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This paper presents a machine learning-based prediction framework that utilizes
ensemble feature selection techniques to accurately forecast the number of new
coronavirus disease (COVID-19) infections in Thailand’s four southern border
provinces. The framework used include multiple linear regression (MLR), mul-
tilayer perceptron neural networks (MLP-NN), and support vector regression
(SVR), to classify short-term trends in new patient cases. The study evaluates
the effectiveness of these models across different provinces and demonstrates
how integrating feature selection methods: forward selection (FS), backward
elimination (BE), and genetic algorithms (GA) enhances prediction accuracy.
The findings highlight the adaptability of the models, with each province ben-
efiting from tailored model-feature selection strategies. The results show that
the predictive models align closely with real patient data, enabling authorities
to anticipate outbreaks and implement timely interventions. Moreover, the pro-
posed methodology can be applied to other epidemics, making it a valuable tool
for public health planning and preparedness. The study offers actionable in-
sights for decision-makers, emphasizing the importance of predictive modeling
in community-level outbreak management.
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1. INTRODUCTION

Coronavirus disease (COVID-19), an infectious disease transmitted through the air, was initially

termed the Wuhan virus due to its origins in Wuhan, China, where the first human case was recorded [1]].
According to the World Health Organization, as of 31 March 2024, the protracted pandemic has already caused
over 774 million confirmed cases [2]. The disease rapidly evolved into a pandemic, negatively affecting people
worldwide, leading the World Health Organization (WHO) to declare a global health emergency by the end of
January 2020. In Thailand and other parts of the world, the crisis resulted in numerous challenges that led to
pressures in the healthcare system and economic strain. A critical challenge was the need to develop rapid and
accurate methods for diagnosing and predicting the severity of COVID-19 cases to optimize resource allocation
and patient care.

The peak of the COVID-19 pandemic profoundly impacted the Thai economy. The implementation
of various restrictions led to temporary disruptions and permanent closures of businesses, causing a notable de-
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cline in the gross domestic product (GDP) in 2020 [3]. The tourism sector, in particular, suffered significantly.
Strict regulations, including mandatory quarantines for visitors, sharply decreased tourism’s contribution to the
GDP. The COVID-19 pandemic significantly altered the lifestyles of Thai people. Beyond heightened health
concerns, they had to adapt to several changes in their daily routines. Notable shifts included the rise of online
shopping, cashless transactions, online education, and remote work [4]. A survey conducted in January 2023
on online shopping behavior indicated that the majority of Thais had increased their online shopping activities.
Additionally, remote work became a common practice for many employees during the pandemic [5]. As of
March 17, 2024, Thailand had reported approximately 4.76 million confirmed cases of COVID-19. During this
same period, the country recorded 34,576 deaths attributable to the virus [6].

