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Abstract 
This paper explores effective methods for predicting gold prices, proposing 
three modeling strategies: a standalone Long Short-Term Memory (LSTM) net-
work, a Convolutional Self-Attention (CSA) Network, and a combination model 
of both. Through empirical analysis, we systematically compare the perfor-
mance of these three models in gold price forecasting, with a focus on evaluat-
ing their predictive accuracy. The experimental results indicate that the LSTM-
Attention combination model significantly outperforms the standalone LSTM 
and Convolutional Self-Attention (CSA) Network in terms of prediction accu-
racy, demonstrating a more comprehensive ability to capture the dynamic fea-
tures of price fluctuations. This model not only showcases the effective inte-
gration of LSTM and attention mechanisms in time series forecasting but also 
provides a practical tool for financial decision-making, offering valuable in-
sights for investors in a volatile market environment. 
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1. Introduction 

As one of the important indicators of the global financial market, gold prices not 
only reflect changes in economic conditions but also exert a profound impact on 
the decisions of investors and policymakers. Fluctuations in international gold 
prices are not only related to investors’ asset allocation and risk management but 
also closely linked to the pulse of the global economy. As a precious metal, gold is 
widely regarded as a “safe haven” and often attracts substantial capital inflows 
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during periods of economic uncertainty and market volatility. Especially in envi-
ronments of rising inflation or currency depreciation, gold’s value-preserving at-
tribute makes it a preferred choice for many investors. Interest rate decisions by 
central banks around the world, changes in money supply, and expectations of 
economic growth all indirectly affect the investment appeal of gold. In a low-in-
terest-rate environment, the opportunity cost of holding gold decreases, prompt-
ing more investments to flow into the gold market. Coupled with the interplay of 
various factors such as technical analysis, market sentiment, and speculative be-
havior, the trend of international gold prices exhibits complex and volatile char-
acteristics. Therefore, establishing a scientific prediction model and analytical 
framework is crucial for investors to achieve returns and risk control. In-depth 
analysis of gold price trends can not only help investors seize market opportuni-
ties but also provide effective decision-making references for policymakers, facil-
itating the optimization of economic policies. 

2. Literature Review 

Scholars at home and abroad have adopted various methods to predict gold prices. 
Traditional gold price prediction methods mainly rely on statistical models, such 
as the Autoregressive Integrated Moving Average (ARIMA) model, which per-
forms excellently in handling linear time series. Si Jin [1] based his research on 
the monthly spot gold prices in London from January 1, 2015, to June 2, 2015, and 
conducted a predictive analysis of London gold prices in the first half of 2015 by 
establishing an ARIMA model. The study found that the predicted values had a 
high degree of fit with the actual data, and the prediction results were relatively 
accurate. Xu Jun [2] applied the ARMA model to the weekly gold futures data 
from the New York Stock Exchange (NYSE) spanning from January 2006 to Jan-
uary 2016. Xu Jingyi and Kong Mengqi [3] selected the New York COMEX gold 
futures prices from January 2, 2020, to December 31, 2021, as research samples, 
conducted empirical analysis by constructing an ARIMA model, and concluded 
that gold prices would maintain steady growth in the short term. Considering the 
trending and seasonal characteristics of gold prices, Wang Peizhi and Mei Zhan 
[4] improved the traditional ARIMA model and constructed a SARIMA model 
that eliminates trend and seasonal factors, finding that the SARIMA model im-
proved prediction accuracy to a certain extent. Pan Xueyan [5] established an 
ARMA-GARCH model for gold prices in the London Gold Market based on time 
series theory and conducted empirical analysis, which revealed that the model had 
high prediction accuracy. Luo Hongben [6] proposed using a gray-ARIMA hybrid 
model for time series prediction, improving the gray model with the PSO algo-
rithm and the ARIMA model with the genetic algorithm to enhance model preci-
sion. 

