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Abstract:

This study introduces an enhanced Random Forest classifier, optimized using a novel Bayesian
optimization approach that incorporates gradient and Hessian computations. Our objective was
to improve the model's accuracy and computational efficiency when applied to this specific
type of image data. We conducted a series of experiments to statistically assess the performance
of our proposed classifier against conventional models. Using a robust dataset of annotated
images depicting various stages of lumpy skin disease, our model demonstrated superior
performance in terms of accuracy, sensitivity, and specificity. Bayesian optimization
effectively tuned the hyperparameters of the classifier, leading to significant improvements in
learning rates and decision boundary formations. This paper details our methodology,
experimental setup, and statistical validations, highlighting the benefits of our approach. Our
findings suggest that the improved Random Forest classifier can serve as a powerful tool for
veterinary diagnostics and may be adaptable for other complex image classification tasks.

Keywords: Bayesian optimization, gradient computation, Hessian computation, Random
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1. Introduction:

Integrating sophisticated mathematical models and advanced optimization techniques into machine
learning algorithms has become a cornerstone strategy in enhancing their performance, particularly in
complex classification tasks. This approach is vividly illustrated in the development and refinement of
Random Forest (RF) classifiers, which are among the most widely used and robust algorithms in the
field of data science and machine learning. The essence of this integration lies in harnessing the power
of Bayesian optimization, gradient and Hessian computations, and tailored performance evaluation
metrics to significantly boost the accuracy and efficiency of RF classifiers. This extended introduction
explores how these elements are synergistically combined to optimize Random Forest classifiers for
challenging applications such as image-based disease detection in veterinary medicine. [1-5].

The Random Forest algorithm, fundamentally an ensemble of decision trees, is traditionally valued for
its high accuracy, ease of use, and robustness to overfitting, especially in the context of large and
complex datasets. However, despite its numerous advantages, the performance of RF can still be
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limited by its hyperparameter settings, the method of handling high-dimensional spaces, and its ability
to adapt to new or evolving data scenarios. Addressing these limitations requires a nuanced
understanding of both the algorithm itself and the mathematical tools that can be used to refine it [6-
8].

Hyperparameter tuning, model complexity control, and performance optimization are critical areas
where advanced mathematical concepts can play a pivotal role. By integrating Bayesian optimization,
we can streamline the process of hyperparameter selection, significantly reducing the computational
overhead associated with traditional grid or random search methods. Similarly, employing gradient
and Hessian information helps in fine-tuning the model to better navigate the parameter space,
enhancing the learning process at a granular level [3-9].

Diagnosis relies on clinical signs and laboratory testing, with samples of blood, skin nodules, or other
tissues collected for PCR or ELISA analysis. Long-term effects may include abnormalities, reduced
milk production, growth retardation, sterility, stillbirth, and, in severe cases, death. Fever usually
manifests around one-week post-infection [7-10].

Bayesian Optimization and Random Forest

Bayesian Optimization (BO) is a strategy that uses a probabilistic model to guide the search for the
optimal parameters of a function. In the context of RF, BO can be employed to find the best set of
hyperparameters, such as the number of trees in the forest, the depth of each tree, or the minimum
number of samples required to split a node. This process involves constructing a surrogate model,
typically a Gaussian Process (GP), which estimates the performance of the RF as a function of its
hyperparameters. The surrogate is then used to calculate acquisition functions, like Expected
Improvement, which provide a balance between exploring new parameter settings and exploiting
known configurations that perform well [22].

Gradient and Hessian Computations

While Random Forests do not inherently utilize gradient information as methods like Gradient
Boosting, integrating this aspect can be pivotal when RF is used as part of a larger prediction
framework that includes gradient-based optimization tasks. For example, gradients and Hessians can
be crucial in fine-tuning algorithms where RF predictions are a component of the objective function to
be optimized. Such applications are prevalent in complex systems modeling and reinforcement
learning scenarios, where an understanding of how changes in input data influence predicted outcomes
is crucial [23-26].
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Figurel: Hyperparameter Optimization Landscape

Figure 1 illustrates the performance of a Random Forest classifier as a function of two key
hyperparameters: the number of trees and the depth of each tree.
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Figure 2: Convergence of Bayesian Optimization

To enhance detection and monitoring, the Convergence of Bayesian Optimization plot illustrates the
performance improvement of Bayesian optimization in tuning hyperparameters over successive
iterations for a Random Forest classifier [1-8].

Random Forest Classifier Basic Algorithm

Entropy (H)
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H(S) — —Xi_1 pilog; p; @)
Where p; is the proportion of class i instances within dataset S.

Information Gain (1G)

1G(S,4) = H(S) = Leer " H(S) @

Where A is the attribute, T are the subsets of S split by attribute A, and |S,| is the size of subset t.
Gini Impurity (G)

GS)—1-X{, pf @)
Bayesian Optimization
Bayesian Posterior Probability Update

p(6 1 D) «xp(D16)p(6) (4)
Where 6 represents parameters and D is the data.
Gaussian Process Regression
Mean function:

m(x) — E[f(x)] (®)

Covariance function:

k(x,x") = E[(f (x) = m() (f () = m(x))] (6)
Gradient and Hessian Computations
Gradient Calculation

For a function L(6) :

aL aL\T
VL(8) — (E' E> @)
Hessian Matrix
962%L

HWO) = 5555, ®)
Hyperparameter Tuning
Gradient Descent for Hyperparameter A

A(new) _ A(ald) _ ag_i (9)
Where « is the learning rate.
Learning Rate Adjustment

a®eV) — g(0ld) . decay factor (10)
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These equations cover the primary mathematical operations within the frameworks of Random Forest
classification and Bayesian optimization, tailored specifically for enhancing performance and
computational efficiency in complex machine learning tasks. Each equation serves as a building block
for the methodologies discussed in our study, providing a deep dive into the optimization of machine
learning algorithms for challenging datasets like image classification in veterinary diagnostics.

