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Vaccination is a key strategy to curb the spread of epidemics. Heterologous vaccination, unlike homologous vac-
cination which acts on a single target and forms a single immune barrier, covers multiple targets for broader protection.
Yet, heterologous vaccination involves a complex decision process that conventional game-theoretic approaches, such as
classical, evolutionary, and minority games cannot adequately capture. The parallel minority game (PMG) can handle
bounded-rational, multi-choice decisions, but its application in vaccine research remains rare. In this study, we propose
a vaccination-transmission coupled dynamic mechanism based on the parallel minority game and simulate it on a two-
dimensional lattice. Using actual observational data and a mean-field mathematical model, we verify the effectiveness of
this mechanism in simulating realistic vaccination behavior and transmission dynamics. We further analyze the impact
of key parameters, such as vaccine efficacy differences and the proportion of individuals eligible for vaccine switching,
on containment effectiveness. Our results demonstrate that heterologous vaccination surpasses homologous vaccination
in containment effectiveness, particularly when vaccine efficacy varies significantly. This work provides a novel frame-
work and empirical evidence for understanding individual decision-making and population-wide immunity formation in
multi-vaccine settings.

Keywords: infectious disease modeling, basic reproduction number, parallel minority game, heterologous
vaccination
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1. Introduction

Vaccination is a crucial measure for interrupting viral
transmission and establishing herd immunity, and it has played
a decisive role in controlling and even eradicating severe infec-
tious diseases such as smallpox throughout human history.[1–4]

Since the COVID-19 pandemic began, vaccines based on mul-
tiple technological platforms have been developed. The tradi-
tional homologous vaccination (Homo) strategy, in which both
primary and booster immunizations rely on the same platform,
targets only a single site of action. As a result, it creates a rel-
atively uniform immune barrier in the population and shows
limitations in protective efficacy.[5,6] In this context, heterol-
ogous vaccination (Hetero) strategy (i.e., alternating vaccines
based on different technological platforms) has emerged as a
significant research focus, as it can provide protection against
multiple targets and thereby establish a more comprehensive
and integrated immune barrier in the population.[7–9] Com-
pared with homologous vaccination, heterologous vaccination
involves greater decision-making complexity, which raises the
question of how individual vaccination choices influence epi-
demic dynamics and the underlying mechanisms in environ-
ments where multiple vaccines coexist.[10–12]

In studies of infectious disease transmission dynamics,
existing models commonly use fixed vaccination rates or sim-
ple assumptions to describe immunization behavior. For in-
stance, the classical population dynamics model developed by
Anderson and May treats vaccination rates as input param-
eters to derive population immunity thresholds and evaluate
the effectiveness of outbreak control.[13] Hethcote also em-
phasized in his review the decisive role of vaccination cov-
erage in outbreak control, but did not consider the dynamic
feedback of individual behavior.[14] Diekmann et al. then fur-
ther refined the theoretical link between inoculation rates and
conditions for outbreak abatement by defining the basic re-
generation number mathematically.[15] Recently, Ferguson et
al.,[16] Zheng et al.,[17] and Moghadas et al.[18] conducted
scenario modelling of outbreak trends under different vacci-
nation rates, again assuming vaccine coverage to be exoge-
nously given. Although these studies have made important
progress in elucidating the macroscopic relationship between
vaccination levels and outbreak evolution, the results make it
difficult to explain the complex transmission patterns arising
from vaccine hesitancy and changes in risk perceptions in re-
ality. They fail to account for the dynamic adjustments in
decision-making that arise from bounded rationality and be-
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havioral heterogeneity.[19–22]

To remedy these shortcomings, researchers have intro-
duced game theory into infectious disease research.[23] Clas-
sical game theory usually assumes that individuals are per-
fectly rational and choose the optimal strategy through cost-
benefit analysis. For example, Bauch and Earn[19] and Gal-
vani et al.[24] studied the impact of self-interested behavior
on vaccination coverage and pointed out that free-riding can
lead to insufficient herd immunity; Perisic and Bauch[25] an-
alyzed the effects of intervention strategies. However, clas-
sical game theory assumes perfect information and optimal
decision-making, which can hardly reflect the bounded ratio-
nality and cognitive constraints of individuals in reality.[26,27]

To address the limitations of the perfect rationality assump-
tion, evolutionary game theory introduces strategy imitation
and group learning to portray the dynamic evolution of bound-
edly rational behavior. For example, Reluga,[20] Fu et al.,[28]

and Bauch and Bhattacharyya[29] investigated the evolution of
vaccination strategies in dynamic or networked environments,
respectively, and revealed the impact of individual strategy ad-
justments over time on outbreak fluctuations. However, evo-
lutionary game theory often leads to “majority strategy dom-
inance”, making it difficult to explain the heterogeneity and
diversity of inoculation behaviors.[30–32] In addition, the mi-
nority game emphasizes that in a competitive resource envi-
ronment, individuals choosing a minority strategy can achieve
higher returns, as studied by Challet and Zhang,[33] Zhang et
al.,[34] De Martino et al.[35] However, its basic setup is only
confined to two-choice scenarios and cannot directly portray
the complex decision-making of multiple vaccines coexisting.
In summary, although these studies have made progress in
revealing the relationship between vaccination behavior and
outbreak transmission, there are still shortcomings in portray-
ing the decision-making mechanisms of boundedly rational
individuals under multi-vaccine scenarios. Parallel minority
game (PMG), as an extension of the minority game, can deal
with multi-strategy choice problems,[36–38] which can handle
the decision-making behaviors of individuals in real-life lim-
ited rationality (incomplete information and limited capacity
to process information) as well as multi-vaccine choice sce-
narios.

Motivated by these two aspects, this paper constructs a
coupled framework of vaccination-transmission based on a
parallel minority game. Within this framework, we simu-
late the spread of infectious diseases on a two-dimensional
lattice and, based on the simulation results, conduct a com-
parative analysis of three vaccination strategies: homolo-
gous vaccination (Homo), stochastic heterologous vaccination
(Stoch-Hetero), and completely random heterologous vacci-
nation (Rand-Hetero). We establish a mean-field mathemati-
cal model to characterize the average population-level dynam-

ics, conduct theoretical analysis, and validate the efficacy of
the vaccination-transmission mechanism, thereby achieving a
coupling between micro-level individual decision-making and
macro-level transmission dynamics. The findings indicate that
heterologous vaccination strategies yield superior overall epi-
demic control outcomes compared to homologous vaccination.
This research integrates complex behavioral decision-making
with disease transmission dynamics. It provides an analyti-
cal framework for studying how boundedly rational individual
choices affect disease spread in multi-vaccine environments.

The structure and organization of this article are as fol-
lows. In Section 2, we construct a vaccination decision-
making mechanism based on the parallel minority game, es-
tablishing a coupled framework of individual decision-making
and disease transmission. In Section 3, we first validate the
accuracy of the proposed mechanism by comparing its simu-
lation results with actual observational data. We then analyze
the impacts of three key factors on prevention and control ef-
fectiveness: the difference in vaccine efficacy, the proportion
h of individuals allowed to switch vaccines, and the vaccine
efficacy in the primary immunization phase. In Section 4, we
establish a mean-field mathematical model and conduct theo-
retical analysis. Furthermore, we validate the accuracy of the
mechanism through the solution of the mathematical model.
In Section 5, we summarize research findings, discuss the lim-
itations of this work, and propose potential avenues for future
research expansion.

2. The coupled vaccination-transmission frame-
work based on the parallel minority game
During the COVID-19 pandemic, the emergence of multi-

type vaccines based on multiple technological platforms has
posed new challenges to traditional homologous vaccination
(i.e., using the same vaccine type for both primary and booster
immunizations, as illustrated by the blue individuals receiv-
ing “Vaccine A+A” in Fig. 1). Different vaccines enhance
resistance of different target sites to viruses.[39] As shown in
Fig. 1(a), when the population is primarily vaccinated with the
same vaccine, the resulting immune barrier is relatively homo-
geneous. The virus may then target other sites to breach this
relatively uniform immune barrier, ultimately leading to an ex-
pansion of the infection scale. To address this issue, many
countries have adopted a heterologous vaccination strategy.
This approach uses different vaccine types in the primary and
booster stages, as shown by the green and magenta individuals
in Fig. 1(b). It enhances multi-target resistance and establishes
a more comprehensive immune barrier, thereby significantly
improving protective efficacy. Existing clinical trials indicate
that heterologous vaccination generally yields superior popu-
lation protection compared to homologous vaccination.[40–42]
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However, current clinical research remains insufficient in elu-
cidating the underlying mechanisms, failing to clearly demon-
strate the intrinsic relationship between individual vaccination
decisions and herd immunity outcomes.

