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Abstract

Relation Extraction plays an significant role in generating knowledge from biomedical
literature. Yet most of the present state-of-the-art automatic approaches are based on
(semi-)supervised machine learning techniques, modeling the RE task as classification
problems. Such approaches are usually restricted by training data of specific domains
and pre-defined relation types. Along with shifting of the biomedical research emphasis
from individual domains to whole system, the novel RE paradigm Open Information
Extraction gains more attention, in which relations of any type could be identified. This
thesis aims to help study how to apply the OpenIE into identification of relations in
biomedicine area and how well it performs. For this purpose, we built an automated
pipeline by combining three existing NER tools as well as an OpenIE system with two
filters, and evaluated it on a dataset from MEDLINE. In this experiment, we focused
on relations between chemicals, diseases and genes/proteins. The results show that
this OpenIE-based pipeline can extract relations without limitations of relation types,
and it can acquire a high precision (76.92%) but the F-score(12.66%) remains low
due to the low recall. Conclusively, the approaches based on OpenIE paradigm can be
further improved, especially in terms of recall. It is possible to achieve a higher accuracy
by improving performances of the current OpenIE systems as well as the biomedical
NERs.
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1 Introduction

1.1 Motivation

In general, the biomedical literature consists of much valuable information, which can
be useful in further biomedical researches or in other related industries. For instance,
people can extract information about drugs and genes relevant to cancer from a corpus
of biomedical literature[RTWH00] to seek some effective treatments. But as more
and more people attach importance to biomedicine, the total amount of biomedical
literature is also increasing dramatically. Along with rapid development of the Internet,
the quantity of data that are stored online in the form of unstructured electronic text is
becoming huger. For example, according to the statistical data derived from the 2017
MEDLINE/PubMed Baseline produced in mid-December 2016, we can see a significant
increase in citation counts by year of biomedical publication, from 62,889 in 1947 to
194,487 in 20161. Faced with such an immense information source, it is difficult to
capture relevant knowledge in the form of structured information manually. Automatic
and efficient Information Extraction (IE) technologies are therefore in urgent need in
the biomedicine area, in order to translate the unstructured information contained in
text into structured key information. These technologies facilitate data storage in a data
bank and the information retrieval of users.

Relation Extraction (RE) is one of the most important subtask of IE. Finding the entity
relations, as a significant way to describe the semantic relationships between enti-
ties, is quite conductive to build the informational relevance among multiple target
entities, extract preciser implied information from text and understand the literature
better. That is especially useful in the biomedical domain, for example, relationships
between genes and drugs in cancer in the previous mentioned example can show the
impacts of drug treatment on gene expression and the roles particular genes play in
drug sensitivity. Such information can assist the discovering of new drugs for cancer
treatment and can help doctors to give a more individualized approach to patients based
on their genomic constitution[RTWH00]. In the relation identification, relational triples

1MEDLINE Citation Counts by Year of Publication (as of mid - November 2016).
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1 Introduction

(Entity1, relation, Entity2) are expected to be extracted , e.g.(Asbestos, cause, cancer),
as a kind of chemical-disease relationship.

Conventionally, relation extraction is based on pre-specified types of entity relation
and on individually trained models, which is typically learned from labeled training
examples [KM93] [Sod99]. But nowadays, corpora are becoming more massive and
more heterogenous, hence the relation types gradually show a diversity and their amount
can be quite large. So it is unpractical to predefine all target relation types manually.
This problem is obvious in the domain of biomedicine, because a corpus of biomedical
literature can contain various biomedical entities, such as diseases, genes, proteins,
drugs, cells etc, and each entity type has a number of different relationships with other
entities. Because of these limitations, this traditional approach to IE is not adapted to
today’s large corpora. A new extraction paradigm has been proposed in recent years to
solve this problem: Open Information Extraction (OpenIE), where the system aims to
extract any possible relational triples without inputting any classes of entity relations
in advance. Obviously, this novel extraction paradigm makes great sense in the study
of relation identification of biomedical entities. This led us to think, how well the new
method could work in this area and what kind of problems would exist during the
practical application.

Therefore, in this thesis we constructed a automated pipeline to find the relations
between some biomedical entities using OpenIE paradigm. The results were visualized,
evaluated and compared by matching extracted knowledge with some existing relation
extractors.

1.2 Research Objectives

In this work we focused on the entity types Gene/Protein (G)2, Diseases (D) and Chemi-
cal Compounds (C), and tried to use the OpenIE paradigm to identify their 6 potential
kinds of relations, such as Disease-Disease relations, Gene/Protein-Disease relations,
Disease-Chemical relatiosn and so on3, from a large set of biomedical literature from the
database MEDLINE.

2In this study, we considered protein and gene to be interchangeable.
3In this thesis they are recorded in the form D-D, P-D, D-C and so on.
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1.3 Outline of the Work

The first goal of this work is thus to find out, which of the above mentioned relations
are described in the given text. We attempted to know, if all of the 6 potential relation
types relevant to our three target named entites (G, D, C) can be completely found out
from the text dataset through our pipeline of this work. If not, then which kinds of
relations of them can be recognized and which not? And what is the accuracy rate of
the extracted triples?

The second task is to detect what kind of relation types can be found with existing
relation extractors and for which there is still no available specific extractor. As a
significant subtask of biomedical information extraction, RE has gained much attention
in recent years and plenty of work has been done on this domain. Therefore, there
have been already some specific OpenIE systems or frameworks to extract relations from
biomedical literature, but not all of our aimed relation types already have their own
extractor. In addition, for those that already have a particular relation extraction system,
we proposed to compare the existing systems with our product of this study to see if our
automated pipeline can work better and what the differences are.

For instance, using this work we are supposed to be able to answer such questions: can
our pipeline recognize the relation triple (Aspestos, causes, cancer) from the sentence
Aspestos causes cancer, where the relation type C-D is also identified? Is there an existing
relation extractor for C-D?

All in all, this study makes it possible to find relationships between biomedical entities
from literature on a large scale, with the help of OpenIE paradigm and freely available
Named Entity Recognitions (NERs). The analysis of extracted information can present
the effectiveness and efficiency of OpenIE application on biomedicine domain and
provide inspirations for further study.

1.3 Outline of the Work

This paper is arranged as follows:

Kapitel 2 – Theoretical Background presents the currently popular approaches of RE
and especially some researches on domain of biomedicine. Then it introduces
three existing NER tools and the OpenIE system applied in this study, as well as
the data source of this experiment.
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Kapitel 3 – Materials and Methods shows the theoretical concepts relating to the re-
lation extraction process of the automated pipeline in this study, and the analysis
as well as evaluation methods for the results.

Kapitel 4 – Experiment and Results details the experiment implementation, and
presents the results through various tables. Then it evaluates the pipeline on
a test set.

Kapitel 5 – Discussion and Conclusions discusses the obtained results and the prob-
lems appearing in the implementation of this experiment. Then it compares the
pipeline with other relation extractors, and closes with some ideas for future
improvement.

16



2 Theoretical Background

This chapter consists of four sections. Section 2.1 introduces the present research
situation of relation extraction especially in the area of biomedicine. Section 2.2 and
Section 2.3 describe the selected NERs and the OpenIE system applied in this study. At
last, section 2.4 introduces the data we used in this experiment.

2.1 Related Work

As a widely used technology, RE has been already attracted a great deal of researches,
and many different methods for it have emerged. As far as biomedical relation extraction
is concerned, machine learning plays an important role in identifying relationships,
and most of these typical methods can be categorized into three classes [LCJY16]:
(1) learning from labeled data (i.e. supervised learning), which includes mainly two
types of approaches, feature-based [BKS10] and kernel-based [TNS+11] approaches;
(2) learning from unlabeled data, whose approaches include unsupervised [QWR14],
semi-supervised [SYH11] and distant supervision. Among the three kinds of approaches,
distant supervision approaches receive particular attention because they can be super-
vised by an existing database rather than by labeled text [MBSJ09] or they can just
use weakly labeled data, which allows the use of corpora of any size and usually is
able to extract high-precision patterns for a large number of relations, thus recently it
has been widely used in biomedical relation extraction [BKTH12]; (3) learning scheme
integration, whose idea is to integrate different learning paradigms at the outer system
level (i.e. hybrid approach [MAQ15]) or at the modeling level (i.e. joint modeling
[PV10]). Except for the traditional methods, the paper [LCJY16] also points out that
Deep Learning (DL) and OpenIE as novel technologies have exerted particularly signifi-
cant influence on the task of relation extraction in last couple of years.

Many researchers have applied DL technique into the RE task. At present, approaches
using Convolutional Neural Network (CNN), which modeling a classifier to predict
the relationship between marked nouns by extracting lexical as well as sentence-level
features, perform particularly well for tackling the relation classification task. In terms

17



2 Theoretical Background

of biomedical relation extraction, Liu et al. [LTCW16] exploited a CNN-based method to
extract drug-drug interactions, which achieved a F-score of 69.75%. But the current RE
approaches based on neural network are mainly applied on predefined relationships.
How to use it in open domain and how to find new relations automatically are still a
challenge.

Our study is based on the OpenIE paradigm. Banko et al. [BCS+07] were the first to
propose OpenIE as a new extraction paradigm and meanwhile they introduced a fully im-
plemented system TextRunner. This system trained a Naive Bayes classifier with labeled
data generated by automatic heuristics, then processed all candidate tuples of each sen-
tence in the Web-scale corpus with the classifier to get the trustworthy tuples and finally
assesses the retained relation triples. Further improved over TextRunner, Wu and Weld
[WW10] presented the WOE system, which used heuristic matches between Wikipedia
infobox attribute values and corresponding sentences to automatically construct training
data. WOE could perform better with dramatically higher F-measure between 72%
and 91% when using dependency-parse features, but at the cost of extraction speed.
Aimed at the problem of uninformative and incoherent extractions in OpenIE systems,
Fader et al.[FSE11] introduced the ReVerb system, which firstly use the syntactic and
lexical constraints to identify relation phrases rather than identify entities, then finds
a tuple for each relation phrase. But OpenIE systems like ReVerb and WOE extract
only relations mediated by verbs, without considering the context. To overcome these
limitations, Schmitz et al. [SBS+12] proposed a new system Ollie, in which relations
mediated by nouns, adjectives and others were extracted and a context-analysis step
was inserted. Recently Angeli et al. [APM15] developed the Stanford OpenIE system,
which firstly splits each sentence into a set of maximally shortened entailed clauses and
then segments these fragments into OpenIE triples. This approach performs quite well
on the end-to-end TAC-KBP 2013 Slot Filling task, and our work is based on this system.
However, the Open IE paradigm is by now mainly applied on normal domain to process
ordinary text, so we want to see how to apply it on biomedical literature which is much
complexer. In this term, Nguyen et al. [NMTT13] propose a specific OpenIE system
which attempts to detect relations of any type from the whole MEDLINE, and this system
achieves a reasonable precision of 50%.

In biomedicine, Rindflesch et al. [RTWH00] introduced a typical system to automatically
extract factual information on the relationships between genes,drugs and cells. So far,
a lot of resolutions for such biomedical relation extraction using the above mentioned
approaches have been proposed and tested to identify relationships between specific
biomedical entities such as protein/gene, disease and chemical:

18



2.1 Related Work

G-G: As a task of BioCreative, identifying interactions between proteins (Protein-Protein
Interactions, PPI) has attracted much research and achieved good results. The
paper [BKS10] introduced a hybrid approach which generated candidate PPI pairs
by categorizing data into subsets and then uses SVMs as classifiers. This algorithm
attained F-scores 60%-84% on five benchmark datasets. Yang et al.[YLL10] also
applied SVM, but together with rich feature sets to construct a protein-protein
interaction extractor BioPPISVMExtractor, and it reached a good F-score of 58.46%
on DIP corpus because of its high recall 71.83%. And they presented a better
system PPIExtractor in [YZL+13], of which the performance could reach 62.75%
F-score on DIP corpus and a network for extracted PPIs was visualized as the
output.

