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PREFACE

In the modern world, the growth of human knowledge is exponential. Also, computer

science is one of the most promising and quickly growing fields of study in general. If someone

is new to computer science and wants to study it, they may feel like they are in an ocean of

new information. There are numerous learning resources and tutorials for computer science

available online. Some of them are good, while others fall short of expectations. But the

main goal of each tutorial is to set up a learning path that fits a task that the student is

interested in. To be clearer, since we are mostly focused on the academic side, these works

do not meet our standards.

It would be amazing if there were a way that could help people learn the things they

desire. A knowledge graph[  1 ] can be of tremendous use in this situation. As we are primarily

interested in computer science learning for beginners, computer science knowledge graphs[  1 ]

can be used to create an excellent computer science learning tool.

As we were interested in developing a learning tool and a knowledge graph[  1 ] appears

to be a good approach, we are growing interested in the issue and would like to know if

it can be utilized to meet our requirements. When attempting to construct a computer

science knowledge graph[ 1 ], we looked for a database or dictionary from which to construct

the graph. A few computer science dictionaries are available from various organizations.

However, they are either obsolete or more field-specific. Since we are interested in all areas

of computer science and the subject is expanding exponentially, it is difficult to create a

database for computer science because they become obsolete so quickly. So, we planned to

make an automatic system that would add the phrases to the database on its own. If the

database can automatically add new terms, there is less chance that it will become out of

date.

In the third chapter of this research article, we explore the reason for our study, in-

cluding why we chose to work on this subject and how we arrived at our current research

objective. After that, we addressed the terms we need to know in order to proceed with this

investigation. In the next chapter, we’ll talk about past works that have something to do

with our own. After we finished that chapter, we looked at a simulation example in which
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we simulated the example’s inputs and outputs. Following that, we described the data set

used in our experiment. Then, we discussed our proposed algorithm and the results of our

investigation. At the conclusion of the essay, we covered the planned future work for this

study project.
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ABSTRACT

With the proliferation of computer science in recent years in modern society, the number

of computer science-related employment is expanding quickly. Software engineer has been

chosen as the best job for 2023 based on pay, stress level, opportunity for professional growth,

and balance between work and personal life. This was decided by a rankings of different

news, journals, and publications. Computer science occupations are anticipated to be in

high demand not just in 2023, but also for the foreseeable future. It’s not surprising that the

number of computer science students at universities is growing and will continue to grow. The

enormous increase in student enrolment in many subdisciplines of computers has presented

some distinct issues. If computer science is to be incorporated into the K-12 curriculum,

it is vital that K-12 educators are competent. But one of the biggest problems with this

plan is that there aren’t enough trained computer science professors. Numerous new fields

and applications, for instance, are being introduced to computer science. In addition, it is

difficult for schools to recruit skilled computer science instructors for a variety of reasons

including low salary issue. Utilizing the K-12 teachers who are already in the schools, have a

love for teaching, and consider teaching as a vocation is therefore the most effective strategy

to improve or fix this issue. So, if we want teachers to quickly grasp computer science

topics, we need to give them an easy way to learn about computer science. To simplify

and expedite the study of computer science, we must acquaint school-treachers with the

terminology associated with computer science concepts so they can know which things they

need to learn according to their profile.

If we want to make it easier for schoolteachers to comprehend computer science concepts,

it would be ideal if we could provide them with a tree of words and phrases from which they

could determine where the phrases originated and which phrases are connected to them so

that they can be effectively learned. To find a good concept word or phrase, we must first

identify concepts and then establish their connections or linkages. As computer science is a

fast developing field, its nomenclature is also expanding at a frenetic rate. Therefore, adding

all concepts and terms to the knowledge graph would be a challenging endeavor. Creating a

system that automatically adds all computer science domain terms to the knowledge graph
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would be a straightforward solution to the issue. We have identified knowledge graph use

cases for the school-teacher training program, which motivates the development of a knowl-

edge graph. We have analyzed the knowledge graph’s use case and the knowledge graph’s

ideal characteristics. We have designed a web-based system for adding, editing, and remov-

ing words from a knowledge graph. In addition, a term or phrase can be represented with

its children list, parent list, and synonym list for enhanced comprehension. We’ve developed

an automated system for extracting words and phrases that can extract computer science

idea phrases from any supplied text, therefore enriching the knowledge graph. Therefore, we

have designed the knowledge graph for use in teacher education so that school-teachers can

educate K-12 students computer science topicses effectively.
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1. INTRODUCTION

With the proliferation of computer and information technology in today’s life, jobs relating to

the computing discipline are growing exponentially. Based on multiple rankings conducted in

2023 by USNews [ 2 ], Bloomberg [  3 ], and CNBC [  4 ], software engineer or software developer

has been selected as the best job considering salary, stress level, career growth opportunity,

and work-life balance [  5 ]. US Bureau of Labor Statistics (BLS) anticipates a 22% increase in

employment vacancies, or over 400,000 additional positions in software development, until

2030 [  6 ]. The strong career opportunity in the CS discipline has not gone unnoticed by

aspiring students; in fact, US universities are experiencing unprecedented growth in the

number of students who want to major in CS [ 7 ], [  8 ]. Such growth motivated Universities

to invest additional resources in the CS department, often by hiring more professors, and

often by offering a variety of degrees closely related to CS. For instance, many universities

now offer bachelor’s or advanced degrees in Software Engineering, Data Science, Machine

Learning, CyberSecurity, or Artificial Intelligence—each, a sub-discipline of CS [  9 ].

The enormous growth of student enrollment in various computing sub-disciplines has

brought some unique challenges. In past, students who are genuinely interested in CS, and are

well-prepared in terms of their background knowledge chose CS as their intended major. At

present, with the large number of enrollments, CS readiness of students varies substantially;

among the students, there are many, who are not well-prepared to be successful in their

CS educational endeavour [ 10 ]. A remedy to this challenge, as identified by the experts

of the National Academy of Science, is to increase the exposure of computing concepts,

computational principles, information security, and data analytics to students throughout

the K-12 pipeline [ 11 ][ 12 ].

If we want to incorporate computer science into the K-12 curriculum, it is imperative

that we have qualified K-12 educators. However, the scarcity of qualified computer science

instructors in the K-12 level is one of the greatest obstacles to this strategy [  11 ], [  13 ]. A

reason for this is the given lucrative job opportunities in industries, recent CS graduates are

not very keen on taking high school teaching jobs. Besides, existing teachers who are on

this job for a long period of time are not well trained to teach computer science [  14 ]. This
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is partly due to the fact that computer science is a rapidly evolving field with continuous

updates of its contents [  15 ]. Numerous new domains and applications are being added to

computer science; more languages and algorithms are added than ever before. Also, there is

a significant amount of research in computer science. All these make it more difficult even

for a good teacher to keep up with the trends in computer science. Besides, difficulty in

establishing a consistent computer science curriculum for students in grades K-12 is another

crucial issue [  16 ].

The most viable solution to the above issues is to utilize the current K-12 teachers who are

already in the schools, have a passion for teaching, and view teaching as a career. However,

they should be given an opportunity to self-train computer science concepts at their own

pace, and convenience. The platform from where they learn CS concepts should be free,

updated, and organized. The platform should provide a repository which describes various

computer science concepts in an easy-to-understand manner.

