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Abstract

Gold is very popular investment instrument due to its annual prices increases. In the long term, gold prices
follow a nonlinear pattern, but in the short term, there are fluctuations influenced by various factors, including
global market dynamics, monetary policy, and overall economic conditions. Therefore, predicting gold prices is
an important step in minimizing risk and maximizing profits for investors. In this study, we analyze the
performance of two methods for forecasting global gold prices, namely long short term memory (LSTM) and
autoregressive integrated moving average with exogenous variables (ARIMAX). Data used is weekly global gold
price data from August 1, 2000, to June 1, 2024. The variables used are close as the dependent variable and open
as the exogenous variable. The data used is stationary data through the differencing process and algorithmic
transformation to overcome non-stationarity issues. The best LSTM model uses the Tanh activation function
with 30 LSTM units, 10 timesteps, and a dropout of 0.01, resulting in a MAPE value of 5.323%. The best ARIMAX
model obtained was the ARIMAX (0,1,1) model, with a MAPE value of 0.55% for the test data and 0.61% for the
training data. The research results, indicate that the higher accuracy of ARIMAX reflects its suitability for linear
data such as gold prices, but the accuracy of LSTM which is below 10% still performs well for more complex
data patterns.
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1. INTRODUCTION

Gold is very popular investment instrument due to its annual prices increases. Gold is dense, shiny,
and considered the most malleable metal among other metals, which makes its value and price very
valuable. In the world of investment, the price of gold has a linear pattern in the long term, but in the
short term, it tends to be non-linear due to fluctuations influenced by supply and demand, currency
exchange rate changes, inflation, and monetary policies of central banks in various countries.

Old prices can be categorized as time series data. Time series data is a series of data that has a certain
time span in the same interval [1]. The main basis in solving time series problems is to collect and select
the right variables, then choose the best model that has the best accuracy [2]. Time series modeling can
be grouped based on stationarity as well as the number of variables observed [3]. The two main methods
in predicting gold prices are long short term memory (LSTM) and autoregressive integrated moving
average with exogenous variables (ARIMAX). LSTM is a development of reccurent neural network (RNN)
and effectively handles complex patterns and long-term dependencies. Meanwhile, ARIMAX is an
extension of ARIMA that adds external variables such as inflation and exchange rates, providing more
accurate predictions.

Previous research shows the good performance of LSTM and ARIMAX. LSTM excels in processing
complex data, while ARIMAX effectively uses external variables. This study compares the two methods
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in predicting world gold prices (2000-2024) to determine the best model based on accuracy using MAPE.
This study uses the stationary LSTM method to overcome data non-stationarity, ensuring statistical
stability of the model inputs. On the other hand, ARIMAX requires stationary data as one of the basic
assumptions, so the data used has also gone through a stationary process. Both methods are tested with
stationary data to ensure a fair and objective comparison in handling equally stationary data. The results
are expected to provide insight into the advantages of each method and help investors in dealing with
global economic uncertainty.

2. METHODS

2.1. Basic Concepts of Time Series

A time series is a series of data that is bound to a specific time span and equal intervals. Time series
modeling can be categorized based on stationarity and the number of variables observed. The grouping
of time series models based on stationarity is as follows [3].

1. Stationary models are models with statistical properties that do not change over time. Examples
of stationary models include i.i.d, white noise, MA, ARMA, and ARMAX.

2. Non-stationary models are models with statistical properties that can change over time.
Examples of nonstationary models include ARIMA, SARIMA, ARIMAX, ARCH and GARCH.

The grouping of time series models based on the number of observed variables is as follows [3].

1. The univariate model is a model using one variable that is observed sequentially at a certain time
interval. Examples of univariate models are daily stock prices, daily rainfall.

2. Multivariate models involve more than one variable observed simultaneously, where the
variables affect each other. An example of a multivariate model is a stock market prediction with
the variables used being the opening, closing and trading volume prices.

