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We develop an evolutionary SIR model with a stochastic information layer to analyze how
uncertainty affects infection dynamics at the onset of a pandemic. The framework incorporates
two forms of uncertainty: (i) uncertainty in health indicators, including unknown initial infection
rates, and (ii) uncertainty in the information-updating process arising from interactions between
individuals exposed to competing information types. We characterize the stability properties of the
stochastic system and compare the resulting evolutionary dynamics with those of the corresponding
deterministic model. We then formulate and solve the associated optimal control problem, deriving
the optimal trajectory of the planner’s information-control effort. Numerical simulations illustrate
how parameter variations influence infection dynamics and the optimal level of the social planner’s
intervention aimed at improving information reliability in the population.
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Introduction

The coronavirus pandemic (Covid-19) renewed debate on the adequacy of epidemiological
modelling tools and the reliability of early-stage data [1, 2]. The first waves of a novel
virus are typically characterized by severe informational deficiencies, uncertain estimates of
key epidemiological indicators, and limited ability to monitor individual behaviour at scale.
Consequently, early policy responses are often implemented under incomplete information.

Mobility restrictions became one of the most widely used policy instruments, but responses
varied substantially across jurisdictions. The UK initially pursued a strategy oriented toward
natural immunity, Sweden avoided strict mobility limitations, while France and Italy implemented
containment measures rapidly. China adopted a far more stringent “zero-Covid” policy. Similar
heterogeneity appeared within countries: in the United States, New York and California
imposed restrictions, whereas Texas opted for minimal interventions; in Canada, Ontario adopted
moderate restrictions, while Quebec implemented stricter measures, including nightly curfews.
Despite these differences, all governments faced uncertainty regarding early infection levels and
transmission rates.

Reliable forecasts of infection dynamics depend on data quality and modelling assumptions.
In the US, for example, the Centers for Disease Control and Prevention (CDC) created the
US COVID-19 Forecast Hub to synthesize probabilistic forecasts of cases, hospitalizations, and
mortality across geographic units [3]. Such initiatives illustrate the central role of uncertainty in
early-stage pandemic management.

Deterministic SIR-type models are widely used to study epidemic dynamics, but they usually
assume known initial infection levels and do not fully account for uncertainty in behavioural
responses or information diffusion [4–7]. Recent work has incorporated evolutionary dynamics and
competing information types [8–10]; however, the literature has not yet systematically examined
how uncertainty in both epidemiological indicators and information interactions affects epidemic
dynamics or optimal intervention strategies [11]. This gap motivates the present study.

We focus on the initial phase of a pandemic and study how uncertainty affects coupled
epidemiological and informational processes. The model combines four subsystems: (i) an
evolutionary SIR framework with uncertainty over early infection levels and transmission
indicators; (ii) information diffusion, where individuals are exposed to either accurate information
or fake news [12] and update beliefs voluntarily or through government awareness campaigns;
(iii) stochastic uncertainty in both health indicators and informational interactions; and (iv)
an optimal control problem in which a benevolent regulator seeks to reduce infections and
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misinformation under a budget constraint by minimizing the costs of infections, awareness
campaigns, and immunisation. Together, these components generate a coupled stochastic system
whose behaviour we analyse in detail.

The paper makes four contributions. First, it extends the deterministic evolutionary
SIR-information model of [8] to a stochastic framework incorporating uncertainty in both
epidemiological indicators and information interactions. Second, it characterizes the stability
properties of the resulting stochastic system and shows how uncertainty modifies infection
dynamics relative to the deterministic case. Third, it formulates and solves an optimal control
problem in which the planner regulates information integrity under uncertainty, contributing to
the literature on optimal control and pandemic management [13–18]. Fourth, it provides numerical
simulations illustrating how parameter values and uncertainty intensity affect infection dynamics
and the optimal control strategy.

The paper is organized as follows. Section 2 introduces the model parameters, transition
structure, and payoff functions. Sections 2 and 3 analyse hidden and direct control. Section 4
derives the steady states and equilibrium properties. Section 5 presents numerical simulations,
and Section 5.concludes with results and possible extensions.

