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Abstract

Gold is a form of investment known as a safe haven asset because of its stability in unstable mar-
ket conditions. Gold price forecasting is important for investors as decisions making tool. This
study aims to study the best long short—term memory (LSTM) hyperparameters (optimizer,
learning rate, and epoch) from cross-validation for forecasting. LSTM, as part of deep learning
methods, is developed based on a RNN widely used in time series forecasting. LSTM is su-
perior compared to other methods for its ability to minimize errors and forecast for long—term
periods. Walk-forward validation with sliding and extending window scenarios as a form of
cross—validation is used to see the method’s accuracy. The used data is sourced from the World
Gold Council with daily data periods for January 1, 2003, to December 31, 2023. The optimizer
used is Adam and RMSProp, each with learning rate values of 0.01, 0.001, 0.0001, and epoch
values of 100, 500, 1000. The best model uses the Adam optimizer, a learning rate of 0.01, and an
epoch value of 100 with a MAPE value of 0.4867% in the validation process. Forecasting results
show a tendency for gold prices to increase in the next eight years.
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1 Introduction

Forecasting is one way to obtain information in the future by utilizing information in the past
[24]. Currently, forecasting is developing a lot, not only using classical methods, such as smooth-
ing or autoregressive integrated moving average (ARIMA), but also using deep learning. Deep
learning has a learning layer which makes the accuracy and performance of deep learning better
compared to other algorithms [39][3]. One of the deep learning methods commonly used for
forecasting is long short-term memory (LSTM).

LSTM is the development of a neural network, namely a recurrent neural network (RNN).
It has hyperparameters that can determine the level of reliability and performance of the model
[49]. The hyperparameters commonly used in LSTM include learning rate, epoch, and optimizer.
LSTM is often used for forecasting time series data because it is considered superior and reliable
in predicting long-term periods compared to other algorithms [54][1]. This is supported by a
research by Adhinata and Rakhmadani [2] and Bodapati et al. [9] who made predictions using
Covid-19 data, showing that LSTM was quite successful in minimizing errors in fluctuating data.
However, even though a method is said to be good, it is still important to evaluate it to see its
accuracy, such as by using time series cross validation which will divide the data into training
data and test data by taking into account the time sequence [32]. According to Khalid etal. [35], a
type of cross validation that can be used to avoid errors in forecasting is walk forward validation.

Forecasting results are widely used for making decisions and planning in the future, one of
which is in making investments. One type of investment that is quite popular is gold. According to
Puspitasari et al. [43], gold is referred to as a safe haven asset, which is an asset that is considered
to have a value that continues to increase or stays the same even though market conditions are
unstable. Rising gold prices will encourage investors to choose to invest in gold rather than in the
stock market because with relatively lower risk, gold can provide good returns with increasing
prices [16]. The stability of gold prices was proven during the 2008-2009 global financial crisis
where many commodity prices fell by around 40%, but global gold prices tended to increase by
an average of 6% [15].

Gold price data is time series data because it is composed of a series of information recorded
over a certain period of time so that this data allows for forecasting. Forecasting the price of gold
using the LSTM method was previously carried out by Vidya and Hari [50] which shows that the
LSTM is better than the ARIMA, matrix estimation of variance, deep regression, support vector
regression, and convolutional neural network (CNN) for gold price data for the period January
2, 1979 to July 31, 2020. Another study by Yurtsever [53] with multivariate gold data for the
period 2001-2021 also shows that the use of LSTM is better than bidirectional-LSTM and gated
recurrent unit (GRU). However, the two studies did not use cross validation so that a study which
combines the LSTM hyperparameter and walk forward validation is needed in forecasting gold
prices. The LSTM model is applied to gold price research because it has been proven to be one
of the superior algorithms in forecasting. This is expected to assist investors in determining the
investment strategy to be carried out.
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2 Related Works

2.1 Long short-term memory (LSTM)

Long short-term memory (LSTM) is a method of developing a recurrent neural network (RNN)
type neural network, first introduced by Hochreiter and Schmidhuber [23] in 1997. The develop-
ment of RNN in LSTM lies in the special gate mechanism for controlling memory cell access.
Memory cells as information storage areas will get information selected by the gate mechanism
(Hochreiter and Schmidhuber [23] in Manowska [36]). According to Kalchbrenner etal. [25], the
gate mechanism in the LSTM is composed of three vector gate units, the input gate, the forget gate,
and the output gate. Each vector gate unit has a different function. The input vector gate functions
to control the number of input vectors that will affect the memory. The forget vector gate controls
the amount of old memory to be deleted. The output vector gate controls the amount of memory
stored in the hidden state.
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Figure 1: Example of an LSTM architecture [34].

