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The co-evolution mechanisms between traffic mobility and disease transmission under resource 
constraints remain poorly understood. This study proposes a two-layer transportation network 
model integrating the Susceptible-Infectious-Susceptible (SIS) epidemic framework to address this 
gap. The model incorporates critical factors such as total medical resources, inter-network infection 
delays, travel willingness, and network topology. Through simulations, we demonstrate that 
increasing medical resources significantly reduces infection scale during outbreaks, while prolonging 
inter-network delays slows transmission rates but extends epidemic persistence. Complex network 
topologies amplify the impact of travel behavior on disease spread, and multi-factor interventions 
(e.g., combined resource allocation and delay extension) outperform single-factor controls in 
suppressing transmission. Furthermore, reducing network connectivity (lower average degree) proves 
effective in mitigating outbreaks, especially under low travel willingness. These findings highlight the 
necessity of coordinated policies that leverage resource optimization, travel regulation, and network 
simplification to manage epidemics. This work provides actionable insights for policymakers to design 
efficient epidemic control strategies in transportation-dependent societies.
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The propagation of infectious diseases has long been a critical challenge to global public health systems, with 
historical pandemics underscoring their capacity to disrupt societal and economic stability1. The COVID-19 
pandemic, emerging in late 2019, epitomized this threat through its unprecedented transmissibility and 
pathogenicity, inflicting profound humanitarian and infrastructural losses worldwide2. This crisis has intensified 
scholarly focus on the complex interdependencies between disease transmission dynamics and human behavioral 
patterns, particularly mobility-driven interactions that govern epidemic spread3–5.

Traditional epidemiological models, including the Susceptible-Infectious (SI), Susceptible-Infectious-
Susceptible (SIS), and Susceptible-Infectious-Removed (SIR) frameworks, have provided foundational insights 
into transmission mechanisms6,7. The SI model, for instance, characterizes diseases with irreversible infection 
states (e.g., HIV), while SIS and SIR incorporate recovery mechanisms, distinguishing between temporary 
immunity (SIS) and permanent immunity (SIR)8–13. Despite their utility, these models often oversimplify real-
world complexities by neglecting the co-evolutionary feedback between individual mobility and infection spread. 
For instance, they fail to account for how travel behaviors dynamically reshape contact networks or how resource 
constraints modulate recovery rates—a gap that limits their predictive accuracy in urbanized, interconnected 
populations14,15. Then, recent advances in epidemiological modeling have leveraged fractional calculus, non-
integer derivatives and optimal control theory to capture memory effects, heterogeneous interactions, partial 
immunity, adaptive intervention strategies and saturation dynamics inherent in complex biological systems16–20. 
For instance, studies such as ref16. employ fractional-calculus frameworks to analyze CD4 + T cell dynamics 
in HIV progression, while Jan et al. utilizes fractal-fractional operators with Caputo derivatives to model Rift 
Valley fever transmission, revealing critical thresholds for zoonotic spillover17. Similarly, ref18. integrates non-
integer derivatives to explore memory-dependent dengue transmission, emphasizing the role of asymptomatic 
carriers and vaccination delays. Moreover, fractional calculus is employed to model Hand–Foot–Mouth Disease 
dynamics, revealing how partial immunity modulates outbreak resurgence—a critical insight for designing 
phased travel restrictions19. Similarly, Jan et al. incorporate variable source terms via the Galerkin method to 
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analyze HIV infection dynamics, emphasizing the role of time-dependent resource allocation in stabilizing 
infection rates20. These approaches address limitations of classical ODE-based models (e.g., SI, SIS, SIR) by 
incorporating temporal memory and spatially heterogeneous interactions—features critical for modeling 
adaptive human mobility under resource constraints6,7,13.

