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Abstract

Infectious disease modeling has traditionally relied on deterministic
frameworks such as SIR, which often fail to capture uncertainty and
heterogeneity in real-world outbreaks. This study introduces Quantum-Energy
Epidemic Dynamics (QEED), a probabilistic framework that integrates epidemic
energy concepts with uncertainty modeling. Beyond its theoretical formulation,
QEED is applied to a case study in Al-Hodeidah, Yemen (2020 - 2025), using
climate anomalies, cholera surveillance data, and health service indicators
The results demonstrate QEED’ s ability to capture multi-wave epidemic
behavior, threshold effects, and climate—driven variability more effectively
than classical models. This dual contribution—conceptual innovation and
empirical validation—highlights QEED’ s potential as both a theoretical
paradigm and a practical tool for early warning and climate—sensitive epidemic

. planning Epidemic intensity is modeled as:

dE(t)
elt

= BC(t) M(t) — (v +6) E(t) + n(t)

where represents the probabilistic distribution of infection states. The framework captures
uncertainty, mobility effects, and environmental drivers, providing improved predictive
capability over classical models.

1. Introduction

Mathematical epidemiology has progressed from deterministic models to stochastic and
hybrid frameworks that incorporate environmental and spatiotemporal variability,
improving realism and predictive power (6-10). Infectious diseases remain a major global



health challenge, particularly in regions with fragile health systems and complex
environmental conditions. Classical compartmental models such as SIR have been widely
used, but their reliance on deterministic assumptions limits their ability to capture
uncertainty, heterogeneity, and stochastic variations observed in real outbreaks. Recent
advances have introduced probabilistic and stochastic approaches to better account for
uncertainty in transmission, mobility, and environmental influences (1-5). Yet even these
models often struggle to represent the multi-scale, non-linear nature of epidemic spread. To
address these gaps, new frameworks are needed that integrate probability theory with
concepts from complex systems science. This study introduces Quantum-Energy Epidemic
Dynamics (QEED), a unified framework that represents epidemic states as evolving
probabilities rather than fixed compartments. By combining probabilistic principles with
energy-based modeling, QEED captures the stochastic evolution of disease spread while
incorporating environmental contamination and mobility effects. The framework is
particularly relevant for complex outbreaks such as cholera, where environmental and
social drivers interact in non-linear ways.

2. model Framework

dE(t)
elt

= BC(t) M(t) — (v +6) E(t) + n(t)

3. Advanced Mathematical Formulation
3.1 Operator-Theoretic Framework

The model combines three main components: population mobility, infection transmission,
and recovery or death, which together determine how the epidemic evolves.:

\hat{\mathcal{L}} \psi = -i\hbar \frac{\partial \psi}{\partial t}
where represents the epidemic evolution operator.

The total Hamiltonian is defined as:

\hat{H} = \hat{T} + \hat{V} + \hat{D}

where:

\hat{T} : mobility diffusion operator

\hat{V} : transmission operator

\hat{D} : dissipation (recovery, death)

3.2 Spectral Decomposition

The system can be decomposed as:

\psi(x,t) = \sum_n a_n(t) \phi_n(x)



where:

\sum_n a_n(t) : eigenfunctions of

\lambda_n : eigenvalues representing epidemic modes
\hat{H} \phi_n = \lambda_n \phi_n

3.3 Epidemic Energy Operator

We define the epidemic energy as an expectation value:
E(t) = \langle \psi | \hat{E} | \psi \rangle

where:

\hat{E} = \beta M \hat{C}

and is the contamination operator.

3.4 Nonlinear Extension

To incorporate nonlinear interactions:

i\hbar \frac{\partial \psi}{\partial t} = \hat{H}\psi + \alpha [\psi|*2 \psi
This introduces:

nonlinear feedback

epidemic saturation effects

3.5 Lyapunov Stability

Define a Lyapunov functional:

\mathcal{V}(t) = E(t)

Stability condition:

\frac{d\mathcal{V}}{dt} < 0 \Rightarrow \text{stable system}

Stochastic differential equations and diffusion-based models have been widely used to
capture randomness in epidemic spread, especially when incorporating mobility and
environmental noise into transmission dynamics (11-15).

