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1. INTRODUCTION

The emergence of COVID-19 impacted not only the health sector but also the economic sector, which
was marked by negative signals on financial markets that caused losses for the whole world, including
Indonesia [1], [2]. The VUCA era presents challenges and threats from various directions. It causes a business
environment that is increasingly fluctuating, complex, and increasingly uncertain, such as uncertainty in the
capital market caused by technological disruption, high competition, market instability, and changing
consumer desires, and this is a challenge that must be faced by every business person and investor, where
both must always be prepared for all possibilities that may occur.

Many countries have experienced a decline in stock prices due to economic uncertainty and stated that
the stock market belongs to a VUCA environment [3]. Insignificantly, the VUCA era affected the movement
of stock exchanges in Indonesia. The impact of the global economy can be seen from the data released by the
Intrinsic Mode Function (IMF) in October, during which a decline of -4.4% and a global trade volume of -
10.4% [4]. In the meantime, Indonesia had economic growth in the first quarter of 2020, down 2.97% from
economic growth in the same period of 2019 [5]. The stock exchange indicated by ICI also experienced a
decrease of -28.21%, which was recorded for May 18, 2020, of Rp. 4,511 from the price on January 2, 2020,
of Rp. 6,284. The high level of economic uncertainty resulting from the VUCA era makes investors and
business people sell their investment portfolios to countries with more robust economic fundamentals or
countries with a low level of risk. This fact shows a strong relationship between the VUCA era and capital
market conditions, and ICI continues to experience sharp fluctuations and tends to decline. Financial data
predictions, especially ICI, are a series of continuous predictions because stock prices will continue to change
over time [6].

Many business people and investors routinely need several time series data from various sources to
make decisions and more strategic planning by making predictions [7]. The data can be developed to provide
scientific information that can support decision-making. Forecast data will only be ultimately able to provide
accurate future predictions sometimes. Still, if investors and business people only rely on judgment or wrong
estimates, the consequence is that business people and investors will suffer losses. Therefore, one of the roles
of prediction is to deal with future uncertainties by analyzing trends and variations in data [8].

ICI time series data experiences fluctuations with nonstationary and nonlinear characteristics; this is a
challenge in predicting this data for the future. Experts have used many prediction approaches, including
using statistical and econometric methods [9], [10], artificial intelligence methods [11], [12] and integration
approaches [13], [14]. The three methods have their advantages and disadvantages. Statistical and
econometric methods can produce good predictive results based on the assumptions of linearity and
stationarity in time series. However, in reality, statistical and econometric methods need help capturing data’s
nonlinear and nonstationary characteristics. Because of these limitations, many researchers have used
artificial intelligence to predict. This method is used because it is considered to have adaptive training
capabilities [15], [16], and can provide increased accuracy and stability of prediction results. However, in
reality, single artificial intelligence methods still have limitations, such as sensitivity to the parameters used,
which often causes overtraining, especially in some complex models such as Neural Networks (NN). Because
both methods have limitations and advantages, many researchers have used integration methods to overcome
these problems. Purohit et al. stated that the integration method provides better results than individual models
in predicting crop prices [17], Albari et al. concluded that the integration method provides low residual
performance for predicting the value of Indonesian exports [18].

Statistical and econometric methods commonly applied include exponential smoothing, ARIMA, and
decomposition, and artificial intelligence uses include NN and Long Short Term Memory (LSTM). Research
that has used both methods in integrating, among others, Qian et al. used an integration approach between
decomposition methods (wavelet transformation, empirical mode decomposition, other decomposition
methods) with three types, then continued with several methods in artificial intelligence approaches (NN,
LSTM) to predicting wind energy, this research only combines the two approaches where an artificial
intelligence approach is used even though this approach requires many parameters that are carried out
repeatedly to get the best model performance which can cause overtraining in the training process [19].
Subsequent research uses variational mode decomposition to transform time series data and NN with the
same architecture, then continues with an ensemble approach by adding up all the prediction results to predict
product future prices. Still, the ensemble approach used in this research only adds up the results from each
model obtained [20]. Sun et al.'s research integrates through recombination decomposition using Fast
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Ensemble Empirical Mode Decomposition (FEEMD) to decompose non-stationary data followed by Partial
Autocorrelation Function (PACF) analysis. It ends by using the Stacking Driven Ensemble Model (SDEM)
from several artificial intelligence approaches (BPNN, IBPNN, GRNN, ELM). Still, this research only
compares the performance results of the decomposition process with various artificial intelligence approaches
[21]. Jamei et al. use multiple decomposition training algorithms to estimate monthly rainfall. The data
collection was decomposed into Intrinsic Mode decomposition Functions (IMFs) using the TVF-EMD
method, and substantial delays were identified using the Partial Autocorrelation Function (PACF).
Meanwhile, machine training algorithms include Bidirectional Encoder-Decoder (EDBIi-LSTM), Adaptive
Boosting Regression (Adaboost), Generalized Regression Neural Network (GRNN), and Random Forest
(RF). Furthermore, the study assesses the error performance of the machine training algorithms used [22]. Li
et al. apply four decomposition methods to break down Electroencephalogram (EEG) data into components
of various complexity, followed by a Convolutional Neural Network (CNN) architecture and an averaging
approach [23].

