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Abstract—This research aims to improve the accuracy of
stock price prediction through the application of Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU)
methods, focusing on stocks from the Composite Stock Price
Index (CSPI) referred to as the IDX Composite. The research
process includes comprehensive steps, including data collection
and preprocessing, dataset creation with emphasis on stock
closing prices, and division of the dataset into training and test
data. The LSTM and GRU models were designed with a
recurrent layer and a Dense layer and then trained for 100
epochs with a batch size of 32. Model evaluation was performed
by comparing key metrics such as Root Mean Squared Error
(RMSE), Mean Squared Error (MSE), and Mean Absolute
Error (MAE) on the test set. The EPOCH-RMSE graph
provides an overview of the changes in the RMSE value during
training. The best result of the LSTM model was achieved at the
96th epoch with RMSE 40.36, MSE 1385.97, and MAE 30.09,
while GRU achieved peak performance at the 92nd epoch with
RMSE 37.33, MSE 908.29, and MAE 25.42. In conclusion, GRU
can be considered as a more effective option in predicting JCI
stock prices based on performance evaluation using various
metrics such as RMSE, MSE, and MAE.
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I. INTRODUCTION

Investment in the stock market is one form of
investment that is in great demand by the public because it
has great profit potential [1]. However, investing in the stock
market also has a high risk due to stock price fluctuations
that cannot be predicted with certainty. Therefore, many
studies have been conducted to develop accurate stock price
prediction methods that can help investors in making
investment decisions [2]. This research was conducted as the
final project of the Informatics Research Course to develop
a more accurate and effective stock price prediction method.
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Several studies related to stock price prediction using
the Long Short-Term Memory (LSTM) method have been
conducted in recent years [3]. One of the studies conducted
by used the LSTM method to optimize stock price
predictions with technical analysis parameters. This study
successfully developed an accurate prediction model with an
RMSE of 5.20877667554 and a MAPE of 0.08658576985
[4]. In addition, the study also used JII daily stock price data
from 2019 to 2021. The results showed that the LSTM
model can provide good predictions using historical JII
stock price data. However, in this study, there was no test
whether the prediction results had obtained optimal results
and were in accordance with the original stock price chart,
because the use of existing secondary data should be
possible.

There is also research from [5] which uses the Long
Short-Term Memory (LSTM) method in building
cryptocurrency price prediction models [6]. The test results
indicate that the LSTM model yields accurate predictions,
with an RMSE value of 0.0630 for the Dogecoin coin type
[7]. This research does not provide information on how the
data is separated into training data and test data, and how the
LSTM model validation process is carried out. This is
important because the proper data separation and validation
process can affect the accuracy and reliability of the LSTM
model [8].

Research by [9] used the Long Short-Term Memory
(LSTM) method in building a cryptocurrency price
prediction model. LSTM is considered superior compared to
other algorithms in managing time series data [10]. The test
results indicate that the LSTM model yields accurate
predictions, with an RMSE value of 0.0630 for the Dogecoin
coin type [10]. However, in this study, there is a lack of
discussion about adjusting LSTM parameters, such as the
number of hidden layers, epochs, batch sizes, and dropouts
in the hidden layer, to improve model performance [11].

Research from [12] also tried to apply the LSTM
(Long  Short-Term Memory) method to predict
cryptocurrency prices. In this study, the LSTM model was
trained using Bitcoin and Ethereum price data from 2018 to
2020. The training results show that LSTM has good
performance in predicting cryptocurrency prices, with high
accuracy and low MAPE values. In this study, there are no
parameter settings, such as the number of units, batch size,
and epoch, to provide optimal results.

Research conducted by [13] on the use of the Gated
Recurrent Unit (GRU) method in predicting cryptocurrency.
The study found that GRU has faster training capabilities
compared to Long Short-Term Memory (LSTM). The
research shows that GRU can be a more efficient method for
predicting cryptocurrency trends. One thing that is not
discussed in this journal related to the LSTM method is the
performance comparison between LSTM and GRU in
handling time series data that has high fluctuations.

