure: The data are presented on a log (1 + x) scale. This transformation serves two key
purposes: firstly, the logarithmic scale significantly enhances visualization by compressing wide ranges of
values, making trends, and patterns more discernible; secondly, the addition of ‘1’ to the argument (1+ x)
prevents the loss of observations that would otherwise be zero, which would be undefined under a simple
logarithmic transformation

indicates partial but uneven diffusion across space, consistent with the coexistence of
locally contained regions and clusters that experienced temporary surges.

Reading these results from an epidemiological perspective, we observe that decen-
tralized policies are capable of reducing aggregate prevalence but do not eliminate
spatial dispersion. Infection dynamics remain locally persistent in a subset of cells
due to spatial spillovers and heterogeneous budget constraints. From an economic
standpoint, the cross-sectional dispersion in recovered and infected stocks implies
heterogeneous GDP trajectories across jurisdictions. Since treatment expenditure and
output losses are endogenously linked to infection prevalence, the emergent bimodality
translates into asymmetric economic impacts despite uniform pricing and identi-
cal institutional rules. This macroeconomic dispersion is the direct consequence of
heterogeneous epidemiological trajectories interacting with budget-constrained local
decisions. Sinceoutput evolves according toEq. 20, evenmoderate differences in infec-
tion prevalence translate into persistent differences in productive capacity. Regions
that experience higher intermediate infection peaks face both larger temporary out-
put losses and tighter budget constraints, which in turn limit their treatment intensity
and slow convergence toward full containment. The spatial patterns reported in Pan-
els (a), (b), (c) of Fig. 5 confirm this mechanism. In Scenario 1, GDP contractions
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Fig. 5 Percentage change in GDP at t = 60 with respect to t = 0. Seed = 1000

are widespread but uneven: some countries display sizeable negative deviations, while
others remain close to their initial output level. A subset of cells (the green ones) shows
relative output gains. These regions likely started with a high initial share of infected
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Fig. 6 SIR dynamics. Averages and standard deviations of population compartments across 2000 simula-
tions
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individuals, which depressed their baseline GDP. As decentralized treatment success-
fully reduces local prevalence, these cells experience a “rebound” effect, converging
toward their full productive capacity. Consequently, the observed green cells do not
necessarily represent superior economic performance, but rather the normalization of
output in previously high-burden areas once the infection is contained.

Scenario 2 exhibits a much more concentrated macroeconomic impact, confined to
cells in proximity to the original epicenter, with most jurisdictions showing negligible
GDPvariation. Scenario 3 again produces an intermediate configuration, characterized
by a patchwork ofmoderate contractions corresponding to localized outbreaks. Impor-
tantly, since ω = 0, these economic disparities are not driven by policy coordination
or imitation effects. They emerge endogenously from the interaction between local
infection dynamics and budget-constrained optimization. In this decentralized bench-
mark, uniform pricing and identical institutional rules do not imply uniform economic
outcomes. Instead, macroeconomic heterogeneity arises as an emergent property of
spatial contagion combined with locally rational but uncoordinated decision-making.

Panel (a) in Fig. 6 summarizes the aggregate Monte Carlo dynamics under purely
decentralized policies (ω = 0), reporting averages across 2000 simulations over a
horizon of t = 60 ticks. A notable result is that, in all three scenarios, the share of
infected individuals increases over time (see Fig. 7a). Although treatment mitigates
the speed of contagion, decentralized optimal decisions are not sufficient to reverse
the upward trajectory of infection within the considered time window. This pattern
indicates that, in the absence of spatial coordination, locally optimal treatment choices
are only partially effective in counteracting inter-cell contagion. Each jurisdiction
responds rationally to its own prevalence and budget constraint, but because infection
spreads across neighboring cells, decentralized optimization generates a structural
gap between local containment and global control. The disease therefore continues to
diffuse across space, albeit at a moderated pace.8

At the same time, treatment activity produces a non-negligible accumulation of
recovered individuals (see Fig. 7c). In all scenarios, the recovered share increases
steadily over time. This reflects both the direct curing effect of treatment and the
endogenous incentive for health authorities to purchase treatment in order to restore
productive capacity. Given endogenous output evolution (Eq. 20), curing infected indi-
viduals yields an immediate macroeconomic benefit. The treatment decision therefore
embodies a dual motive: epidemiological containment and GDP stabilization. The
dynamics of the adjusted treatment rate λ

ad j,v
t (see Panel (a) in Fig. 8) further clar-

ify this mechanism. Treatment intensity rises during phases of increasing infection
and remains persistently positive throughout the horizon. However, the magnitude
of λ

ad j,v
t is insufficient to offset the cumulative effect of spatial spillovers. In other

words, treatment slows the epidemic but does not eliminate its growth under decen-
tralized decision-making. Fiscal pressure evolves consistently with this interpretation.

