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Abstract 

Gold price volatility poses a major challenge for investors in making accurate and timely investment decisions, as 

price movements are influenced by complex and nonlinear financial dynamics. Conventional forecasting models 

often fail to capture these patterns optimally due to suboptimal parameter selection. This study aims to develop a 

hybrid forecasting model by optimizing the Long Short-Term Memory (LSTM) network using a Genetic Algorithm 

(GA) to improve gold price prediction accuracy. Historical gold price data spanning from 2004 to 2025, including 

Open, High, Low, and Close attributes, were utilized in this research. The methodological framework consists of data 

preprocessing, normalization, time-series sequence construction, dataset partitioning using an 80:20 training–testing 

ratio, and hyperparameter optimization through GA. Model performance was evaluated using Root Mean Square 

Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and prediction accuracy. 

Experimental results demonstrate that GA-based optimization significantly enhances LSTM performance, with 

RMSE reduced by more than 80%, accompanied by substantial decreases in MAE and MAPE, and an increase in 

prediction accuracy to 99.77%. These findings confirm that systematic hyperparameter optimization plays a crucial 

role in improving deep learning model generalization for financial time series forecasting. The proposed LSTM–GA 

model contributes to the development of more robust and reliable predictive frameworks for financial applications, 

particularly in supporting investment decision-making under volatile market conditions. 
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1. INTRODUCTION 

Gold plays a strategic role in the global financial system, serving not only as a raw material for 

jewelry and industrial applications but also as a major component of central bank reserves and an 

important investment instrument[1][2]. In the context of investment, gold is widely recognized as a 

value-preserving asset, particularly during periods of economic uncertainty and market 

instability[3][4][5]. Furthermore, gold price movements are often regarded as indicators of global 

economic conditions, influencing financial markets, currency values, and investment decisions[6][7].  

In financial terminology, investment is defined as the allocation of current resources with the 

expectation of obtaining future returns[8]. Extensive research has been conducted in this field, as 

forecasting changes in financial asset values provides valuable insights for analyzing the risks associated 

with such assets over time. Among various financial instruments, gold is frequently used as a hedge to 

mitigate portfolio volatility[9]. 

As a safe-haven asset, gold tends to experience increased demand during periods of stock market 

turbulence. However, In recent years, gold prices have shown considerable volatility, driven by 

economic, political, and global influences[10][11]. This condition requires investors to adopt 

appropriate strategies in determining optimal buying and selling times to maximize returns. In practice, 
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many investors still rely heavily on intuition and speculation when making gold investment 

decisions[12]. the capacity to predict gold price movements with high accuracy is of critical importance. 

Reliable forecasting can help investors reduce market risk, better understand price dynamics, and 

support the development of futures markets and the financial system as a whole[13][14]. 

Time series forecasting constitutes a methodological framework utilized to anticipate future 

values by leveraging historical data[15]. The expeditious advancements in computational technology 

have engendered the escalating utilization of deep learning methodologies in financial prediction. Deep 

learning harnesses neural networks to discern intricate nonlinear relationships embedded within 

datasets[16]. A salient deep learning algorithm exhibiting exceptional efficacy in modeling time series 

data is the Long Short-Term Memory (LSTM)[17].  

Long Short-Term Memory (LSTM) extends recurrent neural networks by overcoming the 

vanishing gradient problem found in conventional architectures, thereby facilitating more effective 

learning of long-term dependencies[18][19]. As a variant of Recurrent Neural Networks (RNNs), LSTM 

is particularly suitable for sequential data analysis due to its ability to store and utilize historical 

information[20].  

Recurrent Neural Networks (RNNs) represent a class of neural architectures engineered to process 

sequential data via recurrent connections that facilitate the retention of information within the 

network[19]. Their capacity to sustain long-term dependencies without encountering vanishing gradient 

problems renders them superior to conventional forecasting methodologies[21]. Furthermore, in 

addition to managing extended temporal data, LSTM integrates memory mechanisms that retain 

information for utilization in ensuing gate computations[22]. The architecture of LSTM encompasses 

memory cells and gating mechanisms that regulate the flow of information, thereby enabling the network 

to ascertain which data ought to be retained or discarded. This attribute has established LSTM as a 

highly efficacious instrument across a myriad of applications, propelling significant advancements in 

numerous domains[23]. 