To make learning computer science simple and quick, we must familiarize school instruc-

tors with computer science concept terminology, and phrases [ 17 ] so they know which are

which. Now comes the topic of what computer science concept phrases are and why we re-

quire them. We are looking at words and phrases that are used in computer science but not

in other fields. If a word or phrase is used in both computer science and other fields, we mark

it as non-computer science and leave it out of the learning materials. So, "computer science

concept terms" or "computer science phrases" are terms or phrases that explain computer

science ideas. If school-teachers are familiar with computer science terminology, they will

find it easier to grasp these subjects. and familiarity with such issues would facilitate their

learning.

Because the field of computer science changes so quickly, it is hard to find a complete list

of computer science terms and phrases. Therefore, we must isolate the concept terms. We

primarily extracted words and concepts from the provided text using three processes. As a

result of identifying the ideas in the first stage, we know that the words we’re interested in

are inside our area of focus. The second step is to establish the link between the concept

phrases. Last, in order to make a useful database, we need to collect both old and new

concept phrases. To gather computer science phrases, we’ve created a comprehensive, deep
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learning-based extraction technique that can extract computer scientific terms from a given

text. The supplied text might be a sentence, paragraph, essay, or article. In addition, we

have created the early preview of knowledge graph, a web-based collaborative program for

storing terms with their associations.

If we want to simplify the process for school teachers to understand computer science

concepts, it would be ideal if we could provide them with a tree of words and phrases from

which they can identify where the phrases originated and which phrases are connected to

the phrases so they can be effectively learned. As computer science is a rapidly expanding

discipline, its associated terminology is also expanding at a furious speed. So, adding all

ideas and phrases to the knowledge graph would be a difficult task. If we could make a

system that automatically adds all computer science domain words to the knowledge graph,

that would be a simple way to solve the problem. If we are able to do this, then it will be

simpler for public school teachers to learn from them in a variety of ways. If school teachers

select a phrase or word from the knowledge graph, they are able to select any term and

view which terms or phrases are the phrase’s parents. From the parent list, it’s easy to see

where the word came from, which helps the reader understand what the phrase means and

how it works. Then, users can look at the list of the phrase’s children to figure out what

branches it has and what is directly connected to it. Then, they can examine the phrase’s

synonym list to see which words are interchangeable. If school teachers know the synonyms,

they can quickly spot the words in their different forms when they appear in a document.

Again, if teachers could see the image of the linkages through a graphical representation, the

material would be more interesting and easier to comprehend. Moreover, if the knowledge

graph were a "living" knowledge graph, i.e., if new computer science-related concepts were

added automatically, that would be excellent for school teachers’ learning systems.

We have identified knowledge graph use cases for the school-teacher training scheme,

which drives us to develop a knowledge graph. We have replicated nearly all of the aspects

of our vision’s knowledge graph. We have developed a web-based knowledge graph system

where terms may be added, edited, and removed. If the word has child and parent terms

and phrases, the system allows for the creation, modification, and deletion of the child and

parent terms and phrases. In addition, there is an appealing live search mechanism that
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allows users to easily find the desired term. In the live search, any user may search for a

term or phrase using a variety of filtering and sorting options that make it easy to locate

any desired term. If they pick a term or phrase linked to computer science and that term or

phrase has a synonym, the synonyms will be readily visible when they mouse over the term

or phrase. In addition, we focused on automating the collection of terms. We have developed

a tool based on deep learning that extracts computer science-related terms from a given text.

The extracted phrases may be put into the knowledge graph if we can automatically generate

the edges of the phrases, which is one of our research project’s next key tasks.

My contributions to this master’s thesis include the following:

1. Preparatory work for constructing a knowledge graph

2. Collection and preparation of data

3. A sophisticated method for the extraction of computer science idea phrases

4. Developing a web-based software solution for the creation, visualization, and modifi-

cation of a preliminary knowledge graph
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2. BACKGROUND

In this chapter I will discuss some background material that is related to the contribution

of this thesis.

2.1 Knowledge Graph

An ontology is a formal and structural way of representing the concepts and relations in

a domain. Ontologies are widely used for natural language understanding, question answer-

ing, machine translation, and intelligent personal assistance services, and decision support

systems in life sciences, to name a few. Formally, ontologies are represented by formal lan-

guage based tools, including DARPA Agent Markup Language (DAML) or Web Ontology

Language (OWL). For an ontology, these languages provide options for storing concepts, the

type of concepts, relationships among concepts, and the type of relationships. One can also

add axioms that determine the validity and define constraints in ontologies. However, on-

tologies can also be defined informally as a directed graph in which the concepts are vertices

and the relation between the concepts are the edges. Vertex and edge labels encode the type

of concepts and the type of relationships. In fact, such informal versions of ontology are also

named as knowledge graph (KG), a term whose definition is not yet properly established [  18 ].

In recent years, there has been tremendous interest in building knowledge graphs (KGs),

in which nodes are entities and a pair of nodes are connected by an edge with one or

more relational labels. The semi-structured representation of a knowledge graph provides

semantically structured information that is important for building human-like intelligent

machines. Such machines can drive various knowledge-based applications, including question

answering systems, intelligent personal assistance services, and decision support systems in

life sciences, to name a few.

There are many advantages to using a graph-based abstraction of knowledge instead

of a relational model or NoSQL. Graphs are a compact and understandable method for

representing a wide variety of topics. Edges show the different and often complicated ways

that things in a domains are connected to each other. With graphs, maintainers don’t have

to choose a schema right away, giving the data more time to change. Standard relational
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operators (like joins, unions, projections, etc.) and navigational operators can be used in

graph query languages to find items linked by paths of any length. Ontologies and rules can

be used to define the terms in a graph and figure out what they mean. Scalable frameworks

for graph analytics can be used to calculate things like centrality, clustering, summarization,

etc., to learn more about the area in question. There are currently emerging ways of applying

machine learning to graphs.

A large number of industrial-scale knowledge graphs [  19 ] have already been created, note-

worthy among them are YAGO [  20 ], DBpedia [ 21 ], NELL [ 22 ], Freebase [  23 ], and Knowledge

Vault [  24 ]. Among these, Yago and DBpedia use semi-structured data, such as Wikipedia

infoboxes, as their source, along with substantial human intervention, which enables them

to maintain highly accurate facts. On the other hand, NELL and Knowledge Vault use an

automated unstructured approach, where facts are extracted from the natural language text

of Web pages. The KGs from the latter group have high coverage and they have the ability

to grow organically. From a computational point of view as well, the latter group has an

advantage, as they can scale almost linearly with the size of their source data, which makes

them an attractive choice considering the proliferation of information and the impressive

growth of online content.

Although scalable, the fidelity of the facts in automatically constructed KGs remains a

big concern. While the information in YAGO and DBpedia can be highly accurate, exceed-

ing 95% accuracy, the accuracy of NELL, an organically generated knowledge graph using

never ending learning was reported to be around 74% [  22 ]. Besides, the accuracy of any

automatically generated knowledge graph decreases over time as the incorrect facts are com-

pounded through the inference process using an existing incorrect fact. The relatively low

accuracy of automatically constructed KGs, in most cases, is due to name entity ambiguity,

or relation-type ambiguity that can be mitigated by using a rich context for an entity.

