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Abstract−Gold is one of the most important investment commodities in the global financial system, widely recognized for its role as 

a safe-haven asset and its ability to preserve value during periods of inflation, economic instability, and geopolitical uncertainty. 

Despite its relative stability compared to other financial instruments, gold prices exhibit significant volatility driven by various 

macroeconomic factors, including exchange rate movements, inflation dynamics, global monetary policy decisions, and market 
sentiment. As a result, accurate gold price prediction remains a critical challenge for investors, financial analysts, and policymakers. 

This study aims to conduct a comparative performance analysis of two machine learning algorithms, namely Long Short-Term 

Memory (LSTM) and Support Vector Regression (SVR), in predicting gold prices represented by the XAU/USD currency pair. The 

research utilizes daily historical gold price data from 2004 to 2025 obtained from the Kaggle platform. The dataset includes key 
financial attributes such as Open, High, Low, Close prices, and trading Volume. Data preprocessing steps involve data cleaning, 

chronological sorting, handling missing values through linear interpolation, feature selection, and normalization using the Min-Max 

scaling technique. The dataset is then divided sequentially into training and testing sets with an 80:20 ratio to preserve temporal 

dependencies. The LSTM model is designed to capture long-term temporal patterns using the closing price as a time series input, 
while the SVR model leverages multiple input features to model non-linear relationships through kernel-based regression. Model 

performance is evaluated using Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the coefficient of 

determination (R²). The experimental results demonstrate that the LSTM model outperforms the SVR model across all evaluation 

metrics. The LSTM achieved an RMSE of 0.0082, an MAE of 0.0060, and an R² value of 0.9969, indicating a very high level of 
predictive accuracy and strong generalization capability. In contrast, the SVR model recorded an RMSE of 0.0289, an MAE of 

0.0143, and an R² of 0.9611, reflecting lower precision, particularly during periods of high price volatility. These findings confirm 

that LSTM is more effective in capturing complex temporal dependencies and non-linear dynamics inherent in gold price time series 
data. Consequently, LSTM is recommended as a superior approach for long-term gold price forecasting, while SVR may serve as a 

complementary or baseline predictive model in financial time series analysis. 

Keywords: Comparison of Performance; Gold Price Prediction; Long Short-Term Memory (LSTM); Support Vector Regression 

(SVR); Time Series Data; Machine Learning 

1. INTRODUCTION 

Gold is an investment commodity that plays a significant role in the global financial system due to its stability against 

inflation and economic volatility. The price of gold is often regarded as an indicator of investor confidence in global 

economic conditions and serves as a safe-haven asset during periods of economic uncertainty [1]. The rapid 

advancement of information technology has driven the increasing use of data analysis and machine learning methods 

across various fields, including the financial sector. One of the most sought-after investment instruments is gold, due to 

its stability and resistance to inflation[2]. However, the price of gold is highly volatile and is influenced by various 

global economic factors such as exchange rates, inflation, and monetary policies[3]. Therefore, gold price prediction has 

become an important topic for investors, financial analysts, and policymakers in making informed and effective 

decisions [4]. 

The main challenge in gold price prediction lies in the complex, non-linear, and time-series nature of the data 

[5]. Traditional models such as linear regression often fail to capture long-term patterns and non-linear relationships 

among variables. This limitation results in less accurate and unstable predictions, particularly when significant changes 

occur in the global market [6]. Therefore, a more adaptive model is required one that can effectively learn and capture 

the dynamic relationships among variables [7]. 

As a solution, this study compares the performance of two popular machine learning algorithms, namely Long 

Short-Term Memory (LSTM) and Support Vector Regression (SVR), in predicting gold prices. LSTM, as a variant of 

the Recurrent Neural Network (RNN), has the capability to learn long-term dependencies in time-series data, making it 

suitable for analyzing the temporal characteristics of gold price data [8]. Meanwhile, SVR is known for its strong 

generalization ability in handling non-linear data through the use of kernel functions [9]. By comparing these two 

algorithms, this study aims to determine the most effective and accurate method for predicting gold prices based on 

historical data [10]. 

