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We investigate an SIR model of epidemic propagation on networks in the context of mean-field games. In a
real epidemic, individuals adjust their behavior depending on the epidemic level and the impact it might have on
them in the future. These individual behaviors, in turn, affect the epidemic dynamics. Mean-field games are a
framework in which these retroaction effects can be captured. We derive dynamical equations for the epidemic
quantities in terms of individual contact rates, and via mean-field approximations, we obtain the Nash equilibrium
associated with the minimization of a certain cost function. We first consider homogeneous networks, where all
individuals have the same number of neighbors, and discuss how the individual behaviors are modified when
that number is varied. We then investigate the case of a realistic heterogeneous network based on real data from
a social contact network. Our results allow us to assess the potential of such an approach for epidemic mitigation
in real-world implementations.
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Introduction. The lack of integration of dynamic human
behavior into epidemic modeling remains a major limitation
of contemporary epidemiological models [1–3]. Indeed, in-
dividual behavior creates a time-dependent feedback on the
transmission rate that is often out of reach for epidemiologists.
Relevant human behavioral dynamics can be separated into
two primary categories. The first corresponds to behaviors
independent of epidemics, driven by routine patterns such
as day/night cycles, weekdays versus weekends, holidays,
and other habitual activities. The second category includes
adaptive responses triggered by the epidemic itself, where in-
dividuals adopt precautionary behaviors such as using masks,
avoiding handshakes, or reducing contact to lower infection
risks [4]. These adaptive behaviors may arise spontaneously
or be prompted by specific nonpharmaceutical interventions,
creating a feedback loop that can significantly influence the
epidemic’s trajectory. Despite evidence of its importance
[5,6], particularly highlighted by the COVID-19 pandemic
[7], this “human-in-the-loop” factor is often not considered
in predictive models, where the dynamics of human behavior
is treated instead as an external parameter [2,8] acting on the
transmission rate.

To address this limitation, theoretical approaches have
been developed, including models that incorporate parallel
information spread [9,10] or utilize payoff-based frameworks
(see Poletti et al. [11], or more recently, Amaral et al. [12]). In
this study, we will focus on a recent and impactful approach:
the mean-field game (MFG) paradigm. In short, MFGs are
tools derived from game theory that enable us to incorporate
strategic interactions within systems involving a large number
of agents. This game-theoretic framework makes it possible
to account for anticipation effects arising from individuals
optimizing intertemporal costs, and to describe “free-rider”
behaviors, where individual optimization deviates from the
collective societal optimum [4]. The solution associated with

the MFG is referred to as a Nash equilibrium, meaning that no
individual would benefit from modifying her strategy—that is,
her behavior over the course of the epidemic—if the strategies
of others remain unchanged. For a comprehensive mathemat-
ical introduction to MFG, see [13], and for applications of
MFG to epidemiological modeling, see [14] and [8] for a
recent review.

In this Letter, we consider the propagation of an epidemic
where contacts between individuals can be described by a
network. In such an instance, the structure of the underlying
contact network, including factors such as contact hetero-
geneity, correlations, clustering, and other forms of network
organization, has been demonstrated to have an important
influence on epidemic dynamics [15–20]. For instance, het-
erogeneity is known to significantly reduce the epidemic
threshold on networks and to increase the propagation of the
virus compared to a homogeneous network of the same aver-
age degree [17,21]. Correlations between degrees, reflected by
the assortativity [22] of the network and the clustering level
[23], have also been shown to play a significant role in the
propagation of epidemics.

On top of this network structure, we implement an MFG
framework. In the MFG approach, individuals are grouped
into relevant classes to facilitate a mean-field treatment, re-
quiring the identification of key factors driving individual
behavioral responses. For instance, in [24], the age-based
social structure is considered, along with the contact location
(e.g., schools, households, workplaces), recognizing that age
significantly influences the risk of infection in many diseases,
while different locations lead to distinct contact patterns. For
epidemics on networks, we will make the basic assumption
that individuals with the same number of neighbors behave in
the same way.

