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ABSTRACT

FROM UNRESTRICTED NATURAL LANGUAGE
REQUIREMENTS TO DOMAIN MODELS

Domain models are used to establish general overview of a software system to
ease the communication between the project stakeholders and as various inputs for
other software development activities. Due to these benefits, domain model extrac-
tion is an important task for both researchers and practitioners of software projects.
Domain model extraction process bears challenges such as being labour intensive, re-
quiring extensive communication which is not always possible in real-world projects,
and coverage completeness being hard to attain. For these reasons, researchers pro-
pose methods to ease and aid the domain extraction process using natural language
processing methods. In this study, we propose a fully automated approach to extract
domain models from unstructured natural language requirements which combines ca-
pabilities of modern language models, a state-of-the-art term ranking algorithm, and
a rule based extraction module. We evaluate our proposal with both industrial and
educational data sets and perform a quantitative evaluation. The state of the art over-
perform our approach in the relation detection performance and overall precision of
the pipeline. In terms of domain concept coverage and individual concept detection
we achieve on par or better overall performance compared to state-of-the-art methods.
Our approach perform better in data sets from the industry compared to the students’

data sets.



OZET

KISITLANMAMIS DOGAL DIL YAZILIM
GEREKLILIKLERINDEN ALAN MODELLERINE

Alan modelleri, proje paydaglar1 arasindaki iletigimi kolaylagtirmak ve diger
yazilim geligtirme faaliyetlerine gesitli girdiler saglamak amaciyla bir yazilim sistemine
genel bir bakig olusturmak i¢in kullanilir. Bu faydalar alan modellerini endiistrideki
uygulayicilar ve akademik aragtirmacilar icin ilgi ¢ekici bir ¢aligma haline getirmistir.
Alan modellerini tanimlama ve inga etme faaliyetleri sirasinda ¢esitli problemler uygu-
layicilarin kargisina ¢ikmaktadir. Gerekli olan iggiici maliyetinin fazlaligi, gergek en-
diistride her zaman hali hazirda kaynak olarak mevcut olmayan derinlemesine alan
uzmanligi gerekliligi, insa edilen modellerde kavram biitiinliigiinii ve kapsaminin saglan-
masinin zorlugu gibi problemler bu gorevin gergeklestirilmesini zorlagtirmaktadir. Bu
engellerin agilmasi ve alan modellerini inga etmeyi kolaylagtirmak i¢in arastirmacilar
dogal dil igleme yontemleri énermiglerdir. Bu ¢aligmada modern biiyiik dil modelleri,
bir gilincel terim siralama algoritmasi ve kural tabanli ¢ikarim modiiliini bir arada
kullanarak tamamen otomatik bir gekilde, simirlandirilmamis dogal dil ile yazilmig
yazilim gerekliliklerini isleyerek alan modeli inga eden bir yaklagim oneriyoruz. Bu yak-
lasimimizi degerlendirmek i¢in hem 6gretim temelli veri setleri hem de endiistri temelli
veri setlerini kullanarak sayisal bir analiz gerceklestirdik. Ozgiin alan terimlerinin kap-
sanmasi ve tekil alan terimlerinin tespit yetenekleri bakimindan mevcut teknolojinin
seviyesine denk veya daha iyi bir performans elde ettik. Onerdigimiz yaklagim, endiistri
temelli veri setleri ile daha iyi bir performans gosterdi ancak alan terimlerinin arasin-
daki iligkilerin tespiti ve genel sistem kesinligi goze alindiginda mevcut yaklagimlardan

daha diisiik bir performans gozlemledik.
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1. INTRODUCTION

In this chapter, we will provide background knowledge on the domain model ex-
traction task including problem domain and key challenges in Section 1.1, our objectives
in Section 1.2, and general overview of our approach in Section 1.3. After providing
fundamental knowledge on domain we will share our contributions in Section 1.4, and

the organization of the thesis in Section 1.5.

Domain model is a holistic conceptual model of a given domain which represents
interconnected concepts and their relations. It represents the abstractions in the system
and communicates the coherent entirety of concepts with various stakeholders. By
mining the concepts and relations, practitioners can create a baseline domain model
which can be used as a communication medium between project stakeholders. Despite
the benefits which domain models provide, practitioners may refuse to extract domain
models for their software projects since the domain model extraction task being highly

laborious for human practitioners.

In software projects, system and user requirements usually specified using re-
quirement statements. Most common requirement statements formats are user stories,
declarative shall statements, and unrestricted NL statements. Along with free form
text documents which describes the domain elements, these requirement specifications
can be used as a source to construct a domain model which will be used to communicate
between various parties. There are many studies which tries to extract key concepts
from given text input and use these concepts to build diagrams or summarize the do-
main. In our study we design a fully autonomous pipeline with no informed heuristics,
and with unrestricted NL requirement statements. We also extract relations between

these concepts to specify interaction between domain elements.

Whether it is key term extraction or model generation, different ML approaches

are used by researchers to achieve their tasks. In our pipeline we use a combination



of modern big language models, a recent high performing term ranking algorithm, and
lastly rule based heuristics which utilizes syntactic and statistical features of given

requirement statements.

1.1. Problem Statement

Model generation is a key study area under NLP4SE domain. The task contains

some key challenges itself such as

e Construction of domain models is a manually laborious task.

e Human practitioners may lack domain expertise to provide a correct, complete
domain model.

e Construction of domain models may require constant communication between
stakeholders, which sometimes may be impossible due to geographical obstacles,
unavailability of the staff, and other factors.

e Extraction of model concepts from provided input

e Extraction of concept attributes.

e Extraction of model relations between elements.

e Achieving acceptable performance metrics for specific model.

e Generalization capabilities of the suggested method, such as input compatibility,
sensitivity to data set characteristics, and its statistical features.

e Applicability of the suggested method across multiple domains.

Model generation studies also suffer from both the biased nature of preparing
ground truth for given data sets, and also the requirements specifications being based
on various perceptions. These two challenges create a lack of a general confirmation
between all stakeholders of a software project or system. Model generation process is

not a binary process where one golden model is generated using same resources.

Existing model generation methods differs from each other and our proposed

method in terms of evaluation process, completeness of pipeline, restriction on input



format, and performance. Existing studies lack at least one of the following features;
complete extraction of domain concepts and relations, robustness against data set
characteristics, fully autonomous process, unrestricted NL input format, avoidance of
using informed heuristic, public resources to reproduce their results, or a quantitative

analysis of their pipeline.

1.2. Purpose of the Study

In this study we aim to extract domain models described in natural language
documents. Similar studies on the subject uses different approaches such as rule based
extraction, text ranking, word embedding. We propose an extraction pipeline which
utilizes modern language models, term ranking algorithms and heuristic based rules all
together. We used spaCy NLP framework which uses state of art methods for various
NLP tasks. Using spaCy and Python programming language can provide readability
and ability to maintain the tool for third party practitioners. We showed that utiliz-
ing modern tools and technologies for NLP tasks in combination with heuristic rules
which benefit from linguistic features of English language can assist the domain model
extraction to practitioners. And we demonstrated that our tool can decrease the hu-
man labour drastically without sacrificing from coverage greatly. We also extend the
labeled data sets on the model extraction literature and contribute the community

where finding labeled data set is a challenge itself.

1.3. Approach

In this study, we accept the study by Arora [1] as the baseline and derived our
pipeline from their approach. Since implementation details of the pipeline proposed by
Arora is unavailable, we interpreted the description of his proposal as our fundamental
pipeline. Eventually our pipeline transformed greatly and differed from the baseline
study. We continued our preliminary research explained in chapter 2 and focused on

domain model generation and term extraction.



With the knowledge we gather from studying other studies, we decided to imple-
ment additional pipeline components for increased performance and increased ability
to generalize. Our overall pipeline components are as follows; We utilize a transformer
based pipeline in spaCy. We use noun chunks feature of spaCy to extract noun phrases
which provide us a baseline for concept extraction. Then, we perform n-grams ex-
traction from the noun chunks. We build a statistical based large English language
model pipeline in spacY. Then, we use this pipeline to access vector representations of
tokens in n-grams and calculate a similarity /relativity score for each term. Using these
score we build a weighted undirected graph. Lastly, we perform a text rank using the
graph and top candidates are mapped into additional concepts. After performing ini-
tial concept extraction, we use predefined heuristic rules to extract additional concepts.
Relations are also extracted using heuristic rules. Relation’s source and target concepts
are also extracted and mapped into concepts during relation extraction. Lastly, after
extracting all domain model elements in lists, we performed our quantitative analysis

to assess the performance of our pipeline.

1.4. Contributions

Our study attempts to address challenges for domain model extraction described
in section 1.1. While addressing these challenges we make valuable contributions to

the NLP domain in general.

Firstly, we implement a pipeline for domain model extraction using state the
of art technologies and selected heuristics compiled from many studies from model

extraction, NLP, and information retrieval domains. Our proposed method;

Supports unrestricted NL text input.

Uses no informed heuristic.

Provides both concept and relation extraction.

Achieves on par or better performance compared to related studies.



e Evaluated quantitatively across multiple domains and with different data sets
tagged by internal and external parties with varying backgrounds.

e Fully automated.

e Has public repository.

Secondly, we provide a data set which can be used by researchers as an external
resource to avoid tagger bias. Model extraction and NLP4SE studies require extensive
data sets to train, test, and evaluate their methods, and currently lack of tagged data
set creates a challenge for researchers. We contributed to the literature by tagging 863
requirement statements from different domains and originators, identifying 854 unique
and 3277 individual domain concepts, and lastly 1098 individual concept relations. We

made our data sets publicly available for other researchers.

Finally, we performed an extensive quantitative analysis of our pipeline which
can shed light on various aspects of domain extraction problem. We investigated the
performance of our approach for concept and relation extraction. Additionally, we
assess the performance of each method and each heuristic to reveal their significance
in the pipeline. Modern language model capabilities and heuristic based methods are
examined in terms of performance for both unique coverage and individual coverage.
We believe our efforts contributed to both domain model extraction literature and also

NLP domain in general.

