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 A B S T R A C T

We study the coevolution of epidemic spreading and voluntary vaccination under commu-
nity lockdown on hyperbolic networks. By coupling an SIR process with an evolutionary 
vaccination game, we analyze how mobility restrictions interact with behavioral adaptation 
in structured populations. The effect of lockdown is found to vary with vaccination cost. 
For low vaccination cost, uptake remains high and lockdown has little additional influence. 
At intermediate cost, lockdown reduces perceived infection risk and suppresses vaccination, 
which can counterintuitively increase the final epidemic size despite lower transmissibility, 
a counterintuitive regime that is specific to high vaccine efficacy. For high vaccination cost, 
lockdown becomes the dominant control mechanism and substantially mitigates outbreaks, 
although it does not eliminate them. Lockdown also qualitatively alters the spreading dynamics, 
replacing synchronized global outbreaks with fragmented and asynchronous local waves. In 
addition, we identify a crossover in social cost that signals a transition from vaccination-
dominated protection to transmission-limited control. These results show that interventions that 
suppress transmission may simultaneously weaken vaccination incentives through behavioral 
feedback.

1. Introduction

A large body of empirical evidence has shown that real-world social systems are characterized by heterogeneous degree 
distributions, high clustering, and pronounced community organization [1–6]. These structural properties play a fundamental role 
in the dynamics of the epidemic, influencing the thresholds of outbreak, the speed of spread, and the final size of the epidemic [7,8]. 
In particular, community structures partition populations into densely connected groups with relatively sparse external interactions, 
providing a natural basis for localized transmission and control of epidemics at the community-level [9]. However, the influence 
of social networks is not limited to the dynamics of disease transmission; it also profoundly shapes individual behavioral patterns 
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and decision-making mechanisms. In complex networks, individuals do not exist in isolation but are embedded in interdependent 
systems composed of social relationships. Therefore, people no longer pursue maximum benefit at minimum cost as in the traditional 
‘‘economic man’’ assumption. Instead, due to extensive and complex connections with others, they often consider the well-being 
of others in the decision-making process, thus exhibiting behavioral characteristics similar to the ‘‘network man’’ [10,11]. This 
behavioral characteristic induced by the network structure is particularly prominent in the context of an epidemic. For example, 
people may take the initiative to self-isolate [12,13] or choose to get vaccinated [14]. Although these behaviors are usually 
accompanied by certain individual costs, they can effectively reduce the risk of infection for others. From this perspective, these 
behaviors essentially embody a cooperative mechanism [15–17]. Such large-scale cooperative behavior, even among non-relatives, 
is considered one of the important characteristics of human society.

In realistic epidemic settings, interventions are often implemented at the community level. Such measures do not necessarily 
imply complete closure or strict lockdown. More broadly, they can be understood as mechanisms that reduce effective cross-
community contacts, including mobility restrictions, avoidance of high-risk areas, and improved protective attitudes when entering 
risky communities, such as mask wearing or disinfection [18–20]. These community-based restrictions suppress transmission by 
weakening inter-community spreading pathways. At the same time, they can also indirectly influence voluntary vaccination, because 
lower exposure to the risk of external infection can reduce the perceived benefit of vaccination [21,22]. Therefore, community-
level intervention is important not only because it changes epidemic transmission routes but also because it reshapes the incentive 
structure that underlies vaccination decisions.

Voluntary vaccination has been extensively studied within the framework of evolutionary game theory, where individuals 
evaluate the trade-off between vaccination cost and infection risk under social interaction and information feedback [23–25]. 
Because vaccination decisions are adaptive and depend on epidemic conditions, the coupling between disease dynamics and 
strategic updating can generate insufficient vaccine uptake, recurrent outbreaks, and other complex dynamical outcomes [16,26–28]. 
However, most previous studies have focused on random, scale-free, or small-world networks [1,2,29], which do not explicitly 
represent geometric organization or controllable inter-community separation. As a consequence, they are limited in describing how 
reductions in cross-community interaction affect infection size and, in turn, alter vaccination incentives. To address this issue, we 
employ hyperbolic network models as a geometric framework to represent socially structured populations [30–32]. Previous work 
has shown that such networks provide a suitable setting to study the impact of community-level lockdown on epidemic spreading, 
revealing that reducing inter-community interactions alone may have limited effectiveness in suppressing global outbreaks [30]. 
However, these studies were conducted within a purely epidemiological framework, where individual behavior remained static 
and independent of epidemic conditions. In contrast, real-world epidemic dynamics are inherently shaped by adaptive behavioral 
responses. To capture this interplay, we extend the hyperbolic network framework by coupling epidemic spreading with an 
evolutionary vaccination game, thereby introducing a feedback loop between disease dynamics and individual decision-making. 
This allows us to investigate how transmission-reducing interventions may simultaneously alter behavioral incentives, potentially 
leading to emergent outcomes that cannot be inferred from epidemiological dynamics alone.

