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ABSTRACT 

The rapid emergence of communicable diseases continues to pose significant challenges to global health systems, making early 

detection and timely intervention critical to minimising their spread and impact. This study explores the application of artificial 

intelligence (AI) and machine learning (ML), focusing on transfer learning with pretrained models, for predicting and detecting 

communicable diseases from medical imaging data. The research employs models such as EfficientNetB3, adapting them to 

specific disease datasets to improve prediction accuracy and reduce diagnostic delays. Advanced ML algorithms, including 

Support Vector Machines (SVM), Random Forest (RF), and Artificial Neural Networks (ANN), are utilised to enhance disease 

detection for respiratory conditions and other communicable diseases. Performance evaluation of the models demonstrates their 

ability to provide rapid, real-time disease detection, offering valuable tools for healthcare systems in managing outbreaks. This 

study underscores the transformative potential of AI in healthcare, particularly in disease detection, by enabling faster 

diagnoses, more effective resource allocation, and improved public health outcomes. 

Keywords: Machine Learning, Communicable Diseases, Disease Prediction, Transfer Learning, Pretrained Models, Medical 

Imaging, Healthcare Informatics, Epidemiology, Public Health. 

1.0 INTRODUCTION 

Communicable diseases continue to challenge global health 

systems due to their unpredictable nature and rapid spread. 

This concern became especially evident during the COVID-

19 pandemic, which revealed limitations in existing disease 

surveillance and prediction mechanisms. Artificial 

intelligence (AI), particularly machine learning (ML) and 

deep learning techniques, has proven highly effective in 

analysing large datasets, identifying transmission patterns, 

and forecasting outbreak trajectories (Pei et al., 2022). 

Despite its promise, AI's application in healthcare comes with 

challenges, including limited data availability, model bias, 

and ethical considerations (Attwood et al., 2022). To address 

these, this study proposes a novel framework that integrates 

transfer learning with recurrent neural networks (RNNs) and 

gradient boosting algorithms. By combining historical 

epidemiological data, real-time health indicators, and social 

media signals, the model seeks to produce more accurate and 

timely predictions (Qian & Yang, 2021). 

Historically, communicable diseases such as tuberculosis, 

malaria, and, more recently, COVID-19 have caused 

widespread morbidity and mortality. Traditional 

epidemiological models such as SIR and SEIR have served as 

foundational tools for tracking disease spread. However, these 

models often fall short in handling real-time complexities and 

adapting to heterogeneous data inputs (Chakraborty & Maity, 

2020). Machine learning now offers a more dynamic and 

scalable solution. 

As the healthcare sector increasingly adopts ML solutions, 

models such as EfficientNetB3 and deep learning 

architectures like Convolutional Neural Networks (CNNs) are 

showing remarkable performance in image-based diagnostics 

(Agrebi & Larbi, 2020). Transfer learning, in particular, 

addresses data scarcity by leveraging pretrained knowledge 

from large datasets and applying it to disease-specific tasks 

with limited data. 

This paper investigates how transfer learning and X-ray 

imaging can improve the detection of communicable diseases, 

particularly respiratory conditions. By evaluating the 

performance of several ML algorithms and analyzing their 

real-time diagnostic capabilities, the study aims to advance 

resource-efficient, scalable, and accurate outbreak prediction 

frameworks. 

The integration of AI tools into health systems holds great 

promise not only for clinical decision-making but also for 

guiding public health interventions. With predictive models 

that can flag potential outbreaks early, policymakers and 

healthcare providers are better equipped to act swiftly, 

ultimately improving health outcomes in both high- and low-

resource settings. 

 
2.0 LITERATURE REVIEW 

The conceptual framework for communicable disease 

prediction and tracking has evolved from traditional 

epidemiological models to advanced machine learning 

methodologies. Traditional frameworks, including the SIR 

and SEIR models, classify populations into discrete states of 

infection. While foundational, these models assume 

population homogeneity and rely heavily on historical data, 

limiting their ability to incorporate diverse risk factors such 

as climate, mobility, and socioeconomic status (Wang et al., 

2021). 

Machine learning, particularly deep learning, enables models 

that can process massive datasets to uncover hidden patterns 

and forecast outbreaks with greater accuracy. Transfer 

learning further amplifies this by reusing pre-trained models 
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 for new disease prediction tasks, enabling robust performance 

even when labelled data is scarce. As a result, transfer 

learning has become a cornerstone in advancing predictive 

analytics in global health (Saha & Dey, 2020; Abdul Rahid, 

2020). 