1.5. Organization

This thesis is structured as follows. In Chapter 2 we review earlier studies on
NLP , NLP4SE, NLP4RE, key term extraction, and model generation in a top down
fashion so that we can describe our problem domain and identify available tools and
techniques. Chapter 3 describes the extraction approach in detail, and discuss the
process of selection of tools, technologies and heuristics by explaining design decisions.
Chapter 4 reports our quantitative evaluation study by describing data sets and its

characteristics, explaining performance measurements for both complete pipeline and



also for individual components of the pipeline, and lastly threats to validity of our
study. Finally, in Chapter 5 we summarize our findings and share our insights on the

future work.



2. RELATED WORK

In this chapter, we will discuss Natural Language Processing and it’s sub fields,
their brief histories, current state of the art, and their relevance with our proposed
method. Firstly we will be discussing NLP in general in Section 2.1, then, key phrase
extraction domain will be discussed in detail in Section 2.2. After discussing these
topics, we will be directing our focus towards our method by talking about NLP for
Software Engineering in Section 2.3, NLP for Requirement Engineering in Section 2.4,

and lastly model generation in Section 2.5.

2.1. Natural Language Processing

Natural Language Processing (NLP) is a systematic process which focuses on
representation and linguistic analysis of natural language for computer systems. NLP
researchers aim to achieve human-like conceptual grasp and performance in their tools
and techniques |2]. There are two major study topics under NLP, firstly symbolic NLP
techniques which studies the linguistic theory and focuses on heuristic based tech-
niques and semantic networks, secondly statistical NLP techniques which focuses on
ML techniques and training of statistical models of a natural language. In the early
days, methods mostly relied on rule based symbolic NLP. Linguists and scientists for-
malized the language specific rules and heuristics. One of the earliest examples of such
application of NLP is the 1954 Georgetown-IBM experiment [3]|. Lately, statistical
methods become more popular than the symbolic methods [4,5]. This advancement is
due to increased amount of available data used for training models and ever-growing
computational power used for performing costly training tasks. Today, most of the pri-
mal NLP tasks like dependency parsing, tokenization, etc. are performed by statistical
methods. Also, In 2018, Young reported that latest deep learning methods are started
to being used in NLP scene as well [6]. Particularly transformer-based architectures
shown to be promising. Language models like BERT [7], RoBERTa [8|, Generative

Pre-trained Transformer [9], and Text-to-Text Transfer Transformer [10] have demon-



strated extraordinary performance across many NLP tasks across multiple languages

and domains.

Even though a trend transition happened from symbolic to statistical NLP, still
both approaches have their pros and cons. Symbolic methods usually lack of gener-
alization and completeness. Additionally they are sensitive to faulty input. On the
other hand statistical methods are hard to built accurately since they require massive
amounts of data and they are also sensitive to faulty input. NLP researchers strive to

fine tune their methods and models to overcome these disadvantages.

Currently NLP is used to handle many tasks and it is divided into sub fields.
Sentiment analysis, parsing, information extraction and analysis, named entity recog-
nition, part of speech tagging, text summarizing, question answering are examples of
these NLP sub fields. Researchers are exploring methods to obtain multilingual or
cross lingual understanding for NLP. Additionally, ethical aspect of the NLP domain

is being discussed since the emergence of the research on bias detection using NLP.

A recent study has been performed by Castanha in 2022, where they performed
a bibliographic review on the NLP domain, and they reported that NLP research is
channeled towards areas such as deep learning based methods, data mining using social
media platforms, sentiment analysis, data capturing and learning, and modeling [11].
Deep learning based methods usually focus on more specific tasks like key phrase
extraction, and pos tagging. Deep learning based key phrase extraction methods will
be discussed in detail in the below subsection 2.2.2. Other trending areas will be

discussed in the following sections 2.3, 2.4, 2.5.

In this chapter we are specifically interested in:

e Key phrase extraction because of it’s significance for noun phrase extraction

e NLP for Software Engineering since it is a super set domain for our method

e NLP for Requirement Engineering which will demonstrate our end goals




e Model generation domain to discuss available methods and compare them against

our proposed method.

2.2. Keyphrase Extraction

Key phrases are phrases which can summarize the contents of a given document
and key phrase extraction is the process of automatically extracting these key phrases
[12]. Key phrase extraction is an interesting research area since it can be used for
various tasks such as semantic indexing of documents, linking semantic concepts within
a set of documents, summarizing the content for human readable format and many
other labour intensive tasks. Key phrase extraction is also an important tool to extract
concepts in a given natural language text input which is one of our main steps to

perform domain model generation in this study.

We can group existing key phrase extraction techniques into two major groups,
namely, supervised and unsupervised techniques. Unsupervised methods include sta-
tistical, graph based, embedding based, and lastly, language models based techniques.
Supervised methods are deep learning based and traditional machine learning based
methods. This categorization provides a holistic view of the domain an also used in a re-
cent comprehensive systematic literature review on key phrase extraction domain [13].
Below Section 2.2.1 details the related work on unsupervised methods for key phrase

extraction and Section 2.2.2 focuses on supervised methods.

2.2.1. Unsupervised Methods

There are four sub categories under unsupervised methods for key phrase extrac-

tion.

Firstly we have statistic based methods. These methods will use statistical fea-
tures of the document like term frequency, inverse document frequency [14], least allow-

able seen frequency [15], co-occurrence clusters [16], term positions, case statistics, word
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relation by neighbouring words, and word occurrence within different sentences [17,18].
In statistical based unsupervised methods, baseline method is tf-idf which stands for
term frequency - inverse document frequency. Also KP Miner [15], and Key Cluster [16]
are other notable methods for the task. More recently firstly Won’s method [18] and
then YAKE [17] proved to be a great method for statistical based key phrase extraction

combined with context knowledge or other methods from different schools of thought.

Graph based unsupervised methods rely on representing the domain with a graph
where nodes represent candidate concepts and each edge is a connection between these
nodes. To determine final concepts these nodes will be ranked using graph ranking
algorithms. Text Rank [19] is the foundational study for graph based methods. Page
Rank [20] and Positional Function [21] are other influnential examples of graph based
methods. There are different approaches for graph based methods such as weighted
edges approach for Single Rank [22], co-occurrence for [23|, combinational methods
which include combinations of the above approaches [24], [14], there are also approaches
where multiple documents are used as source like Expand Rank [25], and using external
contexts to improve the performance like Cite Text Rank [14]. While these approaches
use statistics to build and utilize graphs, some approaches support graph based ex-
traction using clustering [26, 27| and Latent Dirichlet Allocation [28,29]. To decrease
vagueness and ambiguity of graph based methods, semantics are incorporated into

graph based methods [30-34].

Additionally, researchers propose many embedding based unsupervised methods
for key phrase extraction. They base their method on representing textual elements
using embeddings and co-occurrence matrices such as Latent Semantic Analysis and
Latent Dirichlet Allocation. Embedding approaches differ in different studies. Some
popular approaches are using word embeddings [35], sentence embeddings [36,37], and
word vectors [38]. Researches proposed methods to exploit these different approaches
like Embed Rank [39] and Reference Vector Algorithm [40] which stands out among
other methods.
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Lastly, Language Model Based Methods are available for unsupervised key phrase
extraction. Methods based on language models basically assigns statistical probability
for any n-gram word sequences. These methods can be based on n-grams [41] or

semantic contexts using deep learning [42].

2.2.2. Supervised Methods

Along with unsupervised methods, we also have supervised methods under our
belts to extract key phrases from documents. These methods usually trained to classify
key phrases in binary fashion. Approaches vary from training a naive Bayes model
using statistical features of candidate phrases [42| to feature based linguistic methods
[43]. Witten’s work is then extended by multiple proposals [44,45|. More recently,
WINGNUS [46] and CeKe [47], in given order, used regular expressions and naive Bayes
based model with features utilization and managed to display notable performances.
Recently more advanced supervised methods are proposed by Wang [48] and Shen [49].

These methods combine and extend previously discussed methods.

Another school of thought is to approach extraction task as a ranking task in a
supervised fashion. This approach aims to rank key phrases non-binarily. Jiang [50]

and Zhang [51] proposed methods in this manner.

Lastly, we have supervised methods which does not fall into earlier categories.
Bougouin proposed a method which extends the already discussed topic rank method
with utilizing additional domain graphs [52]. Yang’s more recent work uses a variation
of Latent Dirichlet Allocation to extract key phrases those corresponding to a certain
event. There are also other researchers [53,54] with notable work where they propose

approaching key extraction as a sequential labeling task.

Lastly, we have deep learning methods which extract key phrases in supervised
fashion. Deep learning is a very common approach for extracting key phrases and con-

cepts from text documents. Zhang [55], Meng [56], Chen’s [57] methods used recurrent
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neural network with differing architectures to extract key phrases. Ye also proposed
another deep learning based method to improve extraction performance on unlabeled

data since other methods being inferior in this task, by utilizing transfer learning [58|.

2.3. Natural Language Processing for Software Engineering

Software engineering discipline is entwined with natural language. There are
many tasks under software engineering which requires expression and demonstration
using natural language. This organic relation motivated researchers to explore NLP for
Software Engineering (NLP4SE). NLP4SE is an emerging research area where practi-
tioners utilize NLP techniques to ease and support the SE practices. NLP4SE domain
contains research sub fields like requirements engineering, code completion and code
analysis, automated code generation, unit and acceptance test generation, modeling,
bug detection, software maintenance and countless more niche fields concerned with
requirement engineering and other software engineering related tasks across the full

software life-cycle.

There are various methods and methodologies to perform automated analysis of
free form text which uses NLP tools and techniques for software engineering. These
methods aim to automate software engineering tasks and complement the software
development process. These diverse range of methods and methodologies includes ma-
chine learning, deep learning, statistical analysis and information retrieval techniques.

Researchers tackle NLP4SE challenges using variations and combinations of these tools.

We can broadly classify NLP4SE tasks into 5 major categories; requirements
engineering, code analysis/ generation/ summarization, bug detection and resolution,

software maintenance and evolution, and lastly language interfacing.

