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abstract: When it comes to the control of mpox, vaccination plays a key role, but there are supply and
uptake limiations faced by real world rollout. Lesion covering is a simple, low-cost behavior that could reduce
transmission immediately, yet its role has remained underexplored. This study presents a modeling framework
that incorporates vaccination throughput, vaccine efficacy, adoption of covering, protection durability, and
persistence. Using this framework, we simulated U.S. outbreak patterns under vaccination-only, covering-only,
and combined approaches. We assessed the consistency of outcomes across uncertain parameters through
global sensitivity analysis and Latin Hypercube sampling. We show that vaccination and covering are not
substitutes but synergistic levers. Vaccination alone reduces cumulative cases by 34.2% and yields epidemic
control in only 24.3% of simulations. Covering alone contributes almost nothing (-0.2%; 0% chance of control).
In contrast, combining both cuts cumulative burden by 80.0% and nearly doubles the probability of suppression
(P (Re < 1) rises from 0.243 to 0.476). Persistence matters: when covering rapidly wanes, its impact disappears,
but when sustained, it markedly enhances vaccination effectiveness. Global sensitivity analyses reveal four
dominant drivers; transmission, recovery, covering protection, and two-dose effectiveness, with behavioral
reversion strongly shaping outcomes. Our results demonstrate that lesion covering is best understood not as a
standalone solution, but as a force multiplier for vaccination. By extending coverage before vaccines reach
scale and by sustaining reductions afterward, covering nearly doubles the likelihood of epidemic control.

Keywords: Mpox, epidemic modeling, vaccination, lesion covering, outbreak control.

Contents

1 Introduction 2

2 Methods 3
2.1 Model Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 Model Equations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.3 Disease-Free Equilibrium and Effective Reproduction Number Re . . . . . . . . . . . . . . 4

3 Model Fitting and Parameter Estimation 5

4 Numerical Simulations and Results 6
4.1 Numerical Simulations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
4.2 Impact of Adoption and Protection on Cumulative Infections . . . . . . . . . . . . . . . . 6
4.3 Behavioral levers over time . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.4 Relative Contributions of Vaccination and Lesion Covering . . . . . . . . . . . . . . . . . 10
4.5 Optimal Control Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
4.6 Robustness and Local Sensitivity (One-at-a-Time Elasticities) . . . . . . . . . . . . . . . . 13
4.7 Global Sensitivity (GS) and Uncertainty (PRCC + LHS) . . . . . . . . . . . . . . . . . . 14
4.8 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

5 Conclusion 17

A Optimal Control Model Formulation 20
A.1 Baseline (Uncontrolled) Dynamics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
A.2 Objective Functional and Control Set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2020 Mathematics Subject Classification: 92D30, 92D25.
Submitted October 04, 2025. Published June 03, 2026.

1
Typeset by BSPMstyle.
© Soc. Paran. de Mat.

www.spm.uem.br/bspm
http://dx.doi.org/10.5269/bspm.79337


2 S. Jain, T. S. Faniran, M. O. Adewole, L. N. Nkamba, P. Agarwal and H. Jafari

1. Introduction

Since the start of the 2022 global outbreak caused by clade IIb mpox, more than 124,753 cases and
over 272 deaths have been reported across 128 countries. According to the US CDC and WHO, the United
States has documented 34,490 cases as of December 31 2024, with the pace of domestic transmission slowing
in late 2024 and early 2025 [10]. While the number of reported cases has fallen since the height of mid-2022,
low-level transmission persists; by September 1, 2024, U.S. CDC data documented 1,968 nationwide cases
of clade II mpox nationwide, reflecting ongoing transmission [20]. At the same time, simple preventive
actions, such as covering visible lesions, can reduce the likelihood of infectious contact. However, uptake
of these measures within affected communities has been uneven, and their effectiveness under real-world
conditions remains uncertain effectiveness remains uncertain. Current evidence syntheses emphasize that
avoiding direct contact, covering lesions, and wearing a medical mask can reduce onward transmission,
but no trials have directly quantified the magnitude of this effect [16]. These factors together leave public
health agencies without clear quantitative guidance on how vaccination and covering behaviors interact to
shape epidemic outcomes, or which mix of interventions can most effectively suppress transmission under
real-world constraints.

Mathematical models of mpox transmission have so far focused primarily on vaccination. Studies
have examined vaccine effectiveness, projected coverage requirements for epidemic control, and assessed
delays in rollout, consistently showing that high and sustained vaccination is needed to drive the effective
reproduction number below one. Yet behavioral mitigation measures such as lesion covering have received
far less attention, often treated as marginal or neglected entirely. This omission is important. The effect of
lesion covering on disease spread is determined by three main uncertainties: the share of individuals who
adopt it (adoption rate), the extent to which it blocks infectious contact once implemented (protection
strength), and the length of time it is maintained before waning due to factors such as fatigue or stigma
(persistence). These behavioral elements can strongly shape epidemic dynamics, yet their quantitative
impact remains poorly defined in current modeling work.