8 It should be noted that complete disease eradication is a rare historical outcome; to date, smallpox remains
the only human infectious disease officially declared eradicatedworldwide by theWorldHealthOrganization
(WHO) (World Health Organization 1980). Consequently, the model’s focus remains on containment and
prevalence reduction rather than total elimination, which represents an exceptionally high bar for global
health policy.
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Fig. 7 Average share of infected and recovered across cells for 2000 Monte Carlo simulations. Shaded
areas represent ± one standard deviation

The cost-to-budget ratio,
pλv,∗

t I v
t

bv
t

= hv
t

bv
t
,

displays sustained positive values (Panel (c) in Fig. 8), reflecting ongoing expendi-
ture rather than a temporary emergency response. Because infection does not collapse,
treatment remains necessary, and fiscal resources remain engaged, although the ratio’s
level remains quite small as a consequence of the optimization solution. The number of
policy-active cells (Panel (e) in Fig. 8) confirms that treatment is not episodic but struc-
turally embedded in the medium-run dynamics. Activation remains widespread across
regions, particularly in Scenarios 1 and 3, indicating that decentralized authorities
continuously react to rising local prevalence. Taken together, the decentralized bench-
mark highlights a structural limitation of purely local optimization. Health authorities
respond rationally to their own infection rates and budget constraints, and treatment
yields a substantial number of recoveries. However, the aggregate trajectory of infec-
tion remains upward over the considered horizon. The system thus operates in a regime
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Fig. 8 Average share of λad j across cells, cost-to-budget ratio across cells, and number of policy-active
cells for 2000 Monte Carlo simulations. Shaded areas represent ± one standard deviation
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of endogenous mitigation rather than containment: infection growth is slowed, but not
halted, and cross-sectional disparities in both epidemiological burden andGDPpersist.

This raises a natural question. If the limitation of the benchmark lies in the absence
of coordination across neighboring jurisdictions, can even a bounded form of spa-
tial policy interaction internalize part of the contagion externality? We address this
question next by introducing local policy interdependence (ω > 0).

4.2 Bounded spatial interaction (! > 0)

We now run the model under the specification of bounded spatial interdependence
in treatment decisions, i.e., ω > 0. Specifically, we set ω = 0.3, so that each health
authority implements a convex combination of its locally optimal treatment and the
expected average treatment intensity observed among neighboring jurisdictions.9 The
introduction of spatial policy interaction produces amarked improvement in epidemio-
logical outcomes in Scenarios 1 and 3.A comparison of the heatmaps in Panels (d), (e),
(f) of Fig. 3 with those obtained under ω = 0 shows a notable reduction in the volume
and spatial concentration of infected individuals. In both scenarios, infection levels
are visibly lower and spatial clusters appear attenuated. We interpret the mechanism’s
effectiveness as stemming from two channels. First, by partially internalizing neigh-
boring behavior, treatment effort becomes more synchronized across space, reducing
the inter-jurisdictional gaps that previously allowed contagion to propagate. Second,
it introduces a temporal anticipatory effect driven by a positive information external-
ity. By incorporating the parameter ω > 0, the intensity of neighboring interventions
serves as a leading indicator—or a proxy signal—of the impending epidemiological
risk. This allows an HA to preemptively scale its own response, effectively internaliz-
ing the information generated by its neighbors’ actions to mitigate an incoming wave
before it fully manifests in domestic data. Consequently, the coordination parameter
serves as a channel for policy learning, in which the “shadow” of future infections is
translated into immediate, proactive containment.

The effect ismore nuanced in Scenario 2.Here, the initial outbreak is geographically
concentrated, and many health authorities remain inactive because local prevalence
stays below the activation threshold. When policy decisions incorporate expectations
about neighboring treatment intensity, jurisdictions located near inactive neighbors
may under-react relative to the purely decentralized case. As a consequence, infection
can spill into additional districts that would otherwise have been more aggressively
treated under ω = 0. While the increase in infected cells is not dramatic, it highlights
that spatial interaction can transmit not only containment effort but also complacency,
depending on the initial conditions.

The benefits of policy interaction are even more evident on the economic side
(Fig. 5, Panels d–f). In the reported run, no country exhibits a deterioration of GDP
under ω > 0 across the three scenarios. This reflects the stronger accumulation of
recovered individuals, who return to productive activity and expand the effective labor

9 We also conducted this analysis assuming HAs’ expectation over the global average as the benchmark
for policy interdependence. Since the results do not deviate significantly from the local neighborhood
specification, they are omitted here for brevity but are available in the Appendix.
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base. By synchronizing treatment intensity across neighboring jurisdictions, policy
interaction accelerates recovery flows and dampens persistent productivity losses.

Monte Carlo simulations confirm and generalize these findings. In Scenario 1, as
highlighted in Fig. 6, the average infected share no longer exhibits a monotonically
increasing trajectory as underω = 0. Instead, it trends downward during the first years
and subsequently levels off at a significantly lower baseline. The epidemic clearly
enters a regime of regression rather than expansion. This inversion of the infection
curve is accompanied by a pronounced acceleration in the recovered compartment. In
Scenarios 2 and 3, although the infected curve remains upward sloping over part of the
horizon, both the level and growth rate of infection are significantly reduced relative to
the decentralized benchmark. At the same time, the recovered share rises more rapidly
and reaches higher levels. Thus, even when infection does not fully reverse, bounded
coordination generates a meaningful compression of epidemiological dispersion.

