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1 | INTRODUCTION

Causal event extraction (CEE) is a joint extraction task of events and causality. It is a fundamental task for event logic graph construction that
automatically extracts cause/effect events from plain text, and determines whether there exists a causal relationship between the cause event
and the effect event. CEE is of great value for various intelligent applications, such as event prediction, recommendation system and question
answering.

As shownin Table 1, there are mainly two types of causal relations in CEE, including explicit relation and implicit relation. Explicit relation usually
contains causal indicators such as lead to, due to, because of, and so forth, while implicit causality does not. For example, “The price of raw material rises
sharply, leading to a sharp increase in feed cost.” In this sentence, the cause is “the price of raw material rises,” the effect is “a sharp increase in feed cost.”
Understanding the event causality in a sentence is essential to many artificial intelligence applications. However, there are still exist two problems
in previous CEE methods: (1) The accuracy of phrase-level event extraction is relatively low due to the ambiguous description of events; (2) The
long-distance dependence make it difficult to determine implicit causality. These difficulties prevent conventional methods to accurately extract
causal events just rely on limited training data. The main reason is the lack of necessary background knowledge. For example, “John killed someone,
and was sent to prison” and “As Hudson murdered Andrew, he was sent to prison.” The news text contains a large number of similar causal patterns, which

can assist the model to improve the accuracy of CEE.
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TABLE 1 Example of causal event extraction

Forms Sentence Causal-effect

»

Explicit causal sentences  The price of raw materials rise sharply, leading to a “the price of raw materials rise” — “sharp rise in feed cost
sharp rise in feed cost.

Implicit causal sentence  The Country adopts macro-control, and the price of “macro-control” — “the price of pork begin to fall”
pork begin to fall.

Existing methods can be roughly divided into rule-based methods, statistical methods and deep learning methods. Rule-based methods*
extract causal events from text using template matching approach, requiring extensive manual efforts to construct patterns such as lexical pat-
terns, syntactic patterns, and semantic patterns. However, it is impossible to enumerate all templates due to the complexity of natural language.
Moreover, pattern matching has relatively poor ability of generalization, resulting in low recall of CEE. Although machine learning methods>®
partially solve above problems based on rich features, it relies on sophisticated feature engineering and consumes external time and manual
efforts.

In recent years, deep learning methods relying on neural network models have achieved great success in natural language processing. These
methods extract high-dimensional features from data in a popular end-to-end manner. Fu et al.? transform CEE into sequence labeling. Convolu-
tional neural network (CNN)1%11 models that emphasized n-gram features have proved to be suitable for relation extraction. Besides, Dasgupta
and Dunietz et al.1213 apply long short-term memory (LSTM) to CEE to capture the long-term dependence of sentences. Furthermore, Ma and Jin
et al.1*1> combine CNN and LSTM to take advantage of both architectures. Though neural networks have achieved state-of-the-art performance,
CEE is still remains a hard problem due to its complexity and ambiguity. Besides, insufficient training data make the deep model easy to overfit and
drastic fluctuations.

To overcome the above limitations, considering that we can find a large number of sentences containing causal relations based on
causal indicators, which can be used to construct causal graph, may benefit both event and causality extraction. We propose a novel neu-
ral method for CEE with the associated graph, the model incorporate causality-associated graph (CAG) as prior knowledge into the graph
neural network (GNN) model to assist CEE. GNN617 are designed to represent the graph. They have been widely used in natural language
processing.181? For CEE, we first construct an undirected graph of CAG from large-scale domain text. Compared with conventional sequen-
tial methods, our model is more sensitive to event phrases and their causal relationships, which is difficult to be captured by previous
methods.

Figure 1illustrates the workflow of the proposed causality-associated graph neural network (CA-GNN) method. First, we construct CAG using
external knowledge, such as causal trigger tables. Second, we use GNN to model both the intraevent mentions and interevent causality in a sentence.
Finally, we fed the encoded input sentence sequence and the prior knowledge of CAG into a multiple convolution layer and a single BiLSTM+CRF

layer sequently. The main contributions of this work are summarized as follows:
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FIGURE 1 Overview of the causality-associated graph neural network framework
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e This work enhances event causality by integrating the prior knowledge of event causality using a CAG, capturing intraelement transitions inside

events and intercausality across events.

o We use GNN to learn the semantic information of the nodes and their rich connections in CAG, and integrate the learned graph embedding into

CA-GNN to generate global semantic representations.

e Experiments conducted on the real-world Chinese datasets show that CA-GNN significantly outperforms state-of-the-art methods.