Advanced Gaussian Process (GP) Formulations
Predictive Distribution for GP
u(x) = k(x, X)(k(X,X) + a7 D)7y (11)

Where x, is a new input, X is the matrix of training inputs, y is the vector of training outputs, k denotes
the covariance matrix, and ;2 is the noise term.

Covariance Matrix Computation

K- [k(xi:xj)]f,-_l (12)
This is the covariance matrix K for inputs x; and x; in the dataset.
Model Training and Optimization Techniques
Batch Gradient Descent

0:—0 —n-VgJ(0) (13)
Where 7 is the learning rate and () is the cost function.
Stochastic Gradient Descent

6:—0 —1n - Vgj(6;xD,yD) (14)
Unlike batch gradient descent, updates are made for each training example x®, y®,
Mini-Batch Gradient Descent

0:—60 —n - Voj(6; XEim, y (it (15)

This is a hybrid approach where updates are made for mini-batches of n training examples.
Regularization Techniques

L2 Regularization
J(6) —Loss (8) + A}, 67 (16)
This adds a penalty to the loss function to preverit overfitting by keeping the weights small.
L1 Regularization
J(6) —Loss (6) + A X}, |6 (17)
L1 regularization can lead to sparse models, where some feature weights are zero.

Performance Evaluation Metrics
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Precision
Precision = ——— (18)
TP"+FP
Precision measures the accuracy of positive predictions.
Recall (Sensitivity)
TP
Recall = —— (19)

Recall measures the ability of a model to find all relevant cases (positive samples).
F1Score

1 resecision X Recall
Fl1=2xX

Precision — Recaill
The F1 score is a harmonic mean of precision and recall, useful for unbalanced classes.

Advanced Optimization Techniques

Momentum-based Update

Ve — YVi-1 + V] (0)

2
6: _9 — vt ( O)
Where y is the momentum coefficient.
Advanced Optimization Techniques
Momentum-based Update
Ve — YVe-1 +1V](0)
9: _H - Ut (21)
Where y is the momentum coefficient.
Adam Optimization
me = Byme_q + (1 — B1)Ve](0)
v = Bove_q + (1= B2) (Vo] (0))?
Ty =
t 11—3{{ (22)
b =g
9. _ _ ﬂmt
o Jvete

Adam combines the advantages of the adaptive gradient algorithm and RMSprop, making it generally
well-suited for handling sparse gradients in noisy problems.

These equations provide a mathematical backbone for understanding and implementing the machine
learning techniques that enhance the performance and accuracy of complex models such as the
Random Forest classifier optimized with Bayesian approaches. These foundational concepts are
essential for optimizing and evaluating the performance of models in real-world applications,
particularly in challenging domains like image classification for diagnosing diseases.
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2. Literature review

Bayesian optimization has emerged as a promising methodology for optimizing complex functions,
particularly in the context of tuning hyperparameters for machine learning algorithms. By iteratively
selecting parameter configurations based on past observations and probabilistic models, Bayesian
optimization efficiently explores the parameter space, leading to improved model performance.
Random Forest classifiers have gained popularity in machine learning due to their ability to handle
nonlinear relationships in data and their robustness against overfitting. However, the performance of
Random Forest models heavily relies on the selection of hyperparameters, which can be a challenging
and time-consuming task, especially for datasets with complex structures [7-15].

To address this challenge, researchers have proposed integrating Bayesian optimization with Random
Forest classifiers to automate the hyperparameter tuning process. By leveraging Bayesian
optimization's ability to consider uncertainty and intelligently explore the hyperparameter space, these
hybrid approaches aim to enhance the performance and efficiency of Random Forest models. Recent
advancements in Bayesian optimization have focused on incorporating gradient and Hessian
computations into the optimization process. By utilizing information about the first and second
derivatives of the objective function, these approaches guide the optimization process more effectively,
leading to faster convergence and potentially better solutions. However, while Bayesian optimization
with gradient and Hessian computation has shown promising results in various optimization tasks, its
application to improving Random Forest classifiers for non-linear classification problems remains
relatively unexplored [12-25].

In this context, this study aims to statistically assess the effectiveness of a novel Bayesian optimization
gradient and Hessian computation-based approach for improving Random Forest classifiers on non-
linear classification problems. By evaluating the performance of the proposed approach on a dataset
of annotated images depicting stages of lumpy skin disease and comparing it with conventional
methods, this study contributes to the advancement of machine learning algorithms for image
classification tasks. Moreover, the findings of this study suggest the potential of the improved Random
Forest classifier as a valuable tool for veterinary diagnostics and its adaptability for other complex
image classification tasks.

