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One of the sectors that has garnered attention is the telecommunications industry,
which is rapidly growing alongside the increasing number of internet users and the
public's demand for more advanced telecommunications services. PT Indosat
Ooredoo Hutchison, as one of the leading telecommunications companies in
Indonesia, has become an attractive investment choice for investors. However, the
stock market is known for its fluctuating and irregular nature. Therefore, it is important
for investors to understand stock price movements before making investments in
order to reduce the risk of significant losses. One method that can be used to address
that risk is by forecasting stock prices. Time series forecasting is a prediction about
future values based on historical data. One of the techniques that is becoming
increasingly popular in forecasting is deep learning. In this study, a combination of
Convolutional Neural Network (CNN) and Bidirectional Long Short-Term Memory
(BILSTM) with an attention mechanism is used. CNN excels at extracting data
features, while BiLSTM is better at handling data with long time ranges. The addition
of the attention mechanism allows the model to assign different weights to data
features, enabling it to focus on the most relevant information. The combination of
these three elements (CNN-BIiLSTM with an attention mechanism) has the potential
to yield higher prediction accuracy. Based on the results of the test evaluation for
forecasting accuracy, the CNN-BILSTM model with Attention Mechanism is proven to
be the most superior model compared to other models. This can be seen from the
lowest loss value and smaller MAE, MAPE, and RMSE evaluation matrices while the
highest R? value.
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1. Introduction

Time series is a series of data that is ordered by time. In time series analysis, data is sorted by consistent intervals
such as daily, weekly, or monthly. In this case, statistics plays a very important role, especially in time series forecasting
(Prasad & Venkatesham, 2021). Time series forecasting is a prediction or forecast of future values based on historical
data. Statistical methods are used in time series forecasting which allow it to identify patterns and trends in historical data,
as well as model the relationship between different variables over time. Deep learning techniques are widely used for time
series forecasting, one of which is in the stock market. With the existence of deep learning can help investors in predicting
stock price indexes through data information analysis (Hu et al., 2021).

Siami-Namini et al. (2019) conducted a study to compare the performance of LSTM and BiLSTM models in predicting
stock prices. The test results found that the BiLSTM model was better in time series forecasting. Other studies, Lu et al.
(2021) conducted a study to predict the stock index of Shanghai Composite Index using the CNN-BILSTM-AM model. The
main finding of the study is that when compared with 8 other time series forecasting models, the CNN-BiLSTM-AM hybrid
model outperforms all of them with the lowest MAE and RMSE values and the R? value closest to one.

This model combines CNN-BIiLSTM with an attention mechanism.The model combines a Convolutional Neural
Network (CNN) that excels at extracting data features (Prasetyo et al., 2023). However, CNN has limitations in handling
data over a long period of time (Nie et al., 2021). This problem can be solved by integrating the BiLSTM model, so that the
combination of the two models can produce better prediction accuracy. Bidirectional Long Short-Term Memory (BiLSTM)
consists of forward LSTM and backward LSTM which can learn patterns in data better, this makes BiLSTM superior in
handling data with a long time span. However, both CNN and BiLSTM models still have difficulty reflecting the
inconsistency of the level of importance of time series features in the time dimension. To overcome this, the addition of an
attention mechanism to the model can provide different levels of weight to data features so that the model can focus on
the most effective information (Sun et al., 2022).

This research aims to analyze the application of various models in forecasting the stock prices of PT Indosat Ooredoo
Hutchison, including CNN, LSTM, BiLSTM, CNN-BIiLSTM, as well as variations of these models with Attention Mechanism,
such as CNN with Attention Mechanism, LSTM with Attention Mechanism, BiLSTM with Attention Mechanism, and CNN-
BiLSTM with Attention Mechanism. This research also aims to compare the accuracy results of stock price forecasting
using each of these models to determine the most effective one.

The combination of CNN, BiLSTM, and attention mechanisms has the potential to produce more accurate predictions.
In addition, this study can provide insights to analysts in developing forecasting models with deep learning so that it can
support the development of science and technology. This study can be applied directly to other company stocks to help
investors, portfolio managers, and policy makers in making strategic decisions. Thus, the development of the CNN-BiLSTM
model with attention mechanisms not only has the potential to increase prediction accuracy, but also has the potential to
pave the way for further innovation in financial analysis and risk management, which can ultimately improve the efficiency
and stability of the financial market as a whole.

