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Abstract - This research paper explores the application of the Enhanced Particle Swarm Optimization (PSO) algorithm, called
the Random Adaptive Backtracking Particle Swarm Optimization (RAB-PSO) algorithm, to optimize Artificial Neural Networks
(ANNSs) for forecasting the Philippine Stock Exchange Index (PSEi). The study utilizes a dataset spanning from May 11, 2018,
to May 10, 2023, sourced from Yahoo Finance and standardized for analysis. The hyperparameter of an ANN model is fine-
tuned using the RAB-PSO algorithm to enhance forecasting accuracy. Evaluation metrics such as Root Mean Square Error
(RMSE) and R? are employed to assess the performance of the optimized ANN model. The results indicate that the ANN model
optimized with RAB-PSO has minimal error rates, significantly outperforming the standard PSO algorithm. Generally, this
research contributes to the field of PSEi forecasting and emphasizes the significance of optimizing hyperparameters through
enhanced PSO for ANNSs in financial prediction tasks.

Keywords - Artificial Neural Network, Forecasting, Machine learning, Metaheuristic optimization algorithms, Particle swarm
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1. Introduction

The important aspect of investment decision-making is
forecasting stock market values, but it is a complex and
challenging task because of the numerous influencing factors
and the inherent uncertainty in financial markets (Parker,
2014). These factors include investor sentiment, geopolitical
events, company performance, economic indicators, and
more, which can interact in unpredictable ways, making
accurate forecasting challenging (Santi, 2023). Accurate
forecasting is important for investors as it can help optimize
investment portfolios and potentially maximize returns.
Throughout the years, analysts have identified that price
patterns can predict future market movements, including
trends, reversals, and chart patterns. They can also forecast the
magnitude of price changes and analyze regular price cycles
to anticipate future movements. Technical analysis has
recently grown in popularity as an investment decision-
making tool due to its simplicity and profitability. However,
very few people understand why forecasting techniques are
effective (Zielonka, 2004).

Machine Learning (ML) is a branch of Atrtificial
Intelligence (Al) that concentrates on developing algorithms
and statistical models capable of learning from data to make

predictions or decisions without needing to be explicitly
programmed for each specific task (Huang et al., 2012). ML
techniques are applied across various domains, including
disease detection (Lagunzad et al.,, 2022), document
categorization (Abalorio et al., 2022), (Biol et al., 2023),
image classification (Villaruz et al., 2022), (Gumiran et al.,
2022) and time series forecasting (Joy et al., 2022). Artificial
Neural Networks (ANNSs) are excellent in solving difficult
problems since they can learn patterns from data among the
ML models. ANNs have shown outstanding accuracy in tasks
like stock price forecasting (Villaruz et al., 2023), where they
can learn from historical stock data to predict future price
movements, leveraging their ability to capture nonlinear
relationships and adjust to changing market conditions (Rouf
etal., 2021).

The effectiveness of ANN in addressing particular
problems is determined by the structure and the values of the
hyperparameters (Gocken et al., 2016). Unfortunately, there is
no standardized method for determining the ideal
hyperparameters, so even experienced practitioners must rely
on trial and error. Several researchers opt for default
parameters, which may not be ideal for the datasets (Lujan-
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Moreno et al., 2018). To solve this, researchers use

optimization techniques.

Modern optimization methods for tuning model
parameters (hyperparameters) now utilize metaheuristic
algorithms. These algorithms make use of randomness to
search efficiently through the space of possible solutions,
aiming to find near-optimal hyperparameter values for
building effective models with datasets. Unlike some
optimization techniques, The Particle Swarm Optimization
algorithm (PSO) (Kennedy & Eberhart, 1995) gained
considerable interest in the literature of heuristic and swarm-
based intelligent optimization techniques and performs well in
various application domains due to its simplicity, low number
of parameters, its ability to generate effective results, and ease
of application, (Gbadega & Sun, 2022). Despite its strengths,
PSO is susceptible to premature convergence, which can
compromise both forecasting accuracy and reliability. To
address this problem, a better version of the standard PSO was
introduced, the RAB-PSO algorithm (Barrios & Gerardo,
2023). RAB-PSO aimed at reducing iteration counts for
achieving global optima and enhancing convergence quality.

This research focuses on forecasting stock prices in
emerging countries like the Philippines in terms of the
Philippine Stock Exchange Composite Index (PSEi). The
novelty of this study is that it explores a technique called
hyperparameter tuning to make better forecasting about the
PSEi. The study has three primary contributions: (1) by
implementing the improved PSO called the RAB-PSO
algorithm to improve the accuracy of predicting the PSEi; (2)
by adding more literature to the limited research available on
forecasting the PSEi; and (3) by showing why optimizing
artificial neural networks' parameters through metaheuristic
techniques is important.

2. Background and Related Works
2.1. Forecasting the Philippine Stock Exchange Index

The PSEi tracks the performance of the 30 largest
publicly traded companies in the Philippines and is used to
monitor the stock market. Financial experts and traders rely on
composite indexes to forecast market trends and assess the
performance of their investments. The composite index is a
summary of different stocks, bonds, or indicators, giving an
overview assessment of the market’s overall performance.
Despite the advancements in understanding financial stability
(Dakila, 2020) and the involvement of market participants
(Dumlao-Abadilla, 2021), there has been no sufficient
research done on PSEi forecasting.

