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Abstract

Motivation: Recent neural approaches on event extraction from text mainly focus on flat events in general domain,
while there are less attempts to detect nested and overlapping events. These existing systems are built on given
entities and they depend on external syntactic tools.

Results: We propose an end-to-end neural nested event extraction model named DeepEventMine that extracts mul-
tiple overlapping directed acyclic graph structures from a raw sentence. On the top of the bidirectional encoder rep-
resentations from transformers model, our model detects nested entities and triggers, roles, nested events and their
modifications in an end-to-end manner without any syntactic tools. Our DeepEventMine model achieves the new
state-of-the-art performance on seven biomedical nested event extraction tasks. Even when gold entities are unavail-
able, our model can detect events from raw text with promising performance.

Availability and implementation: Our codes and models to reproduce the results are available at: https://github.
com/aistairc/DeepEventMine.

Contact: long.trieu@aist.go.jp

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Biomedical information is scattered in the substantial body of litera-
ture, so natural language processing (NLP) techniques are required
to extract such underlying information without manual efforts.
Many studies have been carried out to develop biomedical informa-
tion extraction (IE) techniques, and, in these studies, extracting
events among entities from text is considered as one of the most im-
portant tasks (Kim et al., 2011b, 2013; Pyysalo et al., 2011). Event
structures are key to reveal the underlying knowledge and to capture
biological processes described in the unstructured text. Events cap-
ture dynamic n-ary relations among entities (e.g. proteins and genes)
and their attributes (e.g. locations and sites). They can facilitate the
development of practical applications such as information retrieval
(Tsuruoka et al., 2008; Van Landeghem et al., 2013), knowledge
base enrichment (Hakala et al., 2012) and pathway curation (Miwa
et al., 2013a).

An event consists of a trigger and zero or more arguments (In
this work, all our target events have triggers.). A trigger is a textual
mention that denotes the presence of an event in text. Each

argument is either an entity or an event, and it plays a role that char-
acterizes its contribution to the event. An event is called nested event
(Miwa and Ananiadou, 2013; Pyysalo et al., 2011) when it has other
events in its arguments, while an event is called flat event when there
are only entities in its arguments. Figure 1 illustrates an example of
the flat and nested events, as well as the nested triggers and entities.
There is a flat event Cell transformation (‘transformed’) in this ex-
ample. The flat event has a Theme argument from Cell entity
(‘erythroid cells’). The Positive regulation (‘transformed’) is a nested
event at level 1 (We define the level k of a nested event. k ¼ 1 means
the event has flat events in its arguments and k ¼ 2 means the event
has at least one nested event at level 1 as its argument.) with the Cell
transformation event as its Theme and the Organism entity (‘erbA/
myb IRES’) as its Cause. In this example, there are two triggers that
share the same textual span ‘transformed”. We call these triggers
nested triggers, which allow us to deal with multiple events indi-
cated by the same phrase. Similarly, this example also involves
nested or overlapping entities; the Organism entity contains two
GGP (Gene or gene product) entities (‘erbA’ and ‘myb’). Nested
events have this complex schema that allows multiple, overlapping,
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directed acyclic graph (DAG) structures, because they are essential
to deeply understand texts written in condensed styles that often ap-
pear in scientific and technical domains such as bio-medicine.

Many neural models have been proposed for event extraction
and have shown to produce better results than traditional feature-
based models (e.g. Li et al., 2013; Miwa et al., 2012; Yan and
Wong, 2020); however, most efforts have been dedicated to extract-
ing flat events on flat entities in general domain (e.g. Liu et al.,
2018; Nguyen et al., 2016; Nguyen and Nguyen, 2019; Sha et al.,
2018; Yang and Mitchell, 2016), rather than nested entities (Ju
et al., 2018; Katiyar and Cardie, 2018; Sohrab and Miwa, 2018).
There are few neural-based models (Björne and Salakoski, 2018; Li
et al., 2019) for nested events, even though they are important to
capture relationships between events such as causality, which is es-
sential to represent biological processes. Furthermore, most event
extraction models assume the entities are given, so we need to pre-
pare an external named entity recognizer before extracting events
from raw texts. This leads to potential error propagation in the
entity-event pipeline, which requires additional tuning. Especially
when the argument entities are nested, we also need to consider a
nested named entity recognizer (Finkel and Manning, 2009; Ju
et al., 2018; Katiyar and Cardie, 2018; Sohrab and Miwa, 2018;
Wang and Lu, 2018). Although there are a few end-to-end models
(Nguyen and Nguyen, 2019; Yang and Mitchell, 2016) to extract
flat events on flat entities, none of these models can treat nested
events on nested entities that may further overlap with event
triggers.

Deep models pre-trained on large-scale corpora have achieved
impressive results on several NLP tasks. Such models include embed-
dings from language models (ELMo) (Peters et al., 2018), OpenAI
generative pre-training (GPT) (Radford et al., 2018), and bidirec-
tional encoder representations from transformers (BERT) (Devlin
et al., 2019). High-performance NLP systems have been built by
stacking simple task-specific architecture on these models. Such
models can also be helpful in modeling complex structures like
events.

