
 

ZAMBIA INFORMATION COMMUNICATION TECHNOLOGY (ICT) JOURNAL 

 

Volume 9 (Issue 1) (2025) Pages 21-30 

 

Zambia (ICT) Journal, Volume 9 (Issue 1) © (2025) 21 
 

A Hybrid Epidemiological Model Approach to Improvement of 

Predictive Accuracy in Zambian Infectious Diseases Modelling 

 

Grey Chibawe1, Mayumbo Nyirenda2 

University of Zambia 

1. gchibawe@gmail.com; 2. mayumbo@gmail.com@gmail.com 

 
 

 Abstract - Recurrent infectious disease outbreaks, including 

cholera and influenza, as well as recent global pandemics like 

COVID-19, pose persistent public health challenges in Zambia. 

Traditional compartmental models based on Ordinary 

Differential Equations (ODEs), particularly Susceptible-Exposed-

Infectious-Recovered (SEIR) frameworks, have long been used to 

predict disease spread. While these models are relatively simple 

and require fewer data, they often lack the flexibility to capture 

non-linear and stochastic factors—such as environmental 

variables and abrupt policy shifts—that can critically influence 

epidemic trajectories in resource-limited settings. In contrast, 

Artificial Neural Network (ANN) approaches excel at learning 

complex, non-linear relationships directly from data. By 

incorporating diverse inputs (e.g., climatic variables, demographic 

distributions), ANNs can adapt to evolving outbreak patterns 

more effectively than traditional ODE-based methods. However, 

their reliance on large, high-quality datasets and considerable 

computational resources can hinder adoption in places with 

fragmented surveillance systems. To address these complementary 

strengths and weaknesses, this study explores a hybrid modelling 

strategy that integrates a parameter-optimised SEIR model with a 

Transformer-based ANN. Historical COVID-19 data from 2020 to 

2024 and environmental data (temperature, rainfall, humidity) 

were used to develop and validate three models: (1) an SEIR model 

whose parameters were estimated via curve fitting, (2) a 

standalone Transformer ANN, and (3) a combined SEIR-ANN 

ensemble. Model performance was assessed using metrics such as 

Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), 

and R-squared (R²). Results indicate that the hybrid model 

consistently outperformed the individual SEIR and ANN models, 

exhibiting the lowest RMSE and MAE. Furthermore, integrating 

environmental factors into the ANN substantially improved 

predictive accuracy. These findings highlight the promise of 

hybrid frameworks in capturing the multifaceted dynamics of 

infectious diseases in Zambia. By leveraging SEIR’s mechanistic 

insights alongside the ANN’s capacity to learn from diverse 

datasets, public health practitioners can improve outbreak 

predictions and resource allocation. Nevertheless, barriers—such 

as limited data availability, computational infrastructure, and 

model interpretability—must be addressed to foster broader 

implementation. Strengthened data collection systems, increased 

investment in computational tools, and targeted capacity-building 

programs are recommended to fully realise the benefits of hybrid 

epidemiological modelling in Zambia. 
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I.  INTRODUCTION 

 The recurrence of disease epidemics has become a 

significant public health challenge in Zambia, with outbreaks 

occurring almost annually. These outbreaks range from 

pandemics, such as COVID-19, to endemic diseases that persist 

in specific regions of the country. Infectious diseases like 

cholera, which often result in high mortality rates during 

outbreaks, contrast with diseases like influenza, which, while 

less fatal, may exacerbate symptoms and complications due to 

co-infections within vulnerable populations. Epidemiologists 

and public health officials have been employing mathematical 

models to understand and predict the dynamics of these 
diseases, aiming to mitigate their spread and impact before 

reaching peak prevalence [1] [2]. 

Traditionally, compartmental models based on Ordinary 

Differential Equations (ODEs), such as the Susceptible-

Exposed-Infectious-Recovered (SEIR) framework, have been 

widely used in Zambia for modelling infectious disease 

dynamics. These models divide populations into distinct 

compartments and rely on parameters such as infection rates, 

recovery rates, and population sizes. However, traditional SEIR 

models often fail to capture the non-linear complexities of real-

world disease spread, including environmental, socioeconomic, 
and behavioural factors [3]. To address some of these 

limitations, integral models have been introduced, 

incorporating control dynamics such as lockdowns and 

environmental variables. Despite these improvements, 

traditional ODE-based models have shown limited predictive 

accuracy, particularly for smaller populations and regions [4]. 
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The emergence of Artificial Neural Network (ANN)-based 

models has opened new avenues for modelling infectious 

disease dynamics. Unlike ODE models, ANN approaches are 

data-driven and capable of learning complex, non-linear 

relationships from large datasets. This capability allows ANN 

models to integrate diverse variables, such as climatic, 

demographic, and behavioural factors, into their predictions [5]. 