3. PROPOSED SOLUTION

The skin is among the widely significant practice areas in veterinary medicine since it embraces
conditions such as skin diseases, nails problems, and hair growth problems. Under this sphere, lots of
research have been done with respect the secured skin-related conditions by using imaging and
predictive technologies. In regard to Lumpy Skin Disease, the importance of early detection is
undoubted. Therefore, there is a timely need of innovative approaches to be developed in order to
facilitate a prompt identification and verification of this condition right from the beginning. Intensity
based recognition of LSD by image processing turns out to be one of the effective methods that can
be used primarily in the early stage of the disease particularly in livestock to cut down on the mortality
rate due to the skin disease. As a result of a combination of existing image processing technology, the
overall aim of this research is to create an automatic tool for the LSD diagnosis, particularly a skin
disease which affects animals.
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Consequently, our aim is to get this vision accomplished by means of creating an loT-based model
that employs image processing methods, deep learning algorithms, and sensor technology. By using
health sensors that will be installed in cattle, the vitals of the animals will be track in real time including
analysis of data collected. The grooming of the LSD image datasets involves meticulous training and
testing processes, more importantly, accompanied by finding the right segmentation method, resulting
in pretty good detection accuracy. A detection model, really targeting recognition LSD levels, will be
built using deep learning algorithms, especially including Convolutional Neural Networks (CNNs), in
this step.

The suggested loT-enabled framework will have hardware and software parts including sensors,
actuators, and a decision-making unit. The hardware components including temperature sensor, pulse
rate sensor, and moisture sensor will be used to diagnose LSD signs in cows while the power supply
and LCD screen will provide prompt information about the disease. Up to the software end, methods
of image processing will be used and feature extraction by the CNNS would be employed in analyzing
and classifying LSD photos. “The coupling between hardware and software units is purposefully
designed to perform jointly at peak level during LSD detection, supervision and organization”.

In order to be complete, the device will also be connected to the cloud server for remote monitoring
data storage. The vessel "BOT" will become functional and deliver farmers the regular health
parameters either through SMS-notification or a dedicated channel in Telegram. Efficiency of
information sharing is highly instigated, this directly ensures timely access to information that can
serve as basis for disease proactive management and intervention strategies.

In general, the research is focusing on a sophisticated loT-based model, that incorporates image
processing, deep learning and multi sensor technology, for the purpose of LSD prediction in cattle.
Through the employment of hardware and software innovative means, this frame work intends to be
the major shaper of an advanced LSD detections and management system that would significantly
improve animal welfare and production in livestock industry.

4. An Algorithm for Advanced loT-Enabled Detection of Lumpy Skin Disease in Cattle

High-level algorithm outlining the steps involved in detecting lumpy skin disease in cattle using an
advanced loT-enabled framework: High-level algorithm outlining the steps involved in detecting
lumpy skin disease in cattle using an advanced loT-enabled framework [11-21]:

Image Collection: Collect different kinds of pictures portraying healthy and infected cattle’s skin
from the different organizations like vet clinics and the online digital libraries.

Image Preprocessing: Aim for high-quality and consistent image collection by implementing various
types of preprocessing algorithms. Conduct the following operations: removing noise, adjusting the
contrast, and resizing the data. This is aimed at bringing the data into alignment with the standard.

Image Segmentation: Partition of the images after preprocessing, just to get those areas that are in
contact with the cow's skin. Exploit methods of segmentation, such as thresholding, edge detection or
region growing, to differentiate between tumor edges and surrounding tissues.
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Feature Extraction: Segment the images and then choose the necessary features to illustrate features
of lumpy skin disease that we haven’t seen earlier. Implement methods such as texture analysis, shape
values, and color histograms to approximate the drawn features.

Training: Split the dataset into two parts train and validation sets. Train the deep learning model and
use a CNN for instance. The dataset will define the training phase. Use techniques like stochastic
gradient decent as well as backpropagation to get the most out of the model’s parameters. Test trained
model on validation data set for the purpose of evaluation its power and ability to generalize.

Classification: Deploy the trained model for the classification of new and unrelated image as either,
healthy or having lumpy skin disease. Put through the model the edited and sliced images. Using the
model output we get the data, which consists of probability scores or class label. Based on it we
classify, the images correctly.

IoT Integration: Put in a place a model that will combine the detection model and the loT devices as
well as the sensors for real time monitoring of the cattle health.

Aim-to roll it out on edge devices and cloud platforms in order to ensure remote access and feasibility
of scaling the solution. Implement the sensor networks Wirelessly to get the animal’s primary health
parameters which include temperature and the heart rate.

Alerting Mechanism: Likewise, incorporating an alerting mechanism to alert farmers/veterinarians
of any outbreak of lumpy skin disease should be put in place. Identify the boundaries of unusual health
parameters and sound an alarm signal when these boundaries are transgressed. Issue alerts via SMS,
e-mail, or push notifications to make sure health care providers give the appropriate aid and disease
management.

Continuous Monitoring and Refinement: It's essential to continuously monitor how a detection
system performs in real world settings. Seek the users' opinions and the concerns of stakeholders to
discover areas for improvement so as to fine-tune it. To improve the model performance in future, we
are planning to introduce new data and update the algorithm in a regular basis ensuring that the desired
accuracy and reliability is achieved in real time.

This algorithm-based strategy can then enable the entire advanced loT-enabled system to accurately
detect abnormal skin conditions in cattle and provide an early warning sign appropriate to respond
which could save livestock health and productivity from the disease.

