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Abstract: Stock is a securities or paper sheet as proof of ownership of a company. In terms of buying and selling a stock, stock price information is very 
important for the investors, since the purchase of stock usually will be made when the stock at the lowest price and the sale of stock will be made at the 
highest price. The focus of this study is to use the Long Short Term Memory algorithm to predict stocks’ price in automotive companies. The Long Short 
Term Memory algorithm is often used for prediction application, for example, in the analysis and implementation of Long Short Term Memory Neural 
Network in bitcoin prices prediction. This research was conducted using five automotive stock data that were taken from Yahoo Finance! The research 
experiments were conducted to get the effect of the number of hidden layer and epochs on the accuracy of stock predictions. From the results of the 
experiments, we found that the more usage of hidden layers and epochs will make the accuracy results better. 
 
Index Terms: ADAM, automotive, LSTM, prediction, RNN, stock, accuracy.   

————————————————----------- 

 

1 INTRODUCTION  
STOCK is a securities or paper sheet as proof of ownership of 
a company. In general, stocks have two general groups, i.e., 
common stock and preferred stock [1]. The shareowner 
usually will profit from the company. The process of sharing 
profit to shareholders is done with dividends which are in 
accordance with capital included or part of shares [2]. As an 
investor, it is very important to know how to analyze stocks to 
understand the situation and condition of the upcoming shares 
[3], [4]. In general, an investor can predict the price of a stock 
based on trends from the pass stock movement data [5]. 
Traders, brokers, and investors need a tool to help them 
predict the stock price. With the existence of a tool in 
predicting a stock, it can help trader, broker, and investor to 
take decision when to buy a share or to sell a share to get high 
profit [1]. One of the techniques that can be used for prediction 
is the Long Short Term Memory (LSTM) algorithm. Long Short 
Term Memory is a type of Recurrent Neural Network (RNN) 
[6]. It has been used in several pieces of research, such as 
bitcoin price prediction [7], IDR-USD currencies pair prediction 
[8], and even in human trajectory prediction in crowded spaces 
[9]. In this research, we are trying to use the LSTM algorithm 
as a tool in predicting stock prices. We focus on five different 
automotive companies, i.e., Honda, Mitsubishi, Toyota, 
Suzuki, and Daihatsu. Moreover, R-Squared method will be 
used to calculate the accuracy level of this research. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 R-Squared is a technique that can be used to measure how 
much percentage in a dependent variable is. It is also used to 
measure the accuracy of the prediction result [10]. In the next 
section, several methods being used in this research will be 
described briefly, such as the basic concept of RNN, LSTM, 
ADAM, and R-Squared. In Section 3, the research’s results 
and analysis of the data will be given. Section 4, as the last 
section, will emphasize the research’s findings as the 
conclusion part of this paper. 

 
2 RESEARCH METHODOLOGY 
 
Several methods had been incorporated in this study, such as 
Recurrent Neural Network and Long Short Term Memory. 
Adaptive Moment Estimation Optimization as optimizer and R-
Squared as accuracy measurement also being described 
here. 
 
2.1 Recurrent Neural Network 
Recurrent neural network (RNN) was developed in 1996 by 
Jeff Elman. RNN is a variant of Artificial Neural Network 
(ANN); however, there are major differences between RNN 
and ANN. In RNN, the output data is forwarded as input for 
itself. RNN will store information related to the data at a certain 
time. The output that is forwarded as the input for the next cell 
is called the context layer on RNN. Based on the explanation, 
RNN has a memory that contains a result of recording 
information from the previous result [11]. 
 