Mathematical modeling efforts on mpox have advanced rapidly in recent years, but with a nearly
exclusive focus on vaccination. For example, Batiha et al. [5] formulated a fractional-order model of
mpox transmission to capture memory effects in disease progression, while Mathivanan et al. [22], Kubra
et al. [17], Agbata et al. [2], Ramzan et al. [26], Venkatesh et al. [30], and Addai et al. [1] extended
this framework to incorporate Caputo-Fabrizio derivatives for improved realism in human-to-human
spread. Research on mpox modelling that incorporates optimal control theory includes analyses conducted
by Rashid et al. [27], De Jong et al. [12], Naandam et al. [24], and Rizk et al. [28] who estimated
vaccination and treatment as possible intervention strategies. In complementary studies, Paparini et
al. [25] and Jin et al. [15] evaluated the effects of quarantine and isolation, while Elemuwa et al. [13]
and Shen et al. [29] analyzed approaches for optimizing resource distribution. Simulation approaches
based on agent and network structures have been applied to forecast outbreak patterns under different
levels of vaccine coverage, showing that both rapid deployment and high uptake are critical for effective
control. [6,21,3]. From an economic perspective, analyses by: Idisi et al. [14,19,31,4] have evaluated the
cost-effectiveness of targeted vaccination programs in settings with limited resources. However, none of
these efforts explicitly represent lesion covering as a separate epidemiological state with its own adoption,
protection strength, and persistence parameters, despite public guidance recommending covering lesions
to reduce infectiousness [16]. Nor do they test how covering interacts quantitatively with vaccination
rollout and behavioral persistence under uncertainty. Collectively, these studies show the progress made
in modeling vaccination but also point out the vital need to broaden the scope to include behavioral
interventions such as lesion covering.

To address this gap, we develop a quantitative modeling framework that addresses the question of how
vaccination throughput and lesion-covering behaviors interact to determine mpox control. Our research
question is: What mix and timing of vaccination and covering most effectively reduce transmission and
burden in the United States, and how robust are these gains to uncertainty? Our investigation is organized
around six main objectives that guide the analysis. First, we evaluate how adoption, protection strength,
and persistence of covering reshape epidemic trajectories. Second, we determine whether covering alone
can bend the epidemic curve before vaccination scale-up. Third, we quantify the relative contributions of
vaccination and covering, as well as their interaction. Fourth, we assess the additional advantage gained
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by integrating multiple intervention approaches. Fifth, we identify the biological and behavioral factors
that most strongly shape the projected results. Finally, we examine whether our conclusions hold when
subjected to broad, system-wide uncertainty.

2. Methods

2.1. Model Formulation

We develop a deterministic compartmental model to capture the transmission dynamics of Clade II
Mpox in the United States (see Fig. 1). The total population N(t) is divided into the following mutually
exclusive epidemiological compartments: susceptible individuals S(t), exposed (infected but not yet
infectious) individuals E(t), uncovered infectious individuals I(t), covered infectious individuals C(t),
recovered individuals with immunity R(t), individuals vaccinated with one dose V1(t), and individuals
vaccinated with two doses V2(t). Thus,

N(t) = S(t) + E(t) + I(t) + C(t) + R(t) + V1(t) + V2(t).

Figure 1: Transmission flow diagram of the Clade II Mpox model.

Model Description

Susceptible individuals S enter the population at rate Λ and may leave due to natural mortality at
per-capita rate µ. The baseline transmission rate is denoted by β. The force of infection accounts for
contributions from both uncovered infectious individuals I and covered infectious individuals C, the latter
transmitting at a reduced level.

After an average latent period of 1/κ days, exposed individuals E progress to the infectious stage. A
fraction ϕ of them adopt covering immediately and move into C, while the remainder enter I. Symptomatic
infectious individuals in I may also transition into the covered class C at rate α, reflecting adoption of
lesion covering or reduction in risky contacts, whereas individuals in C may abandon covering and revert
to I at rate ω.

Individuals in C remain symptomatic but transmit at reduced intensity. Specifically, covering lesions
or reducing close contacts diminishes onward transmission [11]. We let ρ ∈ (0, 1) denote the fractional
reduction in per-contact transmissibility, and θ ∈ (0, 1) the fractional reduction in effective contact rates.
Their product

r = ρθ

represents the overall proportional reduction in transmission relative to uncovered infectious individuals.
Both I and C recover at rate γ and move into R, which confers immunity. There are disease induced
death rates of dI and dC . There are residual susceptibility and 1 dose and after 2 doses at rates σ1 and
σ2 [8]. There are also first and second time dose at rates ν1 and ν2.

Vaccination reduces susceptibility only. Individuals can receive one or two doses of vaccine. One dose
reduces risk by a factor σ1 ∈ (0, 1), while two doses confer higher protection σ2 ∈ (0, 1), with σ2 ≪ σ1
[8]. Vaccinated individuals remain in their classes but may still experience breakthrough infection at the
reduced probabilities σ1 and σ2, respectively.
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2.2. Model Equations

The force of infection is given by

λ(t) = β

N(t)
(
I(t) + (1 − r)C(t)

)
, (2.1)

where β is the baseline transmission rate and r is the proportional reduction in transmissibility of covered
infectious individuals.