 

Empirical studies highlight the diverse applications of 

machine learning in health. Chen et al. demonstrated how 

transfer learning could enhance diagnostic accuracy across 

medical imaging domains. Brooks et al. (2021) employed 

empirical Bayes frameworks to model epidemic trends, while 

Hernandez et al. (2021) utilised Gaussian processes for 

tracking seasonal influenza. Ahmed et al. (2022) leveraged 

reinforcement learning for optimising COVID-19 border 

testing strategies. Additionally, Ajao et al. (2023) used 

recurrent neural networks (RNNs) to recognise handwritten 

Igbo characters, demonstrating ML’s adaptability across 

diverse data types. 

Overall, machine learning models consistently outperform 

traditional methods, offering faster and more adaptive 

solutions to outbreak prediction.  

The two prominent collaborative filtering techniques, matrix 

factorisation and nearest neighbour approaches, are widely 

used in machine learning for predicting disease outbreaks. 

Matrix factorisation works by decomposing large datasets 

into latent factors that capture underlying patterns, such as 

shared characteristics among regions or patients. Nearest 

neighbour methods, on the other hand, identify similar data 

points, such as geographic locations or health profiles, using 

distance metrics, enabling predictions based on the behaviour 

of similar entities. These techniques are especially effective 

in drawing associations where explicit rules or labelled data 

may be scarce over time (Zimmer & Yaesoubi, 2020).  

By assessing similarities in demographic, environmental, and 

behavioral factors, these techniques enable health authorities 

to identify at-risk areas and deploy timely interventions. 

Additionally, these methods can be enhanced with machine 

learning algorithms, which refine predictions by integrating 

real-time data streams, ensuring that models remain adaptive 

and responsive to evolving epidemic conditions (Analytics 

Vidhya, 2021). However, literature also reveals gaps 

particularly in their application to underrepresented diseases 

and resource constrained settings underscoring the need for 

broader deployment and further research. 

 

Table 1: Summary of 50 Research Papers on the Application of Machine Learning for Communicable Disease Prediction. 

Author(s) Year Model Used Dataset Accuracy (%) 

Sharma et al. 2020 EfficientNetB3 Kaggle 96.32 

Ribeiro et al. 2020 InceptionV3 COVIDx Dataset 94.00 

Liu et al. 2021 MobileNetV2 Open SARS-CoV-2 93.00 

Zhang & Smith 2021 DenseNet121 WHO COVID-19 Data 91.50 

Ahmed et al 2021 ResNet50 NIH Chest X-rays 92.20 

Wang et al 2021 VGG16 COVID-Net Dataset 94.30 

Cao et al. 2022 XceptionNet Open COVID-19 Data 93.50 

Sharma et al. 2022 EfficientNetB7 Kaggle Chest X-rays 95.00 

Zhang et al. 2022 InceptionResNetV2 SARS-CoV-2 Data Repository 94.60 

LeCun et al. 2023 EfficientNetB1 COVID Chest X-ray Dataset 96.10 

Johnson et al. 2020 ResNet152 COVIDx-CT Dataset 90.80 

Patel et al. 2021 InceptionV4 Radiological Images 92.70 

Rahman et al. 2021 EfficientNetB2 SARS-CoV-2 CT Scans 93.90 

Singh et al. 2021 XceptionNet Kaggle Chest Images 94.40 

Kumar et al. 2022 DenseNet201 NIH COVID-19 Dataset 93.30 

Ali et al. 2022 EfficientNetB3 COVID-Net Dataset 94.80 

Tan et al. 2022 InceptionV3 WHO COVID Dataset 92.50 

Zhao et al. 2023 MobileNetV3 Open Radiological Data 91.60 

Gupta et al. 2023 ResNet101 NIH Chest X-rays 93.20 

Williams et al. 2023 EfficientNetB5 Kaggle COVID-19 Dataset 95.50 

Silva et al. 2021 EfficientNetB4 SARS-CoV-2 Chest X-rays 95.00 

Thomas et al. 2021 MobileNetV2 WHO Radiological Images 91.40 

Chen et al. 2021 DenseNet121 Open COVID Repository 93.60 

Gupta et al. 2022 XceptionNet Kaggle Dataset 94.50 

George et al. 2022 EfficientNetB6 NIH Dataset 96.00 

Silva et al. 2021 EfficientNetB4 SARS-CoV-2 Chest X-rays 94.30 

Patel et al. 2022 ResNet101 Kaggle 93.50 
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 Park et al. 2023 EfficientNetB5 COVIDx CT Scans 95.20 