The objective of this paper is to examine how individu-
als’ spontaneous behavioral responses are shaped by network
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structure within a susceptible-infected-recovered (SIR) model
on networks. We begin by presenting a model that is grounded
in the MFG approach. We then analyze the impact of network
degree by examining Nash equilibrium outcomes on homoge-
neous networks. Finally, we demonstrate how heterogeneity
and network correlations give rise to specific effects on realis-
tic networks.

The MFG framework on networks. We consider a popu-
lation of N individuals (N large), represented by nodes of a
network. The possible contacts of an individual are the neigh-
boring nodes on the network. The number of these contacts
is called the degree of the individual, denoted k. The degree
distribution is denoted by P(k), and the two-point degree
correlation matrix is represented by Gkk′ = P(k′|k), which is
the conditional probability, for a given node of degree k, to
have a neighbor of degree k′. Here, we consider Markovian
networks, defined by the fact that they are fully characterized
by P(k) and Gkk′ [25].

Each individual, or node of the network, can be in one of
three possible states x = s, i, r for, respectively, susceptible,
infected, and recovered. Contamination occurs via edges con-
necting a susceptible individual to an (asymptomatic) infected
individual. The dynamics follows a standard Markov process:
during the time interval [t, t + dt], an edge between a sus-
ceptible and an infected individual transmits the disease with
probability λ(t )dt . As in the basic SIR model, infected indi-
viduals recover from the disease during that time interval with
probability γ dt . In view of the mean-field treatment of the
problem, we assume that nodes of a given degree and state are
equivalent, which allows us to characterize the dynamics by
the average quantities Sk, Ik, Rk , giving the relative proportion
of individuals of degree k in the state susceptible, infected, or
recovered at time t . Moreover, we make the degree pairwise
approximation [26,27], which posits that only correlations of
degree and state between nearest neighbors on the network
play a role in the dynamics. We thus introduce the conditional
probability Gxy

kk′ for a given node to be of state y and degree k′,
knowing that this node has a neighbor of state x and degree k,
a quantity which accounts for all pairwise correlations inside
the network.

On top of the above SIR model, we implement an MFG
setting in which individuals control their own contact rate via
a control variable n(t ) which they can adjust. We assume that
the transmission rate between individuals a and b is symmetric
and given by λ(0)na(t )nb(t ), where λ(0) represents the baseline
rate in the absence of any control. As in [24], we assume that
contamination occurs through (a vanishingly small proportion
of) asymptomatic infected individuals, as symptomatic ones
would isolate themselves after becoming ill [28]. As these
asymptomatic infected individuals share the same knowledge
as those who are susceptible, they behave as susceptible (see
[24] for a detailed discussion). Therefore, only the control
variable of susceptible (or infected asymptomatic) individuals
matters, since the others are taken out of the game. Physi-
cally, na(t ), which we call the “effort parameter,” represents
the willingness of individual a to engage in risky interac-
tions with her neighbors. In the absence of effort we have
na(t ) = 1, while the maximum effort corresponds to some
fixed value na(t ) = nmin. In our mean-field framework, at the
Nash equilibrium, the behavior of the agents only depends on

their degree k, and one defines one control variable nk (t ) for
each degree. The effective transmission rate between indi-
viduals of degree k and k′ is then given by λ(0)nk (t )nk′ (t ).
Note that nk is assumed to be independent of the neighbor’s
degree k′. While this assumption may overlook some practical
circumstances, it simplifies both the analytical and numerical
resolution of the model.

