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Abstract

Most event detection methods act at the
sentence-level and focus on identifying sen-
tences related to a particular event. However,
identifying certain parts of a sentence that act
as event triggers is also important and more
challenging, especially when dealing with lim-
ited training data. Previous event detection at-
tempts have considered these two tasks sepa-
rately and have developed different methods.
We hypothesise that similar to humans, suc-
cessful sentence-level event detection models
rely on event triggers to predict sentence-level
labels. By exploring feature attribution meth-
ods that assign relevance scores to the inputs
to explain model predictions, we study the be-
haviour of state-of-the-art sentence-level event
detection models and show that explanations
(i.e. rationales) extracted from these models
can indeed be used to detect event triggers. We,
therefore, (i) introduce a novel weakly-super-
vised method for event trigger detection; and
(ii) propose to use event triggers as an explain-
able measure in sentence-level event detection.
To the best of our knowledge, this is the first ex-
plainable machine learning approach to event
trigger identification.

1 Introduction

Every day, numerous socio-political protest events
occur worldwide, targeting various decisions made
by governments or authorities (Hutter, 2014; Weng
and Lee, 2021). These events hold significant
importance for political scientists, policymakers,
democracy watchdogs, and other stakeholders
(Raleigh et al., 2010) due to their potential to pro-
vide insights into multiple aspects (Tarrow, 2022).
These include analysing the nature, scope, and mag-
nitude of such events, shaping public opinion re-
garding different causes, assessing the status of
freedom and democracy in different nations, and
more (Hürriyetoğlu et al., 2021b).

Due to the continuous and abundant data flow
over time, news media outlets serve as invaluable
sources for social and political scientists who seek
to establish comprehensive knowledge bases of
protest events (Chenoweth and Lewis, 2013). Early
approaches to creating these knowledge bases re-
lied on manual event detection methods (Wang
et al., 2016), which can be expensive and slow.
Therefore, to cope with the volume of news me-
dia, researchers have experimented with automatic
event detection methods (Leetaru and Schrodt,
2013). The organisation of the recent shared tasks
such as CASE: Challenges and Applications of Au-
tomated Extraction of Socio-political Events from
Text (Hürriyetoğlu et al., 2021a, 2022) has pro-
moted automatic event detection research within
the natural language processing (NLP) community.

Automated event detection tools are designed
as pipelines that receive news articles and yield
records of events. The first step of these pipelines
is discriminating between relevant and irrelevant
sentences (Croicu and Weidmann, 2015). In this
research, we refer to this as sentence-level event
detection. Once event-related sentences are deter-
mined, the next task is to extract event information
on the token level (Doddington et al., 2004). One
such key information is Event trigger, defined as
the main word that most clearly expresses an event
occurrence (Hettiarachchi et al., 2023a). While
the sentence-level event detection methods have
achieved excellent results recently, the accuracy
of word-level predictions still leaves room for im-
provement. This is partly due to the limited amount
of training data, as word-level annotation is time-
consuming and expensive. In this research, we
introduce a new weakly-supervised approach to
event trigger detection that removes the need for
training data at the word-level. To achieve this,
we propose addressing event trigger detection as a
rationale extraction task (Lei et al., 2016).
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The domain of explainability encompasses a
wide range of techniques focused on explaining
the predictions made by machine learning models
(Lipton, 2018). Among these techniques, ratio-
nale extraction methods aim to identify and select
specific portions of the input data that justify the
model’s output for a given data point. In man-
ual event detection, human perception of sentence-
level annotations is guided by the presence of event
triggers (Doddington et al., 2004). We hypothesise
that sentence-level event detection models also rely
on event triggers to make predictions. If that is the
case, explanations for sentence-level predictions
can be used to detect event triggers, thus remov-
ing the need for word-level labelled training data.
To extract model explanations, we use post hoc
rationale extraction methods (Sundararajan et al.,
2017), which try to explain the predictions of a
given model.