Lee et al. 2023 MobileNetV3 SARS-CoV-2 Radiographs 91.80 

Kumar et al. 2023 DenseNet201 Kaggle COVID Dataset 94.10 

Rodriguez et al. 2023 VGG19 NIH COVID Chest Dataset 92.30 

Ali et al. 2023 Kaggle Chest mages COVIDx Images 92.70 

Smith et al. 2023 EfficientNetB7 Kaggle X-rays 95.80 

Zhao et al. 2023 DenseNet169 WHO Dataset 94.40 

Williams et al. 2023 EfficientNetB3 NIH Repository 95.10 

Zhang et al. 2023 XceptionNet SARS-CoV-2 CT Dataset 94.20 

LeCun et al. 2023 ResNet50 COVIDx Dataset 92.50 

Rahman et al. 2023 MobileNetV2 WHO COVID Images 91.30 

Zhao et al. 2023 EfficientNetB1 Kaggle 95.30 

Singh et al. 2023 InceptionV3 NIH Chest X-rays 93.10 

Gupta et al. 2023 DenseNet201 Open SARS-CoV-2  94.70 

Williams et al. 2023 EfficientNetB2 WHO Radiological Data 95.20 

George et al. 2023 XceptionNet COVID x Chest Images 94.60 

Ali et al. 2023 ResNet101 Kaggle Radiographs 93.30 

Park et al. 2023 EfficientNetB6 COVID-Net Dataset 96.10 

Zhang et al. 2023 MobileNetV3 SARS-CoV-2 CT Repository 92.40 

Thomas et al. 2023 DenseNet169 NIH Radiographs 94.20 

Silva et al. 2023 EfficientNetB7 Kaggle Dataset 96.00 

 
3.0 METHODOLOGY 

This study utilizes an experimental design to assess the 

efficacy of machine learning approaches, particularly transfer 

learning, in communicable disease prediction and tracking. A 

stratified dataset of 21,165 chest X-ray images categorized 

into COVID-19, Viral Pneumonia, Lung Opacity, and Normal 

was sourced from reputable open-access repositories such as 

the WHO, CDC, Johns Hopkins University GitHub, and 

Kaggle (Ahmed et al., 2021). 

Here are samples of chest X-ray Images from the dataset across four categories: 

 
Figure 1: Chest X-ray images showing COVID-19 

 

 
Figure 2: Chest X-ray images showing Normal  

 

 

 
Figure 3: Chest X-ray images showing Lung Opacity 

 
Figure 4: Chest X-ray images showing Viral Pneumonia 
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To ensure dataset quality, stratified random sampling was 

employed, and only high-resolution images with accurate 

labels were retained. Data augmentation techniques including 

flipping, zooming, and rotation were applied to improve 

generalization and mitigate overfitting during training (Chen 

et al., 2022). 

The EfficientNetB3 model, pretrained on ImageNet, served as 

the foundation for the classification task. It was fine-tuned by 

replacing its final classification layers and resizing all input 

images to 300x300 pixels. Normalization was performed to 

ensure compatibility, and TensorFlow was used as the 

training framework (Abadi et al., 2020). Fine-tuning 

strategies included gradual unfreezing of layers and adaptive 

learning rates such as Auto-RGN to optimize convergence 

(Zhuang et al., 2020; Raghu et al., 2021; Loschilov & Hutter, 

2020). 

 
 
Figure 5: Statistical Data Techniques in ML. ResNet, DenseNet, and adaptive methods like Auto-RGN improve accuracy despite data 

variability (Zhuang et al., 2020; Raghu et al., 2021; Loschilov & Hutter, 2020). 

Model performance was validated through five-fold cross-

validation. Evaluation metrics such as accuracy, precision, 

recall, and F1-score were computed using Scikit learn and 

visualized via Matplotlib. Statistical robustness was 

confirmed through Chi-Square hypothesis testing and a 95% 

confidence interval analysis (Cobre et al., 2021). 
 

Table 2: Statistical Data Techniques in ML. ResNet, DenseNet, and adaptive methods like Auto-RGN improve accuracy despite data 

variability (Cobre et al., 2021). 
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 The results, as shown in the table 2, confusion matrix, 

highlighted the strong performance of the model in accurately 

classifying medical images, achieving an impressive overall 

accuracy of 96.32%. This high accuracy suggests that the 

model effectively distinguishes between the various disease 

categories in the dataset, demonstrating its potential for 

practical application in medical diagnostics. The performance 

metrics further confirmed the model is reliable in handling 

complex medical imaging tasks, indicating its robustness and 

suitability for real-world deployment in healthcare settings 

(Stokes et al., 2020). 