2. Method
2.1. Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) is a type of deep neural network designed to process two-dimensional data with
high network depth.(Son, 2016). Filters (kernels) are used to perform convolution on image data (two dimensions), so that
CNN can recognize visual patterns such as edges, corners, and object shapes. Layers in CNN have a 3D neuron
arrangement (width, height, depth). Width and height are the size of the layer while depth is the number of layers. CNN
consists of several layers, namely the convolution layer, pooling layer, and fully connected (FC) layer (Hou et al., 2023).
The layers of CNN are as follows.

1. The convolution layer is the main process underlying the CNN architecture network. This layer performs a convolution
operation on the output of the previous layer. Convolution is a mathematical term for a function on the output of
another function repeatedly. The convolution process is carried out to extract features from the input data. The
convolution layer detects the layer using the filter method. Each different filter instance will detect and produce a
different 3 x 3 matrix (Arifin et al., 2021).

2. The pooling layer is the process of reducing the size of data (Ghosh et al., 2019). This layer generally uses a filter
that operates on each slice of its input in turn. The output of this process is a matrix with a smaller dimension
compared to its input matrix, thus reducing the number of parameters and calculations in the network, to control
overfitting. There are two types of pooling that are commonly used, namely mean pooling and max-pooling. Mean
pooling takes the value from the average, while max-pooling takes the value from the maximum value.

3. Fully connected layeris a layer where all activation neurons from the previous layer are connected to the neurons of
the next layer. The purpose of this layer is to perform data dimension transformation so that the data can be classified
linearly. Each neuron from the convolution layer needs to be transformed into one-dimensional data before being fed
into the fully connected layer. A 1 x 1 convolution layer can perform the same function as a fully connected layer but
still maintains the spatial character of the data. This results in the use of fully connected layers in CNNs not being
widely used (Asrafil et al., 2020).
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2.2. Long Short Term Memory (LSTM)

Long Short Term Memory (LSTM) is a type of Recurrent Neural Network (RNN) that can handle long sequential data

better while considering time series and non-linear properties of the data (Zhang et al., 2023). LSTM is designed to solve
the vanishing and exploding gradient problems of RNN. The LSTM architecture consists of memory blocks called cells.
There are two states transferred to each cell layer, namely the cell state and the hidden state (Le et al., 2019). Cell state
is the main component of LSTM that stores long-term information over time. Hidden state is the output of LSTM at a certain
time and serves as input for the next. Each cell consists of an input gate, a forget gate and an output gate (Wu et al., 2024).
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Figure 1 LSTM cell architecture

Figure 1. is the architecture of Cell LSTM with C;_, is the cell state from the previous process, h;_; is the hidden state

from the previous LSTM, x; is the current input, o is the activation function, f is the output of the current forget gate, i, is
the output of the current input gate, C; is is the current candidate cell state, o, is the output of the current output gate, C, is
the current cell state, h;, is the hidden state of the current LSTM (Lu et al., 2021).

1.

Forget gate: determines what information will be kept or deleted from the cell. The forget gate receives the previous
LSTM hidden state and the new input is then processed using the sigmoid function. The output of the forget gate is
calculated using the equation (2.1). This equation produces values from 0 to 1 (Le et al., 2019). The closer the result
obtained is to 1, the more information will be stored, conversely, if the result obtained is closer to 0, the information
will be deleted.

fe = o(Wr - [he—y, x] + by) (2.1)