A substantial corpus of scholarly research pertaining to financial time series forecasting has 

employed machine learning and deep learning methodologies, with a pronounced emphasis on LSTM, 

attributable to its aptitude for modeling long-term temporal dependencies within nonlinear and volatile 

datasets. Numerous investigations have substantiated that LSTM represents an efficacious model for 

time series prediction, particularly in the financial domain, which is distinguished by nonlinearity and 

volatility. Faqih and Sugihartono (2025) conducted a comparative analysis of LSTM and XGBoost in 

forecasting Tesla stock prices, revealing that LSTM yielded lower RMSE values, albeit its performance 

was constrained by the absence of hyperparameter optimization. 

 Similarly, Irmayani and Jayanti (2025) applied LSTM to stock price prediction and reported 

MAPE values ranging from 1–3%, indicating the potential of LSTM while highlighting room for further 

accuracy improvement. In the stock index sector, Anandita and Wahyuningsih (2025) reported an RMSE 

of 6.89 in predicting the JII70 Islamic stock index using LSTM, whereas Ansori et al. (2025) applied 

LSTM to ANTAM gold price prediction and obtained double-digit RMSE values. These findings 

indicate that although LSTM is capable of modeling price trends, its performance is highly dependent 

on the selection of model parameters. 

In spite of its strengths, LSTM exhibits certain limitations, including the need for comparatively 

large training datasets and less effective performance in modeling linear components[25]. Recent studies 

have explored hybrid deep learning approaches to improve forecasting accuracy in financial and 

commodity markets. Hybrid architectures, such as LSTM-autoencoder models, have demonstrated 

superior performance in gold price prediction by effectively capturing complex nonlinear patterns[6]. In 

addition, several studies have applied hyperparameter optimization techniques, including Particle 

Swarm Optimization (PSO) and Bayesian Optimization, to fine-tune LSTM models, resulting in 
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improved predictive accuracy in various time series forecasting applications[24]. Moreover, 

metaheuristic optimization methods have shown strong potential in enhancing deep learning models 

across different commodity forecasting domains, highlighting the importance of global search strategies 

in hyperparameter tuning[25]. 

Despite these advances, limited research has systematically investigated the effectiveness of 

Genetic Algorithm (GA) for optimizing LSTM hyperparameters specifically in gold price forecasting. 

Most prior studies rely on conventional tuning approaches or alternative metaheuristic optimizers, 

leaving a research gap regarding the comparative advantages of GA in this domain. Therefore, this study 

proposes a hybrid LSTM–GA framework for gold price prediction, where GA is employed as a global 

optimization strategy to enhance model performance. The objective of this research is to evaluate the 

performance improvement achieved through GA optimization compared to a standard LSTM model 

using RMSE, MAE, MAPE, and accuracy as evaluation metrics. The expected outcome is a more 

accurate and robust predictive model to support investment decision-making under volatile market 

conditions. 

2. METHOD 

This research employs a Genetic Algorithm (GA) to refine the parameters of a Long Short-Term 

Memory (LSTM) model, with the intent of augmenting the precision of gold price forecasting. GA is 

applied to discover the best set of parameters by means of selection, crossover, and mutation, targeting 

the minimization of prediction errors. The research stages include dataset collection, data preprocessing, 

LSTM model construction, parameter optimization using GA, and model performance evaluation based 

on multiple accuracy metrics. The overall research workflow is illustrated in a flowchart, as shown in 

Figure 1. 

 

 
Figure 1. Research Workflow 

2.1. Dataset 

The dataset used in this study consists of historical gold price data obtained from the Kaggle 

website (https://www.kaggle.com/datasets/novandraanugrah/xauusd-gold-price-historical-data-2004-

2025), accessed on November 24, 2025. The dataset contains approximately 5,408 records. The original 

data have an hourly (hour–minute) time resolution; therefore, a filtering process was performed using 

Microsoft Excel by selecting data recorded at midday for each date. This process aims to convert the 

dataset into daily data, making it more stable and suitable for time series modeling. The dataset includes 

variables such as Open, High, Low, Close, and Volume. The converted dataset is presented in Table 1. 
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Table 1. Gold Price Data from 2004 - 2025   