A previous study conducted by Azaria Beryl Nagata et al. in 2024 employed the Long Short-Term Memory 

(LSTM) method to predict gold price movements based on daily, weekly, and monthly frequency data. The results 

showed RMSE values of 21.27 for daily data, 36.69 for weekly data, and 107.93 for monthly data. These findings 

indicate that the LSTM model is capable of capturing long-term temporal dependencies in gold price dynamics [11]. 
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Subsequent research conducted by Fevrierdo Nathaniel Shanahan Putra Mawan Pradana and Frederik Samuel Papilaya 

in 2023 utilized the Support Vector Regression (SVR) method with a polynomial kernel to predict gold prices during a 

potential recession triggered by the Covid-19 pandemic and the Russia–Ukraine conflict. The model achieved a Mean 

Absolute Percentage Error (MAPE) of 4.8%, which is categorized as highly accurate in predicting gold prices for the 

year 2023 [12].  A subsequent study conducted by Yudha Randa Madhik et al. in 2023 compared the performance of the 

LSTM and ARIMA models in predicting gold prices. The results showed that the LSTM model outperformed ARIMA, 

achieving an RMSE of 8.124 and a MAPE of 0.023 using an 80% training and 20% testing data split. These findings 

demonstrate the superiority of the LSTM model in processing economic indicators that influence gold prices [13]. 

Another study conducted by Arya Bima Sena et al. in 2024 compared the use of SVR with a linear kernel in modeling 

gold prices. The results showed an error rate of 0.73% with parameters C = 10⁻⁴ and ε = 10⁻⁴, indicating that the SVR 

method possesses a high capability in accurately capturing and tracking gold price fluctuation patterns [14]. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages 

This study was conducted through several systematic stages to ensure accurate and reproducible results. The research 

stages are described as follows: 

 

Figure 1. Research Stages 

Based on Figure 1, the researcher provides an explanation to help readers understand the research stages clearly and 

systematically. 

a. Data Collection, This stage involves the process of collecting historical data on gold prices against the United States 

dollar (XAU/USD), obtained from the Kaggle platform under the title XAU/USD Gold Price Historical Data (2004–

2025). The dataset includes attributes such as date, opening price (open), highest price (high), lowest price (low), 

closing price (close), and daily trading volume. 

b. Data Preprocessing At this stage, data cleaning and preparation are carried out to ensure the dataset is ready for 

modeling. The steps include handling missing or invalid data, normalizing the data to ensure uniform value ranges, 

and dividing the dataset into training data and testing data. 

c. Modeling with LSTM, This stage employs the Long Short-Term Memory (LSTM) model for time series forecasting. 

LSTM is chosen for its ability to learn long-term patterns and dependencies from historical data, thereby enabling 

more accurate gold price predictions. 

d. Modeling with SVR, In addition to LSTM, modeling is also conducted using the Support Vector Regression (SVR) 

method for comparison. SVR works by finding an optimal regression function that minimizes prediction errors and 

is effective in handling non-linear data. 

e. Model Evaluation, After both models have been trained, performance evaluation is conducted using several metrics, 

including Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R² Score. This evaluation aims to 

assess the accuracy and performance level of each model in predicting gold prices. 

f. Analysis and Interpretation of Results, This final stage involves analyzing the model evaluation results to assess the 

effectiveness of each method and interpreting the predicted trends in gold prices. 

2.2 Data Collection 

Data collection is a systematic process undertaken to obtain primary and secondary information relevant to the research 

objectives in order to address the research questions. This activity includes determining data sources, selecting 

appropriate methods, and conducting data collection ethically to ensure its validity and reliability [15][16]. In the 

context of machine learning, data collection encompasses the processes of data acquisition through data discovery, 

augmentation, and the generation of synthetic data using models such as Generative Adversarial Networks (GANs) [17]. 
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This process also involves data labeling through crowdsourcing and weak supervision. Approaches such as active 

learning are employed to select the most informative samples, thereby minimizing the need for manual labeling, while 

data programming utilizes heuristic-based labeling functions to manage large-scale datasets [18]. The use of 

crowdsourcing through platforms such as Amazon Mechanical Turk helps enhance efficiency in managing large-scale 

datasets [19]. 