Prior research on PSEi forecasting has used a variety of
strategies, including the ARIMA model (Gayo et al., 2015),
social media analysis (Califigo et al., 2016), and machine
learning techniques such as the Long Short-Term Memory
(LSTM) network (Chua et al., 2021). Furthermore, factors
influencing PSEi price movement have been investigated.
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However, more research needs to be done to make PSEi
(Philippine Stock Exchange Index) forecasting models more
accurate and dependable. Specifically, the importance of
exploring hyperparameter tuning, which is a technique used to
optimize the performance of these models.

2.2. Metaheuristic Optimization Algorithms

Metaheuristic optimization algorithms are often used to
make machine learning models work better. Metaheuristics
are applied to ANNs to enhance their performance and
optimize their hyperparameters. These algorithms, such as
Firefly Algorithm (FA), Ant Colony Optimization (ACO),
Bayesian Optimization, Genetic Algorithms (GA), and
Particle Swarm Optimization (PSO), are applied for
hyperparameter optimization, weight initialization, feature
selection, and architecture search. They efficiently explore the
vast search space of hyperparameters, enabling ANNSs to
achieve optimal configurations for improved performance.
Additionally, metaheuristics assist in training optimization by
fine-tuning weights and biases, as well as in ensemble learning
by selecting and combining multiple models. Furthermore,
they facilitate transfer learning and fine-tuning of pre-trained
models, allowing ANNSs to adapt quickly to new tasks and
datasets. The application of metaheuristic optimization
algorithms to ANNs empowers them to be more adaptable,
accurate, and effective across various domains and tasks.

2.3. Artificial Neural Networks

The concept of ANNSs originated in 1943 with McCulloch
and Pitts (McCulloch & Pitts, 1943), gaining popularity in
1986 when Rumelhart et al. introduced the backpropagation
algorithm (Rumelhart et al.,, 1986). ANNs, a prominent
technique in Artificial Intelligence (Al), emulate human brain
functions with computational nodes and transfer functions.
They consist of input, hidden, and output layers, each
composed of interconnected neurons. These neurons process
data through transfer functions, forming a layered structure
where outputs from one layer serve as inputs to the next
(Medina et al., 2003). The input data, along with bias terms,
are multiplied by initial weights, transformed through
functions, and propagated through the layers to produce the
final output (Dixit & Londhe, 2016). ANN has been
commonly used in time series forecasting, such as in traffic
control (Olayode et al., 2021), medical systems (Sadek et al.,
2019), economic data (Ashin & V, 2020), image processing
(Saquib et al., 2020), classification tasks (Villaruz et al., 2022)
and stock forecasting (Rouf et al., 2021).

2.4. Hyperparameter Tuning Techniques for ANN
Hyperparameter tuning in ANNs often relies on a trial-
and-error method, which not only consumes a lot of
computational resources but also frequently falls short of
finding an almost perfect solution (Sarkar et al., 2022). The
various hyperparameters of ANNs encompass parameters like
the learning rate, the number of epochs, the training batch, and
the number of neurons in the hidden layer. However,
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identifying the best values for each of these hyperparameters
remains an engaging and difficult research domain (Bischl et
al., 2023).

Choosing the right number of neurons in an ANN's
hidden layer is crucial (Adil et al., 2022). Too few can make
it miss important details that will underfit the model, while too
many can make it overly focused on the training data and bad
at handling new information that might cause overfitting.

An "epoch" in neural network training is a full run-
through of the training data. During each epoch, the model's
parameters adjust based on observed data. Each epoch is split
into smaller batches because processing all data at once can be
impractical. One epoch may lead to "underfitting," so multiple
epochs for better generalization | needed. When epochs are
increased, the model fits better until it reaches an optimal
level. However, going beyond this point may cause
"overfitting" (Afag & Rao, 2020).

The "training batch”, or the alternative term for batch size,
specifies how many data samples are processed in each
training iteration. The dataset is usually split into smaller
batches, with parameters updated after processing each batch.
The optimal training batch varies based on dataset size,
hardware, and the problem at hand. Researchers often
experiment with different batch sizes to balance
computational efficiency and model performance because of
their substantial impact on both prediction accuracy and
training time (Smith et al., 2017).

The learning rate is a crucial scalar value that dictates the
size of steps the neural network takes along the loss gradient
during training (Goodfellow et al., 2016). Discovering the
ideal learning rate poses a challenge, as opting for a value that
is too low will make the model's learning process very slow.
Conversely, if the value is too high, the learning process will
fail to reach an optimal solution. Achieving a balance learning
rate is important for effective training and attaining optimal
model performance.

3. Materials and Methods

The experimental simulation configuration employs a
personal computer equipped with a processor of an Intel i7 and
boasts a substantial 40.0 GB of RAM. This computer system
operates on a 64-bit operating system with an operating
system of Windows 11 Home Edition. The simulation
framework was created using Python, which incorporates
dedicated libraries such as Numpy 1.24.2, Keras 2.11.0, and
Matplotlib 3.7.0. Furthermore, the setup and customization of
numerous parameters are handled within the Keras
framework.

3.1. Data Collection

This study utilized a dataset comprised of daily PSEi’s
closing price, spanning from May 11, 2018, to May 10, 2023.
This dataset was meticulously collected from the Yahoo
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Finance website (PSEi INDEX (PSEI.PS) Historical Data -
Yahoo Finance, 2023) to ensure its credibility and availability.
To ensure the dataset's integrity and uniformity, any missing
or null values associated with days lacking trading activity
were deleted from the dataset. A total of 66% of the dataset is
allocated to the training set, while the remaining 34% for the
testing set. Notably, the PSEi dataset manifests a noisy, non-
linear, and dynamic nature. In preparation for the modeling
phase, the dataset was subjected to standardization via min-
max normalization, thereby scaling the values within a range
of Oto 1.