As COVID-19 cases continue to rise, the volume of related data grows daily, providing an oppor-
tunity for data mining to extract meaningful insights. In light of this, the development and deployment of
machine-based predictive models have become increasingly critical. These models provide a rapid and accu-
rate detection of COVID-19, addressing the challenges posed by limited testing resources. Various machine
learning techniques have been proposed for COVID-19 diagnosis and severity prediction, with feature selection
being a common approach. For instance, Shaban et al. [[/]] proposed a hybrid feature selection method combin-
ing a filter-based rapid feature selection technique with a genetic algorithm (GA) to identify the most relevant
features from chest CT images for COVID-19 diagnosis. Sun et al. [8] introduced an adaptive feature selection
guided deep forest (AFS-DF) model for COVID-19 classification, achieving an accuracy of 91.79% using chest
CT images. Other methods have explored different techniques for COVID-19 detection. Abraham and Nair [9]
combined multiple pre-trained convolutional neural networks (CNNs) to detect COVID-19 from X-ray images,
achieving accuracies of 91.16% and 97.44% on different datasets. Pourhomayoun and Shakibi [[10] applied a
variety of filter and wrapper methods for feature selection, narrowing down 42 features from an initial 112 to
predict mortality in COVID-19 patients with 93% accuracy using a neural network algorithm. XGBoost clas-
sifiers have also been applied in this field. Wong et al. [11] used this approach to predict COVID-19 severity
with UK Biobank data, achieving an accuracy of 86.68%. Similarly, Yan et al. [12] developed an XGBoost
model incorporating demographic factors, resulting in 90% accuracy. Yao et al. [13] applied a support vector
machine (SVM) classifier, achieving 81.5% accuracy, while Hu et al. [14] used logistic regression with an
accuracy of 85%, both studies utilizing data from Tongji Hospital [15]. Sun ef al. [16] created an SVM model
using data from the Shanghai Public Health Clinical Centre, achieving 87.75% accuracy. Additional research
has tested these models on different populations. An et al. [[17] evaluated several classifiers using data from
the Korean National Health Insurance Service, with linear SVM achieving an AUC of 96.2%. Zagrouba et al.
[18] applied an SVM model to WHO data, obtaining an accuracy of 96.7%. While these studies achieved high
accuracy in predicting COVID-19 severity, many models face limitations when applied to specific populations
or geographic regions [19]]-[21].

Five years have passed since COVID-19 was first identified, with 774 million cases and 7 million
deaths reported globally. Although the most severe phase of the pandemic is behind us, COVID-19 continues
to persist worldwide In Thailand, there has been a recent rise in hospital admissions for COVID-19, particu-
larly among severe pneumonia cases requiring ventilators, and an increase in fatalities. This surge is mainly
attributed to the higher transmissibility of the virus and reduced adherence to preventive measures Health offi-
cials in Thailand have reported 23,245 cases between January 1 and June 8, with 2,762 cases recorded in the
week of June 2-8. Several regions, including the Northeast, Southern, Eastern areas, Bangkok, and surrounding
areas, have seen a notable increase in cases [22]. In some regions, particularly the southern provinces, existing
machine-learning models for COVID-19 prediction have not been widely tested. There is also a growing need
for models that integrate diverse data sources while accounting for the local healthcare context. Thus, this study
proposes an ensemble feature selection-based classification system designed to address the specific needs of
Thailand’s southern provinces. Our approach utilizes multiple machine learning techniques, including multi-
ple linear regression (MLR), multilayer perceptron neural networks (MLP-NN), and support vector regression
(SVR), to predict COVID-19 severity with higher accuracy. By focusing on region-specific data, we aim to
provide a more tailored prediction model for COVID-19 cases in Thailand.

This article has four detailed sections as follows: section 1 is the introduction. Section 2 is the method
consisting of the experimental dataset, feature selection, MLP-NN, SVR, performance evaluation, implemen-
tation process, and data preparation. Section 3 is the results and discussion and section 4 is the conclusion.
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2. METHODS
2.1. Experimental dataset

The evaluation of the method is carried out by using data derived from the Department of Disease
Control, Ministry of Public Health, Thailand, which has COVID-19 situation reports in Thailand [23]]. In
this paper, we used data from four southern provinces in Thailand as a case study. As highlighted in the
introduction, the southern region has experienced a rise in COVID-19 infection cases, primarily due to the
prevalence of large family households. These provinces were selected because they are all situated in the
southern region, where the increasing number of new patients presents a relevant context for this study. Table|I]
shows the area, population, and density of population per area of the four southern provinces, which is the data
collected by the Center for Information and Communication Technology, Office of the Permanent Secretary,
Ministry of Interior, Thailand. Figure [T]shows the locations of the four southern provinces that were used as a
case study consists of Songkhla Province, Pattani Province, Yala Province, and Narathiwat Province.

