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ABSTRACT

RELATION EXTRACTION FOR CHEMICAL AND
PROTEIN INTERACTIONS FROM BIOMEDICAL
DOCUMENTS

The sharing of chemical-protein interactions (CPI) with the scientific commu-
nities plays a crucial role in understanding the mechanisms of diseases, as well as in
facilitating drug discovery and drug repurposing studies. Significant amount of knowl-
edge on CPI is published in unstructured documents. The goal of this thesis is to
extract relations between chemicals and proteins from information provided in sen-
tences. For this purpose, we focus on two tasks: (i) binary relation extraction and (ii)
multi-class relation extraction from biomedical documents. The aim of the first task is
to identify whether a sentence states a relation between a pair of biochemicals or not.
On the other hand, the second task extends the first one by also aiming at identifying
the type of the relation between the pair of biochemicals. For both tasks, we develop
transformer-based models by utilising the BioBERT and SciBERT architectures. Fur-
thermore, we investigate the effectiveness of different input representation approaches
such as sentence and dependency tree-based representations. Our results demonstrate
that BioBERT based model with whole sentence input representation achieves the best
performance for both tasks on the benchmark ChemProt test data set with an F1-score
of 77.8% for binary relation extraction and micro-averaged F1-score of 76.1% for multi-
class relation extraction. Interestingly, the significantly shorter dependency tree based
input representations achieve close F1l-scores to whole sentence input representation.
Finally, we introduce Vapur, which is a search engine for protein-chemical interactions
extracted from COVID-19 related scientific publications. Vapur shows that our relation

extraction models can be effectively used in real-world biomedical applications.
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OZET

KIMYASALLAR VE PROTEINLER ARASINDAKI
ETKILESIMLER ICIN BIYOMEDIKAL
DOKUMANLARDAN ILIiSKI CIKARMA

Kimyasallar ve proteinler arasindaki etkilegsimlerin (CPI) bilimsel topluluklar
ile paylagilmasi, hastalik mekanizmalarinin anlagilmasinda, ilag¢ kegfindeki ve ilaglarin
yeniden kullanilmasindaki caligmalarin kolaylastirilmasinda 6nemli rol oynar. CPI
hakkinda 6nemli miktarda bilgi, diizenli yapisi olmayan dokiimanlarda yayimnlanmak-
tadir. Bu tezin amaci ciimlelerde verilen bilgilerden kimyasallar ve proteinler arasindaki
iligkileri ¢ikarmaktir. Bu amag i¢in, biyomedikal dokiimanlardan ikili iligki ¢ikarma ve
cok smufli iligki cikarma olmak iizere iki goreve odanlanmaktayiz. Ilk gérevin amac,
bir climlenin bir ¢ift biyokimyasal arasindaki iligkiyi ifade edip etmediginin belirlen-
mesidir. Ikinci ise gorev bir cift biyokimyasal arasindaki iliskinin tipini de belirlemeyi
amaclayarak ilk gorevi genisletir. Iki gérevde de, BioBERT ve SciBERT mimarilerinden
yararlanarak Doniigtiiriicii tabanli modeller gelistiririz. Ek olarak, tiim ciimle tabanlh
ve baglilik agaci tabanli temsillerinden olusan farkli girdi temsilleri yaklagimlarimizin
etkisini aragtiriyoruz. Bizim sonuglarimiz, ChemProt test veri seti iizerinde ikili iligki
gikarma gorevinde %77.8 F1 ol¢iitii ve ¢ok sinifl iligki gikarma gorevinde %76.1 mikro-
ortalamali F1 6lgiitii elde eden tiim climle girdi temsilimiz ile egittigimiz BioBERT
tabanli modelimizin her iki gérevde de en iyi performansi elde ettigini gostermektedir.
Ilging bir gekilde, 6nemli élciide daha kisa olan baghlik agaci tabanl girdi temsilleri,
tliim ciimle girdi temsiline yakin F1 6l¢iitii elde eder. Son olarak, KOVID-19 ile ilgili
bilimsel yayinlardan protein-kimyasal etkilesimleri ¢ikaran bir arama motoru olan Va-
pur’u tamitiyoruz. Vapur, iligki ¢ikarma modellerimizin gergek yasamdaki biyomedikal

uygulamalarda etkin bir gekilde kullanilabildigini gostermektedir.
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1. INTRODUCTION

There are various biomedical researches about the identification of the associ-
ations between chemicals and proteins, since the information included in chemical-
protein interactions (CPI) plays important roles in crucial tasks such as drug discov-
ery, understanding the mechanism of the diseases, and precision medicine. Thanks to
biomedical researchers, a significant amount of knowledge on CPI has been obtained
and published in the scientific literature. Since the relation information in the scien-
tific literature is stored as unstructured text, it is not straightforward to extract the
CPI information from literature manually. Even if the information is obtained from
literature manually, information extraction of the CPI in the scientific documents is
time-consuming due to a large amount of information. Therefore, manual extraction
methods are neither efficient nor preferable. As a result, an automatic method for the

CPI extraction from the scientific literature is crucial.

A significant number of studies have been developed to address similar problems
such as protein-protein interaction and drug-target interaction from the biomedical lit-
erature. The studies have addressed the problems using various techniques including
rule-based pattern matching, machine learning algorithms, and natural language pro-
cessing methods. In contrast to these studies, there have been a couple of researches
on the extraction of CPI from the scientific literature. There is a need to extract CPI
information with time efficiency and deposit them into databases in order to facilitate
effective querying of the information. Consequently, the structured CPI information
can also be very beneficial as a database in other interactive studies such as drug
discovery, disease, and medicine pairs. Therefore, we introduce an approach for CPI
extraction from the scientific documents to address the problem and serve a purpose

in biomedical studies.

This thesis aims to extract relations between chemical and protein entities from

provided information in sentences. For this purpose, we focus on two tasks that are



binary relation extraction and multi-class relation extraction from biomedical docu-
ments. The first task aims to determine whether a sentence expresses that there is a
relation between chemical and protein entities or not. In addition, we present Vapur
as an application of relation extraction on Coronavirus Disease (COVID) literature
using our binary relation extraction approach. Vapur is an online COVID-19 search
engine so as to find relevant chemical and protein pairs from Coronavirus Disease of
2019 (COVID-19) literature and to retrieve the related documents to a user query. The
objective of the second task is to determine the relation type specified on ChemProt
data set if a sentence explicitly states that the specified pair of chemical and protein

entities have a relation.

The following chapters of our thesis are organized as follows. Chapter 2 pro-
vides the related works on chemical-protein interactions, protein-protein interactions,
relation extraction, and pretrained language models used in this thesis. Chapter 3
introduces detailed information about the data set and how it is used in this study. In
addition, this chapter includes all preprocessing steps on the data set, sentence-based
and dependency tree-based input representations as well as our relation extraction ap-
proaches that were used throughout this study. Our binary and multi-class relation
extraction approaches are explained in this chapter. It provides the design of the ex-
periments reported and discussed in this study. Chapter 4 contains the results and
discussion of the experiments. In Chapter 5, we introduce Vapur as an application of
relation extraction on COVID literature. This chapter includes detailed information
about COVID-related data set, the workflow of the pipeline behind Vapur, the results
of the experiments reported and discussed. We published Chapter 5 in [1]. Chapter
6 covers a summary of important findings and possible strategies for future works.

Finally, supplementary information is reported in the Appendix.



2. RELATED WORK

2.1. Chemical-Protein Interactions

The BioCreative VI track 5 ChemProt task aimed to promote the improvement
of the systems which can automatically classify the chemical-protein relations from
PubMed abstracts. BioCreative VI provided an annotated chemical-protein interaction
corpus which is called as ChemProt for this task. Therefore, there have been various
studies on chemical-protein interactions extraction from the literature for ChemProt

task at BioCreative VI and their top 20 results for the task are reported in Table 2.1.

An ensemble of three systems containing a support vector machine (SVM), a
convolutional neural network (CNN), and a recurrent neural network (RNN) was in-
troduced in [2]. The outputs of the three systems were combined using their majority
voting or stacking. SVM was trained with various generated features such as the words
surrounding the chemical and protein mentions of interest, bag-of-words between the
chemical and protein mentions of interest in a sentence, the distance between two en-
tity mentions in a sentence, and the existence of a keyword between two mentions. In
CNN, each word was represented by concatenating embeddings of the words, part of
the speech tags, name entities, dependencies, and positions relative to the two men-
tions of interest. Also, this study constructed a bidirectional Long-Short Term Memory
(BiLSTM) with the same word representation as the input of CNN. As a result of the
study, the majority voting was submitted with the highest score in the BioCreative

task in 2017.

A study based on sentence structure analysis for chemical-protein interactions
from the biomedical literature was presented in [3|. This study extracted CPI pairs
which were defined as a chemical entity and a protein entity in the same sentence and
CPI triplet which was described as the combination of a CPI pair with an interaction

word in the sentence. After it constructed two different models for CPI pairs and



CPI triplets separately, they were combined into a final model. It generated features
from the semantic pattern and the dependency graph of a sentence since the semantic
pattern includes information of the interaction between chemicals and proteins in a
sentence and the dependency graph gives information about the interconnection of the
words in a sentence. These features were used in several machine learning classifiers
such as Random Forest Classifier, Extremely Randomized Trees, Linear Discriminant
Analysis (LDA), Logistic Regression, and eXtreme Gradient Boosting (XGBoost) [4].
Finally, this study applied the three-stage model building which is based on stacked

generalization in the BioCreative task.

A CNN-based classification for chemical-protein interaction was developed in [5].
Firstly, this study converted each sentence into the form of the candidate relation.
It produced two different approaches to represent the candidate relations, which were
word embedding and distance embedding. Word embedding reveals the semantic aspect
of the word in a sentence, whereas distance embedding indicates the relative distance
between words and entities in a sentence. After creating a representation of the relation,

it constructed a CNN model to predict the group of CPIL.

2.2. Protein-Protein Interactions

Protein-protein interaction (PPI) extraction is a task to identify interactions be-
tween specified proteins in biomedical documents. The identification of the chemical-
protein interactions is a similar task to the recognition of the protein-protein interac-
tions since two tasks are depend on extracting predefined relations between specified
entity pairs in biomedical papers. Therefore, we examine lots of studies on the extrac-

tion of protein-protein interactions.

Previous researches explore protein-protein interactions extraction from biomedi-
cal documents using traditional machine learning algorithms with handcrafted features.
SVM has become a widely used classifier with bag-of-words features from sentences [6]

as well as features based on linguistic knowledge such as lemma and part of speech



Table 2.1. Evaluation results of teams at The BioCreative VI track 5 ChemProt task.
Each team has an opportunity to submit 5 prediction results on the Gold Standard

data set. Micro-averaged F-score was selected as the main metric during the contest.

TEAM ID | Run | Precision | Recall | F-score
TEAM 430 | RUN 5 0.7266 0.5735 0.641
TEAM 430 | RUN 4 0.7311 0.5685 | 0.6397
TEAM 430 | RUN 1 0.7437 0.5529 | 0.6343
TEAM 430 | RUN 2 0.7283 0.5503 | 0.6269
TEAM 430 | RUN 3 0.7426 0.5382 | 0.6241
TEAM 403 | RUN 1 0.561 0.6784 | 0.6141
TEAM 417 | RUN 3 0.6608 0.5662 | 0.6099
TEAM 417 | RUN 4 0.6105 0.6006 | 0.6055
TEAM 417 | RUN 5 0.6088 0.5989 | 0.6038
TEAM 424 | RUN 2 0.6704 0.5194 | 0.5853
TEAM 424 | RUN 1 0.676 0.5159 | 0.5852
TEAM 433 | RUN 2 0.6352 0.5121 | 0.5671
TEAM 433 | RUN 1 0.6276 0.4858 | 0.5477
TEAM 417 | RUN 1 0.6373 0.4462 | 0.5249
TEAM 417 | RUN 2 0.6337 0.4387 | 0.5185
TEAM 374 | RUN 5 0.5738 0.4722 | 0.5181
TEAM 379 | RUN 5 0.5301 0.4639 | 0.4948
TEAM 374 | RUN 2 0.5156 0.467 | 0.4901
TEAM 379 | RUN 2 0.4849 0.4913 | 0.4881
TEAM 379 | RUN 4 0.5072 0.4306 | 0.4657




(POS) tags of tokens [7] to identify protein-protein interactions in documents. In ad-
dition, dependency tree-based methods have been used to extract interactions between
proteins from biomedical documents. Grammatical Relationship Graph for Triplets
(GRGT) is presented in [8] where triplets are defined as two protein entities and an
interaction word between them in a sentence. This study focuses on the dependency
graph to obtain sentence structure and the shortest paths among the pairs in triplets

via Dijkstra’s shortest path algorithm [9].

As deep learning methods have gained popularity in several NLP tasks, recent
studies have been focused on neural network architectures to detect interactions be-
tween proteins in documents. Convolutional neural networks (CNN) have achieved
notable results considering linguistic and semantic information in sentences such as
word embedding, position features, part of speech tags, chunk, and dependency in-
formation of sentences [10], [11], [12]. In addition, BiLSTMs have promising results
for PPI by capturing syntactic and semantic information of specified entities and their

neighbors [13].

2.3. Relation Extraction

Relation extraction (RE) is one of the important topics in information extraction
and is defined as the task of determining whether pairs of entities in a sequence of
words have a semantic relation and classifying the relation into one of the predefined
relation types. A wide range of NLP tasks including question answering [14] and text

mining [15] makes use of the relation information in documents.

Traditional RE models address the task by applying feature-based methods [16],
[17] and using pretrained word embeddings [18] with various neural network architec-
tures [19], [20], [21], [22]. Recently, as transformers [23] such as BERT [24], GPT [25],
RoBERTa [26], and MASS [27] have gained popularity on a range of NLP tasks includ-
ing machine translation [23], document generation [28], and textual entailment [29],

NLP researchers have widely used transformers-based models on relation extraction



30], [31], [32], [33].

Keeping up to date with the growing body of biomedical literature is a big chal-
lenge and almost a kind of magic in scientific research. Efforts such as ChemProt [34]
aim to promote research in this direction by presenting PubMed abstracts in which
proteins, chemicals, and their relations are manually labeled. [35] and [36] developed
sequential models for chemical and protein relation extraction on ChemProt, while [37]
used an ensemble of deep models with SVM. However, all these models depend on the

named entities to be recognized beforehand.

Named entity recognition and normalization are widely studied topics in biomed-
ical text mining to extract and link entities. Conditional Random Fields (CRF) was a
popular approach in early biomedical NER studies [38], [39], [40] and with the rise of
deep learning, sequential models were also integrated [41]. Recently, transformers-based
NER models attracted more attention, including BERN [42], which is a state-of-the-art
biomedical named entity recognition and normalization tool that uses BioBERT [43] to
identify and normalize the entities in a sentence. BERN is adopted by recent general-
domain biomedical text mining studies [44] as well as a model to answer COVID-19

related questions based on CORD-19 [45].

BioBERT [43] is a domain-specific transformers-based language representation
model which is pretrained on different combinations of text corpora: English Wikipedia
(Wiki), BookCorpus (Books), PubMed abstracts (PubMed), and PubMed Central full-
text articles (PMC). Due to the different combinations of text corpora, there are several
pretrained versions of BioBERT trained. All of them use the original vocabulary and
the initial weights of BERTgasg [24]. BioBERT is separately finetuned by utilizing the
sentence classifier of BERT for biomedical relation extraction task on three different
data sets which are GAD [46], EU-ADR [47], and ChemProt [48]. In each data set,
target entities in a sentence are anonymized with predefined tags (e.g. QGENES$ and
Q@QDISEASES). On ChemProt, BioBERT v1.1 achieves a higher micro-averaged F1
score than BERT, reported in [43|. On the other hand, BioBERT v1.0 (+ PMC)



outperforms BERT on EU-ADR, whereas BioBERT v1.0 (+ PubMed) had the second-
best F score on GAD, stated in [43|. Finally, BioBERT obtained the highest F1 score
on 2 out of 3 relation extraction data sets compared to BERT and other state-of-the-art

models in 2019 [43].

SciBERT [49] is a transformers-based language representation model which is
pretrained on papers from the computer science and the biomedical domain obtained
from Semantic Scholar. Its corpus consists of the full text of papers where 18% of
them is related to the computer science domain and others are from the biomedical
domain. Although SciBERT is trained with the same configuration and architecture
of BERTgasg, SciBERT uses an in-domain vocabulary (SCIVOCAB) trained from
scratch. During all experiments, there are four pretrained versions of SCiBERT: i) case
or uncased of text ii) vocabulary released with BERT or trained from the scientific
corpus. Each version of SciBERT is finetuned by using the same architecture, opti-
mization, and hyperparameters of BERTgasg for a range of NLP tasks such as named
entity recognition, relation extraction, and text classification. In relation extraction
task on ChemProt, SciBERT is finetuned with sentences having target entities that are

encapsulated by special tokens.

2.4. Pretrained Language Models Used in This Thesis

The earliest works have widely used RNN architectures to represent input se-
quences in a variety of tasks including text classification, text generation, and machine
translation. However, RNNs do not have the ability to solve the long-term depen-
dency problem, since it mainly focuses on the previous token. Although LSTMs are
designed to avoid the problem by forgetting the unimportant parts and remembering
important parts of the input sequence using different gates, they have still a problem
with the long sequence. The reason for this is that they compress all information of
the input sequence into a fixed-length vector. To overcome this problem, the attention
mechanism concentrates the most relevant information of the input sequence into a

fixed-length vector instead of using the entire input sequence. Nevertheless, the at-



tention mechanism learns the dependency between inputs and outputs by focusing on
global information. To handle the problem, a new encoder-decoder architecture based
on a multi-head attention mechanism is designed and called Transformers. Since we
used transformer-based models as pretrained language models in this thesis, we give

detailed information about transformers in this section.

The Transformer is a sequence transduction model with multi-headed self-attention
to represent the tokens with information of all other words in a sequence. The Trans-
former has a sequential encoder block with six different encoders and a decoder block
with six different decoders. Although each encoder has an identical structure includ-
ing a self-attention layer, normalization layers, and a feed-forward network layer, it has
different weights of layers. While the bottom encoder takes the vector of the sum of po-
sitional embedding and token embedding of a token at each position as an input, other
encoders take the output vectors of their previous encoder. The aim of the encoders
is to create a new representation for each token by aggregating the information from
other words in the sequence and focusing on different positions on the sequence with
multi-head self-attentions. The output attention vectors of the final encoder feed each
decoder. Likewise encoders, each decoder has different weights of the layers, although
it has an identical structure consisting of a self-attention layer, an encoder-decoder
attention layer, normalization layers, and a feed-forward network layer. The objective
of the decoder block is to predict a new token in each iteration considering the output
vectors from the encoder block by minimizing the loss score of the model. During the
sequence prediction, the decoder block is fed by the embeddings of the earlier predicted
tokens, their positional embeddings as well as the output vectors of the encoder block
in each iteration. An encoder-decoder attention layer is used to help a decoder focus

on appropriate positions in the input sequence [23].

As Transformers are suitable for different NLP tasks including machine trans-
lation tasks and sequence parsers and attain state-of-the-art results on these tasks
[23], various transformer-based models such as BERT [24], GPT [25], RoBERTa [26],
and XLNet [50] have been widely used on several NLP tasks. Since we use BERT-
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based models on relation extraction tasks throughout this study, we firstly provide an
overview of BERT and two other BERT-based models (SciBERT and BioBERT') used

in our thesis.

2.4.1. BERT

BERT (Bidirectional Encoder Representations from Transformers) is a deep bidi-
rectional language representation that is pretrained on unlabeled texts by fusing left
and right context jointly. The pretrained BERT achieves state-of-the-art results by
finetuning it with an output layer for a wide variety of NLP tasks with minimal task-

specific architecture modifications.

In previous studies, unidirectional language models [18], [51] and a shallow con-
catenation of independently trained left-to-right and right-to-left language models [52]
have been widely used in order to represent tokens in several NLP tasks such as ques-
tion answering [53], sentiment analysis [54], and named entity recognition [55]. How-
ever, there are some limitations to represent tokens by previous language models. In
unidirectional language models [25] using left-to-right architectures, each token can
only be represented considering the previous ones. Since bidirectional language models
using left-to-right and right-to-left language models represent a token with context-
dependent features in task-specific architectures, these contextual representations are
task-specific and feature-based, not deeply bidirectional. Unlike previous language
models, after BERT is pretrained with two tasks which are masked word prediction
by masked language model (MLM) and next sentence prediction (NSP), researchers
finetune pretrained BERT on different NLP tasks [56].

The model architecture of BERT is multi-layer bidirectional Transformers de-

scribed in [23]. There are two different BERT models with different configurations:

e BERTgasE has 12 layers, 768 hidden size, and 12 self-attention heads with 110M

total parameters.
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e BERT Arqe has 24 layers, 1024 hidden size, and 16 self-attention heads with
340M total parameters.

During pretraining, BERT takes the input as one token sequence which can be
a single sentence or a pair of sentences. Each sequence is tokenized by WordPiece
embedding [57]. The first token of a sequence is a special classification token (|CLS])
that has the fixed-length sequence representation for several classification tasks. Since
sentence pairs can be aggregated into a single sequence, another special token ([SEP])
separates sentences. Each token is represented as the input embedding that is the sum
of the token embeddings, segment embeddings, and position embeddings during pre-
training. Pretraining corpus is collected from BooksCorpus [58] and English Wikipedia
for two tasks, masked language model and next sentence prediction. For the first task,
a masked language model is a bidirectional language model trained with masked words
randomly selected as 15% of all tokens in a sequence and predicts only masked tokens

instead of constructing the entire input.

A binarized next sentence prediction task aims to understand the relationship be-
tween two sentences, not captured directly by language models. A model is pretrained
with two types of sentence pairs. The first type of pair consists of a sentence and
its next sentence, whereas the second type of pair contains a sentence and a random
sentence that does not follow it from the corpus. Each sentence pair has a special tag
[CLS| that aggregates the sentence representation for the next sentence prediction task.
This pretraining for next sentence prediction is effective on various NLP tasks such as
Question Answering and Natural Language Inference to understand the relationship

between sentences.

After BERT is pretrained with two essential tasks, it is finetuned for its all pa-
rameters end-to-end by using the self-attention mechanism in Transformers for several
downstream NLP tasks with task-specific inputs and outputs. In text classification
tasks, BERT takes the tokens of the text as input. At input for text classification,

BERT takes the tokens of the sentences or texts as inputs and CLS representation
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from BERT feeds an output layer. In addition, BERT is finetuned for other chal-
lenging NLP tasks such as the natural language understanding tasks on The General
Language Understanding Evaluation (GLUE) benchmark [59], question answering on
The Stanford Question Answering Dataset (SQuAD v1.1) [53], and the task of grounded
commonsense inference on The Situations With Adversarial Generations (SWAG) [60].

BERT achieves state-of-the-art results on these tasks.

2.4.2. BioBERT

BioBERT is a BERT-based language representation model that is pretrained on
large-scale biomedical corpora. BioBERT uses the same architecture of BERT and is
initialized with the weights of BERT trained on English Wikipedia (Wiki), BookCor-
pus (Books). However, since BERT is trained in the general domain, its performance
can be improved for several biomedical NLP tasks considering domain-specific nouns
and terms on this domain. Therefore, it is pretrained on biomedical corpora such
as PubMed abstracts (PubMed) and PubMed Central full-text articles (PMC) in or-
der to have more adapted language representation on the biomedical domain. There
are several pretraining strategies with different combinations of general domain cor-
pora and biomedical domain corpora. Initially, BioBERT uses the initial weights of
BERTgasg pretrained on English Wikipedia and BooksCorpus. BioBERT v1.0 (+
PubMed + PMC) is a version of BioBERT pretrained on both PubMed and PMC,
whereas BioBERT v1.0 (+ PubMed) is pretrained on only PubMed and BioBERT
v1.0 (+ PMC) is pretrained on only PMC. BioBERT v1.1 (+ PubMed) is pretrained
on only PubMed with more steps than BioBERT v1.0 (+ PubMed). For tokeniza-
tion, BioBERT uses WordPiece tokenization [57| that handles the out-of-vocabulary
problem by representing a new word with frequent known sub-words in the vocabulary.
BioBERT uses the same vocabulary of BERTgasg due to the compatibility of BioBERT
with BERT and the ability to represent a new word in the biomedical domain from the

original one of BERT.



13

To reveal the effectiveness of context-dependent language representation, BloBERT
is separately finetuned on three different biomedical natural language processing tasks
such as named entity recognition, relation extraction, and question answering. For an
example study of relation extraction stated in [43|, target entities are replaced with
predefined tags such as QGENES$ or QDISEASES as a preprocessing step. Pretrained
BioBERT utilizes a CLS token for the relation classification in a sequence in the same
way as the sentence classifier of BERT. The sentence classifier of BERT is trained using
a single output layer with a CLS token representation from BERT. BioBERT with the
output layer is finetuned on preprocessed sentences with different hyperparameters.
BioBERT outperforms previous models on relation extraction for biomedical data sets

as recorded in [43].

2.4.3. SciBERT

SciBERT [49] is a pretrained language model based on BERT and trained on
a large corpus of scientific papers collected from the full-text of the papers from the
computer science domain and the biomedical domain. SciBERT is initialized with the
weights of BERTgaAsg and uses its same architecture and configuration. However, un-
like BioBERT, SciBERT uses SCIVOCAB which is constructed as a new WordPiece
vocabulary on the scientific corpus. It produces cased and uncased vocabularies which
are trained on lower-cased texts and original texts respectively. Therefore, there are
four pretraining strategies with different combinations of the case of texts and vocabu-
laries used. The first two models use BASEVOCAB built by BERTgasg, whereas the
last two models use SCIVOCAB.

To reveal the effectiveness of unsupervised pretraining on a large corpus of sci-
entific papers and to observe the improvement of its performance on scientific NLP
tasks, SciBERT is separately finetuned on several biomedical natural language pro-
cessing tasks such as named entity recognition, relation classification, and dependency
parsing. For relation extraction stated in [49], target entities are encapsulated by spe-

cial tokens as a preprocessing step on ChemProt. Like BioBERT, a linear classification
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layer is fed with SciBERT output of CLS token that is the fixed-length relation repre-
sentation for a sentence. SciBERT with the output layer is finetuned on preprocessed
sentences with different hyperparameters. SciBERT outperforms previous models for
relation extraction on ChemProt data set. In summary, SciIBERT with in-domain vo-
cabulary has an effect on various natural language processing tasks in the scientific

domain.
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3. MATERIALS AND METHODS

3.1. Data Set

We used ChemProt corpus which was released for a contest in BioCreative VI:
Chemical-Protein Interaction (ChemProt) Track [61|. The contest aims to extract the

chemical-protein interactions (CPI) from scientific documents.

ChemProt has three different sets: training set, development set, and gold stan-
dard test set. For each set with the same format, ChemProt has three different files:
abstracts, entities, and relations. For the test set, the abstracts and the entities files are
provided in order to predict ChemProt relations, whereas the relations file is released

to evaluate extracted relations during the prediction of relations for given entities.

Abstracts file contains UTF8-encoded set of PubMed records in a tab-separated
format with three columns: Article identifier (PMID, PubMed identifier), a title of
the article, and an abstract of the article. In this data set, PubMed abstracts are
collected into training (1020 abstracts), development (612 abstracts), and test sets
(800 abstracts).

Entities file includes the manually annotated chemical compounds and genes/pro-
tein (gene and protein related objects - GPRO as defined during BioCreative V). This
file has entity records in a tab-separated format with six different fields: Article iden-
tifier (PMID), entity number of the entity mention, type of the entity mention, start
character offset of the entity mention, end character offset of the entity mention, and
text string of the entity mention. In this data set, there are three entity mention types:
CHEMICAL is the chemical entity mention type, GENE-Y is the gene/protein entity
mention type that can be normalized to a biological database identifier, and GENE-N

is the gene/protein entity mention type that can not be normalized.
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Relations file comprises chemicals, gene/proteins, and their annotated relations.
This file has relation records in a tab-separated format with six different fields: Article
identifier (PMID), Chemical-Protein relation (CPR) group, evaluation type, ChemProt
relation (CPR), interactor argument 1 (Argl: interactor term identifier), and interactor

argument 2 (Arg2: interactor term identifier).

