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Xiaochu Li

ABSTRACT

Biomedical entity linking and event extraction are two crucial tasks to support text un-

derstanding and retrieval in the biomedical domain. These two tasks intrinsically benefit

each other: entity linking disambiguates the biomedical concepts by referring to external

knowledge bases and the domain knowledge further provides additional clues to understand

and extract the biological processes, while event extraction identifies a key trigger and enti-

ties involved to describe each biological process which also captures the structural context

to better disambiguate the biomedical entities. However, previous research typically solves

these two tasks separately or in a pipeline, leading to error propagation. What’s more, it’s

even more challenging to solve these two tasks together as there is no existing dataset that

contains annotations for both tasks. To solve these challenges, we propose joint biomedical

entity linking and event extraction by regarding the event structures and entity references

in knowledge bases as latent variables and updating the two task-specific models in an iter-

ative training framework: (1) predicting the missing variables for each partially annotated

dataset based on the current two task-specific models, and (2) updating the parameters of

each model on the corresponding pseudo completed dataset. Experimental results on two

benchmark datasets: Genia 2011 for event extraction and BC4GO for entity linking, show

that our joint framework significantly improves the model for each individual task and out-

performs the strong baselines for both tasks. We will make the code and model checkpoints

publicly available once the paper is accepted.
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GENERAL AUDIENCE ABSTRACT

Biomedical entity linking and event extraction are essential tasks in understanding and re-

trieving information from biomedical texts. These tasks mutually benefit each other, as en-

tity linking helps disambiguate biomedical concepts by leveraging external knowledge bases,

while domain knowledge provides valuable insights for understanding and extracting biologi-

cal processes. Event extraction, on the other hand, identifies triggers and entities involved in

describing biological processes, capturing their contextual relationships for improved entity

disambiguation. However, existing approaches often address these tasks separately or in a

sequential manner, leading to error propagation. Furthermore, the joint solution becomes

even more challenging due to the lack of datasets with annotations for both tasks.

To overcome these challenges, we propose a novel approach for jointly performing biomedical

entity linking and event extraction. Our method treats the event structures and entity ref-

erences in knowledge bases as latent variables and employs an iterative training framework.

This framework involves predicting missing variables in partially annotated datasets based

on the current task-specific models and updating the model parameters using the completed

datasets. Experimental results on benchmark datasets, namely Genia 2011 for event extrac-

tion and BC4GO for entity linking, demonstrate the effectiveness of our joint framework.

It significantly improves the performance of each individual task and outperforms strong

baselines for both tasks.
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Chapter 1

Introduction

1.1 Motivation

In today’s society, we are living in an era that is occupied by an abundance of information.

There are numerous sources that generate a constant influx of text data, including social

networks, blogs, online news, search engines and etc. As a result, there has been a significant

surge in research aimed at utilizing this immense and diverse collection of data to facilitate

decision-making processes by disambiguating entities and detecting events. Furthermore,

recent advancements in large-scale data processing technologies, encompassing both compu-

tational power and algorithms, have opened up innovative ways to leverage the vast amount

of data. However, in order to employ the data for downstream applications, it is essential to

convert the unstructured text into a structured format. This can be facilitated by utilizing

natural language processing (NLP) technology, which automatically identifies instances of

user-specified entities, relations, and events from unstructured text.

Biomedical NLP is a rapidly growing field that aims to extract relevant information from

biomedical texts, such as scientific articles, electronic health records, and drug databases

[1, 2, 3, 4]. The ability to accurately and efficiently identify entities and events in biomed-

ical texts has numerous applications, such as biomedical research, drug discovery, clinical

decision-making, and disease diagnosis [1, 2, 3, 4].

1



2 CHAPTER 1. INTRODUCTION

The field of biomedical research aims to discover new knowledge that can be applied to

clinical uses such as disease diagnosis, prevention, and treatment. Traditionally, research has

focused on studying individual biomedical entities, such as diseases, drugs, genes, proteins,

and pathways. However, with the shift towards studying entire biological systems, the

entity’s functions, entity’s roles, and relations between entities become even more important.

For instance, systems biology explores the interplay among these entities and investigates

their influence on the overall functionality and behavior of the system as a whole [5, 6,

7]. In biomedical networks, such as metabolic networks, networks regulating gene activity,

and networks representing interactions between proteins, their interacting relationships are

represented by genes, proteins, small molecules, and other entities [8, 9, 10]. Through

computational analysis, valuable insights can be extracted from the information encapsulated

within these networks, unveiling novel relationships, formulating hypotheses that can be

empirically tested, and offering fresh perspectives on biological systems [8, 9, 10]. Network-

based studies are also increasingly important in drug discovery, enabling researchers to better

understand the relationships between drug-drug interaction and disease-associated genes

[11, 12, 13].

The achievements of system biology, network biology, and drug discovery in the field of

biomedicine heavily rely on the accessibility of precise, inclusive, and machine-interpretable

information. Therefore, the acquisition and integration of knowledge have emerged as critical

aspects of biomedical research. The number of biomedical research publications and the

corresponding knowledge base have been experiencing exponential growth. To illustrate, the

PubMed database currently encompasses over 35 million records and abstracts of biomedical

literature [14]. Scientific literature plays a pivotal role as a fundamental knowledge source

for biomedical research and drug discovery. However, with the rapid expansion of published

biomedical scientific work and research, there is a growing concern that significant knowledge
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and terms linking various biomedical entities may be inadvertently overlooked.

Keyword-based information retrieval methods are employed by popular search engines, such

as Google and PubMed, which return all the papers and works that contain the searched

words instead of comprehending the connections between concepts. This results in users

being inundated with information that is often extraneous to their query, leading to time

and energy being expended on filtering out irrelevant content. Furthermore, keyword-based

search engines are incapable of providing responses to straightforward biomedical inquiries,

such as: ”what’s the function of PLK1 (Polo-like Kinase 1) gene on cell cycle [15], what’s

the effect of drug STLC (S-trityl-L-cysteine) on mitosis in RPE1 cell [16].” To respond to

such queries, it is necessary to extract machine-understandable knowledge from the literature

[17, 18].

The acquisition of structured knowledge from literature necessitates the adoption of inno-

vative methodologies. Biocuration is the process of converting information embedded in

natural language within scientific reports into machine-understandable knowledge, a cru-

cial undertaking in biological discovery and biomedical research. This task entails extensive

manual curation efforts, where human curators diligently extract knowledge from the vast

expanse of literature. One example is the Online Mendelian Inheritance in Man (OMIM),

which is a knowledge base of gene-disease associations, containing information on approx-

imately 16,000 genes and diseases [19, 20]. Nevertheless, the constantly evolving nature

of biomedical research and the extensive reservoir of existing knowledge pose challenges to

achieving complete knowledge bases. While the Unified Medical Language System (UMLS)

serves as a prominent manually curated biomedical terminology source, its coverage remains

fragmented [21]. Despite involving a large number of curators, each curation project has

limited coverage and may not be up-to-date. The manual extraction of biomedical informa-

tion from literature and converting it into machine-readable knowledge is challenging due to
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the vast and complex nature of biomedical terminologies and knowledge [22, 23]. Further-

more, human curators are prone to errors and subjective bias [24, 25]. As a result, manually

curated terminology and knowledge bases are considered incomplete.