Firstly, NLP4RE area is focused on leveraging NLP advancements to support
requirements elicitation, analysis, and domain understanding. NLP4RE researchers

try to extract useful information from natural language textual requirements using
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methods like named-entity-recognition (NER), sentiment analysis, and key concept ex-
traction. NLP4SE tools provide improved understanding of user-needs, they establish
increased understanding among stakeholders, and raises accuracy of specification of

the requirements.

Code Anaylsis/ Generation/ Summarization area is concerned with analysis of
code, and code comprehension. Researchers utilize NLP to generate code snippets,
summarize the code blocks, improve full and partial code search and indexing, and

code smells. These tools both ease the development and software maintenance.

Bug detection and resolution methods include methods to analyze bug reports
and extract key information within these reports, finds duplicated reports, and even
suggests potential fixes for certain type of bugs. It provides developers with the smart
debugging options. There are tools to mine software repositories and issue trackers to

achieve this task.

Software maintenance and evolution tools which uses NLP techniques involves
automatically extracted change logs, release notes, statistical analysis of different ver-
sions. These tools assists comprehension of software, eases maintenance tasks, and

reduces human labour required for maintenance tasks.

Lastly, NLP4SE researchers explored the natural language interfacing to establish
common understanding of the domain between the stakeholders of the software project.
These efforts includes, generation of executable code and tests from natural language,
collaboration tools for developers, and model generation from textual natural language
documents for both requirements engineering and for software design. Natural lan-
guage interface methods provides value by simplifying the development process and by

establishing improved team communication.

Among these 5 categories we are particularly interested in NLP4RE domain and

language interfacing, more specifically model generation domain due to it’s significant



14

relevance to our method. These topics will be discussed in detail in the following

sections 2.4, 2.5.

2.4. Natural Language Processing for Requirements Engineering

NLP4RE is the systematic process of applying NLP methods on RE related NL
text to ease the RE process. It has many different applications such as finding dupli-
cate requirements, aiding the human operator for requirement elicitation, and defect
detection. The ultimate goal of NLP4RE is to decrease human labour required for RE

tasks and improve RE process.

Since NL is used in requirement engineering so thoroughly and nature of the RE
is labour intensive at its current state, various effort has been made to apply natural
language processing techniques on requirement engineering related natural language
text documents. Earliest research studies are reported as far as early 80’s. [59,60|Us-
ing NLP for requirements engineering tasks has been the main method for researchers
and industry to ease the process [61|. Latest discoveries in the NLP domain, and in-
creasing availability of data and resources accelerated the research on NLP4RE domain.
Additionally founding of a dedicated conference called NLP4RE allowed researchers to

collaborate and report latest advancements more coherently.

2.5. Model Generation

Model generation from NL has been an interesting challenge for NLP researchers.
The main objective of model generation is to identify concepts and their relations to
generate specific diagram to represent varying aspects of the given domain. We identi-
fied related studies on model generation in our literature review. These studies aim to
generate various models represented in UML such as class diagrams [62-68|, sequence
diagrams [69,70], use case diagrams [71-75] and various other model diagrams. These
studies used varying tools and techniques on different input formats to achieve their

objectives. For our study, our review on model generation topic has been narrowed
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down to domain model extraction. We analyzed many different modeling tools and
techniques so that we can observe potential techniques for our objectives. Yet, our
main objective is to extract the domain model using NLP. Therefore our further in-
vestigation channeled into more related papers on the topic. We identified 6 related
studies on domain model extraction using NLP tools and techniques. The most related
study was performed by Arora [1] which we used as a base line for our tool. In their
study, they implemented a pipeline using Stanford CoreNLP and GATE NLP toolkits
to extract domain models from unrestricted text documents using parsing pipeline and
heuristic rules. They used private industrial data sets and performed an emprical study
to evaluate performance of their tools. DoMoBOT [76] is another domain model ex-
traction tool proposed by Saini. They implemented a pipeline using spaCy, GloVe and
Scikit which extracts domain model elements using rule based approach, supervised ML
models and neural networks. In an earlier study, Saini also proposed a neural network
based method [77]. This neural network based method exploited the BiLTSM neural
network model implemented with Tensorflow and Keras libraries, and additionally uti-
lized GloVe word embeddings to deal with the short comings of rule based methods.
Aydemir and Dalpiaz proposed a method [78] to assist domain modeling process by
suggesting missing concepts based on word-embeddings and noun phrase similarities
between multiple models. Their pipeline used spaCy, WordNet word embeddings, and
Google BERT for semantic similarity. A recent study by Mengyuan proposed a rule
based approach [79] which uses same pipeline with Arora’s study. Lastly, we found the
tool proposed by Deeptimahanti [80] which extracts domain models along with addi-
tional models to provide holistic view on a domain. But since this tool is developed in

2009, we exclude this tool and its techniques from our consideration.
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3. METHOD

In this chapter, we will explain our proposed method in detail. Firstly, we will
briefly explain our method and give an overview of the approach. Then, in Section
3.1 we will describe our concept extraction pipeline in detail. After concept extraction
pipeline is explained, we specify the details of post-processing noun chunks extracted in
concept extraction pipeline to generate the ranked N-grams in Section 3.2. In Section
3.3, we explain the rule based concept and relation extraction pipeline, heuristics used
for extraction task, and our design decisions for the rule-based extraction pipeline.
Finally, we explain the implementation of the complete pipeline and describe our system

building blocks in Section 3.4.

i m —— Noun Phrases —— Weighted —— Ranked
- CEEEE———— TOkenS N-gramS
- — Parse Trees
» Dependencie
Unrestricted
Natural Tags
Language Text
v vV v Vv
Relations Concepts

) l

Domain Model

Figure 3.1. Overview of our pipeline.

We approach the domain model extraction as a two-staged problem. Figure 3.1

shows the overview of our method. Firstly, we extract potential key concepts as noun
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phrases from the unrestricted text input and extend this initial concept list using Text
Ranked [19] Ngrams with our pipeline shown in Figure 3.2. This allows us to obtain
the final list of key concepts to be used in the domain model. Secondly, we extract
remaining concepts and relations between the finalized key concepts with the pipeline
shown in Figure 3.5 by using heuristic rules which utilizes syntactical features and
English language models. The input for our tool is an unrestricted text document
and after successfully executing the algorithm, the output will be a domain model
represented using an UML Class Diagram. The following sections will explain each

pipeline and transitional steps in detail.

3.1. Key Concept Extraction Pipeline

Concepts as Weighted
— Noun Chunks — > Similiarity
Preprocessing Graph Building Graph
& using N-grams
Noun Chunk
Extraction
Text|Rank
| Ranked
Final Concepts < N-grams

as Concepts

Figure 3.2. Overview of the initial concept extraction pipeline.

When developing our method we specified some key requirements for our tool to
be a viable start point for automatic domain model extraction in practical use. These
requirements are as follows; Firstly, we need a pipeline which does not require an exter-
nal corpus or an informed heuristic. Additionally, our method should be independent

from the structure of the input document such as requirements structure or length of
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the document. Lastly, solution to be developed should be applicable to various applica-
tion domains. These requirements are established so that, our end product can support
requirement engineering activities with minimum effort across multiple projects. To
satisfy these requirements, we developed the pipeline shown in Figure 3.2 to address

these needs for extracting key concepts within given domain.

First and foremost, we extract noun phrases from the input, which account for
almost all of the key concepts within a document according to Justeson [81]. To perform

this task, we use spaCy’s [82] noun chunks annotations. Noun chunks annotations

are spans corresponding the phrases lead by a noun. Before continuing further with
extracted noun chunks to obtain domain concepts, we pre-process the noun chunks so
that we can remove syntactic and semantic redundancy. Next subsection will describe
the considerations and design decision related to pre-processing the extracted noun
chunks. In this pipeline; tokenization, POS tagging, dependency parsing is performed
by running spacY’s transformer based roBERTa 8| pipeline. This initial noun chunk
extraction pipeline provides us the baseline for our method by producing a list of

concepts as noun chunks.

3.1.1. Pre-processing Noun Chunks

We investigated alternative pre-processing methods to reduce redundancy of ex-
tracted concepts without over filtering or losing meaningful semantic information about
the domain since the initial list of extracted noun chunks is the most fundamental re-
source for obtaining domain concepts. Without such intermediate step, domain model
will include syntactic variations of same domain concept along with other noisy ele-
ments. As a consequence, this will increase the human labour required to model the
domain. There are number of methods we can apply to increase or maintain the con-
cept coverage while decreasing the noisy, redundant concept candidates. These are as

follows:

e Punctuation Removal This step removes punctuation characters defined for En-




19

glish language in default string class of python from the text and replaces them
with blank space character. We excluded “ \”, ¢ /” and “ - 7 characters from this
list since, these characters are not used without deliberate purposes such as indi-
cating options, as a part of a model label, and others in a text. We also replaced
“ 7 character with “ 7”7 character to normalize the usage of apostrophes in the
text. Applying this step in our initial extraction module, made no significant
difference in recall or precision values with the data sets we evaluated, still, we

choose to include it to make our tool more robust for various input texts.

Non-alpha or Non-alpha numeric token removal This step removes each token

which includes non-alpha characters or non-alpha numeric characters. Since we
already removed punctuation characters in the previous step, removing non-alpha
numeric characters will not have any effects. On the other hand, digits and num-
bers may provide cardinality information for our domain concepts, yet they are
not part of a domain concept itself. Therefore we choose to remove tokens which
includes digits as a pre-processing step.

Text reconstruction One of our main motivations was to develop a tool to work

with unrestricted text documents. Therefore, our tool should not rely on any
format specific actions. For example, our tool should work with all of the following

example formats,

(i) As a <Role >, I want to <Feature >so that <Benefit >.
(ii) User shall export data.
(iii) User is the customer for our Bank.

)

i
(iv) User Dashboard.

