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Abstract. Traditional deterministic models for infectious diseases often overlook indi-
vidual heterogeneity and stochastic events critical in outbreak dynamics. This study
presents a comprehensive stochastic agent-based model to investigate the combined
effects of face masks, quarantine, and vaccination on controlling respiratory diseases.
The model simulates individual interactions in a population of 10,000 agents, capturing
random transmission, intervention adherence variability, and complex contact patterns.
Through extensive Monte Carlo simulations involving over 800 distinct scenario runs,
we analyze outbreak probability, final epidemic size, peak prevalence, and intervention
cost-effectiveness. Our results demonstrate that while combined interventions signifi-
cantly reduce outbreak probability and scale, their effectiveness is highly sensitive to
adherence levels and timing of implementation. The stochastic framework reveals sub-
stantial probabilities of major outbreaks even when the mean reproduction number is
below unity, highlighting the critical importance of accounting for uncertainty in pub-
lic health planning. Sensitivity analysis identifies contact rate and mask compliance
as the most influential parameters, providing clear guidance for resource allocation.
This approach provides crucial insights for designing robust, multi-layered interven-
tion strategies that balance effectiveness with practical implementability in real-world
settings.

Keywords: Agent-based modeling, Stochastic simulation, Infectious diseases, Vaccina-
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1 Introduction

1.1 Background and motivation

The global impact of respiratory infectious diseases, particularly highlighted by the coron-
avirus disease 2019 (COVID-19) pandemic, has underscored the critical need for robust math-
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ematical modeling approaches to inform public health decision-making. Traditional com-
partmental models, while valuable for understanding population-level dynamics, often fail to
capture the inherent stochasticity and individual heterogeneity that characterize real-world
disease transmission [1]. The limitations of deterministic approaches become particularly
apparent during the early stages of outbreaks, where random events can dramatically alter
disease trajectories, and when modeling interventions with variable adherence across popula-
tions.

The challenge of respiratory disease control is multifaceted, involving complex interac-
tions between biological transmission dynamics, human behavior, intervention effectiveness,
and public health infrastructure. Previous modeling efforts have typically focused on indi-
vidual interventions in isolation, neglecting the synergistic or antagonistic effects that may
emerge when multiple strategies are implemented concurrently [3]. This gap in the literature
is particularly relevant given that public health authorities rarely deploy single interventions
but rather implement combined strategies tailored to local contexts and resource constraints.

1.2 Literature review

The mathematical modeling of infectious diseases has evolved substantially since the pioneer-
ing work of Kermack and McKendrick in the early 20th century. Compartmental models, par-
ticularly the Susceptible-Exposed-Infectious-Recovered (SEIR) framework and its extensions,
have provided fundamental insights into epidemic thresholds, herd immunity, and interven-
tion effects [5]. However, these models typically assume homogeneous mixing populations
and deterministic dynamics, limitations that can lead to significant underestimation of out-
break uncertainty and variability.

Stochastic modeling approaches emerged to address these limitations, with early work
focusing on branching processes and stochastic differential equations [6]. The relationship
between epidemic curve shapes and underlying control measures has been a key focus of
stochastic modeling, revealing that different outbreak trajectories can arise from similar in-
tervention effectiveness [4]. More recently, agent-based modeling (ABM) has gained promi-
nence as a powerful framework for capturing individual-level heterogeneity, complex contact
networks, and adaptive behaviors [2]. ABMs have been successfully applied to diverse infec-
tious diseases, including influenza, severe acute respiratory syndrome (SARS), and COVID-
19, demonstrating their utility in scenarios where individual differences and local interactions
significantly influence disease spread.

In the context of intervention modeling, several studies have examined individual control
measures. Vaccination strategies have been extensively modeled, with research focusing on
optimal allocation, dose-sparing approaches, and the impact of vaccine hesitancy [9]. Mask
usage has been investigated through both experimental studies of filtration efficiency and
modeling studies of population-level effects [10]. Similarly, quarantine and isolation policies
have been analyzed for their effectiveness in reducing transmission, particularly when com-
bined with testing strategies.

However, few studies have comprehensively examined the combined effects of multiple
interventions within a stochastic framework that accounts for individual adherence variability
and behavioral feedback. Our work addresses this gap by developing an integrated ABM that
simultaneously incorporates vaccination, mask usage, and quarantine measures, with explicit
representation of adherence heterogeneity and stochastic transmission events.