However, the limitation of the ARIMA model lies in its inability to effectively 
capture the potential nonlinear characteristics and complex dependencies in gold 
price trends. In recent years, the rapid development of deep learning technology 
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has attracted widespread attention. Among various deep learning models, the 
Long Short-Term Memory (LSTM) network has gradually gained application due 
to its strong modeling capabilities and adaptability to time series data. Liu Lu et 
al. [7] compared the prediction effects of unidirectional LSTM, bidirectional 
LSTM, and ARIMA models on gold futures price series and concluded that the 
bidirectional LSTM achieved the best performance. Kim and Chang [8] used the 
LSTM model to predict stock price volatility, combining LSTM with GARCH-
family models and achieving favorable results. Ouyang Hongbing et al. [9] inte-
grated wavelet analysis with the LSTM model to predict the Dow Jones Industrial 
Average and compared its performance with four other models (multilayer per-
ceptron, SVR, KNN, and GARCH), finding that the LSTM model had the highest 
prediction accuracy. Yang Chen et al. [10] constructed an EMD-LSTM model and 
found that this model exhibited better performance and higher accuracy in pre-
dicting international gold futures prices, enabling more precise forecasting of 
price trends. Jing Zhigang et al. [11] applied wavelet analysis to decompose gold 
prices and input the decomposed data into the LS-SVM-ARIMA model, which 
yielded more accurate predictions of gold price trends. In 2017, Vaswani A et al. 
[12] abandoned the use of RNN and CNN, solely adopting the Attention mecha-
nism with extensive application of Self-attention to construct the Transformer 
model for learning text representations. Subsequently, the Transformer has been 
widely applied in fields such as computer vision, speech recognition, and natural 
language processing, achieving excellent results in all these domains. In the field 
of time series prediction, many scholars have combined Attention with other 
models in recent years to improve prediction performance. Jin et al. [13] con-
structed an Inter-Series Attention model for predicting COVID-19 data across 
different regions, achieving outstanding results in predicting multiple indicators. 
Li S et al. [14] first applied the Transformer to time series prediction problems 
and proposed several improvements, with the final experimental results outper-
forming many models such as ARIMA, DeepAR, and DeepState. Wu et al. [15] 
built a time series prediction model based on the Transformer and conducted a 
case study on influenza patient number prediction, ultimately demonstrating that 
the Transformer model outperformed other deep learning models. Cai L [16] ap-
plied the Transformer model to real-time traffic condition prediction, efficiently 
achieving accurate traffic forecasting. 

Although deep learning technology has shown great potential in time series 
prediction, the advantages of combined models have become increasingly promi-
nent, as they can help improve model performance. Examples of such effective 
combined models include the CNN-LSTM model. Considering the excellent char-
acteristics of LSTM in time series prediction and the superior feature extraction 
capability of CNN, Li C and Zhang X et al. [17] constructed a CNN-LSTM model 
to predict stock prices and added the Attention mechanism to enhance the accu-
racy and scalability of price prediction. Based on the noise and volatility of the 
stock market, scholars such as Jin [18] incorporated investor sentiment as an in-
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fluencing factor, adopted Empirical Mode Decomposition (EMD) to gradually de-
compose complex stock price series, and combined LSTM with the Attention 
mechanism for price prediction, thereby improving model accuracy. Xu Jiali [19] 
constructed a Shanghai gold futures prediction model based on the Attention 
mechanism combined with CNN-LSTM, conducting empirical analysis using the 
closing prices of the main Shanghai gold futures contracts on the Shanghai Gold 
Exchange and related indicators from January 9, 2008, to December 31, 2020. 
Wang Hong [20] proposed a relation extraction method that combines the LSTM 
model with the Attention mechanism, converting text information into vectors, 
extracting local text features, and calculating the importance of correlations be-
tween the input and output of the LSTM model through the Attention mecha-
nism. The Attention mechanism can effectively capture complex dynamic pat-
terns in data and achieve excellent prediction results in time series data. 