Since ChemProt Track focuses on a subset of key relation types that are important
in biochemical and biomedical perspective, all annotated ChemProt relations (CPR)
are grouped into 11 distinct Chemical-Protein relation (CPR) groups for CPIs in the
data set and each CPI has a relation type from one of 11 CPR. However, only five
groups which are CPR:3, CPR:4, CPR:5, CPR:6, and CPR:9 are evaluated in the
track. Therefore, five groups are labeled with Y in order to consider them during the
track evaluation, whereas the other six groups are labeled with N in the evaluation
type column of the relations file. Table 3.1 provides information about relation groups

in the data set [61].

ChemProt Track focuses on the accurate predictions of relations between only
chemicals and genes/proteins. Relations between a chemical and another chemical or a
gene/protein and another gene/protein are not evaluated in this data set. In addition,
since there are rare entity pairs labeled with multiple relations (the same or different
relation groups) in the same abstract, multiple relations for a given entity pair can
be extracted from this data set. The training set has 98 chemical and protein entity
pairs that have more than one relation type in the same abstract in the relations file.
The development set has 86 chemical and protein entity pairs that have more than one

relation label in the same abstract in the relations file.

Table 3.2 contains recurring relation numbers in the training and the develop-
ment sets. In the training set, while 42 out of 98 have the same relation groups, others
have two different relation groups for the same chemical and protein entity pairs in the
same abstract. The development set has 24 relations out of 86 have the same relation

groups. In addition, Table 3.3 illustrates duplicate relations for the same chemical and
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Table 3.1. Grouped based on biological semantic classes. Only 5 groups (CPR:3,
CPR:4, CPR:5, CPR:6, CPR:9) are labeled with Y in the evaluation column for

ChemProt Track evaluation purpose.

Group | Eval. | ChemProt relations

CPR:0 | N UNDEFINED

CPR:1 | N PART OF

CPR:2 | N REGULATOR | DIRECT REGULATOR | INDIRECT REGULATOR

CPR3 |Y UPREGULATOR | ACTIVATOR | INDIRECT UPREGULATOR

CPR4 |Y DOWNREGULATOR | INHIBITOR | INDIRECT DOWNREGULATOR

CPR:b5 |Y AGONIST | AGONIST-ACTIVATOR | AGONIST-INHIBITOR

CPR6 |Y ANTAGONIST

CPR:7 | N MODULATOR | MODULATOR-ACTIVATOR | MODULATOR-
INHIBITOR

CPR:8 | N COFACTOR

CPRY |Y SUBSTRATE | PRODUCT _OF | SUBSTRATE PRODUCT _OF

CPR:10 | N NOT
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protein entity pairs in the sentences selected from the training set. In the first example
sentence, there are two relation records with the same relation group (CPR:2) in the
relations file for triglycerides and PTP1B. In the second example sentence, cyclin E
and Tomudexr have two relation records with two different relation groups (CPR:3,

CPR:4) in the relations file for the same sentence.

Table 3.2. Duplicate relation statistics in the training and the development sets.

Relation | The number of relations | The number of relations
Groups in the training set in the development set
CPR:2 30 29

CPR:3 27 11

CPR:4 21 21

CPR:5 2 1

CPR:6 7 10

CPR:8 2 0

CPR:9 7 14

CPR:10 2 0

Statistics of abstracts, entities, and relations are directly calculated from given
files by ChemProt data set. Table 3.4 includes the statistical information of relation
groups in ChemProt. On the other hand, since abstracts are split into sentences via
GENIA [62], some relations in the relations file are filtered out due to the incorrect
sentence splitting from GENIA. In addition, Table 3.4 shows the number of relation
groups for the training, the development, and the test sets separately. We created three
figures to explain the association between abstracts, entities, and relations file in the
data set. Figure A.1 illustrates an example abstract in which its chemical entities and
its protein entities are colored in blue and yellow, respectively. Figure A.2 illustrates
the entities file given in the data set. The first column contains unique IDs of abstracts,
while the second column includes a unique entity number for each entity in an abstract.

An entity type for each entity mention is recorded in the third column. The fourth
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Table 3.3. Examples of duplicate relations for the same chemical and protein entity

pairs in the training and the development sets.

Article id | Sentence Relation
Groups

23481236 We studied accumulation of lipid metabolites [triglyc- | CPR2 &
erides (TAGs), diglycerides (DAGs)| and ceramides in | CPR2
relation to insulin signaling and expression and phospho-
rylation of PTP1B by preincubating rat skeletal muscle
cells (L6 myotubes) with three saturated and three un-
saturated free fatty acids (FFAs) (200 pM).

10047461 The studies with dThyd rescue from cyclin E-cdk2 pro- | CPR:3 &
tein overexpression and growth inhibition by Tomudexr | CPR:4
indicate that increased cyclin E-cdk2 protein expression
is associated with effective inhibition of thymidylate syn-
thase and resultant dANTP pool imbalance.

10947967 In contrast, 2,/-dioxo-5-acetamido-6-phenylhexanoic | CPR:2 &
acid, which is a competitive inhibitor with respect | CPR:4

to ascorbate, exhibits a low degree of stereospecificity
in binding to the ascorbate sites of both PAM and

dopamine-beta-hydroxylase.
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column consists of the start offset of an entity, whereas the fifth column has the end
offset of the entity in the abstract. The biomedical names of entities in abstracts are
written in the last column. Figure A.3 illustrates the relations file given in the data
set. The first column contains unique IDs of abstracts, whereas the second column
includes the relation groups between proteins and chemicals in the entities file. The
third column indicates the evaluation type of relations. ChemProt relations are written
in the fourth column. The fifth column and the sixth column have entity numbers for
interactor argument 1 and entity numbers for interactor argument 2 where argument

1 is a chemical and argument 2 is a gene/protein in relation, respectively.

Thanks to three figures, we clearly explain how to use three files in the data set
in order to identify the relations between entities in abstracts. For example, Estrogens
and CYP450, a chemical and a protein/gene respectively are in the second sentence
of the abstract as shown in Figure A.1. Figure A.2 shows that the entity numbers
of Estrogens and CYP450 are T1 and T22 considering the start and end offsets of
entities in the abstract, respectively. In Figure A.3, Estrogens is encoded as Argl:T1
due to being a chemical, while C'YP450 is recorded as Arg2:T22 on account of being a
protein/gene. For the specified entities, the fifth row of the figure has a relation record

as PRODUCT-OF called CPR:9.

3.2. Preprocessing

Preprocessing steps involve sentence splitting, chemical and protein entity pair
construction, adding entity markers, and relation label assignments for chemical and

protein entity pairs.

Firstly, since we consider the relations that are present in a single sentence, we
split the abstracts into sentences via GENIA Sentence Splitter [63]. In a sentence, we
construct chemical and protein entity pairs which are labeled according to the relation
annotations in the relations file. If there is no relation annotation for the specified

entities in the file, the relation type of the entity pair is labeled as Other.
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Table 3.4. ChemProt summary statistics for training, development (dev), and test
sets. The entity pairs are annotated with 11 relation groups in ChemProt and we refer

to pairs whose relation information cannot be inferred from the context as Other.

Statistics Train Set | Dev Set Test Set
# abstracts 1020 612 800
# relations 18046 11294 15712
# CPIs 6437 3558 5744
# entities 25752 15567 20828
# chemical entities 13017 8004 10810
# unique chemical entities 3710 2517 3442
# protein entities 12735 7563 10018
# unique protein entities 4610 3018 3757
# duplicate entity pairs in relations | 98 86 158
# of CPR:0 1 2 0

# of CPR:1 308 153 215
# of CPR:2 1652 780 1743
# of CPR:3 T 552 667
# of CPR:4 2260 1103 1667
# of CPR:5 173 116 198
# of CPR:6 235 199 293
# of CPR:7 29 19 25

# of CPR:8 34 2 25

# of CPR:9 727 457 644
# of CPR:10 241 175 267
# of Other 11664 7780 9987
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Secondly, we focus on both multi-class relation extraction and binary relation
extraction from sentences throughout this study. Therefore, although sentence splitting
and entity pair construction are applied in the same way for both binary and multi-
class relation extraction tasks, there are two different relation label assignments for

entity pairs in two tasks.

3.2.1. Sentence Splitting

We split the abstracts into sentences via GENIA Sentence Splitter [63], since we
extract the sentence-based relations between chemicals and proteins. GENIA Sentence
Splitter is a widely used sentence splitter for biomedical texts. It is a classification
model trained on GENIA Corpus [62] with a supervised learning method. After it
identifies the candidate positions to split the text considering the several delimiters
such as periods, commas, quotation marks, and parentheses, it decides whether each
candidate has a real sentence splitter position. Apart from the delimiters, it takes into
account several features such as capitalization of previous and next words, the existence

of commas in previous and next words in order to have better sentence splitting.

3.2.2. Chemical and Protein Entity Pair Construction

After an abstract is split into sentences, the start and end offsets of each sentence
in the abstract are determined. Given the start and end offsets of each entity in
the abstract from the entities file in ChemProt, we decide whether protein/gene or
chemical entities exist in the sentence. If a sentence contains at least a chemical and
a protein/gene, it has a candidate relation between a chemical and a protein/gene for

the model training and the prediction.

A chemical and a protein/gene in a sentence is called “Chemical and Protein
Entity Pair”. We determine whether there is a relation between them according to the
given relation labels in the relations file in ChemProt. If any chemical and protein

entity pair in a sentence does not have a relation label in the relations file, its label is
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assigned as Other.

In Figure 3.1, four sentences are given as examples in an example abstract. The
first sentence has a chemical (Tomudez) and four proteins/genes (p27(kip1), cyclin E,
cdk2, and kinase). Tomuder and four different proteins/genes construct four different
“Chemical and Protein Entity Pairs” in this example. Chemical and protein entity
pairs constructed are colored in yellow in the figure. Each chemical and protein entity

pair has a label (CPR:0 to CPR:9 or Other).

3.2.3. Entity Markers

We surrounded the target entities (chemicals and proteins) in the sentences with
opening and closing tags to mark their location, following [64]. We tagged chemicals
with <el> and </el> and proteins with <e2> and </e2> to encode entity type
and location during training. When a sentence had multiple chemical - protein pairs,
we considered each pair separately and created copies of the sentence with different
tags. Table 3.5 provides an example of input and its two preprocessed forms. In the
example, the raw sentence contains two chemicals (gefitinib, erlotinib) and one protein
(EGFR), creating two protein - chemical pairs. Thus, we create two different forms
of the sentence to encode each protein - chemical pair separately. We use <el> and

<e2> tags to enclose chemicals and proteins, respectively.

3.2.4. Relation Label Assignment for Binary Relation Extraction

The entity pairs with the first 10 relation groups (CPR:0 to CPR:9) are con-
sidered positive samples and labeled as 1 in binary relation extraction. On the other
hand, CPR:10 is saved for not relation, since sentences indicate there is no relation
between the pair of entities. Thus, the entity pairs in CPR:10 and Other class are
considered negative samples. These entity pairs are labeled as 0 in the binary relation
extraction task. Table 3.6 illustrates the relation label assignment for the binary rela-

tion extraction task. In our examples, an abstract with 14967461 PMID has gefitinib
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are colored in yellow.
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Table 3.5. An example of preprocessing. We use <el> and <e2> tags to enclose

chemicals and proteins, respectively.

Raw Sentence | EGFR inhibitors currently under investigation include the small

molecules gefitinib and erlotinib.

Preprocessed | <e2>EGFR</e2> inhibitors currently under investigation include

Form I the small molecules <el>gefitinib</el> and erlotinib.

Preprocessed | <e2>EGFR</e2> inhibitors currently under investigation include

Form II the small molecules gefitinib and <el>erlotinib</el>.

and Epidermal growth factor receptor as a chemical and a protein, respectively. These
entities have a relation named CPR:4 in the relations file. Since entities in the first 10
relation groups (CPR:0 to CPR:9) are considered positive samples, the relation of the
entities is labeled as 1 in the binary relation extraction task. On the other hand, the
relations file has no record about the relations between mitiglinide and SUR2A in an
abstract with 11716850 PMID. Therefore, the binary label of these entities is set 0 in
the task.

Table 3.6. Examples of relation label assignment in binary relation extraction.

Article Chemical Protein Relation | Label
ID Group

14967461 | gefitinib Epidermal growth factor receptor | CPR:4 1
7678677 Alprenolol beta 1-adrenoceptors CPR:6 1
11511858 | androgen nuclear receptors CPR:7 1
11716850 | mitiglinide SUR2A CPR:10 0
16357751 | methotrexate | tumor necrosis factor Other 0

After the label assignment for chemical and protein entity pairs, duplicate entity

pairs and their binary relation labels are arranged by the following strategy:
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o [f at least one of the relation groups for the same pair of entities in a sentence is
one of the first 10 relation groups (CPR:0 to CPR:9), the relation group is kept

once for the specified entity pair and assigned its relation label 1.

Table 3.7 includes the statistics of binary relation labels for binary relation ex-
traction. As mentioned in sentence splitting, since abstracts are split into sentences
via GENIA, some of the relations that are not in a sentence are filtered out. In this
study, the relations in the same sentence with the same protein, chemical, and rela-
tion type are denoted as duplicate relations. After they are involved in training only
once, we observe that negative entity pairs are more frequent than positive entity pairs.
However, the training, the development, and the test sets have a similar distribution

of relation labels.

Table 3.7. Positive and negative relation label statistics for binary relation extraction
in ChemProt. Even though negative entity pairs are more frequent than positive

ones, a similar distribution of relation labels exists in three data sets.

Statistics Train Set | Dev Set | Test Set

# positive labels 6143 3339 5459
# negative labels 11903 7955 10253

3.2.5. Relation Label Assignment for Multi-class Relation Extraction

The relations of entity pairs in CPR:3, CPR:4, CPR:5, CPR:6, and CPR:9 are
tagged identically to their relation groups in ChemProt for multi-class relation ex-
traction. Since BioCreative VI: Chemical-Protein Interaction (ChemProt) Track does
not evaluate the entity pairs in CPR:0, CPR:1, CPR:2, CPR:7, CPR:8, CPR:10, and
Other, the entities are considered as joint samples and labeled as CPR:X in multi-class
relation extraction. Table 3.8 illustrates the relation label assignment for multi-class
relation extraction. In our examples, an abstract with 14967461 PMID has gefitinib

and Epidermal growth factor receptor as a chemical and a protein, respectively. These
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entities have a relation named CPR:4 in the relations file. Since the pairs of entities
have relations in the first 10 relation groups (CPR:0 to CPR:9), their relation groups of
the pairs are directly used as their relation labels in the multi-class relation extraction
task. On the other hand, an abstract with 11716850 PMID has a CPR:10 relation with
mitiglinide as a chemical and SUR2A as a protein. However, since CPR:10 is not in
5 relation groups that are evaluated in BioCreative VI: Chemical-Protein Interaction
(ChemProt) Track, the relation labels of the entity pairs in CPR:10 are considered

CPR:X in multi-class relation extraction.

Table 3.8. Examples of relation label assignment in multi-class relation extraction.

Article | Chemical Protein Relation | Label
ID Group

14967461 | gefitinib Epidermal growth factor receptor | CPR:4 CPR:4
7678677 | Alprenolol beta 1-adrenoceptors CPR:6 CPR:6
11511858 | androgen nuclear receptors CPR:7 CPR:X
11716850 | mitiglinide SUR2A CPR:10 | CPR:X
16357751 | methotrexate | tumor necrosis factor Other CPR:X

After the label assignment for chemical and protein entity pairs, duplicate entity

pairs and their multi-class relation labels are arranged by the following strategy:

e If each of the relation groups for the same pair of entities in a sentence is one of
CPR:3, CPR:4, CPR:5, CPR:6, and CPR:9, all relation groups with the specified
entity pair are directly considered as relation labels.

e For the same pair of entities in a sentence, their relation groups can be one of
the 5 relation groups in ChemProt evaluation (CPR:3, CPR:4, CPR:5, CPR:6,
and CPR:9) as well as CPR:0, CPR:1, CPR:2, CPR:7, CPR:8 and Other. In
this case, the specified pair of entities and their relation groups from 5 evaluated
relation groups are kept and the others are removed from the sample set.

o If all relation groups for the same pair of entities in a sentence are any of CPR:0,
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CPR:1, CPR:2, CPR:7, CPR:8, and Other, the specified pair of entities are re-

tained only once and their relation label is assigned as CPR:X.

As a summary of the relation label assignments, Table 3.9 denotes the binary and

multi-class relation extraction labels for the entity pairs in ChemProt.

Table 3.9. Binary and multi-class relation labels for Chemical - Protein Relations

(CPR) in ChemProt.

Relations | Binary Label | Multi-class Label
CPR:0 1 CPR:X
CPR:1 1 CPR:X
CPR:2 1 CPR:X
CPR:3 1 CPR:3
CPR:4 1 CPR:4
CPR:5 1 CPR:5
CPR:6 1 CPR:6
CPR:7 1 CPR:X
CPR:8 1 CPR:X
CPR:9 1 CPR:9
CPR:10 0 CPR:X
Other 0 CPR:X

3.3. Sentence-based Input Representation

This study considers sentences having at least one chemical and protein entity
pair, since it aims to extract the relations between target entities in sentences. There-
fore, we ignore ones not having at least one chemical and protein entity pair. After
abstracts are processed as mention in Section 3.2, chemical and protein entity pairs

in sentences are constructed. Chemicals and proteins in sentences are marked with
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special tags. In the end, sentences and their entity pairs have only one relation la-
bel. Sentences with the special tags and their relation labels feed different types of
relation extraction models. Table 3.10 illustrates the input representation using entire

sentences.

Table 3.10. Example inputs generated using entire sentences.

Preprocessed Sentences

<el> Alprenolol </el> and BAAM at 10(-7), 3 x 10(-7), and 10(-6) M inhib-

ited the cardiac stimulation response slightly, which is indicative of membrane-

stabilizing activity independent of <e2> beta-adrenoceptor </e2> blockade.

Dopamine D(2) receptor-induced <e2> COX-2 </e2> -mediated production
of <el> prostaglandin E(2) </el> in D(2)-transfected Chinese hamster ovary

cells without simultaneous administration of a Ca(2-+)-mobilizing agent.

3.4. Dependency Tree-based Input Representations

As with sentence-based input representation, we consider sentences having at least
one chemical and protein entity pair in these representations. We create two different
dependency tree-based input representations: (i) Shortest Subsequence of Chemical
and Protein Entity Pair, (ii) Shortest Subsequence Including Chemical and Protein
Entity Pair and Their Parent Node. Firstly, we provide an overview of the background

of the dependency parser and tree.

3.4.1. Dependency Parser and Tree

Dependency grammars are grammar formalisms that are based on dependency
relations between pairs of words in a sentence. Words and sets of directed grammatical
relations among the words describe the syntactic structure of a sentence. Relations

among words in a sentence are represented by the labeled or unlabeled arcs from heads
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to dependents. Since labels represent fixed grammatical relations among words, this
kind of grammatical description for the syntactic structure of a sentence is called a

typed dependency structure [65].

The notion of grammatical relation provides the basis for the binary relations
that involve dependency structures. The arguments of a relation comprise a head and
a dependent. Since the head word of a constituent is a central word, the remaining
words in the constituent are dependents on their head. Figure 3.2 illustrates depen-
dency analysis using graphical way in the dependency parsing. Whereas nodes in the
dependency parsing stand for the words, arcs represent the binary dependency relations

between words. A root node implies the head of the whole structure.
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Figure 3.2. Dependency tree of a sentence in ChemProt. We used Stanza library 66|
derived from The Stanford CoreNLP Natural Language Processing Toolkit [67] to

parse a sentence. The green node indicates the root node of the sentence in the tree.

Dependency structures are acyclic directed graphs whose structure are G = (V,
A) including a set of vertices V and a set of arcs A [68|. Vertices correspond to words
in a sentence, while arcs correspond to grammatical relations between the vertices in

V. The graph is called Dependency Tree under the following constraints [65]:
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e The dependency tree includes the entire input.

e There is a single root node having no incoming arcs.

e There is no cycle between any two nodes.

e Apart from the root node, each vertex has only one incoming arc. In other words,
each vertex has only one parent node.

e Each vertex is reachable from the root node by following a unique path.

Dependency trees have been widely used in a range of NLP tasks such as named
entity recognition [69], sentiment classification [70], and question answering [71], [72].
In relation extraction, dependency tree patterns of target entities are used as features
that feed different machine learning algorithms [73| and neural network architectures
[74]. In biomedical relation extraction, since sentences of biomedical texts are long and
complex, studies benefit from dependency trees of sentences so as to obtain helpful and

understandable relations between words in sentences with annotated edges [75].

3.4.2. Shortest Subsequence Between Chemical and Protein Entity Pair

As biomedical texts generally have long and complex sentences, they may contain
some words that do not contribute to extracting relation information from sentences.
Due to the redundancy in sentences, relation extraction models may not capture the
relation information from sentences. We investigate whether relation extraction models
have higher results with simplified input sequences. For this purpose, we simplify a
sentence by taking the shortest subsequence that includes two nodes of target entities
in the dependency tree. Nodes linked with target entities are traced up to extracting
the minimal subtree in the dependency tree. Other tokens out of the subsequence are

removed from the input sentence. We apply the following steps:

e Find the shortest path between specified entities
e Get a minimum and a maximum node id in the shortest path

e Take the nodes having ids between the minimum and the maximum node id
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Table 3.11 illustrates the input representation derived from the shortest subse-
quence of chemical and protein entity pair. Dependency trees of our examples are
presented in the Appendix A. For the first example in the table, dicoumarol is a chem-
ical with node id 6 and NQOI is a protein/gene with node id 13 in Figure B.1. The
shortest path between the entities has nodes with ids of 6, 10, 12, and 13. The min-
imum id is 6, whereas the maximum id is 13 in the shortest path. Finally, we take
the nodes with ids of 6, 7, 8 9, 10, 11, 12, and 13 inside dashes in the figure. At
the end, we have a shortest subsequence between entities with an important keyword
which is inhibitor in this example. For the second sentence in the table, AMPK and
malonyl CoA are target entities that are a protein/gene and a chemical, respectively in
the sentence from an abstract with 16642960 PMID. In Figure B.3, the node of AMPK
is colored in blue and the node of malonyl CoA is colored in red in the dependency
tree of the sentence. Although the node of AMPK is the parent node of malonyl CoA,
a subsequence in the sentence can not be created with only these two nodes. These
two nodes and the child nodes of malonyl CoA (or, decrease, and, /) construct the
shortest subsequence of the sentence. For the last sentence in the table, target entities
are AspRSs (chemical) and Gly (protein/gene) in the sentence from an abstract with
165997625 PMID. As shown in Figure B.4, in the dependency tree of the sentence,
AspRSs and Gly are colored in blue and red, respectively. First of all, since allowed
and placing are in the path between two target entities, the shortest subsequence in-
cludes two of them as well as target entities. Although Gly is a parent node of 269
and position is the child node of placing, two different sub-trees that have parent nodes
as position and 269 do not contribute the shortest subsequence of the entities. The
reason for this is that AspRSs, allowed, placing, and Gly are sufficient for the shortest

path between the target entities. Other nodes are removed from the sentence.

3.4.3. Shortest Subsequence Including Chemical and Protein Entity Pair
and Their Parent Node

We trim a sentence by taking the shortest subsequence that includes not only

two target entities but also their common parent node in its dependency tree. Firstly,



Table 3.11. Example inputs generated by the shortest subsequence between a

chemical and protein entity pair in a sentence.

Preprocessed Sentences

The Shortest Subsequence
Between Target Entities

The mNQO activity was insensitive to
<el> dicoumarol </el> , a potent in-
hibitor of cytosolic <e2> NQO1 < /e2>

<el> dicoumarol </el> , a po-
tent inhibitor of cytosolic <e2>
NQO1 </e2>

The possibility is also raised that phar-
macological agents and other factors
that activate <e2> AMPK </e2>
and/or decrease <el> malonyl CoA

< /el> could be therapeutic targets.

<e2> AMPK < /e2> and / or de-

crease <el> malonyl CoA </el>

<e2> Cyclooxygenase </e2> (COX)-

2 and membrane-bound <el>
prostaglandin E </el>

(mPGES-1) were induced by treat-

synthase-1

ment with lipopolysaccharide (LPS)
but not with PS liposomes.

<e2> Cyclooxygenase </e2> (
COX)) - 2 and membrane - bound
<el> prostaglandin E </el>

synthase

Sequence alignments of various <e2>
AspRSs </e2> allowed placing <el>
Gly </el> -269 at a position occupied
by Asp-220, the residue contacting G73
in the crystallographic structure of E.

coli AspRS-tRNA(Asp) complex.

<e2> AspRSs </e2> allowed
placing <el> Gly </el>

33
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two nodes of target entities in a sentence are involved in the shortest subsequence, as
explained in Section 3.4.2. Then, the parent of this sub-tree is marked. We extend the
previous approach by adding the parent node id. We find the minimum and maximum
node id in the shortest path and the parent node. Other steps are directly applied in the
same way as the previous approach. Finally, a subsequence that includes their parent
node and the shortest sequence of target entities is determined in the dependency tree
of a sentence. We remove the remaining tokens out of the new subsequence from the

input sentence.

We explain this approach with the following examples with their dependency trees
presented in the Appendix A. For the first example in Table 3.12, stathmin and CCNU
are target entities, while inhibition is the parent node. By considering the parent node,
we take inhibition keyword in the dependency tree inside dashes in Figure B.2. For
the second sentence in Table 3.12, activate is the common parent node of AMPK and
malonyl CoA in the dependency tree, as shown in Figure B.3. The shortest subsequence
of target entities is constructed as in Section 3.4.2. In addition to it, a new subsequence
consists of activate as a parent node and the shortest subsequence containing A MPK,
and, /, or, decrease, and malonyl CoA. We remove the remaining linked nodes out of
the new subsequence from the sentence. By adding the parent node into the shortest
sequence, we examine the importance of the parent node in the relation representation.
For the last sentence in Table 3.12, alignments is the common parent node of AspRSs
and Gly in the dependency tree, as shown in Figure B.4. The shortest sequence of
target entities forms of AspRSs, allowed, placing, and Gly as explained in Section 3.4.2.
A new subsequence starts with alignments as a common parent node. The sequence
continues with its minimal sub-tree having the shortest subsequence of target entities.
Therefore, it involves of and warious that are linked to AspRSs in order to obtain a
part of the sentence. Finally, we ignore two different sub-trees that begin with the

node of 269 and the node of position.



entities and their parent node in a sentence.

Preprocessed Sentences

The Shortest Subsequence
Including Target Entities and
Their Parent Node

The direct inhibition of <e2> stathmin
</e2> by <el> CCNU </el> is likely

a contributing factor.

inhibition of <e2> stathmin

</e2> by <el> CCNU < /el>

The possibility is also raised that phar-
macological agents and other factors
that activate <e2> AMPK </e2>
and/or decrease <el> malonyl CoA

< /el> could be therapeutic targets.

activate <e2> AMPK </e2>
and / or decrease <el> malonyl

CoA </el>

<e2> Cyclooxygenase </e2> (COX)-

2 and membrane-bound <el>
prostaglandin E </el>

(mPGES-1) were induced by treat-

synthase-1

ment with lipopolysaccharide (LPS)
but not with PS liposomes.

<e2> Cyclooxygenase </e2> (
COX)) - 2 and membrane - bound
<el> prostaglandin E </el>
synthase - 1 (m PGES - 1) were

induced

Sequence alignments of various <e2>
AspRSs </e2> allowed placing <el>
Gly </el> -269 at a position occupied
by Asp-220, the residue contacting G73
in the crystallographic structure of E.

coli AspRS-tRNA(Asp) complex.

alignments of various <e2> As-
pRSs </e2> allowed placing

<el> Gly </el>
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Table 3.12. Example inputs generated by the shortest subsequence, including target
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3.5. Relation Extraction

Our Chemical-Protein Interaction Classification is a task of whether chemical
and protein entities in a sentence have a specified relation in ChemProt data set.
Throughout this study, we extract the relation information of target entities from
sentences. The relations of target entities in ChemProt are categorized into 11 distinct
relation groups. The first 10 relation groups (CPR:0 to CPR:9) indicate the diverse
types of biochemical relations. However, the last relation group (CPR:10) is declared
as not relation, since the sentence directly expresses that there is no relation between

the specified entity pairs.