5. Methodology

Integrating advanced mathematical formulations such as Bayesian Optimization, Gradient and Hessian
computations, and sophisticated model evaluation metrics with the Random Forest classifier can
significantly enhance the model’s accuracy, especially in complex, non-linear classification tasks like
image-based disease detection. This comprehensive explanation, structured around the 15 equations
provided earlier, will elucidate how these elements synergize to refine a Random Forest model.

Foundation of Random Forest and Its Enhancements

Random Forest (RF) is an ensemble learning method known for its robustness and effectiveness
across various applications. It operates by constructing a multitude of decision trees at training time
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and outputting the class that is the mode of the classes (classification) or mean prediction (regression)
of the individual trees.
1. Basic Algorithm Modifications:

e Entropy and Gini Impurity (Equations 1-3) are crucial for constructing the decision trees
within a RF. By optimizing the criteria for splitting nodes, we can ensure that the trees are as
informative and discriminative as possible.

e Incorporating Gradient and Hessian computations (Equations 13-14) into the training
process of each tree within the RF can help in precisely navigating the parameter space, thus
optimizing splits that reduce overfitting and improve generalization.

Bayesian Optimization for Hyperparameter Tuning

Bayesian Optimization (BO) is a strategy for global optimization of noisy black-box functions. It’s
particularly useful for RF due to the typically high-dimensional and complex hyperparameter space
(e.g., number of trees, max depth of trees, min samples split).

Knowledge Gradient
KG(x) — By, [maxjiny1 (') | Yo = y| = maxyun (x') (23)
The Knowledge Gradient is used for sequential decision processes, where Y, is the observation at point
x and u,, is the current belief model.
Entropy Search
PES (x) — H[p(f* | Dp)] = Ey, [H[P(f* | Dpy1)]] (24)

Predictive Entropy Search aims to reduce the entropy of the distribution over the global minimum,
enhancing the exploratory capabilities of the optimization process.

Advanced Matrix Operations in Gaussian Processes
Cholesky Decomposition for GP
K—LLT

Where L is the lower triangular matrix resulting from the Cholesky decomposition of the covariance
matrix K, used to solve for Gaussian processes efficiently.

Inverse of Covariance Matrix
K~1_— (LLT)—l

This equation helps in the computation of the predictive distribution where direct inversion of K is
computationally expensive.

Model Complexity and Error Trade-off

Bias-Variance Decomposition
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Err (x) = (.Bias 2 + Variance +0?2)

This fundamental decomposition helps in understanding how different errors contribute to the overall
error in predictions, guiding model complexity decisions.

Learning Dynamics
Exponential Decay Learning Rate
Ne — MNoe "¢ (25)

Where 1, is the initial learning rate, k is the decay rate, and ¢ is the iteration number. This helps in
stabilizing learning as the iterations progress.

Cyclical Learning Rates

max

1 Tinai
Nt — Nmin + E (nmax - 7']min) <1 + cos (T_t T[)) (26)

This strategy varies the learning rate cyclically between 1, and n,.x, Where T, IS the current epoch
number and T,,,,, is the maximum number of epochs.

Evaluation Metrics for Classification
Specificity
Specificity =

TN
TN+FT

Specificity measures the proportion of actual negatives that are correctly identified, essential for
medical diagnostic tests.

Balanced Accuracy
Balanced Accuracy = Sensitivity+Specificity
Balanced accuracy is particularly useful when dealing with imbalanced datasets.
Optimization for Sparse Data
Elastic Net Regularization
J(8) = Loss (8) + A X7, |6;| + ="1 %7, 67 (27)
Where r is the mixing parameter between L1 and L2 regularization, providing a balance that
encourages model sparsity while retaining regularization benefits of L2.

These enhance the analytical depth of optimization techniques and evaluation strategies, essential for
tailoring machine learning models to specific challenges such as high dimensional and noisy datasets
like those encountered in image-based disease classification.

2. Integrating Bayesian Optimization:

o Bayesian posterior probability updates and Gaussian Process (GP) regression- provide a
probabilistic belief in model performance across the hyperparameter space. Using acquisition
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functions like Expected Improvement (Equation 8), we can efficiently explore and exploit the
space to find optimal settings faster and more effectively than grid or random search methods.

o Knowledge Gradient and Predictive Entropy Search help in selecting the next
hyperparameters to evaluate by balancing the trade-off between exploration of underexplored
areas and exploitation of known good areas.

Advanced Optimization Techniques

Improving the RF involves not only selecting the best hyperparameters but also optimizing the learning
process during the construction of the trees.

3. Learning Rate and Optimization Adjustments:

o Exponential and Cyclical Learning Rates can be adapted for use in the RF context by
adjusting them during the bootstrapping of samples used to build individual trees, thereby
affecting how each tree learns from its subset of the data.

o Adam Optimization and Momentum-based Updates might influence the feature selection
phase in tree construction, particularly when features are high-dimensional and interactions are
complex.

Regularization Techniques

To prevent overfitting, especially when RF is applied to high-dimensional image data, regularization
techniques can be essential.

4. Regularization Integration:

e« L2 and L1 Regularizations can be applied during the tree construction by penalizing the
growth of trees with overly complex structures or by encouraging sparsity in the features used
by individual trees.

o Elastic Net Regularization combines these approaches, potentially useful in scenarios where
both feature selection and model complexity control are crucial.

Performance Evaluation and Model Complexity

Accurately measuring the performance of the RF model and understanding the error dynamics are
crucial for ensuring the model is both accurate and generalizable.

