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Abstract. The prediction of gold prices is meaningful for multiple industries. Gold is a relatively stable
store of value, and its price is closely linked to stocks, exchange rates, and monetary policy.
Observing the trend of gold prices can promote the stable development of financial businesses. In
this article, the daily opening and closing prices of gold over the past ten years were chosen as the
data support. Seven different models were trained to predict prices on a yearly basis with a half-year
interval. These predictions were then compared to actual data, and evaluations and analyses were
conducted to identify the most suitable model for gold price forecasting. The machine learning
models used included Ridge Regression, Linear Regression, Decision Tree Random Forest, Lasso
Regression, Support Vector Machine, and K-Nearest Neighbors. In the evaluation process, Mean
Squared Error (MSE) was used as the criterion to assess the accuracy of the model predictions.
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1. Introduction

Gold has long been regarded as a universally accepted currency. In modern economics, it is
commonly seen as a hedge against inflation, a source of wealth, and to some extent, a safe investment,
especially during periods of stock market volatility [1]. Therefore, economic analysts increase their
holdings of gold during inflation, anticipating further inflation [2]. During economic recessions, bulk
commodities like gold create a sense of security and opportunity for investors, as they are positively
correlated with inflation [3]. Therefore, predicting the price of gold holds practical value as it is
crucial for trading strategy optimization and financial risk management for institutions engaged in
gold trading. It helps improve profits and reduce risks [4]. Additionally, gold price volatility also
impacts financial institutions and enterprises.

One of the more advanced prediction models currently available for gold price prediction is the
one proposed by Fong-Ching et al. In their research, they utilized Genetic Algorithm (GA)
optimization to train and predict future gold prices using Least Squares Support Vector Regression
(LSSVR). The performance of the model was evaluated using Mean Absolute Percentage Error
(MAPE) and demonstrated its effectiveness [5]. When it comes to predicting the prices of specific
investment commodities like stocks, oil, and Bitcoin, their prediction methods overlap significantly
with those used for gold. For instance, in Shruthi's stock price prediction model, machine learning
methods such as Support Vector Machines (SVM) and Decision Trees were employed, which are
similar to the methods used to predict gold prices [6]. At the same time, there’s also LSTM-based
method to predict stock price movement [6]. In fact, as Ali mentioned, there are strong correlations
between price fluctuations among these commodities, often exhibiting simultaneous upward or
downward trends [7].

However, there are far fewer predictive models available for gold compared to the commaodities.
Existing research on gold price prediction is limited and mostly focuses on proposing and evaluating
individual models, lacking comparisons between multiple models. Therefore, there is a need to
develop more models for predicting gold prices and the followings are the reasons why it is necessary
to innovate new methods of gold price predication. While there are many Machines Learning (ML)
and Atrtificial Intelligence (Al) methods in the financial domain, investors are constantly competing
and attempting to find new approaches that outperform the market [8, 9]. For instance, Qiu et al.
delves into an in-depth examination of statistical models, particularly emphasizing the use of extreme
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value mixture approaches in the finance and insurance sectors. If a large group of traders apply the
same technique, the market becomes saturated, and the model loses its predictive ability. Hence, there
is a continuous need for new methods, as their uniqueness may make them effective in specific market
conditions [10].

Previous and existing research gaps include the lack of comparison between different models and
the possibility of having more applicable predictive models. Additionally, previous research only
focused on predicting the direction of gold prices, rather than accurately predicting the prices
themselves.

To address this, this paper proposes an idea that involves comparing other price prediction models,
establishing models not previously used for gold prediction, and evaluating the accuracy of each
model to determine their potential value for further development and improvement. Furthermore, this
study chooses to predict the precise prices rather than just the upward or downward trends, as it is
more advantageous for traders in formulating business plans. In this regard, this study has designed
seven different gold prediction models, each with its own algorithmic advantages. These seven
models include Ridge Regression, Linear Regression, Lasso Regression, Decision Tree, Random
Forest, Support Vector Regression (SVR), and K-Nearest Neighbor (KNN). Then, Mean Squared
Error (MSE) was employed, a relatively straightforward method, to assess their fit and accuracy.

2. Method

2.1. Dataset Preparation

The dataset used in this research institute comes from Kaggle [11]. The dataset includes
international gold prices from August 18, 2013, to August 18, 2023. The information includes the
date, volume, open price, close price, high price, and low price of gold, recorded daily. It provides
important data support for analyzing trends in the gold market. In terms of data preprocessing, there
are missing values in the volume column of this dataset. Since the volume column has missing values
and the data is in a time series format, this study does not use the median or mean to fill the missing
values. Instead, this paper uses forward filling to fill the missing values.