Motivated by these considerations, this paper investigates the coevolution of epidemic spreading and vaccination dynamics 
under community-based contact restrictions. We integrate an SIR epidemic process with an evolutionary vaccination game on 
hyperbolic random geometric networks [33]. Community lockdown is modeled as a reduction in cross-community transmission, 
while vaccination strategies are updated through payoff-driven stochastic imitation. Through systematic numerical simulations, 
we examine how the intensity of community-level contact restriction affects vaccination coverage and epidemic outcomes under 
different network structures.

Our results reveal a significant trade-off. While strengthened community lockdowns can effectively suppress large-scale outbreaks, 
this effect is accompanied by reduced vaccination mobilization. Consequently, we observed lower vaccination coverage and more 
complex outbreak patterns in these cases. These findings suggest that assessing the effectiveness of community-level interventions 
cannot be based solely on their direct epidemiological impacts but must also be understood in conjunction with their complex 
interactions with adaptive vaccination dynamics.

2. Model

We consider a model that integrates a coupled network structure, disease transmission dynamics, and individual behavior 
evolution to study the impact of community structure and lockdown measures on vaccination behavior and disease transmission. 
The model consists of three components: network generation, epidemic transmission, and evolutionary vaccination dynamics.

2.1. Network construction and community structure

We construct the contact network using a hyperbolic random geometric framework, which is known to naturally reproduce 
several structural properties commonly observed in real social networks, including heterogeneous degree distributions, high 
clustering, short average path lengths, and pronounced community structures [31,32,34–36].

Specifically, the nodes are embedded in a two-dimensional hyperbolic disk of radius 𝑅ℎ = 12. The growth of the network starts 
with an initial connected core of 𝑛 = 8 nodes to ensure global connectivity. The new nodes are then introduced sequentially until 
the network size reaches 𝑁 = 5000. Each node 𝑖 is assigned polar coordinates (𝑟 , 𝜃 ), where the radial coordinate 𝑟  reflects the 
𝑖 𝑖 𝑖
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popularity of the node, while the angular coordinate 𝜃𝑖 represents similarity. Angular coordinates are drawn uniformly from [0, 2𝜋), 
while radial coordinates follow a growth-induced distribution. 

𝜃𝑖 = 2𝜋𝑢1 (1)

𝑟𝑖 =
1
𝛼
cosh−1

[

1 + cosh(𝛼𝑅ℎ − 1) 𝑢2
]

(2)

Here 𝛼 is the internal growth parameter, 𝑅ℎ is the radius of the hyperbolic disk, and 𝑢1 and 𝑢2 are random numbers sampled from 
a [0, 1] uniform distribution.

The probability of establishing a connection between two nodes depends on their hyperbolic distance, which decreases 
monotonically with distance. As a result, nodes that are closer in hyperbolic space are more likely to be connected. 

𝑑𝑖𝑗 = cosh−1
[

cosh(𝑟𝑖) cosh(𝑟𝑗 ) − sinh(𝑟𝑖) sinh(𝑟𝑗 ) cos(𝛥𝜃𝑖𝑗 )
]

(3)

where 𝛥𝜃𝑖𝑗 = 𝜋 − |𝜋 − |𝜃𝑖 − 𝜃𝑗∥ is the angular distance between node 𝑖 and node 𝑗. In this geometric representation, the radial 
coordinate 𝑟𝑖 reflects node popularity, with nodes closer to the center typically having higher degree, while the angular distance 
captures similarity, such that nodes with small angular separation can be interpreted as individuals that are socially or geographically 
proximate, for example belonging to the same region or socio-economic group.

To quantify community organization, we apply the Louvain modularity optimization algorithm [5,37]. 

