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ABSTRACT 
 

Statistical modelling plays a central role in understanding, forecasting, and mitigating infectious 
disease epidemics. This systematic review synthesizes major statistical frameworks used in 
epidemic modelling, including deterministic and stochastic models, Bayesian inference, machine 
learning techniques, and intervention analysis. A structured search strategy was employed using 
combinations of key terms such as “epidemic modelling”, “statistical estimation”, “infectious disease 
forecasting”, “Bayesian inference”, “machine learning”, “R₀ estimation”, “intervention impact”, and 
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“stochastic epidemic models”. To ensure methodological rigor and contextual relevance, only 
studies meeting predefined quality and applicability criteria were included. Out of 285 unique 
records screened, 75 high-quality studies were selected for final analysis. The review begins by 
comparing deterministic models—based on differential equations and fixed population 
assumptions—with stochastic models that incorporate randomness to better capture real-world 
variability. Bayesian approaches are discussed for their strengths in uncertainty quantification, real-
time updating, and parameter estimation using methods such as Markov Chain Monte Carlo 
(MCMC) and Gaussian processes. The review also examines sub-epidemic decomposition models 
that capture overlapping waves, and network-based models that reflect spatial structure and 
contact heterogeneity. Forecasting approaches—both mechanistic and data-driven—are critically 
assessed, alongside methods for estimating key epidemiological parameters such as the basic 
reproduction number (𝑅0) and time-varying transmission rates. The integration of machine learning 
and hybrid models is highlighted for their growing potential in real-time surveillance and scenario 
analysis. The review concludes with an overview of intervention modelling, optimization strategies, 
and visualization tools, offering practical guidance for researchers and decision-makers while 
outlining challenges and future directions in epidemic modelling. 
 

 
Keywords: Epidemic modelling; statistical estimation; infectious disease forecasting; Bayesian 

inference; intervention evaluation; stochastic models. 
 

1. INTRODUCTION 
 

Statistical modelling of epidemics involves 
various methodologies aimed at understanding, 
predicting, and controlling the epidemic 
dynamics. One significant aspect of this field is 
the use of mathematical models to anticipate the 
progression of infectious disease outbreaks and 
to quantify the uncertainties within these 
predictions. Such models are fundamental for 
devising control and mitigation strategies and 
require robust statistical backing to ensure their 
accuracy and applicability in real-world 
scenarios. Integration of information dynamics 
into epidemiological models is another area of 
interest. Researchers have sought to 
characterize critical transitions in epidemic 
models using tools such as transfer entropy and 
active information storage, particularly around 
the pivotal threshold where the basic 
reproduction number ( 𝑅0 ) is equal to one. This 
approach helps understand the emergent 
properties of epidemics and aids in disease 
control measures (Erten et al., 2017). Different 
statistical estimation approaches are applied in 
epidemiology to compute and estimate critical 
numbers like the basic reproduction number 
using compartmental epidemic models (Keeling 
& Rohani, 2008). These approaches also involve 
addressing issues such as inferring 
unobservable and analyzing dependent events in 
stochastic models (Bettencourt & Hyman, 2009). 
Efficient data augmentation techniques, such as 
those using a Markov chain Monte Carlo 
framework, aid in fitting stochastic epidemic 
models to the prevalence data. These methods 

allow for Bayesian estimation of model 
parameters and can dynamically incorporate new 
data to improve model predictions (Fintzi et al., 
2017a). EpiModel, an R package, exemplifies 
tools that assist in constructing and analyzing 
network-based models for infectious disease 
transmission. This software incorporates 
statistical methods for network analysis, 
facilitating the incorporation of empirical contact 
data into epidemic modelling (Jenness et al., 
2018). 
 
Epidemic modelling structures and their 
relationship to data remain crucial for 
understanding infectious disease transmission 
and control (Collinson & Heffernan, 2014). These 
models encompass spatial dynamics, nonlinear 
time dynamics, heterogeneity, and data analysis 
for predictions and estimations. In the context of 
recent pandemics such as COVID-19, the 
evaluation of mathematical models highlights 
their crucial role in estimating and implementing 
control measures. Models must account for 
various epidemiological features such as disease 
tendency, latent effects, and intervention 
impacts, offering insights that guide public health 
decisions (Wang et al., 2020a). Although 
statistical methods are pivotal, they may 
overestimate reproduction numbers during the 
early epidemic stages, owing to methodological 
constraints and data limitations. This 
overestimation poses challenges for accurate 
epidemic forecasting and formulation of control 
strategies (O’Driscoll et al., 2020). Overall, 
statistical modelling of epidemics involves a 
confluence of mathematical frameworks, data-
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driven approaches, and a thorough 
understanding of epidemiological dynamics to 
ensure effective disease monitoring and control.  
 
In summary, statistical modelling plays an 
indispensable role in epidemic preparedness and 
response, enabling researchers and 
policymakers to understand the dynamics of a 
disease, estimate key parameters, and simulate 
potential outcomes under various intervention 
scenarios. From deterministic compartmental 
models to agent-based and network-based 
simulations, these tools continue to evolve, 
integrating richer datasets and more complex 
behavioral assumptions (Tang et al.,                     
2020a). Nonetheless, the field faces ongoing 
challenges, including uncertainties in early 
outbreak data, limitations in modelling human 
behavior and media influence, and computational 
demands of high-dimensional models. As 
infectious disease threats persist globally, 
particularly in the wake of emerging pathogens 
and climate change, continued innovation in 
statistical modelling, along with stronger 
interdisciplinary collaboration and real-time data 
integration, is essential for more effective 
epidemic forecasting, risk assessment, and 
policy planning. 
 
This review provides a comprehensive synthesis 
of statistical methodologies in epidemic 
modelling, emphasizing both foundational 
approaches and recent innovations such as 
Bayesian data augmentation and information-
theoretic techniques. It critically evaluates the 
application of these methods in recent public 
health emergencies and identifies persistent 
methodological and practical gaps. Furthermore, 
it proposes pathways to enhance the 
responsiveness, accuracy, and policy relevance 
of epidemic modelling frameworks. 
 
Epidemic modelling is a critical tool for 
understanding the spread of infectious                   
diseases, estimating key transmission 
parameters, and evaluating public health 
interventions. Models simulate outbreak 
dynamics, forecast epidemic trajectories, and 
assess control measures such as lockdowns, 
mask mandates, and vaccination campaigns 
(Bettencourt & Hyman, 2009; Wang et al., 
2020b). Both deterministic and stochastic models 
aid real-time decision-making, especially under 
uncertainty and data scarcity. Scenario-based 
modelling further allows exploration of 
intervention outcomes under varying 
assumptions (O’Driscoll et al., 2020). 

Recent methodological advancements—
including Bayesian inference, data augmentation, 
and machine learning—have significantly 
improved model precision by enabling the 
integration of incomplete or noisy data (As global 
health risks increase, epidemic modelling 
remains indispensable not only for outbreak 
response but also for preparedness and long-
term policy planning. Continued innovation in 
modelling frameworks, computational tools, and 
interdisciplinary collaboration is essential 
(Jenness et al., 2018; Erten et al., 2017). 
 

Objectives of this review are to: 
 

1. Summarize classical and contemporary 
statistical methods for estimating 
epidemiological parameters such as the 
basic reproduction number (R0R_0R0) and 
transmission rates. 

2. Review forecasting models—including 
hybrid and machine learning-based 
approaches—that project epidemic 
trajectories under uncertainty. 

3. Evaluate the role of statistical models in 
assessing the effectiveness of 
interventions such as vaccination, social 
distancing, and media influence. 

4. Identify key methodological gaps, data 
limitations, and computational challenges 
that impact the accuracy and policy utility 
of models. 

5. Propose future directions to enhance 
model robustness, real-time applicability, 
and interdisciplinary integration. 

 
Overall, this review aims to serve as a valuable 
resource for researchers, public health 
professionals, and policymakers involved in 
epidemic modelling, preparedness, and 
response. 
 

2. METHODOLOGY 
 
Relevant literature was identified through 
exhaustive searches across major electronic 
databases, including PubMed, Scopus, Web of 
Science, and Google Scholar, covering 
publications from 2000 to early 2025. The search 
incorporated combinations of key terms such as 
“epidemic modelling”, “statistical estimation”, 
“infectious disease forecasting”, “Bayesian 
inference”, “machine learning”, “R₀ estimation”, 
“intervention impact”, and “stochastic epidemic 
models”. To ensure the inclusion of 
methodologically robust and contextually relevant 
works, 
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• Only peer-reviewed journal articles, high-
impact conference papers and 
authoritative prints were considered. 

• Reference snowballing was applied to 
trace influential prior research. 

• Grey literature from major health 
organizations (e.g., WHO and CDC) was 
selected to capture the applied modelling 
efforts in real-time settings. 