In this study, Chemical-Protein Interactions Classification and Relation Extrac-
tion are used to state the same purpose. This study focuses on 2 different relation

extraction tasks on ChemProt:

e Binary Relation Extraction aims to determine whether chemical and protein en-
tities in a sentence are biochemically related. The entity pairs in the first 10
relation groups (CPR:0 to CPR:9) are treated as positive samples. The entity
pairs in the last relation group (CPR:10) and Other are considered as negative
samples, since the sentences for these two groups do not express that there is a
relation between the target entity pairs. Therefore, relation label assignment for
binary relation extraction is applied to the actual relation groups in ChemProt
during training.

e Multi-class Relation Extraction aims to extract the specified relation types be-
tween chemical and protein entities in a sentence if there is a biochemical relation
between them. The specified relation groups are CPR:3, CPR:4, CPR:5, CPR:6,
and CPR:9 in The BioCreative VI track 5 ChemProt task. We treat the entity
pairs in the remaining relation groups (CPR:1, CPR:2, CPR:7, CPR:8, CPR:10)
and Other as joint samples. Thus, relation label assignment for multi-class re-
lation extraction is applied to the actual relation groups in ChemProt during

training.



37

This study focuses on the binary and multi-class relation extractions in ChemProt
using transformer-based architectures. In this section, we give detailed information

about our binary and multi-class relation extraction models.

Transformer-based approaches have been widely used and achieved the state-of-
the-art results on relation extraction tasks [43], [49]. In this study, we use transformer-
based models for both binary and multi-class relation extractions in ChemProt. Al-
though the two relation extraction tasks have two different objectives and outputs,

their solution designs are similar in our approaches.

We present the training pipeline of the relation extraction in Figure 3.3. The
workflow of the relation extraction starts with splitting abstracts from ChemProt to
sentences by GENIA Sentence Splitter [62]. Chemical and protein entity pairs in a
sentence are constructed by given the locations of the entities in ChemProt. A sen-
tence with a chemical and protein entity pair is labeled with its relation group from
ChemProt. For the two different relation extraction tasks (binary and multi-class), re-
lation label assignments are applied to specify the relation label. In addition, we insert
predefined entity markers into sentences having chemical and entity pairs to identify
the locations of the entities. Afterward, one of the three different input representations
is selected. If we choose one of the dependency tree based input representations, the
sentence is modified, explained in Section 3.4. Each input is tokenized by a tokenizer
which is constructed by WordPiece vocabulary on different corpora. After tokenization,
a transformer-based model is fine-tuned by learning the entity start and end markers
from scratch and creates a fixed-length relation representation for the starting tag CLS.
A single linear layer with softmax activation is trained with the vector of CLS tag in
an input. The combined architecture predicts the relation label for the input. We
calculate Cross-Entropy Loss as a loss function during the prediction of the relation

label. An optimizer with its parameters is used to minimize the loss.

For both binary and multi-class relation extraction experiments, BioBERT and

SciBERT are used as transformer-based models, since they are pretrained on biomedical
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Figure 3.3. The training pipeline behind our transformer-based relation extraction

model on ChemProt. Our preprocessing steps are colored orange. A

Transformer-based model, its tokenizer, and an output layer are colored blue.
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documents. When we conduct the experiments with BioBERT, a tokenizer is the same
as a tokenizer in BERTgasg. On the other hand, a tokenizer derived from SciVOCAB
is used during the training of the relation extraction tasks with SciBERT. The linear
layer with softmax activation has 2 output neurons for the binary relation extraction
task, while it has 6 output neurons for the multi-class relation extraction task. Lastly,
Cross-Entropy Loss is selected as a loss function to calculate the loss between the actual
relation label and the predicted label. Technical details about BioBERT and SciBERT

are as follows:

e The initial weights of BioBERT v.1.1 which has 12 layers, 768 hidden size, and
110M parameters are used. (accessed by https://huggingface.co/monologg/
biobert_v1.1_pubmed)

e The initial weights of SciBERT which has 12 layers, 768 hidden size, and 110M pa-
rameters are used. (accessed by https://huggingface.co/allenai/scibert_

scivocab_cased)

3.5.1. Binary Relation Extraction

A binary relation extraction model is composed of a transformer-based model
and a binary classification layer. Inputs are tokenized by using WordPiece tokeniza-
tion. Biochemical entities are enclosed with predefined tags (<el> and <e2>). In
addition, the transformer-based model uses CLS and SEP tags as fixed-length relation
representation and sentence separation, respectively. The binary classification layer is
trained with the vector of CLS token from the transformer-based model finetuned by
adding entity markers. Figure 3.4 shows our binary relation extraction model trained
with ChemProt data set. We use the training pipeline for relation extraction, shown
in Figure 3.3, with the selected input representation. Among our all experiments with
BioBERT and SciBERT, BioBERT finetuned by entire sentences with the following

parameters outperforms our other binary relation extraction models:



40

e After the hyperparameter tuning, AdamW with learning rate 3e-5 and weight

decay 0.3 is selected as the best parameters in our study.
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Figure 3.4. Binary Relation Extraction Model. The model is composed of a

transformer-based model and a binary classification layer.

3.5.2. Multi-class Relation Extraction

Our multi-class relation extraction model is composed of a transformer-based
model and a linear layer with softmax activation. Inputs are tokenized by using Word-
Piece tokenization. Biochemical entities are enclosed with predefined tags (<el> and
<e2>). In addition, the transformer-based model uses CLS and SEP tags as fixed-
length relation representation and sentence separation, respectively. The linear classifi-
cation layer is trained with the vector of CLS token from the transformer-based model
finetuned by adding entity markers. Unlike the binary relation extraction model, the
linear layer has 6 neurons, where there are 5 relation classes and 1 joint class. Rela-
tion groups CPR:3, CPR:4, CPR:5, CPR:6, and CPR:9 are considered relation classes,
while we called the remaining relation groups (CPR:1, CPR:2, CPR:7, CPR:8, CPR:10)
and Other as CPR:X. Figure 3.5 shows our multi-class relation extraction model. We

use the training pipeline for relation extraction, shown in Figure 3.3, with the se-
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lected input representation. Among our all experiments with BioBERT and SciBERT,
BioBERT finetuned by entire sentences with the following parameters outperforms our

other multi-class relation extraction models:

o After the hyperparameter tuning, AdamW with learning rate 3e-5 and weight

decay 0.1 is selected as the best parameters in our study.

CPR:3 CPR:4 CPR:5 CPR:6 CPR:9 CPR:X

f

Linear Layer with Softmax Activation

5NN ENEN EEEE B
ttt trrr tttr ot

Transformer Layers

ETIIRILLE

<el>  w, w; </el> <e2> W w, </e2> SEP

Label

Relation
Representation

Input
Tokens

Figure 3.5. Multi-class Relation Extraction Model. The model is composed of a

transformer-based model and a linear layer with softmax activation.

3.6. Experiment Design

We conducted a hyper-parameter search with different optimizers, learning rates,
and weight decays. We trained a model 10 times per parameter combination and
selected the best one based on the Fl-score and micro-averaged F1-score on the de-
velopment set for binary and multi-class relation extraction, respectively. In binary
relation extraction, we selected the best setting for relation extraction and computed
mean precision, recall, and F1l-score as well as the standard deviation on ChemProt
development (dev) and test sets. In multi-class relation extraction, we selected the

best setting for relation extraction and computed mean micro precision, micro recall,
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micro-averaged F1l-score, and macro-averaged F1l-score as well as the standard devia-
tion on ChemProt development and test sets. On the other hand, Cross-Entropy Loss

is selected as a loss function during the model training.

The parameter search strategy is applied to find the optimal parameters mini-
mized Cross-Entropy Loss for binary and multi-class relation extraction models. In
transformer-based models, we set the batch size to 16 and select the Cross-Entropy
Loss function as a loss function during all model training experiments. Learning rate,
weight decay, and optimizer are searched to reach the minimum Cross-Entropy Loss
value on ChemProt development and test sets by taking the best model out of 10 mod-
els trained with different parameter combinations. Table 3.13 indicates all parameters
kept constant and searched with their search space during both binary and multi-class

relation extraction experiments.

Table 3.13. Parameters of BioBERT and SciBERT. Batch size and loss function are
kept constant for experiments of two tasks. We search for the best combination of the

learning rate, weight decay, and an optimizer with their search space.

Network Parameter Value
Epochs 4

Batch Size 16
Loss function Cross-Entropy Loss
Learning Rate le-5, 2e-5, 3e-5, 4e-5, 5e-5
Weight Decay 0.01, 0.02, 0.03, 0.1, 0.2, 0.3

Momentum 0.99

Optimizer AdamW [76], Adam [77], SGD

We assess our models with different evaluation metrics throughout this study.
The automatically extracted relations are compared with the manually annotated (gold
standard) relations in ChemProt. We use precision, recall and F1-score to evaluate our

binary relation extraction approaches. Precision is the proportion of correctly retrieved
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relations to all retrieved relations from our relation extraction approaches. Recall is
defined as the proportion of correctly retrieved relations to all manually annotated
relations. F1-score is calculated as the harmonic mean of precision and recall. On the
other hand, we use micro precision, micro recall, micro-averaged F1-score, and macro-
averaged Fl-score to evaluate our multi-class relation extraction approaches on five
relation groups (CPR:3, CPR:4, CPR:5, CPR:6, CPR:9). Micro precision is defined as
the proportion of the sum of correctly retrieved relations for five relation groups to all
retrieved relations belonging to five relation groups, whereas micro recall is defined as
the sum of correctly retrieved relations for five relation groups to all manually annotated
relations belonging to five relation groups. Micro-averaged Fl-score is the harmonic
mean of micro precision and micro recall values. Macro precision is defined as the mean
of five precision values of five relation groups. Macro recall is defined as the average
of five recall values of five relation groups. Macro-averaged F1-score is performed by

taking average of Fl-score for five relation classes.

In BioCreative VI: Chemical-Protein Interaction (ChemProt) Track, micro-averaged
Fl-score on five relation groups is the main metric to evaluate predicted relations
against manually annotated relations, since the size of the data set of five relation
groups is different from each other. As micro-averaged F1-score depends on the data set
size on relation groups, it can be high even if multi-class relation extraction approaches
perform poorly on a rare relation group. In addition, we report macro-averaged F1-
score to evaluate our multi-class relation extraction approaches on five relation groups

regardless of their data set size.
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4. EXPERIMENTS AND RESULTS

Throughout this study, we conducted experiments using BioBERT and SciBERT
with three input representations: (i) the sentence-based input representation, (ii) the
shortest sequence between chemical and protein pairs, and (iii) the shortest sequence
including chemical and protein pairs and their parent nodes. In this chapter, we present
the scores tables of our binary and multi-class relation extraction experiments. At the
end of this chapter, we discuss the three input representations with relation extraction
models. In addition, we provide an examination of the relation extraction models with
BioBERT and SciBERT. In this section, we make discussion on the model results on

the development set.

4.1. Binary Relation Extraction Experiments with BioBERT

4.1.1. Binary Relation Extraction with Sentence-based Input Representa-

tion

e Development Set Results

Table 4.1. The mean and standard deviation (std) of evaluation metrics in the
development set with parameters used in binary relation extraction with BioBERT

using the entire sentence.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.733+0.012 | 0.80540.018 | 0.767+0.004

AdamW le-5 0.2 0.7761+0.037 | 0.78440.048 | 0.778=£0.009

AdamW le-5 0.3 0.74840.027 | 0.77740.043 | 0.761£0.01

AdamW 2e-b 0.1 0.7614+0.049 | 0.77240.078 | 0.762+0.022

AdamW 2e-5 0.2 0.763+0.026 | 0.80340.026 | 0.782+0.01




Table 4.1. The mean and std of evaluation metrics in the dev set. (cont.)

45

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW 2e-5 0.3 0.7624+0.017 | 0.8114+0.03 | 0.785£0.008
AdamW 3e-b 0.1 0.7794+0.029 | 0.78440.053 | 0.78+0.018

AdamW 3e-5 0.2 0.766+0.02 | 0.79940.029 | 0.781£0.007
AdamW 3e-5 0.3 0.763+0.012 | 0.81240.018 | 0.787£0.005
Adam le-5 0.01 0.455£0.005 | 0.459£0.022 | 0.45740.009
Adam le-5 0.02 0.46940.008 | 0.44840.018 | 0.458+0.007
Adam le-5 0.03 0.4684+0.006 | 0.44840.012 | 0.4584+0.007
Adam 2e-5 0.01 0.478+0.012 | 0.43240.033 | 0.45340.014
Adam 2e-5 0.02 0.4814+0.007 | 0.436+0.017 | 0.457£0.009
Adam 2e-5 0.03 0.501£0.013 | 0.4284+0.027 | 0.46140.012
Adam 3e-5 0.01 0.5124+0.009 | 0.43£0.019 | 0.467£0.008
Adam 3e-5 0.02 0.512+0.008 | 0.41940.022 | 0.46+0.011

Adam 3e-5 0.03 0.511£0.005 | 0.416£0.021 | 0.4584+0.012
Adam de-5 0.01 0.525+0.011 | 0.401£0.036 | 0.45340.021
Adam de-5 0.02 0.5314+0.016 | 0.39640.035 | 0.452+0.019
Adam de-5 0.03 0.533+0.016 | 0.41540.039 | 0.465+0.019
Adam 5e-b 0.01 0.52940.014 | 0.43840.038 | 0.478+0.019
Adam 5e-H 0.02 0.526+0.032 | 0.45140.077 | 0.48+0.038

Adam be-H 0.03 0.502+0.035 | 0.47440.194 | 0.50540.05

SGD le-5 0.01 0.734£0.023 | 0.238+£0.113 | 0.343£0.148
SGD le-5 0.02 0.722+0.01 0.291+0.031 | 0.414+0.031
SGD le-5 0.03 0.73240.01 0.27440.048 | 0.396+0.051
SGD 2e-5 0.01 0.719£0.015 | 0.429£0.128 | 0.52540.108
SGD 2e-5 0.02 0.714£0.014 | 0.462+0.029 | 0.56+0.023

SGD 2e-H 0.03 0.718+0.012 | 0.42740.051 | 0.53440.044
SGD 3e-5 0.01 0.719£0.019 | 0.548+0.052 | 0.62+0.033

SGD 3e-5 0.02 0.7344+0.022 | 0.507£0.072 | 0.596£0.046
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay
SGD 3e-5 0.03 0.723+0.019 | 0.48240.095 | 0.572+0.076
SGD de-b 0.01 0.733+0.03 | 0.57840.059 | 0.643+0.03
SGD de-5 0.02 0.7324+0.018 | 0.53640.088 | 0.614+0.062
SGD de-5 0.03 0.72940.024 | 0.53340.063 | 0.613£0.039
SGD be-H 0.01 0.728+0.018 | 0.62240.033 | 0.67140.02
SGD be-H 0.02 0.726+0.019 | 0.61£0.051 0.66140.026
SGD be-H 0.03 0.725+0.019 | 0.53740.062 | 0.61440.04

o Test Set Results

Table 4.2. The mean and standard deviation (std) of evaluation metrics in the test

set with parameters used in binary relation extraction with BioBERT using the entire

sentence.
Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.7840.01 0.751£0.022 | 0.765+0.011
AdamW le-5 0.2 0.840.038 0.7144£0.075 | 0.751£0.031
AdamW le-5 0.3 0.79240.018 | 0.71940.048 | 0.752+0.021
AdamW 2e-H 0.1 0.815+0.026 | 0.72640.052 | 0.766+0.02
AdamW 2e-H 0.2 0.804+0.021 | 0.74+0.032 | 0.77+0.011
AdamW 2e-b 0.3 0.806+0.018 | 0.74£0.032 | 0.771£0.013
AdamW 3e-5 0.1 0.813+0.019 | 0.72440.051 | 0.765£0.024
AdamW 3e-5 0.2 0.8024+0.014 | 0.75240.039 | 0.775+0.017
AdamW 3e-5 0.3 0.804+0.014 | 0.75340.022 | 0.778=+0.006
Adam le-5 0.01 0.511£0.006 | 0.45540.022 | 0.48140.01
Adam le-5 0.02 0.5174+0.007 | 0.43940.015 | 0.475£0.008
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam le-5 0.03 0.51940.003 | 0.44+0.012 | 0.477£0.006
Adam 2e-5 0.01 0.5224+0.009 | 0.42340.029 | 0.466£0.015
Adam 2e-5 0.02 0.525+0.002 | 0.421£0.019 | 0.46740.012
Adam 2e-5 0.03 0.53440.01 0.39840.027 | 0.45640.016
Adam 3e-5 0.01 0.55+0.006 | 0.404£0.016 | 0.46540.009
Adam 3e-5 0.02 0.55+0.008 | 0.440.022 0.463+0.013
Adam 3e-5 0.03 0.55140.006 | 0.39940.014 | 0.463£0.009
Adam de-5 0.01 0.55940.01 0.38840.036 | 0.45740.023
Adam de-5 0.02 0.558+0.01 0.37840.038 | 0.449+0.024
Adam 4e-5 0.03 0.562+0.01 0.3884+0.044 | 0.45740.028
Adam be-H 0.01 0.55940.006 | 0.4124+0.04 | 0.473£0.026
Adam be-H 0.02 0.562+0.017 | 0.415£0.08 | 0.47240.053
Adam 5e-b 0.03 0.54740.027 | 0.44840.189 | 0.512+0.067
SGD le-5 0.01 0.795+0.043 | 0.2474+0.114 | 0.35940.15

SGD le-5 0.02 0.779+0.011 | 0.3014+0.03 | 0.43340.03

SGD le-5 0.03 0.7834+0.009 | 0.28840.046 | 0.419£0.049
SGD 2e-H 0.01 0.75840.023 | 0.4234+0.115 | 0.532+0.099
SGD 2e-H 0.02 0.75540.01 0.45740.025 | 0.56940.019
SGD 2e-5 0.03 0.761£0.008 | 0.426£0.045 | 0.54540.038
SGD 3e-5 0.01 0.751+0.014 | 0.52940.045 | 0.62+0.029

SGD 3e-5 0.02 0.763+0.02 | 0.49340.062 | 0.596£0.042
SGD 3e-5 0.03 0.75940.023 | 0.47540.089 | 0.578+0.074
SGD de-5 0.01 0.7624+0.022 | 0.55240.054 | 0.638+0.032
SGD de-5 0.02 0.761+0.017 | 0.51840.08 | 0.612+0.057
SGD de-5 0.03 0.753+0.028 | 0.52640.061 | 0.616+£0.039




Table 4.2. The mean and std of evaluation metrics in the test set. (cont.)

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

SGD 5e-H 0.01 0.7584+0.016 | 0.59+£0.028 | 0.663£0.018

SGD be-H 0.02 0.7524+0.019 | 0.58440.043 | 0.656£0.022

SGD be-H 0.03 0.751+0.021 | 0.53240.055 | 0.62£0.035

4.1.2. Binary Relation Extraction with The Shortest Sequence Between

Chemical and Protein Entity Pairs

e Development Set Results

Table 4.3. The mean and standard deviation (std) of evaluation metrics in the

development set with parameters used in binary relation extraction with BioBERT

using the shortest subsequence between chemical and protein entity pairs.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.7671+0.022 | 0.74540.037 | 0.755£0.01
AdamW le-5 0.2 0.74940.021 | 0.76840.029 | 0.758=+0.006
AdamW le-5 0.3 0.75840.025 | 0.75940.035 | 0.757+0.007
AdamW 2e-5 0.1 0.755+0.022 | 0.77840.022 | 0.766£0.006
AdamW 2e-5 0.2 0.75940.02 0.7734£0.019 | 0.765£0.004
AdamW 2e-5 0.3 0.757+0.027 | 0.7714+0.035 | 0.763£0.009
AdamW 3e-b 0.1 0.768+0.02 0.766+0.025 | 0.76640.006
AdamW 3e-b 0.2 0.773+0.033 | 0.75440.054 | 0.761£0.013
AdamW 3e-5 0.3 0.7574+0.023 | 0.77240.037 | 0.764£0.01
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay
Adam le-5 0.01 0.7884+0.023 | 0.66840.055 | 0.721£0.026
Adam le-5 0.02 0.772+0.02 | 0.65840.043 | 0.71£0.019
Adam le-5 0.03 0.786+0.032 | 0.59240.088 | 0.67£0.049
Adam 2e-5 0.01 0.75940.021 | 0.69340.05 | 0.723£0.022
Adam 2e-b 0.02 0.752£0.049 | 0.517£0.281 | 0.69+0.029
Adam 2e-5 0.03 0.7574+0.047 | 0.58940.195 | 0.632+0.191
Adam 3e-5 0.01 0.746+0.079 | 0.56340.257 | 0.655£0.132
Adam 3e-5 0.02 0.7524+0.07 | 0.59840.114 | 0.654+0.061
Adam 3e-5 0.03 0.699+0.059 | 0.6124+0.094 | 0.645+0.04
Adam 4e-5 0.01 0.7344+0.068 | 0.49140.271 | 0.66+0.037
Adam de-5 0.02 0.706+0.087 | 0.49640.231 | 0.59540.09
Adam de-5 0.03 0.745£0.072 | 0.198+0.262 | 0.587+0.045
Adam 5e-b 0.01 0.665+0.033 | 0.4£0.347 0.663+0.013
Adam be-H 0.02 0.733+0.109 | 0.22940.263 | 0.541£0.088
Adam 5e-H 0.03 0.7344+0.077 | 0.20540.213 | 0.376£0.205
SGD le-5 0.01 0.753+0.016 | 0.43240.076 | 0.545£0.067
SGD le-5 0.02 0.75+0.014 | 0.428+0.115 | 0.53440.123
SGD le-5 0.03 0.7484+0.011 | 0.43340.054 | 0.546£0.045
SGD 2e-5 0.01 0.772£0.016 | 0.552+0.082 | 0.64+0.059
SGD 2e-5 0.02 0.765+0.01 0.53840.084 | 0.62840.062
SGD 2e-5 0.03 0.771+0.011 | 0.55440.065 | 0.642+0.049
SGD 3e-5 0.01 0.771+0.011 | 0.61440.08 | 0.681£0.054
SGD 3e-5 0.02 0.771+0.029 | 0.576+0.091 | 0.654£0.063
SGD 3e-5 0.03 0.7794+0.032 | 0.57540.073 | 0.658+0.044
SGD de-5 0.01 0.774£0.042 | 0.57840.215 | 0.697£0.046
SGD de-b 0.02 0.77+0.02 0.6414+0.05 | 0.69940.038
SGD de-5 0.03 0.767+0.018 | 0.55940.199 | 0.686£0.023
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

SGD 5e-H 0.01 0.79440.025 | 0.59240.091 | 0.673£0.057

SGD be-H 0.02 0.773+0.019 | 0.64540.042 | 0.702+0.02

SGD be-H 0.03 0.78140.032 | 0.60940.065 | 0.682+0.037

e Test Set Results

Table 4.4. The mean and standard deviation (std) of evaluation metrics in the test

set with parameters used in binary relation extraction with BioBERT using the

shortest subsequence between chemical and protein entity pairs.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.7914+0.022 | 0.703£0.04 | 0.743£0.015
AdamW le-5 0.2 0.777+0.017 | 0.72440.027 | 0.749£0.008
AdamW le-5 0.3 0.78240.022 | 0.71540.039 | 0.746+£0.013
AdamW 2e-5 0.1 0.78240.018 | 0.733£0.021 | 0.756£0.005
AdamW 2e-5 0.2 0.78540.018 | 0.72440.022 | 0.753£0.006
AdamW 2e-H 0.3 0.78840.025 | 0.72640.039 | 0.755£0.012
AdamW 3e-5 0.1 0.795£0.018 | 0.717£0.028 | 0.75440.009
AdamW 3e-b 0.2 0.803+0.027 | 0.70740.054 | 0.75+0.021
AdamW 3e-5 0.3 0.786+0.018 | 0.7214+0.042 | 0.751£0.019
Adam le-5 0.01 0.80940.023 | 0.62840.047 | 0.705£0.023
Adam le-5 0.02 0.7984+0.018 | 0.61840.041 | 0.695£0.02
Adam le-5 0.03 0.808+0.028 | 0.56£0.082 | 0.657£0.05
Adam 2e-H 0.01 0.79440.021 | 0.6524+0.04 | 0.715£0.018
Adam 2e-b 0.02 0.784£0.041 | 0.4884+0.266 | 0.68240.034
Adam 2e-5 0.03 0.787£0.05 0.55240.184 | 0.62+0.19




Table 4.4. The mean and std of evaluation metrics in the test set. (cont.)
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam 3e-5 0.01 0.78240.066 | 0.53140.247 | 0.649+0.145
Adam 3e-b 0.02 0.783+0.063 | 0.566+0.104 | 0.647£0.064
Adam 3e-5 0.03 0.73£0.052 | 0.57140.094 | 0.633£0.051
Adam de-5 0.01 0.773+0.051 | 0.45640.252 | 0.649+0.047
Adam de-5 0.02 0.744£0.073 | 0.466+0.222 | 0.5884+0.104
Adam de-5 0.03 0.7621+0.067 | 0.18240.242 | 0.561£0.057
Adam be-H 0.01 0.7124+0.033 | 0.37740.327 | 0.666+£0.014
Adam 5e-H 0.02 0.759+0.101 | 0.21240.247 | 0.52240.106
Adam be-b 0.03 0.767+0.083 | 0.18740.197 | 0.357£0.203
SGD le-5 0.01 0.7784+0.017 | 0.43£0.071 0.5540.063

SGD le-5 0.02 0.769+0.014 | 0.42440.108 | 0.53740.117
SGD le-5 0.03 0.774£0.013 | 0.438+0.049 | 0.558+0.042
SGD 2e-5 0.01 0.785+0.017 | 0.5324+0.07 | 0.631£0.05

SGD 2e-5 0.02 0.78240.01 0.51640.073 | 0.61940.054
SGD 2e-5 0.03 0.7884+0.013 | 0.53£0.054 | 0.632+0.041
SGD 3e-5 0.01 0.7884+0.014 | 0.588+0.074 | 0.67+0.051

SGD 3e-5 0.02 0.79£0.03 0.55440.078 | 0.64740.056
SGD 3e-5 0.03 0.79840.029 | 0.55440.068 | 0.65+0.043

SGD de-5 0.01 0.79+0.038 | 0.553£0.205 | 0.687£0.042
SGD de-5 0.02 0.79£0.017 | 0.61140.044 | 0.688+0.034
SGD de-5 0.03 0.788%+0.018 | 0.53240.189 | 0.675£0.02

SGD 5e-H 0.01 0.81440.025 | 0.56440.086 | 0.661£0.056
SGD be-H 0.02 0.8£0.019 0.61540.039 | 0.694+0.021
SGD be-H 0.03 0.796+0.027 | 0.58140.057 | 0.669£0.034




Chemical and Protein Entity Pair and Their Parent Node

e Development Set Results

Table 4.5. The mean and std of evaluation metrics in the development set with

parameters used in binary relation extraction with BioBERT using the shortest

subsequence including chemical and protein entity pairs and their parent node.
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4.1.3. Binary Relation Extraction with The Shortest Subsequence Including

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.75940.023 | 0.761+0.036 | 0.759£0.009
AdamW le-5 0.2 0.751+0.02 | 0.775+0.03 | 0.762+0.006
AdamW le-5 0.3 0.75940.028 | 0.76540.039 | 0.761£0.009
AdamW 2e-b 0.1 0.762+0.027 | 0.77x0.035 | 0.765+0.005
AdamW 2e-5 0.2 0.7574+0.024 | 0.78240.036 | 0.768=+0.009
AdamW 2e-5 0.3 0.761+0.025 | 0.77£0.037 | 0.764£0.008
AdamW 3e-5 0.1 0.76940.023 | 0.76940.029 | 0.768=+0.006
AdamW 3e-b 0.2 0.761+0.014 | 0.77940.014 | 0.769£0.007
AdamW 3e-b 0.3 0.765+0.041 | 0.76940.071 | 0.763£0.023
Adam le-5 0.01 0.763+0.017 | 0.72140.024 | 0.741£0.006
Adam le-5 0.02 0.776£0.023 | 0.649£0.045 | 0.70540.021
Adam le-5 0.03 0.765+0.023 | 0.64£0.047 | 0.695£0.022
Adam 2e-5 0.01 0.7574+0.036 | 0.68740.065 | 0.717£0.022
Adam 2e-5 0.02 0.751+0.034 | 0.63740.05 | 0.687+0.021
Adam 2e-5 0.03 0.736+0.07 | 0.612+0.113 | 0.657£0.039
Adam 3e-5 0.01 0.743+0.067 | 0.65£0.107 | 0.683£0.035
Adam 3e-5 0.02 0.736+0.045 | 0.59440.079 | 0.652+0.034
Adam 3e-b 0.03 0.669£0.079 | 0.622+0.135 | 0.629£0.053
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam de-5 0.01 0.69140.047 | 0.67840.065 | 0.68+0.012