We propose a novel neural model named DeepEventMine that
extracts nested events from a sentence in an end-to-end manner. We
build a relatively simple but representative model that captures
nested event structures, relying on the highly expressive power of
BERT. Taking BERT as the base representation, the model performs
a flow of entity and trigger detection, role detection, and event and
their modification (e.g. negation and speculation) detection in an
end-to-end manner. The state-of-the-art event extraction models de-
pend on external syntactic tools (Björne and Salakoski, 2018;
Nguyen and Nguyen, 2019), which leads to domain-dependent
models. Unlike these existing models, our model does not rely on
any external syntactic tools and this allows the application of our
model to several domains. We fine-tune the SciBERT model (Lee
et al., 2019) that is pre-trained with a large-scale biomedical and
computer science texts while simultaneously training the event ex-
traction model. We evaluated our model on seven biomedical nested
event extraction datasets: Cancer Genetics 2013, Epigenetics and
Post-translational Modifications 2011, GENIA 2011, GENIA 2013,

Infectious Diseases 2011, Pathway Curation 2013 and Multi-Level
Event Extraction. The experimental results show that our model can
detect triggers, roles, events and their modifications with better per-
formance than existing models by a large margin. The end-to-end
training makes the model focus more on event detection than the
pipeline training. As a result, our model achieved the new state-of-
the-art (SOTA) on the test sets of all seven tasks when given gold
(manually annotated) entities. We also show that our model can de-
tect the events from raw sentences with a slight performance loss.

2 Related work

Deep neural networks including recurrent and convolutional neural
networks (CNNs) have boosted event extraction performance (e.g.
Björne and Salakoski, 2018; Nguyen and Nguyen, 2019). These
models show better performance than traditional hand-crafted fea-
ture-based approaches (Björne and Salakoski, 2013; Miwa and
Ananiadou, 2013; Yang and Mitchell, 2016). While pre-trained
models for fine-tuning contextual representations are recently
shown to perform well on several NLP tasks (Devlin et al., 2019;
Peters et al., 2018; Radford et al., 2018), they have not been taken
into consideration to build an event extraction model.

Previous neural models on flat event extraction have been mainly
focused on event trigger and argument detection (Chen et al., 2015;
Liu et al., 2018; Nguyen et al., 2016; Sha et al., 2018). They assume
that entities are given, therefore, a separate entity recognition mod-
ule is required to extract events from plain text. Due to the inde-
pendence between the event model and the entity detection,
information is not shared among them. Nguyen and Nguyen (2019)
introduced an end-to-end neural model utilizing a bidirectional re-
current neural network and they addressed the independent issue of
entity detection. However, they only extract flat events with flat en-
tity arguments and rely on several syntactic features, so the applica-
tion is limited to general domain and it cannot be applied to
biomedical event extraction tasks. Meanwhile, our model can deal
with both flat and nested entities and it is independent of external
syntactic tools.

Contrary to flat event extraction, fewer attempts have been
made to investigate nested event detection. Early work mainly relied
on hand-crafted features as well as gold entities (Björne and
Salakoski, 2013; Miwa and Ananiadou, 2013). Björne and
Salakoski (2018) presented a pipeline-based neural system that has
been developed for nested event extraction. The system performs
event extraction by tackling four consecutive sub-tasks: detecting
entities/triggers, relations, events and event modifiers. All modules
share a unified sentence representation, which is based on a CNN.
Their approach relies on syntactic information, e.g. part-of-speech
tags and dependencies, to encode a sentence. In addition, they ignore
the dependencies among entities, relations and events due to inde-
pendent detection. In contrast, our model enables rich semantic rep-
resentations shared among sub-tasks and errors can be addressed
through the entire task sequence.

3 DeepEventMine

Our DeepEventMine model consists of four layers: BERT, entity/
trigger, role and event layers. We illustrate the overview of our
model in Figure 2. As shown in this figure, the representations of
textual spans built on the outputs of the BERT layer are shared and
updated by the subsequent layers.

3.1 BERT layer
The BERT layer receives sub-word sequences and assigns contextual
representations to the sub-words via BERT (Devlin et al., 2019). We
assume each sentence S has n words and the ith word is split into si

sub-words. This layer assigns a vector vi;j to the jth sub-word of the
ith word. It also produces the representation vS for the sentence,
which corresponds to the (CLS) embedding in Devlin et al. (2019).

