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Abstract—In this paper, the mathematical model development of the proposed method is presented in a nutshell.
The main aim of the proposed research work is to design and develop a novel hybridized Kyasanur Forest Disease
(KFD) prediction model that leverages a combination of rejuvenated machine learning models to enhance seasonal
forecasting and detection of vector-borne diseases. By integrating advanced algorithms such as Support Vector
Machines, Naive Bayes, Logistic Regression, and Multi-layer Perceptrons, the research seeks to improve the
accuracy and reliability of predictions related to KFD cases. This hybridized approach aims to better capture the
complex relationships between seasonal factors, disease symptoms, and environmental conditions, thereby
providing a more effective tool for early detection and management of KFD.
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1. Introduction

The research work aims to develop and design a novel hybridized KFD (Kyasanur Forest Disease) prediction
model for seasonal forecasting of vector-borne diseases using a combination of rejuvenated models, including a
new multi-level ensemble model, a new KSVM (Kernel Support Vector Machine) model, a multilabel model, a
beat process model, an mRBF (Multi Radial Basis Function) model, a modified transductive model, a high-
resolution range profiles (HRRP) predictive model & a multi-level RFC (Random Forest Classification) model.
The outcomes of this research work includes using ML techniques to effectively tackle the hybridized KFD model,
employing Python scripting for the implementation process. Data transformation & preprocessing steps are
meticulously performed, followed by splitting the dataset into training and test sets to ensure robust model
evaluations. Convolution techniques are going to be applied to enhance the feature extraction, while a multi-level
Gaussian Naive Bayes approach provides a probabilistic framework for classification.

The confusion matrix is going to be utilized to evaluate the proposed model performances & decision tree
algorithms aids in understanding decision-making processes for appropriate prediction of the selected disease.
The model building and prediction module incorporates the grid search for hyper-parameter optimization & heat
map functions for visualizing the simulated results. The integration of multiple data sources, including historical
data, mobile applications, web applications, clinical laboratories, and online datasets, enriches the model's
predictive capabilities. Multilabel logistic regression enables the handling of the multiple disease labels
simultaneously & classification at multi-levels ensures the detailed and accurate predictions. The use of MLP
(Multilayer Perceptron) classifiers adds more depth to the ensemble approaches, resulting in a comprehensive and
highly accurate KFD prediction model that significantly aids in the early detection and management of vector-
borne diseases.
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The analysis presented in this fourth objective leverages a robust set of tools and technologies integral to modern
data analysis and machine learning. Python, a versatile and widely adopted programming language, serves as the
foundation for this analysis. It provides access to powerful libraries such as Pandas and NumPy, which facilitate
data manipulation and mathematical operations. Additionally, Scikit-Learn, a comprehensive machine learning
library, empowers the creation and evaluation of predictive models. In the realm of data visualization, Matplotlib
and Seaborn contribute their capabilities to convey insights effectively. These combined tools and technologies
empower the analysis, enabling data exploration, modeling, and visualization to uncover valuable patterns and
relationships within the dataset.

We have used Python, Pandas, NumPy & Scikit-Learn for the coding purposes. Python serves as the foundational
programming language that underpins the entire analysis presented in this report. Known for its simplicity,
readability, and versatility, Python's extensive ecosystem of libraries and packages provides a rich set of tools for
various data-related tasks. Its clean and intuitive syntax allows data scientists and analysts to focus on the logic
of their analysis rather than the intricacies of programming. In this report, Python integrates data preprocessing,
model development, and visualization, acting as the glue that ties these elements together. Pandas is an
indispensable Python library for data manipulation and analysis, particularly useful for handling structured data.
It excels at tasks such as data cleaning, transformation, aggregation, and exploration, providing easy access to
rows and columns of data. In this analysis, Pandas plays a pivotal role in reading data from CSV files, checking
for missing values, and performing label encoding to convert categorical data into numerical formats. Its primary
data structures, Data Frames and Series, allow for efficient manipulation and extraction of information.

2. Literature Survey

In recent years, there has been significant interest in the design and development of hybridized models for the
prediction and detection of vector-borne diseases, particularly those incorporating multiple rejuvenated concepts
and machine learning techniques. Various researchers have explored different approaches to enhance predictive
accuracy and model robustness in this domain. The field of vector-borne disease prediction has evolved
significantly with the advent of advanced machine learning (ML) techniques. Researchers have continuously
sought to enhance prediction accuracy and reliability by developing hybrid models that integrate various ML
algorithms. This literature survey explores the contributions of different authors to the design and development of
a novel hybridized Kyasanur Forest Disease (KFD) prediction model for seasonal forecasting of vector-borne
diseases, focusing on innovative approaches, methodologies, and outcomes.

