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ABSTRACT 

Fluctuations in rice prices in East Sumba Regency are an important issue that directly affects farmers, 

traders, and consumers. Unstable price changes are influenced by weather conditions, supply availability, 

distribution, and market dynamics. Therefore, a prediction method is needed that can provide accurate 

estimates of rice prices as a basis for decision making. This study aims to predict the price of medium rice 

in East Sumba Regency using the Neural Network algorithm, specifically Long Short-Term Memory 

(LSTM), which is effective in modeling time series data. The data used are monthly rice price data for the 

period January 2021 to December 2025 obtained from Perum BULOG Waingapu Branch Office, with data 

processing and analysis carried out after all 2025 data became available. The research stages include data 

collection, data preprocessing, normalization using Min-Max Scaling, time series dataset formation, 

division of training and testing data, LSTM model training, and model performance evaluation. The 

evaluation was carried out using the Root Mean Square Error (RMSE) metric. The results show that the 

LSTM model is able to predict rice prices with an RMSE value of 360.91 Rp/Kg or around 3.35% of the 

average rice price. This value indicates that the prediction error of the model is relatively small, so the 

model can be said to have good prediction performance. Therefore, the developed LSTM model is 

considered feasible to be used as a tool for predicting rice prices and is expected to help farmers and traders 

in planning sales and become a consideration for the local government in maintaining rice price stability in 

East Sumba Regency. 
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1. INTRODUCTION 
Rice is one of the most important food commodities in the world and is a staple food for nearly half of the 

population, especially in Asia. In Indonesia, rice has a strategic position because it is the main source of 

carbohydrates for the community and has an impact on economic and social conditions [1]. The stability of 

rice prices is often linked to national stability because changes in prices can have a direct impact on people's 

purchasing power. Therefore, the government has taken various measures, such as maintaining reserve 

stocks and conducting market operations, to control price fluctuations. However, rice prices in various 

regions of Indonesia still fluctuate significantly from time to time. 

Fluctuations in rice prices also occur in East Sumba Regency, East Nusa Tenggara Province. 

Geographical conditions and an unpredictable climate cause instability in rice production, which affects the 

supply of rice in the market. Based on data on medium-grade rice prices for the 2021-2025 period obtained 

from the Waingapu Branch of Perum BULOG, there has been an upward trend in prices from around IDR 

8,600/kg at the beginning of 2021 to around IDR 12,607/kg at the end of 2025, an increase of around 46.6% 

over five years. This increase indicates that there is pressure on demand and production cost factors that 

affect rice prices in East Sumba Regency. Data from BULOG was chosen because this institution plays an 

important role in maintaining the availability and stability of rice prices, so it is considered representative 

in describing market conditions in the region [2]. This upward trend indicates a pattern of price changes 

that needs to be analyzed further in order to make more accurate predictions [3]. 

  In facing the dynamics of food commodity prices, the use of artificial intelligence-based prediction 

technology has become a relevant approach. Data mining techniques are widely used to extract patterns 

from large data sets so that they can be used in the process of analyzing and predicting economic phenomena 

and food commodities [4]. Artificial Neural Networks (ANN) are known to be capable of modeling 

nonlinear relationships in time series data and generating predictions with a high degree of accuracy [5]. 
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Compared to conventional methods such as ARIMA or moving average, ANN is superior in capturing 

complex and non-linear price fluctuation patterns, so that rice price predictions can be closer to actual 

values, especially when sudden changes occur due to demand or production cost factors. One of the most 

widely used ANN developments for sequential data is Long Short-Term Memory (LSTM), which has the 

ability to remember long-term patterns, making it suitable for predicting price data influenced by seasonal 

factors and trends. Previous studies have shown that the neural network approach provides better results 

than conventional methods in predicting commodity prices [6]. However, based on a review of previous 

studies, no research has been found that specifically applies the LSTM method to predict rice prices in East 

Sumba Regency. Most previous studies have focused on other regions or different types of commodities. 

Therefore, this study was conducted to fill this gap by utilizing historical rice price data obtained from the 

Waingapu Branch of Perum BULOG as the basis for developing a rice price prediction model in East 

Sumba Regency. This study differs from previous studies in terms of its research object, data source, and 

study area, namely medium-grade rice price data in East Sumba Regency obtained directly from Perum 

BULOG Waingapu Branch. The application of the LSTM method to regional rice price data is expected to 

provide a more specific picture of rice price patterns in the region. 