𝑄 = 1
2𝑚

𝑁
∑

𝑖,𝑗

[

𝐴𝑖𝑗 −
𝑘𝑖𝑘𝑗
2𝑚

]

𝛿(𝑐𝑖, 𝑐𝑗 ) (4)

where 𝑚 is the total number of edges in the network, 𝐴𝑖𝑗 is the adjacency matrix element that indicates whether there is an edge 
between node 𝑖 and node 𝑗, 𝑘𝑖 and 𝑘𝑗 are the degrees of nodes 𝑖 and 𝑗, and 𝑐𝑖 and 𝑐𝑗 are the communities to which nodes 𝑖 and 
𝑗 belong, respectively and 𝛿(𝑐𝑖, 𝑐𝑗 ) is a delta function that is equal to 1 if 𝑐𝑖 = 𝑐𝑗 and 0 otherwise. The algorithm continuously 
adjusts the community assignments of the nodes to maximize the modularity value 𝑄. A higher modularity value indicates a more 
pronounced community structure in the network.

The resulting networks exhibit a modularity of 𝑄 = 0.81 and a clustering coefficient of 𝐶 = 0.65, indicating a pronounced 
community structure and a high level of local clustering. These values are consistent with those reported in previous studies on 
complex networks with small-world and community properties [38]. Due to these genuine topological characteristics, the hyperbolic 
network model represents a viable platform to simulate various social phenomena, including epidemics [32,39–41]. Within this 
framework, the network construction and the implementation of community-level lockdown follow our previous work [30], 
providing a consistent baseline for incorporating adaptive vaccination dynamics.

2.2. Coevolutionary dynamics of vaccination and epidemic spreading

We consider a seasonal evolutionary framework in which vaccination behavior and epidemic spreading co-evolve across 
consecutive seasons, as illustrated in Fig.  1. Each season consists of two sequential phases: an epidemic spreading phase and 
a strategy updating phase. At the beginning of each season, individuals decide whether to vaccinate according to the strategy 
configuration inherited from the previous season. Once vaccination decisions are made, strategies remain fixed, and the epidemic 
spreads through the contact network under this static vaccination configuration. At the end of the epidemic season, individuals 
receive payoffs determined by their vaccination decisions and infection outcomes. Subsequently, individuals update their vaccination 
strategies through social learning based on the Fermi update rule: each individual compares their payoff with that of a randomly 
selected neighbor and adopts the neighbor’s strategy with a probability increasing with the payoff difference. The updated strategy 
distribution then determines the initial vaccination configuration for the next season, thereby coupling behavioral adaptation with 
epidemic dynamics over time.

Specifically, at the beginning of each season, individuals decide whether to be vaccinated based on their experience in the 
previous season. For the initial season, a fraction 𝑥0 = 0.5 of individuals is randomly selected to be vaccinated. We have verified 
that the qualitative results are robust with respect to the choice of initial conditions. After this initialization, the disease spreads on 
the network under a fixed vaccination configuration.

In the voluntary vaccination setting, vaccinated individuals incur a cost 𝑐, while unvaccinated individuals avoid this cost but 
face a risk of infection. We assume that vaccination provides complete immunity within each season, so vaccinated individuals do 
not participate in transmission. Unvaccinated individuals receive a payoff of −1 if infected and 0 otherwise. The vaccination cost is 
normalized relative to the infection loss, such that 𝑐 ∈ (0, 1).

To incorporate bounded rationality, we adopt an evolutionary updating rule. At the end of each season, individuals update their 
vaccination strategies based on accumulated payoffs. Strategy updating follows a local imitation process governed by the Fermi 
function [42–44]. Specifically, an individual 𝑖 randomly selects a neighbor 𝑗 and adopts 𝑗’s strategy with probability 

𝑃𝑖←𝑗 =
1

1 + exp[𝛽(𝜋𝑖 − 𝜋𝑗 )]
. (5)

where 𝜋𝑖 and 𝜋𝑗 denote the payoffs of individuals 𝑖 and 𝑗, respectively, and 𝛽 represents the selection intensity.
Disease spreading is modeled using a continuous-time Gillespie stochastic simulation [45,46]. Each individual can be in one of 

four states: susceptible (𝑆), infected (𝐼), recovered (𝑅), or vaccinated (𝑉 ). At the beginning of each season, vaccinated individuals 
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Fig. 1. A schematic diagram of the co-evolutionary framework of vaccination behavior and epidemic spread. The top timeline shows the seasonal 
evolution, where each season consists of two stages: vaccination decision and epidemic spreading. Individuals initially experience epidemic 
dynamics under a fixed vaccination configuration, then allocate benefits based on vaccination and infection outcomes. Strategies are then updated 
through a benefit-driven mimicry process, and the updated strategies determine the vaccination status for the next epidemic season. Node colors 
indicate individual states: vaccinated (𝑉 , blue), susceptible (𝑆, green), infected (𝐼 , red), and recovered (𝑅, gray). The bottom arrows indicate 
the feedback loop between epidemic outcomes and subsequent behavioral adaptation across seasons.

are assigned to state 𝑉 , while all other individuals are initialized as susceptible. A fixed number 𝐼0 = 10 of individuals are randomly 
selected as initial infected seeds. Infection occurs along network edges, with each susceptible node becoming infected at a rate 
proportional to the number of its infected neighbors (i.e., 𝛾 per infected neighbor), while recovery occurs independently at rate 𝜇. 
The process continues until no infected individuals remain or a maximum simulation time is reached.