From the descriptions above, there are still many
studies related to the LSTM and GRU methods, but the
direct comparison between the two is not exploratory
enough. Therefore, this study aims to fill the gap by

evaluating the performance of the Gated Recurrent Unit
(GRU) method and comparing it with the Long Short-Term
Memory (LSTM) method in stock price prediction. This
study hypothesizes that the use of the GRU method can
produce better prediction performance compared to the
LSTM method.

The introduction contains the purpose of the
article/research that is formulated and presented by an
adequate introduction and avoids detailed references and
research result presentations. The research urgency,
supporting facts, and data must be included. A preliminary
research result should be explained as the basis of the
research. Before mentioning the objective/s, a gap analysis
must be elucidated. The gap analysis states the difference/s
between the research and other previous studies. At this
point, the novelty will be apparent. The research stance must
be included, whether it corrects, debates, or supports the
previous research.

1L METHODOLOGY

The research methodology used in this study can be
described using the block diagram in Figure 1.

=

Figure 1. Block Diagram of Stock Price Prediction

This research begins with the collection of a dataset
that includes stock prices with the ~JKSE index, also known
as IDX Composite. After that, the dataset undergoes a
preprocessing stage to optimize the raw data before it is
applied to the machine learning model. The normalization
process of the min-max method is performed to maintain the
consistency of the data scale. The next step involves model
building using LSTM and GRU. The processed data is then
visualized and predicted using these models. Evaluation
uses an evaluation matrix; in this research, the author uses
RMSE, MSE, and MAE [14]. Through the implementation
of this research, the author can compare the performance
between the LSTM and GRU models to determine which
model is superior to predicting future stock prices. The
prediction results can be used as a reference by investors for
making investment decisions.

A. Data Collection

This study will use daily stock prices from the
Jakarta Composite Index (JCI), which reflects the average
stock prices of various companies listed on the Indonesia
Stock Exchange (IDX). The data is taken from Yahoo
Finance with the code “JKSE as index identification. The
data used in this study involves a historical time span starting
from October 08, 2021, to October 06, 2023. The top three
and bottom three data structures that will be analyzed and
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explored in the study, these data structures are included to
provide an initial overview of the data to be processed.

Table 1. The Dataset

No Date Open High Low Close Adj.Cl Volume
ose
1 2021- 6440. 6497.65576 6436.51 6481.76 6481.7 231302300
10-08 00000 2 7090 9043 69043
0
2 2021- 6482. 6506.09179 6451.67 6459.69 6459.6 204779900
10-11 95703 7 8223 6777 96777
1
3 2021- 6462. 6504.01318 6460.08 6486.26 6486.2 204607300
10-12 31494 4 6914 7090 67090

484 2023- 6940. 6943.27392 6839.85 6886.57 6886.5 196090300
10-04 88720 6 7910 6172 76172

485 2023- 6886. 6934.80419 6874.82 6874.82 6874.8 167955300
10-05 98584 9 6172 6172 26172

486 2023- 6875. 6913.01220 6875.09 6888.51 6888.5 142303700
10-06 09912 7 9121 8066 18066

Description:

Open = Opening price on the day

High = The highest price reached on that day
Low = The lowest price reached on that day
Close = Closing price on the day

Adj. Close = Adjusted closing price

Volume = Total number of shares traded that day

B. Data Preprocessing

This research uses Feature Scaling as a form of data
preparation. Feature Scaling is a process of normalizing data
to provide a consistent range of values. The feature scaling
step is applied to the complete set of stock price data that has
been adapted to the LSTM and GRU models. In this
research, the feature scaling strategy used is min-max
normalization. The data values are transformed by min-max

normalization, resulting in a data range of [0, 1]. The
equation of min-max normalization is [15].

X' = x — minimum(x) (2 1)

maksimum(x) — minimum(x)

where x is the value in the dataset, x' is the value after
normalizing to a range of 0 to 1.

If applied to the stock data contained in Table 1, it
can be observed that the highest closing data is in data
number 486, which will be the maximum(x) with a value of
6888.518066. Conversely, the smallest value in the close
column, which will be the minimum(x), with a value of
6459.696777, can be found in data number 2.