Input gate: determine and store information from new input into cells to update information. Information from new
input is combined and processed using the sigmoid function and the tanh function (Le et al., 2019). The sigmoid
function decides whether new information should be updated or ignored. The calculation of the sigmoid function uses
the equation (2.2). If the results obtained are closer to 1, it means that the information is important information and
must be updated and vice versa. The tanh function gives a weight that will determine the level of importance. The
calculation of the tanh function uses the equation (2.3).
it = oW~ [hey, x]] + by) (2.2)
Ce = tanh(W, - [he_y, x¢] + bc) (2.3)
The two results of the function are multiplied and then added together with the multiplication of the forget gate result
with the previous process cell state to update the cell state (Lu et al., 2021). The calculation of this process is shown
in the equation (2.4).
Ce=fi* Cooq +ir* G (2.4)
Output gate: determines the output based on the updated cell from the input gate process. The information is
processed with the sigmoid function to decide which information is output. The calculation of the process is shown in
the equation (2.5). The result of the sigmoid function is multiplied by the tanh function from the input gate process to
obtain the information that will be stored in the new hidden state (Le et al., 2019). The hidden state and the new cell
state will then be forwarded to the next cell. Calculation shown in the equation (2.6)
0 = a(Wy - [he—1, %] + bo) (2.5)
h: = o, * tanh(C;) (2.6)
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2.3. Bidirectional Long Short Term Memory (BILSTM)

Bidirectional Long Short Term Memory (BILSTM) is a development of the LSTM model that moves in two directions,
namely forward and backward. There are two LSTM networks in the BiLSTM model. The first LSTM network functions to
process the sequence of input data in the forward direction (forward layer) and the second LSTM network functions to
process the sequence of data in the reverse direction (backward layer). The output of BILSTM is a combination of the
forward and backward LSTM networks. With the presence of two layers in opposite directions, the BiLSTM model can learn
past information and future information for each input sequence (Puteri, 2023). Each hidden layer output unit in the lower
and upper layers is combined to form a longer feature value than the usual LSTM. This results in the information that will
be processed in the next process will classify in more detail. The advantage of BiLSTM is that it can detect and extract
more time dependencies than LSTM networks and solve them more precisely (Lindemann et al., 2021).

2.4. Attention Mechanism

The attention mechanism (Attention Mechanism) originates from the human visual attention process (Zhang et al.,
2023). Human vision can quickly find the main area and add focus of attention to the main area to obtain the necessary
detailed information. Similarly, the attention mechanism selectively gives attention to some more important information,
ignores unimportant information, and allocates the importance of the information (Lu et al., 2021). The attention mechanism
acts based on weight allocation, determining the most effective information by distributing higher weights.

In the research (Brauwers & Frasincar, 2023) It is explained that the attention mechanism process is divided into 4
sub-model components, namely feature model, query model, attention model, and output model. Feature model is a basic
model used to extract input data into a feature vector n;. The collection of feature vectors ny is called a matrix F =

U oi g € R>™r with d; is the size of the feature vector and is the number of feature vectors. The F matrix is extracted

into 2 different matrices, namely the Key matrix K = [k, ...,knf] € R**"s and Value matrix V = [vy, ...,vnf] € R%@*"rwhere
dy and d,, are the sizes of the key vector and the value vector. The key matrix and value matrix are written as follows:

K=WgxF (2.7)

V=W,xF (2.8)

In the equation (2.7) the value of the key matrix (K) is obtained from the multiplication of the weight of the key matrix

(K) with the F matrix. The value of the value matrix (V) in the equation (2.8) is obtained by multiplying the weight of the

value matrix (V) by the F matrix.. The weights of Wy = R%*%r and W;, = R%*% can be learned automatically by the model

during training or can be predetermined, for example it can be defined as an identity matrix to retain the original feature

vectors. The feature vectors are further processed into inputs of the query model. The output of the query model is a Query
vector (q) which is used to determine which vectors should be considered or given greater weight.

\Tl— |A-£%

q |—>| score(q, k1) | | score(q, ky) | |:;c01‘e(r,'. ki) | | score(q, k1) | \score(q. k1) |
o | @ |||
(2] [ €3 ‘ €y | | €5

l Sofll\;lax() |

Figure 2 Attention mechanism architecture

Figure 2. is a flow of how the attention mechanism process takes place which is adopted from research Li et al.
(2023). The values of Key (K), Value (V), and Query (q) are used as input for the attention model (attention mechanism).
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The attention mechanism can be defined as a mapping from a query to a sequence of key pairs (Kavianpour et al., 2023).
The goal of the attention mechanism is to produce a weighted average value of the value vector (v) in the value matrix (V).
The attention mechanism process involves three stages, namely.