Information :

Tt = t-time input value;

hy = t-time output value;
Ci—1,Ct = cell state time-(#-1) and .

LSTM comprises several general stages, as illustrated in Figure 1. Each gate has an activation
vector that will process values z; and h;_; with a sigmoid activation function that produces values
z in the range 0 to 1 and a tanh activation function that has values x in the range -1 to 1. Based
on Sarangapani [46], the formula for the fanh activation function and sigmoid, respectively, can be
seen in Equations (1) and (2):
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where z is the input value and e is the exponential value.
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In addition, weight matrices (W) and bias vector parameters (b) for each gate will be studied
during training. According to Goyal et al. [19], the first stage begins with determining the infor-
mation to be deleted by the memory cell block at the forget gate (f;) with the sigmoid activation
function following Equation (3):

fe=0(Wy - [ht—1,24] + by). (3)

The second stage is determining the information stored in the cell state. This stage consists of two
parts; the first is updating the value by the input gate (i;) with the sigmoid activation function as
Equation (4), and the second is the creation of a new value candidate vector (c;) with the tanh
activation function following Equation (5):

i = o(Wi - [hi—1,2¢] + ), 4)

¢ = tanh(W, - [hy—1,2¢] + be). (5)
The third stage is updating the old cell state into the new cell state following Equation (6):

Cy = ft X Ci—1 + it X C. (6)

The final stage in LSTM is determining the output by the output gate (o;) by following Equa-
tion (7) which is based on the results of updating the cell state using the sigmoid activation func-
tion. The results of Equation (7) will then be combined with the tanh activation function to pro-
duce the output (h;) as shown by Equation (8):

or = (W - [he—1,2¢] + bo), (7)

he = oy X tanh(cy). (8)

In addition to a gate mechanism, the LSTM modeling process can be formed using several hy-
perparameters. Hyperparameters are elements in deep learning that are not updated during the
training process but can affect the algorithm’s accuracy [21]. The LSTM hyperparameters com-
monly used include learning rate and epoch. The learning rate controls changes in the weights
that are updated during the training process, while the epoch indicates the number of algorithms
executed for the entire data [6][10]. However, other hyperparameters can still be used, namely
optimizer. The optimizer is an optimization method for increasing accuracy in machine learning
models. The optimizers commonly used in LSTM include adaptive momentum (Adam) and root
mean square propagation (RMSProp). Adam is a free stochastic gradient optimization method
by Kingma and Ba [27]. Adam stochastically determines the step size and learning rate using
random probability distribution sampling. At the same time, RMSProp is a technique for reduc-
ing noise in a neural network by smoothing errors as they propagate through the network [37].
RMSProp addresses the disappearing gradient problem using a squared gradient moving average
to normalize the gradient. This normalization balances the step size (momentum), reducing the
step for large gradients so they do not explode and increasing the step for small gradients so they
do not disappear [45].

2.2  Walk forward validation

Walk forward validation is the most common method of backtesting cross-validation, a form of
time series cross-validation method to measure the goodness of a strategy or model that generally
uses past observations without any retraining. According to Ostermann et al. [40], walk-forward
validation can be done with two approaches: sliding windows and expanding windows. Sliding
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windows use a constant window shift inside and outside the sample data, as illustrated in Fig-
ure 2(a). The window is the part that contains all of the training data and test data. The size of
the training data, test data, and window shifts are kept the same so that several training-test pairs
are produced [13]. Meanwhile, expanding windows adds observations from the test dataset to
expand the training size from an initial size to a maximum size, as illustrated in Figure 2(b).

Available historical time series

Unused data _Tramin Set Test set
for training _ Training set Test set J
(a) (b)

Figure 2: Walk-forward validation illustration: (a) sliding window (modified from Khalid et al. [35]); (b) expanding window.

2.3 Accuracy size

Accuracy is one of the important measurements in determining the model’s goodness. Fore-
cast accuracy can only be determined by considering how well the model performs on new data
not used during model building [24]. Accuracy measures generally used for forecasting include
root mean square error (RMSE) and mean absolute percentage error (MAPE). RMSE is a model
evaluation method by calculating the average value of the sum of the squared errors. A low RMSE
value indicates that the accuracy is improving with the variety of values produced by the model
approaching the diversity of the original values [22]. MAPE is a measure of accuracy that calcu-
lates the difference between actual and estimated data in percentage form [52]. The RMSE and
MAPE values, according to Poon [42], can be calculated sequentially using Equations (9) and
(10), and the classification of MAPE values, according to Lewis [28], is shown in Table 1:

RMSE = Z (W) } ©)

t=1

MAPE — X 3 ’w x 100%, (10)
n =1 Tt

where z; is t-time current input value, 2 is t-time forecast value, and n is number of forecast
periods.