Table 1. The area, population, and density of population per area of each province

Province Area (km?)  Population (people)  Density (people/km?)
Songkhla 7393.89 1,401,303 189.52
Pattani 1940.35 686,186 352.64
Yala 4,521 542,848 120.07
Narathiwat 4,475.43 774,799 173.12
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Figure 1. The locations of the four southern provinces that were used as a case study created using ArcGIS
software [24]]

The data obtained from COVID-19 situation reports consists of COVID-19 new patients, cumulative
patients, stay persons, healer persons, and deceased persons, who received 1 dose of vaccination, who received
2 doses of vaccination, and who received 3 doses of vaccination. The method to evaluate the data COVID-19
situation reports every day from the websites of the Department of Disease Control, Ministry of Public Health,
and Thailand during the period from the start of April 2021 to the end of December 2021.
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Table[2]provides the basic statistical values of daily COVID-19 new patients in four southern provinces.
From these data, it can be seen that the number of new COVID-19 patients was high. The average number of
new COVID-19 patients for the four southern provinces shows variation with a narrow band between 158 and
247 people; while the standard deviation at each province varies, falling in the range of 155-201 people, the
data distribution is relatively broad.

Table 2. The basic statistical values of COVID-19 new patients of four southern provinces

Province Minimum  Maximum  Average Standard deviation
Songkhla 0 697 246.89 191.08
Pattani 0 669 180.41 166.43
Yala 0 785 180.01 200.52
Narathiwat 0 618 158.15 155.54

2.2. Feature selection

An essential step in predictive modeling is selecting an appropriate subset of features to serve as input
variables. Excluding key features may significantly compromise the model’s predictive performance, while
incorporating too many irrelevant variables can reduce accuracy and increase the training process’s compu-
tational complexity. This study explores three feature selection methods: forward selection (FS), backward
elimination (BE), and GA.

FS follows a stepwise approach, where features are added to the model incrementally. At each itera-
tion, the algorithm evaluates the inclusion of each unused feature based on its correlation with the dependent
variable. The process begins with an empty feature set and sequentially incorporates features that improve
model performance. The addition of new features halts when no statistically significant improvement is ob-
served, as demonstrated in Table [3][25].

Table 3. Illustrative example of the FS and BE processes for identifying relevant features

FS BE

Input: {Sl, S2, 53,54, S5} Input: {Bl, B, B3, By, B5}
Initial set of features: {} Initial set of features:
:>{S1} =>{B1,BQ,33,B4,B5}
:>{Sl,54} :>{B1,BQ7B47B5}

= Add a feature: {S1,S4,S5} = Remove a feature: {B1, B2, Bs}

Feature selection methods were implemented using RapidMiner, which offers a Python integration
library available on GitHub. The BE technique, on the other hand, initiates with a full model that includes all
candidate features. In each step, the feature with the highest p-value, indicating the weakest contribution, is
considered for removal. If this value exceeds a predefined significance threshold, the feature is excluded. This
iterative process continues until the model retains only those features that contribute meaningfully, as detailed
in Table[3][26].

The GA is a method for finding the optimal solution to a problem by mimicking natural evolution,
based on Charles Darwin’s theory of natural selection [27]. It is one of the techniques in artificial intelligence,
where new generations are created through processes similar to genetic evolution, inheriting various character-
istics from previous generations. The flowchart describing the GA is presented in Figure 2]

Furthermore, the steps involved in this genetic method are described as follows:

Step 1 Chromosome encoding: chromosome encoding is an important step in the GA. Each position in a string
represents a gene in a chromosome that contains a feature of the solution. An n-bit binary integer can
be used to encode the mix of randomly chosen properties that make up each chromosome. Each bit, or
gene, stands for a distinct feature, with O denoting a “not selected feature” and 1 denoting a “chosen
feature.” Each chromosome is encoded by an 8-bit binary number that represents each of the eight
features in our data as consists of new COVID-19 patients (N P;), cumulative patients (C'P;), stayed
person (S P;), healer person (H P,), deceased people (D F;), people who received 1 dose of vaccination
(RV1,4), people who received 2 doses of vaccinations (RV3 ), and people who received 3 doses of
vaccinations (RV3 ;), respectively. Here, there are 256 chromosomes, and each set is unique.

