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Abstract. Event Causality Identification (ECI) is a vital task in the field of natural language processing, fo-
cusing on identifying causal relationships between pairs of events in texts. This task is currently receiving
significant attention, but some achievements and the existing methods are still not effective enough. There are
two issues: (1) Prior efforts primarily concentrated on external knowledge processing and event pairs, neglect-
ing the utilization of causal word cues between events. (2) While ConceptNet incorporates extensive external
knowledge, not all of it is effectively utilized by the models. Our paper introduces a novel framework combin-
ing convolution and knowledge matching, with two core modules to address the above problems. Specifically,
to extract causal words between events, we use convolutional neural network (CNN) to capture the relation-
ship between the pairs. For the causal index, we select the causal indicator from FrameNet to initialize the
CNN filter. When introducing external knowledge, we use COMET model to generate causal knowledge, and
design a causal matching algorithm to judge the relationship between events. Experimental results on two
widely used datasets indicate that our method outperforms previous methods.
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1 Introduction

The Event Causality Identification (ECI) task is a pivotal area of study within natural language processing (NLP).
It focuses on determining causal relationships between events described in text. This task involves recognizing
and understanding how one event can cause or influence another. This process is essential for a deep understand-
ing of narrative structures and the dynamics within texts. The importance of ECI extends across numerous down-
stream applications, significantly enhancing their performance and utility.

For instance, in the realm of machine reading comprehension [1], ECI enables systems to not just extract in-
formation, but to comprehend the underlying causes and effects. In process extraction [2], identifying causal links
between events is critical for accurately mapping out processes described in texts, such as scientific procedures,
historical events, or operational workflows. Question answering systems [3-5] also benefit immensely from ECI.
These systems need to provide precise and contextually relevant answers, which often requires understanding the
causal relationships within the source text. By incorporating ECI, such systems can better determine the reasons
behind specific events or actions, thus delivering more informative and accurate responses. ECI plays a vital role
in future event forecasting [6, 7]. Predicting future events based on current and past data requires a deep under-
standing of how events influence one another.

The Event Causality Identification (ECI) task is particularly challenging. Because in natural language, event
causation is shown in many different and complex ways. Events can be connected through explicit causal words
or phrases like “because,” “therefore,” and “as a result,” but they can also be implied through context or more
subtle linguistic cues. Furthermore, the relationship between events can vary widely in nature. Take for example
the following two sentences:

» ... they’re doing this because the sickest patients aren’t being served

»  The fights erupted in Flatbush, and 46 were arrested at Wednesday...

In the first sentence, “doing” and “served” constitute a causal event pair. Since numerous events and “doing”
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events inherently imply causation, when introducing knowledge through “doing”, a large number of knowledge
unrelated to “served” will be introduced. The same situation occurs for “served”. Therefore, in this case, it is
possible to determine whether there is a causal relationship between events by capturing the context information
between events. If there are significant causal words that can be extracted, it means that a causal relationship
between them. In the second case, two events “fights” and “arrested” have a causal relationship. When external
knowledge is introduced through the context of “fights,” it is likely to involve information relevant to “arrested.”.
At this time, we can judge the causal relationship between the two events through external knowledge. The de-
tails in Fig. 1.

e Achieve
e Llost
e Die
e Win
e Getagoodjob
... they’re doing this because the sickest patients aren’t being ¢ Make strong
served e look brand new
[ ]
external
knowledge
e |njure
e killed
The fights erupted in Flatbush, and 46 were arrested at L e Arrested
Wednesday... e Break the law
[ ]

Fig. 1. Different causal events on the extraction of causal knowledge

Recent studies have demonstrated the positive impact of incorporating external knowledge sources, such as
ConceptNet [8], on the accurate identification of event causality. Liu et al. [9] introduced an innovative meth-
od-ology for event triplet extraction and integration with textual data. By incorporating event context, their ap-
proach significantly improves the model’s comprehension of the events themselves. Cao et al. [10] integrated de-
scriptive and relational background knowledge into their model by employing a graph network to discern event
causality, which achieved satisfactory results. Zhang et al. [11] developed a novel ECI Knowledge Enhancement
Prompt Adjustment (KEPT) framework, which incorporates interactive and selective attention mechanisms to
effectively integrate background and relational information into event representation individually.