2.3 Prediction 

Prediction is a process of estimating the likelihood of future events by utilizing data and information from the past and 

present, with the aim of minimizing the error rate in the resulting forecasts [14]. Prediction is similar to classification; 

however, its primary focus is on estimating events that have not yet occurred, often referred to as early prediction, 

which aims to prevent the occurrence of undesirable outcomes through preliminary evaluation or assessment [15]. 

2.4 Data Preprocessing 

The data preprocessing stage is a crucial step in machine learning–based research, particularly for gold price prediction 

using time series data. The primary objective of this stage is to enhance data quality, eliminate noise, and adjust feature 

scaling to enable the model to learn optimally [20]. 

a. Data Cleaning 

The first step in preprocessing is cleaning the data from missing values and outliers. To handle missing values, the 

linear interpolation method is applied, which estimates the values between two data points based on a connecting 

straight line. The linear interpolation formula can be expressed as follows: 

𝑌𝑡 =  𝑌𝑡−1 +
(𝑌𝑡+1−𝑌𝑡−1)

(𝑡+1−(𝑡−1)
× (𝑡 − (𝑡 − 1))        (1) 

where 𝑌𝑡 is the interpolated value at time 𝑡, and 𝑌𝑡−1and 𝑌𝑡+1 represent the preceding and succeeding values, 

respectively. 

b. Gold price data are highly susceptible to sharp fluctuations caused by global economic factors such as monetary 

policy, geopolitics, and inflation. Extreme fluctuations that do not represent normal market conditions are referred to 

as outliers. 

To detect outliers, a statistical approach known as the Interquartile Range (IQR) method is used, with the following 

formula: 

𝐼𝑄𝑅 = 𝑄3 − 𝑄1           (2) 

Data are considered outliers if: 

𝑥 < 𝑄1 − 1.5 × 𝐼𝑄𝑅𝑎𝑡𝑎𝑢𝑥 > 𝑄3 + 1.5 × 𝐼𝑄𝑅       (3) 

Values identified as outliers are replaced using the median or linear interpolation results to ensure a more stable data 

distribution. 

c. Data Normalization 

The next step is to normalize the data scale so that each feature has a uniform value range. This is important because 

differing feature scales can introduce bias during the model training process. 

The technique used in this study is Min-Max normalization, which transforms the original value range into a scale 

between 0 and 1 using the following formula: 

𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
           (4) 

where 𝑋′represents the normalized value, 𝑋is the original value, and 𝑋minand 𝑋maxdenote the minimum and 

maximum values, respectively. 

2.5 Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) is an extension of the Recurrent Neural Network (RNN) architecture, equipped with 

memory cells that enable the retention of information over long periods. This mechanism allows LSTM to overcome the 

vanishing gradient problem that often occurs in RNNs when processing long sequential data [21]. In the LSTM 

architecture, there are four types of gate units: the forget gate, input gate, cell gate, and output gate. Each gate has its 

respective function and mathematical equation, as follows [22]: 

Forgate Gate (𝑓𝑡) : 

𝑓𝑡 = 𝜎(𝑊𝑓 × 𝑋𝑡 + 𝑈𝑓 × ℎ𝑡 − 1 + 𝑏𝑓)        (5) 

This gate functions to determine how much information from the previous cell state (𝑐𝑡−1) should be retained or 

forgotten. The value of 𝑓𝑡 ranges between 0 and 1, where a value of 1 indicates that the information is fully retained, 

while a value of 0 indicates that the information is completely discarded. This function is crucial for maintaining the 

relevance of memory, ensuring that the network does not retain information that is no longer needed. 

Input Gate (𝑖𝑡) : 
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𝑖𝑡 = 𝜎(𝑊𝑖 × 𝑋𝑡 + 𝑈𝑖 × ℎ𝑡 − 1 + 𝑏𝑖)         (6) 

This gate functions to determine how much new information from the current input (𝑋𝑡) will be stored in the cell 

state. The value 𝑈𝑖 represents the weight connecting the input to the previous hidden state, 𝑏𝑖 denotes the bias term, 

while 𝜎is the sigmoid activation function that produces values between 0 and 1, acting as a gate controller. When the 

output value approaches 1, a large amount of new information is stored; conversely, when it approaches 0, little to no 

information is retained. 