However, ANN models also have limitations, such as requiring 
extensive training datasets, which may not always be available 

in resource-limited settings like Zambia [6] [7]. 

In Zambia, hybrid modelling approaches have been 

explored to combine the strengths of traditional compartmental 

models and ANN-based methods. These hybrid models aim to 

leverage the parameter-based structure of ODE models while 

incorporating the flexibility and non-linear predictive 

capabilities of ANNs. Despite these efforts, existing hybrid 

models have often prioritised data mining over accurate 

prediction of disease dynamics, leaving room for improvement 

in their predictive performance [8], [7], [9]. 
This study conducts a comparative analysis of the 

predictive accuracy of traditional SEIR models and ANN-based 

models for infectious diseases in Zambia. By evaluating these 

models' performance and exploring hybridisation approaches, 

the study aims to propose an optimised modelling framework 

for improved prediction accuracy and public health intervention 

planning. 

 

A. Research Objectives 

The main objective of this study was to enhance the 

predictive accuracy and applicability of epidemiological 

models in Zambia by evaluating the effectiveness of Artificial 
Neural Networks (ANNs) and hybrid SEIR-ANN models, 

identifying their advantages and limitations, and proposing 

strategies to address key challenges such as data availability, 

computational infrastructure, and model interpretability. The 

specific objectives were: 

 1) To evaluate the effectiveness of Artificial Neural 

Networks (ANNs) in modelling and predicting infectious 

diseases in Zambia. 

 2) To analyze the performance of hybrid SEIR-ANN 

models in improving the predictive accuracy of epidemiological 

models compared to traditional SEIR frameworks. 
 3) To identify barriers to the adoption and optimization of 

ANN and hybrid models for epidemiological applications in 

Zambia, with a focus on data availability, computational 

infrastructure, and interpretability. 

B. Research Questions 

 1) How effective are Artificial Neural Networks (ANNs) 

in predicting infectious diseases in Zambia compared to 

traditional SEIR models? 

 2) What are the advantages and limitations of hybrid 

SEIR-ANN models in capturing disease dynamics and 

improving predictive accuracy? 

 3) What are the key barriers to adopting ANN and hybrid 
models for epidemiological modelling in Zambia, and how can 

they be addressed to enhance their utility? 

C. Research Hypotheses 

 H1: Hybrid SEIR-ANN models provide significantly 

higher predictive accuracy in forecasting infectious disease 

outbreaks in Zambia compared to standalone SEIR or ANN 

models. 

 H2: Incorporating environmental factors such as 

temperature, humidity and rainfall into ANN-based 

epidemiological models improves the models’ predictive 

accuracy in comparison to models that exclude such variables.   
 

II.  LITERATURE REVIEW 

A. Traditional SEIR ODE Models in Epidemiological 

Modelling in Zambia 

 Mathematical modeling has been a cornerstone of 

epidemiology, providing insights into the spread and control of 

infectious diseases. Among these models, the Susceptible-

Exposed-Infectious-Recovered (SEIR) framework, based on 

Ordinary Differential Equations (ODEs), has been extensively 

used for its simplicity and adaptability in compartmentalizing 

disease dynamics [10]. In Zambia, the SEIR model has played 
a crucial role in understanding outbreaks of diseases such as 

cholera, malaria, and influenza, where its deterministic nature 

has allowed policymakers to forecast the trajectory of 

epidemics under various scenarios [11]. Equations 1 to 4 are the 

four S, E, I and R ODE equations for the SEIR 

compartmentalised model. 

 Equation (1) represents the rate of change of the 

susceptible population into being exposed to the infectious 

disease. The term β is the transmission rate, I is the infectious 

population, and N is the total population (N=S+E+I+R). 

 
𝑑𝑆

𝑑𝑡
= −𝛽

𝑆𝐼

𝑁
                                                                                     (1) 

 

 Equation (2) models the rate of change of the exposed 

population into becoming infectious. The parameter σ is the rate 

at which exposed individuals become infectious. 

 
𝑑𝐸

𝑑𝑡
= 𝛽

𝑆𝐼

𝑁
− 𝜎𝐸                                                                            (2) 

 

 Equation (3) models the rate of change of the infectious 

population into recovery or being removed from the population. 