To model community-level lockdown, we introduce a transmission suppression mechanism acting on inter-community contacts. 
Specifically, transmission between individuals belonging to different communities occurs at a reduced rate 𝛾(1 − 𝑝), where 𝑝 ∈ [0, 1]
represents the strength of community lockdown. When 𝑝 = 0, no lockdown is applied, while 𝑝 = 1 corresponds to a complete 
suppression of inter-community transmission. Transmission within the same community remains unchanged. We model community-
level lockdown as a reduction in inter-community transmission rates by a factor (1−𝑝), which provides a minimal and interpretable 
representation of decreased effective contact intensity across communities. This formulation captures the impact of mobility 
restrictions and reduced cross-community interactions without altering the underlying network topology.

2.3. Simulation settings

To investigate the impact of community lockdown on epidemic spreading and the vaccination dilemma, we perform numerical 
simulations on hyperbolic networks. Unless otherwise specified, the following parameter settings are used throughout the study. 
The network size is set to 𝑁 = 5000 with an average degree ⟨𝑘⟩ = 6. The transmission rate is 𝛾 = 0.51, and the recovery rate is 
𝜇 = 1∕3. The initial number of infected individuals is 𝐼0 = 10. For the visualization results shown in Figs.  4 and 5, a smaller network 
size (𝑁 = 3000) is used to improve the readability of temporal and spatial patterns. To ensure that the system reaches a steady state, 
the simulation is run for 3000 epidemic seasons. The average values over the last 1000 seasons are taken as the final vaccination 
coverage and epidemic size. In addition, more than 20 independent realizations are performed for each set of parameters to reduce 
statistical fluctuations.

3. Result

We first examine how vaccination coverage and epidemic size depend on the vaccination cost under different levels of community 
lockdown. As shown in Fig.  2, increasing the vaccination cost can be associated with a decline in vaccination coverage and a 
corresponding increase in epidemic size, which is consistent with classical voluntary vaccination dynamics. However, the effect 
4 
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Fig. 2. Vaccine coverage, outbreak size, and free-rider ratio vary with vaccination costs under different levels of community lockdown. The 
left column shows the steady-state average vaccine coverage, the middle column shows the final outbreak size, and the right column shows the 
proportion of free-riders. The horizontal axis represents the relative vaccination cost 𝑐. The upper row corresponds to selection intensity 𝛽 = 1, 
whereas the lower row corresponds to selection intensity 𝛽 = 10. Different symbols and colors denote different strengths of community isolation: 
𝑝 = 0 (no isolation), 𝑝 = 0.9, 𝑝 = 0.99, and 𝑝 = 0.999. The figure illustrates how the effectiveness of lockdown depends on vaccination cost and 
how behavioral responses influence epidemic outcomes. Main parameters are: network size 𝑁 = 5000, average degree ⟨𝑘⟩ = 6, transmission rate 
𝛾 = 0.51, recovery rate 𝜇 = 1∕3, and initial number of infected individuals 𝐼0 = 10.

of community lockdown varies with the vaccination cost, and the curves exhibit qualitatively different patterns in different cost 
regimes.

When the vaccination cost is low, vaccination coverage remains close to full adoption across all lockdown levels, and the epidemic 
size stays at a very low level. In this regime, individuals have strong incentives to vaccinate, so the population is effectively protected 
by widespread immunization and differences in lockdown intensity produce almost no visible effect on either vaccination coverage 
or epidemic size. As the vaccination cost increases to an intermediate range, the vaccination curves begin to separate clearly under 
different lockdown levels. Stronger lockdown is observed to coincide with a faster decline in vaccination coverage, suggesting that 
reduced cross-community interactions lower overall infection exposure. Under the present evolutionary updating framework, this 
reduced exposure subsequently weakens the incentive to vaccinate. At the same time, the epidemic-size curves do not decrease 
proportionally with increasing lockdown intensity; instead, they may remain comparable to, or even exceed, those in the absence 
of lockdown. This reveals a counterintuitive regime in which the direct transmission-suppressing effect of lockdown is partially 
offset by the decline in vaccination coverage induced by free-riding behavior. When the vaccination cost becomes high, vaccination 
coverage approaches zero under all lockdown levels, and the epidemic size rises sharply. In this regime, behavioral adaptation 
through vaccination is effectively absent, so epidemic control relies almost entirely on lockdown. Increasing lockdown intensity 
then significantly reduces epidemic size, showing that lockdown regains its effectiveness as a transmission-limiting mechanism. 
Even so, under extremely strong lockdown (e.g., 𝑝 = 0.999), a considerable fraction of the population remains infected, indicating 
that lockdown alone cannot fully suppress the outbreak.