Building on existing research, the construction of combined models still re-
quires in-depth exploration. Although deep learning models have demonstrated 
outstanding performance, they often face issues such as large data requirements, 
long training times, and poor interpretability. Therefore, existing research can 
consider combining the advantages of traditional models to explore more robust 
hybrid methods. This paper will further conduct relevant research based on the 
combined model of LSTM and the Attention mechanism, taking gold price pre-
diction as an example. The LSTM model excels at capturing long-term and short-
term dependencies in time series data, while the Attention mechanism better han-
dles correlations within time series. Thus, combining the advantages of these two 
models may yield higher prediction accuracy. In addition, we will compare the 
prediction accuracy with models using LSTM or the Attention mechanism alone 
to explore methods for improving prediction precision. 

3. Model Introduction 
3.1. LSTM Model 

Long Short-Term Memory (LSTM) is a special type of Recurrent Neural Network 
(RNN) designed to address the problems of gradient vanishing and gradient ex-
plosion faced by standard RNNs when learning long-term dependencies in time 
series data. 

The core of LSTM is the cell. Unlike traditional RNN cells, the LSTM cell intro-
duces a “cell state,” which is a long channel running through the entire network 
to maintain long-term dependencies of information. The LSTM cell mainly con-
sists of several important components: forget gate, input gate, cell state update, 
and output gate. Its structure is shown in Figure 1, where fb  is the bias of the 
forget gate, fW  represents the weight, and σ is the sigmoid activation function. 

The forget gate is responsible for determining how much of the previous mo-
ment’s cell state 1tC −  is retained in the current moment’s cell state, that is, de-
ciding what information to discard from the cell state. This gate reads the hidden 
state 1th −  and the current input tx . Through the sigmoid activation function, 
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the forget gate outputs a value between 0 and 1, where 0 indicates complete for-
getting and 1 indicates complete retention. The calculation formula is as follows 
(1): 

 

 

Figure 1. LSTM structure. 
 

( )1  ,t f t t ff W h x bσ −= +                         (1) 

The input gate is responsible for determining how much of the current mo-
ment’s input is retained in the current moment’s cell state, consisting of two parts. 
The first part is the sigmoid layer, which decides which values to update. The cal-
culation formula is as follows (2): 

( )1,t i t t ii W h x bσ −= +                         (2) 

The second part is the tanh layer, which updates the information to be updated 
into the cell state. The tanh layer creates a new cell state value vector tc , which 
will be added to the state. The calculation formulas are as follows (3) and (4): 

1tanh ,t c t t cc W h x b−= +                         (3) 

1t t t t tc f c i c−= +                          (4) 

The output gate is responsible for determining how much of the current mo-
ment’s cell state is output. A sigmoid layer is used to determine which parts of the 
cell state will be output. The cell state is processed through tanh to obtain a value 
between −1 and 1, which is then multiplied by the output of the sigmoid gate, 
ultimately outputting only the determined parts. The calculation formulas are as 
follows (5) and (6): 

( )1,t o t t oO W h x bσ −= +                        (5) 

( )tanht t th O C=                         (6) 

3.2. Self-Attention Model 

Self-attention is a mechanism widely used in the Transformer model. It allows 
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each element in the sequence to establish connections with itself and other ele-
ments, and assigns different weights based on these connections. In this way, the 
model can understand the relationships between elements in the sequence, 
thereby capturing long-range dependency information. The self-attention mech-
anism usually includes several steps: input representation, generating queries, 
keys, and values, calculating attention weights, outputting results, and multi-head 
attention. Its architecture is shown in Figure 2. 
 

 

Figure 2. Self-attention archi-
tecture. 

 

Input representation usually represents the input sequence as a matrix, where 
each row represents the embedding of an element (such as the word vector of a 
word). 

Generating queries, keys, and values involves generating three vectors for each 
matrix X in the input sequence: Query (Q), Key (K), and Value (V). These vectors 
are obtained by multiplying the input vectors by different weight matrices. The 
calculation formula is as follows (7), where QW , KW , and VW  are learnable 
weight matrices: 

, ,Q K VQ XW K XW V XW= = =                    (7) 

Calculating attention weights is used to compute the similarity between queries 
and keys to determine the attention weight of each element in the input sequence 
to other elements. This is usually calculated through dot product, and then the 
result is scaled and normalized by Softmax to obtain normalized weights. The cal-
culation formula is as follows (8), where kd  is the dimension of the key, used for 
scaling to prevent excessively large dot products: 

( )
T

Attention , , softmax
k

QKQ K V V
d

 
 =
 
 

              (8) 

After obtaining the attention weight matrix, the output result generates a new 
representation for each input element by weighted summation of the vectors in 
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the Value matrix using these weights. This process can be regarded as fusing the 
information of the input sequence, and the self-attention mechanism responds to 
the relationships between elements in the sequence. 