γ is the rate at which individuals recover from the infectious 

disease. 

 
𝑑𝐼

𝑑𝑡
= 𝜎𝐸 − 𝛾𝐼                                                                                 (3) 

 

 Equation (4) represents the rate of change of the recovered 

population. Individuals recover and gain immunity but can also 

be susceptible again. 

 
𝑑𝑅

𝑑𝑡
= 𝛾𝐼                                                                                           (4) 
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 One significant advantage of the SEIR model lies in its 

ability to provide a structured framework for disease dynamics. 

By dividing the population into distinct compartments (e.g., 

susceptible, exposed, infectious, and recovered), the model 

captures transitions between states based on defined rates such 

as infection and recovery. This compartmentalization has been 

particularly useful in Zambia, where health systems often lack 

the capacity for real-time surveillance. With limited data, SEIR 
models can leverage parameters derived from historical 

outbreaks to estimate critical thresholds for interventions like 

vaccination or quarantine [12]. Moreover, its simplicity enables 

quick implementation and analysis, making it accessible to 

researchers and policymakers with limited computational 

resources [13] [14]. 

 Despite its utility, the applicability of SEIR models in 

Zambia has faced several challenges. One major shortcoming is 

the assumption of homogeneity within compartments, which 

overlooks individual variations such as age, gender, and 

comorbidities that can significantly influence disease 
transmission and recovery rates. This limitation is particularly 

critical in Zambia, where demographic diversity and varying 

socioeconomic conditions play a pivotal role in disease 

dynamics [15]. Additionally, SEIR models assume constant 

transmission rates, which may not reflect the reality of 

fluctuating environmental and behavioral factors, such as 

seasonal rainfall patterns that exacerbate cholera outbreaks or 

variations in public health interventions [15] [16]. 

 Another notable limitation is the model's deterministic 

nature, which fails to account for stochastic elements inherent 

in disease transmission, particularly in small populations or 

during the early stages of an outbreak. In Zambia, where rural 
communities often experience localized epidemics, these 

stochastic effects can lead to significant deviations from model 

predictions, reducing their reliability [17] [4]. Furthermore, 

SEIR models struggle to incorporate complex interactions 

between diseases. For instance, co-infections such as HIV and 

tuberculosis, which are prevalent in Zambia, create dynamic 

feedback loops that are challenging to model within the 

traditional SEIR framework [18] [19]. 

 Efforts to address these shortcomings have led to the 

development of extended SEIR models that incorporate 

additional compartments or parameters. For example, models 
have been adapted to include environmental variables such as 

water quality and temperature, which are critical for cholera 

dynamics. However, these extensions often require extensive 

data inputs, which are not always available in resource-

constrained settings like Zambia [20]. Hybrid approaches, 

combining SEIR models with data-driven techniques such as 

machine learning, are also being explored to improve predictive 

accuracy and adaptability. While promising, these approaches 

necessitate robust datasets and computational infrastructure, 

presenting another layer of complexity [21]. 

 In summary, while traditional SEIR models have been 

instrumental in epidemiological modeling in Zambia, their 
limitations underscore the need for more nuanced and adaptable 

approaches. The deterministic and compartmental nature of 

these models provides a foundation but requires enhancements 

to address the complexities of real-world disease dynamics. 

Recent advancements, including hybrid and extended models, 

offer pathways to overcome these limitations, though their 

implementation in Zambia remains contingent on data 

availability and computational capacity. 

B. Integral-Based SEIR Models in Epidemiological 

Modelling in Zambia 

 Integral-based SEIR models represent a significant 
advancement in epidemiological modelling, particularly in 

addressing some of the limitations inherent in traditional ODE-

based frameworks. By incorporating integral equations, these 

models capture time-dependent factors and dynamic 

interventions, such as lockdowns, vaccination campaigns, and 

behavioural changes, providing a more realistic representation 

of disease dynamics [4]. In Zambia, where epidemic 

management often involves abrupt policy shifts and 

environmental changes, integral-based models have shown 

potential in offering more accurate and flexible predictions. 

 One of the primary advantages of integral-based SEIR 
models is their ability to account for variable transmission rates. 

Unlike traditional SEIR models, which assume constant rates, 

integral models allow for the incorporation of time-varying 

parameters, such as seasonal variations and the impact of public 

health interventions. For instance, during cholera outbreaks in 

Zambia, rainfall patterns and water sanitation efforts 

significantly influence disease transmission. Integral-based 

models can integrate these temporal factors, enabling more 

precise predictions of outbreak peaks and durations [4]. 

