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ABSTRACT

Meronyms And Synonyms Extraction from English Dictionary

Relations extraction is the process of identifying connections between entities.
It is used in wide range of applications including information retrieval, text
summarization, machine translation, question answering, thesaurus building, and
ontology building. This thesis presents a method for detecting meronyms and
synonyms relationships between nouns within sentences from a given English
dictionary.

This study presents an analyzer designed to detect pairs of meronyms and sets
of synonyms (synsets) between noun words. It depends on OPTED dictionary as a
data source. OPTED dictionary consists of words with their tags and definitions. The
analyzer tokenizes the dictionary into sentences and then extracts words’ POS tags
using NLTK library to put the base data structure. The data structure is used to find
meronyms relations by using predefined keywords and rules. The data structure is

used also to find synsets and their intersected, transitive, and similarity generations.

Keywords: Dictionary Processing, Meronyms, Synonyms, POS Tags, NLTK
Date: March 2025
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ABSTRACT

Ingilizce Sozliikten Meronymler Ve Es Anlamhlar Cikarim

Iliski ¢ikarma, adlandirilmus varliklar arasindaki baglantilar1 belirleme siirecidir
ve bilgi alma, metin 6zetleme, makine cevirisi, soru cevaplama, es anlamlilar
sOzIliigli olusturma ve ontoloji olusturma dahil olmak {izere ¢ok ¢esitli
uygulamalarda kullamlir. Bu makale, belirli bir ingilizce sdzliikten ciimleler icindeki
isimler arasindaki meronim ve es anlamh iliskilerini tespit etmek icin bir yontem
sunmaktadir.

Bu c¢alisma, OPTED Soézligli'nde, etiketleri ve tamimlariyla birlikte
sozciiklerden olusan isim sozciikleri arasindaki meronim ¢iftlerini ve es anlamli es
anlamli kiimelerini tespit etmek icin tasarlanmis bir analizér sunar ve daha sonra
NLTK Kkutliphanesini kullanarak sozciklerin es anlamli etiketlerini ¢ikararak,
onceden tamimlanmus iliski anahtar sozciiklerini ve belirli dnceden tanimlanmis
kurallar1 kullanarak meronim iliskilerini bulmak ic¢in kullanilan temel veri yapisini
olusturur ve es anlamli es anlamli kiimelerini ve bunlarin kesisimsel, gecisli ve

benzerlik nesillerini bulur.

anahtar kelimeler: Dictionary Processing, Meronyms, Synonyms, POS Tags,
NLTK
Tarih: Mart 2025
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ABBREVIATIONS

NLP  : Natural Language Processing
OPTED: Online Plain Text English
Dictionary

NLTK : Natural Language Toolkit
POS  : Part of Speech
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1 INTRODUCTION

Semantic relations are fundamental aspects of Natural Language Processing
(NLP) and play a crucial role in various NLP tasks. They involve finding the main
entities that contribute to relations. They can be used in multiple domains, such as query
optimization, semantic sentiment, and ontology building.

English is the most used language. In our study, we focused on finding two kinds
of semantic relations: meronyms and synonyms, using the OPTED English dictionary as
a resource.

OPTED is a public-domain English dictionary based on the 1913 edition of
Webster's Unabridged Dictionary. It is structured for efficient computer processing with
simple HTML formatting. It offers improved accuracy and includes inflections and
plurals. It is available for personal and research use and is not copyrighted. Our study
concentrated on nouns only with the tag (n) in their definitions. We chose this dictionary
after looking at many dictionaries on the internet. The OPTED dictionary has a very
well-defined structure, is very wide, and has multiple definitions for each word. Words
with multiple definitions can enrich our data set and enable us to discuss more
scenarios. The dictionary defines each word in a detailed context compared to other
existing dictionaries.

Our rule-based approach is clear and precise. It is particularly effective for static
and well-defined datasets like OPTED. Unlike machine learning models, which often
require large annotated datasets and may struggle with overfitting. Our method uses
structured dataset and ensures high accuracy.

We employed NLTK [5] as our chosen tool to get the main entities in our
relations through NLTK tokenizer and tagger. We put a wide collection of manual rules,
that can be used to catch most meronym relations cases. Our approach is rule-based,

which has a high accuracy according to our static structure. Our static structure includes
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multiple domains and has a moderate size.

Semantic relations like meronyms and synonyms are important and used to
enhance information retrieval, build knowledge graphs, and optimize query results in
search engines [11]. Our study focused on finding these relations.

We found a collection of rules that determine keyword usage, whether a word
really expresses a relation, and whether it is just a normal word. We also extracted a rich
collection of rules that can catch the most meronyms in dictionary definitions.

In this study, we offer a strong algorithm for generating an ontology of
synonyms for nouns. The algorithm goes through multiple collections’ phases, such as
union, intersection, and similarity match.

To check our results, we compared them with the synonyms of WordNet, a well-
known database of words and their meanings and synonyms. This confirmed that our
method works well and matches established standards. We also used the thesaurus
dictionary to evaluate our results. Thesaurus is a very rich dictionary that provides
definitions of words and synonyms.

In our study we were able to prove that following a rule-based approach can
have high accuracy, when it is used with rich and well-structured dictionary, and with a

wide set of manual defined rules.
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2 LITERATURE SURVEY

Semantic relations are important in multiple domains because they are used to
understand the meaning of the context and clarify ambiguity [1]. Semantic relations
depend on identifying the relations that exist in the dataset, and defining objects that
contribute to these relations. They help to get the main objects that distinguish one
meaning from another. That will increase the speed of information retrieval and achieve
higher accuracy [2].

Semantic relations’ objects can have different natures like text, multi-modal
data, multi-attribute data, and images. In [3] they explained the semantic relations
process to a multi-data model that exists in social media.

Semantic relations applications are wide, and the most noticeable field is query
optimization. In [11] they used the entropy-weighted similarity method and score
normalization to solve the problem of query limitation by replacing query tokens with
synonyms or homonyms.

Our work concentrated on extracting the semantic meronyms and synonyms
relations from text files. We worked with the OPTED dictionary that has a very rich
collection of English nouns and their multiple definitions. Because our dataset is well
structured, we followed the rule-based approach, which can have better results than the
machine learning approach. Extracting relations can be done by putting predefined
manual stable rules, which identify existing relations clearly. In [14] they applied the
rule-based approach on social network dataset. They extracted the main relations, which
helped to clarify the emotions in the text and determined if they are positive, negative,
or neutral. In [15] they used a linguistic rule-based approach to enhance sentiment
analysis by extracting the features from people reviews, which removed context
complexity and enhanced classification accuracy.

There are a variety of relations that could be extracted from the data, like
15



meronyms (part-to-whole), hyponyms (subtype), hypernymy (super type), synonyms
(similar meanings), and antonymy (opposite meanings). In [4] a detailed description of
each relation with examples was mentioned. Extracting the relations starts by
understanding the structure of the sentence. That needs tokenizing the sentence
depending on specific punctuations and patterns, that identify the nature of the word.
Then the POS tagger is used to get each word category. Multiple methods are used, and
NLTK is a popular method, many works use NLTK. [5] used patterns and POS auto-
learning approach to extract terms from scientific texts. They started with basic patterns,
refined them by matching POS sequences in sentences, and created new patterns to find
more terms. This process works well for extracting terms from paper abstracts.