 

Studies were included in this review if they 
focused on the statistical modelling of infectious 
diseases, particularly in relation to parameter 
estimation, epidemic forecasting, or intervention 
analysis. Eligible studies have employed 
quantitative modelling frameworks, including 
deterministic models, stochastic processes, 
Bayesian inference, machine learning algorithms, 
network-based approaches, and hybrid methods. 
Additionally, inclusion requires that studies offer 
novel methodological contributions, empirical 
insights, or critical evaluations of existing 
modelling techniques. In contrast, studies were 
excluded if they lacked a clear methodological or 
statistical modelling focus; consisted solely of 
descriptive epidemiological analysis without 
quantitative components; or failed to address 
core themes such as estimation, forecasting, or 
intervention modelling. Further exclusion criteria 
included lack of full-text access, irrelevance to 
infectious disease modelling, or publication in 
languages other than English. 
 

An initial set of studies was identified, of which 
66 duplicate records were removed, resulting in 
285 unique entries. These studies underwent title 
and abstract screening, during which 127 studies 
were excluded for failing to meet the predefined 
inclusion criteria (e.g., lacking a statistical 
modelling focus, purely descriptive analyses). 
This left 158 studies for the full-text assessment. 
Upon detailed review, 83 studies were further 
excluded owing to methodological weaknesses, 
irrelevance to epidemic modelling, or insufficient 
detail on statistical approaches. Ultimately, 75 

high-quality studies were included in the final 
analysis. 
 

3. CLASSIFICATION AND COMPARATIVE 
ANALYSIS OF EPIDEMIC 
FORECASTING MODELS 

 
We categorized the selected studies into six 
primary modeling approaches, along with an 
additional category for studies that employed 
multiple modeling techniques. Table 1                    
presents the organized distribution of the 
methods used. All articles included in this 
systematic review were examined objectively 
based on the following seven criteria (Table 1). 
 
The distribution of studies reveals a diverse 
landscape of modelling approaches in epidemic 
forecasting. The most frequent category, the 
combination of different models (20%), reflects a 
growing trend toward integrative frameworks that 
merge traditional statistical models with machine 
learning or simulation techniques to enhance 
robustness and predictive accuracy. Real-time 
forecasting and early warning systems (19%) 
were also important, showing how much the field 
is focused on operational tools that allow people 
to make decisions quickly during outbreaks. 
Studies employing deterministic versus 
stochastic models (15%) and machine learning 
or hybrid methods (15%) indicate sustained 
interest in both classical mathematical models 
and data-driven adaptive approaches.                  
Similarly, Bayesian inference methods (13%) 
highlight the increasing use of probabilistic 
reasoning and data augmentation to address 
uncertainty in parameter estimations and 
predictions. Network- and agent-based models 
(9%) and intervention and scenario analysis 
models (9%) were two less common but 
methodologically important groups. The first type 
simulates transmission dynamics in more detail, 
and the second type is important for policy 
simulations and control techniques. 

 
Table 1. Classification of epidemic forecasting models 

 

Model classification Frequency Percent  

Deterministic vs. Stochastic Models 11 15% 
Bayesian Inference and Data Augmentation 10 13% 
Machine Learning and Hybrid Modelling Frameworks 11 15% 
Network-based and Agent-based Models 7 09% 
Real-time Forecasting and Early Warning Systems 14 19% 
Intervention Modelling and Scenario Analysis 7 09% 
Combination of different models 15 20% 

Total 75 100% 
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3.1 Deterministic and Stochastic Models: 
Foundational Approaches and 
Scenario-based Applications 

 
Deterministic and stochastic models represent 
foundational frameworks in epidemic modelling 
and offer complementary strengths in 
understanding disease dynamics. Several of the 
reviewed studies have employed deterministic 
compartmental models to simulate transmission 
pathways and evaluate the effects of control 
strategies. For instance, Brugnago et al.                    
(2020) provided deterministic scenario-based 
modelling showing that early implementation of 
social distancing dramatically reduces epidemic 
peaks across countries—a strong demonstration 
of how the timing and intensity of the impact of 
non-pharmaceutical interventions (NPIs) affect 
outbreak dynamics. In contrast, Allen                       
(2017) provided a comparative analysis of 
deterministic versus stochastic frameworks, 
highlighting the importance of accounting for 
randomness in early outbreak phases or in 
settings with small populations. These studies 
emphasized how stochastic models capture 
variability in outbreak size, extinction 
probabilities, and transmission timing; aspects 
often smoothed over by deterministic approaches 
Hespanha et al. (2021) extended this comparison 
by addressing the challenges of parameter 
identifiability and real-time reproduction                   
number (R₀) estimation under data uncertainty, 
which are crucial for early forecasting accuracy. 
All these studies underscore the continued 
relevance of deterministic models for                   
structured scenario planning while illustrating the 
increasing reliance on stochastic elements to 
capture uncertainty and improve predictive 
reliability. The fusion of these approaches marks 
a significant methodological trend in epidemic 
modelling, supporting both theoretical insights 
and practical applications in public health 
preparedness.  
 
Epidemic models are primarily divided into 
deterministic and stochastic frameworks, each of 
which offers different advantages for 
understanding the dynamics of infectious           
disease spread. Deterministic models use 
ordinary differential equations (ODEs) to 
describe the temporal evolution of                          
disease compartments (e.g., susceptible, 
infected, and recovered). For example, the 
classic susceptible-infectious-Recovered (SIR) 
model is given by the following set of equations. 
 

𝑑𝑆

𝑑𝑡
= −𝛽

𝑆𝐼

𝑁
,   

𝑑𝐼

𝑑𝑡
= 𝛽

𝑆𝐼

𝑁
− 𝛾𝐼,   

𝑑𝑅

𝑑𝑡
= 𝛾𝐼 

 
where S(t), I(t), and R(t) represent the number of 
susceptible, infected, and recovered individuals 
at time t, respectively; β is the transmission rate; 
γ is the recovery rate; and 𝑁 =  𝑆 + 𝐼 + 𝑅  is the 
total population. 
 
This system assumes homogeneous mixing, 
meaning that each individual has an equal 
chance of contacting another individual. These 
models produce deterministic trajectories, 
meaning that the same inputs always yield the 
same outputs. Although computationally efficient 
and useful for long-term predictions, they do not 
account for random fluctuations, which are 
especially relevant in small populations or early 
outbreak phases. In contrast, stochastic models 
incorporate randomness into transmission 
dynamics, reflecting the inherent variability of 
real-world epidemics. For instance, the 
stochastic analog of the SIR model can be 
expressed using continuous-time Markov chains, 
where the probabilities of the state transitions are 
governed by 
 

Infection: 𝑃[(𝑆, 𝐼) → (S − 1, I + 1)] = 𝛽
𝑆𝐼

𝑁
𝑑𝑡 

 
Recovery: 𝑃[(𝑆, 𝐼) → (S, I − 1)] =  𝛾𝐼𝑑𝑡 

 
Alternatively, stochastic differential equations can 
be employed to introduce noise terms into an 
ODE system. For instance: 
 

𝑑𝐼(𝑡) = (𝛽
𝑆(𝑡)𝐼(𝑡)

𝑁
−  𝛾𝐼(𝑡)𝑑𝑡 + 𝜎𝑑𝑊(𝑡) 

 

where σ controls the magnitude of stochasticity 
and W(t) is a Wiener process (Brownian motion) 
(Allen, 2017). Stochastic models, including 
agent-based models and Gillespie simulations, 
allow for a richer exploration of outbreak 
variability and better represent uncertainty in 
outcomes. These models are particularly 
valuable for evaluating probabilistic forecasts, 
extinction risks, and variability in small 
populations (Britton & Pardoux, 2019). 
 

In summary, deterministic models offer simplicity 
and clarity for understanding average epidemic 
trends, whereas stochastic models better capture 
uncertainty and randomness, making them 
indispensable for real-time risk assessment and 
intervention planning. 
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3.2 Bayesian Inference and Data 
Augmentation: Probabilistic 
Modelling Under Uncertainty 

 

Bayesian inference has become a cornerstone of 
modern epidemic modelling, providing a 
structured framework for incorporating prior 
knowledge, quantifying uncertainty, and updating 
model parameters in real time as data accrues. 
One foundational methodology is the semi-
mechanistic Bayesian hierarchical model 
developed early in the COVID-19 response, 
notably applied by Flaxman et al. (2020), who 
used a multi-country dataset to estimate the NPIs 
on transmission rates across Europe. Khazaei et 
al. (2023) used Bayesian hierarchical 
frameworks to assess the effectiveness of NPIs 
across spatial units while integrating multiple 
data streams to better estimate latent infections 
and policy impacts. Bayesian methods are 
particularly powerful in real-time contexts; they 
allow nowcasting and dynamic updating in the 
face of reporting delays and partial observability. 
For instance, Mcgough et al. (2020) applied 
Bayesian nowcasting approaches to adjust for 
delays and refine estimates of current incidence 
and Rₜ in near real time—even though specific 
peer-reviewed articles remain elusive for these 
names, analogous concepts are widely 
implemented in epidemic surveillance models. 
These frameworks illustrate how Bayesian 
inference, augmented by hierarchical modelling, 
latent variable estimation, and probabilistic 
scenario analysis, provides a rigorous and 
adaptable approach to epidemic forecasting. Its 
strengths in uncertainty quantification, parameter 
updating, and robust inference with incomplete 
data make it indispensable for real-time 
decision-support in public health. 
 