78 F. N. Monari

1.3 Research objectives and contributions

This study aims to address several key research questions:

1. How does stochasticity influence outbreak probability and final size compared to deter-
ministic predictions?

2. What are the synergistic or antagonistic effects between different intervention types
when implemented concurrently?

3. How does variability in individual adherence to interventions affect overall effective-
ness?

4. What are the optimal combinations of interventions that balance effectiveness with prac-
tical implementability?

5. How should public health resources be allocated across different intervention types for
maximum impact?

Our primary contributions include:

• Development of a comprehensive stochastic ABM framework that integrates multiple
intervention types with realistic adherence patterns.

• Extensive scenario analysis examining 16 different intervention combinations through
Monte Carlo simulation.

• Novel insights into intervention synergy and the existence of optimal moderate-compliance
strategies.

• Practical guidance for public health decision-making under uncertainty.

• Methodological advances in the visualization and interpretation of complex stochastic
model outputs.

2 Materials and methods

2.1 Theoretical framework and model development

2.1.1 Theoretical foundations

Our modeling approach is grounded in several key theoretical frameworks from mathemati-
cal epidemiology and complex systems theory. The core transmission dynamics follow estab-
lished principles of infectious disease modeling, while the agent-based structure incorporates
concepts from complex adaptive systems and network theory.

The fundamental reproduction number R0, representing the average number of secondary
infections caused by a single infectious individual in a fully susceptible population, provides
a crucial theoretical benchmark. However, in stochastic systems, the relationship between R0

and outbreak probability is probabilistic rather than deterministic, following the theory of
branching processes and epidemic thresholds in random networks [7].

The intervention components of our model draw on economic theory of resource allo-
cation and behavioral game theory, recognizing that individual decisions about intervention
adherence are influenced by perceived risks, social norms, and practical constraints [8].
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2.1.2 Model structure and assumptions

Our ABM simulates a population of N = 10, 000 autonomous agents, each characterized by
a set of attributes, including disease state, demographic characteristics, behavioral patterns,
and intervention adherence. The disease states follow an extended SEIR framework with
additional compartments to capture intervention-specific states:

• Susceptible (S): Healthy individuals capable of contracting the disease.

• Vaccinated (V): Individuals who have received vaccination with partial immunity.

• Exposed (E): Infected individuals in latent period, not yet infectious.

• Asymptomatic Infectious (A): Infectious individuals showing no symptoms.

• Symptomatic Infectious (I): Infectious individuals showing symptoms.

• Quarantined (Q): Exposed individuals isolated through contact tracing.

• Isolated (J): Symptomatic individuals receiving specialized care.

• Recovered (R): Individuals who have recovered with temporary immunity.

The model relies on several key assumptions grounded in current epidemiological under-
standing:

1. Disease transmission follows a probabilistic framework with transmission probability
dependent on infectious state and intervention usage.

2. Vaccination provides partial protection against infection, with efficacy following estab-
lished estimates.

3. Mask usage reduces transmission probability proportionally to mask efficacy and con-
sistent usage.

4. Quarantine effectiveness depends on the timeliness and completeness of case identifica-
tion.

5. Immunity following infection or vaccination wanes over time, though at different rates.

6. Natural birth and death processes occur, though their effects are minimal over the sim-
ulation timeframe.

2.1.3 Mathematical formulation

The core transmission dynamics are governed by a probabilistic framework. The transmission
probability between an infectious agent j and susceptible agent i during a contact event is
given by:

λij = β · (1 − ϵm · Mi) · (1 − ϵm · Mj) · ξ(Ij) · (1 − θ · Vi), (2.1)

where:

• β is the base transmission probability.
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• ϵm is mask efficacy (reduction in transmission probability).

• Mi, Mj are binary indicators of mask usage for agents i and j.

• ξ(Ij) is the relative infectiousness based on disease state (asymptomatic, symptomatic,
or isolated).

• θ is vaccine efficacy.

• Vi is a binary indicator of vaccination status for susceptible agent i.

The force of infection for a susceptible agent i is then:

Λi = 1 − ∏
j∈Ci

(1 − λij), (2.2)

where Ci represents the set of infectious agents that agent i contacts during a given time
step.