Epidemic dynamics. Considering now the dynamical equa-
tions describing our system, we introduce the following
transition rates. We denote by T k

x→zdt the probability for the
state x of a node of degree k to change to state z in the time
interval dt , and by T kk′

(x,y)→(x′,y′ )dt the probability for an edge
of type (x, y) and degrees (k, k′) to become of type (x′, y′). As
shown in the Supplemental Material [29], the only nonzero
rates are

T k
i→r = γ , (1a)

T k
s→i = λ(0)nk (t ) k

∑
k′

nk′ (t )Gsi
kk′ (t ), (1b)

T kk′
(s,x)→(i,x) � λ(0)nk (t )

[
nk′ (t )δx,i + (k −1)

∑
k′′

nk′′ (t )Gsi
kk′′ (t )

]
,

(1c)

where in Eq. (1c), we have used the pairwise approximation
[26,27]. The two terms in Eq. (1c) reflect the fact that con-
tamination of a susceptible node along a susceptible-infected
edge can come from the infected neighbor (Kronecker delta)
or from the (k − 1) other neighbors of the susceptible node
[30].

With these notations, the SIR system for each degree can
be expressed as

Ṡk (t ) = −Sk (t )T k
s→i, (2a)

İk (t ) = Sk (t )T k
s→i − Ik (t )T k

i→r, (2b)

Ṙk (t ) = Ik (t )T k
i→r . (2c)

Within the pairwise approximation [26,27], that is, neglecting
three-point correlations (and beyond) which should appear in
its evolution, the dynamics of Gsi

kk′ is given (see Supplemental
Material [29]) by the coupled equations

d

dt

(
XkGxy

kk′
) =

∑
x′y′

X ′
k Gx′y′

kk′ T kk′
(x′,y′ )→(x,y)

− Xk Gxy
kk′

∑
x′y′

T kk′
(x,y)→(x′,y′ ), (3)

where Xk denotes the relative proportion of agents of state x
in the class k. The pairwise approximation has been shown to
be very accurate on Markovian networks [31].

The system (1)–(3) forms the Kolmogorov system of our
MFG. Given the set S = {nk (·)}k of all collective strategies
of degree-k individuals at all times, this system describes the
evolution of all epidemic rates.

Individual optimization. In the MFG setting, the nk (t ) are
given as the result of individual optimization of agents and
depend on the epidemic rates. In order to obtain the nk (t ),
we assume that individuals of degree k are sensitive to an
intertemporal mean-field cost between the time t at which the
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TABLE I. Table of parameters used in our simulations.
λ(0) = 4/〈k〉 allows us to appropriately compare epidemics on differ-
ent networks by rescaling the infection rate and keeping a constant
infection probability λ(0)〈k〉 on average.

(S0, I0, R0) = (0.995, 0.005, 0), γ = 1, λ(0)〈k〉 = 4
rI = 50, nmin = 0.1

optimization is performed and the end of the game at time
T . Here, we choose T large enough so that herd immunity is
reached well before T . At time t , a representative susceptible
individual a of degree k wishes to optimize the average cost
[24,32]

C(na(·),S, t ) =
∫ T

t
[λa(τ ) rI + fk (na(τ ))]Pa(τ |t )dτ, (4)

in which we have introduced the force of infection perceived
by individual a,

λa(τ ) = λ(0)na(τ )k
∑

k′
nk′ (τ )Gsi

kk′ (τ ), (5)

obtained in the same way as Eq. (1b), and Pa(τ |t ) ≡
exp[− ∫ τ

t λa(u)du] the probability for individual a of still be-
ing susceptible at time τ > t , knowing that she is susceptible
at time t . In (4), the cost function is the sum of a cost rI ,
incurred in case of an infection, and a social cost fk . Here,
we assume that the infection cost rI is independent of k (all
individuals are equally affected by the disease), while the
social cost of being deprived of contacts is likely to depend
on the degree and hence is a function of k.

From an individual’s perspective, the best strategy at time
t is to tune her effort parameter na(τ ), τ > t , in order to
minimize her own foreseeable cost (4). Introducing the value
function

Ua(t ) =
{

min
na(·)

C(na(·),S, t ), a susceptible at t

0, a infected/recovered at t,
(6)

one can show, following the same reasoning as in [24], that

−dUa

dt
= min

na(t )
[λa(t )(rI − Ua(t )) + fk (na(t ))]. (7)

This is a differential equation for which the final condition
Ua(T ) = 0 is fixed; it is known as the Hamilton-Jacobi-
Bellman equation of the game. Finally, the MFG setting
requires a consistency condition to be at a Nash equilibrium,
namely that the optimal strategy n∗

a(t ) which minimizes the
right-hand side of (7) should be the same as the one entering
into the Kolmogorov system of equations (1)–(3) for individ-
uals with the same degree. For any individual a of degree k
one thus has

n∗
a(t ) = nk (t ). (8)

Equations (1)–(3), together with Eqs. (7) and (8), form the
MFG system of our game. We solve it numerically using a
gradient descent approach (for details, see [33]).