1. SIR Model

Extending [8], we use a system of nonlinear differential equations with an infinite time horizon
to model the epidemic process. We denote by N the total number of nodes (individuals) in the
network (society). Each individual is restricted to one of the three subgroups that constitute the
pillars of the SIR model, i.e. Susceptible, Infected and Recovered so that at each instant of time

we have nS(t) + nI(t) + nR(t) = N . Let S(t) = nS(t)
N

, I(t) = nI(t)
N

, R(t) = nR(t)
N

as fractions
of Susceptible, Infected and Recovered nodes, respectively. We start by assuming that, at the
outbreak of the pandemic, the majority of individuals are in the “Susceptible” category and that
a relatively smaller (but unknown) proportion of individuals belong to the “Infected” subgroup.
Let Γ = {S; I;R}, the initial conditions of the SIR model are then given by S(0) = S0

φ > 0,

I(0) = I0φ > 0, and R(0) = R0
φ = 1 − S0

φ − I0φ. Where Γ0
φ represents the expected initial state

of the node Γ = {S; I;R}. Γ0
φ can take two values, Γ0

h with probability p ∈ [0, 1] if the initial

infection rate is high or Γ0
l with probability 1 − p if the initial infection rate is low, that is

Γ0
φ = pΓ0

h + (1− p)Γ0
l .

Next, we introduce an evolutionary dynamic game into the model, in which individuals are
of two types according to the information flow to which they belong: those who believe in “fake
news” and those who are correctly warned, i.e. exposed to “real news”. In line with the literature,
we will refer to them by warned-fake (Wf ) and warned-real (Wr), with Wf + Wr = N . The
evolutionary game is based on the interaction of each individual (regardless of their beliefs) with
the rest of society. At each moment, each player (individual) is subject to an update of their
beliefs as a result of this exchange. However, we don’t rule out the possibility that the outcome
of the evolutionary game will lead individuals to hold to their original stance. The Government is
not, however, positioned to evaluate the outcome of the interaction and therefore cannot provide
precise estimates of the number of warned-false and warned-real individuals in each period. Once
again we reiterate the role that the initial conditions play in our model, that is to influence the
outcome of the evolutionary game.

The dynamic behaviour of the SIR model is provided by a system of nonlinear differential
equations as follows:

dSφ/dt = −βφSφIφ; dIφ/dt = βφSφIφ − σIφ; dRφ/dt = σIφ, (1)

where βφ ∈ [0, 1] and σ ∈ [0, 1] are the transition coefficients between the Susceptible to Infected,
and Infected to Recovered subgroups respectively.

Fig. 1 outlines the process: the evolutionary game (red/green dots) transitions from S to I
to R via two routes with probabilities p and 1 − p, each corresponding to an infection level Iφ.
Susceptible individuals may also jump directly to R by vaccination. At any time, independent
of p, the population splits into real-news readers (xr, green) and fake-news readers (xf , red),
with xf (t) + xr(t) = 1. Real-news individuals adopt protective measures (distancing, masking,
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early vaccination), while fake-news individuals behave inappropriately; thus, higher xr reduces
infections.

Fig. 1. The scheme of transition between groups S, I and R. The process is coupled with the
evolutionary game between the proportions of Warned-Fake (xf ) and Warned-Real (xr)

individuals for each case of initial infection rates, i.e. high (h) and low (l)

In our quest to solve the model, we define the payoff matrix A(Iφ) as a function of the
expected fraction of infected subgroup in the evolutionary game, embedding information about
the state of the population as follows,

A(Iφ) = Iφ

(
c1 kf
kr c2

)
+ (1− Iφ)

(
c1 kf
kr c2

)
, (2)

where c1 and c2 are the costs of curing an infected individual belonging to any group, while c1 and
c2 represent the cost of preventive measures before the agent reaches the condition of infection.
Furthermore, we assume that prevention is less costly than treatment, so that (ci >> ci), with
i ∈ {f, r}. This assumption is not unrealistic, given that the government aims at reducing the
number of infected individuals to a minimum, in order to flatten the infection curve. During
the evolutionary game, individuals do not alter their beliefs when interacting with like-minded
people. However, when Warned-Fake interact with Warned-Real, there may be a transition from
one group to the other for each of them. We denote by (1 − µ) the probability of transitioning
from Warned-Fake to Warned-Real, while (1− ν) is the probability of the opposite direction. We
then provide explicit form of the cost parameters ki >> ki, with i ∈ {f, r} as follows,

kf = c1µ+ c2(1− µ), kr = c2ν + c1(1− ν),
kf = c1µ+ c2(1− µ), kr = c2ν + c1(1− ν).