1.

Attention Scoring, calculation of similarity or correlation between query and each key. The result of this calculation
shows how important the information in each key vector (k) is based on the query. Key matrix (K) and query value
(g) will be passed to the attention scoring function to produce an attention score e = [e, ..., e,] € R™. The calculation
is as follows:

e; = score(q, k;) (2.9)

The value ¢, is the attention score and the score() function is a scoring function. The attention score ¢, indicates how
important the information in the key vector k; based on query.
Attention Alignment, the scores obtained in attention scoring have a wide data range. However, since the goal of the
attention mechanism is to produce a weighted average, the scores need to be redistributed through an attention
alignment function. The function used to normalize the attention scores is the softmax function. The equation is as
follows:
a, = softmax(e;, e) (2.10)
The value g, € R! is the attention weight of the I-th vector. The vector of attention weights a = [a4, ..., a,] € R used
in the context vector process.
Context vector, The output of the attention mechanism is the weighted average result of the columns of the value
matrix (V) obtained from the sum of the multiplication values between the attention weights (a;) and the value (v) as
follows:
ny
c ZZal X vy (2.11)
=1
The result of the context vector ¢ € R% is the weighted sum of the previously calculated vectors. This means that
throughout the first to last data iteration, the value of c will continue to be updated.
The context vector values (c) are then used in the model output to generate prediction output. There are several

types of attention mechanisms used in deep learning, the following are the main types:

1.

3.

Bahdanau Attention / Additive Attention

Bahdanau Attention or additive attention is a type of attention mechanism that was first introduced by Bahdanau et

al. (2014). In additive attention, the way to calculate attention scoring is by using the concat/additive method.
score(q, k;) = wTtanh (W, q + W,k;) (2.12)

In the equation (2.12) query (q) and key vector (k) are multiplied by the weight matrix and then added together.
Weights w € R, W, € R%W*%4, and W, € R%*% are the weight matrices trained during model training, where d,, is
the size of the weight matrix. The result of the calculation is multiplied by the neural network activation function to
calculate attention scoring. The additive attention mechanism uses a feed-forward neural network to compute
attention weights and uses the previous and current attention states during the computation which allows it to learn
more complex relationships between data.

Luong Attention / Multiplicative Attention

Luong Attention or multiplicative attention is a type of attention mechanism introduced by Luong et al. (2015). The
multiplicative attention mechanism uses a simple mathematical approach to calculate attention scores. There are
three ways to calculate attention scoring, namely dot, general, and concatenation.

q"k dot — product
score(q, k;) = qTWkl general (2.13)
wT tanh(W(q + k;))  concat

In the equation (2.13) The Dot function calculates attention scoring by multiplying the query (q) by the key vector (k).
The General function calculates attention scoring by multiplying the query (q) by the key vector (k) and the matrix
weights W € R%*4a, The Concat function is almost the same as attention scoring in Attention Bahdanau, the
difference is that the query (q) and the key vector (k) do not have their own matrix weights, they only have general
matrix weights W € R%w*d+dq  The multiplicative attention mechanism only uses the current state to calculate the
attention score, which makes it more computationally efficient.

Results and discussions

3.1. Data

The data used in this study is secondary data, namely daily stock data from PT Indosat Ooredoo Hutchison for the

period 1 January 2010 to 31 December 2023 with a total of 3377 data obtained from the official website.Google Finance.
The data contains the opening price (open), highest price (high), lowest price (low), closing price (close), volume, and
date on one day.
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Table 1 PT Indosat Ooredoo Hutchison stock data sample

Date Open High Low Close Volume
1/4/2010 16:00:00 4700 4725 4650 4700 2599000
1/5/2010 16:00:00 4750 4800 4700 4750 6005000
1/6/2010 16:00:00 4700 4750 4675 4700 2824000
1/7/2010 16:00:00 4725 4725 4675 4725 7282500
1/8/2010 16:00:00 4900 4925 4725 4900 9277500

12/21/2023 16:00:00 9400 9450 9200 9400 7275800
12/22/2023 16:00:00 9400 9450 9250 9400 2460800
12/27/2023 16:00:00 9400 9425 9275 9375 3818100
12/28/2023 16:00:00 9375 9400 9275 9350 1019100
12/29/2023 16:00:00 9350 9400 9250 9375 1550500

3.2. Data Prepocessing

The process of preparing data by deleting or changing data.that are incorrect, incomplete, duplicated, or formatted
incorrectly. Feature selection: The process of selecting the most relevant features from the original dataset to be used in
modeling. The purpose of feature selection is to improve model performance and reduce overfitting. In a study conducted
by Htun et al. (2023) concluded that feature selection improves the performance of the prediction model applied to stock
price prediction.