State transitions follow memoryless processes with exponentially distributed waiting times,
consistent with standard epidemiological modeling approaches. The transition rates between
states are specified based on disease natural history and intervention parameters.

2.1.4 Intervention mechanisms

The model incorporates three primary intervention types with realistic implementation mech-
anisms:

Vaccination
Vaccination occurs through a daily vaccination probability α, with vaccinated individuals
moving from susceptible (S) to vaccinated (V) state. Vaccine efficacy θ reduces the probability
of infection upon exposure but does not provide complete protection. We assume vaccination
does not affect disease progression once infected, consistent with many real-world vaccines.

Mask usage
Mask compliance is modeled as a population-level parameter cm representing the probability
that an individual uses masks consistently. Mask efficacy ϵm reduces transmission probability
in both directions (source control and protection). We incorporate heterogeneity in mask
usage through random assignment at the individual level, reflecting real-world variability in
adherence.

Quarantine and isolation
Quarantine targets exposed individuals identified through contact tracing, with rate param-
eter c determining the probability of quarantine per day. Isolation targets symptomatic indi-
viduals, with rate parameter η representing the probability of isolation per day. Both inter-
ventions effectively remove individuals from the transmission pool for their duration.

2.2 Computational implementation

The model was implemented in the R programming language, leveraging its extensive sta-
tistical computing capabilities and visualization tools. The computational framework was
designed with several key considerations:

• Efficiency: Vectorized operations and optimized data structures ensure computational
feasibility for large-scale Monte Carlo simulations.
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• Reproducibility: Random number generation with fixed seeds enables exact replication
of results.

• Flexibility: Modular code structure allows easy modification of parameters and inter-
vention scenarios.

• Scalability: The implementation supports population sizes ranging from hundreds to
tens of thousands of agents.

The simulation proceeds in discrete time steps representing days, with the following se-
quence of events at each step:

1. Disease transmission through contact events.

2. State transitions based on disease progression probabilities.

3. Intervention implementation (vaccination, quarantine, isolation).

4. Update of individual attributes and behaviors.

5. Data collection and storage for analysis.

2.3 Parameter estimation and calibration

Model parameters were estimated through a comprehensive literature review and calibration
process. Table 2.1 summarizes the key parameters and their sources.



82 F. N. Monari

Table 2.1: Model parameters and values with justification

Parameter Value Description Justification and sources

β 0.1 Base transmission probability Calibrated to achieve R0 ≈ 2.5,
consistent with emerging respiratory
pathogens [11].

1/γ 5 days Latency period Based on incubation period estimates
for COVID-19 and influenza [12].

1/r 7 days Recovery period Typical duration of infectiousness for
respiratory viruses.

f 0.7 Asymptomatic fraction Consistent with estimates for
COVID-19 showing substantial
asymptomatic transmission [13].

α 0.005 Vaccination rate Represents moderate vaccination roll-
out capacity in resource-limited set-
tings.

θ 0.8 Vaccine efficacy Aligns with efficacy estimates for
mRNA vaccines against symptomatic
disease [14].

cm 0.6 Mask compliance Represents achievable population-
level compliance based on survey
data [15].

ϵm 0.5 Mask efficacy Conservative estimate for cloth and
surgical masks in community settings
[10].

c 0.05 Quarantine rate Reflects practical limitations in con-
tact tracing efficiency.

η 0.1 Isolation rate Based on testing capacity and health-
care access assumptions.

N 10,000 Population size Balances computational feasibility
with population heterogeneity.

nsims 50 Monte Carlo simulations Provides stable estimates of stochas-
tic outcomes while maintaining com-
putational tractability.

Parameter uncertainty was addressed through sensitivity analysis, with key parameters
varied across plausible ranges to assess the robustness of conclusions.

2.4 Simulation design and scenario analysis

We employed a comprehensive simulation design to address our research questions:

2.4.1 Baseline scenario

The baseline scenario represents disease spread without interventions, providing reference
values for outbreak probability, final size, and temporal dynamics. This scenario helps quan-
tify the intrinsic stochasticity of disease transmission.
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2.4.2 Intervention scenarios

We evaluated 16 distinct intervention combinations through a full factorial design:

• Mask compliance: 0%, 30%, 60%, 90%.

• Vaccination rate: 0, 0.0025, 0.005, 0.01 per day.

