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Abstract

Support Vector Regression (SVR) is a machine learning technique designed to
predict continuous values by extending the principles of Support Vector
Machines (SVM) into regression tasks. The performance of SVR models can be
constrained by the selection of hyperparameters, which significantly affect the
model’s predictive accuracy. To overcome this challenge, Genetic Algorithms
(GA) can be utilized to optimize the hyperparameters of the SVR model. The GA
demonstrated a steady improvement in fitness over 100 iterations. In this study,
researchers focus on optimizing SVR for improved predictive accuracy in
analysing cross-sectional data related to COVID-19 pandemic in Sulaymaniyah
governorate. By leveraging GA for hyperparameter tuning, our research aims to
evaluate the performance of a SVR with GA combined for optimizing complex,
non-linear relationships in cross-sectional data, and improve the accuracy of the
SVR model through GA. While previous research has explored optimizing similar

models, to the best of the researchers' knowledge, this is the first study to apply
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such an optimized model to this specific dataset in Irag and for medical field.
The integration of SVR with Genetic Algorithms represents a novel approach in
predictive modeling for COVID-19 pandemic related complications. Initially, the
GA achieved a low mean fitness value of 0.0451, which steadily increased,
reaching a peak of 0.0792. The results underscore the efficacy of this hybrid
approach in finding optimal solutions, with predictions showing good alignment
with actual data values. Overall, the integration of GA and SVR provided a robust
method for solving complex optimization problem:s.

Keywords: Support Vector Regression (SVR), Genetic Algorithms (GA), Prediction
Accuracy, Optimization Techniques.
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1.1 Introduction

SVRhas shown promise as a powerful machine learnowg for regression tasks

in healthcare, particularly for predicting complex medical outcomes (Farhadian

et al.,, 2020). SVR is well-suited for handling non-linear relationships and high-
dimensional data. Coronavirus pandemic (COMI®) is an infectious disease
caused by the SAR®V2 virus, a member of the coronavirus familyhe
pandemic is prevaént in many regions, includin@ulaymaniyahgovernorate in

Irag, where it poses a significant health challenge. Early detection and accurate
assessment ofpandemic severity are crucial for effective manageme®mpla &
Scholkopf, 2004), making SVR an ideal candidate for modelling HRCT values in
patients. Despite its effectiveness, the performance of SVR models can be
limited by the choice of hyperparameters, which directly influence the model’s
predictive accuracy (Lessmann et al.,, 2006). To address this limitation, GA can be
SYLX 28SR  F2NJ 2LIWAYATAY3I GKS { +twhbee¥2RSH
widely applied in medical data analysis, particularly for predicting complex, non-
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to handle high-dimensional data and its robustness in non-linear scenarios make

it ideal for medical applications like pandemic severity prediction (World Health
Organization,2020). GA are effective tools for optimizing machine learning
models, particularly in high-dimensional, complex medical data. GAs are used to
fine-tune SVR models, improving their predictive accuracy by efficiently
searching foroptimal hyperparameters (Fofanah & Hwase 2022). In COVIEL9
pandemi¢ predicting pandemic severity and complications, such as organ
damage, is crucial for effectiv@anagement. HRCT imaging is commonly used to
assess iron overload, but predicting HRCT values from clinical data remains
challenging (World Health Organization, 2020).

Genetic Algorithm Optimization (GAO) has been increasingly used to enhance
the performance of SVRby optimizing hyperparameters, selecting features, and
improving kernel functions. One major application of GAO SWR is for
hyperparameter tuning, where GA has been shown to outperform traditional
aSlk NOK YSUK2RA AY FAYRAY3 2LIOA YL f Al £
epsilon, thereby improving prediction accuracy (Yuan, F.C., 20Adiitionally,
GA is widely used for feature selection in SVR, helpindirtonate irrelevant or
redundant features, which can lead to simpler models with better
generalization. He et al. @008 demonstrated that Ghased feature selection
significantly enhanced the performance of SVR in time series forecasting.
Moreover, GA has been employed for kernel selection, where it helps determine
the most appropriate kernel function for a given dataset, leading to higher
predictive accuracy (Shafizadeh et al., 2017). Finally, hybrid GA-SVR models have
been proposed to further improve SVR performance by combining the
optimization capabilities of GA with the predictive power of SVR, particularly in
complex regression tasks (Li et al., 2018). These studies collectively highlight the
effectiveness of GA in enhancing various aspects of SVR, making it a valuable
tool in regression modeling. In doing so, this study contributes to the field by
enhancing the predictive accuracy of SVR models for COVID-19 pandemic
severity. The integration of GA optimization refines the SVR model, improving its
ability to capture complex, non-linear relationships in medical data. This

approach not only improves prediction reliability but also contributes to
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personalized medicine by identifying key clinical predictors of disease severity.
Additionally, the study provides valuable insights specific to Sulaymaniyah
governorate, aiding in public health decision-making and resource allocation,
and demonstrates the potential of advanced machine learning techniques in
real-world healthcare applications. In addition, this study aims to optimize the
SVR model using GA for predicting HRCT values in patients in Sulaymaniyah
governorate. By focusing on clinical predictors such as age, diabetes status, WBC
count, BMI, and pandemic presence, this research seeks to develop a more
accurate and robust model that can support personalized treatment strategies
and improve clinical decision-making.