Since infection size alone does not fully capture the combined effects of epidemic spreading and vaccination behavior, we next 
consider the overall social cost by accounting for both vaccination expenditure and infection-related losses. The average social 
cost is defined as the average cost paid by all individuals in the entire population after the epidemic has reached a steady state. 
As shown in Fig.  3, the average social cost increases monotonically with vaccination cost under all lockdown intensities, but the 
detailed shapes of the curves differ substantially across regimes. When vaccination cost is low (𝑐 ≲ 0.4), the social-cost curves under 
different lockdown levels nearly overlap and remain at a low level, since vaccination coverage is high and epidemic spreading is 
effectively suppressed. In this regime, the total cost is dominated mainly by vaccination expenditure, and the influence of lockdown 
is negligible. As 𝑐 increases into the intermediate range, a clear separation between curves emerges, together with an approximate 
transition point around 𝑐 ≈ 0.5. Below this threshold, stronger lockdown leads to higher social cost. This is because vaccination 
remains widespread, and additional restrictions mainly reduce system efficiency without significantly lowering infection burden. 
5 
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Fig. 3. Average social cost as a function of vaccination cost under different levels of community lockdown. The horizontal axis represents the 
relative vaccination cost 𝑐, and the vertical axis denotes the average social cost. The social cost accounts for both vaccination cost and infection 
loss. The upper row corresponds to selection intensity 𝛽 = 1, whereas the lower row corresponds to selection intensity 𝛽 = 10. Different curves 
correspond to different lockdown intensities: 𝑝 = 0 (no lockdown), 𝑝 = 0.9, 𝑝 = 0.99, and 𝑝 = 0.999. Other parameters are set as 𝑁 = 5000, ⟨𝑘⟩ = 6, 
𝛾 = 0.51, 𝜇 = 1∕3, and 𝐼0 = 10.

Above this threshold, however, the trend reverses: stronger lockdown results in lower social cost. In this regime, vaccination uptake 
declines substantially, and reducing transmission through lockdown becomes more effective in limiting infection-related losses. 
When vaccination cost becomes high (𝑐 ≳ 0.8), vaccination coverage is negligible and social cost is dominated by infection-related 
losses. In the absence of effective lockdown, widespread outbreaks cause the total cost to rise rapidly. Under stronger lockdown, 
the growth of social cost is significantly slowed, although large-scale infection still persists.

To further explore the underlying mechanism, we examine the temporal evolution of the system over successive epidemic seasons, 
as shown in Fig.  4. In this figure, the left and right columns correspond to the cases without lockdown (𝑝 = 0) and with strong 
lockdown (𝑝 = 0.999), respectively, while the top and bottom rows represent different selection intensities (𝛽 = 1 and 𝛽 = 10). Each 
time step represents one epidemic season followed by strategy updating.

Due to the high vaccination cost, the vaccination coverage rapidly approaches zero in all cases. This effectively removes the 
influence of vaccination behavior, allowing us to isolate the direct impact of lockdown on epidemic spreading. Without lockdown, 
the system rapidly evolves into an infection-dominated state, where the disease spreads globally and reaches a relatively stable 
level with small fluctuations. This indicates that, in the absence of constraints on inter-community interactions, epidemic spreading 
organizes into a synchronized outbreak across the entire network. With strong lockdown, although the average infection level is 
reduced, the temporal dynamics become highly irregular, exhibiting persistent large-amplitude fluctuations. Instead of converging 
to a steady state, the system remains dynamically active over time. This behavior arises from the spatial fragmentation induced 
by lockdown: when cross-community transmission is suppressed, epidemic spreading is confined within individual communities, 
leading to asynchronous local outbreaks. The aggregate dynamics therefore reflect the superposition of multiple desynchronized 
processes, resulting in sustained temporal variability. These temporal patterns remain qualitatively similar for 𝛽 = 1 and 𝛽 = 10, 
indicating that the high-amplitude fluctuations induced by community lockdown are robust rather than incidental. This observation 
motivates a further examination from a microscopic perspective.
6 
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Fig. 4. The temporal evolution of vaccination behavior and epidemic transmission. The blue curve represents the proportion of vaccinated 
individuals; the green curve indicates the proportion of unvaccinated but uninfected ‘‘free-riders’’; and the red curve denotes the proportion of 
infected individuals. The left column illustrates the scenario without community isolation (𝑝 = 0), while the right column corresponds to the 
scenario with strong community isolation (𝑝 = 0.999). The horizontal axis corresponds to the Monte Carlo evolutionary cycles; The upper row 
corresponds to selection intensity 𝛽 = 1, whereas the lower row corresponds to selection intensity 𝛽 = 10. Main parameters are: network size 
𝑁 = 3000, average degree ⟨𝑘⟩ = 6, transmission rate 𝛾 = 0.51, recovery rate 𝜇 = 1∕3, 𝑐 = 0.9 and the initial infected individuals are confined to 
designated communities.