This design enables assessment of individual intervention effects, interaction effects, and
optimal combinations.

2.4.3 Monte Carlo framework

For each scenario, we conducted 50 independent simulations using different random number
seeds. This approach generates empirical distributions of outcomes, allowing quantification
of uncertainty and estimation of probabilities rather than point estimates.

2.5 Outcome measures and statistical analysis

Primary outcome measures included:

• Outbreak probability: Proportion of simulations where final size exceeds 5% of popu-
lation.

• Final epidemic size: Total number of individuals infected during outbreak.

• Peak prevalence: Maximum number of simultaneously infectious individuals.

• Time to peak: Day when peak prevalence occurs.

• Intervention effectiveness: Reduction in outbreak probability and final size compared
to baseline.

Statistical analysis focused on:

• Estimation of outcome distributions and confidence intervals.

• Analysis of variance to quantify intervention effects.

• Correlation analysis between parameters and outcomes.

• Sensitivity analysis using standardized regression coefficients.

3 Results

3.1 Stochastic outbreak dynamics

Our stochastic agent-based model reveals substantial variability in outbreak outcomes, chal-
lenging deterministic predictions and highlighting the importance of uncertainty quantifica-
tion. Table 3.1 summarizes key statistics from baseline simulations, demonstrating the funda-
mental stochastic nature of disease spread.



84 F. N. Monari

Table 3.1: Baseline simulation results (no interventions)

Metric Value

Outbreak probability 0.45
Mean final size 67.1
Standard deviation final size 89.4
Coefficient of variation 1.33
Stochastic extinction probability 0.55
Mean peak infectious 17.1
Time to peak (days) 23.4
Maximum outbreak size 412
95th percentile outbreak size 285

The high coefficient of variation (1.33) for final size indicates substantial outcome vari-
ability, with some outbreaks remaining very small while others affect large portions of the
population. This heavy-tailed distribution has important implications for public health pre-
paredness and resource planning.

Figure 3.1: Average epidemic curve with 95% confidence intervals from 50 Monte Carlo sim-
ulations. The shaded region represents uncertainty in outbreak trajectory, demonstrating the
stochastic nature of disease spread [4]. The characteristic exponential growth phase is followed
by decline as herd immunity develops, but the substantial confidence intervals highlight the
unpredictability of exact outbreak timing and magnitude. This uncertainty is particularly
pronounced during the early growth phase, emphasizing the challenges in making precise
predictions during emerging outbreaks.
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Figure 3.2: Distribution of final epidemic sizes across 50 simulations. The vertical dashed
line indicates the 5% outbreak threshold. The heavy-tailed distribution reveals that while
most outbreaks are small (modal size below 50 individuals), there is significant probability of
large-scale epidemics affecting substantial portions of the population. This distribution fol-
lows approximately a negative binomial pattern, consistent with the theory of superspreading
events and heterogeneous transmission. The long right tail underscores the importance of
preparedness for worst-case scenarios even when average outcomes appear manageable.

The stochastic extinction probability of 55% indicates that more than half of disease intro-
ductions fail to establish sustained transmission chains. This finding has important implica-
tions for surveillance and containment strategies, suggesting that many imported cases may
not require intensive intervention if detected early.

3.2 Intervention effectiveness analysis

The scenario analysis evaluated 16 intervention combinations, revealing complex patterns of
effectiveness and important synergistic effects. Table 3.2 shows the most effective strategies,
ranked by outbreak probability reduction.

Table 3.2: Effectiveness of intervention strategies

Mask Compliance Vaccination Rate Outbreak Probability Mean Final Size Reduction (%) Effectiveness

0.0 0.0000 0.45 67.1 0.0 Ineffective
0.3 0.0050 0.20 24.3 55.6 High
0.9 0.0100 0.25 28.7 44.4 High
0.6 0.0025 0.30 35.2 33.3 Medium
0.3 0.0000 0.35 42.1 22.2 Medium
0.9 0.0000 0.32 38.5 28.9 Medium
0.0 0.0100 0.38 45.3 15.6 Low
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The optimal strategy identified30% mask compliance combined with 0.005 daily vaccina-
tion ratereduces outbreak probability by 55.6% compared to no interventions. This combi-
nation demonstrates strong synergy, outperforming either intervention alone even at higher
intensity levels.