The full SEIRV-C system of ordinary differential equations is:
dS

dt
= Λ − λS − ν1S − µS, (2.2)

dV1

dt
= ν1S − σ1λV1 − ν2V1 − µV1, (2.3)

dV2

dt
= ν2V1 − σ2λV2 − µV2, (2.4)

dE

dt
= λS + σ1λV1 + σ2λV2 − (κ + µ)E, (2.5)

dI

dt
= (1 − ϕ)κE + ωC − (α + γ + µ + dI)I, (2.6)

dC

dt
= ϕκE + αI − (ω + γ + µ + dC)C, (2.7)

dR

dt
= γI + γC − µR. (2.8)

2.3. Disease-Free Equilibrium and Effective Reproduction Number Re

We consider the full SEIRV–C system (vaccination allowed). At DFE,

E∗ = I∗ = C∗ = R∗ = 0, λ∗ = 0.

Demography–vaccination balance (with recruitment Λ and natural mortality µ) gives

S∗ = Λ
ν1 + µ

, V ∗
1 = ν1

ν2 + µ
S∗, V ∗

2 = ν2

µ
V ∗

1 , N∗ = S∗ + V ∗
1 + V ∗

2 .

Define the effective susceptible load

Seff ≡ S∗ + σ1V ∗
1 + σ2V ∗

2 .

To compute the Jacobian matrices at the DFE (infected subsystem x = (E, I, C)⊤), let

b = β
Seff

N∗ , P = β(1 − r) Seff

N∗ .

Jacobians at the DFE are

F ′ =

0 b P

0 0 0
0 0 0

 , V ′ =

 κ + µ 0 0
−(1 − ϕ) κ α + γ + µ + dI − ω

− ϕ κ − α ω + γ + µ + dC

 .

To obtain the effective reproduction number, we write

δI = γ + µ + dI , δC = γ + µ + dC , D = (α + δI)(ω + δC) − α ω.

From the next-generation matrix K = F ′(V ′)−1, the spectral radius yields

Re = β
Seff

N∗
κ

κ + µ

ω + (1 − ϕ) δC + (1 − r)
(
α + ϕ δI

)
(α + δI)(ω + δC) − α ω

.

Setting V ∗
1 = V ∗

2 = 0 (so Seff = S∗) recovers the basic reproduction number R0 for the non-vaccinated
system.
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3. Model Fitting and Parameter Estimation

We calibrated the SEIRV-C system to the U.S. Clade II mpox epidemic by fitting the model to daily
laboratory-confirmed cases reported by the U.S. Centers for Disease Control and Prevention (CDC)
from March 2022 through March 2025 [7]. The CDC public portal (https://www.cdc.gov/mpox/)
provides national time series updated monthly (we used the daily case counts to inform transmission and
behavioral parameters). We minimized the sum of squared errors (SSE) between observed daily cases
and the model-implied daily incidence. The ODEs were solved with a variable-step Runge-Kuta method
(ode45). Parameters were estimated with nonlinear least squares lsqcurvefit under simple bounds to ensure
biological plausibility. R2 = 0.9688 showing that the model’s prediction perfectly matched the observed
data (Figure 2).

Figure 2: Model fitting on the observed data. Data source: CDC national mpox case trends, March
2022-March 2025 [7].

Table 1 lists all parameters, indicating which were fitted versus fixed from literature.

Table 1: Model parameters used in fitting the SEIRV-C model to U.S. Clade II
mpox daily cases (March 2022-March 2025).

Parameter Description Value/Units Reference

β Rate of transmission 0.737 day−1 fitting
r Overall reduction in transmission for C 0.516 (≈ 52% reduction) fitting
α Adoption rate of covering (I → C) 0.213 day−1 fitting
ω Reversion rate (C → I) 0.103 day−1 fitting
γ Recovery rate 0.0737 day−1 fitting
κ Progression rate E → I, C 0.181 day−1 fitting
ν1 First dose vaccination rate 0.0228 day−1 fitting
ν2 Second dose vaccination rate 0.0500 day−1 fitting
σ1 Residual susceptibility after 1 dose 0.417 fitting
σ2 Residual susceptibility after 2 doses 0.104 fitting
Npop Effective at-risk population size 227,959 fitting

µ Natural mortality rate 3.54 × 10−5 day−1 [8]
Λ Recruitment rate 8.06 persons/day derived from µNpop
ϕ Fraction of E progressing directly to C 0.6 Assumed
dI , dC Disease-induced mortality rate for

uncovered infectious
0.025 [23]

dC Disease-induced mortality rate for
covered infectious

0.002 Assumed

https://www.cdc.gov/mpox/
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4. Numerical Simulations and Results

4.1. Numerical Simulations

We performed numerical simulations of the model described in equations (2.2)–(2.8), using the fitted
baseline parameter set in Table 1, to quantify how individual protective behaviors, lesion covering and
reduced risky contacts, modulate population-level outcomes. Next, we analyze how adoption rate α,
protection strength r, and reversion rate ω, affect the dynamics of epidemics over time. We then separated
the individual contributions of vaccination and lesion covering, examined combined implementation
schedules for both strategies (with the full optimal control model detailed in Appendix A), and performed
robustness (through local and global sensitivity).