Fig. 1. Example flat and nested events from the BioNLP-ST 2013 Cancer Genetics

task. Green and orange denote entities, while red are event triggers, e.g. erbA, eryth-

roid cells are two entities and transformed is a trigger. Blue connection denotes the

role of an argument to a trigger, where an argument can be an entity or a trigger,

e.g. erythroid cells is a Theme of the trigger transformed. Event structures are con-

structed by an event trigger and its arguments. The flat event, transformed erythroid

cells, has only one entity as its argument. The nested event, erbA/myb IRES trans-

formed erythroid cells, has the entity erbA/myb IRES as Cause and the flat event

transformed erythroid cells as its argument. The nested event is a tree whose root is

the red rectangle (Positive regulation) with blue connections to its entity argument

(Organism) and its flat event argument (transformed erythroid cells)
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3.2 Entity/trigger layer
The entity/trigger layer assigns entity or trigger types to overlapping
text spans, or word sequences, in a sentence. We employ the model-
ing of Sohrab and Miwa (2018) since this enables the extraction of
nested triggers and entities at once. This model has the advantage
that it can utilize all the sub-words’ information inside the target
candidate unlike the NER model of Devlin et al. (2019) that only
uses the first sub-words of words. Particularly, this layer exhaustive-
ly considers all possible spans of a sentence with the sizes less than
or equal to the maximum span size Lent for entities and Ltrig for trig-
gers (Lent and Ltrig are tuned as hyper-parameters and presented in
Supplementary Appendix SB.).

The representation mk;l 2 R
dm for the span from the kth word to

the lth word in a sentence is calculated as follows:

mk;l ¼ vk;1;

Pl
i¼k

Psi

j¼1

vi;j

Pl
i¼k

si

; vl;sl

2
66664

3
77775; (1)

where ½; ; � denotes concatenation, while vi;j denotes the jth sub-word
representation in the ith word. More specifically, vk;1 is the first sub-
word representation of the kth word, while vl;sl

is the last sub-word
representation of the lth word. Since each span may have multiple
types, we solve this multi-label problem by using multiple binary
classifiers with sigmoid functions. In particular, the representation
mk;l is passed to multiple binary classifiers corresponding to all pos-
sible types. For each classifier, the span is selected as the correspond-
ing entity/trigger type if the output score is >0.5.

3.3 Role layer
The role layer enumerates all trigger–argument pairs (trigger–trigger
and trigger–entity pairs) given triggers and entities detected by the
entity/trigger layer and assigns a role type or no role to each pair.

Since each role is constructed by a trigger and an argument, we
first compute representations of all triggers and arguments detected

by the entity/trigger layer. The representations of a trigger and an ar-

gument are calculated in the same way. A trigger t ranging from the
starting tsth word to the ending teth word is represented with the
concatenation of its span representation mt [¼ mts;te

from Equation

(1)] and an nt-dimensional-type embedding st, as follows:

vt ¼ ½mt; st�: (2)

Similarly, the representation of an argument a can be calculated

as:

va ¼ ½ma; sa�: (3)

Meanwhile, the context representation c is obtained from the
sentence representation of the BERT layer, i.e. c ¼ vS. We empirical-

ly investigated the utility of the context and found that the context
contributed to the performance (The detailed scores are presented in
Supplementary Appendix SE.).

The representation r i 2 R
dr for a pair i is then calculated from its

trigger representation vt, argument representation va, and context

representation c:

r i ¼ GELUðWr½vt; va; c� þ brÞ; (4)

where Wr and br are learnable weights and biases respectively and
GELU is the Gaussian error linear unit (GELU) activation function

(Hendrycks and Gimpel, 2016). After getting the pair representation
r i, we pass it to a fully connected layer with a softmax function to

predict the corresponding role type.

3.4 Event layer
Given the triggers and entities detected by the entity/trigger layer
and the role pairs detected by the role layer, the event layer enumer-
ates all legal combinations of role pairs (We build templates from

the event structure definition.) to construct event candidates for
each trigger. These event candidates include events with no argu-
ments. Each candidate is then classified as an event or non-event.

Fig. 2. Overview of our deep end-to-end event extraction model. The hidden layers are omitted for brevity. We use the example in Figure 1 to present our method. Due to the

space limitation, we omit some unimportant tokens (e.g. the, virus, and). We use abbreviations to represent triggers and entities, i.e. CTrans, PReg stand for Cell

Transformation and Positive Regulation triggers, respectively, whilst Org and GGP are the short forms of Organism and Gene or gene product entities, respectively. We sum

the representations of the tokens and concatenate with the first and last tokens to form the representation of a span. We show the combination details of an entity erythroid

cells, while those of the others are omitted for simplicity
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Additionally, this layer detects event modification such as specula-
tion or negation.

To allow the construction of nested events, we build events in a
bottom-up manner. Concretely, we first classify event candidates
with non-trigger arguments (containing no argument or a set of en-
tity arguments only) to obtain a set of detected (flat) events. We then
repeat the following process of constructing and classifying nested
event candidates, which contain trigger arguments. In the construc-
tion step, we construct nested event candidates by replacing trigger
arguments by their corresponding detected events. In the case there
are multiple detected events linked to a trigger argument, we create
(or duplicate) an event candidate corresponding to each of them.
The nested event candidates are classified and the detected events
may serve as arguments for the higher nested-level nested event can-
didates. The process is repeated until all the event candidates are
classified or no event candidate with fixed arguments remains.