Cell Gate (Candidate Cell State) (𝑐𝑡) 

𝑐𝑡′ = 𝑡𝑎𝑛ℎ(𝑊𝑐 × 𝑋𝑡 + 𝑈𝑐 × ℎ𝑡 − 1 + 𝑏𝑐)        (7) 

This component functions to generate candidate new values (candidate cell state) that can be added to the cell 

state based on the current input (𝑋𝑡) and the previous hidden state (ℎ𝑡−1). The tanh activation function maintains 

stability by constraining the values between -1 and 1. The result of the cell gate is then multiplied by the input gate (𝑖𝑡) 

to ensure that only important information is retained, thereby determining which new information will be stored in long-

term memory. 

Output Gate (𝑜𝑡) 

𝑜𝑡 = 𝜎(𝑊𝑜 × 𝑋𝑡 + 𝑈𝑜 × ℎ𝑡 − 1 + 𝑏𝑜)        (8) 

The output gate functions to regulate how much information from the cell state (𝑐𝑡) is passed on as the hidden 

state (ℎ𝑡). The sigmoid activation function (𝜎) produces values between 0 and 1, serving as a control mechanism, which 

are then multiplied by the result of tanh (𝑐𝑡)to ensure that only relevant information is transmitted. Thus, the output 

gate determines which portion of information is released from memory to influence the outcome in the subsequent step. 

2.6 Support Vector Regression (SVR) 

Support Vector Regression (SVR) is an extension of the Support Vector Machine (SVM) method that is used for 

regression problems or the prediction of continuous values. SVR operates by finding the optimal function that can 

predict the output based on the input, utilizing the concept of an optimal hyperplane that minimizes prediction errors 

while maintaining the maximum margin between training data points [23]. The main objective of Support Vector 

Regression (SVR) is to find a regression function 𝑓(𝑥)in the form of a hyperplane that can represent all input data with 

the smallest possible error level (𝜀). In other words, SVR aims to construct a model that minimizes the deviation 

between the predicted results and the actual data[24]. SVR operates by finding a function that has the smallest possible 

deviation from the actual data within a specified tolerance margin 𝜀 [25]. 

The main equation of SVR: 

𝑓(𝑥) = ⟨𝑤, 𝑥⟩ + 𝑏           (9) 

with the optimization function: 

min
1

2
||𝑤||2 + 𝐶 ∑ (𝜉𝑖 + 𝜉𝑖 ∗)𝑛

𝑖=1   (10) 

subject to the following conditions: 

𝑦𝑖 − ⟨𝑤, 𝑥𝑖⟩ − 𝑏 ≤ 𝜀 + 𝜉𝑖  (11) 

⟨w, xi⟩ + b − yi ≤ ε + ξi ∗   (12) 

The parameter 𝐶 controls the trade-off between model complexity and error tolerance, while the kernel function 

(commonly the RBF kernel) is used to capture non-linear relationships. 

3. RESULTS AND DISCUSSION 

3.1 Data Collection 

This study utilizes historical data of global gold prices paired with the XAU/USD (Gold vs US Dollar) currency pair, 

obtained from a public dataset available on Kaggle. The dataset contains records of gold prices against the United States 

Dollar from 2004 to 2025, with a daily time interval. The following is an example of the dataset table used in this study: 

Table 1. Gold Price Data 

 Date Open High Low Close Volume 

 2004-06-11 384 384.8 382.8 384.1 272 

 2004-06-14 384.3 385.8 381.8 382.8 1902 

 2004-06-15 382.8 388.8 381.1 388.6 1951 

 2004-06-16 387.1 389.8 382.6 383.8 2014 

 2004-06-17 383.6 389.3 383 387.6 1568 
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 Date Open High Low Close Volume 

 ... ... ... ... ... ... 

 2015-01-02 1186.94 1195.03 1167.33 1188.82 97717 

 2015.01.05 1187.73 1207.28 1178 1204.32 122116 

 ... ... ... ... ... ... 

 2025-09.29 3759.47 3834.05 3756.58 3833.28 494753 

 2025-09-30 3832.81 3871.61 3792.98 3858.15 522111 

 2025-10-01 3859.31 3875.57 3854.53 3865.88 47836 

Table 1 presents a snapshot of the historical global gold price data against the United States Dollar (XAU/USD) 

used in this study. The data covers the period from June 11, 2004, to October 1, 2025, with a daily recording frequency. 