The Monte Carlo evidence on treatment intensity, cost-to-budget ratio, and pol-
icy activation further clarifies the role of bounded spatial interaction. A comparison
with the decentralized benchmark (ω = 0) reveals two systematic differences. First,
the adjusted treatment rate λ

ad j,v
t becomes noticeably more oscillating under ω > 0

(see Panel (b) in Fig. 8). In Scenario 1 in particular, treatment no longer follows
the smooth rise-and-stabilize pattern observed under purely decentralized decisions.
Instead, it exhibits visible oscillations over time. These fluctuations are mirrored in the
cost-to-budget ratio (Panel (d) in Fig. 8), which now displays recurrent increases and
declines rather thanmonotonic convergence toward a steady level. Second, the number
of policy-active cells displayed in Panel (f) of Fig. 8 evolves in waves. The effects of
bounded coordination differ markedly across scenarios. In Scenarios 2 and 3, where
infection originates from one or a few localized outbreaks, the introduction of spatial
policy interaction does not significantly alter either the level or the slope of the curve
describing the number of policy-active cells. The trajectory remains increasing over
time. Despite the higher average treatment intensity induced by coordination, the pro-
gressive diffusion of contagion from the epicenter(s) continues to activate new cells.
In these configurations, spatial interaction amplifies intervention intensity but does
not prevent the geographical expansion of the disease within the considered horizon.
The contagion front advances outward, and an increasing number of countries cross
the activation threshold defined in Eq. 21. The mechanism is different in Scenario 1.
Because infection is initially widespread, coordination produces a stronger collective
intervention response. The synchronized increase in treatment intensity reduces preva-
lence more effectively and earlier than under ω = 0. As infection regresses, fewer
cells exceed the activation threshold, and the number of policy-active cells begins
to decline. In this case, bounded coordination not only intensifies treatment but also
compresses the spatial domain of the epidemic, generating a weak reversal in the acti-
vation curve. Thus, while coordination always increases intervention effort, its effect
on the extensive margin of policy activation depends critically on the spatial structure
of the outbreak. When contagion is spatially concentrated, coordination strengthens
local containment but does not halt outward diffusion. When contagion is initially
pervasive, coordination induces a sufficiently strong synchronized response to push
the system into regression, thereby reducing both infection levels and the number of
active jurisdictions.
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The oscillatory dynamics exhibited by treatment effort and cost-to-budget ratio
can be understood directly from the structure of the decision rule introduced in
Eq. 18. The presence of spatial expectations introduces both a temporal lag and a
cross-regional feedback mechanism. Treatment decisions are no longer purely reac-
tive to local prevalence but are now interdependent across cells and over time. Such
lagged spatial feedback naturally generates cyclical adjustment. In Scenario 1, where
infection is initially widespread and spatially homogeneous, this mechanism is par-
ticularly strong. When prevalence rises across a cluster of jurisdictions, coordinated
treatment intensifies simultaneously due to shared expectations. The resulting synchro-
nized intervention sharply reduces local infection. As prevalence falls, however, the
convex combination rule induces a collective relaxation of effort. Because contagion
continues to diffuse through neighboring cells, infection may re-emerge, triggering
another coordinated response. This alternating amplification and relaxation produces
wave-like oscillations in both λ

ad j,v
t and the cost-to-budget ratio (see Fig. 8, panels (b)

and (d)). Importantly, these oscillations do not signal instability, but rather endogenous
policy cycling.

In epidemiological terms, bounded coordination transforms monotonic diffusion
into a regime of intermittent suppression, where the disease transitions from expansion
to regression significantly earlier. The economic implications are equally important.
Because treatment restores productive capacity through the recovery channel, syn-
chronized policy responses generate temporary surges in expenditure that are offset
by subsequent GDP gains. The fluctuations observed in the cost-to-budget ratio there-
fore represent an adaptive economic engagement process. In Scenarios 2 and 3, where
infection remains more geographically localized, the oscillatory mechanism is weaker
but still visible. Even when the infected share continues to grow over part of the time
interval, its level and growth rate are substantially lower than under ω = 0, while
the recovered share increases more rapidly. Thus, bounded spatial interaction com-
presses epidemiological dispersion and accelerates macroeconomic recovery across
cells. These results indicate that even modest spatial interdependence among decen-
tralized health authorities can internalize part of the contagion externality, without
requiring centralization, leading to stronger containment and improved macroeco-
nomic outcomes.

