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ABSTRACT

A SEMANTIC SENTENCE SIMILARITY ESTIMATION
APPROACH FOR THE BIOMEDICAL DOMAIN

During the last decades, the use of semantic text similarity has been adopted as a
major component in many Natural Language Processing tasks, including text retrieval,
summarization, and document categorization. Integration of semantic information acts
as a powerful tool for a better understanding and structuring of text. Among the many
domains that benefit from text mining studies, biomedical literature is one of the most
challenging areas because of its domain-specific language. As an inevitable result of
the complex nature of the biomedical literature, domain-specific adaptations are cru-
cial requirements. There are several semantic text similarity approaches that have
been applied on the word-level. However, and to the best of our knowledge, there has
not been any research on sentence-level semantic similarity in the biomedical domain.
Furthermore, our experimental results revealed that domain-independent state-of-the-
art approaches in sentence-level semantic similarity do not effectively cover biomedical
knowledge and produce poor results. In this study, we propose several different ap-
proaches for domain-specific semantic sentence-level similarity computation, including
measures utilizing distributional vector representations of sentences, methods combin-
ing general and domain specific ontologies, as well as a supervised approach exploiting
high-level features. Our proposed methods are evaluated using a manually annotated
data set which consists of 100 sentence pairs from biomedical literature. The experi-
ments showed that the supervised semantic similarity computation approach obtained
the best performance and improved over the previous domain-independent systems up

to 42.6% in terms of the Pearson correlation metric.
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OZET

BIYOMEDIKAL ALANDA ANLAMSAL CUMLE
BENZERLIGI HESAPLAMA YONTEMI

Son yillarda, anlamsal benzerlik yontemlerinden, metin getirimi, otomatik 6zetle-
me, belge siniflandirma gibi dogal dil islemesi problemlerinin bir ¢ok alaninin 6énemli
bir parcasi olarak yararlanilmaktadir. Anlamsal bilginin katilmasi, metnin anlagilmasi
ve yapilandirilmas: i¢in gii¢lii bir aractir. Metin madenciliginden yararlanan ¢aligma
alanlar1 arasinda, biyomedikal literatiirii kendine 6zgii dilinden dolay1 en zorlu alanlar-
dan birisidir. Biyomedikal literatiiriin karmagik dogasinin sonucu olarak, alana 6zgii
uyarlamalara olan gereksinim kac¢inilmazdir. Biyomedikal alan kapsaminda, bu alana
Ozgl bir ¢ok kelimeler arasi anlamsal metin benzerligi yontemi bulunmaktadir. Ancak,
bilgimiz gergevesinde, literatiirde biyomedikal alana 0zgii gelistirilmis ciimleler arasi
anlamsal benzerlik hesaplama yontemi bulunmamaktadir. Bunun yani sira, yapmis
oldugumuz deneyler, alandan bagimsiz olarak gelistirilmis en son ¢aligmalarin bagarisiz
sonuclar trettigini gostermektedir. Caligmamizda, biyomedikal alana 6zgii ciimleler
arast anlamsal benzerlik Ol¢iimii i¢in dagilimsal climle vektorlerine dayanan bir yak-
lasim, genel ve alana 6zgii ontolojileri kullanan bir yontem ve iist diizey Oznitelikler
ile egitilmis giidiimlii makine 6grenmesi tabanl bir yaklagim 6nerilmektedir. Onerilen
yontemler biyomedikal alandan 100 tane ciimle ikilisinden olugan elle etiketlenmis veri
kiimesi tlizerinde degerlendirilmistir. Deney sonuglari, énermis oldugumuz giidiimlii
anlamsal benzerlik hesaplayici yontemimizin, alandan bagimsiz sistemlere kiyasla en
yiiksek bagariy1 elde ettigini ve Pearson Korelasyon metrigine gore %42.6 basgariy1 art-

tirdigini gostermektedir.
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1. INTRODUCTION

Semantic text similarity is a research problem which aims to calculate similarities
among texts based on the similarities of their meanings and semantic content, rather
than their shallow or syntactic representation. Metrics on semantic text similarity have
undertaken a crucial role in many Natural Language Processing (NLP) applications.

Three sample applications are described below.

e In recent years, community-based question and answer services on the Web where
people answer other peoples’ questions have become very popular. By using a
huge amount of these available data, a method for finding questions in the archive
that are semantically similar to a given question is proposed in [1]. In this study, a
semantic similarity approach helps finding high quality answers from the archive
as a reply to a user’s question. In other words, question answering is performed
with the help of a semantic similarity method.

e The task of machine translation evaluation is highly related to the sentence-
level semantic similarity problem. Many semantic sentence similarity approaches
have been proposed for machine translation evaluation. In [2]|, machine trans-
lation evaluation is directly performed by using a semantic sentence-level simi-
larity method. First, a similarity score between items such as words or n-grams
across two sentences is calculated. Then, maximum weight matching algorithm
is applied to match each item in one sentence with at most one item in another
sentence enabling the maximum overall similarity score. In addition to studies
that use semantic text similarity for machine translation evaluation, there are
studies that propose using well-known machine translation evaluation measures
for the calculation of semantic similarity among sentences |3].

e Sentence similarity computation is one of the key problems in multi-document
summarization, which aims to select the most informative sentences that reflect
the main characteristics of documents. Many approaches exploiting sentence-level
similarities to obtain the most informative sentences have been proposed. For

example, sentence level semantic similarities have been used to cluster sentences



for multi-document summarization in [4]. Then, the most informative sentences

in each group have been selected to form a summary [4].

These exemplary applications show that sentence similarity computation is an impor-
tant component in many NLP tasks. Consequently, it has attracted the attention of
researchers in the recent decades. Various measures on different text levels have been
studied so far. Thanks to the ontologies providing semantic relations between concepts,
a number of ontology based similarity measures have been developed. Besides these
metrics, approaches using large corpora to learn the semantic relations between text

fragments have also been proposed.

1.1. Motivations of the study

In the last decades, finding and reading relevant information in biomedical lit-
erature requires painstaking work due to the extremely rapid publication rate. Since
publications and clinical records are mostly written in text, NLP became crucial in
biomedical research to solve the information explosion problem, as it can efficiently
convert unstructured text into structured knowledge. This situation has led researchers
to a new area named Biomedical NLP (BioNLP) which aims to develop NLP methods
for various kinds of biomedical applications. Various research fields of NLP such as
text retrieval, automatic summarization, named entity recognition, question answering

have been studied specifically for the biomedical domain.

Similar to studies in NLP, BioNLP researches also require semantic similarity
measures as a core component of its many applications. As text processing studies
in biomedical literature require new approaches specifically developed for their do-
main, semantic text similarity measures to be used in BioNLP studies call for domain-
specific approaches, since domain-independent measures exploit domain-independent
ontologies or corpora which do not cover biomedical concepts, whereas biomedical con-

cepts comprise the most valuable part of sentences for semantic similarity estimation.



As an example, consider the following two sentences.

e S1: This form of necrosis, also termed necroptosis, requires the activity of receptor-
interacting protein kinase 1 and its related kinase 3 [5].
e S2: Moreover, other reports have also shown that necroptosis could be induced

via modulating RIP1 and RIP3 [6].

The example sentences S1 and S2 relate to the same topic and are quite similar to
each other. Protein kinase 1 in S1 is the same concept as RIP1 in S2, likewise ‘kinase
3" and RIP3 refer to the same biomedical term. Despite of being the most indicative
words for the semantic similarity score of the overall sentence, domain-independent
measures can neither recognize these concepts nor give high weight to them. Another

remarkable example is provided below.

e T1: miR-Vec constructs were described before, and Dndl open-reading frames
were cloned as described into a pCS2-based CMV expression vector to contain a
double carboxy-terminal HA tag [7].

e T2: The pMSCV-blast-miR plasmids, containing either hsa-miR-376al human
miRNA or control miRNA (hTR-human telomerase RNA), were constructed as

described previously [8].

From a biomedical perspective, sentences T1 and T2 are not equivalent and they relate
to different things. On the other hand, domain-independent measures find common
words such as ‘construct, describe, contain’ and find similar words such as ‘previously,
before’ in the two sentences. As a consequence, domain-independent measures find the
sentence pair semantically highly similar in spite of the fact that these words do not

determine the overall meaning in the sentence.

Since in the biomedical literature, sentences consist of both biomedical and do-
main independent words, it is clear that new approaches are required. There are some
researches on semantic word similarity adapted for biomedical domain. Nevertheless

and to the best of our knowledge, there has not been any study on semantic sentence



level similarity for the biomedical domain. As a result, the biggest motivation in this
study was to develop a semantic sentence similarity measure for the biomedical domain,
which may play in turn a critical role for various tasks of BioNLP. In particular, we
propose new approaches specifically adapted for the biomedical domain which can be
categorized into three areas: combined ontology based measures, distributional vector
models, and supervised systems. Moreover, since there is no a test collection for the
evaluation of semantic sentence similarity measures in the biomedical domain, in this
work, we crafted our own test data set as mentioned in Chapter 4 consisting of 100 sen-
tence pairs. We believe that algorithms can objectively be compared with each other
by measuring their performance on this data set. Furthermore, this test collection,
which we aim to share with other researchers, will promote and support research in

this area.

Besides the increasing researches in various fields of BioNLP, a number of chal-
lenge evaluations, which enable state-of-the-art studies to improve, have been orga-
nized. A recent study [9] reviews different challenges held from 2002 to 2014 on
(BioNLP) researches. Researchers expect to see even new challenges which address
different user needs in biomedical research. By this study, we believe that a new re-
search field is proposed and there is an open room for improvements that may be

provided by further studies in this area.

1.2. Contributions of the study

In this thesis, we

e investigate the usability of domain-independent state-of-the-art semantic similar-
ity systems for biomedical literature and show that they produce poor results.

e adapt domain-independent semantic similarity computation approaches to biomed-
ical domain as a first study.

e cvaluate distributional vector models, ontology-based approaches, and string sim-
ilarity measures for semantic similarity computation.

e demonstrate that hybrid approaches combining several measures outperform sin-



gle ones because of being able to utilize each measure and show that a supervised
machine learning based approach performed best among others.

e compare popular ontology-based measures which produce semantic similarity
scores between words for the sentence-level semantic similarity computation task.

e compare different regression learning models for the supervised system.

e cvaluate well-known string similarity measures which take into consideration lex-
ical rather than semantic similarity.

e provide a test collection consisting of 100 sentence pairs from biomedical litera-
ture. The test collection is constructed manually and annotated by 5 different
human experts. It is available for other researchers as the first data set prepared

for semantic sentence similarity studies in the biomedical domain.

1.3. Overview of the study

The rest of this study is organized as follows. In the next chapter, we review
the methods employed in our systems. In Chapter 3, a literature review on semantic
word and sentence similarity is provided. In Chapter 4, we present the characteristics
of the test collection crafted by us and the annotation guideline which were given to
the human experts. In Chapter 5, we present our approaches on semantic sentence
similarity, namely combined ontology-based semantic similarity and supervised system
exploiting high-level features. Moreover, we also briefly explain the methods that we
evaluate on our data set including string similarity metrics and distributional models.
In Chapter 6, we provide experimental results for each measure and discuss the research
findings. Finally, we conclude the study with a summary of findings and future research

pointers.



2. BACKGROUND

In this chapter, we will give some background information for the better un-
derstanding of our approaches introduced in Chapter 5. Firstly, we will present the
well-known string similarity measures. Then, we will describe the popular ontology-
based word-level similarity algorithms in Section 2.2. Third, we will introduce the key
aspects of WordNet and UMLS ontologies including the semantic relations encoded
between concepts and sources in Section 2.3. Finally, we will review the theory of
learning regression models, which are exploited for our supervised systems, in Section

2.4.