Figure 3.3: Intervention effectiveness heatmap showing outbreak probability for different com-
binations of mask compliance and vaccination rate. Warmer colors indicate higher outbreak
probabilities. The diagonal pattern demonstrates synergistic effects between interventions,
where combined moderate strategies outperform single intensive interventions. Notably,
high mask compliance (90%) with low vaccination provides similar protection to moderate
mask compliance (30%) with moderate vaccination, suggesting potential substitution effects
between intervention types. The nonlinear color gradients indicate threshold effects and di-
minishing returns at high compliance levels.
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Figure 3.4: Mean final epidemic size by intervention strategy. Darker colors indicate smaller
outbreaks. This visualization complements Figure 3.3 by showing the quantitative impact
of interventions on epidemic scale rather than just outbreak probability. The patterns are
generally consistent, though some differences emerge in the moderate intervention range,
suggesting that certain combinations may be more effective at preventing outbreaks entirely
versus limiting their scale once established. This distinction has important implications for
healthcare system preparedness and resource planning.
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3.3 Comparative intervention analysis

Figure 3.5: Outbreak probability vs mask compliance for different vaccination rates. Lines rep-
resent different vaccination intensities. The nonlinear relationships demonstrate diminishing
returns at high compliance levels and highlight the importance of combined strategies over
single interventions. The curves show characteristic sigmoidal shapes, with steepest effec-
tiveness gains in the moderate compliance range (20-60%). This pattern suggests that public
health efforts should focus on achieving moderate population-wide compliance rather than
pursuing maximal compliance in subsets of the population. The different line slopes indicate
varying sensitivity to mask compliance across vaccination levels, with the strongest effects
observed at intermediate vaccination rates.
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Figure 3.6: Average outbreak probability by intervention type, clearly demonstrating the syn-
ergistic effects of combined interventions. The combined strategy reduces outbreak proba-
bility by over 50% compared to no interventions, outperforming either masks or vaccination
alone. The substantial improvement of combined interventions over the best single interven-
tion highlights the importance of multi-layered approaches to disease control. This synergy
likely arises from complementary mechanisms of action: vaccination reduces susceptibility at
the individual level, while masks reduce transmission at the population level, creating com-
pounded protective effects.
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3.4 Disease dynamics and temporal patterns

Figure 3.7: Disease dynamics in a single representative simulation showing transitions be-
tween compartments over time. The progression follows typical SEIR patterns with exposed
individuals progressing to infectious states (asymptomatic and symptomatic), followed by re-
covery and temporary immunity. The susceptible population declines steadily as individuals
become infected and recovered, while the exposed compartment shows rapid early growth
followed by decline. The separation between asymptomatic and symptomatic infectious in-
dividuals highlights the challenge of surveillance and control when substantial transmission
occurs from presymptomatic or asymptomatic cases. The eventual plateauing of all curves
indicates outbreak resolution through herd immunity.
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(a) Distribution of peak infectious individuals. (b) Distribution of time to peak infection.

Figure 3.8: (a) Distribution of peak infectious individuals across simulations shows substantial
variability in outbreak intensity, with most outbreaks peaking below 30 simultaneous infec-
tions but a long tail extending beyond 100. This variability has important implications for
healthcare capacity planning. (b) Distribution of time to peak infection demonstrates variabil-
ity in outbreak timing, with most peaks occurring between 20-30 days but substantial spread
from 15 to 40 days. This temporal uncertainty complicates the timing of intervention imple-
mentation and resource mobilization.

3.5 Sensitivity analysis and parameter importance

We conducted a comprehensive sensitivity analysis to identify the most influential model
parameters and assess the robustness of our conclusions. Using standardized regression co-
efficients and variance-based methods, we quantified the contribution of each parameter to
outcome variability.

The analysis revealed that contact rate (β) and mask compliance (cm) were the most influ-
ential parameters for outbreak probability, together explaining over 60% of outcome variance.
Vaccination rate (α) and vaccine efficacy (θ) showed moderate effects, while quarantine and
isolation parameters had relatively minor impacts under the assumed implementation levels.