4.3 Sensitivity analysis with respect to spatial interaction

To confirm the robustness of these results, we conduct a sensitivity analysis on the
coordination parameter ω. For increasing values of ω ∈ [0, 1], we perform 20 simu-
lation runs for each scenario and compute the average values at t = 60 of three key
variables: the adjusted treatment intensity λad j,v , the share of infected individuals,
and the cost-to-budget ratio. Across all scenarios, moving from ω = 0 to strictly
positive values of ω leads to a reduction in the average final treatment intensity (see
Fig. 9, Panel (a)). This confirms the mechanism discussed above: spatial coordina-
tion enhances the effectiveness of intervention, so that a lower level of individual
treatment effort is sufficient to achieve improved epidemiological outcomes. At inter-
mediate values of ω, the model displays a substantial degree of robustness. The final
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Fig. 9 Sensitivity analysis for the parameter ω. From top to bottom: final value at t = 60 of λad j , share of
infected, and cost-to-budget ratio. Results are averaged across 20 runs with fixed seed with ± one standard
deviation represented by the shaded areas
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treatment effort, infection levels, and economic pressure vary only moderately, sug-
gesting that modest degrees of coordination are sufficient to generate most of the
epidemiological gains observed in the previous subsection. However, whenω becomes
excessively large, meaning that treatment decisions rely predominantly on expecta-
tions about neighbors rather than on local optimization, new distortions emerge. In this
regime, health authorities tend to underestimate local infection dynamics when neigh-
boring jurisdictions appear relatively inactive. This generates coordination-induced
complacency, which ultimately requires higher treatment effort at the final date among
active cells. From a purely epidemiological standpoint, the sensitivity analysis rein-
forces the beneficial role of coordination. In all three scenarios, the average final
share of infected individuals declines monotonically as ω increases (see Panel (b)
in Fig. 9). Even when coordination induces temporary misalignments in local deci-
sions, the overall diffusion of treatment effort across space improves containment
and reduces medium-run prevalence. The economic implications, however, are more
nuanced. Indeed, Panel (c) of Fig. 9 suggests that increasing ω generates a progres-
sively larger share of jurisdictions that remain policy-active for longer periods. While
coordination reduces infection, it also prolongs collective engagement in treatment,
particularly at higher levels of ω. As a consequence, the average cost-to-budget ratio
at t = 60 increases with stronger coordination. This reflects a trade-off between epi-
demiological gains and fiscal exposure: better containment is achieved at the cost of
more sustained budgetary commitment. Overall, the sensitivity analysis highlights a
non-linear relationship between coordination and efficiency. Moderate levels of spa-
tial interaction deliver significant epidemiological improvements with limited fiscal
distortion. Excessive reliance on expectation-based decisions, however, may gener-
ate economic inefficiencies by weakening the informational role of local prevalence
and inducing over-persistent activation. These findings underscore that while bounded
coordination can substantially improve decentralized epidemicmanagement, its inten-
sity must remain balanced to avoid expectation-driven misallocation of resources.

Anextremecase isω = 1,where local optimization is entirely replacedbyneighbor-
hood imitation. In this limit, since jurisdictions only implement a treatment intensity
λad j,v based on the expected behavior of their neighbors, the system becomes sus-
ceptible to an inertia trap. Since the initial treatment intensity at t = 0 is zero, the
absence of an internal optimization signal means that no cell takes the first step to
scale up intervention. Consequently, the treatment rate λad j,v remains at zero, the
cost-to-budget ratio vanishes, and the infection is allowed to propagate unchecked
until prevalence reaches its maximum. This limit case illustrates a fundamental risk
of extreme coordination: when policy becomes purely mimetic and decoupled from
local incentives, the “information externality” that proved beneficial at lower values of
ω collapses into a collective inaction trap, where jurisdictions essentially coordinate
on a zero-effort equilibrium.

5 Spatially heterogeneous and time-varying pricing

In Section 4, the unit price of treatment was assumed to be homogeneous across
countries and constant over time. While useful as a benchmark, this abstraction
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neglects institutional features of pharmaceutical markets. In practice, procurement
and reimbursement agreements for innovative treatments are typically structured over
multi-year horizons rather than renegotiated annually. Multi-year supply contracts
are widely used in global health markets to reduce uncertainty and administrative
costs, and strategic price negotiations have played a central role in expanding access
to antiretroviral therapy (ARV) and direct-acting antiviral (DAA) therapies (Assefa
et al. 2018). Similarly, subscription-based andmanaged entry agreements often involve
multi-year commitments and negotiated pricing arrangements (Auty et al. 2022).Moti-
vated by these institutional features, we allow treatment prices to vary across countries
and to be periodically updated. Specifically, prices are revised every five periods
(interpreted as years), representing a stylized renegotiation cycle. Between revision
dates, prices remain fixed, reflecting contractual rigidity. In addition, prices vary across
countries according to their relative economic capacity. Differential pricing based on
income levels is a well-documented practice in pharmaceutical markets and is often
rationalized through Ramsey-type arguments balancing access and innovation incen-
tives (Danzon and Towse 2003). Countries with below-average GDP face a baseline
price, while richer jurisdictions pay an income-dependent surcharge. Because GDP
evolves endogenously with infection dynamics, pricing becomes indirectly linked
to epidemiological conditions, introducing an additional feedback channel between
health and economic outcomes.

Formally, let tk = 5 · k, k = 1, 2, . . . , denote renegotiation dates. At each tk ,
the manufacturer sets country-specific prices based on relative income levels. Let the
cross-country average GDP at time t be

Bt = 1

|V|
∑

v∈V
Bv
t .

At each renegotiation date tk , the country-specific treatment price is defined by the
following piecewise rule:

pv
tk =

⎧
⎪⎪⎨

⎪⎪⎩

p̄ if Bv
tk ≤ Btk

p̄ + η

(
Bv
tk

Btk

)

if Bv
tk > Btk

(26)

where p̄ > 0 is the baseline price and η > 0 measures the intensity of income-based
price discrimination. Between renegotiation dates, prices are constant:

pv
t+1 = pv

t for t /∈ {tk}.