At the same time, by using event triggers as ex-
planations for sentence-level event detection meth-
ods, we introduce a new benchmark for evaluating
explainability. In opposition to developing differ-
ent models for sentence-level and token-level, we
propose to train a single model for both tasks.
Our main contributions are:

1. We introduce a novel weakly-supervised ap-
proach for event trigger detection. We present
practical methodologies for leveraging feature
attribution methods to extract event triggers
from sentence-level event detection models.

2. We provide insights into the behaviour of state-
of-the-art sentence-level event detection mod-
els by analysing attributions in different learn-
ing strategies at sentence-level, monolingual,
multilingual and zero-shot.

3. We propose to use event triggers as a new
benchmark for evaluating the explainability
of sentence-level event detection models. We
release the code and the models as the initial
baseline for this new benchmark 1.

2 Related Work

2.1 Event Detection

Previous research has proposed different ap-
proaches to sentence-level and word-level event
detection, which we explain below.

1https://github.com/HHansi/XEventMiner

Sentence-level: Sentence-level event detection
targets the identification of event-described sen-
tences. Early research widely used linguistic fea-
tures (e.g. part of speech (POS) tags, Bag of
Word (BoW) vectors, token/character n-grams and
lemmas) with traditional classification algorithms
(e.g. Support Vector Machine (SVM)) for sentence-
level detection (Naughton et al., 2010; Lefever and
Hoste, 2016). However, following the advances in
text embedding models and neural networks, later
research focused more on deep learning approaches.
Long Short-Term Memory (LSTM) (Hochreiter
and Schmidhuber, 1997) and Convolutional Neural
Network (CNN) (Lawrence et al., 1997) were pop-
ularly used neural networks for text classification
(Luan and Lin, 2019). Following them, various
improved architectures such as LSTM-Attention,
Convolutional Recurrent Neural Network (CRNN)
and CNN-Attention were proposed for sentence-
level event detection (Liu et al., 2019a; Huynh et al.,
2016). Recently with the success of transformers
such as BERT (Devlin et al., 2019), RoBERTa (Liu
et al., 2019b), and XLM-RoBERTa (XLM-R) (Con-
neau et al., 2020), state-of-the-art sentence-level
event detection models are based on transformers
(Hu and Stoehr, 2021; Awasthy et al., 2021; Het-
tiarachchi et al., 2023a) which we also use in this
research.

Word-level: Word-level event detection targets
the extraction of text spans which describe event de-
tails. Word-level methods also show a similar evo-
lution to sentence-level methods. Most of the early
work extensively relied on linguistic features due to
the complexities of this task (Chen and Ng, 2012;
Hong et al., 2011). Later, neural network archi-
tectures such as Bidirectional LSTM (Bi-LSTM),
Dynamic Multi-pooling CNNs (DMCNNs), Bi-
LSTM-DMCNN and multi-attention were pro-
posed for word-level event detection (Nguyen et al.,
2016; Feng et al., 2016; Chen et al., 2015; Balali
et al., 2020; Ding and Li, 2018). Very recently,
similar to the sentence-level, different pre-trained
transformers such as BERT and XLM-R were used
at word-level (Yang et al., 2019; Huang and Ji,
2020; Awasthy et al., 2021; Hettiarachchi et al.,
2023a), setting the state-of-the-art performance
(Hürriyetoğlu et al., 2021a, 2022).

In summary, previous research built separate
models for sentence and word-level event detec-
tion. In both areas, transformer-based approaches
hold state-of-the-art performance. Deviating from

https://github.com/HHansi/XEventMiner
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Language
Sentence-level Word-level

Sentences
Label Distribution

Sentences
Trigger Distribution

1 0 Spans Tokens
English (En) 21107 2819 18288 3239 4585 6030
Portuguese (Pt) 1095 194 901 87 122 150
Spanish (Es) 2666 375 2291 106 157 216

Table 1: Data statistics in sentence and token-levels. Label 1 indicates event sentences, and label 0 indicates
non-event sentences. Spans are the text spans/ordered sequences of tokens. A trigger can be composed of a span of
one or more tokens.

Sentence Label
Table grape harvesters started protesting about their working conditions in De Doorns
last month.

1

There were reports of skirmishes and clashes , including stone pelting , in the area in
which two policemen were injured.