 Furthermore, integral models provide a framework for 

incorporating memory effects, where the current state of the 

epidemic depends on its historical trajectory. This feature is 
particularly relevant in Zambia, where previous outbreaks of 

diseases like malaria and cholera influence current dynamics 

through acquired immunity and residual environmental 

contamination. By considering these historical dependencies, 

integral-based models offer a more comprehensive 

understanding of disease progression and recovery [16] [22]. 

 Despite their advantages, the implementation of integral-

based SEIR models in Zambia faces several challenges. One 

major limitation is the increased computational complexity 

associated with solving integral equations, which often require 

numerical methods and significant computational resources. In 
resource-constrained settings, this complexity can limit their 

accessibility and adoption by local researchers and public 

health officials [23]. Additionally, integral models demand 

high-quality, time-resolved data to parameterise and validate 

the models accurately. In Zambia, where data collection 

systems are often fragmented and incomplete, this requirement 

poses a significant barrier to effective implementation [24]. 

 Another limitation is the difficulty in integrating multi-

disease interactions within integral-based frameworks. While 

these models excel in capturing temporal dynamics, they 

struggle to represent the complex interdependencies between 

co-circulating diseases. For example, the interactions between 
HIV, tuberculosis, and COVID-19 in Zambia create synergistic 

effects that are challenging to model using existing integral-

based approaches. Addressing these interactions requires 
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hybrid models that combine the strengths of integral equations 

with data-driven techniques, such as machine learning, to 

enhance predictive accuracy and adaptability [25] [26]. 

 Recent advancements in computational tools and data 

availability offer promising avenues for overcoming these 

challenges. The integration of satellite-derived environmental 

data and mobile health technologies has the potential to 

improve the temporal resolution of input data, enhancing the 
applicability of integral-based models in Zambia. Moreover, 

collaborations between local and international research 

institutions can provide the computational infrastructure and 

expertise needed to develop and deploy these models 

effectively [27]. 

 In conclusion, integral-based SEIR models offer a 

powerful extension to traditional ODE frameworks, addressing 

critical limitations related to temporal dynamics and 

intervention modelling. While their application in Zambia is 

still in its early stages, ongoing advancements in data collection 

and computational resources hold promise for their broader 
adoption. By leveraging these models, public health officials 

can gain deeper insights into the dynamics of infectious 

diseases, enabling more effective interventions and policy 

decisions. 

C. Current ANN and Hybrid Epidemiological Models in 

Zambia and Their Potential Improvement 

 Artificial Neural Networks (ANNs) and hybrid models 

have emerged as powerful tools for epidemiological modelling, 

leveraging their ability to handle complex, nonlinear 

relationships and large datasets. In Zambia, the application of 

these models has gained traction in recent years, particularly in 

the wake of the COVID-19 pandemic, which highlighted the 
limitations of traditional compartmental models in capturing 

real-world disease dynamics [23] [28] [29] [30]. 

 ANNs excel in scenarios where traditional models struggle, 

such as incorporating environmental, demographic, and 

behavioural factors into disease prediction. For instance, studies 

have utilised ANNs to predict cholera outbreaks by integrating 

rainfall, temperature, and water quality data, demonstrating 

superior accuracy compared to SEIR models [31] [32] [33]. 

These models are also adept at handling incomplete or noisy 

data, a common challenge in Zambia's resource-constrained 

settings, by employing advanced techniques such as data 
imputation and feature selection [34]. 

 Hybrid models, which combine the mechanistic 

foundations of traditional SEIR or integral-based models with 

the predictive capabilities of machine learning algorithms, offer 

a promising avenue for epidemiological modelling in Zambia. 

These models utilise the compartmental structure of SEIR 

frameworks to simulate disease dynamics while leveraging 

machine learning to refine parameter estimates and improve 

predictive accuracy. For example, a hybrid model incorporating 

SEIR dynamics and a neural network has been used to predict 

malaria outbreaks in Zambia, achieving enhanced performance 

by accounting for both disease transmission mechanisms and 
environmental drivers [35] [36]. 

 Despite their advantages, the adoption of ANN and hybrid 

models in Zambia faces several barriers. One significant 

challenge is the lack of high-quality, large-scale datasets 

required to train these models effectively. While traditional 

SEIR models can operate with limited data, ANNs rely on 

extensive historical data to capture complex patterns and 

relationships. In Zambia, fragmented health information 

systems and inconsistent data reporting pose significant 

obstacles to the development of these models [37]. 