Step 2 Population initialization: in this step, the population is randomly generated by selecting 10 chromo-
somes at random from the 256 available. Several features on this specific chromosome will be used as
inputs for the prediction model, which serves as a fitness function for the GA.
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Step 3 Fitness evaluation: for this step, the fitness score that determines each chromosome’s suitability can be
calculated from the fitness function. In this paper, prediction models for the COVID-19 new patients are
used as fitness functions, i.e., MLR, MLP-NN, SVR, to calculate the fitness score of each chromosome.

Step 4 Selection: the most suited chromosomes are chosen, and the genes from these chromosomes are passed
on to the following generation. Chromosome pairs are chosen to serve as the reproduction’s “parents.”
The high fitness scores of chromosomes have a better probability of getting chosen.

Step 5 Crossover: in this step, a crossover point is randomly selected for each mating pair, guided by a
crossover probability within the interval [0,1] [28]. This operation involves the exchange of genetic
material between parent chromosomes to generate two new offspring. These offspring are then incor-
porated into the new population, ensuring that the size of the next generation remains equal to that of
the original population.

Step 6 Mutation: the general concept of mutation is to randomly select the genes and change the values of the
genes under the probability in the range of [0,1] [28] to avoid duplicate chromosome problems.

Step 7 Replacement: the current population is replaced with the new population of the same size, and then
the algorithm is repeated for steps 3—6 until it reaches a termination condition, i.e., it converges to the
solution or its iterations reach the maximum number.

’ Chromosome encoding ‘

!

’ Initial population ‘

v

’ Fitness evaluation ‘

.

’ Selection ‘

l

’ Crossover ‘

|

’ Mutation ‘

!

’ Replacement ‘

No
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Figure 2. The procedure of the GA

In this paper, independent variables are COVID-19 new patients, cumulative patients, stay persons,
healer persons, deceased persons, those who received 1 dose of vaccination, those who received 2 doses of
vaccination, and those who received 3 doses of vaccination; whereas, the dependent variable is for COVID-19
new patients at each province 5 days ahead. The MLR model is expressed in (1):

Z:a0+a1Y1+a2Y2+.‘.++apr+e (1)

where Z is the predicted COVID-19 new patients, Y; is the ith choosing independent variables, a; is the weight
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of selected independent variables for ¢ = 1,2, ..., p, ag is a constant, e is an error value, and p is the number
of choosing independent variables. The optimum values of ag and a, can be found when the least square
error occurs between the actual COVID-19 new patient and the predicted COVID-19 new patient. We utilized
RapidMiner software, which offers a Python library on GitHub for MLR integration.

2.3. Multilayer perceptron neural network

One of several neural networks in the feed-forward artificial neural network category is a MLP-NN
[29]. MLP-NN can solve the problems of data sets with linear and nonlinear characteristics, in which COVID-
19 new patients can be used as a training called, called the backpropagation, and the activation function is the
sigmoid function. Figure [3] shows the network layer, which consists of an input layer, hidden layers, and an
output layer, each of which is fully connected to all nodes.

Input Hidden Output
layer layer layer

Figure 3. MLP-NN

For the input layer, each node represents COVID-19 new patients, cumulative patients, stay persons,
healer persons, deceased persons, who received 1 dose of vaccination, those who received 2 doses of vaccina-
tion, and those who received 3 doses of vaccination, whereas the output layer gives the predicted COVID-19
new patients at each province 5 days ahead as a result. In this paper, the hidden layer has only 1 layer and the
number of hidden nodes is equal to m where the value of each hidden node is calculated from the sum of the
multiplications of input data from (2) and the weights using the sigmoid function as the activation function.
The value of the output node can be calculated from the sum of the multiplications of hidden node values and
the weights by using the sigmoid function as the activation function. This is shown in (3).

p

hi =Y winY; + wo 2)
i=1

Z=7 Bl 3)
j=1

where hy; is the value of the kth hidden node for 1,2,...,m, wj;, is the weight from Y; to hy in the closed
interval of [—1, 1], wy is the bias value from the hidden layer to the output node, p is the number of input nodes,
Z is the output node, and $3; is the weight from hy, to Z in the closed interval of [—1, 1].

