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Abstract. This research aims to develop a model for predicting the number of patients.
The number of patients is crucial information as it can be used for budget planning in
the next year. Researchers aim to develop a model to provide more accurate predictions
using machine learning techniques and Particle Swarm Optimization (PSO) to adjust
parameters. There are many available machine learning techniques, each with different
prediction performances depending on the problem being solved. Therefore, this research
proposes using hybrid machine learning techniques to create a better model. Addition-
ally, PSO encounters the problem of trapping in local optima. To reduce and address
this problem, this research proposes adding a re-initialization technique into the PSO
process. The proposed technique can yield higher accuracy and was tested on two stan-
dard datasets, the heart disease dataset (heart dataset) and the boston housing dataset
(housing dataset), as well as the number of patient datasets (patient dataset), which can
be used in practice. The experimental results show that the proposed technique provided
more satisfactory results across all datasets compared to other techniques.
Keywords: Particle swarm optimization, Support vector machine, Extreme gradient
boosting, Trapping in local optimum, Machine learning, Data migration

1. Introduction. The National Health Security Office (NHSO) Thailand is a government
agency that provides healthcare services to all Thai citizens. NHSO needs to plan the
budget allocation for each hospital, which requires knowing the number of patients in
each hospital. The number of patients can be predicted using machine learning, a widely
used technology for prediction [1-13]. Machine learning requires past data on the number
of patients at each hospital in order to predict future patient numbers.

The data migration problem involves creating a plan to move data objects stored on
network devices from one configuration to another [14]. For the data of the National
Health Security Office of Thailand, the existing system uses the COGNOS program and
Oracle database. This setup cannot be used for data analysis and prediction. Addition-
ally, searching and displaying data from Big Data [15] are slow. In order to enable data

DOI: 10.24507/icicelb.16.07.709

709



710 S. KOSOLSOMBAT, C. RATANAVILISAGUL AND T. SIRAAKSORN

analysis and prediction, as well as faster searching and displaying data from Big Data,
this research necessitates a Data Migration using Apache Hive. To measure the efficiency
of algorithms, two standard datasets were used and another dataset from the predic-
tion of the number of patients from NHSO. The first dataset is heart dataset [16]. This
dataset is used to compare the classification performance of algorithms. The secondary
dataset is housing dataset [17] and the third dataset is patient dataset used to compare
the regression performance of algorithms.
Many researchers [1-7] have modified or hybridized techniques such as Support Vector

Machine (SVM), Gradient Boosting, Random Forest (RF), Näıve Bayes, Logistic Re-
gression (LR), and K-Nearest Neighbors (KNN) to improve recognition rates in solving
classification problems. Many researchers [8-11] have modified or hybridized techniques
such as SVM, PSO, and Genetic Algorithms to predict various factors like market trends,
stock prices, rainfall forecasting, and node number prediction. To improve recognition
rates or prediction accuracy, several researchers [12,13] have recently proposed integrat-
ing PSO into Extreme Gradient Boosting (XGBoost) or SVM. Experimental results show
that PSO can enhance model performance. Majumder et al. [13] proposed using PSO to
adjust parameters between XGBoost and SVM to enhance the performance model. This
algorithm is referred to as a hybrid model using XGBoost and SVM with parameters
adjusted by PSO (XSPSO). XSPSO can be easily implemented, applied to other similar
problems, and further developed. Therefore, this research aims to further develop XSPSO
to improve its efficiency.
PSO is a stochastic global optimization technique used to solve optimization problems

with the primary goal of finding the global optimum of a fitness function [18]. It offers
several advantages, such as fast convergence, simplicity, and having only a few parameters
to adjust. However, it has the drawback of an increased risk of becoming trapped in
local optima [19-21]. This research proposes the re-initialization technique to address the
issue of trapping in local optima. Additionally, the XSPSO process uses PSO to adjust
parameters and select the optimal results between XGBoost and SVM. This approach is
effective because PSO performs well in choosing optimal results. Moreover, this research
proposes incorporating more prediction techniques, such as KNN, LR, and RF, and using
PSO to optimize their parameters. This will result in a more efficient model with improved
accuracy. The proposed technique was tested on the heart dataset, housing dataset, and
patient dataset, providing more satisfactory results compared to other methods.
The remainder of this document is structured as outlined below. Section 2 explains the

background. Section 3 explains the proposed method. Section 4 explains the experiment
results. Section 5 concludes this research and directions for development of this research
in future work.