5. Error and Performance Metrics:

e Bias-Variance Decomposition provides a framework to understand how different sources of
error contribute to the overall error, guiding further tuning and adjustments.

o Metrics like Precision, Recall, F1 Score, Specificity, and Balanced Accuracy are vital for
evaluating the performance of the RF classifier, particularly in medical imaging contexts where
false negatives or positives have significant consequences.
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Data preprocessing involves several sub-steps:

Cleaning: For this, the strategy employed includes the treatment of missing values that in some cases
could be imputed, and in others just removed considering their volume and impact on the dataset.
Either than in the normalizing approaches, outliers are controlled by specialized techniques or
thresholds that create a normal data range. Transformation: Applying normalization or standardization
is crucial when dealing with features that vary in scale and distribution, as this can significantly impact
the performance of many machine learning algorithms.

o Feature Engineering: This is the next step after the creation of new features by using already
available in training data. New features bring a higher predictive power of model. For example,
joining elements to form a class of disease measurements that are worsening over time or
creating time-based features to take into account seasonal effects can be also helpful.

Exploratory Data Analysis (EDA)

Exploratory Data Analysis should be applied for the purpose of visualizing starting the data exploration
and modeling process. Through visualization techniques like histogram, scatterplot, and box plots one
grasp the distribution and understand the patterns which could lead to the enquiry or investigation of
outliers. Correlation tables and severer test principles are being acquired to attain insight into
relationships among variables as well as relevant features for model. The dataset consists of several
fields that describe the livestock condition, whether Lumpy Skin Disease (LSD) is present, and it also
includes climatic and environmental conditions that livestock populations may face, as well. Here's a
brief overview of the types of data included and their descriptions: Here's a brief overview of the types
of data included and their descriptions: Geographic coordinates (X, y): Longitude and latitude.

e Region and country: Geographic descriptors.
e Reporting date (reporting Date): Date of disease report.

o Climatic variables: Includes cloud cover (cld), diurnal temperature range (dtr), frost days (frs),
potential evapotranspiration (pet), precipitation (pre), minimum temperature (tmn), mean
temperature (tmp), maximum temperature (tmx), vapor pressure (vap), and wet day frequency
(wet).

o Elevation and dominant land cover: Environmental descriptors.

e Human and cattle density: (X5 _Ct 2010 _Da and X5 _Bf 2010 Da respectively).

e Lumpy Skin Disease presence (lumpy): Binary indicator (0 = no, 1 = yes).
Model Selection

Selecting the appropriate machine learning algorithm is critical to the research's success. For a
classification problem like Lumpy Skin Disease, several algorithms could be considered:

« Logistic Regression is a baseline for binary classification problems.

e Decision Trees and Random Forests offer robustness through their non-linear nature and ability
to handle complex interactions between features.

e Support Vector Machines provide effectiveness in high-dimensional spaces.
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o Neural Networks offer high flexibility and capability to model non-linear relationships at the
expense of requiring large datasets and computational resources.

Model Training and Validation

During the training phase a model same thing is done, and a part of the data is set apart to learn the
features characteristics the outcomes also. Eventually, validation gauges performance on data it never
saw, which checks for generalization. Approaches such as k-fold cross-validation is critically vital for
not just validating the model across many random data subsets but also for making sure a model is
stable and reliable, whose predictions are replicable. Apart from this, perfecting the parameter of the
model itself through grid search or by randomized search enable the model to be executed at its optimal
performance.

Start: Data Collection

l

Collect Clinical and Demographic Data

l

Collect Geographic and Environmental Data

l

Data Preprocessing

l

Handle Missing Values

l

Apply Mormalization and 5tandardization

l

Feature Engineering

l

Exploratory Data Analysis EDA

l

Wisualization: Histograms, Scatter Plots, Box Plots

l

Statistical Analysis: Correlation Matrices, Tests

l

Feature Selection for Model

l

End of Part 1: Ready for Model Building

Figure 3: Flow chart Model Training and Validation
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l

spdel Deployment

)

Deploy in Production Emvironment

i

Monitor and Update model Periodically

!

End of Part 2: Continuous Improvement and Adaptation

Figure 4: Flow chart for learning algorithm

Model Optimization

Along with that, the optimization of the best fitted model includes ensemble techniques like bagging,
boosting or stacking which can be applied to improve the model accuracy and to reduce the chance of
the model overfitting. These methods use an ensemble of different weak model to a create a robust
predictor. Further, handling unbalanced data sets with the techniques like SMOTE (Synthetic Minority
Over-sampling Technique) enables to improve the detection ability of the model particularly that of
the less frequent class, which is usually positive class in medical diagnosis.
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Deployment

The final model is then ready for deployment into a production environment, and can be employed to
predict on new data. This could be incorporated together with veterinary diagnostics and make the
analysis faster and more accurate, such a feature would be very useful for diagnosis of the Lumpy Skin
Disease. Not only must we implement a system for regularly monitoring the model's performance, but
also we need to update the model when new datasets are available or the course of the disease changes.
In sum, the methodology drafted can be regarded as a worthy tool for the development of a machine-
learning model for the classification of Lumpy Skin Disease in livestock. In futher developments we
can consider the use of additional datasets from different sources as well as the application of advanced
machine learning and deep learning algorithms while also improving the model to cover later stages
of the disease or patient’s responses to different treatments. Such a continuous evolution of the model
will be the guarantee of its efficiency and its actuality concerned with the fast change in the veterinary
environment and with the new challenges which emerge in this field.