Based on these issues, this study aims to develop and analyze a prediction model for medium-

grade rice prices in East Sumba Regency using a Neural Network algorithm, specifically Long Short-Term 

Memory (LSTM), based on historical rice price data from the Waingapu Branch of Perum BULOG for the 

period January 2021 to December 2025. In addition, this study also aims to measure the accuracy level of 

the model using the Root Mean Square Error (RMSE) metric as an indicator of the reliability of the 

prediction results. RMSE is one of the evaluation measures commonly used in predictive modeling because 

it can show the magnitude of the deviation between the predicted value and the actual value on the same 

scale as the original data [7]. This research is expected to provide both practical and academic benefits. In 

practical terms, the prediction results can help farmers and traders in determining planting and harvesting 

times, as well as sales strategies to minimize the risk of losses due to price fluctuations. For local 

governments, the results of this study can be used as supporting information in formulating price 

stabilization policies. Academically, this study contributes to the application of LSTM algorithms for the 

analysis and prediction of food commodity prices based on historical data at the regional level. 

 

2. MATERIALS AND METHODS 

Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) is an extension of Recurrent Neural Network (RNN) designed 

to overcome the vanishing gradient problem in sequential data. LSTM has a cell state as long-term memory 

that is controlled by three main gates, namely the input gate, forget gate, and output gate. This mechanism 

allows the model to store, update, and selectively output information so that it is able to learn complex and 

non-linear patterns in time series data. The ability to retain long-term information makes LSTM effective 

in time series forecasting tasks [8]. In this study, LSTM was used to model rice price fluctuation patterns 

based on historical data. The characteristics of rice prices, which are influenced by trends and seasonal 

factors, make the LSTM approach relevant for use. Previous studies have shown that the LSTM architecture 

can improve prediction accuracy in time series data with dynamic variations. Thus, this model is expected 

to produce more stable and representative price predictions to support analysis and decision-making 

processes. 

Each component of LSTM plays a role in modeling rice prices. The input gate selects new 

information from historical data, the forget gate removes irrelevant information, and the output gate 

determines the resulting prediction. The cell state functions as long-term memory, maintaining patterns of 

fluctuation and seasonal trends in rice prices. With this mechanism, LSTM is able to produce stable and 

representative price predictions. 

The formulas used in the LSTM model are shown in equations 1 to 6, as follows: 

Forget Gate: 𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (1) 

Input Gate: 𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2) 

Candidate Cell State: 𝐶𝑡̃ = tanh(𝑊𝐶[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) (3) 

Cell State Update: 𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡̃ (4) 

Output Gate: 𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (5) 

Hidden State (Output LSTM): ℎ𝑡 = 𝑜𝑡 ∗ tanh(𝐶𝑡) (6) 
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Description: 

𝑥𝑡 = input at time t 

ℎ𝑡 = hidden state at time t 

ℎ𝑡−1 = hidden state at time t − 1  
𝐶𝑡 = cell state at time t 

𝐶𝑡−1 = cell state at time t − 1 

𝑓𝑡 = forget gate at time t 

𝑖𝑡 = input gate at time t 

𝑜𝑡 = output gate at time t 

𝑊𝑓 , 𝑊𝑖 , 𝑊𝑐 , 𝑊𝑜 = weight matrices for forget, input, cell, and output gates 

𝑏𝑓 , 𝑏𝑖 , 𝑏𝑐 , 𝑏𝑜 = bias vectors for forget, input, cell, and output gates 

𝜎  = sigmoid activation function 

𝑡𝑎𝑛ℎ = hyperbolic tangent activation function 

Method 

This research method uses an experimental method with a machine learning approach as the main 

framework in the process of analyzing and creating rice price prediction models. This method was chosen 

because it is in line with the research objectives, which focus on the application of the Long Short-Term 

Memory (LSTM) algorithm to predict time series data. The stages of the research are shown in Figure 1. 

 
Figure 1. Research Stages 

1. Data Collection 

At this stage, monthly rice price data for the past five years was collected from the Waingapu Branch 

of Perum BULOG. The data covers the period from January 2021 to December 2025, with data 

processing and analysis carried out after all data for 2025 is available on a monthly basis. This data 

was selected because it reflects rice price fluctuations in the East Sumba region, so it can be used as a 

basis for building a price prediction model. 

2. Data Preprocessing 

Data obtained from sources is usually not ready to be used directly for model training, so a data pre-

processing stage is necessary. This stage aims to clean, modify, and prepare the data so that it can be 

used optimally by machine learning algorithms. The pre-processing process includes data cleaning, 

removal of missing or duplicate values, and data type transformation to suit the needs of the analysis. 