 Moreover, the computational demands of ANN and hybrid 
models can be prohibitive in resource-limited settings. Training 

these models often requires advanced hardware and software 

infrastructure, which may not be readily available in many 

regions of Zambia. This limitation underscores the need for 

capacity-building initiatives and investments in computational 

resources to enable the broader adoption of these models [6]. 

 Another challenge lies in the interpretability of ANN 

models. While they excel at prediction, their "black-box" nature 

can make it difficult for public health officials to understand the 

underlying factors driving model outputs and thereby adopt 

their usage. Hybrid models address this issue to some extent by 
combining the transparent structure of SEIR frameworks with 

the predictive power of ANNs, but further efforts are needed to 

enhance the explainability of these models to ensure their utility 

in decision-making processes [38] [39]. 

 To improve the applicability and effectiveness of ANN and 

hybrid models in Zambia, several strategies can be pursued. 

First, efforts should focus on strengthening data collection and 

integration systems to provide the high-quality datasets 

required for model development. Initiatives such as mobile 

health platforms and satellite-based environmental monitoring 

can enhance data availability and resolution. Second, 

investments in computational infrastructure and capacity-
building programs for local researchers and public health 

officials are crucial to enable the development and 

implementation of these models. Finally, research should 

prioritise the development of interpretable hybrid models that 

balance predictive power with transparency, ensuring their 

outputs are actionable for policymakers. 

 

II.  METHODOLOGY 

 To address the research objectives, quantitative 

experimental approach was employed, leveraging on secondary 

data: 
A. Data Collection and Preparation 

 1) Historical epidemiological data for COVID-19 were 

obtained from the CDC international database. Historical 

climatic data spanning the period 2019 to 2023 were obtained 

from the online repository Visualcrossing.com. These data 

included weekly infection case numbers of diseases and 

environmental factors (e.g., temperature, rainfall and humidity). 

For this study, only COVID-19 data were used in the 

experimentation. 

 2) Data preprocessing involved cleaning, normalization, 

and handling missing values to ensure high-quality datasets 

suitable for model development. Weeks with missing values 
were replaced with zeros for mathematical reasons. While 

COVID-19 data were originally available as daily counts, they 
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were aggregated into weekly data to maintain consistency with 

datasets for other diseases, such as cholera, which are recorded 

on a weekly basis because this phase of the research was part of 

an ongoing research to integrate multiple diseases in disease 

outbreak forecasting. Although this resampling ensured 

temporal alignment across diseases in the broader multi-disease 

forecasting study, it introduced potential smoothing effects that 

may have masked short-term outbreak fluctuations or rapid 
transmission dynamics. Furthermore, inconsistencies in daily 

reporting may have carried over into the aggregated weekly 

counts. Weeks with incomplete data were filled with zero 

values to maintain continuity for SEIR model simulation, but 

this may have biased the model toward underestimating 

incidence rates in low-reporting periods. While normalisation 

and trend-based validation methods were applied to improve 

data consistency, the absence of metadata on age, gender, and 

co-morbidities restricted the development of stratified or 

subgroup-specific forecasts. 

B. Model Development 
 1) Traditional SEIR Models: Baseline SEIR and integral-

based SEIR models were implemented using differential 

equations to simulate disease dynamics. This was done using 

Python code in the SPYDER IDE. 

 2) ANN Models: Artificial Neural Networks were 

developed using historical data. Input features included 

environmental factors to capture nonlinear relationships. 

 3) Hybrid Models: SEIR frameworks were combined with 

ANN components to refine parameter estimates and enhance 

predictive accuracy. For example, ANNs were used to predict 

time-varying transmission rates, which were then fed into SEIR 

models. 
 4) Environmental Factors: The prediction accuracy of the 

ANN model was evaluated, comparing prediction when 

environmental factors (temperature, humidity and rainfall) 

where not integrated in the model and when they were 

integrated in the model. 

C. Model Validation and Comparison 

 1) Models were validated using a test dataset (2023 data) 

and evaluated based on predictive accuracy metrics such as 

Root Mean Squared Error (RMSE), Mean Absolute Error 

(MAE), and R-squared (R2) values. 

 2) Sensitivity analyses were conducted to assess the 
robustness of the models under different scenarios, such as 

varying environmental conditions or intervention measures. 

D. Implementation Framework 

 A framework for implementing hybrid models in Zambia’s 

public health system was developed, including 

recommendations for capacity-building, data integration, and 

policy support. 