After determining the smallest and largest values,
the next process is to determine the x that will be normalized.
In this case, the x value represents a certain value in the
column that will be used as a variable for the normalization
process using the min-max equation. For example, entry
number 1 with a close value of 6481.769043 will be
normalized. Substitute the given value,

’ 6481.769043 — 6459.696777
x' = (2.2)
6888.518066 — 6459.696777
22.072266
X' = = (2.3)
428.821289
x' = 0.0515 (2.4)

The close value of entry number 1 after normalization is
about 0.0515 These normalization steps are applied
repeatedly to all stock price data. This triggers the
consistency of close values so that the stock data is within a
standardized range of values suitable for use in analysis and
prediction.

C. Modelling
a) Long Short-Term Memory (LSTM)

According to (Nilsen, 2022) in his research, Long
Short-Term Memory (LSTM) is an architecture in
Recurrent Neural Network (RNN) used in the field of
sequential data modeling. LSTM was created by
Hochreiter and Schmid Huber in 1997 as a response to
the long-term dependency problem faced by RNN.
LSTM consists of several networks that will perform
repetitive processes. In the study (Carnegie et al., 2023),
explained that the LSTM module performs several
mathematical calculations such as addition, subtraction,
merging, vector multiplication, and the application of
mathematical functions such as tanh and sigmoid. Unlike
RNNS that connect neurons linearly and forward, LSTMs
forward information and consider neurons that are
behind them.

LSTM is adapted to overcome the problems that
arise in RNN, especially the problem of losing important
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information at the beginning of the sequence when the
sequence length reaches a certain level. RNN can
experience vanishing gradients in the backward
propagation phase, where the gradient value becomes so
small that it does not contribute significantly to the gate.
With LSTM, the solution is to add a state cell and three
additional gates.
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Figure 3. Flowchart of LSTM Method
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Figure 4. Comparison of RNN and LSTM

Forget Gate f; is the initial part of the LSTM. The forget gate
task is to calculate the amount of data to be transferred from
the previous cell state (C;_;) to the current cell state at time
t(C;). Since the forget gate function has a sigmoid function
(o(-)), the forget gate output is limited to a value between 0
and 1. The forget gate equation is [15].

Forget Gate

ft = O-(fot + tht—l + bf) (2.5)

10

The input gate and candidate state comprise the
second half of the LSTM. The input gate's job is to decide
which values need to be updated. The candidate state's
responsibility is to collect and update new data temporarily.
The role of the candidate state is identical to the cell state in
RNN. Candidate state exists in LSTM and is used to update
cell state, whereas cell state in RNN passes information
directly to the next cell. According to [15] the equation of
input gate and candidate state is:

Input Gate

it = O'(let + Vl/iht—l + bl) (26)
Candidat’e State

Ct = tanh(UCXt + M/Cht—l + bC) (27)

The fourth part is the cell state, the cell state is used
to combine the calculation results of the input gate, candidate
state, and forget gate. The equation of the cell state is [6]

Cell State

Co=fe*Cq +irxCp) (2.8)
Next, there is state h, and output gate. The output gate
functions to regulate how much information needs to be
forwarded to the next cell. For state h; has the function of
delivering information to the next cell. The equation of state
h; and the output gate is in [15].

Output Gate
State h;
h; = o; * tanh(C;) (2.9)
Ot = O-(onf + M/Oht—l + bO) (2.10)
Explanation:
o = Sigmoid Function
tanh = Hyperbolic Tangent Function
Xt = Input Vector
hi_4 = Hidden State Vector
Ce = Cell Input Activation Vector
C; = Cell State Vector
Uf,i,o,c‘ﬂ Wf,i,o,c‘t bf,i,o,c = Welghtlng Matrix

b) Gated Recurrent Unit (GRU)

According to [16]The Gated Recurrent Unit (GRU) was
first introduced with the main purpose of overcoming the
vanishing gradient problem that often arises in RNN. The
vanishing gradient problem itself occurs when the gradient
value continues to decrease over time, which makes the
gradient value too small so that the contribution to the
machine learning process becomes minimal. By using two
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gates, namely the Update Gate and the Reset Gate, GRU
designs a mechanism that allows the determination of
information that can be forwarded to the output.
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Figure 5. Flowchart of GRU Method

The Update Gate and Reset Gate in GRU play an important
role in deciding how information is stored and passed on.
During training, both gates can be set to keep relevant
information from the past without deleting or ignoring
unrelated information.