Each row in the table represents gold trading activity on a specific day in the global market. The columns in the table 

consist of several key variables, namely Date, Open, High, Low, Close, and Volume. The Date column indicates the date 

of the transaction or gold price recording, while Open represents the opening price of gold at the beginning of the 

trading session. The High column provides information about the highest price reached during the trading session, and 

Low indicates the lowest price on the same day. The Close column represents the closing price of gold at the end of the 

trading session, which serves as the main variable in this study because it reflects the final value of daily transactions 

and is considered the most stable indicator for trend analysis. Meanwhile, the Volume column shows the amount of gold 

trading volume that occurred on that particular day. The data presented in this table serves as the foundation for the 

analysis and the development of the gold price prediction models using the Long Short-Term Memory (LSTM) and 

Support Vector Regression (SVR) algorithms. Through this historical data, both algorithms are trained to identify 

patterns, trends, and the dynamics of gold price movements over time, thereby enabling more accurate forecasting of 

future gold prices. 

3.2 Data Preprocessing 

The data preprocessing stage was carried out to prepare the historical gold price data (XAU/USD) for modeling using 

LSTM and SVR. This process included data cleaning, converting date formats into datetime, and sorting the data 

chronologically. Missing values were handled using linear interpolation to maintain data continuity. Next, feature 

selection was performed, where the LSTM model utilized the Close attribute as the primary focus due to its time series 

nature, while the SVR model used Open, High, Low, and Volume as input variables with Close as the target variable. 

All data were then normalized using the Min-Max Scaler within the range [0,1] to ensure that each feature had a 

uniform scale and to improve model performance. Finally, the data were divided into training (80%) and testing (20%) 

sets sequentially to preserve the temporal order. As a result, the preprocessing stage produced a clean, standardized 

dataset that was ready for training and evaluating both prediction models. 

The following figure presents a graph illustrating the movement of gold prices (XAU/USD) over the observation 

period. This data is used to examine the long-term patterns of gold price fluctuations and to understand the trends that 

have occurred over the years. The visualization also serves as a foundation for analyzing changes in value and the 

stability of gold prices in relation to global economic conditions. 

 

Figure 2. Gold Price Chart Before Normalization 

 

Figure 3. Gold Price Chart After Normalization 
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Based on the two figures (2 and 3), it can be observed that the gold price (XAU/USD) experienced a significant 

upward trend during the period from 2004 to 2025. In Figure 2, it is evident that the gold price gradually increased from 

a relatively low range at the beginning of the period to much higher values in the later years. This pattern indicates that 

gold prices tend to rise in the long term, although accompanied by several sharp fluctuations caused by global economic 

conditions such as financial crises, pandemics, and changes in global monetary policies. 

Meanwhile, Figure 3 presents the gold price data after the normalization process. With the values scaled to the 

range of 0–1, this graph displays the same pattern of price changes as the original data but in a form that is easier to 

compare and analyze. This normalization helps highlight the overall trends without being affected by the magnitude of 

the nominal gold price values. 

3.3 Gold Price Prediction Using LSTM  

At this stage, the gold price (XAU/USD) prediction modeling process was carried out using the Long Short-Term 

Memory (LSTM) method, which is one of the artificial neural network (Recurrent Neural Network) architectures 

effective for handling time series data. The model was trained using historical gold price data from the 2004–2025 

period, which had previously undergone preprocessing and normalization within the range [0,1]. The following figure 

presents a comparison between the actual gold prices (Actual Price) and the LSTM model predictions (Predicted Price) 

in the form of a time series graph. The purpose of this visualization is to demonstrate the extent to which the LSTM 

model can learn the patterns of gold price movements and generate predictions that closely approximate the actual data. 

