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Abstract 
___________________________________________________________________ 

This study aims to determine the stock price forecasting of EXCL, ISAT, and 

TLKM using Long Short Term Memory (LSTM) and auto ARIMA. Stock closing price 

data from January 1, 2015, to December 31, 2020, is divided into two, 80% for training 
data and 20% for testing data. Data is processed using each method separately. The 

stages of research on the LSTM method are data preprocessing, building models, model 
selection, and forecasting. We conducted experiments to see the effect of variations on 

the parameters of the LSTM method, that is, the number of epochs and the number of 
neurons. The stages of research on the auto ARIMA method are data preparation, 

building a model, and forecasting. The results of the modeling of the two methods were 

compared with the MSE and RMSE accuracy metrics. In some cases, the two methods 
compete quite tightly, especially in data that can be transformed into a linear model, 

Auto ARIMA's capability can be better than LSTM. In our case study, it was found that 
for EXCL and TLKM stocks the auto ARIMA method was better than the LSTM 

method, while for ISAT stocks, the LSTM method was found to be better than the auto 
ARIMA method. 
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INTRODUCTION 

The stock market is one of the 
main indicators of economic conditions 

(Ho, Darman, & Musa, 2021). Stock 
price forecasting is the process of 

determining the future value of a 
company's shares or other financial 
instruments traded on the stock 

exchange. Forecasting stock price 
movements play an important role in 

financial markets. Investors who 
accurately predict the direction of stock 

price movements can take optimal 
strategies in trading that yield large 

profits. On the other hand, investors 
who miscalculate the price will suffer 
losses. Therefore, investors who seek 

maximum profit are eager to find a 
method that can predict stock prices 

correctly (Liu, 2022).  
Stock price data is a category of 

time series data. Time series is a type of 
data that is observed sequentially from 
time to time (Saeed, 2022). There are 

several ways to model time series data, 
namely stationary models, non-

stationary models, linear models, 
nonlinear models, univariate models, 

and multivariate models. 
Autoregressive Integrated Moving 
Average (ARIMA) is a stationary 

model. One of the nonlinear models is 
Long Short Term Memory (LSTM) 

(Ito, Iima, & Kitamura, 2022).  
Research conducted by Sethia & 

Raut (2018) shows that the LSTM 
model is proven to outperform other 
models in predicting the stock price of 

the S&P 500 company with an 𝑅2 value 
of 0.9486 and a return 400% greater 
than the hold and wait strategy. 

Abdillah, Zukhronah, & Respatiwulan 
(2021) obtained that the ARIMA 

model (1,1,1) is the best ARIMA model 
for predicting stock prices with a 
MAPE value on out-sample data of 

1.95%.  

Research conducted by Liu (2022)  
shows that the ARIMA model can be 

used to predict short-term stock prices 
such as one day while the multi-step 

LSTM model is suitable for predicting 
long-term stock price trends such as a 
week. In Shankar's research (2022), the 

MAPE LSTM value is lower than 
ARIMA and UCM in predicting the 

stock price of Tata Motors India Ltd. 
The results of research by Ho, Darman, 

& Musa (2021) show that LSTM can 
produce more than 90% accuracy in 
predicting stock prices during the 

pandemic. 
In forecasting the NEPSE index 

using the auto ARIMA method, the 
ARIMA model has a high potential to 

anticipate short-term market changes, 
which may be beneficial for traders or 
short-term investors (Saeed, 2022). In 

the research of Vani, Varma, 
Lakshman, & Krishna (2019), the 

results show that the ARIMA and 
LSTM models have strong potential to 

forecast stocks. The ARIMA model has 
an accuracy value of 98.87% in 
forecasting Unilever Indonesia stock 

prices (Wibowo, Dang, & Wang, 
2022). 

This research is entitled ‘Optimal 
Modeling of Stock Prices Forecasting 

Using Long Short Term Memory and 
Auto ARIMA Methods’. The purpose 

of this study was to determine stock 

price data forecasting using the LSTM 
and auto ARIMA methods and to 

compare the accuracy of the two. 
Long Short Term Memory (LSTM) 

is a type of RNN. LSTM was 
introduced by Hochreiter & 
Schmidhuber in 1997. LSTM is an 

RNN architecture designed specifically 
to address the problem of RNN, 

because LSTM can capture context-
specific temporal dependencies for long 

periods. LSTM can read, write, and 
selectively forget information so that 
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only important information remains in 
memory cells (Ito et al., 2022). Each 

LSTM neuron is a memory cell that 
can store other information, that is, it 

maintains its cell state. While neurons 
in a normal RNN only take the 
previous hidden state and input the 

current to issue a new hidden state, 
LSTM neurons also take up the old cell 

state and issue a new cell state 
(Brownlee, 2017). 