The emergence of deep learning methods has brought new ideas to Event Causality Identification (ECI).
However, existing methods still have obvious deficiencies. In most studies when dealing with event pairs, they
fail to fully utilize the causal word clues between events. These causal words can often directly indicate the caus-
al connection between events. Ignoring them will reduce the accuracy of the model’s judgment of causal relation-
ships. In addition, although external knowledge sources (such as ConceptNet) are introduced, existing models
lack an effective filtering mechanism, resulting in a large amount of irrelevant or low-relevance knowledge being
mixed in and affecting model performance. To achieve the above goals, this paper’s key contri-butions are as fol-
lows:

»  To capture causal relationships between events, we employ a causal convolutional neural network (CNN)
to extract text causal features. In order to enable CNN to capture causal correlative words more accurate-
ly, we obtain causal relationship words from FrameNet. Then, we use the embedding of these indicators
to initialize a single filter in the CNN architecture to ensure that each filter is dedicated to a specific causal
marker.
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» To incorporate external causal knowledge for events, unlike previous works, we introduce the COMET
model and generate only causal knowledge related to event pairs through this model. Moreover, we de-
sign a causal matching algorithm. When dealing with implicit event causality, it can accurately link events
with potential causal knowledge and enhance the reliability of judgments.

*  Experiments on two datasets, EventStoryLine and Causal-TimeBank, show that this model outperforms
other baseline models, improving the F1 scores and indicating the validity of our model. Subsequently,
experiments on hyperparameters and different data volumes were conducted. The experimental results
show that our model is superior to the previous model under appropriate parameter settings and in differ-
ent data volume scenarios.

The remaining part of this paper will be developed in the following structure. Section 2 will conduct a de-
tailed review of existing research related to event causality identification, and further clarify the entry point of
our research. Section 3 will comprehensively expound our proposed method, including the model architecture,
the functions of each module and implementation details. Section 4 will conduct in-depth evaluation of the per-
formance of our method through a series of experiments, including experimental settings, dataset selection, com-
parison with baseline methods, ablation studies, etc. Section 5 will summarize the research results, generalize the
main findings and contributions of the model, discuss the limitations of the model, and put forward prospects for
future research directions to provide references for follow-up research.

2 Related Work

Event causality identification task is an in-depth task in the field of natural language processing, which has at-
tracted wide attention in recent years. For datasets, a few works have released benchmarks for event causality
identification. Mirza et al. [12] annotated the Causal relationships in the TempEval-3 corpus and proposed the
Causal-TimeBank corpus. Mostafazadeh et al. [13] developed a corpus that includes annotations for temporal and
causal relations. Mu et al. proposed a corpus of events and causation. Caselli et al. [14] raised the EventStory-
Line corpus based on the former annotated dataset.

2.1 The Data-oriented Methods

Early ECI tasks focused on the characteristics of words in sentences [15-17], causal patterns [18, 19] temporal
patterns [20-21], and statistical causal cues [22-24].

Phu et al. [25] utilized rich syntax-based, semantic-based, and discourse-based features to construct docu-
ment-level event graph and applied GCN to learn document-level representations for prediction. Zhao, K. et al.
[26] transformed the document-level ECI problems as inference of graph edges. It learned node representations
and conducted edge prediction simultaneously. Mn, H. et al. [27] proposed to let the model predict causality and
reconstruct dependency path words at the same time in order to capture important context words. Caselli, T. et al.
[28] constructed event pair graph and utilized graph transformer for prediction. Fully data-oriented methods may
fail to identify the causal relation pair if knowledge beyond training data is needed.