The development of multi-level ensemble models has been a focal point in many studies. These models combine
the strengths of various base classifiers to improve overall predictive performance. For instance, Khan et al. (2018)
demonstrated that ensemble learning, when applied to infectious disease data, effectively reduces model biases
and variance. Similarly, Support Vector Machines (SVM), particularly kernel-based SVM (KSVM) models, have
shown promise in capturing complex, non-linear relationships in epidemiological data. Li et al. (2019) highlighted
the efficacy of KSVM in disease prediction tasks due to its robustness in high-dimensional spaces. Ensemble
learning has been widely recognized for its ability to combine multiple models to improve predictive accuracy
and robustness. Breiman (2001) introduced the concept of bagging and boosting, which laid the foundation for
many ensemble techniques. More recent studies, such as by Rokach (2020), have explored the use of ensemble
learning in epidemiology, demonstrating how combining models like decision trees, random forests, and gradient
boosting can enhance disease prediction accuracy. In the context of vector-borne diseases, ensemble models have
been used to integrate various predictors, leading to improved forecasts and early detection capabilities.

3. Mathematical model developed

The mathematical model that is going to be developed makes use of various concepts such as Ensembling process,
KSVM, Multilabel KFD, Beat Process, mRBF, Transductions, High resolution range profiles & the Multi-level
RFC concepts with a number of merged hybridized features of various classifiers @ multi-levels (Decision Tree,
Multi-Level Gaussian Naive Bayes, Logistic regression, random forest, and decision tree), which are derived &
developed as follows. It should be noted that the entire math model of the process is used in the python scripting
for running the program, giving the input & observing the outputs.

4. Multi-level Ensemble Mathematical Model for KFD Prediction
The multi-level ensemble mathematical model is designed to integrate the strengths of various rejuvenated

models, combining their predictions to enhance the accuracy and reliability of the KFD prediction and consists of
various steps, which are shown as below one after the other. The "Multi-level Ensemble Mathematical Model for
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KFD Prediction™ serves as an advanced and comprehensive tool for detecting vector-borne diseases, particularly
Kyasanur Forest Disease (KFD). By integrating multiple predictive models, this ensemble approach significantly
enhances predictive accuracy and reliability. Each base model within the ensemble captures different aspects of
the data, thereby reducing individual model biases and variance, leading to more accurate predictions compared
to the use of a single model. This combined output ensures a more robust prediction by effectively harnessing the
strengths of various models. Furthermore, the ensemble’s robustness to data variations makes it less sensitive to
fluctuations in data patterns and noise, thereby improving its generalizability to diverse datasets and conditions,
which is crucial for real-world applications.

The comprehensive disease detection capability of the multi-level ensemble is another critical advantage. It allows
for simultaneous consideration of multiple factors and inputs, such as climatic variables, historical disease
incidence, and demographic data, providing a thorough analysis and detection of KFD and other vector-borne
diseases. This holistic approach is essential for understanding the multifaceted nature of disease transmission and
spread. Optimized model performance is achieved through the incorporation of techniques like grid search and
heat map functions for hyperparameter tuning. These techniques ensure that the model operates at its highest
efficiency by fine-tuning its parameters for optimal performance.

Additionally, the ensemble employs advanced classification techniques, such as Multilayer Perceptron (MLP)
classifiers and Gaussian Naive Bayes, which offer detailed and precise predictions, thereby enhancing the overall
performance of the KFD prediction model. This precision is vital for public health officials and researchers who
rely on accurate data for effective disease management and intervention strategies. The model's ability to
incorporate data from diverse sources, including historical records, mobile applications, web applications, clinical
laboratories, and online datasets, enriches its input data, leading to more informed and accurate predictions. This
diverse data input is crucial for capturing the complex dynamics of disease transmission.

Moreover, the ensemble model's use of evaluation metrics, such as the confusion matrix, allows for a
comprehensive assessment of its performance. This aids in understanding the decision-making process, ensuring
appropriate prediction and management of KFD outbreaks. By providing insights into model performance, these
metrics help refine and improve the model over time. Overall, the multi-level ensemble mathematical model for
KFD prediction leverages the strengths of various machine learning techniques to provide a powerful and reliable
tool for detecting and managing vector-borne diseases. This sophisticated approach not only enhances predictive
accuracy but also supports improved decision-making in public health interventions, making it an indispensable
asset in the fight against vector-borne diseases.

Kernel Support Vector Machine (KSVM) Model is given by
frsvml(x) i: oK (x,x) + b
where K(xi,X) is the kernel function, and a; and b are model parameters.
Multilabel KFD Model is given by
f\”‘.l‘) {_lh.f/_)....._l/; }

where each y; represents a label for a different disease.
Beat Process KFD Model is given by

fapr(z) = 3207, Bihi(z)

where hi(x) are basis functions and B; are coefficients.
Multi Radial Basis Function (MRBF) Model is given by

fn.i(!ﬂ (z) _\_:‘ 1 Y;9i\T)
where ¢;j(x) are radial basis functions and y; are the weights.
Modified Transductive Model is given by

fur(z) = X0, 6:Ti(2)
where Ti(x) are the transductive components and J; are parameters.
High Resolution Range Profiles (HRRP) Predictive Model is given by
fHkIH"-” _\: :t,R(J')

where Ri(x) are high-resolution range profiles and €i are coefficients
Random Forest Classification (RFC) Model is given by

frre(z) = § }i'.\'  hi(z)

where h;(x) are individual tree predictions in the forest.
Multi-level Ensemble Model is given by
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where J¢inq(x) is the final prediction for input x.