Based on previous research, research gaps were found in integrating and overcoming overtraining from
using artificial intelligence models. In particular, this study suggests using decomposition techniques to
divide accurate data into three components that explain time series data. Decomposition separates data into
three components: seasoning, trending, and random, a unique characteristic (non-stationary and non-linear)
of time series data. This method was chosen because of the severe volatility of the ICI time series data. In
contrast, previous research used a decomposition methodology that transformed the original data into
numerous signals by focusing on the correlation value of each data point without paying attention to the
characteristics of the data. The second portion of this study involved an ensemble with many steps. First,
individual network generation employs NN with a combination of architecture, training data, and topologies
to predict all components separately; second, personal networks are selected using the PCA technique; and
third, a combination of individual networks with simple average (selected dimensions are combined by taking
the average) and weighted average (selected dimensions are weighted according to their performance) to
produce a model capable of correcting bias and systematic errors in data distribution. The ensemble in this
work concentrates on the parameters of the NN to be trained and develops a predictor to overcome the NN's
overtraining problem and provide optimal prediction outputs.

2. RESEARCH METHODS
2.1 Architecture Models

This section describes the integration developed in detail. The study includes two parts: actual data
transformation using decomposition techniques and NNE, while NNE consists of four steps: individual
network generation using NN, network selection with PCA, a network combination (weight and simple
average), and evaluation of prediction results. Figure 1 shows the implementation procedure of the proposed
model and is the result of a modification from [19], [20], [21] for the integration approach. Part 1, the actual
data transformation. This section divides the data into three components: seasonal, trend, and random, with
two types of decomposition. The goal is to reduce the volatility and complexity of the actual data while
minimizing the computational burden. Part 2, NNE. NNE consists of four steps. The first is generating
individual networks by varying parameters related to the design of network training (architecture, algorithm,
and training data set). The algorithm used in this section is a backpropagation neural network (BPNN), which
trains each component of the decomposition results. BPNN is used to train decomposition components
because of its powerful ability to model complex nonlinear relationships, which is critical for accurately
capturing the underlying structure in decomposed data. BPNN is very flexible and can be adapted to various
tasks, making it suitable for multiple types of decomposition, whether for capturing trends, seasonality, or
noise. Gradient-based optimization ensures efficient learning and convergence, allowing the network to adjust
and minimize errors effectively. Additionally, the universal approximation capabilities of BPNNs mean they
can approximate any continuous function, providing a powerful tool for modeling complex patterns in
components. Its scalability and an established body of research and practical applications further support its
use, making BPNN a reliable choice for tasks involving complex data parsing. Second, network selection.
PCA is used to select individual networks. Third, network combination. The NNE is built by integrating the
selected networks and combining the best networks using averaging techniques. Fourth, the prediction results
(MSE and MAE) are evaluated. The resultant error is used to assess performance.
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Figure 1. Structures of decomposition-NNE based approach

2.2 Decomposition Techniques

Researchers frequently employ decomposition models to partition big data sets [24]. Several prior
researchers have investigated the goal of sharing this data to address issues with time series data. As Wu and
Huang stated, using decomposition techniques can reduce the overall complexity of predictions without
requiring additional data so that it can improve prediction performance [25]; Altan et al. stated that the
decomposition technique was able to reduce volatility problems and was able to increase prediction accuracy
decomposition technigue was able to reduce volatility problems and was able to increase prediction accuracy
[26]; Huang et al. noted that the divide and conquer strategy is the central concept for solving prediction
problems [27].

Since its introduction in the 1920s, economists have utilized the decomposition approach extensively
to recognize and manage business cycles. In practice, the decomposition technique divides the data into
several components and identifies these components separately to obtain high accuracy [28]. Data distribution
consists of three components: trend, seasonality, and random. Decomposition modeling is presented in the
following equation [29]:

ve =fUe Ty, Ce ) + Er 1)
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2.3 Neural Network Ensemble

Many parameters are required to create a BPNN network architecture, such as a hidden layer, initial
random weights, learning rate, and momentum rate. Parameter selection and small changes in the training set
can significantly change prediction output. Many studies show that individual network generalizations are
not unique or that networks are unstable. The instability of individual networks is a problem in predictions
using individual networks [28], [29]. Hence, instead of training many individual networks, it is more optimal
to combine several individual networks. Combining several individual networks is known as the NNE
technique.

NNE has been widely used in many studies. The purpose of doing NNE is to avoid overtraining when
carrying out training by combining several individual networks that have been trained. The proposed NNE
approach consists of three stages: individual network generation, individual network selection, and network
combination, as shown in Figure 2.

E ! Creating Eusemble |
Members

i | Selecting Suitable | |
Neural Predictor

Output
Figure 2. Neural network ensemble framework
Step 1: Generation of Individual Networks

NN is an algorithm designed according to the work of brain function [30], [31], [32], which consists
of three layers [33], [34], [35]. Each layer consists of a certain number of neurons that will connect one layer
to another. The relationship between neurons will be calculated iteratively in the training stage [36], [37],
[38]. The network will initialize randomly in the training process, and the training process is obtained based
on adjusting the weights until the desired criteria are met [39]. NN is a (nonlinear) function with many
parameters where the parameters and functions are arranged in layers [40]. NN network modeling can be
mapped in the following equations [19], [41], [42]:

Ve = Pi (Wko + X7y wiii(vjo + X vijxi)) @

This study uses the type of BPNN. The BPNN used consists of three layers: the input layer, the hidden
layer, and the output layer, each consisting of neurons. The input layer consists of p neurons, a hidden layer
of p neurons, and an output layer of k neurons. Based on equation (2), BPNN can be mathematically derived
as the following equation [43].

yi(t+1)

~ = (y(t+1
Piern) y2( : )

ye(t+1)
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3)

Yern = RIVTOF(W®X®)) ®)
BPNN trains individual networks by altering the architecture, training data, and topology.
Architectural variations

Selection of the optimal number of neurons in the hidden layer is one of the important problems in
determining an NN. Many previous studies have found approaches to determine the number of hidden

N; . .
neurons. Meng, et al with the equation ﬁ proposed a strategy to determine the number of hidden
neurons in predicting wind speed, and the results showed good performance [44], Wang and Hu used the

equation —VN‘;N” to determine the number of neurons from the hidden layer and the research results show
an increase in prediction accuracy so that it can be used for predictions [45], and Sheela and Deepa uses
the equation % in selecting the number of hidden neurons in the NN network, and the results of the

approach used can increase network stability and can reduce errors with N; being the number of input
neurons and N, being the output neurons [46].