2.2 The Deep Learning Methods

Recently, deep learning methods have been used to solve ECI problems. Liu et al. [9] designed a modular sys-
tem that integrates background knowledge and context modules through a sentinel mechanism. Cao et al. [10]
incorporated common sense knowledge in ConceptNet into the latent structure inductive network. Liu et al. [11]
proposed Knowledge Enhancement Prompt Adjustment, fusing ConceptNet knowledge into a prompt adjustment
framework. Kruengkrai et al. [28] by using a multi-column CNN to retrieve the text related to the event causality
candidate from the web page for causal classification. Zou et al. [29, 30] introduced external knowledge during
the data enhancement process. Zuo et al. [31] used contrast learning to inject causal information of external
knowledge into events for learning representation. Wang et al. [32] used the ngram features to initialize the filter
weights of the CNN to learn the semantic features. Gao et al. [33] employed a two-channel causality model and
constructed a causality transfer map from internet text. Shen et al. [34] Introduced two derivative tasks to pro-
pose a cue-based joint learning model for event causality identification, namely causal cue word detection and
causal event detection for joint cue learning.
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In general, existing research on event causality identification has the following key problems: First, there is
insufficient utilization of causal word cues. As an important signal directly indicating causal relationships, caus-
al words have not received sufficient attention in existing methods. Many methods fail to effectively integrate
causal word information, resulting in a lack of key basis for judging event causal relationships. Second, the uti-
lization efficiency of external knowledge is low. Although external knowledge sources (such as ConceptNet) are
widely used, existing models lack effective screening and integration mechanisms. A large amount of irrelevant
or low-relevance knowledge is introduced into the model, which not only increases the computational burden but
also interferes with the model’s accurate judgment of causal relationships.

This study aims to propose solutions to these key problems. We will focus on researching how to fully explore
and utilize causal word cues and design an effective mechanism to integrate them into the model to enhance the
judgment ability of causal relationships. At the same time, we are committed to developing a matching algorithm
to improve the utilization efficiency of external knowledge and reduce the interference of irrelevant information,
thereby constructing a more accurate and efficient event causality identification model.
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Fig. 2. The overall framework of our model

3 Methodology

The framework of our method is depicted in Fig. 2. We first feed sentences into BERT for encoding, followed by
the utilization of BiLSTM to learn context-aware word embeddings. To extract causal cues from the text between
events, we initialize the convolutional kernel of the CNN with causal indicators. For the knowledge module, we
employ the causal knowledge generated by the COMET model and devise a causal matching mechanism, align-
ing the matching scores with the dimensions of the convolutional module for integration. Finally through MLP
module link for final classification.
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3.1 Encoder Layer

The original sentences containing event pairs were divided, inserted “[CLS]” and “[SEP]” tokens in the head and
tail of the sentence x, and entered into Bert [35]. The output words were embedded in S into BiLSTM to further
encode the token embedding. Since the event may consist of multiple tokens, the final x, represents the represen-
tation of event 7 and is the average of the context embedding generated by BiLSTM.

s, = Bert(x,) . )]
b, = BiLSTM (s,,b, ,,b,,,) . (2)
Xe = average(bstart : bend ) . (3)

Where s, represents the result of the word being represented by Bert. b, is the embedding of the token t in the
input sentence generated by BiILSTM. x, is an event representation of the event i. b,,,, and b,,, are embeddings of
the start and end marks of event i.

3.2 Causal Convolution Identification Module

¢ extract the causal features causal features representation . Initialize CNN filters

Lexical units

S

1
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

FrameNet

—

v i

The fights erupted in Flatbush. and 46 were arrested at Wednesday E

o Concat :

Context
representation 3

Context
representation 2

Context

representation 1

Final context
representation

Fig. 3. The details of causal convolution identification module

51



Leveraging Causal Convolutional Neural Networks and Knowledge Matching for Enhanced Event Causality Identification

In this module, we aim to extract the causal features of the text between events via a Convolutional neural net-
work (CNN). For the event pair (x,, x;). The text representation between x; and x; input into the CNN to obtain
causal clues. If there are causal indicators, then these two events are likely to be causal, such as “x; causes x,” and
causal indicator “causes” indicating a causal relationship between x;and x;. In our paper, we select a set of causal
indicators from the lexical units framework in FrameNet [36], such as “because,” “as a result,” and “lead to,”
which are deemed significant for capturing causality. Inspired by Li, S. [37] article, we utilize the embeddings of
these indicators to initialize individual filters within our CNN architecture, ensuring that each filter is dedicated
to a specific causal marker.

