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ABSTRACT

A stock index is a statistical measure that reflects the overall price movement of a group of stocks selected based
on certain criteria and methodologies and evaluated regularly. JCI is included in the composite index, which is
the Headline index. The Headline Index is an index that is used as the main reference to describe the performance
of the capital market. The JCI is very important in describing the current condition of the capital market because
the JCI measures the price performance of all stocks listed on the Main Board and Development Board of the
IDX. This study aims to predict JCI data using the time series method. The hybrid Autoregressive Integrated
Moving Average-Atrtificial Neural Network (ARIMA-ANN) model combines the linear ARIMA model and the non-
linear ANN model. The best models are the ARIMA model (2,1,1) and the ANN Backpropagation model with one
input layer, one hidden layer with 20 neurons, and one output. The ARIMA-ANN hybrid model accurately predicts
JCI data because it produces a MAPE value of less than 1%, with the level of forecasting accuracy from testing
results being smaller than the level of accuracy during training. In addition, the forecast for the next five days is
very accurate because it produces a very small RMSE and a MAPE below 1%, respectively, namely 56.99 and
0.72%.
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1. Introduction

Stocks are one of the most popular financial market instruments. Issuance of shares by a company is one option for
funding the company. On the other hand, stocks can provide an attractive profit level so that they become an investment
instrument many investors choose. Shares are defined as a sign of capital participation of a person or party (business
entity) in a company or limited liability company. The party who invests (involves capital) has a claim on the company's
income and claims on company assets and is entitled to attend the General Meeting of Shareholders (GMS). [1]

A stock index is a statistical measure that reflects the overall price movement of a group of stocks selected based
on certain criteria and methodologies and evaluated regularly. The purpose and benefits of the stock index are 1)
measuring market sentiment; 2) used as passive investment products such as Index Mutual Funds and Index ETFs as
well as derivative products; 3) benchmarks for active portfolios; 4) proxy in measuring and modeling return on
investment, systematic risk, and risk-adjusted performance; 5) Proxy for asset class on asset allocation. [2]

Today, the development of passive investment is increasing globally, and the stock index can be used as a reference
for passive investment. Based on data from the Investment Company Institute in the 2010-2019 period, passive
investment (index mutual funds and ETFs) in the United States increased by USD 1.8 trillion, while active investment
(non-index mutual funds) decreased by USD 1.7 trillion. In Indonesia, the use of the IDX index for investment products
increased significantly, from IDR 2.72 trillion in funds under management at the end of 2015 to IDR. 15.88 trillion by
the end of 2020. In other words, the average growth is 42% per year. [2]

The Indonesia Stock Exchange (IDX), as the regulator and organizer of trading in the Indonesian capital market,
provides a stock index that capital market players can use. In February 2021, there are 37 stock indices provided by the
IDX, which are classified into four index categories, namely Headline (10 indexes), Sector (13 indexes), Thematic (7
indexes), and Factor (7 indexes). One of the indexes available on the IDX is the Composite Stock Price Index (IHSG)
or JCI (Jakarta Composite Index). JCI is included in the composite index, which is the Headline index. The Headline
Index is an index that is used as the main reference to describe the performance of the capital market. [2]

JCI was first introduced in April 1983. At that time, JCI was used as a reference for price movements of all shares
listed on the IDX, both regular and preferred shares [3]. In addition, the JCI is usually used as a proxy for the market
portfolio, which can then be used to calculate a portfolio's systematic risk and risk-adjusted-performance [2]. Thus, the
JCI is very important in describing the current condition of the capital market because the JCI measures the price
performance of all stocks listed on the Main Board and Development Board of the IDX [2]. Based on IDX data as of
January 29, 2021, there are 713 constituents in the JCI. Return data for the last five years shows that the return (yoy) of
the JCI has decreased significantly. In 2017, the JCI return reached 20%. In 2021, the return was -2%. The lowest JCI
return condition occurred in 2020, which reached -5.1% [2]. Thus, it is important to observe and analyze JCI price
movements using the right statistical model.