Variation of training data

They used different training data when training could provide different prediction results. This study
generated various training data by resampling (cross-validation) and preprocessing the time series data.

Topology variations

Each trained network undergoes topological changes by altering its initial random weights, learning, and
momentum rates.
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Step 2: Network Selection

The selection of parameters as a variation in the generation of individual networks, with each
experiment three times, gives different individual network performances. PCA is used to select and train
individual networks to avoid correlations from each network. Using the PCA, a multivariate technique,
several associated individual networks are transformed into uncorrelated networks while keeping their
maximum variance [47].

PCA is applied to reduce the dimensionality of a data set [48]. In individual network selection, PCA is
used to find a new coordinate system from several networks that have been trained so that they are
concentrated on a few coordinates. Simply put, PCA will find an orthonormal basis as a new basis from a set
of trained individual networks. The procedure for selecting several individual networks follows the following
steps.

1) Compute the average vector of all data in the individual network.

— 1

¥ =32n=1Yn )
2) Subtract the average vector from each data point for all data.

y=¥m—-Jy (5)

3) Lety = [91,¥2, -, ¥p] , an orthonormal matrix with a covariance matrix:
= 1557
§=<9y (6)
4) Calculate the eigenvalues and eigenvectors of the covariance matrix and arrange them in descending order.

5) Choose the L eigenvector that corresponds to the largest L eigenvalue to build the V;matrix by forming
an orthogonal system column. The vector L is called the principal component which forms a subspace
close to the orthonormal matrix.

6) Project the orthonormal data matrix into the obtained subspaces.
7) New data is the coordinates of data points in new space.

Z=Vy )
The original data will be approximated by the new data with the following equation:
y=V,Z+y ©))

Step 3: Network Combination

Ensembling combines prediction results [49], [50]. In this research, the ensemble preparation uses
training data samples that have been decomposed first, as shown in Figure 1. In the first step, several
networks are built using three different variations. In the second stage, the individual networks formed are
then selected using PCA, and finally, in the third stage, a network combination is carried out using the
averaging technique.

Assume that the function f: RV — RM with p samples, (x*, y*) for a particular problem where y* =
f(x*) where u = 1,2, -+, p. The sample is assumed to be taken randomly from the distribution of p(x). The
ensemble of individual networks consists of n forecast results of a single NN network and the output of the
ith single network at input x is called f;(x). Then the ensemble technique with weighted averaging in the
following form.

fG) = T wifi (%) 9)
Step 4: Evaluation of Predictive Results

Evaluation of the prediction results of this research is measured using Mean Absolute Error (MAE)
and Mean Square Error (MSE) which are error metrics used in time series data predictions [51], [52].

1 ’
MAE = 3L, (vi = ¥,

.32
MSE = 213’:1% (10)
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where y; is the predicted output, y; is the actual output, and N' N is the number of samples used. The network
design process plays an important role in determining network performance.

3. RESULTS AND DISCUSSION
3.1 Indonesia Composite Index Price

The data in this study is time series data from ICI data from 1 July 2021 to 15 July 2022, with a total
of 253 observations. Researchers only took data from the past year to see the impact of the pandemic and the
arrival of the VUCA era in Indonesia. Hence, the data became unstable and experienced rapid changes marked
by data volatility [53], [54]. ICI time series data was obtained from the website finance.yahoo.com and is
presented in Figure 3.

Indonesia Composite Index Price

7000~

IHSG

6500 -

6000 -

Jul 2024 Oct 2021 Jan 2022 Apr 2022 Jul 2022
Time

Figure 3. Indonesia composite index 2021-2022

Figure 3 shows very volatile fluctuations from the I1CI data that will be studied, marked by a very high
29-time spike for rising and falling prices. This surge continued until the end of this research data was used.
Extreme increases occur at the end of 2021, and extreme decreases around May 2022.

Table 1. Statistical Parameters of Daily ICI Using Observations 2021-2022

Number of data points Value
Minimum 5979.21
Maximum 7276.19
Mean 6620.9
Median 6647.06
Standard deviation 363.86
Skewness -0.21
Kurtosis -1

Table 1 shows the statistical parameters of the data used. It can be seen from the table that the range
between the lowest and highest data is 1,296.98 points; this shows quite a long movement. For the
centralization measure, it can be seen that the average value is smaller than the median, so the frequency
distribution curve formed is left skewed or negatively skewed. The standard deviation number is the measure
of dispersion. In Table 1, this value is relatively significant, showing that prices change substantially daily,
demonstrating the price volatility in the data. For a skewness value smaller than zero, this indicates that the
ICI data is distributed skewed to the left, indicating a high level of fluctuation in the data. For a kurtosis size
smaller than 3, the curve formed is platykurtic (tends to be flat).
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3.2 Empirical Result and Discussion

This section presents empirical results and discusses the effectiveness of decomposition models and
ensembles with an integration approach between decomposition techniques and the NNE approach. The
performance of each model will be measured using MSE and MAE. In addition, different models were used
for comparison. Several experimental results are discussed to demonstrate the superiority of the
decomposition and NNE approaches. Daily data spanning one year with a total of 253 observations were used
for the empirical study.