Therefore to make our tool work with available data sets, we performed text
reconstruction for user story format to reconstruct test into format (i) seen above

for CrowdRE [83] data set.
Spell Checking This step tries to correct incorrectly spelled, typed words. In the

CrowdRE [83| data set, there are many cases which includes such words, yet for
our tool, instead of trying to filter such cases, we choose to assume given input
set is checked for such cases. Reason for this decision is trying to alter as less

input as possible to avoid over filtering domain concepts.
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e Co-reference resolution Our preliminary trials with co-reference resolution indi-

cated that this step introduces significant noise to our model yet it makes no
significant difference for obtaining domain concepts. This step might be bene-
ficial for extracting dependencies but for solely domain concept extraction, we
found it ineffective.

e Stemming Stemming diminishes the words to their root form. But stemming can
cause words to lose their semantic meanings. For a domain model, losing or not
detecting concepts is more harmful than not being able to filtering redundant
concepts. This lead us to opt-out of using stemming.

e Lemmatization Lemmatization is very similiar to stemming, but, it tries to actu-

ally transform words into their root form and not just stem them out. Lemmati-

zation increases the accuracy of our model without sacrificing its recall values.

We investigated the effect of applying each step in our pipeline. After careful
consideration, we decided to apply punctuation removal, sentence reconstruction, and
lemmatization steps to initial list of noun chunks. Each step is evaluated by comparing
recall gain versus precision loss. Also some of the steps caused our tool to lose important
domain insight after the step is applied, therefore we decided to exclude such steps.
Algorithm 1 provides the pseudo-code for the steps up until this point including the

extraction of the noun chunks.

3.2. Post-Processing Noun Chunks

After obtaining the initial list of extracted noun chunks, we have our baseline
concepts and candidates. By applying post-processing steps, we aim to increase our
recall which represents our ability to recognize concepts in the given domain. To
achieve this task, we propose a method which utilizes n-grams and a variation of
TextRank [19]. N-gram can be defined as continuous sequence of n tokens in a given
text. And TextRank is a well known graph based text ranking algorithm. There are
many studies which utilizes TextRank for noun chunk, keyword, or concept extraction.

At one particular, Zhang’s [84] study uses adapted TextRank for relevant terminology
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Algorithm 1

denotes

Let S —— StopWords{} # 0

denotes

Let P ——— Punctuation{} # ()

denotes

Let R ——— Requirements{} # ()
denotes

Let N —— NounChunks{} =0
Require: “' 7 ¢ P
for all r € R do
r=Asa< T >, want to < T feature > SO that < Thenefit >
Run pipeline for r
for all noun_chunk € Thoun chunks{} do
Let pN denotes, - pre ProcessedNounChunk = ()
for all token € noun_chunk do
if token.isAlpha() & token ¢ S then
pN = pN U token
end if
end for
N = N UpN
end for

end for

Figure 3.3. Noun chunk extraction algorithm.
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extraction which inspired our method significantly. We assume that extracted multi-
word noun chunks is a container of smaller concepts. Based on this hypothesis we
propose a post processing method. We suggest that generating n-grams , and ranking
this n-grams with adapted TextRank [84] will provide us the candidate concepts. By

filtering this list, we can increase our recall with minimum precision loss.

Finally, we implement our post processing method. Firstly, we build an undi-
rected weighted graph for given domain. In this graph, unique words in extracted noun
chunks represent vertexes, and similarity scores of word2vec [85] vectors inherited from
“en_core_web lg” spacy model [82] between each unique word above a certain thresh-
old represents the edges between these vertexes. Average weight of all edges belonging
a vertex provides the average weight of the vertex, which is a relevance score for given

domain. By building this graph, we obtained a relevancy mapping for domain terms.

Finally, we generate all possible n-grams for extracted multi word noun chunks.
This step generates a noisy list of candidates, and we proceed with filtering this list
of candidates. To filter out the noise, we average each term’s score for all generated
n-grams to obtain a score for given noun chunk. After ordering this n-grams by average
weight of tokens within them, we filter a selected top percentage of n-grams to capture
related fractional concepts within already captured multi word noun chunks. Given

pseudo code in Algorithm 2 demonstrates the steps of the proposed method.
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Algorithm 2

denotes

Let N —— NounChunks{}

Let G 4% v Grams{} =0

denotes

Let W —— Undirected weighted graph

denotes

Let V. —— Vertexes C W
Let B Znocs, Edges c W
Let S —— SortedN — grams = ()

denotes

Let aynreshold m Relevance threshold for domain
for all n € N do
if n.word_count >= 2 then
G = G U Npgrams
end if
end for
for all g € G do
g.total _weight =0
for all word € g do
Vorda-total _weight = Zy;”grd'edges—cwnt Evord—i
Vwora-avg _weight = Viyorg.total _weight/Viyerq.edges count
g.total _weight+ = Vorq.avg_weight

end for
g.total _weight

g.avg wetght =
- g.word__count
if g.avg weight > qupreshoa then
S =SU{g,g.avg_weight}
end if
end for

S.sort _by weight
N = N US.filter _top candidates

Figure 3.4. Post processing algorithm for extracted noun chunks.
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3.3. Concept and Relation Extraction via Heuristics

Our previously explained pipeline generated the linguistic nature of the sentences,
corresponding syntactical parse trees, and syntactical dependencies between input to-
kens along with the concepts as noun chunks within the data set. In the second part of
our method, we process this extra syntactic information to extract additional concepts
and relations between concepts using heuristic rules. First step to achieve this task is
building a master heuristic list [86] and deciding the heuristic rules to be used in our
method. Master heuristic list is composed of heuristic rules collected from literature
and heuristics suggested or modified by us, details of how this list is build is discussed
in related work section of the thesis. Secondly, we choose promising heuristics which
are suitable to be used in our pipeline to extract concepts and relations from unre-
stricted natural language text input. In the following subsection we will discuss these
heuristics, and our rationale to include or exclude the heuristic. All of the example
parse trees are displayed using displaCy [87].Overview of the process can be seen in

the Figure 3.5

s
.

Parse Tree

0 —> Heuristic Rules

POS Tags

: : Relations

Dependencies

Concepts

Figure 3.5. Overview of heuristic based extraction pipeline.
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3.3.1. Selecting Heuristic Rules for Our Pipeline

The complete list of all identified heuristics in related studies are presented in [86].

In this section we will explain included and excluded heuristics in detail.

3.3.1.1. Heuristics Included in Our Pipeline. This subsection will describe each heuris-

tic, express the motivation for including heuristic in our method, and lastly will demon-

strate the heuristic using examples.Following heuristics are all included in our pipeline;

e (C6- Subjects in the requirements are concepts. Dependency parsing can be used
to extract subjects of sentences. The dependency label 'nsubj’ suggests a concept.
Subject chunks can reveal most of the key concepts within a domain.

e.g., My smart home to lock the doors.
In this example We map “smart home” as a concept since it has “nsubj” depen-
dency.

e (8- If a sentence in (S-V-O) subject (nsubj) and (dobj) are candidate classes. If
the verb of a sentence has children tokens with “subj” and “dobj” dependency tags,
subject chunks and direct object chunks suggests concepts. We don’t differentiate
between candidates and actual concepts, instead we map all as concepts in our
pipeline.

e.g., The radio system adjust volume.
In this example concepts ‘“radio system” and “volume” will be extracted.

e C11-“Is a” relationship suggests candidate classes. This heuristic is implemented
implicitly when extracting relations via HR1. <A> is a <B> suggests A and B
as concepts. If A and B are not already extracted as a concept until this point,
we will map them as concepts.

e.g., “Premium account is an account.”

Concepts “Premium account” and “Account” will be extracted in this case.
e (13- Noun compounds are taken together to form a concept Noun compounds
are combined phrases which has noun word as their head. This heuristic is im-

plemented implicitly by design in our pipeline. We principally extract chunks



26

(compounds) for all heuristic unless the heuristic explicitly states otherwise.

e.g., Premium account is an account.

In this example we extract “Premium account” and “account” concepts.

C14- Gerunds in the requirements are concepts Gerunds are forms of verbs those
ends with ’-ing’ and used as nouns. We assume only gerunds which are part of
noun chunks suggests concepts. Examples below show extracted concepts with
bold italic format.

e.g., Arriving passenger books transportation,

Checking is processed by the system.

Relations are actions which connect concepts within the domain. We use parse trees,

POS tags, and heuristic rules to extract non-hierarchical relationships between con-

cepts. Following heuristics are used to extract non-hierarchical relationships in our

pipeline;

e NHR2- Transivite verbs are associations.

Transitive verbs are actions which contains a direct object. We extract transitive
verbs by finding verb with “nsubj” and “dobj” dependencies.

e.g., Smartphone app controls temperature.

In this example Smartphone app and Temperature will be associated with the

Control action.

NHR7- A verb with a preposition is an association. Prepositions indicates spatial
and temporal dependencies. This heuristic provides accurate insight for relations
according to our observations.

e.g., Video feed is sent to my smartphone app.

In this example Video Feed and Smartphone App will be associated with Sent

relation and additional to preposition will express Sent (to) association between
these concepts.

NHR10- In noun-noun compound there is a non-hierarchical relationship between
prefix and compound. Initially, this heuristic is aimed at specifically noun-noun

compounds, which means noun chunks with two noun words. But we tried to
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generalize this rule into noun chunk-noun chunk format to be used for any length
of noun compounds. This heuristic generated some noisy relations with multi-
word concepts, but it yielded promising semantic insight. Therefore, we choose

to include the heuristic in our pipeline.

e.g., Customer Account concept will generate “has” relationship between

“Customer” and “Customer Account”

NHR11- <R>of <A>is <B>is likely to be an association. Concepts connected
with preposition “of” and supplemented with forms of auxiliary “to” indicates
associations. We include this heuristic even though it covers a very specific case
therefore it is unlikely to generate a noisy relation set for our pipeline. Relation
<R>will be the association between <A>and <B>

e.g., Security cam of smart home is video feed.

Concept “Smart home” will be associated with “Video Feed” concept with the

“Security Cam” relation.

NHR13- Relative clause modifiers of nouns (rcmod) suggest associations. Rel-
ative Clause defines a dependent clause to express information about a noun.
Even though this heuristic generates noisy relations and concepts, we include
this heuristic since it provides beneficial semantic links within the domain. This
heuristic can be modified to only apply if concepts are already extracted, which
is a version that we did not use in our pipeline.

e.g., =.. an app to control the blinds on my windows."

Relative clause dependency will reveal association between App and Blind with
Control action.

