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This study aims to analyze the performance of deep learning algorithms in predicting 
agricultural sector stock prices on the Indonesia Stock Exchange (IDX) by comparing four 
models: Long Short-Term Memory (LSTM), Bidirectional LSTM (BiLSTM), Gated Recurrent 
Unit (GRU), and Bidirectional GRU (BiGRU). Daily historical data of six agricultural sector 
stock issuers (AALI, BISI, DSNG, LSIP, SIMP, SSMS) for the period 2017–2025 were used as 
the dataset. The research methods included data pre-processing (normalization, 80:20 training-
test data split), model training with optimal hyperparameters (unit=512, dropout rate = 0.3, 
epoch = 50–150, learning rate = 0.0001), and evaluation using Root Mean Squared Error 
(RMSE), Mean Absolute Percentage Error (MAPE), R² Score , and computation time metrics. 
The results show that BiGRU is the most accurate model, with the lowest RMSE (7.43–17.20) 
and the highest R² (0.99 on BISI and SSMS), thanks to its bidirectional architecture, which 
processes bidirectional data to capture complex temporal patterns. However, GRU is more 
efficient, with a training time of 40–43 seconds, making it suitable for real-time applications. 
LSTM and BiLSTM have lower accuracy, especially on volatile stocks such as DSNG (RMSE 
LSTM = 130.51). This study provides practical recommendations: BiGRU for long-term 
investment strategies that prioritize accuracy, while GRU for quick decisions based on 
efficiency. Theoretical implications strengthen the Bidirectional architecture's effectiveness in 
financial time series analysis. 
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1. INTRODUCTION 

The capital market, particularly the Indonesia Stock Exchange 
(IDX), plays a crucial role in the Indonesian economy by 
connecting companies seeking funding with investors seeking 
returns. With the rapid growth of the capital market, investors face 
challenges in managing their portfolios due to high volatility and 
the dependence of stock prices on external factors. [1]One sector 
of particular concern is agriculture, which contributes significantly 
to Gross Domestic Product (GDP) but is also vulnerable to 
fluctuations in commodity prices such as palm oil, rubber, and 
coffee. 

 
The increasing number of retail investors, particularly from 
Generation Z, is changing market dynamics. [2]Many novice 
investors rely on social media as a source of information, making 
them vulnerable to market manipulation such as pump-and-dump 
schemes [3]. Therefore, a more objective, data-driven approach is 
needed to help investors make more informed decisions. 
 
Although technology offers investors solutions to improve 
decision-making accuracy, its adoption in the investment world 
still faces challenges. Both institutional and individual investors in 
Indonesia continue to face obstacles in implementing artificial 
intelligence-based strategies and automated trading algorithms. 
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One major obstacle is limited technological and financial literacy, 
especially for investors unfamiliar with data-driven analysis and 
predictive models. [4]Furthermore, limited technological 
infrastructure, such as access to accurate data and reliable 
computing systems, is also a limiting factor. Capital market 
regulations also need to be continuously updated to accommodate 
developments in financial technology, thereby protecting investors 
and encouraging healthy innovation in the financial industry. 
Despite these challenges, the prospects for technology 
development and investment in Indonesia remain promising. A 
growing number of fintech startups are presenting artificial 
intelligence-based investment solutions, and investor interest in 
more objective analytical approaches is growing. The government 
and financial institutions have a strategic role to play in supporting 
the adoption of this technology through policies that encourage 
innovation, improve digital financial literacy, and partner with 
technology companies to provide broader access to advanced 
analytical tools [5]. With strong collaboration among regulators, 
investment companies, and the retail investor community, 
Indonesia has great potential to become a leader in Asia's 
technology-based investment ecosystem [6]. 
 
In the era of digital transformation, the use of intelligent 
technology in data processing has become a crucial aspect in 
various fields, including the financial sector. Data mining, as a 
branch of data analysis, plays a crucial role in identifying hidden 
patterns from large data sets [7]. The application of data mining 
has become increasingly effective with the advent of Artificial 
Intelligence (AI), which enables systems to learn and adapt 
strategies based on historical data. One widely used AI approach 
in data analysis is deep learning, a machine learning technique that 
leverages Artificial Neural Networks (ANNs) to recognize 
complex patterns. In the context of the stock market, deep learning 
has become a leading method for building more accurate 
predictive models. These models can process historical stock price 
data and other external factors to provide deeper insights into 
market movements. One category of deep learning widely used in 
sequential data analysis is the Recurrent Neural Network (RNN), 
which allows processing information in a specific time sequence. 
With a structure that can store historical information, RNNs form 
the foundation for more sophisticated algorithms in stock trend 
forecasting, such as Long Short-Term Memory (LSTM) and Gated 
Recurrent Unit (GRU) [8]. 
 