G-D: EDGAR proposed by Rindflesch et al. [RTWH00] is a representative NLP system
for extraction of biomedical entity and relation, but it only focused on relations
between genes and one specific disease, cancer. For extraction of relations be-
tween genes/proteins and diseases, [CTK+06] proposed a system which extracted
relations from MedLine by applying NER to filter out false recognitions matched
by dictionaries. The precision of this system relied heavily on the performance of
NER filtering, while the recall relied on the dictionaries. Bravo et al. [BPQ+15]
presented a system BeFree, which performed well for gene-disease association
classification, attaining a F-score of 84.6% for the results on the EU-ADR corpus.

C-D in terms of relations between chemical and disease, BioCreative V organized
a Chemical Disease Relation (CDR) Task, one of whose specific subtask was to
extract chemical-induced diseases relation (CID)1. For the CID, Xu et al. [XWZ+16]
presented a system CD-REST which achieved the best performance on this subtask
with a competitive F-score 58.53% in the end-to-end setting and 67.16% in gold-
standard setting. Later, Li et al.[LYL+16] constructed a system CIDExtractor that
applyed a sentence-level classifier as well as a document-level classifier to extract
relations. This system achieved a better F-score of 67.72% on the test set of CID
subtask.

Although at present there are few systems for extraction of chemical-protein relations,
BioCreative VI is now holding the ChemProt track, which aims to promote the develop-
ment of systems to detect chemical-protein interactions. Nevertheless, there is still little
attention on extraction of relations between chemicals and between diseases.

1In this task "Chemical" and "Drug" is interchangeable.
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2 Theoretical Background

2.2 Biomedical Named Entity Recognition

In IE, Named Entity is a term referring to a specific real-world object, such as Bastian
Schweinsteiger, Stuttgart or anything that can be denoted with a name. In biomedical
literature there are a number of proper names for genes/proteins, diseases and chemicals,
which are in general much more complexer than normal proper nones because of their
irregularities and ambiguities. But automatically identifying these biomedical entity
names is essential and critical for the relation extraction process, only when these named
entities are recognized as correctly and completely as possible could the relationships
between them be extracted effectively. Therefore, in this study we choice the following
three open-source and high-performance NER systems that are specially for recognizing
gene/protein, disease and chemicals, respectively.

2.2.1 NER for Gene/Protein

GNormPlus developed by Wei et al.[WKL15] is an end-to-end system that can extract
gene/protein mentions, gene family names, protein domains and species names. Distin-
guishing these classes contributes to resolving ambiguous gene/protein names. Besides,
this system integrates some advanced text-mining techniques in order to handle compos-
ite entity names and optimize the performance. As shown in Figure 2.1, this approach
firstly recognizes gene and species names with a new module based on CRF++ together
with a previous species recognition system SR4GN, and matches them accordingly. Then
in second step, it applies GenNorm to normalize gene names and integrates Ab3P as
well as SimConcept to optimize the performance. As a result, GNormPlus can annotate
the mentions typed with "Gene"/"FamilyName"/"DomainMotif"/"Species".

According to the results and evaluation of [WKL15], this system achieves 86.7% F1-score
on the BioCreative II GN test set which only focuses on human genes, and achieves
50.1% F1-score on the BioCreative III GN test set when multiple species genes are
considered. At present, GNormPlus id the state-of-the-art NER for gene/protein. In this
study, we used the module implemented in Java focusing on all species2.

2https://www.ncbi.nlm.nih.gov/research/bionlp/Tools/gnormplus/
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2.2 Biomedical Named Entity Recognition

Figure 2.1: Method overview of GNormPlus (from [WKL15])

2.2.2 NER for Disease

DNorm developed by Leaman et al.[LIL13] is a framework to automatically recognize
and normalize disease mentions in biomedical text. Like GNormPLus, DNorm also
includes two steps: locating disease mention with a previous system BANNER[LG+08]
which is retrained on the training subset of the NCBI disease corpus, and then nor-
malizing the mentions with pairwise learning to rank. In order to achieve a better
performance, it combines UMLS Metathesaurus to provide lexical hints to BANNER and
also Ab3P to resolve abbreviations.

DNorm is the first to apply machine learning in the normalization step. It generates
candidate concepts that are directly from training data for each located disease mention,
then learns the similarity between mentions and concepts via a vector space and finally
returns the concept with highest score.

21



2 Theoretical Background

Naive Heuristic High Recall
Method Model 1 Model 2 Combination Combination Combination

F-measure 0.8657 0.8739 0.8671 0.8706 0.8372

Table 2.1: The evaluation of tmChem with different models and combination stratefies

DNorm system is trained and evaluated on the NCBI Disease Corpus, achieving 78.2%
F1-score. In this study we used the freely avaiable source code of DNorm3 as the disease
NER. There are also other high-performance joint NER that can work as a disease tagger
after training on suitable training data, like TaggerOne4.

2.2.3 NER for Chemical

The chemical named entity recognizer tmChem developed by Leaman et al.[LWL15]
handles the chemical mentions by combining two independent conditional random
fields(CRF) models in an ensemble. Model 1 is developed by adapting BANNER[LG+08]
to chemical entities and using the MALLET toolkit5 for machine learning. Model 2
repurposes the tmVar system6 and applies CRF++ library. The idea of tmChem is to
combine the output of two models, in order to take advantage of the differences between
them to improve the performance.

The two machine learning models of tmChem are trained and evaluated on the CHEMD-
NER corpus, achieving 86.57% F1-score and 87.39% F1-score, respectively with Model 1
and Model 2. They can be combined with different strategies, and the results evalua-
tion is shown in Table 2.1. In our work, we used only the trained Model 17, which is
implemented in Java and performs better on long mentions.

3https://www.ncbi.nlm.nih.gov/research/bionlp/Tools/dnorm/.
4https://www.ncbi.nlm.nih.gov/research/bionlp/Tools/taggerone/.
5http://mallet.cs.umass.edu/.
6https://www.ncbi.nlm.nih.gov/CBBresearch/Lu/Demo/tmTools/tmVar.html.
7https://www.ncbi.nlm.nih.gov/research/bionlp/Tools/tmchem/.
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2.3 Open Information Extraction

2.3 Open Information Extraction

2.3.1 Compare with Traditional RE Methods

The traditional RE approaches include knowledge-based methods and machine learning-
based methods, they focus on extracting relations of a closed set of types from specific
domains:

• In knowledge-based methods the pattern-matching rules for some pre-defined
relations must be made manually in advance, where these rules rely on the
knowledge of this domain and the knowledge of linguistics.

• The machine learning-based methods usually solve the relation extraction task
as a classification task. They train a classifier with different machine learning
algorithms on manually labeled corpora. But these trained models to determine
whether there are semantic relationships between two entities are inevitably
dependent on the domain-related corpora and suitably tagged training data, which
is time-consuming.

In contrast to these previous methods, the novel extraction paradigm OpenIE aims at
being domain-independent and being able to extract relation triples of any type from
plain text without schema for these relations. And compared with traditional methods,
OpenIE is more suitable to nowadays web-scale data set, because it is unpractical to
define all possible relations types of a massive corpus beforehand.

2.3.2 Typical OpenIE Systems

The basic idea of the open relation extraction systems is to learn a general model of
how relations are expressed in a particular language. The TextRunner system trains
a Naive Bayes classifier for all possible relation tuples with labeled data generated by
automatic heuristics [BCS+07]. The ReVerb system recognizes relative phrases via
syntactic constraints in Table 2.2 and lexical constraints to avoid overspecific relations
[FSE11].

The Ollie system learns open pattern templates using a training set bootstrapped from
high precision seed tuples of ReVerb to match tuples in sentences. The open pattern
templates encode the ways how a relation (e.g. (Godse; kill; Gandhi)) may be expressed
with a dependency parse path(e.g. {Godse}↑nsubj↑{kill:postag=VBD}↓dobj↓{Gandhi} ).
The first sample in Table 2.3 is the corresponding pattern template of aforementioned
example (Godse; kill; Gandhi). The experiment conducted by Schmitz et al. reveals
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2 Theoretical Background

V | V P | V W* P

V = verb particle? adv?
W = (noun | adj | adv | pron | det)
P = (prep | particle | inf. marker)

Table 2.2: Syntactic constraint of ReVerb: the phrases matching the constraint are
regarded as relation words

Extracted Template Open Pattern

(arg1; {rel}; arg2) {arg1}↑nsubj↑{rel:postag=VBD}↓dobj↓{arg2}
(arg1; be {rel}{prep}; arg2) {arg1}↑nsubjpass↑{rel:postag=VBN}↓{prep_*}↓{arg2}

(arg1; be {rel} by; arg2) {arg1}↑nsubjpass↑{rel:postag=VBD}↓agent↓{arg2}

Table 2.3: Examples of high-frequency pattern templates learned by Ollie. ([SBS+12])

that the Ollie system performs obviously better than the previous state-of-the-art open
extractors like ReVerb and WOE.[SBS+12]

From Ollie system we can see that dependency parse is useful for the relation extraction
process. So the Stanford OpenIE system, used by this study, takes full advantage of
dependency parses instead of a large pattern set.

Stanford OpenIE system

The Java implemented Stanford Open Information Extraction, which is an annotator of
Stanford CoreNLP pipeline, leverages linguistic structure to extract information from
open domain. This approach includes three steps [APM15]:

1) Inter-Clause: Each sentence is split into a set of entailed clauses via traversing a
dependency parse tree recursively.

2) Intra-Clause: Each clause is then maximally shortened using natural logic, producing
a set of entailed shorter sentence fragments.

3) These fragments are segmented into OpenIE triples (conventional subject verb object
triples) by matching 14 hand-crafted atomic patterns in Table 2.4 and Table 2.5, and
finally output by the system.

For example, to process the given sentence Born in a small town, she took the midnight
train going anywhere. [APM15], the system, as shown in Figure 2.2, produces a set
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2.4 Data Source

Figure 2.2: An illustration of the process of Stanford OpenIE system.

of independent clauses at first (e.g., she Born in a small town), then these clauses are
compact but still retain the original core semantics. Here natural logic is employed to
determine which lexical items can be removed. Then the shorter utterances (e.g., she
took midnight train, she Born in small town, she Born in town in Figure 2.2) that match
an atomic pattern are selected and segmented into a relation triple. Finally the three
relation triples are output by this system with their assigned confidence score.

The Stanford OpenIE System is evaluated on a large unlabled KBP corpus and compared
with the Ollie system. As revealed in Figure 2.3,this system performances better than
Ollie system with a higher Recall.

2.4 Data Source

Our experiment built on the bibliographic database of life science and biomedical topics,
MEDLINE (Medical Literature Analysis and Retrieval System Online), which is compiled
by the United States National Library of Medicine and can be accessed via the free
search engine PubMed. Up to July 2017, PubMed has a collection of more than 27
million citations to biomedical literature mainly from MEDLINE, and also other journal
articles and online books. Such data on a large scale is typical of Web-scale biomedical
corpora for research about information extraction. Thus, in this experiment we used the
MEDLINE/PubMed Data freely provided by NLM8.

8https://www.nlm.nih.gov/databases/download/pubmed_medline.html
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Input Extraction

cats play with yarn (cats; play with; yarn)
fish like to swim (fish; like to; swim)
cats have tails (cats; have; tails)
cats are cute (cats; are; cute)

Tom and Jerry are fighting (Tom; fighting; Jerry)
There are cats with tails (cats; have; tails)

Table 2.4: The six simple dependency patterns, that can cover the majority of atomic re-
lations,are used to segment an atomic sentence into an conventional OpenIE
triple.

Input Extraction

Durin, son of Thorin (Durin; is son of; Thorin)
Thorinś son (Thorin; ś son; Durin)

IBM CEO Rometty (Rometty; is CEO of; IBM)
President Obama (Obama; is; President)
Fischer of Austria (Fischer; is of; Austria)

IBMś research group (IBM; ś; research group)
US president Obama (Obama; president of; US)

Our president, Obama (Our president; be; Obama)

Table 2.5: The eight simple dependency patterns used to segment a noun phrase into
an conventional OpenIE triple.