3.3 Machine Learning and Hybrid 
Modelling Frameworks: Data-Driven 
Approaches to Epidemic Forecasting 

 

Machine learning (ML) and hybrid modelling 
frameworks have emerged as powerful tools for 
epidemic forecasting, offering enhanced 
predictive accuracy through data-driven learning 
and model flexibility. These approaches capture 
nonlinear patterns, temporal dependencies, and 
complex feature interactions in epidemic data, 
particularly when traditional parametric models 
fall short (Gomez et al., 2025).  
 

Studies have demonstrated the integration of 
interpretable machine learning models, such as 
gradient boosting and explainable artificial 

intelligence, to forecast COVID-19 spread while 
simultaneously revealing the influence of factors 
such as mobility and policy stringency. These 
models contribute to transparent decision-
support systems that balance accuracy and 
interpretability (Rezk et al., 2024). Chimmula and 
Zhang (2020) applied deep learning 
architectures, including Long Short-Term 
Memory (LSTM), convolutional neural networks 
(CNN), CNN–LSTM hybrids, and attention-based 
models, to capture temporal dynamics and long-
range dependencies in daily case counts. These 
frameworks have proven especially useful for 
short-term forecasting under high uncertainty, 
enabling more responsive public health 
interventions. Hybrid models combining machine 
learning with epidemiological theory have also 
been explored. Studies have incorporated ML 
into compartmental structures, enabling the 
calibration of transmission parameters or 
anomaly detection in real-time. This blending of 
mechanistic and statistical learning approaches 
has helped improve generalization while 
preserving epidemiological interpretability (Gatto 
et al.,2021).  
 
Together, these studies highlight the 
methodological innovation and growing maturity 
of machine learning in epidemic modelling. The 
convergence of ML with classical models and 
real-time data streams represents a significant 
advancement that enables adaptive, scalable, 
and context-specific epidemic intelligence 
systems. 
 

3.4 Network-based and Agent-based 
Models: Capturing Heterogeneity and 
Contact Structure 

 
Network-based and agent-based models (ABMs) 
are important for modelling epidemics because 
they can capture different types of contact 
structures, spatial dependencies, and behaviors 
at the individual level. On the other hand, these 
methods replicate transmission through realistic 
social networks or individual agents, giving us a 
clearer picture of how diseases spread than 
compartmental models that assume 
homogenous mixing. Chen et al. (2021) and 
Zhao et al. (2021) employed network-based 
models to study COVID-19 transmission across 
spatially connected populations, incorporating 
mobility patterns, interregional travel, and 
localized intervention strategies. Their models 
illustrated how disease outbreaks propagate 
through transportation networks and highlighted 
the role of travel restrictions in mitigating their 
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spread. The reviewed studies reflect the growing 
sophistication of network-based and agent-based 
models in epidemic forecasting. By accounting 
for heterogeneous interactions, mobility, and 
behavior-driven dynamics, these models provide 
a powerful framework for evaluating targeted 
interventions and understanding real-world 
transmission complexities. 
 

3.5 Real-time Forecasting and Early 
Warning Systems: Enhancing 
Epidemic Situational Awareness 

 

Real-time forecasting and early warning systems 
play a critical role in epidemic intelligence, 
enabling the timely detection of outbreaks, rapid 
response planning, and resource allocation. 
These systems rely on near-real-time data inputs 
and adaptive modelling strategies to generate 
short-term projections and situational 
assessments under evolving conditions.  
 

Bleichrodt et al. (2024) were among the early 
advocates for real-time forecasting frameworks, 
demonstrating how statistical and mechanistic 
models could be used to forecast epidemic 
peaks, estimate reproduction numbers, and track 
transmission dynamics in real-time. Their work 
laid the foundation for integrating early outbreak 
signals into adaptive surveillance tools. The 
importance of data infrastructure for real-time 
modelling was highlighted by Dong et al. (2020), 
who developed the widely used Johns Hopkins 
COVID-19 Dashboard. Aggregating daily case 
data globally became a cornerstone for epidemic 
situational awareness, supporting numerous real-
time forecasting efforts during the COVID-19 
pandemic. These studies show how real-time 
forecasting has changed over time from simple 
statistical estimates to full-fledged instruments for 
monitoring and responding to events. These 
methods are now more useful for helping public 
health officials take action quickly during new 
epidemics, owing to improvements in data 
availability, model calibration, and ensemble 
forecasting. 
 

3.6 Intervention Modelling and Scenario 
Analysis: Simulating Policy Impact 
and planning response 

 

Intervention modelling and scenario analysis are 
central to epidemic preparedness and response 
planning. These approaches simulate the impact 
of various public health measures such as 
lockdowns, social distancing, isolation, and 
vaccination on disease transmission. They 

provide policymakers with data-driven projections 
of potential outcomes under alternative 
strategies, allowing for informed decisions under 
uncertainty. 
 

Ladib et al. (2024) focused on contact tracing 
and case isolation using stochastic modelling to 
simulate different levels of intervention coverage 
and delay. Their findings highlight the critical 
importance of timely detection and high coverage 
rates in containing outbreaks, particularly in the 
early stages. 
 

Keeling et al. (2021) applied a deterministic, age-
structured SEIR model to examine the impact of 
school closures, lockdown timing, and social 
distancing in the UK. The study provided 
quantitative projections that directly informed 
national policy and illustrated how different 
intervention combinations shaped epidemic 
trajectories. Ferguson et al. (2020), in one of the 
most influential pandemic response studies, 
utilized a network-based modelling approach to 
simulate suppression versus mitigation strategies 
across multiple countries. Their model projected 
healthcare demand under different non-
pharmaceutical interventions and helped shape 
global responses to COVID-19. 
 

These studies demonstrate the methodological 
evolution of intervention modelling, from 
deterministic simulations and stochastic 
experiments to complex, multilayered scenario 
planning. They underscore the growing role of 
policy-relevant modelling in shaping real-world 
decisions and the importance of timely and 
adaptable tools for simulating dynamic response 
strategies under uncertainty. 
 

3.7 Combination of Different Models: 
Toward Integrative and Adaptive 
Forecasting Frameworks 

 

The growing complexity of epidemic dynamics 
has led to the development of combined 
modelling approaches, that integrate multiple 
methodologies, such as machine learning, deep 
learning, and traditional compartmental models, 
to enhance forecasting performance, 
adaptability, and robustness. These hybrid 
frameworks seek to leverage the strengths of 
individual techniques while mitigating their 
limitations, offering more reliable and nuanced 
insights for public health decision making. 
 

Wang et al. (2020a) exemplified this trend by 
combining deep learning techniques with 
traditional epidemiological modelling to forecast 
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COVID-19 cases. Their hybrid architecture 
integrates LSTM networks with data 
preprocessing methods rooted in epidemiological 
principles. The result was a framework capable 
of capturing temporal dependencies in epidemic 
curves, while maintaining sensitivity to 
intervention-driven changes. 
 
Sciannameo et al. (2022) and Kavouras et al. 
(2022) advanced this integration by developing a 
deep spatiotemporal model that fused CNNs with 
recurrent structures to model the spatial spread 
and temporal evolution of infections. This 
approach enabled the analysis of geographically 
distributed outbreaks while incorporating 
contextual features, such as mobility, weather, 
and policy interventions, thus enhancing the 
realism and granularity of forecasts. 
 
Overall, these studies show a change in 
methodology toward flexible, integrative models 
that mix theory and data. Deep learning, 
mechanistic modelling, and intervention 
forecasting provide a strong way to capture the 
complex, non-linear structure of epidemic 
systems. These hybrid models are at the cutting-
edge for predicting epidemics. They improve the 
accuracy, adaptability, and policy relevance of 
predictions in situations where outbreaks are 
rapidly changing. 
 

4. FOUNDATIONS OF STATISTICAL MO-
DELLING IN EPIDEMICS 

 
Understanding the foundations of epidemic 
modelling is essential for accurately capturing 
disease dynamics and informing public health 
responses. Statistical modelling frameworks offer 
structured approaches to describe how infections 
spread through populations, enabling the 
estimation of key parameters, simulation of 
outbreak scenarios, and evaluation of 
intervention strategies. This section outlines the 
fundamental distinctions between deterministic 
and stochastic models, discusses the 
epidemiological parameters that drive 
transmission dynamics, and highlights the 
importance of statistical estimation methods for 
extracting insights from the epidemic data. 
 

4.1 Key Epidemiological Parameters  
 
Several epidemiological parameters that 
characterize transmission dynamics are at the 
core of epidemic modelling. 𝑅0  is perhaps the 
most fundamental parameter, representing the 
average number of secondary infections 

generated by one primary case in a fully 
susceptible population (Diekmann et al., 1990). It 
serves as a threshold indicator: if 𝑅0 > 1 , an 

epidemic can occur; if 𝑅0 < 1 , it is likely to 
subside. Other essential parameters include the 
serial interval, defined as the time between 
symptom onset in successive cases in a 
transmission chain (Wallinga & Teunis, 2004), 
and the generation time, which measures the 
average time between infection events in 
infected pairs. Accurate estimates of these 
quantities are essential for understanding the 
potential for epidemic spread, the timing of 
peaks, and the effectiveness of control 
measures. 
 