Generally, JCI data is presented in the form of time series. Therefore, the time-series data modeling method is the
right method. Based on the number of variables used, the time series model is classified into two, namely the univariate
and multivariate time series models. Several previous studies have carried out the application of multivariate and
univariate time series models in analyzing JCI data. The multivariate time series model used in previous research is a
combination model between the Autoregressive Integrated Moving Average with Exogenous Variables (ARIMAX)
model and the Threshold Autoregressive Conditional Heteroscedasticity (TARCH) or ARIMAX-TARCH model [4].
Meanwhile, the time series model used by previous research is the Autoregressive Integrated Moving Average (ARIMA)
[5] [6] [7]. Only now has research that compares multivariate and univariate time series models using JCI data. In a
different case, some studies compare multivariate and univariate time series models, where the forecasting results using
univariate time series models are better than multivariate models. [8] [9] [10].

The univariate time series model is a model that analyzes time series data consisting of one variable. ARIMA is a
linear univariate time series model, so the ability to explain data that contains nonlinear components is not optimal.
Nonlinear components must be analyzed using appropriate methods. It aims to minimize errors in predictions or avoid
invalid prediction results. One method that can be used to analyze data containing nonlinear components is Acrtificial
Neural Network (ANN). According to a review of several previous studies, there is the use of ANN algorithms for
forecasting JCI data, such as the prediction of JCI using the backpropagation algorithm [11] and the use of the ANN
algorithm without windowing to predict JCI more accurately because it produces smaller errors than using windowing
[12]. Until now, there has been no research that discusses the prediction of the JCI by combining linear and nonlinear
models.

Based on the description above, this study aims to model the JCI data by analyzing linear and nonlinear components
in one model. The model is a hybrid model between ARIMA and ANN, where ARIMA is used to model linear
components, while ANN is used to model nonlinear components [13] [14]. In its application, the ARIMA-ANN hybrid
model produces accurate predictions [13]. Until now, the application of ARIMA-ANN is quite extensive in various
fields, such as forecasting rainfall in Malang Regency, Indonesia [15], Banyuwangi [16], Robusta coffee price
forecasting in India [17], inflation prediction in Indonesia[18], forecasting agricultural exchange rate data in Gorontalo
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Indonesia [19], forecasting the IDR exchange rate against USD [20], and estimation of electromagnetic wave
propagation in densely forested urban areas [21].

2. Research Methods

2.1ARIMA

Autoregressive Moving Average (ARMA) is a combination of autoregressive (AR) and moving average (MA)
models. The model is a model for stationary data which is denoted by ARMA(p, q), which is defined as follows

Ve = P1Ve—1+ G2Veot o FPpYip + &+ 0161 + 065 +... 0584 (1)

with ¢4,..., ¢, is the autoregressive coefficient, 6,, ..., 8, is the coefficient of moving average, and &, is not correlated
with v;_1, Vi_2, Ve—3, .... Using the backshift operator, equation (1) is expressed as follows.

¢(B)y: = 0(B)e; 2)
where

d)(B) e 1 - ¢1B_¢2B2_..._¢po
6(B) = 1 + 6,B + 6,B> +...+6,B9

Process y, is said to be AR (p) if 9(B) = 1, oritis said as MA (q) if ¢(B) = 1.

In 1976, Box and Jenkins [22] introduced the Autoregressive Integrated Moving Average (ARIMA) model and
forecasting using univariate time series data. The ARIMA model is an extension of the ARMA model. This model is a
model for non-stationary data which is denoted by ARIMA (p,d,q). The process y, is called the ARIMA
process (p,d, q) if W, = V¢y, = (1 — B)%y, is a stationary ARMA (p, q) process. In general, the model can be written
as follows

¢(B) (1 — B)y, = 6(B)e; ©)

where d is the number of references that make the time series data stationary. The ARIMA modelling procedure is given
as follows [23] :

(1) Identifying stationary using ACF/PACF plots and KPSS test statistics [24].

(2) ldentifying the ARIMA model's order using the ACF/PACEF plot.

(3) Estimating ARIMA model using Maximum Likelihood Estimator (MLE).

(4) Selecting the best ARIMA model based on significant parameter coefficients using t-test statistics, the smallest
AIC value [25].

(5) Analyzing the residual of the selected ARIMA model and whether it meets the white noise assumption using the
Ljung-Box test statistic.

(6) Forecasting

2.2 ANN

The artificial neural network (ANN) method was first devised by Warren McCulloch and Walter Pitts in
1943. They wrote papers on how neurons could work and modelled their ideas by creating simple neural networks
using electrical circuits [26]. This finding is a breakthrough for sharing research on artificial neural networks,
including the backpropagation algorithm, which was first introduced by Paul J. Werbos in 1974 [27], [28]. In
1975, Kunihiko Fukushima constructively developed a multi-layered artificial neural network [29].