(3)

The dynamic evolutionary equations for the fractions of Warned-Fake xf and Warned-Real
xr are given by

ẋf (t) = (p(ef ,X)− p(X,X))xf (t),
ẋr(t) = (p(er,X) − p(X,X))xr(t),

(4)

where X(t) = (xf (t), xr(t)), xf (t) = 1 − xr(t), ef = (1, 0), er = (0, 1) denote pure strategies,
and p(·, ·) is the payoff function. We shall also assume that in the evolutionary game we are
considering symmetric games and therefore the payoff matrix of the second player is B = A(Iφ)

T .
The expected payoff of the i-th strategy of the first player is given by

p(ef ,X) = efA(Iφ)X, p(er,X) = erA(Iφ)X. (5)

Evolutionary dynamics [19] for extended payoff matrix (2) is given by

ẋf (t) = xfxrQ(xf , xr, Iφ), (6)

where Q(xf , xr, Iφ) = p(ef ,X)− p(er,X).
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Simplified substitutions and calculations lead to the following differential equation describing
the evolution of the proportion of informed-fake individuals.

ẋf = x2fxr(c1 − kr + Iφ(c1 − c1 − kr + kr)) + xfx
2
r(kf − c2 + Iφ(kf − kf − c2 + c2)). (7)

2. Hidden Control Approach

In this section, we introduce the control parameters. Recall that the regulator’s objective is
to boost the share of followers of real news by encouraging the dissemination of real information
and restraining the spread of fake news. This approach is referred to as Hidden Control. We
define the control parameters ui(t), i = {1, 2}, as the investment strategies that will contribute
to improving the gain components for real news in the gain matrix

A(Iφ) = Iφ

(
c1 kf
kr c2 + u1

)
+ (1− Iφ)

(
c1 kf
kr c2 + u2

)
. (8)

We assume that exposure to real information, e.g. advertising campaigns, awareness
campaigns, monetary incentives, contributes to the likelihood of having a favorable attitude
towards a preventive behavior, in our scenario we consider the example of immunization by
vaccination. To reflect this, we introduce the parameter v(t) ∈ [0, 1] as the proportion of the
susceptible subgroup that accepts early vaccination. For instance, whenever v(t) = 0, 5, half of
all susceptible individuals are inoculated. On the other hand, if v(t) = 0, everyone is vaccine-free,
and if v(t) = 1, the susceptible subgroup as a whole is immunized. The dynamics of the system
given in (9) becomes,

Ṡφ = −βφSφIφ − vSφxr,
İφ = βφSφIφ − σIφ,
Ṙφ = σIφ + vSφxr,
ẋf = xfxrQ(xf , xr, Iφ).

(9)

Next, we introduce and discuss the optimal control structure as a function of the concavity
(convexity) characteristics of the cost functions.

2.1. Optimal Control Structure

As one might expect, the implementation of the hidden control approach doesn’t come
without cost to the government. We define J as the objective function that groups the cost
functions in our model, i.e. the cost of infections f(Iφ(t)), the cost of raising public awareness
hi(ui(t)), and the vaccination cost l(v(t)). f(Iφ(t)) is assumed to be non-decreasing, twice-
differentiable and convex, with f(0) = 0, f(Iφ) > 0 for all Iφ(t) > 0. hi(ui(t)) and l(v) are
twice-differentiable and increasing functions in ui(t) and v(t) such that hi(0) = 0, hi(x) > 0,
i = 1, 2 when x > 0 (the same characteristics are retained for the l(·) functions).

The aggregated system costs over the time interval [0, T ] are then defined as

J =
∫ T

0

(
f(Iφ(t)) + h1(u1(t)) + h2(u2(t)) + l(v(t))

)
dt. (10)

The regulator is then faced with an optimal control problem in which these costs must be
minimized, i.e. min{u1,u2,v} J.