The representation ei 2 R
de of an event candidate i is calculated

from the representations of the trigger t by Equation (2), the role r
by Equation (4), the nt-dimensional embedding of the role type u
and all the arguments a� 2 ea by Equation (3) as follows:

ei ¼ ½vt;

P
j2ea

GELUðWp½r j; uj; vaj
� þ bpÞ

þ
P

j 62ea
GELUðWn½r j; uj; vaj

� þ bnÞ �; (5)

where Wp and bp are learnable weights and biases respectively for
roles that are in the event structure, meanwhile, Wn and bn are
learnable weights and biases for roles that are detected by the role
layer and share the trigger but are not in the event structure. We in-
clude not only roles in the structure but also those outside of the
structure, aiming at choosing the appropriate set of roles from all
possible role sets. When the event candidate has a trigger with a
fixed event as its argument, we replace vaj

by the event candidate
representation eaj

in Equation (5) after adjusting the dimensions via
a hidden layer with GELU. The representation ei is passed to a hid-
den layer with GELU to produce e0i, and then e0i is fed to a binary
classifier to classify as an event or not. When the candidate event is
classified as an event, e0i is additionally passed to a softmax classifier
to attach event modification types to the detected event.

4 Experimental settings

4.1 Data and task settings
We evaluated our model on the six event extraction shared task
datasets in biomedical domain: Cancer Genetics 2013, Epigenetics
and Post-translational Modifications 2011 (Ohta et al., 2011) (EPI),
GENIA 2011 (Kim et al., 2011b) (GE11), GENIA 2013 (Kim et al.,
2013) (GE13), infectious diseases 2011 (Pyysalo et al., 2011) (ID)
and pathway curation 2013 (Pyysalo et al., 2015) (PC). We also
evaluated it on multi-level event extraction (Pyysalo et al., 2012)
(MLEE), a major event extraction dataset. All the datasets include
nested events and the data statistics are presented in Supplementary
Appendix SA.

For all of the datasets, we used the data partition provided by
the shared tasks or by the data provider for MLEE. We followed
the official task evaluation settings for the tasks, which are original-
ly from the setting in the BioNLP 09 shared task (Kim et al.,
2011a). In particular, an extracted trigger span can be differed from
the gold span by a single word (approximate span matching) and a
sub-event are treated as a valid argument if the theme arguments of
the sub-event are correctly detected (approximate recursive
matching).

For the six event extraction tasks, we evaluated using the offi-
cial online evaluation provided by the BioNLP11 and BioNLP13
shared tasks for both development and test sets except for CG and
PC development sets, where the online evaluation are not pro-
vided. We use the same evaluation criteria as in Björne and
Salakoski (2018). Specifically, for CG, EPI, ID and PC tasks, we
apply the primary evaluation criteria for full task results. For
GE11 and GE13 tasks, we apply the approximate span/approxi-
mate recursive for the whole data (i.e. Task 1: full papers þ
abstract).

For MLEE task, we follow the evaluation setting of the MLEE
provider (Pyysalo et al., 2012), which adapts the evaluation protocol
and tools from the BioNLP’09 shared task (Kim et al., 2011a).
Specifically, we apply the primary matching criteria, in which event
structures are identical but include the approximate span and ap-
proximate recursive relaxations.

4.2 Training settings
We train the model in an end-to-end manner based on the pre-
trained BERT model. We employed the pre-trained SciBERT model
(Beltagy et al., 2019), which was pre-trained on large-scale biomed-
ical text. For pre-trained models on biomedical text, there are sev-
eral existing models such as the BioBERT (Lee et al., 2019) and
SciBERT models. We have empirically compared the BioBERT and
SciBERT models on the CG development set and found that we
obtained better performance when using the SciBERT model (The
detailed scores of the comparison with using BioBERT are presented
in Supplementary Appendix SD.). Due to the large size of the pre-
trained BERT, we employed multiple GPUs in the AI Bridging
Cloud Infrastructure (ABCI, https://abci.ai/) for speeding up.

Our model was implemented with PyTorch (Paszke et al., 2017).
We employed the BERT model from the PyTorch Pretrained BERT
repository (https://github.com/huggingface/pytorch-pretrained-
BERT/tree/34cf67fd6c) as our BERT layer and implemented the
end-to-end event extraction layers on the top of it. For all the data-
sets, we split the sentences into words by spaces and we further split
each word into sub-words, which is a prerequisite for the input of
BERT, following the setting of the BERT tokenizer.

Our training consists of two steps. In the first step, we warm up
each layer separately by training each layer using gold annotations
in order to avoid using unreliable predictions in the subsequent
layers and to fully make use of gold annotations. At the second step,
we train the entire model including entity/trigger, role and event
layers simultaneously. The training loss is the summation of the
losses from all the layers. We use corresponding binary or categoric-
al cross entropy loss functions as the learning objectives for the bin-
ary or softmax classifiers in each layer.