Among the many tasks in biomedical NLP, entity linking and event extraction are partic-

ularly important as they are essential to aid domain experts in retrieving and organizing

critical information related to gene functions, bio-molecule relations, and bio-molecule be-

haviors from the vast amount of unstructured texts [26, 27, 28]. Entity linking (EL) is

considered to be the primary and vital step in the process of extracting structured infor-

mation from unstructured text. Biomedical entity linking aims to automate this process by

mapping biomedical mentions, such as diseases and drugs, to standardized medical entities

in a knowledge base such as UMLS [29]. Event Extraction (EE) is a task that aims at ex-

tracting relational knowledge about given entity mentions occurring in an unstructured text.

Informally, a biomedical event can be described as a structured representation of a biomed-

ical process or occurrence that involves biomedical entities, such as proteins and genes [30].

In addition to identifying the interacting biomedical mentions, events seek to characterize

the specific types of interactions taking place and the roles played by each mention in those

interactions.

In this thesis, we focus on the problem of both biomedical entity linking and event extrac-

tion and propose an iterative training method to improve their performances. We first begin

by providing an overview of biomedical entity linking and event extraction. Following this,

we will outline the limitations and deficiencies of current state-of-the-art systems for ev-

ery single task. Moving forward, we will propose a framework to iteratively improve both

biomedical entity linking and event extraction, where each task-specific model incorporates

the additional knowledge.
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The CSC-1, which associates with ICP-1, directly binds to the BIR-1.

GO:0001817
Process that modulates the

frequencey, rate, or extent of
production of a cytokine

Protein

Theme
Cause

Site

Regulation Protein

Theme

Binding Protein

GO:0043237
Binding to
laminin-1

Event Extraction

Entity Linking

GO:1990525
Binding to a
BIR domain

Gene Ontology

Figure 1.1: Illustration of biomedical entity linking (lower half) and event extraction (upper
half) tasks given the same input. Below the input text, we show the definitions of each entity
retrieved from Gene Ontology (GO) after running our entity linking model. We show the
event types (in rounded boxes), entity types (without rounded boxes), and argument roles
above the text. We highlight the event Regulation and its mention in blue, and the event
Binding and its mention in orange. We also highlight the keywords in GO that are closely
related to event extraction in corresponding colors.

1.2 Biomedical Entity Linking Overview

Biomedical entity linking (a.k.a. named-entity disambiguation) [31, 32, 33] aims to assign

an entity mention in the text, such as genes, proteins, diseases and drugs, with a biomedical

concept or term in reference biomedical knowledge bases, like Gene Ontology (GO) [34, 35],

Unified Medical Language System (UMLS) [36], Universal Protein Resource (UniProt) [37],

and the EMBL nucleotide sequence database [38]. However, this task poses a particular

challenge as the same biomedical entity can have various names, including synonyms, mor-

phological variations, and words with different orderings [39, 40]. Figure 1.1 (lower half)

shows an example of biomedical entity linking, proteins in the given text can be linked to the
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Gene Ontology (GO) knowledge base with a specific GO term which will provide biomed-

ical definitions/functions to the linked entities. Accurate entity linking is crucial in the

healthcare and biomedical research field to understand the biomedical context, as different

biomedical concepts can be mentioned in similar ways. Failure to resolve these conflicts

can result in a wrong perception of the entire context, leading to higher risks in biomedical

decision-making. In addition, other applications that require automatic text indexing, such

as medical information retrieval, predictive analysis, and question answering, can benefit

from biomedical entity linking. Despite the potential benefits, entity linking in biomedical

literature poses several challenges, such as misleading mentions, similar candidate entities,

longer mentions and context, and domain-specific terms and abbreviations.

1.3 Biomedical Event Extraction Overview

Biomedical event extraction is the task of extracting relation knowledge given entity mentions

in an unstructured text. Biomedical events are formal descriptions of biomedical processes

or occurrences involving entities such as proteins. Events not only identify which biomedical

mentions are interacting but also describe the type of interactions that occur and the role

each mention plays [30]. This allows events to capture detailed descriptions of processes

from complex biomedical statements found in scientific literature. Unlike entity linking,

event extraction is semantically rich, The representation of the event is established based on

event triggers in Figure 1.1. These triggers are tokens which are usually verbs or nominalized

verbs that show the occurrence of a biomedical process of a particular type. Furthermore,

events have numerous arguments, which are entities or other event triggers that take part in

the events with a semantic function. For instance, figure 1.1 (top half) shows an example

of biomedical event. Biomedical Event Extraction has numerous applications in biomedical
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research, including drug discovery, systems biology, and personalized medicine. However,

the complexity and diversity of biomedical knowledge make it challenging to extract relevant

information accurately and efficiently.

1.4 Iterative Collaborative Training on Biomedical En-

tity Linking and Event Extraction

Despite the recent progress achieved in biomedical entity linking and event extraction, there

are still several problems that remained unaddressed. In biomedical entity linking, the

entity mentions can be highly ambiguous as one mention can be mapped to multiple distinct

biomedical concepts, requiring the model to have a good understanding of the context of the

mention. For example, CSC-1 in Figure 1.1 can refer to a centromeric protein or a DNA

[41].

Meanwhile, biomedical events usually have complex and nested structures and sufficient

domain knowledge is required to capture biological processes and their participants. While

each task has its own challenges, we find that these two tasks can be beneficial to each

other: entity linking maps the mentions in the text to biomedical concepts in external

knowledge bases and provides additional domain knowledge and semantic information (e.g.,

the definitions in Gene Ontology) for extracting biological processes, while event extraction

identifies the key trigger and its associated arguments that can provide more structural

context to narrow down the pool of candidates and better link the entities to the biomedical

concepts in knowledge bases. As shown in Figure 1.1, the GO definition of the protein CSC-1

clearly indicates the function of this protein is related to the biological process binding, which

can help the event extraction model to infer the relationship between CSC-1 and the binding
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event. On the other hand, given that CSC-1 is a Theme of binding, the entity linking can

leverage such structural and precise context to better disambiguate the biological concept

CSC-1.

Iterative training is an iterative process that involves training a machine learning algorithm

on a subset of data and then using the trained model to make predictions on the remaining

data. The predictions are then added to the training data, and the model is retrained on

the expanded dataset. This process continues until the model reaches convergence, meaning

that the predictions are no longer changing significantly.