2.1. String Similarity Methods

String similarity metrics measure the similarity or distance between two text
strings for comparison or approximate string matching. Various string similarity mea-
sures based on characters or terms have been evaluated in this study and expressed in
Section 5.2. String similarity measures can be categorized into two approaches: term-
based and character-based. In this section, we will present different character-based

and term-based string similarity methods.
2.1.1. Term-based Similarity Measures

Cosine Similarity [10] is a measure of similarity that calculates the cosine of the angle

between two vectors in vector space (Equation 2.1).

similarity = cos = H YHH? || (2.1)

Jaccard Similarity [10] measures the similarity between two sets and is computed as the

number of common terms over the number of all unique terms in both sets (Equation



2.2).

similarity = JAC(A, B) = :j B g: (2.2)

Overlap Coefficient [11] is a similarity measure that differs from Jaccard Similarity
with being divided by the size of the smaller sized of the two sets (Equation 2.3).
|AN B

similarity = Overlap(A, B) = in(ALB]) (2.3)

Dice’s Coefficient [12] is computed as twice the number of shared terms divided by the
total number of terms in both sets (Equation 2.4).
2|AN B
similarity = Dice(A, B) = —— (2.4)
Al + [ B
Block Distance [13], also known as Manhattan Distance, computes the distance be-
tween two points by summing the differences of their corresponding components. The
Equation for block distance between a point a=(ay, as, ..., a,) and b=(by, by, ..., b,) in

n-dimensional space is:

BD(a,b) = Z la; — b;] (2.5)

2.1.2. Character-based Similarity Measures

QGram Distance [14] is typically used in approximate string matching by “sliding”
a window of length q over the characters of a string to create a number of ‘q’ length
grams for matching. A match is then rated as the number of g-gram matches within

the second string over possible g-grams.

Levenshtein Distance [15] is a simple edit distance which consists of the operations

for transforming one of the given strings to another, where an operation is defined as



an insertion, deletion, substitution, or copying of a character. The distance is defined

as the minimum number of required operations to change one string into another.

The Smith-Waterman algorithm [16] is used mostly in bioinformatics problems
since it performs local sequence alignment for detecting the similar regions between

two strings.

The Longest Common Subsequence (LCS) algorithm [17] finds the common sub-
sequence with the maximum possible length of two strings. The algorithm does not

require the characters in the common subsequence to be consecutive.

The Needleman-Wunch algorithm [18] is similar to Levenshtein distance but dif-
fers by adding additional gap cost for insertion and deletion operations. So, Levenshtein

distance can be seen as Needleman-Wunch if the cost of gap equals 1.

2.2. Ontology-based Word-level Measures

Ontology based similarity measures can be categorized into four categories namely
path-based, path&depth based, information content based, and definition based ap-
proaches. Both path and path&depth based approaches utilize the structure of the
taxonomy, whereas information content based approaches use extra information learned
from the corpus statistics. The following briefly describes the ontology-based similarity

metrics that are employed in our proposed method (Section 5.4).

2.2.1. Path-based Measures

The Path [19] algorithm measures the semantic similarity of two concepts by cal-
culating the shortest path between them in a taxonomy. The intuition behind the algo-
rithm is that the shorter the path between concepts in a hierarchy the more similar they

are.



amoxicillin ampicillin

cefixime

Figure 2.1. Hierarchical relationships among a small subset of proteins and antibiotics

‘ penicillin

Simpan(c1, ce) = (2 % depthpa,) — len(cy, c2) (2.6)

In the Equation 2.6, depth,,q, refers to the maximum depth of the taxonomy and the
len function computes the shortest path from concept ¢; to ¢o. The semantic distance

between the terms “protein" and “b-lactams" (Figure 2.1) is computed as:

Simpa (protein, b-lactams) = (2x5) —4 =6 (2.7)

The shortest path between ¢; and ¢y counts all nodes between them - including them-
selves. Since the maximum depth of the taxonomy is constant, this measure does
not take into consideration the specificity of concepts. According to the definition,

len(cy, c2) is equal to 4 and depth,,g, is 5.

Conceptual Distance (Cdist) [20] computes the number of edges between two con-
cepts in the UMLS ontology. This approach uses the definition of concept parent-child

relations for measuring similarity.
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2.2.2. Path&Depth based Measures

Path&Depth based measures differ from path-based approaches by using the path
along with depth knowledge which is also learned from the structure of the taxonomy.
Unlike the path-based measures, these measures account for specificity due to the depth
feature.

Leacock & Chodorow (LCH) [21] similarity measure is defined as:

len(cy, co)

2x D (2:8)

SimLCH(cl, 02) = — lOg
In Equation 2.8, D represents the maximum depth of the taxonomy, while len returns
the length of the shortest path between the two concepts. Depth of a concept is

calculated by counting the nodes from the root to the concept.

Wu and Palmer (WP) [22] similarity between concepts ¢; and ¢, is measured as
twice the depth of the lowest common subsumer (LCS) of the given concepts divided

by the sum of depth of ¢; and cs.

2 % depth(LCS(c1,co))
depth(cy) + depth(cs)

Simwp(c1,c2) = (2.9)

For understanding the idea behind the algorithms using the depth feature, the following

example which uses WP metric to illustrate the effect of depth is useful.

Simy p(cephem, ampicillin) = (2% 3) /(4 +5) = 0.66 (2.10)
Simyy p(antibiotic,enzyme) = (2% 1) /(2 + 3) = 0.40 (2.11)
Simpan (cephem, ampicillin) = 10 — 4 = 6 (2.12)
Simpan (antibiotic,enzyme) = 10 — 4 = 6 (2.13)



11

While the Path algorithm gives the same semantic similarity score for the two pairs
which have different specificity, WP estimates that cephem and ampicillin are more
similar than antibiotic and enzyme. The result of WP metric seems reasonable for this

example, since the path between deeper concepts causes less semantic distance.

2.2.3. Information Content based Measures

The depth feature gives an idea about the specificity of a concept. However, the
frequency of a concept in a thesaurus also determines the specificity of the concept.
With the motivation of this idea, information content is used for measuring the semantic
similarity between concepts. Information content (IC) of a concept c is defined as the

negative of the logarithm of the probability of encountering the concept in a corpus.

1C(c) = —log(p(c)) (2.14)

The probability of encountering concept c is given,

p(c) = freq(c)/N (2.15)

In Equation 2.15, N denotes the total number of words, while freq(c) is the number of

occurrences of concept ¢ in a taxonomy.

Resnik [23] similarity measure is determined as the information content of the

lowest common subsumer of concepts, ¢; and c,.

SimResnik(Cl,CQ) = IC(LCS(Cl,CQ)) (216)

Lin [24] similarity between concepts, ¢; and cg, is calculated as twice the infor-

mation content of the lowest common subsumer of the concepts over the sum of the
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information content of ¢; and cs.

2% IC(LCS(cq,c9))
I1C(c1) + IC(cp)

(2.17)

Simpin(c1,c) =

Jiang and Conrath (JCN) [25] measures the semantic similarity between concepts,
c1 and cg, using the Equation below which uses the information content of concepts

and their lowest common subsumer.

1
]C(Cl) + IO(CQ) — 2% IO(LCS(Cl, 02))

SimJCN(C1,02> == (218)

2.2.4. Definition based Measures

Definition based methods are mostly used for measuring the semantic relatedness
between two concepts rather than similarity. Since definition based measures utilize
the glossary of concepts, even if there is not an is-a relation between concepts, this

methods may find them highly related.

The Lesk [26] algorithm is proposed as a solution for word sense disambiguation.
According to the Lesk algorithm, semantic similarity of two concepts is measured with
the overlap between the corresponding dictionary definitions. Concepts from different
ontologies can be measured by the Lesk algorithm due to the fact that it is dependent

on the concept definition rather than taxonomy.

The Vector [27] algorithm creates a co-occurrence matrix for each word used in
the ontology glosses from a given corpus, and then represents each gloss/concept with

a vector that is the average of these co-occurrence vectors.
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2.3. WordNet and UMLS Ontologies

In the experiments referred in Section 5.4, WordNet and UMLS ontologies were
exploited to calculate the similarity scores between concepts. In this section, to be
able to understand the overall structure and types of relationships in the WordNet and
UMLS ontologies, we give some basic information about them in the following Sections

2.3.1 and 2.3.2.

2.3.1. WordNet

WordNet [28] is a large English lexical thesaurus that has been widely used in
measuring semantic similarity by using the measures mentioned in Section 2.2. Ac-
cording to the structure of WordNet, each word consists of a form ‘f” which is a string
and a sense ‘s’ represented by a set of synonyms that have that meaning. Words in
WordNet are categorized according to syntactic properties such as verb, noun, adjec-
tive, and adverb. Since the same words can be interpreted as different part-of-speech
(POS) tags according to the contexts they occur in, this syntactic categorization allows
to save same word with each possible POS tags separately in a taxonomy. Moreover,
words and word senses are connected to each other with various types of relationships.

The most used ones for measuring semantic similarity are listed below:

e Synonymy is a basic relation since set of synonyms are used to represent word
senses.

e Hyponymy and Hypernymy represents the relations between the word and it’s
super-name or sub-name.

e Antonymy relations show the connection between the name and it’s opposite-

name.

By using the rich vocabulary and encoded relations between words, all measures re-
ferred to n Section 2.2 are implemented for WordNet Ontology. There are various

software packages that implement these measures such as:
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o WS4J [29]
e WordNet:Similarity [30]
e JWNL [31]

2.3.2. Unified Medical Language System (UMLS)

THERS

SNOMED

CLINICAL KNC&E“TIFETI{JCGE BIOMEDICAL GENOME
REPOSITORIES E:\SES LITERATURE ANNCTATIONS

Figure 2.2. UMLS ONTOLOGY&RESOURCES

UMLS [32] is a comprehensive thesaurus consisting of more than 1.7 million
biomedical concepts. As shown in Figure 2.2, it comprises of the vocabulary sources
on specialized topics such as MeSH consisting of medical subject headings, OMIM
containing genetic knowledge bases or SnomedCT which consists of the concepts be-
longing to clinical repositories. Since UMLS consists of various terminology sources,
some concepts can overlap. In other words, the same concept can be belonging to dif-
ferent sources. To be able to use multiple sources as a single resource in Metathesaurus,

Concept Unique Identifiers (CUIs) are assigned to the concepts.

UMLS has three tools which are named as Metathesaurus, Semantic Network,

and Specialist Lexicon. These tools are explained below briefly.

Metathesaurus is a large biomedical thesaurus consisting of inter-related concepts

and the biggest component of UMLS. Metathesaurus is categorized by the concepts and
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their semantic types such as meaning. Synonymous terms for the same concept are
linked to each other and clustered together. Moreover, various types of relationships
between different concepts are defined in the thesaurus. Relationships between concepts
can be categorized into 3 types which are hierarchical such as ‘is-a’, associative as
‘caused by’, and statistical. These concepts come from one or more of the source
vocabularies such as OMIM, SnomedCT or MeSH. Therefore, if a concept does not

occur in a source vocabulary, it is also not defined in the Metathesaurus.

Semantic Network: Semantic relations and a set of broad categories encoded in
Metathesaurus are provided by the Semantic Network knowledge source of UMLS.
While information about a specific concept is provided in Metathesaurus, the Seman-
tic Network provides information about the basic semantic categories, which may be
assigned to these concepts, and the set of relationships that may hold between the

semantic types.

Specialist Lexicon has been developed with the intent of being used by NLP
systems. It provides an English lexicon containing many biomedical terms alongside
commonly used general words with the syntactic and morphological information for

each word.

Most of the measures referred in Section 2.2 are originally based on WordNet on-
tology. Since WordNet is a domain-independent resource, it does not cover most of the
biomedical terms. To make measures more effective in domain-specific tasks, they have
been applied to biomedical ontologies. There are various tools and software packages
available on the web. Some of the tools implement the measures using specific source
vocabularies such as GO or DO while some use all sources in UMLS ontology. Some
of the libraries and tools that implement semantic similarity measures in biomedical

ontologies are listed below.

e FastSemSim (Gene Ontology) [33]
e GoSim (Gene Ontology) [34]
e DoSim (Disease Ontology) [35]
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e UMLS:Similarity (UMLS) [36]

2.4. Learning Models

In this section, we present the learning models that we have used for our super-
vised learning system the details of which are presented in Section 5.5. As learning
models, Multi Layer Perceptron (MLP), Linear Regression (LR), Support Vector Ma-
chine (SVM) and Random Forest (RF) algorithms are used and the related background

information is given below.