Adam de-5 0.02 0.688+£0.049 | 0.491£0.274 | 0.641£0.049
Adam 4e-5 0.03 0.6584+0.039 | 0.36940.321 | 0.632+0.021
Adam 5e-H 0.01 0.713+0.051 | 0.48540.268 | 0.648+0.043
Adam be-b 0.02 0.68+0.066 | 0.408+0.299 | 0.61440.059
Adam 5e-b 0.03 0.666+0.01 0.1534+0.247 | 0.57640.032
SGD le-5 0.01 0.74840.022 | 0.38940.096 | 0.504=£0.098
SGD le-5 0.02 0.74440.015 | 0.43140.042 | 0.545+0.033
SGD le-5 0.03 0.7394+0.009 | 0.43740.026 | 0.548+0.021
SGD 2e-5 0.01 0.763+0.011 | 0.57440.073 | 0.652+0.052
SGD 2e-5 0.02 0.75840.013 | 0.54340.088 | 0.629+0.064
SGD 2e-5 0.03 0.759£0.01 0.50140.185 | 0.64140.045
SGD 3e-5 0.01 0.774+0.02 | 0.627£0.077 | 0.689£0.046
SGD 3e-5 0.02 0.77940.008 | 0.58840.066 | 0.668+0.045
SGD 3e-5 0.03 0.769+0.017 | 0.6014+0.05 | 0.67340.03

SGD de-b 0.01 0.766+0.018 | 0.66840.025 | 0.714+0.02

SGD de-5 0.02 0.7784+0.019 | 0.61940.08 | 0.686£0.053
SGD de-5 0.03 0.766+0.012 | 0.60740.063 | 0.676+£0.042
SGD be-H 0.01 0.78%0.021 0.598+0.221 | 0.715£0.041
SGD be-H 0.02 0.771£0.012 | 0.519£0.271 | 0.63+0.223

SGD be-H 0.03 0.7714+0.028 | 0.5734+0.214 | 0.693£0.044




o Test Set Results

o4

Table 4.6. The mean and standard deviation (std) of evaluation metrics in the test set

with parameters used in binary relation extraction with BioBERT using the shortest

subsequence including chemical and protein entity pairs and their parent node.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.7834+0.019 | 0.71440.038 | 0.746+£0.015
AdamW le-5 0.2 0.775+0.017 | 0.72840.03 | 0.75+£0.01
AdamW le-5 0.3 0.781+0.02 | 0.71940.044 | 0.747£0.018
AdamW 2e-5 0.1 0.79£0.021 0.719+0.041 | 0.752+0.014
AdamW 2e-5 0.2 0.7854+0.019 | 0.73640.041 | 0.759+0.015
AdamW 2e-5 0.3 0.791+0.02 | 0.717£0.041 | 0.751£0.016
AdamW 3e-b 0.1 0.8£0.018 0.71840.032 | 0.75640.012
AdamW 3e-5 0.2 0.79340.01 0.72840.016 | 0.75940.008
AdamW 3e-b 0.3 0.796+0.033 | 0.716+0.074 | 0.75£0.033
Adam le-5 0.01 0.7814+0.016 | 0.67540.023 | 0.724+0.007
Adam le-5 0.02 0.793+0.02 | 0.60840.044 | 0.687£0.023
Adam le-5 0.03 0.78+0.021 0.607£0.045 | 0.681£0.023
Adam 2e-5 0.01 0.78140.033 | 0.64540.059 | 0.704+0.021
Adam 2e-5 0.02 0.773+0.032 | 0.59640.047 | 0.671£0.022
Adam 2e-5 0.03 0.754+0.057 | 0.5764+0.113 | 0.641£0.048
Adam 3e-b 0.01 0.763+0.057 | 0.608+0.108 | 0.668+0.046
Adam 3e-b 0.02 0.74840.045 | 0.55740.077 | 0.633£0.039
Adam 3e-5 0.03 0.686+0.073 | 0.59140.137 | 0.62+0.063




Table 4.6. The mean and std of evaluation metrics in the test set. (cont.)
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam de-5 0.01 0.716+0.039 | 0.63740.056 | 0.67140.012
Adam de-5 0.02 0.7044+0.043 | 0.4654+0.26 | 0.63£0.053

Adam 4e-5 0.03 0.673+0.035 | 0.3484+0.302 | 0.621£0.021
Adam 5e-H 0.01 0.72940.042 | 0.45940.253 | 0.636£0.047
Adam be-b 0.02 0.7£0.057 0.384+0.284 | 0.603£0.071
Adam 5e-b 0.03 0.6784+0.006 | 0.1434+0.23 | 0.558+0.023
SGD le-5 0.01 0.78340.028 | 0.3924+0.091 | 0.514+0.094
SGD le-5 0.02 0.776+0.016 | 0.43240.041 | 0.55340.032
SGD le-5 0.03 0.773+0.01 0.436+0.029 | 0.557£0.024
SGD 2e-5 0.01 0.776+0.009 | 0.54740.064 | 0.639£0.047
SGD 2e-5 0.02 0.7744+0.017 | 0.52340.072 | 0.621£0.052
SGD 2e-5 0.03 0.777£0.01 0.483+0.175 | 0.63340.035
SGD 3e-5 0.01 0.7854+0.026 | 0.59140.069 | 0.671£0.041
SGD 3e-5 0.02 0.7924+0.011 | 0.55940.053 | 0.654+0.036
SGD 3e-5 0.03 0.78440.017 | 0.57140.047 | 0.659+0.028
SGD de-b 0.01 0.775+0.014 | 0.63£0.019 | 0.695£0.014
SGD de-5 0.02 0.7914+0.017 | 0.58740.074 | 0.671£0.052
SGD de-5 0.03 0.786+0.011 | 0.58+0.049 | 0.666+0.032
SGD be-H 0.01 0.79+0.021 0.565£0.207 | 0.697£0.038
SGD be-H 0.02 0.7984+0.024 | 0.49340.257 | 0.618+0.219
SGD be-H 0.03 0.78240.026 | 0.54540.203 | 0.679£0.044




4.2. Binary Relation Extraction Experiments with SciBERT

4.2.1. Binary Relation Extraction with Sentence-based Input Representa-

tion

e Development Set Results

Table 4.7. The mean and standard deviation (std) of evaluation metrics in the

development set with parameters used in binary relation extraction with SciBERT

using the entire sentence.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.75£0.025 | 0.781£0.045 | 0.763£0.015
AdamW le-5 0.2 0.74940.018 | 0.78340.028 | 0.765£0.008
AdamW le-5 0.3 0.747+0.019 | 0.77540.041 | 0.76£0.013
AdamW 2e-5 0.1 0.7554+0.026 | 0.78740.048 | 0.769+0.014
AdamW 2e-5 0.2 0.765+0.03 | 0.766+0.068 | 0.763£0.025
AdamW 2e-5 0.3 0.7454+0.006 | 0.80540.011 | 0.774£0.005
AdamW 3e-5 0.1 0.7624+0.038 | 0.7654+0.071 | 0.76+£0.026
AdamW 3e-b 0.2 0.765+0.029 | 0.77£0.063 | 0.765£0.022
AdamW 3e-b 0.3 0.75940.019 | 0.77540.026 | 0.766£0.008
Adam le-5 0.01 0.7651+0.025 | 0.68140.067 | 0.718+0.032
Adam le-5 0.02 0.735£0.03 | 0.668+0.075 | 0.697£0.036
Adam le-5 0.03 0.7344+0.026 | 0.588+0.12 | 0.644£0.076
Adam 2e-5 0.01 0.7474+0.031 | 0.69340.067 | 0.716%0.03
Adam 2e-5 0.02 0.714+0.05 | 0.63740.106 | 0.66440.062
Adam 2e-b 0.03 0.687+0.07 | 0.62840.137 | 0.64+£0.055




Table 4.7. The mean and std of evaluation metrics in the dev set. (cont.)
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam 3e-5 0.01 0.7194+0.068 | 0.66940.131 | 0.679£0.071
Adam 3e-b 0.02 0.656+0.047 | 0.646+0.093 | 0.644£0.032
Adam 3e-5 0.03 0.656+0.053 | 0.58540.108 | 0.608+0.048
Adam de-5 0.01 0.69940.031 | 0.60740.058 | 0.647+0.024
Adam de-5 0.02 0.672£0.078 | 0.53£0.169 | 0.565+0.122
Adam de-5 0.03 0.701£0.093 | 0.41+£0.19 0.47840.163
Adam be-H 0.01 0.6584+0.051 | 0.61540.095 | 0.628=+0.043
Adam 5e-H 0.02 0.6384+0.057 | 0.53£0.117 | 0.565£0.073
Adam be-b 0.03 0.665+0.079 | 0.44240.179 | 0.496£0.15
SGD le-5 0.01 0.70840.009 | 0.49240.056 | 0.579£0.043
SGD le-5 0.02 0.71£0.011 0.49940.022 | 0.58640.013
SGD le-5 0.03 0.711£0.022 | 0.45940.084 | 0.55240.061
SGD 2e-5 0.01 0.716+0.023 | 0.60240.068 | 0.652+0.043
SGD 2e-5 0.02 0.712+0.02 | 0.57240.056 | 0.633£0.038
SGD 2e-5 0.03 0.713+0.021 | 0.53440.073 | 0.607£0.05
SGD 3e-5 0.01 0.7164+0.034 | 0.588+0.081 | 0.641£0.048
SGD 3e-5 0.02 0.737+0.03 | 0.55340.103 | 0.624£0.068
SGD 3e-5 0.03 0.71840.029 | 0.53240.119 | 0.604£0.093
SGD de-5 0.01 0.734£0.032 | 0.637£0.055 | 0.68+0.027
SGD de-5 0.02 0.7214+0.036 | 0.59£0.109 | 0.642+0.061
SGD de-5 0.03 0.7174+0.023 | 0.62340.054 | 0.665£0.025
SGD 5e-H 0.01 0.7414+0.035 | 0.62340.055 | 0.674+0.029
SGD be-H 0.02 0.7254+0.047 | 0.59840.133 | 0.643£0.084
SGD be-H 0.03 0.705%+0.035 | 0.58940.064 | 0.639£0.037




o Test Set Results

o8

Table 4.8. The mean and standard deviation (std) of evaluation metrics in the test

set with parameters used in binary relation extraction with SciBERT using the entire

sentence.
Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.788+£0.024 | 0.72540.042 | 0.75440.017
AdamW le-5 0.2 0.78540.015 | 0.72740.032 | 0.754£0.013
AdamW le-5 0.3 0.80240.032 | 0.71740.073 | 0.753£0.034
AdamW 2e-b 0.1 0.795£0.025 | 0.736£0.048 | 0.763£0.018
AdamW 2e-5 0.2 0.805+0.027 | 0.71140.065 | 0.752+0.029
AdamW 2e-5 0.3 0.79£0.007 | 0.75540.007 | 0.772+0.004
AdamW 3e-5 0.1 0.7854+0.021 | 0.71940.038 | 0.75+0.016
AdamW 3e-b 0.2 0.8024+0.025 | 0.71740.057 | 0.755£0.024
AdamW 3e-b 0.3 0.79940.017 | 0.72840.029 | 0.761£0.013
Adam le-5 0.01 0.796+0.03 | 0.64£0.067 | 0.706£0.035
Adam le-5 0.02 0.761+0.029 | 0.62840.072 | 0.685£0.037
Adam le-5 0.03 0.75940.032 | 0.55740.116 | 0.633£0.078
Adam 2e-5 0.01 0.77840.027 | 0.65940.068 | 0.71£0.037
Adam 2e-5 0.02 0.74440.047 | 0.61540.106 | 0.664+0.069
Adam 2e-b 0.03 0.716+0.06 | 0.603£0.134 | 0.641£0.065
Adam 3e-b 0.01 0.749+0.06 | 0.64£0.126 | 0.677£0.076
Adam 3e-5 0.02 0.693+0.04 | 0.62340.089 | 0.65+0.038
Adam 3e-b 0.03 0.689£0.052 | 0.55540.098 | 0.60640.05




Table 4.8. The mean and std of evaluation metrics in the test set. (cont.)
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay
Adam de-5 0.01 0.734+0.02 | 0.57340.056 | 0.641£0.031
Adam de-5 0.02 0.71x0.074 | 0.492+0.153 | 0.557£0.123
Adam 4e-5 0.03 0.733+0.084 | 0.3824+0.18 | 0.466+0.167
Adam 5e-H 0.01 0.6954+0.046 | 0.57940.083 | 0.625+0.043
Adam be-b 0.02 0.674£0.052 | 0.483£0.109 | 0.551£0.08
Adam 5e-b 0.03 0.702£0.069 | 0.402+£0.16 | 0.48240.149
SGD le-5 0.01 0.7354+0.013 | 0.46840.046 | 0.571£0.035
SGD le-5 0.02 0.7394+0.011 | 0.47140.023 | 0.575£0.015
SGD le-5 0.03 0.74240.023 | 0.43840.075 | 0.546£0.057
SGD 2e-5 0.01 0.74£0.018 | 0.55940.06 | 0.635£0.038
SGD 2e-5 0.02 0.7384+0.016 | 0.53340.046 | 0.618+0.031
SGD 2e-5 0.03 0.742+0.025 | 0.499£0.064 | 0.593£0.046
SGD 3e-5 0.01 0.7444+0.026 | 0.55£0.075 | 0.629£0.05
SGD 3e-5 0.02 0.7624+0.035 | 0.51740.094 | 0.609+0.065
SGD 3e-5 0.03 0.74140.025 | 0.49440.104 | 0.587+0.086
SGD de-b 0.01 0.762+0.03 | 0.59440.051 | 0.665£0.026
SGD de-5 0.02 0.75+0.036 | 0.55640.1 0.63240.059
SGD de-5 0.03 0.736+0.025 | 0.58340.057 | 0.64840.03
SGD be-H 0.01 0.771£0.037 | 0.579£0.054 | 0.658+0.03
SGD be-H 0.02 0.755+0.044 | 0.55940.123 | 0.63£0.084
SGD be-H 0.03 0.7324+0.026 | 0.55740.061 | 0.63£0.038




4.2.2. Binary Relation Extraction with The Shortest Sequence Between

Chemical and Protein Entity Pairs

e Development Set Results

Table 4.9. The mean and standard deviation (std) of evaluation metrics in the

development set with parameters used in binary relation extraction with SciBERT

using the shortest subsequence between chemical and protein entity pairs.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.715£0.154 | 0.686£0.141 | 0.699+0.142
AdamW le-5 0.2 0.762+0.024 | 0.742+0.043 | 0.75140.012
AdamW le-5 0.3 0.747+0.023 | 0.75640.041 | 0.75£0.013

AdamW 2e-b 0.1 0.751+0.016 | 0.77£0.027 | 0.76£0.008

AdamW 2e-5 0.2 0.753+0.024 | 0.74840.036 | 0.749£0.011
AdamW 2e-5 0.3 0.756+0.045 | 0.74940.076 | 0.748+0.027
AdamW 3e-5 0.1 0.7524+0.024 | 0.76540.042 | 0.758+0.014
AdamW 3e-b 0.2 0.761+0.023 | 0.74840.041 | 0.753£0.011
AdamW 3e-5 0.3 0.7531+0.026 | 0.76240.034 | 0.756£0.006
Adam le-5 0.01 0.767+0.007 | 0.72£0.019 | 0.742+0.008
Adam le-5 0.02 0.7584+0.014 | 0.7014£0.026 | 0.728+0.014
Adam le-5 0.03 0.7554+0.052 | 0.67540.099 | 0.705£0.047
Adam 2e-5 0.01 0.776+0.033 | 0.666+0.069 | 0.713£0.029
Adam 2e-5 0.02 0.743£0.031 | 0.67£0.044 | 0.703£0.014
Adam 2e-5 0.03 0.75£0.042 | 0.62340.066 | 0.677£0.025
Adam 3e-b 0.01 0.72840.022 | 0.685%0.036 | 0.705£0.015
Adam 3e-5 0.02 0.72840.051 | 0.62140.088 | 0.663£0.033
Adam 3e-b 0.03 0.703+0.04 | 0.62£0.068 | 0.655£0.021




Table 4.9. The mean and std of evaluation metrics in the dev set. (cont.)
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam de-5 0.01 0.74240.073 | 0.60740.125 | 0.654+0.058
Adam de-5 0.02 0.7094+0.076 | 0.58940.125 | 0.628=+0.058
Adam 4e-5 0.03 0.699+0.069 | 0.56240.112 | 0.61£0.064

Adam 5e-H 0.01 0.699+0.061 | 0.62740.101 | 0.653£0.027
Adam be-b 0.02 0.652+0.032 | 0.617£0.048 | 0.633£0.023
Adam 5e-b 0.03 0.68240.041 | 0.51740.068 | 0.584£0.033
SGD le-5 0.01 0.75440.024 | 0.54940.052 | 0.633£0.033
SGD le-5 0.02 0.753+0.02 | 0.55340.079 | 0.634£0.05

SGD le-5 0.03 0.7544+0.017 | 0.54440.074 | 0.629£0.05

SGD 2e-5 0.01 0.74940.022 | 0.63740.053 | 0.688+0.039
SGD 2e-5 0.02 0.753+0.028 | 0.63340.072 | 0.68440.04

SGD 2e-5 0.03 0.751£0.04 | 0.622£0.071 | 0.676+0.032
SGD 3e-5 0.01 0.75840.025 | 0.68840.066 | 0.719£0.029
SGD 3e-5 0.02 0.7724+0.018 | 0.65740.034 | 0.709£0.015
SGD 3e-5 0.03 0.761+0.013 | 0.64240.06 | 0.695+0.034
SGD de-b 0.01 0.761+0.02 | 0.68140.062 | 0.717£0.034
SGD de-5 0.02 0.746+0.048 | 0.686+0.063 | 0.711£0.023
SGD de-5 0.03 0.765+0.07 | 0.62440.151 | 0.669+0.096
SGD be-H 0.01 0.769+0.03 | 0.695%0.078 | 0.726£0.038
SGD be-H 0.02 0.756+0.027 | 0.69340.046 | 0.721£0.022
SGD be-H 0.03 0.75840.038 | 0.67240.073 | 0.708=+0.035




o Test Set Results
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Table 4.10. The mean and standard deviation (std) of evaluation metrics in the test

set with parameters used in binary relation extraction with SciBERT using the

shortest subsequence between chemical and protein entity pairs.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.7984+0.027 | 0.68140.046 | 0.733£0.016
AdamW le-5 0.2 0.79£0.027 | 0.74£0.042 0.741£0.013
AdamW le-5 0.3 0.7794+0.022 | 0.717£0.042 | 0.746£0.016
AdamW 2e-5 0.1 0.77840.016 | 0.72340.023 | 0.749£0.006
AdamW 2e-5 0.2 0.782+0.021 | 0.706+0.041 | 0.74140.015
AdamW 2e-5 0.3 0.79£0.037 | 0.70840.076 | 0.743£0.036
AdamW 3e-b 0.1 0.78+0.023 | 0.71£0.043 | 0.742£0.016
AdamW 3e-5 0.2 0.7940.022 | 0.70540.039 | 0.744+0.014
AdamW 3e-b 0.3 0.785+0.02 | 0.717£0.036 | 0.748+0.013
Adam le-5 0.01 0.79£0.009 | 0.677£0.015 | 0.729£0.005
Adam le-5 0.02 0.784+0.019 | 0.66540.026 | 0.717£0.011
Adam le-5 0.03 0.7844+0.05 | 0.63540.095 | 0.695+0.05
Adam 2e-5 0.01 0.80310.034 | 0.62540.066 | 0.699+0.034
Adam 2e-5 0.02 0.777+0.028 | 0.63340.047 | 0.696+0.02
Adam 2e-5 0.03 0.7724+0.034 | 0.59240.064 | 0.667+0.031
Adam 3e-b 0.01 0.763+0.017 | 0.651£0.034 | 0.701£0.013
Adam 3e-b 0.02 0.7574+0.049 | 0.58340.085 | 0.652+0.039
Adam 3e-5 0.03 0.7314+0.034 | 0.59140.063 | 0.651£0.025




Table 4.10. The mean and std of evaluation metrics in the test set. (cont.)
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam de-5 0.01 0.7684+0.06 | 0.57640.118 | 0.647+0.064
Adam de-5 0.02 0.74+0.062 | 0.56+0.124 | 0.624£0.068
Adam 4e-5 0.03 0.7224+0.058 | 0.5344+0.114 | 0.601£0.077
Adam 5e-H 0.01 0.7344+0.053 | 0.59940.101 | 0.652+0.039
Adam be-b 0.02 0.684£0.027 | 0.589£0.049 | 0.632+0.026
Adam 5e-b 0.03 0.7024+0.039 | 0.48740.065 | 0.571£0.036
SGD le-5 0.01 0.77940.022 | 0.52740.052 | 0.627£0.036
SGD le-5 0.02 0.7794+0.021 | 0.53£0.071 0.62840.049
SGD le-5 0.03 0.7784+0.016 | 0.52840.067 | 0.626+0.047
SGD 2e-5 0.01 0.775+0.019 | 0.607£0.042 | 0.681£0.033
SGD 2e-5 0.02 0.777+0.03 | 0.6084+0.07 | 0.679£0.041
SGD 2e-5 0.03 0.773£0.04 | 0.6£0.071 0.671£0.035
SGD 3e-5 0.01 0.78+0.028 | 0.65540.061 | 0.709£0.028
SGD 3e-5 0.02 0.7944+0.018 | 0.63£0.031 0.702+0.014
SGD 3e-5 0.03 0.7854+0.013 | 0.62£0.057 | 0.691£0.034
SGD de-b 0.01 0.783+0.019 | 0.65140.055 | 0.709£0.031
SGD de-5 0.02 0.76940.049 | 0.65740.063 | 0.705£0.022
SGD de-5 0.03 0.786+0.063 | 0.6+0.146 0.664+0.1

SGD be-H 0.01 0.7910.031 0.65940.077 | 0.714£0.041
SGD be-H 0.02 0.7831+0.024 | 0.66140.041 | 0.715£0.019
SGD be-H 0.03 0.783+0.04 | 0.63940.065 | 0.740.033




4.2.3. Binary Relation Extraction with The Shortest Subsequence Including

Chemical and Protein Entity Pair and Their Parent Node

e Development Set Results

Table 4.11. The mean and std of evaluation metrics in the development set with

parameters used in binary class relation extraction with BioBERT using the shortest

subsequence including chemical and protein entity pairs and their parent node.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.745+0.02 | 0.7734£0.038 | 0.758+0.011
AdamW le-5 0.2 0.75940.019 | 0.75140.039 | 0.754£0.013
AdamW le-5 0.3 0.7414+0.007 | 0.78640.014 | 0.763£0.004
AdamW 2e-b 0.1 0.7524+0.018 | 0.76940.041 | 0.759£0.015
AdamW 2e-5 0.2 0.7554+0.024 | 0.76940.038 | 0.761£0.008
AdamW 2e-5 0.3 0.7531+0.035 | 0.76140.039 | 0.755£0.008
AdamW 3e-5 0.1 0.76+0.032 | 0.7514+0.051 | 0.754£0.013
AdamW 3e-b 0.2 0.776+0.05 | 0.71840.093 | 0.739£0.037
AdamW 3e-b 0.3 0.757+0.022 | 0.76340.046 | 0.759£0.016
Adam le-5 0.01 0.7544+0.052 | 0.71940.062 | 0.733£0.02
Adam le-5 0.02 0.7814+0.033 | 0.663+0.068 | 0.714£0.033
Adam le-5 0.03 0.77£0.026 | 0.67340.056 | 0.716+0.024
Adam 2e-5 0.01 0.7694+0.029 | 0.686+0.049 | 0.723£0.016
Adam 2e-5 0.02 0.7234+0.023 | 0.69840.031 | 0.709+0.008
Adam 2e-5 0.03 0.7254+0.025 | 0.655+0.04 | 0.687£0.016
Adam 3e-5 0.01 0.736+0.062 | 0.67540.096 | 0.696+0.04
Adam 3e-5 0.02 0.715+0.063 | 0.62340.125 | 0.65340.06
Adam 3e-b 0.03 0.698+0.062 | 0.62440.109 | 0.64940.047
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam de-5 0.01 0.743+0.071 | 0.60140.134 | 0.649+0.068
Adam de-5 0.02 0.674£0.048 | 0.629£0.092 | 0.643£0.042
Adam 4e-5 0.03 0.707+0.05 | 0.53£0.109 | 0.595£0.066
Adam 5e-H 0.01 0.7124+0.094 | 0.59140.159 | 0.622+0.078
Adam be-b 0.02 0.693£0.08 | 0.536£0.148 | 0.583£0.089
Adam 5e-b 0.03 0.68+0.062 | 0.515%0.12 | 0.572£0.079
SGD le-5 0.01 0.7484+0.015 | 0.58540.049 | 0.655£0.033
SGD le-5 0.02 0.7514+0.015 | 0.56£0.047 | 0.641£0.034
SGD le-5 0.03 0.7524+0.009 | 0.564+0.039 | 0.644£0.025
SGD 2e-5 0.01 0.754+0.02 | 0.664%0.05 | 0.705£0.025
SGD 2e-5 0.02 0.7631+0.033 | 0.60540.093 | 0.669+0.063
SGD 2e-5 0.03 0.759£0.022 | 0.62+0.027 | 0.68240.017
SGD 3e-5 0.01 0.76+0.016 | 0.657%0.065 | 0.703£0.036
SGD 3e-5 0.02 0.763+0.016 | 0.67440.049 | 0.714£0.025
SGD 3e-5 0.03 0.76+0.037 | 0.64940.058 | 0.697£0.028
SGD de-b 0.01 0.776+0.023 | 0.66940.078 | 0.715£0.044
SGD de-5 0.02 0.764£0.024 | 0.674£0.029 | 0.715£0.012
SGD de-5 0.03 0.755+0.022 | 0.6734+0.032 | 0.711£0.014
SGD be-H 0.01 0.765+0.043 | 0.686+0.102 | 0.716£0.057
SGD be-H 0.02 0.7644+0.018 | 0.67840.047 | 0.717£0.024
SGD be-H 0.03 0.76940.039 | 0.64140.087 | 0.693£0.048
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Table 4.12. The mean and std of evaluation metrics in the test set with parameters

used in binary class relation extraction with BioBERT using the shortest subsequence

including chemical and protein entity pairs and their parent node.

Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

AdamW le-5 0.1 0.7714+0.018 | 0.73140.042 | 0.749+0.017
AdamW le-5 0.2 0.7844+0.02 | 0.707£0.042 | 0.742+0.017
AdamW le-5 0.3 0.765+0.009 | 0.74440.011 | 0.754£0.005
AdamW 2e-5 0.1 0.7794+0.013 | 0.7274+0.04 | 0.751£0.018
AdamW 2e-5 0.2 0.777+£0.02 | 0.7234£0.04 | 0.7484+0.014
AdamW 2e-5 0.3 0.77940.029 | 0.71540.036 | 0.745£0.01

AdamW 3e-b 0.1 0.78440.024 | 0.70940.051 | 0.743£0.021
AdamW 3e-H 0.2 0.7974+0.036 | 0.67440.092 | 0.725£0.048
AdamW 3e-5 0.3 0.78+0.018 | 0.712£0.043 | 0.744+0.019
Adam le-5 0.01 0.7744+0.041 | 0.676+0.063 | 0.718£0.019
Adam le-5 0.02 0.7984+0.03 | 0.61840.064 | 0.693£0.035
Adam le-5 0.03 0.7844+0.023 | 0.62£0.056 | 0.69+0.029

Adam 2e-b 0.01 0.78940.025 | 0.643+0.05 | 0.707£0.023
Adam 2e-5 0.02 0.74940.019 | 0.66140.034 | 0.702£0.01

Adam 2e-H 0.03 0.7454+0.018 | 0.62340.043 | 0.677£0.023
Adam 3e-5 0.01 0.7641+0.053 | 0.63740.098 | 0.687£0.051
Adam 3e-b 0.02 0.732+£0.049 | 0.59+0.125 | 0.64140.071
Adam 3e-H 0.03 0.71940.058 | 0.58940.105 | 0.638+0.053
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Optimizer | Learning | Weight | Precision Recall F1-Score
Rate Decay

Adam de-5 0.01 0.7624+0.059 | 0.56740.129 | 0.636+0.077
Adam de-5 0.02 0.696+0.04 | 0.59540.089 | 0.635£0.049
Adam 4e-5 0.03 0.716+0.05 | 0.50340.102 | 0.581£0.067
Adam 5e-H 0.01 0.7354+0.082 | 0.56£0.152 | 0.615£0.085
Adam be-b 0.02 0.704£0.075 | 0.540.152 0.562+0.106
Adam 5e-b 0.03 0.6884+0.053 | 0.48340.117 | 0.554£0.085
SGD le-5 0.01 0.775+0.012 | 0.56340.044 | 0.651£0.031
SGD le-5 0.02 0.776+0.017 | 0.54240.045 | 0.637£0.035
SGD le-5 0.03 0.777+0.008 | 0.546+0.037 | 0.641£0.025
SGD 2e-5 0.01 0.78+£0.024 | 0.62940.049 | 0.694£0.026
SGD 2e-5 0.02 0.786+0.025 | 0.58140.089 | 0.663£0.065
SGD 2e-5 0.03 0.783£0.017 | 0.598+0.029 | 0.678+0.016
SGD 3e-5 0.01 0.781+0.02 | 0.62740.059 | 0.694+0.034
SGD 3e-5 0.02 0.784+0.017 | 0.64440.048 | 0.704£0.026
SGD 3e-5 0.03 0.7834+0.033 | 0.62940.057 | 0.695+0.029
SGD de-b 0.01 0.796+0.024 | 0.637£0.072 | 0.704£0.043
SGD de-5 0.02 0.787+0.024 | 0.64740.029 | 0.709£0.013
SGD de-5 0.03 0.78240.018 | 0.64340.034 | 0.705£0.016
SGD be-H 0.01 0.787+0.04 | 0.6534+0.097 | 0.707£0.06

SGD be-H 0.02 0.79£0.021 0.649+0.042 | 0.712+0.02

SGD be-H 0.03 0.795+0.03 | 0.60840.084 | 0.684+0.052
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4.3. Multi-class Relation Extraction Experiments with BioBERT

4.3.1. Multi-class Relation Extraction with Sentence-based Input Repre-

sentation

e Development Set Results

Table 4.13. The mean and standard deviation (std) of evaluation metrics in the

development set with parameters used in multi-class relation extraction with

BioBERT using the entire sentence. LR is the learning rate in the table.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

AdamW le-5 | 0.1 0.75340.014 | 0.78440.025 | 0.767£0.008 | 0.793+0.01
AdamW le-5 | 0.2 0.77£0.011 | 0.797£0.014 | 0.783=£0.006 | 0.807+0.008
AdamW le-5 | 0.3 0.791£0.024 | 0.785£0.027 | 0.787£0.006 | 0.809+0.009
AdamW 2e-5 | 0.1 0.73540.023 | 0.794+0.023 | 0.763£0.01 | 0.789+0.011
AdamW 2e-5 | 0.2 0.76740.025 | 0.80140.014 | 0.783£0.008 | 0.81+0.009
AdamW 2e-5 | 0.3 0.78340.011 | 0.78940.012 | 0.786+£0.009 | 0.811+0.012
AdamW 3e-5 | 0.1 0.74940.018 | 0.794£0.014 | 0.771£0.006 | 0.797+0.006
AdamW 3e-5 | 0.2 0.7684+0.014 | 0.79£0.02 0.77940.009 | 0.804+0.014
AdamW 3e-5 | 0.3 0.75640.027 | 0.81140.016 | 0.782+0.016 | 0.805+0.02
Adam le-5 | 0.01 0.723+0.04 | 0.74240.038 | 0.731£0.028 | 0.744+£0.04
Adam le-5 | 0.02 0.72140.026 | 0.688+0.031 | 0.703£0.019 | 0.718+0.022
Adam le-5 | 0.03 0.69£0.015 | 0.63540.063 | 0.66+£0.04 0.65940.076
Adam 2e-5 | 0.01 0.72£0.013 | 0.73840.016 | 0.729+0.006 | 0.745+0.008
Adam 2e-5 | 0.02 0.68840.066 | 0.657+0.109 | 0.662+0.045 | 0.674£0.051
Adam 2e-5 | 0.03 0.63940.059 | 0.65240.08 | 0.639£0.026 | 0.6540.047
Adam 3e-5 | 0.01 0.65940.039 | 0.733£0.023 | 0.693£0.015 | 0.708+0.016
Adam 3e-5 | 0.02 0.639£0.059 | 0.652£0.08 | 0.639+0.026 | 0.6540.047
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Table 4.13. The mean and std of evaluation metrics in the dev set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

Adam 3e-5 | 0.03 0.54840.025 | 0.611£0.054 | 0.576£0.021 | 0.588+0.024
Adam 4e-5 | 0.01 0.64840.035 | 0.665%0.07 | 0.653£0.027 | 0.663£0.05
Adam 4e-5 | 0.02 0.60440.079 | 0.53440.089 | 0.556£0.031 | 0.548+0.063
Adam 4e-5 | 0.03 0.54+0.067 | 0.435£0.186 | 0.496£0.05 | 0.534£0.14
Adam 5e-5 | 0.01 0.6244+0.05 | 0.54£0.206 | 0.605£0.034 | 0.651+0.085
Adam 5e-5 | 0.02 0.57840.045 | 0.386+0.178 | 0.478+0.078 | 0.524+0.147
Adam 5e-H | 0.03 0.50940.061 | 0.39740.162 | 0.464+0.042 | 0.519+0.13
SGD le-5 | 0.01 0.50940.023 | 0.17940.029 | 0.264£0.031 | 0.601+£0.136
SGD le-5 | 0.02 0.52940.037 | 0.15240.076 | 0.248+0.077 | 0.598+0.16
SGD le-5 | 0.03 0.55840.103 | 0.13940.095 | 0.24-0.134 0.533+0.12
SGD 2e-5 | 0.01 0.569£0.029 | 0.355£0.125 | 0.426£0.121 | 0.494£0.073
SGD 2e-5 | 0.02 0.59140.037 | 0.332+0.115 | 0.414+£0.11 | 0.5240.091
SGD 2e-5 | 0.03 0.56840.039 | 0.35540.099 | 0.431£0.094 | 0.516+0.082
SGD 3e-5 | 0.01 0.61140.065 | 0.51840.127 | 0.557+0.107 | 0.537+0.082
SGD 3e-5 | 0.02 0.63740.037 | 0.505£0.092 | 0.561£0.076 | 0.532+0.063
SGD 3e-5 | 0.03 0.61540.059 | 0.48240.088 | 0.539£0.08 | 0.521+0.072
SGD 4e-5 | 0.01 0.65440.068 | 0.64540.113 | 0.646+£0.086 | 0.651£0.097
SGD 4e-5 | 0.02 0.636+0.074 | 0.55£0.169 | 0.583+£0.136 | 0.613+0.109
SGD 4e-5 | 0.03 0.65540.031 | 0.546£0.126 | 0.588=£0.105 | 0.584+0.075
SGD 5e-5 | 0.01 0.66440.062 | 0.68940.081 | 0.676£0.07 | 0.693+0.076
SGD 5e-5 | 0.02 0.68140.051 | 0.52340.186 | 0.573£0.14 | 0.593+0.122
SGD 5e-5 | 0.03 0.62840.074 | 0.515£0.203 | 0.598+0.085 | 0.611+£0.115
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Table 4.14. The mean and standard deviation (std) of evaluation metrics in the test

set with parameters used in multi-class relation extraction with BioBERT using the

entire sentence. LR is the learning rate in the table.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

AdamW le-5 | 0.1 0.76+0.01 0.738+0.023 | 0.749£0.008 | 0.766+0.009
AdamW le-5 | 0.2 0.7754+0.014 | 0.749£0.01 | 0.761£0.006 | 0.778+0.006
AdamW le-5 | 0.3 0.79£0.025 | 0.73540.025 | 0.761£0.005 | 0.776+0.008
AdamW 2e-5 | 0.1 0.745+0.026 | 0.746+0.021 | 0.745+0.012 | 0.76240.013
AdamW 2e-5 | 0.2 0.77+0.02 0.75240.016 | 0.76140.006 | 0.777+0.007
AdamW 2e-5 | 0.3 0.78340.012 | 0.738+0.01 | 0.759£0.008 | 0.774=£0.008
AdamW 3e-5 | 0.1 0.75440.014 | 0.746+0.012 | 0.749+0.006 | 0.766+0.006
AdamW 3e-5 | 0.2 0.776£0.011 | 0.745£0.022 | 0.76+0.009 | 0.775£0.011
AdamW 3e-5 0.3 0.7634+0.022 | 0.75940.015 | 0.761£0.011 | 0.776+0.013
Adam le-5 | 0.01 0.71540.034 | 0.69340.033 | 0.703£0.018 | 0.718+0.029
Adam le-5 | 0.02 0.715£0.021 | 0.648+0.028 | 0.679£0.014 | 0.699+0.019
Adam le-5 | 0.03 0.69540.015 | 0.611£0.057 | 0.649+0.037 | 0.652+0.078
Adam 2e-5 | 0.01 0.71540.016 | 0.702£0.013 | 0.708=£0.007 | 0.729+0.009
Adam 2e-5 | 0.02 0.69£0.057 | 0.62140.102 | 0.645£0.047 | 0.664+0.051
Adam 2e-5 | 0.03 0.6524+0.06 | 0.61£0.078 | 0.623£0.027 | 0.638+0.049
Adam 3e-5 | 0.01 0.66540.026 | 0.696+0.024 | 0.68+0.006 | 0.702+0.006
Adam 3e-5H | 0.02 0.612+0.042 | 0.61+0.072 | 0.606+£0.02 | 0.623+0.022
Adam 3e-5 | 0.03 0.567£0.025 | 0.574=£0.053 | 0.569+0.019 | 0.587£0.021
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Table 4.14. The mean and std of evaluation metrics in the test set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.64940.037 | 0.62340.055 | 0.633£0.019 | 0.65+0.039
Adam 4e-5 | 0.02 0.61140.066 | 0.506+0.083 | 0.544£0.034 | 0.544+0.068
Adam 4e-5 | 0.03 0.55440.065 | 0.40940.173 | 0.487£0.05 | 0.526+0.146
Adam 5e-5 | 0.01 0.62740.048 | 0.508+0.192 | 0.588=+0.031 | 0.643+£0.087
Adam 5e-H | 0.02 0.59440.05 | 0.365%0.168 | 0.467£0.083 | 0.515+0.151
Adam 5e-5 | 0.03 0.52140.045 | 0.379£0.157 | 0.458+0.045 | 0.514+0.135
SGD le-5 | 0.01 0.56£0.024 | 0.21540.028 | 0.309+0.027 | 0.579+0.112
SGD le-5 | 0.02 0.58840.061 | 0.18240.086 | 0.293£0.077 | 0.678+0.109
SGD le-5 | 0.03 0.59440.062 | 0.16740.112 | 0.236£0.156 | 0.573£0.14
SGD 2e-5 | 0.01 0.60540.022 | 0.36540.108 | 0.445+0.101 | 0.4940.095
SGD 2e-5 | 0.02 0.61740.031 | 0.346£0.1 0.4354+0.094 | 0.517£0.1
SGD 2e-5 | 0.03 0.5934+0.03 | 0.366+0.087 | 0.447£0.08 | 0.502+0.101
SGD 3e-5 | 0.01 0.63£0.063 | 0.51440.109 | 0.564£0.094 | 0.524+0.073
SGD 3e-5 | 0.02 0.65340.033 | 0.49740.085 | 0.562+0.07 | 0.529+0.064
SGD 3e-5 | 0.03 0.63240.053 | 0.473£0.069 | 0.54+0.064 | 0.496+0.055
SGD 4e-5 | 0.01 0.66940.067 | 0.615£0.095 | 0.639£0.077 | 0.634£0.098
SGD 4e-5 | 0.02 0.65140.068 | 0.538+0.144 | 0.585£0.12 | 0.601+0.108
SGD 4e-5 | 0.03 0.66£0.033 | 0.525+0.111 | 0.58+0.093 | 0.563+£0.074
SGD 5e-5 | 0.01 0.68240.061 | 0.663%0.075 | 0.671£0.065 | 0.683£0.077
SGD 5e-5 | 0.02 0.69940.051 | 0.508+0.166 | 0.572+0.125 | 0.581+0.122
SGD 5e-5 | 0.03 0.63740.069 | 0.49440.188 | 0.589+0.07 | 0.6+0.117
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4.3.2. Multi-class Relation Extraction with The Shortest Sequence Between

Chemical and Protein Entity Pairs

e Development Set Results

Table 4.15. The mean and std of evaluation metrics in the dev set with parameters

used in multi-class relation extraction with BioBERT using the shortest subsequence

between chemical and protein entity pairs. LR is the learning rate in the table.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

AdamW le-5 | 0.1 0.74340.028 | 0.739£0.027 | 0.74+0.006 | 0.763£0.008
AdamW le-5 | 0.2 0.73440.034 | 0.75£0.035 | 0.741£0.01 | 0.766+0.007
AdamW le-5 | 0.3 0.744=£0.017 | 0.75+0.013 | 0.747£0.005 | 0.77£0.006
AdamW 2e-5 | 0.1 0.744+0.019 | 0.76+0.015 | 0.752+0.011 | 0.774£0.013
AdamW 2e-5 | 0.2 0.74340.032 | 0.75840.026 | 0.749£0.012 | 0.77+0.013
AdamW 2e-5 | 0.3 0.74840.036 | 0.75540.026 | 0.751£0.013 | 0.767+0.019
AdamW 3e-5 | 0.1 0.75640.019 | 0.755£0.016 | 0.755£0.008 | 0.773£0.012
AdamW 3e-5 | 0.2 0.74540.022 | 0.765%0.012 | 0.755£0.01 | 0.772+0.013
AdamW 3e-5 | 0.3 0.76440.038 | 0.74540.039 | 0.753£0.014 | 0.773£0.014
Adam le-5 | 0.01 0.74240.025 | 0.709£0.034 | 0.724£0.019 | 0.748+0.017
Adam le-5 | 0.02 0.7361+0.023 | 0.66£0.045 | 0.695£0.026 | 0.715£0.03
Adam le-5 | 0.03 0.70340.052 | 0.59940.072 | 0.643£0.047 | 0.659+0.053
Adam 2e-5 | 0.01 0.71640.038 | 0.60740.083 | 0.652+0.044 | 0.6740.061
Adam 2e-5 | 0.02 0.68740.043 | 0.65240.061 | 0.665£0.025 | 0.688+0.048
Adam 2e-5 | 0.03 0.6814+0.03 | 0.63240.027 | 0.655£0.005 | 0.688+0.013
Adam 3e-5 | 0.01 0.67340.036 | 0.67540.038 | 0.672=+0.008 | 0.703£0.009
Adam 3e-5 | 0.02 0.65140.058 | 0.625£0.053 | 0.634£0.01 | 0.665+0.016
Adam 3e-5 | 0.03 0.614£0.042 | 0.618£0.054 | 0.612+0.016 | 0.642+0.017
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Table 4.15. The mean and std of evaluation metrics in the dev set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

Adam 4e-5 | 0.01 0.6534+0.043 | 0.631£0.045 | 0.64+0.011 | 0.655+0.041
Adam 4e-5 | 0.02 0.60140.076 | 0.60940.084 | 0.595£0.028 | 0.628+0.018
Adam 4e-5 | 0.03 0.6014+0.03 | 0.50940.182 | 0.581£0.016 | 0.632+0.092
Adam 5e-5 | 0.01 0.626£0.073 | 0.613£0.096 | 0.609£0.042 | 0.637£0.04
Adam 5e-H | 0.02 0.60440.064 | 0.436+0.237 | 0.567£0.028 | 0.648+0.127
Adam 5e-5 | 0.03 0.56£0.039 | 0.51£0.185 | 0.561£0.007 | 0.6240.092
SGD le-5 | 0.01 0.54940.028 | 0.29240.073 | 0.374£0.073 | 0.456+0.069
SGD le-5 | 0.02 0.53540.041 | 0.297£0.065 | 0.375£0.061 | 0.455+0.069
SGD le-5 | 0.03 0.54740.026 | 0.31840.022 | 0.401£0.018 | 0.454+0.026
SGD 2e-5 | 0.01 0.61440.072 | 0.45£0.123 | 0.514£0.108 | 0.56+0.088
SGD 2e-5 | 0.02 0.635+0.03 | 0.505£0.082 | 0.559+£0.066 | 0.587+0.086
SGD 2e-5 | 0.03 0.58640.084 | 0.41740.128 | 0.483£0.12 | 0.596+0.057
SGD 3e-5 | 0.01 0.67£0.033 | 0.51240.187 | 0.614£0.039 | 0.631£0.095
SGD 3e-5 | 0.02 0.65240.035 | 0.55640.079 | 0.598+0.059 | 0.578+0.061
SGD 3e-5 | 0.03 0.65340.055 | 0.54940.114 | 0.593£0.098 | 0.6240.051
SGD 4e-5 | 0.01 0.67840.045 | 0.52940.212 | 0.626£0.081 | 0.659+0.11
SGD 4e-5 | 0.02 0.67740.063 | 0.606+0.075 | 0.639£0.069 | 0.614+0.089
SGD 4e-5 | 0.03 0.66140.016 | 0.545£0.192 | 0.632+0.014 | 0.6440.091
SGD 5e-5 | 0.01 0.70140.061 | 0.604£0.217 | 0.685£0.051 | 0.718+0.095
SGD 5e-5 | 0.02 0.69540.05 | 0.64240.063 | 0.667£0.056 | 0.677+0.059
SGD 5e-5 | 0.03 0.66940.033 | 0.61240.052 | 0.638+0.04 | 0.639+0.044
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Table 4.16. The mean and std of evaluation metrics in the test set with parameters

used in multi-class relation extraction with BioBERT using the shortest subsequence

between chemical and protein entity pairs. LR is the learning rate in the table.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
AdamW le-5 | 0.1 0.73940.026 | 0.706+0.036 | 0.721£0.01 | 0.734+£0.009
AdamW le-5 | 0.2 0.73£0.031 | 0.72£0.032 | 0.724=£0.007 | 0.737£0.008
AdamW le-5 | 0.3 0.73440.02 | 0.717£0.011 | 0.725£0.009 | 0.739+0.009
AdamW 2e-5 | 0.1 0.73740.017 | 0.71940.015 | 0.728+0.009 | 0.741+0.009
AdamW 2e-5 | 0.2 0.73740.029 | 0.723£0.024 | 0.729£0.007 | 0.7440.01
AdamW 2e-5 | 0.3 0.73940.029 | 0.71840.023 | 0.728£0.01 | 0.74%0.013
AdamW 3e-5 | 0.1 0.74640.018 | 0.71840.013 | 0.732+0.007 | 0.742+0.01
AdamW 3e-5 | 0.2 0.734=£0.017 | 0.727£0.015 | 0.73£0.007 | 0.743£0.007
AdamW 3e-5 | 0.3 0.74740.037 | 0.706%0.036 | 0.725£0.012 | 0.738+0.011
Adam le-5 | 0.01 0.72140.022 | 0.671£0.038 | 0.695£0.021 | 0.715+0.022
Adam le-5 | 0.02 0.72840.026 | 0.63340.035 | 0.676+£0.018 | 0.697+0.021
Adam le-5 | 0.03 0.7014+0.052 | 0.58+0.075 | 0.63+0.05 0.63+0.07
Adam 2e-5 | 0.01 0.7114£0.04 | 0.587£0.085 | 0.638+0.046 | 0.652+0.063
Adam 2e-5 | 0.02 0.68740.037 | 0.626+0.066 | 0.651£0.031 | 0.669+0.045
Adam 2e-5 | 0.03 0.684=£0.021 | 0.604=£0.027 | 0.641£0.01 | 0.667£0.016
Adam 3e-5 | 0.01 0.68140.038 | 0.646+0.04 | 0.661£0.007 | 0.687+0.009
Adam 3e-5H | 0.02 0.65940.045 | 0.58440.059 | 0.615£0.018 | 0.647+0.021
Adam 3e-5 | 0.03 0.6240.039 | 0.57940.053 | 0.596+£0.018 | 0.625+0.02
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Table 4.16. The mean and std of evaluation metrics in the test set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.66540.036 | 0.59940.037 | 0.628+0.013 | 0.645+0.04
Adam 4e-5 | 0.02 0.61140.067 | 0.561£0.085 | 0.576£0.037 | 0.616+0.023
Adam 4e-5 | 0.03 0.59840.028 | 0.46940.169 | 0.556+£0.022 | 0.615+0.098
Adam 5e-5 | 0.01 0.6414£0.06 | 0.578+0.095 | 0.598+0.05 | 0.628+0.046
Adam 5e-H | 0.02 0.60940.063 | 0.440.217 0.54440.023 | 0.637+0.13
Adam 5e-5 | 0.03 0.56640.035 | 0.45740.169 | 0.532+0.015 | 0.604+0.096
SGD le-5 | 0.01 0.54740.027 | 0.317£0.07 | 0.395£0.065 | 0.472+0.076
SGD le-5 | 0.02 0.53440.029 | 0.323£0.069 | 0.396£0.061 | 0.458+0.068
SGD le-5 | 0.03 0.54£0.024 | 0.34140.025 | 0.417£0.019 | 0.45%0.026
SGD 2e-5 | 0.01 0.60940.058 | 0.452+0.1 0.51640.085 | 0.5484-0.078
SGD 2e-5 | 0.02 0.621£0.021 | 0.495£0.077 | 0.548=£0.059 | 0.567£0.081
SGD 2e-5 | 0.03 0.58140.065 | 0.418+0.111 | 0.482+0.101 | 0.559+0.054
SGD 3e-5 | 0.01 0.66140.034 | 0.4984+0.182 | 0.601£0.033 | 0.612+0.1
SGD 3e-5 | 0.02 0.64340.034 | 0.53940.075 | 0.584+£0.055 | 0.568+0.042
SGD 3e-5 | 0.03 0.636+0.052 | 0.52540.098 | 0.573£0.084 | 0.575+0.058
SGD 4e-5 | 0.01 0.67440.039 | 0.51240.201 | 0.614£0.072 | 0.633+£0.118
SGD 4e-5 | 0.02 0.67140.058 | 0.58740.063 | 0.626£0.059 | 0.595+0.083
SGD 4e-5 | 0.03 0.6556+0.02 | 0.527£0.186 | 0.618+0.016 | 0.623£0.097
SGD 5e-5 | 0.01 0.68840.059 | 0.586+0.208 | 0.668+0.044 | 0.692+0.095
SGD 5e-5 | 0.02 0.68640.041 | 0.62+0.059 | 0.651£0.05 | 0.652+0.058
SGD 5e-5 | 0.03 0.66+£0.033 | 0.59340.05 | 0.624+0.037 | 0.618+0.05
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4.3.3. Multi-class Relation Extraction with The Shortest Subsequence In-

cluding Chemical and Protein Entity Pair and Their Parent Node

e Development Set Results

Table 4.17. The mean and std of evaluation metrics in the dev set with parameters

used in multi-class relation extraction with BioBERT using the shortest subsequence

including chemical and protein entity pairs and their parent node.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
AdamW le-5 | 0.1 0.73140.027 | 0.76240.027 | 0.746£0.007 | 0.769+0.01
AdamW le-5 | 0.2 0.73440.012 | 0.75940.022 | 0.746+£0.007 | 0.773£0.008
AdamW le-5 | 0.3 0.7374£0.032 | 0.751£0.03 | 0.743£0.007 | 0.768+0.008
AdamW 2e-5 | 0.1 0.74540.031 | 0.769£0.028 | 0.756£0.006 | 0.779+0.007
AdamW 2e-5 | 0.2 0.74840.021 | 0.767£0.011 | 0.757£0.009 | 0.783+0.008
AdamW 2e-5 | 0.3 0.74£0.014 | 0.77440.013 | 0.757£0.008 | 0.779+0.009
AdamW 3e-5 | 0.1 0.7554+0.02 | 0.76240.02 | 0.758=+0.006 | 0.78%0.006
AdamW 3e-5 | 0.2 0.75240.028 | 0.76£0.025 | 0.756£0.018 | 0.771£0.038
AdamW 3e-5 | 0.3 0.75340.011 | 0.77240.013 | 0.762=£0.006 | 0.786+0.005
Adam le-5 | 0.01 0.735£0.045 | 0.704=£0.077 | 0.715£0.033 | 0.734£0.036
Adam le-5 | 0.02 0.71840.025 | 0.676+0.031 | 0.696£0.021 | 0.707+£0.046
Adam le-5 | 0.03 0.71640.033 | 0.61740.037 | 0.662+0.025 | 0.668+0.05
Adam 2e-5 | 0.01 0.73740.034 | 0.71240.033 | 0.723£0.008 | 0.746+0.01
Adam 2e-5 | 0.02 0.675£0.042 | 0.6840.03 0.676+0.012 | 0.7£0.012
Adam 2e-5 | 0.03 0.69740.053 | 0.59540.092 | 0.634£0.046 | 0.654+0.051
Adam 3e-5 | 0.01 0.69240.038 | 0.673+0.05 | 0.68+0.016 | 0.705+0.02
Adam 3e-5 | 0.02 0.668+£0.098 | 0.532£0.219 | 0.61£0.056 | 0.656£0.099
Adam 3e-5 | 0.03 0.611£0.064 | 0.6140.08 0.60340.021 | 0.625£0.031
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Table 4.17. The mean and std of evaluation metrics in the dev set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.64440.019 | 0.669£0.008 | 0.656£0.009 | 0.687+0.01
Adam 4e-5 | 0.02 0.606+0.061 | 0.605%0.06 | 0.640.019 0.62340.048
Adam 4e-5 | 0.03 0.60740.041 | 0.49840.186 | 0.575+£0.03 | 0.6140.11
Adam 5e-5 | 0.01 0.64340.062 | 0.604£0.083 | 0.615£0.026 | 0.639+0.029
Adam 5e-H | 0.02 0.6084+0.06 | 0.416+0.26 | 0.537£0.122 | 0.64+0.136
Adam 5e-5 | 0.03 0.56340.049 | 0.47140.181 | 0.536£0.031 | 0.597+0.104
SGD le-5 | 0.01 0.55140.044 | 0.29740.037 | 0.385£0.039 | 0.476+0.096
SGD le-5 | 0.02 0.5744+0.07 | 0.226%0.114 | 0.34+0.142 0.42340.049
SGD le-5 | 0.03 0.55940.074 | 0.23240.103 | 0.309£0.123 | 0.467£0.055
SGD 2e-5 | 0.01 0.64740.041 | 0.49140.078 | 0.557£0.066 | 0.587+0.052
SGD 2e-5 | 0.02 0.63740.049 | 0.461£0.097 | 0.531£0.087 | 0.583+0.064
SGD 2e-5 | 0.03 0.61240.028 | 0.44£0.099 | 0.507£0.084 | 0.5340.072
SGD 3e-5 | 0.01 0.66140.038 | 0.53240.142 | 0.58+0.104 | 0.573+0.082
SGD 3e-5 | 0.02 0.65740.055 | 0.50740.142 | 0.562+0.106 | 0.581+0.073
SGD 3e-5 | 0.03 0.66240.016 | 0.576+0.016 | 0.616+£0.013 | 0.555+0.018
SGD 4e-5 | 0.01 0.70540.019 | 0.638+0.069 | 0.668+0.045 | 0.674£0.053
SGD 4e-5 | 0.02 0.69140.029 | 0.60240.08 | 0.641£0.057 | 0.626+0.058
SGD 4e-5 | 0.03 0.646+0.062 | 0.501£0.196 | 0.597£0.078 | 0.625+£0.111
SGD 5e-5 | 0.01 0.69940.075 | 0.60740.141 | 0.643£0.106 | 0.644+0.13
SGD 5e-5 | 0.02 0.70440.015 | 0.668+0.02 | 0.685£0.01 | 0.705+0.012
SGD 5e-5 | 0.03 0.66540.053 | 0.59540.064 | 0.627+0.055 | 0.625+0.073




o Test Set Results

78

Table 4.18. The mean and std of evaluation metrics in the test set with parameters

used in multi-class relation extraction with BioBERT using the shortest subsequence

including chemical and protein entity pairs and their parent node.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