GRU

Figure 6. GRU Diagram

The update gate processes the input before it is processed by
the GRU model. The update gate uses a sigmoid activation
function o(-) to calculate the amount of historical data that
should be deflected into the future. The equation of the update
gate (Uy) is [15]:

U = 0 (Wi he—q + Wiy xe + by)
1y = 0(Whp he_q + Wi xe + by)

(2.11)
(2.12)

Next, the candidate state (f1;) is calculated using the reset gate
calculation result. The hidden state at time t (h;) is calculated

11

using the candidate state. The hyperbolic tangent activation
function is used to calculate the number of candidate state
parts (tanh(*)). The equation of the candidate state is as
follows [15].

ht = tanh(Whh. (T‘t O h’t—l) + th. X¢ + bh) (213)
The symbol © In equation 2.13 is known as a hadamard
product. The Hadamard product multiplication function
multiplies the elements of two equal-sized matrices that are
in the same row and column. GRU performs the calculation
of the hidden state (h;) following the calculation of the update
gate, reset gate, and candidate state. The output time t, which
is sent to the next GRU unit, is stored by the hidden state. [15]
The hidden state equation is as follows:

hi=(1—-uw) O hi(_; +u; © hy (2.14)
The next step involves comparing the error values of each
model after modeling using the training dataset and making
predictions with the testing dataset. This process is done for
each model and the dataset of stock prices listed on the
~AJKSE index. In this comparison, the values of the testing
dataset for Mean Squared Error (MSE), Root Mean Squared
Error (RMSE), and Mean Absolute Error (MAE) are tested.
Furthermore, the smallest values of RMSE, MSE, and MAE
are identified.

D. Data Prediction and Visualization

In this step, the LSTM and GRU models are applied to
forecast stock price movements. After going through the
preprocessing stage, the data is prepared to be processed
using the LSTM and GRU models. This process will provide
an up-to-date prediction of stock price changes using both
models. In addition, the prediction results will also be
visualized so that they can be more easily understood and
analyzed.
E. Evaluation

Evaluation is essential for assessing performance and
identifying the strengths and weaknesses of a method, as well
as allowing for improvement through adjustments and
modifications. Evaluation of a method involves using
statistics with available data to analyze the degree of variation
and determine performance. Among the statistical methods
often used to conduct evaluations are:

1) Root Mean Square Error (RMSE)

RMSE is used to calculate the amount of error in
predicting a method and calculates the difference between
the actual value and the expected value. The total result
obtained is divided by the predicted value, then the square
root is taken.

SR
RMSE — |1 Gi-yD

(2.15)
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2) Mean Square Error (MSE)

MSE calculates the average square error between the
actual and predicted values. This method is commonly used
to assess the approximate error value in a prediction. A small
MSE value or an MSE value close to zero indicates that the
prediction results are in accordance with the actual data so
that it is suitable for calculating predictions for future
periods.

MSE = ¥ Iyl;yll

(2.16)

3) Mean Absolute Error (MAE)

MAE represents the average absolute difference between
the actual value and the predicted value in the data set. It
measures the average residual in the data set.

I1I. RESULT AND DISCUSSION

This research comprehensively involves several
essential stages that detail every aspect of the process. First,
data collection is conducted, where the dataset includes daily
stock price data from the Composite Stock Price Index
(CSPI) with the code "JKSE.

A. Preprocessing

The dataset undergoes a preprocessing stage that
includes Min-Max normalization to maintain the
consistency of the data scale before being applied in the
machine learning model.

1) Stock Price Visualization

Detailing stock price dynamics and movements
through visual representations is an inevitable first step in
the process of in-depth analysis of financial market data.
Through informative graphical depictions, analysts can
visually understand stock price fluctuations over time, open
a window of insight into market trends, and identify
significant events that affect stock values.