Although heterologous vaccination compensates for the
limitations of homologous vaccination and provides more
choices, individuals are bounded by “bounded rational-
ity” (i.e., incomplete information and limited information-
processing capacity) in their actual decision-making. There-
fore, it is difficult for them to make a truly optimal choice

among the types of vaccines available. As shown in Fig. 1(b),

the decision-pending (orange) individuals are actually in a

complex game situation when faced with multiple vaccine

choices. They must choose one from multiple vaccine types,

assessing the actual protective efficacy of different vaccines

based on limited information and predicting others’ selection

preferences. This is in order to anticipate individual selection

trends, thereby avoiding potential risks arising from the ma-

jority flocking to choose the mainstream vaccine (Vaccine A).
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Fig. 1. Schematic illustration of epidemic dynamics under different vaccination strategies. (a) Homologous vaccination (Homo): all individuals
receive the same type of vaccine (A+A), resulting in a larger final infection scale. (b) Mixed vaccination strategy (Homo+Hetero): an adaptive
subpopulation (orange) dynamically chooses a booster (A+A, A+B, or A+C), reducing both the infection peak and final scale. The recovered
compartment is omitted for simplicity. Colors denote states: blue (homogenously vaccinated), green/magenta (heterogeneously vaccinated), red
(infected), orange (decision-pending).

Specifically, if the target site of the virus changes be-
yond the efficacy range of Vaccine A, those who selected Vac-
cine B (which operates via a different mechanism) would still
retain effective immune protection. This dynamic decision-
making process is difficult to capture accurately with three
conventional game theories: classical game theory, evolu-
tionary game theory, and minority game theory. Classical
game theory assumes perfect rationality, meaning that individ-
uals possess full information and strong processing capabil-
ity, which does not match the reality of the above vaccine se-
lection. Evolutionary game theory emphasizes the dominance
of mainstream choices, while the minority game is limited to
binary decisions. In contrast, the parallel minority game de-
scribes a scenario where some individuals, when faced with
multiple choices, proactively avoid the majority-crowded op-
tion and instead adopt minority strategies to obtain higher pay-
offs. This majority avoidance mechanism aligns with some
individuals actively choosing non-mainstream vaccines (such
as Vaccine B) to counter the risk of a single-immunity barrier
posed by mainstream vaccines (such as Vaccine A). Therefore,
this study employs the parallel minority game to characterize

individual decision-making in heterologous vaccination. Next,
we elaborate on how this game framework simulates the dy-
namic vaccination decision process by defining local interac-
tion rules and probabilistic selection mechanisms on a regular
lattice network.

2.1. The coupled vaccination-transmission process

In the following, we first describe the grid structure and
the definition of individual states. Let a two-dimensional space
be discretized into a square grid of size L×L, with the coor-
dinate set {(i, j) | i, j = 1,2, . . . ,L}. The grid thus contains L2

cells. Assuming that the total number of individuals is N, the
population density, denoted by the parameter ρ , is satisfied:

ρ =
N
L2 , (0 < ρ ≤ 1). (1)

This parameter controls the sparsity of individuals in the grid
(specific values are provided in Subsection 2.2.1).

During the initialization stage, N individuals are placed
on the grid by uniformly and non-repetitively sampling N
cells from the total L2 cells. Unoccupied cells are consid-
ered empty and do not participate in disease transmission. At
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any time t, an individual Xi(t) can be in one of four states:
Xi(t) ∈ {S, I,R,V}, i = 1,2, . . . ,N, where S represents suscep-
tible, I infected, R recovered, and V vaccinated. This random
initialization rule applies to all types of individuals, includ-
ing the decision-making individuals (in orange) illustrated in
Fig. 1.

The parallel minority game represents a variant of the
minority game. The minority game originates from the “bar
problem”, where all individuals i = 1,2, . . . ,N choose from a
common binary strategy set A = {a1,a2} with the goal of se-
lecting the strategy chosen by the minority to obtain a payoff.
In the parallel minority game, the global strategy set is ex-
tended to A = {a1,a2, . . . ,aD | D > 2}. Each individual i does
not face the complete global set A when making decisions,
but is instead assigned a unique local binary strategy subset
Ai ⊂ A, where |Ai|= 2. Consequently, the actual choice range
for each individual i is their specific Ai = {Am,An}, where
m,n ∈ {1, . . . ,D} and m ̸= n. The individual’s decision ob-
jective accordingly shifts: the goal is no longer to be in the
minority within the global strategy set A, but rather to select
the strategy that is expected to be chosen by fewer participants
within their own assigned local binary options Ai.

In a vaccination scenario, individuals face a total num-
ber of vaccine types D > 2. However, each individual chooses
only between two available vaccines during decision-making,
aiming to join the minority with lower infection risk between
these two options.. This micro-level decision mechanism in-
teracts with macro-level transmission dynamics through the
following coupling process: individual vaccination choices
directly drive disease spread, while transmission dynamics
in turn shape subsequent vaccination decisions, forming a
closed-loop feedback mechanism. Vaccination strategies serve
as the starting point for individual decision-making. We first
define the following three vaccination strategies.

1. Homologous vaccination (Homo) All individuals re-
ceive the same vaccine type for both primary and booster
doses.

2. Heterologous vaccination (Hetero) Some individuals
(proportion h) received different vaccines during the primary
and booster phases of immunization. Based on the differing
decision-making mechanisms in actual vaccination practices,
they are further categorized into the following two types.

(i) Stochastic heterologous vaccination (Stoch-Hetero)
Individuals in this category adjust their vaccination choices
through a parallel minority game theory. In contrast to the
fixed strategy, these individuals adopt a stochastic strategy:[43]

their decisions are driven by a dynamic probability function
that embodies the principle of the “avoiding the majority”
game (see Eq. (2) for the specific mathematical formulations).
Specifically, individuals allocate selection probabilities across
multiple vaccines. This process can be intuitively represented

by a probability tree analogous to the “rock-paper-scissors”
game (Fig. 2).

Agent

Scissors PaperRock

p p p

Fig. 2. Probability tree illustrating an individual’s stochastic strategy in
the ‘rock–paper–scissors’ game. The individual chooses rock, paper, or
scissors with probabilities p1, p2, and p3 (p1 + p2 + p3 = 1).

(ii) Complete random heterologous vaccination
(Rand-Hetero) Individuals are randomly assigned to receive
any available vaccine type in the booster immunization stage,
unaffected by parallel minority game theory. In the actual
vaccination process, such completely random behavior is only
likely to occur in a very small number of individuals. This
study establishes it as a reference benchmark for the stochas-
tic heterologous vaccination strategy, with comparisons being
conducted to evaluate the impact of the parallel minority game
decision-making mechanism on epidemic control effective-
ness.

Next, we describe in detail the vaccination process of an
individual during the booster phase of immunization. In or-
der to clearly illustrate the dynamically coupled mechanism
between individual vaccination decision and disease transmis-
sion, we first show the general logic and flow framework of
the model in Fig. 3, and then explain each link step by step.

Step 1: Model initialization and basic assumptions
At the beginning of the simulation (t = 0), we consider

a population of N individuals and D vaccine types, with the
following fundamental assumptions:

(i) Primary immunization All individuals complete pri-
mary immunization and receive the same vaccine.

(ii) Regional heterogeneity The supply of vaccine types
is unbalanced across regions. Following primary immuniza-
tion, individuals may receive either a homologous or heterol-
ogous booster from the vaccines available locally.

(iii) Vaccine efficacy Each vaccine type has a different
efficacy.

(iv) Decision grouping The population is split into a de-
cision group (proportion h), which may adjust its choice based
on game theory, and a non-decision-making group (proportion
(1−h)), which is mandated to undergo homologous vaccina-
tion.

(v) One-time and irreversible decision Individuals al-
lowed to switch vaccine types and had only one opportunity to
make this choice during the entire booster vaccination stage.
Once the decision is made and the booster dose is adminis-
tered, it cannot be altered.
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Fig. 3. Flowchart of the dynamic coupling mechanism between individual vaccination decisions and disease transmission. (a) Individual state
transitions: the dynamic transitions of individuals among the susceptible, infected, recovered, and vaccinated states. (b) Vaccination decision
process: the complete workflow of how individuals make decisions between homologous and heterologous booster vaccination strategies. The
terms P(t) (see Eq. (2)) and 0.5 in the figure denote the probability of an individual selecting a specific vaccine from the available types when
adopting the stochastic and completely random strategies, respectively.