 

 
Figure 6: Confusion Matrix from the X-ray image classification 

 

The results from the confusion matrix in figure 6, helps to 

evaluate the accuracy of predictions made by the machine 

learning model. Each row shows the real disease category, 

and each column shows the predicted category. For example, 

359 cases of COVID-19 were correctly classified as COVID-

19, while 1 case of COVID-19 was misclassified as lung 

opacity. Similarly, the model was able to predict the majority 

of "Normal" cases accurately (977), with minimal errors in 

classification. The confusion matrix is an essential tool for 

assessing model performance, providing insights into where 

the model is making accurate predictions and where it needs 

improvement. 

• Predictive Analytics and Transfer Learning: The 

model incorporates predictive analytics, which uses historical 

trends and real-time data to forecast disease outbreaks. By 

leveraging transfer learning, the model adapts knowledge 

from large-scale datasets, such as ImageNet, to classify 

specific disease categories effectively (Chen et al., 2022; 

Hernandez et al., 2021). 

• Performance Metrics: Key metrics such as accuracy, 

precision, recall, and F1-score were used to evaluate the 

overall performance of the model and identify areas for 

improvement. 

• Analysis Frameworks: Python libraries such as 

NumPy, Scikit-learn, and Matplotlib were used for statistical 

analysis and visualization of results (Gao et al., 2021). 

4.0 RESULTS AND DISCUSSION 

The EfficientNetB3 model exhibited excellent performance, 

with a validation accuracy of 95.88% at the 15th epoch. The 

loss steadily declined throughout the training process, 

suggesting that the model successfully learned meaningful 

patterns from the dataset. The model's ability to classify 

COVID-19, Normal, Viral Pneumonia, and Lung Opacity 

cases with high accuracy highlights its effectiveness in 

communicable disease detection. 

The EfficientNetB3 model's superior performance can be 

attributed to its optimized architecture, which efficiently 

captures relevant features from medical images while 

maintaining computational efficiency. This model 

outperformed other conventional deep learning approaches 

previously attempted in similar research. 
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Figure 7: Class distribution of images 

These metrics validate the robustness of the model and its 

ability to generalize effectively without over fitting. 

The model’s learning curves indicated steady performance 

improvement, with training loss reducing continuously and 

validation loss stabilizing after initial fluctuations. Class 

activation maps and t-SNE visualizations further revealed that 

the model learned discriminative features across classes. 

Figure 8: 

Class distribution heatmap and image visualization. 
The confusion matrix confirmed high true positive rates, 

particularly for COVID-19 and Normal cases, with occasional 

misclassifications between Viral Pneumonia and Lung 

Opacity due to overlapping radiographic features. 

Nonetheless, F1-scores across all classes were above 0.90, 

highlighting strong predictive balance.  
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z 
Figure 8: Chest X-ray images grouped into COVID-19, Normal, Viral Pneumonia, and Lung Opacity. 

 

The model achieved strong classification accuracy with high 

true positive rates. COVID-19 and Normal cases showed the 

best discrimination, while some confusion occurred between 

Viral Pneumonia and Lung Opacity due to similar imaging 

characteristics. All classes maintained F1-scores exceeding 

0.90, demonstrating reliable diagnostic performance. 

Chi-Square testing yielded a value of 34,523.07, far 

exceeding the critical value of 3.841, confirming that the 

model’s predictions are statistically significant. The 95% 

confidence interval (96.04%–96.50%) reinforces the 

reliability of these results. 

These findings emphasize that transfer learning, when 

combined with adaptive preprocessing and fine-tuning 

strategies, delivers real-time, accurate disease classification. 

The use of pretrained architectures like EfficientNetB3 

greatly reduces the computational cost and training time, 

making them highly suitable for rapid deployment in 

resource-constrained settings. 
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Figure 9: Training and validation history of the model. 

The Figure 4.4 shows training loss, validation loss, and 

accuracy trends. The model exhibited steady learning 

progression over 15 training cycles. Training performance 

improved from 86.1% to 98.9% accuracy, with validation 

metrics stabilizing near 95% after the tenth epoch. Both 

training and validation loss curves showed consistent 

downward trends, suggesting proper model optimization 

without over fitting issues. 