Recent advances in network science have also bridged the divide between classical ODE-based models and 
realistic scenarios by modeling transportation systems as complex networks, where nodes represent individuals 
or hubs, and edges denote travel pathways21,22. Single-layer network studies, such as Chen et al.21, demonstrated 
that topological metrics (e.g., node proximity) predict epidemic thresholds, while Song et al.22 quantified network 
robustness against pathogen spread. However, such frameworks inadequately capture multi-scale interactions—
e.g., cross-network delays between urban and rural regions or resource competition during outbreaks. Huang et 
al.23 advanced this field by identifying influential links for targeted quarantine, and Basnarkov et al.24proposed 
a COVID-19-specific SEAIR model integrating asymptomatic carriers. Furthermore, network-augmented 
frameworks have extended the principles of fractional calculus and non-integer derivatives to systems with 
structured interactions25–28. For example, Ahmad et al. investigate computer virus propagation through modified 
SIR models, linking network topology to outbreak resilience25, and fractional derivatives are applied to tungiasis 
dynamics26, demonstrating how targeted interventions disrupt parasite-host cycles. Such methodologies align 
with our focus on transportation networks, where fractal-fractional operators27and saturation incidence terms28 
could further refine predictions of cross-regional transmission delays and resource-dependent recovery rates. 
Yet, these works largely overlook the temporal decoupling of inter-network transmission and the role of adaptive 
mobility under finite medical resources.

Thus, multi-layer network models have emerged as a pivotal advancement in epidemiology, addressing the 
oversimplifications of single-layer frameworks. Fan et al.29demonstrated that coupled multi-layer networks 
reduce infection ratios compared to single-layer analogs, as they better capture real-world social heterogeneity. 
This has spurred efforts to integrate adaptive human behaviors and dynamic network restructuring into 
transmission models30. For instance, Guo et al.31 developed a two-layer time-varying network model, revealing 
that partial mapping between layers critically modulates epidemic thresholds—a finding corroborated by hybrid 
Markov chain and Monte Carlo simulations. Concurrently, Kan et al.32highlighted how spontaneous awareness 
behaviors in dual-network systems alter infection thresholds, emphasizing the need to model preventive 
measures alongside transmission dynamics. Dynamic networks further enhance realism by simulating behavior-
driven connectivity changes, which directly influence pathogen spread33. These studies collectively underscore 
that static or homogeneous network assumptions inadequately represent the co-evolution of mobility and 
disease transmission.

Meanwhile, recent research has increasingly focused on quantifying how travel behavior governs epidemic 
outcomes. Harper et al.34 established that optimal travel restrictions balance mobility and outbreak control, 
while Badr et al.35 empirically linked COVID-19 transmission scales to population mobility patterns using 
mobile device data. Xiong et al.36 further advanced this by modeling location-based mobility to predict 
infection risks, demonstrating that real-time mobility data can refine containment strategies. Notably, Mo et 
al.37introduced time-varying public transit encounter networks, showing that targeted transportation policies 
reduce superspreader events by 30–50%. These findings align with evidence that information diffusion—a key 
modulator of travel behavior—alters mobility patterns during outbreaks38. However, existing models often 
neglect the interplay between resource-limited recovery rates and inter-network transmission delays, limiting 
their utility in designing adaptive, multi-factor interventions.

Further, Jan et al. applies fractional derivatives to evaluate viral infection control policies, demonstrating 
that memory-dependent interventions (e.g., delayed travel bans) outperform static measures39. This resonates 
with our findings on inter-network infection delays and their context-dependent efficacy. Studies such as 
ref40. extend this paradigm to typhoid fever, quantifying how vaccination coverage and carrier identification 
reduce transmission thresholds—a principle applicable to optimizing resource-limited epidemic responses. 
More importantly, optimal control theory is employed to model co-evolving vector-borne diseases41, providing 
methodological parallels to our co-evolutionary framework for mobility and transmission. Collectively, these 
works underscore the necessity of integrating adaptive control policies and fractional dynamics into networked 
epidemic models, particularly under resource constraints. Motivated by these, we propose a disease transmission 
model on a two-layer transportation network that comprehensively considers the total medical resources, inter-
network infection delay, and travel willingness. Then, the specific innovations of this paper are as follows. (1) 
We propose an integrated co-evolution framework which uniquely captures the bidirectional feedback between 
disease transmission dynamics and adaptive travel choices under resource constraints—a gap in existing single-
layer or static network models. (2) Unlike traditional constant recovery rates, our model introduces a time-
varying recovery rate modulated by the total medical resource availability, reflecting real-world scenarios where 
healthcare capacity directly impacts epidemic outcomes. (3) The incorporation of asymmetric infection delays 
between subnetworks (e.g., delays from urban to rural networks) provides a nuanced understanding of how 
temporal decoupling in cross-network transmission influences both infection peaks and long-term persistence. 
(4) We systematically demonstrate that coordinated interventions—combining resource allocation, delay 
extension, and topology simplification—achieve superior epidemic suppression compared to isolated measures, 
offering a paradigm shift from conventional single-factor approaches. (5) By quantifying the sensitivity of 
infection rates to network complexity and travel willingness, our work establishes actionable thresholds for 
network connectivity reduction, enabling targeted strategies to balance mobility and public health during 
outbreaks. These innovations collectively advance the theoretical understanding of co-evolution mechanisms 
in epidemic dynamics and provide a scalable toolkit for designing context-specific containment policies in 
resource-limited settings.
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Model and analysis
This paper employs the SIS model to characterize the spread of infectious diseases6,7. In the SIS model, individuals 
are categorized into two states: susceptible (S) and infected (I). Susceptible individuals have a certain probability 
of contracting the disease upon contact with infected individuals, transforming into infected individuals, while 
infected individuals have the opportunity to recover and revert to the susceptible state over time. The primary 
parameters in the SIS model are the infection rate β  and the recovery rate µ . The infection process is identical 
to that in the SI model, while recovery occurs when an infected individual j transitions to a susceptible individual 
with a probability µ , denoted as jI µ