The structure of the nervous network consists of synapses. Each synapse is assigned a weight indicating the
corresponding neuronal effect, and all data passes through the neural network as a signal. Two things process
signals: first, by an integration function that combines all incoming signals; second, by an activation function
that alters the neuron's output. In simple terms, a multi-layer perceptron (MLP) consisting of n inputs and |
outputs, the mathematical equation is

ye=1f (“0 + Z aiyt—i> = f(ao + a'y) (4)

where « is an intercept, a = (a4, ..., &,,) is a vector consisting of all synaptic weights without intercept, and y =
(V¢—1, -, Ve—n) is a vector of all covariates [30]. To increase flexibility in modeling, a hidden layer is needed.
MLP with hidden layer is shown as follows
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J n J
ye=f ao+2ai-f<ﬁo,-+2ﬁi,-yt_i> = f| @+ > a f(Bo; + B]Y) ©)
j=1 i=1 =1

Where «, is the intercept of the output neuron, f; is the intercept of the j-th hidden neuron, a; is the synaptic
weight corresponding to the synapse starting from the j-th hidden neuron to the output neuron, g; = (ﬁlj, ...,ﬁnj)
is a vector of all synaptic weights corresponding to the synapse pointing to the j-th hidden neuron [30].

ANN is a data analysis method that produces a model that matches the target data (the smallest error) through a
learning algorithm in a training process. Backpropagation is a popular learning algorithm. The algorithm uses gradient
descent as a learning mechanism. The backpropagation algorithm calculates the network weight, makes small changes,
and gradually makes adjustments determined by the error between the results obtained by the network and the desired
results (minimizing errors). In other words, backpropagation modifies the weight of the neural network gradually to find
the local minimum of the error function using the gradient descent technique [30, 31], where the learning algorithm is
given through the following steps:

(1) Network initialization, is the process of determining the initial weight, generally using random weights.

(2) Feed Forward is the process of forwarding information in the network where information is passed from the input
to the hidden layer and output through the nodes of the activation function and weights.

(3) Error assessment is the process of adjusting the output generated by the network, which must match the targeted
output. The process depends on the error generated.

(4) Propagation is the process of modifying the weights based on errors in the output layer. It is the process of backward
propagation of error through the network and calculating the gradient of the error change that corresponds to the
change in the weight value.

(5) Adjustment is the process of adjusting the weights using a gradient of change to minimize errors. A factor adjusts
each neuron's weight and bias based on the activation function's derivative, the difference between the network
output and the actual target and neuron output. It is a network learning process.

2.3 Hybrid ARIMA-ANN
There is a time series model like the following:
Ye =L+ N, (4)

where L, is a linear component, N, is a nonlinear component [13]. The linear component of L, is estimated using ARIMA
so that the residual is obtained. Suppose e; is the model's residual at time t, then

et = yt - Zt (5)

where L, is the forecast value at time. Residual plays an important role in diagnosing the suitability of the linear model.
The performance of the ARIMA model has limitations. If there is a significant nonlinear pattern in the residual e;, one
way to overcome this is to use an artificial neural network approach. It aims to find a nonlinear relationship in the model
to improve the linear model's performance (ARIMA). ANN model for residuals with n input nodes

er = f(et—lﬁ €t—2) -e) et—n) + &t (6)
where £ is a non-linear function obtained from the neural network approach and ¢, is a random error. If the forecasting
result of equation (6) is denoted by N, so

Je =L+ N, U]

Equation (7) shows a hybrid system consisting of ARIMA modeling to analyze linear components and neural
network modeling using residuals from the ARIMA model. The ARIMA model residual is a nonlinear component that
cannot be explained by the ARIMA model [13]. The procedure performed after obtaining the residual ARIMA model is
to perform a linearity test using the Terasvirta test statistic and identification of the lag using a lag plot.