2 | RELATED WORK

Inthis section, we give a brief review of some related works on CEE in different perspectives, including template matching, statistical learning, neural
networks and graph model.

2.1 | Template matching

Kontos and Sidiropoulou® use hand-crafted causal patterns to discover causal relationships. Garcia and Daniela et al.* develop a system, called
COATIS that use the contextual information and heuristic rules to extract event causality. Furthermore, Girju et al.! suggest to divide the CEE into two
steps: The first step is to mine lexicon-syntactic patterns that can express causality such as the most frequent pattern like NP1 causal — verb NP2,
where NP1 and NP2 can be found in the lexical knowledge base like WordNet. The second step is to validate and rank the obtained patterns according
to some semantic constraints on NP1, NP2, and causal — verb through a WordNet-based course-grained process. To reduce human participation,
Ittoo and Bouma? present a minimally supervised algorithm that extract both explicit and implicit causal relations from domain-specific sparse texts
without relying on hand-coded knowledge. However, template matching requires much manual efforts, and the generalization of template matching
is far from satisfied.

2.2 | Statistical learning

Unlike template matching, statistical learning turns CEE into a classification problem. Girju® prove that statistical learning is a very effec-
tive method to discover causality by using C4.5 decision tree. Blanco et al.® improve it by constructing seven types of features. However, this
model can only handles explicit causal patterns, for example, < VerbPhrase Relator Cause >. Rink and Harabagiu’ use support vector machines
as the classifier based on lexical, syntactic and semantic features. Although this model achieves promising results, it cannot extract more
complex implicit causality. To solve this challenge, Yang and Mao® propose a multilevel relation extraction algorithm to recognize all poten-
tial causal relations on the basis of dependency/constituency grammar trees. However, huge efforts in feature engineering still limit the use of

those models.

2.3 | Neural networks

In recent years, deep learning methods have been widely used in the field of natural language processing. Fu et al.” convert CEE into a
sequence labeling problems. Nguyen and Grishman?® prove that convolutional neural networks can significantly improve the performance of
relation extraction, which can automatically learn features from sentences with multiple window sizes for filters and pretrained word embed-
dings. To reduce the impact of artificial classes, Santos et al.!! propose the ranking CNN algorithm to minimize novel pairwise ranking loss
function. Unlike convolutional neural networks, LSTM can obtain sequence information and long-term dependencies of text. Dasgupta et al.?
propose linguistically informed recursive neural network, using word-level embeddings and other linguistic features to detect causality. Duni-
etz et al.® developed the DeepCx system, which effectively incorporates causal expression patterns by using LSTM to enhance causal rela-
tionship extraction. Jin et al.’®> combine the advantage of CNN and LSTM, and propose cascaded multistructure neural network to extract
intersentence or implicit causal relations. However, it is difficult for conventional neural networks to capture the more complex causality in
a sentence, and the lack of training data makes the deep model easy to overfit. To tackle this problem, some researchers try to incorporate
prior knowledge into neural networks. Li et al.2° propose use transfer contextual string embeddings to solve the problem of insufficient train-
ing data. Moreover, Li and Mao?! propose a knowledge-oriented convolutional neural network for causal relation extraction, which consists a
knowledge-oriented channel that incorporates human prior knowledge and a data-oriented channel that learns important features of causality from
the data.
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24 | Neural network ongraph

GNN has achieved great success in natural language processing, and is designed to represent the graph, for example, social network and knowledge
graph, which can improve the performance of deep model. Gori et al.22 and Scarselli et al.® propose a GNN to process a variety of graph data struc-
tures such as acyclic graph, cyclic graph, directed graph, and undirected graph. Li et al.’” add gated recurrent units and modern back-propagation
optimization techniques to compute gradients. Recently, GNN is widely used in natural language processing. Li et al.'® construct an event graph
to utilize the event network information, and apply scaled graph neural network to script event prediction. Zhang et al.’? propose a novel text
classification TextING by using GNN with inductive word representations based on their local structures, which can also effectively produce embed-
dings for unseen words in the new document, the performance of TextING is better than mainstream text classification tools such as TextCNN,23
TextRNN,?* FastText,?> and graph-based methods for text classification TextGCN.?¢ Furthermore, Xu et al.?” proposes a sequence labeling method
to extract causal relations incorporating graph attention network based on syntactic dependency graph, and achieve desirable results. Therefore,
with its powerful representation ability, GNN can learn rich semantic information of various graph data, which is very suitable for various tasks
of NLP