Data is divided into two parts, namely training data and testing data with a ratio of 80:20. Training data will be used
first to form each training model. There are different scales or ranges in the input data, so data normalization is carried out
to maintain consistency and quality data. In the research Lu et al. (2021)The normalization method used to normalize input
data is Z-score (standardization). Z-score normalization is a method for changing data so that it has an average of 0 and
a standard deviation of 1 which is defined as follows:

Xi — X

v = (3.1)

in where y; is mark standardization, x; is data input, X is average data input, and s is the standard deviation of the
input data. With Z-score normalization, values greater than the mean will have a positive Z-score, while values less than
the mean will have a negative Z-score.

3.3. Model Implementation

Building model architecture for each model (CNN, LSTM, BiLSTM, CNN-BIiLSTM, CNN with attention mechanism,
LSTM with attention mechanism, BiLSTM with attention mechanism, and CNN-BIiLSTM with attention mechanism) by
considering the best accuracy results. The process of optimizing hyperparameters in a deep learning model to improve
model performance. Hyperparameters are parameters that are not learned from data but have been determined before the
model training process begins. The hyperparameter tuning method used in this study is Grid search, which is by trying all
combinations of a predetermined set of hyperparameters.

Table 2 Best parameters of the model

Kernel  Pooling Hidden  Dropout Batch

Model Fiters size size units rate size Epoch
CNN 128 2 1 - 0.1 64 50
LSTM - - - 64 0.1 32 100
BiLSTM - - - 128 0.2 32 100
CNN-BiLSTM 128 2 2 128 0.1 32 100
CNN-Attention 128 2 2 - 0.1 32 100
LSTM-Attention - - - 128 0.2 64 100
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BiLSTM-Attention - - - 128 0.2 32 100
CNN-BILSTM-Attention 128 1 2 128 0.2 32 100

The result of hyperparameter tuning is the best parameters applied in each model. After the training model is formed,
each model is trained using the train data. Then each training model is saved to be tested on the stock price test data.
Testing the pre-trained model with testing data.

3.4. Result
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Figure 3 Model Prediction Results

Figure 3. displays a comparison between actual and predicted prices across all previously built models.
Each model is represented by a different colored line, allowing for a visual comparison between each model's
predictions and the actual data.
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Figure 4 Predict model without attention mechanisms
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The CNN model appears to have predictions that are closest to the actual values, especially during
periods of high volatility. The LSTM and BILSTM models show slight overestimation on some price peaks,
especially towards the end of the period. The CNN-BILSTM model seems to provide a good balance, with
predictions that are quite accurate and consistent throughout the period. Despite some minor differences, the

Fitrianingsih & Kharisudin/ UNNES Journal of Mathematics 13 (1) (2024)

four models generally show comparable performance in predicting stock price movements.
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All models tend to predict long-term trends well. All models seem to follow the general pattern of the actual data well.
There are several differences in capturing short-term fluctuations, especially at price peaks. BiLSTM-Attention shows some
larger differences between predictions and actual values, particularly at price peaks. The CNN-BiLSTM-Attention model
appears to have predictions that are closest to the actual values, especially in the final period. The output values calculated
by the output layer are compared with the actual values of the testing data, and the corresponding errors are calculated
using Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Root Mean Squared Error (RMSE), and R-

squared (R?).