3. Results And Discussion

3.1 About IHSG

The data used was JCI data for the period January 2, 2018, to March 31, 2022, sourced from Yahoo Finance's
publication [32]. The data is adjusted daily for the number of IDX working days, which is 1034 days. The JCI data can
be visually displayed as a line plot, as shown in Figure 1.
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Figure 1. JCI on 2 January 2018 — 31 March 2022 (data in IDR)

Figure 1 shows that the JCI in that period experienced fluctuations, which reached a minimum price of 3,937.63 on
March 24, 2020. The decline in the value of the JCI occurred during the COVID-19 pandemic in Indonesia. The decline
in value formed a trend in the JCI data with a minimum value as a turning point. The average JCI in that period was
6,016.96. The increase in the JCI value exceeding the average value occurred on December 16, 2020, until it reached
the highest value for the JCI in that period of 7,071.44, which occurred on March 31, 2022.

3.2 ARIMA Model
Stationary Identification

Figure 1 shows that the JCI data for the period 2 January 2018 — 31 March 2022 contains a trend so that the data
is not stationary. Therefore, the ACF plot and the KPSS test in Table 1 below can be used to show clearly check the
stationarity of the JCI data.

Table 1. Plot of ACF/PACF and KPSS test for stationarity

Tool Data
S :
Level 15t Difference
. 5 2] ‘
ACF ] i e s e e e e o
!) ‘5 1‘0 1‘5 2‘0 2‘5 3‘0 3‘5 0 5 10 15 20 25 30 35
Lag Lag
5 8] o I T B
s 3z z r ‘ N
pacF & 4l S el [ N1 ] 1
o s 1 13 = » @ b 5 m B @ B @ o
Lag Lag
KPSS Statistic Test: 1.5117 Statistic Test: 0.1954
Test p value: 0.01 p value: 0.1

Table 1 shows two ACF plots, namely for the actual JCI data (level conditions) and the results of the first difference
from the JCI data. ACF plots of data in the level conditions decrease slowly. It means that there is a trend at the data
level. On the other hand, the ACF plot does not decrease slowly. It indicates that the data from the first differentiation
is stationary while the level data is not stationary.

The KPSS test was used to check the stationarity of the data to confirm the results shown by the ACF plot. Based
on Table 1, the KPSS test statistic for level data is 1.5117 with a p-value of 0.01. The data level is not stationary because
the p-value is less than the 5% significance level. Meanwhile, the statistical test of the JCI value after performing the
first differentiation process was 0.1954 with a p-value of 0.1. It shows that the results of the first difference are stationary
because the p-value is greater, with a significance level of 5%.
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Figure 2. 1% Difference of JCI

b. ARIMA Model Estimation and Selection

The ARIMA model parameter estimation used the MLE method. The determination of the ARIMA order is based
on the lag analysis on the ACF/PACF plot from the results of the first difference (Table 1), where eight possible models
can be generated. The estimation results of the eight ARIMA models are summarized in Table 2.

Table 2. ARIMA Model Estimation Results

Model Parameter Estimation  Statistic t p value AlC

ARIMA (0,1,1) 0, 0.02474 0.7283 0.4664 11428.54
0 0.03866 1.2274 0.2196

ARIMA (0,1,2) ! 11423.98
6, 0.08096 —2.5839 0.0097

ARIMA (1,1,0) b1 0.02092 0.6721 0.5015 11428.62
b1 —0.66891 —5.9673 0.0000

ARIMA (1,1,1) 11422.43
0, 0.73740 7.3028 0.0000
b1 —0.48804 —3.1937 0.0014

ARIMA (1,1,2) 6, 0.22499 3.4333 0.0006  11420.25
6, —0.07373 —2.2084 0.0272
0.02257 0.7269 0.46726

ARIMA (2,1,0) 2 11424.93
b, —0.07426 —2.3883 0.01692
b1 —0.56105 —4.1325 0.0000

ARIMA (2,1,1) b, —0.07834 —2.3131 0.0207 11419.62
6, 0.59140 4.4279 0.0000
b1 —1.28347 —2.4670 0.0136
b, —0.65551 —1.6976 0.0895

ARIMA (2,1,2) 11419.26
61 1.32282 2.4764 0.0132
b1 0.63181 1.4167 0.15656

Table 2 shows the estimation results of the eight ARIMA models to select the best ARIMA model. The selection
of the best ARIMA model was determined based on the parameter significance test and the information criteria value.
The parameter significance test uses the t-test, and the information criteria use the AIC value. Based on Table 2, the best
model is ARIMA (2,1,1). This model has a significant coefficient at a significance level of 5% and has the smallest AIC
value compared to other models.

