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Abstract: Commodity News event extraction involves analyzing unstructured sentences in news items
to extract the information contained in them. Extracting information from news events on commodities
can provide the basis for forecasting supply and demand, predicting prices, and developing question-

answering systems. The existing researches generally have the problems that the correction between
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candidate trigger words and entity vector is not strong and the accuracy of parameter role extraction is
not enough. In this study, we propose a model to extract commodity news events (SAT-GCN-DPT)
based on a self-attention mechanism, the average pooling-based graph convolutional network, and a
dependency parse tree. The model is mainly divided into three modules; a ComBERT pre-training
module,a module to classify trigger words based on the self-attention mechanism, and a module to
classify parameter roles by using the average pooling-based graph convolution network and dependency
parsing tree. The model uses the self-attention mechanism to manipulate the input data and enhance
the association between the trigger words, while the results of graph convolution are aggregated by
using the average pooling function to restore the association between events and improve the accuracy
of classification. The results of experiments on the CON dataset showed that that the proposed model
achieved high values of accuracy and the F1 score on tasks of classifying the trigger words and
parameter roles.

Key words: commodity news event extraction; self-attention mechanism; average pooling function;

graph convolutional network; dependency parse tree
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Table 1 Categories of events and number of

sentences in the dataset

/%
Cause-movement-down-loss 13. 35 524
Cause-movement-up-gain 2.23 88
Civilunrest 2.53 100
Crisis 0.76 30
Embargo 3.75 148
Geopolitical-tension 1.70 67
Grow-strong 6.03 238
Movement-down-loss 22.69 896
Movement-{lat 1.52 60
Movement-up-gain 22.13 874
Negative-sentiment 4.79 189
Oversupply 2.63 104
Position-high 3.82 151
Position-low 3.11 123
Prohibiting 1.06 42
Shortage 1.04 41
Slow-weak 5.47 216
Trade-tensions 1. 39 55
2
Table 2 Model parameters
Hidden layer dimension 200
Optimizer Adam
Training batch size 4
Dropout 0.35
POS tagging embedding 50
Epoch 40
Entity type embedding 50
Learning rate 2e—05
Word embedding dimension 768
33
P R JF1
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,
F1=72>;5_>}<€R>< 100%
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Table 3 Comparative results of classification of trigger words and parametric roles by the models

(P, accuracy; R, recall; F1, F1 score)

P R F1 P R F1
A(JMEE) 0. 89 0.91 0. 90 0.72 0.76 0.75
B(GCN-FT) 0.92 0. 94 0.92 0.74 0.75 0.73
C(GCN-LST) 0.93 0.95 0.94 0. 87 0. 86 0. 85
D(GCN-CST) 0.91 0. 96 0.93 0. 90 0. 89 0.90
E(SAT-GCN-DPT) 0.91 0.97 0.94 0.93 0.93 0.93
. , 4.0% ,
SAT-GCN-DPT B ,
R 3.0% , F1 2.0% | SAT-GCN-DPT
. D, CON
F1 R 1.0% ; .
A.B.C P,R,Fl CON .
6.0%,7.0%,8.0% , D , 5
P F1 3.0% . R F1 .
4 CON

Table 4 The number of sentences corresponding to the extraction of

partial financial events from the CON dataset by each model

Crisis(30) Movement-down-loss(896) Oversupply(104)  Position-low(123)
A(JMEE) 25 816 94 110
B(GCN-FT) 26 833 96 112
C(GCN-LST) 28 842 97 114
D(GCN-CST) 27 851 98 116
E(SAT-GCN-DPT) 28 869 99 117
5 CON F1
Table 5 Comparison of F1 values of each model for the extracted financial events from the CON dataset
F1
Crisis Movement-down-loss Oversupply Position-low
A(JMEE) 0. 85 0.91 0.90 0. 89
B(GCN-FT) 0. 88 0.93 0.92 0.91
C(GCN-LST) 0.95 0. 94 0.93 0.92
D(GCN-CST) 0. 94 0.95 0. 94 0.93
E(SAT-GCN-DPT) 0.95 0. 97 0.95 0. 96
| , Crisis , ;

, Movement-down-loss )
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Table 6 F1 values of each model for the parametric homogeneity of entities with regard to their role in segmentation
F1
A B C D E
Final value ¢ Money/Production unit/Price unit/Percentage/Quantity 0. 38 0.70 0.74 0.78 0.85
Initial value & Money/Production unit/Price unit/Percentage/Quantity 0. 57 0.73 0.68 0.76 0.84
Difference ¢ Money/Production unit/Price unit/Percentage/Quantity 0. 68 0.83 0. 88 0.89 0.92
Reference point ¢ Date 0. 69 0.79 0.70 0.80 0.83
Initial point « Date 0.62 0.63 0.62 0.66 0.71
Contract date #» Date 0.53 0.70 0.67 0.80 0.86
Supply consumer & Country/State/Province 0.71 0.72 0.73 0.79 0.83
Impacted countries # Country 0.68 0.72 0.71 0.76 0.83
Participating countries Country 0.74 0.78 0.81 0.82 0.87
6 ,CON 6 B,C Money/
. Production unit/Price unit/Percentage/Quantity
. “Difference”
F1 , A F1 , 8 C
) Country “Participating
, countries” F1
3 B.C D.E

F1 ;
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