−→
jS . In line with refs10,11, the dynamical modeling of the SIS model is 

formulated as

	
dS [t]

dt
= −β S (t) I (t) + µ I (t)

	
dI [t]

dt
= β S (t) I (t) − µ I (t)� (1)

To describe the co-evolutionary mechanism between transportation mobility and disease transmission, drawing 
lessons from ref31. , we have constructed a two-layer transportation network comprising subnetwork A and 
subnetwork B. Disease transmission within both subnetworks adheres to the SIS model. Each subnetwork 
contains N nodes, where each node represents an individual capable of transitioning between the susceptible (S) 
and infected (I) states. The links between nodes signify travel contacts among individuals, serving as the avenues 
for disease transmission. An individual in the susceptible state (S) can be infected by infected individuals both 
within and across layers, while an individual in the infected state (I) has a certain probability of recovering to 
the susceptible state. We assume the existence of infection delays between layers but not within subnetworks.

Let β 1 denote the probability of an infected individual in subnetwork A transmitting the disease to its 
neighbors, ω 1 represent the probability of disease transmission from an infected node in subnetwork B to a 
node in subnetwork A, which also signifies the connection strength between the two layers of the transportation 
network, and µ 1 be the probability of an infected individual in subnetwork A recovering to the susceptible 
state. Similarly, β 2 is the probability of disease transmission from an infected individual in subnetwork B to its 
neighbors, ω 2 the probability of transmission from an infected node in subnetwork A to a node in subnetwork 
B, and µ 2 the recovery probability in subnetwork B. The probabilities of individual i in subnetwork A and 
subnetwork B being infected at time t are denoted by p1i (t) and p2i (t), respectively, and then based on ref23. 
, their dynamical equations can be expressed as

	
dp1i (t)

dt
= (1 − r1i (t)) (1 − p1i (t)) − µ 1(t) p1i (t) +

∑
N
j=1dijp2j

(
t − T 2

j

)
(1 − p1i (t)) + n1f1 (t)� (2a)

	
dp2i (t)

dt
= (1 − r2i (t)) (1 − p2i (t)) − µ 2 (t) p2i (t) +

∑
N
j=1dijp1j

(
t − T 1

j

)
(1 − p2i (t)) + n2f2 (t)� (2b)

where n1( n2) represents the influence of contact caused by travel willingness on disease transmission, f1 (t)
( f2 (t)) are Gaussian random numbers that vary with time, signifying the varying degree of contact due to 
individual travel over time, T 1

j ( T 2
j ) denotes the delay in disease transmission from individual j in subnetwork 

A to individual i in subnetwork B, dij  is the adjacency matrix linking individuals between subnetwork A 
and subnetwork B, with dij = 1 indicating a link between individual i in subnetwork A and individual j in 
subnetwork B, and dij = 0 indicating no link. r1i (t) and r2i (t) represent the probabilities that individual i 
remains uninfected by its neighbors in subnetwork A and subnetwork B, respectively, and are expressed as

	
r1i (t) =

∏
N
j=1 [1 − β 1Aijp1j (t)]� (3a)

	
r2i (t) =

∏
N
j=1 [1 − β 2Bijp2j (t)] ,� (3b)

where Aij  and Bij  are the adjacency matrices for subnetwork A and subnetwork B, respectively, taking a value 
of 1 if individual i is directly connected to individual j, and 0 otherwise.