3 | OURMODEL

In this section, we will introduce our proposed CA-GNN, we formulate the problem of CEE at first, then show how to apply domain prior knowledge
and GNN into CEE, and give the details how to construct CA-GNN.

3.1 | Notations

CEE is ajoint extraction task of events and causality, it aims to extract causal event pairs from texts as shown in Figure 2. Here, we give a formulation
of this problem.

In CEE, let | = (wq, wy, ws, ..., w,,) denote a sentence consisting of word sequence, where w; € [ is a word. Label set y can be represented asy =
(0,B-C,I-C,B—-E,I-E), where each element in y means w; is nontarget word, the beginning of cause, continuation of cause, the beginning of
effect, continuation of effect. Under a CEE model, for each word w;, we output the probabilities for all labels in label set y.

3.2 | Constructing CAG

Figure 3 shows a high-level overview of the approach. We crawled a large number of domain news reports from the Internet, and split them into
sentences, then CAG is constructed through three steps: domain causal sentence recognition, event nuggets detection, and association calculation
between words.

3.21 | Domain causal sentence recognition

The goal of domain causal sentence recognition is to generate high-quality domain causal corpus automatically from unannotated text. We construct
causal indicator lexicon at first. To improve the accuracy and recall of causal sentence recognition, we expand the causal indicator words (CIW), and
disambiguate the CIW in the sentence.

Terrorist attack at train station resulted in many deaths

Input sentence:
X FE U RE B WBEZETSHE Z AKX LT

Tags: O 0 0 0 OiBCLCLCLCIO O IBE LE LE LE|
. Cause Effect
Causal event extraction (CEE) : T8 ¥ 22 E 2 AT
terrorist attack many deaths

FIGURE 2 Anexample of CEE from raw emergency corpus, the cause and effect event pairs are extracted at once
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Coustl_’uctlou of _Causal Word Segmentation A _ co(w;, w;)
Indicator Lexicon : DF(w;) * DF(w,)
The Expansion of Causal .
v : . Part-of- h t.
Indicator lexicon Ob-speecil Tagelng ) ﬁ
Disambiguation of Causal . .. i
v Indicator Iexicon [Named Entity Recognition § :
1
Causal Sentence Event Nuggets word
Recognition extraction

Domain Causal

Domain Corpus Sentence Recognition

Event Nuggets Detection Association Calculation between Words

FIGURE 3 Anoverview of causal associated graph construction

Name of CIW CIW Example of causal sentence
Unary CIW T2, M, BE, MUET, Bfm, B, &F, RKRT, K& - ‘RIELEHER, BFMIHRERRERTIRES.
Conjunctions then, so, result in, so that, therefore, because, due to, come from, The emergence of the "problem map" caused by the weak
dependon --- awareness of individual merchants' national territory
WEE, BRA, EE SH. 3R B RE - B Y AR R B ST
Unary CIW- Verbs di " loadits, Briaeab ib __ The expansion of cities increase the variety of
wndicate, mean, push on, lead to, bring about, cause, contribute to Goiithodities.,
Dual CTW (ZFR LB ), (ZFrRLET), (ZBTIL&T), (B4 M), (B4, 41k) - RERH LR ABNEFCRRERMX
Conjunctions (The reason, because), (the reason, due to), (the reason, because As long as the stock price rises, shareholding reductions
of), (because, thus), (because, s0) ++ and even liquidation reductions will continue
(BHEE), (2HER), ©MER - BERTTIHE, MEfeR—FnsIER.
Irregular CTW (fsihieveason foc; (s the resultof), {lisvetherols 1) w Shon—term dollar appreciation has a negative effect on oil
prices.