3.2. The Enhanced Particle Swarm Optimization Algorithm

The standard Particle Swarm Optimization (PSO)
algorithm gained considerable interest in the literature of
heuristic and swarm-based intelligent optimization techniques
and performs well in various application domains due to its
simplicity, low number of parameters, ease of application, and
ability to produce effective results (Gbadega & Sun, 2022).
PSO operates by leveraging interactions among particles to
find the best solution within a given search space. Although
efficient, the standard PSO algorithm tends to exhibit slow
convergence rates (He et al, 2022) and premature
convergence issues, particularly when confronted with
intricate, multi-dimensional, multimodal optimization
problems (Zhang & Lin, 2022). These limitations can be
traced back to the limited number of parameters, which
represents a significant barrier to enhancing the algorithm
(Sahin & Akay, 2016). To solve this problem, the RAB-PSO
algorithm was introduced (Barrios & Gerardo, 2023) as an
enhanced version of the standard PSO.

In the study of Barrios and Gerardo in 2023, RAB-PSO
encompasses three interrelated modifications aimed at
reducing iteration counts for achieving global optima and
enhancing convergence quality. The first modification relies
on the dynamics of golf ball motion and incorporates the delta
parameter to gradually decrease particle velocity. In this
approach, the initial iteration ensures maximum velocity,
progressively slowing down in subsequent iterations. This
strategy aims to improve convergence accuracy Wwhile
reducing the total number of iterations. The second
modification advocates for the utilization of an inertia weight-
adjustment method based on an S-shaped pattern to achieve
balance in the search process. This method is applied by
allowing particle velocities to be high during the early solution
phases. Subsequently, in the middle phase, the velocity
diminishes to expedite convergence toward the global
optimum. Finally, in the later phase, the velocity is stabilized
at a consistent level to facilitate the final convergence. The
third modification implements an innovative update approach,
allowing particles to reverse course if they become trapped in
their prior locations. Using Eq. 1, particles may backtrack to a
previously successful position, which is personal best (pBest),
and takes a randomized step during this backtracking process
to explore new possibilities.
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x{ "t = pBest{; + rand (Xmax — ximin)? )

The rand represents a random number between -1 and 1,
adding randomness to the particle's movement direction. The
T signifies the maximum iteration, t denotes the current
iteration, and x;,;, and x,q, represents the minimum and
maximum values for the search space dimensions,
respectively. This strategy enhances the algorithm's ability to
avoid convergence to local optima and prevents premature
convergence.

Algorithm 1 outlines the standard PSO algorithm, with
the incorporation of the novel RAB technique depicted in
specific lines marked in red, namely lines 8, 9, 13, 14, 15, 18,
19, and 20.

Algorithm 1. RAB-PSO Pseudocode
1 Initialize Xi, Vi, iteration, maxIteration, pBest, gBest,
fitness_criterion

2 t=1//iteration counter

3 T =maxlteration

4 Initialize random swarm P(t)

5 Evaluate P(t)

6 whilet<=Tdo

7 for each particle i do

8 Calculate Delta, Delta = E;Léiiriif;jn

9 if Delta < rand then calculate new value of @
using:

W = Wpin + ((")max - wmin)/(l + exp(z *ax*
t/T - a)) + Wmin

10 Update pBesth- of each particle i and find gBest

11 Update the particle’s velocity vf** using Eq. 1

12 Update the particle’s position x/** using Eq. 2

13 if current position x! == x!~1 (previous position)

then

14 Backtrack particle I using: xf* = pBest;; +
T—-t

rand(ximax - ximin) T

15 end if

16 Evaluate x/** and include it in P(t+1)

17 end for

18 if each particle’s fitness value < fitness_criterion

then

19 break

20 end if

21 end while

3.3. Optimizing ANN Based on RAB-PSO Algorithm

This study leverages the effectiveness of the Feed-
Forward Neural Network (FFNN) architecture, a well-
established ANN configuration, for constructing the
forecasting model. FFNNs are renowned for their ability to
facilitate the unidirectional flow of information, devoid of
loops or feedback connections, and have demonstrated
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success across a wide domain of applications (Cuk et al.,
2021).

The training and testing of the ANN prediction model
commence with the random initialization of hyperparameters,
and the model's initial performance is assessed based on these
settings. The hyperparameter tuning method starts by
generating a set of candidate solutions equivalent to the
population size of the algorithm, often referred to as a
"swarm." In the initialization phase, this initial population is
randomly dispersed throughout the search space, with each
individual representing an ANN model characterized by a
unique combination of hyperparameters. In each iteration, the
population undergoes updates involving adjustments to the
velocity and position of each particle. Both pBest and gBest
influence these updates. Consequently, particles adjust their
positions in pursuit of convergence to these new positions,
with each particle's position signifying a potential solution, its
quality measured by its proximity to the best solution
identified thus far in the optimization process.

3.4. Evaluation Metrics
3.4.1. Evaluation of Hyperparameter Tuning

The performance of RAB-PSO in the hyperparameters
tuning of ANN is measured in terms of the accuracy of the
forecasting model based on RMSE and R? comparing the
specific iteration i of the forecasted price p; and in the same
iteration i of the actual price p;, where p represents the average
of the actual prices, and the forecasting period spans N
iterations.

RMSE = \/% Y (P — pi)? (2

1— N (- P>

R? =
N - p)?