2.4. Support vector regression

SVR s a type of SVM algorithm adapted for regression tasks. It functions as an approximation method
designed to predict continuous values using data points referred to as support vectors. The goal of SVR is to
determine a function f(z), as shown in (4), that deviates from the actual observed values (Y;) by no more than
a predefined margin ¢, while maintaining the flattest possible regression function [30].
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In this study, a convex optimization approach is applied to SVR by incorporating a soft margin loss
function. This involves the introduction of slack variables (¥;, 97 ) to handle constraints that cannot be satisfied
within the einsensitive zone. The corresponding optimization formulation is presented in (5):

f(@) = (w,z) +b )

Here, w € R™ and b € R, with (-, -) representing the dot product in R", and ||w||?> = (w, w). The parameter b
is a bias term.

!
_ 1 .
minimize §||w|| +C Z(ﬁz +97) ®)

i=1

subject to:

Y — (w,z;) —b< e+,
(wyz;) +b-Y; <e+ 9],
¥4, 97 > 0.

The constant C' determines the balance between the model’s flatness and the degree to which devia-
tions larger than ¢ are penalized.

2.5. Performance evaluation

In this research, four standard statistical models are used as assessment criteria [31]], namely the root
mean square error (RMSE), the mean absolute error (MAE), the mean absolute percentage error (MAPE), and
the correlation coefficient (R?).These metrics ensure a comprehensive evaluation of model performance by
capturing different aspects of prediction accuracy. RMSE measures the model’s prediction error, with larger
errors penalized more heavily. It is computed as (6):

(6)

where YJ and Y are the predicted value and the observed value for j = 1,2, ..., P and P is the number of data
to predict COVID-19 new patients. RMSE can measure goodness-of-fit and describe the predicted average
error. MAE calculates the average absolute difference between observed and predicted values, while MAPE
expresses the error as a percentage, making it useful for comparing errors across datasets with different scales.
They can be computed as (7) and (8):

P A
100 Y +Y;
MAPEf?Z] v | (7)
j=1
1 P
MAE = 5> [Y; — Y] ®)
j=1

The statistical model that we use to find the relationship between the predicted values and the observed
values is the correlation coefficient, R2, which can be calculated by (9):

) > (Y — py) (Y5 = py)
VELL G = )2 S0 (Y = oy )?

where piy- and py are the average predicted value and the average observed value.

R

©))
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2.6. Implementation process and data preparation

To predict the number of new COVID-19 patients in each province 5 days ahead (N Py, 5), we propose
amodel that integrates a feature selection method with supervised learning for regression problems. This model
ranks the COVID-19 new patient predictions across four provinces. Given the absence of a clear premise that
input features influence the prediction of new COVID-19 cases, we utilize a feature selection method to identify
only the associated features. Subsequently, these features serve as input to the supervised learning models for
regression.

Each feature (NP, CP,,SP,, HP,, DP,, RV1 1, RV, RV3 ;) possesses a distinct unit of measure-
ment. As a result, the raw data must be standardized to ensure comparability. This is accomplished by using
a standard normalization method, which rescales all values to fall within the interval [0, 1] [32]. The resulting
normalized values are stored in Dataj, where j = 1,2,3,4. Following normalization, the data are further
transformed into a mean of zero and a standard deviation of one. The normalization process is defined as:

Y-y

y = (10)
s

where y/ is the normalized data, y is the original data, ¥ is the mean of the original data, and s is the standard
deviation of y,.