LSTM has four layers, that is forget 
gate (1), input gate (2), new cell state 
candidate (3), and output gate (4) in the 

iteration model architecture which 
looks like Figure 1 (Winata, 2018). 

 
Figure 1. Looping Model with Four 

Layers in LSTM 
Langkah The first step is that the 

LSTM determines the data information 

to be removed from the cell state. This 
decision is made by the sigmoid layer 

named “layer forget gate” with the 
following formulation. 

 𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (1) 

The second step is to determine the 
data (input gate) that will be stored in 

the cell state with the following 

formulation. 

 𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2) 

 𝐶̃𝑡 = tan ℎ (𝑊𝑐 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (3) 

The third step is to update the old 

cell state, 𝐶𝑡−1, into a new cell state 
with the following formula. 

 𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡̃ (4) 

The fourth step aims to decide the 

output results with the following 
formula. 

 𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (5) 

 ℎ𝑡 = 𝑜𝑡 ∗ tan ℎ (𝐶𝑡) (6) 

where 𝑓𝑡 is the forget gate, 𝜎 is the 

sigmoid function, 𝑊𝑓 is the weight 

value for the forget gate, ℎ𝑡−1 is the 

output value before the 𝑡-order, 𝑥𝑡 is 

the input value of the 𝑡-order, 𝑏𝑓 is the 

bias value at forget gate, 𝑖𝑡 is the input 

gate, 𝑏𝑖 is the bias value at the input 

gate, 𝐶̃𝑡 is the new value that can be 

added to the cell state, tan ℎ is the tan ℎ 

function, 𝑊𝑐 is the weight value for the 

cell state, 𝑏𝑐 is the bias value in the cell 

state, 𝐶𝑡 is the cell state, 𝐶𝑡−1 is the cell 

state before the 𝑡-order, 𝑜𝑡 is the output 

gate, 𝑊𝑜 is the weight value for the 

output gate, 𝑏𝑜 is the bias value at the 

output gate, and ℎ𝑡 is the output value 

of order-𝑡. 
In the LSTM method, there is a 

normalization and denormalization 

process which is formulated as follows. 

 𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
  (7) 

 𝑥 = 𝑥′(𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛) + 𝑥𝑚𝑖𝑛 (8) 

where 𝑥′ is the data after 

normalization, 𝑥 is the actual, 𝑥𝑚𝑖𝑛 is 
the minimum value of the whole data, 

and 𝑥𝑚𝑎𝑥 is the maximum value of the 
whole data. 

ARIMA is a time series data 
modelling and forecasting method 

developed by Box and Jenkins (1976). 
ARIMA is a method known for its 
strength and flexibility. Due to its 

strength and flexibility, ARIMA is a 
complex technique, complicated, not 

easy to use, and requires a lot of 
experience. Auto ARIMA is an 

ARIMA method to determine the order 
value of the model automatically (Jamil 
& Akbar, 2017). Auto ARIMA 

automatically handles the parameters 
of the Auto Correlation Function 

(ACF) and Partial Auto Correlation 
Function (PACF) plots, automatically 

determines the appropriate p, d and q 
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values and returns the best ARIMA 
model (Ito et al., 2022). 

The ARIMA method works well if 
the time series data used are 

statistically dependent or related to 
each other. The form that shows the 
mixed model of the autoregressive 

moving average is as follows. 

𝑍𝑡 =  𝜇′ +  𝜙1𝑍𝑡−1 + ⋯ + 𝜙𝑝𝑍𝑡−𝑝 +

 𝑎𝑡 − 𝜃1𝑎𝑡−1 − ⋯ − 𝜃𝑞𝑎𝑡−𝑞  (9) 

where 𝑍𝑡 the forecast value at-𝑡, 𝑍𝑡−𝑝  is 

the data value at 𝑡 – 𝑝, 𝜇′ is a constant 

value, 𝜙𝑝  is the p-th parameter 

autoregressive at-p, 𝑎𝑡 is the error value 

at-t, 𝜃𝑞 is the q-th parameter moving 

average, and 𝑎𝑡−𝑞 is the error value at 

𝑡−𝑞. 
In the ARIMA method, there is a 

white noise test using the L-Jung Box 
test and a normality test using the 

Jarque-Bera (Jarque & Bera, 1987). L-

Jung Box test statistics (Brockwell & 

Davis, 2016) and Jarque-Bera are 

formulated as follows. 