According to the model development step, part 1 transforms the data using decomposition to break
down the original ICI data set into three components: seasonal, trend, and random. In general, the component
with the highest frequency factor is the random component, the middle component is seasonal, which has
sinusoidal solid fluctuation characteristics, and the lowest component is a trend, which will show the trend of
time series data for the long-term in the future. This research uses additive (type 1) and multiplicative (type
2) decomposition. The results of the first decomposition are presented Figure 4 and Figure 5.

Decomposition of additive time series
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Figure 4. Daily ICI price after decomposition process with additive decomposition

Decomposition of multiplicative time series
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Figure 5. Daily ICI price after decomposition process with multiplicative decomposition

Figure 4 and Figure 5 show the results of the transformation using decomposition. The two types of
decomposition provide almost the same picture, such as an upward trend in the data with three spikes; for
seasonal, the cycle is visible, while for random data, the data set is volatile, and the data is mostly found in
the random component. This is because decomposition aims to separate the main elements of the data, such
as trend, seasonality, and noise, even though the methods are different.
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Part 2 of individual network development begins with single network prediction, accompanied by
phases of constructing ensemble members for the three previously stated components. Table 2 provides a
complete report of the results of the ensemble model for training and testing groups, as well as the results of
creating ensemble members. Three different methods were used to create ensemble members. They are as
follows: (1) architectural variations, carried out using the three approaches described previously, neurons
obtained from hidden layers were 5, 1, and 12; (2) variations in training data, carried out using cross-
validation with variations of 60%, 70%, and 80% training and 40%, 30% and 20% testing [55]; and (3)
topology variations, this variation is carried out by varying initial random weights, activation function,
different training rates for each network being trained. This stage is carried out to train a single network with
various variations, demonstrated by empirical results from the performance of each single network. The
Table 2 and Table 3 uses the terms A for architecture, T, for training data, and T,, for topology.

Table 2. The MSE and MAE of Decomposition-NNE Approach for Different Creating Ensemble
Members Type 1

. I Training Testing
Creating Ensemble Criteria MSE MAE MSE MAE
Seasonal Component
Ay 2.5344e-07  4.3028e-04  4.1994e-06 0.0013
Architecture A, 0.1269 0.2822 0.1274 0.2755

As 5.5546e-08 1.9031e-04 3.9932e-09 5.5743e-05
Tr1 8.1826e-07 6.6954e-04 1.1130e-08 7.0378e-05

Training Data Tyy 4.2613e-07 4.3515e-04 4.4819e-07 5.4105e-04
Tys 1.7767e-07 2.9704e-04 1.2715e-07 2.7980e-04

Tp1 8.7841e-07 5.7118e-04 3.8067e-05 0.0029

Topology Ty, 3.4593e-08  1.7597e-04 0.0094 0.0634

Tps3 1.2641e-18 8.0822¢-10 6.3088e-19 3.5139-10

Trend Component

A; 0.0198 0.0292 0.0010 0.0175
Acrchitecture A, 0.0209 0.0392 0.0028 0.0360
As 0.0196 0.0306 2.5669e-04 0.0124
Tyq 0.0198 0.0282 0.0012 0.0162
Training Data Ty, 0.0099 0.0222 9.0560e-04 0.0221
Ty3 0.0050 0.0145 6.1836e-04 0.0184
Topology Tpe 0.0199 0.0350 0.0014 0.0191
Ty, 0.0202 0.0303 0.0020 0.0311

. o Training Testing
Creating Ensemble  Criteria MSE MAE MSE MAE

Random Component

Tps 0.0179 0.0326 1.3954e-04 0.0087
. Ay 0.0043 0.0158 0.0010 0.0177
Architecture 4, 0.0049 0.0265 0.0022 0.0301
As 0.0042 0.0148 5.5842e-04 0.0140
Tyq 0.0042 0.0149 0.0016 0.0231
Training Data Ty, 0.0099 0.0235 0.0016 0.0219
Tys 0.0051 0.0159 4.4501e-04 0.0146
Tp1 0.0042 0.0154 0.0013 0.0163
Topology Ty 0.0044 0.0208 0.0017 0.0275
T3 0.0035 0.0115 1.6386e-04 0.0098

Overall, the table presented can be explained that Table 2 shows an evaluation of the performance of
the type 1 model. The best variation of neurons in the hidden layer is 12 neurons, the most significant variation
in training data is 80% with 202 observations for training and 51 testing data, and for topological variations,
it is using the bipolar sigmoid activation function (tansig), training rate 0.1.

Table 3 shows the performance results of type 2 decomposition continued with individual networks.
Seasonal components and network performance trends that provide optimum values for different architectures
are architecture type 3, training data 2, and topologies 3 and 1, while for the optimum network performance
evaluation components are architecture 3, training data 1, and topology 3.
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Table 3. The MSE And MAE of Decomposition-NNE Approach for Different Creating Ensemble Members

