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Abstract − Global gold prices exhibit high volatility and complex temporal patterns, making accurate forecasting a 
challenging task. This study aims to compare the performance of deep learning models for short-term and long-term gold 
price prediction using daily historical data. Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) were 
selected because both models can capture temporal dependencies in financial time-series data, while having different 
architectural complexities and learning characteristics. Comparing these models is important to identify the most suitable 
approach for different forecasting horizons. The dataset consists of daily global gold prices denominated in USD obtained 
from an open financial data source covering the period from 2010 to 2024. The models were evaluated under two 
forecasting horizons, namely short-term prediction (1 day ahead) and long-term prediction (30 days ahead). Model 
performance was assessed using Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE). Experimental 
results indicate that the GRU model outperforms LSTM in short-term forecasting by producing lower prediction errors, 
while LSTM demonstrates slightly better stability in long-term forecasting. These findings suggest that the effectiveness 
of deep learning models for gold price prediction is highly dependent on the forecasting horizon. 
 
Keywords – Gold price prediction, LSTM, GRU, time series forecasting, deep learning 

I. INTRODUCTION 
Gold is often regarded as a 'safe-haven' asset, 

particularly in times of economic uncertainty, prompting a 
strong interest in its price forecasting [1]. Predicting gold 
prices not only aids investors in making informed decisions 
but also assists governments in economic planning [2]. 
Various studies have underscored the significance of timely 
and accurate gold price predictions given its role in market 
dynamics and investment strategies [3], [4]. 

Gold price forecasting is a complex time-series problem 
because price dynamics are often nonlinear and shaped by 
a wide range of global economic factors. Beyond short-
term fluctuations driven by market sentiment, gold prices 
also exhibit long-run patterns associated with inflation, 
exchange rates, and broader macroeconomic conditions. 
These characteristics give rise to heterogeneous temporal 
dependencies across both short and long horizons, thereby 
increasing the difficulty of producing accurate price 
predictions. 

Conventional approaches to time series forecasting, 
including classical statistical models, typically assume 
linear relationships and data stationarity [5], [6]. These 
assumptions are often violated in financial datasets that are 
inherently dynamic and volatile. Consequently, such 
models are limited in their ability to capture nonlinear 
patterns and complex temporal dependencies embedded in 
gold price movements. These limitations underscore the 
need for alternative methods that are more flexible and 
adaptive to the characteristics of modern financial data. 

Alongside advances in computing technology and the 
increasing availability of large-scale datasets, machine 
learning and deep learning approaches have been 
increasingly adopted for forecasting financial asset prices. 
These methods can automatically learn complex patterns 
from historical data without relying on stringent linearity 

assumptions. In the context of gold price prediction, prior 
studies indicate that deep learning–based models often 
deliver higher predictive accuracy than traditional 
statistical techniques, particularly when the data exhibit 
nonlinear dynamics and high volatility. 

One of the most widely adopted deep learning 
architectures for time series data is the Recurrent Neural 
Network (RNN), particularly its variants Long Short-Term 
Memory (LSTM) and Gated Recurrent Unit (GRU). LSTM 
was developed to address the vanishing gradient problem 
in conventional RNNs and is designed to capture long-
range dependencies in sequential data. In contrast, GRU 
can be viewed as a streamlined alternative to LSTM, 
featuring a more compact gating structure and fewer 
parameters. As a result, GRU often provides better 
computational efficiency while maintaining competitive 
performance across a wide range of time series forecasting 
applications. 

Although LSTM and GRU have been widely applied to 
gold price forecasting, most prior studies evaluate model 
performance at a single, fixed forecasting horizon. This 
approach does not explicitly distinguish the characteristics 
and challenges associated with short term versus long term 
prediction. In practice, short term forecasting emphasizes a 
model’s ability to track daily price fluctuations, whereas 
long term forecasting prioritizes robustness and stability in 
capturing sustained trends and longer run patterns [7], [8], 
[9]. These differing objectives may substantially influence 
the suitability and effectiveness of the modeling approach 
used. 