 𝑄 = 𝑛(𝑛 + 2) ∑
𝜌̂𝑘

2

𝑛−𝑘

𝐾
𝑘=1  (10) 

 𝐽𝐵 = 𝑛 (
𝑆2

6
+

(𝐾−3)2

24
) (11) 

where 𝑄 is the L-Jung Box, 𝜌̂𝑘 is 

autocorrelation residual at the k-th lag, 

𝑛 is the number of data, 𝐾 is the 

maximum number of lags, 𝐽𝐵 is Jarque-

Bera, 𝑆 is Skewness, 𝐾 is Kurtosis. The 

significant level used is 𝛼 = 0,05. 
Residual data is not white noise if the 

𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 𝛼. Residual data is not 

normally distributed if the 𝑝 − 𝑣𝑎𝑙𝑢𝑒 <
𝛼. 

The performance of the model in 

this study is indicated by the Akaike 
Information Criterion (AIC), 

coefficient of determination (𝑅2), Mean 
Square Error (MSE), Mean Absolute 
Error (MAE), Root Mean Square Error 
(RMSE), and Mean Absolute 

Percentage Error ( MAPE). The AIC 

equation is stated as follows (Box, 

Jenkins, Reinsel, & Ljung, 2016). 

 𝐴𝐼𝐶 = ln 𝜎̂2 +
2

𝑛
𝑟 (12) 

where 𝑙𝑛 is the natural logarithm, 𝜎̂2 is 
the RSS divided by the number of 

observations, 𝑛 is the number of 

observations (residuals), and 𝑟 is the 
number of parameters (including 

constants). 

The equation 𝑅2 is expressed as 
follows (Korstanje, 2021). 

 𝑅2 = 1 −
∑(𝑦𝑖−𝑦𝑖̂)2

∑(𝑦𝑖−𝑦𝑖̅)2
 (13) 

where 𝑦𝑖 is the i-th actual data, 𝑦𝑖̂ is the 

i-th prediction data, 𝑦𝑖̅ is the average of 

the data. The MSE, MAE, RMSE, and 

MAPE equations are expressed as 
follows. 

 𝑀𝑆𝐸 =
∑ (𝑥𝑖−𝑦𝑖)2𝑛

𝑖=1

𝑛
 (14) 

 𝑀𝐴𝐸 =
∑ |𝑥𝑖−𝑦𝑖|𝑛

𝑖=1

𝑛
 (15) 

 𝑅𝑀𝑆𝐸 = √
∑ (𝑥𝑖−𝑦𝑖)2𝑛

𝑖=1

𝑛
 (16) 

 𝑀𝐴𝑃𝐸 = 100% ×
∑ |

𝑥𝑖−𝑦𝑖
𝑦𝑖

|𝑛
𝑖=1

𝑛
 (17) 

Where 𝑥𝑖 is the i-th prediction data, 𝑦𝑖 

is the i-th actual data, and 𝑛 is the 

number of samples. The model with the 

lowest AIC value is the best. The closer 
to the value of 1, the better the value of 

𝑅2. The lowest value of MSE, MAE, 
RMSE, and MAPE is the best value. 

 

METHOD 

The data used are the closing price 

of the shares of the company PT XL 
Axiata Tbk with the code EXCL.JK, 

PT Indosat Tbk with the code 
ISAT.JK, and PT Telkom Indonesia 

Tbk with the code TLKM.JK in daily 
frequency with a time span of January 
1, 2015, to December 31, 2020. Data 
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was obtained from the website 
www.finance.yahoo.com. The data is 

inputted and checked to obtain the 
mean (average stock price), standard 

deviation (deviation of the stock price 
from the average), min (lowest stock 
price), max (highest stock price), lots of 

missing data, and plot data. In the next 
step, the data is analyzed using the 

LSTM and auto ARIMA methods, and 
the result visualization is shown. 

The stages of the LSTM method 
are data preprocessing, model 
building, model selection, and 

forecasting. Stages of data 
preprocessing data include the 

distribution of training data by 80% 
and testing data by 20%, data 

normalization, determination of input 
and output patterns. In the build 
model, the values of two parameters 

that are the focus of research can be 
changed, namely epochs and neurons. 