Fig.  5 shows the spatial evolution of node states at different stages of the epidemic process. The top row corresponds to the 
case without lockdown, while the bottom row represents strong community lockdown. The system is simulated under a high 
vaccination-cost regime, in which vaccination coverage quickly approaches zero. This setup effectively removes the influence of 
vaccination behavior, allowing the impact of community lockdown on epidemic spreading to be observed more clearly. At the 
initial stage, a small number of infected individuals (𝐼0 = 10) are randomly distributed across the network. For visualization 
purposes, vaccinated individuals are initially placed in a few selected communities (blue nodes), which helps highlight their spatial 
evolution but does not affect the overall dynamics. Without lockdown, infections rapidly cross community boundaries and spread 
across the entire network. As the process evolves, the infected nodes become more uniformly distributed in space, and most 
communities are eventually involved in the outbreak. Although vaccinated nodes may transiently extend into neighboring regions 
in the early stage, they gradually disappear as vaccination becomes unfavorable and free-riding dominates. The final spatial pattern 
is therefore characterized by a largely homogeneous distribution of infected nodes. With strong lockdown, the spreading pattern is 
fundamentally altered. Transmission is largely confined within individual communities, and the epidemic remains localized within a 
subset of regions at each stage. Instead of expanding uniformly, active outbreak regions shift between communities over time, while 
other communities remain weakly affected or nearly disease-free. This persistent spatial heterogeneity reflects the fragmentation 
of transmission pathways induced by lockdown. These spatial patterns provide a direct microscopic explanation for the temporal 
dynamics observed in Fig.  4. The irregular fluctuations at the system level arise from the superposition of multiple asynchronous 
local outbreaks occurring in different communities.

Finally, we relaxed the idealized assumption of perfect vaccine-induced protection, since real-world vaccine efficacy is often 
incomplete, particularly in the presence of viral mutation and immune escape. To account for this, we introduced an imperfect-
vaccine scenario with a baseline vaccine efficacy of 𝐸𝑣 = 0.8, meaning that vaccination reduces an individual’s susceptibility 
to infection by 80% rather than conferring complete immunity. Under this setting, vaccinated individuals may still experience 
breakthrough infections and consequently bear both the vaccination cost and the losses associated with infection. As shown in Fig. 
6, compared with the perfect-vaccine case, vaccination coverage declines more rapidly as vaccination costs increase and collapses 
at a substantially lower threshold (𝑐 ≈ 0.2), reflecting the reduced expected payoff of vaccination under imperfect protection. 
More importantly, the counterintuitive ‘‘lockdown paradox’’ observed in Fig.  2 disappears entirely: stronger lockdown measures 
consistently suppress epidemic prevalence across the full range of vaccination costs.

The contrast between the perfect and imperfect vaccine scenarios helps clarify the mechanism underlying this paradox. Under 
perfect protection, vaccination effectively eliminates infection risk and therefore promotes free-riding behavior, making vaccination 
7 
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Fig. 5.  Spatiotemporal pattern formation of vaccination behavior and epidemic spreading on the hyperbolic network. Different background 
colors indicate different community structures. Blue nodes represent vaccinated individuals, while red nodes denote unvaccinated individuals 
who have been infected, including both infectious and recovered states. From left to right, the panels correspond to the system states at 𝑡 = 0, 
𝑡 = 10, 𝑡 = 20, and 𝑡 = 200, respectively. The upper row shows the case without community isolation (𝑝 = 0), whereas the lower row corresponds 
to strong community isolation (𝑝 = 0.999). Main parameters are: network size 𝑁 = 3000, average degree ⟨𝑘⟩ = 6, transmission rate 𝛾 = 0.51, 
recovery rate 𝜇 = 1∕3, 𝑐 = 0.9, 𝛽 = 1 and the initial infected individuals are confined to designated communities.

