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NewYork London ShangHai
Mean -0.000 467 -0.000 467 -0.000 355
Median 0 -0.000 121 -0.000 286
Maximum 0.078 315 0.078 404 0.067 65
Minimum -0.109 479 -0.132 472 -0.094 504
Std.Dev. 0.015 832 0.015 511 0.013 865
Skewness -0.418 747 -0.587 453 -0.246 424
Kurtosis 7.938 647 9.518 811 8.115 63
Jarque—Bera 1 614.228 2 822.644 1 699.209
Probability 0 0 0
Sum -0.720 89 -0.720 561 -0.548 159
Sum Sq.Dev. 0.386 732 0.371 235 0.296 61
Observations 1 544 1 544 1 544
NewYork FlI ShangHai F1EHI 5712 S London BLUTA4% Y AHSCHE N 2 R
#2

Correlation NewYork London ShangHai

NewYork 1

t-Statistic -

London 0.929 633 1

t-Statistic 99.067 38 -

ShangHai 0.295 182 0.225 985 1

t—Statistic 12.131 9 9.109 704 -
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New York,Shanghai Silver Futures Market and London Spot Market Consolidation
CAI Wei—wei

(Information Institute, Guizhou University of Finance and Economics, Guiyang 550000, China)

Abstract: Before 2012, China has only the spot silver market, which cannot effectively reflect the supply and demand of silver.On May
10,2012, China’s first silver futures contract was officially traded on the Shanghai Futures Exchange.Therefore,by analyzing the
changes of time and frequency in silver futures trading in the three major derivatives exchanges in the world,the wavelet method is
used to check the common ground.The results show that the interaction between silver futures and spot market is stronger on different
scales,and the correlation is very high at lower frequency,that is,the market is integrated in the period of 4 -6 months,and any
trading decision or policy measures should consider the performance of other silver markets.

Key words: silver;futures; spot; wavelet decomposition; wavelet multiple correlation.
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