NLM produces an annual baseline comprising the MEDLINE/PubMed citation records in
XML format. The Figure 2.4 shows the tree structure of these XML files. The cited articles
are recorded as <PubmedArticle> elements that are comprised of <MedlineCitation>
element and <PubmedData> element. <MedlineCitation> contains some attributes as
well as various elements to record the important information about the referenced
article, such as the unique identifier of this article in PubMed <PMID> and the description
of the article cited <Article>.It is remarkable that not all of the cited articles have
the text information of abstract, namely the <Abstract> element, and one <Abstract>

can contain one or several <AbstractText> elements. The determined language of this
database is English.
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2.4 Data Source

Figure 2.3: The precision/recall curve of Stanford OpenIE system compared with the
Ollie system. ([APM15])
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2 Theoretical Background

Figure 2.4: Partial xml tree structure of the downloaded MEDLINE/PubMed data files
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3 Materials and Methods

This chapter covers the theoretical concepts of the experiment process. In the first
Section 3.1, we introduce how the experiment data was used in the study. Subsequently,
we explain in Section 3.2 how the NERs and the OpenIE system described in Chapter 2
are combined in our approach to extract relations between biomedical entities. Lastly,
Section 3.3 portrays the evaluation methods necessary for the experiment results.

3.1 Constructing Experiment Dataset

The text information within elements <ArticleTitile> and <AbstractText> of original
XML files are what we need for the experiment. In order to construct the text dataset
which can be processed by the automated pipeline, the text information of article titles
and article abstracts as well as the identifiers of article PMID are gathered from the XML
files and saved in text files.

In addition, all the three NERs involved by the work require that each input/output
file should follow the PubTator format below or the BioC format1 which can easily
process XML files. Because the PubTator format that only concerns PMIDs, articles and
abstracts, is much terser and more suitable for text files, in this study we constructed
the experiment text dataset all in this format.

PubTator format:

<PMID1>|t|<TITLE>|

<PMID1>|a|<ABSTRACT>

<PMID1> <START> <LAST> <MENTION> <TYPE> <Normalized Form>

<PMID2>|t|<TITLE>

<PMID2>|a|<ABSTRACT>

<PMID2> <START> <LAST> <MENTION> <TYPE> <Normalized Form>

1http://bioc.sourceforge.net/
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3 Materials and Methods

Each cited article that is annotated with |t| and |a| respectively for title text and abstract
text, is separated by an empty line. For articles with an empty element of article tile
(<ArticleTile/>), <TITLE> defaults to Invalid Title. For articles without information
of abstracts, <ABSTRACT> defaults to NA. For those with more than one <AbstractText>

elements, the text contents of each element are labeled with respective "Lable" attribute
(e.g. "PURPOSE", "METHOD") and then integrated as one paragraph for <ABSTRACT>.
After processing of NERs the corresponding abstracted biomedical entities are annotated
and listed in the following form:

<PMID> <START> <LAST> <MENTION> <TYPE> <Normalized Form>

where each line represents a recognized entity, the columns <START> and <LAST> show
the position, followed by the proper name and entity type as well as its normalization
number.

3.2 Identifying Relations between Biomedical Entities

3.2.1 Principle

This study combines the three NERs mentioned in Chapter 2 (GNormPlus, DNorm,
tmChem) and the Stanford OpenIE system to construct a pipeline of extracting relations
between target biomedical entities, namely Gene/Protein, Disease, Chemical.

As shown in Figure 3.1, the constructed pipeline contains two steps:

1 Data Preprocessing: The downloaded MEDLINE/PubMed XML data is processed and
convert to original text files in the necessary PubTator Format as we described in
Section 3.1.2. Then each text file is handled by GNormPLus, DNorm and tmChem,
respectively. After that, every original text file has three additional variations, namely
the text files with three different annotation types. Both the original text files and
their additional annotated files are used as input of next step.

2 Relation Extraction: In this step, the Stanford OpenIE system reads one original
text file at first. Then it processes the sentences in this file one by one. Thus before
each processing of a sentence, the automated pipeline uses a filter to estimate if this
sentence is valid. The filter works by comparing the original sentence with the same
one in corresponding annotated files to see whether this sentence has no less than
two target biomedical entities. Only sentences with no less than two target biomed-
ical entities, namely the valid sentences, have the possibility to contain biomedical
relations, and they need to be processed by OpenIE system.
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3.3 Results Analysis and Evaluation

After each processing for one valid sentence, there are usually a set of relation
triples for this sentence. Then the automated pipeline needs to filter out the invalid
relations from the relation set. A relation are regarded as a valid relation when both
its subjects and its object contain a target biomedical entities.

After the filtering of invalid triples, usually there are still several variants for one
relation. A post-process is needed to group the relations with same core semantic
meaning from the mixed valid triples, and then choose the best one from each relation
group. In this study, we confirm the same core semantic meaning of relations by
judging if the subjects of two relation triples contain a same biomedical entity and
also their objects contain a same biomedical entity. Finally, this pipeline output the
valid relation triples for the sentence.

3.2.2 Complete Example Demonstration

The principle workflow was implemented in Java based on Stanford OpenIE. In the
following, we exemplify the pipeline process with a small text file which contains only
four records of cited articles.

The subgraph (a) in Figure 3.2 is the example of from baseline data extracted information
in PubTator format. After processing the example file with biomedical NERs, we got
the other three annotated txt files (b-c). All the four files are then input into next step,
handled by the Java program (Figure 3.3). At last, the output file Figure 3.4 is generated
and lists all extracted relations with annotations of subject type, object type, subject
mention and object mention. From the results of this example, we can easily identify
two relation tuples: (magnesium sulphat, circulation in, pentobarbitone) of type C-C, and
(lactate, be index of, cardiac efficiency) of type C-D.

3.3 Results Analysis and Evaluation

3.3.1 Result Format

The output of our automated pipeline for a text file is a list where each line represents a
relation between two target biomedical entities. As shown in Figure 3.4, the first column
shows the PMID number of the referenced article that contains this relation, then the
classes of entity 1 in subject and entity 2 in object are named in sequence, followed by
the two entity names in column <MENTION_1> and <MENTION_2>. The extracted relation
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Input
MEDLINE/PubMed
Baseline Data

In XML formats

Read necessary information from baseline data
R, xml2

Txt files 
in PubTator Format

Data Preprocessing

PreData_Chem, PreData_Dis, PreData_G/P
in PubTator Format

 Annotate Gene/Protein
entities in text

GNormPlus
Annotate Disease 

entities in text
Annotate Chemical

 entities in text

DNorm tmChem

Extract all relations triples,  sentence by sentence.
Stanford OpenIE

Relation set of this sentence

Relation Extraction

Find the processed sentence in corresponding 
PreData_Chem file, PreData_Dis file and PreData_G/P file

Filter unvalid sentences

Calculate the number of Chemical-, Disease- and 
Gene/Protein-Entities in this sentence

Determine if the sentence is valid :
The sum of biomedical entities of this sentence ≥ 2 ? 

Valid sentence

Unvalid 
sentence:
 skip

Filter unvalid relation triples

Output

Dtermine if the relation triple (sub, rel, obj) is valid:
The subject & object both contain biomedical entities? 

A set of valid relation triple for this sentence

Group these triples and choose one triple for each group:
The one with shortest length of (sub.length + obj.length)  

Relation List

One valid relation triple for each relation group

Figure 3.1: The overview of the biomedical relation extraction process.
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3.3 Results Analysis and Evaluation

Figure 3.2: Preprocessed data files: (a) is the originally convert txt file, and (b) - (c) are
the corresponding pre processed files annotated by three biomedical NERs.

Figure 3.3: Running result of the pipeline programming.
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Figure 3.4: The output of example file: all extracted relations are listed in a separate
file.

phrases are in the last column.

In order to evaluate the accuracy of the automated pipeline based on OpenIE paradigm,
a test set is necessary which should be made up of a set of sentences selected randomly
from the experiment dataset.

3.3.2 Generating a Gold Standard

The pipeline results of the test set are compared with a gold standard. The gold standard
aims at creating a top threshold of a collection of test data. In this experiment, we
generated the gold standard through manual annotation of the test set, with some help
of biomedical knowledge.

During the manual annotation process, we followed four principles:

• find the target biomedical entities with the help of relevant professional knowledge
from Internet as well as consult the recognition results of relevant NER;

• if the annotator is uncertain about entity classes or uncertain if an entity belongs to a
named entity due to the confusing delimitation for named entity, it is marked with
purple color;

• try to keep the core semantic meaning of relationships constant, meanwhile make the
relation words as concise as possible and normalize the words;

• through the comprehension for sentences, some indirect relations can also be extracted
manually, for example, a relation triple (perchloric acid, ’s antibodies showed cross-
reacticity with TA from, ovarian carcinoma) can be extracted from the sentence of
88253 (see Appendix A.1), where the relation of two biomedical entities is built via
other entities (antibodies, TA) and conversions of subject as well as of object are
needed, to make the target entities as subject or as object. Such implied relations that
can be found only with personal understanding are marked with pink color. Through
the mark we can by evaluation discuss if those complex relationships truly effect the
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extraction results, namely an unsuccessful relation extraction maybe caused by poor
performance of the OpenIE system.

Then we compared the manually annotated relation triples with the automated pipeline
results, and added more marks into the manual annotations:

• if the manually annotated mentions do not match the entities extracted from the
sentence by NER tools completely, they are marked with yellow color and the overlap
is highlighted with red text.

• if an entity is extracted by manual annotation but not by the NER, it is marked with
purple color;

In this way, the final manual annotation results were able to indicate three kinds of error
classes: completely not matching results of NER tools (purple color), partially matching
results of NER tools (yellow color) and indirected relations (pink color).

3.3.3 Manual Result Evaluation with F-Measure

Afterwards, we collected the results of these test set sentences from the output of our
automated pipeline, and then compared the relation triples extracted by pipeline with
those in the generated gold standard. The similarity rates of subject, relation words
as well as object in extracted relation triples from two kinds of sources are taken into
account by calculating their Jaccard coefficients. Then the accuracy of results is discussed
under different similarity rates, namely 100%(completely same phrases), 80%, 50%
and 30%. In addition, we also discussed the accuracy of results under different relation
types.

Jaccard Coefficient

This is a commonly used coefficient to measure the overlap of two set2. At first, the
Jaccard coefficients for subject phrases, relation phrases and object phrases are calculated
respectively (Equation (3.1)), then the similarity rate of the complete relation triple is
represented by the mean value of the three coefficients (Equation (3.2)).

JACCARD(A, B) = |A ∩ B|
|A ∪ B|

, JACCARD(A, B) = 0 if A ∩ B = 0 (3.1)

2Contents of the course slides "Text Mining and Information Retrieval";
Dr.rer.nat. Roman Klinger; IMS; University of Stuttgart.
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Similarity = JACCARD(Asub, Bsub) + JACCARD(Arel, Brel) + JACCARD(Aobj, Bobj)
3

(3.2)

where in this case A and B refer respectively to the subject / relation words / object in
the relation triple from automated pipeline and to the corresponding one from manual
annotation.

F-Measure

At last, we used the F-measure (also F1 score) to analyse the test accuracy and to
compare our pipeline with other existing relation extraction systems. The F-measure
takes both the precision P and the recall R into account.

Precision: In this case, precision P is the fraction of extracted relations by our pipeline
that are also occurred in the gold standard:

P = |{relations in gold standard} ∩ {relations extracted by pipeline}|
|relations extracted by pipeline|

(3.3)

Recall: In this case, recall R is the fraction of relations occurred in gold standard that
are also successfully extracted by our pipeline:

R = |{relations in gold standard} ∩ {relations extracted by pipeline}|
|relations in gold standard|

(3.4)

F-measure: The F-measure F1 is the harmonic mean of precision and recall:

F1 = 2 · precision · recall

precision + recall
= 2 · P · R

P + R
(3.5)
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4 Experiment and Results

This chapter details how the experiment was implemented in section 4.1, and presents
the extraction results of our automated pipeline as well as an analysis of the results
in section 4.2. In the last section, the performance of the automated pipeline is eval-
uated with the help of manual annotation results of the test set and from different
perspectives.