We set p̄ = 5 and η = 2. A first robust result, visible when comparing the dynam-
ics in Figs. 10, 11, 12 with those in the homogeneous-price benchmark described by
Figs. 6, 7, 8, is that price discrimination tends to worsen (at least in levels, across
all scenarios) the joint epidemiological and fiscal performance of decentralized con-
tainment. In the purely decentralized regime (ω = 0), Section 4 already shows that
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Fig. 10 SIRdynamics under price discrimination.Averages and standard deviations across 2000 simulations
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Fig. 11 Average share of infected over population, λad j , cost-to-budget ratio across cells, and number of
policy-active cells for 2000 Monte Carlo simulations, under heterogeneous pricing. Shaded areas represent
± one standard deviation
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Fig. 12 Percentage global GDP variation with respect to value at t = 0, average across 2000 runs. Shaded
areas represent ± one standard deviation

infection continues to increase over the t = 60 horizon and that locally optimal treat-
ment choices are only partially effective against inter-cell contagion (Figs. 6 and 7).
Under heterogeneous pricing, the same qualitative failure of decentralization is ampli-
fied: compared to Figs. 7 and 8, Fig. 11 shows higher average infected shares, higher
adjusted treatment effort, and a higher cost-to-budget ratio. This deterioration is not
explosive in the plotted ranges, and this is consistent with the fact that heterogeneity
in unit prices induces a larger mass of policy-active health authorities (see panel (g)),
which partially offsets the contractionary impact of higher prices on treatment inten-
sity and prevents the system from drifting into an even worse epidemiological state.
The deterioration can also be observed by analyzing a single simulation run in detail.
A comparison between the left-hand panels of Fig. 3 and those of Fig. 13 reveals a
clear shift in the latter, which are characterized by a higher frequency of yellow-green
cells, indicating a more widespread penetration of the disease.

Turning toω > 0 (ω = 0.3), the comparison between the right panels of Fig. 11 and
the corresponding coordinated benchmark in Figs. 7 and 8 confirms again that bounded
spatial interaction remains beneficial even in the presence of price discrimination: in
Scenario 1 the infected trajectory returns to a declining pattern within the 60-year
horizon, while in Scenarios 2 and 3 infection becomes clearly “less increasing” than
under ω = 0, and the economic side improves accordingly through a lower fiscal
burden and a more efficient evolution of the extensive margin of intervention, i.e. the
number of cells actively engaged in the health policy (see panel (h) of Fig. 11).

The key finding is that price heterogeneity and temporal volatility undermine the
benefits of treatment. By introducing persistent mismatches between local infection
levels, available budget, and unit costs, these price dynamics erode the gains seen under
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Fig. 13 Final spatial distribution of infection across cells under heterogeneous pricing at t = 60 (Seed =
1000)
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uniform pricing. Although from an epidemiological point of view the deterioration
appears to be minor, this comes with an important economic cost and, in fact, it is
particularly evident in the aggregate economic dynamics: The figure shows that global
GDP declines in both regimes, but withω > 0 it stabilizes at levels not too distant from
the baseline,whereas underω = 0 the contraction ismonotone throughout the horizon.
Therefore, we observe that price discrimination combined with multi-year contractual
rigidity acts as a vehicle of amplification for the inability of pure decentralization
to curb diffusion: it moderately raises the medium-run infection burden and greatly
worsens the country’s economic outlook, making the mitigating role of even limited
coordination (via neighborhood expectations) far more salient in sustaining recovery
and preventing persistent GDP losses.

6 A focus on spatial concentration

While the focus so far has been on the temporal evolution of the disease, understanding
the geographical footprint of the infection is crucial to evaluating the effectiveness of
containment policies. In this section, we shift our focus to the spatial dimension,
analyzing how the infected population is distributed across the grid.

To quantify the degree of spatial concentration, we employ the Herfindahl–
Hirschman Index (HHI), typically used tomeasuremarket concentration. In our spatial
framework, we define the index as

HH I =
V∑

v=1

(
I v

∑V
v=1 I

v

)2

. (27)

The index ranges from 1/V (perfectly uniform distribution) to 1 (complete concen-
tration in a single patch). In our results, an HHI close to 1 at t = 0 signifies that the
disease starts from a highly localized cluster, while a decline toward values below 0.2
at t = 60 indicates a significant spatial dispersion of the pathogen. Figure 14 illustrates
the distribution of this index across the three different scenarios and interaction levels
(ω).

At the beginning of the simulation (t = 0), the HHI shows a high variance in
Scenario 2 and a much higher median than the other scenarios, while in Scenarios 1
and 3, the HHI is significantly lower, indicating a more dispersed initial distribution
(see Fig. 14a). This reflects the known differences in the initial conditions.

By t = 60, the spatial concentration reaches a more stable state across all scenar-
ios, though the direction of the trend depends on the initial setup (Fig. 14b and c). In
Scenario 1 we observe an upper shift and a stretch of the box displaying the distri-
bution of the HHI. A stretch is also visible for Scenario 3. This suggests that as the
disease progresses, the infected population tends to polarize into specific cell types.
Therefore, even when treatment and spatial interactions among institutions (ω > 0)
are effective in controlling the spread of the disease along the temporal dimension
as seen in the previous Sections, they do not necessarily prevent the emergence of
local health disparities. In these scenarios, the infection persists in a state of moderate
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Fig. 14 Distribution of the Herfindahl–Hirschman Index (HHI) across 2000 independent simulations. The
plot illustrates the degree of spatial concentration of the infected population

spatial heterogeneity, with a small subset of patches hosting a disproportionate share
of cases.