4.2. Impact of Adoption and Protection on Cumulative Infections

To assess how the uptake of protective behavior and its efficacy influence epidemic dynamics, we
analyzed cumulative mpox infections across a three-year period (March 2022–March 2025, ∼ 1,100 days)
across a two-dimensional parameter grid. The horizontal axis represents the protection factor r (the
reduction in infectiousness conferred by adopting the covering behavior), while the vertical axis shows
the adoption rate α (the per-capita rate at which infectious individuals adopt covering). For every
(α, r) pairing, the heatmaps display cumulative infection totals, with color gradients and numeric labels
indicating exact values and contour lines marking epidemiologically significant thresholds (25k, 50k, and
100k cases).

Figure 3: Cumulative mpox cases over March 2022–March 2025 (∼ 1,100 days) as a function of adoption
rate α and transmission reduction r under the baseline case of no reversion (ω = 0). 25k, 50k, and 100k
cases are the thresholds.

In Figure 3, perfect covering sustained with no reversion greatly reduces the epidemic. At low adoption
(α < 0.05) and weak protection (r < 0.4), cumulative infections exceed 100k. However, increasing either
parameter yields pronounced reductions: for instance, moving from r = 0.4 to r = 0.7 at a modest adoption
rate (α = 0.1) reduces the total epidemic size from roughly 70k to below 20k. Significantly, combinations
of high adoption (α > 0.2) and strong reduction (r > 0.7) nearly eliminate epidemic spread, pushing
cumulative cases close to zero. This shows a strong synergistic effect, where moderate improvements along
both dimensions combine to generate disproportionately large reductions in total infections.
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Figure 4: Same as Figure 3, but with moderate reversion (ω = 0.05). Sustained protection is eroded,
raising cumulative infections even at high adoption and strong reduction levels.

In Figure 4, allowing a modest reversion rate substantially erodes the benefits of adoption. Even with
strong reduction r = 0.7, cumulative infections at α = 0.1 now approach 30k, compared to less than 20k
in the baseline case. The region where infections remain below the 25k contour shrinks considerably,
requiring both high adoption and high reduction. In the figure, at α = 0.2 and r = 0.7, total cumulative
cases goes up to 11k, compared to when ω = 0. This illustrates how even partial behavioral fatigue
weakens the long-term impact of covering interventions.

Figure 5: Same as Figure 3, but with high reversion (ω = 0.20). Rapid abandonment of covering
substantially reduces effectiveness of adoption, leaving high epidemic sizes even under favorable α and r.
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In Figure 5, when reversion becomes rapid, the effectiveness of adoption collapses. Even under
optimistic scenarios, high adoption (α > 0.2) and strong reduction (r = 0.7), cumulative infections remain
well above 50k, with many parameter combinations yielding epidemic sizes exceeding 100k. In this regime,
contour lines become compressed, indicating that even large improvements in α or r are insufficient to
offset rapid loss of protection. These results together reveal that behavioral protection is highly effective
only if it is both strong (large r) and sustained (low ω).

4.3. Behavioral levers over time

To complement the heatmaps, we show full time trajectories of the exposed, infectious (uncovered),
and covered classes

(
E(t), I(t), C(t)

)
when we vary one behavioral parameter at a time and hold all others

(including vaccination) at their fitted values.1 Legends in each panel list the parameter values; the baseline
curve is labeled (baseline). Figure 6 plots E(t), I(t), C(t) for several α values around the estimate.

Figure 6: Time series with varying adoption rate α: trajectories of E(t) (left), I(t) (middle), and C(t)
(right). Vaccination and all other parameters are fixed at fitted values; the baseline α = 0.213 is labeled.
Increasing α lowers and advances the peaks of E and I, while C increases earlier but remains less
transmissible by (2.1).

Figure 7 varies ω. Larger ω erodes the benefit of covering by cycling individuals back to the uncovered
infectious state I, which pushes peaks upward across E, I, and C. small or zero ω implies sustained
covering. This confirms that durability of protection is as important as adoption.

1 Baseline (fitted): α = 0.213, r = 0.516, ω = 0.103; ν1, ν2, σ1, σ2, β, κ, γ, µ, ϕ, dI , dC as in Table 1. The force of infection
is given by (2.1) and the dynamics by (2.2)–(2.8).
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Figure 7: Higher ω (faster C →I) weakens behavioral protection and raises peaks. With ω ≈ 0, covering
persists and all peaks are substantially reduced.

Across all panels, the fitted baseline lies between curves in the expected order: higher adoption (α)
and stronger reduction (r) reduce peaks and speed resolution; higher reversion (ω) does the opposite.

Figure 8: Time series with varying reduction r: E(t), I(t), C(t). As r increases, the disease epidemic
decreases
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4.4. Relative Contributions of Vaccination and Lesion Covering

To disentangle the effects of vaccination and lesion covering, we ran four calibrated scenarios over
the U.S. epidemic horizon (1,100 days): (i) None (no vaccination, no covering), (ii) Vaccination-only
(ν1, ν2, σ1, σ2 at fitted values; r = α = 0), (iii) Covering-only (r, α, ω at fitted values; ν1 = ν2 = 0), and
(iv) Both (all fitted).