®)

The RMSE is a commonly used metric in forecasting
models, particularly in regression analysis and time series
forecasting. It serves as a measure of the accuracy of forecasts.
It assesses how closely the model's predictions align with the
actual outcomes. A lower RMSE value indicates that the
forecasting model is better at making accurate predictions, as
it signifies that the errors between predicted and actual values
are smaller on average. On the other hand, a lower forecasting
accuracy is indicated by a higher RMSE, suggesting that the
model's predictions deviate further from the actual values.

The R2 values usually fall within the range of 0 to 1,
indicating how much of the variability in the dependent
variable is accounted for by the independent variables
included in the model. A higher Rz signifies better predictive
performance, while a lower R? suggests reduced explanatory
power. Both metrics are essential for assessing forecasting
model accuracy and explanatory capability.
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Table 1. Parameters of the PSO used in the study

Table 3. PSO control parameters to Fine-Tune the ANN

Parameter Name Value hyperparameter

Population 30 Parameter Name Value
Maximum Generations 100 Population 10
Number of Independent Runs 100 Maximum Generations 30
cl 1 Number of Independent Runs 10
c2 2 cl 2
Wmin 0.20 c2 2
Wmax 0.90 Wmin 0.5
Fitness criterion 10n-5 Winax 1.0

A one-sample t-test assesses the statistical significance of
the improvements made by the RAB-PSO algorithm, with
significance indicated if the derived p-value from the t-test is
below the 0.05 threshold. (Tao et al., 2022).

4. Experimental Findings and Results
4.1. Convergence Performance

The convergence performance of the RAB-PSO is
compared to the standard PSO and is evaluated by comparing
its average convergence out of the 100 simulation runs in five
well-established benchmark functions that exhibit unimodal
and multimodal characteristics.  Table 1 presents the
parameters used by both algorithms.

4.2. Performance on Hyperparameter Tuning

The hyperparameter settings of the ANN model were
fine-tuned using the RAB-PSO algorithm. Table 2 outlines the
ranges of hyperparameters that govern the neural network
used to forecast the PSEi closing price. This study adopts a
single hidden layer architecture for the ANN—a configuration
well-established for its efficacy across various practical
problems (Nguyen & Bui, 2019).

The Rectified Linear Unit (ReLU) activation function is
selected within this layer due to its operation within the
interval of 0 to infinity. Furthermore, the optimization process
involves employing the Adaptive Moment Estimation (Adam)
algorithm, distinguished by its stochastic gradient
approximation approach, wherein gradients are calculated
based on randomly selected data subsets, as opposed to using
the entire dataset—a strategy designed to enhance efficiency
and computational speed.

The control parameters that will be used for all PSO
implementations to fine-tune the ANN hyperparameter are
provided in Table 3.

Table 2. ANN hyperparameters and the search ranges

Hyperparameters Search Ranges

Hidden Layer Size | (2, 256)

Epochs (20, 250)

Training Steps 1,10)

Training Batch [None, 2, 4, 8, 16, 32, 64, 128, 256]
Learning Rate [0.1,0.01, 0.001]
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Table 4. Comparative analysis of accuracy results using Standard-PSO
and RAB-PSO in Fine-Tuning the ANN

Trial Standard-PSO RAB-PSO
RMSE R? RMSE R?
1 79.46402 | 0.95904 | 79.51172 | 0.95900
2 79.33568 | 0.95918 | 79.16331 | 0.95935
3 79.78375 | 0.95871 | 79.08642 | 0.95943
4 79.24349 | 0.95927 | 79.39230 | 0.95912
5 79.29092 | 0.95922 | 79.30783 | 0.95920
6 80.03456 | 0.95845 | 79.79310 | 0.95870
7 80.03877 | 0.95845 | 79.60268 | 0.95890
8 79.24552 | 0.95927 | 79.42765 | 0.95908
9 79.85121 | 0.95864 | 79.41324 | 0.95910
10 79.77638 | 0.95872 | 79.32638 | 0.95919
Average | 79.60643 | 0.95890 | 79.40246 | 0.95911
Table 5. Statistical significance test results for stock price prediction
Error Metric p-value Interpretation
RMSE 0.00005 Significant
R? 0.00005 Significant

The result shows compelling proof of the enhanced
effectiveness attained by using the ANN fine-tuned with the
RAB-PSO algorithm compared to the standard PSO
algorithm. This distinction is noticeable when evaluating the
metrics RMSE and R2 Optimization with the RAB-PSO
algorithm consistently yields lower error values for RMSE
and higher R? values, which signify a more favourable fit of
the regression model to the data. Table 4 demonstrates the
algorithm's effectiveness in enhancing predictive accuracy
and model quality.

The visual representation in Figure 1 complements the
statistical findings presented and emphasizes the superiority
of fine-tuning the ANN hyperparameters using the RAB-PSO
algorithm in terms of predictive accuracy and error reduction.

To validate the dominance of the RAB-PSO algorithm
over the standard PSO algorithm, the outcomes of the t-test,
along with their corresponding interpretations, are
summarized in Table 5.

Upon comparing the p-values of RMSE and R? to the 0.05
significance level, it becomes evident that the discrepancy
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between the mean ranks is sufficiently substantial to establish
statistical significance. This implies that there are indeed
statistically significant improvements in forecasting accuracy
and error reduction when employing the RAB-PSO algorithm
in contrast to the standard PSO algorithm.

Table 6 presents the ideal hyperparameter values for the
ANN model employed in predicting the PSEi closing price.