E. Software and Tools 

 Python in the SPYDER IDE was used for model 

development and analysis. Libraries such as TensorFlow, 

PyTorch, and SciPy facilitated ANN and SEIR model 

implementation. 
F. Computational Environment and Constraints 

 The models were implemented using Python (TensorFlow, 

SciPy) in the Spyder IDE on a standard consumer-grade laptop 

with 16GB RAM and a Quad-Core Intel Core i7 processor 

(2.6GHz). Due to hardware limitations, model training—

particularly for the Transformer-based ANN—was capped at a 

modest number of epochs (up to 200), and batch sizes were 

optimised to prevent memory overflow. More complex ANN 

architectures or extensive hyper-parameter tuning could not be 

fully explored due to these computational constraints. Despite 

this, results achieved stable convergence and acceptable 
performance. Future implementations could benefit from GPU 

acceleration or cloud-based training platforms for improved 

efficiency and scalability. 

G. Hypotheses Testing 

 The research hypotheses were addressed through a 

structured experimental framework that involved the 

development and evaluation of three distinct models using 

historical COVID-19 data and environmental variables from 

Zambia. To test H1, the study compared the predictive 

performance of three models: (1) a traditional SEIR model 

enhanced with parameter estimation via curve fitting, (2) a 
Transformer-based Artificial Neural Network (ANN), and (3) a 

hybrid SEIR-ANN model that combined mechanistic modelling 

with machine learning. To evaluate H2, two ANN models were 

trained and tested—one without environmental variables and 

another with temperature, rainfall, and humidity as additional 

input features. 

 

II.  RESULTS 

A. Data Collection and Preparation 

 This research adopted an experimental quantitative non-

participant approach to evaluate the efficacy of a Transformer 

neural network in improving the prediction accuracy of 
COVID-19 mathematical epidemiological models in Zambia. 

The study utilized COVID-19 daily infections data collected 

from the CDC, CIDRZ and WHO websites. Ethical approval 

was obtained from the University of Zambia National Science 

Research Ethics Committee (Appendix 1) and the National 

Health Research Authority (Appendix 2) to ensure data privacy 

and integrity. 

 This study took an experimental quantitative approach. The 

data used ranged from week 1 of the year 2020 and week 35 of 

the year 2024. This study was done concurrently with a study 

on Cholera whose data were weekly, so, the COVID-19 daily 
infections data had to be converted to weekly to match the 

Cholera data. Eighty percent of the data were used to train the 

model while twenty percent were used to test the model. 

B. SEIR Model with Parameter Estimation 

 The Baseline SEIR model is usually simplistic. Parameters 

are predetermined and hard-coded. Parameters (especially beta) 

have to be manually edited to observe change in the shape of 

the compartmental curves. In this research, curve fitting was 

utilised to find the best fit beta which could estimate as close as 

possible predicted daily infections which matched the actual 

data. In the model, an initial beta of 0.25 was guessed which 

was used in the method snippet below (Fig. 1) to curve fit so 
that a best fit beta value was found which brought the prediction 
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curve as close as possible to the actual data. From the model, 

new infections were computed using equation 5. 

 

𝑛𝑒𝑤 𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛𝑠 = 𝜎 × 𝐸(𝑡)                                                      (5) 

 

 

Fig. 1 Except of Python code from the Spyder IDE: Showing the method for 

curve fitting in the SEIR Baseline model. 

 

The model was simulated and visualized using Python 

code in the Spyder IDE. Fig. 2 is the plot from the output of the 

equation 5 of the model. We called the model the SEIR Model 

with Parameter Estimation because of deriving beta from curve 

fitting. The best fit beta was 0.09970113105348326. We 

calculated the Root Mean Squared Error (RMSE), the Mean 

Absolute Error (MAE) and the R-squared (R2) for the model as 

593.138, 216.002 and -0.456 respectively. 

 

 
Fig. 2 Predicted weekly infections vs Actual data weekly infections of 

COVID-19 in the SEIR Model with Parameter Estimation. 

C. Basic Artificial Neural Network Prediction of Weekly 

COVID-19 Infections 

 We developed a basic Artificial Neural Network and ran it 

using four algorithms namely, Convolutional Neural Network 
(CNN), Gated Recurrent Units (GRU), Long Short-Term 

Memory (LSTM) and Transformer in order to choose the one 

that would outperform the others as the algorithm to use in the 

ensemble or hybrid model. As seen in Table 1, the Transformer 

outperformed the other three; its RMSE was lowest. This was 

true whether at lower number of epochs or higher number of 

epochs. The ANNs were created using TensorFlow in Python. 

