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Abstract: The stock price reflects various factors such as the rate of economic growth, inflation, overall 

economy, trade balance, and monetary system, all of which impact the stock market as a whole. Investors 

often find the principle of stock price trends unclear because of the many important variables involved. When 

creating an investment strategy or determining the timing for buying or selling stocks, forecasting stock 

market trends plays a critical role. It is difficult to estimate the value of the stock market due to the non-linear 

and dynamic nature of the stock index. Numerous studies using deep learning techniques have been successful 

in making such predictions. The Long Short Term Memory (LSTM) has become popular for predicting stock 

market prices. This paper thoroughly examines methods for predicting stock market performance using RNN-

LSTM and GA-LSTM, provides explanations of these methods, and performs a comparative analysis. We will 

discuss future directions and outline the significance of using RNN-LSTM and GA-LSTM for forecasting 

stock market trends, based on the papers we have reviewed.  

1. Introduction 

As the social economy rapidly develops, the increasing 

number of listed companies has made stocks a hot topic 

in the financial field. The stock market is a platform where 

individuals can purchase and sell shares of publicly traded 

companies, aiming to generate profits. It is a crucial 

measure of a nation’s economic well-being as it indicates 

how well business are performing and the overall state of 

the business environment. The stock market functions 

through a system of exchanges, such as the Dow Jones 

(DJIA), which is a prominent stock market in the United 

States [1]. These exchanges are where buyers and sellers 

come together to trade stocks. 

Scholars have conducted extensive research on stock 

prediction methods due to the non-linear, high noise, 

complexity, and timing-related characteristics of stock 

market data [2]. Various factors can impact stock prices, 

including the economy, political stability, and individual 

company performance [3]. Stock prices are influenced by 

the principle of supply and demand, with buyers willing 

to pay higher prices for stocks they believe will increase 

in value, and sellers willing to accept lower prices for 

stocks they think will decrease in value [4][5][6]. The 

fluctuating pattern of stocks frequently influences various 

economic activities to some degree [7], which has led to 

increasing scholarly interest in predicting stock prices. 

Investors can use a variety of tools and strategies to 

predict and analyze stock prices, such as fundamental 

analysis, which assesses a company’s financial situation 

and industry conditions, and technical analysis, which 

examines trends and patterns in stock prices and trading 

volume [8][9]. 

In the past few years, artificial intelligence (AI) has 

increasingly been used in the financial sector, particularly 

in the stock market. AI algorithms can analyze large 

amounts of data and use that analysis to make predictions 

or decisions. This can be helpful in forecasting stock 

prices, recognizing patterns, and making investment 

choices. AI algorithms can examine historical stock prices, 

company financial statements, and market trends in the 

stock market to forecast future performance. AI is capable 

of monitoring real-time market conditions and 

recognizing opportunities to buy or sell stocks. Overall, 

AI has the potential to greatly enhance the efficiency and 

precision of stock market analysis and decision-making, 

ultimately resulting in improved investment outcomes for 

investors [10][11]. Long Short-Term Memory (LSTM) is 

a type of computer program specifically created to 

analyze and comprehend data containing long-term 

dependencies. It is commonly employed when analyzing 

time series data, such as the prices of stock market. Time 

series data is a sequence of previous stock prices and 

financial information, which LSTM can analyze to 

recognize patterns and trends, helping to forecast future 

stock prices. LSTM is especially beneficial for analyzing 

stock market data due to its ability to process data with 

multiple input and output time steps. For instance, the 

value of a company’s stock can be affected by a range of 

factors, including economic indicators, market trends, and 

new specific to the company. The LSTM model can take 

into account both direct and indirect factors that can 

influence stock prices, enabling more accurate predictions 

based on these relationships. Investing in the stock market 

carries risks, as stock values can fluctuate significantly. 
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However, over the long term, investing in the stock 

market can result in significant profits. 

2. The basic fundamental of rnn-lstm, 
ga-lstm 

2.1. The review of the RNN-LSTM, GA-LSTM 

The RNN-LSTM is a very vital model in today’s society 

and can be applied in many fields. The stock market, also 

known as the equality market, has a significant impact on 

the modern economy. The increase or decrease in the 

stock price significantly impacts the investor’s profit. 

However, the existing forecasting methods concentrate on 

forecasting the movement of stock indices or predicting 

the future price of a single company based on its daily 

closing price. Hence, many researchers propose the RNN-

LSTM and use it to predict the price of NSE listed 

companies and make a comparison of their performance 

[12]. The method is an approach that does not rely on a 

specific model. Instead of fitting the data to a particular 

model, they are using deep learning architectures to 

uncover the underlying dynamics present in the data. 