1

It is the power to run local affairs as authorised by the central leadership. 0
Fears were that thousands of students, who are writing their National Senior Certificate
(matric) exams, could fail to arrive on time.

0

Table 2: Sample event (label=1) and non-event (label=0) sentences. In event sentences, trigger spans are highlighted
in yellow.

the common viewpoint, Hettiarachchi et al. (2023a)
proposed a transformer-based two-phase learning
strategy which captures the interconnections be-
tween sentence and word-level tasks for mutual
learning. However, as far as we know, no previ-
ous work has explored the ability of sentence-level
models to predict event words following their learn-
ing process.

2.2 Rational Extraction

According to Lipton (2018), deep neural network-
based NLP models demonstrate impressive perfor-
mance across diverse tasks, albeit with a trade-off
in terms of interpretability. Recent work aims to
address this issue by focusing on the explainability
of the models (Saeed and Omlin, 2023). Explain-
ability methods typically function by identifying
a specific subset of the input that provides a ratio-
nale for the model’s prediction on an individual
data point. This can be achieved through adjust-
ments made to the model architecture (Chalkidis
et al., 2021; Yu et al., 2019) or by attempting to
explain the predictions generated by a particular
model (Schulz et al., 2020) also known as post hoc.

Post hoc usually rely on feature attribution meth-
ods, which assign an importance value to each
input feature of a network (Sundararajan et al.,
2017). Feature attribution has a long tradition in
image recognition tasks (Vermeire et al., 2022) and
has only recently been applied to some NLP tasks

(DeYoung et al., 2020). For example, Pavlopou-
los et al. (2022) used feature attribution methods
such as LIME (Ribeiro et al., 2016) to predict toxic
spans in toxic comments. LIME has also been used
on offensive token detection in non-English lan-
guages such as Sinhala (Ranasinghe et al., 2022)
and Korean (Jeong et al., 2022) and has shown that
it provides competitive results compared to super-
vised methods (Ranasinghe and Zampieri, 2021).
In translation quality estimation, Fomicheva et al.
(2022) used feature attribution to predict word-level
errors in the translation.

3 Data

To conduct the experiments, we used the multilin-
gual version of the GLOCON gold standard dataset
(Hürriyetoğlu et al., 2021b), which was released by
CASE 2021 workshop (Hürriyetoğlu et al., 2021a),
considering its recency, open-availability and cov-
erage. This dataset targeted socio-political events
covering demonstrations, industrial actions, group
clashes, political violence, armed militancy and
electoral mobilisations. It contains data at different
levels of granularity, document, sentence and word
from multiple news sources covering the languages
English, Portuguese and Spanish. Considering the
scope of this research, we only utilised sentence
and word-level data for our experiments from all
available languages.

The sentence-level data contained an identifier,
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(a) Fully supervised approach (b) Weakly-supervised approach

Figure 1: Fully supervised word-level event trigger detection (left) and our weakly-supervised word-level event
trigger detection as rationale extraction (right). Dashed and solid lines represent training and test time, respectively.

sentence text and binary label, which indicates
whether that particular sentence describes/contains
an event or not, per instance. For simplicity, we
will refer to the event-described sentences as event
sentences and others as non-event sentences in the
below content. The word-level data were in BIO
(Beginning, Inside, Outside) format (Ramshaw and
Marcus, 1995), based on event triggers and argu-
ments (i.e. participant, place, target, organiser,
event time and facility name).

Data Cleaning: We applied a few techniques to
clean the data. Since we aim to evaluate sentence
classifiers’ ability to recognise event triggers, we
removed any sentences shared between sentence
and token levels as they could affect the evalua-
tions. Considering the fewer samples available at
the word-level, we removed any shared sentence
from the sentence-level. Also, following our aim,
we only kept the trigger labels at the word-level,
excluding event arguments.

The data statistics of cleaned datasets at sen-
tence and token levels covering all three languages
are summarised in Table 1. Overall, the sentence-
level has more instances/labelled samples than the
word-level. Also, there are more non-event sen-
tences than event sentences. Since this imbalance
depicts the real scenario and provides more training
samples from the targeted domain to the models,
we directly experimented with these data without
further pruning. Considering the languages, com-
paratively, English has more instances than others
at both granularities explaining its wide usage and
data availability. Thus, we consider English as a

high-resource language and others as low-resource
languages in this research. Additionally, Table 2
provides a few sample sentences in English, cover-
ing sentence-level labels and word-level triggers.