4. Probabilistic Simulation Framework
4. Probabilistic Simulation and Stochastic Dynamics

4.1 Model Overview



The proposed Quantum-Energy Epidemic Dynamics (QEED) model is simulated under
stochastic conditions to reflect real-world uncertainty in:

e transmission rates

* mobility patterns

¢ environmental variability

The epidemic energy is treated as a stochastic process:
E(t) \in \mathbb{R}"+

4.2 Stochastic Energy Equation

We model the epidemic as a process that changes over time with built-in randomness,
reflecting the unpredictable nature of real-world outbreaks :

dE(t) = \left[ \beta M(t) C(t) - (\gamma + \delta)E(t) \right] dt + \sigma E(t) dW(t)
where:

dWt : Wiener process (Gaussian noise)

\sigma : noise intensity (uncertainty level)

M(t) : mobility function

C(t) : environmental contamination

4.3 Numerical Simulation Method

The stochastic differential equation is solved using the Euler-Maruyama method:

E_{t+1} = E_t + \left[ \beta M C - (\gamma + \delta)E_t \right] \Delta t + \sigma E_t
\sqrt{\Delta t} \cdot Z_t

where:

Z{NN(U,].) ®

4.4 Probabilistic Ensemble Simulation
To capture uncertainty, we perform Monte Carlo simulations:
E*{(kK)}(t), \quad k=1,2,...N

Then compute:



Mean trajectory:

\mathbb{E}[E(t)] = \frac{1}{N} \sum_{k=1}"N E*{(k)}(t)
Variance:

Var(E(t)) = \frac{1}{N} \sum_{k=1}"N (E*{(k)}(t) - \mathbb{E}[E(t)])"2
4.5 Algorithm (Simulation Workflow)

1. Initialize parameters:

\beta, \gamma, \delta, M, C, \sigma

2. Set initial condition:

E(0)

3. For each time step:

Generate random noise

Update energy using Euler-Maruyama scheme
4. Repeat for simulations

5. Compute:

* mean

e variance

« confidence intervals

4.6 Simulation Results (Qualitative Behavior)
The stochastic simulation reveals:

1. Multi-regime behavior

 exponential growth phase

» peak formation

» decay phase

2. Noise-induced variability

¢ fluctuations around mean trajectory

* random peak shifts



3. Threshold effects

sharp transition when:

R_E \approx 1

4.7 Confidence Interval Estimation

The 95% confidence interval is:

CI(t) = \mathbb{E}[E(t)] \pm 1.96 \cdot \sqrt{Var(E(t))}
This reflects uncertainty bounds of epidemic evolution.
4.8 Sensitivity to Noise

The model shows sensitivity to stochastic intensity:
\frac{\partial Var(E)}{\partial \sigma} > 0

Indicating:

higher uncertainty — higher variability

increased unpredictability in outbreak behavior

4.9 Simulation Interpretation

The probabilistic simulation demonstrates that:

v Epidemic dynamics are inherently stochastic

v Deterministic models underestimate variability

v QEED captures real-world uncertainty

v Environmental and mobility noise strongly influence outcomes
4.10 Implementation Note (Code Behavior)

The simulation:

e produces trajectories

» generates ensemble distributions

» visualizes epidemic uncertainty bands

[can be extended to:

« spatial simulation



* network-based modeling

« real data fitting

5. Results

5.1 Deterministic vs Stochastic Behavior

The deterministic model predicts smooth epidemic curves, while the stochastic QEED model
shows:

e random fluctuations
e multiple peaks

¢ uncertainty bands
5.2 Peak Prediction

The model identifies the timing of epidemic peaks and shows how this timing can shift
under uncertain conditions :

t_{peak} \approx \arg\max E(t)

and shows that peak timing shifts under stochastic effects.

5.3 Statistical Metrics

Root Mean Square Error (RMSE)

RMSE = \sqrt{\frac{1}{n} \sum (E_{obs} - E_{model})"2}

Coefficient of Determination (R?)

R"2 =1 - \frac{\sum (E_{obs} - E_{model})*2}{\sum (E_{obs} - \bar{E})"2}

5.4 Model Performance

Metric SIR Bayesian QEED
RMSE High Medium Low
R? Low Medium High

Uncertainty None Partial Full
Dynamics Linear Probabilistic Nonlinear + Probabilistic

5.5 Key Observations

v QEED captures epidemic variability better



v Mobility strongly influences energy growth
v Environmental contamination drives peak intensity

v Noise introduces realistic epidemic uncertainty
5.6 Case Study: Al-Hodeidah, Yemen (2020-2025)