Mmeta is the meta-learner model that takes the average predictions from the base models as input.

K is the number of base models.

M is the k™" base model.

X is the input feature vector.

0}, is the set of optimal hyperparameters for the k" base model, determined through hyperparameter optimization.
This ensemble model integrates predictions from all the rejuvenated models as given below in 3 steps, viz., first
level, second level & finally the prediction level.

First Level Ensemble - Combine predictions from individual models using weighted averaging & is modelled as

fievelt (2) = wy fxsvm(z) + wa s () + ws fop(z) + wy furpsr(z) + ws fsrr(z) 4

we furre () + wr frrc(x)
where w; are weights assigned to each model’s prediction, determined through optimization techniques like grid
search.
Second Level Ensemble - Apply a meta model to the first level ensemble predictions to further refine the output
as given by
Jiovea() = g( frvent (2))

where g is a meta-model, such as a logistic regression, MLP, or another decision tree.
Final Prediction - The final prediction is obtained by combining the outputs of the first and second-level ensembles
as
Sfana(2) = afieeenn () + (1 — Q) fleva2(T)
where a is a blending parameter optimized for best performance.

5. Kernel Support Vector Machine (KSVM) Model for Seasonal Forecasting of VBD Detection

The Kernel Support Vector Machine (KSVM) is a powerful model for classification and regression tasks. It is
particularly useful when dealing with non-linear data by projecting it into a higher-dimensional space using kernel
functions. This implementation provides a robust framework for using the KSVM model to forecast vector-borne
diseases, leveraging the power of kernel methods to handle complex and non-linear relationships in the data. Here,
we will develop the mathematical model for KSVM in the context of seasonal forecasting of vector-borne diseases
detection. Y

In fact, the KSVM model is an indispensable tool for the seasonal forecasting of vector-borne diseases due to its
ability to handle non-linear relationships, its high predictive accuracy and generalization capabilities, its flexibility
in adapting to various data types, and its robustness to overfitting. By leveraging these strengths, the KSVM model
provides valuable insights into the patterns and drivers of disease spread, enabling public health officials to
implement timely and effective disease control measures, ultimately reducing the impact of vector-borne diseases
on affected populations. The Fig. 1 shows the algorithm showing how the Seasonal Forecasting Model for Vector-
Borne Diseases is implemented.

Data Preprocessing

« Collect and preprocess historical data and relevant features.

* Normalize or standardize the features to ensure they are on a
comparable scale.

Kernel Selection

« Choose an appropriate kernel function based on the data
characteristics.

* The RBF kernel is often a good choice for non-linear data.

Model Training

* Formulate the optimization problem and solve it using a
suitable quadratic programming solver to find the optimal ai
and b.

Model Evaluation

* Evaluate the model's performance using metrics such as
accuracy, precision, recall, and F;-score on a test dataset.

« Use cross-validation to tune hyperparameters (e.g., Cand o
for the RBF kernel).

Prediction

* Use the trained KSVM model to make predictions on new
data points and forecast the incidence of vector-borne
diseases for upcoming seasons
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Fig. 1 : Algorithm showing how the Seasonal Forecasting Model for Vector-Borne Diseases is implemented

6. Model Validation

Validate the performance of the optimized model using the test dataset and evaluate using appropriate metrics.
Validation: e Yo, M (Hya:0%))

By following these steps, the detection of living KFD using non-living ML features for seasonal forecasting

leverages non-living data sources to build a robust and accurate prediction model. The hybridized approach

ensures that diverse and relevant data contribute to the overall model, enhancing its ability to predict KFD

outbreaks effectively.

7. Summary & Conclusive Remarks

Mathematical model was developed in this paper. Research was carried out on the design & development of a
novel hybridized KFD prediction model for seasonal forecasting of vector borne diseases detection using the
different combination of rejuvenated models incorporating the multi-level Ensemble, KSVM, Predictive
Multilabel KFD, Beat Process KFD, mRBF Multi Radial Basis Function, Transductive model, High resolution
range profiles (HRRP) predictions, Multi-level RFC classifications. In conclusion, selecting the most suitable
classification model for the KFD dataset hinges on the specific goals and requirements of the analysis. Each
model, including Support Vector Machine, Naive Bayes, Logistic Regression, and Multi-Layer Perceptron, offers
unique strengths in understanding the relationships between various symptoms and KFD cases. The choice of
model should align with the objectives of the prediction task and the nature of the dataset, making these models
valuable for assessing and forecasting KFD. However, even with high-performing models, further evaluation and
fine-tuning are essential to ensure their robustness and reliability. The KFD dataset's complexity may necessitate
additional optimization and validation to improve the models' predictive accuracy. Fine-tuning the
hyperparameters and exploring ensemble approaches can enhance the model's ability to generalize and provide
more accurate forecasts. Finally, interpreting the accuracy of the classification models requires caution, as it may
not fully reflect their predictive capabilities. Validating the models on new or independent data sets is crucial to
assess their true performance and ensure their applicability in real-world scenarios. This step is important to
confirm that the models not only perform well on the training data but also provide reliable predictions for KFD
case detection in various conditions.
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