In this thesis, we build a knowledge graph prototype for the computer science discipline.

This knowledge graph is different from the existing real-life knowledge graph is different

ways. First, the entities in our knowledge graph have only a few types, which include sub-

discipline, model name, algorithm name, abstract CS objects, or CS concept terms, whereas

in real-life KG, the entities can be very diverse, such as person, organization, object, product,
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location, etc. Second, the relation in our knowledge graph are mostly semantic relations, such

as is-a (hypernym-hyponym), hyponym-sibling, cause-effect, part-of (meronym-holonym),

synonym, sequential (succession in space and time), argumental (process-agent, process-

state), etc.

2.2 Term Extraction

To build a knowledge graph for the CS discipline, we first need to identify a collection of

entities representing CS concept. When such entities are related to a certain language or a

field of study, we may refer them as terms, keywords, or phrases; they can be composed of

words or multi-word phrases, which are used to describe an object or communicate a notion

in that language or in that field of study. Typically, one use “term” to refer a single-word

or multi-word entity, on the other hand, a “phrase” must always consist of more than one

word. For the CS knowledge graph that we are building, we have considered two to five word

phrases as candidate terms. Also note, we evaluate terms and phrases based on their close

association exclusively with computer science. For instance, if the term or phrase is utilized

in multiple contexts and makes meaning in other fields of study, we consider it to be a non-

computer science expression. For instance, "hard problem" is regarded as a non-CS word

because it is applicable in a variety of contexts. On the contrary, if the term is "NP-hard

problem," then it is a term from computer science [  25 ].

In the Information Retrieval or Digital Library research discipline, the process of ex-

tracting terms from text corpora is known as term extraction, which generates a list of core

vocabulary of a specific subject. A terminologist extracts terms manually by compiling a

list of prospective term candidates and then consulting with a domain expert to generate

a final list of verified terms. Manual process for indexing, and describing a domain’s core

vocabulary is a labor-intensive task, specifically, for a domain like CS, where the vocabulary

changes quickly and is always growing. To overcome this challenge, we can adopt automated

term extraction, which uses a computer program to extract terms from a text corpus relevant

to the given domain. Manual and automated term extraction has their relative strengths

and weaknesses. Manual term extraction produces high quality vocabulary, thanks to the
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knowledge of domain experts who validate those terms, but the process is slow and labor

intensive [  26 ]. On the other hand, automated process is fast, and it can extract a large num-

ber of terms if appropriate corpus is used. However, it is less accurate as extracted terms

may not reprect a core entity in the given domain.

In information retrieval literature, automatic Term Extraction is also called keyword ex-

traction, terminology mining, term recognition, glossary extraction, term identification, and

term acquisition. The process is based on automated text corpus analysis. It uses a machine-

learning-based agent which bases its decisions objectively on corpus evidence. Because the

terminological status of a phrase is frequently a question of degree and susceptible to indi-

vidual variation, automatic term extraction can overcome the subjectivity of an expert that

may possibly impact the term extraction-process. Besides, automatic term extraction saves

the expert from having to look through the whole text by hand. The idea of using automatic

term extraction is that we can use it as a preliminary filter to gather a large number of

potential term candidates, which this process does well. Despite these benefits of automatic

term extraction, it is important to highlight that words are fundamentally semantically de-

fined, since they relate to a domain-specific notion, and that fully automated modelling of

semantics is currently beyond the capabilities of computers. The final confirmation of a

term’s status must still be done by hand by experts in the field [  27 ].

For performing automatic term (or keyword) extraction, there are several algorithms,

which differs based on the methodology that they adopt. For example, term extraction

can be formulated using statistical [  28 ][ 29 ][ 30 ], graphical [  31 ], learning-based [  32 ][ 33 ][ 34 ],

or hybrid methodologies [  35 ][ 36 ][ 37 ]. It is noticed that the Graphical Keyword Extraction

Methodologies (GKET) are more scalable and computationally less expensive than the other

Automatic Keyword Extraction (AKE) techniques. There are different ways of text extrac-

tion, but all major types of text extractions are directly or indirectly related with Graph of

Word [  27 ][ 31 ].
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2.3 Different types of machine learning models

Machine learning models accepts a collection of data and produces meanining knowledge

from that. There are many different kinds of machine learning models. Among which the

followings are prominent:

• Supervised Learning: Given training data consinsting of a collection of data in-

stances, each of which is a pair: a data vector and a label (a number of a category

value), a supervised learning algorithm uses the training data to train a model which

approximates a functin to map a data vector to the corresponding label. Since each

data instance is associated with a label, the model is called “supervised”, as the la-

bels guide the learning algorithm to learn the unknown function which maps the data

instance to the label.

• Unsupervised learning: Unsupervised learning, commonly referred to as unsuper-

vised machine learning, utilizes machine learning algorithms to evaluate and cluster

unlabeled information. Without the need for human interaction, these algorithms un-

cover hidden patterns or data groupings. It is great for exploratory data analysis,

cross-selling techniques, consumer segmentation, and picture identification because to

its capacity to identify similarities and contrasts in data [  38 ][ 39 ].

• Semi-supervised learning: Semi-supervised learning is a blend of strategies for su-

pervised and unsupervised learning. It combines a little quantity of manually labeled

data (a supervised learning element) with a vast amount of unlabeled data. Through

data clustering, this approach makes it feasible to train a machine learning (ML)

algorithm on data annotation (e.g., the labeling or categorization of data) without

manually labeling all of the training data, thereby enhancing efficiency without com-

promising quality or accuracy [  40 ]. For instance, if you have a large data set containing

images of dogs and cats, a semi-supervised approach would enable you to manually

label a small portion of the data (identifying a few images as "dogs" and a few others

as "cats"), and the machine learning algorithm would then be equipped to define the

remaining data. This combines the advantages of supervised and unsupervised learn-
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ing by encouraging the algorithm to make autonomously sound judgments with less

initial human intervention.

• Reinforcement learning: In this learning paradigm, an algorithm learns a policy on

how to act based on observations of the real world. Every action has an effect on the

surrounding environment, and the environment offers input to the learning process.

• Dimensionality Reduction: Often dimensionality reduction can be categorized as

unsupervised learning as for this task data instances are not associated with a label. It

is used when a dataset has an excessive number of characteristics or dimensions, which

negatively impact machine algorithms (overfitting). It decreases the quantity of data

inputs to a tolerable level while retaining the integrity of the dataset to the greatest

extent feasible. Dimensionality reduction is often employed in the data preparation

phase, and there are a number of available approaches, such as Principal component

analysis (PCA), Singular value decomposition (SVD), Autoencoders.

• Representation learning Representation learning is a type of algorithm, which

learns a meaningful representation vector (also called embedding vector) for complex

data objects, like words, phrases, sentences, and images. When used such represena-

tion, the performance of downstream tasks improves substantially. For example, when

words or sentences are embedded by using dense real-valued vectors obtained from rep-

resentation learning, semantically similar words are embeeded in nearby vector, which

contributes to improved performance for tasks like document classification, and rank-

ing. In general, embedding improve generalization and performance for virtually every

machine learning task, especially when training data is scarce. In recent years, deep

neural networks are used for learning representation of complex data objects. This

may be one of the most important discoveries that lead to the success of deep learning

models in many tasks in natural language processing and computer vision.
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2.4 LSTM

LSTM is an acronym for Long Short-Term Memory Networks, which are utilized in the

field of Deep Learning. It is a subset of recurrent neural networks (RNNs), which can learn

long-term dependencies, especially in tasks that involve predicting what will happen next.