Figure 9: Total epidemic size under four counterfactuals.

Figure 9 establishes the baseline: the combination of vaccination and covering is dramatically more
effective than either lever alone.

Figure 10: Attribution of cases averted.
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Figure 11: Attribution of the reduction in Re at the DFE.

Vaccination emerges as the dominant independent driver of burden reduction under fitted U.S.
parameters. While lesion covering alone yields modest effects at current adoption and efficacy levels, its
value increases substantially when combined with vaccination: synergy between the two interventions
accounts for approximately 57% of all cases averted.

4.5. Optimal Control Strategy

We evaluate policy schedules using the two practical levers introduced in the appendix: (i) vaccination
intensity uv(t), which increases first- and second-dose throughput and reduces susceptibility, and (ii)
covering reinforcement uc(t), which increases adoption/persistence of lesion covering and reduces effective
infectiousness via the I ↔C pathway. The full optimal-control formulation (state equations with controls,
objective functional, Hamiltonian, adjoints, and optimality conditions) is presented in Appendix A. Here
we report implementation experiments that illustrate how uv and uc reshape the epidemic time paths for
E(t), I(t), and C(t) relative to the fitted baseline (uv ≡ 0, uc ≡ 0).

Figure 12 compares the reference trajectory (black) with the outcome under vaccination alone (uv >
0, uc = 0), and covering-only (uc > 0, uv = 0) trajectories. Both single levers visibly lower the epidemic
peaks and accelerate decay across E(t), I(t), and C(t).
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Figure 12: Single-control implementation. Baseline (black) vs vaccination-only (orange) and covering-only
(gold) pulses uv(t) = 0.6 or uc(t) = 0.6 on days 0–180. Panels show E(t), I(t), C(t).

Figure 13 adds the joint policy uv(t) = uc(t) = 0.6 for days 0–180. Combining levers yields the
lowest peaks and quickest return to low prevalence among the “short, moderate” policies, reflecting
complementarity between susceptibility reduction (vaccination) and infectiousness reduction (covering).

Figure 13: Double-control implementation (moderate, short). Baseline (black), each single control, and
the joint policy uv = uc = 0.6 on days 0–180.

Figure 14 contrasts the moderate joint policy with a stronger, sustained campaign (uv(t) = uc(t) = 1
for days 0–365). With a longer window and full intensity, the epidemic is nearly flattened in all three
compartments.
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Figure 14: All-controls implementation (strong, sustained). Baseline (black), moderate joint policy (green,
days 0–180), and full-year, full-intensity joint policy (blue, days 0–365).

4.6. Robustness and Local Sensitivity (One-at-a-Time Elasticities)

To assess robustness at the calibrated operating point (with both vaccination and covering ac-
tive), we computed one-at-a-time (OAT) elasticities of two outcomes: (i) the effective reproduction
number Re at the DFE and (ii) 12-month cumulative cases, with respect to the model parameters
{β, κ, γ, ν1, ν2, σ1, σ2, r, α, ω}. An elasticity EY,θ is interpreted as the percentage change in outcome Y
per 1% change in parameter θ, evaluated at the fitted baseline (here approximated with a +5% finite
difference). Positive values mean the outcome increases as the parameter increases; negative values mean
the outcome decreases.

Figure 15: Local sensitivity of Re (OAT elasticities). Bars show the percent change in Re per 1% change
in each parameter at the baseline with vaccination and covering active. The largest positive drivers of Re

are β and σ2 (higher transmission or higher residual susceptibility after two doses), while γ (recovery), r
(stronger reduction when covered), and, to a lesser extent, α (adoption) decrease Re.
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Figure 16: Local sensitivity of 12-month cumulative cases (OAT elasticities). Cumulative cases are most
sensitive to β, with sizeable mitigating effects from γ, ν1 (first-dose rate), and r. Parameters σ1 and σ2
(residual susceptibility after vaccination) increase cases; higher ω (reversion from covering) also increases
cases.

Table 2 reports the elasticities that underlie Figs. 15–16. Three patterns stand out: (i) outcomes are
highly sensitive to β; (ii) faster recovery (γ), faster first dosing (ν1), and stronger covering efficacy (r)
reduce both Re and cases; (iii) Elevated residual susceptibility following the second vaccine dose (σ2)
significantly amplifies both Re and case counts, showing the key role of strong two-dose vaccine efficacy.

Table 2: One-at-a-time elasticities at the “Both” baseline (finite-difference step +5%). Entries are
E = ∆Y/Y

∆θ/θ ; positive (+) raises the outcome, negative (−) lowers it.

Parameter E[Re] E[Cases12m]
β +1.000 +6.219
κ +0.000 +1.538
γ −0.916 −3.095
ν1 −0.013 −3.319
ν2 −0.002 −0.632
σ1 +0.003 +0.828
σ2 +0.982 +1.602
r −0.517 −2.940
α −0.138 −0.737
ω +0.132 +0.648

These local sensitivities quantify where marginal changes “buy the most.”