What’s more, researchers find that the RNN-LSTM can 

maintain the weights for each data variable with stochastic 

gradient descent. This feature can help people improve the 

efficiency and accuracy of stock price prediction systems 

currently in use. People have examined future stock prices 

by using a data set of closing prices, developed and trained 

the LSTM model, and have taken a sample of the data set 

to produce stock predictions. They also calculated 

additional RMSE to evaluate the accuracy and 

performance of the forecasts [13]. In addition, predicting 

stock prices is crucial for attracting investors and driving 

growth in a company’s stock value. This can help increase 

speculator interest and ultimately benefit shareholders. 

Therefore, many researchers have conducted numerous 

studies. Based on the simulation results, it is evident that 

by utilizing RNN models with appropriate hyper-

parameter adjustments, our proposed method can 

accurately predict future stock trends [14]. Furthermore, 

analyzing finances has become a complex undertaking in 

today’s world of valuable and improved investments. 

Some researchers study the application of RNN 

incorporating LSTM to predict stock market trends for 

Portfolio Management. The model utilizes historical time 

series data of stocks within the portfolio. The model has 

been compared with traditional Machine Learning 

Algorithms including Regression, Support Vector 

Machine, Random Forest, Feed Forward Neural Network, 

and Backpropagation [15].  

The GA-LSTM is a deep learning technique and it has 

excellent learning ability from enormous dataset. With 

recent advancements in computing technology, vast 

quantities of data and information are being continually 

amassed. In finance, there are significant opportunities to 

generate valuable insights through the analysis of real-

time data, given the vast amount of information generated 

by the financial market. Hence, some researchers explore 

the time-related characteristics of stock market data by 

proposing a systematic approach to decide the optimal 

time window size and topology for the LSTM network 

using GA [16]. To assess the suggested hybrid method, 

they selected daily data for the Korea Stock Price Index 

(KOSPI). The experiment results show that the 

combination of LSTM network and GA in the hybrid 

model performs better than the benchmark model. What’s 

more, as smart grids continue to advance, precise 

forecasting of electric load has become more crucial. This 

can assist power companies in optimizing load schedules 

and minimizing unnecessary electricity generation. 

Therefore, researchers use a machine learning approach to 

build predictive models for short to medium-term 

aggregate load forecasting. This method involves the 

LSTM based neural network, which is configured in 

various ways to create accurate forecasting models. The 

results from the study using electricity consumption data 

from France’s metropolitan area indicate that the LSTM-

based model achieved greater accuracy compared to the 

machine learning model, even after it was optimized using 

hyperparameter tuning [17]. In addition, a real-world 

building can be considered a complex energy engineering 

system, and its actual energy consumption is influenced 

by various factors. Accurately predicting energy 

consumption and efficiently managing energy systems are 

crucial for enhancing building energy efficiency. The 

suggested system for forecasting building energy 

consumption comprises three layers: data acquisition and 

storage layer, data pre-processing layer and data analytics 

layer. The central component of the data analytics layer is 

a combined GA and LSTM neural network model 

designed to accurately and reliably predict energy usage. 

Two actual educational buildings were selected by 

researchers to assess the effectiveness of the proposed 

system for forecasting energy consumption in buildings. 

Experiments have shown that the adaptive LSTM neural 

network outperforms both the existing feedforward neural 

network and LSTM-based prediction models in terms of 

accuracy and robustness. It performs better than LSTM 

networks whose hyper-parameters are determined 

through grid search, Bayesian optimization, and PSO [18]. 

Furthermore, an effective stock price forecasting 

algorithm, which combines GA and LSTM network 

optimization, has been developed by some researchers to 

capture trends in the big data era. The test results indicate 

that the time series algorithm, which has been optimized 

using GA and LSTM network, demonstrates accurate 

prediction of stock prices. It shows a strong alignment 

with actual price trends and values, and exhibits a high 

level of generalization ability. This research outcome not 

only introduces a new approach for predicting stock prices 

but also offers a valuable resource for leveraging 

computer technology and big data in financial market 

analysis [19].  