Table 3. shows a comparison of the performance of various deep learning models in predicting daily shares of PT
Indosat Ooredoo Hutchison. The CNN model shows quite good performance with a relatively low MAE of 0.0929 and
RMSE of 0.1261, as well as a high R? of 0.9826. The LSTM model has the lowest performance among all models, with
the highest RMSE of 0.2201 and the lowest R? of 0.9470. The BiLSTM model shows an improvement over the LSTM

CNN-Atensi

LSTM-Atensi

— Aktual
Prediksi

\
ik
;|pr
f

I

Jlﬂ\"‘LIVL‘ J'\""‘L\ Klf \H\:w’ P

d | ]
YU LW
Bad ¥ |

Harga

10000

9000

8000

7000

6000

5000

— Aktual
Prediksi

W

|

wlt ‘
r\ -L/ 'v}\ | [N W
C

by ﬂf ‘” k.
J \%,AJ'J \fh.r \'I V

Y v

2021-05 2021-09 2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01
Tanggal

BILSTM-Atensi

2021-05 2021-09 2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01
Tanggal

CNN-BiLSTM-Atensi

—— Aktual
Prediksi

——
=
e
e
I
I,
—
=
T
.
—
g
=
Harga

11000

10000

9000

8000

7000

6000

5000

— Aktual
prediksi v

l-r Ak

L h.ﬁ [ /‘\
T
g Y 1

2021-05 2021-09 2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01
Tanggal

2021-05 2021-09 2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01
Tanggal

Figure 5 Predict model with attention mechanisms

Table 3 Accuracy Results

Model MAE MAPE RMSE R?

CNN 0.0929 5.6590 0.1261 0.9826
LSTM 0.1364 6.9296 0.2201 0.9470
BILSTM 0.1286 6.3723 0.2160 0.9490
CNN-BILSTM 0.0976 6.3644 0.1320 0.9809
CNN-Attention 0.0769 4.9314 0.1100 0.9868
LSTM-Attention 0.1053 6.0851 0.1471 0.9764
BiLSTM-Attention 0.1271 6.3043 0.1980 0.9571
CNN-BiLSTM-Attention 0.0658 4.6217 0.0971 0.9897
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model with the lowest MAPE of 6.3723% and an increase in R? of 0.9490. The CNN-BiLSTM model performs better than
the LSTM and BiLSTM models with an R? of 0.9809 but is still below the CNN model. The CNN model with the attention
mechanism shows an improvement in all evaluation matrices compared to the CNN model. The MAE value decreased
by 0.0160 (an increase in accuracy of 17.22% compared to the CNN model without the attention mechanism). The LSTM
model with attention mechanism shows significant improvement compared to the LSTM model without attention
mechanism in all evaluation matrices. This can be seen in the MAE and RMSE values which experience a large increase
in accuracy. The MAE value decreases by 0.0311 (accuracy increase of 22.80%) and the RMSE decreases by 0.0730
(accuracy increase of 33.17%) compared to the LSTM model. The BiLSTM model with attention mechanism shows a
slight increase in all evaluation matrices compared to the BiLSTM model. This can be seen in the MAPE value which
decreases by 0.0680 (accuracy increase of 1.07%) and the RMSE decreases by 0.0180 (accuracy increase of 8.33%).
The CNN-BIiLSTM model with attention mechanism shows a very significant increase significantly compared to the CNN-
BiLSTM Model in all evaluation matrices. The MAE value decreased by 0.0318 (accuracy increase of 32.58%), the
MAPE value decreased by 1.2058% (accuracy increase of 22.48%), the RMSE value decreased by 0.0349 (accuracy
increase of 26.44%), and the R? value increased by 0.0108 (accuracy increase of 1.10%). The CNN-BiLSTM model with
the attention mechanism is the model with the best performance among all models in predicting the daily stock price of
PT Indosat Ooredoo Hutchison.

4. Conclusion

Based on the results of the test evaluation for forecasting accuracy, the CNN-BiLSTM model with Attention
Mechanism is proven to be the most superior model compared to other models. This can be seen from the lowest loss
value and smaller MAE, MAPE, and RMSE evaluation matrices while the highest R? value. Other models also show good
performance in terms of accuracy but are still below the CNN-BILSTM model with Attention Mechanism. The addition of
attention mechanism is proven to be effective in improving model performance. Models with the addition of attention
mechanism show a consistent decrease in error rate and increase in R?, indicating that the attention mechanism helps the
model to better capture important patterns in stock data.
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