Because it has feedback links, LSTM can process the whole sequence of data, not just single

data points like pictures. This is useful for speech recognition, machine translation, etc.

LSTM is a subtype of RNN that performs exceptionally well on a wide range of issues. LSTM

works well in areas where RNN are used. For example, it does a great job of recognizing

sequences.

2.5 BiLSTM

BiLSTMs, or bidirectional LSTMs [  41 ], are basically an enhancement over LSTMs. In

bidirectional LSTMs, each training sequence is shown both forward and backward to separate

recurrent nets. Both sequences are linked to the same layer of output. Bidirectional LSTMs

have a lot of information about each point in a sequence [  42 ], including all the points that

come before and after it. However, the challenge is how to rely on information that has

not yet occurred. The human brain employs its senses to gather information from words,

sounds, and entire phrases that may make no sense at first but will make sense in a later

context. Conventional recurrent neural networks can only obtain information from the prior

context. In contrast, information is gained in bidirectional LSTMs by processing data in

both directions within two hidden layers that are pushed toward the same output layer.

This facilitates access to long-range context in both directions for bidirectional LSTMs. If a

sentence is given as an example, the LSTM model will work from beginning to end or end to

beginning, depending on the content and target domain. But with BiLSTM, the model will

start to work in both directions, and the output of one layer will be used as the input for the

next layer. Using bidirectional LSTMs, we are able to feed the learning algorithm with the

original data from beginning to end and back again. Despite its domain- and task-specificity,

this method often learns quicker than one-directional LSTM.
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2.6 Transformers

Transformer networks turn a given series of components, such as a sequence of words in a

phrase, into another sequence. Seq2Seq models are great at translation, which is the process

of changing the order of words in one language into the order of words in another language.

Long-Short-Term-Memory (LSTM)-based models are a common option for this task. With

sequence-dependent data, LSTM modules give meaning to a sequence while remembering

(or forgetting) the significant bits (or unimportant). Any Seq2Seq model consists of an

Encoder and a Decoder. The Encoder converts the input sequence into a space with a

higher dimension (n-dimensional vector). The Decoder receives this abstract vector and

converts it into an output sequence. The output sequence might be in a different language,

symbols, a duplicate of the input, etc. The Seq2Seq model works great for small sentence or

text, but does not work well for longer text. In those cases, we require a different solution,

similar to how the human brain works.

People have to deal with many different topics and ideas, but not all of them are im-

portant. Because of this, the human brain remembers the most important tasks and bases

decisions on them. Similarly, the Transformer model does not recall or forget anything de-

pendent on scenarios. Instead, Transformers recall the significant bits of the input. The main

characteristics of transformers are non-sequential (sentences are digested as a whole rather

than individually), self-attention (this attribute is utilized in NLP operations to compute

similarity scores between words in a sentence), positional embeddings (This is yet another

innovation made in Transformer to replace repetition. The concept is to employ fixed or

learnt weights that encode information about a token’s position in a sentence).

RNNs and LSTMs do great most of the time when the input text is small, but they

have trouble when there are a lot of dependencies. The primary reason why transformers

do not have long-term reliance difficulties is the first point. The original transformers do

not rely on previous concealed states to determine word dependencies. They instead process

sentences holistically. Therefore, there is no possibility of losing (or "forgetting") historical

information. Both multi-head attention and positional embeddings give information about
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how words are related to each other. So, for longer text, transformers generally yields better

results.

2.7 BERT

BERT [  43 ][ 44 ], which stands for "Bidirectional Encoder Representations from Trans-

formers," is based on Transformers, a deep learning model in which every output element

is connected to every input element and the weightings between them are made dynam-

ically based on how they are related(In NLP, this is referred to as attention). BERT is

an open-source embedding framework for machine learning and natural language processing

(NLP). BERT is aimed to assisting computers in understanding the meaning of ambiguous

words in the text by establishing context from the surrounding text. The BERT framework

was already trained on Wikipedia text, and the embedding model can be fine-tuned with

question-and-answer datasets if demanded.

In the past, language models could only read text from left to right or right to left, but

not both at the same time. BERT is unique in that it is meant to be read in both directions

simultaneously. This capacity, made possible by the development of transformers, is referred

to as "bi-directionality." BERT is already trained on two NLP tasks that are different but

related: masked language modeling and predicting the next sentence. The goal of Masked

Language Model (MLM) training is to hide a word in a phrase and have the algorithm

guess (mask) the hidden word based on the context. The goal of Next Sentence Prediction

training is to teach the computer to predict whether two given phrases go together in a

logical, sequential way or just by chance.

As we already know, BERT is pre-trained on a massive database, making it more gener-

alized for many viewpoints, and we can quickly download and use the BERT model for our

purposes. But occasionally, embedding requires more expertise, to be more specific domain

knowledge. BERT also offers this type of adaptability. If necessary, we may adjust the BERT

model using our own data set to make it more accurate for our target data set [ 45 ][ 46 ].
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3. PREVIOUS WORKS

Keyphrase extraction is concerned with automatically extracting a set of representative

phrases from a document that concisely summarizes its content [ 47 ]. There are not any prior

works dealing with the extraction of computer science phrases from texts, but there are a

number of prior methods for extracting keywords from texts. Among these, we have identi-

fied the followings which works well. They are: YAKE [  48 ], FRAKE [  49 ], Key-BERT [  50 ],

Spacy [  51 ][ 52 ][ 53 ], Gensim [  54 ][ 55 ], Improved TextRank [  56 ][ 57 ], and RAKE [ 58 ].

Below we provide a brief discussion of each of the above methods.

3.1 Yake

In order to find probable candidate phrases, the YAKE [ 48 ] technique first pre-processes

the content into a machine-readable format. A list of distinct phrases is used as the input

for the second phase, which then represents the terms using a set of statistical attributes.

In the third stage, these characteristics are heuristically merged to provide a single score

that is likely to capture the term’s significance. The candidate keywords are then generated

in the fourth stage (using an n-gram creation process) and given scores depending on their

significance. Finally, we use a deduplication distance similarity metric to compare terms

that are probably related to each other. Following that, the final keyword list is arranged

according to relevance ratings.