3.3. Convolutional Self-Attention (CSA) Network 

The Convolutional Self-Attention (CSA) Network proposed in this paper is a var-
iant based on the Transformer encoder block, integrating convolutional layers and 
self-attention mechanisms. The design logic is as follows: gold price time series 
data simultaneously contains local short-term fluctuation features (e.g., daily price 
volatility) and long-range dependency relationships (e.g., monthly trend correla-
tions). Convolutional layers can efficiently capture local spatial features and sup-
press noise interference in raw data, while the self-attention mechanism can 
model long-range dependencies between sequence elements. The combination of 
the two achieves synergistic optimization of “local feature extraction - long-range 
relationship modeling,” laying a foundation for improving prediction accuracy. 

3.4. Model Evaluation Indicators 

For the prediction results of gold prices, Mean Absolute Error (MAE), Mean 
Squared Error (MSE), and Coefficient of Determination R2 are used as model 
evaluation indicators. 

Mean Absolute Error (MAE), also known as L1 norm loss, can reflect the actual 
situation of prediction errors by calculating the proximity between prediction re-
sults and real data. The calculation formula is as follows (9): 

1
ˆMAE i

n
i iy y

=
= −∑                          (9) 

Mean Squared Error (MSE) is a commonly used indicator to measure the dif-
ference between the prediction results of a prediction model and the actual ob-
served values. The calculation formula is as follows (10): 

( )2

1

1 ˆMSE i ii
n y y

n =
= −∑                       (10) 

The Coefficient of Determination R2 represents the proportion of the variability 
in the dependent variable that can be explained by the prediction model, and is a 
comprehensive evaluation indicator. It can measure the degree to which the inde-
pendent variable explains the dependent variable. According to the formula, its 
value range is 0-1. The closer the value is to 1, the higher the contribution rate of 
the independent variable to the change of the dependent variable; otherwise, the 
explanation degree is weaker. The calculation formula is as follows (11): 

( )
( )

2
2 1

2

1

ˆ
R

ˆ
1

n
i ii

ii
n

y y

y y
=

=
−

=
−

− ∑
∑

                      (11) 

where n  represents the number of samples, iy  represents the actual observed 
value , ˆiy  represents the predicted value (i.e., the predicted value of the model at 
the i-th time point), and y  is the sequence mean. 
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4. Model Prediction Results 

After the text edit has been completed, the paper is ready for the template. Dupli-
cate the template file by using the Save As command, and use the naming conven-
tion prescribed by your journal for the name of your paper. In this newly created 
file, highlight all of the contents and import your prepared text file. You are now 
ready to style your paper. 

4.1. Data Selection and Descriptive Statistics 

This paper selects the LBMA gold price time series from the Goldhub platform. 
The LBMA gold price refers to the spot gold price announced by the London Bul-
lion Market Association. This price is widely regarded as the benchmark price in 
the global gold market, especially in the financial and investment industries, and 
has important reference value. The unit of LBMA gold price is US dollars per 
ounce. The selected data spans from January 2, 2012, to March 13, 2024, totaling 
3183 data points, as shown in Figure 3. 

 

 

Figure 3. Time series of gold prices. 

4.2. Data Preprocessing 

First, confirm the sample data for modeling, retain only the time and price labels, 
remove other labels, and divide the data into a training set and a test set. 95% of 
the overall sample is used as the training set, and the remaining 5% is used as the 
test set for verification. Considering the temporal continuity of time series data, 
to avoid data leakage (i.e., future information being learned by the model in ad-
vance), this study adopts a time-series splitting method to divide the training and 
test sets. The 95% training set is used for the model to learn long-term price 
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trends, while the 5% test set (covering August 2023 to March 2024) includes recent 
market volatility characteristics (such as economic recovery expectations and in-
terest rate adjustment scenarios), which can effectively verify the model’s gener-
alization ability under different market environments. 