 

 
Figure 10: Graph showing Training, Validation loss and Validation accuracy trends 

These results validate the effectiveness of using pretrained 

networks for medical image analysis. The quick stabilization 

and high-performance levels indicate that transfer learning 

successfully adapted the base architecture for diagnostic 

imaging tasks, offering both accuracy and computational 

efficiency suitable for clinical deployment. 

 

Table 3: summarizing the model's performance  

(Train Loss, Accuracy, Validation Loss, Validation Accuracy, Test Loss and Test Accuracy) 

 

Metric Value 

Train Loss 0.0917 

Train Accuracy 99.57% 
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Validation Loss 0.2007 

Validation Accuracy 94.87% 

Test Loss 0.1817 

Test Accuracy 96.32% 

 
After training, the model was evaluated on the test dataset. 

The final test accuracy reached 96.32%, reinforcing the 

effectiveness of EfficientNetB3 in communicable disease 

prediction. The table below summarizes the model's 

performance: 

 

 
Figure 11: Model’s predictive performance confirmation. 

Figure 12: displays the model’s predictions on real test 

images, correctly identifying COVID-19, viral pneumonia, 

lung opacity, and normal cases. The alignment between 

predicted and actual labels confirms the model’s reliability, 

though occasional misclassifications occurred likely due to 

overlapping radiographic features among similar conditions. 

 
Figure 12: Model’s predictive performance confirmation. 

 
Figure 12: Model predictions on real test images support the 

analysis of the model’s predictive performance. The 

EfficientNetB3 model, once trained and evaluated on unseen 

data achieved an impressive accuracy of 96.32%, confirming 

its capacity to identify communicable diseases from chest X-

ray images. The training and validation accuracies, 99.57% 

and 94.83% respectively, suggest strong generalization and 

effective feature learning. The narrow difference between 

training and validation results indicates minimal over fitting 

and underscores the robustness of the model. 

EfficientNetB3’s architectural strength lies in its compound 

scaling approach, which enables it to efficiently extract 
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 features from medical imagery. Utilizing transfer learning, the 

model successfully adapted knowledge from large-scale 

datasets to a domain-specific dataset, improving diagnostic 

accuracy while reducing training time. To verify the statistical 

strength of the results, a Chi-Square test was performed. The 

result, with a Chi-Square value of 34,523.07 well above the 

critical threshold alongside a 95% confidence interval ranging 

from 96.04% to 96.50%, provides compelling evidence that 

the model's performance is statistically meaningful, 

indicating it is unlikely to be the result of random chance. 

These outcomes affirm the model’s reliability for real time 

detection and its value in supporting disease monitoring and 

healthcare interventions (Cobre et al., 2021). 

 
5.0 CONCLUSION AND RECOMMENDATIONS 

This study confirms the potential of transfer learning and 

machine learning algorithms in enhancing communicable 

disease prediction and tracking. EfficientNetB3, combined 

with robust preprocessing and statistical validation 

techniques, achieved high accuracy and reliability in 

classifying chest X-ray images. 

The model’s success demonstrates the feasibility of 

integrating AI into public health systems, particularly in 

supporting early detection, outbreak monitoring, and strategic 

resource allocation. As communicable diseases evolve, such 

models offer scalable, data-driven solutions that can adapt to 

new challenges in healthcare. 

 

RECOMMENDATIONS: 
1. Promote the integration of transfer learning models 

in national disease surveillance systems. 

2. Promote multidisciplinary collaboration between 

medical experts and data scientists. 

3. Expand datasets to include underrepresented 

diseases and low-resource settings. 

4. Develop ethical frameworks for responsible AI 

deployment in healthcare. 

5. Invest in training programs for healthcare 

professionals on AI literacy. 

 

 

 

FUTURE WORK: 

Future research should explore the long term effectiveness of 

transfer learning models in communicable disease prediction, 

particularly when integrated with ensemble methods and deep 

learning architectures for enhanced outbreak detection. 

Investigation into the scalability of these models for emerging 

infectious diseases and cross-pathogen classification 

represents a critical advancement opportunity. Additionally, 

developing integrated surveillance systems that combine 

radiological imaging with epidemiological data, patient 

demographics, and environmental factors could significantly 

improve early detection and transmission tracking 

capabilities. Furthermore, addressing algorithmic bias and 

ensuring equitable healthcare access through AI-driven 

communicable disease monitoring systems remains essential 

for effective public health implementation and community 

trust. 
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