2.4.1. Multi Layer Perceptron

Multi Layer Perceptron (MLP) [37] is a feed forward network model that com-
prises multiple layers of nodes. MLP has the ability to distinguish data that are not
linearly separable which makes them powerful. It consists of input and output layer
and desired number of hidden layers depending on the model. The layers are connected
to each other from input to output layer and all connections are weighted with a real

number. The nodes of the network are neurons with an activation function.

Figure 2.3 illustrates a MLP. The variables xy, x5 to x,, represent input neurons
that are no target of any connections. Y represents the output neuron of the network
that is no source of any connections. Arrows in the network represent the connections
between the layers and all of them are weighted. Small blue circles are neurons in the

network with an activation function.

In an intuitive way, MLP tries to find a function which can map input to output
data. This process is called training. To do so, it uses Backpropagation learning
technique with gradient descent or its variations [38]. Due to calculation of gradients,

activation functions of neurons should be differentiable and continuous.

The training phase consists of two passes namely, a forward and a backward

pass. In the forward pass, input is fed to the network and the output of the network is
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calculated within the current weights. Then the error which is the difference between
real and predicted output is calculated. In the backward pass, by backpropagation
of the error towards input layer, the gradient of the error with respect to the weights
are calculated. It gives us how much each weight effects the error. Then weights are
updated with gradient descent method and this two phases are done iteratively until

the error is small enough.

MLP performs very well in many natural language processing tasks and is thus

widely used.

x,—»o—"o ........... O
X \‘

L]

Figure 2.3. Multi Layer Perceptron

2.4.2. Random Forest

Random Forest [39] is a widely used learning method for classification and re-
gression tasks. It is based on the idea that the combination of learning models gives
better accuracy which is called ensemble learning methods. Random Forest uses many
different decision trees that are trained on random subset of the training data and does

classification and regression by combining the results of many decision trees.

Decision Trees are a powerful learning method that are widely used in many
natural language processing tasks but lack generalization ability. A decision tree tends
to overfit on the training data set. That is the reason why Random Forest comes into

play. Combination of many decision trees aims to reduce the variance [40].
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The algorithm of Random Forest is developed by Leo Breiman and Adele Cutler

[41] and can be listed as in the following.

Create random subsets of the training data.

For each subset of the training data, construct decision trees.

For test phase, test the data on the trained decision trees.

Combine the result (majority vote for classification, averaging for regression) of

decision trees to do inference.
2.4.3. Linear Regression

Linear regression is a very simple supervised learning algorithm which learns a
linear function that fits the data best [42|. It learns a hypothesis which is a linear

function that maps an input to the output that is Equationted as in the following for

one feature problems:

h.(x) = 20 + 212 (2.19)

In Equation 2.19, x is an input and 2, and z; are the parameters that we need
to learn. That’s why learning a hypothesis corresponds to learning the parameters zj

and z;. To do so, linear regression defines the cost function as in the following:

> (ke =y (2.20)

As seen in Equation 2.20, the cost function is defined as the squared differences

between the prediction of the hypothesis and the real output data. In an intuitive
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way, we learn the hypothesis which maps an input to the output which is as close as
possible to the real output value in the training data. Minimizing the cost function for
the parameters 2y and z; gives us the best hypothesis. To learn the parameters 2z, and

z; that minimize the cost function, gradient descent method [43] is used.

2.4.4. Support Vector Machine

Support Vector Machine (SVM) [44] is a non-probabilistic learning model that
is widely used in classification, regression, and clustering tasks. SVM constructs a
hyperplane which separates the different classes in the training data. But this would
not be sufficient for SVM since there are many or even sometimes infinite number
of hyperplanes that can separate the different classes perfectly. SVM chooses the
hyperplane which maximizes the margin and gives the smallest generalization error.
Margin is defined as the perpendicular distance from the hyperplane to the closest
training data points. To do so, SVM solves an optimization problem to find the best

hyperplane which is called as decision boundary.

SVM can work with linearly separable data. To cope with non-linear data, SVM
uses the kernel trick which transforms input data which are not linearly separable into
a higher dimensional feature space. After transforming the input data, SVM applies

linear separation there.

SVM can be used for regression tasks as well with slight modifications on the
SVM classifiers [45]. It makes it possible by applying an alternative loss function

which includes a distance measure.
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3. RELATED WORK

The studies on semantic textual similarity can be categorized into three levels:
word, sentence, and document. In this chapter, we will review the previous studies not
only on the sentence-level, but also on the word-level since we will exploit the word-
level similarities in our study. Previous studies on these areas are explained in detail
in Sections 3.1 and 3.2. Since there is no previous research on semantic sentence-level
similarity in the biomedical domain, we introduce sentence-level domain-independent

measures in Section 3.2.

3.1. Word-level Semantic Similarity

Word-level similarity has been studied most among these three different levels.
We can categorize the methods in this research area as corpus-based, ontology-based
and hybrid approaches [46]. Corpus based approaches determine the similarity among
words according to statistics learned from large corpora, while ontology-based ap-
proaches employ the information derived from semantic networks such as WordNet 28]
or UMLS [32]|. Unlike other methods, hybrid approaches exploit multiple similarity

measures such as combining corpus-based and knowledge-based measures.

Among ontology-based approaches, the most popular semantic similarity methods
are implemented and evaluated using WordNet. Wordnet is an English thesaurus that
contains links between semantically related concepts. These semantic relations among
concepts have a crucial importance since they can be utilized by many research areas
such as text retrieval [47]. As a core component of many NLP studies, semantic word

similarity using ontologies has attracted the researchers’ greatest attention.

In 1989, Rada et al. [19] recommended an approach that was based on the path
distance among concepts for semantic similarity on semantic networks. Due to some
deficiencies of the path measure such as ignoring the specificity of the concepts, new

approaches using the depth of the concepts in a graph were introduced [21,22|. Besides
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this idea, measures as Resnik, Lin, Jiang using the information content [23-25|, which
are based on the frequency of the concept and also give information about the specificity
of the concept, are considered to overcome the inefficiency of the previous similarity
measures. However, all measures presented have their own drawbacks. In order to
utilize the contributions of various measures, hybrid approaches and some adaptations

to previous measures are proposed.

In the study [48], a new model based on a combined approach is presented. Their
model considers both path length and IC value of concepts and the semantic similarity
is calculated by summing the weighted scores of each part in the similarity Equation.
Similarly, in another study [49], a similarity measure, which uses structural semantic in-
formation from WordNet and information content from a different source, is proposed.
They showed that the proposed measures combining information sources, which are
WordNet and Brown corpus, non-linearly outperformed the previous traditional mea-

sures.

As an adapted algorithm, an approach [50| that gives weights to the edges of
WordNet ontology is suggested. The nearer edges to the root, which are weighted less,

effect the overall similarity measure according to their Equation.

Besides the studies mentioned above on semantic similarity measures using on-
tology, detecting the relatedness of two concepts by using ontology is also considered
and studied so far [26,27,51|. Since relations which are considered for relatedness mea-
sure are not restricted with the is-a relations, relatedness is a more general concept
than similarity. In the studies [26,27|, dictionary definitions are used to determine the
similarity score. A review study on similarity measures in WordNet [52] discuss the

advantages and disadvantages of measures using WordNet.

Due to the need for detecting the functional similarity between concepts rather
than sequential similarity, semantic similarity measures for biomedical domain have
been studied. Since WordNet does not effectively cover biomedical concepts, researchers

needed to adapt the previous popular measures to biomedical ontologies such as GO
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[53]. In the study [54], originally WordNet-based measures were adapted to SnomedCT
which is the source vocabulary of UMLS. Path-based measures, IC based measures and
vector measure are implemented and evaluated on their crafted small test set. The test
set consists of 30 medical concept pairs and annotated by physicians and medical

experts.

Besides single ontology based approaches exploiting either WordNet or UMLS
ontology, calculation of the semantic similarity score across multiple ontologies has been
studied. In the study [55], as a domain-independent ontology WordNet is used, while
MeSH and SnomedCT are used as domain-specific biomedical ontologies. As a result of
the experiments, it is observed that integrating information across multiple ontologies

provided better coverage and outperformed the methods using a single ontology.

3.2. Sentence-level Semantic Similarity

Sentence-level methods can be categorized as:

(i) Those that consider word-level measures and calculate similarity between two
texts by aggregating the similarities of word-pairs in texts
(ii) Those that view and model sentences as whole and calculate the similarity be-

tween these models.

Most of the previous systems are based on the first approach where word-level similar-
ities are calculated, then some algorithms are applied to use these word-level scores to
obtain the sentence-level score. In [56], several corpus based methods such as Latent
Semantic Analysis (LSA) and knowledge based measures such as Resnik which are
based on word-level similarities have been compared. Since there is no available data
set to test the effectiveness of semantic text similarity metrics, the proposed measures
have been evaluated on a paraphrase data set. By using similarity metrics, automat-
ically identifying if two texts are paraphrases of each other is determined. The study
demonstrated that semantic short-text similarity methods outperform methods based

on simple lexical matching. Moreover, among semantic similarity metrics, the best
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performing system has been obtained by combining several similarity metrics into one.

In another approach [57], a method which takes into account the semantic in-
formation, which is learned from knowledge sources such as WordNet and corpus
statistics, and word-order information has been proposed. In this study, specifically
domain-independent sentence-level similarities have been studied rather than short
texts. Therefore, a small data set consisting of selected 30 sentence pairs was crafted
to be able to measure the success of the proposed systems. Path algorithm which
is proposed by Rada et al. [19] for the calculation of word-level similarities has been
modified by combining it with depth feature in this study. Information contents of
word pairs have been integrated to the Equation. Then, this calculated word-level
similarities have been used for constructing sentence vectors for sentence pairs. We
used a similar strategy for applying word-level similarities for sentence-level similarity.

So, the details of the algorithm can be found in Section 5.9.

The SemEval Semantic Textual Similarity (STS) have organized task series [58-
61] each year since 2012 for semantic textual similarity. A publicly available corpus
of more than 14,000 sentence pairs have been developed over the four years. These
sentence pairs have been labelled with a similarity score in a range [0-5] by human
annotators. By this time, a total of 290 runs attending this shared task have been
evaluated. Besides, many approaches, which have used the data set of SemEval or-
ganization and compared their systems with the best ranked runs in the task, have
been proposed. Due to this task series and provided data set, the semantic sentence-
level similarity problem, which has been studied less in comparison with word-level
similarity, has recently attracted researchers’ attention. Moreover, a huge amount of
annotated data set enabled the applications of supervised approaches for semantic
sentence-level similarity. Recent state-of-the-art methods on semantic sentence-level

similarity often involve supervised approaches.

The best performing system [62] in terms of normalized Pearson correlation in
SemEval 2012, have used support regression model with multiple features measur-

ing word-overlap similarity and syntax similarity. As word-overlap measures, n-gram
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overlap, WordNet-based word overlap, weighted word overlap weighted with the infor-
mation content of words, vector space sentence similarity based on LSA, and greedy
lemma alignment overlap have been used. Besides word-overlap similarities, syntactic
features have been used due to the fact that words having the same syntactic roles in
two sentences may contribute to the overall semantic similarity of the sentences. For
extracting syntax similarity, a part-of-speech tagger has been used. Although focus of
the study is word-overlap and syntactic features, some different features such as num-
ber overlap and named entity features have been added and the experiments showed
that these added features have also increased the overall performance of the proposed

system.

Among the submitted runs in SemEval 2013, the study [63| has obtained the best
performance. The proposed measure is based on the boosting LSA similarity using
WordNet according to predefined conditions. For aligning terms in two sentences,
first, a POS tagger has been applied to obtain tags and lemmatize the sentences.
The method using simple term alignment algorithm outperformed the support vector

regression model combining multiple features.