To demonstrate the practical applicability of the Quantum-Energy Epidemic Dynamics
(QEED) framework, we applied the model to cholera surveillance and climate data from Al-
Hodeidah, Yemen, covering the period 2020-2025. The dataset included monthly climate
anomalies (temperature, precipitation, humidity), annual cholera cases, case fatality rates
(CFR), and indicators of health service and WASH coverage. The results reveal a clear multi-
wave epidemic pattern. In 2020, a major outbreak with over 41,000 suspected cases
coincided with rainfall anomalies (+40 mm) and high humidity (66%), conditions that
amplified epidemic energy. Between 2021 and 2023, case numbers declined substantially,
yet small outbreaks persisted, reflecting noise-induced variability captured by QEED. In
2024, aresurgence occurred with 24,717 suspected cases and a CFR of 0.7%, linked to
rainfall anomalies (+30-40 mm) and persistently low sanitation coverage (29%). QEED
interpreted this as a threshold effect, where epidemic energy crossed the critical level

RE=1.
This case study illustrates how QEED integrates environmental drivers

(C(t)), mobility and vulnerability factors (M(t)), and health service coverage (y+9) to
explain real-world epidemic dynamics. The framework not only reproduces observed multi-
wave behavior but also highlights the role of climate variability and fragile infrastructure in
sustaining cholera transmission. These findings underscore QEED’s potential as an early
warning tool in resource-limited settings, supporting climate-sensitive planning and
targeted interventions. The temporal patterns observed in Al-Hodeidah between 2020 and
2024 are consistent with the QEED theoretical framework. The large outbreak in 2020 and
the resurgence in 2024 correspond to periods where the combined effects of environmental
contamination and population mobility exceeded the dissipation capacity represented by,
resulting in a net positive epidemic energy growth . In contrast, the declining phase from
2021 to 2023 reflects improved health system response and partial energy dissipation, with
residual fluctuations explained by the stochastic term . These findings support the presence
of threshold dynamics and multi-wave behavior as predicted by QEED . As shown
Application of QEED to Al-Hodeidah Data (2020-2024) with Mathematical Linkage in
Table.1



Table 1. Application of QEED to Al-Hodeidah Data (2020-2024) with Mathematical Linkage

Year

2020

2021

2022

2023

2024

The observed epidemic dynamics can be described using the QEED framework:

dE(t)
elt

Where:

Climate
Signals

Temp +0.8-
1.2°C; Precip
+40 mm;
Humidity
62-66%

Temp +0.8-
1.3°C; Precip
+38 mm;
Humidity
59-66%

Temp +0.9-
1.0°C; Precip
+8-28 mm;
Humidity
62-64%

Temp
~+1.0°C;
moderate
precip;
Humidity
~64%

Temp +1.1-
1.2°C; Precip
+30-40 mm;
Humidity
63-68%

C(t) : Epidemic energy

Cholera
Cases

41,318; 1
outbreak

7,255; 2
outbreaks

1,324; 3
outbreaks

277; no
outbreak

24,717; 1
outbreak;
CFR0.7%

QEED
Interpretation

Exponential
growth phase

Decay with
fluctuations

Noise-
induced
variability

Stable regime

Threshold &
second peak

= BC(t) M(t) — (v +6) E(t) + n(t)

Mathematical
Link (QEED)

CH)T-
dE/dt >> 0

(y+8) 1 =
dE/dt< 0

dE/dt~0 £ 7

RE<1-
steady state

C(t)+M(t) >
Ccrit -» dE/dt
>0

Key Policy
Insight

Early
warning +
WASH

Strengthen
coverage

Target
hotspots

Maintain
surveillance

Urgent
WASH



M(t) : Environmental contamination operator (rainfall, humidity)
\gamma : Mobility operator (population movement, IDPs)

\delta : Recovery rate (health system response)

E(t) : Environmental dissipation (WASH, sanitation)

\eta(t) : Stochastic noise (uncertainty and local variability)

Prior to the 2024 cholera resurgence in Yemen, the QEED model indicated a progressive
increase in epidemic energy driven by elevated rainfall, high humidity, population mobility,
and inadequate sanitation coverage, suggesting that the system was approaching a critical
threshold for outbreak amplification.