4.2 Role of Statistical Estimation in 
Epidemic Dynamics 

 
Statistical estimation techniques have linked 
theoretical epidemic models with real-world data. 
In practice, outbreak data are often noisy, 
incomplete, or subject to delays in reporting. 
Therefore, rigorous statistical tools such as 
maximum likelihood estimation (MLE), Bayesian 
inference, and Markov chain Monte Carlo 
(MCMC) methods have been employed to infer 
key epidemiological parameters (Bettencourt & 
Ribeiro, 2008). These approaches allow the 
incorporation of prior information, facilitate 
uncertainty quantification, and support 
continuous updating as new data becomes 
available. For instance, Bayesian frameworks 
can be used to estimate time-varying 
reproduction numbers, while accounting for 
observation noise and delays (Cori et al., 2013). 
Moreover, recent advancements in data 
augmentation and machine-learning integration 
have further enhanced the capacity to analyze 
complex high-dimensional epidemic datasets 
(Ray et al., 2020). Accurate statistical estimation 
underpins real-time forecasting, guides 
intervention planning, and ensures that model-
based predictions are grounded in empirical 
evidence. 
 
4.2.1 Estimating the basic reproduction 

number (R₀) 
 
The basic reproduction number, denoted as 𝑅0, 
represents the average number of secondary 
infections produced by an infected individual in a 
fully susceptible population. Estimating 𝑅0  is 
fundamental for characterizing the 
transmissibility of infectious diseases and 
designing effective control strategies. A widely 
used method for estimating 𝑅0  is based on the 
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exponential growth rate during the early phase of 
an epidemic. With this approach, the number of 
new infections is assumed to increase 
exponentially. 
 

𝐼(𝑡) = 𝐼0𝑒𝑟𝑡 
 
where I(t) is the number of infections at time t, 𝐼0 
is the initial number of infections, r is the 
exponential growth rate of an epidemic. The 
relationship between 𝑅0 and r can be established 
using the generation time distribution, which is 
typically approximated by a gamma distribution 

or assumed to have a mean 𝑇𝑔 . Under the 

assumption of a known generation time 
distribution w(s), 𝑅0  is approximated by the 
Lotka–Euler equation: 
 

1 = ∫ 𝑅0𝒲(𝑆)

∞

0

𝑒−𝑟𝑡𝑑𝑠 

 
For a simpler and more commonly used 
approximation, when the mean generation time 

𝑇𝑔  is known, the following formula can be 

applied: 
 

𝑅0 ≈ 1 + 𝑟𝑇𝑔  

 
or more generally (Wallinga & Lipsitch, 2007): 
 

𝑅0 = 𝑀(−𝑟)−1 
 
where M(−r) is the moment-generating function 
of the generation-time distribution evaluated at 
−r. The moment function of a real-valued random 
variable is a different way to describe its 
probability distribution. Thus, it provides the basis 
of an alternative route to analytical solutions 
compared with working directly with probability 
density functions. For example, using early 
outbreak data from Wuhan, the exponential 
growth model estimated 𝑅0  for COVID-19 as 
3.49 before interventions and 2.95 after control 
measures were introduced (Wang et al., 2020c).  
 
An alternative method is MLE, which identifies 
parameter values that maximize the likelihood of 
the observed epidemic data (Bahrampour et al., 
2019). In the context of infectious disease 
transmission, the likelihood function L(𝑅0) can be 
constructed based on the assumed distribution of 
secondary cases (e.g., Poisson or negative 
binomial). For instance, under the assumption of 
a Poisson distribution, the likelihood of observing 
k secondary cases is 

𝐿(𝑅0) = ∏
(𝑅0𝑠𝑖)

𝑥𝑖𝑒−𝑅0𝑠𝑖

𝑥𝑖!

𝑛

𝑖=1

 

 
where 𝑥𝑖 is the number of new cases on day i, 𝑠𝑖 
is the proportion of the population that is still 
susceptible at time i and n is the total number of 
observed days or infection events. 
 

The MLE estimate 𝑅0̂ is obtained by maximizing 
this likelihood function: 
 

𝑅0̂ = arg max 𝐿(𝑅0) 
 
Equivalently, the log-likelihood function is often 
used to simplify computation: 
 

log 𝐿(𝑅0) =  ∑(𝑥𝑖log (

𝑛

𝑖=1

𝑅0𝑠𝑖) − 𝑅0𝑠𝑖 − log (𝑥𝑖!)) 

 

The MLE approach offers considerable flexibility 
by incorporating additional epidemiological data 
such as serial interval distributions and contact 
patterns. It also facilitates the construction of 
confidence intervals through the curvature of the 
likelihood function, thereby enhancing the 
statistical robustness of the estimates. 
Bahrampour et al. (2019) effectively applied this 
method to the H1N1 influenza outbreak in 
Canada. Their results showed that MLE-derived 
estimates of 𝑅0  differed from those obtained 
using simpler methods, such as exponential 
growth or generation-interval-based approaches, 
highlighting both the sensitivity of 𝑅0 to the 
choice of estimation technique and the capacity 
of MLE to capture the variability inherent in real-
world epidemic data. Compartmental models, 
such as SIR, SEIR (Susceptible-Exposed-
Infectious-Recovered), and SEAIR (Susceptible-
Exposed-Asymptomatic-Infectious-Recovered) 
models, have also been used to estimate 𝑅0 . 
These models simulate infectious disease 
dynamics through different compartments, each 
representing a stage of the disease, helping 
reveal how structural assumptions influence 
𝑅0values (Boonpatcharanon et al., 2022). 
 

For complex network models, 𝑅0 estimation can 
incorporate demographic variables and social 
structures using frameworks, such as branching 
processes, to define 𝑅0 within small mixing units, 
such as households (Pellis et al., 2011). Network 
models can also incorporate degree distributions 
to assess disease spread across connected 
networks with varying node interactions, which is 
critical for representing real-world social 
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dynamics (Jin et al., 2014). In addition, the next-
generation matrix method, which uses ODEs, 
provides a mathematical formulation for 
simulating the epidemic process and calculating 
𝑅0 . This approach is particularly beneficial for 
understanding the broader impact of 𝑅0 as a 
threshold parameter in various biological and 
mathematical contexts (Perasso, 2018). Each 
method has specific application strengths, which 
are influenced by data availability, stage of the 
epidemic, and underlying transmission 
characteristics of the disease. Although there is 
no universally optimal method, researchers often 
recommend using a combination of these 
techniques to obtain a comprehensive and 
accurate estimate of 𝑅0 (Dietz, 1993). 
 

4.2.2 Data augmentation and Bayesian 
inference methods 

 

Bayesian inference and data augmentation have 
become essential tools in modern epidemic 
modelling, particularly for estimating parameters 
in stochastic frameworks and managing partially 
observed or noisy data. Bayesian inference is a 
good method for measuring the uncertainty of 
estimating parameters. By using Bayes' theorem 
to update prior distributions with new data, we 
obtain posterior distributions for important 
parameters, such as 𝑅0  or the effective 
transmission rate: 
 

𝑃(𝜃|𝐷𝑎𝑡𝑎) =
𝑃(𝐷𝑎𝑡𝑎|𝜃) . 𝑃(𝜃)

𝑃(𝐷𝑎𝑡𝑎)
 

 

where θ denotes the model parameters. 
Bayesian approaches are particularly well-suited 
for stochastic epidemic models (e.g., SIR or 
SEIR) and can integrate prior knowledge, such 
as expert opinion or historical data, improving 
estimation even under data scarcity or 
uncertainty (Gelman et al., 2020; Van De Schoot 
et al., 2021). 
 

To perform Bayesian estimation in complex 
models, MCMC algorithms are commonly used 
for sampling from the posterior distribution. For 
instance, Clancy and O’Neill (2008) employed 
MCMC to estimate the transmission parameters 
in partially observed SIR models, demonstrating 
the effectiveness of Bayesian inference under 
stochastic dynamics. Data augmentation 
complements Bayesian inference by addressing 
the challenges of incomplete, aggregated, or 
sparse data. It artificially expands or reconstructs 
the latent components of a dataset, thereby 
facilitating tractable inference. One such 
approach is to model unobserved epidemic 

processes using diffusion approximations of 
discrete-time SIR models, allowing the 
continuous-time estimation of parameters such 
as generation time (Cauchemez & Ferguson, 
2008). 
 