LSTM is one of the most successful RNN algorithms in handling 
sequential data-based forecasting. The main advantage of this 
algorithm lies in its memory-cell structure, which replaces 
traditional neurons in the network's hidden layer, enabling better 
modeling of temporal relationships. In addition, the LSTM 
network can efficiently connect past information with current data, 
making it suitable for capturing time-flexible data structures with 
a high degree of predictability [9]. Meanwhile, GRU is a simpler 
variant of LSTM because it has fewer parameters and uses only 
two gates (Reset Gate and Update Gate), compared to LSTM's 
three gates. The main advantage of GRU lies in higher 
computational efficiency, because the smaller number of 
parameters leads to faster training times and lower memory 
requirements [10]. In addition to LSTM and GRU, other variants 
such as BiLSTM and BiGRU adopt a bidirectional approach in 
data processing, allowing the model to consider information from 
both time directions [11]. A comparative study of these four 

algorithms is relevant to evaluate the effectiveness of each model 
in stock price prediction, to provide a more accurate analysis 
alternative for investors [12]. 
 
In the digital era, artificial intelligence (AI) and data mining offer 
more accurate predictive solutions in stock market analysis. Deep 
learning techniques, particularly Recurrent Neural Network 
(RNN)-based models such as Long Short-Term Memory (LSTM) 
and Gated Recurrent Unit (GRU), have been shown to capture 
complex patterns in stock price data. Other variants such as 
Bidirectional LSTM (BiLSTM) and Bidirectional GRU (BiGRU), 
have also been developed to improve prediction accuracy [13]. 
 
Direct testing of deep learning algorithms is expected to yield 
insights and advance better approaches to stock price prediction. 
Overall, this research enhances the efficiency of information 
technology in the financial industry, potentially advancing 
technological development and deepening understanding of the 
interaction between data mining and financial markets. 
  

2. METHOD 

 
Figure 1. Research Method 

 
In this study, the model-building stage was carried out to construct 
and compare the performance of four types of deep learning 
models: LSTM (Long Short-Term Memory), BiLSTM 
(Bidirectional LSTM), Gated Recurrent Unit (GRU), and BiGRU 
(Bidirectional GRU), in predicting stock prices taken from the 
Indonesia Stock Exchange. This process was carried out in a series 
of steps, including data collection, preprocessing, model building, 
training, evaluation, and result analysis. 
 

2.1. Data Set 

The object of this research is data from six agricultural sector stock 
issuers on the Indonesian Stock Exchange. The stock data was 
obtained from the Investing.com website, selected based on market 
capitalization and liquidity. These issuers are Astra Agro Lestari 
Tbk (AALI), Sawit Sumbermas Sarana Tbk (SSMS), Dharma 
Satya Nusantara Tbk (DSNG), Salim Ivomas Pratama Tbk 
(SIMP), London Sumatra Indonesia Tbk (LSIP), and BISI 
International Tbk (BISI). The data analyzed spanned from January 
2017 to January 2025, with a total of 1,935 samples for the five 
issuers and 1,921 samples for LSIP. This daily historical data 
includes the opening price ( open ), highest price ( high ), lowest 
price (low ), closing price ( close ), trading volume, and percentage 
price change. 
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Table 1. Descriptive Statistics  
 Mean Max Min StDEV Skew Kurt 

AALI 10270.63 17175 4290 2797.06 0.18 0.94 
BISI 1402.91 2080 590 311.13 0.33 0.92 

DSNG 521.74 1370 310 151.12 1.74 5.11 
LSIP 1165.32 1745 535 211.88 0.07 0.62 
SIMP 432.64 650 177 84.42 0.18 0.15 
SSMS 1169.92 1790 690 259.86 0.36 0.90 

 
Based on Table 5, most stocks exhibit a relatively symmetric price 
distribution with skewness close to zero, except for DSNG, which 
has a high skewness (1.741), indicating a tendency for its stock 
price to be in the low range with occasional extreme spikes. In 
terms of kurtosis, only DSNG has a high value (5.112), indicating 
many extreme values or outliers, while the other stocks tend to 
have flatter distributions (kurtosis < 3), indicating lower volatility. 
Overall, stocks such as AALI and LSIP are more stable, while 
DSNG shows unique characteristics with high volatility. 
 