AdamW le-5 | 0.1 0.723£0.025 | 0.724£0.02 | 0.722£0.006 | 0.737£0.008
AdamW le-5 | 0.2 0.7334+0.013 | 0.7254£0.02 | 0.728+0.007 | 0.744+0.008
AdamW le-5 | 0.3 0.73340.032 | 0.71740.029 | 0.724=£0.006 | 0.7440.007
AdamW 2e-5 | 0.1 0.74140.032 | 0.72240.028 | 0.73+0.005 | 0.746+0.006
AdamW 2e-5 | 0.2 0.74140.015 | 0.726£0.013 | 0.733£0.004 | 0.749+0.003
AdamW 2e-5 | 0.3 0.73240.017 | 0.733£0.014 | 0.732£0.007 | 0.749+0.009
AdamW 3e-5 | 0.1 0.74940.015 | 0.71940.016 | 0.734=£0.006 | 0.749+0.005
AdamW 3e-5 | 0.2 0.732£0.017 | 0.733£0.014 | 0.732£0.007 | 0.74940.009
AdamW 3e-5 0.3 0.74340.014 | 0.726+0.011 | 0.734=£0.007 | 0.749+0.006
Adam le-5 | 0.01 0.72540.046 | 0.673£0.068 | 0.694£0.027 | 0.713£0.025
Adam le-5 | 0.02 0.70840.023 | 0.65640.029 | 0.68+0.019 | 0.69+0.044
Adam le-5 | 0.03 0.71240.031 | 0.601£0.038 | 0.651£0.024 | 0.662+0.05
Adam 2e-5 | 0.01 0.71740.027 | 0.678+0.035 | 0.696£0.008 | 0.716+0.006
Adam 2e-5 | 0.02 0.6734+0.04 | 0.663£0.032 | 0.666£0.008 | 0.689+0.005
Adam 2e-5 | 0.03 0.69240.053 | 0.568+0.095 | 0.616£0.052 | 0.632+0.061
Adam 3e-5 | 0.01 0.68140.033 | 0.644+0.043 | 0.66+0.012 | 0.683+0.019
Adam 3e-5H | 0.02 0.65740.095 | 0.503£0.207 | 0.587£0.056 | 0.637+0.102
Adam 3e-5 | 0.03 0.61340.058 | 0.57340.075 | 0.586+£0.026 | 0.611+0.035




79

Table 4.18. The mean and std of evaluation metrics in the test set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.64140.011 | 0.631£0.016 | 0.636£0.005 | 0.665+0.005
Adam 4e-5 | 0.02 0.59£0.054 | 0.56540.058 | 0.573£0.022 | 0.640.047
Adam 4e-5 | 0.03 0.59140.038 | 0.45840.169 | 0.543£0.026 | 0.588+0.114
Adam 5e-5 | 0.01 0.639£0.055 | 0.573£0.078 | 0.598+0.03 | 0.624£0.033
Adam 5e-H | 0.02 0.59940.071 | 0.38+0.238 | 0.506£0.117 | 0.621+£0.144
Adam 5e-5 | 0.03 0.56440.051 | 0.43240.163 | 0.514£0.021 | 0.593+0.105
SGD le-5 | 0.01 0.55940.032 | 0.32+0.032 | 0.406+£0.031 | 0.476+0.092
SGD le-5 | 0.02 0.58940.074 | 0.248+0.117 | 0.325£0.141 | 0.4440.052
SGD le-5 | 0.03 0.57£0.078 | 0.253£0.107 | 0.33+0.124 | 0.462+0.069
SGD 2e-5 | 0.01 0.63640.033 | 0.48340.062 | 0.548+0.052 | 0.541£0.04
SGD 2e-5 | 0.02 0.62740.037 | 0.454+0.087 | 0.524£0.075 | 0.555+0.068
SGD 2e-5 | 0.03 0.61240.023 | 0.44+0.088 | 0.508+0.073 | 0.5340.041
SGD 3e-5 | 0.01 0.65240.034 | 0.52240.128 | 0.572£0.093 | 0.555+0.073
SGD 3e-5 | 0.02 0.65140.048 | 0.49940.134 | 0.555+0.098 | 0.541+0.079
SGD 3e-5 | 0.03 0.65340.015 | 0.556£0.012 | 0.601£0.009 | 0.549+0.028
SGD 4e-5 | 0.01 0.69340.018 | 0.616+0.063 | 0.651£0.042 | 0.646+0.053
SGD 4e-5 | 0.02 0.68540.023 | 0.58440.07 | 0.629+0.05 | 0.611+0.053
SGD 4e-5 | 0.03 0.64840.059 | 0.491£0.189 | 0.591£0.071 | 0.611+£0.111
SGD 5e-5 | 0.01 0.69140.061 | 0.584+0.129 | 0.627£0.096 | 0.622+0.124
SGD 5e-5 | 0.02 0.7054+0.013 | 0.64840.021 | 0.675£0.01 | 0.691+0.014
SGD 5e-5 | 0.03 0.66240.047 | 0.57940.059 | 0.617£0.049 | 0.616+0.055
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4.4. Multi-class Relation Extraction Experiments with SciBERT

4.4.1. Multi-class Relation Extraction with Sentence-based Input Repre-

sentation

e Development Set Results

Table 4.19. The mean and standard deviation (std) of evaluation metrics in

development set with parameters used in multi-class relation extraction with

SciBERT using entire sentence. LR is the learning rate in the table.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
AdamW le-5 | 0.1 0.72740.018 | 0.773£0.021 | 0.749£0.006 | 0.778+0.007
AdamW le-5 | 0.2 0.72140.011 | 0.761£0.028 | 0.74+0.013 | 0.767£0.018
AdamW 2e-5 | 0.1 0.767£0.029 | 0.75+0.043 | 0.757£0.012 | 0.782+£0.017
AdamW 2e-5 | 0.2 0.7374+0.022 | 0.78+0.018 | 0.758+0.015 | 0.785+0.019
AdamW 3e-5 | 0.1 0.7534+0.023 | 0.774£0.017 | 0.763£0.01 | 0.785+0.013
AdamW 3e-5 | 0.2 0.74540.021 | 0.77940.019 | 0.761£0.008 | 0.788+0.01
Adam le-5 | 0.01 0.7014£0.049 | 0.72540.039 | 0.711£0.023 | 0.732+0.027
Adam le-5 | 0.02 0.69240.02 | 0.68+0.038 | 0.685£0.016 | 0.701+£0.027
Adam le-5 | 0.03 0.65740.046 | 0.64340.069 | 0.646+£0.032 | 0.664+0.032
Adam 2e-5 | 0.01 0.707£0.015 | 0.718£0.037 | 0.712£0.017 | 0.726£0.024
Adam 2e-5 | 0.02 0.68540.038 | 0.635%0.056 | 0.657£0.021 | 0.652+0.044
Adam 2e-5 | 0.03 0.64740.04 | 0.633£0.056 | 0.637£0.017 | 0.638+0.042
Adam 3e-5 | 0.01 0.66240.054 | 0.70840.049 | 0.681£0.021 | 0.692+0.026
Adam 3e-5 | 0.02 0.62640.042 | 0.622+0.056 | 0.62+0.016 | 0.633£0.017
Adam 3e-5 | 0.03 0.62240.054 | 0.56840.071 | 0.588=+0.028 | 0.589+0.06
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Table 4.19. The mean and std of evaluation metrics in the dev set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.666+0.039 | 0.65£0.065 | 0.654£0.021 | 0.654+£0.051
Adam 4e-5 | 0.02 0.58440.012 | 0.617£0.02 | 0.640.009 0.61440.01
Adam 4e-5 | 0.03 0.54640.031 | 0.54540.037 | 0.544+0.013 | 0.556+0.012
Adam 5e-5 | 0.01 0.629£0.026 | 0.631£0.038 | 0.629£0.012 | 0.639£0.017
Adam 5e-H | 0.02 0.56610.075 | 0.539£0.106 | 0.539£0.044 | 0.546+£0.047
Adam 5e-5 | 0.03 0.54940.069 | 0.45240.102 | 0.483£0.048 | 0.494+0.064
SGD le-5 | 0.01 0.49540.065 | 0.204+0.17 | 0.253£0.184 | 0.488+0.065
SGD le-5 | 0.02 0.51240.063 | 0.196£0.167 | 0.277£0.177 | 0.527+0.149
SGD le-5 | 0.03 0.45740.171 | 0.269£0.177 | 0.356£0.163 | 0.568+0.128
SGD 2e-5 | 0.01 0.54940.097 | 0.39140.251 | 0.461£0.194 | 0.579+0.144
SGD 2e-5 | 0.02 0.58440.075 | 0.484+0.127 | 0.525£0.106 | 0.56+0.062
SGD 2e-5 | 0.03 0.54440.088 | 0.308+0.189 | 0.406£0.147 | 0.589+0.129
SGD 3e-5 | 0.01 0.6164+0.07 | 0.61440.137 | 0.611£0.106 | 0.666+£0.037
SGD 3e-5 | 0.02 0.60740.085 | 0.43140.261 | 0.515£0.195 | 0.648+0.1
SGD 3e-5 | 0.03 0.56240.094 | 0.41940.254 | 0.492+0.188 | 0.631+£0.106
SGD 4e-5 | 0.01 0.57940.088 | 0.553£0.238 | 0.594£0.118 | 0.664+0.106
SGD 4e-5 | 0.02 0.60440.096 | 0.546+0.164 | 0.569+0.135 | 0.606+0.113
SGD 4e-5 | 0.03 0.52£0.128 | 0.446+0.225 | 0.469£0.191 | 0.594+£0.1
SGD 5e-5 | 0.01 0.63140.056 | 0.59540.223 | 0.585£0.21 | 0.643+0.11
SGD 5e-5 | 0.02 0.60440.086 | 0.46+£0.282 | 0.581£0.122 | 0.676+0.138
SGD 5e-5 | 0.03 0.58940.055 | 0.53740.169 | 0.552+0.122 | 0.564+0.12
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Table 4.20. The mean and standard deviation (std) of evaluation metrics in the test

set with parameters used in multi-class relation extraction with SciBERT using the

entire sentence. LR is the learning rate in the table.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
AdamW le-5 | 0.1 0.74340.017 | 0.732+0.018 | 0.737£0.006 | 0.757£0.007
AdamW le-5 | 0.2 0.73940.013 | 0.72340.023 | 0.731£0.008 | 0.7540.01
AdamW 2e-5 | 0.1 0.77140.025 | 0.71440.038 | 0.74+0.014 | 0.759+0.011
AdamW 2e-5 | 0.2 0.748+0.018 | 0.735+0.015 | 0.741+0.011 | 0.76+0.011
AdamW 3e-5 | 0.1 0.75840.024 | 0.729£0.013 | 0.743£0.011 | 0.762+0.013
AdamW 3e-5 | 0.2 0.74740.019 | 0.739£0.018 | 0.743£0.007 | 0.762+0.007
Adam le-5 | 0.01 0.71340.048 | 0.68940.034 | 0.699+0.016 | 0.721+£0.02
Adam le-5 | 0.02 0.711£0.015 | 0.658=£0.047 | 0.682£0.023 | 0.7£0.033
Adam le-5 | 0.03 0.67640.049 | 0.626+0.073 | 0.645£0.034 | 0.663£0.037
Adam 2e-5 | 0.01 0.71640.016 | 0.68440.03 | 0.699+0.013 | 0.7240.02
Adam 2e-5 | 0.02 0.691£0.037 | 0.606£0.058 | 0.643£0.024 | 0.651£0.046
Adam 2e-5 | 0.03 0.65840.03 | 0.605£0.058 | 0.628+0.025 | 0.636+0.052
Adam 3e-5 | 0.01 0.67240.048 | 0.675£0.056 | 0.67+0.019 | 0.691+0.023
Adam 3e-5 | 0.02 0.62840.041 | 0.586+0.059 | 0.602+0.016 | 0.628+0.012
Adam 3e-5 | 0.03 0.623£0.056 | 0.528=+0.063 | 0.567£0.028 | 0.571£0.054
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Table 4.20. The mean and std of evaluation metrics in the test set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.67240.034 | 0.613£0.063 | 0.638+0.025 | 0.651+£0.049
Adam 4e-5 | 0.02 0.58940.011 | 0.571£0.015 | 0.58+0.008 | 0.603£0.009
Adam 4e-5 | 0.03 0.5434+0.03 | 0.49640.037 | 0.517£0.016 | 0.528+0.021
Adam 5e-5 | 0.01 0.63740.024 | 0.599+0.037 | 0.616£0.01 | 0.639+0.018
Adam 5e-H | 0.02 0.56840.072 | 0.497+0.104 | 0.517£0.042 | 0.535£0.047
Adam 5e-5 | 0.03 0.54240.058 | 0.41740.101 | 0.46+0.058 | 0.468+0.074
SGD le-5 | 0.01 0.46340.174 | 0.21840.174 | 0.303£0.178 | 0.533+0.139
SGD le-5 | 0.02 0.52540.062 | 0.207£0.167 | 0.295£0.181 | 0.527+0.146
SGD le-5 | 0.03 0.55£0.071 | 0.277£0.177 | 0.334£0.194 | 0.505+0.083
SGD 2e-5 | 0.01 0.58640.088 | 0.388+0.233 | 0.474£0.18 | 0.572+0.144
SGD 2e-5 | 0.02 0.608+0.075 | 0.477£0.109 | 0.532£0.095 | 0.549+0.063
SGD 2e-5 | 0.03 0.52240.201 | 0.3£0.179 0.41£0.146 | 0.57240.139
SGD 3e-5 | 0.01 0.63440.076 | 0.5924+0.123 | 0.61+0.101 | 0.656+0.039
SGD 3e-5 | 0.02 0.63440.089 | 0.408+0.243 | 0.51+0.191 | 0.637+0.102
SGD 3e-5 | 0.03 0.57740.095 | 0.403£0.241 | 0.488+0.186 | 0.622+0.105
SGD 4e-5 | 0.01 0.61140.087 | 0.53£0.221 | 0.598+0.11 | 0.651+0.113
SGD 4e-5 | 0.02 0.62540.094 | 0.52640.146 | 0.568+0.125 | 0.599+0.115
SGD 4e-5 | 0.03 0.55140.129 | 0.443+0.204 | 0.483£0.181 | 0.602+0.1
SGD 5e-5 | 0.01 0.66140.051 | 0.573£0.212 | 0.585£0.205 | 0.649+0.092
SGD 5e-5 | 0.02 0.6244+0.077 | 0.44£0.265 | 0.578+0.109 | 0.67+0.138
SGD 5e-5 | 0.03 0.62340.056 | 0.51840.151 | 0.557+0.113 | 0.572+0.116
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4.4.2. Multi-class Relation Extraction with The Shortest Sequence Between

Chemical and Protein Entity Pairs

e Development Set Results

Table 4.21. The mean and std of evaluation metrics in the dev set with parameters

used in multi-class relation extraction with SciBERT using the shortest subsequence

between chemical and protein entity pairs. LR is the learning rate in the table.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

AdamW le-5 | 0.1 0.72140.019 | 0.74£0.011 | 0.73+0.007 | 0.759+0.009
AdamW le-5 | 0.2 0.71940.028 | 0.73940.017 | 0.728+0.011 | 0.755+0.01
AdamW le-5 | 0.3 0.729£0.017 | 0.734=£0.023 | 0.731£0.006 | 0.758+0.006
AdamW 2e-5 | 0.1 0.73540.025 | 0.734£0.032 | 0.733£0.008 | 0.758+0.013
AdamW 2e-5 | 0.2 0.72240.039 | 0.74540.033 | 0.732£0.014 | 0.757£0.014
AdamW 2e-5 | 0.3 0.73540.022 | 0.7484+0.02 | 0.741£0.006 | 0.762+0.007
AdamW 3e-5 | 0.1 0.72340.038 | 0.753£0.036 | 0.736£0.017 | 0.761+£0.013
AdamW 3e-5 | 0.2 0.7334+0.041 | 0.74340.033 | 0.737£0.015 | 0.758+0.014
AdamW 3e-5 | 0.3 0.719+£0.051 | 0.742+0.03 | 0.728+0.021 | 0.754+0.024
Adam le-5 | 0.01 0.712£0.047 | 0.697£0.029 | 0.703£0.024 | 0.737£0.021
Adam le-5 | 0.02 0.70740.031 | 0.684+0.014 | 0.695£0.017 | 0.727+0.019
Adam le-5 | 0.03 0.68740.04 | 0.64240.05 | 0.661£0.028 | 0.684+0.055
Adam 2e-5 | 0.01 0.73640.012 | 0.70440.015 | 0.719+0.007 | 0.746+0.008
Adam 2e-5 | 0.02 0.686+0.064 | 0.646+0.086 | 0.658+0.044 | 0.687+0.035
Adam 2e-5 | 0.03 0.66740.036 | 0.63240.024 | 0.648+0.008 | 0.673£0.011
Adam 3e-5 | 0.01 0.69240.013 | 0.67440.015 | 0.683£0.008 | 0.711+£0.011
Adam 3e-5 | 0.02 0.67+0.072 | 0.604=£0.09 | 0.626£0.035 | 0.645£0.04
Adam 3e-5 | 0.03 0.66340.092 | 0.55340.114 | 0.587£0.047 | 0.59+0.064
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Table 4.21. The mean and std of evaluation metrics in the dev set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

Adam 4e-5 | 0.01 0.68340.043 | 0.61340.056 | 0.643£0.018 | 0.667+0.03
Adam 4e-5 | 0.02 0.61640.015 | 0.598+0.018 | 0.606£0.005 | 0.631£0.007
Adam 4e-5 | 0.03 0.64340.061 | 0.52240.078 | 0.568=+0.031 | 0.586+0.064
Adam 5e-5 | 0.01 0.66240.073 | 0.593£0.089 | 0.616+£0.043 | 0.642+0.039
Adam 5e-H | 0.02 0.613+0.08 | 0.54840.115 | 0.563£0.056 | 0.58+0.074
Adam 5e-5 | 0.03 0.60340.066 | 0.52940.083 | 0.554£0.025 | 0.586+0.013
SGD le-5 | 0.01 0.60140.024 | 0.46+£0.164 | 0.552+0.022 | 0.615+0.102
SGD le-5 | 0.02 0.57140.076 | 0.44840.107 | 0.499£0.093 | 0.576+0.08
SGD le-5 | 0.03 0.59740.018 | 0.47240.055 | 0.526£0.042 | 0.5640.052
SGD 2e-5 | 0.01 0.62640.039 | 0.55840.092 | 0.588+0.069 | 0.601+0.067
SGD 2e-5 | 0.02 0.656+0.025 | 0.582+0.058 | 0.616+£0.041 | 0.631+£0.046
SGD 2e-5 | 0.03 0.64640.026 | 0.586+0.029 | 0.614+0.019 | 0.616+0.034
SGD 3e-5 | 0.01 0.62540.056 | 0.58240.067 | 0.602+0.058 | 0.619+0.08
SGD 3e-5 | 0.02 0.63740.081 | 0.57440.114 | 0.603£0.099 | 0.639+0.075
SGD 3e-5 | 0.03 0.64140.081 | 0.588+0.058 | 0.613£0.067 | 0.645+0.064
SGD 4e-5 | 0.01 0.67340.036 | 0.65540.049 | 0.663£0.033 | 0.691£0.054
SGD 4e-5 | 0.02 0.65240.072 | 0.591+0.14 | 0.616+£0.119 | 0.676+0.063
SGD 4e-5 | 0.03 0.666+0.042 | 0.615£0.057 | 0.638+0.038 | 0.665+0.059
SGD 5e-5 | 0.01 0.69140.036 | 0.677£0.028 | 0.683£0.02 | 0.7240.021
SGD 5e-5 | 0.02 0.62840.113 | 0.47+£0.17 0.53140.157 | 0.617£0.097
SGD 5e-5 | 0.03 0.66+£0.073 | 0.52140.206 | 0.615£0.084 | 0.671+£0.101
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Table 4.22. The mean and std of evaluation metrics in the test set with parameters

used in multi-class relation extraction with SciBERT using the shortest subsequence

between chemical and protein entity pairs. LR is the learning rate in the table.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

AdamW le-5 | 0.1 0.70840.017 | 0.71£0.007 | 0.709+£0.006 | 0.726+0.008
AdamW le-5 | 0.2 0.7054+0.03 | 0.708+0.017 | 0.706£0.009 | 0.723+£0.01
AdamW le-5 | 0.3 0.71340.015 | 0.696+0.025 | 0.704=£0.009 | 0.723£0.007
AdamW 2e-5 | 0.1 0.72640.028 | 0.69940.026 | 0.711£0.005 | 0.73+0.004
AdamW 2e-5 | 0.2 0.70840.039 | 0.705£0.025 | 0.705£0.011 | 0.725+0.012
AdamW 2e-5 | 0.3 0.72440.021 | 0.705£0.023 | 0.714£0.007 | 0.731£0.008
AdamW 3e-5 | 0.1 0.71£0.045 | 0.71£0.038 | 0.708+0.018 | 0.73+0.014
AdamW 3e-5 | 0.2 0.723£0.044 | 0.702£0.026 | 0.711£0.013 | 0.728=+0.011
AdamW 3e-5 0.3 0.71240.044 | 0.695%0.03 | 0.702£0.02 | 0.722+0.017
Adam le-5 | 0.01 0.71£0.046 | 0.667£0.028 | 0.686£0.019 | 0.712+0.018
Adam le-5 | 0.02 0.70840.031 | 0.65240.016 | 0.679£0.019 | 0.706+0.021
Adam le-5 | 0.03 0.68640.041 | 0.62+0.053 | 0.649+0.029 | 0.668+0.052
Adam 2e-5 | 0.01 0.71840.01 | 0.664%0.015 | 0.69+0.005 | 0.715+0.006
Adam 2e-5 | 0.02 0.68540.05 | 0.61740.096 | 0.642+0.057 | 0.675+0.039
Adam 2e-5 | 0.03 0.67440.027 | 0.616+£0.03 | 0.643£0.007 | 0.669+0.011
Adam 3e-5 | 0.01 0.68940.012 | 0.64+0.013 | 0.663£0.006 | 0.692+0.01
Adam 3e-5H | 0.02 0.67840.076 | 0.578+0.097 | 0.613£0.041 | 0.635+0.048
Adam 3e-5 | 0.03 0.66140.077 | 0.52340.119 | 0.569+0.06 | 0.583+0.075
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Table 4.22. The mean and std of evaluation metrics in the test set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.69640.041 | 0.584+0.059 | 0.631£0.025 | 0.656+0.036
Adam 4e-5 | 0.02 0.6334+0.014 | 0.568+0.019 | 0.598=+0.005 | 0.631£0.004
Adam 4e-5 | 0.03 0.64440.06 | 0.49240.076 | 0.55+0.034 | 0.58+0.066
Adam 5e-5 | 0.01 0.66940.059 | 0.558+0.09 | 0.6+0.051 0.634+0.043
Adam 5e-H | 0.02 0.62540.076 | 0.52240.116 | 0.554£0.061 | 0.5840.085
Adam 5e-5 | 0.03 0.59940.066 | 0.49540.087 | 0.532+0.032 | 0.5840.02
SGD le-5 | 0.01 0.61140.026 | 0.45740.163 | 0.554+0.016 | 0.563+0.12
SGD le-5 | 0.02 0.5734+0.075 | 0.447+0.101 | 0.540.089 0.5544+0.079
SGD le-5 | 0.03 0.59940.018 | 0.47140.047 | 0.527£0.036 | 0.547£0.051
SGD 2e-5 | 0.01 0.62840.037 | 0.55240.083 | 0.586£0.063 | 0.581+0.06
SGD 2e-5 | 0.02 0.653+0.025 | 0.57£0.055 | 0.608+0.04 | 0.608+0.044
SGD 2e-5 | 0.03 0.64640.027 | 0.567£0.03 | 0.603£0.017 | 0.588+0.033
SGD 3e-5 | 0.01 0.63340.049 | 0.57840.065 | 0.603£0.053 | 0.640.08
SGD 3e-5 | 0.02 0.63740.08 | 0.56740.102 | 0.599+0.092 | 0.626+0.068
SGD 3e-5 | 0.03 0.64240.075 | 0.57440.043 | 0.605£0.054 | 0.613+0.062
SGD 4e-5 | 0.01 0.67540.033 | 0.643£0.046 | 0.658+0.03 | 0.674£0.045
SGD 4e-5 | 0.02 0.6574+0.07 | 0.57940.13 | 0.612+0.112 | 0.66+0.058
SGD 4e-5 | 0.03 0.66540.046 | 0.592+0.055 | 0.624£0.038 | 0.642+0.056
SGD 5e-5 | 0.01 0.6924+0.03 | 0.66£0.028 | 0.675£0.014 | 0.698+0.018
SGD 5e-5 | 0.02 0.63640.101 | 0.463£0.157 | 0.529+0.146 | 0.606+£0.095
SGD 5e-5 | 0.03 0.66240.066 | 0.50440.197 | 0.604£0.077 | 0.654+0.103
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4.4.3. Multi-class Relation Extraction with The Shortest Subsequence In-

cluding Chemical and Protein Entity Pair and Their Parent Node

e Development Set Results

Table 4.23. The mean and std of evaluation metrics in the dev set with parameters

used in multi-class relation extraction with SciBERT using the shortest subsequence

including chemical and protein entity pairs and their parent node.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
AdamW le-5 | 0.1 0.72940.026 | 0.72840.043 | 0.727£0.013 | 0.755+0.015
AdamW le-5 | 0.2 0.73540.017 | 0.73840.025 | 0.736£0.006 | 0.762+0.008
AdamW le-5 | 0.3 0.7334+0.016 | 0.734+£0.03 | 0.733£0.009 | 0.758+0.011
AdamW 2e-5 | 0.1 0.73840.041 | 0.74140.043 | 0.738£0.012 | 0.7640.015
AdamW 2e-5 | 0.2 0.73940.019 | 0.75340.024 | 0.745£0.008 | 0.771£0.009
AdamW 2e-5 | 0.3 0.73340.028 | 0.74940.015 | 0.74+0.014 | 0.768+0.015
AdamW 3e-5 | 0.1 0.74540.019 | 0.748+0.016 | 0.746£0.006 | 0.771£0.005
AdamW 3e-5 | 0.2 0.751£0.033 | 0.746+£0.043 | 0.747+0.012 | 0.771£0.012
AdamW 3e-5 | 0.3 0.7434+0.03 | 0.738+0.032 | 0.74+0.015 | 0.7640.02
Adam le-5 | 0.01 0.719£0.026 | 0.697£0.049 | 0.706£0.02 | 0.732£0.027
Adam le-5 | 0.02 0.71740.017 | 0.67440.041 | 0.694£0.017 | 0.719+0.018
Adam le-5 | 0.03 0.68140.041 | 0.66840.046 | 0.672+0.02 | 0.693+0.027
Adam 2e-5 | 0.01 0.71940.02 | 0.69940.026 | 0.708+0.011 | 0.731+£0.009
Adam 2e-5 | 0.02 0.71740.045 | 0.635+0.04 | 0.671£0.011 | 0.693+£0.017
Adam 2e-5 | 0.03 0.669+0.04 | 0.624£0.038 | 0.644+0.012 | 0.661£0.017
Adam 3e-5 | 0.01 0.68540.022 | 0.69140.018 | 0.688+0.008 | 0.712+0.01
Adam 3e-5 | 0.02 0.65940.066 | 0.59240.097 | 0.613£0.049 | 0.633+0.048
Adam 3e-5 | 0.03 0.63540.063 | 0.59+0.053 | 0.607£0.018 | 0.617+0.024
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Table 4.23. The mean and std of evaluation metrics in the dev set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.68540.034 | 0.64£0.019 | 0.661£0.011 | 0.6840.005
Adam 4e-5 | 0.02 0.63240.048 | 0.583£0.051 | 0.603£0.014 | 0.6240.02
Adam 4e-5 | 0.03 0.65740.069 | 0.48740.108 | 0.546£0.052 | 0.56+0.064
Adam 5e-5 | 0.01 0.65140.043 | 0.585+0.06 | 0.613£0.024 | 0.626+0.044
Adam 5e-H | 0.02 0.58740.027 | 0.58+0.025 | 0.583=£0.008 | 0.604+£0.02
Adam 5e-5 | 0.03 0.6254+0.03 | 0.48840.059 | 0.545£0.033 | 0.551£0.06
SGD le-5 | 0.01 0.58640.025 | 0.486+0.055 | 0.53+0.043 | 0.551+0.062
SGD le-5 | 0.02 0.58840.051 | 0.468+0.084 | 0.519+0.071 | 0.543+0.062
SGD le-5 | 0.03 0.51840.063 | 0.30140.148 | 0.440.101 0.56740.138
SGD 2e-5 | 0.01 0.59240.106 | 0.51140.2 0.57840.095 | 0.623+0.117
SGD 2e-5 | 0.02 0.63840.031 | 0.546+0.101 | 0.584£0.072 | 0.597+£0.05
SGD 2e-5 | 0.03 0.64140.032 | 0.557£0.067 | 0.593£0.043 | 0.585+0.053
SGD 3e-5 | 0.01 0.63940.096 | 0.603£0.129 | 0.619+0.114 | 0.672+0.07
SGD 3e-5 | 0.02 0.64840.026 | 0.62840.053 | 0.637£0.038 | 0.653+0.055
SGD 3e-5 | 0.03 0.67£0.072 | 0.52£0.191 | 0.55+0.195 | 0.593+0.086
SGD 4e-5 | 0.01 0.62+0.104 | 0.53240.168 | 0.564£0.134 | 0.6240.102
SGD 4e-5 | 0.02 0.64940.059 | 0.61840.117 | 0.629+0.088 | 0.661+0.092
SGD 4e-5 | 0.03 0.65£0.058 | 0.589£0.083 | 0.614£0.055 | 0.637+£0.059
SGD 5e-5 | 0.01 0.6714+0.071 | 0.541£0.237 | 0.629£0.122 | 0.682+0.113
SGD 5e-5 | 0.02 0.65740.047 | 0.58+0.208 | 0.65+0.045 | 0.688+0.095
SGD 5e-5 | 0.03 0.64740.064 | 0.501£0.221 | 0.592+0.115 | 0.647+0.115
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Table 4.24. The mean and std of evaluation metrics in the test set with parameters

used in multi-class relation extraction with SciBERT using the shortest subsequence

including chemical and protein entity pairs and their parent node.

Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score

AdamW le-5 | 0.1 0.72240.029 | 0.695£0.035 | 0.707£0.008 | 0.726+0.008
AdamW le-5 | 0.2 0.7254+0.02 | 0.696£0.019 | 0.709+0.003 | 0.731+£0.003
AdamW le-5 | 0.3 0.71840.018 | 0.698+0.022 | 0.708=+0.005 | 0.727+0.006
AdamW 2e-5 | 0.1 0.72340.035 | 0.69740.041 | 0.708+0.011 | 0.729+0.01
AdamW 2e-5 | 0.2 0.72440.018 | 0.707£0.019 | 0.715£0.006 | 0.735+0.008
AdamW 2e-5 | 0.3 0.71840.028 | 0.703£0.021 | 0.71+0.015 | 0.731£0.013
AdamW 3e-5 | 0.1 0.7314+0.02 | 0.70740.014 | 0.719£0.006 | 0.739+0.004
AdamW 3e-5 | 0.2 0.734£0.033 | 0.702£0.041 | 0.716£0.012 | 0.736£0.009
AdamW 3e-5 0.3 0.73+0.024 | 0.7£0.03 0.714£0.011 | 0.731£0.014
Adam le-5 | 0.01 0.71640.026 | 0.65940.043 | 0.685£0.019 | 0.708+0.022
Adam le-5 | 0.02 0.71740.015 | 0.64240.041 | 0.676+£0.021 | 0.705+0.018
Adam le-5 | 0.03 0.68740.038 | 0.646+0.048 | 0.664£0.021 | 0.689+0.028
Adam 2e-5 | 0.01 0.70940.017 | 0.66£0.025 | 0.683£0.01 | 0.713£0.007
Adam 2e-5 | 0.02 0.70840.036 | 0.59940.046 | 0.647£0.017 | 0.68+0.016
Adam 2e-5 | 0.03 0.669+0.03 | 0.597£0.044 | 0.629+0.015 | 0.656£0.021
Adam 3e-5 | 0.01 0.67940.014 | 0.656£0.027 | 0.667£0.008 | 0.696+0.008
Adam 3e-5H | 0.02 0.65940.056 | 0.556£0.1 0.59340.059 | 0.621£0.057
Adam 3e-5 | 0.03 0.62640.053 | 0.55340.055 | 0.583£0.019 | 0.599+0.034
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Table 4.24. The mean and std of evaluation metrics in the test set. (cont.)
Optimizer| LR | Weight| Micro Micro Re- | Micro- Macro-
Decay | Precision | call averaged averaged
F1-score F1-score
Adam 4e-5 | 0.01 0.68£0.025 | 0.605£0.021 | 0.639£0.007 | 0.665+0.006
Adam 4e-5 | 0.02 0.62740.041 | 0.54440.047 | 0.58+0.016 | 0.595+0.032
Adam 4e-5 | 0.03 0.64840.073 | 0.44940.103 | 0.517£0.052 | 0.543+0.069
Adam 5e-5 | 0.01 0.65£0.034 | 0.564+0.06 | 0.601£0.027 | 0.614+£0.051
Adam 5e-H | 0.02 0.58540.021 | 0.54440.024 | 0.563£0.006 | 0.594+0.017
Adam 5e-5 | 0.03 0.60440.033 | 0.45£0.057 | 0.512+0.033 | 0.526+0.064
SGD le-5 | 0.01 0.60940.025 | 0.49340.051 | 0.544+0.041 | 0.531+£0.057
SGD le-5 | 0.02 0.59740.034 | 0.426£0.08 | 0.495£0.066 | 0.504+0.066
SGD le-5 | 0.03 0.54240.063 | 0.311£0.147 | 0.416£0.097 | 0.5740.137
SGD 2e-5 | 0.01 0.6+£0.104 0.50540.194 | 0.57840.087 | 0.599+0.136
SGD 2e-5 | 0.02 0.65£0.03 0.54£0.097 | 0.586+0.071 | 0.593£0.05
SGD 2e-5 | 0.03 0.65140.023 | 0.54440.068 | 0.59+0.046 | 0.574£0.054
SGD 3e-5 | 0.01 0.64640.096 | 0.59+0.118 | 0.615£0.108 | 0.658+0.07
SGD 3e-5 | 0.02 0.65840.022 | 0.616+0.048 | 0.636+£0.032 | 0.643+0.053
SGD 3e-5 | 0.03 0.67£0.07 0.50240.182 | 0.54£0.189 | 0.578=+0.078
SGD 4e-5 | 0.01 0.62740.101 | 0.52140.151 | 0.561£0.123 | 0.607+£0.1
SGD 4e-5 | 0.02 0.65340.057 | 0.59640.106 | 0.62+0.083 | 0.628+0.114
SGD 4e-5 | 0.03 0.65240.052 | 0.576£0.077 | 0.607£0.045 | 0.615+0.069
SGD 5e-5 | 0.01 0.67440.062 | 0.52540.224 | 0.621£0.11 | 0.671+£0.11
SGD 5e-5 | 0.02 0.66+£0.044 | 0.56+£0.2 0.6440.0386 | 0.67840.092
SGD 5e-5 | 0.03 0.64440.051 | 0.48740.211 | 0.582+0.103 | 0.635+0.111
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4.5. Discussion

In ChemProt test set, our best scores are 77.8% F1-Score and 76.1% micro-
averaged F1-Score with the BioBERT-based models trained with our sentence-based
input representation in the binary and multi-class relation extraction, respectively. Al-
though there are no published studies for binary relation extraction task on ChemProt
data set apart from this thesis, several works for multi-class relation extraction task on
the same data set and their results were published in BioNLP literature. A SciBERT-
based model achieves the state-of-the-art result for multi-class relation extraction on
ChemProt test set. It has 83.64% micro-averaged F1-score and outperforms BioBERT-
based models on the same task in [49]. However, the best micro-averaged F1-score of
our SciBERT-based models is 74.3% on the test set. The reasons can be caused by
using different preprocessing steps, parameter combinations, and distinct combined
architecture. The highest score of the BioBERT-based model on the state-of-the-art
is 76.68% in micro-averaged Fl-score in [43], whereas the best micro-averaged F1-
score of our BioBERT-based models is 76.1%. On the other hand, we contribute to
NLP researches by investigating the effectiveness of dependency tree-based input rep-
resentations on transformers-based model performance. This thesis demonstrates that
dependency tree-based input representations as our novel representations achieve close
F1-scores to whole sentence input representation. Lastly, we present Vapur to show
that biomedical researchers can effectively use our relation extraction models in their

studies.

Throughout this section, we separately evaluate our binary and multi-class re-
lation extraction tasks by analysing our different input representations for each task
to explore the limitations of the representations. We selected the best three models
for each relation extraction task separately to examine their performances on their
sequences, since they have the highest performance in each representation. For each
model, we used the best model out of 10 models trained with different random seeds
to predict the development set pairs and report the mean and standard deviation of

the accuracy by each relation group. In addition, we determined whether the order of
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target entities in sentences influences the model performance in each representation.
Finally, we analyzed the importance of the sentence length in the model performance
with each representation. For these analyses, we listed three models for binary relation

extraction:

e The parameters of BioBERT with sentence-based input representation are 3e-5
learning rate, AdamW optimizer, and 0.3 weight decay.

e The parameters of BioBERT with the shortest sequence between target entities
are 3e-5 learning rate, AdamW optimizer, and 0.1 weight decay.

e The parameters of BioBERT with the shortest subsequence including target en-
tities and their parent nodes are 3e-5 learning rate, AdamW optimizer, and 0.2

weight decay.

We listed three models for multi-class relation extraction for the analyses:

e The parameters of BioBERT with sentence-based input representation are 3e-5
learning rate, AdamW optimizer, and 0.3 weight decay.

e The parameters of BioBERT with the shortest sequence between target entities
are 3e-b learning rate, AdamW optimizer, and 0.1 weight decay.

e The parameters of BioBERT with the shortest subsequence including target en-
tities and their parent nodes are 3e-5 learning rate, AdamW optimizer, and 0.1

weight decay.

We conduct several significant tests with 95% confidence interval and 9 degrees of
freedom for our best models with different input representations and publish them in
Appendices. Their t value of selected best binary models with SB and SST is written
in Table D.1, whereas their t value of selected best binary models with SB and SSTP is
recorded in Table D.2. On the other hand, we write t value of selected best multi-class
models with SB and SST as well as t value of selected best multi-class models with SB
and SSTP in Table D.3 and Table D.4, respectively. Their differences are statistically

significant based on paired t-test.



94

Firstly, we show the length of input sequences from our three input representa-
tions in Figure 4.1. Our dependency tree-based input representations generally have
fewer words than the sentence-based input representation. In Figure 4.1, blue bars
show that sentence-based input representation has more samples in the range of 20
and 60 words in sentences from the data set. Orange and green bars indicate that
dependency tree-based input representations provide more sequences in the range of 4
and 40 words in sentences in ChemProt. Therefore, since it is possible to lose neces-
sary words for relations in sentences via dependency tree-based input representations,
the models trained with the sentence-based input representation always have better
performance among all experiments during this study. We use three abbreviations
for our input representations during the discussion section: SB for the sentence-based
input representation, SST for the shortest sequence between target entity pairs, and
SSTP for the shortest sequence between target entity pairs and their parent node.
For the binary relation extraction, Table 4.25 includes the best Fl-scores of our input
representations in binary relation extraction task. Our dependency tree-based input
representations achieve close F1-scores to whole sentence input representation despite
29.5% and 23.4% compression ratio on the input sequences. Table 4.26 contains the
best Fl-scores of our input representations in multi-class relation extraction task. The
dependency tree-based input representations perform close micro-averaged F'1l-scores

to sentence-based input representation.

Table 4.25. Our best scores from BioBERT based binary models with different input

representations on the dev set.

Input Type | Compression Ratio | Precision | Recall | F1-Score
SB - 0.763 0.812 0.787
SST 29.5% 0.768 0.766 0.766
SSTP 23.4% 0.761 0.779 0.769
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Figure 4.1. Histogram of the number of words in our sentence-based and dependency

tree-based input representations. We calculated the number of words in sentences by

white space.

Table 4.26. Our best scores from BioBERT based multi-class models with different

input representations on the dev set.

Input | Compression | Micro-averaged | Micro-averaged | Micro-averaged
Type | Ratio Precision Recall F1-Score

SB - 0.791 0.785 0.787

SST 29.5% 0.756 0.755 0.755

SSTP | 23.4% 0.755 0.762 0.758

Apart from input representations, we found that BioBERT with the best parame-

ters on each representation has always better performance than SciBERT with its best

parameters on different input representations. In addition, models with AdamW have

usually higher Fl-scores and micro-averaged F1l-scores than the models with Adam

and SGD in binary and multi-class relation extraction tasks, respectively.
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4.5.1. Discussion on Binary Relation Extraction

We wrote accuracy scores on the development set for three models finetuned with
the sentence-based input and dependency tree-based representations in Table 4.27.
BioBERT finetuned with SB has the highest accuracy score. BioBERT-based models
with SST and SSTP have accuracy scores very close to the best one during our exper-
iments. Furthermore, we examined whether the order of target entities in sentences
affects the model performance. Table 4.27 shows that BioBERT-based models with
SST and SSTP perform better when chemical entities precede protein/gene entities.
In addition, we reported accuracy scores per CPR for the different representations in
Table 4.28. BioBERT finetuned with SB has the highest accuracy on CPR:1, CPR:2,
CPR:3, CPR:4, CPR:5, CPR:6, CPR:7, CPR:9, and CPR:10. BioBERT finetuned
with SST has the highest accuracy on Other class. However, BioBERT-based models
fine-tuned with SST and SB have an accuracy close to the other model on Other. It
indicates that the BioBERT-based model with SB has the highest accuracy on almost

all relation groups.

Secondly, we analyzed whether the length of sentences affects the model perfor-
mance. In Figure 4.2, the three models do not produce significantly different accuracy
scores within the same range of sentence lengths. The length of sentences is measured
by counting the number of words by splitting raw sentences with white space. We
do not have any sentences with the number of words in the range of 100 and 120 on
the dev set. However, the three models give better accuracy scores on long sentences,
although the data set has fewer sentences having words in the range of 120 and 180.
On the other hand, Figure 4.3 indicates the accuracy scores of the three models and the
distance between entity markers in a sentence. The distance between entity markers is
calculated by counting words between them. As the distance between entity markers
increases from 20 to 60, the three models have better accuracy scores. Nevertheless,
we do not have sufficient sequences that have the distance between entity markers in

a range of 60 and 140.
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Table 4.27. Accuracy scores calculated considering the order of target entities in our

binary relation extraction models. 55% of the total input sequences in the dev set

have chemical entities that come before protein/gene entities in sentences.

Property of data Accuracy Accuracy Accuracy
for SB for SST for SSTP
Chemical entities come first 0.87£0.004 | 0.865+0.005 | 0.864+0.006
Protein/gene entities come first | 0.87£0.004 | 0.859+0.005 | 0.860+0.006
Total data set 0.87£0.0025 | 0.862+0.0032| 0.862+0.0046

Table 4.28. Accuracy for each relation group in our binary relation extraction models.

Relation | Accuracy Accuracy Accuracy

Group for SB for SST for SSTP

CPR:0 0.450 £ 0.158 | 0.450 4 0.158 | 0.450 % 0.158
CPR:1 0.710 = 0.055 | 0.593 £ 0.093 | 0.609 £ 0.078
CPR:2 0.697 £ 0.033 | 0.659 £ 0.028 | 0.676 + 0.027
CPR:3 0.842 £ 0.018 | 0.804 £ 0.026 | 0.815 % 0.022
CPR:4 0.906 £ 0.010 | 0.880 4+ 0.021 | 0.891 + 0.014
CPR:5 0.939 £ 0.013 | 0.854 £ 0.040 | 0.875 + 0.023
CPR:6 0.928 £ 0.026 | 0.874 4+ 0.026 | 0.863 £ 0.013
CPR:7 0.732 £ 0.094 | 0.632 4+ 0.124 | 0.700 + 0.136
CPR:8 0.000 £ 0.000 | 0.000 £ 0.000 | 0.000 £ 0.000
CPR:9 0.718 £ 0.039 | 0.642 £ 0.054 | 0.659 + 0.038
CPR:10 0.831 £ 0.033 | 0.810 4 0.022 | 0.812 + 0.056
Other 0.896 £ 0.009 | 0.904 4+ 0.014 | 0.899 + 0.008
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4.5.2. Discussion on Multi-class Relation Extraction

We reported accuracy scores on the development set for the models finetuned with
the sentence-based input and dependency tree-based representations in Table 4.29. We
obtained the highest accuracy by BioBERT finetuned with SB on the data set. Ta-
ble 4.29 indicates that BioBERT-based models with SST and SSTP perform better
when chemical entities precede protein/gene entities. However, the BioBERT-based
model with SB has better performance when protein/gene entities come first in sen-
tences. Besides, we calculated the accuracy scores per CPR for three input repre-
sentations in Table 4.30. BioBERT finetuned with SB has the highest accuracy on
CPR:3, CPR:4, CPR:5, CPR:6, CPR:7, and CPR:9. BioBERT finetuned with SST
has the highest accuracy scores on CPR:10 and Other classes. It indicates that the
BioBERT-based model with SB has the highest accuracy on five relation groups that

are evaluated in the BioCreative Task.

Secondly, Figure 4.4 indicates that the three models do not produce significantly
different accuracy scores within the same range of sentence lengths. The length of
sentences is measured by counting the number of words by splitting raw sentences with
white space. We do not have any sentences with the number of words in the range of
100 and 120 on the development set. However, the three models have lower accuracy
scores in the sentences having words in a range of 120 and 140. On the other hand,
Figure 4.5 indicates the accuracy scores of the three models and the distance between
entity markers in a sentence. As the distance between entity markers increases from 20
to 60, the three models have better accuracy scores. We have slightly better accuracy
scores on dependency tree-based input representations in a range of 40 and 60 words
in a sentence. Nevertheless, we do not have enough sequences that have the distance

between entity markers in a range of 60 and 140.
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Table 4.29. Accuracy scores calculated considering the order of target entities in our

multi-class relation extraction models.

Property of data Accuracy Accuracy Accuracy
for SB for SST for SSTP
Chemical entities come first 0.90240.005 | 0.903+0.003 | 0.902+0.003
Protein/gene entities come first | 0.904+£0.004 | 0.898+0.006 | 0.900£0.005
Total data set 0.90340.0036| 0.901+0.0036| 0.901+0.0029

Table 4.30. Accuracy for each group in our multiclass relation extraction models.

Relation | Accuracy Accuracy Accuracy

Group for SB for SST for SSTP

CPR:0 0.500 £ 0.000 | 0.500 £ 0.000 | 0.500 £ 0.000
CPR:1 0.992 £ 0.002 | 0.994 4+ 0.003 | 0.996 + 0.004
CPR:2 0.876 £ 0.013 | 0.873 4+ 0.023 | 0.876 + 0.017
CPR:3 0.739 £ 0.014 | 0.692 £+ 0.033 | 0.704 + 0.028
CPR:4 0.840 + 0.014 | 0.816 4+ 0.014 | 0.811 £ 0.023
CPR:5 0.879 £ 0.041 | 0.702 4 0.083 | 0.785 + 0.048
CPR:6 0.868 £ 0.021 | 0.788 4+ 0.055 | 0.823 + 0.029
CPR:7 0.868 £ 0.080 | 0.653 £+ 0.106 | 0.611 + 0.127
CPR:8 1.000 £ 0.000 | 1.000 £ 0.000 | 1.000 £ 0.000
CPR:9 0.695 £ 0.047 | 0.684 4+ 0.041 | 0.683 % 0.037
CPR:10 0.830 £ 0.031 | 0.885 £+ 0.024 | 0.878 + 0.018
Other 0.939 £ 0.007 | 0.948 £ 0.006 | 0.946 + 0.007
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5. Vapur: AN APPLICATION OF RELATION
EXTRACTION ON COVID LITERATURE

Coronavirus Disease of 2019 (COVID-19) is a public health problem that was
declared as a Public Health Emergency International Concern by World Health Orga-
nization (WHO). Coronavirus Disease of 2019 (COVID-19) outbreak had severe im-
pacts on human health all around the world since December 2019, but also triggered
an exceptional amount of scientific work. As of September 2020, PubMed recorded
over 45K articles 78| related to COVID-19 since its inception, including works on di-
agnosis 79|, drug repurposing [80], and text-mining [81]. As the body of literature
keeps growing in the form of unstructured text, it also becomes more and more chal-
lenging for researchers to find the relevant information they need. Furthermore, the
publications include domain-specific named entities and relations that challenge the
general-purpose search engines. Therefore, it is of critical importance to build a search
engine that can find relevant documents in this terminology-rich and domain-specific

literature.

Biomedical named entity recognition (NER) and relation extraction can be uti-
lized to semantically structure publications around the biochemically related entities.
When named entities and their relations are extracted, a document can be expressed
as a set of triplets of the form (Entityl, Entity2, Relation). This formulation can be
converted to an inverted index from the related entities to the publications in order to
enable retrieving relevant documents to a query by entity and relation matching. If the
same entities are referenced with different words (e.g. ACE2, Angiotensin-converting
enzyme 2, QIBYF1), named entity normalization can be used to identify different men-
tions of the same entity. Enhanced with named entity normalization, the inverted index
can retrieve the documents that contain biochemical relations of a free-text query, as

grouped by the related biomolecules.
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In this work, we present Vapur, an online search engine to find related protein -
compound pairs in the COVID-19 anthology. Vapur is empowered with a biochemical
relation-based inverted index that is created through named entity recognition, named
entity normalization, and relation extraction on CORD-19 abstracts [82]. Thanks
to the underlying biochemical domain-specific tools and relation extraction model,
Vapur identifies biochemically related entities to a free-text query and retrieves the
publications that mention the relation. The design of Vapur offers a novel approach
to explore COVID-19 literature with a focus on biomolecules and their relations. We
present Vapur at https://tabilab.cmpe.boun.edu.tr/vapur/ and publicly share the

code and models at https://github.com/boun-tabi/vapur.

5.1. System Description

Vapur is an online search engine with a focus on finding related proteins and chem-
icals in the COVID-19 literature. Vapur is able to retrieve relevant documents to a
query as categorized by the biochemically related entities thanks to its relation-oriented
inverted index. In order to obtain the index, Vapur first identifies and normalizes the
named entities in CORD-19 abstracts using a pre-trained model, BERN [42]. After-
ward, Vapur determines if the entity pairs in the same sentence are related to each other
by the binary relation extraction model we trained on the ChemProt data set [34]. The
result of the relation extraction model is a list of related entities for each abstract. This
list is then used to construct the inverted index that represents biochemical relations
as entity pairs and maps each relation to the documents in which the relation was men-
tioned. Vapur is publicly available at https://tabilab.cmpe.boun.edu.tr/vapur/
and Figure 5.1 illustrates its workflow. We first split CORD-19 abstracts to sentences
and use BERN to detect and normalize the entities in the text. We then identify the
biochemical relations with the relation extraction model that we trained and reform
the output as an inverted index of relations. Vapur leverages this inverted index to

retrieve relevant publications to the query as categorized by related entities.
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5.2. COVID-19 Specific Search Engines

CORD-19 [82] is a data set comprising scientific publications related to COVID-19
and it has provided a valuable resource for text mining studies [83], [84], [85], including
COVID-19 specific search engine development such as SemViz [86] and KD-COVID
(available at http://kdcovid.nl/about.html).

SemViz aims to present subtle relations between entities by semantic visualization
of a CORD-19 based knowledge-graph. KD-COVID, on the other hand, identifies
the most similar sentence in CORD-19 to a query and retrieves the corresponding
publication. KD-COVID also provides links to large protein, disease, and protein-
disease relation databases. Vapur is different from these approaches, since it is based
on an inverted index from biochemically related entities to publications. While most
other systems depend on existing knowledge bases to provide information about related
entities, Vapur uses NLP techniques to automatically extract the most up-to-date

information from the scientific literature.

5.3. Use Case Scenario

We consulted with domain experts to build scenarios in which Vapur can help
researchers. We present a use case that highlights how the relation-based index of Vapur
and the similar entity prediction can extend the scope of a research. We illustrate the
scenario in Figure 5.2. When Fauvipiravir is entered as the query, Vapur shows the

query and its unique ids in 1. It lists contextually similar biomolecules to Favipiravir
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in 2. It displays related biomolecules found by the relation extraction model in 3.
For example, the first result is RNA-dependent RNA polymerase for Favipiravir query.
Finally, it shows sentences in related papers to provide information about the relations

as in 4.

Relation between Favipiravir and RdRp. A medicinal chemist working on COVID-
19 drug development is interested in “Favipiravir”, one of the drugs clinically used in
COVID-19 therapy. She searches Favipiravir on Vapur and the results highlight RNA-
dependent RNA polymerase (RdRp) enzyme as the most frequently co-mentioned pro-
tein that is identified by Vapur as being related to Favipiravir. Vapur displays sentences
from the publications stating that Favipiravir inhibits RdRp and also proposes “Ex-
amorelin” as a contextually similar molecule to Favipiravir. The researcher decides to

extend her research to Examorelin, another drug known to bind RdRp.

E.g. Favipiravir n
o Favipiravir &

ID: MESH:C462182 BERN:5079503

14 relations from 26 mentions

e I BIlETH T el 2'-Cc-Methyicytidine ] 2'-Deoxyribose ] Nucleotide Acids @ Kaempferol 7-(6 -Galloylglucoside) I

e |RNA-dependent RNA polymerase fl 4 results

o Paper: Neuroleptic malignant syndrome in patients with COVID-19

« With regard to the association of favipiravir administration (favipiravir is a potent and selective RNA-dependent RNA
polymerase inhibitor) and NMS development, it is considered that favipiravir could cause rhabdomyolysis because patients
with influenza treated with favipiravir exhibited increased CK levels [10] .

May 22, 2020,

« Favipiravir is an anti-viral agent that selectively and potently inhibits the RNA-dependent RNA polymerase , it has been used
for treatment of some life-threatening infections such as Ebola virus, Lassa virus and rabies.

Figure 5.2. A search scenario on Vapur.
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5.4. CORD-19 Data Set

We create a relation-oriented search engine for COVID-19 Open Research Dataset
(CORD-19) [82] abstracts. CORD-19 is a regularly updated data set that contains
studies related to COVID-19 and SARS-CoV-2. We use the CORD-19 snapshot of
August 23, 2020, that contains ~ 233K documents for which ~ 143K unique abstracts
are provided. Vapur indexes these abstracts, but is also able to return the linked

full-paper.

5.5. Methods

5.5.1. Named Entity Recognition and Normalization

We used BERN [42], a neural NER architecture with an integrated normalizer
that can perform in a multi-type setting, to identify and normalize the entities in
CORD-19 abstracts. BERN is an ensemble of existing tools and models [39], [38], [87],
[88], [40], [43] and outputs a set of IDs for each recognized entity, given a sentence.

In this study, we first tokenized the abstracts with GENIA [62] and identified
1.23M sentences. We used BERN to extract named entities and their IDs in these
sentences and recognized 1.58M entities in total, in which 171K are chemicals, 318K
are proteins, and others are diseases and species. With normalization, we computed

the number of unique chemicals and proteins as 20K and 70K, respectively.