[6] used also NLTK to process tweets. They used the hashtags and URLS found
in tweets in the tokenization process after excluding the hashtag sign. [7] created an
automatic grammatical tagger for a Spanish—Mixtec parallel corpus with 12,300
sentences. They applied GPT-4, CRF, and BERT models after tokenizing and
annotating the corpus according to EAGLES standards.

Multiple languages can be parsed by NLTK. [8] used NLTK tokenizer and
tagger to realize Maithili, Magahi and Bhojpuri languages.

Ontologies are structured representations of knowledge that specify concepts and
the relationships between them within a particular domain. WordNet is a very common
ontology, and we used it in our work in synonyms evaluation process. [9] used WordNet
ontology to build Latvian WordNet ontology. [10] explained how the Bulgarian
WordNet is created and focused on its structure and the additional details compared to
the Princeton WordNet. It discussed the inclusion of words and phrases, and
improvements in organizing synsets with labels for grammar, meaning, and style. It also
described the various connections between synsets and words in the Bulgarian
WordNet.

We concentrated in our work on getting the meronyms and synonyms relations,
because they are very strong relations to clarify the sentence meaning and getting
multiple same meanings, which can broaden the semantic relation so much. Many
researchers concentrated on extracting these relations. In [12] they used lexico syntactic
patterns to extract the synonyms from biomedical texts, which enhanced the retrieval of

biomedical information. In [13] the authors used meronyms relations and represented
16



them as formulas with fuzzy logic to extract the main objects, such as colors and body
parts. Meronyms are important relations and also synonyms are the same. Synonyms are
the set of words that have similar meanings for specific word [16]. Synonyms can be a
rich set because each language is also affected by other languages. In [17] they
explained how Russian language was affected by Greek and Turkic languages. [18] used
the SynMICdb database which has 659,194 synonyms, to explore cancer mutation
frequency and tumor distribution.

We used Wordnet ontology and thesaurus dictionary in our evaluation, which
provided a rich collection of relations. Wordnet ontology in used in multiple projects.
[19] used WordNet ontology in their research and evaluated its hypernyms and
synonyms. In [20] researchers used the WordNet ontology and its relations to discover

the domain of a topic by using TF-IDF method.
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3 LANGUISTIC FUNDAMENTALS

3.1 DICTIONARY FORMAT

There are many dictionaries available on the internet, but I selected the most
used one in other people’s work and a rich one, which is OPTED. It is not copyrighted
and is available for use.

It consists of 28 separate sections, each dedicated to one letter, which I unified
into one section.

The dictionary is easy to read and comprehend. It is well-structured and uses
plain punctuation. The word being defined appears first in each entry, followed by its
part of speech (for example, n. for a noun or v. for a verb) in parenthesis. Definitions are
rich and frequently include information about the word's origins, such as Old English,
Latin, or Greek. Commas are used to keep things clear by separating lists or parts of a
definition, whereas parentheses are used to give further information. Semicolons are
used to separate closely related concepts or examples. Quotation marks are used to
illustrate sentences, and periods are used to finish each definition. The dictionary also
covers specialized terms from areas like music, architecture, and science, giving helpful
examples and links to related words. The punctuation and layout make this dictionary
detailed and straightforward to follow, helping readers learn about words, their
meanings, and their history.

Each word may have different entries. Each entry could express a normal
meaning or a relation, like a synonym, meronym, or hyponym. Each relation has its
special keywords that refers to its existence.

The dictionary is wide and follows an organized structure. It handles the case of
multiple definitions and multiple parts of speech for each word.

In our study, we concentrated only on nouns and avoided other parts of speech

that may have different processing methods.
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Malarian (a.) Alt. of Malarious

Malarious (a.) Of or pertaining, to or infected by, malaria.

Malashaganay (n.) The fresh-water drumfish (Haploidonotus grunniens).

Malassinilation (n.) Imperfect digestion of the several leading constituents of the food.

Malassimilation (n.) An imperfect elaboration by the tissues of the materials brought to them by the blood.

Malate (n.) A salt of malic acid.

¥Malax (v. t.) Alt. of Malaxate

Malaxate (v. t.) To soften by kneading or stirring with some thinner substance.

Malaxation (n.) The act of softening by mixing with a thimner substance; the formation of ingredients into a mass for pills or plasters.
Malaxator (n.) One who, or that which, malaxates; esp., a machine for qrinding, kneading, or stirring into a pasty or doughy mass.
Malay (n.) One of a race of a brown or copper complexion in the Malay Peninsula and the western islands of the Indian Archipelago.
Malay (a.) Alt. of Malayan

Malayan (a.) Of or pertaining to the Malays or their country.

Malayan (n.) The Malay lanquage.

Malayalam (n.) The name given to one the cultivated Dravidian languages, closely related to the Tamil.

Malbrouck (n.) A West African arboreal monkey (Cercopithecus cynosurus).

Figure 3.1 Dictionary Format Snapshot

(Figure 3.1) shows a section of the dictionary. There are same words with different tags
and definitions. OPTED dictionary has a lot of definitions for each word. It is a good

data source for extracting semantic relations.
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3.2 Meronyms (Part of Relations)

Meronyms, or "part-whole" relationships, are connections in a language where a
word represents a part of something larger. Essentially, meronyms identify components
or elements of a whole. Meronyms help break down complex ideas into smaller, more
understandable pieces.

For instance, "wheel" is a meronym of "car,” as a wheel is part of a car.
Similarly, "head" is a meronym of "body,” since a head is part of a body. Meronyms can
describe physical parts, like the "engine™ in a "car,” but also abstract elements, such as a
"chapter" in a "book."

Meronyms are not limited to just physical components. In some cases, they also
represent functional or conceptual parts. For example, in a "team" a "player™ can be seen
as a meronym of the "team," since each player is a part of the team. In language,
individual words or sounds can act as meronyms of a larger phrase or sentence.

Meronyms are usually categorized into two types: componential and member
meronyms. Componential meronyms refer to physical parts that make up a whole, like
the "engine™ in a "car" or the "keyboard" in a "computer.” Member meronyms, on the
other hand, refer to individuals within a group, such as a "player” in a "team" or a
"student” ina "class".

Meronym relationships can be recognized by specific words like "part of,"

" mwon nog

has," "includes,"” "is part of," or "is made of." These words clearly indicate how parts
relate to a whole.

For example, in the sentence "A car has wheels and an engine,"” the word "has"
shows the connection between the car and its parts. Similarly, in "A wheel is part of a
car,” the phrase "is part of" explains the relationship.

The structure, or syntax, used to express these relationships is simple. Usually,
the whole is mentioned first, followed by its parts, like "A house includes walls and a

roof." Alternatively, the part may come first, such as "A roof is part of a house."
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3.3 Synonyms And Synsets

Synonyms are words that have similar or identical meanings. They add variety to
language and help avoid repeating the exact words. For example, house, home, and
residence all refer to where someone lives, but each word can have a slightly different
tone or usage. The choice of synonym often depends on the situation or the feeling you
want to express.