In the context of investment decision making and risk 
management, distinguishing between short term and long 
term forecasting is crucial. Short term investors require 
predictions that are sensitive to daily price movements, 
whereas long term investors need a more stable 
representation of price trends to support portfolio planning. 
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Therefore, the evaluation of gold price forecasting models 
should explicitly account for the forecasting horizon so that 
the resulting performance assessment is better aligned with 
end user needs. 

The dataset used in this study was collected from the 
Kaggle platform, which provides publicly accessible 
historical financial market data. Specifically, the dataset 
contains daily global gold prices denominated in USD 
covering the period from January 2010 to December 2024. 
The data were downloaded in CSV format and 
subsequently processed for forecasting experiments. The 
use of a long historical observation period enables the 
models to learn both short-term fluctuations and long-term 
temporal trends in gold price movements. 

Building on the identified research gap, this study aims 
to compare the predictive performance of Long Short-Term 
Memory (LSTM) and Gated Recurrent Unit (GRU) models 
for forecasting global gold prices across two distinct time 
horizons: short-term (one day ahead) and long-term (thirty 
days ahead). Using historical daily gold price data, the 
study evaluates both models based on standard prediction 
error metrics, namely the Root Mean Squared Error 
(RMSE) and Mean Absolute Error (MAE). The findings are 
expected to provide a more comprehensive understanding 
of how forecasting horizon influences deep learning model 
performance, while also offering practical guidance for 
researchers and practitioners in selecting an appropriate 
gold price prediction model for analytical and decision-
making purposes. 

II. RESEARCH METHODOLOGY 
 

This study was used a quantitative, experimental 
approach to forecast global gold prices using historical 
time-series data. The research procedure were comprised 
data collection, data preprocessing, predictive model 
development, and performance evaluation under both 
short-term and long-term forecasting horizons. 

 
A. Dataset  

The dataset used in this study was obtained from the 
Kaggle platform through the dataset entitled “Gold Price 
Historical Data” . The dataset contains historical daily gold 
prices denominated in United States Dollars (USD) and 
covers the observation period from January 2010 to 
December 2024. 

 
The data were downloaded in CSV format and consist 

of several variables, including Date, Open, High, Low, 
Close, and Volume. Among these variables, the closing 
price was selected as the primary variable for forecasting 
because it represents the final market price at the end of 
each trading day and is commonly used in financial time-
series prediction studies. 

 
The dataset was chosen because it provides long-term 

sequential financial data with daily granularity, allowing 
the analysis of both short-term price fluctuations and long-
term gold price trends using deep learning models. 

 
B. Data Preprocessing 

 

The historical gold price data used in this study were 
obtained as a daily time-series dataset. The first 
preprocessing step involved verifying that the time column 
(Date) was stored in a valid date format and that the 
observations were ordered chronologically. 

Next, the closing price column was selected as the 
primary variable because it represents the final transaction 
price each day and constitutes the main target for price 
forecasting. To enhance the performance of the deep 
learning model, the data were subsequently normalized 
using Min-Max scaling, so that all values fell within the 
range of 0 to 1. This normalization facilitates faster 
convergence during model training. 

 
C. Sequence Construction and Prediction Horizon 
 

Historical gold price data were transformed into 
sequential samples using a 30-day window, where the 
preceding 30 days of prices were used as the model input. 
The study distinguishes two forecasting horizons, namely 
short-term and long-term prediction. Short-term prediction 
refers to one-day-ahead forecasting, whereas long-term 
prediction refers to 30-days-ahead forecasting. This 
separation is intended to examine how differences in the 
forecasting horizon affect model performance. 