2.2. Data preprocessing 

Before data is used in the deep learning modeling process, it must 
undergo a series of preprocessing steps to ensure data quality and 
consistency. 

2.2.1. Data Cleansing 

The initial stage of preprocessing is data cleaning, where data 
containing errors such as empty values, outliers, or invalid values 
is cleaned or addressed, for example, by interpolation methods. 
Inappropriate elements such as quotation marks, commas, and 
other special characters are also removed to prevent them from 
interfering with the learning process [10]. Then, the data is sorted 
by date index to help the model better understand the time series 
pattern. Irrelevant features such as the opening price (open), the 
highest price (high), the lowest price (low), and the price change 
are removed to focus the modeling only on relevant features. In the 
volume column, the data is also redefined to make it easier for the 
model to understand . 

 
Table 2. Data on AALI share movements that have gone through 
the data preprocessing process 

Date Price (IDR) Volume (IDR) 

2020-01-02 14025.0 79900000.0 

2020-01-03 14025.0 128000000.0 

2020-01-06 13500.0 111000000.0 

2020-01-07 13225.0 140000000.0 

2020-01-08 13200.0 86300000.0 

2020-01-09 13350.0 168000000.0 

2020-01-10 13650.0 78600000.0 

2020-01-13 13600.0 90900000.0 
2020-01-14 13200.0 162000000.0 

2020-01-15 12525.0 213000000.0 

2020-01-16 12525.0 139000000.0 

 

2.2.2. Data Normalization 

After the cleaning process is complete, the next step is data 
normalization. Normalization is used to equalize variable scales, 
preventing the deep learning model from being biased towards 

certain features. The method used is Min-Max Scaling, which 
scales data values to a range of 0 to 1. This process is important to 
ensure each feature has a balanced influence during model 
training. With this pre-processing stage, the data becomes cleaner, 
more structured, and ready to be fed into the deep learning model 
to produce optimal predictions [20] [14]. 
 

2.3. Split data 

After preprocessing, the data is divided into two parts: the training 
set and the test set. The training data is used to train the model, 
while the test data is used to evaluate its performance after training. 
In this study, the training data comprised approximately 80% of 
the total data, while the testing data comprised 20%. 
 

2.4. Building a Model 

After pre-processing and data splitting, the next step is to build a 
deep learning model to make predictions. In this study, four 
popular Recurrent Neural Network (RNN) model architectures 
were used for time series data : Long Short-Term Memory 
(LSTM), Bidirectional LSTM, and LSTM. (BiLSTM), Gated 
Recurrent Unit (GRU), and Bidirectional GRU (BiGRU). These 
four models are designed to address long-term dependencies in 
time series data and mitigate the vanishing gradient problem that 
often occurs in conventional RNNs [13]. 

The LSTM model consists of a memory cell and three main gates: 
the input gate, the forget gate, and the output gate, which regulate 
which information should be stored, forgotten, or output. The 
BiLSTM model is an extension of the LSTM that processes data 
in two directions: forward and backward, allowing the model to 
capture context from the past and future simultaneously. 
Meanwhile, the GRU has a simpler structure than the LSTM 
because it only uses two main gates, namely the update gate and 
the reset gate [15]. Although computationally lighter, the GRU 
still retains long-term information quite well. [16]. The BiGRU 
model is a bidirectional version of the GRU that utilizes both 
processing directions to capture more complex [17]time series 
patterns. These four models are built using deep learning 
frameworks such as TensorFlow or PyTorch, and each is 
optimized through a hyperparameter tuning process to achieve the 
best prediction performance [18]. 