The flowchart illustrating the proposed method for predicting COVID-19 cases 5 days in advance,
using provinces as case studies, is presented in Figure[d]

Data preparation Predicting process of COVID—19

resultyy, =0

errory, = ©

Data = Datay,

Select feature

result
Data; = predicted NP5

j<N No

| ves

Normailze

errarap =err
result,, = result

!

el e ]

I No

error,, = err
result,, = result

i

j=j+1

Ranking arrangement
for all four provinces of NPy

Figure 4. The flowchart of the proposed method for predicting COVID-19 new patients for 5 days ahead,
using provinces as case studies

The prediction procedure begins by utilizing the dataset from each province, denoted as Data =
Datay, for k = 1,2, ..., PV. Relevant features for forecasting new COVID-19 cases are extracted from Data
using various feature selection techniques. During each iteration, the data Datay is input into supervised
regression models to estimate the number of new patients expected over the next five days. The predicted
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values and their corresponding root mean square errors (RMSE) are stored in result = predicted N P45
and err = RM SF, respectively. The prediction yielding the lowest RMSE is retained as the initial optimal
outcome, labeled result,,, with its associated error stored as error,,. In cases where the total number of
provinces exceeds four, the final prediction output is based on the value stored in result,,.

For each province, we utilize the optimal prediction results result,, to rank the COVID-19 new
patients at t + 5 in order from 1 to 4.

The prediction process combines feature selection with supervised learning models for regression,
necessitating specific parameter settings as shown in Tables [4]and [5]

Table 4. Parameter settings for the feature selection methods
Feature selection ~ Parameter setting
FS -
BE -
GA Population size = 10
Maximum number of iterations = 100
Probability of crossover = 0.5
Probability of mutation =
where o is the total number of features in a chromosome

Table 5. Configuration of parameters for supervised regression models
Model Parameter setting
MLR -
MLP-NN  Acceptable error = 0.0001
Learning rate = 0.01
Maximum number of iterations = 200
Number of hidden layers = 1
Number of hidden nodes = m = [pT-H] +1
where p is the total number of input nodes
SVR Cc=0
e = 0.0001
Kernel type = dot product (linear)
Maximum number of iterations = 100, 000

3.  RESULTS AND DISCUSSION

This study utilizes data collected from four provinces. To develop and test the models, 80% of the
data, arranged chronologically, was allocated for training, while the remaining 20% served as the test set.
Four commonly used evaluation metrics were applied to assess the accuracy of the predictions: RMSE, MAE,
MAPE, and the coefficient of determination (R?). The outcomes demonstrate that careful model selection and
performance evaluation are essential for accurately forecasting new COVID-19 cases, as they reveal both the
strengths and limitations of each modeling approach.

The experiments were conducted in three distinct phases using the same dataset. In the first phase,
data from each province were used to forecast the number of new cases over a five-day horizon using three
supervised regression models: MLR, MLP-NN, and SVR. Among these, SVR generally yielded superior per-
formance across most provinces, indicating that nonlinear models may offer advantages for this data type.

The second phase introduced feature selection by applying three techniques such as FS, BE, and GA,
to identify the most relevant features. These selected features were then used with the same three regression
models to predict new cases over the next five days. This step aimed to improve performance by eliminating
irrelevant or redundant information.

In the third and final phase, the optimal prediction results obtained from the second phase were used
to rank the provinces based on the projected number of new cases over the following five days.

During the first phase, no feature selection methods were applied. The models directly utilized the raw
features from each province’s dataset to perform five-day-ahead predictions using the three supervised learning
algorithms.

Table 6 demonstrates that SVR consistently yields a lower RMSE than MLR and MLP-NN, par-
ticularly in Songkhla and Pattani provinces, indicating that SVR effectively captures the data’s underlying
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non-linear relationships. In contrast, MLP-NN performs best in Yala province, where data patterns appear
more complex.