Synsets, or synonym sets, group nouns that share the same meaning. These are
particularly useful in fields like linguistics and computer language tools. For example,
the synset {car, automobile} refers to “a vehicle with four wheels.”

Synonyms are similar words but don’t always mean the same thing. Some, like
attorneys and lawyers, are almost the same. Others, like happy and joyful, have the
same feelings. Synonyms help in many ways. In translation, they match words with the
correct meanings in another language. In text analysis, they help systems understand
content. Search engines use them to link related words, making searches more effective.
The word "tree" can have different meanings. It can mean a big plant with a trunk and
branches or a diagram with branching parts. Synsets help sort these meanings so
language tools know which one to use. In conclusion, synonyms make language more
flexible and expressive, while synsets organize these meanings to improve

understanding. Together, they enhance communication for both humans and technology.
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4 METHODS AND TOOLS

To extract the meronymy and synonyms, we used the OPTED dictionary, which
has a predefined rich structure. We followed a rule-based approach rather than a
machine-learning approach. We applied multiple steps, starting by preprocessing our
dictionary and then parsing and tokenizing to get the data structure that we handled. We
used the data structure to find sentences that could have a relation, then matched them
with exact patterns that we defined according to the dictionary's content. We used the

same dictionary to find synonyms and synsets of nouns.

Because our dataset consists of nouns with their definitions, there were static
rules that we could define to find meronyms and synonyms relations. This more suited
the rule-based approach and produced a high-accuracy result compared to the machine

learning approach, which needs more training and a bigger dataset.

4.1 Meronyms Extraction

There was no rich ready dictionary to use, so we used a dictionary called
OPTED, which consists of a separate dictionary for each English alphabet letter. We
gathered all the letters dictionaries, which have the same format, in one dictionary.
Then, we removed unnecessary characters and marks such as "!"" and extra unneeded
spaces.

After preparing our dictionary we applied the NLTK tokenizer, which depends
on specific punctuation to detect the start and end of each token. NLTK knows common
abbreviations, so the percentage of parsing mistakes is rare.

NLTK POS tagger was used to discover the right tags for each word, which is
the most sensitive step in extracting relations from the dictionary. Wrong POS tags can
mislead an existing right relation. We applied NLTK POS tagger for each sentence by
itself, and not for whole dictionary, which also gave us higher accuracy.

After applying NLTK tokenizer and getting POS tags, we could start to detect
sentences that may have a relation, and that is according to specific keywords that are so
common to detect meronym relations.

We processed one keyword to detect meronym relations which is "part of."

22



Because it is the basic key to detect meronym relation. We did put some rules that we
recognized according to the structure of meronym relations, to say if the word "part of"
is really a keyword, or it is a normal word, that is no indicator for meronym relation.
After having the sentences that could have a meronym relation, we were able to
start finding the relations by matching the sentence with the right relation pattern. We
had previously put these relation patterns through looking into dictionary by our eyes.
We had defined 11 patterns which have specific tags for each word like noun is part of

noun (we will mention these patterns in chapter 5).

4.2 Synonyms Extraction

We used the same OPTED dictionary because it was rich of synonyms. We
started by a simple method for extracting synonyms, by realizing the punctuation
(semicolon), which comes in the definition and refers to possible synonym relation. We
processed the nouns and their noun synonyms only.

Synsets are groups of each noun synonyms together and can be used to get
more synonyms relations. We used these synsets to find nouns which have intersected
synonyms, and as a result they become synonyms for each other. And we used the
words’ synsets to find nouns which have transitive relations. After getting the transitive
and intersected synonyms, we got the nouns that are similar to each other. Similarity
was defined by getting the synsets of each word in the definition and adding it to other
words in the same definition. Then we applied the same process for all nouns. Then we

looked for nouns that have 70% similarity or higher in final definition synsets.
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5 SOLUTION AND IMPLEMENTATION

We processed the OPTED dictionary, and removed not needed characters. We
tokenized the dictionary text file by using NLTK tokenizer. We used NLTK POS tagger
to get POS tags for nouns’ definitions sentences. The final structure consists of each
word and its multiple definitions, that can be used in getting desired relations.

We used the most famous keyword for realizing meronym relation "part of," to
get sentences that may have a meronym relation. We classified these sentences
according to some rules, that we wrote to decide if they might have a synonym relation
or not. After that we processed the sentences that have the meronym relations and
matched them with the most suitable rule to get the final relations.

For getting synonyms relations, we also tokenized the dictionary text and got
POS tags by using NLTK library. We concentrated on nouns only. We looked for the
nouns that have the semicolons in their definitions, and got the synonyms from there.
After getting the synsets, we applied the intersection and transitive relation between
them and then found similar synsets. Similar synsets should have exact synonyms
shared between them or synonyms of these shared synonyms according to specific

percentage that we defined.

5.1 Dictionary Preprocessing

The first step for finding relations in dictionary is to use a rich dictionary, which
has a formal definition way for defining the words and has the tag of each word that is
defined.

OPTED dictionary is a very good English dictionary. It is used in multiple
ontologies and APIs. It has a lot of definitions and multiple definitions for each word. It
consists of 28 separate sections, one for each alphabetic letter. We gathered these 28
dictionaries in one dictionary and had 180160 definitions for multiple tags. We were

only interested about nouns in defining the main objects of our relations, so we
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extracted the nouns only.

We removed extra characters like extra spaces and not needed punctuations to
not confuse the tokenizer.

Then we extracted the words, which have the noun type and have (.n) next to
the word that is defined, and we built our base structure, which consists of each noun

and its multiple definitions.

5.2 Getting POS Tags

The POS tag is the category of the word. Getting the right tags is the most
important phase in getting the right relations.

We used the NLTK to get the tags by passing each definition for each word to
the NLTK tokenizer. The tokenizer depends on specific words to know the start and end
of the sentence. It splits between words, even if there are no direct spaces, which could
be special characters, like dashes, for example.

NLTK tokenizer has many tools and we used the tool word_tokenizer. This tool
divides the text into words and uses the rule-based approach. It depends on finding
patterns after dividing the text according to punctuations or spaces. It processes special
cases like abbreviations and mixed text. (Figure 5.1) shows the tags for words in the

sentence "the angry bear chased the frightened little squirrel."”

S
-_'__'_'___‘__,__:—'— —\—\__\__\_\_\_\_\__\_\-
MNP VP
f'fh“ S f"’fﬂk“‘“-h._
Dat MNom v N_P
the Adj MNom chased Det MNom
| | | ,ﬁ
angry N e Adj Nom
bear frightened Adj N

little souirrel

Figure 5.1 Words’ Tags Example

After tokenizing we were able to apply the NLTK POS tagger, that gives a tag
for each token in the sentence. We applied that for each sentence by itself to get the last
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tokens, that will be used in getting our desired relation.