FIGURE 4 Examples of causal indicator lexicon and their corresponding causal sentences

Construction of CIW According to the composition of CIW, it can be divided into unary CIW and Dual CIW. According to the part of speech,
CIW can be divided into conjunctions, adverbs, and verbs. Besides, the indicator word also contains some irregular causal indicator phrases, which
are called irregular CIW. In order to ensure the objectivity of screening CIW, the voting method is adopted to review each CIW. The lexicon of CIW
is organized as shown in Figure 4.

The expansion of causal indicator lexicon Based on the basic CIW, the recall of the identified causal sentence is relatively low. Through the
analysis of unrecognized sentences, we find that the CIW in some causal sentences are mostly synonyms of unary causal indicator verbs. Therefore,
HowNet"and word2vec? are applied to synonym expansion.

Disambiguation of causal indicator lexicon As Chinese words often has multiple meanings, recognizing causal sentences through template
matching will cause errors. We analyze the identified causal sentences and find that the cause of the recognition error usually has the following two
characteristics: (1) The CIW becomes part of a certain word; (2) The part of speech of the CIW has changed. Therefore, we use language technology
platform (LTP)?’ to segment sentences, and identify the part of speech for each word. Some wrong causal sentences can be identified by matching
words and parts of speech.

3.22 | EventNuggets detection
Event Nuggets is defined as a semantically meaningful unit that expresses an event, it can be either a single word (verb, noun, or adjective) or a

phrase (multiword).3%3! For single-word event nuggets, it meet the definitions of event types/subtypes. Below are some examples of single-word

event nuggets. The words in bold face are event nuggets.

"http:/www.yuzhinlp.com
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e The attack by insurgents occurred on Saturday.
o Wenchuan was severely affected by the earthquake.
o There was afire in this place last year.

Multiword event nuggets represent single events of a complete semantic unit. Below are some examples of multiword event nuggets. The words
in bold face are event nuggets.

o The company was punished by the China Securities Regulatory Commission for inflating profits.
o The news describes the shipping accident.
e His death sentence was carried out.

We can see that the event mainly has the following two properties: (1) An event nugget can be either a single word or a continuous or discontinu-
ous multiword phrase. (2) Most verbs can be seen as event, which represent physical actions, followed by nouns, adjectives, and adverbs. Multiword
event nuggets take various forms such as verb+noun, verb-+particle/adverb, noun+noun, and so forth.

Based on the above two characteristics, we extract the main part of event in a sentence through the following two steps. First, LTP?? is used to
do word segmentation, part-of-speech (POS)-tagging and named entity recognition including person, location, and organization. Second, we pick

out verbs, nouns, adjectives, and adverbs, and removed stop words and specific named entity (e.g., name of person, organization, and place). The rest

of the sentence can be considered as the main part of the event nuggets.

3.2.3 | Association calculation between words

To discover the causal relationship between words, we construct CAG by using association link network (ALN).3233 ALN is a kind of semantic link
network used to establish associations between different resources.® Liu et al.32 propose an ALN-based event detection algorithm, which is used
to timely discover newly occurring hot events.

The relationship between words in the text can be modeled as ALN g = (w, e), each node w; represents a word, each edge (w;, wj)) means there is

an association between word w; and word w;. Given a set of preprocessed sentences, we construct CAG as follows:

co(w;, w))

/DF(w;) % DF(w;)_

where co(w;, w)) is the cooccurrence frequency of word w; and w;, DF(w;) means the number of sentences containing the word w;.

AW —

3.3 | Embeddingintegration

Then we present how to obtain latent vectors of nodes using GNN. Scarselli et al.1¢ propose GNN model, and apply it to supervised classifica-
tion which can directly process most of the practically useful types of graphs. Li et al.'” further introduce gated recurrent units to GNN. GNN are
well-suited for discovering relationship between words, as it can extract features both nodes and their rich connections.