2.5. Training and Hyperparameter Tuning 

2.5.1. Determining Loss Functions and Optimizers 

A loss function measures the error between the model's prediction 
and the actual value in the training data. In this study, the Mean 
Squared Error (MSE) is used as the loss function because it can 
measure the extent to which the prediction differs from the actual 
data. MSE is calculated as the average of the squared differences 
between the model's predictions and the actual values. 
Optimization is performed using an algorithm such as Adam. 
optimizer because it has fast and effective performance in 
optimizing model weights during training [14]. 
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2.5.2. Hyperparameter Tuning 

Although deep learning (DL) algorithms have significant 
capabilities for forecasting time series data, they (like other neural 
networks) have drawbacks related to the complexity of 
hyperparameter settings and their dependence on various factors. 
DL parameter tuning is generally done through a trial-and-error 
approach. This is mainly due to the limitations of DL algorithms 
that cannot be easily applied universally to other case studies [19]. 
A parameter set that is effective on one dataset may not yield the 
same results on another, even within a similar research field [20]. 
 In this study, we conducted a series of trial-and-error 
tests to determine the optimal parameters for the four DL 
algorithms used. Model performance metrics were systematically 
examined and recorded. A thorough analysis of these performance 
indicators helped tune the optimal DL parameters. Since the 
primary focus of this study was to compare the performance of the 
four DL algorithms in predicting stock prices, model parameters 
were kept consistent to ensure the validity and reliability of the 
comparison [21]. The optimal parameters used are presented in the 
following table. 
Table 1Optimal hyperparameters used in the deep learning 
algorithms LSTM, BiLSTM, GRU, and BiGRU in this study. 

Parameter Mark Meaning 

Units 512 Number of cells in a deep learning 
structure 

Learning Rate 0.0001 The value that controls the weight 
updates during training. 

Batch Size 5 The number of samples to be 
processed in one iteration. 

Epoch 50, 
150 

The number of “iterations” during the 
training phase 

Dropout Rate 0.3 The unit's probability level is ignored 
at random. 

Learning Rate 0.0001 The value that controls the model 
weight update rate. 

Scaler Min-
Max 

Allows to scale data in the interval [-
1,1] 

Optimizer Adam Adaptive moment estimation (Adam) 
is an improved adaptive gradient 
descent algorithm for training deep 
learning networks. 

 

2.6. Analysis and Comparison 

When analyzing the performance of a stock price prediction 

model, three key metrics can provide a comprehensive overview. 
First, the Root Mean Squared Error (RMSE) measures the 
magnitude of the prediction error in terms of a unit of the stock 
price. RMSE imposes a larger penalty on larger errors, which is 
particularly useful when benchmarking a model against highly 
volatile stocks. Second, the Mean Absolute Percentage Error 
(MAPE) allows for model comparisons between stocks with 

significantly different prices. Because MAPE is measured as a 
percentage, it's easy to see how large the model's error is relative 
to the actual price. The R² Score measures how well a model 
captures patterns and variability in the data, indicating how 
accurately it explains stock price changes relative to the average. 
The combination of these three metrics provides a deeper 
understanding of the model's predictive accuracy, both in terms of 

absolute error and relative error, as well as its ability to represent 
the data [14]. 

3. RESULTS 

Table 5. Comparison of RMSE, MAPE, R2 values, and training 
time for the proposed model. 
 
 
Based on the evaluation results, the BiGRU model achieved the 
best performance in predicting agricultural stock prices on the 
Indonesia Stock Exchange (IDX). The Root Mean Square Error 
value indicates this. A lower RMSE (Reliability Mean Regression) 
compared to other models, as well as a coefficient of determination 
(R²) value reaching 0.99 for several stocks, such as BISI and 
SSMS. This nearly perfect R² value indicates that BiGRU captures 

Model 
AALI 

RMSE 
(IDR) 

MAPE 
(%) 

R2(%) TIME(s) 

LTSM 19.82 13.63 0.96 137 

BiLSTM 15.98 13.34 0.97 195 

GRU 16.54 13.58 0.97 125 

BiGRU 12.43 13.24 0.98 173 

Model 
LSIP 

RMSE 
(IDR) 

MAPE 
(%) 

R2(%) TIME(s) 

LTSM 20.14 13.66 0.96 44 

BiLSTM 13.88 13.31 0.98 58 

GRU 17.81 13.61 0.97 40 

BiGRU 12.78 13.25 0.98 52 

Model BISI 

 
RMSE 
(IDR) 

MAPE 
(%) 

R2(%) TIME(s) 

LTSM 28.47 13.79 0.97 45 

BiLSTM 18.87 13.94 0.99 61 

GRU 29.19 13.80 0.97 43 

BiGRU 17.20 14.01 0.99 57 

Model DSNG 

 
RMSE 
(IDR) 

MAPE 
(%) 

R2(%) TIME(s) 

LTSM 130.51 18.79 0.53 48 

BiLSTM 87.48 21.38 0.79 66 

GRU 126.49 19.02 0.56 43 

BiGRU 90.04 21.21 0.77 60 

Model SIMP 

 
RMSE 
(IDR) 