No Date Open High Low Close Volume 

1 2004.06.11 12:00 383.5 384.1 383.5 383.6 9 

2 2004.06.14 12:00 382.3 382.8 382.3 382.3 17 

3 2004.06.15 12:00 382.3 382.3 381.6 382.1 11 

4 2004.06.16 12:00 386.6 387.3 386.5 386.8 16 

5 2004.06.17 12:00 385.8 386.3 385.8 386.3 9 

6 2004.06.18 12:00 388.6 390 388.6 389.8 27 

… … … … … … … 

5406 2025.09.26 12:00 3752.87 3754.34 3750.9 3750.9 3060 

5407 2025.09.29 12:00 3818.72 3819.61 3816.93 3817.64 2818 

5408 2025.09.30 12:00 3816.25 3821.47 3796.87 3799.37 11898 

 

 Where:   

Date = Time index of observation 

Open = Opening price at a given time 

High = Highest price at a given time 

Low = Lowest price at a given time 

Close = Closing price at a given time 

 

2.2. Data Splitting 

The dataset is partitioned into training and testing subsets employing an 80:20 holdout division, 

wherein 80% is designated for model training and 20% is reserved for assessment. The training subset 

facilitates model fitting, whereas the testing subset gauges its efficacy subsequent to the completion of 

training. 

2.3. LSTM ( Long Short-Term Memory) 

Among the various deep learning methodologies employed for time series forecasting, LSTM 

networks are widely acknowledged for their capacity to effectively capture temporal dependencies 

across variables, a capability primarily attributed to their sophisticated gating mechanisms[26][27]. This 

model is extensively utilized in time series analysis and typically requires a relatively large amount of 

data for both training and evaluation[28]. Specifically, Long Short-Term Memory (LSTM) networks 

were designed to overcome the limitations of conventional neural networks in capturing long-term 

dependencies inherent in time series data [29][30]. The retention of information across long sequences 

is enabled by an internal memory structure. Within the LSTM architecture, three essential gates—the 

input, forget, and output gates—govern information transfer, allowing the model to deliver forecasts 

with greater precision and stability[31][32]. The LSTM architecture consists of three primary gates:  

 
Figure 2. LSTM Model Architecture 
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Figure 2 depicts LSTM as an extension of the Recurrent Neural Network (RNN), incorporating 

memory cells and three principal gates—input, forget, and output. 

𝑓𝑡 =  𝜎(𝑊𝑓 .  [ℎ𝑡−1 , 𝑥𝑡] +  𝑏𝑓) (1) 

The forget gate decides which information will be kept and which will be removed. Values 

approaching 0 indicate that the corresponding information is disregarded, whereas values approaching 

1 indicate that it is preserved. 

𝑖𝑡 =  𝜎(𝑊𝑖.  [ℎ𝑡−1 , 𝑥𝑡] +  𝑏𝑖) (2) 

𝐶̃𝑡 =  𝑡𝑎𝑛ℎ(𝑊𝐶 .  [ℎ𝑡−1 , 𝑥𝑡] + 𝑏𝐶)  

The input gate receives the hidden state from the preceding cell together with the current input. 

These components are subsequently combined and processed using the sigmoid and hyperbolic tangent 

(tanh) activation functions. 

𝑂𝑡 =  𝜎(𝑊𝑖 .  [ℎ𝑡−1 , 𝑥𝑡] + 𝑏𝑖) (3) 

ℎ𝑡 =  𝑂𝑡 ∗ tanh(𝐶𝑡)  

The output gate governs the hidden state transmitted to the subsequent cell. It integrates the hidden 

state from the preceding cell with the current input, applies a sigmoid activation function to the 

combination, and subsequently passes the updated cell state through the hyperbolic tangent (tanh) 

function.[17]. The output generated by the hyperbolic tangent (tanh) function is multiplied with the 

sigmoid result to determine the information retained within the new hidden state. 

2.4. GA ( Genetic Algorithm) 

Genetic algorithm–based scheduling algorithms represent an optimization approach grounded in 

the principles of biological evolution. The Genetic Algorithm (GA) is a solution search method inspired 

by the theory of natural evolution proposed by Charles Darwin[33][39]. Unlike conventional 

optimization algorithms, GA operates by generating and evaluating a population of candidate solutions 

at each iteration of the search process[34].  As an evolutionary algorithm, GA mimics the mechanism 

of natural selection, in which individuals with superior fitness are preserved and further developed, 

while individuals with poor performance are gradually eliminated[35]. In general, the GA process 

consists of several stages, including the initialization of the population, individual selection, crossover, 

and mutation. In mathematical representation, each solution or individual within the population is 

expressed in the form of a chromosome. 