4.7. Global Sensitivity (GS) and Uncertainty (PRCC + LHS)

Here, LHS sample (N = 1000) is drawn across {β, κ, γ, ν1, ν2, σ1, σ2, r, α, ω}. (i) Re is computed for
each draw and (ii) we computed 12-month cumulative cases under only vaccination (r = α = 0), only
covering (ν1 = ν2 = 0), and both. PRCCs summarizes the global drivers.
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Figure 17: Global sensitivity of Re (PRCC, “Both” baseline). Positive bars increase Re; negative bars
decrease it. The strongest inflators of Re are transmission β and residual susceptibility after two doses σ2;
the strongest reducers are recovery γ and the covering effectiveness parameter r. Moderate increase from
reversion ω indicates that sustaining covering matters.

Figure 18: GS of 12-month cumulative cases. Cases increase with β, σ2, κ, and ω; and decrease with γ,
ν1, and r. α is protective, while ν2’s protective impact is small.

Figure 19 shows the LHS distributions of Re by regime. We estimate Pr(Re < 1) = 0.243 under
Vaccination-only, 0.000 under Covering-only, and 0.476 under Both. Thus, combining vaccination with
covering nearly doubles the chance of immediate control relative to vaccination alone.
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Figure 19: Uncertainty in Re by regime (LHS histograms). Left: vaccination-only; middle: covering-only;
right: both. Mass shifts leftward (toward Re < 1) when vaccination and covering act together; covering
alone rarely achieves control.

Twelve-month cumulative cases (Fig. 20) are lowest and most concentrated near the origin when
both levers are used, while covering alone performs worst (heavy right tail). Vaccination alone achieves
intermediate reductions but leaves substantial probability mass at large outbreak sizes.

Figure 20: Uncertainty in 12-month cumulative cases by regime (LHS histograms). Left:
vaccination-only; middle: covering-only; right: both. The combined strategy shifts the whole distribution
farthest left, indicating the most robust burden reduction across parameter uncertainty.
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Thus, (1) β, γ, r, and σ2 are the dominant global drivers, targeting contact risk, improving recovery,
strengthening covering effectiveness, and maintaining high two-dose protection yield the largest gains.
Sustaining behavior (lower ω) is important: loss of covering erodes control even when adoption is adequate.
Result reveals that vaccination and covering are complementary under uncertainty; together they nearly
double Pr(Re < 1) compared with vaccination alone and shift the 12-month burden distribution markedly
left.

4.8. Results

We evaluated headline outcomes across four policy regimes using our fitted national model (R2 = 0.9688;
see Figure 2). Local one-at-a-time (OAT) sensitivity analyses (Figures 15, 16; Table 2) show that
transmission (β), recovery (γ), covering protection (r), and two-dose vaccine effectiveness (σ2) are the
most influential levers on both Re and case totals. Global sensitivity results using PRCC (Figures 17, 18)
confirm these drivers, while also showing the importance of sustaining behavior (low ω).

Uncertainty analyses further clarify regime performance. Twelve-month effective reproduction numbers
Re (Figure 19) show that vaccination-only achieves P (Re < 1) = 0.243, covering-only yields zero chance
of control, and combining both levers nearly doubles the chance of suppression (0.476). Distributions of
12-month cumulative cases (Figure 20) are most favorable under the combined regime, intermediate under
vaccination-only, and worst under covering-only.

Table 3 distills these outcomes into totals over 1,100 days, illustrating that vaccination alone reduces
cumulative cases by 34.2%, covering alone by just 0.2%, while combining both reduces cases by 80.0% and
nearly doubles the probability of epidemic control compared with vaccination-only.

Regime Cumulative cases (1,100 d) P(Re < 1)
None (baseline fit) 228,275 —
Vaccination-only 150,182 (−34.2%) 0.243
Covering-only 227,908 (−0.2%) 0.000
Both (vaccination+cover) 45,727 (−80.0%) 0.476

Table 3: Scenario totals and control probabilities. Reductions in parentheses are relative to the baseline.
(Model fit to national data: R2 = 0.9688; see Figure 2.) P (Re < 1) are empirical frequencies from the
PRCC/LHS runs (Figure 19).

Finally, behavioral persistence emerges as critical. Heatmaps over adoption (α) and protection strength
(r) at three levels of reversion (ω = 0, 0.05, 0.20) show that covering only reduces burden when adoption is
high and sustained (low ω); otherwise its effect vanishes.

Taken together, these results demonstrate: (1) vaccination and covering are complementary, (2) synergy
between them drives the largest gains in epidemic control, and (3) the system’s dominant levers are β, γ,
r, and σ2, with behavior persistence (low ω) reinforcing their impact.

5. Conclusion

We set out to close a critical knowledge gap on how biomedical and behavioral interventions work
together to influence mpox outbreak control. Although vaccination scale-up has dominated recent policy
efforts, the contribution of lesion covering, a low-cost, immediately deployable behavioral measure, has
remained largely unquantified. To address this, we constructed a quantitative modelling framework
that integrates vaccination throughput with covering practices to evaluate their combined effects on
transmission and case burden in the United States, as well as the stability of these effects under uncertainty
in biological and behavioral parameters.