 
D. Forecasting Model 

 
This study employs Long Short-Term Memory (LSTM) 

and Gated Recurrent Unit (GRU) models, both of which 
belong to the Recurrent Neural Network (RNN) 
architecture. The LSTM architecture incorporates memory 
cells and gates that regulate the flow of information. These 
gates include input, output, and forget gates, which manage 
the cell state and decide what information to keep or 
discard. This structured gating mechanism facilitates the 
learning of long-term dependencies in sequential data, 
making LSTMs especially suitable for tasks requiring 
retention of information over extended periods [10]. 
LSTMs have been found to generally outperform 
traditional RNNs when dealing with complex time series 
data. While RNNs may struggle with long-range 
dependencies, LSTMs maintain performance even over 
extended sequences, which is critical for capturing 
temporal patterns in financial datasets and economic 
indicators [11]. Recent comparative analyses have 
confirmed that LSTMs can yield better accuracy in forecast 
tasks as opposed to simpler models [12], [13]. 

GRUs, as a specific type of Recurrent Neural Network 
(RNN), are adept at processing variable-length sequences. 
Their design includes gating mechanisms that help mitigate 
the vanishing gradient problem, allowing the model to 
retain relevant information over longer periods, which is 
essential in financial data characterized by temporal 
dependencies [14], [15]. The advantages of GRUs over 
traditional RNNs and even Long Short-Term Memory 
(LSTM) networks stem primarily from their simpler 
architecture, which can lead to faster training times and 
fewer parameters to optimize [16], [17]. Recent studies 
emphasize that GRUs can maintain performance while 
being comparatively efficient, making them suitable for 
high-frequency financial data analysis [18].  
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Empirical evaluations have indicated that GRUs 
frequently outperform other architectures when applied to 
stock price and cryptocurrency predictions. For instance, a 
study focusing on cryptocurrency price predictions 
indicated that GRUs outperformed both LSTM and 
bidirectional LSTM models in terms of prediction accuracy 
for Bitcoin, Litecoin, and Ethereum, leading to lower Mean 
Absolute Percentage Error (MAPE) values [19]. 
Furthermore, research exploring stock price predictions 
demonstrated that GRU models effectively captured 
intraday price movements better than competing 
architectures [20]. 

 
E. Data Splitting 

 
The dataset was partitioned into two subsets: a training 

set and a test set. Specifically, 80% of the observations 
were used for model development, while the remaining 
20% were reserved for evaluating the model’s 
generalization performance. To mitigate the risk of data 
leakage during training, the split was performed 
chronologically based on the time order of the observations, 
ensuring that the test set contains only data points occurring 
after the training period. 

 
F. Model Performance Evaluation 

 
Model performance was evaluated using prediction 

error metrics, namely the Root Mean Squared Error 
(RMSE) and the Mean Absolute Error (MAE). RMSE 
quantifies the magnitude of prediction errors by assigning 
a higher penalty to larger deviations, whereas MAE 
measures the average absolute difference between the 
observed and predicted values. These two metrics were 
employed to compare the performance of LSTM and GRU 
models for both short-term and long-term forecasting. 

 
G. Research Flow 

 
In general, the research workflow begins with 

collecting a dataset of global gold prices, followed by data 
preprocessing and the construction of sequential input data. 
The processed data are then used to train LSTM and GRU 
models under two different forecasting horizons. The final 
stage involves evaluating and analyzing the prediction 
results to identify the most suitable model for each time 
horizon. The overall workflow is illustrated in Figure 1. 

 

 
Figure 1. Research flowchart for short-term and long-term 

gold price forecasting using LSTM and GRU models 

III. RESULTS AND DISCUSSION 
 

This section presents the experimental results of 
global gold price forecasting using LSTM and GRU models 
under short-term and long-term horizons, and discusses the 
findings based on evaluation metrics and prediction 
visualizations. 

 
A. Short-Term Forecasting Results  

 
Short-term forecasting was conducted with a one-

day-ahead horizon using historical daily gold price data. 
The LSTM and GRU models were trained on the training 
set and evaluated on the test set to assess each model’s 
ability to track short-term fluctuations in gold prices. The 
evaluation results yielded the following prediction errors: 
the LSTM achieved an RMSE of 40.87 and an MAE of 
31.12, while the GRU achieved an RMSE of 31.31 and 
an MAE of 23.26. 