The selected epochs in this study 
consisted of 10, 50, 100, and 200. The 

number of selected neurons in each 
hidden layer consisted of 50, 100, 150, 
and 200. In the evaluation of the 

model, a training loss value plot was 
used to view the model description. In 

model selection, the performance of 
the training data model and testing 

data is obtained. The best LSTM 

model was chosen based on the 𝑅2 

MSE, MAE, RMSE, and MAPE in 
the testing data. After the best LSTM 

model is determined, the data is 
denormalized to obtain forecasting 

data with true values. 
The research steps use the auto 

ARIMA method, namely, data 
preparation, building models, and 
forecasting. The data preparation stage 

includes dividing the data into two, 
namely 80% training data and 20% 

testing data, and getting the ADF 
value from the training data. In the 

build model, the training data is 

processed using the auto ARIMA 
function in the AR(1)-AR(5) and 

MA(1)-MA(5) ranges, so that the best 
model will be obtained automatically 

based on the AIC value. The best 
model is applied to training and testing 
data to be evaluated. Next, the data 

testing is predicted with the selected 
model. 

 In the result visualization stage, 
the actual data, the forecasted data 

using the LSTM method, and the 
forecasting data using the auto 
ARIMA method are compared based 

on accuracy metrics in the form of R^2 
and RMSE values, and the results of 

the three data plots in one figure will 
be shown. 
 

RESULT AND DISCUSSION 

The amount of data used by each 

company is 1505 data, starting on 
January 2, 2015, and ending on 

December 30, 2020. There is no 
missing value in the data. In EXCL 

stock data, the lowest share price is 
Rp. 1,410/share, with a standard 
deviation value which indicates the 

deviation of the stock price from the 
average of 623.3091. The highest share 

price is Rp 5,129,2319/share, while 
the mean share price is Rp 

3,035,7977/share. For ISAT stock 
data, the lowest mean share price is Rp 
4256.7641 with a standard deviation of 

1,440.2789. The lowest share price is 
Rp 1,200/share and the highest share 

price is Rp 7,500/share. TLKM's 
highest share price was Rp. 

4,800/share, with a standard deviation 
of 564.1894. The lowest share price in 
that period was Rp 2,560/share, while 

the mean share price was at Rp 
3,664.7907/share. Here is a data plot 

of three stocks. 
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Figure 2. EXCL Stock Plot 

 

Figure 3. ISAT Stock Plot 

 

Figure 4. TLKM Stock Plot 

Based on the three plots, the 

movement of the three stock prices is 
said to be volatile, experiencing an 
increasing trend and a decreasing 

trend. Event A is an event that the 
stock price experiences a downward 

trend, while event B is an event that 
the stock price experiences an upward 

trend. The training data consists of 
1204 data, January 02, 2015 - October 
04, 2019. The testing data consists of 

301 data, from October 07 - December 
30, 2020. The plot of the normalized 

training data and testing data can be 
shown as follows. 

 

Figure 5. EXCL Stock Plot After 
Normalization 

 

Figure 6. ISAT Stock Plot After 

Normalization 

 

Figure 7. TLKM Stock Plot After 
Normalization 

There is no standard rule in 
determining the optimal LSTM 
architecture to be applied to the 

system. So the search for LSTM 
architecture and parameters is done by 

trial and error. In this study, the 
LSTM network architecture consists of 

1 input layer, 3 hidden layers, and 1 

output layer. The predefined 
parameters are a batch size of 32, a 

sequence length of 100, and the Adam 
optimizer. The parameters that are 

used as the focus of this study are the 
parameters of the number of epochs 

and the number of neurons. The 
following is the loss training data 
value. 
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Table 1. Value of Stock Training Data 
Loss 

Epoch Neuron 
Loss 

EXCL ISAT TLKM 

10 

50 0,0022 0,002 0,0029 

100 0,0019 0,0017 0,0026 

150 0,0021 0,0017 0,0022 

200 0,0016 0,0014 0,0023 

50 

50 0,00069014 0,000594 0,001100 

100 0,00068977 0,000462 0,000850 

150 0,00070927 0,000464 0,000968 

200 0,00066203 0,000436 0,000918 

100 

50 0,00064314 0,000450 0,000841 

100 0,00061716 0,000393 0,000993 

150 0,00062835 0,000388 0,000869 

200 0,00064685 0,000416 0,000821 

200 

50 0,00063619 0,000341 0,000845 

100 0,00072206 0,000392 0,000805 

150 0,00063033 0,000362 0,000851 

200 0,00062336 0,000383 0,000790 

In the training data, the loss value 

of the model's performance is 
measured using the MSE metric. The 

smaller the value of the metric, the 
better the model. Based on the table, in 
the EXCL stock, the lowest loss value 

is 0,00061716 found in the model with 
epoch 100 and neuron 100. The lowest 

loss value for ISAT stock is 
0,00034109 found in the model with 

epoch 200 and neuron 50. The lowest 
loss value for TLKM stock is 
0,00078981 is found in the model with 

200 epochs and 50 neurons. The 
following is a plot of the lowest 

training loss value for each stock. 