In the Fig. 3. The CNN module we employ consists of a convolution layer that employs diverse kernel sizes,
followed by a max pooling layer. This design allows for the detection of various contextual patterns across dif-
ferent scales, thereby enhancing the model’s capacity to discern causal relationships within the text. The number
of the kerne m corresponds to the number of causal indicators, and the kernel size n depends on the number of
tokens in the causal indicator. To scale by the characteristics of the knowledge matching module, the output is
scaled by factor a. The activation function uses the ReLU function, and the final semantic representation of c,,
produced by the CNN is as follows:

) = max pool((—-Re LUKV, %,y +5)o) - )
(04

€y = concat(c,),n=12,3 . 5)

Where W, is a filter with a kernel of n size, The n depends on the number of words in the causal indicator,
ranging from 1 to 3. x represents the text embedding between the events generated by Bert and BiLSTM in the
convolution filter. And 7 from 0 to %, representing the range of the convolution in the text. The c,, is expressed as
the characterization result of convolving the different kernels.

3.3 Implicit Knowledge Matching Module

This module’s primary objective is to leverage external, implied causal knowledge, such as in the sentence
“Countless people were injured in the war.” The terms “injured” and “war” cannot solely be inferred from the
event’s context or sentence structure; rather, they rely on simple common sense. So, a purely context-dependent
model may yield incorrect predictions regarding event relationships.

Consequently, we developed a causal matching mechanism. To generate events, we employed the COMET
model, specifically fine-tuned on ConceptNet triples for the “MotivatedByGoal” and “Causes” fields. Unlike
previous studies that relied on 14 ConceptNet labels, our approach focuses solely on causal knowledge, as it is
the primary objective. COMET’s strong reasoning capabilities enable it to infer potential causes and effects even
for events not present in the original knowledge graph. The input to COMET consists of the head entity and the
relationship, while the output is either the predicted tail entity or sentences related to it. For instance, when in-
putting “injured” with the “MotivatedByGoal” field, COMET generates events such as “in a war,” “after a fight,”
and “after a fierce struggle.” To obtain causal knowledge, we input “war” using the “Causes” field. The generated
knowledge is then encoded using BERT to obtain semantic and token representations. To assess the relevance,
we compute the cosine similarity between the event representation of “war” and the semantic and token repre-
sentations derived from the knowledge generated by “injured” and “Causes.” A similar process is applied to the
event representation of “injured” and other generated knowledge. To ensure equal weightage for semantic and
token representations, we perform max pooling on the adjusted scores. Ultimately, during training, the maximum
similarity score is mapped to a learnable embedding, denoted as £,,,. The implementation details are shown in
Fig. 4.

Sei_token = cosine _similarity(x,;,v, ) . (6)
Scl_se = cosine _similarity(x, >Vc_se_e2) . (7
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Se2 token = COSine _similarity(x,5,v, o) . (8)

Ser e =cosine _similarity(X,5,V, s o) . 9)

score =max([aS.; ioren TS se>@Se soken +0Sca sel) . (10)
Km = Epgrseore - (1)

Where x,,, x,, are the context representations of the event via Bert and BiLSTM. v, ,, and v, ,, are the token
cause and results embedding by Bert. v, ,, ,, and v, ,, ., are the semantic representation of generating knowledge
through Bert. E is the matrix mapping similarity scores to the embedding space. a, b is the weight between se-

mantic and word matching. £ is an amplification factor.

Countless people were injured in the war

COMET
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o
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Fig. 4. Extract details of causal knowledge through COMET models

3.4 Integration Module

Finally, the features generated by the above two modules were connected with MLP for the final classification.
The loss function is the bivariate cross-entropy loss.

¥ = soft max(MLP(concat(c,, k,,,))) . (12)
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N
L=-) y"logy+(1-y")logl-3") . 13)

p=1

Where J is a binary prediction for p, indicating whether the pair is causal or not. The y”is the label of the p
pair. And, N is the number of training samples.