2.2 Long Short Term Memory 
Long Short Term Memory (LSTM) is a type of RNN. It is 
created by Hochreiter and Schmidhuber in 1997. LSTM will 
store information based on the pattern found in data. The 
neuron in LSTM consist of forget gates, input gates, and 
output gates that can regulate the memory of each neuron 
itself, and LSTM can process many time-series data [6]. 
Forget gates process is carried out to select what data affects 
the calculation at the next stage and what data is not. The 
output is between 0 and 1. 0 means the data is not used 
anymore, and 1 means the data is still being used [6]. Forget 
gates can be formulized as Eq. (1).        [       ]      (1) 
where    is the forget gate,   is the sigmoid function,    is the 

weight of each neuron at forget gate,      is the result of the 

previous process,    is the input, and    is the bias at forget 

gate. Input gates have two processes, first is the sigmoid 
function activation, which is responsible for deciding which 
values will be updated. In the second process, it is followed by 
the tanh function to create a new vector which will be stored in 
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the memory cell [6]. Eq. (2) and (3) show the operations that 
will be done in a cell’s input gates.          [       ]  
               [       ]     (3)where    is the input gate, 

   is C tilde,    is the weight of each neuron at the input gate, 

   is the weight of each neuron at C tilde,    is the bias at the 

input gate, and    is the bias at C tilde. Output gates have 
three processes, the first process will decide which part of the 
memory cell will be used by using a sigmoid function. In the 
second process, the value of the memory cell will be placed in 
tanh function. In the last process, the two values will be 
multiplied, and the result will become output for next process 
[6]. Eq. (4) and (5) show the processes in the output gates.
          [       ]      (4)                (5) 
where    is the output gate,    is the final LSTM result,    is 

the weight of each neuron at the output gate,    is the bias at 

the output gate, and    is the new memory cell. Memory cell 

process to update previous memory cell to new memory cell 

[6] can be done by using Eq. (6).                   (6) 

where    is the result of forget gate,      is the previous result 

of the memory cell,    is the result of the input gate, and    is 

the new memory cell candidate. 
 
2.3 Adaptive Moment Estimation Optimization 
ADAM is an optimizer algorithm developed using the benefit of 
Adaptive Gradient (AdaGrand) and Root Mean Square 
Propagation (RMSProp). ADAM only requires a first-order 
gradient and a little memory. ADAM calculates a level of 
learning from each individual in different parameters from an 
estimate of the first and second moments of gradient [12]. 

 
2.4 R-Squared 
R-Squared is used to calculate the accuracy of prediction. 
Usually, the value range of R-Squared is between 0 to 1, if the 
value is getting closer to 1, then it means the result is good 
[13]. The formula of R-Squared is shown in Eq. (7).  𝑅  1 −
     

     
 (7) where       and       can be found using Eq. (8) 

and (9) respectively.       ∑  𝑦 −    
  

    (7)

       ∑  𝑦 − �̅�   
    (7) Here, 𝑦  is the actual 

data,    is the predicted data, �̅� is the mean of data, and   is 

the total number of data 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3 RESULTS AND DISCUSSION 
 

 
 

Fig. 1. Training data snipped code 
 
Fig. 1 shows the training data phase code. The learning 
process on the data using LSTM will be done in this phase. 
The looping process will be done by considering the epoch 
number and batch size to get the train_loss and test_loss 
values as shown in Fig. 2. 
 

 
 

Fig. 2. Train loss and test loss on the training data 
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Moreover, Fig. 3 shows the snipped code in the testing phase. 
There is only one looping in testing, and the results will be 
saved as test_predict variable. 
 

 
 

Fig. 3. Testing data snipped code 
 
Fig. 4 displays a prediction graph results, which were built by 
using matplotlib library. The blue line is the original data and 
the orange line is the prediction result. 
 

 
 

Fig. 4. Prediction results graph 
 

In the trial phase, we used five data of automotive stocks, i.e., 
Honda, Mitsubishi, Toyota, Suzuki, and Daihatsu. The trial 
consisted of 100 up to 800 epoch and one up to four hidden 
layers. From the trial results, it can be concluded that by 
increasing the epoch and hidden layers number, it will make 
the accuracy of prediction better, but when using small epoch 
and large hidden layers results in lesser accuracy level of the 
prediction result. By looking at the average value of the 
prediction accuracy results by using LSTM algorithm, in 
general, the LSTM algorithm has a good level of accuracy to 
make the prediction. Table 1 until Table 5 depicted the result 
of accuracy in each data stock being observed in this 
research. 