 

Figure 8. EXCL Stock Lowest Loss 

Value Training Plot 

 

Figure 9. ISAT Stock Lowest Loss 

Value Training Plot 

 

Figure 10. TLKM Stock Lowest Loss 
Value Training Plot 

The next stage is model selection. 
Model selection is based on model 
performance. The following are the 

results of the performance of the 
LSTM model on training data and 

testing data. 

Table 2. EXCL Stock Training Data 

Model Performance Results 

Epoch Neuron 𝑹𝟐 MSE MAE RMSE MAPE 

10 

50 -1,5002 718904,7655 811,4741 847,8825 0,2639 

100 -1,6085 750022,8145 828,5583 866,0386 0,2692 

150 -1,6914 773864,2344 842,3533 879,6955 0,2739 

200 -1,6350 757638,9639 834,3716 870,4246 0,2713 

50 

50 -1,3731 682338,8246 799,5860 826,0380 0,2618 

100 -1,2667 651761,6986 781,0278 807,3176 0,2556 

150 -1,5858 743507,4839 830,5900 862,2688 0,2708 

200 -1,2888 658100,4829 784,2549 811,2339 0,2565 

100 

50 -1,5284 726992,5536 825,0778 852,6386 0,2700 

100 -1,2980 660744,9958 785,1935 812,8622 0,2566 

150 -1,3119 664744,3096 788,3989 815,3185 0,2579 

200 -1,3097 664129,7002 788,3765 814,9415 0,2580 

200 

50 -1,4697 717890,4459 818,2620 847,2842 0,2673 

100 -1,3982 689549,8305 803,4029 830,3914 0,2629 

150 -1,2962 660233,5610 785,4830 812,5476 0,2569 

200 -1,4494 704293,3822 811,6155 839,2219 0,2654 

Table 3. EXCL Stock Testing Data 
Model Performance Results 

Epoch Neuron 𝑹𝟐 MSE MAE RMSE MAPE 

10 

50 0,7473 25849,2862 120,7400 160,7771 0,0542 

100 0,7856 21932,7665 113,5803 148,0972 0,0500 

150 0,7470 25877,9104 124,6183 160,8661 0,0546 

200 0,8275 17647,9329 103,2634 132,8455 0,0448 

50 

50 0,9233 7848,5775 66,4853 88,5922 0,0290 

100 0,9181 8380,7094 72,0681 91,5462 0,0316 

150 0,9054 9677,5090 75,2054 98,3743 0,0320 

200 0,9218 8000,5358 69,5025 89,4457 0,0305 

100 50 0,9168 8513,8145 67,8330 92,2703 0,0292 
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100 0,9243 7739,1198 67,5242 87,9723 0,0295 