Collaborative training, on the other hand, is a training approach that involves training a

model on a combaination of labeled data and external knowledge sources, such as ontologies,

knowledge graphs or other structured data. The model is trained on a specific dataset and

learns to extract information based on the features present in that dataset. However, the

model may not be able to capture all the nuances of the domain due to limited training data

or other factors. Collaborative training can help to overcome this limitation by incorporating

external knowledge sources or other models to provide additional information or insights.

For example, in biomedical event extraction, the model can be trained on a dataset of

annotated sentences, but may struggle to identify rare events or those that occur in unusual

contexts. Collaborative training can help to address these issues by incorporating external

knowledge sources such as ontologies, databases [42, 43, 44, 45], or other models trained on

different datasets [46, 47]. The external sources can provide additional information about

event types, entity relationships, or other relevant features that can improve the performance

of the model.

Overall, iterative collaborative training can be a powerful technique in biomedical NLP that

can be used to extract meaningful information from large amounts of unstructured text

data. This technique has the potential to improve patient outcomes, leads to new scientific
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discoveries, and advances our understanding of biomedical information.

1.5 Goals and contributions

While biomedical entity linking and event extraction intrinsically benefit each other, most

existing works in biomedical information extraction ignore the close relationship between the

two tasks and tackle them separately or in a pipeline, leading to the error propagation issue.

Besides, there is no existing dataset that contains annotations for both tasks. For example,

the BC4GO dataset [35] only contains the annotations for entity linking, whereas the Genia

11 dataset [48] only has the annotations for event extraction. This makes it even more

difficult to solve these two tasks together.

To address these challenges, we propose an iterative collaborative biomedical entity linking

and event extraction framework, where each task-specific model incorporates the additional

knowledge, i.e., the output from another model, to better perform task-specific prediction.

To iteratively improve the models specific to each task, we model the entity references in

knowledge bases and event structures as latent variables and devise a collaborative training

strategy that consists of two steps: (1) Exstimation step estimating the missing variables

for each partially annotated dataset (e.g., event triggers and their argument roles in the

entity linking dataset) using the current two task-specific models, and; (2) Updation step

updating the parameters of each model on the corresponding dataset that has been aug-

mented by the pseudo labels in the complementary task. These two steps are iteratively

repeated until convergence, i.e., no further improvement in performance on the development

set.

We extensively evaluate our approach on a biomedical entity linking dataset (i.e., BC4GO),
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and an event extraction dataset (i.e., Genia 11). The experimental results and case study val-

idate the effectiveness of our approach. Our main contributions in this work are summarized

as follows:

• We propose an iterative biomedical entity linking and event extraction framework,

namely JOINT4E-EL and JOINT4E-EE, where the two models can mutually improve each

other.

• We design a collaborative training strategy to iteratively optimize two task-specific

models such that each model can learn to leverage the information introduced by the

other.

• Our joint framework significantly boosts the performance of the model for each indi-

vidual task and outperforms previous strong baselines on both tasks.



Chapter 2

Related work

2.1 Related works in biomedical entity linking

Biomedical Entity Linking. Most recent state-of-the-art methods for biomedical entity

linking are based on pre-trained BERT and consist of two steps: (1) candidate retrieval,

which retrieves a small set of candidate references from a particular knowledge base; and (2)

mention disambiguation and candidate ranking, which resolves the ambiguity of the mention

based on the local context and refines the likelihood of each candidate reference with the

fine-grained matching between mention and candidate [33, 49, 50]. These methods are not

efficient enough as it requires two pipelined models (a retrieval and a ranking model) and have

shown to not be able to generalize well on rare entities [33, 49]. Some recent studies have

demonstrated that incorporating external information from biomedical knowledge bases,

such as the latent type or semantic type information about mentions [31, 51], or infusing

the domain-specific knowledge into the encoders with knowledge-aware pre-training tasks

and objectives [52] can help improve the model performance on biomedical entity linking

task [50]. While these studies mainly leverage the knowledge from external knowledge bases

to improve biomedical entity linking, related tasks such as biomedical event extraction can

also provide meaningful clues to disambiguate the meaning of the mentions in the local

context, however, it has not been previously studied, especially in the biomedical domain.

11
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2.2 Related work in biomedical event extraction

Biomedical Event Extraction Current approaches for biomedical event extraction mainly

focus on extracting triggers and arguments in a pipeline [53, 54, 55, 56, 57]. Some studies

also explore state-of-the-art neural methods with multiple classification layers to identify

triggers, event types, arguments, and argument roles, respectively [42, 43, 53, 55]. Recently,

[56] propose a sequence labeling framework by converting the extraction of event structures

into a sequence labeling task by taking advantage of a multi-label aware encoding strategy.

In addition, to improve the generalizability of event extraction, [57] establish a multi-turn

question answering framework for event extraction by iteratively predicting answers for the

template-based questions designed for event triggers, event arguments, and nested events.

Several recent studies have also proposed to leverage external knowledge bases to disam-

biguate the biomedical terms in the local context and incorporate the knowledge, such as

the definition or properties of the terms, into the event extraction process. Despite the suc-

cess of these methods, they still suffer from error propagation in the pipeline frameworks,

e.g., linking errors of biomedical terms in the local context will inform incorrect clues to the

event extraction model and lead to a negative effect on the event predictions. Compared

with all these studies, our JOINT4E-EE framework iteratively improves both biomedical entity

linking and event extraction by leveraging the outputs from each other as additional input

features.
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Iterative Biomedical event extraction

and entity linking

3.1 Problem formulation

Biomedical Entity Linking. Given a text xL = [xL
1 , x

L
2 , ..., x

L
n ] and a set of spans for all

the entity mentions M = {m1,m2, ...,mp} in xL, where n indicates the number of tokens

and p indicates the number of mentions, biomedical entity linking maps each entity mention

mi to a particular entity concept ĉi from a biomedical knowledge base. Taking the sentence

in Figure 1.1 as an example, for each entity mention, such as CSC-1, a biomedical entity

linking model will link it to a reference entity such as GO:0043237 in the external knowledge

base of Gene Ontology. Each entity in the knowledge base is represented with a unique GO

ID and definition which is annotated by experts and Gene Ontology annotation tools[58, 59].

Biomedical Event Extraction. Biomedical event extraction consists of two subtasks:

event detection and argument extraction. Given the input text xE = [xE
1 , x

E
2 , ..., x

E
n ], the

goal of event detection is to assign each token xE
i in xE with an event type τi that indicates a

biological process in a predefined set of event types T or label it as Other if the token is not

an event trigger. For each identified event trigger, argument extraction needs to assign each

entity mention mi in M with an argument role αj or Other that indicates how the entity

13
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participates in the biological process τi, where αj belongs to a predefined set of argument

role types A. A mention is labeled as Other if it does not participate in the particular

biological processes triggered by τi. As shown in Figure 1.1, given the sentence as input,

biomedical event extraction aims to detect all the candidate triggers and their types, such

as associates as a Regulation event mention and binds as a Binding event mention, and

extract the arguments with arguments roles for each trigger, e.g., ICP-1 is the Theme of the

associates event while BIR-1 is the Site of the binds event. Note that, each event mention

can also be an argument in another event, for example, associates event is the Cause of the

binds event. Thus, given a particular event trigger, we also predict an argument role αj or

Other for each of the other triggers.