4 Methodology

We propose framing weakly-supervised event trig-
ger detection as rationale extraction from sentence-
level event detection models. Instead of training a
dedicated supervised model for event trigger predic-
tion, we propose deriving word-level scores from a
strong sentence-level event detection model by ex-
tracting explanations for model predictions (Figure
1). Given a trained sentence-level event detection
model and the test data, rationale extraction meth-
ods detect the parts of the input that are relevant
for model predictions on a sample-by-sample ba-
sis. We hypothesise that words with the highest
relevance scores should correspond to actual event
triggers.

Our methodology has two main steps; (1) Event
Sentence Classification (2) Event Trigger Identifi-
cation, which we describe in the below sections.

4.1 Event Sentence Classification

For the sentence-level models, we used transformer
models as they have achieved state-of-the-art re-
sults on event sentence classification (Hürriyetoğlu
et al., 2022, 2021a; Hettiarachchi et al., 2021). We
trained the models on the sentence-level data in
the GLOCON gold standard dataset (Hürriyetoğlu
et al., 2021b) described in Section 3, where the
labels indicate whether that particular sentence de-
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scribes/contains an event or not.

Figure 2: A schematic representation of the transformer
models in sentence-level event detection.

From an input sentence, transformers compute a
feature vector h ∈ Rd, upon which we build a clas-
sifier for the task. For this task, we implemented a
softmax layer, i.e., the predicted probabilities are
y(B) = softmax(Wh), where W ∈ Rk×d is the
softmax weight matrix, and k is the number of la-
bels which in our case is two. This architecture is
depicted in Figure 2. We employed a batch size
of 32, Adam optimiser with learning rate 2e−5,
and a linear learning rate warm-up over 10% of
the training data. During the training process, the
parameters of the transformer model, as well as the
parameters of the subsequent layers, were updated.
The models were evaluated while training using an
evaluation set that had one-fifth of the rows in data.
We performed early stopping if the evaluation loss
did not improve over three evaluation steps. All
the models were trained for three epochs. All the
pre-trained transformer models we used for the
experiments are available in HuggingFace (Wolf
et al., 2020).

We used the following strategies to train
sentence-level transformer models.
Monolingual: We trained a separate machine
learning model on each of the three languages.
We then evaluated the trained model on the test
set of the particular language mimicking the
supervised monolingual setting. For En-
glish, we used three popular transformer mod-
els; BERT-LARGE-CASED (Devlin et al., 2019),
ELECTRA-LARGE-DISCRIMINATOR (Clark et al.,
2020) and ROBERTA-LARGE (Liu et al., 2019b).

For Spanish, we used BETO-BASE-CASED (José
et al., 2020) and BERT-BASE-MULTILINGUAL-
CASED (Devlin et al., 2019), while for Portuguese
we used BERT-BASE-PORTUGUESE-CASED (Souza
et al., 2020) and BERT-BASE-MULTILINGUAL-
CASED (Devlin et al., 2019).

All: We concatenated the training sets of all
the languages and trained a single machine learn-
ing model. We then evaluated the model on
each testing set of all three languages mimicking
the supervised multilingual setting. For
this setting we used BERT-BASE-MULTILINGUAL-
CASED (Devlin et al., 2019) and XLM-ROBERTA-
BASE (Conneau et al., 2020) models. Pre-
vious studies have shown that supervised
multilingual models provide better results
than monolingual models in event detection
(Hettiarachchi et al., 2021).

All-1: We concatenated all training sets except
one language and trained a single machine learn-
ing model. We then evaluated the model on the
test set of that particular dataset that was left out,
mimicking the zero-shot setting for the left-out
language. For this setting also we used BERT-BASE-
MULTILINGUAL-CASED (Devlin et al., 2019) and
XLM-ROBERTA-BASE (Conneau et al., 2020) mod-
els. Previous studies have shown that zero-shot
setting has provided compatible results that can be
useful in low-resource languages where the train-
ing data is scarce (Hettiarachchi et al., 2021). We
only conducted these experiments for Spanish and
Portuguese.