NHR14- Verbal clausal complements (ccomp/xcomp dependencies) suggest asso-
ciations. “ccomp” and “xcomp” dependencies is used to express dependent clause
of a verb or adjective in both Standford CoreNLP dependencies [88] which is the
tool of choice for the origin paper for the heuristic [1], and also per spaCy [82].
If subject is controlled meaning that no other interpretation is possible it is a
“xcomp” dependency otherwise it is a “ccomp” dependency.

e.g., =.. my smart home to have a certain television show start on my TV ...”

Concept Smart Home will be associated with Television show with Start relation.




28

In the above heuristic list, we focused on extracting associations which are basic re-
lations between concepts. Now we focus hierarchical relations such as inheritance,
composition, aggregation type of relationships. This relationships both provide tech-
nical insight for project team members such as designers, developers, and testers, and
also establishes a median to communicate domain structure among most of the stake-
holders.

Following heuristic rules are used to extract hierarchical relationships in our pipeline;

e HRI1- Verb “to be” and its tenses suggest generalizations where subject is taken
as a specialization of the parent object. [HR1 to HR5]| all describes the relation
between general and specific concepts. We include extraction of this kind of
relationship by combining them into one method under the heuristic HR1. In
conclusion, we modify HR1 to capture concepts when target structures of these
heuristics is encountered in given text. “to be”, “is a”, “type of”, “kind of”, “may
be”, “category of”, “can be”, “is a .. type/kind/etc ..” are relations captured using
this heuristic.

e.g., Paid member is a type of member.
“Member” concept will be the general concept for specific “Paid Member” concept.

e HRS8- Head of noun-noun compound suggests is-a relationship between compound
and head. This heuristic seems similar to heuristic NHR10 at first glance, but it
extracts hierarchical generalization relation between compound and head unlike

NHR10.

e.g., Customer Account concept will generate “is” relationship between “Customer”

and “Customer Account” per NHR10

e.g., Customer Account concept will generate “is a” relationship between

“Customer Account” and “Customer” per HRS.

W on

e HRO- “contain”, “is made up of”, “include” , [*..”] suggest aggregations/ composi-

tions. Heuristics [HR9 to HR14)| besides HR13 all defines aggregation,/ composi-

tion relationship between two concept. We extend HR9 to unify this cases under
one method.

e.g., Smart home contains speaker TV.
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Concept “smart home” and “speaker TV” will be related with an containment

relation.

Refinement rules are used to clear noisy output from the domain model. And selected
heuristics are explained below. Following heuristic rules are used to refine extracted

concepts and relations;

e RF'7- Remove redundant candidates from the list. We implicitly use this heuristic
by using set() objects as containers in our pipeline.

e RF9- If any two candidate classes are related by “known as”, “same as”, “similar

to”, they are same class. “IS” association will be drawn between source and target.

3.3.1.2. Heuristics Excluded from Our Pipeline. Following heuristics are excluded

from our pipeline. We only try to explain our reasoning for this exclusion in below.

Excluded heuristic rules to reconstruct or normalize the text are described below.

We aim to extract domain models from unrestricted text input, therefore we
refused to include any text reconstruction or normalization steps which can potentially
alter the syntactic or semantic elements of the text. Only exception for this rule is
reconstruction of input as intended by data set gatherers to generate valid input for
our tool. An example for this exception is the CrowdRE data set [83|. In the public
data set files, each requirement is represented as a row in a .csv file which composed
of various columns. A requirement has id, role, feature, and benefit columns which
corresponds the elements of a user story format, therefore we transform this input to
full sentences instead of seperated columns by reconstructing each record to comply
with user story format without modifying any element. This step is only implemented
and discussed in the first section, and no heuristic is used for this task.

Excluded heuristic rules to extract concepts are listed below:

e C1- All noun phrases in the requirements are candidate concepts: This heuristic

suggests holding noun phrases as candidates at first yet not final concepts.
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e (C2- If a word is a noun, then it is a potential concepts: Noun words are candidate

concepts instead of final concept.
These two heuristics is responsible for capturing all the candidates in the input
data set, and have an intersecting subset as well. Including the said heuristics
bears a trade-off between recall and precision compared to accepting noun chunks
or noun words as a final concepts. There are other heuristics which contradicts
these approaches, and they are the corespondents of this trade-off, such as C4,
and C5. After explaining C4 and C5 our motivation for this exclusion will be
explained.

e C4- Common nouns (NN) and Proper nouns(NNP) are classes. In C4 we use POS
tags NN, and NNP to extract final concepts, not candidates. The term ’class’ in
this heuristic, translates to term ’concept’ for our method.

e C5- A common noun is concept. Like C4 In C5, it is suggested that proper
noun (NNP) POS tag suggests a final concept. Compared to C1 and C2, C4 and
Cb suggests assuming extracted concepts as final concepts instead of candidate
concepts. C1 and C2 uses heuristic C3 to perform transition from candidate
concepts to final concepts.

e (3- Recurring NPs are concepts. Candidate concepts generated using C1 and C2

are checked and recurring ones are added to the list of final concepts.
After careful consideration, we concluded that including heuristic rules into our
pipeline to extract concepts, whether as in C1-C2-C3 fashion or as in C4-C5
fashion, is not suitable since they introduce high amount of noise while having
insignificant increase in recall values. Transformer based initial noun chunk ex-
traction pipeline, and ranked n-grams generated from noun chunks can capture
most of the concepts without high amounts of incorrect concepts. Therefore,
we opt out from usage of both using noun/noun-chunk based extraction heuris-
tics and also heuristics based on the separation of candidate concepts and final
concepts.

e (C7- Subject of a sentence is concept C7 is the duplicate of C6 from different
study.

e (C9- Objects in the requirements are concepts. This heuristic’s target cases are
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already covered by C8. Furthermore, accepting all objects generates more noise
than actual concepts.

e (C10- If the noun is post-fixed by preposition <IN>, then ignore it as a class and
map it as a part of a method. We do not extract methods for our domain model
yet we can transform this heuristic into simpler form of “If the noun is post-fixed
by preposition <IN>, then ignore it as a concept.” This heuristics improves the
accuracy of our model significantly but it also causes us to lose noticeable recall.

e C12- For a noun phrase (Noun+Noun) if the first noun is already a candidate
class, then the second noun is mapped into candidate instances (objects) of that
class. This heuristic is class diagram specific, and also it depends on candidate
concept versus final concept separation. Therefore we can not directly use it.

e (C15- Gerunds in the requirements are concepts. C15 is replica of C14, which was

described previously, from another source.

Following heuristic rules to extract non-hierarchical relationships are excluded from

our pipeline;

e NHRI1- Every verb is a potential relationship. This heuristic is not implemented
since its motivation is not explicitly stated in its paper, nor in its source code
repository. We assume, this heuristic is a baseline for other heuristics related to
extraction using verbs.

e NHR3- A transitive verb indicates a relationship.

e NHR4- Transivitive verbs are association relationships between two candidate
classes.

Heuristics NHR3 and NHR4 are identical to NHR2.

e NHR5- The verb phrase linking the sentence subject and an object forms the
relationship between these two. This heuristic is already implemented in C8,
NHR2, NHR3, NHR4, and NHR?.

e NHR6- (Noun+Verb+Noun) and (Subject-Predicate-Object) suggest association

between candidate classes. This heuristic is a rephrased version of NHR5.
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e NHRS- Verb followed by preposition is is a relationship. This heuristic is a du-
plicate of NHR7.

e NHR9- <VB>+ <IN>or <To>suggests association relationship. This heuristic
is a duplicate of NHR7.

e NHR12- Verb phrases with two verbs (VB+VB) suggests association between
associated noun phrases. Details of this heuristics is missing from the related
paper and its repository is not publicly available. Therefore, we exclude this
heuristic.

e NHR15- Non-finite verbal modifiers (vimod dependencies) suggest assciations.
Vmod dependency is used to express reduced non-finite verbal modifiers in Stand-
ford CoreNLP dependencies [88] which is the tool of choice for the origin paper
of the heuristic [1]. Vmod is the participial or infinitive form of verbs which leads
phrases. In spaCy, “acl” tag and its variations describes both finite and non-
finite verbal modifiers. And usually non-finite verbal modifiers in English are not
termed relative, therefore plain “acl” stands for non-finite verbal modifiers [89].
After futher investigation of implications of this heuristic we excluded it from

the pipeline since it’s implementation does not transform precisely from Stanford

Core NLP [88] to spaCy [82].

Following heuristic rules to extract hierarchical relationships are excluded from our

pipeline;

e HR2- “is a”, “type of”, “kind of”, “may be”, [“..”] suggest generalizations.

e HR3- “is category of”, “is type of”, “is kind of”, “may be”, “is a” between subject
and object suggest generalization.

e HR4- “may be” and “can be” suggest inheritence from object to subject.

e HR5- “is a type of” suggests inheritence from subject to object.
The four heuristics listed above all describes the relation between general and

specific concepts. We include extraction of this kind of relationship by combining

them into one method under the heuristic HR1.
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In conclusion, we modify HR1 to capture concepts when target structures of
these heuristics is encountered in given text.

HRG6- N1 is a N2 and a N3 denotes multiple inheritence.

We tried to only include general heuristics to capture most significant concepts
and relations, specific case rules such as HR6 is not included in our pipeline. The
rationale behind this decision is that we believe trying to capture all concepts
and relations generates too many incorrect outputs and as a consequence human
labour required to organize domain model surpass the convenience gained by
automatic extraction. Specifically designed heuristics such as this one can be
implemented as an improvement to our pipeline. In general ability to extract
compound statements correctly using all of the heuristic discussed would benefit
stakeholders greatly. Yet, we were not able to implement a general rule for such
cases under unrestricted text constraints.

HR7- Subject part is parent and object is child for inheritance relations. Inheri-
tance relation is already extracted via corresponding heuristics explained earlier
and HR7 is not used for the task.

HR10- “have”, “hold”, “possess”, “carry”, “involve”, “imply”, “embrace”, “contains”,
“consists of”, “comprises of”, “is part of”, “included in”, “belong to”, “divided to”,
“has part”, or “is made up of” between subject and object suggest composition or
aggregation.