decisions highly sensitive to perceived epidemic risk. As lockdown measures reduce transmission, individuals become less motivated 
to vaccinate, which can partially offset the epidemiological benefits of lockdown and even produce counterintuitive system-level 
outcomes. In contrast, when vaccine efficacy is imperfect, vaccinated individuals are still partially exposed to infection risk, which 
to some extent weakens the motivation for free-riding and reduces the dynamic coupling strength between perceived risk and 
vaccination rates. Therefore, epidemic dynamics are more directly influenced by the suppressive effect of lockdown interventions. 
In this sense, the disappearance of the paradox under imperfect vaccination does not imply a reduced importance of behavioral 
feedback; rather, it further emphasizes that the impact of non-pharmaceutical interventions critically depends on the coupling 
between epidemic dynamics and adaptive human behavior.

4. Discussion

In this study, we investigated the coevolution of epidemic spreading and vaccination behavior under community lockdown on 
hyperbolic networks. By combining geometric network structure, epidemic dynamics, and evolutionary vaccination decisions within 
a unified framework, we examined how transmission processes and individual behavior jointly shape epidemic outcomes.

Our results show that the effect of community lockdown depends strongly on vaccination cost. When vaccination is inexpensive 
and widely adopted, lockdown contributes little because epidemic spread is already strongly suppressed. At intermediate vaccination 
costs, however, lockdown reduces overall infection exposure, which, within the evolutionary game framework, diminishes the 
payoff-driven incentive to vaccinate. This behavioral response can generate counterintuitive outcomes, including larger outbreaks 
despite reduced transmission. When vaccination becomes prohibitively costly, lockdown acts as the primary control mechanism and 
can substantially reduce epidemic size, although it cannot eliminate transmission entirely. These findings indicate that the role of 
lockdown is not fixed, but emerges from its interplay with behavioral adaptation.

To place these findings into a broader network context, it is important to note that empirical social networks are known 
to exhibit pronounced community structure [5], which plays a crucial and often nontrivial role in shaping epidemic spreading 
dynamics [47–49]. In particular, the interplay between densely connected local neighborhoods and sparser long-range connections, 
often associated with human mobility patterns, has been shown to critically influence both the speed and extent of disease 
propagation. Short-range interactions tend to sustain local outbreaks, while long-range ties facilitate global spreading by bridging 
otherwise weakly connected communities [50]. These structural features also have important implications for epidemic control, as 
they determine how interventions targeting mobility or contact patterns can mitigate large-scale outbreaks [51]. In this context, 
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Fig. 6. Vaccination coverage and epidemic size versus the relative vaccination cost 𝑐 under different levels of community lockdown in the 
imperfect-vaccine scenario. The left column shows the steady-state vaccination coverage, and the right column shows the final epidemic size. 
The upper row corresponds to selection intensity 𝛽 = 1, while the lower row corresponds to 𝛽 = 10. Different symbols and colors represent 
different levels of community lockdown: 𝑝 = 0 (no isolation), 𝑝 = 0.9, 𝑝 = 0.99, and 𝑝 = 0.999. Parameters are set to 𝑁 = 5000, ⟨𝑘⟩ = 6, 𝛾 = 0.51, 
𝜇 = 1∕3, 𝐸𝑣 = 0.8, and 𝐼0 = 10.

community-level interventions, including mobility restrictions and reduced inter-community contacts, have been widely studied as 
key non-pharmaceutical strategies to suppress epidemic spreading [7,51–53]. Empirical and modeling studies have demonstrated 
that limiting cross-community interactions can effectively reduce transmission, particularly in the early stages of an outbreak. 
However, previous work on hyperbolic networks has shown that such structural interventions alone may not suffice to prevent 
large-scale spreading, even under strong reductions in inter-community transmission [30]. This suggests that the effectiveness of 
community-level lockdown is inherently constrained by the underlying network structure.