Type 2
. I Training Testing
Creating Ensemble Criteria MSE MAE MSE MAE
Seasonal Component
Ay 7.04E-09 8.03E-05 4.41E-09 4.72E-05
Architecture A, 0.0791 0.1923 0.0799 0.1936
A 2.60E-09 3.89E-05 5.26E-09 6.78E-05
T,y 5.21E-09 5.79E-05 9.02E-09 7.61E-05
Training Data Ty, 4.48E-09 4.99E-05 1.87E-15 3.85E-08
Tys 6.80E-09 5.27E-05 3.88E-27 4.35E-14
Ty, 2.11E-09 4.25E-05 3.87E-11 4.80E-06
Topology Ty 1.07E-04 0.0098 3.71E-15 5.11E-08
Ty3 5.47E-17 5.40E-09 2.21E-19 4.14E-10
. o Training Testing
Creating Ensemble  Criteria MSE MAE MSE MAE
Seasonal Component
Trend Component
Ay 9.37E-08 1.95E-04 2.03E-06 0.001
Architecture A, 1.06E-09 2.54E-05 1.25E-09 3.31E-05
As 2.28E-08 8.30E-05 5.73E-09 3.06E-05
Ty, 2.50E-06 1.10E-03 9.76E-09 9.01E-05
Training Data Ty, 1.31E-07 1.52E-04 1.83E-06 0.0012
Ty5 3.80E-07 4.42E-04 3.13E-10 1.49E-05
Ty 6.93E-07 2.85E-04 9.19E-11 8.82E-06
Topology Ty 5.12E-07 3.95E-04 5.43E-16 1.56E-08
T3 3.47E-15 3.16E-08 8.75E-07 6.46E-04
Random Component
Ay 3.66E-09 5.18E-05 7.98E-09 7.49E-05
Architecture A, 0.0865 0.1978 0.0845 0.193
As 2.63E-09 3.62E-05 4.37E-09 5.45E-05
Ty, 2.92E-10 1.46E-05 2.15E-09 3.89E-05
Training Data T,y 8.29E-10 2.07E-05 2.25E-10 1.33E-05
Tys 3.09E-09 4.05E-05 1.08E-09 2.99E-05
Ty, 1.36E-13 2.81E-07 8.26E-09 8.44E-05
Topology Ty 1.01E-09 2.31E-05 3.51E-09 5.26E-05
T3 3.77E-17 4.83E-09 1.57E-22 1.00E-11

Table 3 shows the performance evaluation of type 2. The results show that the best variation of
architecture with neurons in the hidden layer in an individual network is 12 neurons. For the best variation of
training data, a variety of three cross-validations were carried out, as well as for variations of network
architecture topology, which provides performance. The best is the third type, which 5 hidden layer neuron
variations, a training rate of 0.1, bipolar sigmoid activation function (tansig), and a training method called
Lavenberg Marguat.

Empirical results in Table 2 and Table 3 show that the use of a single network can result in overtraining
if the network is continuously trained. At the same time, this research aimed to overcome the occurrence of
overtraining to provide optimal predictions by performing an ensemble so that a single network is selected
that represents the characteristics of the data next based on the results of observations from each type of
model development. It was found that individual networks became more complex due to an increase in
neurons in the hidden layer, and MSE and MAE in the training and testing groups using the PCA approach
decreased when measuring the error of each network. Using the PCA technique, the table findings are then
used to identify an appropriate NN predictor. The PCA method is used to select individual networks while
eliminating correlation between separate networks. The PCA results were then combined using simple,
average, and weighted averages, and the performance results were evaluated using MSE and MAE, which
are presented in Table 4.
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Table 4. The MSE And MAE of Random Component for Different Combination and Individual Networks

Training Testing
MSE MAE MSE MAE
Model Development (Type 1) 3.0134e-05 0.0023 4.3090e-16 1.6773e-08
Weighted Average
Model Development (Type 1) 5.23546-05 0.0174 5.7277e-15  2.0573e-07

Simple Average
Model Development (Type 2)
Weighted Average

Model Development (Type 2) i i i i
Simple Average 6.7429e-08 4.8733e-05 5.9330e-09 1.0834e-05

NN 0.0024 0.0376 1.0733e-04 0.0063

Table 4 compares MSE and MAE decomposition and ensemble approaches with individual networks.
Based on Table 4 MSE and MAE, the decomposition and NNE models, both type 1 or 2, can perform better
than individual networks. This is because the development of decomposition and NNE techniques first
decomposes the original time series data into several components periodically so that it can be predicted more
efficiently and thus becomes more effective. When the results from all components are combined, the final
result of the prediction is better than the original time series.

3.0708e-09 2.6921e-05 4.3110e-10 6.2522e-06

The results of the complete ensemble based on decomposition by thoroughly describing components
with types 1 and 2 are presented in the table above. The two types of model development have been compared.
Based on the experiments that have been carried out, it can be concluded that: (1) decomposition is able to
capture seasonal, trend and random features from actual data containing high volatility, (2) in almost all cases
of both types it produces good performance evaluations for all predictions, not only for during training but
also on data testing when compared to individual networks; (3) integration of decomposition and NNE for
both types can effectively improve prediction accuracy, and (4) the combination of using weighted average
shows better performance than simple average.

Figure 6 presents the predicted results of the ICI price. This section compares prediction plots using
the decomposition technique, development, NNE types 1 and 2, NN, and actual data from ICI. From the
picture, it can be seen that the decomposition technique and NNE can follow the exact price of ICI compared
to individual NN, which makes it difficult to follow the movement of actual ICI data with high volatility.
Based on the prediction results from the developed integration, which can follow daily data from ICI, it can
provide helpful information in carrying out investments in running a portfolio.

PREDICTION COMPARITION PLOT

ICI

MSG P —
EDTypel :
EDType2 :
Single NN

6000

Oct 2021 Jan 2022 Apr 2022 Jul 2022

TIME

Jul 2021

Figure 6. Predicted result plot
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4. CONCLUSIONS

The amount of risk that business people and investors will accept in running portfolios in the VUCA
era causes the need to predict the prices of commodities, stocks, and so on in the capital market. If business
people and investors only make wrong judgments or predictions, the consequence is that business people and
investors will suffer huge losses. This study uses an approach that integrates decomposition and NNE. The
framework is used to predict ICI prices using two different types. The first objective of this approach is to
separate time series data into three components: seasonal component, high volatility characterized by a trend
component, and random component. Then, NNE is used to combine individual networks. To assess the
effectiveness of this approach, network performance evaluation is carried out using MSE and MAE. The
experimental results show that integrating decomposition and NNE can reduce errors and provide better
performance than individual NNs. The decomposition integration and NNE approaches in this research use a
linear approach; in reality, this approach still requires a nonlinear approach to the prediction output to reduce
differences in prediction error.