In SemEval 2014, the best ranked system DLSQCU [64] was based on a previous
study [65] proposing a monolingual word aligner. DLS@QCU has presented an approach
which uses the output of a word aligner for a sentence pair by taking the proportion of
their aligned words as semantic similarity score. The idea behind using a word aligner
is that semantic similarity is strongly related with the count of semantic components

meaningfully aligned in sentences.

In SemEval 2015, a modified approach of DLS@QCU, which was presented in Se-
mkEval 2014, ranked 1st again and it was implemented by the same research group. In
this study, a supervised system using the output of the word aligner and compositional
vector representation based on the Word2Vec [66] toolkit was presented. Combining the
previous method with sentence vector similarity measure increased the performances

of the previous study significantly.
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Recently, in another approach [67], a supervised learning model using rich feature
sets to predict the similarity between two sentences has been introduced. In this study,
several unsupervised measures including WordNet-based, corpus based (LSA), literal-
based (edit distance), Word2Vec based and monolingual alignment based have been
employed as features for the supervised system. Except literal based measures, each
feature individually has already led to a relatively good performance. However, a
support vector regression model exploiting all features have performed best among
others. The performance of the supervised system outperformed the winning system
in SemEval 2015 Task 2 by a small margin. The idea of the study based on using a
supervised approach with high-level features is similar to our approach, which will be

described in Section 5.5.

We compared our biomedical domain specific systems with the domain-independe-
nt state-of-the-art systems ADW [68] and SEMILAR [69], both of which have online
demos. In Chapter 6, the results of the ADW and SEMILAR tools are reported and
compared with our systems. The similarity scores for each pair in our data set of ADW

and SEMILAR tools have been obtained by using their online demos.

ADW [70] presented a unified semantic similarity approach performed on each
level of text. It represents any lexical item (word, sentence or document) as a dis-
tribution over a set of word senses. Since WordNet ontology provides a rich network
structure with different types of encoded relationships between concepts, it has been
utilized to produce a frequency distribution for a lexical item. The idea is, random
walks from multi-seeds produce a multinomial distribution over all the senses in Word-
Net. To construct each semantic signature, topic-sensitive PageRank |71] algorithm has
been applied. This representation is called as item’s semantic signature. To produce
sense-based semantic signatures of lexical items, alignment based sense disambiguation
algorithm is applied. This algorithm approaches the disambiguation task as an align-
ment problem. The semantic similarity calculation method in each level utilizes the
produced semantic signatures. Various similarity measures including cosine, weighted
overlap and jaccard have been used to compare semantic signatures. ADW has been

evaluated on the data set provided by SemEval 2012 and the results have demonstrated
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that it outperforms the top three ranking systems in SemEval 2012. Using a unified
representation of text has yielded a state-of-the-art performance on different-levels of

text including a sentence.

SEMantic simILARity software toolkit (SEMILAR) [72] is a toolkit that imple-
ments several semantic similarity measures based on WordNet and corpus statistics.
Similar to other approaches, the sentence-level measures available through an online
demo are based on mostly word-level similarities. SEMILAR offers different word-
level similarity measures (LSA, WordNet-Lin) and algorithms (Optimal Matching [73],
Greedy Pairing) to aggregate word-level similarities to compute sentence-level similar-
ity score (Table 3.1). The LSA models have been developed on the TASA [74] corpus.
As an ontology based word-level similarity measure, Lin algorithm is implemented
and evaluated with different aggregation algorithms including Optimal Matching and
Greedy Pairing. Optimal Lexical Matching is based on the optimal assignment problem
which aims to find a maximum weight matching in a weighted bipartite graph, while
Greedy Pairing matches each word in sentence S; with the word in sentence S, having
the maximum similarity score. Moreover, they have provided the MCS algorithm [75]

which proposes greedy approach based on word-to-word similarity measures.

Table 3.1. Available Measures through the SEMILAR Online Demo

Word-level Similarity Method | Aggregation Algorithm

WordNet-Lin Optimal Matching

WordNet-Lin Greedy Pairing
LSA Optimal Matching
LSA Greedy Pairing

MCS Greedy Approach
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4. DATA PREPARATION

Since there are no suitable data sets that comprise sentence pairs from the biomed-
ical domain, we had to create our own test set. One of the major contributions of this
study is to provide a gold standard data set of selected sentence pairs from biomedical
literature which are manually annotated by human experts. Sentences are selected from
the TAC |76] biomedical summarization track training data set, which is organized to
develop technologies that aid in summarization of biomedical literature. TAC training
data set consists of 20 papers and citing papers that vary from 12 to 20 for each of the
reference papers. The corresponding reference text spans for each citing sentence are
annotated by 4 different human experts and citing sentence-reference text span pairs
can be found in the annotation files. Our selection process of citing sentences from

these annotation files was performed by taking into consideration their text spans.

Our motivation to use TAC data set was that both semantically related and
irrelevant sentence pairs occur in the annotation files. Some of the citing sentences
cite the same reference papers because of similar reasons such as referring to a recent
study on protein-protein interactions. These two citing papers mostly capture the
same meaning linking them in a semantic way. On the other hand, there are also some
citing sentences that cite the reference papers that are written about different research
fields (one refers to study on microbiology, other mentions research on embrylogy).
Therefore it was possible to obtain pair instances with a different range of similarity
degrees by using this data set. The intuition behind the selection process was that
if the corresponding reference text spans of a sentence pair are exactly or mostly the
same, it is more than likely that the sentence pair is semantically very similar to each
other. Moreover, if the reference papers of a sentence pair are different, probably,
they are dissimilar to each other. Following this way of evaluation, possibly highly
similar and very dissimilar sentence pairs are selected. Then, other instances possibly
having moderate similarity degrees are chosen randomly from the citing sentences so
that moderate similarity is the most common degree. After the selection process of 100

sentence pairs, each pair was annotated with a semantic similarity score independently
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by five human experts. The similarity scores range between 0 and 4, where 4 refers to

the highest semantic similarity and 0 is given for sentence pairs on irrelevant topics.

The instruction set that is provided for annotators to guide how they will score the

similarity between sentences for each similarity degree are shown in Table 4.1.

Table 4.1. Annotation Guideline

Annotation Definition

Score

0 The two sentences are on different topics.

1 The two sentences are not equivalent, but are on the same
topic.

2 The two sentences are not equivalent, but share some details.

3 The two sentences are roughly equivalent, but some impor-
tant information differs/missing.

4 The two sentences are completely or mostly equivalent, as
they mean the same thing.

For defining these instructions, we were inspired from the guideline of SemFEval

2012 Task 6 [58] on semantic textual similarity. Besides these instructions, example

sentences are provided from biomedical literature for each of the similarity degree.

These example sentence pairs that are scored between 0-4 are shown in Table 4.2. The

collected data set format is shown in Figure 4.1.

Pair_ID | Sentence 1 | Sentence 2| Similarity_Score | Annotator_ID

Figure 4.1. Collected Data Set Format

Pair 1D is unique for each pair in our data set. Sentencel and Sentence2 are the

sentence pair for the given Pair ID. Similarity Score is the score for the corresponding
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Pair_ID given by the corresponding Annotator ID. In our data set, Annotator IDs
for 5 different human annotators are symbolized as A, B, C, D, and E. One of the
annotators, who is shown as D is a biomedical expert, while the other 4 annotators are

from computer science.

The distribution of the scores by each of the annotators is shown in Figure 4.2.

By considering this, it can be said that there are enough instances for each of the

similarity degrees in our data set.
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Figure 4.2. Distribution of the Similarity Scores in the Data Set



Table 4.2. Example Annotations

30

Sentence 1

Sentence 2

Score

Here we show that both C/EBP«
and NFI-A bind the region respon-
sible for miR-223 upregulation upon

RA treatment.

Isoleucine could not interact with
ligand fragment 44 (LF44), which

contains amino group.

Membrane proteins are proteins that

interact with biological membranes.

Previous studies have demonstrated
that membrane proteins are impli-
cated in many diseases because they
are positioned at the apex of signal-
ing pathways that regulate cellular

processes.

This article discusses the current
data on using anti-HER2 therapies
to treat CNS metastasis as well as

the newer anti-HER2 agents.

Breast cancers with HER2 amplifi-
cation have a higher risk of CNS

metastasis and poorer prognosis.

We were able to confirm that the
cancer tissues had reduced expres-
sion of miR-126 and miR-424, and
increased expression of miR-~15b,
miR-16, miR-146a, miR-155, and
miR-~223

A recent study showed that the ex-
pression of miR-126 and miR-424

had reduced by the cancer tissues.

Hydrolysis of B-lactam antibiotics
by B-lactamases is the most com-
mon mechanism of resistance for this
class of antibacterial agents in clini-
cally important Gram-negative bac-

teria.

In Gram-negative organisms, the
most common B-lactam resistance
mechanism involves b-lactamase-
mediated hydrolysis resulting in sub-
sequent inactivation of the antibi-

otic.
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5. METHODOLOGY

In this chapter, we will introduce our novel approaches on semantic sentence-
level similarity in the biomedical domain. Our measures can be categorized into three
types: distributional semantic vector models, ontology-based measures, and supervised
approaches. Firstly, we will briefly explain our preprocessing method, which is applied
for cleaning the text pair given to our semantic similarity systems. Then, we will
provide the string similarity methods that have been evaluated on the data set. Finally
and most importantly, we will introduce our solutions for the semantic sentence-level

similarity problem in the biomedical domain in detail.

5.1. Preprocessing

Preprocessing is the first stage of all measures introduced in this chapter. Simple
preprocessing steps consisting of removal of the punctuation marks and stop-words are
applied to sentence pairs. Dictionary for stop-words was obtained from the default
English stop-words list available online [77]. Moreover, it was modified by adding the
frequently used abbreviation ‘et al.” in sentences selected from academic papers. With
the help of this dictionary, any word determined as stop-word is removed from the

sentence.

The punctuation marks removed from the sentence pairs are listed below:

e Dot

e Comma

e Colon

e Exclamation Mark

e Semicolon

e Opening and Closing Parenthesis

e Square Brackets

Question Mark
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Asterisk

Underscore Character
Slash Mark
Dash

Our last preprocessing step was to lower-case sentence pairs. Then, sentences pre-
processed in this module are given to the semantic similarity calculation modules as

inputs.

5.2. String Similarity Methods

Character-

based ¢~ Smith ™

Ngleman.

( QGram )
.

Needlemarn™

String
Similarity
Methods

Word/term
based

.".. . .‘\.
| Cosine )

~

( Block )

| Overlap )

~

.".._ _.-\\.
{ Jaccard )

Figure 5.1. String Similarity Measures

We have evaluated well-known string similarity measures on our data set, since
they are strikingly strong for estimating the semantic similarity between two strings.
As shown in Figure 5.1, five character based and five term based similarity algorithms

implemented in the SimMetrics package [78| have been evaluated.
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5.3. Distributional Vector Models

Distributional semantic models learn the required information such as semantics,
meaning for a given text from a large corpus. These measures enable semantic similarity
systems to be easily adaptable to other domains, since they exploit knowledge from
corpus statistics. In this study, we have tried out two distributional models introduced

in the following sections in detail.

5.3.1. Latent Semantic Analysis

Latent Semantic Analysis (LSA) [79] is a method assuming that similar words
occur in similar pieces of texts. It uses large collection of documents to construct
semantic vectors. Firstly, the algorithm constructs a word-by-document matrix, where
each row denotes a single unique word in the documents and the columns represent
the documents in the collection. The corresponding value in the intersection of row r
and column c, is assigned according to the umber of times a word is seen in the given
document. Then Singular Value Decomposition (SVD) is calculated for the produced
word-by-document matrix. As a result of this algorithm, three matrices UXV, where
U corresponds to wordspace, V to document space, and X to the singular values, are
produced. Then, the columns of U are truncated to the number of dimensions, which
produces the final semantic vectors. The main aim of the SVD algorithm is to reduce
the dimensional representation of the matrix in order to remove the noise and emphasize

the strong relationships.