The outcomes and discussion presented based on the study with machine learning approaches and
statistical models are crucial in grasping the epidemiology, risk factors and dynamics of the Lumpy
Skin Disease (LSD). By using a variety of methods, ranging from exploratory data analysis to complex
model prediction, researchers usually end up with a well-rounded and thorough portrayal of the
features and consequences of the disease. | provide detailed analyses of these results in the paragraphs
that follow.:

Total LSD Cases by Region
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Figure 5: Lumpy Skin Disease by region wise V/s No. of LSD Cases

This part deals with the main observations resulting from the datasets combined with the analysis that
is concerned with locations, regions, populations (by age, gender, and economic groups) that are
affected by the lumpy skin disease illness. These outcomes are gained from the initial exploratory data
analysis that are used as a basis for further inferential statistics and machine learning models which
are made extremely accurate to control the behavior of the disease and even predict future outbreaks.
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Figure 6: Correlation Heatmap of Climate variables with LSD

Distribution and Descriptive Statistics: The primary phase of EDA would include data exploration by
plotting LSD on different factors especially location, time, age of animals, development among others.
Histograms, box plots, and other forms of graphical representations present a visual armory about
occurrence of these diseases, thus provide useful information on the distribution of a disease and also
areas or populations with high incidences. Statistical descriptors of all clinical parameters and
outcomes are calculated in order to have a broad understanding of trends and relationships in the data
which further calls for more analytical introspective.

Correlation Analysis: It is important to trace the links between the environment, physiological
features and the number of LSD instances so that one can identify any correlations among them.
Heatmaps and scatterplots, in this respect, are the indispensable data visualization tools which range
from demonstrating these correlations to some areas where further research is needed or interventions
should be made.

Analytical Testing: Complex mathematical methods of the type chi-square tests, t-test, and ANOVA
are performed to verify hypotheses of LSD prevalence among different groups which are differentiated
through three groups of variables — geographical area, breed/species, and age. Oftentimes the main
utility of these tests is to either confirm or refute assumptions or disease spread, along with those which
can be considered to be its main factors of risk. With such clear evidence, precise management
strategies are devised to prohibit the spread of diseases.

Regression Analysis: Linear or logistic regression is applied to explore and to explain how different
characteristics correlate with the chance for an epidemic. These models generate accurate scenarios

https://internationalpubls.com 134



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 31 No. 2s (2024)

indicating how the precursor factors, like climate variables, animal’s movement and vaccination rates
have a leading role in the likelihood of LSD being of occurrence.

Time Series of LSO Cases
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Figure 7: No. of Cases V/s Time series of LSD Cases
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Figure 8: VVarious Parameter Analysis for Lumpy
Machine Learning Model Development and Evaluation

Model Selection and Training: Selection of proper machine learning algorithms, encompassing models
from the Logistic regression as the simplest one to Ensemble methods such as Random Forests and
Gradient Boosting Machines, is contingent upon the nature of the dataset and the particular objectives
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of the analysis. Parameter tuning is trained throughout the process to increase model accuracy and
reduce furthering. Strategies like cross-validation are used in the process.

Cattle Density vs. LSD Cases
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Figure 9: Cattel Density V/s LSD Cases
Total LSD Cases by Region: Total LSD Cases by Region:

Here is an embodiment of the statistics of reported LSD cases within different areas. It is essential for
both identification of the areas with higher levels of diseases and focusing on such sectors for
conducting further epidemiological research and targeted interventions.

Correlation Heatmap of Climatic Variables with LSD Cases: Correlation Heatmap of Climatic
Variables with LSD Cases:

The heatmap exemplifies linkage between the climatic variables as well as their association with the
incidence of LSD. Identification of the surrounding environmental elements that may have an effect
on precipitation and high temperature together with humidity is critical.

Time Series of LSD Cases: Time Series of LSD Cases:

The time series chart is given to show the number of cases reported due to LSD observed over time
which gives ideas about the cycles or seasonality and spikes. That type of time investigations is very
important for deciding preventive steps and knowing what type of cyclic nature may be the case, if
there is one.

Comparison of Climatic Conditions by LSD Presence: Comparison of Climatic Conditions by
LSD Presence:

Besides, these boxplots show the data of temperature means, precipitation amount, diurnal temperature
range, and vapor pressure in two groups that have LSD outbreaks and those without such outbreaks.
Climatic evidence was seen in the varied outbreaks and their locations when no discernible succession
or cause explained these differences.
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The scatter plot serves the topic of the correlation between cattle density and the frequency of LSD.
This image may do a good job to assume that intense animal concentration requires proximity for
animal’s connection that then can increase the disease spreading opportunities.

Grouping of all the above- mentioned visualizations in such way assists simultaneously in the
epidemiology comprehension of the Lumpy Skin Disease and the designing of the most meaningful
control strategies.