4.1 Implementation

This experiment was implemented according to the workflow described in Chapter 3
Figure 3.1. All the necessary tools and systems were installed and run on the OS X
Yosemite system with a processor 2.6 GHz Intel Core i5 and a memory of 8 GB 1600
MHz DDR3.

4.1.1 Experiment Dataset and Test Set

To keep the data of the experiment as objective as possible, we chosen 12 XML files
with random numbers for the experiment from the set of 2017 baseline1 which consists
of files medline17n0001 through medline17n0892. Except that the last updated file
medline17n0892 has 29,399 cited articles, each of the other files has a set of 30,000
cited articles.

We parsed the 12 XML files respectively via R programming, in particular its package
"xml2". As a consequence, based on the arbitrary selection of 12 XML files, we con-
structed a 273.9MB text dataset relating to biomedical literature. There are 359,399
cited articles in total.

1ftp://ftp.ncbi.nlm.nih.gov/pubmed/baseline, updated version by June 2017
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In addition, from these text files, we selected 500 sentences at random as the test set of
this experiment to annotate them manually for the result evaluation.

4.1.2 Preprocess with NERs

The three NER tools (GNormPLus, DNorm und tmChem) were downloaded und installed.
Then the txt files were processed separately by using the following commands to run
them on the pre-processed txt files in PubTator format:

• GNormPlus:

perl GNormPlus.pl -i INPUT -o OUTPUT -s setup.txt

• DNorm:

./ApplyDNorm.sh config/banner_NCBIDisease_UMLS2013AA_TEST.xml data/

CTD_diseases.tsv output/simmatrix_NCBIDisease_e4.bin AB3P_DIR TEMP

INPUT OUTPUT

• tmChem:

./Run.sh config/banner_JOINT_SAMPLE.xml data/dict.txt Ab3P_DIR TEMP

INPUT OUTPUT

The INPUT and OUTPUT refer to either one file or a folder.

During the processing we discovered that the tool GNormPlus ran much slower than the
other two NER tools, for example, it took 25779 seconds (almost 7 hours) to process a
file with the size of 4.8 MB. In other word, the processing speed is only about 0.69 MB
per hour. Compared with the speed of tmChem and DNorm, approximate 10.5 MB per
hour, GNormPlus is fairly time-consuming.

In addition, when we ran tmChem and DNorm on the experiment dataset, some ex-
ceptions are thrown out: "invalid title text" and "invalid abstract text". All of them are
caused by unexpected vertical bars (|) besides the default delimiter of PubTator format.
According to the source codes shown in Figure 4.1, the tools split the text in PubTator
format by vertical bars, which leads to an error when there are other vertical bars in text
content.

There are two kinds of sources for unexpected vertical bars:

1) special characters from undetermined languages like Polish, Russian or Norwegian,
for instance,
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4.1 Implementation

Figure 4.1: The source codes of tmChem and DNorm.

13005464|t|[The poliomyelitis epidemic in northern Tr|ondelag 1950].

A vertical bar appears in the word Tr|ondelag, which should have been Trøndelag, a
geographical region of Norway.

2) other applications of vertical bars such as mathematical use(e.g. in absolute functions
|q| = 1/2), specific expression in biology chemistry and physics(e.g. magnetic
quantum number |MJ = ±7/2 >), or sometime used to separate title from publishing
information.

In order to continue the NERs as well as minimize the impact on biomedical relation
extraction, we changed the contents which incurred exceptions manually. If they would
not effect the biomedical relationships in text, we replaced them with an alternative
expression or remove them directly, for example, we replaced the |∗| in absolute function
with the expression "abs()". At last, we found that most of the vertical bars came from
the mathematical functions, and they usually did not effect the relations in sentences.
Thus, as an alternative way, this step can be made automatically by a script program,
which directly replaces all unexpected vertical bars with e.g. a slash.

4.1.3 Relation Extraction

We ran the biomedical relation extraction process in the IDE Eclipse with Java. In order
to integrate the Stanford OpenIE annotator into our automated pipeline, we invoked the
annotator system through Stanford CoreNLP API, where the relation triples were stored
on the RelationTripleAnnotation key of a CoreMap (i.e., sentence) and the fragments of
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sentences could also be found in the EntailedSentencesAnnotation key of a CoreMap 2.
After creating a Stanford CoreNLP pipeline with appropriate properties, e.g.

props.setProperty("annotators", "tokenize,ssplit,pos,lemma,depparse,

natlog,openie"),

the sentences of the input document were looped over by the the pipeline and triples of
each sentence were gathered by

Collection<RelationTriple> triples

= sentence.get(NaturalLogicAnnotations.RelationTriplesAnnotation.class).

Then the information of relation triples could be output by printing out returns of
corresponding methods as Strings of the subject’s/relation’s/object’s lemmas.:

triple.subjectLemmaGloss()

triple.relationLemmaGloss()

triple.objectLemmaGloss())

Another key point of the extraction process was filtering out invalid sentences during
traversal of all sentences. For this purpose, we wrote codes to count the total of target
entities, for which the extracted entity lists gathered from three kinds of preprocessed
files (see classes readTXT.java and ReadEntity.java in source code package PreData)
as well as the sentence position needed to be input (see classes ValidSentence.java and
BioMedNER.java in source code package SentencePreProcess). Then the valid sentences
were processed by aforementioned CoreNLP pipeline, whose results were filtered out
by another filter, the method validTriple in source code package OpenIE, to output
only relations between target entities, which also saved all the entities that occur in
subjects or in objects of extracted triples of this sentence, separately in two HashMap
lists resultE1 and resultE2, with the relation phrase as the key of map. These two lists
were of great use for clustering the extracted triples of one sentence.

The last indispensable step before output was to group the extracted relation triples and
to select the best one from each group. They were implemented through the methods
findRelationGroups and chooseOneTriple in the source code package OpenIE.
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Figure 4.2: Distribution of pipeline results
on the experiment dataset.

Relation Type Number

Chemical-Chemical 8564
Chemical-Disease 7219
Chemical-Gene 2310
Disease-Disease 8973
Disease-Gene 3267
Gene-Gene 1372

Table 4.1: Relation types of
pipeline results on the
experiment dataset.

4.2 Interpretation of Extracted Information

We ran the automated pipeline on the experiment dataset, finally we obtained 31705
relation triples in total, and their types as well as the distribution are shown in Figure 4.2
and Table 4.1.

From the results we found that all the 6 potential relation types between target entities
were extracted by the automated pipeline. The relation between disease accounted
for the largest proportion of 28%, followed closely by the relation between chemicals
of 27%. The chemical-disease interactions also assumed a definite proportion of 23%.
The rest three types took just a small proportion. The disease-gene relations and the
chemical-gene relations only accounted for 10% and 7%, respectively. The fewest
extracted relations are those between genes/proteins.

Obviously, the fewest relation triples extracted by the pipeline were those related to
genes(or proteins), making up only 21% in all. The triples related to chemicals accounted
for 57% in all, while the those related to diseases had the largest proportion, of 61% in
total.

2https://nlp.stanford.edu/nlp/javadoc/javanlp/
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Figure 4.3: Distribution of manual annota-
tion results on test set.

Relation Type Number

Chemical-Chemical 25
Chemical-Disease 37
Chemical-Gene 30
Disease-Disease 19
Disease-Gene 27
Gene-Gene 7

Table 4.2: Relation types of man-
ual annotation results
on the test set.

Matching Degree MENTION 1 MENTION 2

Completely Not Match 36 38
Partially Match 23 20

Fully Match 86 87

Table 4.3: The amounts of mentions for three matching degrees between manual anno-
tations and corresponding biomedical entities recognized by NER tools.

Entity Class MENTION 1 MENTION 2 Recognized by NER

Chemical 68 49 242
Disease 37 66 239

Protein/Gene 40 30 101

Table 4.4: The amount of mentions for three entity classes in manual annotation results.

4.3 Manual Evaluation

4.3.1 Manual Annotations on Test Set

From 500 sentences, we annotated 145 relations between chemicals, diseases and
proteins/genes3 in total, including 83 relative direct relations and 62 indirect relations.

3Because our used Protein/Gene NER, GNormPlus, annotates proteins and genes both as "Gene", we also
only use "Gene" for both of them in the manual annotation list.
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PMID CLASS 1 CLASS 2 MENTION 1 MENTION 2 RELATION
9414579 Chemical Chemical 3-hydroxykynurenine tryptophan have
15672540 Disease Chemical autosomal recessive disorder delta1-pyrroline-5-carboxylic acid cause by
15672540 Chemical Disease proline autosomal recessive disorder be
5982340 Chemical Disease lincomycin hepatic insufficiency be in
7359570 Chemical Chemical arbutin d-glucose analogue of
24263455 Chemical Chemical selenium hydrogen peroxide result in
15654805 FamilyName Disease AST allergic rhinitis be discover after
25888652 Chemical Disease telephone MS increase health care access for
27654113 Chemical Chemical carbon graphene be uniformly anchor on
27937735 Chemical Chemical 7-cyano-7-deazaguanine 7-deazapurine be shared precursor in
5976158 Chemical Chemical pimetine amphetamine be with
7360385 Disease Chemical hyperaldosteronism 9-alpha-fluoro-prednisolone acetate cause by
9411331 Disease Disease toxic epidermal necrolysis dermatological disease be

Table 4.5: The Results of automated pipeline on the test set.

The Figure 4.3 and Table 4.2 show an overview about the relation types in the manual
annotation results on the test set.

Meanwhile we ran the automated pipeline on the test set and obtained the results
recorded in Table 4.5, where each line represented one relation triple. Using the
NER recognition results generated during automated pipeline process, the manual
annotation was accomplished with sufficient marks. The final manual annotation results
are attached in Appendix A.1. According to marks in manual annotation results, the
mentions could be divided into three classes: completely not match, partially match,
and fully match the NER recognition results. The amounts were presented in Table 4.3.
The Table 4.4 showed distributions of mentions in manual annotation results in terms of
entity classes.

4.3.2 General Evaluation of Experiment Result

Through comparison of entity type distributions in experiment results with those in
manual annotation, we could get a general impression about the performance of the
automated pipeline.

From the view of relation types, we found that chemical-disease (C-D) relations and
gene-gene (G-G) relations made up similar percentages in manual results and in pipeline
results. The proportion of chemical-chemical (C-C) relations and proportion of disease-
disease (D-D) relations in pipeline results were both about twice as big as those in
manual annotation results. On the contrary, the disease-gene (D-G) relations as well as
chemical-gene (C-G) relations evidently accounted for smaller percentages in pipeline
results than in manual annotation results, respectively almost on half and one third.
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Figure 4.4: The distribution of automated
pipeline results on the test set.

Relation Type Number

Chemical-Chemical 6
Chemical-Disease 5
Chemical-Gene 0
Disease-Disease 1
Disease-Gene 1
Gene-Gene 0

Table 4.6: Relation types of
pipeline results on the
test set.

From the view of entity classes, in the manual annotation results, the relation triples
related to chemicals accounted for 64% in all, while the those related to diseases had
a proportion of 58% in total. These two proportions were basically in line with the
distributions in experiment results, where they were separately 57% and 61%. But the
extracted relations related to genes, making up 45% in manual annotation results, had a
big gap with the ratio of 21% in experiment results.

Based on the assumption that our manual annotation results is to some extent convincing,
this comparison suggest that the automated pipeline could extract all the expected
relation types, and it performs better on extraction of relations related to chemicals as
well as diseases than on extraction of relations related to genes. Specifically, it performs
best on identifying gene-gene relations and chemical-disease relations.