Next, the dataset is divided into the training set and the test set, with the data from 2023 serving
as the test set, and the data before 2023 serving as the training set. Features (X_train and X_test) and
target variables (y_train and y_test) are extracted from the training set and test set. The features are
obtained by removing the date and closing price columns from the original data, which are used to
describe the time and price of gold trading. The target variable is the closing price, which is the value
the model aims to predict. Multiple regression models are iterated through, and each model is trained
and used for predictions. In each iteration, the model is trained using the training set (X_train and
y_train), and then it makes predictions on the test set (X _test), resulting in predicted values (y_pred).

2.2. Machine Learning Models

This study uses Ridge Regression model, Linear Regression, Decision Tree Random Forest, Lasso
Regression, Support Vector Machine K-Nearest Neighbors. This study adopts MSE as a measure of
the potential of being a gold price prediction model. The basic formula for MSE is as follows:

MSE = (1/n) * X(yi — yi)"2 1)

In this formula, n represents the number of samples, yi represents the actual value of the i-th sample,
and yi represents the predicted value of the i-th sample. The X symbol denotes the summation, which
sums up the values for all samples. A smaller value of MSE indicates a smaller difference between
the predicted values and the actual values, indicating better performance of the model. MSE is a non-
negative value, meaning it is always greater than or equal to zero.

There are several reasons for choosing MSE. Firstly, it has intuitiveness as an evaluation criterion,
where smaller values indicate better prediction results. In assessing the usability of gold price
prediction models, intuitiveness is crucial as it can save time. Secondly, MSE is a differentiable
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function, allowing for the determination of model parameters that bring the predicted results closest
to the true values in many optimization algorithms. Additionally, MSE is sensitive to outliers,
enabling it to focus on samples with larger errors that may be unstable in gold price prediction.

2.2.1 Ridge Regression

Ridge regression introduces an additional L2 regularization term into the minimized objective
function to address multicollinearity issues. The objective function becomes:

minimize: 1/2 * ||Y — XB||"2 + a * ||B]|"2 2

Where Y is the observed target variable vector, X is the input feature matrix, where each row
represents a data sample and each column represents a feature, B is the regression coefficient vector,
representing the weights assigned to each feature. Ridge regression helps stabilize the estimation of
regression coefficients by adding a regularization term, which helps prevent the model from
excessively fitting the training data and improves its ability to generalize to new samples.

2.2.2 Linear Regression
The basic formula for linear regression is as follows:

y = PBo+ Bix1 + € (3)

Where y is the target variable, xi is the feature variable, o and . are the regression coefficients,
and ¢ is the error term. Linear regression has the advantage of simplicity and high interpretability,
making it practical for evaluating models for gold price prediction.

2.2.3 Decision Tree and Random Forest

A decision tree is a machine learning algorithm that makes decisions based on a tree-like structure,
commonly used for classification and regression tasks. Decision trees, as chosen models, have the
advantages of interpretability and visualization. The decision process of a decision tree model can be
intuitively displayed through its tree structure. Random forests can be composed of multiple decision
trees and provide high accuracy.

2.2.4 Lasso Regression

Lasso regression adds an L1 regularization term to the loss function, which can drive some feature
coefficients to become zero, achieving feature selection and model sparsity. The mathematical
expression for Lasso regression is as follows:

Minimize:1/2 * ||Y — XB||"2 + a = ||B]|_1 (4)

The reason for choosing Lasso is that in this regression model, only a few features have a
significant impact on the target variable, and the coefficients of other features approach zero, allowing
for the exclusion of many irrelevant factors.

2.2.5 Support Vector Machine and K-Nearest Neighbors

Both models are machine learning methods. The main goal of SVM is to find an optimal
hyperplane that separates samples of different classes and maximizes the margin between the two
classes. K-Nearest Neighbors, on the other hand, classifies an unlabeled sample based on the majority
class among its K nearest labeled samples, measured by distance.

3. Results and Discussion

After training seven models based on the data, the actual closing prices of the training set and the
predicted closing prices of the test set were shown in Fig. 1 and Fig. 2. The performance evaluation
results of the given regression models on the gold price prediction task show significant differences
in predictive performance. The following figure displays the curves of actual data and predicted data.

431



Highlights in Business, Economics and Management FTMM 2024

Volume 40 (2024)

Ridge MSE: 45. 39
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Figure 1. Price curves based on Ridge Regression (Picture credit: Original)

Linear Regression MSE: 45. 39
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Figure 2. Price curves based on Linear Regression (Picture credit: Original)

The Ridge regression model and the linear regression model exhibit low mean squared error (MSE)
values of 45.39 and 45.39 shown in Fig. 3 and Fig. 4, respectively, indicating good accuracy in
predicting the gold price.