4.3. Prediction Based on LSTM Model 

After dividing the data into training and test sets, to eliminate the impact of di-
mensional differences between variables on the model, the data is first normalized 
to solve the comparability between data, accelerate the convergence of the training 
network, and improve the prediction accuracy of the model. According to the 
characteristics of the dataset and the requirements of the model, this paper adopts 
the min-max normalization method, as shown in (12), to convert the original data 
into the range [0, 1]. 

( )
( ) ( )

min
max min

x x
x

x x
−

′ =
−

                      (12) 

where: x  is the original data, and x′  is the normalized data. At the same time, 
a function is defined to create input and output sequences, converting time series 
data into a format suitable for machine learning models. By setting the time step 
to 30, each input sample will contain data from the past 30 time steps when con-
structing the dataset. 

To determine the optimal parameters of the LSTM model, a hyperparameter 
model LSTMHyperModel is first defined. The number of units in the first LSTM 
layer ranges from 32 to 256 with an increment of 32; the dropout rate of the first 
Dropout layer ranges from 0.2 to 0.5 with a step of 0.1; the number of units in the 
second LSTM layer ranges from 32 to 256 with an increment of 32; the dropout 
rate of the second Dropout layer also ranges from 0.2 to 0.5 with a step of 0.1; 
finally, the output layer is defined as a Dense layer with one unit; the Adam opti-
mizer is used, and the learning rate is optimized in the range from 1e−5 to 1e−1, 
sampled logarithmically; finally, Mean Squared Error (MSE) is used as the loss 
function to compile the model. 

After successfully defining the function model, hyperparameter optimization is 
performed. A RandomSearch object is created to randomly search for hyperpa-
rameters, with the optimization goal of reducing the validation loss. Finally, the 
hyperparameter search is started through the tuner.search method, inputting the 
training data X_train and target y_train, conducting training for 20 epochs, and 
performing validation at the same time, and finally outputting the optimal param-
eters. The output optimal parameters are: the number of neurons in the first 
LSTM layer is 256, the dropout rate of the first LSTM layer is 0.4 (used to prevent 
overfitting), the number of neurons in the second LSTM layer is 32 (usually used 
for stacking multiple LSTM layers), the dropout rate of the second LSTM layer is 
0.2, and the learning rate is 0.003218。 

The LSTM model is constructed using the output optimal indicators, and the 
previously imported Adam optimizer is used with a learning rate of 0.003218. The 
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loss function uses MSE output. After constructing the model, the model is trained 
using the training data X_train and target values y_train; the training is conducted 
for 100 epochs with 32 samples per batch; at the same time, the training loss and 
validation loss at the end of each iteration are output. can basically predict the 
fluctuation of gold prices well, as shown in Figure 4. 

 

 

Figure 4. Comparison of LSTM model predictions. 

4.4. Prediction Based on Convolutional Self-Attention (CSA) 
Network 

When constructing the model, data processing is first performed. First, select the 
target column and normalize the data, then start dividing the dataset. The training 
set accounts for 95% of the overall data, and the test set accounts for 5%, consistent 
with the previous LSTM model. The time step is set to 30, and a function also 
needs to be defined to create input and output sequences, converting time series 
data into a format suitable for machine learning models. 

The Convolutional Self-Attention (CSA) Network proposed in this study is 
based on the core architecture of the Transformer encoder block, with convolu-
tional layers introduced for feature extraction. The design rationale is that time 
series data contains both local short-term fluctuation features (e.g., intraday price 
changes) and long-range dependency relationships (e.g., monthly trend correla-
tions). Convolutional layers (64 filters, kernel size 3) can quickly capture local 
spatial features and reduce noise interference in raw data; the subsequent multi-
head self-attention mechanism focuses on long-range dependencies between se-
quences, and the combination of the two achieves synergistic optimization of “lo-
cal feature extraction - long-range relationship modeling.” 

