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Prediction Method of International Natural Gas Price Trends Based on News
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Abstract As a new type of clean and important energy,natural gas is one of the bulk commodities of futures trading. As an im-
portant component of the national economy and international transactions,it has important economic significance. However,due to
the influence of economic, political,natural and even human factors on the price of natural gas,it is very difficult to predict the
price accurately. Therefore,a news-based prediction model of natural gas price trends is proposed in this paper. In this model, text
embedding and sentiment analysis are conducted on natural gas-related news. The Granger causality test is employed to prove the
causality between the price of natural gas and the emotional tendency of relevant news. The news sentiment is multiplied as the
weight of the news vector,and the weighted vectors are the input of CNN and LSTM fused model. CNN is used to extract news
features. LSTM is used to capture time series information of news and natural gas price trends. Finally, the network achieves an
accuracy as 62%. The accuracy is still better than most traditional machine learning algorithms.
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Table 1  Statistics crawled News

I 3k 4 /& M E oilgasdaily worldoil cnbe
# BT 4 B A 2012/2/14 2009/7/9 2014/8/11
8 4 b B 2018/10/5 2018/10/5 2018/10/5

A o 17403 258119 19447

X EE X 9 H 987621 8101257 716232
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Table 2 ADF test

ADF NLTK sentiment score price

Test Statistic —3.965393 —3.110797
p-value 0.001603 0.025764
Lags Used 19 16

Number of Observation Used 2254 2257
Critical Value(1%) —3.433255 —3.433251
Critical Value(5 %) —2.862823 —2.862821
Critical Value(10%) —2.567453 —2.567452
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Table 3 Sentiment score-price Granger causality test

Number of lags 1 2 3 4
Ssr based F 16.7594 5.9188 2.7315 2.0952
F test P 0. 00 0.0027 0.4240 0.0790
Ssr based Chi2 16.7815 11. 8638 8.2198 8.4140
chi2 test P 0. 00 0.0027 0.0417 0.0775
Likelihood Chi2 16.7199 11.8329 8.2050 8.3985
ratio test P 0. 00 0.0027 0.0420 0.0780
Parameter F 16.7594 5.9188 2.7315 2.0952
F test P 0.00 0.0027 0.0424 0.0790
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Table 4 Price-sentiment score granger causality test

Number of lags 1 2 3 4
Ssr based F  0.6032 0.5753 1.0235 0.7937

F test p 0.4375 0.5626 0.3811 0.5291
Ssr based Chi2 0.6040 1.1532 3.0800 3.1876
chi2 test p0.4371 0.5618  0.3795 0.5269
Likelihood  Chi2 0.6039 0.1529 3.0779 3.1854
ratio test p 0.4371 0.5619 0.3798 0.5273
Parameter F  0.6032 0.5753 1.0235 0.7937

F test p 0.4375 0.5626 0.3811 0.5291
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Fig. 5 Pipeline of News embedding
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Fig. 7 LSTM result based on gas price
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Fig. 8 LSTM result based on news vector
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Table 5 Results comparison
Method acc/ %

LightGBM 53

Random Forest 52

Native Bayes 39

SVM 52

LSTM 52

CNN-LSTM(our method) 62
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