2. Backgrounds.

2.1. Particle swarm optimization. Each member of the particle population is known
as a “particle” or “X”, possessing its distinct position and velocity. These particles nav-
igate the search space based on their velocities, the best position discovered among all
particles (GBEST), and their individual best position (PBEST). PSO starts by random-
ly initializing particle positions and velocities, evaluating each particle’s position based
on the objective function of the optimization problem. In each generation, every particle
updates its position and velocity using the formula below:

V ′
i,d = ϖVi,d + η1rand()(Pi,d −Xi,d) + η2rand()(Gi,d −Xi,d) (1)

X ′
i,d = Xi,d + V ′

i,d (2)

where Xi,d is the previous positions of the i-th particle in the d-th dimension, X ′
i,d is the

current positions of the i-th particle in the d-th dimension, Vi,d is the previous velocity
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of the i-th particle in the d-th dimension, V ′
i,d is the current velocity of the i-th particle

in the d-th dimension, Pi,d is the individual best position (PBEST) of the i-th particle in
the d-th dimension, and Gi,d is the global best position (GBEST) in the d-th dimension.
ϖ is the inertia weight, η1 and η2 are acceleration constants. rand() denotes a uniformly
generated random number within the range of [0, 1].

2.2. LASSO. The Least Absolute Shrinkage and Selection Operator Regression (LAS-
SO) is a significant method in regression analysis for both variable selection and regu-
larization. It removes unimportant features, helping to prevent overfitting, and shrinks
the coefficients of less influential features towards zero, making them easier to identify.
The main idea of LASSO can be simply explained as follows: LASSO regression adds a
penalty to the standard regression formula, based on the absolute values of the model’s
coefficients. LASSO consists of two key components: the least squares term (which mea-
sures how well the model fits the data) and the penalty term (which encourages some
coefficients to become smaller). LASSO can shrink some coefficients exactly to zero, ef-
fectively ignoring unimportant features. This makes LASSO a valuable tool for feature
selection by focusing on the most significant features [13,22,23].

2.3. XGBoost, SVM, LR, RF, KNN. XGBoost uses gradient-boosted decision trees
[24]. The benefits of it include high performance, suitability for large datasets, easy pa-
rameter adjustments, and effective handling of missing values. The drawbacks of it are that
it can be computationally intensive, memory-heavy, and time-consuming. It is also prone
to overfitting, especially with small datasets. SVM aims to find the optimal hyperplane
in an N-dimensional space that separates data points into different classes. The benefits
of it include its effectiveness with non-linear data and high-dimensional feature spaces,
its ability to separate classes well, and its suitability for moderately sized datasets. The
drawbacks of it include limited interpretability, and the requirement for careful parameter
adjustment [25]. LR aims to predict the probability of an instance belonging to a specific
class. It analyzes the relationship between two data factors and involves various types and
implementations. The benefits of it include wide usage, and good accuracy. The draw-
backs of it include difficulty with complex patterns, suitability for small datasets, and
limitation to linear relationships [25]. RF creates multiple decision trees using random
subsets of data and features. The benefits of it are preventing overfitting, robustness and
accuracy. The drawbacks include being suitable for medium-sized datasets, computation-
al intensity, and complexity [25]. KNN uses the concept of making predictions based on
the similarity of data points. The benefits are that it requires no training period and is
easy to implement. The drawbacks are that it does not work well with large datasets and
is sensitive to noisy and missing data [26].