Table 1: Classification of MAPE values by Lewis [28].

MAPE(%) Forecasting Power

<10 High
10-20 Good
20-50 Reasonable

>50 Inaccurate

403



Nurhambali, M. R. ef al. Malaysian ]. Math. Sci. 18(2): 399-422 (2024) 399 - 422

3 Materials and Methods

3.1 Data

Secondary data is used in the study which is obtained from the World Gold Council. The
data is daily gold price data for five working days (Monday to Friday). It consists of 5,478 data
with the period used from 1 January 2003 to 31 December 2023. Data obtained through the site
https://www.gold.org/goldhub/data/gold-prices.

3.2 Data analysis procedures
The stages of analysis carried out in this study are as follows.

1. Perform data preprocessing.

It is done by viewing and changing the input data type to suit the application programming
language and performing data imputation. The gold data used in this study is daily data on
weekdays, so it is necessary to impute it to fill in data values on weekends and holidays. The
imputation method to be used is linear interpolation. According to Chapra [11], linear inter-
polation is interpolation to estimate the value of two known values. The linear interpolation
formula can be seen in Equation (11):

f(x2) — f(z1)

fi(z) = f(z1) + (s — 1) (x —z1). (11)
Information :
T = time period before missing data;
To = time period after missing data;
x = time period of missing data;
f(z1) = data value one period before missing data;
f(x2) = data value one period after missing data;
fi(x) = missing data values to be imputed.

2. Exploring the data to understand and obtain the characteristics of the data, as well as evalu-
ating the autocorrelation function (ACF) plot and Box-Cox plot to see the stationarity of the
data. Data is stationary if the ACF plot decreases rapidly and has a rounded value () equal
to one or a value of one in the confidence interval of the Box-Cox plot [51].

3. Create a walk-forward validation scenario.

Walk-forward validation begins with sample preparation. Samples from sliding windows
walk-forward validation are obtained by first determining the length of the training data,
test data, and the window shift distance. The length for both data and shift distances are
determined subjectively with a training data length of eight years, a testing data length of
two years, and an annual shift distance. Next, for expanding windows walk-forward vali-
dation, the initial size for training data length is eight years, testing data length is two years,
and expanding training is each year. Each walk-forward validation approach has an equal
sample, as many as 12 samples. The final sample formed is shown in Figure 3 and more
clearly, the division of data in the Table 2. The end of observation does not end on December
31, 2023, because the length of the data used in this study uses the multiplication of seven
days a week by 52 weeks a year, so there are remaining days that cannot be used as a sample.
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Table 2: Period of training data and test data for each sample.

Sliding Window Expanding Window
No.Sample
Train Test Train Test
1 01-Jan-2003 to  22-Dec-2010 to  01-Jan-2003 to  22-Dec-2010 to
21-Dec-2010 18-Dec-2012 21-Dec-2010 18-Dec-2012
2 31-Dec-2003to  21-Dec-2011 to  01-Jan-2003 to  21-Dec-2011 to
20-Dec-2011 17-Dec-2013 20-Dec-2011 17-Dec-2013
3 29-Dec-2004to  19-Dec-2012 to  01-Jan-2003 to ~ 19-Dec-2012 to
18-Dec-2012 16-Dec-2014 18-Dec-2012 16-Dec-2014
4 28-Dec-2005to0  18-Dec-2013 to  01-Jan-2003 to  18-Dec-2013 to
17-Dec-2013 15-Dec-2015 17-Dec-2013 15-Dec-2015
5 27-Dec-2006to  17-Dec-2014 to  01-Jan-2003 to  17-Dec-2014 to
16-Dec-2014 13-Dec-2016 16-Dec-2014 13-Dec-2016
6 26-Dec-2007to  16-Dec-2015 to  01-Jan-2003 to  16-Dec-2015 to
15-Dec-2015 12-Dec-2017 15-Dec-2015 12-Dec-2017
7 24-Dec-2008to  14-Dec-2016 to  01-Jan-2003 to ~ 14-Dec-2016 to
13-Dec-2016 11-Dec-2018 13-Dec-2016 11-Dec-2018
8 23-Dec-2009to  13-Dec-2017 to  01-Jan-2003 to  13-Dec-2017 to
12-Dec-2017 10-Dec-2019 12-Dec-2017 10-Dec-2019
9 22-Dec-2010to  12-Dec-2018 to  01-Jan-2003 to ~ 12-Dec-2018 to
11-Dec-2018 08-Dec-2020 11-Dec-2018 08-Dec-2020
10 21-Dec-2011to  11-Dec-2019 to  01-Jan-2003 to  11-Dec-2019 to
10-Dec-2019 07-Dec-2021 10-Dec-2019 07-Dec-2021
11 19-Dec-2012to  09-Dec-2020 to  01-Jan-2003 to  09-Dec-2020 to
08-Dec-2020 06-Dec-2022 08-Dec-2020 06-Dec-2022
12 18-Dec-2013to  08-Dec-2021 to  01-Jan-2003 to  08-Dec-2021 to
07-Dec-2021 05-Dec-2023 07-Dec-2021 05-Dec-2023
— .. P somvic . [T, 2 e
Sample2 2 years sample2 2years
sample 3 2years sample 3 2years
sample 4 3years)  Sampled 2years
Train data outside the window [l 7-ain data Test data i data Test data