𝐶 =  {𝑔1, 𝑔2, … , 𝑔𝑛}, (4) 

Where 𝑔𝑖 represents a gene that encodes a solution parameter. The quality of each individual is 

evaluated using a fitness function. In this study, the fitness function is formulated based on the prediction 

error, namely the Root Mean Square Error (RMSE): 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =  
1

𝑅𝑀𝑆𝐸 +  𝜖
 , 

(5) 

The parameter 𝜖 is defined as a small constant utilized to circumvent division by zero. The 

selection process aims to identify optimal individuals according to their fitness values, often using 

approaches such as roulette wheel selection or tournament selection. Thereafter, the crossover operator 

creates new individuals by merging genes from two parent solutions : 

𝐶𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔 =  𝛼𝐶1 + (1 −  𝛼)𝐶2, (6) 
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Where 𝛼 ∈  [0,1]. To maintain population diversity, a mutation process is applied by randomly 

altering the genes: 

𝑔𝑖
′ =  𝑔𝑖 +  𝛿, (7) 

Where 𝛿 denotes a small random perturbation value. This process is repeated until the maximum 

number of generations is reached or the solution converges to an optimal state. 

 

 
Figure 3. GA Fitness Evolution per Generation 

 

For reproducibility, the GA parameters are initialized as follows: population size = 30, maximum 

number of generations = 50, crossover probability = 0.8, and mutation probability = 0.1. The evolution 

of fitness values across generations is illustrated in Figure 3, demonstrating the convergence behavior 

of GA during optimization. 

2.5. Model Performance Evaluation 

Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Square Error (RMSE), and 

Accuracy are commonly utilized as evaluation metrics for measuring the performance of data-driven 

models. In this study, MAE and MSE are applied to quantify prediction error magnitudes, reflecting the 

discrepancies between the values predicted by the proposed LSTM-based model and the actual 

observations. 

2.5.1. Mean Absolute Error (MAE) 

MAE measures the average magnitude of absolute errors between predicted and actual values, 

thereby reflecting the overall deviation of predictions without emphasizing large errors. This metric is 

particularly useful for evaluating general prediction accuracy in financial time series, where consistent 

small errors are preferable to occasional large deviations. 

𝑀𝐴𝐸 =  
1

𝑛
 ∑ |𝑦𝑖 −  𝑦̂𝑖|

𝑛
𝑖=1  (8) 

 

2.5.2. Root Mean Square Error (RMSE) 

RMSE is derived from the square root of MSE and retains the same unit as the original data, 

facilitating interpretability. RMSE is commonly adopted as a primary fitness function in optimization-

based forecasting studies due to its strong sensitivity to large errors. In this research, RMSE is utilized 

as the main criterion for evaluating and optimizing model performance using the Genetic Algorithm. 
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𝑅𝑀𝑆𝐸 =  √
1

𝑛
 ∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1

 (9) 

 

2.5.3. Mean Absolute Percentage Error (MAPE) 

MAPE expresses prediction errors in percentage form, allowing the relative accuracy of the model 

to be evaluated independently of the price scale. This metric is particularly beneficial for comparing 

forecasting performance across different time periods and price ranges, making it suitable for long-term 

gold price prediction analysis. 

𝑀𝐴𝑃𝐸 =  
100%

𝑛
∑ |

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖
|

𝑛

𝑖=1

 (10) 

 

3. RESULT 

The testing procedure was implemented in the Python programming language, employing 

preprocessed gold price data. The dataset was chronologically split into 80% training data and 20% 

testing data, with a total of 4,352 records for training, representing the earlier time period, and 1,088 

records for testing, representing the more recent period. Each input was defined as a sequence of gold 

prices over seven consecutive days to capture weekly patterns in the data. All variables were then 

normalized to a range of 0 to 1 using Min–Max Scaling. The model was trained to predict the closing 

price, with input data (X) consisting of Open, High, Low, and Close values over seven consecutive days, 

and the target (Y) being the Close price on the eighth day.. 

3.1. Model Comparison Result  

Before selecting Long Short-Term Memory (LSTM) as the primary model, a performance 

comparison was conducted among several forecasting models relevant to this study. The aim of this 

stage was to identify the model with the highest accuracy, which would subsequently be optimized using 

the Genetic Algorithm. The models compared in this study include ARIMA, SARIMA, Vector 

Autoregression (VAR), and LSTM. The performance comparison results of each model are presented 

in Table 2. 