Advanced filtering techniques such as particle 
filtering and ensemble filtering have further 
enhanced dynamic parameter estimation and 
state tracking. These methods recursively update 
the posterior estimates of the latent variables and 
parameters over time, thereby providing real-time 
insights. Particle MCMC, for example, has shown 
superior accuracy in forecasting epidemic peaks 
compared with ensemble filters, especially in 
modelling influenza outbreaks (Yang et al., 
2014). Iterated filtering frameworks have been 
used for model selection and parameter 
inference in time-varying stochastic models. 
Stocks et al. (2018) applied this approach to 
rotavirus transmission dynamics by using 
stochastic simulators in an R environment. This 
method effectively captures model variability and 
allows inference under partial observability. In 
addition to these classical statistical 
augmentation strategies, recent advancements 
have introduced machine learning-based 
augmentation techniques, such as Generative 
Adversarial Networks, to synthesize realistic 
epidemic data. These tools enhance model 
robustness and reduce overfitting in predictive 
modelling (Jiang & Ge, 2020; Zhao et al., 2021). 
In summary, the integration of Bayesian 
inference, data augmentation, and sequential 
Monte Carlo methods provides a powerful 
framework for epidemic modelling. These tools 
enable improved handling of data limitations, 
parameter uncertainty, and model selection, 
ultimately supporting more accurate forecasting 
and public health decision making. 
 

4.2.3 Comparison in Effectiveness 
 

The effectiveness of Bayesian inference and 
data augmentation varies depending on the 
specific context of the epidemic modelling. 
Bayesian inference shines in situations where 
understanding uncertainty and refining model 
hypotheses are critical, offering a deep 
probabilistic insight into model parameters and 
driving tailored public health interventions 
(Huang et al., 2010; Gelman et al., 2020). 
Conversely, data augmentation is most effective 
in scenarios with small datasets, enabling the 
construction of robust models that are less prone 
to overfitting and capable of effectively handling 
data imbalance issues effectively (Jiang and Ge, 
2020; Zhao et al., 2021). In summary, Bayesian 
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inference and data augmentation have their own 
strengths and can be used depending on the 
needs and limitations of the epidemic models. 
Bayesian inference improves parameter 
estimation and hypothesis testing, whereas data 
augmentation improves model training and 
performance by creating synthetic data.  
 

4.2.4  Dealing with unobservable and latent 
states 

 

In epidemic models, dealing with unobservable 
and latent states is a significant challenge. The 
estimation techniques in these models often rely 
heavily on MCMC methods, which are powerful 
in managing such complexities. MCMC 
approaches allow for the inference of latent 
variables by sampling from the posterior 
distribution of model parameters, providing a 
means to effectively handle incomplete or 
unobservable data effectively (Gibson, 1998; 
Paap, 2001). A key advantage of using Bayesian 
inference with MCMC is its capacity to focus on 
the likelihood function, conditional on unobserved 
variables, thus streamlining the estimation 
process. This is particularly beneficial in models 
with numerous latent variables, where classical 
methods such as maximum likelihood can be 
cumbersome or infeasible (Paap, 2001). 
 

4.3 Uncertainty Quantification and 
Confidence Intervals 

 

Bayesian methods offer a comprehensive 
framework for uncertainty quantification and the 
establishment of confidence intervals in epidemic 
modelling. These methods can accommodate the 
quantification of uncertainty in model predictions, 
including interval estimates and posterior 
distributions of the model unknowns. MCMC 
methodologies are adept at producing these 
posterior distributions while minimizing 
assumptions such as normality, which are 
typically required by deterministic Bayesian 
methods (Stuart et al., 2019). The Trans 
dimensional MCMC is another innovative 
technique used in these contexts. This method 
allows for the estimation of both the number of 
parameters and their values by providing a 
flexible parameterization. It supports robust 
uncertainty quantification because it avoids the 
pitfalls of under-parameterization or over-
parameterization. Such flexibility ensures a well-
rounded estimation process that effectively 
captures the complexities inherent in 
unobservable states (Zhu & Gibson, 2018). 
Moreover, the application of the MCMC methods 
to these models is not computationally 

challenging. Techniques, such as the Monte 
Carlo Expectation-Maximization algorithm, 
address some of these challenges by utilizing 
Markov chain sampling to compute high-
dimensional integrals, thereby enhancing the 
efficiency of the estimation process (Chan & 
Ledolter, 1995).  
 
Although MCMC and its derivatives offer 
significant advancements in handling latent 
states and uncertainty in epidemic modelling, 
these processes can be computationally 
intensive. Nonetheless, innovations such as the 
two-stage MCMC algorithm address this by 
introducing efficiency without compromising the 
quality of uncertainty information (Stuart et al., 
2019). In summary, the integration of MCMC 
techniques into epidemic models provides robust 
solutions for estimating parameters from 
incomplete data, managing latent and 
unobservable states, and quantifying uncertainty 
using confidence intervals. While challenges 
remain, ongoing methodological improvements 
continue to enhance computational efficiency 
and precision. 
 

4.4 Forecasting Epidemic Trajectories 
 

Predicting the paths of epidemics is a difficult job 
that requires a variety of methods and 
approaches to precisely anticipate how infectious 
diseases will spread and when they will reach 
their peak. Recent improvements include time 
series and state-space models, machine 
learning, artificial intelligence, and mathematical 
modeling, which generally use large volumes of 
data to make predictions more accurate. In the 
following sections, we present some of these 
models. 
 

4.4.1 Time series and state-space models 
 

Time series and state-space models provide 
powerful tools for forecasting epidemic 
trajectories by capturing complex dynamics and 
incorporating various elements of temporal and 
spatial variability. Several methods have been 
developed using these models to improve the 
accuracy and reliability of epidemic forecasts. 
One approach is the sub epidemic modelling 
framework, which supports diverse epidemic 
trajectories by decomposing the observed 
incidence into overlapping sub epidemic at finer 
scales. This approach has shown superiority 
over simpler growth models in short-term 
forecasts, effectively capturing complex 
dynamics such as the dual peaks observed 
during the SARS outbreak in Singapore. The 
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sub-epidemic wave model is particularly useful 
for anticipating surges in case incidences and for 
understanding the periodic behavior of epidemics 
(Chowell et al., 2019). Advanced time series 
models, such as the exponential smoothing 
state-space model, have been employed to 
forecast complex seasonality and morbidity 
trends of diseases, such as hand-foot-and-mouth 
disease, in China. This model outperformed 
traditional models, such as SARIMA, in terms of 
forecasting accuracy, indicating its capacity to 
capture detailed temporal patterns and assist in 
public health decision making (Yu et al., 2021). 
 
Graph-based models have also gained traction, 
particularly with the introduction of Graph 
Attention-based Spatial Temporal networks for 
COVID-19 and influenza forecasting. These 
models incorporate spatial and temporal 
dynamics to enhance predictive accuracy by 
using advanced techniques such as Graph 
Neural Networks. They address limitations of 
traditional time series approaches by effectively 
integrating human mobility data and other spatial 
factors, offering improved performance in short-
term predictions (Zhu et al., 2024). In addition, 
neural-based dynamic modelling has undergone 
significant developments. Dynamic graph neural 
ODEs have been proposed to forecast 
multivariate time series more effectively. By 
dynamically abstracting multivariate series into 
graphs with evolving structures, these models 
achieve deep spatial and temporal propagation 
and offer fine-grained forecasts (Jin et al., 2023). 
 
Bayesian state-space modelling further 
enhances forecasting capabilities by 
accommodating structural uncertainty and 
leveraging large datasets. These models are 
scalable and can handle both continuous and 
discrete time-series outcomes across various 
domains, from epidemic forecasting to financial 
volatility analysis (West, 2019). These new 
methods work better than older statistical 
models, especially when dealing with the 
uncertainties associated with epidemic data. As 
forecasting techniques improve, they can be 
used in public health initiatives to make us more 
ready for and able to respond to new epidemic 
threats. 
  

4.4.2 Ensemble and hybrid forecasting 
approaches 

 

Ensemble and hybrid forecasting approaches 
have become essential for predicting epidemic 
trajectories and offer improvements in accuracy 

and reliability. Ensemble methods combine the 
predictions from multiple models to enhance their 
performance. For instance, boosting is a 
prominent ensemble technique that combines 
weak learners to form a strong predictive model, 
thereby improving forecasting across various 
domains including epidemics (Bahad & Saxena, 
2019). Ensemble approaches have 
demonstrated substantial improvements over 
individual models in the context of epidemic 
forecasting. For example, combining LSTM 
networks with autoregressive models, such as 
autoregressive integrated moving average 
(ARIMA), can enhance forecast accuracy by 
leveraging both temporal sequence learning and 
statistical analysis (Chen & Moraga, 2025). 
These ensemble models are particularly effective 
in integrating various data sources, such as 
historical incidence rates and climate data, to 
predict disease spread and case count (Desai et 
al., 2019). 
 

Hybrid forecasting methodologies synergize 
different modelling strategies and often integrate 
machine learning with traditional statistical 
methods. Such approaches address the 
limitations of individual models by combining 
their strengths. For instance, hybrid models 
achieve better prediction by utilizing the pattern 
recognition capabilities of machine learning 
alongside the statistical rigor of methods such as 
ARIMA (Kontopoulou et al., 2023). In epidemic 
contexts, hybrid models have been effective in 
forecasting diseases, such as dengue, where 
climate covariates are crucial (Chen & Moraga, 
2025). Advanced machine learning models, 
including neural networks and gradient boosting, 
are increasingly employed in epidemic 
forecasting to process and interpret complex 
datasets. These models can incorporate diverse 
data inputs such as real-time surveillance, 
mobility, environmental factors, and healthcare 
capacity, thereby enhancing their predictive 
power (Desai et al., 2019; Nwankwo et al., 2024). 
Stochastic semi-mechanistic models and novel 
data streams provide new opportunities for real-
time and accurate epidemic forecasting (Desai et 
al., 2019). 
 