Using Pontryagin’s maximum principle, we build the optimal control u1(t), u2(t), v(t) to the
minimisation problem [20]. Next, we define the associated Hamiltonian H and adjoint functions
λSφ

(t), λIφ(t), λRφ
(t), λxf

(t), λxr(t) and as follows

H = −J +
∑

X λiḃ, λ̇X = −
H

X
,where X = {Sφ, Iφ, Rφ, xr, xf} (11)

with the following transversality conditions

λSφ
(T ) = λIφ(T ) = λRφ

(T ) = λxf
(T ) = λxr(T ) = 0. (12)
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According to Pontryagin’s maximum principle, there exist continuous and piece-wise
continuously differentiable co-state functions λ(t) = (λSφ

(t), λIφ(t), λRφ
(t), λxf

(t), λxr(t)) that
satisfy (11) and (12) for t ∈ [0, T ] together with continuous functions u∗1(t), u

∗
2(t), and v∗(t):

(u∗1, u
∗
2, v

∗) ∈ arg max
u1,u2,v

H(λ, Sφ, Iφ, Rφ, xf , xr, u1, u2, v). (13)

Proposition 1. The following statements apply to the optimal control problem described in this
section:

• When hi(·) are concave functions, then there exists t0 ∈ [0, T ] such that for i = 1, 2 :

u∗i (t) =

{
umax
i , for 0 ≤ t ≤ t0;

0, for t0 < t ≤ T.

• When hi(·) are strictly convex functions, then there exist the time t0, t1, 0 < t0 < t1 < T
such that for i = 1, 2 (α(t) ∈ (0, umax

i )):

u∗i (t) =

{
umax
i , for 0 ≤ t ≤ t0;
α(t), for t0 < t ≤ t1;
0, for t1 < t ≤ T.

Same proposition holds for vaccination parameter v(t). We define functions ψi(t) as follows:

ψ1(t) = (λxr(t)− λxf
(t))xf (t)x

2
rIφ(t),

ψ2(t) = (λxr(t)− λxf
(t))xf (t)x

2
r(1− Iφ(t)),

ψ3(t) = (λRφ
(t)− λSφ

(t))Sφ(t)xr.
(14)

Proposition 2. Functions ψi(t), i = 1, 3 are decreasing functions of t ∈ [0, T ].

Based on previous research [21], in this subsection we define the structure of the optimal
control. Under the condition that hi(ui) and l(v) are increasing functions with respect to Iφ ≥ 0

and Sφ ≥ 0, the Hamiltonian then reaches its maximum if ψi = ḣi(ui) ≥ 0, i = 1, 2, and

ψ3 = l̇(v) ≥ 0. We can find such ui and v if and only if the following conditions are satisfied:
(λxr(t)− λxf

(t)) ≥ 0 and λRφ
(t)− λSφ

(t) ≥ 0.

2.2. Functions hi(·) are Concave

In this subsection, we assume that hi(·) is a concave function (h′′i (·) ≤ 0), then, based
on results in (11), the Hamiltonian is a convex function of ui(·), i = 1, 2 and v(·). There are
two different options for ui ∈ [0, umax

i ] and v ∈ [0, vmax] that maximimize the Hamiltonian. If
−hi(0) + ψi(t) · 0 > −hi(u

max
i ) + ψi(t) · u

max
i or hi(u

max
i ) > ψi(t)u

max
i , then the optimal control

is ui = 0; otherwise ui = umax
i . Same for the control parameter v(t). For i = 1, 2, the optimal

control parameters ui(t) and v(t) are defined as follows (same for the vaccination control v∗(t)):

u∗i (t) =

{
0, for ψi(t)u

max
i < hi(u

max
i ),

umax
i , for ψi(t)u

max
i ≥ hi(u

max
i ). (15)

2.3. Functions hi(·) are Strictly Convex

Here, we let hi(·) to be a strictly convex function (h′′i (·) > 0); so the Hamiltonian can be a
concave function. Next, we assume the following derivative:

∂

∂x
(−hi(x) + ψi(t)x) |x=xi

= 0. (16)
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There are three possible maxima for the Hamiltonian. This is a direct result to the fact that
x ∈ [0, umax

i ] and u∗i (t) = xi. Characterizing these three values requires solving the following
derivatives of the Hamiltonian at ui = 0 and ui = umax

i . If the derivatives (16) at ui = 0 are
non-increasing (−h′i(0)+ψi(t) ≤ 0), then the value of the control that maximizes the Hamiltonian
is less than 0, and according to our restrictions (ui ∈ [0, umax

i ]) the optimal control will be equal
to 0. If the derivatives at ui = umax

i are increasing (−h′i(u
max
i ) + ψi(t) > 0), this means that the

value of the control that maximizes the Hamiltonian is greater than umax
i . Hence, the optimal

control will be 1; otherwise, we can find the value of u∗i ∈ (0, umax
i ) (same for the vaccination

control v∗(t)):

u∗i (t) =

{
0, for ψi(t) ≤ h′i(0),
h′−1(ψi(t)), for h′i(0) < ψi(t) ≤ h′i(u

max
i ),

umax
i , for h′i(u

max
i ) < ψi(t), i = 1, 2.