We train the model with the Adam optimizer (Kingma and Ba,
2015). We include gradient clipping, dropout and L2 regularization.
The model is trained for 100 epochs, with the training mini-batch
size as 16. Dropout is employed to the input of each layer: entity/
trigger, role and event layers. All the above hyper-parameters were
tuned with the Optuna framework (https://github.com/pfnet/
optuna). The model hyper-parameters used in our experiments are
listed in Supplementary Appendix SB.

4.3 Models in comparison
We compared our model with the SOTA models on the test sets. We
briefly describe the models here.

• TEES-CNN (Björne and Salakoski, 2018) (SOTA on CG and

GE11 tasks): a pipeline system that detects events by sequentially

performing entity, argument and event extraction. Each module

shares a CNN-based sentence encoder architecture.
• BioMLN (Venugopal et al., 2014) (SOTA on GE13 task): this is

a Markov logic network-based joint model that is built on mul-

tiple feature-based event extraction modules.
• EventMine (Miwa et al., 2013b) (SOTA on ID task): a pipeline

system using hand-crafted lexical and syntactic features that

employs a domain adaptation method and trained on seven event

corpora.
• PMCNN (Li et al., 2020) (SOTA on MLEE task): a parallel

multi-pooling CNN model to represent compositional semantic

features of a sentence. We also compared with two recent neural-

based models: MultiRep-CNN (Wang et al., 2017) and BLSTM

(He et al., 2019).
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For our models, we implemented the two following settings:

• DeepEventMine: our end-to-end model that is able to predict

events in one pass from raw text. The model is simultaneously

trained for entity/trigger, role and event detection.
• Pipeline: Pipeline model where each layer is trained separately. This

is prepared to show the effectiveness of our end-to-end approach.

We also show performance gains when ensembling five versions
[same as Björne and Salakoski (2018)] of our DeepEventMine with
different parameter initialization. We employed a simple majority
voting method, in which an event is predicted only when it appears
in the outputs of at least three of the five models.

5 Results and discussion

We present the performance of our DeepEventMine model on the
seven corpora and compare it with the SOTA models on the test sets
given gold entities. We also conduct analyses to compare the end-to-
end and pipeline models, and evaluate the extraction from raw text
and text with gold entities. We finally deeply analyze the results
using the CG dataset. Since the gold data of the test sets are not pro-
vided by the tasks, and also to avoid overfitting on the test sets, the
analyses are conducted on the development sets.

5.1 Comparison with the state-of-the-art
Table 1 compares our model with the SOTA models on the seven
tasks. For the shared tasks, the test evaluation can only be performed
through the shared task website and all submissions are required to
use gold entities. We use the same setting for MLEE, which uses gold
entities. Overall, our DeepEventMine model consistently outperforms
the SOTA models in all the seven tasks. Specifically, our
DeepEventMine model achieved 1.5–5.2 percent point (pp) improve-
ments in comparison with the SOTA models. Event modification per-
formance is presented in Supplementary Appendix SC.

Table 1. Results of event extraction on the test sets given gold

entities

Task Model P R F (%)

CG TEES-CNN (Björne and Salakoski, 2018) 66.55 50.77 57.60

DeepEventMine (single) 69.54 54.24 60.94

DeepEventMine (ensemble) 72.23 53.92 61.74

EPI EventMine (Miwa et al., 2013b) 54.42 54.28 54.35

TEES-CNN (Björne and Salakoski, 2018) 64.93 50.00 56.50

DeepEventMine (single) 73.73 55.95 63.62

DeepEventMine (ensemble) 78.34 56.39 65.57

GE11 EventMine (Miwa et al., 2012) 63.48 53.35 57.98

BioMLN (Venugopal et al., 2014) 63.61 53.42 58.07

TEES-CNN (Björne and Salakoski, 2018) 69.45 49.94 58.10

DeepEventMine (single) 71.71 56.20 63.02

DeepEventMine (ensemble) 76.28 55.06 63.96

GE13 TEES-CNN (Björne and Salakoski, 2018) 65.78 44.38 53.00

BioMLN (Venugopal et al., 2014) 59.24 48.95 53.61

DeepEventMine (single) 60.98 49.80 54.83

DeepEventMine (ensemble) 67.08 49.14 56.72

ID TEES-CNN (Björne and Salakoski, 2018) 66.48 50.66 57.50

EventMine (Miwa et al., 2013b) 61.33 58.96 60.12

DeepEventMine (single) 63.56 57.30 60.27

DeepEventMine (ensemble) 68.51 55.99 61.62

PC EventMine (Miwa and Ananiadou, 2013) 53.48 52.23 52.84

TEES-CNN (Björne and Salakoski, 2018) 62.16 50.34 55.62

DeepEventMine (single) 64.12 49.19 55.67

DeepEventMine (ensemble) 68.13 50.07 57.72

MLEE MultiRep-CNN (Wang et al., 2017) 60.56 56.23 58.31

PMCNN (Li et al., 2020) 67.23 53.61 59.65

BLSTM (He et al., 2019) — — 59.61

DeepEventMine (single) 67.39 56.35 61.38

DeepEventMine (ensemble) 69.91 55.49 61.87

Notes: The highest scores are shown in bold.