2.2. Machine Learning

Machine learning is a technique used to handle and predict big data by presenting the data through
learning algorithms [4]. One of the important steps in developing machine learning models is proper
dataset assignment. This process aims to avoid problems such as overfitting and ensure that the model
can generalize well on data that has never been seen. Data splitting is the process of dividing a dataset
into two or more parts. The purpose of this division is to avoid overfitting and evaluate the generalization
ability of the model [5]. Dataset splitting is generally divided as follows.

1. Training set, used to train the prediction of model.
2. Validation set, used to optimize the prediction of model during training.
3. Testing set, used to test the prediction of model after completion of the training process.

The general dataset split ratio is 80%:10%:10% or 90%?:5%:5%. For small datasets, the validation
set may not be used, and only the training and testing sets are used. Data normalization is an important
step in preparing a dataset for use in machine learning algorithms. One of the most commonly used
normalization techniques is min-max transformation, which aims to adjust the scale of the data to be in
a uniform range, such as between o and 1. This technique is particularly useful for scale-sensitive

algorithms, like SVM and neural networks. The min-max transformation equation is as follows [6].
X ) — X - Xmln ( 1)
min—-max Xmax _ Xmm
2.3. Deep Learning

Deep learning is a part of artificial intelligence and machine learning that develops neural networks
with multiple layers to improve accuracy in tasks such as object detection, speech recognition, and
language translation. In deep learning, algorithms attempt to learn at various levels of difficulty, using
neural networks consisting of high-level layers and low-level layers. Higher layers use information from
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lower layers to recognize more complex patterns. For example, in image recognition, the initial layer
recognizes lines and colors, the middle layer recognizes shapes, and the final layer recognizes objects or
faces [7].

2.4. Activation Function

Activation function is a mathematical function used to calculate the output of a neuron based on the
input received. This function describes the relationship between activation levels which can be a linear
or nonlinear equation. In the topic of deep learning, the selection of activation functions is often done
with a trial and error approach because there is no one activation function that can be considered the
best for every problem. Some activation functions that are often used are as follows [8].

1. Sigmoid, a nonlinear activation function that produces an output in the range of o to 1, is used for
binary classification problems. The sigmoid equation is presented as follows.

1
U(Z) = —1 g (2)

2. Hyperbolic tangent (Tanh), which is a nonlinear activation function with outputs in the range
(—1,1). This function is used in the input and hidden layer. The Tanh equation is presented as
follows.

1—e %
Tanh(z) = m (3)

3. Rectified linear unit (ReLU), is an activation function that converts input values greater than o to
the original data value, and converts negative values to 0. The ReLU equation is presented as follows.
RelLU(z) = max(0,z) (1)

2.5. Data Stationarity

Time series data is considered stationary if the data fluctuations occur around a constant mean value
and has a constant variance. But in practice, many time series data are not stationary which occurs when
the average or variance changes over time. To overcome average non-stationarity, a differencing method
can be used which is done by subtracting the data value in a period with the previous period's data [9].
The number of differencing performed to achieve stationary is denoted as d.

2.6. Long Short Term Memory (LSTM)

The LSTM method is a modification of RNN designed to overcome the weakness of RNN in predicting
data based on information stored for a long time [10]. LSTM is equipped with memory cells that function
to store information from previous time periods, improving its ability to remember long-term
information. LSTM uses three main gates: forget gate, input gate, and output gate, each of which has a
specific function in collecting, classifying, and processing data. Figure 1 is the structure of LSTM:

Figure 1. Structure of LSTM
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1. The forget gate functions to decide what information will be discarded based on the previous hidden
state with an output value between o and 1 and determine which information is forgotten or stored.
The equation used in the forget gate is as follows.
fe=0Wex; +Urh,_y + by) (5)
2. The input gate functions to determine what information will be added to the cell state by using two
parts, namely input gate and input cell, to update the cell state value with new information. The
equation used in the input gate is as follows
i =0(Wx;+Uhy +b;) (6)
g =tanh(Wyx, + Ush,_; + b,) )
3. The output gate functions to produce LSTM output by processing the updated hidden state and cell
state to produce prediction output. The equation used in the output gate is as follows.
0, =o(Wyx; +Uyhi_1 +b,) (8)

2.7. ARIMAX

Time series modeling involves adding variables that are considered to have a significant influence
on the data to increase forecasting accuracy. ARIMAX modeling is an extension of the ARIMA model that
incorporates exogenous factors. In this framework, the dependent variable Y; at time t is modeled not
only by its own past values (autoregressive) and past forecast errors (moving average) but also by the
current value of an independent exogenous variable X;.