MAPE 
(%) 

R2(%) TIME(s) 

LTSM 1.81 5.66 0.99 47 

BiLSTM 0.75 5.58 0.99 65 

GRU 3.64 5.68 0.96 42 

BiGRU 0.73 5.57 0.99 59 

Model SSMS 

 
RMSE 
(IDR) 

MAPE 
(%) 

R2(%) TIME(s) 

LTSM 19.82 13.63 0.96 137 

BiLSTM 15.98 13.34 0.97 195 

GRU 16.54 13.58 0.97 125 

BiGRU 12.43 13.24 0.98 173 
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price movement patterns very well. The main advantage of BiGRU 
lies in its bidirectional architecture, which allows the model to 
understand temporal relationships in both directions. Thus, 
BiGRU is more effective at capturing both short- and long-term 
data dependencies than unidirectional models such as LSTM and 
GRU, which process data in only one direction. However, despite 
its superior accuracy, BiGRU requires longer training time than 
other models. 
 
In addition to BiGRU, the BiLSTM model also demonstrated 
relatively high accuracy, though it required longer training time, 
making it less computationally efficient. On the other hand, the 
GRU model offers a balance between accuracy and training time 
efficiency. Although GRU's RMSE value is slightly higher than 
BiGRU's, it has a significantly faster training time. For example, 
when predicting the stock prices of LSIP and SSMS, GRU 
required only about 40 seconds to train, making it an attractive 
choice for analyses with limited processing time. Meanwhile, 
LSTM, which is designed to capture long-term patterns in time-
series data, actually performed worse in this study. This model 
struggled to predict stock prices with high volatility, as reflected 
in its higher RMSE value and lower R² value compared to the other 
models. The following is a visualization of the prediction results 
for six issuers across the compared models. 

 

 
Figure 2. Astra Agro Lestari Tbk.(AALI) 

 
 

 

 
Figure 3. Bisi International Tbk. (BISI) 

 

 
Figure 4. Dharma Satya Nusantara Tbk. (DSNG) 

 

 
Figure 4. London Sumatra Indonesia Tbk. (LSIP) 

 

 
Figure 5. Salim Ivomas Pratama Tbk 

 
Figure 6. Sawit Sumbermas Sarana Tbk. (SSMS) 

 
The results of the analysis of the actual and predicted price 
comparison charts show that bidirectional models , such as BiGRU 
and BiLSTM, can follow price patterns more accurately than the 
non-directional model . For AALI stock, for example, the BiGRU 
prediction almost completely overlaps the actual price line, even 
during a significant price spike. In contrast, the LSTM model 
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experiences larger deviations, especially when faced with sharp 
price changes. This indicates that the bidirectional model better 
captures complex patterns and temporal dependencies in stock 
data. Furthermore, the BiGRU model produces a smoother 
prediction line, demonstrating its ability to filter out noise and 
maintain stable predictions. 

 
For DSNG stock, all models struggled to predict prices during the 
fourth quarter due to high volatility. However, the bidirectional 
model still outperformed the others, with predictions closer to the 
actual price line. The scatterplot also confirmed BiGRU's 
superiority, with the model's predictions clustering around a 
perfect diagonal (y = x), indicating very high accuracy. In contrast, 
the LSTM and GRU models showed greater scatter, indicating 
they were less able to capture the relationship between predicted 
and actual prices consistently. 

 
Furthermore, a comparison between GRU and LSTM shows that 
GRU often outperforms LSTM in stock price prediction despite its 
simpler architecture. This is due to the efficient structure of GRU, 
which has only two main gates (reset and update gates), in contrast 
to LSTM, which has three gates (input, forget, and output). This 
simplicity makes GRU training faster and more computationally 
efficient, with minimal loss of accuracy. Several previous studies 
have also confirmed that GRU tends to outperform LSTM across 
various time-series applications, especially in financial contexts 
that require high processing speed. 