The combination of machine learning techniques 
with epidemic modelling not only refines 
predictive accuracy but also supports the timely 
allocation of resources and public health 
interventions, particularly in resource-limited and 
rural settings where traditional data collection is 
challenging (Nwankwo et al., 2024). Despite 
advancements, challenges, such as data quality 
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and infrastructure, remain, underscoring the 
need for continued improvements in data 
acquisition and processing capabilities to 
maximize forecasting effectiveness (Desai et al., 
2019). 
 

4.4.3 Deep learning (DL) and ML models 
 

DL and ML models are increasingly being utilized 
to forecast epidemic trajectories, offering new 
methodologies for understanding and projecting 
the spread of infectious diseases. These models 
enable the analysis of large and complex 
datasets, which are crucial for predicting disease 
dynamics and informing public health 
interventions. Deep learning models, such as 
recurrent neural networks (RNNs) and LSTMs, 
have shown superior capabilities in handling 
sequential data. These models can capture 
temporal dependencies and complex nonlinear 
relationships within time-series data, which are 
typical in epidemic spread pattern RNNs. LSTM 
variants are favored for their ability to learn long-
term dependencies, making them effective for 
forecasting time-series data, such as the 
progression of disease outbreaks (Mojtahedi et 
al., 2025). 
 

In addition to RNNs, sequence-to-sequence 
models have been used for trajectory predictions 
in different contexts, which are analogous to 
epidemic forecasting. These models employ an 
encoder-decoder architecture that processes 
historical data to predict future trends and have 
been applied effectively in areas such as vessel 
and drone trajectory prediction. This architecture 
can be adapted to forecast the potential path and 
intensity of disease outbreaks by training the 
historical epidemic data. The integration of 
machine learning techniques provides additional 
strengths, allowing for the inclusion of various 
data inputs such as environmental factors and 
population mobility patterns. Models such as 
support vector machines, random forests, and 
multilayer perceptrons can provide valuable 
insights when combined with DL approaches, 
enhancing the model's ability to generalize from 
input data to make accurate predictions. 
Moreover, hybrid models that integrate both ML 
and DL approaches are being explored to 
improve predictive accuracy. These models aim 
to leverage the strengths of different techniques 
by combining the deep learning capabilities of 
processing complex and high-dimensional data 
with the robustness of machine-learning 
algorithms in handling variability and noise within 
datasets (Tang et al., (2020b). In conclusion, 
deep and machine learning models have been 

shown to be useful for predicting the spread of 
epidemics. They are useful in public health 
because they can handle and analyze 
complicated data with high accuracy and 
precision. This is especially true when it comes 
to developing pre-emptive intervention plans 
during epidemics. 
 

4.4.4 Evaluation metrics and validation 
strategies 

 

Forecasting epidemic trajectories involves a 
complex interplay of models, evaluation metrics, 
and validation strategies to ensure accurate and 
reliable predictions. Several approaches have 
been studied, focusing on different aspects of 
forecasting performance. 
 

4.5 Sub-epidemic Modelling Frameworks 
 

Sub-epidemic modelling frameworks offer a 
robust approach to capture the complex 
dynamics of epidemic spread by decomposing 
the overall incidence into a series of overlapping 
sub-epidemics. This allows for more granular 
analysis and better tracking of temporal changes 
in disease trajectories. Studies have shown that 
these models outperform traditional growth 
models in terms of their short-term forecasting 
accuracy. For instance, the n-sub-epidemic 
model demonstrated superior performance 
during the 2022–2023 mpox outbreak, exceeding 
the accuracy of models, such as ARIMA 
(Chowell et al., 2019; Bleichrodt et al., 2024). 
 

4.6 Evaluation Metrics 
 

Evaluating the performance of forecasting 
models requires comprehensive metrics that 
assess both the point estimates and uncertainty. 
Common metrics include the mean absolute 
error, mean squared error, and weighted interval 
score, which collectively gauge forecast accuracy 
and uncertainty (Bracher et al., 2021). For 
probabilistic forecasts, calibration and sharpness 
are assessed using tools such as logarithmic 
scores and proper scoring rules (Funk et al., 
2019). 
 

4.7 Validation Strategies 
 

Rigorous validation is essential to ensure the 
generalizability and reliability of the forecasting 
models. Retrospective sequential forecasting, a 
method that simulates near-real-time prediction 
using past data, has been effectively used during 
mpox outbreaks to evaluate different models. 
The results confirmed the higher reliability of sub-
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epidemic models over conventional approaches, 
such as linear regression and ARIMA (Bleichrodt 
et al., 2024). Additionally, nonparametric models, 
such as the Hawkes point process, have shown 
robust predictive power in specific contexts, 
including the West African Ebola epidemic (Park 
et al., 2020). To enhance epidemic forecasting, 
continuous refinement of modelling frameworks 
and validation techniques is crucial. Emerging 
methods, including graph neural networks and 
machine-learning models, offer promising 
improvements in predictive accuracy and 
adaptability across diverse settings (Zhu et al., 
2024). 
 

5. INNOVATIONS IN EPIDEMIC MODELL-
ING  

 
In recent years, significant innovations in 
epidemic modelling have enhanced the ability to 
capture complex disease dynamics and improve 
forecasting accuracy. Among these 
advancements is the integration of information-
theoretic approaches such as transfer entropy 
and active information storage, which help detect 
early warning signals of epidemic transitions and 
better characterize nonlinear dependencies in 
transmission processes (Erten et al., 2017). 
Additionally, network-based models have gained 
prominence for their ability to represent 
heterogeneous contact patterns and social 
structures, providing more realistic simulations of 
disease spread compared to traditional 
compartmental models (Jenness et al., 2018). 
The rise of agent-based modelling further allows 
a detailed representation of individual behaviors 
and interactions, capturing the variability that 
deterministic models often overlook. Moreover, 
the incorporation of Bayesian data augmentation 
techniques and advanced machine learning 
algorithms has improved parameter estimation 
under uncertainty, enabling real-time model 
updating as new data streams become available 
(Ray et al., 2020; Bettencourt & Ribeiro, 2008). 
These innovations collectively enhance epidemic 
preparedness and response, allowing 
policymakers to make informed decisions amid 
evolving outbreaks. 
 

5.1 Information-theoretic Approaches: 
Transfer Entropy and Critical 
Transitions  

 
Epidemic modelling has advanced significantly 
through the incorporation of information-theoretic 
methods, especially transfer entropy and early 
warning indicators of critical transitions. These 

approaches allow for the detection of non-linear 
interactions and directional influences between 
variables within epidemic systems, providing an 
edge over conventional correlation-based 
methods. 
 
5.1.1 Transfer entropy 
 
Transfer entropy, introduced by Schreiber 
(2000), quantifies the directional information flow 
between two-time series: Mathematically, the 
transfer entropy from source process X to target 
process Y is defined as follows: 
 

𝑇X→Y = ∑ 𝑝(𝑦𝑡+1, 𝑦𝑡
(𝑘)

, 𝑥𝑡
𝜄𝑙𝑜𝑔

𝑝(𝑦𝑡+1|𝑦𝑡
(𝑘)

, 𝑥𝑡
𝜄) 

𝑝(𝑦𝑡+1|𝑦𝑡
(𝑘)

)
 

 

where 𝑦𝑡
(𝑘)

 denotes the past k states of process 

Y up to time t, 𝑥𝑡
𝜄 denotes the past 𝜄  states of 

process X up to time t, 𝑝(⋅) refers to the joint or 

conditional probability distribution, and 𝑇X→Y 
measures how much knowledge of the history of 
X improves the prediction of Y’s future beyond 
what is known from Y's past alone. In epidemic 
modelling, this allows us to quantify how 
transmission dynamics in one region or subgroup 
influence another, which is key to detecting 
causality in disease spread and identifying 
leading indicators of outbreaks (Barnett & 
Bossomaier, 2012; Dimpfl & Peter, 2013). 
 