4.2 Event Trigger Identification

For event trigger identification, we propose a
weakly-supervised approach by incorporating tech-
niques which explain the predictions of the event
sentence classification models. Our focus is mainly
influenced by the limitations of annotated data at
the word-level due to the annotation complexities
and recent advances in the area of model explain-
ability. We use Local Interpretable Model-agnostic
Explanations (LIME) (Ribeiro et al., 2016) and
SHapley Additive exPlanations (SHAP) (Lund-
berg and Lee, 2017) as the classifier explainers
in our work, considering their comprehensiveness
and dominance in explaining black-box models
(Linardatos et al., 2021). More details about these
two frameworks are described below.

LIME (Ribeiro et al., 2016): LIME explains the
predictions of any classifier by fitting a local in-
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Language Strategy Model
Event Not Weighted Average

F1 Macro
P R F1 P R F1 P R F1

English
Monolingual

BERT-LARGE 0.78 0.87 0.82 0.96 0.94 0.95 0.93 0.92 0.93 0.88
ROBERTA-LARGE 0.82 0.84 0.83 0.96 0.95 0.96 0.93 0.93 0.93 0.89
ELECTRA-LARGE 0.78 0.84 0.81 0.96 0.94 0.95 0.92 0.92 0.92 0.88

All
XLM-ROBERTA-BASE 0.73 0.88 0.80 0.96 0.91 0.93 0.91 0.90 0.91 0.86
BERT-MULTILINGUAL 0.73 0.76 0.74 0.93 0.92 0.93 0.89 0.89 0.89 0.83

Spanish

Monolingual
BETO-BASE 0.61 0.69 0.65 0.94 0.91 0.93 0.89 0.88 0.88 0.79
BERT-MULTILINGUAL 0.59 0.51 0.55 0.91 0.92 0.92 0.86 0.86 0.86 0.73

All
XLM-ROBERTA-BASE 0.68 0.74 0.71 0.95 0.93 0.94 0.90 0.90 0.90 0.82
BERT-MULTILINGUAL 0.52 0.44 0.48 0.89 0.92 0.91 0.84 0.85 0.84 0.69

All-1
XLM-ROBERTA-BASE 0.57 0.72 0.63 0.94 0.90 0.92 0.88 0.87 0.87 0.78
BERT-MULTILINGUAL 0.51 0.48 0.50 0.90 0.91 0.90 0.84 0.84 0.84 0.70

Portuguese

Monolingual
BERT-BASE-PORTUGUESE 0.86 0.76 0.80 0.93 0.96 0.90 0.92 0.92 0.92 0.88
BERT-MULTILINGUAL 0.92 0.52 0.66 0.88 0.98 0.93 0.89 0.8 0.87 0.80

All
XLM-ROBERTA-BASE 0.73 0.88 0.80 0.96 0.91 0.93 0.91 0.90 0.91 0.86
BERT-MULTILINGUAL 0.73 0.76 0.74 0.93 0.92 0.93 0.89 0.89 0.89 0.83

All-1
XLM-ROBERTA-BASE 0.83 0.80 0.81 0.94 0.95 0.95 0.92 0.92 0.92 0.88
BERT-MULTILINGUAL 0.81 0.52 0.63 0.88 0.96 0.92 0.86 0.87 0.86 0.77

Table 3: Results for sentence-level event detection with different strategies. For each model, Precision (P), Recall
(R), and F1 are reported on all classes and weighted averages. Macro-F1 is also listed.

terpretable model. It aims to test the impacts on
predictions by varying the input data to the classi-
fier. Per sample, LIME generates a new dataset of
perturbed samples and the corresponding predic-
tions of the classifier. Then, it fits a linear model on
new data, which results in coefficients per feature
as their attribution scores. In this research, each
token is considered as a feature and perturbation
is achieved by random sampling of tokens in the
input text sequence or randomly removing tokens
from the input text sequence.
SHAP (Lundberg and Lee, 2017): SHAP ex-
plains the predictions of any classifier by following
a game theoretic approach. It assigns an impor-
tance value to each feature of the input for a partic-
ular prediction made by the classifier. The feature
importance is calculated using shapely values, a
game theory concept that quantifies each feature’s
contribution to the final prediction. In this research,
each token in the input text sequence is considered
as a feature while applying SHAP.