2.4. XSPSO. Its core concept of XSPSO is detailed as follows. Initially, feature selection
is performed using LASSO, selecting only the features with result values from LASSO
calculations that are greater than the threshold value. In the next step, the data is divided
into two groups: one for training and one for testing. The training data is then used to train
both XGBoost and SVM to create two models. These two models are merged together,
as explained in the formula below:

fmerge(x) = w1× SVM(x) + w2× XGBoost(x) (3)

Subsequently, PSO is used to adjust the weights, w1 and w2, to achieve the best
results, with the condition that w1 + w2 equals 1. The merged model or hybrid model
with the adjusted parameters is then applied to the test data to measure performance.
The development of these techniques can be easily implemented because all techniques
can use the scikit-learn library, which is a standard library. The hybrid model with the
adjusted weights yields better results. This method is a good idea because PSO is highly
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effective for solving optimization problems. When the hybrid model is applied in practice,
it results in higher accuracy.

3. Proposal Works. As mentioned earlier, the XSPSO method can create an effective
model. However, it can be further developed to improve the efficiency of model creation by
incorporating additional machine learning techniques, such as LR, KNN, and RF, into the
hybrid model as described previously. Each algorithm has different strengths in solving
problems. For example, XGBoost may perform well on the heart dataset, while RF might
handle the housing dataset better. Therefore, adding other algorithms as options for model
building can enhance performance. In practice, we do not know which algorithm is better
for solving a problem or adjusting the parameters is suitable for solving the problem.
This issue can be addressed by applying PSO to automatically adjust parameters and
create a better model. Hence, this research proposes integrating LR, RF, and KNN into
the hybrid model and using PSO to adjust parameters, as shown in the formula below
and this method is called that hybrid model using XGBoost, SVM, LF, RF, and KNN
with parameters adjusted by PSO or XSLRKPSO.

fmerge(x) = w1× SVM(x) + w2× XGBoost(x) + w3× LR(x) + w4× RF(x)

+w5×KNN(x) (4)

The application of PSO for XSLRKPSO requires some changes as follows: w1, w2, w3,
w4, and w5 are the dimensions of the particle, which must sum up to 1.0. So, 0 ≤ Xi,d ≤ 1
and 0 ≤ Vi,d ≤ 1. The Root Mean Square Error (RMSE) is the fitness equation to RMSE
used with XSLRKPSO and XSPSO. It needs to be modified as follows:

Fitness(RMSE) =

√√√√∑M
j=1

[∑D
d=1

(∣∣Yj − Ȳj

∣∣×Xi,d

)]2
M

(5)

where Yj denotes predicted values, and Ȳj denotes actual values. M is the number of train
data. D is the number of dimensions. As mentioned earlier, when the swarm becomes
trapped in a local optimum, the solution stagnates until the search is completed. This
scenario indicates the end of the search process in PSO. Both XSLRKPSO and XSPSO
lack mechanisms for addressing being trapped in a local optimum. To solve this problem,
this research introduces re-initialization. The process involves re-initializing velocities, po-
sitions, PBEST of all particles, and GBEST when local optimum trapping occurs. For
re-initialization, instead of using random starting values for each particle, the initial value
is set to 1 for the model (XGBoost, SVM, LR, RF, and KNN) that achieved the best
results from the training step, and other models are set to 0. This ensures that the pa-
rameters adjusted by PSO do not worsen the model before merging. An indicative sign
of being trapped in a local optimum is when the number of consecutive GBEST values
remaining unchanged exceeds a threshold value. This threshold is referred to as the Re-
initialization Period (RP). RP is easily adjustable and straightforward to conceptualize
during fine-tuning [21]. This research proposed adding re-initialization into the PSO pro-
cess of both XSPSO (XSPSOR) and XSLRKPSO (XSLRKPSOR). This paper introduces
XSLRKPSOR to achieve better search results in the training phase and consequently im-
prove outcomes in the test phase or practical usage. The pseudo code for XSLRKPSOR
is provided in Figure 1.
In the context of these parameters: N represents the total number of particles, F (Xi)

corresponds to the fitness of the ‘i’ particle, F (PBESTi) is the fitness derived from PBEST
for the ‘i’ particle, PBESTi designates the PBEST of the ‘i’ particle, F (GBEST) signifies
the fitness of the global best (GBEST), CGBEST denotes the consecutive number of
unchanged GBEST values, TGBEST is the temporary fitness used to monitor changes in
GBEST, and MAXGEN is the maximum number of generations.
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Using feature selection with LASSO
Apply XGBoost, SVM, LR, RF, KNN
The best index = Select index from the best result from RMSE of XGBoost, SVM, LR,
RF, KNN
Initial velocity of each particle, PBEST, GBEST, Initial position set the best index of
position = 1 and other position set 0
For gen = 0 to MAXGEN