5.5.2. Relation Extraction

We propose a BioBERT-based model to identify related entities in CORD-19
abstracts. To this end, we first preprocessed the sentences to explicitly encode the
entities in the input and then fine-tuned BioBERT with the preprocessed sentences in

ChemProt. We used the binary labels in Section 3.1 as outputs.
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Preprocessing. We surrounded the named entities in the sentences with opening
and closing tags to mark their location. We tagged chemicals with <el> and </el>
and proteins with <e2> and </e2> to encode entity type and location during train-
ing. When a sentence had multiple chemical - protein pairs, we considered each pair
separately and created copies of the sentence with different tags. Table 3.10 provides

an example of input and its two preprocessed forms.

Model.  We trained a binary model that decides if two entities in the same
sentence are biochemically related. The goal of training a binary model instead of a
multi-class one is to identify biochemical relations beyond the classes in ChemProt.
By formulating the problem as binary classification, we can potentially identify the
biochemically related molecules in CORD-19, whose biochemical relation type cannot

be categorized under any of the ChemProt classes.

We used BioBERT with the addition of a single-layer binary log-softmax classifier
and trained the classifier with the inputs and outputs from the previous step using
the cross-entropy loss. BioBERT creates a fixed-length relation representation for the
starting tag CLS and we used this representation to vectorize the sentences. Figure 3.4

llustrates our relation extraction model.

Experimental setup. We conducted a hyper-parameter search with different op-
timizers, learning rates, and weight decays. We trained a model 10 times per parameter
combination and selected the best one based on the F-score on the development set.
We found that the AdamW optimizer with a 0.00003 learning rate and 0.1 weight de-
cay yields the best results. We selected the best setting for relation extraction and
computed mean precision, recall, and F'1-score as well as the standard deviation on the

ChemProt development (dev) and test sets.
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5.6. Results and Discussion

In order to assess the performance of Vapur, we evaluated the performance of its
components both as separate modules and together as an end-to-end pipeline. Since
BERN, the named entity recognition and normalization module, has already been
shown to be successful [42], we focus on automatic evaluation of the relation extraction

model and expert evaluation of Vapur in this work.

5.6.1. Error Analysis of Relation Extraction Model

We built the relation extraction model by fine-tuning a binary classifier on Bio-
BERT and then computed precision, recall, and F1-Score on the dev and test sets of
ChemProt. We also fine-tuned the same classifier using English BERT based model
and report the results in Table 5.1.

Table 5.1 demonstrates that BioBERT obtained higher scores in terms of all three
metrics on both folds, indicating that BioBERT is superior to BERT as a pre-trained
language model for relation extraction on ChemProt. We relate this with the fact that
BioBERT is trained with a more domain-related text and BERT observed texts from

a wider range.

We further investigated the performance of our relation extraction model by com-
puting the test accuracy per CPR category and illustrate the results in Table 5.2. We
observe that the relation extraction model achieved the highest accuracy in the Other
category, indicating that the model can successfully identify whether the context is
sufficient to deduce a relation between the entities or not. We relate the high perfor-
mance for the Other category by using a contextual model for relation representation,
BioBERT. Context-awareness enables Vapur to eliminate the documents that mention
the queried entity in irrelevant contexts and to retrieve a document only if it contains

relation information for the query.
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Table 5.1. BERT- and BioBERT-based fine-tuning results for binary relation
extraction. We computed precision, recall, and F1 on the dev and test folds of

ChemProt.

Fold | Model Precision | Recall F1-Score

Dev | BERT 0.718+0.027 | 0.737+0.026 | 0.727£0.010
BioBERT | 0.742+0.036 | 0.82940.035 | 0.782£0.012
Test | BERT 0.759+0.023 | 0.71040.026 | 0.733£0.007
BioBERT | 0.791£0.026 | 0.766+0.036 | 0.777£0.010

Table 5.2. Test performance of the relation extraction model by CPR label. We used
the best model out of 10 models trained with different random seeds to predict test

set pairs and report mean and standard deviation of the test accuracy by label.

Relation Test Set Accuracy
ID

CPR:1 0.661 £+ 0.053
CPR:2 0.667 = 0.043
CPR:3 0.855 £ 0.015
CPR:4 0.874 £ 0.027
CPR:5 0.850 &+ 0.045
CPR:6 0.856 = 0.050
CPR:7 0.890 + 0.044
CPR:8 0.550 % 0.066
CPR:9 0.617 £ 0.060
CPR:10 0.828 + 0.053
Other 0.892 £+ 0.020
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5.6.2. User Evaluation of Vapur

We evaluated Vapur from two different perspectives. We first analyzed 41 sample
sentences in which Vapur identified a biochemical relation as a first step to discover
the limitations of the complete pipeline. Then, we asked six biologists/chemists to use
Vapur and rate its different aspects to demonstrate the success and usefulness of Vapur

for future research.

Our inspection of 41 sample sentences indicated that most of the incorrect re-
lation labels were due to incorrect entity assignment by BERN. In some cases, parts
of the protein sequence such as N-terminal, carboxyl terminal or residue names such
as Asp238 are recognized as compounds. Table 5.3 illustrates sample sentences with
incorrectly labeled entities. The entity types of Alanine, carboxyl, and Ben were in-
correctly predicted as compounds by BERN during the named entity recognition step.
Consequently, the relation extraction model incorrectly identified a biochemical rela-
tion. Other examples that were manually checked by a domain expert are presented in
the Appendices. A domain expert manually checked sentences and their chemical and
protein entities recognized by BERN. Identified chemical and protein columns have
chemicals and proteins recognized by BERN, respectively. A domain expert reports
the chemical and protein label columns as 1 if the recognition from BERN is correct
and 0 otherwise. A domain expert sets the relation label as 1 if the entity pairs have

a biochemical relation in the related sentence.

In order to evaluate the real-life usefulness of Vapur, we asked six domain experts
to use Vapur for five COVID-19 related queries (totalling up to 30) of their own. They
cach filled in a questionnaire where for each query they indicated (i) if each of the
top three search results is related to the query, (ii) if similar molecules predicted by
Vapur are in fact useful, and (iii) if the extracted sentences are useful. They also rated
the ease of use of Vapur between 1 (very difficult) and 5 (very easy) and assessed its

usefulness for future research on COVID-19.
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Table 5.3. Sample sentences with incorrectly labeled entities.

Sentence in CORD-19 Incorrectly
Labeled En-
tity

<el>Alanine</el> substitution of either Arg-76 or Tyr-94 in | Alanine
the N-terminal domain of <e2>IBV N protein</e2> led to a
significant decrease in its RNA-binding activity and a total loss

of the infectivity of the viral RNA to Vero cells.

<e2>Rat microsomal aldehyde dehydrogenase</e2> | carboxyl
(msALDH) has no amino-terminal signal sequence, but in-
stead it has a characteristic hydrophobic domain at the

<el>carboxyl</el> terminus (Miyauehi, K., R.

Also, the <e2>protease Factor Xa</e2>, a target of | Ben
<el>Ben</el>-HCl abundantly expressed in infected cells, was

able to cleave the recombinant and pseudoviral S protein into S1

and S2 subunits, and the cleavage was inhibited by Ben-HCI.

The expert evaluations demonstrated that 27 out of 30 (90%) top search results
and 76 out of 90 (84%) top three search results are biochemically related to the
query, suggesting that Vapur successfully retrieves biochemically related entities to the
query. During these experiments, Vapur retrieved at least one related document for
each query. It returned only one result for two of the queries, which caused 4 of the 14
unsuccessful cases. These evaluations suggest that the inverted index of Vapur spans
a comprehensive range of entities and contains sufficient number of documents to find

a biochemically related result for each of the tested queries.

I'Note that for 30 queries there are a total of 30x3=90 top three search results.
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The evaluation further showed that for 22 out of the 30 queries (73%) the ex-
tracted sentences are useful for research. Besides, the experts unanimously expressed

that Vapur is very easy to use (5/5) and useful for future research.

Overall, both manual inspection and expert evaluations showed that Vapur can
successfully find biochemically related proteins and chemicals in CORD-19 and can

help future research on COVID-19.
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6. CONCLUSION

We present BioBERT and SciBERT-based models to extract a relation between
the pair of biochemicals from a sentence and to identify the type of the relation be-
tween the pair of biochemicals. We propose our new dependency tree-based input
representations with acceptable Fl-scores in case of any hardware constraints. Finally,
we introduce Vapur, a search engine for protein — chemical interactions extracted from
COVID-19 related scientific publications. Our relation extraction models can be effec-

tively used in real-world biomedical applications.

We evaluated our binary and multi-class relation extraction models on ChemProt
and observed that our binary and multi-class BioBERT-based models with the sentence-
based input representation have the highest performance among others. On ChemProt
test set, we achieved 77.8% F1-Score and 76.1% micro-averaged F1-Score with the mod-
els in the binary and multi-class relation extraction, respectively. In addition, although
we use the shorter inputs produced by our dependency tree-based input representations
to finetune the models, the difference between the highest F1-Score of these models
and the highest F1-Score of the models trained with the sentence-based input repre-
sentation is less than 2% on ChemProt data set in the binary task. In experiments of
multi-class relation extraction, our micro-average F1-scores decrease by around 3% by

using our dependency tree-based input representations.

We introduce Vapur, an online search engine that uses a relation extraction model
to find related biochemical entities in COVID-19 literature. Vapur retrieves documents
related to a query by its biochemical entities thanks to its relation extraction model.
For sample annotated sentences on CORD-19, a domain expert evaluated that Va-
pur is successful to find the relations between biochemical entities when the entities
are precisely recognized. Lastly, six domain experts who used Vapur with 5 differ-
ent queries stated that Vapur retrieves documents related to queries. They expressed

that Vapur is user-friendly and beneficial for future studies. Even though Vapur re-
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trieves documents from CORD-19, our approach can shed light on applications in any
biomedical domain with various databases. We believe that domain-specific search en-
gines will pay more attention to future research since COVID-19 is unlikely to be a
recent global health problem. We make Vapur and the pipeline behind it available at
https://github.com/boun-tabi/vapur and https://tabilab.cmpe.boun.edu.tr/
vapur/, respectively. As future work for Vapur, we plan to extend Vapur to be able to
find relations over full papers, to recognize entities by more robust named entity recog-
nizers and normalizers, and index various databases on different biomedical domains.
In addition, we will collect the questionnaire from users who search a query on Vapur
in order to evaluate the correctness of relations related to queries. In future works for
our relation extraction pipeline, although we used relation information from a sentence
for specified entities, it will be good to have relation information from multiple sen-
tences. In addition, it can be better to train the models with full-texts from scientific
documents. Finally, we believe that the combination of models with our different input

representations can give better results.
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APPENDIX A: SAMPLE DATA IN CHEMPROT

Update on the use of aromatase inhibitors in breast cancer. Estrogens are biosynthesised from androgens by the
CYP450 enzyme complex called aromatase. Aromatase is expressed in the ovary, placenta, brain, bone, adipose tissue and
breast tissue. In breast cancer, intratumoural aromatase is the source for local estrogen production in the tissue. Inhibition of
aromatase is an important approach for reducing growth stimulatory effects of estrogens in estrogen-dependent breast
cancer. The potent and selective third-generation aromatase inhibitors anastrozole, letrozole and exemestane were
introduced to the market as endocrine therapy in postmenopausal patients failing anti-estrogen therapy alone, or multiple
hormonal therapies. Anastrozole and letrozole are both non-steroidal aromatase inhibitors that compete with the substrate
for binding to the enzyme active site. Exemestane is a mechanism-based steroidal inhibitor that mimics the substrate, is
converted by the enzyme to a reactive intermediate, and results in inactivation of aromatase. These third-generation
aromatase inhibitors are currently approved as first-line therapy for the treatment of postmenopausal women with
metastatic estrogen-dependent breast cancer. The use of an aromatase inhibitor as initial therapy, or after treatment with
tamoxifen, is now recommended as adjuvant hormonal therapy for postmenopausal women with hormone-dependent
breast cancer. Several clinical studies of aromatase inhibitors focus on the use of these agents in the adjuvant setting, for the
treatment of early breast cancer. Recently published results show improved responses with these agents compared with

tamoxifen.

Figure A.1. An example abstract in ChemProt with 17020418 PMID (PubMed
identifier). It has 12 protein/gene entities and 15 chemical entities marked in blue

and yellow, respectively.
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Figure A.2. All entities and their related information from the example abstract with

17020418 PMID. Chemicals (yellow) whose entity numbers are colored green have

relations with protein/genes (blue) whose entity numbers are highlighted in purple.
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Figure A.3. Relations between chemicals and proteins/genes from the example

abstract with 17020418 PMID. In each row, an entity number marked in green is a

chemical having a relation with a protein whose entity number is colored purple.
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APPENDIX B: EXAMPLES OF DEPENDENCY TREES

insensitive [4]) | Droot

activity [2]) was [3]) X [14])
A \
~ \
¥ -
det compound N [fcase appos S e -
\ S o
\.
The [0]) mNQO [1]) to [5]) l inhibitor [10])
Wﬁt \\
!/ . [71) a [8]) potent [9]) cytosolic [12]) \‘
{ /
\
~ case
~
~
Y
el -
S~ - of [11])
T=o

Figure B.1. Dependency tree of the first sentence in Table 3.11. Since dicoumarol is a
chemical and NQO1 is a protein/gene, their nodes are colored in red and blue in the

dependency tree, respectively. They have a CPR:4 relation.



130

factor [11]) | Yroot

" _*‘“ﬁ punct
~

/

! \

\\ inhibition [2]) \ is [7T1) likely [8]) a [9]) contributing [10]) . [12])

“ AY
S ~ .o
t amod nmod ~ -
b
==

Y
-~
“
N
! \
| \
! case nmod A
/ \
! \
/ A
;| of [3]) \
\ \
\ \
\ I
\ ]
\
N by [51) )
S e
~ — -~

-

e

Figure B.2. Dependency tree of the first sentence in Table 3.12. Since CCNU is a
chemical and stathmin is a protein/gene, their nodes are colored in red and blue in

the dependency tree, respectively. They have a CPR:4 relation.
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Figure B.3. Dependency tree of the second sentence in Table 3.11. The sentence is
from an abstract with 16642960 PMID. Since AMPK is a protein/gene and malonyl

CoA is a chemical, their nodes are colored in blue and red in the tree, respectively.
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Figure B.4. Dependency tree of the last sentence in Table 3.11. The sentence is from
an abstract with 165997625 PMID. Since AspRSs is a protein/gene and Gly is a

chemical, their nodes are colored in blue and red in the dependency tree, respectively.
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APPENDIX C: SAMPLE SENTENCES FROM CORD-19
EVALUATED BY A DOMAIN EXPERT

Table C.1. Sample sentences from CORD-19 predicted to have a biochemical relation

by our model.

Sentence

Identified

Chemical

Identified Relation Chemical Protein

Protein Label Label Label

The N-terminal
domain  of  the
coronavirus nu-
cleocapsid (N)
protein adopts a
fold resembling a
right hand with a
flexible, positively
charged  b-hairpin
and a hydrophobic

palm.

N

coronavirus 0 0 1
nucleocapsid

(N) protein

Alanine substi-
either

Tyr-94

tution  of
Arg-76 or
in the N-terminal
domain of IBV N
protein led to a
significant decrease
in its RNA-binding
activity and a total
loss of the infec-

tivity of the viral
RNA to Vero cells.

Alanine

IBV N protein 0 0 1
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
Rat microsomal carboxyl msALDH 0 0 1

aldehyde dehydro-
genase (msALDH)
has no  amino-
terminal signal
sequence, but
instead it has a
characteristic  hy-
drophobic  domain
at the carboxyl ter-
minus  (Miyauehi,

K., R.

The IMPDH merimepodib  IMPDH 1 1 1
inhibitor ~ merime-
podib (MMPD) is
an investigational
antiviral drug that
acts as a noncom-

petitive inhibitor of

IMPDH.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
EMA/PMA treat- EMA hg/cont 0 1 0

ments significantly
decreased amplifi-
able hg/cont and
significantly in-
creased the number
of PVDA positive
probes and their
signal intensity
compared to un-
treated spiked lung

samples.

EMA/PMA treat- PMA hg/cont 0 1 0
ments significantly
decreased amplifi-
able hg/cont and
significantly in-
creased the number
of PVDA positive
probes and their
signal intensity
compared to un-
treated spiked lung

samples.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
Thus, EMA/PMA EMA hg/cont 0 1 0

treatments offer a
new approach to
lower the amplifi-
able hg/cont in clin-
ical samples and in-
crease the success of
PVDA and HTS to

identify viruses.

A role for glycosyla- tunicamycin tetherin 1 1 1
tion in cell-surface
tetherin expres-
sion is supported
by tunicamycin
treatment,  which
inhibits the first
step of N-linked
glycosylation  and
impairs both cell-
surface expression

and antiviral activ-

ity.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

The  effects of MbCD PI3K 1 1 1

cholesterol de-

pletion and

PI3K/AKT sig-
naling pathway
activation during S.
agalactiae-human

umbilical vein
endothelial cells
(HUVEC) interac-
tion were analysed
by  pre-treatment
with methyl-3-
cyclodextrin (Mg
CD) or LY294002
inhibitors, im-
munofluorescence

and immunoblot

analysis.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

Inhibition of kifunensine oligosaccharide 1 1 1

complex-type processing

glycosylation with enzyme man-

kifunensine, an nosidase 1

inhibitor ~ of  the
oligosaccharide

processing enzyme
mannosidase 1, had
no effect on either
the cell-surface ex-
pression or antiviral

activity of tetherin.

Conversely, results hexachlorophene b-catenin 1 1 1
from cell-based

small molecule

screening stud-

ies have shown

that the antibiotic

hexachlorophene

can down-regulate

b-catenin in colon

cancer cells.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
The CT of tetherin tyrosine tetherin 0 0 1

contains an "STS"
sequence that is
implicated in ubiq-
uitylation, and a
highly-conserved
tyrosine-based
motif, "YxxY",
that is essential for
clathrin-dependent
endocytosis of teth-
erin, and activation
of nuclear factor-xB
(NF-xkB) [16] [17]
[18] [19] .

Here we report that hexachlorophene bcatenin 1 1 1
hexachlorophene

also counter-

acts the elevated

bcatenin levels in

EBV-infected B

lymphomas.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
Our results sug- hexachlorophene Siah-1 1 1 1

gest that Siah-1 is
targeted by both
LMP-1 and hex-
achlorophene with

opposite effects.

The hex- hexachlorophene Siah-1 1 1 1
achlorophene
modulation of Siah-
1 and b-catenin
is independent of
pd3 and results in
reduced expres-
sion of cyclin-D1
and c-Myc (target
genes of b-catenin),
leading to  the
growth arrest of B

lymphoma cells.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
Alanine substi- Alanine IBV N protein 0 0 1

tution of either
Arg-76 or Tyr-94
in the N-terminal
domain of IBV N
protein led to a
significant decrease
in its RNA-binding
activity and a total
loss of the infec-
tivity of the viral
RNA to Vero cells.

Rat microsomal carboxyl Rat microso- 0 0 1
aldehyde dehydro- mal aldehyde

genase (msALDH) dehydroge-

has no  amino- nase

terminal signal

sequence, but

instead it has a
characteristic ~ hy-
drophobic domain
at the carboxyl ter-
minus  (Miyauehi,

K., R.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

Also, the protease Ben protease Fac- 0 0 1

Factor Xa, a target tor Xa

of Ben-HCl abun-
dantly  expressed
in infected cells,
was able to cleave
the recombinant
and pseudoviral
S protein into S1
and S2 subunits,
and the cleavage
was inhibited by
Ben-HCI.

Since the 3a pro- calcium 3a protein 1 1 1
tein  forms  ion
channels, we were
interested to see
any conformational
changes occurring
in the Cyot3a upon
calcium  binding,
using fluorescence
spectroscopy  and

circular dichroism.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein

Chemical Protein Label Label Label
These studies calcium Cytoda pro- 1 1 1
clearly indicate a tein

significant  change
in the conformation
of the Cyto3a pro-
tein after binding

with calcium.

Our results strongly calcium 3a protein 1 1 1
suggest that the
cytoplasmic domain
of the 3a protein
of SARS-CoV
binds calcium in
vitro, causing a

change in protein

conformation.

Further, the drug hexamethylene synthetic 1 1 1
hexamethylene amiloride coronavirus E

amiloride (HMA), proteins

but not amiloride,
inhibited in vitro
ion channel activity
of some synthetic
coronavirus E pro-
teins, and also viral

replication.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
The high prevalence chloroquine G6PD gene 1 1 1

of variants in the
G6PD gene found
in this analysis
suggests  that it
may be a signif-
icant interaction
factor in clinical
trials of chloroquine
and  hydrochloro-
quine for treatment

of COVID-19 in

Africans.
In an effort to rapamycin mTOR 1 1 1
circumvent re-

sistance  to  ra-
pamycin -an mTOR
inhibitor -we
searched for novel
rapamycindownstream-
targets that may be
key players in the
response of cancer

cells to therapy.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

We found that rapamycin eukaryotic ini- 1 1 1

rapamycin, at nM tiation factor

concentrations, (elF) 2a

increased phos-

phorylation of eu-
karyotic initiation
factor (elF) 2a in
rapamycin-sensitive
and estrogen-
dependent MCF-7
cells, but had only
a minimal effect
on elF2a  phos-
phorylation in the
rapamycininsensi-

tive triple-negative

MDA-MB-231 cells.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

Addition of salubri- salubrinal elF2a dephos- 1 1 1

nal -an inhibitor of phorylation-

elF2a  dephospho- decreased

rylationdecreased

expression of a
surface marker
associated with
capacity for self
renewal, increased
senescence and
induced clonogenic
cell death, suggest-
ing that excessive
phosphorylation

of elF2a is detri-
mental to the cells’

survival.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
Treating cells with salubrinal elF2a 1 1 1

salubrinal enhanced
radiation-induced

increase in elF2a
phosphorylation

and clonogenic
death and showed
that irradiated cells
are more sensitive
to increased elF2a
phosphorylation

than non-irradiated

ones.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
Similar to salu- salubrinal elF2a variant 1 1 1

brinal -the phos-
phomimetic elF2a
variant -S51D
-increased sensi-
tivity to radiation,
and both abrogated
radiation-induced

increase in breast
cancer type 1 sus-
ceptibility gene,
thus implicating
enhanced phospho-
rylation of elF2a in
modulation of DNA

repair.

In addition to its salubrinal elF2a 1 1 1
effect on radiation,
salubrinal enhanced
elF2a phosphoryla-
tion and clonogenic
death in response
to  the  histone
deacetylase in-

hibitor -vorinostat.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

Finally, the cat- Ku-0063794 mTOR 1 1 1

alytic compet-

itive inhibitor

of mTOR -Ku-
0063794 -increased
phosphorylation

of elF2a demon-
strating further
the involvement of
mTOR activity in
modulating elF2a
phosphorylation.

Moreover, gly-  glycyrrhizin IFN-g 1 1 1
cyrrhizin treatment
still enhanced
IFN-y  and  re-
duced IL-4 levels in
glycyrrhizin-treated

mice.
While determin- nucleotide C. elegans 0 0 0
ing the 5’ ends of actin mRNAs

C. elegans actin
mRNAs, we have
discovered a 22
nucleotide  spliced

leader sequence.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

The actin mRNA nucleotides actin  mRNA 0 0 0

leader sequence is leader se-

identical to the first quence

22 nucleotides of a
novel 100 nucleotide
RNA  transcribed
adjacent, and in
the opposite orien-
tation, to the 5S

ribosomal gene.

The evidence sug- nucleotide actln  mRNA 0 0 0
gests that the actln leader se-
mRNA leader se- quence

quence is acquired
from this novel nu-
cleotide transcript
by an intermolec-
ular frans-splicing

mechanism.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
We found that aspartic acid PSGs 0 0 1

the aspartic acid
at  position 95,
previously believed
to be required for
binding of PSGs to
cells, is not required
for PSG1 activity
but that the amino
acids implicated in
the formation of a
salt bridge within
the N-domain are
essential for PSG1

function.

In vitro expression E-64 Lb gene 1 1 1
of a construct con-
taining the Lb gene
fused to a portion
of the VP4 and
3D genes demon-
strated cis cleavage
activity that could
be blocked by the
thiol protease in-

hibitor E-64.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label
In contrast, con- 4-PBA LC3-1 1 1 1

version of LC3-
[/LC3-II could be
significantly inhib-
ited by 4-PBA,
an ER stress in-
hibitor, indicating
that ORF3-induced
autophagy is de-
pendent on ER

stress response.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein

Chemical Protein Label Label Label
All  the studied rutin SARS-CoV-2 1 1 1
molecules could protease

bind to the active
site of the SARS-
CoV-2 protease
(PDB: 6Y84), out
of  which rutin
(a  natural com-
pound) has the
highest  inhibitor
efficiency  among
the 33 molecules
studied, followed by
ritonavir  (control
drug), emetine
(anti-protozoal),

hesperidin (a nat-
ural  compound),
lopinavir ~ (control
drug) and indinavir

(anti-viral drug).
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

Using  degenerate nucleotide penton  base 0 0 1

PCR primers com- gene

plementary to the
most conserved
genome regions of
adenoviruses, the
complete nucleotide
sequence of the
penton base gene,
and partial nu-
cleotide sequences
of the DNA poly-
merase, hexon, and
pVII genes were

obtained.

Estradiol is con- Estradiol CD4+ 1 1 1
nected with CD4+
T cell numbers
and increases T-reg
cell populations,
affecting  immune
responses to infec-

tion.
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Table C.1. Sample sentences from CORD-19 predicted by our model (cont.)

Sentence Identified Identified Relation Chemical Protein
Chemical Protein Label Label Label

It is known that estradiol endothelial ni- 1 1 1

estradiol exerts a tric oxide syn-

protective effect on thase

endothelial ~ func-
tion, activating the
generation of nitric
oxide (NO) via
endothelial  nitric

oxide synthase.
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APPENDIX D: SIGNIFICANT TEST RESULTS

e Significant test for binary models with sentence-based input representation and

shortest subsequence between target entities

Table D.1. Significant test for our best two BioBERT-based models with

sentence-based input representation and shortest subsequence between target entities.

Iteration F1-score for SB | F1-Score for SST

0 0.781 0.766

1 0.772 0.745

2 0.779 0.758

3 0.785 0.764

4 0.767 0.764

5 0.781 0.750

6 0.768 0.746

7 0.783 0.757

8 0.782 0.739

9 0.779 0.748

Mean 0.778 0.754

Standard Deviation 0.0061 0.0089
t value 6.696
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e Significant test for binary models with sentence-based input representation and

shortest subsequence including target entities and their parent node

Table D.2. Significant test for our best two BioBERT-based models with
sentence-based input representation and shortest subsequence including target

entities and their parent.

Iteration F1-score for SB | F1-Score for SSTP

0 0.781 0.747

1 0.772 0.767

2 0.779 0.759

3 0.785 0.757

4 0.767 0.766

5 0.781 0.764

6 0.768 0.765

7 0.783 0.744

8 0.782 0.764

9 0.779 0.754

Mean 0.778 0.759

Standard Deviation 0.0061 0.0077
t value 5.811
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e Significant test for multi-class models with sentence-based input representation

and shortest subsequence between target entities

Table D.3. Significant test for our best two multi-class BioBERT-based models with

sentence-based input representation and shortest subsequence between target entities.

Iteration Micro-averaged F1- | Micro-averaged F1-
score for SB Score for SST

0 0.765 0.732

1 0.756 0.730

2 0.735 0.735

3 0.769 0.725

4 0.770 0.732

5 0.765 0.727

6 0.754 0.731

7 0.765 0.720

8 0.773 0.744

9 0.757 0.740

Mean 0.761 0.732

Standard Deviation 0.0105 0.0066

t value 7.08




159

e Significant test for multi-class models with sentence-based input representation

and shortest subsequence including target entities and their parent node

Table D.4. Significant test for our best two multi-class BioBERT-based models with
sentence-based input representation and shortest subsequence including target

entities and their parent.

Iteration Micro-averaged F1- | Micro-averaged F1-
score for SB Score for SST

0 0.765 0.741

1 0.756 0.734

2 0.735 0.733

3 0.769 0.735

4 0.770 0.739

5 0.765 0.727

6 0.754 0.742

7 0.765 0.729

8 0.773 0.735

9 0.757 0.722

Mean 0.761 0.734

Standard Deviation 0.0105 0.006

t value 6.751