150 0,9230 7879,1604 67,0369 88,7646 0,0293 

200 0,9231 7867,0450 67,5217 88,6964 0,0295 

200 

50 0,9180 8387,0605 67,8585 91,5809 0,0293 

100 0,9244 7731,8867 65,3989 87,9311 0,0285 

150 0,9240 7778,2930 67,5133 88,1946 0,0295 

200 0,9218 8001,0474 65,9832 89,4486 0,0287 

Table 4. ISAT Stock Training Data 

Model Performance Results 

Epoch Neuron 𝑹𝟐 MSE MAE RMSE MAPE 

10 

50 0,4300 1496438,7048 1141,6169 1223,2901 0,2385 

100 0,3751 1640703,6969 1200,9921 1280,8996 0,2520 

150 0,4725 1384939,3924 1095,3047 1176,8345 0,2881 

200 0,4462 1454065,3100 1136,0317 1205,8463 0,2399 

50 

50 0,3911 1598795,9347 1198,9154 1264,4350 0,2537 

100 0,3472 1714025,3984 1239,8114 1309,2079 0,2616 

150 0,4142 1538074,8477 1173,1669 1240,1915 0,2472 

200 0,4889 1341878,7581 1102,6390 1158,3949 0,2349 

100 

50 0,4299 1496691,6401 1161,1512 1223,3935 0,2459 

100 0,3944 1589954,3365 1200,3238 1260,9339 0,2553 

150 0,4426 1463437,8799 1139,4788 1209,7264 0,2385 

200 0,4150 1535978,4299 1175,9967 1239,3460 0,2489 

200 

50 0,4096 1549984,8842 1180,6282 1244,9839 0,2496 

100 0,4332 1488161,7976 1159,1779 1219,9024 0,2459 

150 0,4104 1548096,5762 1174,0349 1244,2253 0,2464 

200 0,3611 1677495,5829 1227,9043 1295,1817 0,2595 

Table 5. ISAT Stock Testing Data 

Model Performance Results 

Epoch Neuron 𝑹𝟐 MSE MAE RMSE MAPE 

10 

50 0,6356 164182,1773 206,5357 405,1940 0,0826 

100 0,6690 149147,3974 197,6854 386,1961 0,0785 

150 0,6956 137164,7766 198,5814 370,3576 0,0816 

200 0,8046 88059,3671 163,1863 296,7480 0,0665 

50 

50 0,9309 31147,8511 103,4382 176,4875 0,0433 

100 0,9415 26383,5674 95,6374 162,4302 0,0405 

150 0,9454 24615,6714 92,0693 156,8938 0,0396 

200 0,9501 22497,6084 94,4158 149,9920 0,0400 

100 

50 0,9545 20508,1642 82,8675 143,2067 0,0344 

100 0,9509 22119,7908 85,6963 148,7272 0,0353 

150 0,9514 21903,5797 97,5179 147,9986 0,0414 

200 0,9561 19791,6358 78,6629 140,6827 0,0322 

200 

50 0,9549 20311,4093 79,2991 142,5181 0,0324 

100 0,9540 20738,0128 80,5866 144,0070 0,0326 

150 0,9547 20432,7853 84,1896 142,9433 0,0349 

200 0,9510 22082,2475 82,4872 148,6010 0,0336 

Table 6. TLKM Stock Training Data 
Model Performance Results 

Epoch Neuron 𝑹𝟐 MSE MAE RMSE MAPE 

10 

50 0,6959 80518,9922 251,0566 283,7587 0,0630 

100 0,5496 119261,7886 312,6960 345,3430 0,0787 

150 0,6080 103780,0503 291,0551 322,1491 0,0732 

200 0,7352 70118,0229 235,3441 264,7981 0,0591 

50 

50 0,6051 104565,4958 298,7975 323,3659 0,0754 

100 0,6881 82576,9951 264,2548 287,3621 0,0666 

150 0,6578 90605,1296 277,7156 301,0069 0,0700 

200 0,6222 100018,1453 291,3294 316,2565 0,0734 

100 

50 0,7648 62287,1622 229,1120 249,5740 0,0578 

100 0,6658 88477,2721 272,9591 297,4513 0,0687 

150 0,6883 82533,9993 265,0725 287,2873 0,0669 

200 0,6743 86245,0864 270,5226 293,6751 0,0682 

200 

50 0,6726 86696,9653 270,2764 294,4435 0,0680 

100 0,6516 92241,1640 279,3788 303,7123 0,0703 

150 0,7262 72481,7037 248,8122 269,2243 0,0629 

200 0,7050 78100,9983 255,2163 279,4656 0,0641 

Table 7. TLKM Stock Testing Data 

Model Performance Results 

Epoch Neuron 𝑹𝟐 MSE MAE RMSE MAPE 

10 

50 0,4721 34024,3284 128,7357 184,4568 0,0425 

100 0,5560 28617,0492 113,9858 169,1657 0,0372 

150 0,5848 26764,6887 113,8589 163,5992 0,0372 

200 0,5952 26092,1699 121,7668 161,5307 0,0400 

50 

50 0,8230 11410,1889 77,6602 106,8185 0,0252 

100 0,8573 9200,6588 73,0450 95,9201 0,0239 

150 0,8515 9571,5688 72,8726 97,8344 0,0238 

200 0,8668 8585,4551 68,9060 92,6577 0,0225 

100 

50 0,8521 9534,7933 76,2721 97,6463 0,0250 

100 0,8717 8271,0529 68,7337 90,9508 0,0225 

150 0,8779 7871,4239 65,9458 88,7210 0,0215 

200 0,8784 7835,1694 65,9514 88,5165 0,0215 

200 

50 0,8808 7684,9498 65,4947 87,6638 0,0214 

100 0,8828 7554,9269 64,4258 86,9191 0,0210 

150 0,8758 8006,7087 66,3482 89,4802 0,0216 

200 0,8755 8025,6590 67,8545 89,5860 0,0222 

The best model in EXCL stock is 
the model with 50 epochs and 100 

neurons for training data and the model 
with 200 epochs and 100 neurons for 

testing data which are marked with the 

best 𝑅2, MSE, MAE, RMSE, and 
MAPE values. The best model is 

determined based on the value of the 
testing data, so the best LSTM model 
for EXCL stock is the model with 200 

epochs and 100 neurons. 
In ISAT stock training data, the 

best values of 𝑅2, MSE, RMSE, and 
MAPE are found in models with 50 
epochs and 200 neurons. The best 