Beyond purely structural considerations, it is increasingly recognized that the impact of epidemic interventions is strongly 
context-dependent and may be further shaped by adaptive human behavior. In particular, fluctuations in local infection exposure 
can dynamically alter the payoff landscape of individuals, thereby modifying the collective response to interventions. Incorporating 
such behavioral feedback is therefore essential for a more complete understanding of how transmission dynamics and control 
measures interact. It is worth noting that Fenichel et al. showed that incorporating adaptive human behavior can substantially 
alter the predicted epidemic dynamics [21]. Their study demonstrated that controlling epidemics solely by reducing contact rates 
may generate economic losses exceeding the burden of the epidemic itself, and that policies maximizing infection reduction do 
not necessarily maximize overall social welfare. Consistent with this perspective, our study further considers the dynamic interplay 
among epidemic spreading, vaccination feedback, and social interventions within a more realistic co-evolutionary framework. We 
find that, under the assumption of perfect vaccine-induced protection, individuals may exhibit stronger free-riding behavior after 
weighing vaccination costs against perceived infection risk. Consequently, as community lockdown measures reduce transmission 
9 
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risk, vaccination incentives may also decline, partially offsetting the epidemiological benefits of lockdown and even leading to larger-
than-expected epidemic outbreaks. In this sense, our results further highlight the importance of incorporating adaptive behavioral 
responses when evaluating the effectiveness of non-pharmaceutical interventions.

While our framework reveals the fundamental mechanisms of the lockdown-vaccination trade-off, it relies on some simplifying 
assumptions to explicitly isolate the core mechanisms of the behavior-disease feedback. First, our primary analysis assumes perfect 
vaccine-induced protection. Although such an idealized condition is difficult to achieve in real-world settings, it provides a limiting 
case in which the negative impact of behavioral feedback on the effectiveness of community lockdowns can be clearly identified. 
To examine whether this mechanism persists under more realistic vaccine conditions, we further considered an imperfect-vaccine 
scenario. This extension changes not only the direct level of vaccine protection, but also the payoff structure underlying vaccination 
decisions: vaccinated individuals may still become infected and therefore bear both vaccination costs and infection-related losses. 
From the perspective of social learning, this reduces the relative advantage of vaccination and weakens individuals’ responsiveness 
to changes in perceived infection risk. As the coupling between behavioral adaptation and epidemic spreading becomes weaker, the 
system gradually shifts from a strongly co-evolutionary regime toward dynamics more strongly governed by transmission processes, 
under which conventional interventions such as community lockdowns recover their expected epidemic-control effectiveness. 
Nevertheless, this comparison further highlights that adaptive behavioral feedback can fundamentally reshape epidemic outcomes 
and the effectiveness of public-health interventions. Second, our model represents community-level lockdown as a homogeneous 
reduction of inter-community transmission rates. While this simplified formulation allows for a clear and controlled investigation of 
the interplay between network structure and behavioral adaptation, it does not capture more complex forms of intervention, such as 
heterogeneous mobility reductions, targeted isolation strategies, or dynamic rewiring of contact patterns. Exploring these extensions, 
particularly how imperfect immunity interacts with targeted mobility restrictions over multiple seasons, would provide a more 
detailed representation of real-world scenarios and represents an important direction for future work. From a broader perspective, 
our results suggest that epidemic control strategies based solely on transmission reduction may produce unintended consequences 
if behavioral feedback is neglected. Effective intervention policies should therefore consider not only their direct epidemiological 
impact, but also their influence on individual decision-making and risk perception.

From a dynamical perspective, lockdown also qualitatively reorganizes the spreading process. Instead of synchronized global out-
breaks, the system exhibits fragmented and asynchronous local transmission waves, which produce persistent temporal fluctuations. 
This structural fragmentation offers a microscopic explanation for the macroscopic variability observed in the epidemic dynamics.

By further incorporating a cost-based evaluation, we show that the influence of lockdown extends beyond epidemic size to the 
overall social cost. In particular, a crossover appears at intermediate vaccination costs, where the relative benefit of lockdown 
changes. This marks a shift from vaccination-dominated protection to transmission-limited control and underscores the need to 
account for epidemiological and behavioral factors simultaneously.

These results have several broader implications. First, voluntary vaccination alone may produce suboptimal outcomes because 
individuals can free-ride on the protection provided by others. Second, although strong lockdown measures can reduce epidemic 
spread, their effect is inherently limited and may be difficult to sustain in practice. Most importantly, excessive reliance on lockdown 
may weaken vaccination incentives, thereby offsetting part of its epidemiological benefit. Effective epidemic control therefore 
requires a balance between mobility restrictions and policies that preserve or strengthen vaccine uptake.

Overall, our findings highlight the central role of behavioral feedback in epidemic dynamics and show that successful intervention 
strategies must address both transmission pathways and individual decision-making. Future work could extend this framework by 
incorporating more realistic behavioral responses, heterogeneous risk perception, or adaptive policy mechanisms.
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