¢p(B)(1 = B)Y; = BX; + 6,(B)e; (9)

In In this equation, the term X, explicitly demonstrates how the external variable is inserted into
the model to explain variations in the series that cannot be captured solely by the historical patterns of
Y;.

In performing ARIMAX modeling, stationarity testing on exogenous variables is the first step that
needs to be done [11]. After that, diagnostic checks are important to ensure the fit of the obtained model
to the data. Diagnostic checks aim to verify whether the model fulfills basic assumptions, such as white
noise properties and residual normality [12]. The white noise test is performed with the Ljung-box test,
which tests whether there is residual autocorrelation. The hypothesis of this test states that the model
meets the white noise assumption if there is no significant autocorrelation in the residuals. The Jarque-
Bera test is used to verify whether the residuals are normally distributed, by comparing the value of the
test statistic against the chi-square distribution. If the p-value of both tests is smaller than the specified
significance level, then the null hypothesis is rejected, indicating that the model does not meet the
assumptions tested [13].

2.8. Mean Absolute Percentage Error (MAPE)

A measure of forecasting error can be used to gauge how well a time series model performs. The
measurement to test how much deviation between actual and forecasting data is called MAPE. The MAPE
calculation is done by averaging the percentage of the result of the absolute error in each period divided
by the real observation value in the same period. The highest limit is said to be good forecasting results
if MAPE does not exceed 20%, because the smaller the MAPE, the better the results of forecasting [14].
The equation for calculating MAPE is as follows.

n

1 .

MAPE = _ZMX 100% (10)
n = Vi

3. RESULTS AND DISCUSSION

3.1. Data Description

This study uses weekly gold price data in USD per troy ounce obtained from Yahoo! Finance for the
period August 1, 2000 to June 1, 2024. The unit of weight used, troy ounce, is equivalent to 31.1035 grams.
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This dataset consists of six main variables, namely open, high, low, close, adjusted close, and volume. In
this research, only 2 variables are used, namely open is used as the independent variable and close as the
dependent variable to analyze the relationship between the opening price and closing price of gold
weekly. The opening price reflects global market sentiment before trading begins, while the closing price
reflects the results of market activity during the week. Changes in gold prices from open to close are
influenced by various factors such as demand and supply, economic events, as well as changes in market
sentiment [15].

Harga Pembukaan Mingguan Saham Emas (2000-2024) Harga Fenutupan Mingguan Saham Emas (2000-2024)
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Figure 2. Plot variabel close Figure 3. Plot variabel open

Based on Figure 2 and Figure 3, there is an upward trend in gold prices over a 24-year period with
fluctuations reflecting market volatility. The difference between the open and close prices indicates
weekly price movements, where a close price higher than the open indicates an increase, while the
opposite indicates a decrease. A significant period occurred between 2008 and 2011, with a sharp rise
likely influenced by the global financial crisis. After peaking in 2011, the gold price declined until 2015,
then increased again since 2016, reaching its highest level in 2024. Large fluctuations in some periods
also emphasize the degree of volatility in gold prices over the time span.

3.2. Data Prepocessing
3.2.1. Data Transformation

Data transformation is using min-max transformation. Table 1 are the results of data transformation
using min-max transformation.