In summary, this study classifies individuals into a
decision-making group (proportion h) and a non-decision-
making group (proportion 1− h) based on their autonomy in
vaccination. Individuals in the decision-making group can
choose between two vaccines during the booster phase, guided
by real-time epidemic information and a parallel minority
game, with only a single, irreversible decision opportunity.
This PMG-based “herd-avoidance” behavior represents a form
of strategic adaptation under limited information, applicable
only to this subgroup, rather than depicting a general prefer-
ence of the whole population. Non-decision-making individ-
uals do not participate in selection and receive homologous
boosters, continuing with the same vaccine used in primary
immunization. This classification clarifies the differences in
behavioral rules, decision constraints, and available strategies,
providing a behavioral foundation for the coupled decision —
epidemic dynamics modeling in subsequent chapters.

Step 2: Heterologous vaccination process for the deci-
sion group

As previously mentioned, heterologous vaccination
strategies are categorized into two types: stochastic heterol-
ogous vaccination and completely random heterologous vac-
cination. This step will detail the implementation mecha-
nisms for these two strategies within individuals in the deci-
sion group.

(1) Stochastic heterologous vaccination based on the par-

allel minority game.
Under conditions of information asymmetry, the judg-

ment of the decision-pending (orange) individuals in Fig. 1
primarily relies on two types of observable public information:
primarily the reinfection rate (Vm) and the number of recipients
(Nm) of their current vaccine m, as well as the reinfection rate
(Vn) of alternative vaccine n. However, critical information
such as the actual number of recipients of alternative vaccines
(Nn) and real-time decisions of other individuals remains in-
accessible. Based on this incomplete information set, when
an individual assesses that the reinfection rate of their current
vaccine m exceeds that of alternative vaccine n (i.e., Vm >Vn),
they classify themselves as part of a relatively disadvantaged
majority group. At this point, their inclination to switch vac-
cines significantly increases. The probability that the σ -th in-
dividual in the majority group at time t switches vaccine types
is given by the following formula:

P(t) =
(V σ

m Nσ
m −V σ

n Nσ
m )/2

hNσ
m/(D−1)

, V σ
m >V σ

n . (2)

Here, m and n are the two vaccine options available to
the σ -th individual. V σ

m and V σ
n are the reinfection rates of

vaccines m and n. Nσ
m denotes the total number of individuals

in the population who have chosen vaccine m at the current
time step. The numerator term (V σ

m Nσ
m −V σ

n Nσ
m )/2 reflects

the intensity of individuals’ willingness to switch. This arises
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because they perceive their currently selected vaccine as rel-
atively disadvantaged compared to the majority. The denom-
inator, hNσ

m/(D− 1), acts as a normalization factor to ensure
that the probability P(t) remains within the range [0,1]. Its
value corresponds to the average number of individuals that
each of the remaining D−1 vaccine types would receive if all
eligible switchers were evenly distributed among them.

Equation (2) constitutes the specific mathematical for-
mulation of the stochastic strategy constructed in this study.
Its ratio structure mathematically implements a self-regulating
game mechanism. Individuals are encouraged to leave the ma-
jority. However, individuals’ switching behavior is also con-
strained by the number of others with the same motivation and
by the availability of alternative vaccine types. If all majority
individuals move to the same expected minority option, a new
majority is actually formed.

(2) Complete random heterologous vaccination.
This strategy serves as the benchmark reference for the

stochastic heterologous vaccination strategy, simulating an in-
dividual’s decision-making behavior without considering any
epidemiological information. Each individual randomly se-
lects one of the two available vaccines (where the total number
of vaccine types D > 2) with a uniform probability of 0.5.

Upon completing the probability evaluation of the above
strategies, both scenarios determine the final decision by com-
paring a randomly generated number ε ∈ (0,1) with the corre-
sponding probability value. If ε ∈ (0,1) is less than the prob-
ability value, the individual decides to undergo heterologous
vaccination; otherwise homologous vaccination is maintained.
After making the decision, the individual immediately receives
the booster vaccination, and their vaccine record is updated ac-
cordingly; this decision is final, and the individual no longer
has the right to choose again during the entire booster vacci-
nation stage.

Step 3: Disease transmission dynamics
Individuals’ final vaccination decisions subsequently in-

fluence disease transmission dynamics. This study employs
the Moore neighborhood to define the local contact network.
For an individual at grid coordinates (i, j), their Moore neigh-
borhood N(i, j) comprises all eight directly adjacent cells in
the horizontal, vertical, and diagonal directions surrounding
the central cell. Formally, it is defined as

N(i, j) =
{
(i′, j′)

∣∣ |i− i′| ≤ 1, | j− j′| ≤ 1, (i′, j′) ̸= (i, j)
}
,

where (i, j) represents the coordinates of an individual in the
grid, and (i′, j′) represents the coordinates of its neighboring
individuals.

Unlike the Von Neumann neighborhood, which includes
only the four nearest neighbors (up, down, left, right), the
Moore neighborhood additionally accounts for the four diag-
onal directions, thereby more realistically capturing potential
contact patterns in space.

At any discrete time step, a susceptible individual may be-
come infected only if there is at least one infected individual
within their Moore neighborhood. Infected individuals transi-
tion to the recovered state after a fixed recovery period.

Step 4: Information update and cycle
At the end of each time step, the system globally updates

all vaccines based on the latest infection and recovery data re-
infection rates (Vm,Vn, . . .) and cumulative number of vaccina-
tions (Nm,Nn, . . .). This real-time updated information forms
the core basis for driving the game of decision-making indi-
viduals in the next time step.

In summary, this subsection defines a dynamic coupling
process through the SIRV transmission model, the Moore
neighborhood rule, and the parallel minority game. The pro-
cess operates in discrete time steps: at time t, individual vacci-
nation decisions are determined by the neighborhood epidemic
state at time t −1; the collective effect of these decisions then
drives the epidemic dynamics at time t +1. This discrete-time
mechanism adopts a synchronous updating rule. Based on this
coupling process, the next section will quantify and evaluate
the effectiveness of different vaccination strategies through pa-
rameter settings and scenario design.

2.2. Parameter settings and experimental scenarios

With the vaccination strategies, individual decision-
making processes, and transmission mechanism now estab-
lished, the next step involves parameter configuration and ex-
perimental design to enable simulation implementation and
evaluation of different intervention strategies.

2.2.1. Parameter configuration

Under the above framework, specific parameter assign-
ments are required to implement the simulations. This subsec-
tion presents the configuration basis for grid parameters (pop-
ulation density ρ and grid side length L) and epidemiological
parameters.

Population density ρ is one of the most critical factors in
configuring grid parameters, as it directly reflects spatial con-
tact structures. It directly determines the frequency of contact
and transmission risk between susceptible and infected indi-
viduals within a neighborhood. Figure 4 visually illustrates
the core mechanism driving this risk, namely, susceptible in-
dividuals (yellow) transforming into newly infected individ-
uals (dark red) after contact with infected individuals (red)
within their Moore neighborhood. Based on this observation,
it can be inferred that when individuals are densely distributed,
the probability of an infected individual appearing within the
neighborhood of any susceptible individual is significantly in-
creased, making new infections more likely to occur. Con-
versely, when the distribution is sparse, such effective contact
opportunities are substantially reduced, thereby lowering the
transmission risk.
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(a) (b)

Fig. 4. Schematic diagram of the neighborhood infection mechanism on
the grid. (a) Evolution of individual states at time t. (b) Evolution of
individual states at time t +1. Yellow represents susceptible individuals,
red represents initial infectives, blue represents recovered individuals, and
dark red represents newly infected individuals at time t+1 resulting from
the coexistence of infective sources and susceptibles within the neighbor-
hood.

In order to rationally determine the critical value of pop-
ulation density ρ and reveal its key role in the propagation
process, we introduce the percolation theory[44] as an analyti-
cal framework. According to percolation theory,[44] the criti-
cal density of occupied nodes (i.e., the percolation threshold)
in the standard two-dimensional square lattice model is ap-
proximately pc ≈ 0.5927.[44] The liquidity phenomenon de-
scribed by this threshold is consistent with the epidemic trans-
mission patterns.[44–46] When population density approaches
pc, the contact network reaches a critical state that sustains
local transmission but prevents global spread. This mecha-

nism reflects the inhibitory effect of real-world interventions
such as social distancing.[16,47] At this time, due to the spatial
heterogeneity of population distribution,[48] the scope of epi-
demic transmission often shows a dynamically changing frac-
tal structure.[49] The concept of connected clusters in percola-
tion theory can be used to characterize this spatial aggregation
and transmission threshold property:[44,49,50] when density ex-
ceeds a certain threshold, globally connected superclusters are
likely to form, leading to widespread transmission; conversely,
transmission chains are confined to localized areas.