ARIMA Model Residual Analysis

Resldual ARIMA

| | | | | |
0 200 400 000 Boo 1000

Figure 3. Residual ARIMA (2,1,1)
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Visually, the residuals of the ARIMA model (2,1,1) are shown in Figure 3. One of the important assumptions that
the best ARIMA model must meet is that the residuals must be white noise. The test used for this assumption was the
Ljung-Box test. The test aims to see the serial correlation in the residual ARIMA model (2,1,1).

Table 3. ARIMA Model Residual Assumption Test (2,1,1)

Ljung-Box test
Q Stat df p-value

20.494 33 0.1987

The results of the Ljung-Box test for the ARIMA model residuals (2,1,1) are shown in Table 3. The Ljung-Box
test results show no serial correlation in the ARIMA residuals (2,1,1) because the p-value is greater than the 5%
significance level. In other words, the ARIMA model residual (2,1,1) fulfills the assumption of white noise.

Table 4. Nonlinearity Test

Terasvirta Test
x? df p-value
77.651 16 0.0000

The results of the nonlinearity test on the residual ARIMA model (2,1,1) shown in Table 4 show that the p-value
of the Terasvirta test statistic is less than the 5% significance level. It means that the residual ARIMA model (2,1,1) is
not linear. Thus, the residual ARIMA model (2,1,1) is a nonlinear component.

3.3 Artificial Neural Network (ANN) Model

ANN modeling uses the residual ARIMA model (2,1,1), a nonlinear component. The number of observations is
1034 data. It is divided into two processes: training and testing. The percentage of the distribution is 80% for the training
process, which is 827 data, and 20% for the testing process, which is 207 data.

Training Results
The first step in this process was to evaluate the pattern of relationships between lags in the training data using a
lag plot. The lag plot for lag 1 to lag 16 is shown in Figure 4.
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Figure 4. Lag plot of Training Data

Figure 4 shows that the lag plot for lag 1 to lag 16 forms a pattern, which tends to be in the middle and forms a
cyclic (sinusoidal) shape. In addition, Figure 4 also identifies outliers in the lag plot for lag 1 to lag 16.
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The next step was to standardize the training data to avoid large data variations. Then, the standardized data is
trained using the backpropagation algorithm by applying one input layer and one output layer. Based on the
characteristics of the data, the activation function used is tanh. The learning rate parameter used is 0.01. The network
structure of the ANN model uses an input layer, namely lag 1 to lag five, based on the number of active working days.
The ANN network architecture combines one input layer, one to 20 neurons, and one output layer. Based on this
architecture, 100 ANN models with the smallest RMSE are obtained, as shown in Table 5.

Table 5. RMSE Network Architecture Structure

Number of Input Layer
neurons in
hidden layer Lag 1 Lag 2 Lag 3 Lag 4 Lag 5

Neuron 1 0.9996616  1.0007020 0.9996616 0.9996616 0.9996616
Neuron 2 1.0007000 1.0007000 1.0007020 0.9996604 1.0007000
Neuron 3 0.9996609  0.9996612 1.0007000 0.9996602 0.9996600
Neuron 4 1.0007010 1.0006990 0.9996587 1.0007020 0.9996615
Neuron 5 0.9956640  0.9996598 0.9996599 0.9996609 1.0007010
Neuron 6 0.9951827  1.0007020 1.0007010 1.0007000 0.9979665
Neuron 7 0.9996616  0.9996622 1.0006990 0.9996611 0.9996616
Neuron 8 1.0007020  0.9996591 0.9996616 0.9996611 0.9996615
Neuron 9 1.0007010  0.9996616 1.0007010 1.0007020 0.9996615
Neuron 10 1.0007000 0.9996618 0.9996614 0.9996615 0.9996601
Neuron 11 0.9996588  0.9996612 0.9996616 0.9989785 1.0007020
Neuron 12 1.0007010 0.9996616 0.9996616 0.9996614 1.0006990
Neuron 13 1.0007040  0.9996611 1.0007000 1.0007020 0.9996616
Neuron 14 0.9996615  0.9996627 0.9996616 1.0007010 0.9996598
Neuron 15 0.9996590  0.9996614 0.9996609 1.0007010 1.0007020
Neuron 16 0.9956632  0.9996608 1.0007020 0.9996605 0.9996616
Neuron 17 1.0007020  0.9996615 0.9996618 1.0007020 0.9996616
Neuron 18 1.0007010  0.9996610 0.9971569 0.9996616 1.0007020
Neuron 19 1.0007010 0.9996616 1.0007020 0.9996616 1.0007000
Neuron 20 0.9951771  0.9996616 1.0006990 0.9996616 0.9996619

Based on Table 5, the smallest RMSE value is 0.9951771, which is found in the ANN model with the input layer
at lag one and the number of neurons 20, where the network architecture is shown in Figure 5. Figure 5 is the best
network architecture, where lag 1 is the input layer with one hidden layer, 20 neurons, and one output layer.