For example, for the sentence "Ablution The act of washing or cleansing
specifically the washing of the body or some part of it as a religious rite,"” NLTK will
give the following output for POS tags:

Ablution/NNP The/DT act/NN of/IN washing/VBG or/CC cleansing/VBG
specifically/RB the/DT washing/NN of/IN the/DT body/NN or/CC some/DT part/NN
of/IN it/PRP as/IN a/DT religious/JJ rite/NN.

Where NNP Proper Noun, DT Determiner, NN Noun, IN Preposition, VBG
Gerund, CC Conjunction, RB Adverb, PRP Pronoun, JJ Adjective.

There is a difference between parsing the whole dictionary and parsing each
sentence by itself. Parsing the whole dictionary at one step ignores some punctuations,
which could result in wrong tags.

For example, we will see the difference between whole file parse and each definition
parse for three definitions in the dictionary.

Milliampere (n.) The thousandth part of one ampere.

Milliweber (n.) The thousandth part of one weber.

Nape (n.) The back part of the neck.

1- Result of Parsing the whole file by one parse.
Milliampere/NNP The/DT thousandth/JJ part/NN of/IN one/CD ampere/JJ.
Milliweber/NNP The/DT thousandth/JJ part/NN of/IN one/CD weber/NN.
Nape/NNP The/DT back/JJ part/NN of/IN the/DT neck/NN.

2- Result of Parsing each line by itself.
Milliampere/NNP The/DT thousandth/JJ part/NN of/IN one/CD ampere/NN.
Milliweber/NNP The/DT thousandth/JJ part/NN of/IN one/CD weber/NN.
Nape/NNP The/DT back/JJ part/NN of/IN the/DT neck/NN.

The difference is found in word ampere, which had the wrong tag JJ in the first parse,

but the right tag NN in the second parse.
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5.3 Building Meronym Structure

We tokenized the text and got the POS tags for each word. After this phase we
were able to use the dictionary for getting multiple relations, starting with the meronym
relations. This relation is labeled by multiple keywords and we depended on the basic
keyword which is "part of." This word is a strong indicator for meronym relation.

We selected each word with at least one definition containing the word "part of."
We depended on dictionary data structure and considered each word as a key in this
dictionary, so no word could be repeated. Every word definition containing the word
"part of" can be a value from multiple values for this key.

(Table 5.1) shows a representation of our structure by having three words with

their definitions as an example.

Table 5.1 Meronyms Data Structure Shape

Key Values

Hair is part of head and it covers skin above the skull

is part of body and it grows in different places

Wheel the lower part of car
Door Basic part of a closed place which is a way to be in that
place

5.3.1 Evaluating Relation Existence

After getting the base structure, which consist of each keyword which is a noun
in the English dictionary. We were able to get the meronym relations or any other
relations.

We have only the sentences the have the keyword “part of.” This keyword can
refer to meronym relation or it can be a normal word that doesn’t have the meaning of
part of whole and so doesn’t indicate a relation.

We had to follow some rules to determine if the keyword has the part-whole
meaning. We had these rules after looking into dictionary sentences and having some
statistics. We did put a test collection consisting of 100 sentences that were matched
with rules and approved that the rules are 90% correct. We will mention these seven

rules that we constructed after a manual look at the dictionary.
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First rule: if the length of the sentence is less than 7 words so, it is definitely a
keyword. Because the keyword "part of* will not contribute into other idea. If we have
this length, the keyword "part of" will have the part whole meaning only.
example: "Barrel (n.) The hollow basal part of a feather."

Second rule: if the length of the sentence is more than 7 words, and the keyword
comes in the first section of the sentence, it is a keyword. When the length is more than 7
words, we should look at the location of the keyword, and if it comes in the first half of
the sentence, it is describing the noun by whole part relation, while if it is in the second
half, it is a big probability that it is not.
Example: "Bar (n.) An ordinary, like a fess but narrower, occupying only one fifth part of
the field."”
Here, the word "part of" is not a meronym keyword relation because it comes in the
second section.

Third rule: when the keyword is proceeded by the proposition, it has no whole
part meaning.

Example: "Act (n.) A performance of part of a play; one of the principal divisions
of a play or dramatic work in which a certain definite part of the action is completed."”
In this sentence, the keyword "part of" comes in the first section of the sentence, but it is
preceded by a proposition, so it doesn’t indicate a part-whole relation.

Fourth rule: when the keyword is proceeded by a relative clause, like "which" and
"that," it doesn’t indicate a whole part relation.
Example: "Backlash (n.) The distance through which one part of connected machinery, as
a wheel, piston, or screw, can be moved without moving the connected parts, resulting
from looseness in fitting or from wear; also, the jarring or reflex motion caused in badly
fitting machinery by irregularities in velocity or a reverse of motion."
The keyword "part of" here is preceded by "which," that describes another word in the
sentence and not the word "Backlash™ and it does not indicate a whole-part relation.

Fifth rule: if the sentence has the word "Act of" then the keyword "part of,"” it
doesn’t indicate a part-whole relation.
Example: "Bath (n.) The act of exposing the body, or part of the body, for purposes of
cleanliness, comfort, health, etc., to water, vapor, hot air, or the like; as, a cold or a hot
bath; a medicated bath; a steam bath; a hip bath.”

Sixth rule: if the keyword is proceeded by one of the following words: “about,"
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"above,"” "across,” "after,” "against,” "along,” "among,” "around,” "at," "before,"

"behind,” "below," "beneath,” "beside,” "between," "beyond,” “by," "during,” "except,"”

"for,” "from," "in," "inside,"” "into," "near,"” "of," "on," "over," "past," "since," "through,"
"to," "under," "until,” "up," "with," "without," it doesn’t indicate a part-whole relation
(meronym).

Example 1: "Yoke (n.) A tie securing two timbers together, not used for part of a regular
truss, but serving a temporary purpose, as to provide against unusual strain."

Example 2: "Goldfinch (n.) A beautiful bright-colored European finch (Carduelis
elegans). The name refers to the large patch of yellow on the wings. The front of the head
and throat are bright red; the nape, with part of the wings and tail, black; -- called also
golds pink, Goldie, fool's coat, draw bird, draw-water, thistle finch, and sweet William."

Seventh Rule: If there is an indefinite and general object after the keyword, there

is no relation. The words that are indefinite are "anything," "thing,” "whole,” and
"object."
Example: "Back, The outward or upper part of a thing as opposed to the inner or lower

part as the back of the hand the back of the foot the back of a hand rail. "

5.3.2 Right Rule Matching

After getting the definitions that have the keywords which express a meronym
relation and not a normal meaning, we moved to get the right shape of the meronym
relation and to get the final pairs, which have the shape of A is part of B.

We applied the rule-based approach which depends on a core. The core consists
of multiple rules. We had these rules after evaluating multiple meronym relations by eye
to conduct the rules. We ended with 11 rules for meronym relations that we describe

here.

5.3.2.1 Noun Keyword Noun Rule

If the word that is defined is a noun and the word that comes after the keyword is a
noun. If so, the word that is defined is part of the word that comes after the keyword,
and they have a meronym relation. (Figure 5.2) shows the representation of the rule,
where the dark blue circle represents the tag, and the light blue circle represents the

noun in the sentence.
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Example: "Wheel (n.) part of Car. "

Meronym Relation: Wheel part of car.