 

Table 2. Forecasting Model Performance Comparison 

Model RMSE MAE MAPE R2 Accuracy(%) 

ARIMA 584.843254 364.760686 13.701244 -0.317013 86.298756 

SARIMA 584.427807 364.552361 13.696375 -0.315142 86.303625 

VAR 433.144176 295.846324 11.938009 0.277603 88.061991 

LSTM 39.632132 25.965933 1.058208 0.993952 98.941792 

 

Based on Table 2, the LSTM model demonstrates superior performance compared to the other 

forecasting models. This advantage is reflected in the highest accuracy of 98.941%, accompanied by the 

lowest error values: RMSE of 39.632, MAE of 25.966, and MAPE of 1.058. Additionally, the coefficient 

of determination (R²) for the LSTM model is close to 1, indicating its excellent capability in representing 

the patterns of the actual data. Therefore, LSTM was selected as the best-performing model at this stage 

and serves as the baseline model for subsequent optimization using the Genetic Algorithm. A visual 

comparison of model performance is presented as a heatmap in Figure 4. 
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Figure 4. Model Accuracy Comparison Heatmap 

3.2. Baseline LSTM Modeling 

The model is constructed using multiple neural network layers arranged sequentially from input 

to output. The initial LSTM layer contains 64 neurons, designed to capture both short-term and long-

term temporal patterns from the input data. This is followed by a Dropout layer with a rate of 0.2 to 

mitigate the risk of overfitting. The second LSTM layer includes 32 neurons, which aim to enhance and 

deepen the temporal pattern representations learned in the preceding layer. Finally, a Dense layer with 

a single neuron serves as the output layer, producing the predicted value for the next period’s closing 

price (Close). The complete model architecture is detailed in Table 3. 

 

Table 3. LSTM Model Architecture 

Layer (type) Output Shape Param 

Lstm (LSTM) (none, 7, 64) 17.664 

Dropout (Dropout) (none, 7, 64) 0 

Lstm_1(LSTM) (none, 32) 12.416 

Dense (Dense) (none, 1) 33 

 

Total params : 30.113  

Trainable params : 30.113 

Non-trainable params: 0 

 

An Early Stopping strategy was employed during the LSTM training phase, with a maximum 

limit of 100 training epochs. The training process was terminated at epoch 43, as the validation loss 

showed no improvement over 10 consecutive epochs, in line with the predefined patience setting. 

Subsequently, the model parameters were restored to the optimal weights achieved at epoch 33. As a 

result, the baseline LSTM model exhibited strong predictive performance, achieving an RMSE of 

50.9333, an MAE of 32.2486, a MAPE of 1.2675%, and an R² value of 0.9900. From a visual 

perspective, the predicted outputs closely align with the actual gold price trends and patterns, indicating 

that the model performs reliably and is appropriate to serve as the baseline for further optimization. The 

comparison between actual closing prices and LSTM-generated predictions is illustrated in Figure 5. 
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Figure 5. Comparison of Actual and Predicted Gold Closing Prices Using the Baseline LSTM Model 

 

3.3. Hyperparameter Optimization Using Genetic Algorithm (GA) 

To minimize the prediction error (RMSE) efficiently, a simple and lightweight Genetic Algorithm 

(GA) was employed to optimize the hyperparameters of the LSTM model. The solution space explored 

by GA includes the number of neurons in the first and second LSTM layers, the optimizer learning rate, 

and the number of training epochs. In this optimization process, a population size of 6 and 4 generations 

were used. Following the crossover stage, a mutation operator was applied by randomly altering one 

parameter with a mutation probability of 30%. By the fourth generation, GA produced the optimal 

LSTM configuration with an RMSE of 0.0005 and a fitness value of 2135.1993, consisting of 24 neurons 

in the first layer, 32 neurons in the second layer, a learning rate of 0.001, and 3 training epochs. 

 

Table 4. Optimal LSTM Hyperparameters Obtained from GA 

Parameter Optimal Value 

Neuron LSTM Layer 1  24 neuron  

Neuron LSTM Layer 2 32 neuron 

Learning Rate 0.001 

Epoch 3  

 

Based on the results in the fourth generation presented in Table 4, the Genetic Algorithm yielded 

the best-performing LSTM configuration with an RMSE of 0.0005 and a fitness value of 2135.1993. 