REFERENCES

[1] A.Bash, “International Evidence of Covid-19 and Stock Market Returns: an Event Study Analysis,” Int. J. Econ. Financ. Issues,
vol. 10, no. 4, pp. 34-38, 2020, doi: 10.32479/ijefi.9941.

[2] C.K. Dewi, “Jkse and Trading Activities Before After Covid-19 Outbreak,” Res. J. Account. Bus. Manag., vol. 4, no. 1, p. 1,
2020, doi: 10.31293/rjabm.v4i1.4671.

[31 C.Moreno and O. Mauricio, “VUCA World y lecciones de interdependencia COVID-19,” GIGAPP Estud. Work. Pap., vol. 7,
no. 183, pp. 513-532, 2020, [Online]. Available: http://www.gigapp.org/ewp/index.php/GIGAPP-EWP/article/view/225

[4] M. Gunawan and A. H. Anggono, “Cryptocurrency Safe Haven Property against Indonesian Stock Market During COVID-19,”
J. Econ. Business, Account. Ventur., vol. 24, no. 1, p. 121, 2021, doi: 10.14414/jebav.v24i1.2661.

[5] D.Rahmayani and S. Oktavilia, “Does the Covid-19 pandemic affect the stock market in Indonesia?,” J. llmu Sos. dan limu
Polit., vol. 24, no. 1, pp. 3347, 2020, doi: 10.22146/JSP.56432.

[6] Y.LiandY. Pan, “A novel ensemble deep learning model for stock prediction based on stock prices and news,” Int. J. Data
Sci. Anal., vol. 13, no. 2, pp. 139-149, 2022, doi: 10.1007/s41060-021-00279-9.

[71 R.Godahewa, K. Bandara, G. I. Webb, S. Smyl, and C. Bergmeir, “Ensembles of localised models for time series forecasting,”
Knowledge-Based Syst., vol. 233, 2021, doi: 10.1016/j.knosys.2021.107518.

[8] M.J. Embrechts, “Forecasting foreign exchange rates with artificial neural networks,” Intell. Eng. Syst. Through Artif. Neural
Networks, vol. 5, no. 1, pp. 771-778, 1995.

[91 Q. Zhou, J. Hu, W. Hu, H. Li, and G. zhen Lin, “Interrupted time series analysis using the ARIMA model of the impact of
COVID-19 on the incidence rate of notifiable communicable diseases in China,” BMC Infect. Dis., vol. 23, no. 1, pp. 1-10,
2023, doi: 10.1186/512879-023-08229-5.

[10] L.Bai... C.Li, “Predicting monthly hospital outpatient visits based on meteorological environmental factors using the ARIMA
model,” Sci. Rep., vol. 13, no. 1, pp. 1-11, 2023, doi: 10.1038/s41598-023-29897-y.

[11] S. M. Valdivia-Bautista, J. A. Dominguez-Navarro, M. Pérez-Cisneros, C. J. Vega-Gomez, and B. Castillo-Téllez, “Artificial
Intelligence in Wind Speed Forecasting: A Review,” Energies, vol. 16, no. 5, 2023, doi: 10.3390/en16052457.

[12] M. Kureljusic and E. Karger, “Forecasting in financial accounting with artificial intelligence — A systematic literature
review and future research agenda,” J. Appl. Account. Res., vol. 25, no. 1, pp. 81-104, 2024, doi: 10.1108/JAAR-06-2022-
0146.

[13] L. B. Sina, C. A. Secco, M. Blazevic, and K. Nazemi, “Hybrid Forecasting Methods—A Systematic Review,” Electron., vol.
12, no. 9, 2023, doi: 10.3390/electronics12092019.

[14] F. A. Nahid, W. Ongsakul, and N. M. Manjiparambil, “Short term multi-steps wind speed forecasting for carbon neutral
microgrid by decomposition based hybrid model,” Energy Sustain. Dev., vol. 73, no. March, pp. 87-100, 2023, doi:
10.1016/j.esd.2023.01.016.

[15] M. Song and Y. Wang, “A study of granular computing in the agenda of growth of artificial neural networks,” Granul. Compult.,
vol. 1, no. 4, pp. 247-257, 2016, doi: 10.1007/s41066-016-0020-7.

[16] W. Liu, C. Wang, Y. Li, Y. Liu, and K. Huang, “Ensemble forecasting for product futures prices using variational mode
decomposition and artificial neural networks,” Chaos, Solitons and Fractals, vol. 146, p. 110822, 2021, doi:
10.1016/j.chaos.2021.110822.

[17] S. K. Purohit, S. Panigrahi, P. K. Sethy, and S. K. Behera, “Time Series Forecasting of Price of Agricultural Products Using
Hybrid Methods,” Appl. Artif. Intell., vol. 35, no. 15, pp. 1388-1406, 2021, doi: 10.1080/08839514.2021.1981659.

[18] A.S. Albahri... A. A. Yass, “Hybrid artificial neural network and structural equation modelling techniques: a survey,” Complex
Intell. Syst., vol. 8, no. 2, pp. 1781-1801, 2022, doi: 10.1007/s40747-021-00503-w.