Table 6. The COVID-19 new patient predicting results of each province using three models

Province
Model Songkhla Pattani Yala Narathiwat
MLR RMSE 432.5 203.54 177.101 179.124
MAE 394.631 196.974  170.552 174.316
MAPE 342.31 286.52 279.05 631.08
R? 0.044 0.772 0.684 0.681

MLP-NN  RMSE 186.511 247.583  106.858 170.837
MAE 141.807 239.562 56.132 158.609

MAPE 95.30 334.20 93.01 650.24
R? 0.118 0.598 0.426 0.014
SVR RMSE  178.71 116.839  113.108 152.22

MAE 149.904  103.093  99.433 145.019
MAPE 146.61 181.19 231.73 577.26
R? 0.329 0.571 0.182 0.687

The results reveal that each model has a different performance across the four provinces, likely reflect-
ing the varied nature of data across these regions. MLP-NN performs best for Yala province, suggesting that
this model may better capture the complex patterns in the data specific to Yala province. In contrast, SVR out-
performs the other models in Songkhla, Pattani, and Narathiwat provinces, indicating it might be more suited
to regions with data characteristics favoring non-linear relationships. This implies that local conditions, such
as population movement, healthcare interventions, or reporting practices, may influence model performance.
In the second phase, three feature selection methods were combined with three supervised regression models,
resulting in nine distinct method combinations for forecasting the number of new patients. Table[7] presents the
best-performing method combination identified for each province. The addition of feature selection improves
prediction accuracy, emphasizing the importance of selecting relevant features to reduce noise and computa-
tional overhead. Our findings align with prior studies by Shaban et al. [7] and Pourhomayoun and Shakibi [10]
which demonstrated that feature selection techniques improve model performance without compromising pre-
diction accuracy. Similarly, Pudjihartono et al. [33]], as well as Theng and Bhoyar [34]], emphasized that feature
selection enhances generalization by eliminating irrelevant features, reducing noise, and mitigating the risk of
overfitting. The five-day-ahead prediction results for each province, obtained after applying feature selection
techniques before training the three supervised regression models, exhibited lower RMSE values compared
to those generated in the first phase without feature selection. The results demonstrate that applying feature
selection techniques improves model performance by focusing on relevant features, reducing noise, and thus
lowering the RMSE values across all provinces. For example, using FS with MLP-NN in Songkhla province
achieves an RMSE of 51.5, the lowest for that region, confirming the value of reducing dimensionality in fea-
ture selection. Similarly, BW with MLP-NN performs best in Pattani province, reflecting the benefit of BE
in this region. In Yala and Narathiwat provinces, SVR combined with FS or BW achieves the lowest RMSE,
reinforcing the strength of SVR in non-linear modeling when relevant features are carefully selected. These
results highlight the importance of tailoring the model-feature selection strategy to each region’s unique data
characteristics.

Table 7. The five-day forecasts of new patient cases in each province generated using a combination of feature

selection methods and supervised regression models
Province Feature selection ~ Supervised learning model RMSE  MAE  MAPE RZ

Songkhla FS MLP-NN 51.506  35.689 15.07  0.931
Pattani BW MLP-NN 50.048 36.772  41.79  0.822
Yala FS SVR 46.391  40.389 84.40  0.729
Narathiwat ~ BW/FS SVR 46.210 35201 10843  0.698

For the third phase, we propose to use the optimal prediction results from the second phase to take
new patient ranking of four ranks from all four provinces. The ranking analysis is valuable for identifying
regions with higher risks of increasing new patients, enabling healthcare authorities to prioritize interventions.
Our findings show that 62.96% of predictions achieved full ranking accuracy, highlighting the robustness of
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the proposed methodology. However, occasional inaccuracies suggest the need for further refinement. This
highlights the inherent challenge in forecasting, given the unpredictable nature of the COVID-19 pandemic.
Factors such as sudden outbreaks, policy changes, or new variants may impact forecasting accuracy. The rank-
ing results for predicting new patients of all four provinces are shown as Table 8.