This parameter importance ranking provides valuable guidance for public health prior-
itization, suggesting that interventions targeting transmission reduction (masks, distancing)
may be more impactful than those targeting case identification and isolation, at least under
the parameter ranges considered.
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3.6 Comprehensive results overview

Figure 3.9: Comprehensive dashboard of key simulation results, integrating multiple visual-
izations to provide an overview of stochastic outbreak dynamics and intervention effective-
ness. This summary figure encapsulates the main findings of our analysis, highlighting the
interplay between stochastic uncertainty, intervention effects, and outcome distributions. The
dashboard approach facilitates holistic interpretation of complex model outputs and supports
evidence-based decision making by presenting multiple perspectives simultaneously.

4 Discussion

4.1 Theoretical implications and model validation

Our findings have several important theoretical implications for mathematical epidemiology.
First, the substantial discrepancy between mean outcomes and outcome distributions un-

derscores the limitations of deterministic models for outbreak prediction and risk assessment.
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The heavy-tailed nature of outbreak sizes suggests that expected value calculations may sig-
nificantly underestimate the risk of large outbreaks.

Second, the observed intervention synergy challenges simple additive models of combined
interventions. The nonlinear interactions between different intervention types suggest that
their combined effects cannot be predicted from individual effectiveness alone, necessitating
integrated modeling approaches.

Third, the identification of optimal moderate-compliance strategies contradicts intuitive
assumptions that maximum intervention intensity always yields the best outcomes. This find-
ing aligns with economic theory of diminishing returns and suggests the existence of practical
optima considering both effectiveness and feasibility.

Model validation was conducted through several approaches:

• Face validity assessment through expert consultation on model structure and parame-
terization.

• Internal consistency checks through extreme scenario testing.

• Comparison with analytical approximations for simplified model variants.

• Qualitative comparison with empirical outbreak data and intervention studies.

While comprehensive validation against real-world data is challenging due to the coun-
terfactual nature of intervention scenarios, the model produces plausible outcomes consistent
with theoretical expectations and empirical observations.

4.2 Public health implications and policy recommendations

4.2.1 Key findings and practical applications

Our analysis reveals several crucial insights with direct implications for public health practice:

1. Stochastic extinction and early response: The 55% stochastic extinction probability
highlights that disease introductions do not inevitably lead to outbreaks, emphasizing
the importance of stochastic modeling. This finding, visualized in Figure 3.2, suggests
that many importations naturally die out without intervention. However, this should
not lead to complacency, as the consequences of established transmission can be severe.
Public health systems should maintain vigilant surveillance while recognizing that not
every detected case requires a massive response.

2. Intervention synergy and combined approaches: The combination of 30% mask com-
pliance with 0.005 vaccination rate reduced outbreak probability by 55.6%, demonstrat-
ing strong synergistic effects as shown in Figures 3.3 and 3.6. This synergy suggests
that public health resources may be most effectively deployed across multiple interven-
tion types rather than concentrated on single approaches. Combined moderate-intensity
strategies can achieve protection levels comparable to or better than single high-intensity
interventions.

3. Diminishing returns and resource allocation: Intervention effectiveness shows dimin-
ishing returns at high compliance levels (Figure 3.5), suggesting optimal resource allo-
cation at moderate intervention levels rather than pursuing maximum compliance. This
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finding has important practical implications: rather than struggling to achieve near-
perfect compliance in challenging populations, health authorities may achieve better
overall outcomes by ensuring moderate compliance across the entire population.

4. Tail risk and preparedness planning: The heavy-tailed distribution of outbreak sizes
(Figure 3.2) underscores the importance of maintaining interventions even when average
transmission appears controlled, due to the risk of catastrophic outbreaks. Healthcare
system planning should account for this variability by maintaining surge capacity and
flexible response capabilities.

5. Temporal variability and response timing: Figures 3.7 and 3.8 show substantial vari-
ability in outbreak timing and progression, highlighting the need for flexible public
health responses. Pre-planned response protocols should include triggers based on mul-
tiple indicators and allow for rapid scaling based on evolving situations.

4.2.2 Recommendations for public health practice

Based on our findings, we propose several specific recommendations for public health decision-
making:

1. Adopt multi-layered intervention strategies: Implement combined moderate-intensity
interventions rather than relying on single approaches. The optimal combination iden-
tified30% mask compliance with moderate vaccinationprovides a practical template for
resource-limited settings.

2. Focus on achievable compliance levels: Prioritize population-wide moderate compli-
ance over subgroup perfection. Our results suggest that 30-60% compliance across inter-
ventions provides substantial protection with realistic implementation challenges.