Table 6. PSEi Dataset Used for Fine-Tuned ANN hyperparameters

Hyperparameter Optimal Hyperparameters
Values
Hidden Layer Size 124
Epochs 191
Training Steps 9
Training Batch 64
Learning Rate 0.001
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References

Figure 2 displays the forecasted PSEi closing price using
the top-performing RAB-PSO algorithm model alongside the
actual observed values. The graph underscores the alignment
between forecasted and actual values, serving as compelling
evidence of the efficacy of the RAB-PSO methodology in
delivering reasonably accurate predictions of the PSEi.

5. Conclusion and Future Works

In conclusion, the RAB-PSO algorithm significantly
outperformed the standard PSO algorithm in predicting stock
prices. For future works, it is recommended to explore the
applicability of the RAB-PSO algorithm in other financial
forecasting domains like currency exchange rates, commodity
prices, or cryptocurrency markets. Future research should also
include a quantitative comparison of the RAB-PSO algorithm
against other optimization techniques to evaluate both
computational efficiency and forecasting accuracy.

[1] Cristopher C. Abalorio et al., “Extended Max-Occurrence with Normalized Non-Occurrence as MONO Term Weighting Modification to
Improve Text Classification,” International Journal of Advanced Computer Science and Applications, vol. 13, no. 4, pp. 91-97, 2022.

[CrossRef] [Google Scholar] [Publisher Link]

[2] Mohammad Adil et al., “Effect of Number of Neurons and Layers in an Artificial Neural Network for Generalized Concrete Mix Design,”
Neural Computing and Applications, vol. 34, no. 11, pp. 8355-8363, 2022. [CrossRef] [Google Scholar] [Publisher Link]

[3] Saahil Afaq, and Smitha Rao, “Significance of Epochs on Training a Neural Network,” International Journal of Scientific & Technology
Research, vol. 9, no. 6, pp. 485-488, 2020. [Google Scholar] [Publisher Link]


https://doi.org/10.14569/IJACSA.2022.0130411
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Extended+Max-Occurrence+with+Normalized+Non-Occurrence+as+MONO+Term+Weighting+Modification+to+Improve+Text+Classification&btnG=
https://thesai.org/Publications/ViewPaper?Volume=13&Issue=4&Code=IJACSA&SerialNo=11
https://doi.org/10.1007/s00521-020-05305-8
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Effect+of+Number+of+Neurons+and+Layers+in+an+Artificial+Neural+Network+for+Generalized+Concrete+Mix+Design&btnG=
https://link.springer.com/article/10.1007/s00521-020-05305-8
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Significance+of+Epochs+on+Training+a+Neural+Network&btnG=
http://www.ijstr.org/final-print/jun2020/Significance-Of-Epochs-On-Training-A-Neural-Network.pdf

Dennis M. Barrios 1l & Bobby D. Gerardo/ IJETT, 72(6), 128-135, 2024

[4] M.XK. Ashin Nishan, and V. Muhammed Ashiq, “Role of Energy Use in the Prediction of CO2 Emissions and Economic Growth in India:
Evidence from Artificial Neural Networks (ANN),” Environmental Science and Pollution Research, vol. 27, pp. 23631-23642, 2020.
[CrossRef] [Google Scholar] [Publisher Link]

[5] Xinming Zhang, and Qiuying Lin, “Three-Learning Strategy Particle Swarm Algorithm for Global Optimization Problems,” Information
Sciences, vol. 593, pp. 289-313, 2022. [CrossRef] [Google Scholar] [Publisher Link]

[6] Ivic Jan A. Biol et al., “Automated Categorization of Research Papers with MONO Supervised Term Weighting in RECApp,”
International Journal of Advanced Computer Science and Applications, vol. 14, no. 2, pp. 332-339, 2023. [CrossRef] [Google Scholar]
[Publisher Link]

[7]1 Bernd Bischl et al., “Hyperparameter Optimization: Foundations, Algorithms, Best Practices, and Open Challenges,” Wiley
Interdisciplinary Reviews: Data Mining and Knowledge Discovery, vol. 13, no. 2, pp. 1-43, 2023. [CrossRef] [Google Scholar] [Publisher
Link]

[8] Anthony R. Calingo, Ariel M. Sison, and Bartolome T. Tanguilig, “Prediction Model of the Stock Market Index Using Twitter Sentiment
Analysis,” International Journal of Information Technology and Computer Science, vol. 8, no. 10, pp. 11-21, 2016. [CrossRef] [Google
Scholar] [Publisher Link]

[9] AlvinKen Steven C. Chua et al., “Al to Predict Price Movements in the Stock Market,” IEEE 13™ International Conference on Humanoid,
Nanotechnology, Information Technology, Communication and Control, Environment, and Management, Manila, Philippines, pp. 1-6,
2021. [CrossRef] [Google Scholar] [Publisher Link]

[10] Aleksa Cuk et al., Feedforward Multi-Layer Perceptron Training by Hybridized Method between Genetic Algorithm and Artificial Bee
Colony, Data Science and Data Analytics, 1% ed., Chapman and Hall/CRC, pp.1-14, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[11] Francisco G. Dakila Jr, “The Development of Financial Markets in the Philippines and Its Interaction with Monetary Policy and Financial
Stability,” BIS Papers Chapters, vol. 113, pp. 219-242, 2020. [Google Scholar] [Publisher Link]

[12] lan Goodfellow, Yoshua Bengio, and Aaron Courville, Deep Learning, MIT Press, pp. 1-800, 2016. [Google Scholar] [Publisher Link]