3.2 Approach

In this section, we present our joint event extraction and entity linking framework that

consists of (1) an entity-aware event extraction module, named JOINT4E-EE, that leverages

the additional knowledge from knowledge bases, such as GO, UMLS, UniProt, and the

EMBL nucleotide sequence database [34, 35, 36, 37, 38], to disambiguate the meaning of

the biological terms in the input sentence so as to benefit the learning of the context and

event extraction structures; and (2) an event-aware entity linking module, named JOINT4E-

EL, which utilizes event structures to characterize the biological processes that each entity

mention is involved and disambiguate its meaningful, so that we can better link each entity

mention to the correct reference entity in the knowledge base. Since both JOINT4E-EL and

JOINT4E-EE requires the output from the other task as additional input while there is no

existing benchmark dataset containing annotations for both tasks, we further design a joint

training framework to iteratively estimate the missing variables (i.e., event structures or
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Figure 3.1: Illustration for our JOINT4E-EE for biomedical event extraction. JOINT4E-EE
leverages the encoded GO definitions for each entity from the entity linking model JOINT4E-
EL such that it has more domain knowledge to extract biological processes such as Gene
Expression and its participant Id1.

entity references from external knowledge base) and optimize both JOINT4E-EL and JOINT4E-

EE simultaneously. In the following, we first introduce the details of JOINT4E-EL and JOINT4E-

EE in Section 3.2.2 and 3.2.1, and then elaborate on how we iteratively improve both task-

specific models via an iterative learning schema in Section 3.2.3.

3.2.1 Entity-aware biomedical event extraction

Base Event Extraction Model. The base event extraction model takes a text xE =

[xE
1 , x

E
2 , ..., x

E
n ] and the set of all entity mentionsM in xE as inputs. We first encode xE with

a PLM encoder [60, 61] to obtain the contextualized representations Hw = [h1,h2, ...,hn] for

the text, where each token’s representation hj is the average of the representations of their
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corresponding subtokens. For each token j, we feed its representation hj into an event-type

classification layer to classify the token into a positive event type or Other if it is not an

event trigger. Note that all event triggers are single-token.

For argument extraction, we concatenate the contextualized representation of each identified

event trigger hτj with the representation of each argument candidate (i.e., entity mention)

hmi
in M and feed the concatenated representations into an argument role classification

layer to compute the probabilities for argument role types.

Both event detection and argument role classification are optimized with multi-class cross

entropy.

JOINT4E-EE. For event extraction, we propose JOINT4E-EE, a dual encoder framework that

incorporates the external domain knowledge of the given entities by the base entity linking

model such that it can better extract biological processes from unstructured texts. Given

the input text xE and an entity mention mi from the set of all entity mentionsM, first we

leverage the search engine of the QuickGO API1 for GO knowledge base to retrieve a set

of candidate biomedical concepts Ci from the GO knowledge base. We type in the tokens

of the entity mention to the search engine and the QuickGO API returns the set of all

possible candidates. If there are more than 30 candidates returned, we only take the first 30

candidates returned by the QuickGO API. For the rest of the section, we use the term retrieve

candidate concepts to refer to the same process mentioned above. Table 3.2 shows the fraction

of mentions that can be found with at least one positive candidate. When we take more than

30 candidates, the fraction doesn’t increase. Second, we apply the base entity linking model

to select a biomedical concept from the candidate set of concepts Ci retrieved from the GO

knowledge base. Third, we obtain the definition of the corresponding biomedical concept

from GO and use it as part of the input for JOINT4E-EE. In particular, we apply an additional

1https://www.ebi.ac.uk/QuickGO/
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PLM-based knowledge encoder that specifically takes in the selected biomedical definition

di = [di,1, di,2, ...di,q] for mi and encodes it into contextualized representations. We take the

contextualized representation of the [CLS] token as the knowledge encoding for mi, denoted

as vi. We adopt the same process for all the entities in M, which yields a set of knowledge

encodings V = {v1,v2, ...,vp}. Meanwhile, similarly to the base event extraction model,

we also encode the input text xE into contextualized representations Hw = [h1,h2, ...,hn]

with a text encoder. Forth, we integrate the external knowledge by applying element-wise

addition between the contextualized representation of each mention mi and its corresponding

knowledge encoding vi such that we obtain a knowledge-enhanced entity representation via

h̃mi
= hmi

+ vi. Finally, we concatenate the representation of each identified event trigger

hτj with the enhanced entity representation h̃mi
and feed it into the classification layer to

perform argument extraction.

3.2.2 Event-aware biomedical entity linking

Base Entity Linking Model. The base entity linking model (Base-EL) takes in xL =

[xL
1 , x

L
2 , ..., x

L
n ] and the set of spans for all entity mentions M = {m1,m2, ...,mp} in xL, and

maps each entity mention mi ∈ M to a concept in the external knowledge base, i.e., Gene

Ontology (GO). We retrieve a set of candidate concepts Ci from GO for entity mention mi.

For each candidate ck from the candidate set Ci, we obtain its definition in GO which is

also a text sequence, denoted as dk = [dk,1, dk,2, ...dk,q]. We append the definition dk at the

end of xL separated by a special token [SEP], which yields the whole input sequence for the

model:

[CLS][xL
1 , x

L
2 , ..., x

L
n ][SEP][dk,1, dk,2, ...dk,q]. (3.1)
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We encode the entire sequence with a pretrained language model (PLM) encoder [60, 61]

and then take the contextualized representation of the [CLS] token output from the encoder

to compute the probability P(ck|mi,xL,dk; θL) with a binary classification layer, where θL

denotes the parameters of the entity linking model. The model is optimized by the binary

cross entropy loss.

JOINT4E-EL We introduce JOINT4E-EL, a framework that utilizes the output of a base event

extraction model (see Section 4.1 for details) for biomedical entity linking. JOINT4E-EL

consists of a PLM encoder [60, 61] that computes the contextualized representations for

the input sequence and a binary classification layer that computes the probability of the

mapping between a given entity mention mi in the input text and a biomedical concept

from a candidate set Ci in the knowledge base. Based on the base entity linking model, we

incorporate the event information into the entity linking model to provide more structural

context for better entity disambiguation.