Conversely, in Scenario 2, the high initial concentration (median HHI ≈ 0.50,
indicating intense concentration) is significantly mitigated by t = 60. Here, effective
treatment and local coordination dilute the original hotspot, bringing theHHI down to a
moderate level below 0.20, with a stronger effect ofω in the case of heterogeneous and
time-varying price (Fig. 14c). This is in line with the findings discussed in Section 4.2:
when contagion is spatially concentrated at setup, coordination does not halt the disease
transmission. As it spreads, the initial concentration weakens.

Across all scenarios, in fact, coordination among HAs (ω = 0.3, orange) consis-
tently maintains the HHI at lower levels than the case ofω = 0 (green). Internalizing a
certain degree of homophily within the decision over λad j helps homogenize epidemic
outcomes across space and thus prevents disparities across countries.
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7 Endogenous treatment efficacy and R&D investment

In the previous sections, treatment efficacy was treated as an exogenous parame-
ter. We now relax this assumption and introduce an endogenous innovation channel
whereby the pharmaceutical manufacturer invests in research and development (R&D)
to improve treatment effectiveness over time. The inclusion of R&D is grounded in
a well-established economic literature linking market incentives to pharmaceutical
innovation. Both theoretical and empirical contributions show that expected market
size and potential revenues are central determinants of firms’ R&D investment deci-
sions (see Acemoglu and Linn 2004; Dubois et al. 2015). In the context of infectious
diseases—where social returns are often large, and demand may fluctuate over time—
additional mechanisms such as advance market commitments and subscription-based
procurement schemes have been proposed to strengthen innovation incentives (Kremer
et al. 2014; Sciarretta et al. 2016).

To capture this innovation channel parsimoniously,we assume that themanufacturer
uses the extra revenues generated by income-based price discrimination (relative to a
baseline price) to finance R&D. Higher R&D spending increases treatment efficacy,
which wemodel as an endogenous, time-varying parameter. This extension introduces
a feedback mechanism linking market outcomes and innovation to epidemiological
dynamics: pricing affects manufacturer revenues, revenues fund R&D, R&D improves
efficacy, and higher efficacy affects recovery and subsequent economic performance.

Let p̄ denote the baseline price introduced in Section 5 and let pv
t be the effective

price paid by country v at time t . Define the extra-price component as

ψv
t := pv

t − p̄. (28)

By construction, ψv
t ≥ 0 and ψv

t > 0 only for above-average GDP countries.

At time t , country v purchases λ
ad j,v
t I v

t treatment units. Therefore, the manufac-

turer’s extra revenue generated by price discrimination in country v is ψv
t λ

ad j,v
t I v

t .
Aggregating across all countries yields total extra revenues:

Rt :=
∑

v∈V
ψv
t λ

ad j,v
t I v

t . (29)

We assume that the manufacturer reinvests a fraction θ ∈ [0, 1] of extra revenues
into R&D. Hence, the R&D budget is

Ft := θ Rt . (30)

Treatment efficacy is now time-varying and evolves endogenously according to

χt+1 = 1 − (1 − χt )

(

1 + Ft
F̄

)−k

, (31)

where k > 0 controls the responsiveness of innovation to R&D spending and the
parameter F̄ represents the technological scale of pharmaceutical innovation. It cap-
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tures the magnitude of annual R&D resources required to generate a meaningful
improvement in treatment efficacy. When annual premium revenues Ft are small rel-
ative to F̄ , improvements in efficacy are negligible. Only sustained and sufficiently
large investment flows produce gradual convergence toward the technological frontier.

The introduction of endogenous R&D fundamentally alters the interpretation of the
heterogeneous pricing regime analyzed in Section 5. While price discrimination was
previously shown to exacerbate epidemiological and fiscal imbalances, it now gener-
ates an additional dynamic channel through which higher revenues finance innovation
and progressively enhance treatment efficacy.

Figure 15 illustrates this mechanism. As R&D investment accumulates over
time, the efficacy parameter χt increases steadily across scenarios (see Fig. 15f),
approaching higher effectiveness levels within the 60-period horizon. This endoge-
nous improvement translates into visible epidemiological gains. Compared to the
heterogeneous-price case without R&D (Section 5), infection dynamics become more
favorable: in Scenario 1, the infected share declines more rapidly and stabilizes at a
lower level (Fig. 15a), while in Scenarios 2 and 3 the growth of infection is markedly
dampened. The recovered share correspondingly increases (Fig. 15b), reflecting both
direct curing and improved efficacy.