Based on these literature, we can find that RNN-

LSTM and GA-LSTM are commonly used in finance and 

proved more accurate than other models. Hence, we use 

the RNN-LSTM and GA-LSTM as our models to conduct 

the experiment. 
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2.2. The structure of RNN, LSTM and GA 

RNN is a type of neural network in which connections 

between the computational units create a directed cycle, 

introduced in 1986 [20]. Unlike feed forward networks, 

RNN have the ability to process various sequences of 

inputs due to their internal memory. Each computing part 

of a RNN has an activation that changes with time and a 

weight that can be adjusted. RNNs are built by repetitively 

using the same set of weights across a structure that 

resembles a graph. Unlike the MLP that only takes the 

current input, the RNN receives inputs from both the 

present and the past. Data from two sources is utilized to 

determine the response to a new data set. This process 

involves a feedback loop, where the output at any given 

moment becomes the input for the following moment. We 

can summarize that the recurrent neural network 

possesses memory. Every input sequence contains a 

wealth of information, which is saved in the hidden state 

of recurrent networks. The network continually reuses this 

concealed information as it moves forward to handle a 

new example. The equation for input to the hidden layer 

is provided: 

ht = gn(WxhXt +Whhht−1 + bh) (1) 
where as ht: hidden layer at t th instant, : function, gn: 

function, Wxh: input to hidden layer weight matrix, Xt: 
input at t th instant, ht−1: hidden layer at t − 1 th instant, 

bh: bias or threshold value hidden to output layer equation 

is given as 

Zt = gn(Whzht + bz) (2) 
where as Zt : output vector, Whz : hidden to output 

layer weight matrix,  bz: bias or threshold. 

LSTM is a special kind of RNN, introduced in 1997 

by Hochreiter and Schmidhuber [21]. These networks are 

skilled at understanding long-term relationships. These 

networks are specifically created to avoid the issue of 

long-term dependency, but it is within their normal 

function to retain information for extended periods. 

LSTMs have a unique architecture in comparison to other 

types of neural networks. A conventional RNN is a basic 

neural network with a feedback loop, while LSTM is a 

more complex architecture that incorporates memory cells 

or blocks instead of a single neural network layer. The 

cells contain a variety of gates that can regulate the influx 

of input. An LSTM cell consists of input gate, cell state, 

forget gate, and output gate. It also includes a sigmoid 

layer, a tanh layer and a point wise multiplication 

operation. The different gates and what they do are listed 

below:   

Input gate: Input gate consists of the input. 

Cell State: Runs through the entire network and has 

the ability to add or remove information with the help of 

gates. 

Forget gate layer: Decides the fraction of the 

information to be allowed. 

Output gate: It consists of the output generated by the 

LSTM. 

Sigmoid layer generates numbers between zero and 

one, describing how much of each component should be 

let through. 

Tanh layer generates a new vector, which will be 

added to the state. 

The cell state is changed according to the outputs from 

the gates. We can express this mathematically using the 

following equations: 

ft = σ(Wf · [ht−1, xt] + bf) (3) 
it = σ(Wi · [ht−1, xt] + bi) (4) 

ct = tanh (Wc · [ht−1, xt] + bc) (5) 
ot = σ(Wo[ht−1, xt] + bo) (6) 

ht = ot ∗ tan h (ct) (7) 
where xt: input vector, ht: output vector, ct: cell state 

vector, ft: forget gate vector, it: input gate vector, ot: 
output gate vector and W, b are the parameter matrix and 

vector. 

GA is a type of metaheuristic and stochastic 

optimization algorithm that draws inspiration from the 

natural process of evolution, introduced in 1975 by 

Holland, J. H. [22]. They are commonly employed to 

discover nearly optimal solutions for optimization 

problems with extensive spaces. The GA process involves 

using operators that replicate natural genetic and 

evolutionary principles, like crossover and mutation. The 

key characteristic of GA is the population of 

“chromosomes”. Every chromosome represents a possible 

solution to a specific problem and is typically presented 

as a series of binary digits. The process of GA can be 

categorized into six stages: initialization, fitness 

calculation, termination condition check, selection, 

crossover, and mutation, as shown in Figure 1. During the 

initialization stage, a chromosome is randomly chosen 

from the search space, and its fitness is evaluated using a 

predetermined fitness function. The fitness function is a 

method for quantifying the performance of a chromosome 

with a numerical value. During the fitness function 

calculation, only solutions displaying outstanding 

performance are retained for subsequent reproductive 

processes. Superior chromosomes that have been selected 

produce offspring by exchanging corresponding parts of 

their genetic code and altering gene combinations. The 

process of crossover generates fresh solutions by 

combining existing ones. During the process of mutation, 

a single chromosome is chosen to have one randomly 

selected bit altered. The purpose of this process is to bring 

diversity and innovation into the solution pool through the 

arbitrary swapping or deactivation of solution bits. 