3.2 FRAKE

The keyword extraction technique known as FRAKE [  49 ] combines textual and graph-

based approaches. Pre-processing, feature extraction, scores computation, key-phrase cre-

ation, and ranking are the 5 processes that make up this procedure. Stop words are removed

from the input data during the preprocessing stage, which separates the data into words and

sentences. Graph feature extraction and textural feature extraction are the next steps in

the feature extraction process. For the purpose of extracting graph features, an unweighted,

undirected graph is formed, with the words serving as the nodes and the 3-gram (trigram)
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of words serving as the vertices. Depending on how central each node is, it receives one of

eight scores: degree centrality (DE), closeness centrality (CL), betweenness centrality (BE),

eigenvector centrality (EV), structural holes (SH), page rank (PR), clustering coefficient

(CC), and eccentricity (EC). These scores are distilled down to a single score for each node

using PCA. The extraction of textural aspects is then carried out with the aid of features

such capital letters, word location, word frequency in document sentences, term frequency

of the word, and part of speech (POS) tag of the word. In order to arrive at a single score

per word, the estimated scores of words based on graph characteristics and textural aspects

are combined. The process of key-phrase creation uses HUPM, and the phrase’s score is

determined by adding the computed scores for each keyword in the phrase. The top K terms

are chosen as the document’s key phrases after the words and phrases are sorted in order of

decreasing score.

3.3 Key-BERT

Key-BERT [ 50 ] searches a document for the sub-phrases most similar to the primary

phrase using BERT-embeddings and apparent cosine similarity. First, a document-level rep-

resentation is obtained by extracting document embeddings using BERT. Word embeddings

are then taken out for N-gram words and phrases. Finally, we utilize cosine similarity to

identify the phrases or words most closely resembling the document. The words that best

describe the full document might then be found by comparing terms that are similar to one

another.

3.4 Spacy

The spaCy module for Python is a free, open-source tool for advanced Natural Language

Processing (NLP). spaCy is built primarily for production usage and facilitates the devel-

opment of programs that "understand" and analyze enormous amounts of text. It may be

used to construct information extraction and natural language comprehension systems, as

well as to prepare text for deep learning. When working with a large amount of text, spacy

may be a useful tool, and it is utilized for a variety of research tasks [  51 ][ 52 ][ 53 ]. There
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is a module in spaCy for extracting the identified entities from the document in which our

interest lies [  59 ]. If an entity recognizer has been applied, this module produces a tuple of

named entity Span objects.

3.5 Gensim

The Gensim keywords summary [ 54 ] is mostly a clustering-based strategy to summarizing

news articles. This article reveals that sentence-based models outperform graph and word-

based models [  55 ]. At the initial stage, a news article is selected from the dataset and

subjected to a number of preprocessing steps. After preprocessing is complete, the model

will execute feature extraction to assign a score to each sentence of the text. The model

generated a vector representation of the text using Gensim Word2Vec. The model then

distributed the vectorized text into k clusters using the K-Means clustering procedure, where

k is the number of clusters. This model determined the optimal value of k using the Elbow

approach. The model will then construct a summary by selecting key sentences from these

clusters depending on the score assigned to each sentence by our processing technique. One-

third of the specified text will comprise the generated summary.

3.6 Improved TextRank

This technique, which is an enhanced variant of the well-known TextRank algorithm [  60 ],

is sometimes producing better results [ 56 ][ 57 ]. The preprocessing of the data, word segmen-

tation, and stop word elimination are the initial steps in the upgraded TextRank algorithm’s

keyword extraction process. The weights for the TF-IDF, word location and part of speech

should then be determined after sorting the preprocessed data into a text set. Give each

weight the correct settings. To create the score of multi-feature fusion calculation words, the

weight value and parameter value computed are added. The first N words are chosen as the

resource’s keywords after the words are sorted according to the determined scores.
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3.7 Rake

RAKE [ 58 ], an automatic keyword extraction technique for extracting keywords from

individual documents, begins keyword extraction by parsing a document’s text into a collec-

tion of candidate keywords by dividing the given text into an array of words using the defined

word delimiters. This array is then divided into sequences of contiguous words based on the

position of phrase delimiters and stop words. Words inside a sequence are allocated the exact

text location and assessed as potential keywords. Additionally, a graph of co-occurrence is

constructed from the input text. Additionally, RAKE generates new candidate keywords by

combining them with their internal stop words. Then, a score is produced for each potential

term by adding the scores of its constituent words. RAKE assessed word frequency, word

degree, and the ratio of the degree to frequency for generating word scores based on the

degree and frequency of word vertices in the graph. The score for the new keyword is the

sum of the scores of its constituent keywords. After candidate keywords are assessed, the

highest T-scoring candidates are chosen as document keywords.

For domain-specific phrase extraction, some other exciting algorithms like Spacy [  61 ]

and Tf-IDF[  62 ] are excellent at text extraction for particular purposes. Spacy, for instance,

performs admirably when used to extract noun keywords. However, if we use Spacy to

extract phrases, it might yield better results. In the age of text extraction, the TF-IDF

algorithm, a statistical method that determines how relevant a word is to a document within

a collection of documents, is also fantastic. To accomplish this, the frequency of a word

within a document and its inverse document frequency across a collection of documents are

multiplied. However, using TF-IDF for our particular case, we need to get better results

when extracting noun phrases for a specific domain.
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4. RESEARCH TASK

4.1 Problem Formulation

In this work, we are interested to extract phrases relating to concepts in the Computer

Science (CS) discipline from text gleaned from CS technical documents, including, but not

limited to, research papers, theses, and Wikipedia articles. Given a text document, which

consists of a collection of sentences, we feed each sentence independently to our phrase ex-

traction pipeline, which emits all the CS concept phrases that may exist in that sentence. We

are particularly interested in multi-word phrases denoting some concepts in the CS discipline.

For instance, given the following sentence: “Artificial intelligence, cognitive modelling, and

neural networks are information processing paradigms inspired by how biological neural sys-

tems process data.”, we want to extract the following phrases: artificial intelligence, cognitive

modelling, neural networks, and information processing paradigm, as each of these phrases

denotes an specific CS concept. Note that, one may argue that biological neural system is

also a valid phrase; however in this work we extract phrases which are exclusively related to

CS discipline denoting some CS cocnept, and exclude phrases which may pertain to other

discipline; so we omit biological neural system as one of the phrases. Another prospective

phrase in this sentence can be process data, which is too generic and does not convey a CS

concept, so we do not want to extract this phrase as well.

Input Our algorithm or model will accept any text, such as a sentence, paragraph, essay,

article, blog post, research paper, or any other text.

Output A list of computer science phrases extracted from the text by the model or

algorithm will be available as output. The algorithm can’t come up with any phrases about

computer science that aren’t already in the text.

Example

For instance, suppose the text is as follows:

A digital certificate is an electronic document issued by a Certificate Authority

(CA). It contains the public key for a digital signature and specifies the identity

associated with the key, such as the name of an organization.
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The result may then be a list of the following phrases: digital certificate, electronic

document, Certificate Authority, public key, digital signature

4.2 Proposed Solution

We follow a hybrid approach to solve this research task. In this approach, we first use

an unsupervised extraction techniques to obtain a collection of candidate phrases. Then

a supervised appraoch is used to validate whether a candidate phrase is a CS phrase or

not. Our unsupervised extraction method uses existing phrase extraction methodologies;

but these methods are not customized to extract CS phrases, so they obtain many candidate

phrases which may or may not be a CS phrase; so a supervised approach is needed which

confirms whether a candidate phrase is a CS phrase or not.

For unsupservised candidate phrase extraction, we have evaluated several existing phrase

extraction techniques. They are Yake, Rake, Frake, KeyBert, Improved Textrank, Spacy,

and Gensim. They were discussed in  chapter 3  . For the purpose of evaluation, we have used

existing benchmark datasets and produce the performance of each of the above methods

on those datasets. The best performing model is then used for generating CS candidate

phrases from Wikipedia articles associated with CS related topics. To obtain such articles,

a collection of seed CS keywords are provided by human experts.