HR11- “comprises, have, include, possess, contains” suggest composition relation-
ship is from object to subject.

HR12- “is part of” suggests aggregation from subject to object.

HR13- Subject part is parent and object part is subclass for the aggregation.
HR14- Collective nouns suggest aggregation.

All of the heuristics listed above until HR6, defines aggregation/ composition
relationship between two concept. We extend HR9 to unify all cases which we
think is necessary under one method. This aggregation/ composition extraction
method is implemented in our pipeline under HRO.

HR15- “require”; “depends on”, “rely on”, “based on”, “uses”, “follows” suggest de-

pendency between subject and object.
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We exclude HR15 to extract dependency between two concepts, since it is a
hierarchical relation which can not be labeled as inheritance relation nor a aggre-
gation/composition relation.

e.g., Media player depends on sound driver.

“Media player” and “Sound driver” has a dependency relationship.

Excluded heuristic rules to extract attributes of concepts are described below;

We do not extract any attributes in our pipeline. We assume key concept extrac-
tion and relations of this concept is key elements of the domain model, and specific
implementation details such as individual attributes does not concern all of the stake-
holders. Therefore we limit our extraction scope to key domain concepts, significant
relations between them, and lastly the cardinalities of the relations. Excluded heuristic

rules to extract concept cardinalities are described below;

These rules are used to extract valuable multiplicity information to represent
relations precisely. This information is specifically useful for establishing common un-
derstanding between designers and project’s target stakeholders.

We try to extract cardinalities of individual concepts for each relation in our pipeline
instead of considering relation as a whole. For each concept in each relation; we extract
concept’s individual multiplicity by following heuristics listed below. To perform this
task, we unify heuristics which extract singularity, plurality, and lastly exact multiplici-
ties into a combined heuristic of their own. We assume, if we perform this operations on
every concept in all relations, It will define cardinality information for each relation as
well, therefore we do not extract cardinalities based on relations as a whole. Heuristics
which extract relations from coupled concepts are modified to be applied on individ-
ual concepts in relations accordingly.For example in the heuristic CAR2 both source
concept and target concept is considered to extract many-to-one relation. However
in our approach, we check source concept’s cardinality in isolation then perform same
operation on target concept, together they will define the cardinality of the relation

between source and target concept.
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Due to time constraints, we failed to implement cardinality extraction pipeline

and discarded the above proposed extraction approach and below listed heuristics from

our pipeline.

CARI1- Singular noun + definite article suggets exactly 1.

CAR2- Singular source concept and plural target concept with definite article
suggest many-to-one.

CARS3- Singular source concept and singular target concept suggest one-to-one.
CAR4- An explicit number before a concept suggests a cardinality.

CARS5- Number from <CD>tag suggests multiplicity.

CARG6- “More than X” suggests X cardinality.

CART- “many”, “each”, “all”, “every”, “some”; “any” suggest many cardinality.
CARS- Plural nouns suggest many <NNS>and <NNPS>.

CAR9- Plural source concept with universal quantifier and plural target concept
suggest many-to-one.

CARI10- Indefinite article suggests exactly one cardinality.

CAR11- Indefinite article suggests exactly one cardinality. <DT>.

CARI12- Noun or prepositional phares with singularity suggest one-to-one cardi-

nality.

Following rules are suggested to clear noisy output from the domain model. Yet for

the stated reasons we exclude the usage of them from our pipeline.

Excluded heuristic rules to refine extracted concepts and relations are as follows;

RF1- Candidate classes those occur only one time and has frequency of <2% are
ignored.

RF2- Candidate classes with no attributes are ignored.

RF3- Candidate classes with no relations are ignored.

RF4- Candidate classes related to design, location name, people name are ignored.

RF5- Candidate classes with relationships, attributes are classes.
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All of the heuristics above utilizes the design which separates concepts as candi-
date and final. We opt out of using separation design for our method, therefore,
all of the heuristics above are ignored.

e RF6- If a concept is an attribute ignore it as class. We decided not to extract
attributes for domain modeling, as a consequence including RF6 would not serve
its purpose in our pipeline.

e RF8- If two classes reveal the same information, remove a class. The details and
implementation of this heuristic is missing from the source. For this reason, we
could not implement and include this heuristic.

e RF10- Classes found in adjective and attribute class list are removed.

Classes and attributes are not used in our pipeline.

e RF11- If a class takes a list of values, such classes are attributes of a class.

For the same reasons with RF10, and additionally, lack of examples by the the
author of origin paper for the heuristic we could not use RF11 in our pipeline.

e RF12- Remove classes without purpose manually. We do not include any manual

steps to our pipeline. RF12 is also excluded for this reason.

3.4. Implementation

Our method is implemented using Python programming language. “spaCy” nat-
ural language processing library is used for various tasks within our pipeline. SpaCy
is an advanced library for full range of NLP tasks such as tokenization, POS tag-
ging, NER, and etc using state-of-art algortihms and technologies. It is bundled with
tokenizer module for many languages and pretrained models with diverse methods.
In our pipeline we choose to use “en_core web trf” labeled RoBerta [8] based trans-
former pipeline. Additionally, we use word2vec [85] vectors from the “en core web 1g”
pipeline to compute a weighted graph which is used to rank generated Ngrams. These
Ngrams are additonal sources of concepts in our pipeline as well. Following Figure 3.6

will demonstrate the components of the proposed method’s implementation.
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Figure 3.6. Components and structure of the system.

The pipeline shown above in Figure 3.6 is implemented in a linear fashion. It
will take unrestricted natural English language text input from given “csv” file and
treat each row as a sentence to be processed. Each sentence is kept as a string in a
list and later this list is turned into “Doc” file type defined in spaCy library. Then
pre-trained transformer based pipeline will be created and word2vec vectors will be
included to the transformer based pipeline from the tok2vec based pre-trained CNN
pipeline. This extended transformer based pipeline will process the input. Processing
is done by various components in the pipeline. Tokenizer component will create the
“Doc” object and split the input into tokens. Tagger component will tag the tokens
with POS tags. Parser component will extract parse trees for each sentence. Attribute
ruler component will tag tokens using rule based approach. Lemmatizer component
will extract base forms of tokens. And lastly, entity recognizer component will identify
the non-overlapping labelled spans of tokens. Tagger, parser, and entity recognizer
components will utilize transformer component while attribute ruler and lemmatizer
components employ CNN configuration used in tok2vec based statistical pre-trained
models. To elaborate more on the used technologies in the pipeline, we should also
note that, the parser component of the transformer based pipeline is a transition based
dependency parser which based on a non-monotonic arc-eager transition-system [90]

with transition-break system [91]. After applying the described pipeline on the "Doc’
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object, we obtain linguistic, and syntactic information for the input set. Using this in-

formation we extract a list of concepts and relations between these concepts. Concepts

and relations will be transitioned into domain model by encoding them into required

text format for PlantUML [92]. Finally, domain model visualization will be performed

using PlantUML and output of the pipeline will be an image file which contains UML

Class Diagram to represent domain model for given domain, and the corresponding

input text file used to generate this domain model. Flowchart in Figure 3.7 shows the

process from input to output in a simpler fashion.
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Figure 3.7. Flowchart for the proposed method.
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4. EVALUATION

In this chapter we share our evaluation method and techniques. Firstly, we de-
fine our research questions which draws an outline for our performance evaluation. In
Section 4.1, we describe our data set collection, contents of our data set, and tagging
process. Then, in Section 4.2 we provide our performance metrics to evaluate the
performance of our method. In Section 4.3 we share our performance results, observa-
tions, and findings in great detail. Finally, in Section 4.4 we identify potential threats

to validity of our study.

To analyze the performance of our proposed method we carried out a statistical

analysis to answer following research questions:

e RQ1 - How effective is our approach? Usefulness of our approach can be measured
by calculating recall of our pipeline. Results can give insight about the effective-
ness of the proposed method when compared with the notified results of other
studies. We measure usefulness of pipeline and additionally individual heuristics
by measuring their performance in terms of recall, and precision. Additionally,
triggering frequency of each heuristic and ratio of unique to non-unique concepts
extraction will reveal the significance of the heuristic for our pipeline. Additional
performance measures will reveal how useful of a heuristic for our pipeline. These
measures will be described in detail in the following sections.

e RQ2 - Does our approach provides additional benefits compared to existing ap-
proaches in practical setting” Each proposed approach has pros and cons over
each other. By comparing features of existing approaches we can observe the

advantages our proposed approach.
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4.1. Preparing the Datasets

Before evaluating our pipeline’s performance, we had to establish a ground truth
to compare with our extracted domain model and its elements. For this purpose, we
performed a preliminary research to obtain public requirement specifications documents
and their domain models (in the form design documents, list of concepts or UML
diagrams) so that we can obtain an unbiased data set, yet we were unable to find such
resources. Most notable data set we found was Amazon Smart Home data set [83], [93]
which consist of requirements specified by large group of Amazon staff. This data set is
already studied in terms of requirement engineering by researchers [94], [95] and we can
access to two different set of domain concepts tagged by the researchers. Statements
follow the commonly used user story format. Data set belongs to the smart-home
domain and it has 100 labeled requirement statements where we can obtain concepts
along with the requirements. However the relations between domain concepts were not
included in any of these versions. Amazon Smart Home data set is included in our
pipeline evaluation for many reasons; Data set is used in an industrial setting which
can demonstrate the applicability of our approach in real world settings. Data set is
already labeled by unbiased researchers. And lastly, we have two different reportings on
performance metrics for the Amazon data set, which we can compare our performance

against.

Additionally, we obtained 8 more data sets from educational setting. These 8
data set obtained from MSc. students of the Bogazi¢i University. Student groups
provided data sets which include requirement specifications of their term project and
its corresponding domain model in the form of UML diagrams. Students are not asked
to use any specific format or template, and each group choose the domain they would
like to work in. These data sets are labeled with letters from A to I (group F data is
discarded).

e Group A: Data set belongs to the Banking Domain and contains 102 requirement

statements. Data set mostly contains shall statement requirements.
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Group B: Data set belongs to a Library Application and contains 72 requirement
statements. Data set mostly contains “Actor” shall “Action” formatted require-
ments.