Specifically, given the input text xL, first, we apply the base event extraction model to

obtain the pseudo trigger and argument role labels. Second, we take one entity mention mi

and retrieve candidate concepts Ci for mi. Third, we inject event information into the input

sequence xL of the entity linking model. Each entity only participates in a single event τi

with a unique argument role αi (if any). We insert the name of the argument role αi after

the tokens of mi in the original text xL and append the name of the event type τi at the end

of the sentence xL. Note that we set the name of the argument role as ”Other” if the entity

does not participate in any biological process. Similarly to the base entity linking model, we

also append the definition dk w.r.t. the candidate concept ck after the original input. The

event-enhanced input sequence for our JOINT4E-EL model is structured as:

[CLS][xL
1 , x

L
2 , ...,mi, αi, ..., x

L
n , τi][SEP][dk,1, dk,2, ...dk,q]. (3.2)
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The CSC-1, which associates with ICP-1, directly binds to the BIR-1.

𝜏!:	Binding
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Output Probability: 0.9

[CLS] The CSC-1, which associates with ICP-1, directly binds Binding
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Figure 3.2: Illustration of our JOINT4E-EL for biomedical entity linking. Given an entity
mention (e.g., BIR-1), JOINT4E-EL combines the original text, mention definition from Gene
Ontology, and the predicted event structure from JOINT4E-EE as the event-enhanced input
and outputs a probability to indicate its confidence on the candidate concept, e.g., c1. We
select the candidate with the highest probability as the predicted concept.

Forth, We encode the input sequence with the PLM encoder and feed the contextualized

representation of the [CLS] token into the binary classification layer.

3.2.3 Iterative collaborative training

In this section, we formulate our iterative collaborative training algorithm which is shown

in Algorithm 1. For the event extraction task, we denote a training instance as (xE
i ,yE

i ),

where xE
i is a sentence and yE

i is the event annotation on xE
i , in the event extraction dataset

DE. We denote ZL
all as the finite set of all possible entity linking labels on the text xE

i . We

further define ZL = {zL ∈ ZL
all : fθE(xE

i , zL) = yE
i } as the set of entity linking labels that
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leads to the correct event extraction prediction on the sentence xE
i , where fθE is the event

extraction model and θE denotes its parameters. In our setting, the (pseudo) entity linking

labels become discrete latent variables for the event extraction task.

For the entity linking task, given an instance (xL
i ,yL

i ) where xL
i is a sentence and yL

i is the

entity linking annotation on xL
i , in the entity linking dataset DL, we denote ZE

all as the finite

set of all possible event extraction labels on the text xL
i . We further define ZE = {zE ∈

ZE
all : fθL(xL

i , zE) = yL
i } as the set of event extraction labels that leads to the correct entity

linking predictions on the sentence xL
i , where fθL is the entity linking model and θL denotes

its parameters. In the above setting, the (pseudo) event extraction labels become discrete

latent variables for the entity linking task.

Given a dataset DL with entity linking annotations and a dataset DE with event extraction

annotations, we first perform the following prerequisite steps: First, We prepare the can-

didate biomedical concepts for both entity linking dataset DL and event extraction dataset

DE. Second, we randomly initialize the parameter θL for JOINT4E-EE and the parameter

θE for JOINT4E-EL. To first obtain a well-initialized base model for each task, we individ-

ually train JOINT4E-EL on the labeled entity linking dataset DL and train JOINT4E-EE on

the labeled entity linking dataset DL until the model converges on the development sets,

respectively. After we obtain a base model individually trained on each task, we start our

iterative training process that repeatedly performs the following two collaborative training

steps: (1) the Estimation step that aims to estimate the latent variables (i.e., predict pseudo

labels) for each partially annotated dataset, and; (2) Updation step where it updates the

parameters of each model given the original inputs and the estimated latent variables.

Estimation Step. At the beginning of each round of the iterative training, we first initialize

two empty sets UL = {} and UE = {} for collecting pseudo labeled instances. We run the

entity linking model JOINT4E-EL on the event extraction dataset DE to generate pseudo
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entity linking annotations. Specifically, for each instance in the event extraction dataset

(xE
i ,yE

i ) ∈ DE, we run the JOINT4E-EL model and predict the pseudo entity linking labels

ZL. For the event extraction task, we take the latent variable z̃L
i ∈ ZL that has the

highest likelihood, i.e., z̃L
i = argmaxzL

j ∈ZLP(zLj |xE
i ; θL). The estimated latent variable z̃L

i

together with xE
i and yE

i form a new instance and is added into UE. We also run the

event extraction model JOINT4E-EE on the entity linking dataset DE to generate pseudo

event extraction annotations. Specifically, for each instance in the entity linking dataset

(xL
i ,yL

i ) ∈ DL, we run the JOINT4E-EE model and predict the pseudo event labels ZE. For

the event extraction task, we take the latent variable z̃E
i ∈ ZE that has the highest likelihood,

i.e., z̃E
i = argmaxzE

j ∈ZEP(zEj |xE
i ; θE). The estimated latent variable z̃E

i together with xL
i and

yL
i form a new instance and is added into UL.

Updation Step. For the event extraction task, we loop through the examples (xE
i ,yE

i , z̃L
i )

in the newly collected UE event extraction dataset enhanced with pseudo entity linking anno-

tations. The JOINT4E-EE model fE
θ optimizes the log-likelihood of the true event extraction

label yE
i based on the discrete latent variable z̃L

i , i.e., the entity linking pseudo label. The

loss is computed as JE(θE|xE
i , z̃L

i ) = − logP(yE
i |xE

i , z̃L
i ; θE). For the entity linking task, we

loop through the examples (xL
i ,yL

i , z̃E
i ) in the newly collected UL entity linking dataset en-

hanced with pseudo-event extraction annotations. The JOINT4E-EL model fL
θ optimizes the

log-likelihood of the true entity linking label yL
i based on the discrete latent variable z̃E

i , i.e.,

the event pseudo label. The loss is computed as JL(θL|xL
i , z̃E

i ) = − logP(yL
i |xL

i , z̃E
i ; θL).
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3.3 Experimental setup

3.3.1 Datasets

Event Extraction

We evaluate the performance of our approach for biomedical event extraction on the Genia

2011 dataset (GE11) [48], which defines 9 event types with 6 argument roles. The text is

based on the abstracts and full articles from PubMed about biological processes related to

proteins and genes. The detailed statistics of GE11 are summarized in Table 3.1. Following

previous studies [43, 55, 56, 57, 62, 63], we evaluate the performance of biomedical event

extraction using the precision (P), recall (R), and F1 score (F1). The best model is always

validated and selected from the development set and directly evaluated on the test set.

Entity Linking

For the entity linking task, we leverage the BioCreative IV GO (BC4GO) dataset [35] which

contains annotations of Gene Ontology entities for all the entity mentions in the dataset,

i.e., each entity mention in BC4GO is mapped to a unique biomedical entity in the Gene

Ontology knowledge base where each entity is described with GO id, name, and definition.