For i = 0 to N
Evaluate particle fitness according to Formula (5)
If F (Xi) < F (PBESTi)

PBEST = Xi

End If
If F (Xi) < F (GBEST)

GBEST = Xi

End If
Update particle position and velocity according to Formulae (1) and (2)
End For
If F (GBEST) = TGBEST

CGBEST++
Else

CGBEST = 0
TGBEST = F (GBEST)

End If
If CGBEST ≥ RP

CGBEST = 0
Initial velocity of each particle, PBEST, GBEST, Initial position set the best
index of position = 1 and other position set 0

End If
Next gen

Figure 1. The pseudo code for XSLRKPSOR

From the pseudo code for XSLRKPSOR, feature selection is applied using LASSO in
the training phase. Then, the processes of XGBoost, SVM, LR, RF, and KNN are applied.
The result from each technique is its accuracy. The technique that achieves the highest
accuracy has its parameter set to 1, while the other techniques are set to 0. This ensures
that the parameter adjustment with PSO does not yield a result worse than the best
performing technique. For example, if XGBoost achieves an accuracy of 0.8, SVM 0.7,
LR 0.5, RF 0.6, and KNN 0.4, the initial parameters are set as w1 = 1, w2 = 0, w3 = 0,
w4 = 0, and w5 = 0. Then, a modified PSO with re-initialization is used to search for
the parameters that yield the best accuracy. In this example, the parameters may change
to 0.4, 0.2, 0.2, 0.1, and 0.1. In the testing phase, feature selection is again applied using
LASSO, followed by the processes of XGBoost, SVM, LR, RF, and KNN. The results
from these processes are multiplied by the parameters obtained from the PSO search.
Suppose the results from these processes are 1 × 0.4, 0 × 0.2, 0 × 0.2, 0 × 0.1, 0 × 0.1,
which gives a value of 0.4. In this example, if the value is less than 0.5, the output is set
to 0. So, the result from the XSLRKPSOR model is 0.

4. Experiments and Results. This research uses three datasets. All three datasets
are divided into 75% of the entire dataset for training and 25% of the entire dataset for
testing. The heart dataset used to compare the performance of algorithms for classifying
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data, and the details of the dataset can be found and downloaded from [16]. The housing
dataset is used to compare the performance of algorithms for regressing data, and the
details of the dataset can be found and downloaded from [17]. The patient dataset is
obtained from NHSO data. The data on the number of patients for each hospital from
2020 to 2022, covering 3 years, represents 75% of the dataset for training. The data for
2023, covering 1 year, represents 25% of the dataset used for testing. The dataset consists
of a total of 23,045 rows and includes 83 attributes: hospital name, year of service,
gender (2 attributes), age group (6 attributes), right group (49 attributes), patient type
(2 attributes), disease group (21 attributes), and the number of patients in each hospital,
which is the target for prediction. The patient dataset is used to compare the performance
of algorithms for regressing data. The housing dataset and the heart dataset are employed
as standard benchmarks for assessing algorithm performance, whereas the patient dataset
is utilized to demonstrate practical applicability.
The performance metrics used in the experiments are described as follows: The Average