Group C: Data set belongs to the Resource/Product Planning Domain and con-
tains 100 requirement statements. Data set mostly contains “Actor” shall “Action”
formatted requirements.

Group D: Data set belongs to the Food Delivery Domain and contains 100 re-
quirement statements. Data set mostly contains “Actor” shall “Action” formatted
requirements.

Group E: Data set belongs to the Banking Domain and contains 100 requirement
statements. Data set mostly contains “Actor” shall “Action” formatted require-
ments.

Group G: Data set belongs to the E-commerce Domain and contains 94 require-
ment statements. Data set mostly contains “Actor” shall “Action” formatted
requirements.

Group H: Data set belongs to the E-commerce Domain and contains 100 re-
quirement statements. Data set mostly contains “Actor” shall “Action” formatted
requirements.

Group I: Data set belongs to the E-commerce Domain and contains 95 require-
ment statements. Data set mostly contains “Actor” shall “Action” formatted
requirements.

Amazon A: Data set belongs to the Smart Home Domain and contains 100 re-
quirement statements. Data set mostly contains user story formatted require-
ments. Data set is tagged by external researchers [94]. Domain relations are not
mined by the researchers, but domain concepts and their source requirements are
labeled.

Amazon B: This data set share exactly same requirements with “Amazon A” data
set but it has multiple sources of tagging for domain concepts. Data set is tagged
by external researchers [95]. Domain relations are not mined by the researchers,

but domain concepts are labeled.
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e Amazon C: This data set share exactly same requirements with “Amazon A” data
set but it has multiple sources of tagging for domain concepts. Data set is tagged
by internal researchers. Domain relations are also mined by the researchers along

with the domain concepts and their source requirements.

In total, we have 100 requirements from the industrial setting, and 763 require-
ments from the educational setting. Amazon Smart Home data set is created with the
efforts of 300 staff members and student data sets are created with the efforts of 3 to
4 student groups for each data set. Our data set collection covers 6 different domains
and contains sentences with different structures such as shall statements, user story
formatted requirements and lastly free-form English statements. No pre-processing or
operation has been performed on the data sets by the researchers other than removal
of erroneous dot (*“.”) usages. Student models are manually represented in a .csv docu-
ment for convenience of coding. Afterwards researchers mined the domain concepts and
relations before the implementation of the pipeline to stay unbiased during the labeling
process and also mapped them into a .csv document to be accessed by the pipeline.
All performance metrics are automatically measured at the end of the pipeline for each

data set and the results in section4.3 are observed by the researchers. We made data

set related files public and it can be accessed online [96].

4.2. Metrics and Tools

In similar studies [1, 84,94, 95|, empirical and statistical evaluation process in-
cluded recall, precision and F1 score metrics to assess the performances of their tools.
We perform our statistical evaluation by measuring these values as well. Addition-
ally, we calculate local average and major average values for these metrics when it is

applicable.

e Recall: Represents the percentage meaningful instances extracted among all in-

stances in a set. In our case, this is equivalent to ability to cover existing concepts
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in given domain. Recall is calculated using

TP
e 4.1
Recall TP FN (4.1)
or
FN
RGCCL” =1- m—m (42)

depending on the case (redundant concept labels).

e Precision: Represents the percentage meaningful instances extracted among all
extracted instances from a set. In our case, this metric represents the noise of
our domain model. The higher the precision is, the domain model is less noisy.
Precision is calculated using

TP
Precision = TP+ FP (4.3)

e 1 Score: It is the harmonic mean of earlier metrics. In our case, this metric
can be used to assess heuristic performance considering the trade off between
recall and precision for different heuristics. In addition, we can use F1 score to

identify which data sets our pipeline can potentially perform better in future. F1

is calculated using

Pl 2. Precision.Recall B 2.TP
~ Precision + Recall 2.TP + FP+ FN’

4.3. Results

In this chapter, data set statistics and the results of the pipeline is explained in
detail. We will start the evaluation by explaining the data set metrics and performance

evaluation of concept extraction.

Table 4.1 shows the concepts identified in the given data set. “Unique Student
Concept” column represents the number of uniquely labeled concepts, which identified
by students for the data set using UML diagrams. “Unique Golden Truth Concept”
column represents the uniquely labeled concepts mined by the researchers. Lastly,
“Individual Golden Truth Concept” column represents individual concepts mined by
the researchers. This column does not consider uniqueness of the concepts. Same

concept labels can be extracted from different requirement sentences and there will
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Table 4.1. Number of identified concepts.

Group ID | Unique Student Concept | Unique Golden Truth Concept | Individual Golden Truth Concept
A 14 75 346
B 23 59 272
C 8 81 359
D 8 82 395
E 16 109 409
G 20 7 386
H 12 101 397
I 23 96 368
Amazon A | 0 250 511
Amazon B | 0 250 250
Amazon C | 0 174 345

be recurring concepts within document.In total we identified 4038 individual domain
concepts and 1354 unique domain concepts using the 763 requirement statements from
7 different data set and 9 different ground truth. These ground truth concepts are
either tagged by the internal researchers or external researchers and details of this

tagging process is described in Section 4.1.

We can observe in Table 4.1 that student domain models have limited scope, and
these models hardly contains any domain element. We also observed that students de-
fines implementation elements or database objects rather than actual domain concepts
in their domain models. Since evaluation of the pipeline extraction compared to stu-
dent models will not reveal any meaningful representation of the domain, we excluded

student models from the further evaluation process.

Table 4.2 demonstrates the comparison of unique concepts and the golden truth of
each data set. The most important metric for a domain modeling pipeline is the major
average recall metric since it captures the coverage of domain concepts across multiple
domains and varying origins of requirements written by differing experienced practi-
tioners. 74,8% major average recall has been accomplished by our pipeline while being
limited to 37,2% precision and 0.49 F1 Score. This recall value is on par with other
reported studies [1], [76], [84], [94], [95] on domain modeling, concept extraction and
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Table 4.2. Unique concepts extracted versus the golden truth.

Data Set Name | Unique Golden Truth Concepts | Extracted Unique Concepts | TP | FP | FN Recall | Precision | F1
Amazon A 250 460 214 | 246 | 36 0.8560 | 0.4652 0.6028
Amazon B 250 460 206 | 365 | 44 0.8240 | 0.4478 0.5018
Amazon C 174 460 139 | 321 | 35 0.7989 | 0.3022 0.4385
Group A 75 313 121 | 192 | 41 0.7469 | 0.3866 0.5095
Group B 59 247 93 | 154 | 25 0.7881 | 0.3765 0.5096
Group C 81 441 163 | 278 | 51 0.7617 | 0.3696 0.4977
Group D 82 456 147 | 309 | 54 0.7313 | 0.3224 0.4475
Group E 109 280 109 | 171 | 47 0.6987 | 0.3893 0.5000
Group G s 340 111 1229 | 45 0.7115 | 0.3265 0.4476
Group H 101 366 122 | 244 | 70 0.6354 | 0.3333 0.4373
Group I 96 346 126 | 220 | 75 0.6269 | 0.3642 0.4607
Local Average | 0.7436 | 0.3712 0.4866
Major Average | 0.7478 | 0.3720 0.4882

key phrase extraction. Precision and F1 scores are lower than other reported studies
however, for domain modeling purposes the trade off between recall and precision favor
towards to earlier since cost of over looking existing domain concepts is far greater than
dealing with noisy domain concepts. With additional steps, the precision performance
metric can be improved greatly yet identifying and extracting missed domain concept
is very labour intensive for practitioners. Our pipeline can identify every 3 concept out

of 4 across multiple domains in free-form text.

Also, it can be observed that recall value goes as far as 85,6% and 82,4% for
industrial data sets labeled by external researchers. This metric advances the reported
75,3% [94], 73,2% [95] performance for the same data set, and 82,8% [84] performance

for a modern key phrase extraction method.

After examining the unique concept coverage, we proceed with the inspection of
individual concept coverage by our pipeline. “Amazon B’ data set does not include
the source requirement ids along with the concept labels, therefore individual concept
extraction performance could not be measured using the data set. In total 34475
individual concepts are extracted by the pipeline, while data set golden truths contained
3788 individual concepts. In Table 4.3, it can be seen that correctly identified individual

concept number exceeds the individual concepts labeled by researchers. This is due
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Table 4.3. Individual concepts extracted versus the golden truth.

Data Set Name | Golden Truth Concept Count | Extracted Concept Count | TP | FP | FN Recall | Precision | F1
Amazon A 511 5168 2789 | 2379 | 65 0.8728 | 0.5397 0.6953
Amazon C 345 5168 2070 | 3098 | 43 0.8754 | 0.4005 0.5686
Group A 346 2891 1721 | 1170 | 47 0.8642 | 0.5953 0.7388
Group B 272 1925 972 | 953 | 43 0.8419 | 0.5049 0.6612
Group C 359 3414 1553 | 1861 | 68 0.8106 | 0.4549 0.6169
Group D 395 4606 2426 | 2180 | 68 0.8278 | 0.5267 0.6834
Group E 409 2827 1474 | 1353 | 108 0.7359 | 0.5214 0.6686
Group G 386 2600 1261 | 1339 | 108 0.7202 | 0.4850 0.6354
Group H 397 2850 1551 | 1299 | 82 0.7935 | 0.5442 0.6919
Group I 368 3026 1608 | 1418 | 93 0.7473 | 0.5314 0.6803
Local Average | 0.8090 | 0.5104 0.6641
Major Average | 0.8086 | 0.5054 0.6622

to different heuristics identifying same concepts from the same requirements. Because
of this recurring concept extraction, we have to calculate recall by subtracting the
false negative percentage from golden truth concepts sample size. This recall value
demonstrates the actual ability to identify a concept from given requirement. Here we
can observe that both recall and precision values improves over a large sample size.
Even though major average recall value for unique concept extraction is the key metric
for our purposes, major average recall value for individual concept extraction metric
may also provide useful insights on performance of our tool. We can claim that in
case of a larger sample size of requirements and labeling process by more experienced

practitioners, the performance of the pipeline will potentially improve.