 

Figure 4. Gold Price Prediction Graph Using the LSTM Method 

Figure 4 presents the results of gold price (XAU/USD) prediction using the Long Short-Term Memory (LSTM) 

model based on historical data from the 2004–2025 period. Visually, the red line representing the model’s predicted 

values appears almost entirely overlapping with the blue line representing the actual prices. This indicates that the 

LSTM model is capable of effectively learning and representing the patterns of gold price movements. The model 

successfully captures long-term trend directions, including periods of price increases and decreases, and can follow 

short-term fluctuations without significant deviations. Based on the model evaluation results, the Root Mean Square 

Error (RMSE) value was 0.0082, the Mean Absolute Error (MAE) value was 0.0060, and the coefficient of 

determination (R²) was 0.9969. The very small prediction error values indicate that the differences between the actual 

and predicted prices are minimal. Meanwhile, the R² value, which is close to 1, indicates that approximately 99.69% of 

the variation in gold prices can be explained by the model. Thus, the LSTM model demonstrates a high level of 

generalization capability on the test data. Furthermore, since the data were normalized within the range [0,1], the 

upward movement of the graph approaching a value of 1 toward the end indicates a tendency for gold prices to increase 

as 2025 approaches. The LSTM model successfully replicates this upward trend with high accuracy, demonstrating that 

the model is effective in capturing gold market trends and price dynamics. 

3.4 SVR Gold Price Prediction Using SVR 

After the modeling process using the LSTM method, this study also applied the Support Vector Regression (SVR) 

approach to compare the performance of both methods in predicting gold prices (XAU/USD). The SVR model was 

employed due to its ability to handle non-linear relationships between the input variables (Open, High, Low, Volume) 

and the closing price (Close). The training process was conducted using the same dataset, namely the historical gold 

price data for the 2004–2025 period, which had been normalized to the range [0,1] to ensure consistency with the 

previous model. The following figure presents a comparison between the actual gold prices (Actual Price) and the SVR 

model predictions (Predicted Price). This visualization aims to demonstrate the SVR model’s capability to follow the 

pattern of gold price movements over time and to evaluate the level of prediction accuracy achieved in comparison with 

the actual values. 
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Figure 5. Gold Price Prediction Graph Using the SVR Method 

Figure 5 presents the results of gold price (XAU/USD) prediction using the Support Vector Regression (SVR) 

method based on historical data from the 2004–2025 period. The graph shows that the orange line, representing the 

SVR model’s predicted values, generally follows the overall direction of the blue line, which represents the actual 

prices. This indicates that the SVR model is capable of recognizing the general pattern of gold price movements, 

particularly in stable long-term trends. However, in several parts of the graph especially during sharp price increases 

toward the end of the period the prediction line begins to deviate from the actual values. This deviation suggests that the 

SVR model has limitations in capturing highly volatile market dynamics. The model evaluation results show an RMSE 

of 0.0289, an MAE of 0.0143, and an R² of 0.9611. These values still indicate reasonably good performance, with an 

accuracy level of approximately 96.11%. Nevertheless, the prediction errors of the SVR model (RMSE and MAE) are 

relatively higher compared to those of the LSTM model, meaning that the SVR predictions are slightly less precise 

when compared to the actual data. This difference may be attributed to the nature of the SVR model, which is less 

optimal in handling temporal dependencies and complex non-linear patterns commonly found in time series data such 

as gold prices. 

3.5 Comparison of LSTM and SVR Model Performance 

After conducting the modeling and evaluation processes for the two prediction methods Long Short-Term Memory 

(LSTM) and Support Vector Regression (SVR) the next step is to compare their performance based on several key 

evaluation metrics, namely Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the coefficient of 

determination (R²). The following figure presents a comparison of the performance results of both models in the form of 

a bar chart. The purpose of this visualization is to clearly illustrate the differences in accuracy levels and prediction 

errors between the two approaches. Through this comparison, it can be determined which model produces predictions 

that are closest to the actual values and demonstrates the best capability in capturing the patterns and trends of gold 

price (XAU/USD) movements. 