The interaction between innovation and decentralized decision-making is particu-
larly evident in treatment intensity and fiscal variables. Figures 15c and d show that
although λad j remains positive throughout the horizon and may initially be volatile
(particularly in Scenario 1), the cost-to-budget ratio progressively stabilizes as treat-
ment efficacy improves. This effect arises from two reinforcing mechanisms. A higher
χt increases the direct recovery rate per treated individual and simultaneously reduces
transmission through the infection channel. As a result, the infection stock I v

t declines
more rapidly than under exogenous efficacy. Since treatment expenditure is propor-
tional to p λv

ad j,t I
v
t , the shrinking infection base offsets the need for continuously rising

treatment intensity. At the same time, improved containment supports GDP stabiliza-
tion, preventing further erosion of fiscal capacity. Hence, endogenous gains in efficacy
raise the marginal productivity of health expenditure and dampen the upward fiscal
pressure observed in the heterogeneous-pricing regime without R&D. The effect of
endogenous innovation is also evident in the dynamics of policy-active cells (Fig. 15e).
Compared to the heterogeneous-pricing regime without R&D, the number of active
jurisdictions tends to decline over time as treatment efficacy improves. Higher χt

accelerates the reduction in local prevalence, so that fewer cells exceed the activation
threshold defined in Eq. 21. As a result, innovation affects not only the intensity of
intervention but also its spatial extension, progressively shrinking the geographical
footprint of active treatment. This contrasts with the no-innovation case of Section 5,
where price heterogeneity sustained widespread and persistent policy activation.

Monte Carlo simulations of SIR dynamics displayed in Fig. 16 confirm that this
innovation channel systematically compresses infection trajectories across all sce-
narios. Relative to the heterogeneous pricing regime of Section 5, the system now
exhibits a clear medium-run improvement driven by the co-evolution of revenues and
technological progress. Therefore, this mechanism mitigates the previously identified
amplification effect of price discrimination. The reinvestment of surplus revenues into
R&D generates a delayed but persistent corrective force.
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Fig. 15 Average share of infected over population, λad j , cost-to-budget ratio across cells, and number
of policy-active cells for 2000 Monte Carlo simulations, under heterogeneous pricing and endogenous χ .
Shaded areas represent ± one standard deviation. χt=0 = 0.4, ω = 0.3, θ = 0.5, F̄ = 1000, k = 0.01

123



Spatial heterogeneity and budget-constrained treatments in epidemic… Page 39 of 49    57 

Scenario 1 Scenario 2 Scenario 3

0 20 40 60 0 20 40 60 0 20 40 60

0.00

0.25

0.50

0.75

1.00

Time

S
ha

re
 o

f p
op

ul
at

io
n

Compartment infected recovered susceptible

Fig. 16 SIR dynamics under heterogeneous pricing and endogenous treatment efficacy. Averages and stan-
dard deviations of population compartments across 2000 simulations. χt=0 = 0.4, ω = 0.3, θ = 0.5,
F̄ = 1000, k = 0.01

In economic terms, the model embeds a Schumpeterian feedback mechanism in
which market outcomes drive technological progress. Spatially differentiated prices
generate heterogeneous revenues; these revenues finance R&D; innovation enhances
treatment efficacy; and improved efficacy reduces infection and restores productive
capacity. This logic at least partially parallels Schumpeterian growth models, where
expected profits provide incentives for innovation (see Aghion and Howitt 1992). In
our framework, the effective “market size” is endogenously determined by epidemi-
ological and pricing dynamics, so that higher revenues expand R&D investment and
increase the productivity of health expenditure through rising χt . This mechanism
partially reconciles the tension identified in Section 5 between equity and efficiency.
While price discrimination may worsen medium-run containment, sustained reinvest-
ment of surplus revenues can generate long-run epidemiological gains via endogenous
technological progress.

8 Summary of results

Given the number of simulation exercises considered in the paper, Table 2 pro-
vides a compact synthesis of the main mechanisms and outcomes emerging from
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the different model specifications. The table is not intended to replace the detailed
analysis presented above, but rather to support the comparison of the epidemiologi-
cal and economic implications of spatial interaction, pricing rules, and endogenous
innovation across scenarios.

9 Conclusions

This paper develops a spatially structured agent-based model in which decentralized
health authorities (HAs) allocate a costly treatment under local budget constraints
to manage an infectious disease evolving on a two-dimensional lattice with Moore-
neighborhood spillovers.Within each cell, disease dynamics followadiscrete-timeSIR
structure, while cross-cell interactions make local prevalence depend on neighboring
infection levels; at each time step, HAs endogenously choose treatment intensity as a
function of local epidemiological conditions, fiscal capacity, and the prevailing price of
treatment. The framework is designed to jointly capture spatial contagion, institutional
fragmentation, and the economic constraints that shape real-world epidemic responses.

The simulation analysis yields three main results. First, under homogeneous
and time-invariant pricing, decentralized decision-making is generally insufficient
to eliminate infection within the finite and policy-relevant horizon considered: spa-
tial spillovers sustain transmission across cells and generate persistent cross-location
heterogeneity in both infection and treatment. This combination of institutional frag-
mentation and spatial contagion is precisely what makes the agent-based framework
informative in this context. In a standard mean-field SIR model, where the population
is assumed to be homogeneous and well-mixed, only aggregate infection dynamics
would be observed. Such an approach would conceal the local feedback loops gener-
ated by heterogeneous budgets, asynchronous treatment decisions, and neighborhood
spillovers. In contrast, the ABM reveals how localized fiscal constraints and spatial
transmission interact to produce persistent regional disparities, clusters of infection,
and uneven containment paths that would be invisible in an aggregate representation.