[13] Pradnya Dixit, and Shreenivas Londhe, “Prediction of Extreme Wave Heights Using Neuro Wavelet Technique,” Applied Ocean Research,
vol. 58, pp. 241-252, 2016. [CrossRef] [Google Scholar] [Publisher Link]

[14] Doris Dumlao-Abadilla, Young, Lower-Income Filipinos Flock to Stocks Searching for Better Profits, Inquirer.Net, 2021. [Online].
Available: https://business.inquirer.net/324022/young-lower-income-filipinos-flock-to-stocks-searching-for-better-profits

[15] W.S. Gayo et al., “Modeling Philippine Stock Exchange Composite Index Using Time Series Analysis,” Journal of Physics: Conference
Series, vol. 622, no. 1, pp. 1-11, 2015. [CrossRef] [Google Scholar] [Publisher Link]

[16] Peter Anuoluwapo Gbadega, and Yanxia Sun, “A Hybrid Constrained Particle Swarm Optimization-Model Predictive Control (CPSO-
MPC) Algorithm for Storage Energy Management Optimization Problem in Micro-Grid,” Energy Reports, vol. 8, pp. 692-708, 2022.
[CrossRef] [Google Scholar] [Publisher Link]

[17] Mustafa Gogken et al., “Integrating Metaheuristics and Artificial Neural Networks for Improved Stock Price Prediction,” Expert Systems
with Applications, vol. 44, pp. 320-331, 2016. [CrossRef] [Google Scholar] [Publisher Link]

[18] Samuel L. Smith et al., “Don’t Decay the Learning Rate, Increase the Batch Size,” arXiv, 2018. [CrossRef] [Google Scholar]
[Publisher Link]

[19] Cherry R. Gumiran et al., “Aedes Aegypti Egg Morphological Property and Attribute Determination Based on Computer Vision,” 71
International Conference on Signal and Image Processing, Suzhou, China, pp. 581-585, 2022. [CrossRef] [Google Scholar] [Publisher
Link]

[20] Yiming He et al., “Semi-Airborne Electromagnetic 2.5D Inversion Based on A PSO-LCI Strategy,” Journal of Applied Geophysics, vol.
197, 2022. [CrossRef] [Google Scholar] [Publisher Link]

[21] Guang-Bin Huang et al., “Extreme Learning Machine for Regression and Multiclass Classification,” IEEE Transactions on Systems, Man,
and Cybernetics, Part B: Cybernetics, vol. 42, no. 2, pp. 513-529, 2012. [CrossRef] [Google Scholar] [Publisher Link]

[22] Meiyao Tao et al., “Knowledge Graph and Deep Learning Combined with a Stock Price Prediction Network Focusing on Related Stocks
and Mutation Points,” Journal of King Saud University - Computer and Information Sciences, vol. 34, no. 7, pp. 4322-4334, 2022.
[CrossRef] [Google Scholar] [Publisher Link]

[23] J. Kennedy, and R. Eberhart, “Particle Swarm Optimization,” Proceedings of ICNN’95 - International Conference on Neural Networks,
Perth, WA, Australia, vol. 4, pp. 1942-1948, 1995. [CrossRef] [Google Scholar] [Publisher Link]

[24] Herminifio C. Lagunzad et al., “Predicting the Early Sign of Diabetes Using ID3 as a Data Model,” 14™ International Conference on
Computer and Automation Engineering, Brisbane, Australia, pp. 135-139, 2022. [CrossRef] [Google Scholar] [Publisher Link]

[25] Gustavo A. Lujan-Moreno et al., “Design of Experiments and Response Surface Methodology to Tune Machine Learning
Hyperparameters, with a Random Forest Case-Study,” Expert Systems with Applications, vol. 109, pp. 195-205, 2018. [CrossRef] [Google
Scholar] [Publisher Link]

[26] Warren S. McCulloch, and Walter Pitts, “A Logical Calculus of the Ideas Immanent in Nervous Activity,” The Bulletin of Mathematical
Biophysics, vol. 5, pp. 115-133, 1943. [CrossRef] [Google Scholar] [Publisher Link]