The optimal configuration consists of 24 neurons in the first LSTM layer, 32 neurons in the second 

layer, a learning rate of 0.001, and 3 training epochs.  

3.4. Evaluation of LSTM with Genetic Algorithm  

After obtaining the best hyperparameters, the number of training epochs was increased by 7 

epochs from the optimal GA value. The LSTM model was then built using all parameters derived from 

the GA optimization. The model was trained with a batch size of 16 without validation split. The trained 

model was used to predict the testing data, producing normalized prediction values. Both actual and 

predicted values were transformed back to the original gold price scale using inverse transformation, 

allowing the evaluation results to be interpreted in actual price units. 
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Figure 6. Prediction Error Visualization of the LSTM-GA Model 

 

Figure 6 presents the visualization of prediction errors for the LSTM model optimized using the 

Genetic Algorithm. The evaluation results indicate excellent model performance, with an RMSE of 8.75 

and MAE of 5.47, which are relatively low compared to the data scale, reflecting a low level of 

prediction error. The MAPE value of 0.23% shows that the average percentage error of the predictions 

is very small, indicating close alignment between predicted and actual values. Furthermore, an accuracy 

of 99.77% confirms that the model exhibits highly reliable and consistent predictive capability. 

 
Figure 7. GA Fitness Values 

 

 
Figure 8. Comparison of Actual and Predicted Gold Prices Using LSTM and LSTM–GA Models 
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Figure 7 illustrates the changes in the fitness values of the Genetic Algorithm (GA) across 

generations, where an increase in fitness indicates improvements in the solution during the LSTM 

hyperparameter optimization process until convergence is reached. The comparison between actual gold 

prices and the predicted values obtained from the LSTM+GA model also demonstrates alignment in 

temporal patterns with low prediction errors, as shown in Figure 8.  

3.5. Model Performance Comparison  

Table 5. Performance Comparison between LSTM and LSTM+GA  

Model RMSE MAE MAPE(%) Accuracy(%) 

LSTM  50.93 32.24 1.26 98.73 

LSTM + GA 8.75 5.47 0.22 99.77 

 

Based on Table 5, the application of the Genetic Algorithm (GA) to LSTM significantly improved 

model performance. The RMSE decreased from 50.93 to 8.75, reflecting an approximately 82.82% 

reduction in error, while the MAE dropped from 32.24 to 5.47, corresponding to a reduction of about 

83.03%. Additionally, the MAPE decreased from 1.26% to 0.22%, indicating a relative error reduction 

of approximately 82.54%. In terms of accuracy, the LSTM+GA model improved from 98.73% to 

99.77%, an increase of 1.04%. These results confirm that hyperparameter optimization using GA 

substantially enhances the generalization capability of the LSTM model, producing more precise and 

consistent predictions compared to LSTM without optimization. 

3.6. Sensitivity Analysis of GA-Optimized Hyperparameters 

To further assess the robustness of the proposed LSTM–GA model, a sensitivity analysis was 

conducted on selected hyperparameters optimized by the Genetic Algorithm, particularly the number of 

neurons in each LSTM layer and the number of training epochs. These hyperparameters play a crucial 

role in determining the model’s learning capacity and generalization performance. The results indicate 

that deviations from the GA-optimized configuration lead to noticeable changes in forecasting accuracy. 

Reducing the number of neurons below the optimal values results in underfitting, as the model fails to 

capture complex temporal dependencies in gold price movements. Conversely, increasing the number 

of neurons beyond the optimal configuration increases model complexity without providing proportional 

accuracy improvements, potentially leading to overfitting.Similarly, the number of training epochs 

significantly affects model performance. A smaller number of epochs causes insufficient learning, while 

excessive epochs increase the risk of overfitting despite early stopping mechanisms. The GA-selected 

hyperparameters therefore represent a balanced configuration that achieves low prediction error while 

maintaining model stability.This analysis confirms that the Genetic Algorithm effectively identifies 

near-optimal hyperparameters and enhances the robustness of the LSTM model for gold price 

forecasting. 