Second, introducing local policy interaction through neighborhood-based adjust-
ment of decisions (institutional coordination) improves outcomes, but with non-trivial
trade-offs. When HAs partially incorporate neighborhood behavior into implemented
treatment, the epidemiological burden can be reduced, and the spatial diffusion of
infection attenuated, especially in scenarios where outbreaks are initially widespread.
At the same time, stronger interaction may increase the persistence of collective inter-
vention and shift fiscal pressure over time, underscoring that coordination affects both
the intensity and the spatial extension of policy responses.

Third, moving from uniform to spatially heterogeneous and time-varying prices
(interpreted asmulti-periodprocurement renegotiations) predictablyworsens epidemi-
ological and economic performance in themedium run. This result alignswith standard
theory: differential pricing interactswith decentralized budget constraints by distorting
treatment incentives and amplifying spatial inequality in both disease prevalence and
economic outcomes, thereby reinforcing the baseline inefficiency of uncoordinated
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control. Crucially, however, the model demonstrates that institutional interaction can
act as a stabilizing force. By partially internalizing these heterogeneities through coor-
dinated responses, policy interaction helps mitigate the amplification of the outbreak.
In practical terms, such coordination may also reduce the incentives for parallel trade
or informal cross-border patient flows—phenomena that typically arise when wide
price disparities make formal local procurement unsustainable.

Finally, the last extension endogenizes treatment efficacy by introducing an inno-
vation channel: extra revenues generated by GDP-based price discrimination finance
R&D, which increases efficacy over time. This mechanism alters the interpretation
of price discrimination. While heterogeneous pricing may initially raise infection and
fiscal stress, reinvestment can generate a delayed corrective force: as χt improves,
infection paths compress across scenarios, and the geographic footprint of active inter-
vention shrinks, because fewer regions remain above the activation threshold.

From a broader perspective, the main message of the work is that epidemic policy
design cannot be evaluated separately from institutional structure and market condi-
tions. Spatial contagion and decentralization generate persistent inequalities and make
eradication harder within realistic horizons; coordination can substantially improve
containment but may increase the persistence of intervention; and pricing schemes
shape both access and fiscal pressure, with the possibility that innovation-financed
efficacy improvements partially reconcile short-run distortions with longer-run gains.
These results point to a policy implication consistent with the model’s structure: effec-
tive management of high-cost drugs for infectious diseases requires simultaneously
addressing (i) spatial spillovers, (ii) fragmented decision-making, and (iii) the incen-
tives created by pricing and procurement institutions.

Future work could extend this framework to account for more realistic mobility
patterns, information frictions across local authorities, strategic pricing behavior by
pharmaceutical firms, and learning or adaptive expectations among agents. The model
may also serve as a computational framework to explore the performance of decen-
tralized versus coordinated epidemic policies under alternative institutional and fiscal
architectures.

Appendix

Appendix A: SIR dynamics

Figure 17 shows the SIR dynamics for a single run under the baseline specification
of homogeneous price (left panels) in comparison with the model in the absence of
treatment, i.e., λv

t = 0. Figure 18 displays the evolution of the global share of infected
(panel a) and the average share of infected across cells for 2000 runs, both in the
absence of treatment.

These figures highlight the validity of the treatment assumption and show the pre-
dictable SIR dynamics in absence of cure.
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Fig. 17 Comparison of infection dynamics across the three different scenarios. Seed = 1000
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Fig. 18 Average share of infected across 2000 Monte Carlo simulations, λ∗ = 0

Appendix B: Sensitivity analysis

We conducted a sensitivity analysis on a set of model parameters, displayed in Fig. 19.
While the model behavior shown in the figure is expected in response to variation
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Fig. 19 Sensitivity analysis. Rows correspond to parameters tested; columns report (left to right) λ, share
of infected, and cost-to-budget ratio at the final step (mean across 20 seeds with ± SD)
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in β0, χ , and price, the analysis of σ , the parameter representing the idiosyncratic
productivity loss of infected individuals, is somewhat less trivial.

As illustrated in the bottom row of Fig. 19, the model exhibits a notable lack of
sensitivity to this parameter; the trajectories for the adjusted treatment rate λad j follow
a stable path across the different values tested, with obvious gaps across scenarios.
This suggests that the aggregate macroeconomic impact—and the subsequent policy
response—is primarily driven by the volume of infected individuals rather than the
specific magnitude of their individual productivity loss. Furthermore, this lack of
sensitivity is reinforced by the way the health budget is built (recall Eqs. 23 and
24): because the fiscal allocation for treatment is structurally decoupled from short-
run economic fluctuations, the health budget remains relatively stable compared to
the more volatile variations in GDP. Consequently, the epidemiological state of the
system acts as the dominant signal for policy calibration, as the budget’s relative inertia
prevents minor changes in productivity loss from significantly altering the capacity for
intervention. This is then reflected in the likewise stable level of the share of infected
and the cost-to-budget ratio. The only visible change occurs asσ approaches 1, a region
that we do not explore further to avoid computational issues in the cost-to-budget ratio.
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Appendix C: Global spatial interaction

Fig. 20 Average share of infected over population, λad j , cost-to-budget ratio across cells, and number
of policy-active cells for 2000 Monte Carlo simulations, under homogeneous pricing and ω = 0.3 with
expectations over the average global λad j . Shaded areas represent ± one standard deviation
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