Accuracy (AA) is calculated as the average of correctly identified predictions divided by
the total number of data across all runs. AA serves as an indicator of the algorithm’s clas-
sification performance. Higher AA values correspond to better classification performance.
The Average RMSE (AR) is calculated as the average of RMSE across all runs. Smaller
AR values correspond to better regression performance. The smaller the AR value, the
closer the model’s predictions are to the actual values. AA is used in the case of the heart
dataset, while AR is used in the case of the housing dataset and the patient dataset.
The parameters used in all experiments are as follows. The population size is 200. The

maximum number of iterations is limited to 2000. The number of experiments of each
dataset is set as 20 runs. RP is set to 10. The parameters for the compared algorithm
(XSPSO) and the proposed algorithm are configured based on the recommendations out-
lined in the original paper [13] and the standard values from the standard scikit-learn
library. These specific values for RP are determined through experimentation. The exper-
imentation process involves starting with RP set at 1 and then incrementing it gradually
up to 100, ultimately selecting the values of RP that yield the best results. This research
is conducted by a personal computer of Intel i7-14700F with 2.1 GHz CPU, 16 GB RAM
and Python 3 as the programming language.
The experimental results in Tables 1 and 2 clearly indicate that XSLRKPSOR surpasses

XSPSO, XSPSOR, and XSLRKPSO in terms of classification and regression performance,
as evidenced by its superior AA and AR across all datasets. XSPSOR achieves better clas-
sification and regression performance in both the test and training phases compared to
XSPSO. Similarly, XSLRKPSOR achieves better classification and regression performance

Table 1. Comparative AA of XGBoost, SVM, KNN, RF, LR, XSPSO,
XSPSOR, XSLRKPSO, and XSLRKPSOR on the heart dataset

XGBoost SVM KNN RF LR XSPSO XSPSOR XSLRKPSO XSLRKPSOR
Train 96.62 70.87 91.44 96.62 83.81 96.96 96.99 97.05 100
Test 84.6 70.28 73.58 84.93 82.58 91.8 92.86 95.1 99.55

Table 2. Comparative AR of XGBoost, SVM, KNN, RF, LR, XSPSO,
XSPSOR, XSLRKPSO, and XSLRKPSOR on the housing dataset and the
patient dataset

Dataset XGBoost SVM KNN RF LR XSPSO XSPSOR XSLRKPSO XSLRKPSOR
Train Housing 132.37 256.5 417.62 117.39 483.6 128.74 120.74 107.63 106.13
Test Housing 365.89 482.47 477.34 247.15 507.37 345.9 271.48 225.98 215.2
Train Patient 168.26 512.06 367.10 132.13 425.78 157.32 144.32 101.09 94.34
Test Patient 238.73 522.22 403.04 182.52 547.42 236.31 191.05 130.03 121.67
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in both the test and training phases compared to XSLRKPSO. This proves that the re-
initialization can enhance the performance of PSO parameter adjustment, leading to the
creation of better models with higher accuracy and lower RMSE. In the case of the heart
dataset, the results show that XGBoost can create a model that performs the best. How-
ever, for the housing dataset and the patient dataset, RF can create a model that performs
the best. In practice, we do not know which algorithm can solve a problem most effective-
ly. Having a variety of algorithms to choose from provides a better chance of creating a
better model compared to having fewer algorithms to choose. Additionally, experiments
show that XSLRKPSO achieves better classification and regression performance in both
the test and training phases compared to XSPSO. Similarly, XSLRKPSOR achieves better
classification and regression performance in both the test and training phases compared
to XSPSOR. This demonstrates that having more algorithms to choose from leads to the
creation of better models with higher accuracy and lower RMSE.

5. Conclusion. Machine learning includes various algorithms such as XGBoost, SVM,
KNN, RF, and LR for model creation. Each algorithm has different effectiveness for cre-
ating models for prediction. In practice, we do not know which algorithm performs the
best. This research proposes a hybrid model to create a model that is more effective than
using a single model. Additionally, PSO has a problem with trapping local optima. To
address this, this research suggests using a re-initialization technique. The result from the
re-initialization technique affects the creation of better models. This research proposes us-
ing both techniques together to result in the most effective algorithm for model creation.
The experiments show that the solutions produced by the proposed algorithm outperform
those obtained through comparison with other algorithms in terms of classification and
regression performance for both standard datasets and practical usage datasets. In the
future, researchers plan to incorporate additional algorithms into the hybrid model, such
as Gradient Boosting, Convolutional Neural Networks (CNN), Recurrent Neural Net-
works (RNN), and Artificial Neural Networks (ANN), which may further improve model
performance.
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