Part Of
-

Figure 5.2 Noun Keyword Noun Rule Representation

5.3.2.2 Noun Keyword Determiner Noun Rule

If the word that is defined is a noun and the word that comes after the keyword is the
determiner word, then followed by a noun.

If so, the defined noun is part of the word that comes after the determiner word. (Figure
5.3) shows the representation of the noun keyword determiner noun rule. The dark blue
circle represents the tag, and the light blue circle represents the noun in the sentence.

Example: "Back (n.) The upper part of a lode, or the roof of a horizontal underground
passage. "

Meronym relation: Back part of lode.

Part Of
B

Figure 5.3 Noun Keyword Determiner Noun Rule Representation
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5.3.2.3 Noun Keyword Determiner One Adjective Noun Rule

If the word that is defined is noun and the word that comes after the keyword is
determiner then followed by adjective and then followed by noun.

If so, the defined noun is part of the noun that comes after the adjective but described by
this adjective because the advective limits the item.

Example: "Beakhead (n.) A small platform at the fore part of the upper deck of a vessel,
which contains the water closets of the crew. "

Meronym Relation: Buckhead part of upper deck.

5.3.2.4 Noun Keyword Determiner Multiple Adjectives Noun Rule

If the word that is defined is a noun and the word that comes after the keyword is a
determiner, then followed by multiple adjectives and then followed by a noun.

If so, the defined noun is part of the noun that comes after the adjective but described by
these adjectives because the adjectives limit the item.

Example: "Base (n.) The lower part of a complete architectural design, as of a
monument; also, the lower part of any elaborate piece of furniture or decoration. "

Meronym Relation: Base part of complete architectural design.

5.3.2.5 Noun Keyword Verb-Gerund Noun Rule

If the word that is defined is a noun and the word that comes after the keyword is verb-
gerund, then followed by a noun.

If so, defined noun is part of the noun associated with the verb-gerund that describes it.
Example: "Face (n.) That part of the acting surface of a cog in a cog wheel, which
projects beyond the pitch lines."

Meronym Relation: Face part of acting surface.
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5.3.2.6 Noun Keyword Comparative Proposition Noun Rule

If the word that is defined is a noun and the word that comes after the keyword is a
comparative adjective (adjective +er) followed by proposition then by noun.

If so, the defined word is part of the noun that is preceded by the comparative adjective.
Example: "Tome (n.) As many writings as are bound in a volume, forming part of a
larger work; a book; -- usually applied to a ponderous volume."

Meronym Relation: Tome part of larger work.

5.3.2.7 Noun Keyword Adjective Noun Rule

If the defined word is a noun and the word that comes after the keyword is an adjective
followed by a noun.

If so, the defined word is part of the noun that is preceded by the adjective that comes
directly after the keyword.

Example: "Nonage (n.) The ninth part of movable goods, formerly payable to the clergy
on the death of persons in their parishes."”

Meronym Relation: Nonage part of movable goods.

5.3.2.8 Noun Keyword adjective Verb Rule

If the defined word is a noun and the word that comes after the keyword is an adjective
followed by a verb as a tag but acts as a noun in categorization.

If so, the word that comes before the keyword is part of the verb-noun that is preceded
by the adjective.

Example: "Tenth (n.) The tenth part of annual produce, income, increase, or the like; a
tithe.”

Meronym: Tenth Part of annual produce.
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5.3.2.9 Noun Keyword Comparison Noun Proposition Determiner Noun Rule

If the defined word is a noun and the word that comes after the keyword is a determiner
word + comparison + nounl + proposition + determiner + noun2.

If so, the defined word is part of the comparison + nounl + proposition + determiner +
noun2 phrase.

Example: "Malar (n.) The cheek bone, which forms a part of the lower edge of the
orbit.”

Meronym: Malar Part of lower edge of the orbit.

5.3.2.10 Noun Keyword "One" Noun Rule

If the defined word is noun and the word that comes after the keyword is the word “one”
followed by noun.

If so, the defined word is part of the noun that comes after the word “one”.

Example: "Micron (n.) A measure of length; the thousandth part of one millimeter. "

Meronym: Micron is part of millimeter.

5.3.2.11 Noun Keyword Noun’s Noun Rule

If the defined word is noun and the word that comes after the keyword is possessive
phrase containing of noun + apostrophe (‘) + noun.

If so, the defined word is part of the possessive phrase.

Example: "Taffrail (n.) The upper part of a ship's stern, which is flat like a table on the
top, and sometimes ornamented with carved work; the rail around a ship's stern. "

Meronym: Taffrail is part of ship's stern.

We had an order for these rules in our program. If a sentence has a rule that could be
part of a longest rule, it will be discussed first in our program and will be matched first.
After selecting the correct rule, we were able to get the meronym relations in our
program, which are added to the output text file. The text file is the output of our
program. It contains two lines for each relation, the first one is to mention each word
with its definition, and the second line is to mention the meronym relation objects

according to our program.
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Here are some lines of our meronym file, that the program produces after
evaluating relation existence and matching with the correct rule for each definition that

has the keyword “part of.”

Adenography, That part of anatomy which describes the glands

Adenography->Adenography Part of anatomy.

Scampavia,A long low war galley used by the Neapolitans and Sicilians in the

early part of the nineteenth century

Scampavia->no relation:keyword in second half.

Footing, The finer refuse part of whale blubber not wholly deprived of oil

Footing->Footing Part of whale blubber.

Therapeutics,That part of medical science which treats of the discovery and application of remedies for diseases
Therapeutics->Therapeutics Part of medical science 6

Thesis, The accented part of the measure expressed by the downward beat the opposite of arsis
Thesis->Thesis Part of measure 4.2

Thesis,The part of the foot upon which such a depression falls
Thesis-»>Thesis Part of foot 4.2

Third,The sixtieth part of a second of time
Third->Third Part of second of 2

Third,The third part of the estate of a deceased husband which by some local laws the widow is entitled to enjoy du
Third->Third Part of estate 4.2

Figure 5.4 Program Meronyms Snapshot

(Figure 5.4) shows our program output for the meronym relations. The number which is
mentioned near each relation is a reference to the rule that the relation matches in our

program.
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5.4 Synonyms Extraction

Extracting synsets can’t be done through one phase because synonyms have a
collection structure. Multiple operations can be applied on this collection like
intersection, transitive relations, and similarity relations. Now we will describe each step

that we applied until we got the last synsets.

5.4.1 Base Synonyms

Synonyms are words that have the same meaning. The OPTED dictionary is rich
in synonyms, which are expressed by putting a semicolon ™;" to indicate that the phrase
is a synonym of the base word.

"Taenioid (a.) Ribbonlike; shaped like a ribbon. ™ This an example of one word
synonym which is "Ribbonlike."
"Levite (n.) A priest; -- so called in contempt or ridicule. ™ This is an example of
a synonym that contains a determiner + word, which is "A priest.”
Because we focused in our search on nouns, so, we took the synonyms which are nouns
only. We looked for the definitions that have the semicolon and then split them by
semicolon to get the multiple synonyms if there is more than one synonym.
“Earth (n.) A part of this globe; a region; a country; land.”
In this sentence, the program will find multiple synonyms for the word "earth™ which
are " region™ and "globe. "

After getting the nouns with their multiple synonyms, we went through the next

stages to get more synonyms (See Table 5.2).

