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Abstract: Objective To tackle the problem that the Chinese gold futures prices cannot be accurately predicted due to their
inherent characteristics of non-linearity, instability, and high volatility, an interval prediction model based on deep learning is
proposed. This model aims to more precisely depict and forecast the changing trends of gold futures prices. Methods First,
three deep-learning models, namely the gated recurrent unit (GRU), long short-term memory (LSTM), and bidirectional long
short-term memory (BiLSTM), were employed. Independent interval prediction models were constructed using the kernel density
estimation (KDE) and quantile regression (QR) methods respectively. Then, based on these two types of interval prediction
models, a combined prediction model was further integrated. Taking the prediction interval coverage rate as a constraint
condition, the grid search(GS) algorithm was used to optimize the model weight configuration to minimize the average width of
the prediction interval. Results Empirical analysis showed that the combined interval prediction model constructed using the
BiLSTM method significantly outperformed other benchmark models in terms of prediction performance. At various confidence
levels, it exhibited a wider prediction coverage rate and a narrower average interval width. Conclusion The proposed combined
interval prediction model can more effectively predict the future fluctuation range of gold futures prices, providing more reliable
risk assessment and decision-making support for investors.
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Table 1 Model parameter settings

P, AHEE

BeET M MBFIR FIRXTHRT
GRU 50 0.01 0.5
LSTM 10 0. 01 0.2
BiLSTM 10 0. 005 0.2
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Table 2 Comparison of evaluation metrics for GRU,
LSTM and BiLSTM models

Fom) A A R MAPE RMAE R RMSE
GRU 1. 479 5.987 9 8.357 3
LSTM 0.711 2.578 3 3.640 7

BiLSTM 0. 569 2.522 6 3.628 4
450 T — B
__GRU
425 __LSTM
400 L —BiLSTM
K375}
Mo
E350 1
325}
300 |-
275 1
1 1 1 1 1 |
0 200 400 600 800 1000
KK

B3 GRU,LSTM.BiLSTM il Ril& &

Fig.3 Prediction results of GRU, LSTM, and BiLSTM models
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Table 3 Comparison of evaluation metrics for interval

prediction of different kernel density estimation models /%

BE GRU-KDE LSTM-KDE BiLSTM-KDE
7K% gPICP gPU\'i\W gPICP gPINr\W gP]CP é’P]NAW
95 73.87 4.11 91.51 3.75 94.34 3.62
90 68.37 3.02 82.73 2.83 89.87 2.71
85 63.07 2.46 76.76 2.33  85.82 2.25

& 3 A, 7F 95% & {5 /K F T, BILSTM-KDE
RIf) PICP #54543 51 7 i GRU-KDE . LSTM-KDE #& £l
20.47% . 2. 83% ; PINAW 4§ %5 2 5 ik T GRU - KDE ,
LSTM-KDE £ %1 0. 49% 0. 13% . 7E 90% & {5 /K FE R,
BiLSTM-KDE ## ) PICP 454543 & i GRU-KDE |
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Fig. 4 Fitting chart of interval prediction results of different
kernel density estimation models at the 95%

confidence level
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Table 4 Comparison of interval prediction evaluation metrics

for different quantile regression models /%
B GRU-QR LSTM-QR BiLSTM-QR
KE e Ceaw feee Semaw Leee Somaw
95 90.16 14.4 97.48 8.48 97.01 7.88
90 74.06 7.21 86.79 5.68  86.59 2.31
85 70.01 9.65 68.45 3.32  88.81 2.65

i 4 A1, 7E 95% B A5 /KF F , BILSTM-QR #7
) PICP 8 F5 % T GRU-QR #i 6. 85% , ik T LSTM -
QR #HY 0. 47% ; PINAW F5 5570 51K T GRU-QR \LSTM
QR #i8Y 6. 52% 0. 6%, 1F 90% & {5 /KF T, BiLSTM
-QR HAI [ PICP #5458 T GRU-QR #5#! 12. 53% , Ik
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QR .LSTM-QR #E% 4.9% 3.37% ., 1E 85% &A% KF
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Fig.5 Fitting chart of interval prediction results of different
quantile regression models at the 95% confidence level
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Table 5 Comparison of interval prediction evaluation metrics for BILSTM-KDE, BiLSTM—-QR and the combined model /%

N 95 90 85
T AL A
ZPICP gPINAW g(}\\ C ZPI(IP gPI\M\X' g(;W(I gPICP gPH\ AW g(}\'\’(l
BiLSTM-KDE 94. 34 3.62 7.28 89. 87 2.71 5.43 85. 82 2.25 2.25
BiLSTM-QR 97.01 7. 88 7. 88 86. 59 2.31 4.79 88. 81 2.65 2. 65
BiLSTM-QR-KDE 96. 62 4.75 4.75 90. 26 2.52 2.52 85.92 2.20 2.22
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Fig. 6 Prediction intervals for BILSTM-QR, BiLSTM-KDE
and the combined model at the 95% confidence level
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Fig.7 Prediction intervals for the combined model at the 95%,

90% and 85% confidence levels
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