In addition, the data is also arranged in a time series so that patterns of change can be analyzed more 

effectively. After this process is complete, the data is then normalized using the Min-Max Scaling 

technique to convert the data values into a specific range so that the model training process can run 

more stably and accurately [9]. 

3. LSTM Model Design 

Once the data was ready for use, the LSTM model was designed using the Python programming 

language, which was run through the Google Colab platform, a cloud-based computing service that 

allows users to run Python code online without the need to install software on their local computers 

[10]. At this stage, the model structure is determined, such as the number of layers, the number of 

neurons, the batch size, and the number of epochs used in the training process so that the model can 

learn the patterns of rice price changes optimally. Based on experiments, the final configuration of the 

LSTM model used consists of 2 LSTM layers, each with 50 neurons, followed by 1 Dense layer as 

the output. The model receives input with 3 times steps and 1 feature (rice price). Training is carried 

https://doi.org/10.35508/jicon.v14i1.27555
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out for 200 epochs with a batch size of 8, using the Adam optimizer and the Mean Squared Error 

(MSE) loss function. In addition, early stopping is applied with patience=10 to prevent overfitting and 

restore the best weights based on val_loss. This configuration allows the model to learn rice price 

fluctuation patterns optimally and produce stable predictions. 

4. Training and Testing 

The designed model was then trained using training data consisting of 80% of the total data, while the 

remaining 20% was used as test data to evaluate the model's ability to predict rice prices in the next 

period. The data was divided in such a way that each input in the test data had a time step of 3, i.e., 

the previous three periods, so that the model could form a sequential pattern suitable for prediction. 

After training was complete, the model was tested on the test data to assess the accuracy of the 

predictions and the ability to capture rice price fluctuations in the next period. 

5. Evaluation and Analysis 

The final stage is to evaluate the model's performance. Error measures such as Mean Squared Error 

(MSE) and Root Mean Squared Error (RMSE) are used to assess the level of prediction error. The 

prediction results are then compared with actual data to determine the extent to which the model 

successfully predicts rice prices. From this analysis, it can be determined whether the LSTM model 

has been able to adequately capture the patterns of rice price fluctuations in the East Sumba Regency. 

 

3. RESULTS AND DISCUSSION 
1. Research Dataset 

The data used in this study is monthly medium-grade rice price data obtained from the Waingapu 

Branch Office of Perum BULOG. The data covers the period from January 2021 to December 2025, 

with a total of 60 observations. The data represents changes in rice prices in East Sumba Regency 

over the last five years, as shown in Table 1. 

Table 1. Rice Price Dataset 

No Date (YYYY-MM) Price (IDR/Kg) 

1 2021-01 8.600 

2 2021-02 8.600 

.. … … 

12 2021-12 10.895 

13 2022-01 10.250 

14 2022-02 10.250 

… … … 

24 2022-12 11.498 

25 2023-01 10.895 

26 2023-02 10.895 

.. … … 

36 2023-12 11.500 

37 2024-01 10.250 

38 2024-02 10.250 

… … … 

48 2024-12 11.300 

49 2025-01 11.489 

50 2025-02 11.489 

.. … … 

60 2025-12 12.607 

 

For the model training process, the data is divided into 80% training data and 20% test data. During 

training, some of the training data is also used as validation data to monitor model performance, 

especially when applying early stopping. In this way, the model can automatically stop training if the 

performance on the validation data does not improve, thereby preventing overfitting and ensuring 

more stable rice price predictions. 

Rice price data is loaded from a Microsoft Excel file using the Python programming language, as 

shown in Figure 2. 

https://doi.org/10.35508/jicon.v14i1.27555
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Figure 2. Data Input Script 

Next, the date column is converted into a time format and the data is sorted chronologically to 

ensure that the time series structure is arranged correctly. The date column is used as an index, while 

the price column is used as the main variable in the modeling process. This stage aims to ensure data 

consistency and order before entering the pre-processing stage and LSTM model training. 

2. Data Preprocessing 

 Pre-processing is performed so that the data is ready to be used in LSTM model training. This 

stage includes: data normalization, division of training data and test data, and sequence data formation. 

a. Data Normalization 

The normalization process is performed so that all rice price values are on a scale of 0–1 

using MinMaxScaler from sklearn preprocessing. Normalization is important so that the LSTM 

model is not biased towards large prices and can learn rice price patterns more stably. The Python 

script used to normalize the rice price data and create the df_norm dataframe displays a comparison 

between the original prices and the normalized prices, as well as the first 10 rows to check the 

transformation results, as shown in Figure 3. 