For each sentence |, we can get event nuggets I,,.. For (w;, w;) € I,, the association A,, of (w;, w;) in I, can be obtained from CAG, and the recursive

update procedure of GNN is as follows:

ay,; = Auwi: Wit wh L wi T + b, (2)
2, =o(W,al, + Uw™), (3)
rl;=oWa, +Uw™), 4

w! = tanh(Wal,, + U(rt,, @ wi-), (5)
wi=(1-z)ow " +2, 0w, (6)

where matrix A € R™" is defined as association weight between words in CAG. The construction of matrix A, is shown in Figure 5.
[wt-1, wg‘i, ..., w11 is the list of word embedding in sentence I, Equation (2) is the step that passes information between different words and their
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Wy W, W3 Wy Ws Wg Wy Wg Wy

wy wy w3 wy, Ws Wg w; Wg Wy T
Raw sentence: 225 XX 75 HE K A S5 W4k g :
The decline in sales of XX's product lead to a decline in performance = 3-22
. I B Wiy W 0.03/0.56 0.370.07
Processed sentence: /=5 f#HE /> W45 Mg
product decline in sales decline in performance 0.37 0.42)
0.07) |0.42
(A) (C)

FIGURE 5 Example of constructing Association matrix between words in a sentence. (A) Examples of processed sentences, color denotes
causal event mentions. (B) Association weight of processed sentences obtained from causal associated graph. (C) Association matrix between
words in a sentence

association weight edges. The remaining is GRU-like updates that use the information of other nodes and the previous moment to update the hidden
1

1+ex

cation operator. After updating all parameters until convergence, we can get the final word vector of GNN encoding which integrate the association

state of each node in the next moment. z,,; and r,,; are the rest and update gates, ¢ = is the sigmoid function and @ is the elementwise multipli-
information between words obtained from CAG.

After obtaining word vector of GNN encoding, we combine it with the original word-level word embedding, which keeps the original word
sequence in the sentence.

To sum up, our embedding integration including two parts: (1) GNN encoding that combine intraphrase event mentions and interphrase causal

relationship on CAG; (2) Original pretrained word embedding.

34 | Multiconvolution and BiLSTM+CRF layer

CEE can be seen as two steps. First, we need to extract a complete event mentions. Then it need to determine which is the cause or effect. Due
to the ambiguous event mentions, we extract important features from embedding integration by using parallel convolution kernels with varying

windows.3* Through the following process, the causal event semantic characteristics are encoded into the filters.
& = (W - hi.jyps +b) 7
=l o], (8)

where W is the weights of initialized filter, bis a bias term, and f is a nonlinear function such as sigmoid, ReLU,%> and so forth. We use three convolution
layers with different convolution windows n = 3, 4, 5 for the convolution operation. Finally, the overall feature maps of a window can be included in
a single vector, and we concatenate all the vectors generated by different convolution operations.

LSTM is a variant of recurrent neural network, which is used to solve the problem of gradient vanishing.2¢ The LSTM used in bidirectional long
short-term memory (BiLSTM)3” mainly consists of three parts, including an input gate i;, an output gate o, and a cell activation vectors v;. BiLSTM
uses two LSTM layers to learn the valid characteristics of each token in the sequence based on the past and future context information. One LSTM
layer processes left-to-right information, and the other from right to left. Given an input sequence f; generated by multiple convolution operations,

the context features can be captured as follows:

- —_— > —

hy = LSTM(ft, hy_1) 9

— e e —

h; = LSTM(f;, hi, 1) (10)
H = [hy, b, (11)

Then we can get a probability matrix P with dimensions m x n, where n is the number of words and m is the number of tags.

3.5 | Objectfunction

Conditional random field®® can obtain the label of a given sequence in the global optimal chain, and take the interaction between adjacent labels
into consideration. Given sentence | and its prediction sequence y = y4, Y, ..., ¥», CRF score can be obtained by using the following formula:
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n+1 n
score(l,y) = ZAVPN,{ + ZP,-,,,‘,, (12)
i=1 i=1
where P; . is the prediction probability of the ith word in the sentence with label y;, and the transition probability from label y;_; toy;is A, ... The
final convergence condition is to minimize the loss function which can be expressed by the following formula:
E=log Zexp“” — score(s, ), (13)

yeY

where Y is the set of all possible label sequences in a sentence.

4 | EXPERIMENTANDEVALUATION

In this section, we describe the datasets across different domains and the baseline methods applied for comparison.

41 | Datasets

In order to verify our model, we conduct our experiments on two benchmark datasets. The first dataset is Chinese emergency corpus (CEC), which
is an event ontology corpus publicly available. It contains six categories: outbreaks, earthquakes, fires, traffic accidents, terrorist attacks, and food
poisonings. The second is financial dataset, we crawled a large scale of Chinese financial news reports from the internet, such as Jinrongjie*and
Hexun®. This dataset contains a large number of financial articles involving causal relations.