As described above, LIME and SHAP return an
attribution/importance score per feature (i.e. token)
in an input text sequence which explains the sen-
tence classifier’s prediction. Theoretically, for a
sentence which is classified as an event sentence,
high scores depict the tokens which had a high im-
pact on the classifier’s prediction or which let the
sentence be predicted as an event sentence. Follow-
ing this assumption, we assign a binary decision

of event and non-event to each token based on its
corresponding importance score, and we consider
event tokens as event triggers. For this assignment,
we used a threshold tuned on the ground truth la-
bels (i.e. event triggers) of one-fifth of the word-
level data using the Stochastic Gradient Descent
algorithm.

5 Results

5.1 Event Sentence Classification

The results of the sentence-level models are shown
in Table 3. As the label distribution is highly imbal-
anced, we evaluate and compare the performance
of the different models using the Macro F1-score.
We further report per-class Precision (P), Recall
(R), F1-score (F1), and weighted average. As can
be seen, all the transformer models provided strong
results for sentence-level event detection.

For English, ROBERTA-LARGE (Liu et al.,
2019b) with the monolingual strategy provided the
best Macro F1 score. It should be noted that All
strategy also yields comparable results; however
they do not outperform the models with Monolin-
gual strategy. For Spanish, XLM-ROBERTA-BASE

with All strategy provided the best Macro F1 with
a 0.82 score, outperforming Monolingual strat-
egy. In Portuguese, Monolingual strategy with
BERT-BASE-PORTUGUESE provided the best re-
sults. Interestingly, zero-shot All-1 strategy with
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Language Strategy Model
LIME SHAP

P R F1 P R F1

English
Monolingual

BERT-LARGE 0.43 0.60 0.50 0.47 0.70 0.56
ROBERTA-LARGE 0.41 0.66 0.51 0.50 0.69 0.58
ELECTRA-LARGE 0.44 0.66 0.53 0.43 0.76 0.55

All
XLM-ROBERTA-BASE 0.37 0.64 0.47 0.37 0.66 0.48
BERT-MULTILINGUAL 0.43 0.57 0.49 0.40 0.61 0.48

Spanish

Monolingual
BETO-BASE 0.13 0.68 0.21 0.55 0.62 0.58
BERT-MULTILINGUAL 0.14 0.72 0.24 0.17 0.68 0.27

All
XLM-ROBERTA-BASE 0.15 0.64 0.24 0.05 0.99 0.11
BERT-MULTILINGUAL 0.10 0.64 0.17 0.19 0.49 0.28

All-1
XLM-ROBERTA-BASE 0.15 0.67 0.24 0.21 0.66 0.32
BERT-MULTILINGUAL 0.15 0.70 0.24 0.05 0.96 0.11

Portuguese

Monolingual
BERT-BASE-PORTUGUESE 0.22 0.59 0.32 0.47 0.70 0.56
BERT-MULTILINGUAL 0.29 0.61 0.39 0.14 0.64 0.24

All
XLM-ROBERTA-BASE 0.33 0.69 0.44 0.32 0.71 0.44
BERT-MULTILINGUAL 0.40 0.43 0.42 0.17 0.63 0.21

All-1
XLM-ROBERTA-BASE 0.05 0.57 0.10 0.31 0.73 0.44
BERT-MULTILINGUAL 0.24 0.34 0.28 0.21 0.54 0.30

Table 4: Results for event trigger detection with LIME and SHAP. For each model, Precision (P), Recall (R), and F1
are reported on event trigger words.

XLM-ROBERTA-BASE also provided very close re-
sults to the best result.

Overall the results show that transformers pro-
vide excellent results for sentence-level event de-
tection. Furthermore, the models and the strategies
we used are highly compatible with each other.