For all our simulations, the parameters characterizing the
epidemics are those given in Table I [34]. For the social cost

FIG. 1. Left column: Dynamics of infected individuals, corre-
sponding to the Nash equilibrium, with the parameters of Table I
for different homogeneous networks, with k = 4 (blue), 6 (orange),
8 (green), 12 (red), 20 (purple), and classical SIR model (black
dashed); the social cost function is f ε

k with ε = 1 (top) and ε = 0
(bottom). Inset: dynamics of the probability φ(t ) = 1 − P(t |0) to
be infected before t . Right column: Dynamics of the corresponding
individual effort parameter, with the same parameters and color code
as for the left column.

function, we chose the specific form

f ε
k (n(t )) = kε

(
1

n(t )
− 1

)
, ε = 0 or 1, (9)

which allows us to explore different regimes of social de-
pendence on neighbors. Physically, the choice ε = 1 implies
that a constant social cost of ( 1

na (t ) − 1) is assigned to each
neighbor, which means that for a fixed fraction of contacts
lost, an individual with a higher number of neighbors is more
impacted than an individual with fewer neighbors. In the case
ε = 0, the social cost is the same for all individuals, whatever
their degree.

Homogeneous networks.We first consider the simplest case
of homogeneous networks (or regular graphs), where each
node has the same number k of neighbors. After numerically
solving the system of equations discussed above and reaching
a Nash equilibrium, we obtain the epidemic rates and asso-
ciated effort parameters. They are displayed in Fig. 1 for the
two different possibilities f 0,1

k (note that here ε = 0 or 1 only
affects the relative importance of the social cost with respect
to the infection cost). Several observations can be made.

First, we observe in Fig. 1 that while individuals reduce
their contact rate predominantly during the epidemic peak,
their maximal effort occurs slightly after the peak is reached
(see, for instance, the case k = 4 on the first row), and they
maintain their effort well beyond the peak. This suggests that
individuals engage in a form of “reverse anticipation.” More
precisely, it is not the anticipation of the incoming epidemic
that motivates their behavior, but the compound effect of the
actual (present time) intensity of the epidemic and of the
anticipation of its end. Indeed, at the onset of the epidemic,
the prospect of maintaining a significant effort for the whole
duration of the epidemic, while the latter is still growing
slowly and individuals anticipate that collective immunity will
not be reached anytime soon, appears more costly (with our
choice of parameters) than paying the “one-time” cost of
infection. However, as collective immunity is in sight, shortly
before the epidemic peak and for some time after, it becomes
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advantageous to make efforts to avoid infection, since the
epidemic is still severe, and the remaining time before the
epidemic is over is reasonably short. It then becomes advan-
tageous for susceptible individuals to make significant efforts,
as they have a good chance of avoiding infection forever if
they protect themselves for a relatively short period.

While the mechanism described above is rather generic, the
precise range and intensity at which it is at play, of course, de-
pends on the choice of parameters. In particular, epidemics on
random homogeneous networks progress faster and are more
intense as k increases [32]. For constant fk (ε = 0, second row
of Fig. 1), the ratios between social effort and infection cost
remain essentially constant across degrees, and are fairly low
for our choice of parameters. This leads to effort patterns that
are similar across degrees, with individuals tending to protect
themselves by “flattening” the infection curve φ(t ), thereby
minimizing their probability of infection. The only difference
between classes is that networks in which individuals have a
higher degree face more intense epidemics, requiring greater
and more prolonged effort while maintaining the same overall
pattern. On the other hand, when the social cost fk increases
with k (ε = 1, first row of Fig. 1), this increasing social cost
may compete with the one of the infection. As Fig. 1 shows,
these two factors essentially balance each other around a crit-
ical value k∗ � 6, leading to a significant intensity of effort.
However, below this threshold, the epidemic is not sufficiently
virulent, and above k∗ efforts become too costly to justify
a strong reduction of social contact. As k → ∞, individual
behavior converges to the effortless parameter n(t ) = 1, and
the infection curve approaches that of the classical SIR model
(see dashed curve in Fig. 1).