In the first term of Eq. (2), 1 − r1i (t) represents the probability that individual i is infected by at least one 
neighbor in subnetwork A, and 1 − p1i (t) is the probability of individual i being infected. The second term 
denotes the probability that individual i is infected and has not recovered at time t. The third term accounts 
for the probability of individual i being infected by neighbors in subnetwork B, considering the delay in inter-
network disease transmission. The fourth term incorporates the influence of travel willingness and travel-related 
contacts, describing the uncertainty introduced by such contacts in disease transmission. The final population 
infection rates in subnetwork A (subnetwork B) are given by

	
ρ 1 (t) = 1

N

∑
N
j=1p1j (t) (ρ 2( t) = 1

N

∑
N
j=1p2j (t)� (4)

In traditional SIS models, the recovery rate µ  of infected individuals transitioning back to the susceptible state is 
often set as a constant. However, considering the variation in the number of infected individuals across different 
stages of disease spread, which in turn affects the resources available to individuals, µ  is modeled as a time-
varying parameter in this study. The recovery rate of infected individuals varies with changes in the population 
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infection rate. Assuming a total medical resource availability of Mwithin the population, following ref14. , the 
time-varying function for the recovery rate is

	 µi(t) = e− ρi(t)
M , i = 1, 2� (5)

To explore the evolutionary mechanisms of transportation willingness and disease transmission under the 
influence of inter-network infection delays, we assume subnetwork A to be a random network and subnetwork 
B to be a regular network, with average degrees k1 and k2, respectively. Under this assumption, Eq. (3) can be 
simplified to

	 r1i (t) = [1 − β 1p1j (t)]k1 � (6a)

	 r2i (t) = [1 − β 2p2j (t)]k2 � (6b)

From these, we derive p1j = ρ 1 (t) and p2j = ρ 2 (t). Furthermore, we assume that the disease transmission 
delays between the two subnetworks are identical, and the influence of travel willingness-induced contacts on 
disease transmission is the same, i.e., T 1

j = T 2
j = T  and n1 = n2 = n.

When the disease transmission reaches a steady state, let ρ A (t) and ρ B (t) represent the infection scales of 
subnetwork A and subnetwork B at the stable state, respectively. Their expressions are given by

	
dρ 1 (t) =

{
[1 − β 1ρ 1 (t)]k1 (1 − ρ 1 (t)) − e− ρ 1(t)

M ρ 1 (t)
+ρ 2 (t − T ) (1 − ρ 1 (t))

}
dt + nf1 (t) dt� (7a)

	
dρ 2 (t) =

{
[1 − β 1ρ 2 (t)]k2 (1 − ρ 2 (t)) − e− ρ 2(t)

M ρ 2 (t)
+ρ 1(t − T )(1 − ρ 2(t ))

}
dt + nf2 (t) dt� (7b)

When the impact of travel contacts between the two subnetworks is ignored, the relationship between the 
population infection rates can be derived as

	
ρ 2 = ρ 1e− ρ 1(t)

M

1 − ρ 1
−

[
1 − (1 − β 1ρ 1 (t))k1

]
= A (ρ 1)� (8)

Based on Eqs. (7) and (8), we can obtain

	
e−A(ρ 1)/M −

[
1 + ρ 1 − (1 − β 2A (ρ 1))k2

] (
1

A (ρ 1) − 1
)

= 0� (9)

If the total resource M  is relatively small, Eq. (9) can be further simplified to

	 (1 + ρ 1)
1

k2 = 1 + β 2
[
1 − (1 − β 1ρ 1)k1

]
� (10)

Under certain conditions of system parameters, ρ 1 possesses non-trivial solutions other than 0. According to 
Eq. (8), the existence of non-trivial solutions for ρ 1 also implies the existence of non-trivial solutions for ρ 2. By 
symmetry, we can deduce that ρ 1 = ρ 2. In this study, the total resource M , the inter-network infection delay 
T , and the average degree k1 of the network are considered as controllable variables, while the travel willingness 
n is a system variable that requires primary attention. Most importantly, the qualitative results are robust and 
remain valid with respect to reasonable parameter variations, indicating the effectiveness and robustness of this 
model.