Table 5.2 Base Synonyms

Noun Synset
Nounl AB.C
Noun2 B,D,E
Noun3 F.C
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Table 5.3 Synonyms Synsets Phasel Representation

Noun Synsets
A B, C,
B
C F
D B,H,E
E
F E
H

We will use Table 5.3 as an example in our next phases.

5.4.2 Synonyms Intersection

After getting the base synsets, we were able to increase our synonyms collection
for each word by following inference.

If Alisa synonym of B, A isa synonym of C => B isa synonym of C.
Because of intersection, which means if two words have shared synonyms between their
synsets, they would be synonyms to each other.
We took each word from our synsets and then looked in every other word to find if there
is any intersection between the synsets of both words.
If we have n words, we can find n-1 other extra synonyms, if the intersection in synsets
happened in each word with the other.
From (Table 5.3) we can see that A and D are synonyms because they have the shared
synonym B, so we will add the noun D to the synonyms of A. D and F are synonyms
because they have E shared between them.

After we applied the intersection, we got the following synsets represented in (Table 5.4)
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Table 5.4 Synonyms Intersection

Noun Synsets
A B,C,D
B
Cc F
D B,HEF
E
F E
H

5.4.3 Transitive Synonyms

After getting the base synonyms and applying the intersection between them, we
moved to the third step, which is applying the transitive relation between synsets.
If Alisa synonym of B and B is a synonym of C => A is a synonym of C.
So, for each noun we have and that has synonyms, we will go into its synonyms and then
for each one we will add its synonyms to the base noun if it wasn’t there.
For a noun we can have more n-1 synonyms, if each other noun has one synonym at
least.
From (Table 5.5) we can see that C has the synonym F. C is one of the synonyms of A,
so by applying transitive relation, F will be another synonym of A.
F is synonym of C, C is synonym of A => F is synonym of A
B is synonym of D, D is synonym of A=> B is synonym of A
H is synonym of D, D is synonym of A=> H is synonym of A
E is synonym of D, D is synonym of A=> E is synonym of A
E is synonym of F, F is synonym of C=> E is synonym of C
After applying first level of transitive relation, we got the following Table
(See Table 5.5).
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Table 5.5 Transitive Synonyms

Noun Synsets
A B,C,D,F,HE
B
C F, E
D B,HE
E
F E
H

We can get more and more synonyms by applying transitive relations for second time,
but we stooped at first transitive level to have the strongest synonyms.

5.4.4 Similarity Synonyms

After getting the base synonyms and then applying the intersection between the
synonyms and then applying the transitive relations we moved to the fourth step. Fourth
step includes applying the transitive relations between synsets to get a larger set.

There are some words that are not direct synonyms of each other and which are
not the result of intersection or transitive relations, but have a similar meaning which
might be expressed by different words or by synonyms of the words in the meaning.
Example:

Let say we have the two nouns wordl, words2 defined by the following definitions

Word1: nounl noun2 verbl noun3 noun4.

Word2: noun5 verb2 noun6 noun7 noun8.

Let’s suppose that nounl is a direct synonym of noun5, so it is in the direct
synset of nounl. Let's suppose noun2 and noun6 have intersected synonyms, so as a
result, they are synonyms of each other, and noun3 and noun7 are the same word, so we
have three shared words between the definitions of the nouns wordl1 and word2.

These shared words might be the same exact word, or one word occurs in the wide
synset of the second word, which will include the direct synonyms or intersected
synonyms or transitive synonyms. Because we have three words, so the percentage of
shared words is 3/4 = 75, which means that the words are synonyms of each other,

because they have similar words in their definitions. We specified the percentage of
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similarity in our work as higher than 70%. So, words might be similar to each other
when they have synonyms that are shared between them according to a specific
percentage which we set as higher than 70%. These shared synonyms can be direct

synonyms or can be synonyms that are a result of intersection or transitive relations.
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6 Evaluation

We evaluated our work accuracy according to accuracy factors and did that for both

meronyms and synonyms.

6.1 Meronyms Evaluation

As we previously mentioned in getting our meronyms relations, we used two
steps. The first one was deciding if the keyword is really a relation keyword or it is a
normal keyword, and the second step was to match the relation with the correct rule. We
had to evaluate if the first step was correct and to measure our factors for keyword
correctness if it really expresses a meronym relation. Then, we tested if the relation we
got is really successful and if the correct rule is matched.

To do our evaluation, we selected 100 random definitions from the dictionary.
We labeled these definitions by our hand by 0 or 1. 0 means that the definition doesn’t
have a meronym relation and the keyword has a different meaning than the meronym
meaning. 1 means that the definition has a meronym relation and the keyword expresses

a meronym relation. Here is a part of our random 100 samples (see Table 6.1).

Table 6.1 Manual Keyword Evaluation

Definition Manual
Keyword
Evaluation
Tenth, The tenth part of annual produce income 1

increase or the like a tithe

Basin, A circular or oval valley or depression of 0
the surface of the ground the lowest part of
which is generally occupied by a lake or
traversed by a river

Yellow, A bright golden color reflecting more 0
light than any other except white the color of

that part of the spectrum which is between the

orange and green
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Hearth, The floor of a furnace on which the 1
material to be heated lies or the lowest part of a
melting furnace into which the melted material

settles

Table, The part of a machine tool on which the 0

work rests and is fastened

In the next (Table 6.2) we will look at our program evaluation. There is a section in our
program that is responsible for comparing manual results with automatic results.

This section wasn’t a human process, which is a strong point for our evaluation. It made
our evaluation flexible, and whenever we changed any rule, it was easily reflected in our

evaluation results (See Table 6.2).

Table 6.2 Program Keyword Evaluation

Definition Program
Evaluation
Tenth, The tenth part of annual produce income 1

increase or the like a tithe

Basin, A circular or oval valley or depression of 0
the surface of the ground the lowest part of
which is generally occupied by a lake or

traversed by a river

Yellow, A bright golden color reflecting more 0
light than any other except white the color of
that part of the spectrum which is between the
orange and green

Hearth,The floor of a furnace on which the 0
material to be heated lies or the lowest part of a
melting furnace into which the melted material

settles

Table, The part of a machine tool on which the 1

work rests and is fastened
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6-1-1 Relation Existence Evaluation

In order to evaluate the relation existence and if the program found that the keyword is
really a meronym keyword if it should be, or it is not a meronym keyword if it expresses
a normal meaning, we defined the following metrics:

True Positives (TP): manual evaluation says that the keyword expresses a relation, and
our program also says the same.

We will use the examples from (Table 6.1) and (Table 6.2).

Example "Tenth™ definition, which is at the first row of the both tables.

False Positives (FP): manual evaluation says that the keyword doesn’t express a relation,
but our program says the keyword expresses a relation.