Heterogeneous networks We now investigate the more re-
alistic case of a heterogeneous network. The SIR model on
such networks is usually studied by considering a scale-free
distribution P(k) [21]. As the correlation matrix Gkk′ plays
a crucial role in the MFG equations, we choose to inves-
tigate a realistic network constructed in the following way:
We build P(k) based on the work of Eubank et al. [35] and
Béraud et al. [36]. We define it as a piecewise power-law
distribution P(k) ∝ kη(k) with η(k) = 1 for k ∈ [2, 5],−1.5
for k ∈ [5, 10],−3 for k ∈ [10, 100], which gives a maximum
of around five contacts per day. We chose the above exponents
η(k) and intervals for k in such a way that the range of k,
average, standard deviation, and maximum of that distribution
are consistent with [36]. In order to perform the numerical
simulations in a reasonable time, we split our distribution P(k)
into batches containing approximately the same number of
nodes. Namely, we consider that all nodes with degree k ∈
[k̃i, k̃i+1] can be treated as nodes with degree Ki, with Ki the
average degree of the nodes in that interval. Our choice for the
batches is given in Table II. The quality of this approximation
is demonstrated in Sec. II of the Supplemental Material [29].

For a given correlation matrix Gkk′ , one can introduce an
assortativity coefficient r ∈ [−1, 1], defined precisely in [22].
A positive r intuitively means that high-degree individuals
will tend to have contacts with high-degree individuals, and
similarly for low-degree individuals. Social contact networks
are known to be assortative, and here we choose r approx-
imately equal to 0.3, compatible with the kind of networks
described in [22]. Using the Newman rewiring algorithm [37],

TABLE II. Parameters characterizing the realistic heterogeneous
network used for Fig. 2: the five batches [k̃i, k̃i+1], the average de-
gree Ki of the nodes in each interval, and the corresponding degree
distribution P̃(K ) and correlation matrix GKK ′ .

Intervals [k̃i, k̃i+1] = [2, 5], [5, 7], [7, 10], [10, 19], [19, 100]
Average Ki = (3.2, 5.4, 7.8, 12.5, 31.2)

Distribution P̃(K ) = (0.26, 0.25, 0.22, 0.20, 0.07)

GKK ′ =

⎛
⎜⎜⎜⎜⎝

0.76 0.03 0.04 0.06 0.11
0.02 0.78 0.04 0.06 0.10
0.02 0.03 0.79 0.06 0.10
0.02 0.03 0.04 0.80 0.11
0.03 0.06 0.07 0.11 0.72

⎞
⎟⎟⎟⎟⎠

we obtain a matrix Gkk′ averaged over 10 networks of 20 000
nodes with r � 0.3.

The dynamics of the epidemics and the associated effort
parameters at the Nash equilibrium are obtained by solving
Eqs. (1)–(8). We assume that Gxy

kk′ (0) = Xk (0)Gkk′ , which in-
dicates that there is no correlation between states and degrees
at time t = 0. The results are displayed in Fig. 2 for the
two different choices of f ε

k . The specific impact of a realistic
distribution, together with the interactions between classes
(heterogeneity), can be captured. As all classes are in inter-
action in a heterogeneous network, we may have expected to
observe a homogenization of the outcomes. We observe, on
the contrary, that in all cases the spread, as a function of k,
of the total number of infected at T (inset panel), increases
compared to the homogeneous case.