[19] Z.Qian, Y. Pei, H. Zareipour, and N. Chen, “A review and discussion of decomposition-based hybrid models for wind energy
forecasting applications,” Appl. Energy, vol. 235, no. October 2018, pp. 939-953, 2019, doi: 10.1016/j.apenergy.2018.10.080.

[20] W. Liu, C. Wang, Y. Li, Y. Liu, and K. Huang, “Ensemble forecasting for product futures prices using variational mode
decomposition and artificial neural networks,” Chaos, Solitons &Fractals, 2021, [Online]. Auvailable:
https://www sciencedirect.com/science/article/pii/S0960077921001740

[21] W. Sun and Z. Li, “Hourly PM2.5 concentration forecasting based on mode decomposition-recombination technique and
ensemble learning approach in severe haze episodes of China,” J. Clean. Prod., vol. 263, 2020, doi:



2734

[22]

[23]
[24]
[25]

[26]

[27]
[28]
[29]
[30]
[31]
[32]

[33]

[34]
[35]
[36]
[37]
[38]

[39]

[40]

[41]

[42]

[43]
[44]

[45]

[46]
[47]

[48]

[49]
[50]
[51]

[52]

Saluza, etal. PREDICTION INDONESIA COMPOSITE INDEX USING INTEGRATION DECOMPOSITION...

10.1016/j.jclepro.2020.121442.

M. Jamei, M. Ali, A. Malik, M. Karbasi, P. Rai, and Z. M. Yaseen, “Development of a TVF-EMD-based multi-decomposition
technique integrated with Encoder-Decoder-Bidirectional-LSTM for monthly rainfall forecasting,” J. Hydrol., vol. 617, no. PC,
p. 129105, 2023, doi: 10.1016/j.jhydrol.2023.129105.

R. Li, R. Gao, and P. N. Suganthan, “A decomposition-based hybrid ensemble CNN framework for driver fatigue recognition,”
Inf. Sci. (Ny)., vol. 624, pp. 833-848, 2023, doi: 10.1016/j.ins.2022.12.088.

Y. Zhang, G. Li, B. Muskat, and R. Law, “Tourism Demand Forecasting: A Decomposed Deep Learning Approach,” J. Travel
Res., vol. 60, no. 5, pp. 981-997, 2021, doi: 10.1177/0047287520919522.

N. E. H. Zhaohua Wu, “Ensemble empirical mode decomposition: A Noise-Assited,” Biomed. Tech., vol. 55, no. 1, pp. 193—
201, 2009.

A. Altan, S. Karasu, and E. Zio, “A new hybrid model for wind speed forecasting combining long short-term memory neural
network, decomposition methods and grey wolf optimizer,” Appl. Soft Comput., vol. 100, p. 106996, 2021, doi:
10.1016/j.as0c.2020.106996.

N. E. Huang ... H. H. Liu, “The empirical mode decomposition and the Hubert spectrum for nonlinear and non-stationary time
series analysis,” Proc. R. Soc. A Math. Phys. Eng. Sci., vol. 454, no. 1971, pp. 903-995, 1998, doi: 10.1098/rspa.1998.0193.
M. Wu, Q. Feng, X. Wen, Z. Yin, L. Yang, and D. Sheng, “Deterministic analysis and uncertainty analysis of ensemble
forecasting model based on variational mode decomposition for estimation of monthly groundwater level,” Water (Switzerland),
vol. 13, no. 2, 2021, doi: 10.3390/w13020139.

T. Boyle, “Management systems,” Heal. Saf. Risk Manag., pp. 223-249, 2018, doi: 10.4324/9781315638515-18.

B. Liu, C. Fu, A. Bielefield, and Y. Q. Liu, “Forecasting of Chinese Primary Energy Consumption in 2021 with GRU artificial
neural network,” Energies, vol. 10, no. 10, pp. 1-15, 2017, doi: 10.3390/en10101453.

A. Kisvari, Z. Lin, and X. Liu, “Wind power forecasting — A data-driven method along with gated recurrent neural network,”
Renew. Energy, vol. 163, no. October 2020, pp. 1895-1909, 2021, doi: 10.1016/j.renene.2020.10.119.

S. Namasudra, S. Dhamodharavadhani, and R. Rathipriya, “Nonlinear Neural Network Based Forecasting Model for Predicting
COVID-19 Cases,” Neural Process. Lett., no. 0123456789, 2021, doi: 10.1007/s11063-021-10495-w.

P. R. Jena, R. Majhi, R. Kalli, S. Managi, and B. Majhi, “Impact of COVID-19 on GDP of major economies: Application of
the artificial neural network forecaster,” Econ. Anal. Policy, vol. 69, no. December, pp. 324-339, 2021, doi:
10.1016/j.eap.2020.12.013.

D. K. Sharma, H. S. Hota, K. Brown, and R. Handa, “Integration of genetic algorithm with artificial neural network for stock
market forecasting,” Int. J. Syst. Assur. Eng. Manag., vol. 13, pp. 828-841, 2022, doi: 10.1007/s13198-021-01209-5.

X. Shu, W. Ding, Y. Peng, Z. Wang, J. Wu, and M. Li, “Monthly Streamflow Forecasting Using Convolutional Neural
Network,” Water Resour. Manag., vol. 35, no. 15, pp. 5089-5104, 2021, doi: 10.1007/s11269-021-02961-w.

D. T. S. Kumar, “Video based Traffic Forecasting using Convolution Neural Network Model and Transfer Learning
Techniques,” J. Innov. Image Process., vol. 2, no. 3, pp. 128-134, 2020, doi: 10.36548/jiip.2020.3.002.