(a) (b)

Figure 3: Illustration of walk-forward validation with (a) sliding window and (b) expanding window approach.

4. Doing modeling with LSTM for one sample walk-forward validation.

(a) Before modeling, pre-processing is carried out by combining training data and test data
from point (3). Next, standardize the data because LSTM works better with centralized
and scaled data [26]. Standardization will cause the data to have a mean of zero and a
variance of one. According to Schmuller [47], standardization is carried out by follow-
ing Equation (12):

_ Ty — X
Ly = O ’

(12)
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where z} is t-time standardized input value, z; is t-time input value, Z is the average
data value, and o, is the standard deviation of x.

(b) Initialize the LSTM hyperparameters to be processed.

Referring to Alhamdani [4] and Yurtsever [53], the learning rate values to be used in-
clude 0.01; 0.001; and 0.0001; and epochs with values 100, 500, and 1000. In addition,
Adam optimizer and RMSProp are used. All hyperparameters are then combined with
the sliding and expanding windows scenario, as shown in Table 3. Each walk-forward
scenario will get 18 hyperparameter combinations, as shown in Table 3 for the sliding
and expanding window scenario. The total combinations produced are 36. However,
the architecture and other hyperparameters in the LSTM are determined following the
running data analysis procedure.

Table 3: Formation of a walk—-forward validation sample.

Hyperparameters

No. Walk-Forward Scenario Optimizer Learning Rate Epoch

1. 100
2 0.01 500
N 1000
4 100
5. Adam 0.001 500
6 1000
7 100
8 0.0001 500
9. Sliding Window / 1000
10, Expanding Window 100
1. 0.01 500
12, 1000
13, 100
14 RMSProp 0.001 500
15, 1000
16, 100
17, 0.0001 500
18, 1000

(c) Conduct training and fit the LSTM model for one sample walk-forward validation.
(d) Evaluate the model with RMSE.

5. Repeat step (4) for all samples from each walk-forward validation approach.

6. Calculates the RMSE mean value of each hyperparameter combination for each scenario and
retrieves the best hyperparameters.

7. Handling underfitting and overfitting problems often encountered in using LSTM with early
stopping. Early stopping will stop the process more quickly when there is a decrease in
validation and maintain optimal conditions without running the entire epoch [29][5].
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8. Validate the best hyperparameter combination in point (6) for all data and calculate the
MAPE value. Each hyperparameter in point (6) is combined again to see the possibility of
another hyperparameter combination that produces the best forecast outside the combina-
tion of point (6). In this step, all data will again be divided into training and test data using
proportions that refer to data patterns. Then, the Diebold-Mariano (DM) test will be used
to test the significant differences in accuracy using forecast errors [14] [41]. The alternative
hypothesis used in the Diebold-Mariano test is that models with higher accuracy values are
better than those with lower ones. Next, the residuals from the model will be subjected to

diagnostic tests.

9. Do forecasting with all data with the best hyperparameter point (8), which has the smallest
MAPE value.

4 Results

4.1 Preprocessing and data exploration

The data preprocessing begins by changing the data format. The data format for the date vari-
able, previously of type POSIXtc, is converted to datetime so that it can be read and processed
according to its data type using the programming language. Next, the data preprocessing im-
putes data for values on price variables on weekends (Saturday-Sunday) and holidays with linear
interpolation. The amount of data that previously consisted of 5,478 data increased to 7,670 after

imputation.