The LSA algorithm is mostly used on large documents. In this study, we have
employed LSA to build 100 dimensional semantic vectors for each sentence. Then,
the cosine similarity of these semantic vectors are considered as the similarity score
between two sentences. The S:Space [80] library which implements the LSA algorithm
has been used for this task. Sentence vectors have been trained on randomly selected
sentences from the Open Access Subset of PubMed Central (OAS) [81] with the fol-

lowing command shown in Figure 5.2.
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java -jar Isajar -d corpus.txt my-Isa-output.sspace

Figure 5.2. Command for Training the LSA Vectors

For training the LSA vectors, a subset of the OAS data set (around 5 MB) has
been used due to memory constraints. In this Equation, corpus.txt is the name of the
training file, while my-lsa-output.sspace denotes the output file, which would contain

the produced vectors of each sentence in the training file.

5.3.2. Paragraph Vector

Paragraph Vector [82] is an unsupervised learning algorithm that learns fixed-
length vector representations for variable lengths of texts such as sentences and has
been proposed as a strong alternative to the simple bag-of-words model. In contrast to
the bag-of-words model, paragraph vector captures the semantics of texts and considers
the word order. Experiments on text classification and sentiment analysis tasks in the
paper [82] showed that paragraph vector is a competitive approach with state-of-the-
art systems and it overcomes many of the weaknesses of the bag-of-words model. Due
to being able to provide semantically strong representation of texts, paragraph vectors
have been used in many studies such as word embeddings [83] and semantic textual

similarity [67].

Paragraph vector approach is based on the previous study for learning word
vectors [84]. Although the focus of their work is on representing texts and predicting

the surrounding words in contexts, it can be applied to various fields.

In this study, we have utilized paragraph vectors for measuring the similarity

between two sentences. We have trained paragraph vectors on a randomly selected
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subset (around 2 GB) of OAS of PubMed Central consisting of more than a million
documents. They have been trained to learn 100, 150, 200 dimensional vectors of
sentences, respectively. Then, the cosine similarity using Equation 2.1 between the
corresponding paragraph vectors of texts is considered as a semantic similarity score
between these texts. The command shown in Figure 5.3 has been used to train the

paragraph vectors.

time\ .fwordZ2vec —train ..finput.txt -output vectorstxt —-cbow O
—size 200 —window 100 -negative 5 -hs 0 —sample 1e-3 —threads 100

-binary Q -iter 1 -min-count 1 -sentence-vectors 1

Figure 5.3. Command for Training the Paragraph Vectors

The definition of each parameter is explained below.

e output: name of the output file where the sentence vectors are saved.

e iter: number of iterations over the corpus.

e cbow: if the parameter is set to 0, continuous bag-of-words model (CBOW) is
used, if it is set to 1, skip-gram model is used.

e min_count: the algorithm ignores all words with total frequency lower than this
value.

e size: is the dimensionality of the feature vectors.

e negative: if 0, negative sampling is used, the value of the parameter for negative
specifies how many “noise words” should be drawn. If set to 0, no negative
sampling is used.

e hs: if 1, hierarchical softmax is used for model training. If set to 0, and negative
is non-zero, negative sampling is used.

e window: is the maximum distance between the current and the predicted word
within a sentence.

e sample: threshold for configuring which higher-frequency words are randomly
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downsampled.

In our evaluations, we set the size parameter to 100, 150, and 200. The other

parameters have not been changed for our runs.

5.4. Ontology-based Similarity Methods

In this section, we introduce two sentence-level semantic similarity systems based
on WordNet ontology (namely WordNet-based Similarity Module) and UMLS ontology
(namely UMLS-based Similarity Module). The idea behind these approaches is to uti-
lize knowledge based word-level similarity measures to obtain similarity scores among
sentences due to the fact that a sentence consists of a set of words. Therefore, word-
level similarity measures presented in Section 2.2 are used as core components for both
systems. Then, these word-level similarity scores are used for obtaining sentence-level

scores.

In Sections 5.4.1 and 5.4.2, firstly, we express the overall system flow for WordNet-
based Similarity Module and UMLS-based Similarity Module. Then, we give some
details about the tools that we have used for measuring semantic similarity between
words and express the exact parameters, options, and measures that are used. In Sec-
tion 5.4.3, we express the algorithm commonly used by the two systems, which is about

using the word-level similarity scores for the calculation of sentence-level similarity.

5.4.1. WordNet-based Similarity Module

WordNet-based Similarity Module basically takes two sentences to be compared
as inputs and returns the semantic similarity score by exploiting WordNet for these
given sentences. The design of the system is shown in Figure 5.4. In this module,
each word in a sentence is assumed as concept in WordNet. Words are determined
by tokenizing the sentences according to the space character. Then, a dictionary is
constructed from the extracted set of words in the two sentences to be compared. By

using this dictionary and utilizing the WordNet-based word-level similarity component,



37

the sentence-level similarity score for a given sentence pair is obtained. Sentence-level
similarity module gives each possible pair to the word-level similarity component and
considers only the maximum score returned by the word-level similarity component.
As a result of this process between the two modules interacting with each other, vectors
are produced for sentence pairs. The overall sentence-level similarity score is obtained
with the cosine similarity score of the two sentence vectors. This system is evaluated
by using different ontology based measures for WordNet based word-level similarity
module. The method for the calculation of word-level similarities is given in Section
5.4.1.1. The detailed algorithm and a walk through example of constructing sentence
vectors are given in Section 5.4.3.

—_ T,
Iy

— WordNet-based
WDRDNE”—’{ Word-level Similarity
\-.h___-/ F

I waord
store pairs

k4

Sentence-level
similarity module

G ' DICTIONARY
Dictionary Extractor s1
S— =2

Output:
imilarity Scorg

Figure 5.4. WordNet-based Similarity Method

5.4.1.1. WordNet-based Word-level Similarity. We have used WS4J library for calcu-

lation of the similarities between words utilizing the WordNet ontology. Word-level

similarities are calculated by using the following algorithms implemented in WS4J.

Resnik [23]

Lin [24]

Path [19]

Jiang and Conrath [25]
Leacock Chodorow [21]
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e Wu and Palmer [22]
e Lesk [26]

These measures have been calculated using the Is-A relations in the WordNet
ontology. Therefore, WordNet-based Word-level Similarity module is based on Is-A
relations. As it is referred in the previous Section 2.3.1, the sense of a word is repre-
sented with the set of synonyms which is called synset and a word can be defined in
multiple different syntactic categories. For example; the word ‘love’ is represented in
the noun category, at the same time, it occurs in the verb category. So, matching the
word with the correct node in the graph is challenging. We approached this problem as
calculating the similarity between all possible pairs including synonyms and assigning

the maximum similarity score. The pseudocode of the algorithm is given in Figure 5.5

maximumScore <= 0
for all possible posTagPairs in posTagsList do
synsetlistl < get AllConceptsFor(wordl, posTagPairs|1])
synsetlist2 < get AllConceptsFor(word2, posTagPairs|2])
for all synsetl in synsetlistl do
for all synset2 in synsetlist2 do
score <= similarity Between(synsetl, synset2)
if score > mazximumScore then
maximumsScore <= score
end if
end for
end for
end for

return maximumdScore

Figure 5.5. Pseudocode for Computing Similarity between Word Pairs in WordNet



39

5.4.2. UMLS-based Similarity Module

Differently from the WordNet-based Similarity Module, UMLS-based Similarity
Module uses METAMAP [85], which is a tool for extracting medical concepts from text
rather than assuming each word as a concept. This approach is more reliable, since con-
cepts can consist of more than one word. As shown in Figure 5.6, this process is named
as Biomedical Concept Extractor. The METAMAP tool is run on both sentences S1
and S2 and a dictionary is constructed from the unique mapped concepts/phrases in
the two sentences. Therefore, word-level similarity module utilizing UMLS takes con-
cepts mapped by METAMAP as inputs. The rest of the methodology for constructing

sentence-level vector is the same as the WordNet-based Similarity Module.

_| | UMLS-based Word-
4‘ UMLS | "1 level Similarity

. Y

concept

score -
pairs

\ o1 I y ’
§1———>| Biomedical Concept > Dictionary Extractor DICTIé);\IARY Sentence-level
Extractor v c2 "] similarity module
S _— c2

h 4

Output:
imilarity Scor

Figure 5.6. UMLS-based Similarity Method

¥

5.4.2.1. UMLS-based Word-level Similarity. For the calculation of word-level similari-

ties based on UMLS ontology, we have used the perl web interface of the UMLS:Similari-
ty software package [36]. The main purpose of the interface is providing similarity in-
formation for CUIs. In this section, we express the sources and relationships available
via the web interface in detail and which parameters are used for running the interface
for the overall system. The similarity scores between concepts, which are calculated
using the UMLS ontology, are used for measuring the semantic similarity between the

whole sentences.
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There are various semantic similarity and relatedness measures available via the
web interface. To be able to obtain the similarity score, terms or CUIs associated to
concepts in UMLS should be given as inputs to the interface. Moreover, the sources to
be utilized and relation types to be used for measuring the similarity should be given
as parameters. These available options are different for similarity and relatedness
measures. Since relatedness is a more general concept, relation types and measures
differ. The available sources and relations via the web interface for both similarity and

relatedness are listed in Table 5.1.

Table 5.1. The available sources and relations via the UMLS:Similarity web interface

Measure Source Relations
OMIM, MeSH PAR/CHD
OMIM, MeSH RB/RN
OMIM PAR/CHD
OMIM RB/RN
SIMILARITY MeSH PAR/CHD
MeSH RB/RN
SNOMEDCT PAR/CHD
SNOMEDCT RB/RN
FMA PAR/CHD
FMA RB/RN
SNOMEDCT | CUI/PAR/CHD/RB/RN
SNOMEDCT CUI
UMLS ALL | CUI/PAR/CHD/RB/RN
RELATEDNESS | UMLS ALL CUI
MeSH CUI/PAR/CHD/RB/RN
MeSH CUI

For similarity measures, relations which are PAR/CHD and RB/RN are hierar-
chical relation types. PAR/CHD represents parent-child relations, while RB/RN repre-

sents broader-narrower relations. For example, if the relation is chosen as PAR/CHD,
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the similarity score is calculated using and considering the definition of the concept
parent-child relations. On the other hand, for the relatedness measures, CUI refers to

using the definition of the concept itself.

Through the UMLS:Similarity web interface, the semantic similarity scores be-
tween word pairs are calculated by using different similarity metrics. Moreover, our
empirical analysis showed that most of the terms in our data set belong to either OMIM
or MeSH ontology. As a result of this situation, the UMLS:Similarity web interface
is restricted to search on the OMIM and MeSH ontologies. The different parameter
settings for the calculation of word-pair similarity in our experiments are given in Table
5.2.

Table 5.2. Word-level UMLS Similarity

Measures Sources Relations
Resnik OMIM, MeSH | PAR/CHD
Lin OMIM, MeSH | PAR/CHD

JCN OMIM, MeSH | PAR/CHD
Cdist OMIM, MeSH | PAR/CHD
Path OMIM, MeSH | PAR/CHD
LCH OMIM, MeSH | PAR/CHD
Vector UMLS ALL CUI

Except the vector measure, all similarity metrics are evaluated by using the
OMIM and MeSH ontologies and PAR/CHD relations. Since the vector metric mea-
sures the relatedness instead of similarity among concepts, the allowed sources, metrics
and relations provided by the web interface are different. All similarity metrics em-
ployed by the UMLS:Similarity library are based on Is-A (PAR/CHD) relations. So,
the proposed UMLS-based similarity module is based on Is-A relations. An example

command for running the perl web interface is shown in Figure 5.7.

When the command is run, the web interface returns a similarity score between

[0,1]. In the command, word1l and word2 are the word pairs to be compared. The option
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query-tmls-similarity—webinterface.pl —-mcasurc cdist —--sab

OMIM,MSH --rel PAR/CHD word1 word?2

Figure 5.7. Command for Running UMLS:Similarity Web Interface

measure defined the type of the measure, while the sab option shows the sources to
be used for measuring similarity. Moreover, in this command, rel denotes the relation

type to be used.