Consistent with the LSTM model, the CSA Network uses RandomSearch for 
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hyperparameter optimization, with the goal of minimizing validation loss. After 
20 rounds of iterative search, the optimal hyperparameters are as follows: 64 con-
volutional layer filters, kernel size 3, layer normalization epsilon = 1e−6, dropout 
rate 0.1; multi-head self-attention mechanism set to 4 heads, key dimension 64; 
learning rate optimization range of 1e−5 to 1e−1 (logarithmic sampling), optimal 
learning rate 0.0028; MSE as the loss function, Adam as the optimizer. 

First, create an input layer whose shape is specified by the input shape param-
eter, then extract corresponding features through a convolutional layer, using 64 
filters and a convolution kernel size of 3, perform layer normalization on the con-
volution output with the same padding, set the epsilon parameter, and apply a 
dropout rate of 0.1 to prevent overfitting. Next, use the multi-head self-attention 
mechanism to focus on features, using 4 heads and a key dimension of 64. Add 
the original input to the attention output, then reduce the feature dimension 
through a convolutional layer, using 32 filters and a convolution kernel size of 1, 
and finally use a global average pooling layer to aggregate the data. Finally, output 
a value through a fully connected layer, connect the input and output to construct 
a complete model and return it. After construction, the model is trained using the 
training dataset X_train and y_train, with epochs set to 100 and batch_size set to 
32. After training, prediction is performed, and it is found that the overall fitting 
accuracy is high, as shown in Figure 5. 

 

 

Figure 5. Comparison of Convolutional Self-Attention (CSA) network predictions. 

4.5. Prediction Based on LSTM-Attention Combined Model 

The LSTM-Attention combined model mainly integrates the attention mecha-
nism on the basis of the LSTM model, which can dynamically select the most rel-
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evant parts in the input sequence. The Attention layer allows the model to con-
sider information from both the front and back when processing the input se-
quence, and this structure usually has a significant impact on the performance of 
the model output. The data processing part of the LSTM-Attention combined 
model is similar to that of the LSTM model. After dividing the data into training 
and test sets, the training set data is scaled to the range [0, 1] for normalization. 

At the same time, a function is defined to create input and output sequences, 
converting time series data into a format suitable for machine learning models. 
The time step is set to 30, and the training and test set data are reshaped into the 
LSTM input format. A deep learning model with LSTM (Long Short-Term 
Memory Network) and attention mechanism is built using TensorFlow and Keras. 
First, define the input layer to specify the input shape, then set an LSTM layer with 
50 hidden units, and set 0.2 in the Dropout layer, indicating that 20% of the LSTM 
output is randomly discarded during training; after defining the relevant structure 
of LSTM, add a multi-head attention layer, using the output generated by LSTM 
as input, and calculate the new output through the attention mechanism to im-
prove the model’s ability to capture key information. At the same time, scale the 
attention weights to avoid gradient explosion. The multi-head attention is set with 
4 heads and a key dimension of 50. Then, pass the LSTM output as queries, values, 
and keys to this layer to calculate the attention output; after adding the multi-head 
attention layer, add a flatten layer to flatten the attention output so that it can be 
input into the fully connected layer; finally, add a fully connected layer for output, 
use the adam optimizer, specify the loss function as MSE. 

Consistent with the previous two models, this model also uses RandomSearch 
for hyperparameter optimization, with the goal of minimizing validation loss. The 
optimal hyperparameter configuration is: LSTM layer hidden units 50, dropout 
rate 0.2; multi-head attention layer set to 4 heads, key dimension 50; learning rate 
0.0035; MSE as the loss function, Adam as the optimizer. The hyperparameter 
search process is consistent with the LSTM and CSA models to ensure a fair com-
parison among the three. 

After defining the model, the model is trained for 100 epochs with 32 samples 
per batch; at the same time, the training loss and validation loss at the end of each 
iteration are output. After training, prediction is performed, and it is found that 
the overall fitting accuracy is high, as shown in Figure 6. 