In Figure 6, the Share Price graph provides an informative
visual representation of the evolution of the JCI closing price
over time. With the X-axis showing specific dates and the
Y-axis reflecting the closing price value, the graph provides
a clear and structured picture of stock price fluctuations,
allowing analysts to easily identify trends or significant
events within the observed period.

2) Dataset Generation

In the dataset building process, the focus was on
exploring the 'Close' column of the JCI stock price dataset.
This choice was made deliberately to simplify the dataset,
bringing a centralized focus on the key variable, the closing
price of the stock. This decision was based on the
understanding that closing price plays a central role in
financial analysis, and by filtering out this variable, we can
optimize the dataset to illustrate the dynamics of stock price
movements more clearly and understandably. As a visual
representation, the dataset has been illustrated in Figure 4.

Stoce Price Chart
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Figure 6. Share Price Chart

3) Dataset Separation

The dataset that has been created is divided into
two, namely training data (train) and test data (test).
This division is important to train the model using part
of the data and test its performance on data that has
never been seen before. A commonly used ratio is 80%
for training data and 20% for test data. After this
division, the training dataset consists of 417 data points,
while the testing dataset consists of 105 data.

il ¢
'/ i l b an .J wf“'
vﬂ lf V \J"

Tamng ety Spht

Figure 7. Distribution of Training and Testing Datasets

In the visualization in Figure 7., the dashed red line
shows the division between the training dataset and the
testing dataset. You can see how the data is organized
over time, and the split reflects the predefined
proportion (80% training, 20% testing).

4) Data Scaling

The next process is data scaling using the Min-Max
scaling method. The purpose of this process is to
normalize the values in the dataset into the range of 0 to
1. This is done so that the model can cope with scale

12
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differences and improve stability and convergence
during the training process
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Figure 8. Scaled Cover Price

The wvisualization in Figure 8., shows the
comparison between the original closing price and the
scaled closing price. In this graph, the blue color
represents the original closing price, while the red
dotted line represents the scaled closing price.

B. Modelling

a) LSTM

The Long Short-Term Memory (LSTM) model is
designed using an architecture that involves one LSTM
layer consisting of 50 units, followed by a Dense layer
with one unit for output. The model training process was
conducted for 100 epochs with a batch size of 32 to
ensure that the model learns complex patterns in the data
and can provide generalized results over a wide range of
inputs [17]. After the training phase, the results were
analyzed through visualization of Root Mean Squared
Error (RMSE) graphs on the training and testing sets.
The RMSE graph gives an idea of the extent of the
model's prediction error on both data sets [18]. The best
result, measured by the lowest RMSE value on the test
set, is recorded and used as a reference for prediction on
the test set. This approach provides confidence that the
model has learned well from the training data and can
make accurate stock price predictions on new, never-
before-seen data [19].

From the graph in Figure 9, the LSTM model
achieves the minimum RMSE value on the test dataset
at a certain epoch, which is the benchmark for optimal
model selection. The relationship between epochs and
RMSE is that during the early stages of training, the
RMSE increases, indicating the early stages of the
model and its struggle to produce correct predictions.
Subsequently, the RMSE decreases over time, signaling
the model's acquisition of knowledge from the training
data, resulting in more accurate predictions. Eventually,

13

the RMSE reaches a saturation point, indicating that the
model is no longer acquiring further insights from the
training data, and consequently, the RMSE stabilizes
without further reduction.

FFPOCH-RAMSE for |STH

Tl NS
® Bt Epoch |L5TM

Figure 9. Grafik EPOCH-RMSE untuk LSTM

After training the LSTM model, stock price
predictions are made on the test set. The graph of the
prediction results is compared with the actual data on
the test set and the prediction on the training set. This
graph provides a visual representation of how well the
LSTM model can predict stock prices.