Lasso MSE: 74. 68

Lasso - Train and Test Set

= Tain Actual
2000 { — Predicted

1800

=
@
=]
=]

Close/Last

1400

1200

1000 T T T T T T T T T T T T T T T T T T
S N g g " g \y g g g g g g x g g g g g g x g
R g P U g P g g P

o ,_‘Q'b d ()‘3 &V Hc:‘“ & c?" & o % \_"" v 0% S ‘6"

o A &
"P £ P "P 4l '@ “9 “9 "9 "P "E" "P "Q '@ “9 “9 "9 +

Date

&S

Figure 3. Price curves based on Lasso Regression (Picture credit: Original)
The Lasso regression model has a slightly higher MSE of 74.68 compared to Ridge and linear
regression models shown in Fig. 4 and Fig. 5, but it is still relatively low.
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Random Forest MSE: 90.31
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Figure 4. Price curves based on Random Forest (Picture credit: Original)

Decision Tree MSE: 121.59
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Figure 5. Price curves based on Decision Tree (Picture credit: Original)
The decision tree model and the random forest model have MSE values of 121.59 and 90.31 shown
in Fig. 6 and Fig. 7, respectively, indicating average predictive performance.
Support Vector Machine MSE: 407690, 66
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Figure 6. Price curves based on Support Vector Machine (Picture credit: Original)
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KE-Nearest Neighbors MSE: 61218. 36
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Figure 7. Price curves based on K-Nearest Neighbors (Picture credit: Original)

On the other hand, the support vector machine model and the K-nearest neighbors model have
MSE values of 407,690.66 and 61,218.36, respectively, indicating relatively poor performance.

Based on the experimental results, this study considers the Ridge regression model, linear
regression model, Lasso regression model, decision tree model, and random forest model as potential
models for gold price prediction, as they exhibit relatively small and comparable MSE values. Lasso
regression can compress feature coefficient to 0 in feature selection, excluding features that have
relatively little impact on the price of gold. Ridge regression can fit linear relationship and prevent
overfitting and linear regression can fit linear relationship, and both the regression is relatively simple
among the machine learning models. As for decision tree, it can capture nonlinear relationships in
data, to deal with irregular fluctuations in the price of gold. A smaller MSE value indicates that the
actual data and predicted data are closer. In this study, no threshold was set because this was only a
relative test, and the MSE value alone is not sufficient to establish a formal prediction model. Further
research is needed to continue reducing this value, which will be addressed in more in-depth studies.

In further research, there are several methods to reduce the MSE value, such as considering more
factors, it is suggested to incorporate additional predictive indicators, such as irregular and
unexpected factors like inflation data. Inflation levels are typically closely related to gold prices,
including metrics like inflation rate, consumer price index, monetary policy, real interest rates, and
others, as these data have a significant impact on gold price trends. Governments often use interest
rate adjustments and money supply control to manage inflation levels, which in turn affect gold prices.
Other fixed factors, such as geopolitical factors, should also be considered, as economic conditions
vary across different regions, and companies should analyze specific local data accordingly. The
accuracy of the results can be further improved by incorporating techniques such as time series
analysis and short-term memory [12]. In addition, some advanced machine learning or deep learning
models can be also considered for further performance improvement [13-16].

Finally, there are regular factors, such as supply and mining data. Tracking gold production levels
and financial reports of mining companies can provide insights. Additionally, trading volumes and
open interest in gold exchanges can reflect market demand and supply conditions.
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4. Conclusion

This paper proposes testing seven different models using historical gold price data from the past
decade to obtain predictive data. A comparison is made between the predicted data and actual data to
determine whether a particular machine method can serve as a gold price prediction model, thereby
enabling further in-depth research. MSE is used as the evaluation criterion, with lower values
indicating better suitability as a gold price prediction model.

The research findings indicate that among the seven models used in this study, the Ridge regression
model, linear regression model, Lasso regression model, decision tree model, and random forest
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model show potential as gold price prediction models. On the other hand, the support vector machine
model and K-nearest neighbors model are not suitable for gold price prediction due to their
significantly higher MSE values and considerable divergence from the aforementioned models. In the
future, these five models can be further optimized and fine-tuned by businesses to serve gold price
prediction purposes. Investing in gold as an asset storage option or as an investment can enhance
enterprise stability, thereby promoting robust socio-economic development.
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