Based on the aforementioned theory, we further deter-
mine the population density parameter ρ . We employ a
susceptible–infected–recovered–vaccinated (SIRV) infectious
disease model incorporating vaccinated populations to validate
the critical regulatory role of the percolation threshold, thereby
establishing the population density value suitable for subse-
quent simulations. In the simulation design, we fix the total
population size (N = 15000), and adjust the spatial grid size
to achieve different population density ρ conditions. Specif-
ically, we select three representative scenarios for the SIRV
dynamics simulation: below threshold (ρ = 0.1 < pc), near
threshold (ρ = 0.5 ≈ pc), and above threshold (ρ = 0.9 > pc).

x (sites)

0
0

129

129

259

259

388

388 0 58 116 174 0 43 87 130

y
 (

si
te

s)

Vacant

S

I

R

V(a)

x (sites) x (sites)

0

58

116

174

y
 (

si
te

s)

y
 (

si
te

s)

Vacant

S

I

R

V(b)

0

43

87

130

Vacant

S

I

R

V(c)

t (days)

0

0.2

0.4

0.6

0.8

1.0

P
ro

p
o
rt

io
n

S
I
R
V

(d)

0

0.2

0.4

0.6

0.8

1.0

P
ro

p
o
rt

io
n

S
I
R
V

(e)

0

0.2

0.4

0.6

0.8

1.0

P
ro

p
o
rt

io
n

S
I
R
V

(f)

0 20 40 60 80 100 120

t (days)

0 20 40 60 80 100 120

t (days)

0 20 40 60 80 100 120

1

2

3

4

In
fec

tio
n 

pe
ak

 va
lue

  (
10

3  i
nd

ivi
du

als
)

VE/.VE/.VE/.VE/.

VE/.VE/.VE/.VE/.

2

4

6

8

10

To
ta

l i
nfe

cti
on

s
(1

03
 in

div
idu

als
)

h (proportion)0.2 0.3 0.4 0.5 0.6 0.7 0.8 h (proportion)0.2 0.3 0.4 0.5 0.6 0.7 0.8

(a) (b)

Fig. 5. Spatial patterns and dynamic evolution of epidemic transmission under different population densities. (a)–(c) Final lattice snapshots of
the SIRV model simulations with grid side lengths of L = 388,174,130, corresponding to population densities of ρ = 0.1,0.5,0.9, respectively.
(d)–(f) Dynamic evolution curves of each population group under the corresponding scenarios in panel (a)–(c). Color code for lattice: blue —
vacant, green — susceptible (S), orange — infected (I), red — recovered (R), black — vaccinated (V ). Color code for curves: green — S,
magenta — I, red — R, black — V . In all simulations, the number of initial infected individuals is fixed at 1000.

Figures 5(a)–5(c) show lattice snapshots at the end of
the SIRV model simulations under population densities ρ =

0.1,0.5,0.9, respectively, illustrating the impact of different
densities on individual spatial distributions, and the number of
sites corresponds to the lattice (grid) length; the correspond-

ing dynamic evolution processes are shown in Figs. 5(d)–5(f).
The lattice size L varies with the density ρ , as determined by
Eq. (1), where the total population N is kept constant. Specifi-
cally, figure 5(a) shows that at a density of 0.1, the grid is pre-
dominantly composed of blue vacant sites, reflecting sparse
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population distribution. In the corresponding Fig. 5(d), the
number of infected individuals continues to decline, reaching
zero by day 36, while the recovery rate remains only about
11%. This indicates that low density leads to rapid disruption
of transmission chains. Figure 5(b) shows that at a density
of 0.5, recovered individuals predominate in red; in the cor-
responding Fig. 5(e), the number of infected individuals rises
slowly and peaks at about 28% on day 15, with the proportion
of recovered individuals eventually stabilizing at about 78%.
This indicates that when population density ρ approaches the
threshold, vaccine intervention can effectively control the epi-
demic. In contrast, Fig. 5(c) shows that the lattice exhibits
high clustering at a density of 0.9. In Fig. 5(f), the number of
infected individuals surges sharply, peaking at about 56% by
day 10, with a recovery rate ultimately reaching about 99.4%.
This demonstrates that high density leads to rapid and uncon-
trolled spread of the epidemic.

Table 1. The simulation parameters on the two-dimensional grid.

Term Meaning Value Reference

R0 The basic reproductive
number

1.4 [53]

β Transmission rate from
infectious individuals to
susceptible individuals per
day

0.1 Estimated

γ Recovery rate from the
infectious individuals to
the recovered individuals
(day−1)

1/14 [54,55]

v Effectiveness of vaccine i
in preventing infection

0.6–0.95 [42,51,52]

h Proportion of individuals
eligible to switch vaccine
types among the total pop-
ulation N

(0–1) Theoretical
range

h1 Proportion of individuals
in state S eligible to switch
vaccine types

(0–1) Randomly
sampled in
simulations

h2 Proportion of individuals
in state R eligible to switch
vaccine types

(0–1) Randomly
sampled in
simulations

q Proportion of individuals
in state R who voluntarily
receive booster immuniza-
tion

0.2 [56]

P(t) Probability that an individ-
ual chooses to switch vac-
cine types in booster im-
munization stage

(0–1) Eq. (2)

The results above indicate that when population density

ρ = 0.5

(close to pc), implementing interventions such as vaccination
can effectively control epidemic transmission. From Eq. (1),
the side length L of the square grid can be calculated as ap-
proximately

L =

√
N
ρ

=

√
15000

0.5
≈ 173,

where N is the total number of individuals. This grid size en-
sures that the network of individual contacts is strong enough
to maintain the chain of transmission but strong enough to be
effectively suppressed by intervention strategies such as vac-
cination. Therefore, this paper employs a grid with population
density ρ = 0.5 and L = 173 to simulate disease transmission.

The parameter values used in the two-dimensional grid
simulation are listed in Table 1.

2.2.2. Combinations of vaccine efficacy

After establishing the fundamental epidemiological pa-
rameters, the variation in vaccine efficacy emerges as a crit-
ical factor influencing the selection of containment strategies.
To systematically evaluate the impact of this factor, this study
designs two typical scenarios: large and small differences in
vaccine effectiveness.

First, we determined the range of values for vaccine ef-
fectiveness based on existing clinical research. Studies have
shown that vaccine efficacy is usually set in the range of
0.6 to 0.95, reflecting the actual differences between differ-
ent technical routes: recombinant protein vaccines can achieve
protection rates above 90%,[51] while inactivated or aden-
ovirus vaccines mostly range between 60% and 80%.[42,52]

This variation in efficacy directly affects booster strategies:
when the difference is significant, heterologous boosting can
enhance protection through complementary immune mecha-
nisms; when the difference is small, homologous boosting of-
fers advantages in operational convenience.

Then, based on the above range of values, we define the
following two contrasting scenarios:

1. Large difference scenario The efficacies of the
three vaccines are set at 0.6, 0.7, and 0.95, representing low,
medium, and high levels of protection, respectively.

2. Small difference scenario Vaccine efficacies (VEs)
are determined through random generation. The specific cal-
culation formula is V Ei = 0.6 + (0.95 − 0.6)u, where u ∼
U(0,1) is a uniform random variable in the interval [0,1], and
i denotes the vaccine type.

3. Data-based mechanism validation and nu-
merical simulation

3.1. Validation of the vaccination-transmission coupled
mechanism based on real data

To validate the accuracy of the vaccination-transmission
mechanism constructed based on parallel minority game
(PMG), this study uses the spread of COVID-19 as an exam-
ple, comparing actual observational data from the Our World
in Data database[57] with simulated data generated based on
this mechanism.

In order to accurately characterize the dynamics of epi-
demic transmission, the proportion of newly infected persons
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was chosen as the core validation indicator in this section. This
indicator can reflect changes in transmission more rapidly and
is less disturbed by delays in data reporting and biases in mor-
tality estimates.

In terms of parameter settings, considering that approxi-
mately 90% of China’s population had completed primary vac-
cination and around 60% had received booster doses by De-
cember 2022, the proportion of individuals eligible for vaccine
switching in the simulation is set to h = 0.6. To ensure consis-
tent initial conditions, this study selects a time point when cu-
mulative confirmed cases reach approximately 15000 per mil-
lion population as the baseline for comparison. Based on this,
we set the total simulated population to Nsim = 10000 and the
initial number of infected individuals to Isim(0) = 150.

Figure 6 presents a cross-validation result comparing the
simulation outcomes based on the parallel minority game
mechanism (green circles), actual observed data (red circles),
and solutions of the mathematical model (blue curve). We will
elaborate on the establishment and derivation process of the
mathematical model in Subsection 4.3. All three datasets in
Fig. 6 exhibit strongly consistent temporal patterns: the num-
ber of newly infected individuals increases continuously dur-
ing the early stage of the epidemic, reaching its peak around
day 30, and then gradually declines. By day 100 to day 120,
the number of new infections approaches zero. Overall, all
three curves demonstrate a rising trend followed by a gradual
decline. We note that the simulation shows a slower decline
than the actual data, possibly due to reporting delays during
data collection.