The articles are splited into sentences by full point, semicolon and exclamation point. We invite three annotators to annotate the data. Each
annotator needs to determine whether it is a causal event description. If it does, they need to annotate which part are the cause or effect. The
annotated data such as < Cause >Decreased sales< Cause > of company X products led to a < Effect >decline in performance< Effect >. Then BIO is
used to mark the sentences (“B-X” is the beginning of the cause or effect, “I-X” represents the remaining part of the cause or effect, “O” means a
part that neither a cause nor an effect). Finally, we annotate 1026 causal sentences from CEC corpus, and 2270 causal sentences from financial

corpus.

4.2 | Experimental setting

For the fairness of the experiment, all data preprocessing is done by LTP Based on two large domain data (financial data and disaster data), we use
the word2vec?® to generate 100-dimensional word embedding vectors, which are used in parameter initialization of the model rather than random
initialization. For all the two datasets, we set the number of training epochs to 100, the learning number of words in a sentence to 25, the size of the
batch to 16, the learning rate for adam to 5 x 107°. To prevent overfitting, the dropout rate of training process is 0.5.

We use 8/10 of the data as the training set, 1/10 as the validation set, and 1/10 as the test set. Both CEC and financial data is shuffled with
different random seeds before the cross-validation, and the evaluation metric is macro-averaged F1 score calculated from 10-fold cross-validation.

We take the average value of the 10 macro-averaged F1 scores as the final result.

4.3 | Baseline methods
To prove the effective of our method, we compare it with the following baselines.

e BiLSTM+CRF®° proposes a basic model for sequence tagging, which uses BiLSTM to mine past and future input features and capture sentence

level tag information with CRF.

e CNN+BIiLSTM+CRF! is used for POS tagging. They first use CNN to encode a word into character-level representation, and feed them into

BiLSTM to capture context information of each word. Finally, a sequential CRF is used to jointly decode labels for the whole sentence.

https:/github.com/shijiebei2009/CEC-Corpus
Fhttp:/www.jrj.com.cn/
Shttp:/www.hexun.com/
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e CSNN? uses CNN and self-attention to capture features relationship, and the higher-level phrase representations are feed into BiLSTM and
CRF layer for CEE.

e BERT+CSNN is a very effective baseline language model for CEE, which uses pretrained BERT# trained from large-scale unlabeled corpus

as input.

44 | Comparison with baseline methods

To demonstrate the overall performance of our method, we compare it with other state-of-the-art baselines including BiLSTM+CRF
CNN+BiLSTM+CRF, CSNN, and BERT+CSNN. The overall performance in terms of precision P, recall R, and F1 scores F; is shown in Table 2.

CA-GNN integrates CAG as prior knowledge into CEE. In this model, we jointly consider the complex intraphrase event mentions as well
as interphrase causal relationship. According to the experiment, the best performance on two datasets verify the effectiveness of the proposed
method.

The performance of traditional sequence labeling algorithm BiLSTM+CRF is relatively poor. Although LSTM-based methods can capture both
past and future contextual information, and are very effective in sequence labeling such as named entity recognition. However, unlike named entity
recognition, phrase-level event mentions often contain several consecutive words and their expressions are relatively ambiguous, resulting in poor
performance of BiLSTM+CRF. Even so, CNN+BiLSTM+CRF and CSNN achieve better performance than BiLSTM+CRF, demonstrating the impor-
tance of introducing CNN for CEE. These two methods use CNN to extract phrase-level features of several adjacent words, which is crucial for
phrase-level event extraction, then BiLSTM is used to capture the sequence and long-term dependency information of convolution features.