4 Experiments

4.1 Datasets and Evaluation Metrics

We evaluate our method on two datasets, including EventStoryLine (ESL) [14] and Causal-TimeBank (CTB)
[12]. The EventStoryLine dataset contains 22 topics, 258 documents, 5334 events and 7805 event pairs, including
1770 event pairs with causal annotations. The Causal-TimeBank dataset contains 184 documents, 6813 events,
and 7608 event pairs, including 318 event pairs with causal annotations. For EventStoryLine, we used the docu-
ments in the last two topics as the development set, and the remaining documents underwent 5-fold cross-evalu-
ation, the same previous segmentation in. For Causal-TimeBank, we used a 10-fold cross-validation assessment,
the same method as the previous. The statistics of the two datasets are shown in Table 1.

Table 1. Statistics of EventStoryLine and Causal-TimeBank

Dataset Document Event pair Causal pair
EventStoryLine 258 7850 7805
Causal-TimeBank 184 6813 7608

For evaluation, we used Precision (P), Recall (R), and Fl-score (F1) as evaluation indicators, which can be
calculated as follows:

B Aall ﬂAp

P=t g (14)
Aall mAp

R= A as)

m:izg_ (16)

Where A" represents the set of all causal samples in the dataset and A” represents the set of predicted results
containing causal relationships.

4.2 Implement Details

Our study employed the “bert-base-uncased”” model from HuggingFace’s Transformers library, featuring 12 lay-
ers, 768 hidden units, and 12 attention heads. The BiLSTM encoder consisted of two layers with a dropout rate
of 0.3 for regularization. The causal CNN incorporated 36 carefully selected causal indicators. The learnable
embeddings in the causal matching modules were set to a dimension of 768. To mitigate overfitting, dropout was
applied to the MLP classifier and the outputs of the causal CNN and causal matchings, both with a dropout rate
of 0.3.

To generate candidate causes (or effects) for events using COMET, we configured the model to generate 2-hop
candidates with a beam size of 5. Specifically, for each input event, we obtained five initial candidates, and then
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each of these candidates was further used to generate their own candidate set. The “Causes” relationship was lev-
eraged for effect candidates, while “MotivatedByGoal” was used for cause candidates. Consequently, each event
was associated with a total of cause and effect candidates.

4.3 Baselines

¢ KnowDis [29]: A remote supervised data enhancement method for this task.

¢ KEMM [9]: combines external knowledge from ConceptNet and proposes a mention masking mecha-
nism to learn the context with the event.

e CauSeRL [31]: used unsupervised learning for external causal statements, and use contrast learning to
inject causal information into the event representation.

e LSIN [10]: used descriptive and relational common sense knowledge in ConceptNet to propose a latent
structured inductive network to make better use of relational knowledge.

e RichGCN [25]: built event graph using discourse-based, syntax-based and semantic-based features, and
GCN is used to learn event representation for classification.

e LearnDA [30]: created a learnable knowledge guided data augmentation method for the task.

e KEPT [11]: proposed a knowledge enhancing method for cue adjustment. It leverages background and
relational knowledge in the external knowledge graph and incorporates this knowledge into the cue-tun-
ing framework.

e GenkElI [38]: proposed a novel algorithm to train the model to classify causality while generating depen-

dent path words.
4.4 Results
Table 2. Experimental results on the EventStoryLine dataset
(P, R, and F1 denote precision (%), recall (%), and F1-score (%))
Method P (%) R (%) F1 (%)
KnowDis 39.70 66.50 49.70
KMEE 41.90 62.50 50.10
CauSeRL 41.90 69.00 52.10
LSIN 49.70 58.10 52.50
RichGCN 49.20 63.00 55.20
LearnDA 42.20 69.80 52.60
KEPT 50.00 68.80 57.90
GenEI 59.50 57.10 58.80
Ours 64.70 56.40 60.30
Table 3. Experimental results on the Causal-TimeBank dataset
(P, R, and F1 denote precision (%), recall (%), and F1-score (%))