The above comparative results consistently show that the
coupled vaccine-transmission mechanism proposed in this pa-
per can effectively reproduce the observed epidemiological
dynamics. Based on this, the lattice simulation in Subsec-
tion 3.2 and the mean-field model in Section 4 are both based
on empirical evidence, ensuring the reasonableness and credi-
bility of the research conclusions.

0

2

4

6

8

P
ro

p
o
rt

io
n
 o

f 
n
e
w

 i
n
fe

c
ti
o
n
s 

(1
0

-
3
)

Mean-field model solution

Observed data

PMG simulation data

t (days)

0 20 40 60 80 100 120

Fig. 6. Temporal evolution of the proportion of newly infected individu-
als. The blue solid line represents the solution to the mathematical model,
the red circles represent the observed data, and the green circles represent
simulation results based on PMG.

3.2. Analysis of key parameters on containment effective-
ness

This section focuses on investigating the systemic impact
of three key parameters: vaccine efficacy variation, the propor-
tion of vaccine-switching individuals h, and the primary im-
munization level. Based on a two-dimensional grid, we select
the following two core metrics for quantitative assessment: the
time series of infected individuals, used to characterize the dy-
namic evolution and peak characteristics of the epidemic; the
total number of infected individuals, used to measure the over-
all size of the transmission process.

3.2.1. Impact of vaccine efficacy combinations on vac-
cination strategy effectiveness

In this section, we systematically evaluate the epidemic
mitigation performance of homologous vaccination, stochas-
tic heterologous vaccination, and completely random heterol-
ogous vaccination strategies (Subsection 2.1) across scenarios
characterized by either large or small disparities in vaccine ef-
ficacy.

In scenarios with large disparities in vaccine efficacy, with
efficacies of 0.6, 0.7, and 0.95 for the three vaccines, differ-
ent vaccination strategies exhibit distinct patterns of epidemic
transmission (see Fig. 7). As shown in Fig. 7(a), the num-
ber of infected individuals under all three vaccination strate-
gies — homologous vaccination (red curve), stochastic het-
erologous vaccination (green curve), and completely random
heterologous vaccination (blue curve) — reaches a peak at
time t = 15. However, significant differences exist in peak
magnitude and decline rate: the completely random heterolo-
gous vaccination strategy exhibits the highest infection peak,
followed by the homologous vaccination strategy, while the
stochastic heterologous vaccination strategy shows the lowest
peak (though with a slower decline in the epidemic). In terms
of total number of infections (Figs. 7(b)–7(d)), stochastic het-
erologous vaccination (Fig. 7(c)) effectively reduces infection
scale across different h values. Compared to homologous vac-
cination (Fig. 7(b)) and completely random heterologous vac-
cination (Fig. 7(d)), it reduces total infections by 34% and
39%, respectively. The latter two strategies consistently main-
tain higher levels of total infections.

The results above indicate that in scenarios where vac-
cine efficacy varies significantly, stochastic heterologous vac-
cination demonstrates superior control effects in reducing in-
fection peaks and managing the overall scale of infections.
This is mainly due to the following reasons: firstly, heterolo-
gous vaccination provides protection against a wider range of
targets, offering individuals broader protective coverage com-
pared to homologous vaccination; secondly, compared to com-
pletely random heterologous vaccination, stochastic heterolo-
gous vaccination introduces a parallel minority game mecha-
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nism. Under the premise that vaccine efficacy exhibits clear
superiority or inferiority, it fully accounts for the complex

strategic behaviors of individuals during the vaccination pro-
cess.
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In scenarios with small disparities in vaccine efficacy
(with V Ei = 0.6+(0.9−0.35)u, u∈ [0,1], see Fig. 8), the con-
trol efficacy of different vaccination strategies differs substan-
tially from that under large vaccine efficacy disparities (Fig. 7).
As shown in Fig. 8(a), the number of infected individuals un-
der all three vaccination strategies reaches their peaks at the
same time point t = 15. The peak number of infected individ-
uals and the total number of infected individuals (Figs. 8(b)–
8(d)) under the homologous vaccination strategy are higher
than those under the heterologous vaccination strategy. Within
the heterologous vaccination strategies, the completely ran-
dom heterologous vaccination strategy performs slightly better
than the stochastic heterologous vaccination strategy. The re-
sults indicate that when vaccine efficacy differences are small,
although the advantage gap between different heterologous
vaccination strategies narrows, their overall prevention and
control effectiveness remains higher than that of the homol-
ogous vaccination strategy. This is primarily because: het-
erologous vaccination, by acting on different targets, forms
a more comprehensive immune barrier compared to homol-
ogous vaccination. In the stochastic heterologous vaccination
strategy , the parallel minority game mechanism makes it dif-
ficult to discern vaccine superiority due to converging efficacy
rates. This leads individuals to make consistent choices un-
der limited information, resulting in suboptimal clustering of
vaccine types within populations. Consequently, the hetero-
geneity of the population’s immune barrier is reduced. The
completely random vaccination strategy, however, avoids in-
terference from local information. Individuals select vaccine
types purely at random, ensuring a uniform distribution of vac-
cine types across the population. This enhances the hetero-
geneity of the population’s immune barrier, ultimately yield-
ing slightly superior control outcomes.

The above results indicate that the degree of variation in
vaccine effectiveness is a key regulatory factor determining the
efficacy of vaccination strategies in disease control. Specif-
ically: stochastic vaccination strategies outperform homolo-
gous vaccination; on this basis, when disparities are signifi-
cant, stochastic heterologous vaccination demonstrates clear
advantages in reducing infection peaks and controlling the
overall scale of infections; when disparities are small, the par-
allel minority game mechanism fails due to the lack of a clear
direction of superiority or inferiority. In such cases, the com-
pletely random heterologous vaccination strategy actually per-
forms slightly better than the stochastic heterologous vaccina-
tion strategy.

3.2.2. Impact of vaccine switching proportion h under
different heterologous vaccination strategies

The vaccine switching proportion h is a key parameter
that reflects decision flexibility during booster vaccination.

This parameter significantly regulates both the diversity of
vaccination behaviors and the dynamics of disease transmis-
sion. After comparing the control effectiveness of different
vaccination strategies under various vaccine efficacy combina-
tions, we further examine the impact of parameter h (the pro-
portion of individuals permitted to switch vaccine types) on
both the stochastic heterologous vaccination and completely
random heterologous vaccination strategies. Figure 7 illus-
trates how the infection peak and total number of infections
vary under different values of h for the two strategies, specif-
ically when vaccine efficacy differences are large and when
they are small.

From Fig. 9(a), we can observe that under the stochas-
tic heterologous vaccination strategy: when vaccine efficacy
varies significantly (squares), the infection peak (blue) and to-
tal number of infected individuals (red) first decline gradually
and then rise slightly as h increases, reaching their lowest val-
ues near h = 0.6. This suggests that an intermediate vaccine-
switching rate optimally harnesses the benefits of heterologous
vaccination, while an overly high value of h (i.e., allowing
too many individuals to switch vaccines) could undermine the
strategy’s effectiveness. In contrast, when differences in vac-
cine efficacy are small, both the infection peak (green) and the
cumulative number of infections (magenta) show little depen-
dence on h.

In contrast, Fig. 9(b) shows that the results under the com-
pletely random strategy exhibit inconsistent trends. When vac-
cine efficacy varies significantly (squares), the peak number of
infections (blue) and total infections (red) decrease markedly
with increasing h, reaching an optimal value at h = 0.6 be-
fore slightly rebounding. This indicates that the completely
random heterologous vaccination strategy is more sensitive to
changes in h, with control effectiveness heavily dependent on
the setting of h. When vaccine efficacy differences are small
(circles), its performance resembles that of the stochastic het-
erologous vaccination strategy, with the infection scale unaf-
fected by h values.

When the difference in vaccine effectiveness is large, the
control effect reaches the optimal level at h ≈ 0.6. This phe-
nomenon reflects a crucial balance between immune diversity
and collective decision-making: when h is too low, an insuffi-
cient number of individuals participate in heterologous vacci-
nation, making it difficult to establish effective immune diver-
sity; when h is too high, too many individuals tend to switch
vaccines synchronously, leading to convergence in the popu-
lation’s immune structure. Both scenarios undermine control
effectiveness. Thus, a moderate h value can maintain effective
immune diversity while achieving optimal transmission con-
trol.