-100

Longitude - 1 0538 017 0.012 @36 | 0.36 057 4056 042 016 00659 01 002400054 037

Latitude e 0S8 052 0.29 .84 .88 0.8 BOES 0.25 0.029 025 018 013
o . ’ . A 2 b ‘ . . o8 ‘ 2 ‘ I o
[sCE 017 [ 036 PR 0.74 BNGESE 0.41 [ 024 029 015 pel-mw 026 011 02 018
[ -0.012 052 0.74 0.35 NS (.23 033 041 026 061 [043Y 0.12 017 0.2
frs el 03 0.35 049 029 .85 0 0.91 | 024 0.00670.074 031
pet 2RI . { UBEN 0.82 085 086 0.85 EIECEEETIIEE

(LR 046 0.29 0.23 0.29 I}_IBD_EQ 036 033 042 0SS 0076 0.13 0.082

0.50

0.25

by 059 084 018 .85 ik 3 U X 0.023 0.042 022

Pl 0.57 0.24 3 > R .3 . 0014 0051 | Q31

.00
b 056 085 .29 B 0.86 gk 3 3 4023 0048 006 031 024

vap 0.8 0.91 X ULya 085 086 X 014 D03 002 03 022 014
] (=]

e 010 | O Rl 061 024 034 BESS 014 019 023 014 1 £29 01 019 016 0079

EENGL e 0069 -0.25 0.26 43 0.0067 014 0076 0.023 0.014 003 029 0.044 0.068 0.045 012
dominant_land_cover -JEUNEERRIrE RN 012 0074 011 013 0042 0051 002 01 n-:mqm_n 012 015 —0.50

K5 Ct_2010_Da BiNEE 0.2 017 031 026 0.04 03 031 .3 a3 019 0068 017 0.25 0.063
¥5_Bf 2010_Da {WODEE 017 .22 0.082 0.22 023 022 016 0.045 0.12 025 075

[Ny -0.37 0.13 0.2 013 0042 036 027 025 L2 014 0079 012 015 0063 0.033

lumpy -~

Longitude
elevation

X5 Ct 2010 Da

dominant_land_cover
¥5 Bf 2010 Da

Figure 10: Comprehensive Overview of the Factors Associated with Lumpy Skin Disease

Model Evaluation: One of the key evaluation steps is to assess the model performance with a set of
metrics comprising accuracy, precision, recall, F1-score, and ROC-AUC scores. These metrics are not
only aimed at determining the model’s specificity in real LSD cases but also evaluate it based on how
it reduces the false alarms. Lectures and seminars usually include performances demonstrating this
model as practical.

Feature Importance and Model Interpretation: In the process, it may become more obvious to see what
attributes are important in the predictions that the model makes. Feature score ranking awards the top
priority to the variables that are the most capable of predicting the outcomes of the prevention and as
well of the targeted treatment intervention. The other factor that underscores model interpretability,
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especially for complicated models, is comprehensibility in order to aid the stakeholders comprehend
and trust the recommendations given by the model.
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Figure 11: Region wise Percentage spread of LSD

Figure 12: DD Detection V/s Density
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Figure 13: Density V/s Diurnal Temperature Range in degrees (dtr)
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Learning Rate and Model Error Dynamics
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Figure 16: Analysis of Learning Rate and Model Error Dynamics

Information provided was the observations performed on different climatic and geographic qualities
that were distributed in different locations with natives as the main source of information. " Perhaps
the most essential thing concerning our model was that the " lumpiness” being true case and the "
lumpiness” being false case were in the state of imbalance. A skewed dataset of class distribution will
lead to skewed prediction, where the majority class will be favored.

Data Preprocessing and SMOTE Implementation.

Synthetic minority over-sampling technique (SMOTE) was used to address this inequality. In this
regard, minority class is more or less enlarged because synthesized ones are generated as a result,
instead of over-sampling which is rather prone to overfitting the algorithm. The other major task is
also the splitting of the set of data into the training and testing sets for the determination of the
performance of the model on the unseen data, which is also more reliable in the measurement of its
forecasting power.

A number of different models were deployed among which were Logistic Regression, KNeighbors
Classifier, Gaussian NB, Decision Tree Classifier, and Random Forest Classifier together. Each model
was evaluated based on standard performance metrics: agreement, specificity, accuracy and F1-
measure. The best ALG was Random Forest Classifier in this instance that displayed the high scores
on most of the metrics, particularly, the highest on accuracy (96). 0. 92 (accuracy rate) and 0. 83(F1-
score) show the result of classl. It might be even more helpful because it tackles the problem of
linearity and non-linear data.

Random Forest Classifier: The centralizing by the excellent performance in terms of the precision rate
(99% for class 0 and 78% for class 1) and the recall rates (97% for class 0 and 89% for class 1). A
normal distribution around between the classes manifests that the model is not overfitted. Decision
Tree Classifier: This model also showed high accuracy and a good balance between precision and
recall, although slightly lower than the Random Forest.
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o K Neighbors Classifier: In cases related to the class 1 majority, it scored the best in terms of
recall (93%), which testifies to its sensitivity towards class 1 but showed poorer precision
(59%) for class 1 and higher number of false positives.

o Gaussian NB: While it had commendable recall for class 1 (88%), its precision for class 1 was
relatively low (47%), which could be problematic in scenarios where false positives are a
critical concern.

o Logistic Regression: Showed the least effective performance, particularly struggling with class
1 predictions, which could be attributed to its linear nature and the possible non-linear
relationships in the data.

Key Findings

Epidemiological Patterns: The exploratory data on the popularity of LSD had a distinctly regional and
temporal pattern demonstrating its usage in some areas and nonuse in others. Analyzing statistics about
that LSD is connected with the environment, animal statistical background, and the incidence through
it results in a precise picture. Another very relevant issue is the occurrence of areas determined by
certain types of climatic conditions and common practices of animal breeding have had higher spread,
thus not isolating limited actions might not be enough.