 
Figure 3. Data Normalization Script 

Table 2 shows the first 10 rows of the normalized rice price data. It can be seen that some 

initial prices (8600) are normalized to 0 because they are the minimum value, while the price of 

10895 is normalized to 0.5727. The vertical axis shows the normalized price value, while the 

horizontal axis shows the time period (month). With this normalization, the data is ready for the 

next stage, which is the division of training data and test data. 

Table 2. First 10 Rows of Normalized Data 

No Date Original Price (IDR/Kg) Normalized Price 

1 2021-01-01 8600.0 0.000000 

2 2021-02-01 8600.0 0.000000 

3 2021-03-01 8600.0 0.000000 

4 2021-04-01 8600.0 0.000000 

5 2021-05-01 10895.0 0.572748 

6 2021-06-01 10895.0 0.572748 

7 2021-07-01 10895.0 0.572748 

8 2021-08-01 10895.0 0.572748 

9 2021-09-01 10895.0 0.572748 

10 2021-10-01 10895.0 0.572748 

 

https://doi.org/10.35508/jicon.v14i1.27555
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b. Training Data and Test Data Distribution 

After the data has been normalized, the next step is to divide the data into 80% training data 

and 20% test data. The division is done proportionally so that the training data is used to train the 

LSTM model to recognize price change patterns, while the test data is used to evaluate the model's 

performance in predicting prices in the next period. Of the total 60 monthly data points, 48 are 

used as training data and 12 as test data, selected chronologically to maintain temporal patterns. 

Figure 4 shows the Python script used to divide the training data and test data, also displays 

the total amount of data, training data, and test data to ensure that the division is correct. 

 
Figure 4. Data Distribution Script 

Table 3 shows the output information on the total amount of data: 60 training data and 12 test 

data. From the figure, it can be seen that the data distribution is appropriate, so that the model can 

learn from most of the data without losing the temporal pattern. 

Table 3. Training and Testing Data Distribution 

No Data Type Amount 

1 Total Data 60 

2 Training Data 48 

3 Testing Data 12 

 

c. Sequence Data Formation (Time Step) 

The LSTM model requires input in the form of sequential data in order to learn the temporal 

relationships between periods. In this study, a time step of 3 was used, meaning that each input 

uses the prices from the previous three months to predict the price for the following month. After 

the sequence is formed, the data takes on a three-dimensional form (number of samples, sequence 

length, number of features) for X, and (number of samples) for y. 

Figure 5 shows the Python script used to form the X_train, y_train, X_test, and y_test 

datasets, ready to be fed into the LSTM model. 

 
Figure 5. Sequence Data Formation Script 

Figure 6 shows the sequence data formed by X_train (45, 3, 1), y_train (45), X_test (12, 3, 

1), and y_test (12). The figure shows that the data is in three dimensions as required by LSTM and 

is ready for training. 

 
Figure 6. Sequence Data Formation Results 

https://doi.org/10.35508/jicon.v14i1.27555
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3. LSTM Model Design 

 After the pre-processing stage, the Long Short-Term Memory (LSTM) model was designed 

with two LSTM layers, each consisting of 50 neurons and one Dense layer as output. This 

architecture was used to capture temporal patterns in rice price data, which is time series data. The 

model received input in the form of a sequence of the previous three periods (time_step = 3) to 

predict prices in the next period. The parameters used in the model are summarized in Table 4. 

Table 4. LSTM Model Parameters 

No Parameter Value Description 

1 Input Shape (3, 1) Three time steps and one feature 

2 LSTM Layer 1 50 units With return_sequences=True 

3 LSTM Layer 2 50 units Second LSTM layer 

4 Dense Layer 1 unit Output layer 

5 Optimizer Adam Optimization algorithm 

6 Loss Function Mean Squared Error Used to minimize prediction error 

Figure 7 shows the script for defining the LSTM model using the Keras Sequential API. The 

model is compiled using the Adam optimizer and the Mean Squared Error (MSE) loss function to 

minimize prediction errors during the training process. This configuration was chosen because it 

is suitable for continuous data prediction problems and is capable of producing stable learning. 

 
Figure 7. LSTM Model Design Script 

4. LSTM Model Training and Testing 

After the LSTM model was designed, the next step was to train and test the model. The model 

was trained using training data to learn patterns of rice price changes based on previous time steps. 