(17)

3. Direct Control Approach

Similarly, we provide the solution to optimal control in the direct control approach. Here,
public awareness is raised by directly reducing the proportion of people exposed to “fake news”.
the system dynamic is now given by

Ṡφ = −βφSφIφ − vSφxr,
İφ = βφSφIφ − σIφ,
Ṙφ = σIφ + vSφxr,
ẋf = xfxrQ− uxf .

(18)

The definition of the cost functions are similar to the previous section. Aggregated system costs
are given by,

J =
∫ T

0

(
f(Iφ(t)) + h(u(t)) + l(v(t))

)
dt. (19)

We now define the functions ψi, i = 1, 2 as follows,

ψ1(t) = (λxr(t)− λxf
(t))xf (t), ψ2(t) = (λRφ

(t)− λSφ
(t))xr(t)Sφ(t). (20)

• When hi(·) and l(·) are concave functions, the optimal control structure is

u∗(t) =

{
umax, for ψ1(t)u

max ≥ h(umax);
0, for ψ1(t)u

max < h(umax).

• When h(·) are strictly convex functions, the optimal control structure is

u∗(t) =

{
umax, for h′(umax) < ψ1(t);
h′−1(ψi(t)), for h′(0) < ψ1(t) ≤ h′(umax);
0, for ψ1(t) ≤ h′(0).

Analogously, the structure of the optimal control for parameter the v(t) can be defined.

4. Stability Properties and Steady-States

Thus far, the focus of our optimal control analysis has been on the left side of Fig. 1,
specifically the Sφ–Iφ dynamics and information-flow interactions via a limited-vaccination
evolutionary game (allowing direct Sφ to Rφ transitions). However, the primary objective of
the regulator is to achieve an outbreak of the infection, with the aim of moving individuals into
the R state as quickly and extensively as possible, with the ideal scenario being a state of R = 1
(S = I = 0). This motivates a theoretical note on the steady-state levels of Rφ, intended to spur
reflection on the broader role of the model.

The disease-free equilibrium of the system (9) is defined as follows: E1 = (Sφ, Iφ, Rφ) =
(1, 0, 0). Initially, all individuals are susceptible, with a single homogeneous information group
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(xr = xf = 0), since no information or infection has been introduced. Following the declaration
of an infection (Iφ > 0), the virus is known to spread freely, resulting in the following equation:
(9):

−βφSφIφ − Sφxr = 0, βφSφIφ − σIφ = 0, (21)

recall that Sφ + Iφ + Rφ = 1, mainstream calculations lead to R0 =
βφ
σ

. The new equilibrium

associated with the outbreak then becomes E2 = ( 1
R0
, 0, 1 − 1

R0
) [22].

Now, the information stream can be introduced into the game and the evolutionary game
starts and is given by the following equation,

ẋf = xfxrQ(xf , xr, Iφ).

We note that four equilibria (fixed points) can be drawn from the above function depending
on the division of the players between Warned-Fake and Warned-Real groups such as
(0, 0), (1, 0), (0, 1), (x̂f , 1− x̂f ), where

x̂f =
c̄2 − kf + Iφ(c2 − c̄2 − kf − k̄f )

c̄2 − c2 − k̄r − k̄f + Iφ(c1 − c̄1 − kr − k̄r − kf − k̄f + c2 + c̄2)
.

Solving for the final state of the epidemic size we obtain,

dSφ
dRφ

= −R0Sφ. (22)

And the steady-state for the susceptible subgroup is then derived such that,

Sφ(∞) = Sφ(0)e
−R0[Rφ(∞)−Rφ(0)]

based on the fact that the ultimate solution would sustain a zero infection rate, i.e. Iφ(t) = 0,
and since Sφ(∞) = 1 − Rφ(∞) we then have the recovered steady-state value corresponding to
the final epidemic size as follows (With R0 > 1 implies Rφ(∞) > 0):

Rφ(∞) = 1− e−R0(Rφ(∞)).