The lower RMSE and MAE values obtained by the 
GRU model indicate that GRU provides better 
performance for short-term gold price forecasting. 

 

 
Figure 2. Short-term gold price prediction (1 day 

ahead) using the LSTM model. 
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B. Long-Term Forecasting 
 
Long-term forecasting was conducted using a 30-day 

ahead horizon to assess model stability in capturing gold 
price trends over an extended period. The evaluation 
results indicate that prediction errors increased 
substantially relative to short-term forecasts, a pattern 
commonly observed in time-series forecasting. The 
obtained performance metrics were as follows: the LSTM 
model achieved an RMSE of 113.76 and an MAE of 
88.27, while the GRU model achieved an RMSE of 
116.54 and an MAE of 88.42. 

Although the differences are relatively small, the 
LSTM model exhibited a slightly lower RMSE than the 
GRU model, suggesting better stability for long-term 
prediction. 

 

 
Figure 3. Long-term gold price prediction (30 days ahead) 

using the GRU model. 
 

C. Comparison of Short-Term and Long-Term 
Forecasting Results  

 
Table 1. Model Performance Comparison  

of LSTM and GRU 

Horizon Prediksi Model RMSE MAE 

Short-Term (1 Day) LSTM 40.87 31.12 

Short-Term (1 Day) GRU 31.31 23.26 

Long-Term (30 Days) LSTM 113.76 88.27 

Long-Term (30 Days) GRU 116.54 88.42 

 
To provide a clearer quantitative assessment, the 

performance of the Long Short-Term Memory (LSTM) 
and Gated Recurrent Unit (GRU) models was compared 
using the root mean squared error (RMSE) and mean 
absolute error (MAE) across both forecasting horizons. 
The comparative results indicate that neither model 
consistently outperforms the other across all time 
horizons. 

Based on the experimental findings, model 
performance appears to be strongly dependent on the 
forecasting horizon. For short-term forecasts, the GRU 
model yields lower prediction errors than the LSTM. This 
advantage may be attributable to the relatively simpler 
GRU architecture, which can be more responsive to short-
term price fluctuations. 

In contrast, for long-term forecasts, both models 
exhibit increased prediction errors, likely due to the 
accumulation of uncertainty over extended horizons. 
Nevertheless, LSTM demonstrates slightly more stable 
performance than GRU, suggesting a stronger capacity to 

capture long-range temporal dependencies. 
Overall, these findings underscore that the selection 

of a gold price forecasting model should be aligned with 
the analytical objective. For short-term prediction tasks, 
GRU is recommended, whereas for longer-term 
forecasting, LSTM may represent a more stable option. 

IV. CONCLUSION 
 
This study aims to compare the predictive performance 

of Long Short-Term Memory (LSTM) and Gated Recurrent 
Unit (GRU) models in forecasting global gold prices over 
short-term and long-term horizons using daily historical 
data. The forecasting task is implemented under two 
horizon scenarios: one-day-ahead prediction for short-term 
forecasting and thirty-day-ahead prediction for long-term 
forecasting. 

Experimental results indicate that model performance is 
strongly influenced by the forecasting horizon. For short-
term forecasting, the GRU model outperforms LSTM, as 
reflected by lower RMSE and MAE values. This finding 
suggests that the comparatively simpler gating structure of 
GRU can respond more effectively to short-run fluctuations 
in gold prices. 

In contrast, under long-term forecasting, both models 
exhibit a substantial increase in prediction error due to the 
accumulation of uncertainty inherent in multi-step time-
series forecasting. Although the differences are relatively 
modest, LSTM achieves a slightly lower RMSE than GRU, 
indicating better stability in capturing long-range 
dependencies in gold price dynamics. 

Overall, the results confirm that no single model is 
consistently superior across all forecasting horizons. 
Therefore, model selection for gold price forecasting 
should be aligned with the analytical objective. GRU is 
more suitable for short-term forecasting needs, whereas 
LSTM is more appropriate for long-term forecasting tasks 
that require stronger temporal stability. 
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