Fig. 3 is the visualisation output of the models. 

 
TABLE I 

Accuracy Comparison of Four ANN Algorithms on COVID-

19 Prediction of Zambian 2023 Weekly Infections, Using 

Metrics RMSE, MAE and R2 

S/No. Algorithm RMSE MAE R2
 

1 CNN 447.95  397.75 0.17 

2 GRU 387.76  315.91 0.38 

3 LSTM 379.21  264.96 0.40 

4 Transformer 375.47  185.38 0.42 

 

 
Fig. 3 Comparison of prediction accuracy of four ANN models in the 

prediction of COVID-19 based on Zambian disease surveillance data. 

 

D. The SEIR/ANN Ensemble Model 

 We decided to create a hybrid (or ensemble) model to 
leverage on the improved accuracy of both the SEIR by 

Parameter Estimation and the ability of ANN to learn complex 

systems from data. The model begins by fitting the SEIR to find 

its best parameters (e.g., β) and generates weekly predictions. 

The generated weekly predictions are used as a weekly 

explanatory feature when training the Transformer model. In 

the Python code, the final hybrid model is evaluated on test data 

(2023 COVID-19 data) to check whether the prediction 

accuracy is better than those of either the SEIR by Parameter 

Estimation or the Transformer ANN. Table 2 shows the 

comparison of the RMSE, MAE and R2 of the three models. 

Fig. 4 is the visualisation of the three models: the SEIR by 
Parameter Estimation, the Transformer ANN and the Hybrid 

model. 
TABLE 2 

Comparison of Prediction Accuracy of SEIR Model Alone, 

Transformer Model Alone and the SEIR + Transformer 
Hybrid Model Using RMSE, MAE And R2 in the Prediction of 

COVID-19 Based on Zambian Data 

S/No. Model RMSE MAE R
2
 

1 SEIR by 

Parameter 

593.138  216.002 -

0.456 

###############################################

######################### 
# 5. FIT BETA TO THE WEEKLY DATA 

###############################################

######################### 

 

# Initial guess for beta 

initial_guess = [0.25] 

 

# Curve fit the model_weekly(...) to 

actual_weekly_cases_2023 

popt, pcov = curve_fit(model_weekly, 

weeks_2023, actual_weekly_cases_2023, 
p0=initial_guess) 

best_beta = popt[0] 

print("Best-fit beta =", best_beta) 
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Estimation Model 

alone 

2 Transformer ANN 

Model alone 

392.228  218.765 0.363 

3 SEIR + 

Transformer 

Hybrid Model 

387.699  190.060 0.378 

 

This research utilised the outcome of the accuracy metrics 

(RMSE, MAE and R2) to evaluate prediction accuracy. Future 

research could test the statistical significance of the observed 

differences in predictive accuracy by carrying out statistical 
tests such as a paired t-test to compare prediction errors between 

the models. The inclusion of environmental data potentially 

excluded over-fitting of the models to just the COVID-19 data 

making the outcome of this research generalisable to other 

infectious diseases prevalent in Zambia. 

 

Fig. 4 Visualisation of the SEIR by Parameter Estimation alone, Transformer 

Model alone and the SEIR + Transformer Hybrid Model in the prediction of 

Zambia’s COVID-19. 

E. The SEIR/ANN Ensemble Model 
 We evaluated the prediction accuracy of the Transformer 

ANN to see if there was improvement when additional data 

such as environmental factors were integrated in the model. Fig. 

5 shows that the RMSE and MAE were lower (Table 3) when 

environmental factors (temperature, humidity and rainfall) were 

integrated in the model. Fig. 6 and Fig. 7 are plots of the model 

without and with environmental factors respectively. Line plot 

slopes for the prediction were more realistic in Figure 6 when 

environmental factors had been included. 

E. Hypotheses Testing 

 To test H1, the study compared the predictive performance 
of the three models: (1) a traditional SEIR model enhanced with 

parameter estimation via curve fitting, (2) a Transformer-based 

Artificial Neural Network (ANN), and (3) a hybrid SEIR-ANN 

model that combined mechanistic modelling with machine 

learning. The hybrid model consistently exhibited lower RMSE 

and MAE values (Table 2), indicating superior accuracy, thus 

supporting H1. The evaluation of H2 was done through the 

training of two ANN models and their testing—one without 

environmental variables and another with temperature, rainfall, 

and humidity as additional input features. The inclusion of these 

environmental factors resulted in a notable decrease in RMSE 

and MAE, as well as a higher R² value (Table 3), demonstrating 
improved predictive performance and thus validating H2. 