CEE is more complicated than conventional event extraction, and the accuracy of CEE by combining convolution and LSTM still needs to be
improved. We can see that the results of BERT+CSNN have been greatly improved compared with CSNN. BERT is a pretrained transformer network
with multihead attention over 12 (base-model) or 24 layers (large-model) that can be set for various downstream NLP tasks, and achieves promis-
ing results, including question answering, sentence classification. It learns a good representation for each word by using self-supervised learning
method on a large amount of corpus, which means pretrained transformer network contains a large amount of nondomain prior knowledge such
as causal events, named entities, and so forth. Compared with the state-of-the-art methods like BERT+CSNN, CA-GNN further considers complex
phrase-level causal transitions between words in a sentence, which can capture more long-term dependence and implicit connections between
words. Therefore, though BERT+CSNN uses a pretrained model with a deeper neural network, we can see the performance of our method is still
higher than BERT+CSNN. CA-GNN integrates domain causal knowledge and phrase-level event mentions into undirected graph CAG, and uses
GNN to encode the semantic information of nodes and edges in CAG. Besides, CA-GNN adopts multiple convolution to get features of graph encod-
ing and original word vector, and apply BiLSTM to further discover the sequence and causal relationship among features. On the contrary, BERT is
trained on large-scale nondomain data, which may not be sufficient for domain CEE. Other sequence labeling models, such as CNN+BiLSTM+CRF
and CSNN, they usually learn more obvious causal events, when the description of the event is ambiguous, or the causal relationship is more obscure,

conventional models are ineffective to cope with this situation.

4.5 | Ablation experiments

To study the contribution of each component in CA-GNN, we conducted ablation experiments on the two dataset and display the results on Table 3,
the comparison methods are -MultCNN and -GNN. -MultCNN is the CA-GNN model without Multiple convolution, -GNN is the CA-GNN model

TABLE 2 Comparison experiment of causal event extraction with other baselines over two datasets

Financial CEC
Method P R F1 P R F1
BiLSTM+CRF 68.26 70.83 69.51 73.26 73.52 73.39
CNN+BIiLSTM+CRF 75.25 73.73 74.47 74.44 73.29 73.86
CSNN 75.87 7355 74.67 74.32 73.52 7391
BERT+CSNN 74.95 77.58 76.23 74.22 75.00 74.61
CA-GNN 78.86 77.60 78.23 76.30 73.05 74.64

Note: Bold values are the best results in the comparison method.
Abbreviation: CA-GNN, causality-associated graph neural network.
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TABLE 3 Ablation experiments of causal event extraction on two datasets

Financial CEC
Method P R F1 P R F1
CA-GNN 78.86 77.60 78.23 76.30 73.05 74.64
-MultCNN 73.25 72.37 72.80 74.51 72.52 7349
-GNN 78.83 75.54 77.15 74.73 72.70 73.70

Note: -MultCNN is the CA-GNN model without multiple convolution, -GNN is the CA-GNN model
without graph neural network. Bold values are the best results in the comparison method.
Abbreviations: CA-GNN, causality-associated graph neural network; GNN, graph neural network.
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FIGURE 6 F1-Score of different methods on the financial test dataset under multiple training epoch

without GNN. The results show that both the multilayer convolution layer and the GNN coding layer play a positive role in CEE compared with the
conventional method BiLSTM+CRF.

It can be seen that the F1 score of -MultCNN (only GNN and BiLSTM +CRF) increased by 1.7% on average on the two datasets compared with
BiLSTM+CREF. The F1 score of -GNN (only MultCNN and BiLSTM+CRF) increased by 3.98% on average on the two datasets. By contrast, CA-GNN
achieves the state-of-the-art performance by combining GNN and MultCNN, and the average F1 score on the two datasets increased by 4.99%.
This is probably that the CEE is a pipeline process, multiconvolution can extract more complete event representation, GNN can give more guidance

information to determine the cause and effect of the event.

4.6 | Comparisonw.rt.epoch

We further compare the convergence speed and performance of our model and other baseline models on finical dataset. As shown in Figure 6, our
model begin to converge after 10 iterations. However, the NON-BERT model starts with a low F1 score at the beginning of the iteration, whose
performance dramatically decreases when epoch < 10.

Due to the lack of prior knowledge and the limitation of dataset size, the performance of NON-BERT model is inferior to BERT+CSNN. We
can see that although our model lacks BERT, the performance of CA-GNN iteration is still slightly better than BERT+CSNN, demonstrating the
effectiveness of combining domain prior knowledge and GNN to extract causal event.