For building the supervised model which takes a candidate phrase and classify them

into CS phrase and no CS phrase, we need to first train the model with supervised data.

Unfortunately, no such labeled data exist. So, we utilize 3 experts who manually labeled

a collection of candidate CS phrases, which were obtained from Wikipedia articles by the

unsupervised phrase extraction method.

In the next chapter, we discussed the datasets in details.
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5. DATASET

As noted in earlier chapter, we have two types of models, an unsupervised term extraction

model, and a supervised classifier model. The term extraction model is chosen from a

collection of existing phrase extraction methodologies. For making this choice, we first

evaluate their performance on a benchmark dataset, called SemEval-2 [  63 ]. Below we provide

more description of this dataset.

5.1 SemEval-2 Dataset

SemEval (Semantic Evaluation) is a continuing series of assessments of computational

semantic analysis systems; it originated from the Senseval series of word sense evaluations.

The objective of the assessments is to investigate the nature of linguistic meaning. Humans

possess an innate sense of meaning, but it has proven difficult to convert this sense to

computational analyses.

This sequence of assessments provides a method for defining in further detail precisely

what is required to calculate meaning. Consequently, assessments provide an emergent

method for identifying challenges and solutions for computations with meaning. These ac-

tivities have evolved in order to elucidate a broader range of linguistic features. Initially,

they attempted to detect word senses computationally in a manner that appeared straight-

forward. They have evolved to examine the interrelationships among sentence parts (e.g.,

semantic role labeling), the interrelationships between sentences (e.g., coreference), and the

substance of what we are saying (semantic relations and sentiment analysis). The objectives

of SemEval and Senseval are to assess semantic analysis systems. "Semantic Examination"

refers to a formal analysis of meaning, whereas "computational" refers to methodologies

that in principle facilitate effective implementation. For our experiment, we have used 2010

published SemEvai-2 data-set’s task 05 collection which is mentioned below:
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task05-TRAIN (STEM)

This data collection consists of 144 research publications and their corresponding key-

words. In this data collection, the cited texts are of the essay variety, with many sentences

per text, and the cited keywords contain multiple phrases that are relevant to our area of

interest. This data set was utilized to compare and select the optimal extraction algorithm

for our purposes. In this thesis when we mention SemEval-2 dataset, we refer to task-5

collection.

5.2 Extraction Results on SemEval-2

In Table  5.1 , we provide a comparison among different existing term extraction methods.

Note that, for comparison, we only use recall metric, as the ground truth is not complete,

i.e., there many be more valid terms in the text which are not listed in the ground truth.

So, precision metric will not be meaningful. As we can see, Rake has the best performance

with a recall value of 0.3751, as it was able to extract 577 terms out of 1538 terms in the

ground truth of SemEval-2 dataset. So, for candidate phrase extraction we have used Rake

as our chosen phrase extraction method.

Table 5.1. Extraction method comparison
Algorithm name Found Phrase Count Recall

Yake 183 0.1189
Frake 24 0.0156

KeyBERT 24 0.0156
SpaCy 10 0.0065
Gensim 92 0.0598
RAKE 577 0.3751

5.3 Wikipedia Dataset

While the SemEval-2 dataset is a good benchmark dataset, which has been substan-

tially used by information retrieval community, a problem with this dataset is that it does

not contain CS phrases. So, we also built another dataset from Wikipedia which have CS
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phrases. This dataset contains 2,587 Wikipedia articles, which are about various CS concepts

covering a diverse sub-fields of CS, such as, algorithms, data science, software engineering,

networking, database, and security. The title of these pages were searched through keywords

manually collected from various textbooks, research papers, and academic curricula with a

rigorous process. From these articles, we have taken 7,975 sentences containing the article

title in the sentence. These sentences were then fed into Rake. Output candidate phrases

were classified through human annotation to obtain 3199 CS and 12027 non-CS phrases.

For human annotation, we have used a team of four CS experts having different research

expertises.
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6. PROPOSED ALGORITHM

6.1 Process of the Algorithm

Our suggested method consists primarily of three steps:

1. Utilize an effective existing generic text extraction method to extract candidate terms.

2. Apply ad-hoc post-processing to filter, add or change phrases

3. Classify candidate phrases using a machine-learning model

Below we provide a brief overview of each of these steps:

6.1.1 Utilize an effective Existing Generic Text Extraction Method

In the first step, an unsupervised machine-learning algorithm must extract an initial

candidate list. As the unsupervised text extraction algorithm, RAKE has been utilized, as

mentioned in earlier chapter. If there is a new text extraction method that works better

than RAKE, it can be added to this step of our proposed process. After applying RAKE,

we get a list of potential keywords and phrases we use in our next steps.

If we apply RAKE to the sentences in our produced dataset with CS and non-CS

phrases labeled, we obtained an output provided in table  6.1 .

Table 6.1. Apply RAKE state result
CS Phrase Count 5,232

Non-CS Phrase Count 12,266
CS Phrase Count (unique) 2,429

Non-CS Phrase Count (unique) 10,113
Precision 0.2990

6.1.2 Apply ad-hoc post-processing to filter, add or change phrases

During this step, we perform additional post-processing to improve the quality of the

results which Rake produces. Rake has some problems when it comes to extracting phrases

related to computer science. The following post-processings are applied:
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• Add Acronym

• Add hyphen-based phrases

• Remove Single words

• Rule-based phrase removal

Add Acronym When the first letters of a lengthier name or phrase are combined, a new

word or name is created, known as an acronym. NATO (North Atlantic Treaty Organization)

is an example of an acronym made from the first letters. In our case, we are interested mainly

in the long forms of acronyms as they are good phrases. We are also collecting the short

forms of acronyms by removing them as single sentences. But RAKE does not extract all of

them. So, we need to extract them by ourselves. RAKE does not extract all acronyms from

the given text or phrase. Thus we must develop our ad hoc way to collect acronyms for our

phrase extractor. We are adding a new step where we collect acronyms to do that. Applying

our ad-hoc RAKE post-processing to gather abbreviated acronym forms in the provided text

yielded results that look like table  6.2 .

Table 6.2. Acronym collection state result
CS Phrase Count 5,446

Non-CS Phrase Count 12,707
CS Phrase Count (unique) 2,566

Non-CS Phrase Count (unique) 10,467
Precision 0.3000

Add hyphen-based phrases

A phrase is considered hyphenated or hyphen-based if there is at least one hyphen between

the words. Hyphenated terms are frequently compound terms, which means that a hyphen

links two or more words. In our case, hyphens occasionally provide significant phrases,

particularly noun phrases. However, RAKE cannot gather all sentences with hyphens be-

tween them. So that the performance may be enhanced, we must design an ad-hoc-based

approach to gather those terms. Results that resemble table Y were obtained using our ad
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hoc hyphened phrase collection post-processing to extract additional CS phrases from the

given text. Results that resemble table  6.3 were obtained using our ad hoc hyphened phrase

collection post-processing to extract additional CS phrases from the given text.

