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Predicting next-day price change direction and volatility size of crude oil
futures based on a hybrid TN-LP-LSTM-SVM model

ZHAO Ge-ya, XUE Ming-gao®
(School of Management, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract: Crude oil prices are influenced by international political, economic, military, diplomatic and other complex
factors, and the frequent changes in these factors cause oil prices to exhibit random fluctuations, making crude oil
investment and trading decisions difficult. Therefore, predicting oil prices accurately has become a hot research topic in
the academic field of energy. However, most of the existing literature on the crude oil price forecasting predicts the value
of crude oil prices rather than the change direction, and does not predict crude oil prices and volatility simultaneously,
thus can’t give investors sufficient information to guide their decisions. To fill this research gap, this paper proposes a new
hybrid TN-LP-LSTM-SVM model combining the transition network (TN), link prediction (LP), long short-term memory
model (LSTM) and support vector machine (SVM) to predict the next-day price change direction and volatility size of
WTI futures more accurately, providing useful advices for investors, energy-related companies, and government personnel
involved in policy decisions. Comparing the prediction accuracy of the TN-LP-LSTM-SVM model with the CNN-SVM
model, LSTM and SVM for different time windows (h € [1,50] and h € Z ™), we find that the TN-LP-LSTM-SVM model
always outperforms the CNN-SVM model, LSTM and SVM robustly for medium and long term predictions (h > 4).
Keywords: crude oil futures; direction forecast; transition network; link prediction; long short-term memory model;
support vector machine
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#5 AT RIAATEE O T TN-LP-LSTM-SVM 5 CNN-SVM, LSTM #1 SVM BIFUM#E B LL 45
I} ) i 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
TN-LP-LSTM-SVM 0.362 0.509 0.635 0.664 0.719 0.748 0.757 0.779 0.797 0.821 0.825 0.833 0.830 0.837 0.853 0.858 0.853
CNN-SVM 0.396 0.421 0.488 0.532 0.574 0.604 0.642 0.659 0.662 0.685 0.717 0.683 0.703 0.709 0.712 0.726 0.736
LSTM 0.378 0.551 0.662 0.650 0.702 0.645 0.716 0.747 0.741 0.736 0.763 0.748 0.756 0.754 0.750 0.782 0.776
SVM 0.369 0.473 0.544 0.586 0.611 0.618 0.634 0.653 0.674 0.705 0.720 0.716 0.721 0.734 0.720 0.727 0.738
I ] 4 1 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34
TN-LP-LSTM-SVM 0.862 0.876 0.871 0.880 0.889 0.886 0.888 0.896 0.903 0.898 0.910 0.901 0.909 0.911 0.913 0.905 0.909
CNN-SVM 0.738 0.730 0.715 0.759 0.762 0.765 0.759 0.762 0.775 0.780 0.782 0.791 0.768 0.756 0.761 0.769 0.755
LSTM 0.792 0.789 0.793 0.807 0.803 0.817 0.809 0.785 0.751 0.804 0.834 0.793 0.828 0.827 0.808 0.795 0.847
SVM 0.734 0.743 0.748 0.755 0.787 0.786 0.778 0.781 0.779 0.794 0.817 0.814 0.817 0.812 0.817 0.806 0.817
P ) 7 1 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50
TN-LP-LSTM-SVM 0911 0.908 0.910 0.901 0915 0914 0902 0921 0930 0913 0.920 0918 0.923 0.917 0.915 0.913
CNN-SVM 0.773 0.772 0.770 0.740 0.779 0.761 0.772 0.767 0.800 0.776 0.761 0.780 0.795 0.795 0.808 0.801
LSTM 0.845 0.811 0.813 0.810 0.839 0.826 0.788 0.783 0.842 0.806 0.800 0.847 0.811 0.849 0.838 0.872
SVM 0.811 0.803 0.812 0.812 0.820 0.812 0.816 0.830 0.859 0.854 0.853 0.858 0.857 0.851 0.850 0.867
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