To prevent overfitting and speed up training, an EarlyStopping mechanism was used, which would 

automatically stop training if the validation loss did not improve for several consecutive epochs. 

Training is conducted with 200 epochs and a batch size of 8, while validation is performed using 

test data. During training, the first 5 epochs of training loss and validation loss are displayed as an 

initial indication of how the model is beginning to learn from the data. A loss graph is also created 

to visualize the model's learning process in stages. 

 
Figure 8. Model Training Script 

Figure 8 shows the LSTM model training script using EarlyStopping to stop training if there 

is no improvement in validation loss over several epochs. This script uses 200 epochs and a batch 

size of 8, and validation is performed using test data. 

Table 5 shows the output results of the first 5 epochs of the model training process, in the 

form of training loss and validation loss values. These values provide an initial indication of the 

model's performance before it is evaluated on the test data. 

https://doi.org/10.35508/jicon.v14i1.27555
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Table 5. Training and Validation Loss for the First 5 Epochs 

No Epoch Training Loss Validation Loss 

1 1 0.298208 0.577974 

2 2 0.195398 0.357684 

3 3 0.091213 0.144436 

4 4 0.024919 0.016385 

5 5 0.028953 0.008203 

Figure 9 shows the script for creating a loss graph during training, which compares training 

loss and validation loss. This graph is used to visualize the model's learning process in stages. 

 
Figure 9. Loss Chart Script 

Figure 10 shows the loss graph results from the model training process. It can be seen that 

the training and validation losses decrease as the number of epochs increases, indicating that the 

model is beginning to learn to recognize rice price patterns from historical data. This graph 

provides an initial indication of the model's performance before evaluation on the test data. 

 
Figure 10. Model Training Loss Graph 

5. Evaluation and Analysis of Results 

The evaluation stage was conducted to determine how well the LSTM model could predict 

rice prices. At this stage, the model's predictions were compared with actual data using test data. 

The prediction error rate was measured using Mean Squared Error (MSE) and Root Mean Squared 

Error (RMSE). In addition, the predictions were visualized so that the differences between the 

actual data and the predictions could be observed directly. 

Figure 11 shows the LSTM model evaluation script on the test data. At this stage, the model 

is used to make predictions on the test data, then the prediction results are returned to the original 

scale (inverse transform). Next, the MSE and RMSE values are calculated as measures of the 

model's prediction error rate. 

 
Figure 11. Model Evaluation Script 

Table 6 shows the results of calculating the MSE and RMSE values of the LSTM model 

predictions on the test data. The RMSE value shows the average prediction error of the model in 

terms of rice price (Rp/kg). An RMSE value of 360.91 Rp/Kg indicates that the average difference 

https://doi.org/10.35508/jicon.v14i1.27555
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between the actual price and the model prediction is in that range. When compared to the average 

rice price of around 10,964 Rp/Kg, the model prediction error rate is around 3.35%, so it can be 

said that the LSTM model has a fairly good level of accuracy. 

Table 6. Model Evaluation Results (MSE and RMSE) 

No Metric Value 

1 MSE 131699.730202 

2 RMSE 360.904575 

Figure 12 shows the Python script used to visualize the LSTM model prediction results on 

the test data. In this script, the test data prediction results are arranged so that they only appear in 

the test data period, while the training data period is left empty (NaN). The purpose is to display 

the model evaluation specifically on the test data. 

 
Figure 12. Test Data Prediction Visualization Script 

The graph in Figure 13 shows a comparison between actual rice price data and LSTM model 

predictions during the test data period. The blue line represents actual rice price data, while the 

prediction line only appears in the test data section in accordance with the model evaluation 

objectives. The prediction line appears shorter because it is only displayed in the test data period 

(the last 20% of the data). The model does not predict the training data, but only data that has 

never been seen before to measure the model's generalization ability. Based on the graph, it can 

be seen that the LSTM model's prediction results are able to follow the pattern of rice price 

movements in the test data period. Although there are still differences in values at several points, 

in general, the model successfully captures the trend of rice price changes. This shows that the 

LSTM model has a fairly good ability to learn the pattern of rice price time series data. 

 
Figure 13. Comparison Chart of Actual Data and Test Data Predictions 

Figure 14 shows the Python script used to visualize the results of rice price predictions using 

the LSTM model on all data, namely a combination of training data and test data. At this stage, 

the prediction results are displayed comprehensively to see the model's ability to follow rice price 

patterns from the beginning to the end of the observation period. 