Table 2. Results of nested event categories on the test sets

Nested category SOTA DeepEventMine (ens.)

P R F P R F (%)

CG (versus TEES-CNN)

Regulation 50.52 30.93 38.36 61.13 34.07 43.75

Positive_regulation 61.28 44.24 51.38 66.26 45.72 54.11

Negative_regulation 56.60 45.97 50.73 62.23 44.29 51.75

Total regulation 57.33 41.14 47.90 63.88 42.19 50.82

Planned_process 48.53 34.10 40.05 57.45 42.33 48.75

% nested events 50.76%

EPI (versus TEES-CNN)

Catalysis 46.67 6.14 10.85 81.25 23.68 36.68

% nested events 8.27%

GE11 (versus TEES-CNN)

Regulation 53.47 34.03 41.59 67.69 34.29 45.52

Positive_regulation 63.63 38.67 48.10 69.42 47.68 56.53

Negative_regulation 54.89 43.26 48.38 64.27 46.94 54.25

Total regulation 59.54 39.02 47.14 67.87 45.35 54.37

% nested events 53.83%

GE13 (versus BioMLN)

Regulation — — — 64.04 25.35 36.32

Positive_regulation — — — 62.84 38.76 47.95

Negative_regulation — — — 64.31 44.87 52.86

Total regulation 50.86 36.47 42.48 63.41 38.43 47.85

% nested events 58.89%

ID (versus EventMine)

Regulation 44.00 22.80 30.03 59.65 17.62 27.20

Positive_regulation 63.95 49.23 55.63 64.77 59.49 62.02

Negative_regulation 74.63 55.25 63.49 74.02 51.93 61.04

Total regulation 62.47 42.18 50.36 67.22 42.88 52.36

% nested events 41.50%

PC (versus TEES-CNN)

Regulation 50.48 35.81 41.90 60.33 33.11 42.75

Positive_regulation 56.05 36.86 44.48 66.24 35.88 46.55

Negative_regulation 52.38 43.67 47.63 59.90 44.05 50.76

Total regulation 53.69 38.43 44.80 62.94 37.43 46.95

Activation 75.48 79.76 77.56 81.28 77.33 79.25

Inactivation 51.67 47.69 49.60 52.17 36.92 43.24

% nested events 57.57%

MLEE (versus PMCNN)

Regulation 42.96 27.16 33.28 50.00 25.00 33.33

Positive_regulation 45.92 39.65 42.56 61.33 49.16 54.57

Negative_regulation 51.01 38.49 43.87 57.21 41.83 48.32

Total regulation — — — 57.86 40.53 47.67

Planned_process 44.03 37.36 40.42 50.00 32.14 39.13

% nested events 53.17%

Notes: ens.: ensemble, TOTAL_REGULATION: micro-averaged scores on

the three regulation types. % nested events: the proportion of the events in

total nested categories among the events in a corpus.)

The highest scores are shown in bold.
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We also presented the comparison on nested event categories in
Table 2. In these tasks, nested events belong to one of the following

categories: Regulation, Positive_regulation, Negative_regulation
and Planned_process (for CG and MLEE tasks). As the result shows,
our DeepEventMine model obtains the better performance on

almost all of the nested event categories (except few cases in ID and
MLEE tasks).

5.2 End-to-end extraction performance
We show the performance of our end-to-end extraction system and
compare it with the pipeline system in Table 3. For reference, we
also show the performance of these models given gold entities [We

also tried randomly initialized BERT model in the setting of Table 3
given gold entities, but as expected, the model performed poorly

(with the F1-score of 32.8% in event detection of the CG task) since

the parameters in BERT is too many compared to the size of the
training data.].

As shown in Table 3, our end-to-end model consistently per-
formed better than the pipeline model in event extraction in all of
the tasks. This implies that our end-to-end model can overcome the
drawback of the pipeline training systems, where errors can be cas-
caded through different pipeline modules. With our end-to-end
model, we represent and discover relationships among triggers, roles
and events via shared vector representation and pass the training
loss from event detection back to the role detection and trigger de-
tection, which alleviate the problem of error propagation in pipeline
training.