4.3.3 Test Set Results by Automated Pipeline

There was a great difference between the manual annotation results and automated
pipeline results. As shown in Figure 4.4, the chemical-gene relations and the gene-gene
relations, which took the two smallest proportions in manual annotation results, were
completely not extracted by the automated pipeline, and compared with the proportion
in Figure 4.3, the proportion of disease-disease relations was too small. But the result
set of automatically extracted relation triples was indeed too small to yield a convincing
conclusion.

We analysed the relation triples extracted by the pipeline in Table 4.5, and the analysis
result was saved in Table 4.7. The triples that were not annotated manually were marked
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■Not found in manual annotation results ■Found in manual annotation results ■Not match the manual annotation completely

PMID CLASS 1 CLASS 2 MENTION 1 MENTION 2 RELATION SIMILARITY
9414579 Chemical Chemical 3-hydroxykynurenine tryptophan have 0.0%
15672540 Disease Chemical autosomal recessive disorder delta1-pyrroline-5-carboxylic acid cause by 33.3%
15672540 Chemical Disease proline autosomal recessive disorder be 66.7%
5982340 Chemical Disease lincomycin hepatic insufficiency be in 77.8%
7359570 Chemical Chemical arbutin d-glucose analogue of 0.0%
24263455 Chemical Chemical selenium hydrogen peroxide result in 41.7%
15654805 FamilyName Disease AST allergic rhinitis be discover after 77.8%
25888652 Chemical Disease telephone MS increase health care access for 0.0%
27654113 Chemical Chemical carbon graphene be uniformly anchor on 52.4%
27937735 Chemical Chemical 7-cyano-7-deazaguanine 7-deazapurine be shared precursor in 78.8%
5976158 Chemical Chemical pimetine amphetamine be with 83.3%
7360385 Disease Chemical hyperaldosteronism 9-alpha-fluoro-prednisolone ac-

etate
cause by 83.3%

9411331 Disease Disease toxic epidermal necrolysis dermatological disease be 100%

Table 4.7: The analysis of pipeline results by comparison with manual annotation re-
sults.

PMID CLASS 1 CLASS 2 MENTION 1 MENTION 2 RELATION
15672540 Disease Gene HPII delta1-pyrroline-5-carboxylic acid

dehydrogenase
cause by the severe deficiency of

15672540 Disease Disease Hyperprolinemia type II autosomal recessive disorder be
5982340 Chemical Disease lincomycin hepatic insufficiency ’s metabolism be in patients with
24263455 Chemical Gene selenium glutathione peroxidase ’s deprivation result in virtual disappear-

ance of activity of
15654805 FamilyName Disease AST allergic rhinitis ’s elevation be discovered after allergen in-

jection immunotherapy(SIT) for
27654113 Chemical Chemical carbon nanoparticles graphene nanosheets be uniformly anchor on both sides of
27937735 Chemical Chemical 7-cyano-7-deazaguanine 7-deazapurine be shared precursor in pathway leading to

the insetion of derivatives of
5976158 Chemical Chemical pimetine amphetamine be in comparison with
7360385 Disease Chemical pseudo-hyperaldosteronism 9-alpha-fluoro-prednisolone ac-

etate
cause by

9411331 Disease Disease toxic epidermal necrolysis dermatological disease be

Table 4.8: The corresponding relations of those in Table 4.7 in manual annotation
results.

with red color, while those successfully or partially annotated were marked with green
color. And the yellow color indicated that the elements (class name / mention name
/ relations phrase) in pipeline results could not completely match the corresponding
elements in manual annotation results. Then we collected the corresponding relations in
manual annotation results in Table 4.8, and highlighted the overlap words in elements
that did not match completely. With Equation (3.1) and Equation (3.2) in Chapter
3.3.3, we calculated the similarity rates of each triple extracted by automated pipeline
to measure the coincidence degree with manual annotations.

4.3.4 Evaluation on Test Set

We evaluated the pipeline performance on test set, by taking account of the similarity
rate of extracted relation triples (Table 4.9) and separately for different relation types
(Table 4.10). Under limitations of similarity rates, only the relation triples with a
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4 Experiment and Results

Similarity Rate 100% ⩾80% ⩾50% ⩾0%

P 7.69% 23.08% 61.53% 76.92%
R 0.69% 2.07% 5.52% 6.90%
F1 1.27% 3.80% 10.13% 12.66%

Table 4.9: F-measure of test set under different similarity rates.

Relation Type C-C C-D C-G D-D D-G G-G

P 30.77% 30.77% 0% 7.69% 7.69% 0%
R 16.00% 10.81% 0% 5.26% 3.70% 0%
F1 21.05% 16.00% 0% 6.25% 5.00% 0%

Table 4.10: F-measure of test set for different relation types.

similarity rate larger than a definite percentage could be regarded as a relation in
the intersection of two result sets. And for different relation types, we evaluated the
precision, recall and F-measure by counting both fully matched and partially matched
relations in the intersection of two result sets.

On the other side, we evaluated the pipeline performance based on the recognition
rate of subject (mention 1) and object (mention 2) separately, in order to see the effect
of entity recognition on the pipeline performance. We measured recognition rates via
calculating the Jaccard Coefficients of each mention in the manual annotation results.
As shown in Table 4.3, there were three classes for all mentions. Obviously, mentions
in class "Completely Not Match" had Jaccard Coefficients of 0%, while those in class
"Fully Match" had Jaccard Coefficients of 100%. The coefficients for mentions in class
"Partially Match" were calculated and attached in Appendix A.2. Then we could evaluate
the F-measures of test set under different restrictions of mention recognition rates. In
this way, only the relation triples whose subject mention (or object mention) had a
Jaccard Coefficient larger than a definite percentage could be counted as a valid manual
extraction, namely the manually extracted relations with low recognition rates for
subjects (or objects) were filtered out.

The evaluation results shown in Table 4.11 indicate that the F-measures are significantly
improved when the recognition rates of mentions are higher. Restriction on subject
recognition rate leads to a slightly better F-measure than restriction on object, and both
of them attained the highest F-measure on 50%.
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4.3 Manual Evaluation

Part MENTION 1 MENTION 2
Jaccard 100% ⩾70% ⩾50% 100% ⩾70% ⩾50%

P 61.54% 61.54% 76.92% 53.85% 53.85% 61.54%
R 9.30% 9.09% 9.80% 8.05% 7.69% 8.16%
F1 16.16% 15.84% 17.39% 14.00% 13.46% 14.41%

Table 4.11: F-measures of test set under different Mention Recognition Rates.

Part Relation Phrase
Jaccard 100% ⩾70% ⩾50%

P 23.08% 23.08% 46.15%
R 10.71% 9.68% 9.83%
F1 14.63% 13.64% 16.22%

Table 4.12: F-measures of test set under different Recognition Rates of Relation Phrase.

Finally, we evaluated the pipeline performance from the perspective of recognition rate
of relation phrases. The recognition rates of relation phrases in manual annotation
results were measured with Jaccard Coefficients, by consulting the extracted relation
phrases in results of pipeline on experiment dataset. For each relation phrase in manual
annotation results, we searched the experiment results of pipeline: if there existed
several similar relation phrases, we choice the one with which Jaccard Coefficients was
highest; if there did not exist similar relation phrases, the coefficient defaulted to 0.
The coefficients were attached inAppendix A.3. In this case, low recognition rates for
relation phrases mean such phrases are difficult to be identified as relation words by the
automated pipeline, and the core meaning of the manually annotated phrase differ from
the similar one in pipeline results of experiment. Then we could evaluate the F-measures
of test set under different recognition rates of relation phrases. In this way, only the
relation triples whose relation phrase could be identified more easily and more correctly
were counted as a valid manual annotation.

The evaluation results are presented in Table 4.12. Compared with the evaluation
based on mention recognition rate, the restriction on relation recognition rate mainly
contributes to improvement of recall, the precision is also improved but not as obviously
as in the former evaluation. The F-measures do not appear to be much different in two
evaluations. And the F-measure in the latter evaluation also reaches the highest value
with the restriction of 50%. As a conclusion, the low recall in evaluation on the test set
is caused by unsuccessful recognition of mentions and relations.
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5 Discussion and Conclusions

This Chapter firstly discusses the test set results and evaluations in detail in Section 5.1.
Then Section 5.2 talks about two kinds of issues arisen in this experiment which need to
be solved and improved. Then the next section compares the automated pipeline with
some existing relation extraction systems from the theoretical point of view, and the last
section offers a summary and some ideas for future work.

5.1 Test Set Results Analysis

5.1.1 Recall

The results are not so good as we expected. At first, the recall (R) is rather low, where
a large difference in quantity between the manual annotation results and the pipeline
results play a role. Some reasons might be implied with the marks in manual annotation
results (Appendix A.1). By comparing the pipeline results with the manual annotation
results, we find that 4 of the 13 triples extracted by the pipeline are marked as indirected
relations (see pink color in Appendix A.1), and 3 of them have a similarity rate more
than 50%. It indicates that the complex or implied relations can also be extracted by the
OpenIE system. In contrast, only 2 of the 13 triples are marked as "entity not found by
the NER tool" in the manual annotation results (see purple color), and both of them own
a low similarity rate, less than 50%, which indicates that a relation triple was difficult to
be identified when the biomedical entities in its subject or object could not be recognized.
And according to the evaluation based on mention recognition rate, the recall can be im-
proved obviously when the mention recognition rates of manual annotation results can
be approved to 50%. Thus, the big quantity difference is greatly effected by the failure of
recognizing target biomedical entities, namely the poor performance of biomedical NERs.

On the other side, the Stanford OpenIE also performed not well in this pipeline. As
mentioned above, even the OpenIE system is able to extract complex or indirect rela-
tions, but actually just a few such relations can be extracted. From the list of relation
recognition rates for relation phrases arisen in manual annotation (Appendix A.3), only
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9 of 62 indirect relations (about 14.5%) obtain a Jaccard Coefficient larger than 50%,
while 36 of the 83 direct relations (about 43.4%) can get a Jaccard Coefficient larger
than 50%. That means it is difficult for the OpenIe to extract these indirect relations
correctly. There is an instance, we looked over one sentence in the test set, from which
two relation triples were annotated manually, but nothing was output by the automated
pipeline:

The biomedical entities occurring in this sentence were all successfully recognized,
"sulphostin", "dipeptidyl peptidase IV (DPP-IV)" and "amino(sulfoamino) phosphinyl".
In order to find why the automated pipeline outputted nothing, we used the original
Stanford OpenIE annotator to process this sentence and got the following results :

1Manual Annotation results in order: PMID Class1 Class2 Mention1 Mention2 Relation
2OpenIE system results in order: Confidence Subject Relation Object
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5.1 Test Set Results Analysis

From these we found that the Stanford OpenIE did not convert the subject to a target
entity and not identify the relationship between an entity with its apposition. In this
case, our automated pipeline would filter out all of these extracted relations, because
all the subjects did not contain a target biomedical entity. And finally, the pipeline
outputted nothing for this sentence.

Except for difficulties in complex syntax, there were also some problems caused by
instability of the OpenIE system. For example, from the following sentence:

we annotated a relation triple manually1:

As shown in the following2, there was a similar relation in the results, when we processed
the sentence with the Stanford OpenIE system independently.

But the automated pipeline of this experiment did not output any relation, where the
biomedical entities "miR-34a" and "acc" were both recognized by corresponding NERs.
So we tested the pipeline to see if it went wrong in the filtering step. However, when we
printed all extracted relations before filtering, we found that the results2 were different
from those of independent OpenIE system.
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5 Discussion and Conclusions

It was clear that all the above triples were filtered out by our automated pipeline, and
thus we got nothing for this sentence. But the disparity issue of performance results is
worth further pursuing.

Finally, the uncertainty of types or of the mention names due to lack of professional
knowledges was another not negligible issue, which made us to annotate inexact named
entities and unnecessary relations in manual annotation results.

5.1.2 Precision

The precision depended on the similarity rates of relation triples. The automated pipeline
reached a high precision of 76.93%, when similar relations even with small overlap
rate were regarded as the same. But there were still three relation triples that were
completely not identified in manual annotation. So we examined the three red-marked
triples in Table 4.7. Then we found that one was due to the omission of manual annota-
tion (7359570), one was caused by wrong recognition of NER (25888652), and another
was because of omission and poor performance of pipeline (9414579), as shown in the
following.