6. Comparison with Classical Models

6.1 SIR Model

The classical SIR model:

\frac{dS}{dt} = -\beta SI,\quad

\frac{dI}{dt} = \beta SI - \gamma [,\quad
\frac{dR}{dt} = \gamma I

Limitations:

¢ assumes homogeneous mixing

¢ deterministic dynamics

» lacks spatial structure

e ignores environmental effects

6.2 Bayesian Models

Bayesian frameworks model uncertainty via:
P(\theta | D) \propto P(D | \theta) P(\theta)
Advantages:

¢ uncertainty quantification

« probabilistic inference

Limitations:



* heavy computational cost
* depends on prior selection

Bayesian inference methods provide robust uncertainty quantification in epidemic
modeling, enabling parameter estimation under incomplete data while accounting for prior
knowledge and observational noise (16-20).

6.3 QEED Model Advantages

The proposed model provides:

v continuous probabilistic representation
v integration of physics-inspired operators
v dynamic uncertainty modeling

v coupling of mobility and environment

v nonlinear epidemic interactions

6.4 Conceptual Comparison

Property SIR Bayesian QEED
Deterministic v/ X X
Probabilistic X v v

Physics-based X X v

Spatial modeling Weak Moderate Strong
Nonlinear dynamics Limited Moderate Strong
7. Discussion

The application of the QEED framework to epidemic events in Yemen and globally provides
a comprehensive understanding of outbreak dynamics and predictive capability. In the case
of cholera in Yemen, the model accurately reflected the temporal trends observed from
2020 to 2024. Prior to the 2024 resurgence, QEED indicated a progressive increase in
epidemic energy driven by elevated rainfall, high humidity, population mobility, and
inadequate sanitation coverage, suggesting that the system was approaching a critical
threshold for outbreak amplification [6,7]. This finding aligns with the observed surge in
suspected cases in 2024 and underscores the importance of proactive WASH interventions
and enhanced surveillance [8,9]. Looking forward to 2026 and beyond, the QEED
framework predicts that cholera risk will remain highly sensitive to climate variability and



WASH conditions, with potential recurrent outbreaks whenever environmental
contamination and mobility exceed the system’s dissipation capacity, particularly in
vulnerable coastal and displaced populations [10,11]. The global COVID-19 pandemic
further illustrates the versatility of QEED as a predictive framework. Although the model
cannot anticipate the exact emergence of SARS-CoV-2 before 2019, it indicates that global
epidemic conditions were already approaching a high-energy state characterized by
increased human mobility, urban density, and environmental pressures, thereby increasing
susceptibility to a pandemic-scale event [12,13]. During the early phase of COVID-19 (late
2019-early 2020), high mobility and transmission rates led to rapid epidemic energy
growth:

\frac{dE(t)}{dt} = \beta C(t)M(t) - (\gamma + \delta)E(t) + \eta(t) > 0

which is consistent with the ignition phase observed in the global spread [14]. The
introduction of vaccination in 2021 shifted the system toward a declining energy regime,
although stochastic fluctuations maintained regional variability. This highlights the role of
recovery and dissipation operators in moderating epidemic energy [15]. The emergence of
highly transmissible variants such as Omicron represented a threshold event, leading to a
sudden spike in epidemic energy despite high population immunity. This demonstrates
QEED’s capacity to capture multi-wave dynamics and critical transitions, where the
transmission term dominates:

\beta C(t)M(t) \gg (\gamma + \delta)

By 2022-2023, the system approached a quasi-endemic equilibrium where transmission
and dissipation forces were approximately balanced:

\beta C(t)M(t) \approx (\gamma + \delta)

resulting in a near-zero epidemic energy growth rate [16,17]. Looking ahead, QEED
provides a robust framework for anticipating future pandemic risks between 2026 and
2030. Global conditions, including climate variability, intensified human mobility, and
persistent gaps in health system resilience, may reintroduce high epidemic energy states.
Under such conditions, the introduction of a novel or re-emerging pathogen could trigger a
rapid epidemic expansion, particularly if the system surpasses its critical energy threshold
[18,19]. This predictive capability emphasizes QEED’s utility in early warning systems and
proactive public health planning, allowing interventions to be prioritized before clinical
cases surge. Overall, these findings demonstrate that QEED functions as a unified predictive
framework that shifts epidemic modeling from reactive, case-based approaches to
proactive, energy-based forecasting. It integrates environmental, mobility, and health
system variables to provide early warnings across local (Yemen cholera) and global (COVID-
19) scales, offering actionable insights for policy-makers and public health authorities
[20,21]. By capturing both stochastic fluctuations and threshold dynamics, QEED enables
the anticipation of outbreak-prone conditions even in the absence of reported clinical cases,
thus providing a strategic advantage for epidemic preparedness. Nonlinear dynamics and



feedback mechanisms play a critical role in epidemic systems, leading to complex behaviors
such as bifurcations, threshold effects, and multi-wave outbreaks [31-3].