 
Figure 14. Overall Data Prediction Visualization Script 

https://doi.org/10.35508/jicon.v14i1.27555
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The graph in Figure 15 shows a comparison between actual rice price data and the LSTM 

model's predictions for the entire data period. The blue line shows the actual rice price data, while 

the prediction line shows the LSTM model's estimates of the overall rice price pattern. Based on 

this graph, it can be seen that the LSTM model's prediction results are generally able to follow the 

trends and patterns of rice price changes throughout the observation period. The prediction line 

appears to be close to the actual data, although there are still differences in value at some points. 

This visualization is used to provide a qualitative overview of the model's performance in studying 

the overall rice price data pattern. In predicting the overall rice price data, RMSE and MSE values 

were not calculated because this graph was not used as a quantitative evaluation of the model. The 

model's accuracy was only evaluated on the test data, while the overall data prediction aimed to 

show the model's ability to represent rice price patterns visually. 

 
Figure 15. Overall Rice Price Prediction Chart Data 

6. Analysis of Rice Price Prediction Results 

Based on the prediction results, the LSTM model is able to follow the patterns and trends of 

rice price changes quite well. In the test data prediction graph, the prediction line appears close to 

the actual data line, indicating that the model has successfully learned the temporal relationship of 

rice price data. Although there are differences in certain periods, these differences are still within 

reasonable limits and do not significantly change the price movement pattern. To display the 

prediction results in a structured manner, a DataFrame was created containing the date, actual 

price, and predicted price for the test data period. 

Figure 16 shows the process of creating a DataFrame of prediction results. The prediction 

data, which has been returned to its original scale (inverse transform), is then combined with the 

date and actual price in the test data period. This step aims to facilitate the analysis and comparison 

of actual values with predicted values in rupiah per kilogram. 

 
Figure 16. Script for Creating Prediction Results Data 

Table 7 shows the results of rice price predictions for the period January 2025 to December 

2025, which consists of 12 test data points. It can be seen that the predicted values differ from the 

actual prices in several months. For example, in January 2025, the actual price was 11,489 

rupiah/kg, while the predicted price was 11,676 rupiah/kg. In the middle of the year, when the 

actual price increased to 12,607 rupiah/kg, the model also showed an increase in the predicted 

value to approach that figure.  

Table 7. Actual and Predicted Rice Prices 

No Date 
Actual Price 

(IDR/Kg) 

Predicted Price 

(IDR/Kg) 

1 2025-01-01 11489.0 11676.864258 

2 2025-02-01 11489.0 11700.339844 

3 2025-03-01 11489.0 11746.462891 

4 2025-04-01 11489.0 11813.256836 

5 2025-05-01 11489.0 11813.256836 

6 2025-06-01 12607.0 11813.256836 
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7 2025-07-01 12607.0 11952.722656 

8 2025-08-01 12607.0 12229.168945 

9 2025-09-01 12607.0 12634.250000 

10 2025-10-01 12607.0 12634.250000 

11 2025-11-01 12607.0 12634.250000 

12 2025-12-01 12607.0 12634.250000 

4. CONCLUSION AND RECOMMENDATIONS 

Based on the evaluation results of the test data, the LSTM model produced a Root Mean Squared 

Error (RMSE) value of 360.91 IDR/kg. When compared to the average rice price of 10,946 IDR/kg, the 

model's prediction error rate was around 3.35% (Relative RMSE). This indicates that the average prediction 

error is relatively small compared to the price scale, so that the LSTM model performs well in capturing 

rice price fluctuations in East Sumba Regency. 

In addition, the results of rice price predictions based on the overall data show that the LSTM model 

is able to follow the patterns and trends of rice price movements over time. Although there are still 

differences in values in some periods, in general, the model is able to capture the direction of price changes 

well. Thus, the resulting prediction model can be used as an analytical tool and as a basis for decision-

making for farmers and traders in relation to rice price planning and strategy. 

Based on the results of the research that has been conducted, further development is recommended 

using rice price data with a longer period or more detailed frequency, such as weekly or daily data, so that 

the model is able to capture seasonal patterns and price fluctuation dynamics more optimally. In addition, 

subsequent research could compare methods with other algorithms, such as Gated Recurrent Unit (GRU) 

or other machine learning approaches, to obtain models with better prediction performance. The prediction 

results are also expected to be utilized by farmers, traders, and local governments as consideration in 

production planning, distribution, and policy-making related to rice price stability in East Sumba Regency. 
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