134


https://doi.org/10.1007/s11356-020-08675-7
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Role+of+energy+use+in+the+prediction+of+CO2+emissions+and+economic+growth+in+India%3A+evidence+from+artificial+neural+networks&btnG=
https://link.springer.com/article/10.1007/s11356-020-08675-7
https://doi.org/10.1016/J.INS.2022.01.075
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Three-learning+strategy+particle+swarm+algorithm+for+global+optimization+problems&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0020025522001141
https://doi.org/10.14569/IJACSA.2023.0140240
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Automated+Categorization+of+Research+Papers+with+MONO+Supervised+Term+Weighting+in+RECApp&btnG=
https://thesai.org/Publications/ViewPaper?Volume=14&Issue=2&Code=IJACSA&SerialNo=40#:~:text=To%20solve%20this%20problem%2C%20the,to%20ascertain%20which%20of%20them
https://doi.org/10.1002/WIDM.1484
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Hyperparameter+Optimization%3A+Foundations%2C+Algorithms%2C+Best+Practices%2C+and+Open+Challenges&btnG=
https://wires.onlinelibrary.wiley.com/doi/full/10.1002/widm.1484
https://wires.onlinelibrary.wiley.com/doi/full/10.1002/widm.1484
https://doi.org/10.5815/IJITCS.2016.10.02
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Prediction+Model+of+the+Stock+Market+Index+Using+Twitter+Sentiment+Analysis&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Prediction+Model+of+the+Stock+Market+Index+Using+Twitter+Sentiment+Analysis&btnG=
https://www.mecs-press.org/ijitcs/ijitcs-v8-n10/v8n10-2.html
https://doi.org/10.1109/HNICEM54116.2021.9731955
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=AI+to+Predict+Price+Movements+in+the+Stock+Market&btnG=
https://ieeexplore.ieee.org/abstract/document/9731955
https://doi.org/10.1201/9781003111290-17-21
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Feedforward+Multi-Layer+Perceptron+Training+by+Hybridized+Method+between+Genetic+Algorithm+and+Artificial+Bee+Colony&btnG=
https://www.taylorfrancis.com/chapters/edit/10.1201/9781003111290-17-21/feedforward-multi-layer-perceptron-training-hybridized-method-genetic-algorithm-artificial-bee-colony-aleksa-cuk-timea-bezdan-nebojsa-bacanin-miodrag-zivkovic-venkatachalam-tarik-rashi
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+development+of+financial+markets+in+the+Philippines+and+its+interaction+with+monetary+policy+and+financial+stability&btnG=
https://ideas.repec.org/h/bis/bisbpc/113-16.html
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Deep+Learning+%28Adaptive+Computation+and+Machine+Learning+series%29&btnG=
https://www.google.co.in/books/edition/Deep_Learning/omivDQAAQBAJ?hl=en&gbpv=0
https://doi.org/10.1016/j.apor.2016.04.011
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Prediction+of+extreme+wave+heights+using+neuro+wavelet+technique&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0141118716301067
https://doi.org/10.1088/1742-6596/622/1/012022
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Modeling+Philippine+Stock+Exchange+Composite+Index+Using+Time+Series+Analysis&btnG=
https://iopscience.iop.org/article/10.1088/1742-6596/622/1/012022/meta
https://doi.org/10.1016/j.egyr.2022.10.035
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+hybrid+constrained+Particle+Swarm+Optimization-Model+Predictive+Control+%28CPSO-MPC%29+algorithm+for+storage+energy+management+optimization+problem+in+micro-grid&btnG=
https://www.sciencedirect.com/science/article/pii/S2352484722019709
https://doi.org/10.1016/j.eswa.2015.09.029
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Integrating+Metaheuristics+and+Artificial+Neural+Networks+for+Improved+Stock+Price+Prediction&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0957417415006570
https://doi.org/10.48550/arXiv.1711.00489
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Don%E2%80%99t+Decay+the+Learning+Rate%2C+Increase+the+Batch+Size&btnG=
https://arxiv.org/abs/1711.00489
https://doi.org/10.1109/ICSIP55141.2022.9887255
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Aedes+Aegypti+Egg+Morphological+Property+and+Attribute+Determination+Based+on+Computer+Vision&btnG=
https://ieeexplore.ieee.org/abstract/document/9887255
https://ieeexplore.ieee.org/abstract/document/9887255
https://doi.org/10.1016/j.jappgeo.2022.104541
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Semi-Airborne+electromagnetic+2.5D+inversion+based+on+a+PSO%E2%80%93LCI+strategy&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S092698512200012X
https://doi.org/10.1109/TSMCB.2011.2168604
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Extreme+learning+machine+for+regression+and+multiclass+classification&btnG=
https://ieeexplore.ieee.org/abstract/document/6035797
https://doi.org/10.1016/J.JKSUCI.2022.05.014
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Knowledge+graph+and+deep+learning+combined+with+a+stock+price+prediction+network+focusing+on+related+stocks+and+mutation+points&btnG=
https://www.sciencedirect.com/science/article/pii/S131915782200163X
https://doi.org/10.1109/ICNN.1995.488968
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=J.+Kennedy%2C+and+R.+Eberhart%2C+Particle+swarm+optimization&btnG=
https://ieeexplore.ieee.org/abstract/document/488968
https://doi.org/10.1109/ICCAE55086.2022.9762442
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Predicting+the+Early+Sign+of+Diabetes+using+ID3+as+a+Data+Model&btnG=
https://ieeexplore.ieee.org/document/9762442
https://doi.org/10.1016/J.ESWA.2018.05.024
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Design+of+experiments+and+response+surface+methodology+to+tune+machine+learning+hyperparameters%2C+with+a+random+forest+case-study&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Design+of+experiments+and+response+surface+methodology+to+tune+machine+learning+hyperparameters%2C+with+a+random+forest+case-study&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0957417418303178
https://doi.org/10.1007/BF02478259
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=WS+McCulloch%2C+W+Pitts+-+A+logical+calculus+of+the+ideas+immanent+in+nervous+activity&btnG=
https://link.springer.com/article/10.1007/BF02478259

Dennis M. Barrios 1l & Bobby D. Gerardo/ IJETT, 72(6), 128-135, 2024

[27] Josep R. Medina et al., “Armor Damage Analysis Using Neural Networks,” Coastal Structures 2003 - Proceedings of the Conference, pp.
236-248, 2003. [CrossRef] [Publisher Link]

[28] Hoang Nguyen, and Xuan-Nam Bui, “Predicting Blast-Induced Air Overpressure: A Robust Artificial Intelligence System Based on
Artificial Neural Networks and Random Forest,” Natural Resources Research, vol. 28, no. 3, pp. 893-907, 2019. [CrossRef] [Google
Scholar] [Publisher Link]