Although successfully achieving our goal which is event detec-
tion, our end-to-end model performed worse than the pipeline
model on entity, trigger and role detection (except for two cases of
trigger detection in ID and MLEE). To analyze the reason behind

Table 3. Comparison of our model with the pipeline training setting when extracting events from raw text and given gold entities on the de-

velopment sets

Task Model Entity Trigger Role Event

P R F P R F P R F P R F (%)

CG Pipeline (gold) — — — 78.85 82.89 80.82 67.15 66.38 66.76 59.64 53.66 56.49

DeepEventMine (gold) — — — 79.17 82.93 81.01 63.18 66.65 64.87 65.24 55.93 60.23

Pipeline 85.47 84.12 84.79 79.18 81.90 80.52 61.99 60.84 61.41 53.25 47.49 50.20

DeepEventMine 85.57 82.02 83.76 79.54 81.45 80.48 59.72 60.70 60.20 61.23 48.74 54.27

EPI Pipeline (gold) — — — 74.43 83.11 78.53 75.74 65.50 70.25 71.02 55.29 62.18

DeepEventMine (gold) — — — 76.99 82.52 79.66 76.83 67.25 71.72 75.90 56.18 64.56

Pipeline 85.06 84.02 84.54 74.43 83.11 78.53 67.53 61.07 64.14 59.61 49.55 54.12

DeepEventMine 83.84 82.04 82.93 73.52 81.94 77.50 66.46 62.35 64.34 59.69 52.40 55.81

GE11 Pipeline (gold) — — — 71.11 69.97 70.54 69.96 59.63 64.38 67.99 56.37 61.64

DeepEventMine (gold) — — — 71.23 70.31 70.77 63.52 59.09 61.22 70.52 56.52 62.75

Pipeline 88.69 84.64 86.62 73.32 68.72 70.95 66.25 55.52 60.41 60.63 50.25 54.95

DeepEventMine 88.51 84.29 86.35 72.05 68.89 70.43 60.82 57.14 58.92 62.36 51.88 56.64

GE13 Pipeline (gold) — — — 76.59 68.73 72.45 69.45 57.07 62.65 59.37 48.37 53.31

DeepEventMine (gold) — — — 74.29 71.25 72.74 62.50 54.64 58.31 64.50 49.25 55.85

Pipeline 82.36 80.02 81.17 75.21 70.36 72.70 62.51 53.42 57.61 48.39 41.90 44.91

DeepEventMine 81.11 80.74 80.93 74.96 69.42 72.08 58.09 52.04 54.90 49.49 42.88 45.95

ID Pipeline (gold) — — — 71.96 84.06 77.54 52.34 61.68 56.65 52.82 56.39 54.54

DeepEventMine (gold) — — — 74.56 80.24 77.30 52.17 58.88 55.32 59.91 53.94 56.77

Pipeline 81.97 86.24 84.05 71.79 83.36 77.15 48.07 55.66 51.59 47.94 51.72 49.76

DeepEventMine 81.93 85.46 83.66 73.15 82.15 77.39 44.36 48.95 46.54 58.14 44.02 50.10

PC Pipeline (gold) — — — 75.26 80.71 77.89 65.60 65.06 65.33 53.82 52.11 52.95

DeepEventMine (gold) — — — 76.97 77.74 77.35 63.54 62.96 63.25 65.94 49.52 56.57

Pipeline 88.26 89.61 88.93 75.26 80.71 77.89 61.73 61.59 61.66 48.13 47.67 47.90

DeepEventMine 87.80 89.25 88.52 75.73 78.73 77.20 57.77 60.44 59.08 56.90 45.45 50.53

MLEE Pipeline (gold) — — — 80.77 73.93 77.20 62.09 56.22 59.01 55.66 48.60 51.89

DeepEventMine (gold) — — — 79.73 76.39 78.03 56.64 55.92 56.28 63.52 48.26 54.85

Pipeline 82.69 80.78 81.72 81.49 78.43 79.93 56.47 55.32 55.89 50.14 45.79 47.86

DeepEventMine 81.87 81.41 81.64 79.37 78.86 79.12 51.93 56.52 54.13 56.33 47.83 51.73

Notes: gold: given gold entities. The highest scores are shown in bold.

Table 4. Comparison of our model with the TEES-CNN on the CG development set given gold entities

Model Trigger Role Event

P R F P R F P R F (%)

TEES-CNN 76.81 80.87 78.78 65.10 62.83 63.95 59.24 51.81 55.27

Pipeline 78.85 82.89 80.82 67.15 66.38 66.76 59.64 53.66 56.49

DeepEventMine 79.17 82.93 81.01 63.18 66.65 64.87 65.24 55.93 60.23

Note: The highest scores are shown in bold.
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this performance, we additionally calculated the ratio of predicted

entities generated correct events over the total predicted entities. For
instance, in the CG task given gold entities, the ratios are 64.79%

(2501/3860) and 62.13% (2459/3958) for the end-to-end and
pipeline models, respectively. The scores evidently indicate that our
end-to-end model pays more attention on predicting event-related

elements, i.e. entities, rather than the pipeline model. This is accept-
able for event extraction, which is our main aim in this work, but in

practice, we may need to choose the model settings by applications.
We will leave this for future work.