In fact, herd immunity emerges on a global scale rather
than within each degree class. High-degree nodes are infected
early and cannot achieve herd immunity on their own due
to their small proportion in the network. As a result, the
overall virulence of the epidemic (i.e., the total number of
infections at time T ) is higher for these nodes than in homo-
geneous networks. In contrast, low-degree nodes benefit from
this dynamic: they reach herd immunity faster and with less

FIG. 2. Left panels: Dynamics of infected individuals at Nash
equilibrium for different batches, with the parameters of Tables I
and II. Inset: dynamics of the probability φ(t ) of being infected
before t . Right panels: Dynamics of the corresponding individual
effort parameter. Colored solid lines correspond to the dynamics
(for infected and effort parameter) associated with each batch of the
network: K = 3.2 (blue), 5.4 (orange), 7.8 (green), 12.5 (red), 31.2
(purple). Black dashed lines represent the global proportion in the
network for I and φ. Each row represents a specific choice of f ε

k :
ε = 1, 0 for the first and second row, respectively.
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epidemic impact due to the early and widespread infection of
high-degree nodes. This distinction between nodes that “ben-
efit” or “suffer” from network heterogeneity is illustrated in
Fig. 2 of the Supplemental Material [29] with an appropriate
comparison.

This observation allows us to understand individual behav-
ior in heterogeneous networks: high-degree individuals, who
cannot avoid infection, have little incentive to take protective
measures. In contrast, low-degree individuals benefit from
avoiding infection during periods of high transmission, which
motivates them to engage in early prevention efforts.

Differences in infection rates result in infection curves that
strongly depend on the degree. For ε = 1 (Fig. 2, upper right
panel), interactions between classes influence the competition
between costs in a complex manner: the curve tails shorten
with increasing degree, while effort levels decrease nonmono-
tonically. In contrast, for ε = 0 (Fig. 2, lower right panel),
effort patterns become degree-specific in a more understand-
able way: high-degree individuals protect themselves, while
low-degree individuals benefit from the collective immunity
achieved by others more rapidly.

Conclusion In the present Letter, we studied the problem of
epidemic propagation on networks from the point of view of
mean-field games. This allowed us to analyze how individual
behavior may affect the outcome of an epidemic when that
behavior itself is modified at each time by the epidemic. In
our model, individuals can tune the intensity of the contacts
they are willing to have with others (effort parameter) in order
to optimize the cost that this choice will make them incur in
the future. We showed that this interplay can be described
by a Hamilton-Jacobi-Bellman system of equations for the
individual costs and effort parameters, coupled with a set of
Kolmogorov equations describing the epidemic dynamics.

Our MFG approach to networks highlights the “reverse
anticipation” effect, where individuals adjust their behavior
in anticipation of the end of the epidemic—a phenomenon
likely to be observed in contexts other than networks. This
anticipation can be brief, as in the case of increasing social
costs with k, or have a long tail, as in the case of constant
social costs, when efforts effectively reduce the probability
of infection without being too costly. In the homogeneous
case with ε = 1, the model shows a balance between the
increasing social cost with k and the higher epidemic costs
experienced by individuals with high degrees, while a more
homogeneous behavior is observed at ε = 0. The introduc-
tion of heterogeneity and assortativity in a realistic network
leads to differentiated collective immunity at the node level:
low-degree individuals benefit from the fast spreading of the
epidemic among high-degree individuals, which reduces the
effective connectivity of the remaining susceptible network.
Contrary to expectations, heterogeneity reduces costs for
low-degree individuals, while positive assortativity weakens
this protection, as it tends to reduce heterogeneity between
classes.

In both cases, the role of the social cost f on the behavior
of individuals is crucial, even though the only variations of f
we considered were the ones associated with its degree k. Our
work underlines that a precise description of the behavior of f
is a key element to go further in the practical implementation
of MFG frameworks. This endeavor should benefit from the
fact that the social cost properties should show little variation
across epidemics, allowing large surveys to obtain the depen-
dencies of f .

Data availability. The data that support the findings of
this article are openly available [38]; embargo periods may
apply.
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