[29] Tsaac Oyeyemi Olayode et al., “Comparative Traffic Flow Prediction of a Heuristic ANN Model and a Hybrid ANN-PSO Model in the
Traffic Flow Modelling of Vehicles at a Four-Way Signalized Road Intersection,” Sustainability, vol. 13, no. 19, pp. 1-28, 2021.
[CrossRef] [Google Scholar] [Publisher Link]

[30] David Parker, “Property Investment Decision Making by Australian REITs,” Journal of Property Investment and Finance, vol. 32, no. 5,
pp. 456-473, 2014. [CrossRef] [Google Scholar] [Publisher Link]

[31] PSEi INDEX (PSEI.PS), Historical Data - Yahoo Finance, 2023. [Online]. Available: https:/finance.yahoo.com/quote/PSEI.PS/history

[32] Nusrat Rouf et al., “Stock Market Prediction Using Machine Learning Techniques: A Decade Survey on Methodologies, Recent
Developments, and Future Directions,” Electronics, vol. 10, no. 21, pp. 1-25, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[33] David E. Rumelhart, Geoffrey E. Hinton, and Ronald J. Williams, “Learning Representations by Back-Propagating Errors,” Nature, vol.
323, pp. 533-536, 1986. [CrossRef] [Google Scholar] [Publisher Link]

[34] Ramzi M. Sadek et al., “Parkinson’s Disease Prediction Using Artificial Neural Network,” International Journal of Academic Health and
Medical Research, vol. 3, no. 1, pp. 1-8, 2019. [Google Scholar] [Publisher Link]

[35] Omur Sahin, and Bahriye Akay, “Comparisons of Metaheuristic Algorithms and Fitness Functions on Software Test Data Generation,”
Applied Soft Computing, vol. 49, pp. 1202-1214, 2016. [CrossRef] [Google Scholar] [Publisher Link]

[36] Caterina Santi, “Investor Climate Sentiment and Financial Markets,” International Review of Financial Analysis, vol. 86, 2023. [CrossRef]
[Google Scholar] [Publisher Link]

[37] Dania Saquib, Mohammed Nabeel Nasser, and Swaroop Ramaswamy, “Image Processing Based Dust Detection and Prediction of Power
Using ANN in PV Systems,” Proceedings of the 3" International Conference on Smart Systems and Inventive Technology, Tirunelveli,
India, pp. 1286-1292, 2020. [CrossRef] [Google Scholar] [Publisher Link]

[38] Debanjali Sarkar, Taimoor Khan, and Fazal Ahmed Talukdar, “Hyperparameters Optimization of Neural Network Using Improved
Particle Swarm Optimization for Modeling of Electromagnetic Inverse Problems,” International Journal of Microwave and Wireless
Technologies, vol. 14, no. 10, pp. 1326-1337, 2021. [CrossRef] [Google Scholar] [Publisher Link]

135


https://doi.org/10.1061/40733(147)20
https://ascelibrary.org/doi/abs/10.1061/40733(147)20
https://doi.org/10.1007/s11053-018-9424-1
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Predicting+Blast-Induced+Air+Overpressure%3A+A+Robust+Artificial+Intelligence+System+Based+on+Artificial+Neural+Networks+and+Random+Forest&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Predicting+Blast-Induced+Air+Overpressure%3A+A+Robust+Artificial+Intelligence+System+Based+on+Artificial+Neural+Networks+and+Random+Forest&btnG=
https://link.springer.com/article/10.1007/s11053-018-9424-1
https://doi.org/10.3390/su131910704
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Comparative+Traffic+Flow+Prediction+of+a+Heuristic+ANN+Model+and+a+Hybrid+ANN-PSO+Model+in+the+Traffic+Flow+Modelling+of+Vehicles+at+a+Four-Way+Signalized+Road+Intersection&btnG=
https://www.mdpi.com/2071-1050/13/19/10704
https://doi.org/10.1108/JPIF-04-2014-0025
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Property+investment+decision+making+by+Australian+REITs&btnG=
https://www.emerald.com/insight/content/doi/10.1108/JPIF-04-2014-0025/full/html
https://doi.org/10.3390/electronics10212717
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Stock+market+prediction+using+machine+learning+techniques%3A+A+decade+survey+on+methodologies%2C+recent+developments%2C+and+future+directions&btnG=
https://www.mdpi.com/2079-9292/10/21/2717
https://doi.org/10.1038/323533a0
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Learning+representations+by+back-propagating+errors&btnG=
https://www.nature.com/articles/323533a0
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Parkinson%E2%80%99s+Disease+Prediction+Using+Artificial+Neural+Network&btnG=
https://philpapers.org/rec/SADPDP
https://doi.org/10.1016/J.ASOC.2016.09.045
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Comparisons+of+metaheuristic+algorithms+and+fitness+functions+on+software+test+data+generation&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S156849461630504X
https://doi.org/10.1016/j.irfa.2023.102490
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Investor+climate+sentiment+and+financial+markets&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S1057521923000066
https://doi.org/10.1109/ICSSIT48917.2020.9214216
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Image+processing+based+dust+detection+and+prediction+of+power+using+ANN&btnG=
https://ieeexplore.ieee.org/abstract/document/9214216
https://doi.org/10.1017/S1759078721001690
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Hyperparameters+optimization+of+neural+network+using+improved+particle+swarm+optimization+for+modeling+of+electromagnetic+inverse+problems&btnG=
https://www.cambridge.org/core/journals/international-journal-of-microwave-and-wireless-technologies/article/abs/hyperparameters-optimization-of-neural-network-using-improved-particle-swarm-optimization-for-modeling-of-electromagnetic-inverse-problems/585E