5.4.3. Algorithm for the Adaptation of Word Similarities to Sentence-level

A sentence consists of words. So, it is reasonable to use word-level similarities
to compute sentence-level similarity. As mentioned in Sections 5.4 and 5.6, our on-
tology based measures exploit word-level similarities as their core component, then
an algorithm is applied to construct sentence vectors by using these word-level sim-
ilarities. In this section, we would like to give a walk-through example to make the
applied algorithm clearer. For the algorithm illustrated below, we were inspired by the

study [57].

5.4.3.1. A Walk-Through Example. The following is an illustration which introduces

the algorithm and the required steps to build the semantic vector of a sentence.

e S1: Necroptosis requires the activity of RIP1 and RIP3.
e S52: Necroptosis could be induced via modulating RIP1 and RIP3.

The dictionary, D (union of the unique words from each sentence, S1 and S2)
is: {Necroptosis, requires, the, activity, of, RIP1, and, RIP3, could, be, induced, via,
modulating}. D is used to build semantic vectors for S1 and S2, which have the same
dimensionality as the dictionary. For instance, in order to build a semantic vector for

S1, each word in the dictionary is compared with every word in S1 and the highest
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similarity score is assigned for the corresponding dimension index in the vector. As
shown in Figure 5.9, D is obtained by using all distinct words in S1 and S2. For
determining the score of the 10"* dimension of semantic vector S1, similarity scores
between each word in S1 and the 10 dimension of D are computed. Since the highest
score is 0.33 among all similarity scores, the score of the 10" index of S1 is considered
as 0.33. This process is repeated for the remaining part of semantic vector S1. Then,
the same algorithm is applied to learn the semantic vector of S2. Finally, the cosine
similarity between S1 and S2 gives the semantic similarity score between them. The

pseudocode of the described algorithm is given in Figure 5.8.

Function constructSemanticVector(S, dictionary, ontology):
stmilarityma, < 0
index <=0
for all wordpictionary in dictionary do
for all wordgeptence in S do
similarity < calculateSimilarity(word pictionarys WOTrdsentence, 0ntology)
if similarityme. < similarity then
stmilarityma, <= similarity
end if
end for
SemanticV ectorglindex] < similarity,,q,
index < index + 1
end for
return SemanticVectorg

EndFunction

Figure 5.8. Algorithm for Building a Semantic Vector of a Sentence

5.4.4. Combined Ontology Methods

In this study, our first motivation was that combined approaches are needed for
semantic similarity computation in the biomedical domain, since sentences in biomed-

ical literature consist of both general terms and biomedical-specific terms. In Sections
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Semantic Vector, D1

Figure 5.9. Illustration of the proposed algorithm which constructs semantic vectors

of sentences

5.4.1 and 5.4.2, different sentence-level similarity methods exploiting either WordNet
or UMLS ontology are introduced. To utilize the knowledge from both UMLS and
WordNet ontologies, we propose a new approach and two different combination sce-
narios in this section. One of the combined methods is performed on sentence-level,
while the other proposed approach combines ontology based systems on word-level. As

a combination Equation, we have used:

combinedscore = Scorew oranet-A + Scoreyprs.(1 — N) (5.1)

5.4.4.1. Word-level combined ontology method. Word-level combined ontology meth-

od performs the combination of two different methods on word-level. For computing
similarity of word pairs in a sentence, the similarity score of the measure based on
WordNet ontology and the UMLS ontology are combined using Equation 5.1. A in the
Equation is set to 0.5. Then, the algorithm described in Section 5.4.3 is applied to

compute sentence-level similarity by using these combined word-level similarities.

5.4.4.2. Sentence-level combined ontology method. As shown in Figure 5.10, sentence

level combined ontology method takes the similarity score of WordNet based similarity
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module and UMLS based similarity module for a sentence pair, then combines these
scores by using Equation 5.1. A in the Equation is set to 0.1, 0.3, 0.5, 0.7, and 0.9,

respectively. The pseudocode of sentence-level combined algorithm is given in Figure

5.11.
i

] Score,,
‘Wordnet-based
similarity module

Umis-based
similarity module

:q Combined Method

Scoreu

Figure 5.10. Sentence-level Combined Ontology Method

5.5. Supervised Approaches

In this section, we introduce our supervised systems. For comparing different
regression algorithms for this task, learning models including SVR, Random Forest,
Linear Regression, and MLP have been used. Each learning model has been evaluated
with different feature sets. We categorized our features as low-level and high-level

features. Detailed definition of feature sets are presented in the following Section 5.5.1.

5.5.1. Features

5.5.1.1. Low-level Features. N-gram Overlap: An n-gram is defined as contiguous n

items from a text. An item can be a letter, a word or a phoneme. In our experiments,
an item denotes a word. N-gram language models have been widely used in many

applications in NLP. Since our problem is to determine the similarity score between
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input: ) is combination parameter, sentence; and sentence, are sentence pairs
Function calculateCombinedSimilarity(sentence;, sentences, A):
Sy <= preprocess(sentencey )
Sy <= preprocess(sentences)
dictionary,, < extractUniqueW ords(S, Ss)
Shio1 < biomedicalConcept Extractor(S)
Shioz < biomedicalConcept Extractor(Ss)
dictionary,, < extractUniqueW ords(Syio1, Spio2)
Vectors, woranet <= constructSemanticV ector(Sy, dictionary,,, wordnet)
Vectors, woranet <= constructSemanticV ector(Ss, dictionary,,, wordnet)
Vectors, ymrs <= constructSemanticV ector(Sy, dictionary,, UMLS))
Vectors, ymrs < constructSemanticV ector(Ss, dictionary,,, UM LS)
SCOTCyordnet <= cosineSimilarity(Vectors, woranets V ectors, wordnet)
scoreyprs <= cosineSimilarity(Vectors, uamrs, Vectors, uars)
SCOTE <= SCOTE€ordnet * A + scoreynrrs * (1 — A)
return score

EndFunction

Figure 5.11. Sentence-level Combined Ontology Method Pseudocode

two sentences, we have used n-gram overlap between two sentences as a feature.

Let S; and Sy be the sets of consecutive n-grams in the first sentence and second

sentence, respectively. The n-gram overlap is defined as:

Overlap,gram = S1 N Ss (5.2)

The overlap, defined in Equation 5.2, is computed for unigrams and bigrams. Bigram

is a sequence of two adjacent elements in a string, while unigram is a single element in

a string.
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Figure 5.12. Supervised Similarity Method exploiting low-level features

We give an example on computing unigram and bigram overlaps across two sen-

tences S; and Sy listed below.

e 5; : KRAS mutations are common in cancer.

e 55 : KRAS are dependent on Craf.

The individual n-grams (unigram, bigram) of the sentences and the corresponding

overlaps are computed as follows. ‘s’ denotes the beginning and end of a sentence.

Bigramsg, = {(s, KRAS), (KRAS,mutations), (mutations,are),
(are,common),(common,in), (in,cancer), (cancer, s)}
Bigramsg, = {(s, KRAS), (KRAS, are), (are,dependent),
(dependent,on),(on,Craf), (Craf,s)}
Common bigramsg, ¢, = {(s, KRAS)}
Unigramsg, = {

Unigramsg, = {

)
KRAS), (mutations), (are), (common), (in) ,(cancer)}
KRAS), (are), (dependent), (on), (Craf)}

(

Common unigramsg, ¢, = {(KRAS), (are)}

5.5.1.2. High-level Features. As high-level features, we considered using the similar-
ity scores of the unsupervised systems selected from each category described in Sec-

tions 5.2, 5.4 and 5.3. By using this approach, Qgram as string similarity approach,
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paragraph vector as distributional vector model, and sentence-level combined ontology
method as ontology-based system have been used as high-level features. The results
obtained by these systems are presented in Chapter 6. The supervised system exploit-
ing high-level feature sets is illustrated in Figure 5.14. Preprocessed sentences are given
to each unsupervised system as inputs. Then, the output score of each system, which
is the semantic similarity score for the given pair, is used as feature in our supervised

system. The pseudocode of the high-level supervised approach is given in Figure 5.13.

input: features(3) is the 3 dimensional vector which saves extracted feature in each dimension
Function featureExtractor(S, S2):
features(1) < calculateCombinedSimilarity(Sy, S, 0.5)
features(2) < calculate ParagVecSimilarity (S, S2)
features(3) < calculateQGramSimilarity(Sy, S2)
return features
EndFunction
input: trainModel is model learned by regression algorithm using training data set.sentence;
and sentences are a sentence pair.
S1 < preprocess(sentencey )
Sy <= preprocess(sentences)
testFeatures <= featureExtractor(Sy, S2)

score < evaluate(trainModel, test Features)

return score

Figure 5.13. Pseudocode of the High-level Supervised Approach

WORDNET umMLS

COMBINED ONTOLOGY o1
METHOD
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PARAGRAPHVECTOR | —————»
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Figure 5.14. Supervised Similarity Method Exploiting High-level Features
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6. EXPERIMENTS AND RESULTS

In this section, we report and discuss the results of the approaches presented in
Chapter 5. Since there is no previous study on sentence semantic similarity computa-
tion in the biomedical domain, there were no suitable baselines to indicate the actual
efficiency of our solutions. Therefore, we considered the domain-independent state-
of-the-art approaches ADW and SEMILAR introduced in Section 3.2 as our baseline
models and evaluated the performance of all measures by comparing with these base-
line systems. The sentence pairs were annotated by five different human experts in
this study which enabled the test data to be more robust and reliable. All reported
correlation results of the measures in this section were computed by considering ground
truth (GT) as the mean of annotator scores, since there was not a certain ground truth.
Now, we will explain our performance metric in the following Section 6.1, then we will

report the results of the proposed approaches.
6.1. Evaluation Metric

In order to evaluate our systems, we have used the Pearson correlation metric.
Pearson correlation [86] is a metric defined by Equation 6.1 that measures the linear
correlation between X and Y. Its value ranges between -1 and +1, with 1 meaning
that two variables are totally correlated, -1 denoting a total negative correlation and 0

meaning that these two variables have no correlation.

TXTY
. XY - =X2X
2 2
\/Z X2 - =X \/Z y? - 29

(6.1)

The strength can be assessed by the general guideline proposed in the study [87] by

Evans to interpret effect size. Association strength is defined as listed below:

e very strong : 0.80-1.00
e strong : 0.60-0.79
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e moderate : 0.40-0.59
e weak : 0.20-0.39
e very weak : 0.00-0.19

Correlation between two variables is defined as very strong, strong, moderate, weak or
very weak according to the score calculated by using Equation 6.1. In this study, it is

aimed to reach very strong relationship with the mean score of annotators.

We have determined our lower bound as the correlation coefficients of the ADW
and SEMILAR toolkits with the ground truth. The other factor which should be taken
into consideration is determining the upper bound that could be expected from an
algorithmic measure. We have followed the same approach with the research [57] to
determine the upper bound of the study. We calculated the correlation coefficient for
the judgments of each participant against the rest of the group and then took the mean.
The results are shown in Table 6.1. In this table, the biomedical expert annotator, who
is symbolized as Annotator D, obtained the lowest correlation 0.902, which is still quite

high.

Table 6.1. Correlation scores among annotators

Correlation r
Annotator A 0.952
Annotator B 0.958
Annotator C 0.917
Annotator D 0.902
Annotator E 0.941
6.2. Results

In this section, the correlation results of all proposed approaches and baseline
models on our test set are reported and discussed. To be able to observe the effect of

preprocessing methods on semantic similarity measures, we have evaluated our mea-
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sures using three different techniques:

(i) Sentence pairs without any preprocessing.
(ii) Sentences with the removal of punctuations.

(iii) Pairs with the removal of punctuations and stop-words.