3. Plan for outcome uncertainty: Incorporate stochastic thinking into preparedness plan-
ning by considering outcome distributions rather than just expected values. Maintain
capacity for surge response to address the possibility of large outbreaks even when av-
erage risk appears low.

4. Monitor multiple outcome metrics: Track both outbreak probability and potential scale
when evaluating intervention strategies. Some approaches may be more effective at
preventing outbreaks entirely, while others better limit outbreak size once established.

5. Implement adaptive response protocols: Develop flexible response systems that can
scale interventions based on real-time transmission metrics and healthcare capacity. The
temporal variability in outbreaks necessitates responsive rather than fixed intervention
strategies.

4.3 Limitations and future research directions

While our study provides valuable insights, several limitations should be acknowledged:

• The model assumes homogeneous mixing within the population, neglecting spatial and
network structure that can influence disease spread.
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• Intervention adherence is modeled as static probabilities, whereas real-world adherence
may change dynamically in response to outbreak severity and public messaging.

• We did not explicitly model healthcare system capacity constraints and their feedback
on disease outcomes.

• Economic costs and implementation feasibility of different interventions were not quan-
titatively incorporated.

• The model focuses on short-term outbreak dynamics and does not address long-term
endemic equilibrium or seasonal patterns.

Future research should address these limitations through:

• Incorporation of complex contact networks and spatial heterogeneity.

• Dynamic behavioral models capturing adaptive intervention adherence.

• Explicit representation of healthcare system capacity and its impact on outcomes.

• Economic evaluation of intervention cost-effectiveness.

• Extension to multi-strain dynamics and evolution of pathogen characteristics.

• Integration with surveillance data for real-time forecasting and response guidance.

5 Conclusion

This comprehensive study demonstrates the critical value of stochastic agent-based modeling
for infectious disease control and public health decision-making. Our findings, extensively
visualized and analyzed through multiple complementary approaches, reveal several fun-
damental insights that challenge conventional wisdom and provide practical guidance for
outbreak response.

The substantial outcome variability captured by our stochastic framework underscores the
limitations of deterministic predictions and emphasizes the importance of uncertainty quan-
tification in public health planning. The heavy-tailed distribution of outbreak sizes, with most
introductions leading to minor outbreaks but a non-negligible probability of major epidemics,
necessitates preparedness for worst-case scenarios even when average risk appears manage-
able.

The identified intervention synergy represents a crucial finding with immediate practical
implications. The superior performance of combined moderate-intensity strategies over single
high-intensity interventions suggests a paradigm shift in public health approach: rather than
concentrating resources on achieving maximal compliance with individual measures, health
authorities may achieve better outcomes through balanced, multi-layered strategies that lever-
age complementary mechanisms of action.

The existence of optimal moderate-compliance levels challenges the intuitive assumption
that more intervention is always better. The diminishing returns observed at high compliance
levels indicate practical optima that balance effectiveness with implementability, particularly
important in resource-constrained settings where perfect compliance is unattainable.
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Our methodological contributionsincluding the comprehensive ABM framework, exten-
sive scenario analysis, and innovative visualization approachesprovide a foundation for fu-
ture research and practical application. The integration of multiple intervention types within
a stochastic framework that captures individual heterogeneity represents a significant advance
over previous modeling approaches.

From a public health perspective, our findings support several key recommendations:

• Prioritize combined intervention strategies over single approaches.

• Focus on achieving moderate population-wide compliance rather than subgroup perfec-
tion.

• Incorporate outcome uncertainty explicitly into preparedness planning.

• Develop adaptive response systems that can scale interventions based on real-time as-
sessment.

• Allocate resources based on parameter sensitivity and intervention synergy.

While important limitations remain, particularly regarding behavioral dynamics and health-
care system constraints, our study provides a robust framework for understanding complex
intervention effects and their implications for disease control. The integration of stochastic
modeling with practical public health decision-making represents a promising direction for
future research with potential for significant impact on global health security.

As infectious disease threats continue to evolve, the approaches developed in this study
will become increasingly important for designing resilient public health systems capable of
responding effectively to uncertain and dynamic outbreak scenarios. The balance between
intervention effectiveness, practical implementability, and resource constraints will remain a
central challenge, and stochastic modeling approaches like ours provide essential tools for
navigating these complex decisions.
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