Figure 10. LSTM Prediction Results

By detailing Figure 10, it can be concluded that the stock
price prediction model using LSTM shows satisfactory
performance. This can be seen from the Predictions graph
(model prediction results), which closely follows and is in
the same direction as the stock price visualization graph in
Figure 6. Through Figure 10, the graph of LSTM prediction
results provides a deeper understanding of the extent to
which the model can adjust to the behavior of stock prices
during the test period.

b) GRU
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At the model development stage, the Gated Recurrent
Unit (GRU) Model architecture was built with a similar
approach to the LSTM model [20]. The configuration
involves one GRU layer consisting of 50 units, followed by
a Dense layer with one unit to generate the output.
Subsequently, the model goes through a training process that
is performed for 100 epochs, with a batch size setting of 32.
Once the training process is complete, the best results,
measured by the best performance on the test set, are
recorded and used as the basis for making predictions on the
test set. This approach ensures that the GRU model can
provide reliable and accurate predictions of stock prices on
new data that has never been seen before, after a sufficient
training phase.

EPOCH RMSE for GRU

Figure 11. EPOCH-RMSE for GRU

Through the graph analysis in Figure 11, it is
illustrated that the Gated Recurrent Unit (GRU) model
managed to achieve the lowest RMSE value at a certain
epoch in the test set. This minimum RMSE value serves as
a crucial reference in determining the optimal model for
stock price prediction. In the initial training phase, RMSE
tends to be high as the model is still in the early learning
stage, grappling with the challenge of making accurate
predictions. However, as the epochs progress, the RMSE
consistently decreases, signifying the model's continuous
extraction of information from the training data and the
refinement of its skills in generating more accurate
predictions. At a certain point, the RMSE reaches a
saturation point, indicating that the GRU model has attained
maximum understanding of the training data, and further
enhancements to the quality of predictions become less
significant.

After training the GRU model, stock price
predictions are made on the test set. The graph of the
prediction results is compared with the actual data on the test
set and the prediction on the training set. This graph provides
a visual representation of how well the GRU model can
predict stock prices. By detailing Figure 12, it can be
concluded that the stock price prediction model using GRU

shows satisfactory performance. This can be seen from the
Predictions graph (model prediction results), which closely
follows and is in the same direction as the stock price
visualization graph in Figure 4. The comparison between
model predictions and actual data not only provides a strong
visual representation but also provides valuable insights into
the performance of the GRU model in anticipating stock
price changes.

| / Ut Al
| [

Figure 12. GRU Prediction Results

C. Evaluation

After looking at the results of the two models, a
comparison was made between LSTM (Long Short-Term
Memory) and GRU (Gated Recurrent Unit) in terms of stock
price prediction performance. The evaluation is done by
considering three main metrics: Root Mean Squared Error
(RMSE), Mean Squared Error (MSE), and Mean Absolute
Error (MAE) for each model in the test set.

Table 2. Evaluation of the model

Model RMSE MSE MAE
LSTM 37.2286 1385.968 30.087
GRU 30.1377 908.286 25.418

From Table 2 above, we can directly compare the
performance of the two models for each metric. Some
analysis and conclusions can be drawn from this
comparison:

1) RMSE (Root Mean Squared Error)
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GRU has a lower RMSE value (30.1377) compared
to LSTM (37.2286), indicating that GRU tends to provide
more accurate predictions in measuring the absolute change
in stock prices.

2) MSE (Mean Squared Error)

GRU shows a lower MSE value (908.286) compared to
LSTM (1385.968), indicating that GRU is more successful
in overcoming large errors in stock price prediction.

3) MAE (Mean Absolute Error)

The GRU model has a lower MAE value (25,418)
compared to LSTM (30,087), indicating that GRU provides
more accurate predictions with smaller errors on average.

D. Conclusion

Based on the results and discussion, this study
concludes that the GRU method consistently provides more
accurate JCI stock price predictions compared to the LSTM
method. The evaluation shows a lower error rate in GRU,
especially in the testing period, with RMSE reaching 30.14.
In contrast, LSTM has an RMSE of 37.23 at Epoch 98.

In addition to RMSE, evaluations were conducted
using MSE and MAE. The results show that GRU has an
MSE of 908.29 and an MAE of 25.42, while LSTM has an
MSE of 1385.97 and an MAE of 30.09. Both methods can
provide predictions that are in accordance with the actual
behavior of stock prices within the specified time range.
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