ADW and SEMILAR have been evaluated through their online demos. There are dif-
ferent measures available through SEMILAR online demo. We have chosen WordNet
Lin measure to calculate word-level similarities and optimal matching algorithm to
aggregate word-pair similarities. For ADW, we set ‘Alignment Based Disambiguation’
algorithm as ‘Yes’. In Table 6.2, the correlation of domain independent systems namely
ADW and SEMILAR with GT (Ground Truth) are presented. Both ADW and SEMI-
LAR have shown moderate correlation. This poor results actually demonstrated the
need of new approaches for this domain-specific research field. Since these state-of-the-
art systems exploit only WordNet ontology, poor results for this task is reasonable. To
adapt this methods for biomedical domain, they both can use the UMLS ontology as
well as WordNet. Since ADW performed significantly better than SEMILAR, we have

considered ADW as our baseline model.

Table 6.2. Correlation scores for domain-independent state-of-the-art systems

Correlation r
ADW 0.586
SEMILAR 0.419

6.2.1. String Similarity Measures

As discussed in Section 5.2, we have evaluated five character-based and five term-
based string similarity measures on our data set. The correlation scores of each string
similarity measure with GT are presented in Table 6.3. For each measure, three re-

sults were reported according to the level of preprocessing performed. The first result
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is obtained without any preprocessing approach on the sentence pairs. Experiments
showed that the application of preprocessing methods have contributed significantly
to the performance of string similarity measures. The range of increase for accuracy
varies between 10% and 31%. This result is reasonable and expected since string-based
approaches are highly sensitive to small changes, since they do not take into consider-
ation semantic information of text. Moreover, we observed that term-based similarity
approaches are slightly better than character-based measures. All term based similarity
measures (block, jaccard, cosine, overlap and dice) have obtained strong Pearson cor-
relation with G'T, while some character based measures such as Needleman Wunch had
moderate correlation. However, the best correlation among the string based approaches

has been obtained by Qgram similarity, which is a character based measure.

In summary and according to the results, it can be said that string similar-
ity methods perform strikingly well and are very sensitive to any changes performed
by preprocessing methods. Qgram similarity, the best performing string similarity
method, has been used as one of the high-level features for the supervised system that

will be mentioned in Section 5.5.

6.2.2. Distributional Semantic Vector Models

Table 6.4 shows the Pearson correlation coefficients between each distributional
vector model and GT. Since paragraph vectors were trained to learn 100, 150 and 200
dimensional vectors of sentences, each model having different dimensions are reported.
Paragraph vector has shown remarkable performance, which is not much affected by
the size of the vector. These results showed the effectiveness of the paragraph vec-
tor method for semantic vector representation of short texts. However, LSA which is
trained to learn 100 dimensions of vectors had very weak correlation. The weak per-
formance of LSA for sentence-level semantic similarity has also been discussed in the

study [57].

LSA exploits co-occurrence information of words. The idea behind this is that

similar words occur in similar contexts. However, in short texts such as sentences,



Table 6.3. Results of the String Similarity Measures

Preprocessing Correlation r
no-preprocessing 0.458
Cosine removal punctuations 0.575
+ removal stop-words 0.724
no-preprocessing 0.569
Jaccard removal punctuations 0.710
+ removal stop-words 0.710
no-preprocessing 0.558
Block removal punctuations 0.696
+ removal stop-words 0.752
no-preprocessing 0.504
Levenshtein removal punctuations 0.533
+ removal stop-words 0.592
no-preprocessing 0.575
LCS removal punctuations 0.593
+ removal stop-words 0.595
no-preprocessing 0.411
Needleman Wunch | removal punctuations 0.429
+ removal stop-words 0.444
no-preprocessing 0.564
Overlap Coefficient | removal punctuations 0.695
+ removal stop-words 0.695
no-preprocessing 0.640
Smith Waterman | removal punctuations 0.660
+ removal stop-words 0.675
no-preprocessing 0.677
Qgram removal punctuations 0.731
+ removal stop-words 0.754
no-preprocessing 0.398
Dice removal punctuations 0.709
+ removal stop-words 0.709
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Table 6.4. Correlation Scores for Paragraph Vector and LSA

Method Vector Size | Correlation r
100 0.787
Paragraph Vector 150 0.783
200 0.786
LSA 100 0.158

word co-occurrence may be rare. People may express similar meanings using different
sentences in terms of word content. These situations cause LSA to be less effective for

sentences.

6.2.3. Ontology-based Similarity Systems

Results illustrated in Table 6.5 has shown that our WordNet based measures have
been affected from preprocessing methods. This result was expected since we assumed
each word as a concept in WordNet for Wordnet-based measures. So, if a word does not
refer the exact concept because of small lexical differences, word-level algorithm can
not recognize it. WordNet-based similarity module using path algorithm as word-level
similarity approach yield the best performance with the 0.644 Pearson correlation score

among others.

The correlation results for UMLS-based similarity measures exploiting several
different word-level algorithms have been presented in Table 6.6. An observation is that
removal of punctuations does not affect the performance of the UMLS based system.
This result is reasonable since UMLS based similarity module uses the METAMAP
tool for extracting medical terms and METAMAP can handle punctuations. Using
METAMAP enables the system to be more robust to small changes. Similarly to
WordNet-based similarity module, the path algorithm used for word-level similarity
performed better than the others. Although the path algorithm based on the length

of the path between two concepts is the simplest word-level ontology-based approach



Table 6.5. Correlation scores for WordNet based similarity systems

Preprocessing Methods

Correlation r

WordNet-Path no-preprocessing 0.487
WordNet-Path removal punctuations 0.600
WordNet-Path | +removal of stop-words 0.644
WordNet-Resnik no-preprocessing 0.159
WordNet-Resnik | removal punctuations 0.192
WordNet-Resnik | +removal of stop-words 0.234
WordNet-WP no-preprocessing 0.245
WordNet-WP removal punctuations 0.374
WordNet-WP +removal of stop-words 0.354
WordNet-Lin no-preprocessing 0.401
WordNet-Lin removal punctuations 0.504
WordNet-Lin +removal of stop-words 0.495
WordNet-Lesk no-preprocessing 0.339
WordNet-Lesk removal punctuations 0.377
WordNet-Lesk | +removal of stop-words 0.400
WordNet-JCN no-preprocessing 0.448
WordNet-JCN removal punctuations 0.486
WordNet-JCN | +removal of stop-words 0.623
WordNet-LCH no-preprocessing 0.121
WordNet-LCH removal punctuations 0.266
WordNet-LCH | +removal of stop-words 0.287

95



Table 6.6. Correlation scores for UMLS based similarity systems

o6

Ontology Relation | Preprocessing Methods | Correlation
no-preprocessing 0.325
Vector UMLS CUI removal punctuations 0.325
~+removal stop-words 0.414
no-preprocessing 0.578
Cdist | OMIM-MeSH | PAR/CHD removal punctuations 0.578
+ removal stop-words 0.650
no-preprocessing 0.556
Lin OMIM-MeSH | PAR/CHD removal punctuations 0.556
+ removal stop-words 0.645
no-preprocessing 0.504
WP | OMIM-MeSH | PAR/CHD removal punctuations 0.504
+ removal stop-words 0.576
no-preprocessing 0.580
JCN | OMIM-MeSH | PAR/CHD removal punctuations 0.580
+ removal stop-words 0.624
no-preprocessing 0.222
LCH | OMIM-MeSH | PAR/CHD removal punctuations 0.222
+ removal stop-words 0.333
no-preprocessing 0.461
Resnik | OMIM-MeSH | PAR/CHD removal punctuations 0.461
+ removal stop-words 0.473
no-preprocessing 0.605
Path | OMIM-MeSH | PAR/CHD removal punctuations 0.605
+ removal stop-words 0.651
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among others, both sentence-level UMLS-based and WordNet-based similarity methods
have obtained the best correlation scores by using the path measure on our sentence

pair data set.

In general, although the individual accuracy of the ontology-based models are
reasonable enough, the increase in the correlation performance for all combined models,
compared to the individual correlation scores indicate that the combination is useful.
The results of the combined approaches shown in Table 6.7 justify our hypothesis
which was based on exploiting two ontologies for domain-specific literature. When we
examine the results, it is seen that although word-level combined approach performed
better than the individual approaches, sentence-level combination scenarios achieved
the best performance. In particular, using A parameter as 0.5 in other words averaging
the individual WordNet-based path (0.644) and UMLS-based path (0.651) measures

has increased the performance significantly with the correlation score 0.710.

Table 6.7. Correlation scores for combined ontology method

Method A | Correlation r
0.1 0.671
0.3 0.699
Sentence-level Combined Method | 0.5 0.710
0.7 0.699
0.9 0.666
Word-level Combined Method 0.5 0.668

6.2.4. Supervised Approaches

We have presented two different supervised approaches which are based on low-
level and high-level features in Section 5.5. In this section, we discuss the results of each
supervised approach. Among low-level features, the best result is obtained by using the

Random Forest as a learning model and unigram overlap as feature. However, even the
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best result among learning models using n-gram features indicated a weak correlation
with the ground truth. Experiments showed that using n-gram overlaps as features

causes poor performance.

To combine the best performing measures of each category namely distributional
vector models, string similarity measures, ontology-based approaches, supervised learn-
ing algorithms have been used. Best performing systems in each category are listed

below.

(i) Qgram Distance (String Similarity Measure)
(ii) Paragraph Vector (Distributional Semantic Vector Model)
(iii) Sentence-level Combined Method [A = 0.5](Ontology-based Method)

The similarity score of each unsupervised method for a sentence pair has been
used as high-level feature. As learning models, MLP, Random Forest, and, Linear
Regression implemented in Weka [88] and SVR implemented in LibSVM [89] referred
to in Section 2.4 have been employed. For building a Linear Regression model, we have
used Weka Java library and did not need any extra parameters. Number of trees for
Random Forest was determined as 10. The default parameters listed below were used

for MLP and SVR.

e MLP:-LL0.3-M 0.2-N500-V0-S0-E20-H4
(L: learning rate for backpropagation algorithm, M: Momentum Rate for the
backpropagation algorithm, N: Number of epochs to train through, V: Percentage
size of validation set to use to terminate training, S: The value used to seed
the random number generator, E: The consecutive number of errors allowed for
validation testing before the network terminates, H: The hidden layers to be
created for the network)

e SVR: -s4-t0

(s: svm type [4 denotes nu-svr model|, t: kernel type |0 indicates linear kernel

type] )
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Evaluations for all the supervised models are performed using stratified 10-fold cross-
validation over all the sentence pairs due to the small size of data set. Before building
a learning model, instances were randomized then, 10-fold cross-validation has been
applied. The final results for supervised semantic similarity systems are obtained by
averaging the individual correlation results of each fold. The experimental results
indicated that combining high-level features significantly increases the individual per-
formance of each unsupervised system. This means that these unsupervised system
scores complement each other in some way. The correlations between each unsuper-
vised system used for supervised learning as high-level feature and GT are shown in
Figures 6.1(a), 6.1(b) and 6.1(c). Although each unsupervised method had strong as-
sociation with G'T, combination of these approaches by supervised algorithm has led
to very strong correlation. Since Linear Regression exploiting high level features has
shown the best performance 83.6% among others, we considered it as our model for
supervised system. The results presented in Figure 6.1(d) were reported according to

the Linear Regression model.

Table 6.8. Correlation scores for supervised similarity system

Features LR | RF | SVR| MLP
Unigram Overlap 0.362] 0.397| 0.064| 0.226
Bigram Overlap 0.366] 0.357| 0.094| 0.081
ParagVec+combined method 0.807] 0.782| 0.679| 0.817
ParagVec+Qgram 0.831] 0.797| 0.717| 0.832
ParagVec+combined method+Qgram | 0.836 0.817| 0.709| 0.829
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7. CONCLUSION AND FUTURE WORK

7.1. Conclusions

In this study, we adapted and presented several approaches and methodologies
for semantic sentence similarity. One of the most remarkable contributions to the aca-
demic literature of this study is to demonstrate the need of adapted or new approaches
for semantic sentence-level similarity in the biomedical domain. With this work, the
inadequacy of domain-independent semantic similarity measures for a domain-specific
problem has been illustrated. Another important contribution is that this research
provides a strong baseline as well as a hand-crafted data set for further studies due to

attempting the first methods on this unstudied research area.