 

 

Fig. 5 Comparison of the Transformer ANN model without and with 

environmental factors in the modelling of the Zambian COVID-19 outbreak. 

 

Fig. 6 Line plot of the Transformer ANN model when environmental factors 

were not included in the modelling of the Zambian COVID-19 outbreak. 

 

Fig. 7 Line plot of the Transformer ANN model when environmental factors 

were included in the modelling of the Zambian COVID-19 outbreak. 

TABLE 3 
Comparison of Prediction Accuracy, Through RMSE, MAE 

And R2, of the Transformer ANN in the Prediction of 

Zambia’s COVID-19 Outbreak 

Constituents of 

Transformer ANN 

Model 

RMSE MAE R
2
 

No Environmental Factors 474.299  285.816 0.069 

Environmental Factors 

Included 

432.034  218.854 0.227 
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II.  DISCUSSION AND CONCLUSION 

 ODEs compartmentalised SEIR models’ simplicity make 

them easily accessible to epidemiological researchers. They can 

easily be used where data is scanty. However, they fail to 

integrate complex stochastic features of disease dynamics like 

effect of environmental factors and interventions (e.g. 

lockdowns) [13] [14] [15] [16]. This study improved the 
baseline SEIR model by leveraging on the computer’s ability to 

process fast. The SEIR by Parameter Estimation model was 

developed which begins with fitting the SEIR curve to estimate 

the best fit beta whose plot will closely match the actual data 

plot. In the model, the initial beta value is guessed which is used 

in the curve fitting to select the best fit beta value. So, whatever 

value is guessed would result in the same best fit output. This 

improved prediction accuracy of the model as seen in Figure 1 

where the negative slope closely matches the actual data. The 

results of the SEIR by Parameter Estimation were compared 

with those of the selected ANN algorithm (Transformer). ANN 
are data dependent. They can learn complex systems to almost 

match the patterns in the data. ANN can replicate stochastic 

situation better than ODEs SEIR models. Bringing the 

advantage of the SEIR by Parameter Estimation and that of the 

ANN together, we developed the SEIR + Transformer Hybrid 

model and compared its accuracy with both the improved SEIR 

model alone and the Transformer model alone. Table 3 shows 

that the hybrid model was superior; its RMSE and MAE were 

lower than those of the two models alone. This showed 

improved accuracy when ordinary SEIR models and ANN 

models are ensembled. 

One of the limitations of ANN models is their “black-box” 
nature, which reduces interpretability and may hinder adoption 

by public health practitioners. To address this, future iterations 

of the hybrid model could incorporate explainability techniques 

such as SHapley Additive exPlanations (SHAP) or Local 

Interpretable Model-agnostic Explanations (LIME). These 

tools can help identify the most influential features contributing 

to predictions—such as rainfall, temperature, or prior infection 

levels—thereby enhancing transparency and trust in model 

outputs. By revealing the contribution of each input variable, 

these methods can also guide data collection priorities and 

public health interventions more effectively. 
 Artificial Neural Networks are data driven [40]. The more 

data they are fed with the more accurately they learn. Figure 4 

and Table 3 showed the Transformer ANN model’s 

improvement in prediction accuracy when the environmental 

factors were included. The RMSE, MAE and R2 were lower 

after integrating environmental factors in the model. The lower 

the error metrics the more accurate a model is [41]. 

 The results of this study are clear evidence that if 

epidemiologists leverage on the computing power of computers 

to ensemble models, their predictions would be better accurate 

and quicker to resolve epidemics. Accuracy improves more 

when ordinary mathematical models and ANN models are 
ensembled relying on computing. We, therefore, recommend 

that epidemiologists leverage on the power of the computer and 

ensemble models into hybrid models, especially in African 

countries like Zambia where data collection is not consistent. 

While data-driven neural networks have the potential to capture 

complex, stochastic dynamics, their greater computational 

resources, demand for larger datasets and specialised expertise 

may hinder the adoption of the neural networks in real-time 

epidemiological settings. Simpler compartmental models are 

more widely utilised due to their relative transparency with 
what happens to the data, lighter computational demands, and 

well-established theoretical foundations [42]. The results of this 

research can be implemented in a web application which 

epidemiological research could use to resolve disease outbreaks 

better. This could improve adoption of neural networks-based 

models. We also recommend that stakeholders and government 

in Zambia should channel enough resources (financial and 

material) towards consistent data collection during disease 

epidemics to help epidemiologists produce more accurate 

models. 
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