After preprocessing the data, data exploration is carried out. Data exploration begins by look-
ing at the descriptive statistics of the data and obtaining an average daily gold price of 1,197.1680
USD/troy ounce with a spread of (standard deviation) 480.4087 from the average. The standard
deviation value, which is quite large, indicates that the spread of the data to the average is also
large, as seen in Figure 4. The highest gold price data reached 2,078.4 USD/troy ounce on Decem-
ber 28, 2023 (green dot), while the lowest gold price touched 319.9 USD/troy ounce on April 7,
2003 (red dot).

2000

1500

1000

Gold Price (USDftroy ounce)

500

2003 2005 2007 2009 2011 2013 2015 2017 2019 2021 2023 202!
Year

Figure 4: Gold prices for the period 2003-2023.
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In addition to descriptive statistics, exploration is done by creating time series plots. Figure 4
plots daily gold price time series data with the z-axis as the period and the y-axis as the gold price
per troy ounce in USD. Figure 4 shows that the data has a trend from the beginning to the end
of the period. The price of gold had an extremely positive trend around 2008 to mid-2012. The
global financial crisis caused this, so investors prefer to invest in gold as a safe asset. Then, there
was a negative trend from 2012 to 2013 due to economic recovery, and it fluctuated for the next
period until the end of 2019. However, these fluctuations still showed stability. The gold price then
experienced an extreme increase again in 2020 until mid-2021. The highest spike in the daily gold
price occurred in mid-2020. This was caused by the effects of the Covid-19 pandemic, so investors
re-switch to stable investment instruments such as gold. After the situation improved enough and
vaccinations began to spread, the global economy also recovered so that investors turned back to
investing in high-risk instruments, which had an impact on the price of gold, which seemed to
decline. However, after that, the price of gold remained stable despite fluctuating.

4.2 Data stationery

The fluctuating price of gold, as shown in Figure 4, indicates that the data is not stationary on
the average because the data does not spread around the average value. Figure 5(a) shows the
ACF plot, which seems to decrease slowly and is outside the interval of the standard error value
(blue dotted line). Therefore, it can be identified that the world gold price data is not stationary
on average. Apart from not being stationary on average, the gold price data is also suspected
to be non-stationary on the range because it looks disproportionately widening and narrowing.
Figure 5(b) shows a rounded value () of 0.9020, and at a 95% confidence interval, the value of A
has a lower limit of 0.8657 and an upper limit of 0.9383. The interval does not contain a value of
one, so the closing gold price data is not stationary in variance.

ACF

(a) (b)

Figure 5: ACF plot (a) and Box-Cox plot (b).

According to Lin and Feng [31], using deep learning methods, especially neural networks, does
not require stationary assumptions because they can handle nonlinear relationships and large di-
mensions. In addition, Long et al. [33] mention LSTM as an algorithm that can overcome linear-
ity obstacles in the autoregressive-moving average (ARMA) model and stationary assumptions.
Therefore, gold price data that is not stationary regarding mean and variance does not need to be
handled.
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4.3 LSTM model evaluation walk forward validation results

Model evaluation begins with building the LSTM model used in the data processing. LSTM
is built with an architecture in the form of layers and initialization of hyperparameters such as
batch size, epoch, and learning rate. In addition to the epoch value and learning rate, this study
initializes the hyperparameters randomly based on experiments. The LSTM model is built with
two LSTM layers, each consisting of 50 neuron units and one dense layer. The optimizers used are
Adam and RMSProp. According to Mehmood et al. [37], Adam is an efficient optimizer, while
RMSProp can better deal with noise. Furthermore, the batch size is determined by taking the
common factor of the amount of data between the training data and the test data. In this study,
the batch size used was 56.

Model evaluation is obtained from the average RMSE value of all samples in each model com-
bination with two kinds of walk-forward scenarios. Table 4 and Figure 6 show the difference in
walk-forward approaches in which the sliding window has a bigger average RMSE than the ex-
panding window. This is due to the fact that the training data information continues to grow as
the data period increases, while the length of the test data is always kept fixed. The model with the
smallest RMSE value is the best, as shown in Table 4. Evaluation of the LSTM model from two sce-
narios walk-forward shows the same hyperparameter values in getting the smallest RMSE value.
Using the RMSProp optimizer produces a smaller RMSE average and standard deviation. In addi-
tion, Figure 6 shows there are some trends, such as the use of the RMSProp optimizer being more
stable than Adam and small epochs being better than large epochs. However, the combination
of hyperparameters also determines the model’s goodness. The Adam optimizer cannot produce
output results at a combination of 1000 epochs with a learning rate of 0.0001. This can indicate
that the combination produces divergence, especially when using a small learning rate [30].

Table 4: Comparison of the best hyperparameters for each walk-forward scenario.