In summary, the superior performance of the stochas-
tic heterologous vaccination strategy in most scenarios stems
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from its introduction of a parallel minority game mechanism.
This mechanism establishes coordination between individual
choices and herd immunity, thereby demonstrating greater ro-
bustness when confronted with varying h values. In con-

trast, the completely random heterologous vaccination strat-
egy lacks such a mechanism, making its control effectiveness
susceptible to fluctuations in individual choice behavior and
resulting in insufficient overall stability.
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3.2.3. Impact of vaccine efficacy heterogeneity in the
primary immunization stage

A large majority of the population in China had com-
pleted primary vaccination by the first quarter of 2022.[58] Pri-
mary immunization, as the foundational stage of vaccination,
critically shapes subsequent infection dynamics. In this sub-
section, we adopt a stochastic heterologous vaccination strat-
egy, which mitigates the arbitrariness of completely random
vaccination and overcomes the homogeneity constraints of ho-
mologous vaccination, thereby better capturing individuals’
bounded rational behavior in vaccine selection. Based on this,
we assess how different initial vaccine efficacy parameters af-
fect the peak infection rate and total infections during epi-
demic transmission, with simulation results shown in Fig. 8.

Observing Fig. 10, when the vaccine efficacy during the
primary immunization phase is 0.6 (red), 0.7 (magenta), 0.8
(blue), and 0.9 (green), respectively, it is evident that both the

peak number of infections (Fig. 10(a)) and the total number of
infections (Fig. 10(b)) show a decreasing trend as vaccine effi-
cacy increases. This finding supports a classic epidemiological
principle: building strong immunity early in an outbreak is key
to controlling virus spread.[13,59] Therefore, when resources
allow, using high-efficacy vaccines for primary immunization
should be the core of outbreak control.

The aforementioned simulation results elucidate the im-
pact of vaccine efficacy differences, the switching proportion
h, and the level of primary immunization on epidemic con-
trol effectiveness. To gain a deeper understanding of the cou-
pling mechanism between individual vaccination behavior and
epidemic transmission dynamics observed in the simulations
and to achieve its quantitative characterization, the next sec-
tion will establish a mathematical model based on mean-field
approximation.

1

2

3

4

In
fe

c
ti
o
n
 p

e
a
k
 v

a
lu

e

  
(1

0
3
 i
n
d
iv

id
u
a
ls

)

VE/.

VE/.

VE/.

VE/.

VE/.

VE/.

VE/.

VE/.

2

4

6

8

10

T
o
ta

l 
in

fe
c
ti
o
n
s

(1
0

3
 i
n
d
iv

id
u
a
ls

)

h (proportion)

0.2 0.3 0.4 0.5 0.6 0.7 0.8

h (proportion)

0.2 0.3 0.4 0.5 0.6 0.7 0.8

(a) (b)

Fig. 10. (a) Infection peak as a function of the proportion of individuals eligible for vaccine switching under large vaccine effectiveness difference.
(b) Total number of infections as a function of the proportion of individuals eligible for vaccine switching under the same conditions. The red,
pink, blue, and green curves represent different levels of vaccine effectiveness.
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4. Mean-field approximation
To simplify the structural complexity of the vaccination-

transmission mechanism based on the parallel minority game
in Section 2, we introduce a mean-field approximation and es-
tablish the corresponding ordinary differential equation model.
This approach neglects local interactions between individuals
and their neighbors, instead characterizing macroscopic dy-
namics through collective average behavior. This transforma-
tion converts complex local game processes into interactions
between individuals and a global mean-field, thereby facilitat-
ing analysis.

The model is based on the following assumptions: (1) the
total population remains constant; (2) births, natural deaths,
and disease-related deaths are not considered. At the initial
stage, all individuals are in the susceptible state.

4.1. Mean-field model formulation

This subsection aims to construct a mean-field model to
describe, at the macroscopic scale, the vaccination decision
mechanism based on parallel minority game presented in Sec-
tion 2. By introducing a global mean-field to decouple indi-
vidual dynamics, the model distills complex local game inter-
actions into a unified evolutionary dynamical equation. Ac-
cordingly, we divide the total population into four compart-
ments: susceptible (S), infected (I), recovered (R) and vac-
cinated (V ). Here, the vaccinated compartment (V ) includes
individuals who have received both homologous and heterol-
ogous booster immunizations. These variables also represent
the number of individuals in each corresponding state. Fig-
ure 11 shows the schematic diagram illustrating the epidemic
dynamics during the booster immunization stage.
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Fig. 11. Schematic diagram of the compartmental model for infectious
disease transmission during the booster vaccination phase. S, I, R, V
denote susceptible, infected, recovered, and vaccinated individuals, re-
spectively. h1 and h2 represent the proportions of individuals in S and R
who can switch vaccine types during the booster vaccination phase, re-
spectively. b and q represent the proportions of vaccinated individuals in
S and R, respectively. β is the infection rate, and γ is the recovery rate.

The key parameters of the model — the vaccine switch-
ing probability P, the proportion of susceptible individuals
eligible to switch vaccines h1, and the corresponding pro-
portion among recovered individuals h2 — are directly ob-
tained from the simulations in Section 2. To simplify the

analysis of macroscopic dynamics, this model incorporates
the time-averaged values of these parameters as constant in-
puts, thereby finalizing the parameterizations of the mean-field
model.

The dynamics of disease transmission during the booster
stage are described by the following system of differential
equations:

dS
dt

=−βSI
N

−Ph1bS− (1−h1)bS,

dI
dt

=
βSI
N

− γI,

dR
dt

= γI −Ph2qR− (1−h2)qR,

dV
dt

= Ph1bS+(1−h1)bS+Ph2qR+(1−h2)qR. (3)

Here, h1 and h2 represent the proportions of individuals in S
and R, respectively, who are allowed to switch vaccine types
during the booster stage. b and q denote the proportions of in-
dividuals in S and R who receive vaccination. β is the infection
rate, and γ is the recovery rate.

Through the above mean-field approximation, we trans-
form complex individual heterogeneity and local interactions
into average dynamic behavior at the population level. This
approach preserves the core characteristics of the parallel
minority game while significantly simplifying the analytical
complexity of the model, providing a viable theoretical frame-
work for studying the evolution of herd immunity.

4.2. Dynamical analysis
4.2.1. Well-posedness

Theorem 1 If the initial conditions of system (3) sat-
isfy S(0)≥ 0, I(0)≥ 0,R(0)≥ 0,V (0)≥ 0, then for all t > 0,
the solutions S(t), I(t),R(t),V (t) remain non-negative, i.e.,
S(t), I(t),R(t),V (t)≥ 0.

Proof From the equations

dS
dt

=−βSI
N

−bS [Ph1 +(1−h1)] ,

dI
dt

=
βSI
N

− γI,

we have

S(t) = S(0)exp

(
−
∫ t

0

(
β I(τ)

N
+Ph1b+(1−h1)b

)
dτ

)
, (4)

I(t) = I(0)exp

(∫ t

0

(
βS(τ)

N
− γ

)
dτ

)
. (5)

Since the exponential function is always positive, if
S(0)> 0 and I(0)> 0, then S(t)> 0 and I(t)> 0. If S(0) = 0
and I(0) = 0, then from the differential equations we have
dS/dt = 0 and dI/dt = 0, hence S(t) = 0 and I(t) = 0. There-
fore, S(t)≥ 0 and I(t)≥ 0.
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From

dR
dt

= γI −qR [Ph2 +(1−h2)] ,

we get

R(t) = R(0)e−q(Ph2+(1−h2))t

+
∫ t

0
γI(τ)e−q(Ph2+(1−h2))(t−τ)dτ. (6)

Since R(0)≥ 0, I(τ)≥ 0, and the exponential function is pos-
itive, it follows that R(t)≥ 0.

Finally, from

dV
dt

= bS [Ph1 +(1−h1)]+qR [Ph2 +(1−h2)] ,

integrating gives

V (t) = V (0)+
∫ t

0

(
b(1−h1 +Ph1)S(τ)

+q(1−h2 +Ph2)R(τ)
)

dτ, (7)

where 1 − h1 + Ph1 ≥ 0 and 1 − h2 + Ph2 ≥ 0. Given that
b,q > 0 and S(τ),R(τ) ≥ 0, the integrand is nonnegative.
Hence, V (t)≥V (0)≥ 0.

Therefore, for all t ≥ 0,

S(t)≥ 0, I(t)≥ 0, R(t)≥ 0, V (t)≥ 0.

Theorem 2 Define the state vector 𝑋(t) =

(S(t), I(t),R(t),V (t))T. For any initial condition 𝑋(0) =

𝑋0 ∈ R4, the system admits a unique solution 𝑋 ∈
C1([0,∞);R4).