Example “Table” definition that is at the fifth row of both tables.

False Negatives (FN): manual evaluation says that the keyword expresses a relation, but
our program says the keyword doesn’t express a relation.

Example “Hearth” definition, which is at the fourth row of both tables.

True Negatives (TN): manual evaluation says that the keyword doesn’t express a relation,
and our program says the keyword doesn’t express a relation too.

Example “Basin” definition, which is at the second row of both tables.

After defining our four metrics we can calculate the F factors as following:

True Positives

Precision =

True Positives + False Positives

True Positives

Recall =

True Positives + False Negatives

True Positives + True Negatives
Accuracy =
True Positives + True Negatives + False Positives + False Negatives
2 * (Precision * Recall)

FScore =

Precision + Recall
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We got the following results for the 100 random samples, precision=0.884, recall=0.91, accuracy=0.86, and
fscore=0.89.

6-1-2 Right Rule Match Evaluation

In order to evaluate that if the program was able to extract the correct shape of the

relation, and define the sub and whole objects in meronym relation correctly, we defined

the following metrics:

True Positives (TP): manual evaluation mentions the relation A is part of B and our

program also extracts the same relation A is part of B.

We will use the examples from (Table 6.3) and (Table 6.4).

Example "Tenth" definition, which is at the first row of both tables

False Positives (FP): manual evaluation mentions no relation and the program extracts a

relation.

Example “Table” definition that is at the fifth row of both tables.

False Negatives (FN): we have this value in one of two scenarios:

1- manual evaluation mentions the relation A is part of B and our program extracts a
different relation.

Example “Bare” definition which is at the third row of both tables.

2- manual evaluation mentions the relation A is part of B and our program doesn’t
extract any relation.

Example “Microampere” definition that is at the fourth row of both tables.

True Negatives (TN): manual evaluation mentions no relation and our program doesn’t

extract a relation.

Example “Basin” definition, which is at the second row of both tables.

After getting our four metrics we can calculate the F factors as following:

True Positives

Precision =
True Positives + False Positives
True Positives
Recall =
True Positives + False Negatives
True Positives + True Negatives
Accuracy =

True Positives + True Negatives + False Positives + False Negatives
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2 * (Precision * Recall)

FScore =

Precision + Recall

We got the following results: precision=0.882, recall=0.89, accuracy=0.85, and fscore=0.88.

In (Table 6.3) we see the rules that we received from meronyms manual evaluation.

Table 6.3 Manual Meronym Rules

Definition

Manual Rule

Tenth, The tenth part of annual produce,

income, increase or the like a tithe

Tenth Part of

annual produce

Basin, A circular or oval valley or
depression of the surface of the ground the
lowest part of which is generally occupied
by a lake or traversed by a river

0

Bare, That part of a roofing slate shingle tile
or metal plate which is exposed to the

weather

Bare part of
roofing slate

shingle tile

Microampere,One of the smaller measures
of electrical currents the millionth part of

one ampere

Microampere

part of ampere

Table, The part of a machine tool on which

the work rests and is fastened

In (Table 6.4) we see the rules that we received from the program.

Table 6.4 Program Meronym Rules

Definition

Program Rule

Tenth, The tenth part of annual produce

,income ,increase or the like a tithe

Tenth Part of annual

produce

Basin, A circular or oval valley or
depression of the surface of the ground
the lowest part of which is generally
occupied by a lake or traversed by a

river

No relation keyword

in second half
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Bare, That part of a roofing slate shingle Bare Part of roofing

tile or metal plate which is exposed to

the weather
Microampere,One of the smaller No relation:keyword
measures of electrical currents the in second half

millionth part of one ampere

Table, The part of a machine tool on Table Part of machine

which the work rests and is fastened

In the following figure (Figure 6.1) we see a section of our program evaluation.

0-Adjunct, Something joined or added to another thing but not essentially a part of it
0-no relation:keyword in second half

0-Backboard,A board serving as the back part of anything as of a wagon
O-undefined object

0-Act A performance of part of a play one of the principal divisions of a play or dramat
0-no relation:proposition or conjuction

1-Bare,That part of a roofing slate shingle tile or metal plate which is exposed to the
1-Bare Part of roofing 4.2

1-Barrel,The hollow basal part of a feather(Barrel part of feather)
1-Barrel Part of feather 4.2

1-Beak,The upper or projecting part of the shell near the hinge of a bivalve (Beak part o
1-Beak Part of shell 4.2

0-Cam, A projecting part of a wheel or other moving piece so shaped as to give alternate
1-Cam Part of wheel 4.2

1-Face,That part of a body having several sides which may be seen from one point or whic

faces (face part of body)
1-Face Part of bodv 4.2

Figure 6.1 Program Evaluation

Where the first line is manual evaluation and the second line is program output.
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6.2 Synonyms Evaluation

Synonyms are words that have similar meanings. Synsets can be a wide
collection. Finding exact measures is a hard operation because two words may have
different synsets and have no shared synonyms between them, but they are synonyms in
meanings.

In our evaluation, we depended on a popular website for finding synonyms,
which is www.thesaurus.com and on the ontology Wordnet which has many relations
between words. For getting synonyms from Wordnet, there is a ready API, which we
used. For www.thesaurus.com, there is no API, so we had to make a program that sends
a request to the website for each word and then analyzes the response to get the
synonyms.

In (Table 6.5) we see the result for this program for 5 random words which were

taken from thesaurus.com website by using our program.

Table 6.5 Thesaurus Program Result

Word Synset

Sectator adherent, apostle, cohort, devotee, enthusiast, fanatic,

learner, pupil, zealot

Tempera acrylic, color, cosmetic, dye, enamel, latex, makeup, oil,

pigment, stain, varnish, wax

Troop armed forces, army, contingent, forces, military, soldiers
Fomentation cataplasm, compress, dressing, plaster
Tendon hamstring, ligament, sinew, tissue

In (Table 6.6) we see the result that we had by using our program, which
generates the synsets through four steps, which are dictionary lookup, then synsets
intersection, and then transitive relation for synsets, and then finding similarities

between synsets.
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Table 6.6 Synonyms Program Result

Word Synset

Sectator follower, disciple, scholar

Tempera distemper

Troop company, number, multitude, army, battery, bevy,

fellowship, fraternity, legion, livraison, meiny, military,

numero, partnership, race, school, thrave, turm, war

Fomentation excitation, instigation, encouragement

Tendon sinew, fibre, thew

In order to evaluate our synsets results we used a collection of 100 random
words. We got the synsets for these 100 random words from our program synsets. We
also got the synsets for same 100 random words from thesaurus website by using a
program that we developed.

After getting the synsets from our program and from thesaurus we calculated two
metrics. The first metric is the total numbers of intersected synonyms for the whole 100
words between our program and thesaurus. The second metric is the total count of
synonyms that we got from thesaurus for these 100 words.

We measured the accuracy of our program synonyms by the following recall formula:

Total Number Of Intersected Synonyms

Recall =

Total Number Of Thesaurus Synonyms
We got 10.4% for evaluating 100 random samples.
For example, the number of intersected synonyms in the five words which are
mentioned in (Table 6.5) and (Table 6.6) is 3 synonyms (army, military, sinew). The
number of thesaurus synonyms for the five words in (Table 6.5) is 35.
Recall is 3/35 * 100 =8.5%.