 
Figure 1. The flow chart of GA 

The chromosome that is created through selection, 

crossover, and mutation processes is then evaluated for its 
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fitness to the model and checked against termination 

criteria. The standard procedure for GA ends when the 

termination criteria are met. If certain termination 

conditions are not met, the selection, crossover, and 

mutation processes will be repeated in order to produce a 

better-performing chromosome.  

2.3. The model evaluation 

MSE:

MSE[X] = E [(X − X̃)
2
] (8) 

MSE is the mean squared error, which is considered to 

provide a quantitative description of both random error 

and systematic error, and can be used to measure the 

“precision” in metrology. 

MAE: 

MAE =
∑ |yi−xi|
n
i=1

n
=

∑ |ei|
n
i=1

n
(9) 

MAE is the mean absolute error, which is a measure 

of the error between paired observations that express the 

same phenomenon. 

MAPE: 

MAPE =
1

n
∑ |

yi−ŷi

yi
| ∗ 100%n

i=1 (10) 

MAPE is the mean absolute percentage error which is 

a commonly used index for measuring the difference 

between predicted values and actual values, especially in 

regression model evaluation. 

3. Results 

3.1. Analysis of experimental results 

By collecting five years (2019~2024) of stock data for 

Coca Cola, Chow Tai Fook (CTF), and Nike on Yahoo 

Finance, we can see that the actual values generally match 

the predictions, but there are also some errors present, as 

shown in Table.1. 
 

Table.1. Comparison of stock data for three companies 

Models LSTM RNN-LSTM GA-LSTM 

Company MSE MAE MAPE MSE MAE MAPE MSE MAE MAPE 

NIKE 7.488 2.112 0.021 11.044 2.660 0.025 24.485 4.246 0.042 

CTF 0.152 0.298 0.027 0.161 0.310 0.028 0.230 0.377 0.034 

Coca Cola 0.449 0.512 0.009 1.377 1.019 0.017 0.481 0.535 0.009 

From Table 1, we can see that the data for NIKE 

generated higher values when using the three models, but 

comparatively, the LSTM (7.488, 2.112, 0.021) and 

RNN-LSTM (11.044, 2.660, 0.025) models produced 

lower errors. On the other hand, the data for Chow Tai 

Fook (CTF) and Coca Cola generated lower values when 

using these three models, with the LSTM (0.027, 0.009) 

model performing the best, and RNN-LSTM (0.028, 

0.017), a hybrid model, also showing minimal errors. 

After applying the three models, and comparing the 

predicted data with the actual data, we have concluded 

that LSTM has better predictive performance and 

relatively smaller errors. The RNN-LSTM model 

performs better too, among the hybrid models. It can not 

only produce results similar to LSTM, but also combine 

the advantages of both RNN and LSTM models, making 

the final results more valuable.  

 
Figure 2. The comparison of three models 

For example, Figure 2 presents the data of Chow Tai 

Fook (CTF) over five years, showing the comparison of 

errors after using three models: LSTM, RNN-LSTM, and 

GA-LSTM. From this figure, we can clearly see that the 

error of LSTM is the smallest, while the errors of the 
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remaining two hybrid models are larger, but they still have 

some predictive value. 

4. Conclusions 

The article uses data from Chow Tai Fook (CTF), Coca 

Cola and Nike over a period of five years, and applies 

three different models LSTM, RNN-LSTM, and GA-

LSTM to predict future stock trends. The experimental 

results show that, regardless of the company, the LSTM 

model performs the best, producing significantly lower 

errors compared to the other two hybrid models. Among 

the hybrid models, the RNN-LSTM model performs 

better, generating smaller errors. 

 In the current AI-driven era, researching these 

models is aimed at relatively accurate stock market 

prediction, assisting participants in making better 

decisions when purchasing stocks to meet people’s needs. 

Experimental results demonstrate that these models can 

contribute to stock prediction, enabling people to use 

these models to assist in their judgments and obtain 

greater profits. Moreover, after conducting experiments in 

the field of stock prediction, I believe researchers should 

carry out more similar studies to develop more accurate 

models for predicting stock market trends. Present models 

still have some limitations and have not completely 

eliminated the influence of certain factors, resulting in 

errors. Therefore, we need broader research to address 

these shortcomings. In the future, we can use nearly error-

free models to accurately predict stock trends, leading to 

a better development of the stock market. 
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