The selected sentence in 9414579:
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5.2 Problems in Experiment

From the above sentence, it was an omission that no relation was annotated manually.
As for the triple extracted by automated pipeline1:

its relation phrase is not precise. It would be better to extract1:

5.1.3 F-Measure

The low recall led to a low F-measure (F1) of the test set. As shown in Table 4.9, even
when the similarity rate for relation triples of manual annotation and pipeline results
is not considered, the F1 remained low, just 12.66%. Obviously, the similarity rate has
a great influence on the F-measure via impact on the precision. In addition, from the
Table 4.11 we can find the effects of entity recognition on the final F-measures. As a
conclusion, if the accuracy of entity recognition can be improved, the pipeline is able to
reach a much higher recall as well as F-measure.

From perspective of relation types, we found that the automated pipeline preformed
better on extracting relation between chemicals as well as between chemicals and
diseases than other relation types according to Table 4.10, which to some extent matched
the conclusion of general evaluation in Section 4.3.2 that the pipeline performed better
on relations related to chemicals and diseases.

5.2 Problems in Experiment

5.2.1 NER

As we mentioned in Section 4.1.2, there are some exceptions of tmChem and DNorm
due to unexpected vertical bars. We dealt with them by replacement or deletion, which
was under the assumption that these changes would not effect the relationships between

53



5 Discussion and Conclusions

target biomedical entities. But in fact, some changes where vertical bars were originally
used in biology or chemistry expressions might destroy the structural integrity of a target
biomedical entity. For example, when we replaced the vertical bar in "half-site |GCAA,
|GTCA,TGAT|GCAA,FOS|JUN", appearing in the abstract of 27951657, with a slash or
an en dash to connect several segments of DNA, the entity would be divided during
identifying biomedical entities by NERs. It can reduce the accuracy of biomedical entities
extraction, resulting in inexact subject mentions or object mentions in extracted relation
triples. Although in this experiment there are just few such cases in our experiment
dataset, but when scale up to a larger, real web-scale data set, this problem cannot be
neglected.

While discussing the test set results in Section 5.1, we found that the large gap in
quantity between manual annotation results and pipeline results was mainly on account
of poor performance of the BioNERs. By anaylsing the mentions in manual annotation
results that were not extracted by NERs, we found some possible reasons in detail. We
noticed that some unsuccessful recognition of protein/gene entities were caused by
greek letters like α, γ, ∆ that GNormPlus could not read correctly and gave rise to
messy code. For example, "∆Np63" was not recognized by GNormPlus. In addition,
some abbreviations were also not identified, such as "PC" which referred to prostatic
carcinoma (disease) or "125I-VIP" which referred to vasoactive intestinal peptide (Gene),
although we have complied the Ab3P abbreviation resolution tool in the NERs. So
some higher-performance NERs and improvements are in urgent need to make a better
relation extraction system.

5.2.2 Manual Annotation

The 500 sentences of test set were selected manually, thus even though we tried to
maintain objectivity, but more or less the selection was admittedly subjective. Hence an
alternative better way is to select sentences with random number by program.

Another problem is inaccurate extraction of entity mentions and over-specific relations.
In principle, when people construct the gold standard by manual annotation, there
should be more than one person to annotate the test set, and it would be much better
with experts in biomedicine domain. This will also contribute to reducing omissions.
Or it is also feasible to make use of the lexical constraint for description of the relation.
However, within the time limit and personnel constraints this experiment used the
manual annotation by only one person.
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5.3 Comparison with Other Relation Extractors

The research on the biomedical relation domain has made great progress, and plenty of
algorithms or complete systems have been pretended. But most of the systems or source
codes are not online available, while the accessible systems mostly focus on building a
network of the interactions or searching the associations for a specific biomedical named
entity from a document database (e.g. PubMed), such as the web server system iHOP1

for extraction a Protein-Protein Interactionss (PPIs) network of a given gene/protein and
the framework DTMiner2 to find all possible genes (disease) related to a given disease
(genes). Compared with our automated pipeline, such systems pay more attention to
further study of one or two specific entity in one domain. On the contrary, what is
important to this study is the content of a given text dataset. The results of our pipeline
are lists of all extracted relations without domain limitations, which offer more detailed
information of the given text data and can also generate an extended association network
at a domain level. The intentions are different.

Since we did not find available specific systems to run on our test set, so we compared
our automated pipeline with existing approaches from a theoretical point of view. No
matter the focus is on specific entities or on the information of text, extraction of relevant
relations plays a key role. We can compare our pipeline with these systems for this
process. The system BioPPISVMExtractor presented in [YLL10] obtained a much higher
recall of 71.83% in its evaluation. There are some reasons: (1) at first, this system took
pronoun resolution into account. Compared with that, our automated pipeline only
identified the biomedical entities in the maximally shortened sentence fragments seg-
mented by Stanford OpenIE, making it difficult to extract relations in a fragment where
a third person pronouns refers to a target entity. (2) unlike the Stanford OpenIE that
heavily relies on dependency parses, BioPPISVMExtractor regards all pairs of proteins
in a sentence as candidate relations and therefore can extract more interactions. On
the other hand, in comparison with our automated pipeline, many extraction systems
based on traditional IE methods do better in respect of identifying relations at document
level, because the OpenIE system in our pipeline processes the text sentence by sentence
without consideration of associations between sentences. For example, the CIDExtractor
system described in [LYL+16] trains a document-level classifier for relations spanning
multiple sentences, in addition to a sentence-level classifier to extract relations intra
sentences.

1http://www.ihop net.org/UniPub/iHOP/
2https://gdr-web.rwebox.com/public_ html/index.php
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In addition, Nguyen et al.[NMTT13] proposed a specific OpenIE system which was
designed for biomedical texts and aimed at relations of any type. Its principle is similar
with our pipeline, first processing input sentences to get a set of candidate relations and
then extract effective relations by detecting relevant named entities. But in terms of
identifying candidate relations, unlike the Stanford OpenIE system that depends heavily
on dependency parsers and then is assisted by a small number atomic patterns, this
specific OpenIE system payed more attention to Predicate-Argument Structures (PAS)
patterns after firstly applying an HPSG based syntactic parser to input sentences. They
constructed PAS patterns by consulting biomedical relations in GENIA corpus, hence
these patterns can be more appropriate to the biomedical literature than the general
atomic patterns used in our Stanford OpenIE.

5.4 Conclusion and Future Work

In this study, we combined three biomedical NERs and the Stanford OpenIE system to
construct an automated pipeline, which aimed at extracting relations between biomed-
ical entities of three target classes, namely chemical, disease and protein/gene. The
experiment results proved that this automated pipeline was able to identify all the 6
potential relation types, so this pipeline had no limitation of relation type. It performed
better on identifying relations related to chemicals and diseases than on identifying
relations related to proteins/genes. From the output of this pipeline, people can easily
recognize the subject, object and relation phrases, as well as the types of subject and
object, i.e. the relation type. In the manual evaluation, this automated pipeline could
reach a performance of F-measure 12.66% with a high precision of 76.92%, yet the
recall was extremely low.

In terms of existing relation extractors, there have been some specific systems for
extraction of gene/protein-gene/protein, gene/protein-disease, and chemical-disease
relations, yet no system for disease-disease, chemical-chemical and still few for chemical-
gene/protein. But as recognition of chemical-protein entity relations becomes the newest
task of BioCreative3, more state-of-the-art chemical-protein relation extractors will spring
up. We also found one OpenIE system specifically for relation extraction from biomedical
literature. Through comparison with these existing systems from theoretical perspective,
we found that our automated pipeline had different objective and applications, the
comparison for relation extraction process also provided ideas about how to improve

3ChemProt - http://www.biocreative.org/tasks/biocreative-vi/track-5/
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the automated pipeline.

From a practical point of view, the distributions of the automated pipeline results could
indicate the research emphasis on biomedical area in a relative period. In this study we
used the literature data from the set of 2017 baseline, thus the distribution showed that
the relationships between proteins/genes were not the focus of biomedical studies lately,
because the amount of G-G relations occurred in recent biomedical literatures was far
less than the other five kinds relations.

It can be concluded from this experiment that the OpenIE paradigm can be applied
to identification of relations between biomedical entities, with the help of NER. But
if we want to make it more efficient and accurate, still lot of work needs to be done.
At first, this automated pipeline was heavily dependent on the selected NERs and the
OpenIE system. Therefore, new tools with higher-performance or improvements of
the available tools are in urgent need, for example, more importance needs to be
attached on the OpenIE system to solve the disparity issue of results obtained in different
environments, and improve it to extract relations at document level. Secondly, the
coherence between different NERs as well as the OpenIE system should be improved in
order to make the pipeline more efficient. In this experiment, we processed files with
three NERs separately and then put all processed files into next step. So there was plenty
of man-made work, and the pipeline had to handle with various versions of one file,
it was a bit time-consuming. It would be better if we could integrate different NERs
and OpenIE system, as well as reduce the variations of one original file. At last, the
performance of the automated pipeline should be improved in terms of natural language
processing. Resolutions for vagaries of natural language could be taken into account
for relation identification, such as synonym, pronoun references, and disambiguation of
abbreviations, which could contribute greatly to returning more candidate relations and
improving the recall.
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Summary

This thesis presented an approach for automated extraction of relations between biomed-
ical entities, which was based on the novel paradigm Open Information Extraction. The
basic idea is to combine several biomedical NERs with an existing OpenIE system, for
which the Stanford OpenIE was applied in this study, and to construct a sentence filter
as well as a relation filter to remove ineffective sentences and false positive relations
outputted by OpenIE. A list of all extracted relation triples annotated with entity types
was gained as the output of a given text file.

The experiment data were from MEDLINE database, and from the experiment dataset,
500 sentences were selected as the test set. The constructed pipeline was run on the
experiment dataset and then evaluated on the test set by comparing its results with the
manual annotation results. The results of the experiment show that this approach is
relation type-independent, since it is able to extract all potential relation types. The
evaluations indicate that it achieved a high precision, yet performed not well in terms of
recall.

The results and evaluations were discussed in detail, from which some reasons for
the low recall were found. Inaccurate recognition of biomedical entities as well as
the instability of Stanford OpenIE system performance accounted greatly for the poor
performance of the automated pipeline. Besides, some natural language processing
problems were not taken into account, such as resolutions for synonyms and pronouns.
Compared with other existing relation extractors, the OpenIE-based approach is still
lack of relation identification at document level, since Stanford OpenIE relies only
on dependency parse intra sentences. Therefore, further improvement of approaches
based on OpenIE paradigm can be achieved when these aforementioned issues can be
pursued.