MAE values best in training data are in 
models with 10 epochs and 150 
neurons. In ISAT stock testing data 

The best values of 𝑅2, MSE, MAE, 
RMSE, and MAPE are found in the 
model with 100 epochs and 200 

neurons, so the best LSTM model for 
ISAT stock is the model with 100 

epochs and 200 neurons. 
The model with 100 epochs and 50 

neurons is the best model for TLKM 

stock training data. The best model for 
testing TLKM stock data is a model 

with 200 epochs and 100 neurons is the 
best model, characterized by the best 

𝑅2, MSE, MAE, RMSE, and MAPE 
values. Based on the results of model 
performance on data testing, the best 
LSTM model for TLKM stocks is the 

model with 200 epochs and 100 
neurons. 

In the auto ARIMA method, the 
resulting ADF p-value is 0,0389 for 

EXCL stock, 0,661 for ISAT stock, and 
0,3392 for TLKM stock. Based on the 

p-value of ADF, EXCL stock has a 

value of less than 0.05 and it can be 
concluded that the data is stationary. 
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ISAT and TLKM stocks can be 
concluded that the data is not 

stationary. In ARIMA, data that is not 
stationary will be differencing. 

However, in this study, auto ARIMA 
was carried out, so that no differencing 
will be carried out. 

Table 8. AIC Results With Auto 
ARIMA Method 

ARIMA AIC 

EXCL ISAT TLKM 

(0,1,0) 14090,0940 14578,1370 13247,7090 

(0,1,1) 14092,8800 14581,2270 13247,2390 

(1,1,0) 14092,8970 14581,2270 13246,4630 

(1,1,1) 14094,8560 14581,3670 13231,3760 

(1,1,2) - - 13230,7440 

(2,1,0) - - 13238,1130 

(2,1,1) - - 13230,7280 

(2,1,2) - - 13232,6920 

(3,1,0) - - 13236,7450 

(3,1,1) - - 13232,7220 

(3,1,2) - - 13234,3120 

Based on Table 8 auto ARIMA 
results, the ARIMA model (0,1,0) is the 

best model for EXCL stock, the 
ARIMA model (0,1,0) is the best model 

for ISAT shares, and the ARIMA 
model (2,1,1) be the best model for 

TLKM stock. 

In the EXCL stock training data 
with the ARIMA(0,1,0) model, the 

results show that the AIC value is 
14.090,094, the p-value of the coefficient 

is 0, the p-value (𝑄) = 0,32, and the p-

value of (JB)=0. In the data testing, 

EXCL stock with ARIMA(0,1,0) 

model has an AIC value of 3.479,043. 
The p-value of the coefficient is 0, so the 

model is significant. Based on the value 

of p-value (𝑄) =0,29> 𝛼, so that the 

residual data in the model is declared 
white noise or the data is independent. 

The result of the p-value (JB) shows 0 <
𝛼, so it is stated that the residuals are 
not normally distributed. Thus, the 
assumption of normality is not met. 

In the ISAT stock training data 
with the ARIMA(0,1,0) model, the 

results show that the AIC value is 
14.578,137, the p-value of the coefficient 

is 0, p-value (𝑄) = 0,38, p-value (𝐽𝐵) =
0. In the ISAT stock testing data with 
the ARIMA(0,1,0) model, it has an 
AIC value of 3.767,603. The p-value of 

the coefficient is 0 < 0,05, so the model 
is concluded to be significant. Based on 

the p-value (𝑄) =0,67> 𝛼, the residual 

data in the model is declared white 
noise or the data is independent. The 

result of the p-value (JB) shows 0 < 𝛼 , 

so it is stated that the residuals are not 
normally distributed. Thus, the 

assumption of normality is not met. 
In TLKM stock training data with 

ARIMA model (2,1,1) the results show 
that the AIC value is 13230,728, p-value 

(𝑄) =0,98, p-value (JB)= 0. In the 

testing data, TLKM stock with the 
ARIMA model (2,1,1) has an AIC 
value of 3457,193. The AIC value in 

the testing data is lower than the AIC 
value in the training data. T The p-

value of the coefficient shows 0 < 0,05, 
so the model is significant. Based on 

the value of p-value (𝑄) =0,96 > 𝛼, the 

residual data in the model is declared 

white noise or the data is independent. 

The result of the p-value (JB) shows 0 <
𝛼, so it is stated that the residuals are 
not normally distributed. 