Table 1. Results of data transformation

Before Transformation After Transformation
Open Close Open Close
273.89 277 0.00824 0.00886
256.10 257.89 0 0
2358.30 2412.19 0.97337 1
2415.80 2335.5 1 0.963
2336.89 2322.89 0.96346 0.95854

3.2.2. Splitting of Training and Testing Data

This research splits the data into two main parts, that is training and testing to build and evaluate
the prediction model. The data split ratio used is 70:30, with training data covering the period August 1,
2000 to April 17, 2017 and testing data covering the period April 24, 2017 to June 1, 2024 (presented in

Figure 4).
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Pembagian Data Train dan Test untuk Harga Pembukaan Saham Emas

—— Train Data
— Test Data J

l
" o
!Nf M\(

1000

Harga Pembukaan (USD)

r u T ' ' - :
2000 2004 2008 2012 2016 2020 2024
Tanggal

Figure 4. Splitting of training and testing data
3.3. Identification of Data Stationarity

In time series analysis, checking stationarity of the data is an important step in building an accurate
model. In ARIMAX models, stationarity is a key requirement where the data should fluctuate around an
average with constant variance. In the LSTM model, data stationarity can also improve prediction
accuracy. Data stationarity affects the model's ability to capture patterns and predict future values. One
commonly used method to test for stationarity is the augmented dickey-fuller (ADF) test. This test detects
the presence of a unit root, which indicates the data is not stationary. If the ADF test p-value is smaller
than the significance level (a), then the data can be considered stationary. The ADF test results are used
to ensure that the data meet the stationarity requirements before building the model. Below are the ADF
test results for Open and Close data.

Table 2. ADF test results for close and open data

Transformation P-value Close P-value Open Result
Originally 0.665 0.708 Not stationary
Transformation and Differencing 0.000 3.031e-27 Stasionary

Based on Table 2, the close and open data in the original data are not stationary, with p-values of 0.665
and 0.708 respectively. This shows that the null hypothesis (H,), which states that the data is not
stationary, cannot be rejected. However, after logarithmic transformation and first differencing, the data
became stationary. This can be seen from the p-value for close data of 0.000 and for open data of
3.031 x 10727, which is much smaller than the significance level () of 0.05. Thus, the null hypothesis
(Hy) is rejected, which means the close and open data become stationary after the transformation.

3.4. LSTM Model

The process of forming a prediction model using the LSTM method is carried out by exploring
various combinations of hyperparameters to find the optimal configuration. The optimal combination for
learning rate is 0.1, 0.01, and 0.0001 with batch size 32 [16]. Hyperparameters tested include timesteps
(10, 20, 30, and 50), LSTM units (30, 50, and 100), dropouts (0.1, 0.2, and 0.5) and Adam's optimization
algorithm [17].

In this research, parameter testing includes activation functions (ReLU, sigmoid, and tanh), LSTM
units (10, 20, 30, and 50), timesteps (10, 15, 20, 25, and 30), dropout values (0.01, 0.05, and 0.1), epochs
(60, 80, and 100), and batch size (32, 64, and 128). Based on Table 3, the best combination was found
with the Tanh activation function, 30 LSTM units, dropout 0.01, timesteps 10, resulting the MAPE value
is 5.323%, which represents excellent prediction accuracy.

In addition, this LSTM model uses three LSTM layers to capture long-term patterns in the data. The
first and second layers use 50 LSTM units, while the third layer uses 30 units. The activation function
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used in each layer is Tanh, and dropout 0.01 is applied to each layer to prevent overfitting. For
optimization, the Adam optimizer algorithm is used with a learning rate setting of 0.001, which has
proven effective in model convergence.

The loss curve and validation curve were generated during the training process to monitor the
model's performance. The loss curve shows that the loss curve decreased steadily, indicating that the
model successfully minimized training errors. The validation curve also shows consistent performance,
with little fluctuation, indicating that the model did not overfit the training data.

Based on the performance analysis of each activation function, it can be concluded that the model
with Tanh activation function produces the best performance compared to other models. This is because
the Tanh model has the smallest MAPE value of 5.323%, dropout of 0.01, timesteps of 10, and the number
of LSTM units of 30.