3.7. Gold Price Prediction 

Gold price predictions were conducted for a 90-day period using the LSTM–GA model based on 

the closing price (Close). The Open price was derived from the previous day’s closing price, while the 

High and Low values were calculated by adding and subtracting the historical average volatility. 

Predictions were generated for the period from October 1, 2025, to December 29, 2025, with daily 

intervals at 12:00. The predicted dates were sequentially generated from the last historical data point on 

September 30, 2025, at 12:00. The prediction results are presented in Table 6. 
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Table 6. 3-Month Ahead Gold Price Prediction Results 

No Date Open High Low Close 

1 2025-10-01 12:00:00 3865.88 3790.195 3788.374 3789.297 

2 2025-10-02 12:00:00 3789.297 3724.247 3722.426 3723.349 

3 2025-10-03 12:00:00 3723.349 3674.568 3672.747 3673.67 

4 2025-10-04 12:00:00 3673.67 3634.085 3632.264 3633.187 

5 2025-10-05 12:00:00 3633.187 3597.907 3596.085 3597.009 

6 2025-10-06 12:00:00 3597.009 3564.175 3562.354 3563.277 

7 2025-10-07 12:00:00 3563.277 3532.489 3530.668 3531.591 

8 2025-10-08 12:00:00 3531.591 3502.855 3501.034 3501.957 

9 2025-10-09 12:00:00 3501.957 3475.296 3473.475 3474.398 

10 2025-10-10 12:00:00 3474.398 3449.755 3447.934 3448.857 

11 2025-10-11 12:00:00 3448.857 3426.117 3424.296 3425.219 

12 2025-10-12 12:00:00 3425.219 3404.226 3402.404 3403.328 

13 2025-10-13 12:00:00 3403.328 3383.908 3382.087 3383.01 

14 2025-10-14 12:00:00 3383.01 3364.986 3363.164 3364.088 

15 2025-10-15 12:00:00 3364.088 3347.278 3345.457 3346.38 

16 2025-10-16 12:00:00 3346.38 3330.611 3328.79 3329.713 

17 2025-10-17 12:00:00 3329.713 3314.826 3313.005 3313.928 

18 2025-10-18 12:00:00 3313.928 3299.776 3297.955 3298.878 

19 2025-10-19 12:00:00 3298.878 3285.333 3283.512 3284.435 

20 2025-10-20 12:00:00 3284.435 3271.386 3269.565 3270.488 

21 2025-10-21 12:00:00 3270.488 3257.843 3256.021 3256.945 

22 2025-10-22 12:00:00 3256.945 3244.63 3242.809 3243.732 

23 2025-10-23 12:00:00 3243.732 3231.691 3229.87 3230.793 

24 … … … … … 

85 2025-12-24 12:00:00 2772.282 2769.087 2767.265 2768.188 

86 2025-12-25 12:00:00 2768.188 2765.053 2763.232 2764.155 

87 2025-12-26 12:00:00 2764.155 2761.077 2759.256 2760.179 

88 2025-12-27 12:00:00 2760.179 2757.16 2755.339 2756.262 

89 2025-12-28 12:00:00 2756.262 2753.299 2751.477 2752.401 

90 2025-12-29 12:00:00 2752.401 2749.492 2747.671 2748.594 

 

4. DISCUSSIONS 

The experimental results demonstrate that integrating a Genetic Algorithm (GA) into the LSTM 

framework significantly improves gold price forecasting accuracy compared to the baseline LSTM 

model. The substantial reductions in RMSE, MAE, and MAPE confirm that systematic hyperparameter 

optimization plays a crucial role in enhancing deep learning performance, particularly when applied to 

highly volatile financial time series. These findings indicate that GA’s global search capability 

effectively overcomes the limitations of manually tuned or default LSTM configurations, which are 

often prone to suboptimal convergence and limited generalization. 

From an informatics perspective, this study highlights the importance of evolutionary 

optimization techniques in improving the robustness and adaptability of deep learning architectures. By 

automatically identifying near-optimal hyperparameter combinations, GA reduces dependency on 

heuristic tuning and increases model reproducibility, which is a critical requirement in applied artificial 

intelligence and data-driven systems. 
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4.1. Impact of Genetic Algorithm Optimization 

The results reveal that the GA-optimized LSTM model achieved an RMSE reduction exceeding 

80% compared to the baseline LSTM. This improvement indicates that GA effectively balances model 

complexity and learning capability, thereby mitigating both underfitting and overfitting risks. In 

addition, the GA-derived configuration achieves high predictive accuracy with a relatively small number 

of training epochs, demonstrating improved computational efficiency. These findings reinforce the role 

of GA as a powerful optimization strategy for deep learning models, particularly in scenarios involving 

complex nonlinear patterns and noisy data. The ability of GA to explore a broad solution space enables 

the LSTM model to better capture both short-term fluctuations and long-term dependencies in gold price 

movements. 

