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Table 1 Description of the predictive factor indicator system
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2 INE
Table 2 Granger causality test between INE oil price volatility and the effective keywords of oil-related events
F
1 OPEC—4 INE 1 45.006 ***
2 WTI —4INE 1 33.900 ***
3 —hINE 1 58.013***
4 —4INE 1 13.650***
5 —INE 1 67.178 ***
6 —hINE 1 8. 740 ***
7 —4 INE 1 3.077"
8 —4INE 1 36.435 %
9 —4INE 1 5.843**
10 — INE 1 3.197"
11 —INE 1 4.080**
12 —4INE 1 13,487 ***
13 —»INE 1 56. 806 ***
14 —4INE 1 5.178**
15 — INE 1 79.812 %
16 —4INE 1 71.955***
17 —4INE 1 48. 489 ***
18 - 1INE 1 4.608**
19 —4INE 1 3.563"
20 — INE 1 3.505"
21 — INE 1 4.478**
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Fig. 1 The evolution of the six predictors 2018 ~2020
3 INE
Table 3 Descriptive statistics of INE crude oil returns and the six predictors
INE
-0.001 -0.001 -0.006 -0.005 -0.004 0.013 10.016
0.000 -0.185 0.307 0.272 -0.028 -0.009 9.165
0.097 2.542 1.053 0.936 1.536 2.229 43.635
-0.115 -1.344 -3.301 -5.040 -2.240 -1.384 3.519
0.027 0.522 0.971 0.888 0.774 0.678 4.479
-0.553 1.039 -1.926 -2.438 -0.191 0.285 2.833
6.024 5.532 5.802 8.999 3.012 3.022 16.241
ADF 0.001 *** 0.008*** | 0.0227*** 0.001 *** 0.008 *** 0.001 *** 0. 005 ***
-20.514 -2.647 -2.273 -4.785 -2.654 -4.747 -2.781

ek 1% x 5% * 10%
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Table 4 Granger causality test between oil price volatility and the six predictors
F
—4INE 1 5.073 ***
— INE 1 9. 884 ¥
—»INE 1 31468 ¥
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—4INE 1 66. 507 ***
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10 2d.5d.22d 125 dINE ®
Table 10 The best forecasting model for oil price volatility at different day ahead horizon
2 d INE
MSE MAE
Ty T Thyax T Ty Thiax
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What is the key factor driving price volatility of China’s crude oil futures?

MA Yan-ran' WU Fei ZHANG Da-ong” JI Qiang'

1. Institutes of Science and Development Chinese Academy of Sciences Beijing 100190 China;
2. Research Institute of Economics and Management Southwestern University of Finance and Economics

Chengdu 610074 China

Abstract: This paper quantifies for the first time the driving factors predicting price volatility of China’ s crude
oil futures. Using the generalized dynamic factor model and the internet data this paper constructs six factors
to predict the price movements of China’ s crude oil futures: the demand-supply factor market financialization
factor exchange rate factor commodity market factor global macroeconomic factor and event-driven factor.

Results from the GARCH-MIDAS model show that these factors can significantly improve the forecasting accu—
racy of crude oil futures price volatility. Further results based on the MCS tests demonstrate that the underly—
ing information driving price volatility varies across different time horizons. Specifically the event-driven fac—
tor plays the leading role in the short-term and medium—erm forecasting whereas the demand-supply factor is
the key for explaining long-term price volatility. Overall this study provides a useful framework and key refer—
ence for market participants policymakers and regulators to utilize market information in China’ s crude oil
market.

Key words: China’ s crude oil futures; volatility forecasting; the predictors; GARCH-MIDAS