However, the original BC4GO dataset was built in 2013. With the development of Vivo and

Vitro in biomedical science in the last decades, new definitions and ontologies of biomedical

concepts have been introduced into the Gene Ontology knowledge base, which drastically

changes the topology of the knowledge base [64, 65] and makes the mappings between the

entity mentions and their concepts in the original BC4GO outdated. In addition, previous

studies [59] also suggest that the mappings between entity mentions and entities in the Gene

Ontology knowledge base are not surjective, i.e., each entity mention can be mapped into
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multiple entities. Thus, we propose to update the mappings between entity mentions in

BC4GO and entities in Gene Ontology by leveraging the official API 2 of Gene Ontology.

Specifically,

Gene Ontology consists of three directed acyclic graphs (DAG) and there is no connected

component between them. All the nodes in the three DAGs are biomedical concepts and

each DAG has a hierarchical structure called an ancestor chart. The biomedical concepts at

the upper level of an ancestor chart have broader meanings compared with the biomedical

concepts at the lower level. The three nodes at the top of the three ancestor charts in Gene

Ontology are: Cellular Component, Molecular Function, and Biological Process, which are

the broadest concepts in biomedical science and any biomedical concept is contained in one

of them. We refer to the three topmost nodes in the three ancestor charts as root nodes in

the rest of the section. For each node in an ancestor chart, the nodes above it are broader

concepts while the nodes below it are finer concepts, and there is no edge between the nodes

from the same level.

For each entity mention mi from a sentence w of the BC4GO dataset, we denote the anno-

tated target entity from Gene Ontology for mi in the original BC4GO dataset as cgoldi . We

also take mi as a query to the search engine via the API of Gene Ontology and obtain a set

of candidate entities Ci = {ci1, ci2, ..., cij}. Then, for each cij ∈ Ci, we find a path between cij

and the root node of a particular ancestor chart, denoted as pij. Following a similar process,

we also find the path pgold between the gold target entity cgoldi and a root node. Based on

these paths, we design the following four strategies to determine a new set of gold entities

from Ci for each mention mi as the reference in Gene Ontology:

• If a candidate entity cij ∈ Ci for the mention mi is the same as the ground-truth

2https://www.ebi.ac.uk/QuickGO/

https://www.ebi.ac.uk/QuickGO/
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concept cgoldi in the original BC4GO dataset, we add cij to the gold target entity set.

• If a candidate entity cij ∈ Ci for the mention mi is on the path pgold, we add cij to the

gold target entity set.

• If the gold target entity cgoldi annotated in the original BC4GO dataset is on the path

pij for a candidate entity cij, we add cij to the gold target entity set.

• If the path pij for a particular candidate entity cij have more than 4 overlapped nodes

with the path pgold for the original gold entity, we add cij to the gold target entity set.

In order to enhance the robustness of the new mapping method for GO terms, we increase

the potential candidate number to let mentions have at least one positive GO term as

much as possible (Table 3.2). After setting 30 potential candidates, the expanded BC4GO

dataset contains 29,037 mention-candidate pairs in the training set (9,027 positive and 20,010

negative pairs), 7,023 pairs in the dev set (2,352 positive and 4,671 negative pairs), and 5,580

pairs in the test set (1,578 positive and 4,002 negative pairs). During the evaluation, we set

each mention with one candidate as one pair and use accuracy to calculate the correct

prediction pair number over the total number of mention-candidate pairs.

3.3.2 Baselines

Entity Linking Very few previous studies on biomedical entity linking have focused on

the BC4GO dataset while the popularly used entity linking benchmark datasets, such as

BC5CDR [66], NCBI [67] and COMETA [68], focus on different entity types, such as disease,

chemicals and colloquial terms, which are not related to event extraction. To set up baselines,

we adapt several state-of-the-art methods, including LATTE [31], Bootleg [69], Fast Dual

Encoder [33] to the BC4GO dataset and compare them with our JOINT4E-EL.
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Event Extraction We evaluate the effectiveness of our JOINT4E-EE on the Genia 2011

Event Extraction benchmark dataset which is the main task in the BioNLP Shared Task

series and defines 9 fine-grained event types, such as Gene expression, Transcription, Pro-

tein catabolism, Phosphorylation, Localization, Binding, Regulation, Positive regulation, and

Negative regulation. We compare JOINT4E-EE with several recent state-of-the-art methods

on biomedical event extraction, including: TEES [70], EventMine [71], Stacked generaliza-

tion [72], TEES-CNN [73], KB-driven Tree-LSTM [42], QA with BERT [57], GEANet [43],

BEESL [56], DeepEventMine [55], HANN [62], and CPJE [63].

3.3.3 Implementation details

We first train the base event extraction and entity linking models on Genia 2011 and BC4GO

datasets, respectively. For the base event extraction model, we use AdamW as the optimizer

and train it for 30 epochs with a learning rate 5e-5. The batch size is set to 16. For the

base entity linking model, we also use AdamW as the optimizer and train it for 30 epochs.

The learning rate is 3e-5 and the batch size is set as 16. We stop the training of these two

base models if they do not show a better performance for 5 consecutive epochs. For joint

training (both JOINT4E-EE and JOINT4E-EL), we use learning rates 2e-5, 1e-5, 1e-5, 5e-6,

5e-6, 5e-6 for 6 rounds respectively, and the batch size is set to 16. We stop the training of

these two JOINT4E-EE and JOINT4E-EL models if they do not show a better performance for

5 consecutive epochs.
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3.4 Main results

3.4.1 Event extracton

Table 3.3 shows the results of our approach JOINT4E-EE as well as all the strong baselines

on Genia 2011 dataset. As we can see, JOINT4E-EE significantly outperforms all the strong

baselines on recall and the overall F1 score, demonstrating the effectiveness of our join learn-

ing framework. Compared with the baselines such as Tree-LSTM [42] and GEANet [43],

which share similar ideas as our approach: both of them disambiguate the biomedical terms

in the context by linking them to entities in an external knowledge base and incorporate

the entity knowledge into the event extraction model. However, they suffer from the er-

rors that are propagated from the static entity linking step to event extraction while our

approach joint improves both JOINT4E-EE and JOINT4E-EL. Several recent studies, such as

DeepEventMine [55], HANN [62], and CPJE [63], achieve much higher precision but lower

recall compared with JOINT4E-EE.