Method P (%) R (%) F1 (%)
KnowDis 42.30 60.50 49.80
KMEE 36.60 55.60 44.10
CauSeRL 43.60 68.10 53.20
LSIN 51.50 56.50 53.70
RichGCN 39.70 56.50 46.70
LearnDA 41.90 68.00 51.90
KEPT 48.20 60.00 53.50
GenEI 60.10 53.30 56.50
Ours 70.41 48.60 57.50
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Table 2 and Table 3 present the experimental results of our proposed model and the base-line model on differ-
ent datasets. Our method achieves better performance than the baseline model on all two datasets. This validates
the effectiveness of our method, and our F1 score is also obtained with higher accuracy compared to our method
on both datasets, indicating the ability of our model to make safe decisions. For the EventStoryLine dataset com-
pared to other baselines, our method achieved the best performance, respectively 1.5% better than GenEI in F1
scores. For the Causal-TimeBank dataset, our F1 value was 1.0% higher when compared to the GenEI model.

4.5 Ablation Research

Our study decomposed the model into two components: the CNN module, denoted as Ours .y, and the causal
knowledge module, Ours_, - To evaluate their individual contributions, we conducted experiments on the
EventStoryLine dataset. The results, presented in the Table 4, demonstrate that excluding either module signifi-
cantly impairs the model’s performance. Furthermore, we compared our causal knowledge module directly with
a previous approach that relied on ConceptNet for acquiring 14 types of label knowledge. The comparison re-
veals that our method outperforms theirs.

Table 4. Ablation study on EventStoryLine

Method P (%) R (%) F1 (%)
Ours_cyy 62.40 50.30 55.70
OUFS_eiing 60.90 53.80 57.20

4.6 Case Study

In Case 1, as illustrated in Table 5, the causal relationship between “served” and “doing” is accurately identified
by the full model. Specifically, the model correctly recognizes that “served” leads to “doing,” establishing a
causal link between the two events. However, this relationship is not immediately apparent, and causal knowl-
edge related to this event pair may not have been generated at the time the causal knowledge was created. This
gap in causal knowledge highlights the limitations of models that rely solely on pregenerated causal information,
as they may fail to capture subtler or less obvious causal connections. The introduction of CNN modules proves
beneficial in this context. By incorporating CNN, the model is able to capture nuanced causal cues that are not
explicitly represented in the preexisting causal knowledge. This enhancement reduces the reliance on external
causal knowledge and improves the model’s ability to identify less apparent causal relationships, thereby increas-
ing the overall accuracy of event causality identification.

Table 5. Case study

Model

Ours_c  Ours

Example
_matching Our: S_full

... they’re doing this because the sick-

. s v x v
est patients aren’t being served

The fights erupted in Flatbush, and 46
were arrested at Wednesday...

v v

In Case 2, the causal pair “fights” and “arrested” exhibits a strong causal relationship, where “fights” causes
“arrested.” The robustness of this causal relationship means that when generating causal knowledge, there is a
high likelihood that relevant causal information will be included. As a result, the causal knowledge module ef-
fectively identifies the causal link between these two events. However, despite this strong causal relationship, the
CNN module fails to identify “flights” and “arrested” as causally related. This oversight occurs because the CNN
module relies on the presence of explicit causal words or phrases in the text to establish causal relationships. In
this case, the absence of a clear causal word between the two events means that the CNN module does not recog-
nize the causality, demonstrating a limitation in its ability to detect causal relationships without direct linguistic
cues.
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4.7 Hyperparameter Experiments

In the hyper-parameter experiment, we primarily focused on the semantic and token representation matching
proportions, denoted as a and b. Our goal was not only to determine the optimal values for a and b that yield the
best performance but also to understand how variations in these hyper-parameters affect the overall model perfor-
mance. Initially, we set both a and b to 1, ensuring that the semantic weight and token weight ratios were equal.
This baseline allowed us to observe the model’s performance when the two weights were balanced.
Subsequently, we gradually adjusted the values of a and b to explore different weight ratios. Through sys-
tematic experimentation, we observed how changes in these hyper-parameters influenced the model’s ability to
match semantic and token representations effectively. The experimental results indicated that the optimal values
for a and b were 1.9 and 5.5, respectively. These values provided the best balance between semantic and token
representation matching, leading to superior model performance. The experiment results are displayed in Fig. 5.