Results
We systematically investigated how the total medical resource availability M  governs disease transmission 
dynamics in the two-layer network. Figure  1(a) illustrates a consistent inverse relationship between M  and 
the steady-state infection rate ρ1: as M  increases from 0 to 1, ρ1 declines sharply across all travel willingness 
levels (n = 0 − 0.04). For instance, at n = 0.02, ρ1 drops from 0.92 to 0.15 when M  rises from 0.01 to 1, 
underscoring the critical role of medical resources in suppressing outbreaks. Conversely, when M  is fixed 
(e.g., M = 0.5), ρ1 escalates monotonically with \(n\) (Fig. 1(b)), revealing that even moderate travel activity 
(n > 0.01) amplifies infections. Notably, under severe resource scarcity (M = 0.01), minimal travel willingness 
(n = 0.005) triggers near-total infection (ρ1 = 0.96), highlighting the fragility of epidemic control systems 
with inadequate healthcare capacity. These results quantify two synergistic risks: (1) low M  drastically elevates 
outbreak vulnerability regardless of mobility restrictions, and (2) unrestrained travel n exacerbates transmission 
even with sufficient M . This interplay emphasizes the necessity of dual-policy strategies that simultaneously 
bolster medical resources and regulate travel to prevent system collapse.

We further analyzed how inter-network infection delay T  modulates the infection rate ρ 1, particularly 
under varying travel willingness n. Figure 2(a) reveals a counterintuitive trend: while ρ 1 marginally decreases 
by 1.2% (from 0.994 to 0.982) as T  increases from 1 to 5 under high n ( ≥ 0.02), a significant reduction 
of 39.8% (from 0.874 to 0.526) occurs at low n ( n = 0.002). This highlights that prolonging cross-network 
delays is most effective when travel activity is restricted. Figure 2(b) further contrasts these dynamics: at high 
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n ( n = 0.03), increasing T  alone reduces ρ 1 by only 6%, whereas boosting medical resources M  achieves 
a 58% reduction. This divergence underscores that delays primarily decelerate transmission chains but cannot 
offset the rapid spread driven by frequent travel. Practically, this implies that during high-mobility periods (e.g., 
holidays), policies should prioritize both delaying inter-group interactions (e.g., staggered travel schedules) and 
enhancing healthcare capacity to maximize containment efficacy.

Naturally, the impact of the average network degree k1 on the disease transmission rate is also noteworthy. 
As shown in Fig. 3(a), while ρ 1 increases with n for all k1, the sensitivity escalates exponentially in densely 
connected networks. For instance, when k1 = 1, increasing n from 0 to 0.01 raises ρ 1 by 0.107, whereas 
for k1 = 10, the same increment in n drives ρ 1 to surge by 0.85 ( ∆ ρ 1 = 0.743). This amplification arises 
because higher k1 exponentially expands contact pathways, enabling rapid transmission even under minimal 
travel activity. Figure 3(b) further reveals that simplifying networks ( k1 < 4) caps ρ 1 below 0.3 regardless of n
. For example, reducing k1 from 10 to 3 decreases peak ρ 1 by 64% under moderate travel activity n = 0.02), 
demonstrating that structural simplification (e.g., closing non-essential hubs) is a potent containment strategy.

To optimize containment, we analyzed the joint effects of medical resources M  and inter-network delays T
. Figure 4 shows that ρ 1 peaks in the lower-left quadrant (low M , low T ) and minimizes in the upper-right 
quadrant (high M ), high T ). For instance, combining M = 0.8 with T = 10 reduces ρ 1 to 0.12, whereas 
isolated interventions ( M = 0.8 alone or T = 10 alone) yield ρ 1 = 0.45 and 0.38, respectively. Beyond 
T > 9.7, ρ 1 becomes independent of M , as prolonged delays inherently decelerate transmission chains, 

Fig. 2.  Impact of inter-network infection delay T  on infection rates ρ 1. (a) Prolonging inter-network 
delay T  reduces ρ 1 by 39.8% at low n ( n = 0.002) but minimally impacts high n ( n ≥ 0.02)). (b) 
Resource allocation M  outperforms delay extension T  in suppressing ρ 1 under high mobility ( n > 0.02
). Other parameters: Number of nodes N = 2500, β 1 = β 2 = 0.05, initial infection proportions 
ρ 1 (0) = ρ 2 (0) = 0.01, k1 = k2 = 10, and total resource amount M = 0.1..