5. Numerical Simulation

To illustrate our theoretical results, we perform a series of numerical calculations in the
form of experiments [23]. The constellation of parameter values remains unchanged for all our
experiments, such that, βl = 0, 1; βh = 0, 3; σ = 0, 05; Il = 0, 05; Ih = 0, 3; Sφ(0) = 1 − I(0);
Rφ(0) = 0; xf (0) = 0, 9; xr(0) = 0, 1. The costs are given by f(Iφ) = 50Iφ(t); l(v(t)) = 5v(t);
vmax = 0, 15. Costs of raising public awareness are h1(u1(t)) = 15u21(t) and h2(u2(t)) = 10u22(t).
The payoff matrix parameters are respectively given by c1 = −0, 3; c2 = −0, 2; c1 = −0, 2; and
c2 = −0, 1. For each experiment, we run the model for the time interval t ∈ [0, 100].

In combining every possible case arising from the realization of the probabilistic values of
βφ and Iφ, we are left with 36 cases. To alleviate the burden of the curse of dimensionality, we
consider only two values of βφ coupled with alternative cases. Realistically, a small value of βφ
corresponding to low virulence is likely to induce insignificant propagation of the virus within
the population, yet this choice of case limitation allows us to answer our research question.
Consequently, in order to test the model’s sensitivity with regard to the probability parameter,
we vary the parameter p in the stochastic interval {0, 0, 2, 0, 4, 0, 6, 0, 8, 1}.

Experiment 1. Hidden Control Approach & Low Infection Rate. This experiment
shows the behaviour of the complex system if the control parameters are included into the
structure of the payoff matrix. We show the case of low infection rate βl = 0, 1. Here, the control
strategies ameliorate the value of an agent, which corresponds to capturing real news. We assume
that reading real news assists in protecting the agents from mistakenly purchasing unnecessary or
ineffective medicine for example. In Fig. 2 the behaviour of the SIR model and the evolutionary
trends of the news dynamics are presented. Fig. 3 below shows the impact of the hidden control
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to the decisions of the population agents. The structure of the optimal control and aggregated
costs is demonstrated in Fig. 2 and 3.

Given our set of constellation parameters considered for the payoff matrix, our model returns
an aggregate cost value equivalent to J0 = 7, 43 · 107 monetary units in the uncontrolled case
and J1 = 2, 95 · 107 monetary units in the controlled case. Hence, the application of the hidden
control is an effective measure that protects the population from the consequences of epidemics.

Fig. 2. SIR model (left) and evolution of the proportions fake xf and real xr news followers
(middle) in uncontrolled case (βl = 0, 1). Comparison of the aggregated costs (right)

Fig. 3. SIR model (left) and evolution of the proportions fake xf and real xr news followers
(middle) in controlled case (βl = 0, 1). Structure of the optimal control (right)

Experiment 2. Hidden control approach and High infection rate. Similarly, we draw
conclusions for the case where hidden control is implemented when the expected infection rate is
high. Aggregated costs are demonstrated in Fig. 4. Fig. 5 shows the impact of the hidden control
to the decisions of the population agents and the structure of the optimal control.

Fig. 4. SIR model (left) and evolution of the proportions fake xf and real xr news followers
(middle) in uncontrolled case (βh = 0, 3). Comparison of the aggregated costs (right)

Given our set of constellation parameters considered for the payoff matrix, our model returns
an aggregate cost value equivalent to J0 = 9, 87 · 107 monetary units in the uncontrolled case and
J1 = 7, 6 · 107 monetary units in the controlled case. Once again, the application of the hidden
control is revealed to be an effective measure.
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In the next two experiments, we consider the second approach and assume that the impact of
the control parameters is direct and convert individuals from the Warned-Fake to Warned-Real
state.

Fig. 5. SIR model (left) and evolution of the proportions fake xf and real xr news followers
(middle) in controlled case (βh = 0, 3). Structure of the optimal control (right)

Experiment 3. Direct control approach and Low infection rate. Figs. 6, 7 depict the
behaviour of the epidemic system and the evolutionary news dynamics in both uncontrolled and
controlled cases respectively.

Fig. 6. SIR model (left) and evolution of the proportions fake xf and real xr news followers
(middle) in uncontrolled case (βl = 0, 1). Comparison of the aggregated costs (right)

Fig. 7. SIR model (left) and evolution of the proportions fake xf and real xr news followers
(middle) in controlled case (βl = 0, 1). Structure of the optimal control (right)

In the third experiment we get the following values of aggregated costs in the uncontrolled
case J0 = 7, 43 · 107 m. u. and J1 = 2, 02 · 107 m.u. in the controlled case.