4. DISCUSSION. 

Based on the experimental results presented in Table 5, the Gated 
Recurrent Unit (GRU) model outperforms the Long Short-Term 
Memory (LSTM) model in predicting stock prices. In theory, an 
LSTM with a more complex architecture should be able to capture 
patterns in stock price movements better. However, in practice, 
GRUs often outperform LSTMs, and several main reasons can 
explain this. One of the main factors is the model's architecture. 
GRU has a simpler structure with only two main gates, namely the 
Reset Gate and the update gate, while LSTM has three gates (Input 
Gate, Forget Gate, and Output Gate), which results in more 
parameters in LSTM than in GRU. [22]stated that, because of 
fewer parameters, GRU has faster training speed and faster 
convergence than LSTM. This simplicity allows GRU to adjust 
weights more efficiently without requiring long training times, 
thereby improving computational efficiency and prediction 
accuracy in financial applications [23]. 
 
In addition, when dealing with time series data, although LSTM is 
designed to address the vanishing gradient problem Gradient, 
GRU, with its simpler architecture, is still able to retain long-term 
information effectively. [24]found that GRU achieves higher 
accuracy than LSTM in stock price forecasting due to its update 
gate mechanism, which can choose which information to keep or 
discard without requiring additional complexity. Furthermore, in 
terms of computational efficiency, GRU requires fewer computing 
resources and shorter training time than LSTM, making it a better 
choice for large datasets or for stock trading systems that require 
real-time decisions. [25]. In addition, research by [26]shows that, 
in a comparison of stock price prediction accuracy, GRU has lower 
Root Mean Square Error (RMSE) and Mean Absolute Percentage 

Error (MAPE) than LSTM, indicating that GRU is superior at 
capturing data patterns without overfitting. 

 
bidirectional models (BiLSTM and BiGRU) outperform 
unidirectional models (LSTM and GRU) because they can capture 
data patterns from both directions simultaneously. Unidirectional 
models use only information from the previous time step to the 
current time step, while bidirectional models can consider the 
relationship between past and future data when making 
predictions. In the context of stock price prediction, this 
bidirectional approach is more effective at recognizing complex, 
non-linear trend patterns. [27]found that bidirectional models can 
capture both long- and short-term dependency patterns 
simultaneously, making them more accurate than unidirectional 
models across various time-series prediction tasks, including in the 
financial sector. This finding is reinforced by[28] which shows that 
the bidirectional model achieves lower error rates in S&P 500 
predictions than the traditional model because it better captures 
market variability. 
 
In addition to the advantages of the bidirectional model , BiGRU 
also shows superior performance compared to BiLSTM, even 
though both use a bidirectional approach. This is due to the simpler 
architecture of GRU, with only two main gates (Reset Gate and 
Update Gate), compared to LSTM, which has three gates ( Input 
Gate , Forget Gate , and Output Gate ) [29]. This simplicity makes 
GRU more computationally efficient, reduces the number of 
parameters to train, and reduces the risk of overfitting on high-
volatility financial datasets. found that GRU can achieve equal or 
better performance than LSTM across various time-series 
prediction tasks, with higher training speed. [10]In addition, it also 
stated that BiGRU can provide an optimal balance between 
accuracy and efficiency in stock price prediction, making it a better 
choice than BiLSTM in certain cases [30]. Thus, the phenomenon 
in which BiGRU outperforms BiLSTM in this study can be 
explained by the GRU's efficiency, which allows the model to 
capture stock price patterns more quickly without sacrificing 
accuracy. 

5. CONCLUSION 

This study develops a stock price prediction model for the 
agricultural sector on the Indonesia Stock Exchange (IDX) using 
data mining and deep learning techniques. Four tested models—
LSTM, BiLSTM, GRU, and BiGRU—were compared based on 
accuracy and time efficiency using RMSE, MAPE, and R² 
metrics. The results showed that BiGRU was the most accurate 
model, with lower RMSE and MAPE values across most stocks, 
especially those with complex price patterns such as AALI and 
BISI. However, in terms of time efficiency, GRU was a better 
choice because it offered a balance between accuracy and 
execution speed, making it more suitable for real-time 
applications. The deep learning model successfully captured 
stock price movement patterns, despite challenges posed by high 
volatility, as seen in DSNG shares. 
 
The implications of this research are significant for investment 
strategies and stock management in the agricultural sector. 
BiGRU, with its higher accuracy, is suitable for long-term 
investors who prioritize accuracy in price forecasting. At the same 
time, GRU is more efficient for investors who require rapid 
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analysis for real-time decision-making. Furthermore, this model 
can help companies understand market trends, adjust business 
strategies, and increase competitiveness in the agricultural 
industry. Overall, this study's results indicate that deep learning 
can improve the quality of market analysis and enable smarter, 
data-driven investment decisions. 
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