Proof System (3) can be expressed in the autonomous
form

d𝑋
dt

= 𝐹 (𝑋),

where
𝐹 : R4 → R4

is defined as

𝐹 (𝑋) =


−βSI

N −Ph1bS− (1−h1)bS

βSI
N − γI

γI −Ph2qR− (1−h2)qR

Ph1bS+(1−h1)bS+Ph2qR+(1−h2)qR

 . (8)

Each component of 𝐹 (𝑋) is a continuous polynomial
function of the state variables, thus

𝐹 (𝑋) ∈C∞(R4;R4),

i.e., 𝐹 is smooth. By the Picard–Lindelöf theorem, for any
initial condition 𝑋0 ∈ R4, there exists a unique local solution
𝑋(t) defined on an interval [0,T ] with T > 0.

Define N(t) = S(t)+ I(t)+R(t)+V (t), then

dN
dt

=
d
dt

(S+ I +R+V ) = 0,

so N(t)≡ N is constant, which implies total population is con-
served. Since S(t), I(t),R(t), and V (t) are all non-negative and
satisfy S(t)+ I(t)+R(t)+V (t)≡ N, each state variable is uni-
formly bounded on [0,T ]:

0 ≤ S(t), I(t),R(t),V (t)≤ N, ∀t ∈ [0,T ],

i.e., the solution is uniformly bounded. By the extension the-
orem for ordinary differential equations, the local solution can
be extended globally, hence there exists a unique solution

𝑋 ∈C1([0,∞);R4).

4.2.2. Basic reproduction number

We use the next-generation matrix method to analyze the
basic reproduction number R0. Following the framework of
van den Driessche and Watmough,[60] the system can be de-
composed into two components: the new infection terms (ℱ)
and the transition terms (𝒱), where the latter represents all
state transitions other than new infections, including recovery.

The rate of new infections entering the infected compart-
ment is

ℱ = β
S(0)I

N
.

The rate of transition out of the infected compartment
(here only due to recovery) is

𝒱 = γI.

Taking the partial derivatives with respect to the infected
variable I yields

F =
∂ℱ
∂ I

= β
S(0)

N
, V =

∂𝒱
∂ I

= γ.

Then, the basic reproduction number is obtained as

R0 = ρ(FV−1) =
βS(0)

γN
. (9)

4.2.3. The final size

In the model constructed herein, individuals are catego-
rized into four states: S, I,R,V . Although the nonlinear dy-
namics of the model make analytical solutions difficult to ob-
tain, the ultimate epidemic size Z — that is, the total number
of individuals who have accumulated in the infected state I
by the end of the epidemic — can be defined through an in-
tegral equation.This integral equation requires numerical so-
lution using MATLAB. Specifically, the ultimate size can be
expressed as

Z =
∫

∞

0

βS(t)I(t)
N

dt. (10)
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From the equation for S,

dS
dt

=−S
[

β I
N

+Ph1b+(1−h1)b
]
,

we obtain

S(0)−S(∞) =
∫

∞

0

[
βSI
N

+b(1−h1 +Ph1)S
]

dt.

Assuming S(∞) = 0, we have

S(0) = Z +b(1−h1 +Ph1)
∫

∞

0
S(t) dt. (11)

Similarly, integrating the I equation gives∫
∞

0

(
βSI
N

− γI
)

dt = I(∞)− I(0) =−I(0),

so that

Z =−I(0)+ γ

∫
∞

0
I(t) dt. (12)

Let
L :=

∫
∞

0
I(t) dt,

then

L =
Z + I(0)

γ
. (13)

Define

M :=
∫

∞

0
S(t) dt, W :=

∫
∞

0
S(t)I(t) dt, (14)

we have the following system of integral identities:
Z = βW,

S(0) = Z +b(1−h1 +Ph1)M,

L =
Z + I(0)

γ
.

(15)

To express Z in terms of parameters and initial conditions
only, W or M can be eliminated using the analytic solution of
S(t). Substituting into the definition of Z, we obtain

Z =
βS(0)

N

∫
∞

0
I(t)

×exp
[
−β

N

∫ t

0
I(s) ds−b(1−h1 +Ph1)t

]
dt. (16)

Let

u(t) :=
∫ t

0
I(s) ds, u ∈ [0,L], du = I(t)dt,

with u(∞) = Z+I(0)
γ

. Changing the integration variable from t
to u yields

Z =
βS(0)

N

∫ L

0
exp
[
−β

N
u−b(1−h1 +Ph1)T (u)

]
du, (17)

where T (u) is the inverse function of u(t), i.e., the time
when the cumulative number of infections reaches u, satisfy-
ing T (0) = 0 and T (L) = ∞.

The final size is defined by the integral equation
(Eq. (17)). Due to the difficulty in obtaining its analytical solu-
tion, numerical methods are typically required for its determi-
nation. This work focuses on mechanism modeling and frame-
work construction; therefore, the numerical solution process is
not elaborated upon.

4.3. Validation of the coupled mechanism based on mean-
field approximation

In Subsection 3.1, we conducted preliminary validation of
the vaccination-transmission mechanism based on the paral-
lel minority game (PMG) using actual observational data (see
Fig. 6). This section will further validate this mechanism us-
ing a mathematical model based on the mean-field approach,
building upon the parameters established in Subsection 3.1
(see Fig. 6).

Based on the initial conditions of the mean-field model,
Nmodel = 21860, Imodel (0) = 400, we determined the key ki-
netic parameters through least-squares fitting of the actual ob-
servational data in Fig. 6: infection rate β = 0.1760, recovery
rate γ = 0.1110. As shown in Fig. 6, the simulation results
based on the parallel minority game mechanism, the solutions
from the mathematical model, and the actual observational
data all exhibit highly consistent trends. This confirms the va-
lidity of the constructed vaccination-transmission mechanism.

5. Discussion and conclusion
Under the context of infectious disease outbreaks, the use

of multi-platform vaccines has gradually highlighted the ad-
vantages of heterologous vaccination. Compared with homol-
ogous vaccination, which targets a single antigen and estab-
lishes a single immune barrier in the population, heterologous
vaccination can target multiple antigens, thereby establishing
a more comprehensive immune barrier at the population level.
The effectiveness of this strategy, however, largely depends on
individual vaccination decisions, and the underlying decision-
making mechanisms under conditions of incomplete informa-
tion are still unclear. Conventional game theory, constrained
by perfect rationality assumptions or binary choice frame-
works, fails to adequately capture the majority-avoidance be-
havior in individual vaccine selection. In contrast, the paral-
lel minority game (PMG) theory can characterize the strategic
choices made by individuals with bounded rationality in sce-
narios involving multiple vaccines. To address the aforemen-
tioned issues, this paper constructs a coupled dynamic frame-
work of infectious disease transmission incorporating vaccina-
tion, based on a parallel minority game. This framework char-
acterizes the decision-making process of boundedly rational
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individuals in scenarios with multiple vaccines under condi-
tions of incomplete information, thereby integrating vaccina-
tion decisions and disease transmission within a unified analyt-
ical framework. Within this framework, we define three vacci-
nation strategies: homologous vaccination (Homo), stochastic
heterologous vaccination (Stoch-Hetero), and completely ran-
dom heterologous vaccination (Rand-Hetero). We simulate
the vaccination-transmission process on a two-dimensional
grid, with results indicating that heterologous vaccination
yields superior overall control efficacy compared to homol-
ogous vaccination.

To validate the accuracy of the mechanism described
above, we first compare simulation data based on parallel
minority game (PMG) with actual observational data (using
COVID-19 as an example). As shown in Fig. 6, the trends
exhibit high consistency, which provides preliminary vali-
dation for the effectiveness of the vaccination-transmission
coupling mechanism constructed in this paper. Based on
the above mechanism, we further show differences in vac-
cine efficacy, the proportion h of vaccine-replaceable indi-
viduals, and the vaccine efficacy during the baseline immu-
nization phase on the overall prevention and control effec-
tiveness: (i) different combinations of vaccine effectiveness
have a significant effect on the effectiveness of the vaccina-
tion strategies. When the differences in vaccine effective-
ness are large, the stochastic heterologous vaccination (Stoch-
Hetero) outperforms the other two strategies in reducing the
peak and total number of infections (see Fig. 7); when the
differences are small, heterologous vaccination (Hetero) still
outperforms homologous vaccination (Homo), while the com-
pletely random heterologous vaccination (Rand-Hetero) strat-
egy performs slightly better than the stochastic heterologous
vaccination (Stoch-Hetero) strategy (see Fig. 8); (ii) the par-
allel minority game mechanism endows the stochastic het-
erologous vaccination (Stoch-Hetero) strategy with significant
robustness advantages. Specifically, when vaccine efficacy
varies considerably, its control effectiveness reaches an opti-
mal level around an individual replacement rate of h = 0.6
and remains insensitive to parameter changes. In contrast,
the control effectiveness of the completely random heterol-
ogous vaccination strategy (Rand-Hetero) exhibits instability
(see Fig. 9); (iii) under the stochastic heterologous vaccina-
tion (Stoch-Hetero), the higher the vaccine effectiveness in
the basic immunization phase, the better the control and pre-
vention (see Fig. 10). To further validate the aforementioned
mechanism, we simplify it into an ordinary differential equa-
tion model based on the mean-field approximation (Eq. (3)).
Subsequently, we conduct a theoretical analysis of the model,
including its well-posedness, the derivation of the basic repro-
duction number R0, and the calculation of the final epidemic
size. Finally, we confirm the accuracy of the vaccination-

transmission coupled mechanism based on the parallel minor-
ity game from a mean-field perspective by showing that the
solutions of the mathematical model closely match the empir-
ical data in Fig. 6.