TABLE 1 
HONDA DATA RESULTS 

 
Honda Batch size 400 

epoch/HL 1 2 3 4 

100 0,76 0,34 -0,58 -1,98 
200 0,64 0,87 0,82 0,87 
300 0,84 0,95 0,85 0,92 

400 0,93 0,99 0,98 0,96 
500 0,99 0,99 0,99 0,99 
600 0,98 0,98 0,99 0,97 
700 0,99 0,98 0,98 0,99 
800 0,99 0,98 0,98 0,99 

 
TABLE 2 

MITSUBISHI DATA RESULTS 

 
Mitsubishi Batch size 400 

epoch/HL 1 2 3 4 

100 0,26 -0,12 -1,94 -3,92 
200 0,96 0,97 0,45 -1,65 
300 0,9 0,91 0,91 0,93 
400 0,9 0,98 0,95 0,95 
500 0,96 0,98 0,98 0,98 
600 0,98 0,97 0,97 0,98 
700 0,97 0,96 0,98 0,98 
800 0,97 0,96 0,94 0,97 

 
TABLE 3 

TOYOTA DATA RESULTS 

 

Toyota Batch size 400 

epoch/HL 1 2 3 4 

100 0,01 0,51 -3,44 -7,57 

200 0,97 0,62 0,85 -1,34 

300 0,97 0,61 0,09 0,35 

400 0,72 0,97 0,95 0,97 

500 0,96 0,97 0,93 0,94 

600 0,95 0,97 0,94 0,95 

700 0,97 0,97 0,97 0,95 

800 0,97 0,97 0,97 0,97 

 
TABLE 4 

SUZUKI DATA RESULTS 

 

Suzuki Batch size 400 

epoch/HL 1 2 3 4 

100 0,78 0,68 0,36 -0,03 

200 0,83 0,72 0,48 0,07 

300 0,88 0,81 0,53 0,16 

400 0,96 0,94 0,67 0,36 

500 0,98 0,96 0,83 0,55 

600 0,99 0,99 0,93 0,75 

700 0,99 0,99 0,99 0,91 

800 0,99 0,99 0,99 0,98 

 
 

TABLE 5 
DAIHATSU DATA RESULTS 

 
Daihatsu Batch size 400 

epoch/HL 1 2 3 4 

100 0,83 0,78 -0,45 -2,54 

200 0,84 0,93 0,83 0,85 

300 0,93 0,97 0,96 0,97 

400 0,97 0,97 0,97 0,98 

500 0,98 0,97 0,98 0,94 

600 0,97 0,97 0,97 0,98 

700 0,98 0,98 0,96 0,97 

800 0,97 0,98 0,98 0,98 
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4 CONCLUSION 
Based on the research that has been done, it can be 
concluded that the design and development of prediction 
application for automotive stocks using Long Short Term 
Memory have been successfully done. Based on the result of 
trials on Honda data, the highest prediction accuracy is 99% 
by using 800 epoch and four hidden layers. For Mitsubishi 
data, the highest prediction accuracy is 98% by using 700 
epoch and four hidden layers. For Toyota data, the highest 
prediction accuracy is 97% by using 800 epoch and four 
hidden layers. For Suzuki data, the highest prediction 
accuracy is 99% by using 800 epoch and three hidden layers, 
and for Daihatsu data, the highest prediction accuracy is 98% 
by using 800 epoch and four hidden layers. In general, LSTM 
algorithm is good to use for predicting automotive stock prices. 
Furthermore, there are several suggestions for future 
research, i.e., (1) make additional testing on batch size 
parameter in training process, (2) use the Z-Score method for 
evaluation, and (3) use the Decimal scaling for normalization 
technique. 
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