To assess performance of individual heuristics for concept extraction task, ad-
ditional performance measurements for has been made. Firstly, number individual
concepts extracted by each heuristic is noted in Table 4.4. Secondly, number of unique
concepts extracted by each heuristic is noted in Table 4.5. And lastly, conversion rate
from individual concepts identified to unique concepts is measured for each heuristic in
Table 4.6. These tables indicate the frequency of heuristic triggering and their ability
to identify different concepts in the domain. We observed that noun phrase extrac-
tion, heuristics; C6, C8, NHR2, NHR10, and HRS identified the most concepts. Noun
phrase extraction and heuristic NHR10 introduced most unique concept to the extrac-

tion pipeline. Further investigation on heuristic’s conversion rate indicates noun phrase
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extraction, ranked n-gram extraction, heuristics C11, C14, NHR7 seem to have ability
to identify unique concept with lowest noise. These results showed that noun phrase
extraction is the most useful step to identify domain concepts. This deduction sup-
port the claim that noun phrases represents almost all key concepts in a domain [81].

Therefore, further investigation on noun phrase extraction is performed.
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In Table 4.7, it can be seen that noun phrase extraction can alone achieve fairly
good results for concept identification in given domain. Noun phrase extraction yields
impressive major average recall performance of 71,5% along with better precision (60%)
compared to the whole pipeline (37,2%). Additionally, this method is better performing
in the industrial setting compared to the student data sets. Modern transformer based

spaCy NLP pipeline achieves outstanding results as high as 83%.

Table 4.7. Unique concepts found by noun phrase extraction.

Data Set Name | Unique Concepts | TP | FP | FN Recall | Precision | F1
Amazon A 294 198 | 96 | 52 0.7920 | 0.6735 0.7279
Amazon B 294 187 | 107 | 38 0.8311 | 0.6361 0.7206
Amazon C 294 136 | 158 | 38 0.7816 | 0.4626 0.5812
Group A 181 117 | 64 | 45 0.7222 | 0.6464 0.6822
Group B 140 84 |56 |34 0.7119 | 0.6000 0.6512
Group C 260 150 | 110 | 64 0.7009 | 0.5769 0.6329
Group D 255 136 | 119 | 65 0.6766 | 0.5333 0.5965
Group E 227 155 | 72 | 52 0.7488 | 0.6828 0.7143
Group G 161 105 | 56 | 51 0.6731 | 0.6522 0.6625
Group H 205 110 | 95 | 82 0.5729 | 0.5366 0.5542
Group 1 204 123 | 81 | 78 0.6119 | 0.6029 0.6074
Local Average | 0.7112 | 0.6003 0.6483
Major Average | 0.7148 | 0.5968 0.6505

Lastly, to assess performance of the relation extraction pipeline, recall, precision
and F'1 score metrics have been measured against the relation tags defined in golden
truth. This comparison checks for the label of source concept, relation type and lastly
label of the target concept. Table 4.8 shows the detailed results of the relation extrac-
tion pipeline. It can be observed that major average recall value of 36,52% for relation
extraction is far smaller than the same metric for concept extraction which is 74,8%.
Our pipeline can correctly identify 1 relation for every 3 relation in the data set. There
are only one public study on domain model extraction using NLP [1] which reported

above 90% recall value for relation extraction. They opted to keep their data set pri-
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vate and their evaluation method was through an empirical study compared to our
automated statistical evaluation. A quick review of extracted relation set compared to
ground truth revealed that many of the “false” relations extracted by our pipeline is
actually only vary slightly from the ground truth version. Human intuition would allow
us to easily label relations with slight variations as a correct relation for given domain.
However, as long as relation is not exactly the same with the predefined golden truth,
our performance evaluation pipeline will label the relation as a false positive, therefore

low recall performance of relation detection is an exaggerated result.

Table 4.8. Unique relation extraction performance metrics of the pipeline.

Data Set Name | Ground Truth Relations | Relations Found | TP | FP | FN Recall | Precision | F1
Group A 123 243 55 | 188 | 68 0.4472 | 0.2263 0.3005
Group B 97 140 29 | 111 | 68 0.2990 | 0.2071 0.2447
Group C 112 297 27 | 270 | 85 0.2411 | 0.0909 0.1320
Group D 152 300 63 | 237 | 89 0.4145 | 0.2100 0.2788
Group E 156 329 51 | 278 | 105 0.3269 | 0.1550 0.2103
Group G 150 215 54 | 161 | 96 0.3600 | 0.2512 0.2959
Group H 156 259 71 | 188 | 85 0.4551 | 0.2741 0.3422
Group 1 152 244 51 | 193 | 101 0.3355 | 0.2090 0.2576
Local Average | 0.3599 | 0.2030 0.2578
Major Average | 0.3652 | 0.1978 0.2568
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Lastly, to summarize our answer to RQ2 we prepared a comparison Table 4.9
which compares our study with similar studies in holistic fashion. Our pipeline achieves
on par performance with similar studies while providing a completely autonomous
unrestricted pipeline to extract a more complete domain model. Also we made all of
our sources public to provide the ability to track, reproduce, and modify the pipeline
for the readers. Additionally, our pipeline has been tested under larger requirement
set and more diverse data set collection in terms of domain variety and diversified

backgrounds of taggers.

4.4. Threats to Validity

During our research we encountered and identified several challenges and potential

threats to the validity of the study.

e Data Set Validity: Identifying domain concepts and relations is a task which re-

quires the interpretation of the researcher. Process of tagging the data set and
requirements may be subject to the bias of the tagger. This effect can be observed
in our pipeline results by comparing the performance on different data sets tagged
by internal and external researchers from different backgrounds. We provide dif-
ferent tags for Amazon data set to give a fair insight on the performance of our
pipeline to the readers to overcome this threat. Additionally, source code of our
pipeline [97], source requirements, student models, and expert models (ground
truth models) [96] are made public to let individuals assess the validity of the
data set and true performance of our tool.

e Implementation Validity We tried to access source code for related studies but

unfortunately researchers choose to keep their implementation sources private.
We contacted the author /researcher of the most similar study [1] on domain model
extraction from unrestricted test documents and managed to get their pipeline
working in our local environments, but their rule based system uses compiled
NLP pipeline components. Therefore we could not examine their implementation

of the same heuristics. Lack of access to the implementation of related studies
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channeled us to implement each heuristic by interpreting the source study for the
heuristic. This interpretation may cause different usage of the heuristic from the
intended usage of the heuristic in the source studies. Additionally, spaCy is a
massive NLP framework and masterful usage of spaCy requires long term study
and our lack of experience with the spaCy NLP collection may cause inefficiencies
or faults in our NLP pipeline.

External Validity Despite our efforts we couldn’t manage to access requirements

and models used in industrial setting and commercial projects. Additionally our
sample size is limited compared to data collections of real world software projects.
Lack of large scale data sets may cause performance issues and challenges while

transitioning the project setting from educational to industrial.
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5. CONCLUSIONS

In this chapter we will summarize our findings and observations. Firstly, we come
to the conclusion for performance of our method. Then we interpret individual conclu-
sions for performance of pipeline components based on our results. We analyze poten-
tial causes of effectiveness of the approach on different data sets. After performance
conclusions are made, observations on the domain model extraction task, effectiveness
of rule-based, language model and statistical ranking approaches are explained. And

lastly, we draw an outline for future research on the problem with proposed approach.

In this study, we explored the Domain Model Extraction from Unrestricted Text
using NLP by identifying key domain model elements with the help of modern NLP
tools combined with a rule based approach. We build a resourceful pipeline which
utilizes different approaches. The quantitative analysis showed that our pipeline can
achieve on par performance with similar studies while utilizing recent technological
advancements. While using external golden truth for the same data set our pipeline
exceeds the performance of reported studies. We also provided public pipeline re-
sources and performed our analysis using a larger data set to assess the performance of
the tool more fairly. We achieved improved recall rate for domain concept extraction,
but the precision of the pipeline diminished. Relation extraction pipeline performance
turned out to be lower than both our concept extraction performance, and reported re-
lation extraction studies. This shows that rule based approach lacks the generalization
to interpret complex relations. We can also say that our implementation of relation
extraction pipeline may differ from the intended implementation of these heuristics
therefore creating the difference between the performance of our pipeline and reported
performance measurements. We also observed that noun phrase extraction alone been
the best performing method in the pipeline doubtlessly. spaCy’s modern roBERTa
based pipeline with its syntactic parsing capabilities and large language model data

achieved extra-ordinary performance for key concept extraction task.



57

Our pipeline achieved its best performance with user story formatted Amazon
Smart Home data set. We believe this is due to writing of the requirements in more
atomic manner. Student data sets violate many of the best practices of writing software
requirements. When investigated manually, it can be seen that many of the require-
ments are not atomic. Also students used different terms for same concepts without
explicitly specifying the relation.This can be overcomed with human intuition but for
a rule based pipeline, such requirement statements decreases the performance of the
pipeline. Lack of additional industrial project data set unfortunately limited our ability

to evaluate our pipeline in a practical environment.

In conclusion, our pipeline achieved acceptable domain model extraction capa-
bilities. It may be used as an assistance tool to extract the domain model and later
allowing practitioners to modify the model to fit their domain description. Lack of gen-
eralization capabilities of rule-based approaches limited our capabilities as well, and we
believe performance of the pipeline can be improved by implementing additional heuris-
tics to increase coverage and precision of the pipeline in future. Our approach which
combines modern language model, term ranking algorithms, and heuristic rules is still

a promising narrow Al approach to extract domain models despite it is shortcomings.

Future work for this multi-level approach should focus on eliminating the validity
threats of this study. Firstly, implementation threats can be eliminated by accessing
implementation of other resources to error proof to pipeline. Additionally more heuris-
tic rules can be implemented to cover shortcomings of the pipeline. And lastly, larger
data sets which is labeled by external industrial practitioners can provide unbiased

assessment of the practical performance of the approach.

Since heuristic based approaches lack generalization to capture more complex
syntactic relations, if more complete data sets are provided, a multi layered deep learn-
ing approach can achieve better performance which can also be transitioned across

multiple domains and multiple project settings.
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