5.2 Event Trigger Identification

The results of LIME (Ribeiro et al., 2016), and
SHAP (Lundberg and Lee, 2017) with different
sentence-level models are shown in Table 4. For
the evaluation, we used the precision (P), Recall
(R), and F1 score of the event trigger tokens

For English, ROBERTA-LARGE scored 0.58 F1
score with SHAP, for Spanish BETO-BASE scored
0.58 F1 score with SHAP, and for Portuguese,
BERT-BASE-PORTUGUESE scored 0.56 F1 score
with SHAP. These results suggest that sentence-
level event detection models rely on event trig-
gers to make predictions, and our hypothesis is
correct. Furthermore, as the weakly-supervised
models have provided good results, we can suggest
using event triggers as explanations for sentence-
level event detection models. The methods that
we explored can be considered as a baseline for
explainable event detection. In addition, we have
the following key observations from the results.

SHAP performs better than LIME: As shown in
the results, LIME-based explanations are substan-
tially outperformed by the SHAP-based explana-
tions in all most all the models. This suggests that
SHAP create better explanations for sentence-level
event detection models.
Strong sentence-level models and explainability:
All the models and strategies we experimented
with provided compatible sentence-level results
with each other. However, these models’ weakly-
supervised event trigger detection results vary a lot.
Several models that had high sentence-level scores
provided poor results in event trigger detection.
This suggests that stronger sentence-level models
do not always guarantee strong explainability.
Multilingual models and explainability: The re-
sults in Table 4 shows that multilingual models
behave poorly in weakly-supervised event trigger
detection. Language-specific transformer models
with Monolingual strategy performed best in all
the languages and substantially outperformed mul-
tilingual transformer models with All and All-1
strategies. This result is clear in SHAP and we
can assume that SHAP requires language-specific
transformers to perform better.
High recall and low precision: As shown in Ta-
ble 4, all the models result in high recall and low
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(a) Ground truth (b) ROBERTA-LARGE + SHAP

Figure 3: Wordclouds of actual and predicted event triggers in English after removing stop words

precision, which means that our weakly-supervised
approach results in many false positives. We man-
ually analyse this scenario with our best English
model (i.e. ROBERTA-LARGE) for weak supervi-
sion.

Ground truth - One of the men who led the
strike at Lonmin’s platinum mine in Au-

gust 2012 denied on Monday that he played
any part in the fatal attacks that occurred.

Our predictions - One of the men who led
the strike at Lonmin’s platinum mine in

August 2012 denied on Monday that he
played any part in the fatal attacks that
occurred.

Ground truth - Maharashtra police also
overlooked the fact that Naidu was sick as
he had observed a day-long fast yesterday
and spent over four days without proper fa-
cilities.

Our predictions - Maharashtra police also
overlooked the fact that Naidu was sick as
he had observed a day-long fast yester-
day and spent over four days without proper
facilities.

As can be seen in the examples, our weak super-

vision approach detects words including the stop
words around the actual trigger word as triggers.
As a result, our approach’s precision is low.

Finally, in Figure 3a we show the word cloud
of actual event triggers in English data. In Figure
3b we show the word cloud of predicted event trig-
gers by SHAP for English. As can be seen, our
approach detects the most common event trigger
words correctly.

6 Conclusions

In this work, we proposed a new weakly-supervised
approach for event trigger detection by exploring
feature attribution methods on sentence-level event
detection models. Our results show that sentence-
level event detection models rely on event triggers
to make predictions, and in turn, event triggers can
be used as explanations for sentence-level models.
We hope this work will encourage further research
on improving the efficiency of event trigger de-
tection models with weakly-supervised methods.
Also, we believe our findings will be useful for
social media event detection considering the vol-
ume and dynamicity of data (Hettiarachchi et al.,
2023b). This work presents numerous avenues for
future research, ranging from enhancing achieved
outcomes through combining different feature at-
tribution methods to investigating alternative un-
derlying architectures and training objectives at the
sentence-level.
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Ali Hürriyetoğlu, Erdem Yörük, Osman Mutlu, Fırat
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