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Abstract 
Gold is one of the most important commodities in the financial 

market. It is a special precious metal that combines both currency and 

financial attributes, while possessing the characteristics of high liquidity, 

high security, and low yield. The change in gold futures prices is 

influenced by various factors, such as supply and demand, global 

economic conditions, national policies, exchange rates, stock market 

indices, and crude oil prices. The fluctuation of gold futures prices is 

quite complex, and the interference of unexpected events makes gold 

futures price prediction increasingly challenging. Traditional prediction 

methods are difficult to meet the requirements for short-term prediction 

of gold futures prices in the current environment. Therefore, this thesis 

analyzes the gold futures prices and their influencing factors from the 

perspectives of feature selection and feature fusion, aiming to explore 

new methods to improve the accuracy of gold futures price prediction. 

The main work is as follows: 

Regarding feature selection, the elastic net is first used to select and 

reduce the dimensionality of the Chinese gold futures and their 

influencing factors. The phase space reconstruction method and 

time-lagged correlation analysis method are used to determine the lag 

period of the gold futures themselves and the lag period of the 

compressed variables, respectively. In terms of prediction models, based 



                   

 

on the BP, ELM, and LSSVR models, the particle swarm optimization 

algorithm (PSO) and gray wolf optimization algorithm (GWO) are used 

to optimize the basic model parameters and conduct sliding window 

prediction. The prediction results show that the GWO-ELM model has a 

faster optimization speed and robustness compared to other models. To 

improve the directional accuracy of gold futures price prediction, the 

already selected GWO-ELM model is further optimized by setting an 

adaptive function that combines directional and horizontal accuracy to 

train the neural network model. The results show that the prediction 

model with the modified fitness function has better directional accuracy 

in both one-step and multi-step prediction than the original GWO-ELM 

model. Finally, different trading strategies are designed to backtest the 

experimental results of one-step and multi-step prediction, and relevant 

indicators such as strategy yield are used to further verify the good 

prediction performance of the modified fitness function GWO-ELM 

model. 

Regarding feature fusion, not only the impact of gold futures prices 

and market factors is considered, but also the investor attention 

measurement index, namely the Baidu search index dataset, is included in 

the influencing factors. The Pearson correlation coefficient, MIV, and 

KPCA methods are used to screen and fuse the mixed data, and the 

information contribution rate is compared and analyzed to determine the 



                   

 

optimal threshold for MIV and KPCA. The GWO-ELM model with 

strong robustness is selected for one-step prediction, and the prediction 

effects of feature extraction methods are compared for the mixed dataset. 

It is found that feature extraction methods are more suitable for predicting 

gold futures prices in multi-dimensional information. 

 

Keywords: Gold futures; Elastic network; Kernel principal component 

analysis; Time difference relevance analysis; Trading 
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MAPE RMSE MAE  

5 - - GWO-ELM

MIV KPCA  

4.1  

2002 10 30

2008 2

PC

2011 2001 1 2021

4

33 22

55 4.1 33  

4.1  

      

1 LEM  12  23  

2  13  24  

3  14  25  

4  15  26  

5  16  27  

6  17  28  

7  18  29  

8  19  30  

9  20  31  

10  21  32  

11  22  33  

 

2011 1 4 2021 4 7

2494 2011 1 4 2019 3 19

1995 2019 3 20 2021 4 7 498
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55 Pearson

 

Pearson

 

 

Pearson

1 -1

0  

4.2  

      

1  0.999 18  -0.347 

2  0.999 19  -0.477 

3  0.999 20  -0.497 

4  -0.478 21  -0.452 

5  -0.371 22  -0.330 

6  -0.475 23  0.440 

7 500  -0.565 24  0.686 

8  -0.504 25  -0.550 

9  -0.361 26  0.958 

10 A  -0.429 27 Au9995 0.999 

11 VIX  0.398 28 Au9999 0.999 

12 LEM  -0.303 29  0.578 

13  0.535 30  0.473 

14  0.563 31  0.673 

15  -0.489 32  0.648 

16  0.457 33  0.841 

17  -0.372 34  -0.310 
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0.8

0.5-0.8 0.3-0.5 0-0.3

0.3

34 4.2

4.2 34

15 LEM

19

500 A VIX

Au9995 Au9999

 

4.2  

4.2.1 (MIV) 

Pearson 0.3

55 34

MIV-KPCA

 

MATLAB R2020a MIV

10%

BP
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MIV MIV

4.3 MIV

 

4.3 MIV  

  MIV  MIV  

1  0.1428  14.28% 

2  0.0857  22.85% 

3 Au9995 0.0732  30.17% 

4  0.0709  37.26% 

5  0.0632  43.58% 

6  0.0571  49.29% 

7 Au9999 0.0567  54.96% 

8  0.0530  60.26% 

9  0.0468  64.94% 

10 A  0.0401  68.94% 

11  0.0317  72.11% 

12  0.0312  75.23% 

13  0.0247  77.70% 

14  0.0233  80.03% 

15  0.0231  82.24% 

16  0.0224  84.57% 

17  0.0200  86.57% 

18  0.0188  88.45% 

19 500  0.0169  90.14% 

20  0.0168  91.82% 

21  0.0123  93.05% 

22 LEM  0.0112  94.16% 

23 VIX  0.0110  95.26% 

24  0.0097  96.23% 

25  0.0061  96.84% 

26  0.0059  97.43% 

27  0.0055  97.98% 

28  0.0042  98.40% 

29  0.0040  98.79% 

30  0.0038  99.17% 

31  0.0024  99.40% 

32  0.0023  99.64% 

33  0.0023  99.87% 

34  0.0013  100% 
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4.3 MIV 70% 11