For forecasting using the LSTM 

method, denormalized data testing is 
used to predict, while the auto ARIMA 

method does not require a 
denormalization process. The following 

are the forecasting results for each stock 
on February 28, 2020, to December 30, 
2020.  

Table 9. EXCL Stock Forecast Results 

Date Close 
Predictions 

LSTM 

Predictions 

ARIMA 

28-02-2020 2590 2438,728 2460 

02-03-2020 2520 2591,122 2590 

03-03-2020 2500 2505,359 2520 

04-03-2020 2540 2478,003 2500 

05-03-2020 2480 2528,38 2540 
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... ... ... ... 

22-12-2020 2760 2882,424 2900 

23-12-2020 2710 2750,292 2760 

28-12-2020 2810 2702,726 2710 

29-12-2020 2850 2815,633 2810 

30-12-2020 2730 2861,51 2850 

Table 10. ISAT Stock Forecast Results 

Date Close 
Predictions 

LSTM 

Predictions 

ARIMA 

28-02-2020 2590 2438,728 2460 

02-03-2020 2520 2591,122 2590 

03-03-2020 2500 2505,359 2520 

04-03-2020 2540 2478,003 2500 

05-03-2020 2480 2528,38 2540 

... ... ... ... 

22-12-2020 2760 2882,424 2900 

23-12-2020 2710 2750,292 2760 

28-12-2020 2810 2702,726 2710 

29-12-2020 2850 2815,633 2810 

30-12-2020 2730 2861,51 2850 

Table 11. TLKM Stock Forecast 

Results 

Date Close 
Predictions 

LSTM 

Predictions 

ARIMA 

28-03-2020 3490 3473,679 3484,323 

02-03-2020 3440 3491,992 3490,058 

03-03-2020 3620 3442,521 3434,395 

04-03-2020 3830 3608,323 3639,16 

05-03-2020 3830 3794,767 3793,834 

... ... ... ... 

22-12-2020 3360 3506,32 3512,101 

23-12-2020 3320 3357,289 3356,599 

28-12-2020 3430 3328,662 3349,968 

29-12-2020 3420 3434,771 3424,613 

30-12-2020 3310 3418,471 3402,347 

The plot of forecasting results for 

each stock is as follows. 

 

Figure 11. EXCL Stock Forecast 

Results Plot 

 

Figure 12. ISAT Stock Forecast Results 
Plot 

 

Figure 13. TLKM Stock Forecast 

Results Plot 

In the comparison plot of 

Telkomsel stock data forecasting results 
using the LSTM and ARIMA methods, 

the orange plot represents the actual 
stock data. The red plot represents 
forecasting data using the LSTM 

method. In Figure 13, the black plot is 
the forecast data using the ARIMA 

method. The MSE and RMSE values 
of each share are as follows 

Table 12. 𝑅2 and RMSE Values 

Saham Metode 𝑹𝟐 RMSE 

EXCL 
LSTM 0,9244 87,9311 

ARIMA 0,9259 87,0466 

ISAT 
LSTM 0,9561 140,6827 

ARIMA 0,9550 142,4126 

TLKM 
LSTM 0,8828 86,9191 

ARIMA 0,8885 84,7917 

Based on Table 12, the best 𝑅2 and 
RMSE values are found in the auto 
ARIMA method for EXCL and TLKM 
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stocks, and the LSTM method for 
ISAT stocks. Forecasting using the 

auto ARIMA method is better than the 
LSTM method on EXCL and TLKM 

stocks, and forecasting using the LSTM 
method is better than the auto ARIMA 
method on ISAT stocks. 

CLOSING 

In this study, time series modelling 

experiments were carried out in the 
case of stock data forecasting using the 

LSTM and auto ARIMA models. 
LSTM modeling with several variations 

of epoch parameters and many 
neurons, can give better results. In 

some cases, especially on data that can 
be approximated by a stationary model, 
the auto ARIMA model is better. 

Based on the experiments in our case, it 
was found that the LSTM method with 

200 epochs and 100 neurons is the best 
model for EXCL and TLKM stocks, 

and the model with 100 epochs and 200 
neurons is the best LSTM model for 
ISAT stocks. In the auto ARIMA 

method, the ARIMA model (0,1,0) is 
the best model for EXCL and ISAT 

shares, and the ARIMA model (2,1,1) 
is the best model for TLKM shares. 

Based on the results of the forecasting, 
it is concluded that the forecasting 
using the auto ARIMA method is 

better than the LSTM method on 

EXCL and TLKM stocks, and 

forecasting using the LSTM method is 
better than the auto ARIMA method 

on ISAT stocks. For further research, it 
is recommended to add parameters to 
the research focus on the LSTM 

method. 
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