Experiment 4. Direct control approach & High infection rate. Figs. 8–9 depict the
behaviour of the epidemic system and the evolutionary news dynamics in both uncontrolled and
controlled cases respectively.

In the fourth experiment we get the following values of aggregated costs in the uncontrolled
case J0 = 9, 87 · 107 m. u. and J1 = 4, 9 · 107 m.u. in the controlled case.
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Fig. 8. SIR model (left) and evolution of the proportions fake xf and real xr news followers
(middle) in uncontrolled case (βh = 0, 3). Comparison of the aggregated costs (right)

Fig. 9. SIR model (left) and evolution of the proportions fake xf and real xr news followers
(middle) in controlled case (βh = 0, 3). Structure of the optimal control (right)

Concluding Remarks

We studied a stochastic evolutionary SIR model with interacting individuals whose infection
dynamics are shaped by both social-planner interventions and information exchanges. Government
investment in limiting fake news reduces the Warned-Fake population, while interactions between
individuals exposed to different information types generate probabilistic transitions across
information groups. This mechanism keeps evolutionary dynamics active by allowing individuals
to revise or retain their beliefs.

Initial infection rates play a central role in the model and are treated here as exogenous. Yet,
early pandemic decisions may themselves influence the speed of both viral and informational
diffusion, while public panic can introduce additional noise into infection dynamics [24, 25].
Our numerical results contribute to debates on whether planners should disclose their actions
and intentions when combating disease spread and misinformation. Direct control appears most
effective, but it may also be perceived by individuals as intrusive or as limiting personal freedom.

Administrative and Legal Implications

Beyond its theoretical contribution, the model offers administrative and legal insights
for early-stage pandemic management. First, its stochastic structure highlights the need for
protocols that monitor uncertainty in infection indicators and information flows, including
early-warning systems, coordination between epidemiological and communication units, and
tracking of misinformation exposure. Second, the comparison between hidden and direct control
shows that informational interventions depend on the regulatory framework governing public
communication, including legal rules on awareness campaigns, misinformation control, and
intervention in digital channels during health emergencies. Finally, the optimal-control results
support adaptive administrative and legal mechanisms for allocating resources to awareness,
testing, and immunisation under uncertainty. Thus, the model can inform both epidemiological
strategies and institutional tools for early pandemic response.

Several extensions remain possible. Future work could introduce asymmetry between players,
adopt richer epidemiological structures such as SIS or SIRS models to capture population
subgroups, or model information diffusion through social networks where fake news spreads
endogenously.
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СТОХАСТИЧЕСКАЯ ДИНАМИКА И ОПТИМАЛЬНОЕ УПРАВЛЕНИЕ
В ЭПИДЕМИЧЕСКИХ МОДЕЛЯХ

Е.А. Губар1, В.А. Тайницкий1, И. Дамуни2

1Санкт-Петербургский государственный университет, г. Санкт-Петербург,
Российская Федерация
2Университет Британской Колумбии, г. Ванкувер, Канада

Мы разрабатываем эволюционную SIR-модель со стохастическим информационным сло-
ем для анализа влияния неопределенности на динамику распространения инфекции на на-
чальном этапе пандемии. Данный подход учитывает два вида неопределенности: (i) неопре-
деленность в отношении показателей здоровья, включая неизвестные начальные темпы ин-
фицирования, и (ii) неопределенность в процессе обновления информации, возникающую в
результате взаимодействия индивидов, подверженных влиянию конкурирующих типов ин-
формации. Мы характеризуем свойства устойчивости стохастической системы и сравниваем
полученную эволюционную динамику с динамикой соответствующей детерминированной мо-
дели. Затем мы формулируем и решаем сопутствующую задачу оптимального управления,
определяя оптимальную траекторию информационного воздействия со стороны регулирую-
щего органа. Результаты численного моделирования демонстрируют, как изменение парамет-
ров влияет на динамику инфекции и на оптимальный уровень вмешательства регулятора,
направленного на повышение достоверности информации среди населения.

Ключевые слова: анализ системы управления; оптимальное управление; sir модель; эпи-

демический процесс; распространение дезинформации.
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