Table 3. LSTM best model results

Activation Dropout Timesteps LSTM Unit MAPE
Tanh 0.01 10 30 5.323%
Sigmoid 0.01 20 10 5.536%
ReLU 0.2 10 30 5.326%

The following is a visualization of the LSTM method with the best model using the Tanh activation
function. Figure 5 aims to show the length to which the model is able to capture data patterns and
minimize prediction errors.

LSTM Model Predictions on Train and Test Data

Train Actual
= Train Predicted
= Test Actual
= Test Predicted
400 1
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300

0 200 400 600 800 1000
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Figure 5. Plot of prediction results on training and testing data of LSTM model

3.5. ARIMAX Model

The application of the ARIMAX method involves various important stages designed to ensure the
resulting model has high accuracy and validity. The stages begin with the identification of the ARIMA
model to determine the optimal (p, d, q) parameter values using ACF and PACF plots, which help in
understanding the basic structure of the data, such as AR, MA components, and the need for differencing
(d) for the data to become stationary.

Unlike the standard ARIMA model which relies solely on past values of the variable itself, the
ARIMAX model incorporates an exogenous variable (X;) at time ¢ to improve forecasting accuracy. In this
research, the open price is introduced as X; to explain the variation in the close price (¥;)
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ACF of Differenced Log Transformed Series
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Figure 6. ACF and PACF plot

Based on Figure 6, the model formed from the order (p,d,q) is the ARIMA (2,1,2) model, then the
combination of the ARIMA (2,1,2) model will be checked, namely the ARIMA (2,1,2), ARIMA (2,1,1), ARIMA
(2,1, 0), ARIMA (1,1,2), ARIMA (1,1,1), ARIMA (1,1,0), ARIMA (0,1,2) and ARIMA (0,1,1) which then from
these models will be selected by looking at the parameter significance test against the ARIMAX model.

Table 4. ARIMAX model parameter significance test results

P-value
ARIMAX Model

AR (1) AR(2) MA(Q@) MA(2)
(2,1,2) 0.000* 0.117 0.684 0.000%
(2,1,1) 0.307 0.489 0.000% -
(2,1,0) 0.000* 0.000* - -
(1,1,2) 0.330 - 0.954 0.336
(1,1,1) 0.617 - 0.000* -
(1,1,0) 0.000* - - -
(0,1,2) - - 0.000% 0.285
(0,1,1) - - 0.000* -

Based on Table 4, the results of the parameter significance test for ARIMAX models with various
combinations show the p-value for each AR and MA parameter. Based on the p-value of each ARIMAX
model, there are model parameters with a p-value smaller than the 5% significance level, namely the
ARIMAX (2,1,0), (1,1,0) and (0,1,1) models. Other ARIMAX models have parameters with p-values greater
than the 5% significance level. The best model selection is done by evaluating ARIMAX parameters based
on statistical significance and validation of AIC and BIC values. Based on Table 5, the ARIMAX (0,1,1)
model is chosen as the best model because it has the lowest AIC and BIC values. Next, we will estimate
the ARIMAX (0,1,1) model. In the gold price ARIMAX model, the parameter significance test is conducted
using because of the large sample size. Based on Python output, a summary of the estimation results for

the ARIMAX (0,1,1) model parameters is presented in Table 6.

Table 5. AIC and BIC value of significant ARIMAX model

ARIMAX Model AIC BIC
(2,1,0) -5270.134 -5251.106
(1,1,0) -5204.327  -5190.056
(0,1,1) -5461.753  -5447.482
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Table 6. Parameter estimation results of ARIMAX (0,1,1) model

Parameter  Coefficient  Standard Error z-count p-value
Open 0.9996 0.001 1537.749 0.000
ma.L1 -0.9999 0.220 -4.545 0.000

sigmaz 9.984e-05 2.17e-05 4.595 0.000

Parameter testing is conducted to ensure all parameters in the model are statistically significant.
With a significance level of 5%, parameters such as exogenous variables (Open), ma.L1 and sigma2 show
a p-value below 0.05. This result confirms that the parameters used contribute significantly to the
prediction.