Walk-Forward Hyperparameters RMSE
Scenario Optimizer Learning Rate Epoch Mean Standard Deviation
Ad 0.01 100 30.3908 34.6692
Sliding Window am
RMSProp 0.001 500 18.6431 12.5548
Ad 0.01 100 12.8135 4.4375
Expanding Window am
RMSProp 0.001 500 11.8783 3.7719
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Figure 6: Average RMSE hyperparameter combination results for each walk-forward approach.

Figure 6 shows that the RMSProp optimizer produces a smaller RMSE average if combined
with neither too big nor too small learning rate and epoch. Meanwhile, the Adam optimizer pro-
duces a smaller RMSE average value if combining a small learning rate with big epoch or big
learning rate with small epoch. However, the epoch on RMSProp did not show a tendency to in-
crease or decrease the average RMSE value. These two results are by Guha's research [20] with
MNIST and CIFAR-10 data to see the effect of learning rates on various optimizers. Research with
MNIST data shows RMSProp and Adam working better with a learning rate of 0.01, 0.001, and
0.003, and using different epochs on the RMSProp optimizer shows that the accuracy tends to be
stable.

Figure 6 shows that many combination especially in the use of sliding window produces a
fairly high RMSE accuracy value. Underfitting is a condition when the model is unable to get a
low enough error value in the training process so that it does not represent a complete picture of
the data pattern, while overfitting is a condition when the model has poor performance on invisible
data but is good in the training process [17] [38]. Following Liang and Cai [29] in their study of
standard monthly loan rates on American peer-to-peer (P2P) lending platforms, the problem of
underfitting LSTM can be handled by adjusting the value of the learning rate. The learning rate
value will be adjusted randomly from the learning rate value that produces the smallest RMSE
value. Furthermore, the problem of overfitting LSTM can be handled by using early stopping.
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Table 5: Evaluate the best hyperparameter model using early stopping.

Walk-Forward Hyperparameters RMSE
Scenario Optimizer Learning Rate Epoch Mean Standard Deviation
Ad 0.01 100  23.1508 14.6143
Sliding Window am
RMSProp 0.001 500 25.3310 15.7483
Ad 0.01 500 12.8617 4.6503
Expanding Window am
RMSProp 0.001 500 12.8293 4.7589
Expanding window Sliding window
80-
60-
L
w
=
x
c
3
s

S

— J—

250 500 750 1000 250 500 750 1000
Epoch

L i == Adam: 0.0001 Adam: 0.01 == RMSProp: 0.001
Optimizer & Learning Rate
Adam: 0.001 - RMSProp: 0.0001 - RMSProp: 0.01

Figure 7: Average RMSE hyperparameter combination results using early stopping.

Table 6 and the y-axis from Figure 7 show that early stopping can reduce the sliding window
scenarios” average and standard deviation RMSE value. The successful use of early stopping is
combined with a random adjustment of the learning rate around the best value. The results are
that the average RMSE value tends to produce random values and is greater than the optimum
learning rate in Table 6, even produce NaN values. The optimal learning rate value according to
initial initialization is in line with the statement of Goodfellow et al. [17], who stated that the
search for the optimum learning rate involves values with a logarithmic function scale (0.1, 0.01,
0.001, 0.0001, 0.00001). Therefore, the hyperparameter values for the best models in Table 5 will
still be used at the validation stage.
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Table 6: Evaluate the model by adjusting the learning rate and using early stopping.

Walk-Forward Hyperparameters RMSE
Scenario Optimizer Epoch Learning Rate Mean Standard Deviation
0.03 90.1299 102.5337
Adam 100 0.05 150.4352 160.0882
Sliding Window 0.08 NaN
0.003 28.5388 17.1501
RMSProp 500 0.005 27.7234 16.7459
0.008 37.1435 32.7617
0.03 45.5488 98.6409
Adam 500 0.05 86.8005 169.0489
Expanding Window 0.08 NaN
0.003 15.5992 7.5193
RMSProp 500 0.005 16.0798 8.7189
0.008 19.7050 19.7704

4.4 Model validation

The best LSTM model with the obtained hyperparameters is then validated using the entire
data. The data is again divided into training data and test data with a ratio of 60:40. This compari-
son was chosen because it can be seen that the distribution of training data and test data has similar
data patterns compared to the distribution using other proportion values. The learning rate and
epoch values will be combined based on the optimizer to see whether other combinations outside
the values of Table 5 produce better accuracy. Each model that is formed is calculated by MAPE
value to see the level of accuracy of the model that RMSE cannot classify. A comparison of the
MAPE values for each hyperparameter combination is shown in Table 7.