When we compare the performance of our model
(DeepEventMine) with gold entities and one without gold entities,
the performance difference is in the range of 3–10 pp. This perform-

ance gap is relatively small considering the entity detection perform-
ances, i.e. 81–86%. This reveals that our end-to-end model, which
includes its own entity recognizer and does not depend on any exter-

nal entity recognizer, is capable to detect events from raw texts with
a promising result. The gap in GE13 task is higher with 10% when

the entity detection is only 81%.

5.3 Detailed analysis on each layer and nested events
In order to investigate the contribution of each layer to the perform-
ance improvement, we compare our model with the TEES-CNN

model on the CG development set on each layer. The results pre-
sented in Table 4 reveal that our model achieves better performance

than the TEES-CNN model in all trigger, role and event scores.
We also conducted an analysis of our model in extracting nested

events on the CG development set. Nested events cover up to 34%
of the total number of events. Please refer to Supplementary
Appendix SA for the detailed statistics of the nested events. Table 5

demonstrates the performance of TEES-CNN and our model on dif-
ferent nested event levels. Level 0 corresponds to flat event extrac-

tion, while levels 1� 3 show the level of nested event. For flat
events, our model obtained 68.98% in F1-score, which is 5 pp
higher than the TEES-CNN. Although the performance on nested

event extraction is lower than that on flat events, our model still
detected more nested events than TEES-CNN even for the higher
nested levels 2 and 3.

5.4 Error analysis
We conducted error analysis on the event extraction results of our
model and summarized them in Table 6. In particular, we analyze
here six types of errors that can cause incorrect or missing events,
including:

• Missing role: when the model cannot extract an event due to

errors that occur before the event layer.
• Missing trigger: when the model cannot extract an event because

it cannot detect the trigger.
• Incorrect event class: when the textual span of a trigger is cor-

rectly detected but classified to a wrong class.
• Missing entity: similar to ‘missing trigger’, we count the number

of missing events due to undetected entity.
• Missing argument: when an event trigger is correctly detected,

but its arguments are missing.
• Missing nested argument: when the event argument of a nested

event has incorrect core arguments (We refer the readers to

Pyysalo et al. (2015) for the details of core arguments.).

As presented in Table 6, missing events from our prediction were
mainly caused by missing roles between triggers and arguments,
accounted for a total of 89.0%. In detail, around 38.4% (497/1294)
and 50.2% (650/1294) of missing role were due to undetected enti-
ties and triggers in the Entity/Trigger layer, respectively, although
the entity/trigger layer performed remarkably well on entity/trigger
extraction. These numbers are high considering the performance in
Table 3. To overcome this pitfall, we need to consider how to put
more focus on entities and triggers that are related to multiple
events. Furthermore, 3.9% (25/650) of missing triggers were due to
incorrect classification to different event classes, which means we
need to improve the disambiguation performance rather than span
detection performance. When we focus on the cases where the argu-
ments are incorrect or missing while their triggers are correct,
78.7% (107/136) of these cases were caused by incorrect or missing
child events. This result aligns with the performance drop in nested
event detection in Table 5 and there is still room for improvement.
Some examples of events predicted by our model are presented in
Supplementary Appendix SF.

6 Conclusion

We proposed a neural nested event extraction model
DeepEventMine that can predict nested entities and nested events in
an end-to-end manner. On top of the expressive pre-trained model
BERT, our model can simultaneously detect entities/triggers, roles
and events. Experimental results and analysis showed that given
gold entities, the proposed DeepEventMine model consistently
improves the performance in all the sub-tasks and the end-to-end
learning further improves the event detection performance with
slightly degrading entity/trigger and role detection performance. As
a result, our DeepEventMine model has achieved the SOTA per-
formance on the test set portion of the seven biomedical domain
datasets: Cancer Genetics 2013, Epigenetics and Post-translational
Modifications 2011, GENIA 2011, GENIA 2013, Infectious
Diseases 2011, Pathway Curation 2013 and MLEE. For future
work, we aim at generalizing and applying the model to other NLP
tasks to evaluate the ability of our model to represent and extract
any hyper-graphs from text.
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Table 6. Analysis of missing events on the CG development set

Error Type #events %

Missing role 1294 89.0

Missing trigger 650 44.7

Incorrect event class 25 1.7

Missing entity 497 34.2

Missing argument 136 9.4

Missing event argument 107 7.4

Total 1454 100

Table 5. Results on different nested event levels on the CG develop-

ment set

Nested level TEES-CNN DeepEventMine (gold)

P R F P R F (%)

Flat þ nested events 60.42 53.45 56.72 66.22 57.19 61.37

Total flat 64.99 62.99 63.98 71.19 66.91 68.98

Total nested 48.82 35.23 40.93 53.90 38.62 45.00

Level 1 51.81 38.62 44.25 54.49 42.02 47.45

Level 2 26.93 16.78 21.43 46.67 19.58 27.59

Level 3 0.00 0.00 0.00 100.00 16.67 28.57

% nested events 34.37%

Note: The highest scores are shown in bold.
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