Table 8. The ranking results for predicting new patients of all four provinces
The number of times as the correct ranking ~ The number of times (times) ~ As a percentage

Zero correct rank 1 1.85
One correct rank 1 1.85
Two correct ranks 17 31.48
Three correct ranks 1 1.85
Four correct ranks 34 62.96
Total 54 100

This study utilized daily data from provinces in Thailand, which included the number of new cases,
cumulative cases, active cases, recovered individuals, deaths, and the number of people who received one, two,
or three doses of the COVID-19 vaccine. These data were sourced from the Department of Disease Control,
Ministry of Public Health, Thailand. For each province, 275 data points were initially used, with 80% allocated
for training the models and 20% reserved for testing. The optimal prediction model was determined based on
the results with the lowest RMSE value.

In the first experimental phase, where all features at the monitoring station were included without
prior selection of features, SVR produced the most accurate forecasts for the three provinces, i.e., Songkhla,
Pattani, and Narathiwat provinces. In contrast, MLP-NN achieved the best performance for Yala province.

In the second phase, after applying feature selection techniques to retain only the most relevant fea-
tures before feeding the data into the supervised learning models, it was observed that prediction performance
improved across all three models.

This improvement suggests that feature selection is critical in enhancing prediction accuracy, espe-
cially in multi-dimensional datasets. FS and BW consistently improve RMSE across regions, confirming that
eliminating irrelevant or redundant features leads to better generalization of the models. This finding aligns
with prior studies emphasizing the value of feature selection in predictive modeling. However, some limita-
tions remain in the study. First, the dataset size, with only 275 observations per province, may restrict the
generalizability of the models to other regions or future scenarios. Second, while RMSE is the primary crite-
rion for selecting optimal predictions, other metrics such as MAE or MAPE might provide additional insights
into model performance, especially for regions with high variability. Future work could explore incorporating
ensemble learning techniques to combine predictions from multiple models, potentially improving forecasting
robustness. Additionally, expanding the dataset by including data from more provinces or longer timeframes
could enhance the model’s performance and applicability to other contexts.

From RMSE in Table 7, the results from using FW and BE can also be used depending on the data of
each province. This flexibility in model selection highlights the adaptability of the approach, allowing health-
care practitioners to select models based on specific regional needs. The findings provide valuable insights for
policymakers, who can leverage these predictions to allocate resources more efficiently and develop targeted
interventions to mitigate the impact of COVID-19.

4. CONCLUSION

From the data we studied, we successfully predicted the number of new COVID-19 patients and
ranked the number of patients by province, focusing on the province where we live and nearby provinces.
Our study shows that the predictive models we implemented, while designed for short-term forecasts, closely
align with real data, demonstrating their effectiveness. This suggests that the mathematical models we used
are practical tools for anticipating trends in new patient numbers. By providing early warning signals, these
models equip healthcare authorities with the ability to prepare in advance, allocate resources efficiently, and
implement timely interventions to mitigate the impact of future outbreaks.

Our approach is not limited to these specific provinces or even to COVID-19; the methodology can
be extended to other provinces and adapted to forecast new outbreaks of different infectious diseases. This
flexibility ensures that our work has broad applicability in public health planning. Further applications could
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include supporting regional decision-makers in tailoring healthcare strategies or integrating the models with
real-time surveillance systems to enhance outbreak monitoring.

While the study demonstrates promising results, future research could extend these models by incorpo-
rating additional variables, such as mobility patterns or environmental factors, to improve prediction accuracy.
Exploring ensemble models could also enhance forecast robustness. Ultimately, our findings contribute to the
growing body of research on epidemic forecasting, demonstrating how mathematical models can serve as vital
tools in community-level outbreak management and preparedness.
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