3.4.2 Entity linking

Table 3.4 shows the performance of various approaches for biomedical entity linking based

on the test set of BC4GO. We observe JOINT4E-EL significantly outperforms the three strong

baselines. Our base entity linking model shares a similar architecture as [74], however, by

incorporating the additional event features from the local context, the accuracy of JOINT4E-

EL is improved by a large margin, demonstrating the benefit of event-based features to entity

linking.
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Algorithm 1: Iterative Collaborative Training for JOINT4E
Input: Entity linking dataset DL, event extraction dataset DE, external knowledge

base B, learning rates ηL and ηE.
1 for each entity setM in DL do
2 for mi ∈M do
3 Retrieve the candidate set Ci for mi from B;
4 end
5 end
6 Initialize the entity linking model’s parameters θL and the event extraction model’s

parameters θE;
7 Train θL on DL and θE on DE;

// Collaborative learning
8 while not converged do

// Initialize augmented datasets
9 UL = {}, UE = {} ;

// Estimation step
10 for each (xL

i ,yL
i ) ∈ DL do

11 z̃E
i = argmaxzE

j ∈ZEP(zE
j |xL

i ; θE);
12 UL ← UL

∪
{(xL

i ,yL
i , z̃E

i )};
13 end
14 for each (xE

i ,yE
i ) ∈ DE do

15 z̃L
i = argmaxzL

j ∈ZLP(zLj |xE
i ; θL);

16 UE ← UE
∪
{(xE

i ,yE
i , z̃L

i )};
17 end

// Updation step
18 for each epoch do
19 Sample (xL

i ,yL
i , z̃E

i ) ∼ UL;
20 θL ← θL − ηL∇θLJL(θL|xL

i , z̃E
i );

21 end
22 for each epoch do
23 Sample (xE

i ,yE
i , z̃L

i ) ∼ UE;
24 θE ← θE − ηE∇θEJE(θE|xE

i , z̃L
i );

25 end
26 end
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GE11 Training Development Test
# Documents 908 259 347
# Sentences 8,664 2,888 3,363
# Entities 11,625 4,690 5,301
# Events 10,310 3,250 4,487

Table 3.1: Statistics of the Genia 2011 dataset for biomedical event extraction.

GO number 10 15 20 25 30 35
Fraction 0.56 0.68 0.79 0.82 0.83 0.83

Table 3.2: The fractions of mentions that can be found with at least one positive candidate.

Method Precision (%) Recall (%) F1 Score (%)

TEES [70] 57.65 49.56 53.30
EventMine [71] 63.48 53.35 57.98
Stacked generalization [72] 66.46 48.96 56.38
TEES-CNN [73] 69.45 49.94 58.10
KB-driven Tree-LSTM [42] 67.01 52.14 58.65
QA with BERT [57] 59.33 57.37 58.33
GEANet [43] 64.61 56.11 60.06
BEESL [56] 69.72 53.00 60.22
DeepEventMine [55] 70.52 56.52 62.75
HANN [62] 71.73 53.21 61.10
CPJE [63] 72.62 53.33 61.50

Base-EE (Ours) 68.20 55.73 61.23
JOINT4E-EE (Ours) 69.66 59.75 64.35

Table 3.3: Performance comparison of various event extraction approaches on the develop-
ment set of BioNLP Genia 2011. (%). Bold highlights the highest performance among all
the approaches.
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Method Accuracy (%)
LATTE [31] 82.71
Bootleg [69] 78.51
Fast Dual Encoder [33] 82.03
Base-EL (Ours) 81.35
JOINT4E-EL (Ours) 85.08

Table 3.4: Performance comparison of various entity linking approaches on the test set of
BC4GO. Bold highlights the highest performance among all the approaches.



Chapter 4

Discussion and Conclusion

4.1 Impact of the number of training rounds

Tables 4.1 show the performance of both event extraction and entity linking at each round

of joint training based on the iterative collaborative algorithm. We observe that the per-

formance of both models gradually increases with more rounds of joint training and both

models achieve the highest performance after 3 rounds. Compared with the base mod-

els, both JOINT4E-EE and JOINT4E-EL achieve significant improvements with a large marge:

3.12% absolute F1 score gain for event extraction and 3.73% absolute accuracy gain for entity

linking, demonstrating the effectiveness of our joint learning framework. Table 4.2 shows the

event extraction performance (i.e., F1 Score) on each fine-grained event type and three event

type categories (including simple events, binding events and complex events) at each round

during joint training. As we can see, with 3-4 rounds of joint training, JOINT4E-EE achieves

up to 2.26%, 6.17%, and 2.99% absolute F1 score gain on the simple, binding and complex

events, indicating that binding events benefit the most from the entity knowledge from ex-

ternal knowledge bases. This is consistent with our observation as many entity descriptions

in the knowledge base indicate the binding functions of the entities. We also observe that,

with more rounds of joint training, the performance of JOINT4E-EE decreases more on com-

plex events which contain multiple arguments and nested events, such as regulation, positive

regulation, and negative regulation.

30



4.2. QUALITATIVE ANALYSIS 31

Event extraction Entity linking
Rounds F1 Score(%) Accuracy(%)

Base 61.23 81.35
1st 62.48 83.38
2nd 63.85 84.06
3rd 64.35 85.08
4th 64.28 85.08
5th 64.15 85.08
6th 64.15 85.08

Table 4.1: Results of event extraction on the Genia 2011 development set and entity linking
on the test set of BC4GO at each round of joint training. Bold highlights the highest
performance among all the approaches.

4.2 Qualitative analysis

Table 4.3 shows three examples for which the event predictions are improved and corrected

within the first 3 rounds of joint training. Taking the first sentence as an example, before

the first round of joint training, JOINT4E-EE mistakenly predicts a Phosphorylation event

triggered by “phospho” with “STAT3” as the Theme argument due to the misinterpretation

of the sentence. However, the entity knowledge retrieved from the Gene Ontology (GO)

by JOINT4E-EL indicates that “STAT3 is a regulation of tyrosine STAT protein and BMP-

6 is a regulation of BMP signaling pathway”, while the word ”regulation” from both GO

definitions helps better disambiguate the context during the 1st round of joint training and

finally calibrates the previous wrong event predictions to the Regulation event triggered by

“changes” with two arguments: “STAT3” as the Theme and “BMP-6 as the Cause argument.

Similarly, Table 4.4 also shows three examples for which the entity linking results are im-

proved and corrected within the first 3 rounds of joint training. Taking the first sentence as

an example, before the 1st round of joint training, JOINT4E-EL mistakenly links the entity

mention “UNC-75” to the entity defined by “Positive regulation of synaptic transmission”.
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Event type Base Round 1 Round 2 Round 3 Round 4 Round 5 Round 6
F1 Score F1 Score F1 Score F1 Score F1 Score F1 Score F1 Score

Gene expression 78.15 79.08 80.23 81.03 81.12 81.00 81.00
Transcription 69.46 70.60 71.14 72.08 72.08 72.08 72.08

Protein catabolism 74.57 75.06 75.88 76.38 76.38 76.38 76.38
Phosphorylation 83.67 84.12 84.95 85.67 85.67 85.67 85.67

Localization 80.30 80.75 81.07 81.30 81.30 81.30 81.30
Simple events 76.73 77.92 78.65 78.79 78.99 78.77 78.77

Binding 52.19 55.26 56.73 58.36 58.36 58.36 58.36

Regulation 45.52 46.03 47.94 49.03 48.53 48.53 48.53
Positive regulation 49.52 50.82 52.02 52.95 52.52 52.41 52.41
Negative regulation 57.48 57.78 58.09 58.52 58.33 58.33 58.33
Complex events 50.84 51.54 52.68 53.83 53.42 53.31 53.31

Table 4.2: F1 scores (%) of event extraction on the Genia 2011 develop set for each fine-
grained event type and three categories (simple events, binding events, and complex events)
at each round. Bold highlights the highest performance among all the approaches.