Table 7: Comparison of MAPE between validation models.

Model Optimizer Learning Rate Epoch MAPE (%)

1 Adam 0.01 100 0.4867
2 Adam 0.01 500 0.5479
3 RMSProp 0.001 100 0.7244
4 RMSProp 0.001 500 0.6244
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Figure 8: Results of validation of all model.

Table 7 demonstrated the validation results that a learning rate of 0.01 produces better fore-
casting accuracy than a learning rate of 0.001. Almost all uses of a learning rate of 0.01 produce
forecasting accuracy, which is classified as a high forecasting power according to Table 1. A learn-
ing rate of 0.001 is also classified as a high forecasting power. Figure 8 shows forecast results from
all models in the validation process that resemble the original data pattern. These results make it
difficult to select the best model, so the Diebold-Mariano test was conducted using a 5% signifi-
cance level. The null hypothesis used is like in Table 8 against the alternative hypothesis that the
first model is better than the second model. The results show that Model 1 is significantly different
from Model 3 and Model 4. Model 2 is also significantly different from Model 3. This means the
null hypothesis is rejected, and the alternative hypothesis is accepted. Based on the amount of
significance against other models, Model 1 is the best and will be tested for the diagnostic of the
residuals, including tests for normality, autocorrelation, and heteroscedasticity.

Table 8: Diebold-Mariano test between all validation models.

Null Hypothesis DM-test Statistic ~ P-value

Model 1 < Model 2 -1.2816 0.1000
Model 1 < Model 3 -2.4575 0.0070 **
Model 1 < Model 4 -3.3451 0.0004 i
Model 2 < Model 3 -2.9159 0.0018 **
Model 2 < Model 4 -1.5520 0.0603
Model 4 < Model 3 1.4889 0.9317

Significance codes:***: 0.001, **: 0.01, *: 0.05, .: 0.1.
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Figure 9: Explorative diagnostics test: (a) normal quantile-quantile plot, (b) time series plot, (¢) ACF plot, and (d) PACF plot of the residuals
of LSTM Model 1.

Model diagnostic tests, both exploratory and formal tests, were performed on the residuals
of Model 1. It can be seen in Figure 9 that all assumptions are violated. First, normal quantile-
quantile plots were used to test the normality of the residuals, showing that the residuals did not
follow the normal line. This is also supported by a formal test with the Anderson-Darling test,
resulting in a p-value of 0.0000, less than the 5% significant level. This means the result rejects
the null hypothesis (the means follow a normal distribution). Then, the residual plot to check the
heterogeneity test of variance shows it has different bandwidths over several periods, so the model
tends to be heterogeneous. The Ljung-Box test of squared residuals also supports the results,
which have a p-value of 0.0000, less than the 5% significant level, which means that the result
rejects the null hypothesis (homogeneous variance). Last, for autocorrelation, ACF and partial
ACF (PACF) show that the first 35 lags have significant autocorrelation. The Ljung-Box test of
residuals also supports the results, which has a p-value of 0.0119, less than the 5% significant level,
and it means that the result rejects the null hypothesis (no autocorrelation in the time series). Even
though it violates all assumptions, according to de Guia et al. [12], neural networks (where LSTM
is included) can assume any function, even for complicated patterns, so they have no assumptions
about data, errors, or targets. Therefore, violations of this assumption will not be addressed.

75 —— After Differencing

2004 2008 2012 2016 2020 2024

Figure 10: Gold price time series after differencing.
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As a benchmarking, the conventional modelling method, Box-Jenkins ARIMA, was also tried
with the same data conditions. Box-Jenkins ARIMA was chosen because, according to Ramli et al.
[44], the ARIMA model can model non-stationary data with simple differencing, i.e., one or two
levels of differencing. Based on data exploration, it was found that the data was not stationary, so
one-time differencing was performed. Figure 10 show the result was that the data was stationary
in the mean. Moreover, this is reinforced by the formal Augmented Dickey-Fuller test, which
yields a p-value of 0.01, thus rejecting the null hypothesis (data is not stationary).
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Figure 11: (a) ACF plot, (b) PACF plot, and (c) EACF plot.

Table 9: Parameter estimation of ARIMA(3,1,2).