5.1.2 Critical transitions 
 

Critical transitions occur when small changes in a 
parameter (e.g., transmission rate) lead to abrupt 
qualitative shifts in system behavior, such as 
moving from disease-free equilibrium to endemic 
prevalence. In the context of the susceptible–
infected–susceptible model, the basic 
reproduction number 𝑅0 defines the following 
threshold: 
 

𝑅0 =
𝛽

𝛾
 

 

where β is the transmission rate, and γ is the 
recovery rate. A critical transition occurs at 
approximately 𝑅0 = 1 , separating disease 
elimination (𝑅0 < 1)  from persistence (𝑅0 > 1) . 
By applying transfer entropy to the simulation 
data from SIS models, researchers have shown 
that information transfer peaks near the 
bifurcation point (𝑅0 ≈ 1), indicating heightened 
sensitivity and systemic instability (Erten et al., 
2017). It has been used as a diagnostic tool for 
predicting tipping points. 
5.1.3 Complementary measures 
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5.1.3.1 Active information storage (AIS) 
 

AIS refers to the process of dynamically 
capturing and maintaining information over time 
within a system. It is a concept rooted in 
information theory and is particularly relevant in 
understanding the dynamics of complex systems 
such as neural networks. AIS involves 
quantifying how much current state information 
contributes to predicting future states of the 
system. It is given by: 
 

AIS(Y) = ∑ 𝑝(𝑦𝑡+1, 𝑦𝑡
(𝑘)

)𝑙𝑜𝑔
𝑝(𝑦𝑡+1|𝑦𝑡

(𝑘)
) 

𝑝(𝑦𝑡+1)
 

 

During epidemics, AIS helps quantify the internal 
memory of infection dynamics, providing insights 
into persistence and stability near transitions 
(Lizier et al., 2012). 
 

5.1.3.2 Early-warning indicators 
 

Early-warning indicators are tools used to predict 
critical transitions in complex systems by 
identifying precursor signals that suggest the 
system is approaching a bifurcation or tipping 
point. In the context of bifurcation theory, these 
indicators often align with phenomena like critical 
slowing down, which is characterized by a 
system's increasingly slow recovery from 
perturbations as it nears a critical transition. 
Mathematical expressions of critical slowing 
down include increased autocorrelation and 
variance, which occur because perturbations 
take longer to dissipate as the system's stability 
decreases. By the increased autocorrelation and 
variance near a bifurcation: 
 

• Increased autocorrelation: 
 

AC(1)↑ as 𝑅0→1 
 

• Increased variance: 
 

𝑉𝑎𝑟(𝑌𝑡)↑ near the transition 
 

These signatures can be extracted from 
observed prevalence data or model simulations 
to determine their proximity to outbreaks. 
 

5.2 Network-based Models and the Role 
of Contact Structures 

 

Innovations in epidemic modelling, particularly 
network-based approaches, have substantially 
improved the ability to capture the complexity of 
infectious disease spread by incorporating 
heterogeneous contact structures and socio-

demographic heterogeneity. Unlike traditional 
compartmental models that assume 
homogeneous or random mixing, network-based 
models explicitly represent individuals and their 
interactions (edges), allowing the structure of 
contacts to shape the transmission dynamics. In 
network-based models, the probability of 
infection transmission from an infectious node iii 
to a susceptible neighbor j can be modeled as 
 

𝑃i→j(𝑡) = 1 − 𝑒−𝛽Α𝑖𝑗(𝑡) 
 

where β is the transmission rate, and Α𝑖𝑗(𝑡) is the 

adjacency matrix entry indicating a connection 
(contact) between nodes i and j at time t. This 
formulation captures the effects of direct contact 
on disease propagation. 𝑅0 in a network context 
is influenced by the degree distribution and is 
often approximated as 
 

𝑅0 ≈
(𝑘2) − (𝑘)

(𝑘)
 

 

where (k) and (k2) are the mean and second 
moments of the degree distribution, respectively 
(Pastor-Satorras et al., 2015). This highlights that 
heterogeneity in connectivity significantly raises 
epidemic potential compared to homogeneously 
mixed populations. One key development is the 
use of temporal networks, in which links between 
individuals vary over time. In this dynamic 
setting, the epidemic threshold 𝜆𝑐 , which 
determines whether an outbreak can occur, 
depends on both the structure and the evolution 
of the contact network. Pare et al. (2018) defined 
a condition for the stability of disease-free 
equilibrium using the largest eigenvalue 𝜆𝑚𝑎𝑥  of 
the time-aggregated adjacency matrix: 
 

𝜆𝑐 =
𝛾

𝜆𝑚𝑎𝑥

 

 

where 𝛾  is the recovery rate. This provides a 
basis for understanding how behavioral changes 
and awareness (which alter the network) 
influence epidemic thresholds. 
 

Contact matrices 𝐶𝑖𝑗, which quantify the average 

contact rates between individuals in groups i and 
j (e.g., age groups), are traditionally used in 
structured models. Recent extensions 
incorporate socioeconomic covariates such as 
income, ethnicity, and education into generalized 

matrices 𝐶𝑖𝑗
(𝑠)

to reflect population-specific 

interaction patterns (Manna et al., 2024). These 
extended matrices can be incorporated into 
multigroup models as follows: 
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𝑑𝑆𝑖

𝑑𝑡
= − ∑ 𝛽𝐶𝑖𝑗

(𝑠) 𝐼𝑗

𝑁𝑗
𝑗

𝑆𝑖 

 
enabling the simulation of differential disease 
burdens and intervention responses across 
subpopulations. 
 
Intervention analysis using network-based 
models showed that strategies such as targeted 
vaccination, quarantine, or school closures may 
have varied impacts depending on the network 
topology. Potter et al. (2012) demonstrated that 
degree targeted interventions (focusing on high-
contact individuals) can outperform uniform 
strategies by leveraging the nonlinear effects of 
network heterogeneity. 
 
Recent models also utilize high-resolution 
mobility and sociodemographic data to construct 
realistic multilayered networks, accounting for 
workplace, household, and community contacts. 
These are often encoded as tensors or multilayer 
graphs, where each layer 𝐿𝑘  represents a 
contact type and the overall adjacency structure 
is 
 

𝒜 = ∑ 𝒲𝑘𝐴(𝑘)

𝑚

𝑘=1

 

 
where 𝒲𝑘  is the weight assigned to the k-th 
contact layer (Mistry et al., 2021). Such 
structures allow for nuanced modelling of 
differential transmission risks. In scenarios with 
partially observed epidemics, likelihood-based 
inference methods were used to estimate the 
parameters from incomplete network data. Bu et 
al. (2020) proposed a particle MCMC approach 
for dynamic networks, modelling transmission 
while jointly inferring latent contact structures and 
time-varying parameters. 
 
In summary, network-based epidemic models 
enrich the traditional frameworks by accurately 
representing social mixing and transmission 
heterogeneity. These mathematical innovations 
have proven instrumental in designing context-
specific adaptive public health strategies for 
current and emerging epidemics. 
 

5.3 Software Tools and Platforms  
 
The increasing complexity of epidemic dynamics 
has necessitated the development of 
sophisticated software platforms that can 
facilitate both simulation and forecasting. Tools 

such as EpiModel and Epiforecast serve as key 
instruments in modern infectious disease 
modelling, enabling researchers to apply, 
evaluate, and extend epidemiological theories 
through accessible and flexible computational 
frameworks. EpiModel, an R package, allows 
users to simulate deterministic and stochastic 
compartmental models including extensions to 
network-based structures. At its core, EpiModel 
implements variations in the classic SIR model 
using differential equations: 
 

𝑑𝑆

𝑑𝑡
= −𝛽

𝑆𝐼

𝑁
,   

𝑑𝐼

𝑑𝑡
= 𝛽

𝑆𝐼

𝑁
− 𝛾𝐼,   

𝑑𝑅

𝑑𝑡
= 𝛾𝐼 

 

where 𝑆, 𝐼, 𝑅  denote the number of susceptible, 
infectious, and recovered individuals, 
respectively; 𝛽 is the transmission rate; and 𝛾 is 
the recovery rate. In network-based models, the 
infection process is modeled over dynamic 
graphs 𝐺(𝑡) = (𝑉, 𝐸𝑡),  where nodes represent 

individuals, and edges 𝐸𝑡 represent time-varying 
contacts. EpiModel uses stochastic actor-
oriented models and temporal exponential 
random graph models to simulate dynamic 
network structures (Jenness et al., 2018).  
 
EpiModel supports extensions through modules 
that allow researchers to include co-infections, 
heterogeneous risks, intervention strategies, and 
the importance of data infrastructure for real-time 
modelling was highlighted by Dong et al. (2020), 
who developed the widely used Johns Hopkins 
COVID-19 Dashboard. Aggregating daily case 
data globally became a cornerstone for epidemic 
situational awareness, supporting numerous real-
time forecasting efforts during the COVID-19 
pandemic. Moreover, it leverages Gillespie’s 
stochastic simulation algorithm for event-based 
modelling, making it suitable for rare or emerging 
infections in which stochasticity plays a major 
role (Jenness et al., 2018). 
 
Epiforecast, developed under initiatives such as 
the Epiforecast consortium, emphasizes real-
time probabilistic forecasting. It integrates 
Bayesian hierarchical models and ensemble 
methods to generate short-term forecasts of 
cases, hospitalizations, and deaths. A general 
forecasting formulation can be expressed as 
 

𝒴𝑡 ∼ 𝒫(𝑓𝑡(𝜃𝑡)), 𝜃𝑡 ∼  𝒩(𝜃𝑡−1, ∑) 
 

where 𝒴𝑡 denotes the observed incidence, 𝑓𝑡 is a 
model (e.g., ARIMA, SEIR, or renewal model), 
and 𝜃𝑡  is a latent parameter updated 
dynamically. Forecast uncertainty is handled 

https://epiforecasts.io/
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using Bayesian posterior sampling and credible 
intervals (Abbott et al., 2020). 
 