4.2. Bias and Accuracy Analysis of Gold Price Predictions 

 

Figure 9. Comparison of Gold Price Prediction Performance between Actual and Predicted Data 

Figure 9 illustrates the comparison between actual gold prices and predicted values over the final 

testing periods. The results indicate that the proposed model successfully captures the overall trend and 

directional movement of gold prices. However, a slight systematic underestimation is observed, 

suggesting the presence of prediction bias. This underestimation bias may be attributed to the smoothing 

effect of LSTM when modeling highly volatile financial data, particularly during periods of rapid price 

escalation. Despite this limitation, the low error values and high accuracy demonstrate that the optimized 

model maintains strong predictive reliability. Future research may address this bias by incorporating 

additional external variables or adaptive loss functions to further enhance model precision. 

4.3. Comparison With Previous Studies 

Several studies on similar topics show varying prediction performance influenced by methods, 

model configurations, and optimization techniques. A comparison of these results is presented in Table 

7. 

Based on previous studies, LSTM-based gold price prediction models exhibit varying accuracy 

depending on optimization strategies. Nurjananti (2025) reported an RMSE of 26.53 and MAPE of 

0.93% using LSTM with Grid Search, while Fathoni et al. (2025) achieved improved results with an 

RMSE of 17.25 and MAPE of 0.69% by comparing LSTM and GARCH models. Thing and Cia (2025) 

further reduced prediction error using a standalone LSTM, obtaining an RMSE of 9.36 and MAPE of 

0.37%. Recent hybrid approaches, such as LSTM optimized with Grey Wolf Optimizer (GWO), have 

also demonstrated that metaheuristic algorithms improve LSTM generalization in time series 

forecasting. Compared to these studies, the proposed LSTM–GA model achieved superior performance 

with an RMSE of 8.75 and MAPE of 0.22%, confirming that Genetic Algorithm–based optimization 

enhances prediction accuracy and robustness for volatile financial time series, thereby contributing to 

the development of AI-based financial forecasting models. 
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Table 7. Comparison with Previous Studies 

No Source Research Title Method RMSE MAPE 

1 Nurjananti (2025) Website-Based 

Gold Price 

Movement 

Prediction System 

Using LSTM 

LSTM + Grid 

Search 

26.5331 0.93% 

2 Fathoni et al. 

(2025) 

Prediksi Harga 

dan Volatilitas 

Emas Harian: 

Perbandingan 

Model GARCH & 

LSTM 

LSTM vs 

GARCH 

17.2521 0.69% 

3 Thing, Cia (2025) Analisis Time-

Series untuk 

Prediksi Harga 

Emas 

Menggunakan 

Metode Deep-

Learning: LSTM 

LSTM 9.36 0.37% 

4 Xinyi Lu  et al 

(2024) 

Research on Real-

Time Prediction 

Method of 

Photovoltaic 

Power Time 

Series Utilizing 

Improved 

GreyWolf 

Optimization 

and Long Short-

Term Memory 

Neural Network 

Improved  

GWO + 

LSTM  

- 3.45% 

 

5. CONCLUSION 

This study demonstrates that Genetic Algorithm–based hyperparameter optimization significantly 

improves the performance of the Long Short-Term Memory (LSTM) model for gold price prediction, 

as reflected by substantial reductions in RMSE, MAE, and MAPE, along with increased prediction 

accuracy compared to the standard LSTM. The proposed LSTM–GA model provides reliable short-term 

forecasts that can support investment decision-making by reducing uncertainty in volatile market 

conditions. From an Informatics perspective, this research advances the application of hybrid 

evolutionary–deep learning approaches for financial time series forecasting by reducing dependence on 

manual parameter tuning and enhancing model generalization. These findings confirm that the LSTM–

GA framework is an effective and robust solution for predicting financial assets in dynamic 

environments, while offering opportunities for further improvement through the integration of external 

variables and more advanced optimization strategies. 
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