The results demonstrate that vaccination and lesion covering work in tandem rather than serving as
direct substitutes. Delivering vaccines on their own cut the overall number of cases by about one-third
(–34.2%), whereas implementing covering alone produced only a slight change (–0.2%). In combination,
however, the two interventions reduced cumulative infections by 80.0% and nearly doubled the probability
of driving the effective reproduction number below one, from 0.243 with vaccination only to 0.476 when
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both were applied. Yet, covering adoption, added with vaccination, decreases outbreak potential. Our
analysis also indicates that covering can slow transmission prior to the full rollout of vaccines, effectively
extending the window for immunization efforts to take hold. This benefit, however, is highly sensitive to
the persistence of the practice: rapid decline in use (ω = 0.20) removes the advantage, whereas continued
adherence (ω = 0) substantially boosts vaccination impact. These patterns highlight that sustaining
behavioral engagement is just as crucial as initiating it.

Sensitivity analyses, both local and global, identify transmission rate (β), recovery rate (γ), covering
protection strength (r), and two-dose vaccine efficacy (σ2) as the parameters with the greatest influence
on epidemic outcomes. Interventions that speed recovery through faster diagnosis and treatment, extend
the durability of two-dose protection, and strengthen or prolong covering behavior substantially reduce
both Re and total cases. For example, a 5% rise in recovery rate lowers Re by nearly the same proportion
and cuts case counts by over 15%. Analysis using Latin Hypercube sampling indicates that implementing
covering on its own is insufficient to bring the outbreak under control (P (Re < 1) = 0) and vaccination
alone succeeds in just 24.3% of simulations, while adding covering raises that probability to 47.6% and
shifts the overall burden distribution towards smaller outbreaks. Such robustness across uncertainty
scenarios strengthens the argument for jointly implementing these measures.

Thus, covering serves as a multiplier for vaccination rather than a stand-alone fix. This synergy is
particularly valuable where vaccine supply or uptake is constrained. Even relatively brief, moderately
scaled campaigns that combine biomedical and behavioral levers achieve far greater reductions in disease
burden than single-strategy efforts. These insights highlight the importance of designing response plans
that intentionally integrate both forms of intervention. Messaging that encourages lesion covering should
be embedded within outbreak control policies rather than treated as peripheral, while ensuring high
vaccine effectiveness and rapid delivery remains essential. Sustained adherence to covering, together with
preserved vaccine durability, can meaningfully increase the likelihood of epidemic control and minimize
cumulative impact.
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A. Optimal Control Model Formulation

A.1. Baseline (Uncontrolled) Dynamics

For reference, the fitted baseline model is

dS

dt
= Λ − λS − ν1S − µS, (A.1)

dV1

dt
= ν1S − σ1λV1 − ν2V1 − µV1, (A.2)

dV2

dt
= ν2V1 − σ2λV2 − µV2, (A.3)

dE

dt
= λS + σ1λV1 + σ2λV2 − (κ + µ)E, (A.4)

dI

dt
= (1 − ϕ)κE + ωC − (α + γ + µ + dI)I, (A.5)

dC

dt
= ϕκE + αI − (ω + γ + µ + dC)C, (A.6)

dR

dt
= γ(I + C) − µR. (A.7)

The force of infection and population size are

λ(t) = β

N(t)
(
I(t) + (1 − r0)C(t)

)
, N(t) = S + V1 + V2 + E + I + C + R. (A.8)

We introduce two bounded, time-varying policy inputs (controls) on the horizon [0, T ]:

uv(t) ∈ [0, 1] (vaccination intensity), uc(t) ∈ [0, 1] (covering support).

They modulate the baseline rates as follows:

ν1(t) = νmax
1 uv(t), ν2(t) = νmax

2 uv(t), (A.9)

α(t) = α0 +
(
αmax − α0

)
uc(t), ω(t) = ω0 −

(
ω0 − ωmin

)
uc(t). (A.10)

where uv(t) is the fraction of feasible vaccination throughput deployed at time t (0 = no additional
push; 1 = maximum achievable capacity). Accordingly, ν1(t) and ν2(t) are scaled by the capacity bounds
νmax

1 , νmax
2 and the effort level uv(t). uc(t) represents the effort invested in promoting adoption and

persistence of lesion covering; it increases the adoption rate α(t) from its fitted baseline α0 toward the
best-attainable αmax, and decreases the abandonment rate ω(t) from ω0 toward the best-attainable ωmin.