The accuracy of the ARIMAX (0,1,1) model is measured using MAPE. Based on Table 77, the model
performs very well with a MAPE value of 0.61% for the training data and 0.55% for the test data. Based
on Figure 7, the visualization of the comparison of predictions and actual data also corroborates the
accuracy of the model, where the forecasting pattern follows the trend of the actual data consistently.

Table 7. MAPE result ARIMAX (0,1,1) model

Data MAPE Result
Training 0.61%
Testing 0.55%

ARIMAX Model Predictions

2500
—— Train Actual

Train Predicted
Test Actual
—— Test Predicted

2000

1500

1000

500

Figure 7. Plot of prediction results on training and testing data ARIMAX (0,1,1)

After the ARIMAX model is formed, residual assumption testing is carried out to make sure the validity
of the model. The assumption tests performed are white noise test and residual normality test. The white
noise test purpose to make sure that the residuals do not have significant autocorrelation, so that the
model has captured the data pattern well. Based on Ljung-Box test, the test statistic is 13.801 with a p-
value of 0.182. Since the p-value is greater than 0.05, the null hypothesis (Hy) is not rejected. This
indicates that the residuals are random without significant autocorrelation. Thus, the model has met the
white noise assumption, which indicates that the pattern in the data has been fully captured by the model,
with no missing information in the residuals.

The next assumption test is the residual normality test to check whether the model residuals follow
a normal distribution. Based on Jarque-Bera test, the test statistic is 7387.10 with a p-value of 0.00. Due
to the p-value, the null hypothesis (H,) is rejected, which indicates that the residuals are not normally
distributed. However, in the context of time series prediction, the assumption of residual normality is not
always considered a critical requirement. In the book The Analysis of Time Series, it is emphasized that
the main purpose of time series models is to produce accurate predictions, not to ensure the distribution
of residuals [18]. This opinion is supported that the assumption of residual normality is not always
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important in prediction models, as long as the model can handle autocorrelation well [9]. The white noise
assumption is more important than normality in models such as ARIMA or ARIMAX [19].

Based on the test results, although the residuals are not normally distributed, the ARIMAX model is
still valid for use in prediction. The fulfillment of the white noise assumption ensures that the model has
captured the data pattern effectively, and the resulting prediction results are reliable even though the
residual normality assumption is not fully met.

3.6. Comparative Analysis of LSTM and ARIMAX Models

The LSTM and ARIMAX methods both perform well in predicting global gold prices, but with
different advantages. Both use data that has been stationary through differencing and logarithmic
transformation to overcome nonstationarity. The LSTM model is more effective in capturing linear
patterns with a configuration involving Tanh activation function, 30 LSTM units, 10 timesteps and 0.01
dropout resulting in a MAPE of 5.323%. Although the accuracy is slightly lower than ARIMAX, LSTM is
still very good at modeling linear patterns with gold price data.

The ARIMAX (0,1,1) model using the opening price as an exogenous variable yielded a MAPE of
0.55%, demonstrating its ability to handle linear patterns more simply and efficiently. ARIMAX is faster
and easier to compute, making it suitable for data with stable linear relationships.

A comparison of the two shows that ARIMAX is superior in terms of accuracy and computational
efficiency, while LSTM, although requiring longer computation time, can handle more complex patterns.

4. CONCLUSION

Based on the results of the analysis, it can be concluded that the best LSTM model uses data that has
been stationary through differencing and logarithmic transformation with an optimal configuration that
includes the Tanh activation function, 30 LSTM units, 10 timesteps and a dropout of 0.01 which produces
a MAPE value of 5.323%, showing its ability to handle linear patterns and improve prediction accuracy
for complex data. Meanwhile, the best ARIMAX model using stationary data by differencing and
logarithmic transformation, as well as using the exogenous variable of opening price (Open), resulted in
a MAPE value of 0.55%, showing high accuracy in modeling linear patterns and stable data. A comparison
of the two methods shows that while ARIMAX has higher accuracy, LSTM with accuracy below 10% still
performs well for modeling characteristics with more complex data patterns, making it an appropriate
choice for data analysis with more dynamic characteristics.
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