 

Fig. 1.  Impact of total resource amount M  on infection rates ρ 1. (a) Infection rate ρ 1 decreases 
monotonically with increasing total medical resources M  across all travel willingness levels n. (b) At fixed M
, ρ 1 escalates with higher n, revealing critical vulnerability under low-resource conditions ( M < 0.1
). Other parameters: Number of nodes N = 2500, β 1 = β 2 = 0.05, initial infection proportions 
ρ 1 (0) = ρ 2 (0) = 0.01, average degrees k1 = k2 = 10 and inter-network transmission delay T = 1.
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rendering additional resources redundant. This highlights the need for phased policies: early-stage delays (e.g., 
travel restrictions) paired with mid-term resource scaling.

Finally, under fixed n, we evaluated the interplay between k1 and T . At low travel willingness ( n = 0.004
), joint modulation of k1 and T  significantly suppresses ρ 1 (e.g., ρ 1 ≈ 0.2 for k1 = 3 and T = 8; Fig. 5(a)). 
However, at high n ( n = 0.01), structural controls lose efficacy ( ρ 1 ≈ 0.4; Fig.  5(b)), as frequent travel 
overrides network adjustments. This underscores that reducing n (e.g., via public awareness campaigns) is 
prerequisite to leveraging structural interventions. During outbreaks, policies must prioritize mobility reduction 
before implementing network simplification or delay extensions.

Conclusion and discussion
This study systematically investigates the co-evolutionary dynamics between traffic mobility and disease 
transmission under resource constraints through a two-layer transportation network model integrated with 
the SIS epidemic framework. The key findings are summarized as follows. (1) Increasing the total medical 
resource availability significantly reduces infection rates across all mobility scenarios. (2) Prolonging inter-
network infection delays effectively slows transmission rates under low mobility, but becomes less impactful 
at high mobility. (3) Enhancing complex network topologies (increasing average degree of networks) amplify 
the sensitivity of infection rates to travel behavior. (4) Coordinated interventions—combining resource 

Fig. 4.  Combined effect of inter-network infection delay T  and total resource amount M  on infection rates 
ρ 1. (a) n = 0.004; (b) n = 0.01. Synergistic control of T  and M  minimizes ρ 1 (upper-right corner: T > 9.7
, M > 0.8), whereas isolated interventions fail to suppress outbreaks (lower-left corner: T < 2, M < 0.2). 
Other parameters: N = 2500, β 1 = β 2 = 0.05, initial infection proportions ρ 1 (0) = ρ 2 (0) = 0.01, and 
average degrees k1 = k2 = 10..

 

Fig. 3.  Impact of average degree of subnetworks k1 on infection rates ρ 1. (a) Network complexity k1 
amplifies ρ 1 sensitivity to travel willingness n, with ∆ ρ 1 = 0.85 for k1 = 10 versus ∆ ρ 1 = 0.1 for 
k1 = 1. (b) Simplifying networks ( k1 < 4) caps ρ 1 < 0.3 regardless of n. Other parameters: N = 2500
, β 1 = β 2 = 0.05, initial infection proportions ρ 1 (0) = ρ 2 (0) = 0.01, inter-network infection delay 
T = 1, and total resource amount M = 0.1..
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optimization, delay extension and network simplification—achieve superior epidemic suppression compared 
to isolated measures.

The novelty of this work lies in its dynamic resource-dependent recovery rate, asymmetric inter-network 
delay mechanisms, and explicit modeling of bidirectional feedback between mobility and transmission. These 
advancements address gaps in traditional single-layer or static network models. Practically, the findings advocate 
for policies that prioritize (1) tiered resource allocation during outbreaks, (2) staggered travel schedules to 
maximize delays, and (3) strategic simplification of transportation networks.

Future research could extend this framework to incorporate real-time mobility data, vaccine distribution 
dynamics, or multi-pathogen interactions. Additionally, validating the model against empirical datasets (e.g., 
COVID-19 mobility patterns) would enhance its predictive power for real-world epidemic management. 
Overall, this study not only advances theoretical understanding of co-evolutionary epidemic systems but also 
provides actionable insights for policymakers to balance public health and socioeconomic mobility in resource-
limited settings.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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