Table 6.3. Addition of Sentences with Hyphens
CS Phrase Count 6,168

Non-CS Phrase Count 14,235
CS Phrase Count (unique) 2,624

Non-CS Phrase Count (unique) 10,482
Precision 0.3023

Remove Single words

Our goal is to only collect phrases so that we don’t have to worry about single words or

keywords. Therefore, all single-word keywords or phrases have been eliminated.

Rule-based phrase removal

We are interested in noun phrases, although RAKE supplies many other phrases. Some

of these sentences, for example, are good noun phrases, while others are boring verb phrases.

So, we used the NLTK Parts of Speech tagger to figure out that these phrases didn’t belong

on our list of target phrases and got rid of them. The improved results are represented in

table  6.4 after using the rule-based classifier. If rule-based phrase removal is used at this

stage, 3,299 categorized phrases are removed, of which 380 are CS phrases (false negative),

and 2,919 are non-cs words (true negative). As the recall is strong in this circumstance, we

are implementing this step and eliminating 380 possible useful CS phrases.

Table 6.4. Result after rule based phrase removal applied
CS Phrase Count 5,788

Non-CS Phrase Count 11,316
CS Phrase Count (unique) 2,293

Non-CS Phrase Count (unique) 7,703
Precision 0.3384
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6.1.3 Classify candidate phrases using a machine-learning model

The phrases are classified into computer and non-computer science phrases using a su-

pervised deep-learning classifier. Fifteen thousand two hundred twenty-six data points that

have been manually labeled and are listed in the dataset section are used to train this model.

The model is described in brief on figure  6.1 at page  38 , and it has the following layers:

1. Extract different words from the phrase

2. BERT Data Embedding

3. Bi-LSTM

4. Attention Layer

5. Repetition Layer

6. Aggregation and Output Layer

Figure 6.1. Work of AI-based classifier in brief

To understand why we decided to utilize these specific layers for our model, let’s take a

brief glance at the model’s layers.
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BERT Data Embedding

For our machine learning model to work with the text and phrases, it needs to understand

what the text means. To do this, we have employed the Sentence-BERT [ 64 ] model that has

been pre-trained. This model does exceptionally well with single words, but not so well with

sentences and phrases. As we need to work with phrases, we have used this to identify word

embedding, and then we have built phrase embedding from the embedding of individual

words, which can be utilized in the next step.

All the words of a phrase are not equally important, so we have to identify which words

are important and which are not important. If we like to do that, we need to process all the

words of the phrase separately, so we have extracted all the words of the phrase. As we

have different words of the phrase, we are using a pre-trained BERT Data Embedding,

to be more specific, we have used "paraphrase-MiniLM-L6-v2" of "SBERT" which is a pre-

trained BERT model with descent performance and speed.

It is necessary to distinguish between the words that are significant and those that are

not significant in a phrase since not all words in a phrase are not equally significant. We

have isolated all of the phrase’s words since, in order to achieve that, we would need to

process each word independently. Because the phrase has distinct terms, we are utilizing a

pre-trained BERT Data Embedding which is represented as X in the figure  6.1 at page

 38 . To be more precise, we chose "paraphrase-MiniLM-L6-v2" of "SBERT," a pre-trained

BERT model with respectable performance and speed. After this layer, we are having a list

of embedding of the words with post-padding and masking.

Below we provide a visualization of Sentence-Bert embedding. If we plot the CS and

non-CS phrases embedding in 3D, then we see the figure  6.2 at page  40 .

It does not look so good as we cannot segregate the data easily from seeing the plot. If

we plot the CS and non-CS phrases embedding in 2D, then we see the output like the figure

 6.3 at page  40 .

In addition, we compared the cosine similarity of CS-CS, CS-NonCS, and NonCS-NonCS

phrases (mentioned in figure 6.3 on page no  40 ). In this scenario, we can see distinct separa-
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Figure 6.2. tSNE 3D plot of CS vs NonCS phrases

Figure 6.3. tSNE 2D plot of CS vs NonCS phrases
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tions, which allows us to validate that the embedding retains some attribute that allows us

to categorize phrases based on their kind.

Figure 6.4. tSNE 2D plot of CS vs NonCS phrases

Bi-LSTM

Since phrases are sequential data, Bi-LSTM should be effective in our situation because

it is ideally suited for classification problems involving sequential data. Also, we’re trying to

figure out which part of the word is more important or contributes more to the relationship

in this layer. This is where Bi-LSTM comes in. As our binary classifier, Bahdanau et al. [  65 ]

enhanced Hochreiter and Schmidhuber’s [ 66 ] work with an attention layer [  67 ]. Our sentence

representation’s sequential structure may be used to advantage by the Bi-LSTM model as

we are also working with sequential data in this case.

Attention Layer

Additionally, using supervised learning, the attention layer [  67 ] of the model will be

taught to get the most important word among all the words. So, by looking at the attention

layer, we might be able to figure out the most important parts of a sentence that can then be

put together to make the syntactic pattern. The Bi-LSTM model generates a prediction of
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the binary label for a phrase based on a vector-sequence representation of the phrase which

is represented on the bottom part (L) in the figure  6.1 at page  38 .

The vector sequence representation of a phrase, P, is the input to the Bi-LSTM, as seen in

the bottom layer of Fig. X. This representation, indicated as X, includes K word embeddings

in a sequence, each with dimension D, where K can be as high as 5 in our instance because

we are considering phrases with a maximum of 5 words (coming from BERT embedding of

words). A series of embeddings that individually represent a phrase as a matrix make up

the vector representation of a phrase.

The vector sequence representation of a phrase, P, is the input to the Bi-LSTM, as seen in

the bottom layer of Fig.  6.1 at page  38 . Since we are examining a phrase with a maximum of

5 words, this representation, indicated as X, contains K (K can be max. 5) word embeddings

in a sequence, each with dimension D. (coming from BERT embedding of words, for our case

which is 384). The vector representation of a phrase is a set of embeddings, each of which

represents a phrase as a matrix.

The vector sequence representation of a phrase, P, is the input to the Bi-LSTM, as seen in

the bottom layer of Fig.  6.1 at page  38 . Since we are examining a phrase with a maximum of

5 words, this representation, indicated as X, contains K (K can be max. 5) word embeddings

in a sequence, each with dimension D. (coming from BERT embedding of words, for our case

which is 384). The vector representation of a phrase is a set of embeddings, each of which

represents a phrase as a matrix.

L takes xi ∈ X as input and provides 2 hidden state vectors as output.

1. Forward State Output, ~hi

2. Backward State Output, ~hi

H is the summation of each hi output coming from L for a single phrase representation

X. So,
~hi = L( ~hi−1, xi)

~hi = L( ~hi+1, xi)

hi = [~hi + ~hi]
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H = [h1 + h2 + h3 + h4 + h5]

The single phrase representation, X is K*D, where K is the total no of words in the

phrase and D is the dimension of each word representation. So, when the given phrase is

represented with X, the BiLSTM layer, L processes a concatenated output H of shape K*2*n

where n is the size of a single hidden vector.

The output H is utilized as the input to the attention layer, Att, which comes after the

Bi-LSTM layer, L. The output of attention layer At is a vector of size K*1 where each value,

ai ∈ At is a value from range, ai ∈ [0, 1].