8 61
- 60.33
7 60
- 59.64
. 50.43
5! .
. 50.13 59.12 %
- 58.81
+ 58,35
5 . 57.80 %
+57.53
~
£ -+ 5711 =
< » 56.
g 6.74
=
&, 56.1 6
z .
g 55.82
&
2 55
1 54
0 53

1 2 3 4 5 6 7 8 9 10 11 12 13

hyperparameter b

Fig. 5. The model changes in the EventStoryLine dataset with a and b with the hyper-parameters

4.8 Effect of Training Data Size

In order to validate the performance of our model under low resource conditions, we use OUrs_,chings OUFS_cy,
Ours_,, KEPT and GenEI to conduct experiments on different amounts of training data. The experiment results
are displayed in Fig. 6.

Firstly, we can observe that the more data sets we use, the better the performance of our model, which indi-
cates that the size of the data set has a significant impact on its effectiveness. Larger data sets provide more com-
prehensive examples and variations of event causality, allowing the model to learn a wider range of patterns and
nuances. This is particularly important for our CNN module, which relies on learning semantic features between
events. When the size of the data set is small, the CNN module struggles to perform well because it lacks suffi-
cient data to effectively capture and generalize the semantic relationships necessary for accurate causality identi-
fication.
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Fig. 6. Effect of training data size on EventStoryLine
(Experiments are conducted on 20%, 40%, 60%, 80%, and 100% of training data.)

On the other hand, the Matching module in our model shows a different trend. The performance of this mod-
ule is less impacted by the size of the data set. This is because the Matching module primarily relies on external
knowledge provided by the COMET model to determine the presence of causal relationships. COMET’s exten-
sive causal knowledge base helps the Matching module make informed decisions, even with smaller data sets, by
supplementing the limited information with rich external knowledge.

To further validate the effectiveness of our approach, we compared our model with two recent models, KEPT
and GenkEl, across different scales of data sets. The results consistently showed that our model outperforms these
two models. This performance superiority suggests that our strategy of strengthening the extraction of contextual
features and introducing causal knowledge is effective. By combining robust semantic feature extraction through
the CNN module with the enriched causal knowledge from COMET, our model is better equipped to identify and
understand complex causal relationships in the text. These findings highlight the importance of both ample train-
ing data and the integration of external knowledge in enhancing the performance of event causality identification
models.

5 Conclusion and Future Work

5.1 Conclusion

In this paper, we introduce an innovative integrated model that incorporates causal knowledge to enhance the
identification of event causality in text. The core of our approach involves a specialized component called Cause
CNN, designed to extract causal relationships between events within the text. This is achieved by leveraging
causal word embeddings from FrameNet, which are used to initialize the convolution kernels, providing a robust
foundation for identifying causal links. For event types that require more nuanced, knowledge-based judgments,
we integrate the COMET model. This model introduces relevant causal knowledge and uses tailored matching
algorithms to effectively extract and integrate these features. Our methodology was rigorously tested on two
benchmark datasets, EventStoryLine and Causal-TimeBank. The experimental results demonstrated that our pro-
posed method outperforms the baseline models across all datasets, confirming the efficacy of our approach. In the
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EventStoryLine dataset, the F1 score reaches 60.30%, an improvement of 1.5% compared to better ones. In the
Causal-TimeBank dataset, the F1 score is 57.50%, leading by 1.0%.

5.2 Future Work

There are several areas where our model could be further improved. Firstly, while the Cause CNN effectively ini-
tializes using FrameNet embeddings, exploring other sources of causal word embeddings or developing more so-
phisticated initialization techniques could potentially enhance the model’s performance. Secondly, the integration
of the COMET model, although effective, could be optimized further. Future research could focus on refining
the algorithms used to match and integrate causal knowledge, possibly by incorporating advanced techniques in
knowledge graph embeddings or exploring deeper neural architectures to better capture complex causal patterns.
Additionally, expanding the scope of causal knowledge sources and improving the selection process to ensure
higher relevance and reduce noise could further improve the model’s accuracy. Lastly, conducting extensive eval-
uations on a broader range of datasets and in various application domains could help generalize the model and
uncover additional areas for refinement.
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