This study establishes a vaccination-transmission coupled
mechanism based on a parallel minority game, which cap-
tures the vaccination decisions of boundedly rational individu-
als. Specifically, this “mainstream avoidance” behavior within
the model corresponds to a real-world decision-making logic:
when individuals perceive a risk from a homogeneous immune
barrier, they may proactively choose different vaccines to mit-
igate infection risk. The mechanism uncovers how micro-
level choices shape macro-level transmission dynamics, offer-
ing a scientific basis for public health policymaking in multi-
vaccine settings. Our findings suggest that, during the out-
break phase of infectious diseases, heterologous vaccination
should be prioritized to leverage its advantage in building a
comprehensive immune barrier, while prevention and control
strategies should be flexibly adjusted in light of key factors
such as differences in vaccine efficacy. Beyond common infec-
tious diseases such as influenza and hepatitis B, the proposed
framework also provides valuable guidance for evaluating vac-
cine strategies against emerging pathogens, like monkeypox
and potential future epidemic threats.[61,62]

However, there are still some limitations in this study: the
model has not fully considered the dynamic characteristics of
vaccine effectiveness decay over time, and has not incorpo-
rated realistic factors such as vaccine safety and vaccination
convenience; at the same time, the individual decision-making
mechanism has not sufficiently integrated the influence of so-
cial factors such as media publicity. In the future, we can
further introduce time-varying parameter mechanisms to de-
pict the dynamic decay process of vaccine effectiveness, and
to construct a quantitative weighting model of media influ-
ences in individual decision-making to enhance the explana-
tory power of the model regarding the complex system in re-
ality.
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S R, Sued O, Lioznov D A, Dzutseva V, Parveen G, Zhu F, Leppan L,
Langley J M, Barreto L, Gou J, Zhu T and CanSino COVID-19 Global
Efficacy Study Group 2022 Lancet 399 237

[53] Kucharski A J, Russell T W, Diamond C, et al. 2020 Lancet Infect. Dis.
20 553

[54] Lai S, Ruktanonchai N W, Zhou L, Prosper O, Luo W, Floyd J R,
Wesolowski A, Santillana M, Zhang C, Du X, Yu H and Tatem A J
2020 Nature 585 410

[55] Weldu A, Asres A, Ayenew M, Michael T G, Giorgis T T, Mariam T G,
Hiwot T G, Araya H, Silassie F G, Eyasu A G, Kirstos H G, David A G,
Kiros T G, Tekle H G, Medhin T G, Haile T G, Abadi T G, Yohannes
T G, Tadesse T G and Hagos T G 2025 J. Public Health (Berl.) 33
513–519

[56] Zhang Z, Mateus J, Coelho C H, Dan J M, Moderbacher C R, Gálvez
R I, Cortes F H, Grifoni A, Tarke A, Chang J, Escarrega E A, Kim C,
Goodwin B, Bloom N I, Frazier A, Weiskopf D, Sette A and Crotty S
2022 Cell 185 2434–2451

[57] https://ourworldindata.org/coronavirus
[58] https://www.peopleapp.com/column/30035597215-500004915582
[59] Keeling M J and Rohani P 2008 Modeling Infectious Diseases in Hu-

mans and Animals (Princeton: Princeton University Press)
[60] Van den Driessche P and Watmough J 2002 Math. Biosci. 180 29–48
[61] Yuan P, Tan Y, Yang Z, Aruffo E, Ogden N H, Bélair J, Arino J, Heffer-

nan J M, Watmough J, Carabin H and Zhu H 2022 Front. Public Health
10 1026489

[62] Xiong Z X, Xue L, Li X Z and Zhang Y F 2024 BMC Infectious Dis-
eases 24 1078

028705-17

https://doi.org/10.1016/S0140-6736(21)01694-9
https://doi.org/10.1016/S0140-6736(21)02717-3
https://doi.org/10.1038/s41591-021-01449-9
https://doi.org/10.1038/s41591-021-01449-9
https://doi.org/10.1016/j.physrep.2025.01.005
https://doi.org/10.1103/physrevresearch.7.013262
https://doi.org/10.1088/1674-1056/ad0114
https://doi.org/10.1137/S0036144500371907
https://doi.org/10.1088/1674-1056/add50c
https://doi.org/10.1088/1674-1056/add50c
https://doi.org/10.1093/cid/ciab079
https://doi.org/10.1073/pnas.0403823101
https://doi.org/10.1371/journal.pcbi.1000793
https://doi.org/10.1073/pnas.1011250108
https://doi.org/10.1073/pnas.1011250108
https://doi.org/10.1088/1674-1056/adc402
https://doi.org/10.1063/5.0195450
https://doi.org/10.1073/pnas.0606774104
https://doi.org/10.1073/pnas.0606774104
https://doi.org/10.1371/journal.pcbi.1000280
https://doi.org/10.2307/1884852
https://doi.org/10.1098/rspb.2010.1107
https://doi.org/10.1098/rspb.2010.1107
https://doi.org/10.1371/journal.pcbi.1002452
https://doi.org/10.1126/science.1093411
https://doi.org/10.1016/S0378-4371(97)00419-6
https://doi.org/10.1016/S0378-4371(99)00446-X
https://doi.org/10.1016/j.physa.2003.12.031
https://doi.org/10.1016/j.physa.2020.125271
https://doi.org/10.1109/MWC.2017.1600351WC
https://doi.org/10.1109/MWC.2017.1600351WC
https://doi.org/10.1007/s00285-023-01964-y
https://doi.org/10.3390/ijms25189814
https://doi.org/10.1080/21645515.2023.2221146
https://doi.org/10.1136/bmj-2022-069989
https://doi.org/10.1056/NEJMoa2107715
https://doi.org/10.1016/j.physa.2011.05.014
https://doi.org/10.1038/srep42594
https://doi.org/10.1103/RevModPhys.87.925
https://doi.org/10.1038/s41562-020-01009-0
https://doi.org/10.1038/s41586-020-2923-3
https://doi.org/10.1006/jtbi.1996.0088
https://doi.org/10.1056/NEJMoa2202261
https://doi.org/10.1016/S0140-6736(21)02753-7
https://doi.org/10.1016/S1473-3099(20)30144-4
https://doi.org/10.1016/S1473-3099(20)30144-4
https://doi.org/10.1038/s41586-020-2293-x
https://doi.org/10.1007/s10389-023-02037-6
https://doi.org/10.1007/s10389-023-02037-6
https://doi.org/10.1016/j.cell.2022.05.022
https://ourworldindata.org/coronavirus
https://www.peopleapp.com/column/30035597215-500004915582
https://doi.org/10.3389/fpubh.2022.1026489
https://doi.org/10.3389/fpubh.2022.1026489
https://doi.org/10.1186/s12879-024-09551-2
https://doi.org/10.1186/s12879-024-09551-2

	251825.pdf
	1. Introduction
	2. The coupled vaccination-transmission framework based on the parallel minority game
	2.1. The coupled vaccination-transmission process
	2.2. Parameter settings and experimental scenarios
	2.2.1. Parameter configuration
	2.2.2. Combinations of vaccine efficacy


	3. Data-based mechanism validation and numerical simulation
	3.1. Validation of the vaccination-transmission coupled mechanism based on real data
	3.2. Analysis of key parameters on containment effectiveness
	3.2.1. Impact of vaccine efficacy combinations on vaccination strategy effectiveness
	3.2.2. Impact of vaccine switching proportion h under different heterologous vaccination strategies
	3.2.3. Impact of vaccine efficacy heterogeneity in the primary immunization stage


	4. Mean-field approximation
	4.1. Mean-field model formulation
	4.2. Dynamical analysis
	4.2.1. Well-posedness
	4.2.2. Basic reproduction number
	4.2.3. The final size

	4.3. Validation of the coupled mechanism based on mean-field approximation

	5. Discussion and conclusion
	References