5. Analysis and Comparison of Model Results 

To objectively evaluate the prediction effect of the models, we calculated and com-
pared three evaluation indicators—Mean Absolute Error (MAE), Mean Squared 
Error (MSE), and R2—based on the price prediction results of the models on the 
test set and the actual data. The calculation results are shown in Table 1: 

As can be seen from the table, the gold price prediction model built based on 
LSTM-Attention is far superior to the traditional LSTM and Convolutional Self-
Attention (CSA) Network in terms of the three indicators MAE, MSE, and  
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Figure 6. Comparison of LSTM-Attention combined model predictions. 
 

Table 1. Model evaluation and comparison. 

Model MAE MSE R2 

LSTM 23.09 830.52 0.84 

Attention 18.66 604.26 0.88 

LSTM-Attention 14.46 373.09 0.92 

 
\(R^2\). In addition, the accuracy of the Convolutional Self-Attention (CSA) Net-
work in predicting price ups and downs on the test set is slightly higher than that 
of the LSTM model, indicating that both models can show good performance 
when the data volume is small and no gradient explosion occurs. At the same time, 
the accuracy of the LSTM-Attention combined model in predicting gold price ups 
and downs is 0.92, which is significantly higher than 0.88 of the Convolutional 
Self-Attention (CSA) Network. This indicates that the memory ability of LSTM in 
processing sequence data helps to improve the feature extraction effect of the at-
tention mechanism. 

Combined with the advantages of LSTM, the LSTM-Attention combined model 
has significantly improved the accuracy and stability of the attention mechanism 
in gold price prediction. In addition, this research result suggests that in feature 
extraction and sequence modeling tasks, combining the advantages of different 
models may achieve better performance and results, which is worthy of in-depth 
research in more fields. 

6. Conclusions and Prospects 

As a traditional investment asset, gold is not only regarded as a safe-haven tool 
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but also plays a role in preserving value in the face of economic uncertainty, infla-
tion, and currency depreciation. Therefore, in-depth understanding and predic-
tion of gold price trends help investors make more informed decisions in complex 
market environments. The combination of the LSTM-Attention model leverages 
the unique advantages of both, becoming an effective solution. LSTM (Long Short-
Term Memory Network) has strong memory capabilities and can capture long-
term dependencies in time series data. At the same time, the attention mechanism 
can effectively capture the dynamic relationships between different time points, 
thereby improving prediction accuracy. The combined model helps investors 
make more informed decisions in complex market environments and optimize 
their investment portfolios. 

The research results of this paper have practical application value for investors. 
In terms of short-term trading decisions, the model can generate daily/weekly 
price trend predictions. When the predicted value is significantly higher than the 
current price and the \(R2\) fitting degree remains above 0.9, it can be used as a 
buy signal; on the contrary, it can be used as a sell reference to help investors seize 
short-term market opportunities. In terms of long-term risk management, based 
on the model’s prediction of price fluctuation amplitude (quantified by MAE and 
MSE), investors can adjust the proportion of gold in their asset portfolios—when 
the predicted fluctuation intensifies (MSE rises), appropriately reduce gold allo-
cation to control risks; when the predicted trend is stable, increase allocation to 
give play to its safe-haven attribute. 

However, gold prices are affected by a variety of factors. This paper only pre-
dicts based on the gold price time series alone and does not consider the impact 
of other factors. To improve prediction accuracy, future research can consider in-
corporating these factors into the model, adopting multivariate time series analy-
sis or other machine learning methods, and comprehensively considering data 
from various aspects such as macroeconomic indicators, market sentiment, and 
supply-demand relationships. Specifically, three key external variables can be in-
cluded: 1) US Dollar Index (USDX), as gold is priced in US dollars, and its trend 
is typically negatively correlated with the strength of the US dollar; 2) Federal 
Funds Rate, as an increase in interest rates will increase the opportunity cost of 
holding gold and significantly affect gold demand; 3) Consumer Price Index 
(CPI), as when inflation expectations rise, the value-preserving demand for gold 
will increase. This will help to more comprehensively understand the fluctuations 
of gold prices and provide more reliable support for investment decisions. 
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