We can categorize our approaches into three main areas; distributional vector
models, ontology-based methods, and supervised approaches. Paragraph vector and
LSA which both represent the sentences as vectors capturing semantics have been
evaluated on our data set. We have revealed that LSA is not very effective for sentences.
However, paragraph vector, which has been proposed as an alternative to the bag-of-
words model, achieved a quiet remarkable performance by showing strong correlation
with the ground truth scores. This result has shown that paragraph vector is a good

method on representing sentences as vectors capturing semantics.

Thanks to the ontologies that enable the computation of semantic distances be-
tween concepts, ontology-based measures have been used for our semantic similarity
problem. Since sentences are selected from biomedical papers in our data set, we
have utilized WordNet as a general domain ontology and UMLS as a biomedical do-
main specific ontology. Popular ontology-based algorithms, which calculate similarity
between concepts, have been employed for WordNet and UMLS, respectively. The
most important finding from the evaluations of ontology-based approaches was that
combined approaches using both WordNet and UMLS ontology rather than single on-

tology are more prospering on estimating the similarity between biomedical sentences.
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This result is reasonable since sentences consist of both biomedical and general con-
cepts and probably a word in a sentence occurs either in WordNet or UMLS. In other
words, knowledge coming from both WordNet and UMLS complements each other and

contributes to the overall performance of the system.

Besides, popular string similarity measures including term-based and character-
based methods have been evaluated on the our data set. Experiments showed that
simple lexical similarity measures perform strikingly good on the semantic sentence

similarity task.

Finally, we have presented a supervised semantic similarity estimation system
which exploits high-level features. High-level features consist of the similarity scores
of the best performing systems in each category. Combining unsupervised methods
with the help of supervised learning models has increased the overall performance
of the system. As learning models, different regression algorithms have been used.
Linear regression with high-level features has obtained the best performance among all
proposed systems. Experiments showed that each system using different approach to

estimate the similarity contributes to the overall performance of the system.

One of the important contributions of this study is that providing a test set
for researchers and future studies on semantic sentence similarity in the biomedical
domain. Selected 100 sentence pairs were annotated by five human experts for this

research and all measures were evaluated on this crafted data set.

To sum up, we have addressed the semantic sentence-level similarity problem in
the biomedical domain and attempted the first adapted approaches in this research
field. Among several measures, the supervised system exploiting high-level features
achieved the strongest Pearson correlation of 83.6% with ground truth scores. We be-
lieve that our biomedical-domain specific semantic sentence-level similarity measure can
be used in various applications of BioNLP such as automatic summarization, question
answering, text categorization, and text retrieval in biomedical literature. However,

another factor that should be taken into consideration is the upper bound that could
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be expected from an algorithmic measure. Upper bound in this study can be consid-
ered as the performance of a typical human, which is 90.2% according to the lowest
correlations between human annotators. So, we can say that there is still room for

improvement on biomedical domain specific semantic sentence similarity measures.

7.2. Future Studies

Since we adapted previous domain independent approaches on semantic similar-
ity computation to biomedical domain, there is open room for new algorithms and
methodologies developed specifically for the biomedical domain. In future work, we
aim to focus on new algorithms for semantic similarity computation in the biomedical

domain.

Moreover, the following can be performed in order to improve our adapted on-
tology based algorithm. Several popular ontology based word-level similarity measures
have been used to calculate distances between words for our sentence-level similarity
measures. So, these algorithms and their performances have direct effect on the overall
performance of the ontology-based sentence-level similarity systems. All measures used
in this study have their own drawbacks. Various adaptations and hybrid approaches
were proposed to overcome the weaknesses of these ontology-based word-level similar-
ity metrics (referred in Chapter 3). In order to leverage the word similarity measures,
which is the core problem in our ontology-based approaches, adapted hybrid approaches
can be experimented instead of simple measures. A more effective word-level measure
would yield a more effective sentence-level similarity system. On the strength of this
hypothesis, we will try hybrid approaches for the calculation of word-level similarity in

the near future.

Furthermore, we believe that the following suggestions are worth trying to eval-

uate our proposed measure as future studies.

(i) Recently, citation based summarization has drawn the attention of the researches,

since citing sentences tend to contain important information about the reference
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paper. Citation based summarization methods tackle the problems of detecting
the sentences that cite the reference paper (i.e., citing sentences), selecting the
most salient ones, and producing a structured summary. Although using citations
is useful for the summarization task, there is still room for improvement, since
citation sentences might not accurately represent the content of the cited article,
as they often fail to capture the context of the reported findings. According to
TAC intuition, the corresponding reference text span in the reference paper can
give more detailed and better expression about the important aspects of the ref-
erence paper. And, TAC has organized a task to address this problem consisting
of two sub-tasks for biomedical domain. A study [90] has been recommended
as a solution of this problem. However, this study approaches the problem as
a retrieval task. We believe that addressing the problem of matching citation
text and cited spans by using semantic similarity methods is quite reasonable.
Therefore, our semantic similarity system for biomedical domain can be useful as
a solution this problem.

LexRank [91] is a graph-based method proposed for extractive summarization,
which aims to find the most informative sentences in text. It computes sentence
importance based on the concept of eigenvector centrality in a graph represen-
tation of sentences. This model exploits inter-sentence similarity as one of the
major part of the algorithm. However, it uses simple cosine similarity metric to
obtain the similarity degree between sentences and does not exploit any semantic
features of texts. We believe that our sentence-level semantic similarity mea-
sure developed for biomedical domain models inter-sentence similarities in more

effective way and may help better detection of salient sentences in text.
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APPENDIX A: SYSTEM RESULTS FOR A SUBSET OF
THE DATA SET

Table A.1: Ground truth and supervised system scores

for selected pairs

Sentence 1 Sentence 2 GT | SS
Changes in miR-146a and miR- | Additionally, loss of LATS2 stim- | 0.2 | 1.28
146b expression and/or binding | ulated reduplication, an activity
have also been implicated in the | comparable to that observed when
metastatic and proliferative re- | Cyclin E is overexpressed in the
sponse associated with the devel- | absence of p53
opment of papillary thyroid car-
cinoma (PTC) and cervical can-
cer, ovarian cancer, breast cancer
and pancreatic cancer and prostate
cancer.
Recently, miR-126 was identi- | Subsequent reports showed that | 3.2 | 3.31
fied as a metastasis suppressing | miR-126 targeted the oncogene
miRNA that is downregulated in | IRS-1 (insulin receptor substrate-
relapsing breast cancer, leukemia, | 1) in breast cancer cells and miR-
and cervical cancer. 126 was downregulated in cervical
cancer.
Considerable evidence indicates | In the case of cell response to | 0 0.34

that cancer cells develop depen-
dencies on normal functions of cer-
tain genes that can potentially be
exploited to improve therapeutic

strategies.

stress, cyclin D1 can be de-
graded through its binding to the
anaphase-promoting complex and
a RXXL sequence located in the

NH2-terminal part of the protein.




Table A.1. Ground truth and supervised system scores

for selected pairs (cont.)

7

With respect to LATS2, it has
been reported that LATS2 induces
G2/M arrest and subsequent apop-
totic cell death.

The expression of miR-146a has
been found to be up-regulated
in papillary thyroid carcinoma,
anaplastic thyroid cancer and cer-

vical cancer.

0.2

1.06

Expression of an activated form of
Ras proteins can induce senescence

in some primary fibroblasts.

The senescent state has been ob-
served to be inducible in certain
cultured cells in response to high
level expression of genes such as

the activated ras oncogene.

3.6

2.94

Three programs, PicTar, mi-

Randa, and TargetScan , were used

to predict the targets of miR-21.

The genes that decreased 2-fold or
more were further screened for pos-
sible miR-372/3 target sites using
a local version of the TargetScan

algorithm.

24

1.84

Human Wts2 is a phosphorylation
target of Aurora-A kinase, and this
phosphorylation plays a role in reg-
ulating centrosomal localization of

hWts2.

Similarly to PLK1, Aurora-A ac-
tivity is required for the en-
richment or localisation of mul-
tiple centrosomal factors which

have roles in maturation, including

LATS2 and CDK5RAP2/Cnn.

miR-223 regulates granulopoiesis
by a feedback mechanism and is
modulated competitively by the
transcription factors nuclear fac-
tor I/A (NFI-A) and CCAAT /en-
hancer binding protein (C/EBP)

There is growing evidence from

animal systems that miRNA-

regulated transcription factors
frequently regulate the transcrip-

tion of their cognate miRNAs.

1.8

1.90
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The oncogenic activity of mutant | Notably, c-Raf has recently been | 1.2 | 2.78
Kras appears dependent on func- | found essential for development of
tional Craf, but not on Braf. K-Ras-driven NSCLCs.
Oct-4-dependent  transcriptional | Co-transfection of miRVec-miR- | 0 1.02
networks have been described | 204 and the Renilla-3° UTR
regulating self-renewal and | plasmid was in HEK293T cells
pluripotency in human and mouse | with TransIT-LT1 Transfection
ES and EC cells and in human | Reagent (Mirus).
mesenchymal cells.
Consequently miRNAs have been | Given the extensive involvement | 2.8 | 1.58
demonstrated to act either as onco- | of miRNA in physiology, dysreg-
genes (e.g., miR-155, miR-17-5p | ulation of miRNA expression can
and miR-21) or tumor suppressors | be associated with cancer pathobi-
(e.g., miR-34, miR-15a, miR~16-1 | ology including oncogenesis|, pro-
and let-7). liferation, epithelial-mesenchymal
transition, metastasis, aberrations
in metabolism, and angiogenesis,
among others.
In spite of these caveats, the re- | We should consider the data of re- | 0.8 | 1.69

sults of research represent a very
important advance in the long-
standing fight to conquer lung can-

cer.

search as an exciting but early step
in the long process of drug discov-

ery.
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Necrotic death was augmented | Intriguingly, in the presence of | 2.8 | 2.16
when caspase activities were com- | caspase inhibitors or following
promised by either viral or chemi- | caspase-8 gene ablation, death re-
cal inhibitors. ceptors have also recently been
shown to induce mnecrotic cell
death, a process which is depen-
dent on the kinase activity of
RIPK1 and RIPKS.
This form of necrosis, also termed | TNF-mediated programmed | 3 2.92
necroptosis, requires the activity of | necrosis typically involves the
receptor-interacting protein kinase | receptor-interacting serine-
1 (RIP1) and its related kinase, | threonine kinases 1 and 3 (RIP1
RIP3. and RIP3), as evidenced in hu-
man, mouse, and zebrafish cell
lines, as well as in a murine sepsis
model.
These findings were identical to the | These genes are consistently ex- | 3.6 | 3.12
pattern of expression seen in hu- | pressed in leukemias with MLL re-
man acute lymphoid and myeloid | arrangements.
leukemias with MLL rearrange-
ments.
Since in S. cerevisiae DBF2 was | Taking into consideration the role | 2 2.48

shown to be associated with
anaphase and/or telophase pro-
gression, we examined whether the
deletion of the kinase would also

affect cell cycle progression in N.

crassa

that DBF2 homologs have been
shown to play in cell cycle progres-
sion, predominant localization of

DBF-2 in N.crassa is expected.
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Ironically, Rest has recently been | REST is a transcription factor that | 3 2.30
described as both a tumor suppres- | represses neuronal genes in non-
sor and an oncogene. neural tissues, and plays a promi-
nent tumor suppressor role in ep-
ithelial tissues.
The researchers combined avail- | In PC9 cells, loss of GATA6 and/or | 1.8 | 0.87

able inhibitors selective for two of
the pathways regulated by GATA2
to treat mice with Kras-driven

NSCLCs.

HOPX did not alter cell growth,
whereas reduction of GATA2 and
EGFR inhibited cell viability as

previously reported.