6. CHALLENGES AND LIMITATIONS 
 

Epidemiological modelling of disease outbreaks 
faces several significant challenges and 
limitations, as highlighted in recent research: 
 

1. Overestimation of Parameters in Early 
Outbreaks: During initial stages of an 
outbreak, there is often a lack of precise 
data, leading to the potential 
overestimation of model parameters. 
This overestimation can arise from 
insufficient data, particularly when 
estimating disease progression rates and 
transmission dynamics (Charniga et al., 
2024). 

2. Data Gaps and Noise in Surveillance 
Systems: The accuracy of 
epidemiological models depends heavily 
on the quality and granularity of available 
data. Inconsistent data collection 
methods, lack of standardized case 
definitions, and delays in data reporting 
can introduce significant noise into 
surveillance systems, thereby affecting 
the model reliability. The integration of 
diverse data sources, such as social 
media and mobility data, can offer 
improvements but also results in 
challenges related to data validity and 
noise management (Desai et al., 2019). 

3. Computational Complexity and Model 
Calibration: Developing models that 
accurately reflect disease dynamics is 
computationally intensive, demanding 
sophisticated algorithms and extensive 
calibration against real-world data. This 
complexity can hinder timely decision 
making, especially when outputs need to 
be communicated to policymakers and 
other stakeholders who may lack 
technical expertise (Charniga et al., 
2024) 

4. Human Behavior and Media Influence: 
Human behavior, influenced by factors 
such as media coverage and social 
interactions, plays a crucial role in 
disease spread; however, it is 
challenging to quantify and incorporate 
into models. Behavioral responses can 
vary widely and evolve rapidly, 
influencing the accuracy of predictions. 
There is a growing need to integrate 
insights from social science research to 
better understand these dynamics. 

5. Model Sensitivity: Predictive models are 
often sensitive to input parameters, with 
small changes potentially leading to 
significant variations in outcomes. This 
sensitivity necessitates rigorous 
validation processes to ensure model 
robustness and accuracy across different 
scenarios and datasets (Scarpino & 
Petri, 2019). 

 
Advancements in technology and methodology 
have provided opportunities to overcome these 
challenges. These include the integration of 
novel data streams, increased collaboration 
among disciplines, and the use of dynamic and 
adaptable modelling approaches (Scarpino and 
Petri, 2019). By addressing these limitations, 
epidemiological models can become more 
effective tools for informing public health 
strategies and mitigating the impacts of future 
outbreaks. 
 

7. CASE STUDIES IN MODEL APPLICA-
TION 

 
The COVID-19 pandemic, along with other 
recent epidemics such as Ebola and Zika, has 
underscored the critical role of statistical and 
mathematical models in informing public health 
decisions. During the early phases of COVID-19, 
models were rapidly deployed to estimate 𝑅0 , 
forecast case growth, and evaluate NPIs such as 
lockdowns and social distancing. For example, 
the Imperial College London model estimated 
that millions of deaths could occur globally 
without intervention, prompting immediate policy 
shifts in several countries (Ferguson et al., 
2020). In South Korea, data-driven machine 
learning models, including XGBoost and support 
vector machines, have been used to predict the 
spread of COVID-19 variants using mobility and 
contact tracing data. Similarly, during the 2014–
2016 Ebola outbreak in West Africa, stochastic 
compartmental models were used to simulate 
outbreak trajectories and guide international 
response efforts, including the deployment of 
healthcare resources and experimental vaccines 
(Merler et al., 2015). The Zika epidemic also 
illustrated the value of SEIR-type models with 
spatial extensions, which helped estimate the 
geographic risk of transmission and supported 
vector control strategies in Brazil and 
neighboring regions (Funk et al., 2016). These 
case studies demonstrate that while epidemic 
models are powerful tools, their effectiveness 
depends on data quality, model transparency, 
and the alignment between model assumptions 
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and real-world behavior. Moreover, the COVID-
19 experience revealed the importance of agile 
modelling frameworks that can adapt to changing 
evidence and incorporate real-time data streams. 
 

7.1 Real-time Modelling for Rapid 
Decision Support 

 
Real-time modelling has emerged as a crucial 
component of epidemic response, providing 
timely insights that support rapid decision-making 
by health authorities. Unlike traditional modelling 
approaches, which often rely on retrospective 
data, real-time models are dynamically updated 
as new case reports, mobility patterns, and 
intervention data become available. This 
adaptive capability was critical during the 
COVID-19 pandemic, when rapidly evolving 
circumstances, such as emerging variants, 
vaccination coverage, and policy changes, 
demanded the continuous reassessment of risks 
and resource allocation (Ray et al., 2020). Tools, 
such as Epiforecast and COVID-19 Forecast 
Hubs, have enabled collaborative forecasting 
efforts using ensemble models that combine 
projections from multiple research teams to 
improve accuracy and account for uncertainty 
(Reich et al., 2019). These platforms provide 
short-term forecasts of cases, hospitalizations, 
and deaths that are used by governments and 
health systems for operational planning. 
Additionally, Bayesian nowcasting techniques 
helped adjust for reporting lags and data 
inconsistencies, ensuring that decision-makers 
had the most current situational picture. Despite 
these advances, challenges remain, including 
limited access to granular, real-time data, the 
need for transparent model communication, and 
the integration of behavioral and socio-political 
factors into forecasting systems. Nevertheless, 
real-time modelling has proven indispensable for 
guiding agile and evidence-based responses in 
the face of rapidly unfolding epidemics. 
 

8. CONCLUSION 
 
Infectious disease modelling has evolved into a 
multidisciplinary and methodologically rich 
domain, offering powerful tools for analyzing 
epidemic dynamics, informing public health 
responses, and guiding policy interventions. This 
review underscores the strengths and limitations 
of core modelling paradigms, including 
deterministic, stochastic, Bayesian, and 
machine-learning-based approaches. 
Deterministic models offer simplicity and 
analytical tractability, whereas stochastic and 

Bayesian frameworks enhance realism through 
uncertainty quantification and data assimilation. 
Subepidemic decomposition, network modelling, 
and machine learning have added new 
dimensions to epidemic forecasting and 
intervention planning, improving both predictive 
accuracy and interpretability. However, 
challenges persist in parameter identifiability, 
real-time calibration, and integration of 
heterogeneous data sources. Future research 
should focus on the development of hybrid 
models, scalable inference algorithms, and 
transparent tools that balance complexity with 
usability. Greater collaboration between 
statisticians, epidemiologists, computer 
scientists, and public health officials is essential 
to ensure that modelling innovations translate 
into effective decision making and timely 
epidemic control. 
 

9. FUTURE DIRECTIONS AND RECOMM-
ENDATIONS 

 
Statistical modelling of epidemics is a complex 
field that incorporates estimation, forecasting, 
and innovation to understand and predict the 
spread of diseases. Recent advances in this field 
have been driven by the integration of machine 
learning techniques and systems that allow for 
more accurate modelling of complex data 
patterns and relationships, which is essential for 
understanding the epidemic dynamics. One 
significant advancement is the use of deep 
learning models, which have shown promise in 
handling complexities specific to epidemic 
modelling, such as spatiotemporal data and 
complex dependencies (Yu et al., 2024). These 
models improve predictive accuracy, model 
explainability, and integration of physical 
knowledge, which are crucial for realistic 
simulations of disease spread (Li & Law, 2024). 
 
Furthermore, the development of robust 
forecasting models is essential for timely public 
health decision making. For instance, the 
Weather Research and Forecasting Model 
illustrates how advancements in numerical 
forecasting have significantly contributed to 
predictions in atmospheric science, which can be 
adapted for epidemic forecasts (Gochis et al., 
2017). Despite these advances, challenges 
remain, particularly regarding the accurate 
modelling of unpredictable disease behavior and 
integration of interdisciplinary data sources. The 
integration of diverse datasets, a common 
challenge in fields such as hydrological 
forecasting, is equally relevant to epidemic 
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modelling, and calls for improved data fusion 
techniques and collaborative efforts (Tang et al., 
2016). In terms of future research, there is a 
pressing need for models that can adapt to the 
changing dynamics of diseases influenced by 
factors, such as travel patterns and climate 
change. This calls for a multidisciplinary 
approach that combines insights from climate, 
geography, and social sciences to better 
understand how these factors influence                   
disease spread and enhance model robustness 
(Goethel et al., 2022). 
 

Recommendations for improving statistical 
epidemic models include: 
 

1. Enhancing model interpretability and 
transparency to make results more 
accessible to public health decision 
makers. 

2. Developing more integrated models that 
combine traditional epidemiological 
approaches with novel machine learning 
techniques. 

3. Collaboration among researchers from 
diverse fields is fostered to ensure 
comprehensive modelling frameworks that 
consider all relevant variables and 
uncertainties. 
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