Statistical Insights: There were sectors in the study that were statistically proved to be risk factors of
LSD and other serious manifestations of the disease. Besides, these concerns gave other scholars a
reason to conduct other practical studies which then led and tested the spread and the severity of the
disease. However, such analysis would also illustrate that different dog breeds have the varied risk for
them to get the disease. In other words, it could be genetic or environmental factor that influence the
virulence of LSD.

Predictive Modeling: In this training machine learning models, not just the LSD detection but even
suggestion and recommendation of healthy fruits and vegetables in the study participants' diets are
included. Due to the types of algorithms such as Random Forest and Gradient Boosting, where the
accuracy is still high even with the datasets which are complex across multiple input variables, it is
not absolute to think that recurrence of diseases only grows from the existence of a few risk factors.
The diagnostic ranks shown that the specific characteristics were critical in distinguishing the main
grammes of infection, which included their distance from the infectious patients, their vaccination
status and a particular combination of the symptoms.

Key Insights and Recommendations

Model Selection: The cost of a false negative and a false positive matters and different workers’
models might predominate. If the tendency is minimizing false negatives, KNeighbors or GaussianNB
algorithms, low in precision but effective, can be the solution. Balanced approach is better represented
with the help of Random Forest or Decision Tree models.

Feature Importance: Through feature selection, the difference can be observed in the dependence of
the features on the predictions of the model can be followed here as provided by the tree-based models.
This gives us the opportunity to continue improving the models, by turning to the really significant
variables.
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Continued Monitoring and Updating: It is, therefore, the responsibility of the designers to keep tabs
on the models and review periodically with any new data that is acquired to ensure they are reflective
of the dynamic patterns over time which might change.

Expanding Data Collection: we can help improve model reliability by using more diverse and
voluminous data, especially for low represented classes, which in turns will strengthen the results
besides varying different situations

Advanced Techniques: Apart from examining advanced techniques such as Ensemble Learning and
Boosting, going a step further with Deep Learning models will always give a better outcome, especially
when dealing with large and complex datasets such as this.

The integration of these advanced mathematical techniques into Random Forest classifiers represents
a significant leap forward in the development of machine learning models capable of handling
complex, nuanced tasks such as image-based classification for disease detection. This integration not
only enhances the predictive accuracy but also improves the model's interpretability and adaptability
to new challenges. Through the strategic application of Bayesian optimization, gradient and Hessian
computations, advanced evaluation metrics, and regularization techniques, RF classifiers can be
tailored to meet specific performance criteria, ensuring their effectiveness in critical applications
across various fields. This holistic approach to model refinement underscores the importance of a deep
mathematical foundation in driving the evolution of machine learning technologies.

Implications for Veterinary Health and Policy

Policy Development: The policy recommendations from the study done have a huge bearing on the
government in implementation of laws that govern animal health sector. With the help of
epidemiological methods such as pinpointing the main risk factors and areas where the disease is
prevalent the most, policymakers may implement more and more successful disease control strategies.
Such disparate measures could be by way of vaccination drives in those areas, quarantine regulations,
and livestock movement prohibition between counties to stop LSD from spreading.

Veterinary Practices: Veterinarians and cattle farmers can utilize the outcomes from this study for
better diagnoses, treatment regiments and techniques. Through knowledge of the clinical symptoms
and risk prediction factors of LSD there could be a quicker diagnosis and more focused treatments,
reducing morbidity and mortality standard for the illness. Moreover, such models can be applied to a
livestock pathology monitoring to facilitate prompt outbreak detection.

Community Engagement: Communities based disease control strategies are essential for involving
the local community. Education and awareness campaigns will tell the livestock farmers about LSD
symptoms, the importance of timely going to the veterinarian clinic, the efficient curing and prevention
of the disease. Community-based methods have the potential to increase the impact of disease control
inasmuch as they incorporate the determination of the population and participation of all stakeholders
in livestock care.

Conclusion: This research presents a groundbreaking advancement in non-linear classification
through the introduction of an enhanced Random Forest classifier. By leveraging a novel Bayesian
optimization approach that integrates gradient and Hessian computations, we aimed to enhance both
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the accuracy and computational efficiency of the model, particularly when applied to image data
pertaining to lumpy skin disease. Through a rigorous series of experiments, we statistically evaluated
the performance of our proposed classifier against traditional models, utilizing a comprehensive
dataset of annotated images depicting various disease stages.

Our results unequivocally demonstrate the superior performance of our model in terms of accuracy,
sensitivity, and specificity. Crucially, Bayesian optimization played a pivotal role in fine-tuning the
hyper parameters of the classifier, resulting in significant improvements in learning rates and decision
boundary formations. This optimization strategy not only enhances the model's predictive capabilities
but also streamlines computational resources, making it a highly efficient tool for real-world
applications.

This paper meticulously outlines our methodology, experimental setup, and statistical validations,
providing a comprehensive understanding of our approach's efficacy. Importantly, our findings
underscore the potential of the improved Random Forest classifier as a potent tool for veterinary
diagnostics, particularly in the context of lumpy skin disease. Moreover, the adaptability of our
approach suggests broader applicability across diverse image classification tasks, promising
advancements in various fields beyond veterinary medicine. Overall, our research represents a
significant step forward in harnessing machine learning techniques for precise and efficient disease
diagnosis and underscores the transformative potential of Bayesian optimization in optimizing
complex classifiers.
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