A Appendix

A.1 Manual Annotation Results of Test Set

PMID CLASS 1 CLASS 2 MENTION 1 MENTION 2 RELATION
61596 Chemical Disease Antacids gastrointestinal drug absorption interfere with
64327 Gene Disease HAFPs (alpha-foeto-protein) tumour isolate from
65445 Gene Chemical Antibodies to purified 146S particles VP3 peptide antigen show an incomplete cross-section

against
65445 Chemical Chemical the cleavage peptides of VP3 VP3 peptide antigen show an incomplete cross-section

against
68537 Chemical Disease CA certain virus infection interrelate
72646 Chemical Disease penicillin foci SD block
75339 Disease Chemical myasthenia gravis anti-acetylcholine-receptor-antibody

synthesis
culture

76122 Chemical Disease cholesterol I.C.D. (ischaemic cerebrovascular dis-
ease)

’s mean value be lower than in patients
with

76122 Gene Chemical high-density-lipoprotein (H.D.L) cholesterol be carried by
76122 Chemical Gene cholesterol very-low-density-lipoprotein fraction ’s increased concentrations be found in
78439 Gene Chemical IgG fraction tryptophan inhibit the enzymatic activity of
82479 Chemical Chemical pyrazofurin 5-azacytidine ’s enhancement in antitumor activity of
82970 Chemical Chemical quinacrine, chromomycin A(3) actinomycin D, 7-aminoactinomycin D,

or methyl green
be employed together with

83481 FamilyName Disease N.G.F.(Nerve-growth factor) neurofibromatosis ’s change differ from change in
84320 Chemical Chemical epoxy section potassium permanganate and oxalic

acid
be pre-treated in application of histo-
chemical and histological stains with

84948 Gene Chemical A.H.H.(aryl hydro-carbon hydroxy-
lase)

benzanthracene induce by

84948 Gene Disease A.H.H.(aryl hydro-carbon hydroxy-
lase)

psoriatic lesions, psoriasis less induction in

86033 Chemical Disease Indomethacin hyporeninaemic hypoaldosteronism induce
86720 Chemical Chemical prostacyclin heparin combine with
88253 Chemical Disease perchloric acid ovarian carcinoma ’s antibodies showed cross-reacticity

with TA from
5972996 Chemical Chemical glucose 2-benzolsulfony lamino-5-methoxye

thoxy-pyrimidine sodium
’s distribution follow injection of

5976158 Chemical Chemical pimetine amphetamine be in comparison with
5976158 Chemical Chemical tybamate meprobamate be in comparison with
5978117 Disease Disease thrombocytopenia rubella occur with
5982340 Chemical Disease lincomycin hepatic insufficiency ’s metabolism be in patients with
5982340 Disease Chemical liver disease lincomycin effect on serum concentrations of
5984772 Chemical Disease penicillin syphilis be treatment of
5987545 Disease Disease heredo-dege nerations of the optic

nerve
systemic neurologic diseases have association with

5990922 Chemical Chemical 17-beta-hydroxyestra-p-quinol-(10-
beta)

3-amino-delta-1,3,4,5,(10)-estratrienol-
(17-beta)

transform into

5993214 Disease Disease lung tuberculoma tuberculosis as case for
5996671 Gene Gene prothrombin antithrombin oppose function
7353337 Chemical Chemical digitoxin cholestyramine ’s eb enhance clearance by
7354119 Disease Disease tumor basophilic adenomas reveal
7354765 Chemical Chemical cimetidine serum parathyroid hormone reduce
7357772 Disease Gene malignancy hemoglobin ’s patient have lower level of
7360385 Disease Chemical pseudo-hyperaldosteronism 9-alpha-fluoro-prednisolone acetate cause by
7361570 Chemical Disease BAL-sulph oliguric protect against
7365315 Chemical Chemical propranolol diuretic ’s therapy be not different in PACs from

therapy of
7373600 Disease Disease fetal anemia fetal asphyxia be from
9391689 FamilyName Disease Tumor necrosis factor (TNF) inflammation be dominant mediator of
9391689 FamilyName Disease Tumor necrosis factor(TNF) joint destruction in rheumatoid arthritis be dominant mediator of
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9393188 Chemical Chemical 99mTc-sestamibi 123I-99mTc-sestamibi be not superior in SPECT than
9394845 Gene Disease PCNA PC (prostatic carcinoma) expression in
9394845 Gene Disease nm23 PC (prostatic carcinoma) immunoreactivity in
9397143 Disease Disease Littoral cell angioma vascular tumor be
9397143 Disease Disease vascular tumor solid tumor mimick
9397951 Chemical Gene calcitriol 125I-VIP not affect binding of
9397951 Chemical Gene calcitriol guanosine 5’-O-(3-

thiotriphosphate)(GTPgammaS)-
stimulated (100 microM) adenylyl
cyclase

attenuate activity of

9399609 Chemical Disease methotrexate acute lymphoblastic leukemia on blasts of
9406006 Chemical Disease interferon alpha-2A (IFN alpha-2A) Peyronie plaques apply in treatment of
9406403 Gene Chemical pcpA PCP be essential for degradation of
9406403 Gene Chemical pcpA 2,6-DiCH encodes a protein involved in hydrolytic

dehalogenation of
9406809 Gene Gene tumor necrosis factor-alpha and

interleukin-1-alpha
intercellular adhesion molecule-1 and E-
selectin

result in weaker induction of

9408159 Disease Chemical Palmarplantar erythrodysaesthesia
syndrome

5-fluorouracil due to therapy of

9411331 Disease Disease toxic epidermal necrolysis dermatological disease be
9414177 Gene Disease C/EBPbeta-LIP breast cancer overexpression in
9415210 Gene Chemical catalase sodium azide be inhibited by
9418942 Chemical Chemical glucocorticosteroid TMA suppress the early and late responses of
9418942 Chemical Chemical AH (antihistamine) TMA suppress only early responses of
12992304 Disease Chemical tuberculosis isonicotinic acid hydrazide ’s chemotherapy with
12992304 Disease Chemical tuberculosis isopropyl ’s chemotherapy with derivative of
15650626 Disease Gene tumor CK20 ’s disseminated cells be examined by RT-

PCR of
15650752 Gene Gene Notch1 HES-1 ’s cleavage correlate with the loss of ex-

pression of
15653346 Chemical Gene sulphostin dipeptidyl peptidase IV (DPP-IV) inhibitor of
15653346 Chemical Chemical sulphostin amino(sulfoamino) phosphinyl group include
15654724 Chemical Chemical sodium borate SDS and hydroxypropyl-beta-

cyclodextrin(HP-beta-CD)
have components of

15654805 FamilyName Disease AST allergic rhinitis ’s elevation be discovered after allergen
injection immunotherapy(SIT) for

15657603 Disease Disease TNF-receptor associated periodic syn-
drome (TRAPS)

periodic fever syndrome be the most frequent autosomal

15657603 Disease Gene TRAPS TNFRSF1A due to mutations in exons of
15661221 Gene Disease IGF-2 epithelial ovarian cancers ’s expression be measured in
15670787 Chemical Gene Cd apoptosis signal regulating kinase 1 ’s treatment cause overexpression of

dominant negative constructs of
15670787 Chemical Gene Cd MAPK kinase 4 ’s treatment cause overexpression of

dominant negative constructs of
15670787 Chemical FamilyName Cd c-Jun N-terminal kinase (JNK) use a specific inhibitor of
15670787 Chemical FamilyName Cd c-Jun ’s treatment cause overexpression of

dominant negative constructs of
15670787 FamilyName Chemical JNK SP600125 have specific inhibitor
15672540 Disease Disease Hyperprolinemia type II autosomal recessive disorder be
15672540 Disease Gene HPII delta1-pyrroline-5-carboxylic aciddehy-

drogenase
cause by the severe deficiency of

15672540 Disease Chemical HPII proline lead to tissue accumulation of
15681342 Gene Chemical BZR1 BR (Brassinosteroid) bind directly to the promoters of biosyn-

thetic genes of
18900654 Disease Chemical advanced carcinoma of the breast estrogenic hormone improve oral administration of
18902560 Disease Disease gross hypertrophy of the pregnant

uterine cervix
cancer simulate

18903550 Disease Chemical cancer of the prostate gland natural estrogen show abnormal metabolism of therapeu-
tic doses of

18919650 Disease Disease radiculitis coronary occlusion simulate
18919650 Disease Disease radiculitis coronary occlusion have a common syndrome
18921185 Chemical Disease penicillin plus caronamide bacterial endocarditis in treatment of
18922787 Gene Gene VILIP1 P2X2 interact with
24236981 Chemical Gene alkaloid anticholinesterase as a scource of potential inhibitors of
24236981 Chemical Disease alkaloid Alzheimer’s disease for the treatment of
24238045 Gene Disease miR-34a and miR-483-5p ACC be on greater levels in patients with
24239628 Chemical Disease moderately low levels of vitamin A HIV infection, M.tuber-culosis infection be beneficial in highly prevalence of
24242939 Chemical Disease rifapentine tubercular infection be contained for rapid treatment of
24248034 Disease Gene intracranial hemorrhage PCC ’s patients receive
24249512 Chemical Chemical leucine synthesis from pyruvate leucine synthesis from exogenous valine be compensated by
24251150 Disease Disease primary hypothyroidism hypertrichosis,bilateral cystic ovaries,

pituitary adenoma
with a combination of several atypical
features in the form of

24255002 Chemical Chemical rengyolone melanin biosynthesis show a inhibition zone of



PMID CLASS 1 CLASS 2 MENTION 1 MENTION 2 RELATION

24257718 Chemical Chemical chlorogenic acid polyphenol be
24257718 Chemical Disease chlorogenic acid hepatic steatosis,insulin resistance prevent
24262815 Chemical Disease alcohl Tourette syndrome,Tourette syn-

drome/chronic tic disorder
be associated with

24263455 Chemical Gene selenium glutathione peroxidase ’s deprivation result in virtual disappear-
ance of activity of

24263455 Gene Chemical glutathione peroxidase hydrogen peroxide ’s activity be assayed with
25865452 Gene Disease HBIG (hepatitis B immune globulin) HBV ’s early withdrawal prevent recurrence

of
25867330 Chemical FamilyName ketamine NMDAR (N-methyl-D-aspartate recep-

tor)
be antagonist of

25867330 Chemical FamilyName naloxone mu-opioid receptor be antagonist of
25867330 Chemical Gene remifentanil GluN1 effect on mRNA levels of
25867330 Chemical Gene remifentanil phosphorylated GluN2 effect on the amount of
25869773 Disease Chemical ischemic stroke clopidogrel ’s patients at increase risk of poor out-

comes on treatment of
25870324 Chemical Gene Typbar-TCV anti-Vi IgG attain higher GMTs of
25874057 Disease Disease mixed movement disorder creatine deficiency syndrome reveal an atypical form of
25874599 Gene Gene HO-1 FtH ’s deficiency be associated with in-

creased expression of
25874599 Gene Disease HO-1 fibrosis following unilateral ureteral ob-

struction
’s deficiency be associated with in-
creased

25879867 Disease Chemical Vaccinia MVA receive one dose of
25880566 Chemical Chemical Cu [1,2,4]triazolo [4,3-a]pyridine catalyse direct C-H (hetero)arylation of
25880566 Chemical Chemical [1,2,4]triazolo [4,3-a]pyridine 3-aryl-[1,2,4] triazolo[4,3-a] pyridines ’s (hetero)arylation be accomplished to

stream-line the synthesis of
25884172 Chemical Disease praziguantel schistosomiasis be drug to
25885677 Disease Disease corticosteroids LRTI (lower respiratory tract infection) cost-effectiveness for
27654113 Chemical Chemical carbon nanoparticles graphene nanosheets be uniformly anchored on both sides of
27654113 Chemical Chemical anchored carbon nanoparticles graphene enlage the interlayer spacing of
27657831 Gene Disease delta-ALA-D mild and severe preeclampsia ’s activity be evaluated in the blood of

pregnant women with
27658669 Disease Disease traumatic event BPD associate with a higher clinical severity

of
27659127 Gene Disease FGF23 bacterial infections an important role in recruitment behav-

ior with consequences on host defense
against

27660312 Chemical Disease vitamin D fetal distress and birth asphyxia ’s level be low in mother delivered by
emergency caesarean section due to