(Figure 6.2) shows a section of our evaluation program that we developed for 100
random words. The first line represents the synonyms for the word from our program.
The second line represents synonyms from thesaurus website. The third line represents

the intersection between the first and second lines.
47




Veil

Program Synset List: cover, curtain, cover, disquise, mask, pretense, fence, guise, jest, lodging, masque, masquerade,
Thesaurus Synset List: cloak, curtain, mask, shroud

Intersected Synonyms: curtain, mask

Peg

Program Synset List: reason, step, footing, logos, pace, sake, score, walk
Thesaurus Synset List: fix

Intersected Synonyms:

Fidget

Program Synset List: uneasiness, restlessness, dysphoria, impatience, unease, unquietude, unrest

Thesaurus Synset List: fret, jiggle, squirm, twiddle, twitch

Intersected Synonyms:

Indecision

Program Synset List: indetermination, irresolution, vacillation, hesitation, faltering, misdoubt, pause

Thesaurus Synset List: uncertaintﬂ

Intersected Synonyms:

Parturition

Program Synset List: delivery, childbirth, birth, geniture, nascency, nativity, parage, parentage, seed, tradition

Thesaurus Synset List: birth, delivery
Intersected Synonyms: birth, delivery

Figure 6.2 Thesaurus And Program Synonyms Evaluation

We followed the same evaluation method for our program synonyms and Wordnet
synonyms. We got synonyms from Wordnet ontology by using their API. (Table 6.7)
shows the synonyms for the five words by using Wordnet ontology C# library, which is
called Syn.WordNet.Extension, which has multiple functions, and we used the function
GetSynSets.

Table 6.7 WordNet Synonyms

Word Synonyms

Sectator follower, disciple,
scholar

Tempera poster-paint,  poster-

color. poster-colour

Troop Flock, scout-group,
scout-group,  parade,

promenade, parade

Fomentation instigation

Tendon sinew

We measured the accuracy of our program synonyms comparing to Wordnet ontology
synonyms by using the same metric that we used to compare our program synonyms with
thesaurus synonyms which is the recall formula.
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Total Number Of Intersected Synonyms

Recall =

Total Number Of Thesaurus Synonyms

We got the following value for this metric 10.2% for evaluating same 100 random
samples that we used in thesaurus evaluation.

(Figure 6.3) shows a section of our evaluation program for the 100 random words. The
first line represents the synonyms for the word from our program. The second line
represents synonyms from Wordnet ontology. The third line represents the intersection

between the first and second lines.

Veil

Qur Program Synset List: cover, curtain, cover, disguise, mask, pretense, fence, guise, jest, lodging, masque, masquerade, :
WordNet Synset List: humeral veil, veil, caul, embryonic membrane, head covering, obscure, blot out, obliterate, hide
Intersected Synonyms:

Peg

Qur Program Synset List: reason, step, footing, logos, pace, sake, score, walk

WordNet Synset List: peg, pin, thole, tholepin, rowlock, carlock, wooden leg, leg, pegleg, stick, nog, peg down, nail down,
Intersected Synonyms:

Fidget

our Program Synset List: uneasiness, restlessness, dysphoria, impatience, unease, unquietude, unrest

WordNet Synset List: fidget, fidgetiness, restlessness

Intersected Synonyms: restlessness

Indecision

Qur Program Synset List: indetermination, irresolution, vacillation, hesitation, faltering, misdoubt, pause

WordNet Synset List: indecisiveness, indecision, irresolution

Intersected Synonyms: irresolution

Parturition

Qur Program Synset List: delivery, childbirth, birth, geniture, nascency, nativity, parage, parentage, seed, tradition

WordNet Synset List: parturition, birth, giving birth, birthing
Intersected Synonyms: birth

Figure 6.3 Wordnet And Program Synonyms Evaluation

Our program synsets result were rich, but we depended on the following
argument to defend our result. If we look at the most famous two resources for getting
synsets, which are the thesaurus and Wordnet, we find that they have different
synonyms for the same words, but they are close in meanings. Because the synsets could
be different but have similar meanings, there will be no exact way to evaluate. We can
see from (Table 6.5) and (Table 6.7) that for five words, there was only one word that

has shared synsets, which is “Tendon” and that was in most famous synonym’s
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resources, WordNet and thesaurus. That supports our result and clarify that there is no
accurate way to measure synonyms. In our program, we got very big and rich synsets
for each word.

We calculated the recall value for the same 100 random samples between thesaurus and
Wordnet, and found the following value 12.6% which is so close to our previous recall
values.

That means that our program synsets were good results but there is no chance to get
high recall values for two different resources. Because they will not have the exact
synsets. They could have different synsets and that is the principle of synonyms

(different words with same meanings).

(Figure 6.4) shows a section of our evaluation program for 100 random words. The first
line represents the synonyms for the word from Wordnet. The second line represents
synonyms from thesaurus. The third line represents the intersection between the first

and second lines.

Veil

Wordnet Synse List: humeral veil, caul, embryonic membrane, head covering, obscure, blot out, obliterate, hide
Thesaurus Synset List: cloak, curtain, mask, shroud

Intersected Synonyms:

Peg

Wordnet Synse List: pin, thole, tholepin, rowlock, carlock, wooden leg, leg, pegleg, stick, nog, peg down, nail down, n
Thesaurus Synset List: fix

Intersected Synonyms:

Fidget

Wordnet Synse List: fidgetiness, restlessness

Thesaurus Synset List: fret, jiggle, squirm, twiddle, twitch
Intersected Synonyms:

Indecision

Wordnet Synse List: indecisiveness, irresolution
Thesaurus Synset List: uncertainty

Intersected Synonyms:

Parturition
Wordnet Synse List: birth, giving birth, birthing

Thesaurus Synset List: birth, delivery
Intersected Synonyms: birth

Figure 6.4 Wordnet And Thesaurus Synonyms Evaluation
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7/ CONCLUSION

This thesis has demonstrated the importance of semantic relations in Natural
Language and presented an implementation for extracting two kinds of semantic
relations: meronyms and synonyms. Extracting the relations from text focuses on the
most important words. Our thesis showed that the rule-based approach is highly
effective for identifying meronyms and synonyms in a well-structured dataset like
OPTED. By utilizing OPTED’s organized structure and NLTK tools, we achieved high
accuracy.

We created a comprehensive set of rules for identifying meronyms and designed
a robust algorithm for finding synonyms. These efforts simplify the process of
extracting key relationships. They offer a dependable method for building ontologies
and enhancing tasks like information retrieval and search optimization.

Comparing our results with reliable resources like WordNet and thesaurus
dictionary validated the accuracy and dependability of our approach.

Future work will focus on implementing more keywords, more semantic
relations, such as hyponyms, and it will implement other parts of speech, such as nouns,
adjectives, and more.

By expanding the scope of this research, we can unlock new insights into

semantic relations and contribute to the field of Natural Language Processing.
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