Model Parameter  Coefficient = P-value AIC
AR(1) -0.1994 0.0006
AR(2) -0.8912 0.0000
ARIMA(3,1,2) AR(3) 0.0724 0.0000  34,191.47
MA(1) 0.2574 0.0000
MA(2) 0.9103 0.0000

Furthermore, model identification was carried out using ACF, PACF, and extended ACF (EACF)
plots as shown in Figure 11, and the estimation of model parameters was continued. Based on the
ACEF plot, it can be identified that the model formed is ARIMA(0,1,1), based on the PACF plot, it
can be identified that the model formed is ARIMA(1,1,0), and based on EACF plot it can be iden-
tified that the model formed is ARIMA(1,1,1) and ARIMA(3,1,2). Next, parameter estimation is
carried out for the entire identified model. As a result, ARIMA(3,1,2) is the best model based on
the smallest AIC value and significant parameters. The estimated parameter values are shown in
Table 9.

Exploratively from Figure 12, all showed assumption violations. However, with formal tests,
the Anderson-Darling normality test for the residuals and the Ljung-Box variance test on the
squared residuals of the model yielded a p-value of 0.0000. In contrast, the Ljung-Box autocor-
relation test on the residuals yielded a p-value of 0.8471, thus not rejecting the null hypothesis.
As aresult, the assumptions of normality and homogeneity of variance are violated. Without ad-
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Figure 12: Explorative diagnostics test: (a) normal quantile-quantile plot, (b) time series plot, (¢) ACF plot, and (d) PACF plot of the
residuals of ARIMA(3,1,2).

dressing this, the modelling is continued with overfitting, which is to increase the order p and q
of the initial model to find the better model, and the results are not better, so the ARIMA(3,1,2)
model is still used. Figure 13 depicts the forecast process, and validation results were obtained
with a MAPE of 26.2920%, which was classified as reasonable forecasting. This result shows that
LSTM is better than ARIMA, especially in long-term data validation.

4.5 Forecasting

The best model validation results, Model 1, are used to make forecasting. The forecasting
in question predicts the value of data after the last data. In this study, the latest data was from
December 31, 2023. Data values after December 31, 2023, will be predicted for the next 3,068 days,
according to the amount of test data in the validation process, or around eight years. Forecasting
values show that the price of gold, which begins with a decline, will continue to increase in the long
term, although it appears to decline around 2028-2029, as shown in Figure 14. The price of gold is
predicted to increase by around 700 USD/troy ounce in seven years after decline in one year, with
a sharp increase occurring between 2024 and 2026. The average forecast for gold prices in 2024,
it is 1,321.10 USD/troy ounce; in 2025, it was 1,925.97 USD/troy ounce; in 2026, it was 2,046.86
USD/troy ounce; in 2027 it was 2,075.46 USD/troy ounce; in 2028 it was 1,910.40 USD/troy ounce;
in 2029 it will be 1,893.86 USD/troy ounce; in 2030 it will be 1,997.59 USD/troy ounce, and in 2031
it will be 2,079.32 USD/troy ounce.
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Figure 13: Validation forecast model of ARIMA(3,1,2).
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Figure 14: Forecast results with Model 1.

According to the World Bank [8], the price of gold is predicted to decline due to the global
economic recovery and reduced inflationary pressure. Furthermore, in the long term, it is stated
that inflation and interest rates are the main factors for gold price movements. In contrast, the
volatility of gold prices in the short term will likely continue, given the increasing geopolitical
and economic uncertainties. The forecasting results that researchers do are different from those of
the World Bank, so the value of these results may need to be corrected and appropriate. However,
these results still follow the statement of Soelistijo et al. [48], who stated that the value of gold
would continue to strengthen in the long term. Gold has a special place in world trade, and in-
vestment dues have a value never eroded by inflation. The condition of increasing gold prices can
be used as an option for saving/investing. Meanwhile, gold purchases can be made when needed

[7]-
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5 Conclusions

The daily gold price, which is not stationary in mean and variance, can be modeled with LSTM.
The walk-forward validation process helps determine the best hyperparameters from various sce-
narios. The best LSTM model obtained results from a combination of hyperparameter optimizer
Adam, learning rate 0.01, and epoch 100. This model has been able to follow the actual value pat-
tern and produces an accuracy of 0.4867% MAPE value in the validation process, which can be
classified as having high forecasting power. Forecast results with the best model show that gold
prices tend to increase in the next eight years. The condition of increasing gold prices can be used
as the right time to invest.

This study applies the method with univariate data that still ignores classical statistical fore-
casting assumptions. Further research can add covariates to the model and handle assumption
violations, such as heteroscedasticity problems. Heteroscedasticity of gold data can be done with
the Box-Cox transformation process, as done by Gopal et al. [18] with Malaysian gold price data.
In addition, the LSTM method can be combined with classical statistical methods (ARIMA) or
other deep learning methods, such as artificial neural networks, CNN, or GRU, to find a better
model.
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