However, by incorporating the event knowledge with joint training, especially knowing that

“UNC-75” is the Theme of a Binding event, JOINT4E-EL correctly links “UNC-75” to the

target entity defined by “single-stranded RNA binding” in the Gene Ontology.

4.3 Error analysis

We further sample 50 prediction errors for both entity linking and event extraction based on

their results on the development set of each dataset, respectively. We summarize the main

error categories for each task as follows:

Entity Linking: 76% (38/50) of the remaining error for entity linking lies in the candidate

retrieval where the candidate sets retrieved based on the Gene Ontology (GO) API for some

entity mentions do not contain their true target entities. For example, for the entity mention

“TAT-DeltaDBD-GATA3”, the candidate set returned by GO API does not include the true

target entity GO:0019799 with name acetyl-CoA:alpha-tubulin-L-lysine 6-N-acetyltransferase
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activity.

Event Extraction: The main error (33/50) for event extraction lies in the missing or

spurious argument predictions. Most event types such as simple events (including gene

expression, transcription, localization, phosphorylation, and protein catabolism) are defined

with a fixed number of arguments while the complex events and binding events are usually

associated with up to four possible arguments, thus the model tends to miss some arguments

or predict spurious arguments. Taking the following two sentences as examples:

• S1: The FOXP3 (arg: Theme) inhibition (trigger: Negative regulation) by

GATA element in the FOXP3 promoter (redundant arg: Site).

• S2: Disruption of the Jak1 (arg: Theme) binding (trigger: Binding), proline-

rich Box1 (arg: Site) region of IL-4R (missing arg: Theme) abolished signaling

by this chimeric receptor.

For S1, our model successfully predicts inhibition as a Negative regulation event and FOXP3

as its Theme argument. However, it also mistakenly predicts promoter as a Site argument,

due to two possible reasons: (1) the entity promoter is frequently labeled as a Site argument

in the training set; and (2) the protein FOXP3 is defined as “regulation of DNA-templated

transcription” in the Gene Ontology, which also tends to imply promoter as a Site argument.

In S2, our JOINT4E-EE correctly predicts binding as a Binding event with two arguments:

Jak1 and Box1. However, it mistakenly misses another Theme argument which is likely

because the model treats IL-4R as Box1 which is already labeled as a Site argument.
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Rounds
1st Text: We did not observe any significant changes in the level of phospho-STAT3 or phospho-p38 upon BMP-6 treatment of B cells.

Previous Results: Event type: Phosphorylation; Trigger: phospho; Theme: STAT3.
Entity Knowledge from GO: STAT3: regulation of tyrosine STAT protein; BMP-6:regulation of BMP signaling pathway.
New Results: Event type: Regulation; Trigger: changes; Theme: STAT3, Cause: BMP-6.

2nd Text: Costimulation through CD28 and/or CD2 did not modulate, the CD3-dependent phosphorylation of HS1.
Previous Results: Event type: Phosphorylation; Trigger: phosphorylation; Theme: CD28.
Entity Knowledge from GO: CD28: immune response; CD2: regulation of CD4, CD25 regulatory T cell differentiation.
New Results: Event type: Regulation; Trigger: modulate; Theme: phosphorylation (event), Cause: CD28.

3rd Text: When tested its ability to block calcineurin-dependent signaling in cells, the pivotal promoter element for interleukin-2 gene induction.
Previous Results: Event type: Regulation; Trigger: induction; Theme: interleukin-2.
Entity Knowledge from JOINT4E-EL: interleukin-2: plastid gene expression.
New Results: Event type: Gene expression; Trigger: induction; Theme: interleukin-2.

Table 4.3: Example sentences and results for event extraction at each round sampled from
the Genia 2011 development set. For each sentence, before each round of joint training, the
event prediction is not correct while after incorporating the entity knowledge from JOINT4E-
EL, the errors are corrected with joint training. The bold words in each text highlight the
candidate event triggers while the italic words highlight the candidate arguments predicted
by JOINT4E-EE.

4.4 Conclusion and Future work

In this work, we propose a joint biomedical entity linking and event extraction framework,

i.e., JOINT4E-ELand JOINT4E-EE, to leverage the benefit of one task to the other. Our

JOINT4E-EEcan incorporate the domain knowledge obtained by JOINT4E-EL, while JOINT4E-

EL can be improved by the event structural context provided by JOINT4E-EE. To iteratively

improve the two tasks together, we propose a novel iterative collaborative training strategy

where we first estimate missing variables for both two incomplete datasets based on the cur-

rent task-specific models, and then update the parameters of both models on the datasets

that are augmented by pseudo labels. We conduct extensive experiments on the biomedical

entity linking dataset, i.e., BC4GO, and biomedical event extraction, i.e., Genia 11. We

also provide several valuable discussions such as error analysis that reveals the remaining

challenges of both two tasks. We hope this work can shed light on the following research

on biomedical information extraction and broader communities. In the future, we plan to

expand our framework to other datasets across other biomedical domains such as diseases,
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Rounds
1st Text: To determine the elements in the exon 7 region that UNC-75 directly and specifically recognizes in vitro.

Previous Results: Entity: Positive regulation of synaptic transmission.
Event Knowledge from JOINT4E-EE: Event type: Binding; Trigger: recognize; Theme: UNC-75.
New Results: Entity: single-stranded RNA binding.

2nd Text: These data suggest that ectopically expressed BP downregulates FIL activity genes in ovaries.
Previous Results: Entity: DNA-binding transcription factor activity, RNA polymerase II-specific.
Event Knowledge from JOINT4E-EE: Event type: negative regulation; Trigger: downregulates; Theme: FIL.
New Results: Entity: negative regulation of gene expression.

3rd Text: Effects of the gei-8 mutation on gene expression were studied with whole genome microarrays.
Previous Results: Entity: reciprocal meiotic recombination.
Event Knowledge from JOINT4E-EE: Event type: gene expression; trigger: expression; Theme: gei-8.
New Results: Entity: transcription by RNA polymerase II.

Table 4.4: Example sentences and results for entity linking at each round sampled from
the development set of BC4GO dataset. For each sentence, before each round of joint
training, the entity linking result is not correct while after incorporating the event knowledge
from JOINT4E-EE, the errors are corrected with joint training. The bold words in each text
highlight the candidate entity mention for entity linking.

drugs, and chemicals, in order to test the generalizability and adaptation of our framework.

Recently, contrastive learning has shown promising results in various domains and we will

try contrastive learning to see whether the performance of both tasks can be enhanced as

well.
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