A.2. Objective Functional and Control Set

The primary purpose of incorporating control variables is to identify the optimal strategy that reduces
the number of exposed and infectious individuals, while factoring in the costs associated with vaccination
deployment and reinforcement coverage Hence, the objective function for this optimal control problem is
given by

J(u∗
v, u∗

c) = min
uv,uc∈[0,1]

∫ T

0

[
AE E(t) + AI I(t) + AC C(t) + 1

2
(
Bv u2

v(t) + Bc u2
c(t)

)]
dt, (A.11)

where AE , AI , AC > 0 are nonnegative weighting factors that quantify the relative importance of reducing
the exposed and infectious populations, and Bv, Bc > 0 are penalty parameters reflecting the effort
or expense of applying the control measures. The linear expression AEE + AII + ACC captures the
epidemiological burden, while the quadratic contribution 1

2 (Bvu2
v + Bcu2

c) accounts for intervention costs.
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In particular, 1
2 Bvu2

v corresponds to the cost of sustaining vaccination intensity uv(t) over the time horizon
[0, T ], and 1

2 Bcu2
c represents the analogous cost for maintaining covering support uc(t).

The optimal control pair is then defined as

u∗(t) =
(
u∗

v(t), u∗
c(t)

)
,

chosen so that

J(u∗
v, u∗

c) = min
{

J(uv, uc) : (uv, uc) ∈ U
}

, (A.12)

with the admissible set of controls U specified by

U =
{

(uv, uc) : uv(t), uc(t) are measurable and 0 ≤ uv(t), uc(t) ≤ 1, t ∈ [0, T ]
}

. (A.13)

According to Pontryagin’s Maximum Principle [18], the optimal solution
(
u∗

v(t), u∗
c(t)

)
must minimize

pointwise the Hamiltonian H, subject to the system of state equations (A.1)–(A.7) and the control
definitions in (A.9)–(A.10).

The Hamiltonian associated with the control problem is expressed as

H = AEE + AII + ACC + 1
2

(
Bvu2

v + Bcu2
c

)
+ λS

(
Λ − λS − ν1(t)S − µS

)
+ λV1

(
ν1(t)S − σ1λV1 − ν2(t)V1 − µV1

)
+ λV2

(
ν2(t)V1 − σ2λV2 − µV2

)
+ λE

(
λS + σ1λV1 + σ2λV2 − (κ + µ)E

)
+ λI

(
(1 − ϕ)κE + ω(t)C − (α(t) + γ + µ + dI)I

)
+ λC

(
ϕκE + α(t)I − (ω(t) + γ + µ + dC)C

)
+ λR

(
γ(I + C) − µR

)
, (A.14)

where λS , λV1 , λV2 , λE , λI , λC , λR denote the adjoint variables associated with the state variables
S, V1, V2, E, I, C, R respectively.

By Pontryagin’s Maximum Principle, the optimal control problem (A.12) subject to the controlled
dynamics (A.1)–(A.7) and the admissible set U in (A.13) reduces to minimizing the Hamiltonian (A.14)
pointwise with respect to (uv, uc).

Theorem. Suppose that the control pair (u∗
v, u∗

c) minimizes the objective functional (A.11) subject
to the controlled state system (A.1)–(A.7). Then the adjoint variables λS , λV1 , λV2 , λE , λI , λC , λR satisfy
the following system of differential equations:
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dλS

dt
= λS

(
λ + ν1(t) + µ

)
− λEλ − λV1ν1(t), (A.15)

dλV1

dt
= λV1

(
σ1λ + ν2(t) + µ

)
− λEσ1λ − λV2ν2(t), (A.16)

dλV2

dt
= λV2

(
σ2λ + µ

)
− λEσ2λ, (A.17)

dλE

dt
= λE(κ + µ) − λI(1 − ϕ)κ − λCϕκ − AE , (A.18)

dλI

dt
= λI(α(t) + γ + µ + dI) − λCα(t) − λRγ − AI , (A.19)

dλC

dt
= λC(ω(t) + γ + µ + dC) − λIω(t) − λRγ − AC , (A.20)

dλR

dt
= µλR. (A.21)

The terminal conditions are

λS(T ) = λV1(T ) = λV2(T ) = λE(T ) = λI(T ) = λC(T ) = λR(T ) = 0. (A.22)

Furthermore, the optimal control pair (u∗
v(t), u∗

c(t)) is expressed as

u∗
v(t) = max

{
0, min

{
1,

νmax
1 S(t)

(
λV1 − λS

)
+ νmax

2 V1(t)
(
λV2 − λV1

)
Bv

}}
, (A.23)

u∗
c(t) = max

{
0, min

{
1,

I(t)(λI − λC)(αmax − α0) + C(t)(λC − λI)(ω0 − ωmin)
Bc

}}
. (A.24)

Proof. Differentiating the Hamiltonian (A.14) with respect to each control variable gives the optimality
conditions

∂H

∂uv
= Bvuv(t) −

[
νmax

1 S(t)(λV1 − λS) + νmax
2 V1(t)(λV2 − λV1)

]
= 0, (A.25)

∂H

∂uc
= Bcuc(t) −

[
(αmax − α0)I(t)(λI − λC) + (ω0 − ωmin)C(t)(λC − λI)

]
= 0. (A.26)

Solving the optimality conditions (A.25)–(A.26) yields the explicit control characterizations
(A.23)–(A.24). Since the admissible set of controls U requires 0 ≤ uv(t), uc(t) ≤ 1 for t ∈ [0, T ],
the controls are projected onto [0, 1] using the standard max{0, min{1, ·}} operator.
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