2 Methodology
2.1 Support Vector Regression (SVR)

The main goal of SVR is to find a function that approximates the underlying
relationship between input variables and continuous output values. This
function should ideally fit the data within a specified margin of error, denoted by
a threshold called €. The regression function is generally represented as (Li et al.,
2018):

f) =[w,¢@)]+b - (1)
where:
w is the weight vector that determines the importance of each feature.

¢(x) is a kernel function that maps the input features into a higher-
dimensional space to facilitate the modeling of complex relationships.

b is the bias term that adjusts the function output.

2.2 Loss Function

SVR employs the e-insensitive loss function, defined as:

0 if ly; = f(x)] < €

Le O f () = {lyi —fx)l— € otherwise - (2)
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This loss function allows for a margin of tolerance, meaning that small deviations
within the € margin are not penalized, which helps in focusing on more
significant errors (Sijben et al., 2022).

2.3 Optimization Problem in Support Vector Regression (SVR)

The core of Support Vector Regression (SVR) involves minimizing an objective
function that balances the complexity of the model with the error allowed in the
predictions. The optimization problem can be formulated as follows (Lessmann
et al., 2006):

Objective Function, the goal is to minimize the following objective function:

n
1
miny, =5 IWIZ+C ) g ~(3)
i=1

Subject to the constraints:
Vi _f(xi) <€+ Ei
f) =y <ety 520

In this formulation, C is a regularization parameter that controls the trade-off
between model complexity and error tolerance, while § are slack variables that
account for deviations from the e-insensitive margin.
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Figure 1: one dimension of SVR
2.4 Dual Formulation
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The dual formulation of Support Vector Regression (SVR) is an important aspect
of the methodology, allowing for more efficient optimization, especially in high-
dimensional spaces. By converting the primal problem into its dual form, we can
leverage the properties of Lagrange multipliers and kernel functions. To enhance
computational efficiency, the optimization problem is converted into its dual
form:

n

maxy p= 2?:1(ai - ﬂz) Yi — % ?:1 2j=1(ai - ﬂz) (Olj - ,3]) K (Xi - ,Bx]) .. (4)
Subject to:
iei(a; = B =0 0<a,B; <C

Here, K(xl-,xj) is a kernel function that computes the similarity between input

vectors, facilitating non-linear regression (Lessmann et al., 2006).

2.5 Kernel Selection

Kernel selection is a critical aspect of SVRthat influences the model's ability to
capture complex relationships in the data. Kernels allow SVR to operate in high-
dimensional feature spaces without explicitly mapping the input data to those
spaces, thereby enabling effective modeling of non-linear relationships. Here is a
detailed overview of common kernel functions used in SVR and considerations
for selecting an appropriate kernel. The SVR supports various kernel functions to
accommodate different types of data distributions (Sijben et al., 2022):

. Linear Kernel: K(x;,x;) = x;"x;
. Polynomial Kernel: K (x;, x;) = (x;"x; + c)d
. Radial Basis Function (RBF) Kernel: K (x;,x;) = exp (—y||xl- - xj||2)

The choice of kernel impacts the model's ability to capture complex patterns in
the data.

2.6 Training the Model

During the training phase, the optimization problem is solved to determine the
optimal weights w and bias b. The support vectors, which are the data points
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lying outside the e-tube, play a crucial role in shaping the regression function
(Sijben et al., 2022).

2.7 Making Predictions

After training, the model can predict new outputs using the learned parameters:

f(x) = Z i =In(a; — B) K(xi,xj) +b ..(5)

This equation allows for the generation of predictions based on the input
features and the learned support vectors (Sijben et al., 2022).

2.8 Methodology of Genetic Algorithm (GA)

GAs are a class of optimization techniques inspired by the principles of natural
evolution and genetics. Developed in the 1970s by John Holland, GAs simulate
the process of natural selection, where the fittest individuals are selected for
reproduction to produce the offspring of the next generation. This approach
enables GAs to explore complex search spaces and find optimal or near-optimal
solutions to a variety of problems. The below steps show how GA is working
(Kakarash et al., 2022).

1. Initialization

« Population Creation: Generate an initial population P©) of N candidate
solutions (individuals). Each individual xi in the population can be
represented as a chromosome (Hassanat et al., 2019):

P(O) = {x1;x21 ...,XN} (6)
2. Fitness Evaluation

« Fitness Function: Define a fitness function f(x) that evaluates how well
each individual solves the problem. The fitness of each individual s
calculated as (Hassanat et al., 2019):

F@) = f(x) - (7)

where: F (i) is the fitness score for individual x;.
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