27664492 Gene Disease low TSH (thyroid stimulating hor-
mone)

thyroid dysfunction be related to BMD in elderly women
without overt

27669056 Chemical Gene CCZ01055 Y2R and Y4R exhibite low binding affinity to
27669056 Chemical Gene CCZ01056 Y1R demonstrating selecticity to
27673599 Gene Chemical farnesylation abscisic acid (ABA) regulate drought tolerance mediated by
27684463 Gene Disease miR-21 breast cancer ’s expression level predict poor progno-

sis in patients with
27685423 Disease Disease viral or opportunistic infections T cell deficiency be a manifestation of
27933891 Disease Gene IBD TNF-alpha, interferon-gamma ’s oral treatment suppress
27933891 Disease Disease IBD colonic inflammatory lesions ’s oral treatment decrease
27936076 Gene Gene FGF-2 PlGF result in increase in secretion of
27936453 Gene Disease Interleukin-6 depression may present variations linked to a pre-

disposition to
27936453 Chemical Disease salivary cortisol, arachidonic

acid/eicosapentaenoicacid ratio
depression may present variations linked to a pre-

disposition to
27936453 Gene Disease INF-alpha depression induce
27937735 Chemical Chemical 7-cyano-7-deazaguanine 7-deazapurine be shared precursor in pathway leading

to the insetion of derivatives of
27939924 Gene Chemical MsPLIN2 (perilipins) TG (triglycerides) be characterized by a high rate of hy-

drolysis and lipid mobilization of
27940220 Chemical Gene Cys205 (cysteine) DeltaNp63 be critical for the processing and nuclear

distribution of
27941278 Chemical Disease melphalan-prednisolo-nebortezomib

(MPB)
multiple myeloma (MM) therapy for

27946477 Chemical Disease preoperative anastrozole breast cancer be an effective presurgical treatment for
postmenopausal women with

27948962 Gene Disease BCRP SCLC ’s expression be predictive of both re-
sponse and PFS in patients with

27953185 Chemical Disease Imatinib advanced disease or metastatic relapse be received starting from the date of di-
agnosis of

27953185 Chemical Disease Imatinib intolerance or progressive disease be given until development
27954468 Chemical Disease addition of Calcitriol to Docetaxel neutropenia and diarrhea show an acceptable safety profile as

compared to alone with less incidence
of



PMID CLASS 1 CLASS 2 MENTION 1 MENTION 2 RELATION

27956804 Gene Gene MYC pT1 ’s expression be higher in ESCCs with
27956804 Gene Disease MYC lymph node metastasis ’s expression be higher in those with no
27957786 Disease Disease BA (biliary atresia) advanced liver disease ’s intention-to-treat survival be ex-

plained by

■ partially matching results of NER tools

■ completely not matching results of NER tools

■ indirect relations that conversions of subject as well as of object are needed, to
make the target entities as subject as well as object

Highlight text: overlap with results of NER tools

A.2 Jaccard Coefficients of Subjects and Objects

PMID CLASS 1 MENTION 1 Jaccard Coefficient
65445 Chemical the cleavage peptides of VP3 33.3%
68537 Chemical CA 16.7%
72646 Chemical penicillin foci 50%
84320 Chemical epoxy section 50%
7360385 Disease pseudo-hyperaldosteronism 50%
7373600 Disease fetal anemia 50%
9406809 Gene tumor necrosis factor-alpha and interleukin-1-alpha 80%
15657603 Disease TNF-receptor associated periodic syndrome (TRAPS) 20%
18902560 Disease gross hypertrophy of the pregnant uterine cervix 77.8%
18903550 Disease cancer of the prostate gland 20%
18921185 Chemical penicillin plus caronamide 66.7%
18922787 Gene VILIP1 50%
24238045 Gene miR-34a and miR-483-5p 33.3%
24239628 Chemical moderately low levels of vitamin A 33.3%
24249512 Chemical leucine synthesis from pyruvate 50%
25874057 Disease mixed movement disorder 66.7%
27654113 Chemical carbon nanoparticles 50%
27657831 Gene delta-ALA-D 66.7%
27685423 Disease viral or opportunistic infections 50%
27936453 Chemical salivary cortisol, arachidonic acid/eicosapentaenoicacid ratio 66.7%
27936453 Gene INF-alpha 50%
27946477 Chemical preoperative anastrozole 50%
27954468 Chemical addition of Calcitriol to Docetaxel 40%

Jaccard Coefficients of Subjects in class "Partially Match"



PMID CLASS 1 MENTION 1 Jaccard Coefficient
68537 Disease certain virus infection 50%
75339 Chemical anti-acetylcholine-receptor-antibody synthesis 20%
84320 Chemical potassium permanganate and oxalic acid 80%
5987545 Disease systemic neurologic diseases 66.7%
9391689 Disease joint destruction in rheumatoid arthritis 40%
9393188 Chemical 123I-99mTc-sestamibi 50%
9397951 Chemical 125I-VIP 50%
9397951 Gene guanosine 5’-O-(3-thiotriphosphate) (GTPgammaS)-stimulated (100 microM) adenylyl

cyclase
20%

9406809 Gene intercellular adhesion molecule-1 and E-selectin 80%
15653346 Chemical amino(sulfoamino) phosphinyl group 75%
15654724 Chemical SDS and hydroxypropyl-beta-cyclodextrin(HP-beta-CD) 75%
15670787 FamilyName c-Jun N-terminal kinase (JNK) 33.3%
18902560 Disease cancer 11.1%
18903550 Chemical natural estrogen 50%
24249512 Chemical leucine synthesis from exogenous valine 40%
25867330 Gene phosphorylated GluN2 50%
25874599 Disease fibrosis following unilateral ureteral obstruction 20%
27654113 Chemical graphene nanosheets 50%
27660312 Disease fetal distress and birth asphyxia 40%
27941278 Disease multiple myeloma (MM) 66.7%

Jaccard Coefficients of Objects in class "Partially Match"

A.3 Jaccard Coefficients of Relation Phrases

PMID Relation Jaccard PMID Relation Jaccard

61596 interfere with 100% 15670787 ’s treatment cause overexpression of
dominant negative constructs of

22.2%

64327 isolate from 100% 15670787 have specific inhibitor 33.3%
65445 show an incomplete cross-section

against
16.7% 15672540 be 100%

65445 show an incomplete cross-section
against

16.7% 15672540 cause by the severe deficiency of 33.3%

68537 interrelate 0% 15672540 lead to tissue accumulation of 40%
72646 block 100% 15681342 bind directly to the promoters of biosyn-

thetic genes of
22.2%

75339 culture 50% 18900654 improve oral administration of 50%
76122 ’s mean value be lower than in patients

with
33.3% 18902560 simulate 100%

76122 be carried by 66.7% 18903550 show abnormal metabolism of therapeu-
tic doses of

28.6%

76122 ’s increased concentrations be found in 50% 18919650 simulate 100%
78439 inhibit the enzymatic activity of 20% 18919650 have a common syndrome 25%
82479 ’s enhancement in antitumor activity of 33.3% 18921185 in treatment of 66.7%
82970 be employed together with 50% 18922787 interact with 100%
83481 ’s change differ from change in 33.3% 24236981 as a scource of potential inhibitors of 28.6%
84320 be pre-treated in application of histo-

chemical and histological stains with
20% 24236981 for the treatment of 40%

84948 induce by 100% 24238045 be on greater levels in patients with 28.6%
84948 less induction in 25% 24239628 be beneficial in highly prevalence of 50%
86033 induce 100% 24242939 be contained for rapid treatment of 33.3%
86720 combine with 100% 24248034 ’s patients receive 33.3%
88253 ’s antibodies showed cross-reacticity

with TA from
12.5% 24249512 be compensated by 66.7%

5972996 ’s distribution follow injection of 40% 24251150 with a combination of several atypical
features in the form of

18.18%

5976158 be in comparison with 50% 24255002 show a inhibition zone of 40%
5976158 be in comparison with 50% 24257718 be 100%
5978117 occur with 100% 24257718 prevent 100%
5982340 ’s metabolism be in patients with 50% 24262815 be associated with 100%
5982340 effect on serum concentrations of 40% 24263455 ’s deprivation result in virtual disappear-

ance of activity of
25%

5984772 be treatment of 100% 24263455 ’s activity be assayed with 33.3%
5987545 have association with 66.7% 25865452 ’s early withdrawal prevent recurrence

of
16.7%



PMID Relation Jaccard PMID Relation Jaccard

5990922 transform into 66.7% 25867330 be antagonist of 66.7%
5993214 as case for 25% 25867330 be antagonist of 66.7%
5996671 oppose function 33.3% 25867330 effect on mRNA levels of 40%
7353337 ’s eb enhance clearance by 33.3% 25867330 effect on the amount of 40%
7354119 reveal 100% 25869773 ’s patients at increase risk of poor out-

comes on treatment of
20%

7354765 reduce 100% 25870324 attain higher GMTs of 50%
7357772 ’s patient have lower level of 33.3% 25874057 reveal an atypical form of 20%
7360385 cause by 100% 25874599 ’s deficiency be associated with in-

creased expression of
37.5%

7361570 protect against 100% 25874599 ’s deficiency be associated with in-
creased

50%

7365315 ’s therapy be not different in PACs from
therapy of

20% 25879867 receive one dose of 25%

7373600 be from 50% 25880566 catalyse direct C-H (hetero)arylation of 20%
9391689 be dominant mediator of 75% 25880566 ’s (hetero)arylation be accomplished to

stream-line the synthesis of
22.2%

9391689 be dominant mediator of 75% 25884172 be drug to 50%
9393188 be not superior in SPECT than 50% 25885677 cost-effectiveness for 50%
9394845 expression in 100% 27654113 be uniformly anchored on both sides of 57.1%
9394845 immunoreactivity in 25% 27654113 enlage the interlayer spacing of 16.7%
9397143 be 100% 27657831 ’s activity be evaluated in the blood of

pregnant women with
27.3%

9397143 mimick 0% 27658669 associate with a higher clinical severity
of

28.6%

9397951 not affect binding of 20% 27659127 an important role in recruitment behav-
ior with consequences on host defense
against

16.7%

9397951 attenuate activity of 66.7% 27660312 ’s level be low in mother delivered by
emergency caesarean section due to

23.1%

9399609 on blasts of 66.7% 27664492 be related to BMD in elderly women
without overt

33.3%

9406006 apply in treatment of 50% 27669056 exhibite low binding affinity to 33.3%
9406403 be essential for degradation of 60% 27669056 demonstrating selecticity to 33.3%
9406403 encodes a protein involved in hydrolytic

dehalogenation of
25% 27673599 regulate drought tolerance mediated by 40%

9406809 result in weaker induction of 40% 27684463 ’s expression level predict poor progno-
sis in patients with

33.3%

9408159 due to therapy of 40% 27685423 be a manifestation of 75%
9411331 be 100% 27933891 ’s oral treatment suppress 25%
9414177 overexpression in 100% 27933891 ’s oral treatment decrease 25%
9415210 be inhibited by 100% 27936076 result in increase in secretion of 33.3%
9418942 suppress the early and late responses of 28.6% 27936453 may present variations linked to a pre-

disposition to
28.6%

9418942 suppress only early responses of 40% 27936453 may present variations linked to a pre-
disposition to

28.6%

12992304 ’s chemotherapy with 66.7% 27936453 induce 100%
12992304 ’s chemotherapy with derivative of 40% 27937735 be shared precursor in pathway leading

to the insetion of derivatives of
27.3%

15650626 ’s disseminated cells be examined by RT-
PCR of

22.2% 27939924 be characterized by a high rate of hy-
drolysis and lipid mobilization of

27.3%

15650752 ’s cleavage correlate with the loss of ex-
pression of

25% 27940220 be critical for the processing and nuclear
distribution of

33.3%

15653346 inhibitor of 100% 27941278 therapy for 100%
15653346 include 100% 27946477 be an effective presurgical treatment for

postmenopausal women with
33.3%

15654724 have components of 66.7% 27948962 ’s expression be predictive of both re-
sponse and PFS in patients with

25%

15654805 ’s elevation be discovered after allergen
injection immunotherapy(SIT) for

33.3% 27953185 be received starting from the date of di-
agnosis of

27.3%

15657603 be the most frequent autosomal 28.6% 27953185 be given until development 50%
15657603 due to mutations in exons of 33.3% 27954468 show an acceptable safety profile as

compared to alone with less incidence
of

15.4%

15661221 ’s expression be measured in 60% 27956804 ’s expression be higher in ESCCs with 42.9%
15670787 ’s treatment cause overexpression of

dominant negative constructs of
22.2% 27956804 ’s expression be higher in those with no 37.5%

15670787 ’s treatment cause overexpression of
dominant negative constructs of

22.2% 27957786 ’s intention-to-treat survival be ex-
plained by

16.7%

15670787 use a specific inhibitor of 40%
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