4.7 | Comparison w.r.t.sentence length

Figure 7 shows the performance of several baseline models with different sentence length on the finical dataset. We split the test dataset into six
parts according to the sentence length, the proportions of each sentence length are 3%, 21.5%, 20.5%, 16.5%, 13.5%, and 25%. The BERT+CSNN is
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FIGURE 7 F1-score of our method compared with other methods on the financial dataset under different sentence length intervals

a strong baseline that outperforms BiLSTM+CRF CNN+BiLSTM+CRF, and CSNN when the sentence length is more than 48 characters. However,
BERT+CSNN has no obvious advantage when the sentence length is less than 48 characters. By contrast, CA-GNN not only gives higher results over
short sentences, but also shows its effectiveness and robustness when the sentence length is more than 48 characters. It gives a higher F1 score in
most cases compared with the NON-BERT baselines, which indicates that global sentence semantics and long-range dependency can be captured

under the combination of domain prior knowledge and the graph structure.

48 | Casestudy

Figure 8 illustrates an example that demonstrates the effectiveness of CA-GNN. We can easily find that BiLSTM+CRF method is inferior to
CNN+BiLSTM+CRF and CSNN, and it even misses the effect event in the implicit causality extraction. CEE is a phrase-level event relationship extrac-

tion task, CNN can extract phrase-level features of several adjacent words, and BiLSTM is used to capture the sequence and long-term dependency

Method TImplicit Causality Explicit Causality
NEELLFE <cause>Si<cause>, Z/AT) O] K <effect>IRIZ A K fy<cause>S[ B k<cause> {5 |3/ T /A S R KM <
= 3 5 <effect>. effect>%F) 38 [ bt T B <effect>.

Sentence The company’s losses for two consecutive years, and may be Larger exchange losses caused a proportional decrease in
suspended from trading in its bonds by the Shenzhen Stock Exchange. net profit belonging to shareholders of the parent company
Cause: SR Effect: RXFTESHE LTS Cause: JL 5 R%k  Effect: & F5E[E LL TBE

CALGNN Cause: Losses Effect: suspension of bond listing and trading by Cause: Exchange losses Effect: Proportional decrease in
Shenzhen Stock Exchange net profit
Cause: Siy  Effect: RRIEFHRELTRS Cause: ;L %45k Effect: 57585 L T

BERT+CSNN Cause: Losses Effect: suspension of bond listing by Shenzhen Stock Cause: Exchange losses Effect: Proportional decrease in

Exchange net profit
Cause: 54  Effect: R PTEEFH LT 2 = =

CSNN Cause: Losses Effect: suspension of bond listing and trading by Cause: L5 HK  Effect: FLE TR X
Shenzhen Stock Exchange Cause: Exchange losses Effect: Proportional decrease

e A= e oo s | o

Cause: Sy  Effect: A3 MR TE FRFELTRH Cause: SCHiR%  Effect: BLL B

CNN+BIiLSTM+CRF Cause: Losses Effect: may be suspended from trading in its bonds

Cause: Exchange losses Effect: Proportional decrease
by the Shenzhen Stock Exchange

Cause: 5#%  Effect: None Cause: BEAAPCHRIRK  Effect: 2758 ttT 3
BiLSTM+CRF Cause: Losses Effect: None Cause: Larger exchange losses Effect: Proportional decrease
in net profit

FIGURE 8 Examples of different baseline methods for implicit causality and explicit causality extraction
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information of convolution features. However, due to the ambiguity of the event mentions, it is difficult to fully learn these complex information by
the model itself. Knowledge-driven CA-GNN and pretrained BERT+CSNN strengthen the ability of model to extract causal events by introducing
external knowledge, yielding better results for CEE.

5 | CONCLUSION

In this article, we present a novel approach CA-GNN for CEE. Our method can effectively integrate domain knowledge into the model and improve
the accuracy of CEE. The whole model can be divided into three parts. First, we use CAG to represent domain causal knowledge. Then we apply GNN
to learn accurate embedding from CAG, the generated word vector can capture the complex relationship of intraphrase event mentions and inter-
phrase causality in a sentence. Besides, we apply multiconvolution to extract phrase-level text features, and further use BiLSTM to learn long-term
causal sequence information. The performance of our approach has been experimentally verified on two datasets for CEE.

Although CA-GNN can improve the performance of the model, there are still some shortcomings. CEE can be seen as a pipeline task. First, it
needs to extract the complete event mentions, then determine which is the cause or effect. It may be more appropriate to model intraelement events
and intercausality across events separately. In future work, we will try to build a pipeline model to further improve the accuracy of CEE based on
existing research.
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