Au9995

Au9999 A

MIV 80% 14

70%

MIV 90% 19

80%

500  

4.2.2 (KPCA) 

MIV MIV

MIV 0.7 0.8 0.9 KPCA 0.7

0.8 0.9 4.4  

4.4 MIV-KPCA  

 KPCA  KPCA  +  

MIV=0.7,KPCA=0.7 3 72.53% 11+3 

MIV=0.7,KPCA=0.8 4 80.49% 11+4 

MIV=0.7,KPCA=0.9 8 91.41% 11+8 

MIV=0.8,KPCA=0.7 3 72.29% 14+3 

MIV=0.8,KPCA=0.8 4 80.99% 14+4 

MIV=0.8,KPCA=0.9 7 90.64% 14+7 

MIV=0.9,KPCA=0.7 3 70.90% 19+3 

MIV=0.9,KPCA=0.8 5 84.47% 19+5 

MIV=0.9,KPCA=0.9 7 91.85% 19+7 

 

4.4 MIV KPCA MIV

KPCA MIV-KPCA
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(KPCA) (MIV)

MIV KPCA  

MIV-KPCA

MIV-KPCA

: 

 

(4.2) MIV MIV KPCA

KPCA MIV

KPCA  

4.5  

    

0.7 0.9234 0.9446 0.9739 

0.8 0.9456 0.9620 0.9861 

0.9 0.9760 0.9813 0.9927 

4.5 MIV 0.7 0.8 0.9 KPCA

0.7 0.8 0.9

 

[56]: 

 



                   

 56 

4.6  

    

0.7 0.6540 0.6134 0.4304 

0.8 0.6858 0.6348 0.4717 

0.9 0.7306 0.6396 0.4780 

4.4 4.5

4.6

19 MIV MIV

11 KPCA 8

 

4.3  

MIV 11

Au9995 Au9999

A 1 KPCA

8 1 1

20

2011 1 4 2019 3 19 1995

2019 3 20 2021 4 7 498

MIV-KPCA-GWO-ELM ( M1) MIV-GWO-ELM ( M2)

KPCA-GWO-ELM ( M3) MIV-KPCA-ELM ( M4)

4.7  
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4.7 MIV-KPCA  

 M1 M2 M3 M4 

RMSE 3.84 3.84 24.29 12.10 

MAPE/% 0.76 0.77 5.64 3.04 

MAE 2.76 2.76 20.70 10.83 

DS/% 58.23 56.22 45.18 46.59 

4.7 M1 MIV-KPCA

M2 Pearson 34

0.7 MIV 11 GWO-ELM

M3 34 0.9 KPCA 13

GWO-ELM M4 MIV-KPCA

ELM M2 M3 M4 M1

 

4.8  

     

0.7 0.6231  0.6162  0.5360  

0.8 0.6508  0.6070  0.5061  

0.9 0.6434  0.5930  0.4702  

 

4.8 22 MIV-KPCA

MIV-KPCA-GWO-ELM

M5

MIV 8 1 Au9999

A

KPCA 3 1 1

GWO-ELM  

55

22
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Au9995 Au9999

10 A 1 4

( ) VIX 5

3 44 GWO-ELM

M6  

4.9  

 M1 M2 M3 M4 M5 M6 

RMSE 3.84 3.84 24.29 12.10 5.30 3.76 

MAPE/% 0.76 0.77 5.64 3.04 1.04 0.76 

MAE 2.76 2.76 20.69 10.83 3.81 2.76 

DS/% 58.23 56.22 45.18 46.59 51.37 62.85 

 

4.9 MIV-KPCA-GWO-ELM (M1)

MIV-KPCA-GWO-ELM (M2) MIV-GWO-ELM (M3) KPCA-GWO- 

ELM (M4) 22 MIV-KPCA-

GWO-ELM (M5)

GWO-ELM (M6)  

:1.

2. MIV KPCA

MIV-KPCA 3.

GWO-ELM ELM ELM

ELM 4.

-GWO-ELM MIV-KPCA-GWO-ELM  

4.4  

50

70% - - MIV-KPCA-GWO-ELM

2019 3 20 2021 4 7

4.10  
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4.10  

 /     

M1 818243 63.65% 286 5.09% 

M2 799228 59.85% 330 4.26% 

M3 298199 -40.36% 78 47.51% 

M4 545378 9.08% 36 13.22% 

M5 497761 -0.45% 422 19.40% 

M6 1037469 107.49% 364 2.66% 

M1 M2 M3 M4 M1

M2 M3 M4 M2

M1

M5

M1 M6

 

4.5  

MIV-KPCA-GWO-ELM  

(1)

MIV KPCA

 

(2) MIV-KPCA-GWO-ELM MIV

KPCA

GWO-ELM ELM
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(3)

MIV KPCA
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5  

5.1  

GWO-ELM

GWO-ELM

 

Pearson

MIV KPCA

MIV-KPCA-GWO-ELM  

5.2  

(1)

 

(2)
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(3)

 

(4)

 

(5)
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