 

Figure 6. Performance Comparison Visualization Between the LSTM and SVR Models 

Figure 6 illustrates the performance comparison between the Long Short-Term Memory (LSTM) and Support 

Vector Regression (SVR) models based on three key evaluation metrics: Root Mean Squared Error (RMSE), Mean 

Absolute Error (MAE), and the coefficient of determination (R²). The visualization shows that the LSTM model 

consistently produces lower RMSE and MAE values compared to the SVR model, indicating that the prediction error in 

LSTM is significantly smaller. Conversely, the R² value for the LSTM model is nearly 1.0, demonstrating that it can 

explain almost all variations in gold price data with high accuracy. Meanwhile, the R² value for the SVR model is 
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slightly lower, suggesting that although SVR maintains a fairly good level of accuracy, its ability to capture complex 

patterns in time series data is inferior to that of LSTM. This difference indicates that LSTM delivers superior predictive 

performance compared to SVR, primarily due to its capability to recognize temporal relationships and long-term 

patterns in historical gold price data. The SVR model tends to perform well with simpler non-linear patterns but 

struggles with highly fluctuating price dynamics. Overall, the graph reinforces that the LSTM model is more suitable 

for long-term gold price prediction based on time series data, while the SVR model serves better as a comparative or 

baseline model with moderate accuracy. 

3.6 Discussion 

The results of this study demonstrate clear performance differences between the Long Short-Term Memory (LSTM) and 

Support Vector Regression (SVR) models in predicting gold prices (XAU/USD). Based on the evaluation metrics 

RMSE, MAE, and R², the LSTM model consistently outperforms the SVR model, indicating its superior capability in 

modeling complex financial time series data. 

The strong performance of the LSTM model can be attributed to its architectural design, which is specifically 

developed to handle sequential data and long-term temporal dependencies. Gold price movements are influenced not 

only by immediate market conditions but also by historical trends, delayed economic effects, and cumulative investor 

sentiment. The memory cells and gating mechanisms in LSTM enable the model to retain relevant historical 

information while filtering out noise, allowing it to accurately capture both long-term trends and short-term fluctuations. 

This characteristic is reflected in the very low RMSE and MAE values, as well as an R² value close to 1, indicating that 

most of the variance in gold price data is successfully explained by the model. 

In contrast, the SVR model shows reasonably good performance but exhibits limitations when applied to highly 

volatile and temporally dependent data. Although SVR is effective in modeling non-linear relationships through kernel 

functions, it does not inherently account for sequential dependencies in time series data. As observed in the prediction 

results, SVR is able to follow the general direction of gold price trends but struggles to adapt to sudden price spikes and 

sharp fluctuations, particularly during periods of increased market uncertainty. This limitation results in higher 

prediction errors compared to the LSTM model. 

The findings of this study are consistent with previous research that highlights the advantages of deep learning 

approaches over traditional machine learning models for financial forecasting. Earlier studies have reported that LSTM-

based models outperform statistical and kernel-based methods in capturing the dynamic behavior of commodity prices. 

Similarly, SVR has been shown to provide competitive results under relatively stable market conditions but tends to 

underperform when dealing with complex temporal patterns. 

Overall, this comparative analysis confirms that LSTM is more suitable for long-term gold price prediction using 

historical time series data. The SVR model, while still useful as a benchmark or complementary method, is less 

effective in capturing the intricate temporal structures inherent in gold price movements. These results emphasize the 

importance of selecting models that align with the underlying characteristics of financial data to achieve accurate and 

reliable forecasting outcomes. 

4. CONCLUSION 

Based on the results of the study on gold price (XAU/USD) prediction using two methods, namely Long Short-Term 

Memory (LSTM) and Support Vector Regression (SVR), it can be concluded that the LSTM model provides better 

predictive performance compared to the SVR model. This is evident from the model evaluation results, where LSTM 

achieved an RMSE value of 0.0082, an MAE value of 0.0060, and an R² value of 0.9969, while SVR obtained an 

RMSE value of 0.0289, an MAE value of 0.0143, and an R² value of 0.9611. The smaller prediction errors and the 

coefficient of determination value approaching 1 indicate that LSTM has a superior ability to recognize historical data 

patterns and predict gold price movements with a high level of accuracy. The LSTM model outperforms SVR due to its 

capability to handle time series data and capture long-term temporal dependencies between periods, whereas SVR is 

more limited in identifying complex non-linear patterns present in gold price fluctuations. Nevertheless, the SVR model 

still produces reasonably good prediction results and can serve as a comparative or baseline model in gold price 

prediction analysis. 
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