Yirain_std

—_ 2 »

Yt std fagl /7 R
‘\. = -

Figure 5. Best Network Architecture
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Test result

The testing process aimed to recognize the data as well as to validate the built model and provide results with good
accuracy with very small errors. The testing process is based on the best ANN model architecture obtained from the
training process (Figure 5). The amount of data used in the testing process is 207. The accuracy of the results of the
training and testing of the ANN model is shown in Table 5.

Table 6. Forecasting Accuracy

Data RMSE
Training 63.7397
Testing 47.3166

Table 6 shows that the RMSE value of the testing results is smaller than the training results. It shows that the results
of the training are effective because they can recognize the data that has been studied. Thus, the network architecture
shown in Figure 5 is good to be combined with the ARIMA (2,1,1) model.

3.4 ARIMA-ANN Model

Based on the analysis above, the combination of ARIMA (2,1,1) and ANN models with one input layer, one hidden
layer with 20 neurons, and one output layer is the best model, thus forming the ARIMA-ANN hybrid model. The model
can be denoted in the form y, = L, + N, with L, is the forecast result from ARIMA, which is a linear component and
N, is the forecast result from ANN, which is a nonlinear component. Visually, the comparison of the actual value and
the forecast results of the ARIMA-ANN model is shown in Figure 6.

Timeny ——

J A ~ V\/ vy
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Figure 6. Comparison of Actual Data and Forecasting Data ARIMA-ANN Model

Figure 6 shows the value shown by the black line plot, while the forecast results from the ARIMA-ANN model are
shown in the red line plot. Visually, the forecast results follow a pattern and merge with the actual training and testing
data value. It indicates that the prediction results of the ARIMA-ANN model are accurate.

Table 7. ARIMA-ANN model MAPE value

Data MAPE
Training 0.81%
Testing 0.58%

The comparison between the training and testing results based on the MAPE value is shown in Table 7. These
results show that the MAPE value obtained from the ARIMA-ANN model is very small, less than 1%. The results in
Table 7 also show that the ARIMA-ANN model accurately predicts JCI data, where the MAPE test results are smaller
than the training results. Based on these results, the forecast results for the next five days are presented in Table 8.

Table 8. ARIMA-ANN Hybrid Forecast Results

Day / Date Forecast Out-sample
1-Apr-22 7,069.07 7,078.76
4-Apr-22 7,059.80 7,116.22
5-Apr-22 7,064.16 7,148.30
6-Apr-22 7,062.44 7,104.22

7-Apr-22 7,063.06 7,127.37
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Table 8 shows the forecast results of the ARIMA-ANN model and the actual data outside the sample. These results
show that the forecast value from April 1, 2022, to April 7, 2022, is close to the actual value with RMSE 56.99 and
MAPE 0.72%.

4. Conclusions

This research applies the time series method in analyzing and predicting the JCI data. The model used was the
ARIMA-ANN hybrid model. The combination of the ARIMA model and the ANN model aims to explain the linear and
nonlinear forms contained in the JCI data. The resulting ARIMA-ANN hybrid model combines ARIMA (2,1,1) model
and ANN Backpropagation model with one input layer, one hidden layer with 20 neurons, and one output. The ARIMA
method is used to model the linear component of the actual JCI data, while the ANN model is used to model the nonlinear
component of the residuals generated by the ARIMA model.

The ARIMA-ANN model is an effective model for forecasting JCI data because it has a very good level of
accuracy. It is indicated by the resulting MAPE value of less than 1%, where the level of forecasting accuracy from the
testing results is smaller than the level of accuracy during training. In addition, the forecast for the next five days is very
accurate because it produces a very small RMSE and a MAPE below 1%, respectively. The two values are 56.99 and
0.72%.
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