Each attention value, ai will represent the importance or weight of a word in the meaning

of the phrase as phrase embedding xi which is significant in making binary classification

decisions. At is compounded as bellow-

At = Softmax(Tanh(H ∗ W1)) ∗ W2

where W1 is a trainable matrix shape 2*n*2*n and W2 is another trainable matrix of

shape 2*n. So, we have applied a Softmax activation function to receive the value of At.

Output Layer

For the next layer, we are using both At and H as input for the representation vector,

which has a shape of K*n*n and output, R is the simple scalar multiplication of each hidden

layer input hi ∈ H with corresponding attention value where ai ∈ At.

Therefore, in the next layer R is used as input for the aggregation layer which computes

the column-wise R in order to yield 2*n shape output, Ag where Ag outputs the weighted

sum or attention given sum of H.

Ag = Summation(R)

With the input, Ag, coming from the previous layer, we use a fully linked dense layer in

the final layer to forecast the output.

ŷ = ReLU(Ag)
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6.2 Result and Output

This model’s training accuracy is satisfactory. For instance, if we examine 1,828 samples,

we obtain an AUC of 88%, which is satisfactory.

This process allows us to assess whether or not a phrase is a computer science phrase,

and if it is not a computer science phrase, we remove it using this classifier filter. The only

thing left is a list of computer science terms.

The categorized data is used to train our classification model. Figure  6.5 depicts the

outcome of training, which reveals that our model ceased training after six epochs. In this

instance, we are employing early stopping because the model would become overtrained and

overfitted if we continue training.

Figure 6.5. Classifier model Train Graph

Several evaluation metrics are used in key-phrase extraction [  68 ][ 69 ]. Precision, recall,

and F1 score are the three measures that researchers often choose due to their validity and

usability. The same measures will be employed to assess our suggested technique.

Precision

[ 70 ][ 68 ] We utilize precision to quantify the algorithm’s accuracy. When compared to

the total number of extracted phrases, the precision value is represented as the percentage

of accurately extracted phrases. Using the following formula, we can compute the preci-

sion [  71 ][ 69 ]:

Precision = CorrectClassif iedCSPhrasesCount

TotalExtractedPhrasesCount

= TPs

TPs + FPs

44



We are using ’Total Extracted Phrases Count’ at the denominator because we are as-

suming all extracted phrases are CS phrases.

Recall

[ 70 ][ 68 ] We utilize the recall measure, which represents the percentage of successfully

extracted words that are computer science terms, to assess how comprehensive the key-phrase

extraction is. The yield is determined using the following formula [  71 ][ 69 ]:

Recall = CorrectCSPhrasesCount

TotalCSPhraseInDataset

= TPs

TPs + FNs

F-1 Score

[ 68 ] Precision and recall frequently interact in the opposite way. The recall is poor when

accuracy is high. The F1-score is utilized in this situation to combine recall and accuracy

so that we may have a comprehensive understanding [ 71 ][ 69 ]. The yield is determined using

the following formula-

F − 1Score = 2 ∗ Precision ∗ Recall

Precision + Recall

6.2.1 Performance Comparison

As stated before, no prior work extracts Computer Science phrases from a specific doc-

ument or text. Thus we compared our method to other keyword or phrase extractor tech-

niques. Although the comparison is not fair since the methods are not tuned for computer

science phrase extraction, we are utilizing the techniques to make the comparison. In table

 6.5 , we present the results of a comparison in which the text (algorithm input) consisted of

phrases extracted from Wikipedia and utilized for data categorization.

Analyzing the outcome reveals that our proposed method performs much better than

every other algorithm shown in the apparent table, table  6.5 .

We are not comparing Recall since, in order to compare Recall, we require false-negative

data, which is also unavailable. If we want this information, word extractors should extract
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Table 6.5. Extraction method comparison
Algorithm name Correct Wrong Precision

Yake 8,792 33,680 0.2070
Frake 385 3,973 0.0883

KeyBERT 0 0 undefined
TextRank 234 2552 0.0840

RAKE 15,872 46,029 0.2564
ACSPE 3,515 854 0.8044

every feasible phrase, and we need to label all possible phrases, which is a huge data-set to

label with less contribution to the actual work, so we decided not to go for Recall. Therefore,

Recall should be equal to Precision (if we count FN = 0), which adds no value. The Recall

is not present in the result, so we are not calculating the F-1 score. If Precision and Recall

are equal, the F-1 score should equal Precision, which adds no value.
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7. CONCLUSIONS AND RECOMMENDATIONS

Our goal for this research work is to develop a deep learning-based semi-supervised model

for computer science domain-specific terms and phrases extraction. To build the machine

learning model, we have made some contributions as well. I tried to find a proper existing

dataset that can be used in training my developed model. Before this work, there was no

available machine-learning model which is extracting CS phrases from a given text. So, we

were unable to find an existing dataset that was used before in computer science phrase

extraction research. To solve this issue, I have developed our own dataset for the research

with help of domain experts which is one of the critical tasks for this research. Our aim

is to extract texts from a given text and we do not know what would be the total number

of computer science phrases in a given text because the different text will have different

computer science phrase that need to be extracted which lead us to choose an unsupervised

model from various unsupervised text extraction models. Finding RAKE as the best ter-

m/phrase extraction method for computer science-related phrases from various experiments.

As RAKE was unable to process some cases, we have added some layers over RAKE phrase

extraction so that we can get better results from RAKE which is another contribution to

this research work. In the phrase classification stage, we extracted different words of the

phrase from where we made the embedding to get a better embedding that represents the

underlying meaning of the phrase. We also applied an attention-based model to find the

important words in a given phrase from which we can determine the nature of the phrase

(CS or Non-CS). And at the last stage, we are able to determine the type of the extracted

phrase provided by RAKE with help of the machine learning model.

The goal of this research is to extract computer science phrases from given text which

can have the following points of recommendation and further investigation:

1. Knowledge Graph Integration: Since a data-set that worked with domain-specific

terms is not available and we have made a dataset and our collected data-set is not

very large, therefore if we can gather additional data, we can extract more attributes

from the data and a connection from the data-set. If we can collect a large amount of

data, we can create a knowledge graph from there with confidence.
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2. Collect phrases from online with Intelligent Model: We can extend this model

to collect more computer science phrases from interned by scrapping internet contents

and running this model in those extracted contents.

3. Auto knowledge graph edge creation and Verification: In the knowledge graph,

the extracted phrases from this model can be used as vertices. However, the knowledge

graph will need edges to represent a proper knowledge graph. The edges can also be

created and verified by machine learning models. If we can build this model, then we

can automatically build a computer science knowledge graph from online content.

4. Collaborate with different Knowledge Groups: After developing a trustworthy

knowledge graph on a modest scale, we prefer to collaborate with other research orga-

nizations to increase the number of participants. If we have additional researchers in

the research group, we will be able to construct and validate the knowledge graph so

that we can establish a widely acceptable computer science knowledge graph.

5. Publish for Public Access and Public Collaboration: Our main goal is to make

data-sets available to the public so that they can be used in many different scientific

studies. If we are able to do so, other researchers with similar interests will be able to

benefit from our study, and more researchers will be interested in contributing to it,

which is a fantastic chance to improve the computer science knowledge graph.
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