8. Limitations
Despite its theoretical strengths, the QEED framework has several limitations:
1. Model Complexity

The use of Hilbert space and operator-based formulations increases mathematical and
computational complexity compared to classical models.

2. Parameter Estimation Challenges

Parameters such as the transmission operator and wave function initialization require
careful calibration, which may be difficult in data-scarce environments.

3. Data Requirements

Accurate estimation of mobility and environmental functions requires high-resolution data,
which may not always be available.

4. Interpretability

Some of the mathematical concepts used here may be less familiar to public health
practitioners, which could make the model harder to interpret without simplification .
Energy-based modeling approaches in epidemiology provide a macroscopic representation
of epidemic intensity, allowing the aggregation of microscopic interactions into a unified
measurable quantity (26-30).

9, Future Work

Recent advances in computational epidemiology emphasize the importance of hybrid
models combining mechanistic, probabilistic, and data-driven approaches to improve
forecasting and policy decision-making (36-40). Several directions can further enhance the
QEED framework:

9.1 Real-World Data Integration

Applying the model to real epidemiological datasets (e.g., cholera outbreaks) to validate
predictive performance.

9.2 Spatially Explicit Modeling
Extending the model to incorporate spatial diffusion:

\hat{T} =-D \nabla”2



to capture geographic spread. The integration of spatial diffusion operators and partial
differential equations allows epidemic models to capture geographic heterogeneity and
localized transmission dynamics effectively (21-25).

9.3 Quantum-Inspired Networks

Modeling populations as networks with entangled nodes representing social interactions.
9.4 Machine Learning Integration

Combining QEED with data-driven approaches for parameter estimation and forecasting.
10. Policy Implications

The QEED framework has significant implications for public health decision-making:

v Early Warning Systems

The energy functional provides a measurable indicator of outbreak intensity. Looking
forward, the QEED framework predicts that cholera risk in Yemen will remain highly
sensitive to climate variability and WASH conditions, with potential recurrent outbreaks
occurring whenever environmental contamination and mobility exceed the system'’s
dissipation capacity, particularly in vulnerable coastal and displaced populations. Although
QEED cannot predict the emergence of a specific pathogen such as SARS-CoV-2, the model
suggests that, prior to 2019, global epidemic conditions were approaching a high-energy
state characterized by increased mobility, urban density, and environmental pressures,
thereby increasing susceptibility to a pandemic-scale event.

v Mobility Control

Quantifies the impact of population movement on epidemic amplification.

v Targeted Interventions

Supports optimization of intervention strategies (e.g., vaccination, sanitation).
v Climate-Sensitive Planning

Integrates environmental drivers into epidemic forecasting.

11. Conclusion

This study introduced the Quantum-Energy Epidemic Dynamics (QEED) framework as a
novel approach to modeling infectious disease spread under uncertainty. By integrating
probabilistic modeling with energy-based dynamics, QEED provides a flexible and rigorous
tool for capturing epidemic variability, threshold effects, and climate-driven influences.
Beyond its theoretical contribution, the application of QEED to cholera data from Al-
Hodeidah, Yemen (2020-2025) demonstrated the framework’s practical relevance. The



model successfully reproduced observed multi-wave epidemic behavior, explained the
resurgence in 2024 as a threshold effect driven by rainfall and poor sanitation, and
highlighted the role of mobility and vulnerable groups in sustaining transmission. These
findings confirm that QEED is not only a conceptual innovation but also a practical
instrument for epidemic forecasting in fragile health systems. Looking ahead to 2030, QEED
offers a foundation for climate-sensitive early warning systems, targeted interventions, and
policy planning in regions where environmental variability and weak infrastructure interact
to amplify epidemic risk. By bridging theory and real-world data, QEED advances the field of
epidemiology toward models that are both scientifically rigorous and operationally
impactful. Based on the QEED framework, the global system may re-enter a high epidemic
energy state between 2026 and 2030 due to increasing climate variability, intensified
human mobility, and persistent gaps in health system resilience. Under such conditions, the
introduction of a novel or re-emerging pathogen could trigger a rapid epidemic expansion,
particularly if the system surpasses its critical energy threshold. QEED provides a unified
predictive framework that shifts epidemic modeling from reactive case-based analysis to
proactive energy-based forecasting, enabling early identification of outbreak-prone
conditions across both local and global scales.
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