S. K. Tamang, P. D. Singh, and B. Datta, “Forecasting of Covid-19 cases based on prediction using artificial neural network
curve fitting technique,” Glob. J. Environ. Sci. Manag., vol. 6, pp. 53-64, 2020, doi: 10.22034/GJESM.2019.06.S1.06.

D. Cao ... Q. Zhang, “Spectral temporal graph neural network for multivariate time-series forecasting,” Adv. Neural Inf.
Process. Syst., vol. 2020-Decem, no. NeurlPS, pp. 1-13, 2020.

M. O. Moreira, P. P. Balestrassi, A. P. Paiva, P. F. Ribeiro, and B. D. Bonatto, “Design of experiments using artificial neural
network ensemble for photovoltaic generation forecasting,” Renew. Sustain. Energy Rev., vol. 135, no. September 2020, p.
110450, 2021, doi: 10.1016/j.rser.2020.110450.

S. Scher and G. Messori, “Ensemble Methods for Neural Network-Based Weather Forecasts,” J. Adv. Model. Earth Syst., vol.
13, no. 2, pp. 1-17, 2021, doi: 10.1029/2020MS002331.

D. Papapicco, N. Demo, M. Girfoglio, G. Stabile, and G. Rozza, “The Neural Network shifted-proper orthogonal
decomposition: A machine learning approach for non-linear reduction of hyperbolic equations,” Comput. Methods Appl. Mech.
Eng., vol. 392, pp. 1-18, 2022, doi: 10.1016/j.cma.2022.114687.

K. W. Khaw ... Z. Z. Khattak, “Modelling and Evaluating Trust in Mobile Commerce: A Hybrid Three Stage Fuzzy Delphi,
Structural Equation Modeling, and Neural Network Approach,” Int. J. Hum. Comput. Interact., vol. 38, no. 16, pp. 1529-1545,
2022, doi: 10.1080/10447318.2021.2004700.

F. S. Hillier and S. Editor, Forecasting With Artificial Neural.

A. Meng, J. Ge, H. Yin, and S. Chen, “Wind speed forecasting based on wavelet packet decomposition and artificial neural
networks trained by crisscross optimization algorithm,” Energy Convers. Manag., vol. 114, pp. 75-88, 2016, doi:
10.1016/j.enconman.2016.02.013.

J. Wang and J. Hu, “A robust combination approach for short-term wind speed forecasting and analysis - Combination of the
ARIMA (Autoregressive Integrated Moving Average), ELM (Extreme Learning Machine), SVM (Support Vector Machine)
and LSSVM (Least Square SVM) forecasts usi,” Energy, vol. 93, pp. 41-56, 2015, doi: 10.1016/j.energy.2015.08.045.

K. G. Sheela and S. N. Deepa, “Selection of number of hidden neurons in neural networks in renewable energy systems,” J.
Sci. Ind. Res. (India)., vol. 73, no. 10, pp. 686-688, 2014.

B. M. Salih Hasan and A. M. Abdulazeez, “A Review of Principal Component Analysis Algorithm for Dimensionality
Reduction,” J. Soft Comput. Data Min., vol. 02, no. 01, pp. 20-30, 2021, doi: 10.30880/jscdm.2021.02.01.003.

M. R. Mahmoudi, M. H. Heydari, S. N. Qasem, A. Mosavi, and S. S. Band, “Principal component analysis to study the relations
between the spread rates of COVID-19 in high risks countries,” Alexandria Eng. J., vol. 60, no. 1, pp. 457-464, 2021, doi:
10.1016/j.aej.2020.09.013.

N. Sharma, J. Dev, M. Mangla, V. M. Wadhwa, S. N. Mohanty, and D. Kakkar, “A Heterogeneous Ensemble Forecasting
Model for Disease Prediction,” New Gener. Comput., vol. 39, no. 3—-4, pp. 701-715, 2021, doi: 10.1007/s00354-020-00119-7.
A. ITbrahim ... E. S. M. El-Kenawy, “Wind Speed Ensemble Forecasting Based on Deep Learning Using Adaptive Dynamic
Optimization Algorithm,” IEEE Access, vol. 9, pp. 125787125804, 2021, doi: 10.1109/ACCESS.2021.3111408.

M. Abed, M. A. Imteaz, A. N. Ahmed, and Y. F. Huang, “Application of long short-term memory neural network technique for
predicting monthly pan evaporation,” Sci. Rep., vol. 11, no. 1, pp. 1-19, 2021, doi: 10.1038/s41598-021-99999-y.

P. H. Borghi, O. Zakordonets, and J. P. Teixeira, “A COVID-19 time series forecasting model based on MLP ANN,” Procedia



BAREKENG: J. Math. & App., vol. 18(4), pp. 2721- 2736, December, 2024. 2735

Comput. Sci., vol. 181, no. 2019, pp. 940-947, 2021, doi: 10.1016/j.procs.2021.01.250.

[53] J. Bensley, “COVID-19: A salutary experience of VUCA,” ICCPM Newsletter., 2020, [Online]. Available:
https://iccpm.com/wp-content/uploads/2020/08/ICCPM-Article-COVID-19-A-Salutary-Experience-of-VUCA_web.pdf

[54] A.M.R. Putri, M. H. Shafiai, A. G. Ismail, and ..., “the Challenges of the Vuca Economy Based on the Evolution of Study,”
vol. 2, no. 1, pp. 199-209, 2023, [Online]. Available:
https://conference.univpancasila.ac.id/index.php/ecobestha/article/view/77

[55] D. Berrar, “Cross-validation,” pp. 1-13.



2736 Saluza, etal. PREDICTION INDONESIA COMPOSITE INDEX USING INTEGRATION DECOMPOSITION...



