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Abstract

Natural language remains the predominant medium for expressing software re-
quirements, yet it is inherently susceptible to quality issues that affect precision
and clarity. Among these issues, anaphoric ambiguity, referential ambiguity, unver-
ifiability, and subjectivity appear frequently across real-world specifications and re-
quire systematic handling to support early requirements quality assessment. This
thesis develops four dedicated detection approaches one for each smell type based
on a combination of natural language processing techniques and machine learning

models.

The methodology integrates contextual embeddings, weighted TF-IDF represen-
tations, and targeted linguistic indicators such as pronoun usage, modal verbs,
vague expressions, and structural cues. Anaphoric ambiguity is detected using
a hybrid pipeline that fuses DistilBERT embeddings with linguistic features and
an optimized XGBoost classifier. Referential ambiguity and unverifiability are
identified through weighted TF-IDF and handcrafted linguistic features combined
with Random Forest models and calibrated decision thresholds. Subjectivity is
addressed using an enhanced rule-based procedure with an optional machine learn-
ing classifier. Experiments were conducted on three publicly available datasets:

DAMIR-PURE, GitHub (ReqEval), and Zenodo.

The results show strong performance across all four smells, with weighted F1-scores
typically ranging from 0.88 to 0.95 and additional gains achieved through probabil-
ity threshold optimization. These findings demonstrate that combining contextual
semantic cues with lightweight linguistic features provides an effective and compu-
tationally efficient basis for detecting key requirement smells, contributing toward

more reliable and interpretable requirements analysis practices.
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Chapter 1

Introduction

Requirements engineering (RE) is a critical discipline in software engineering, fo-
cusing on the elicitation, analysis, specification, validation, and management of
requirements to ensure that software systems satisfy stakeholder needs and opera-
tional demands. As the first stage in the software development lifecycle, RE under-
pins design, implementation, testing, and maintenance [1]. Effective requirements
specifications are inherently correlated with project success, while poor specifica-
tions are among the leading causes of project failures, rework, and cost overruns

2, 3].

Recent industry reports highlight the economic impact of inadequate requirements.
For instance, the Consortium for Information and Software Quality (CISQ) re-
ported that poor software quality including requirements-related problems cost
the U.S. economy $2.41 trillion in 2022, of which $1.52 trillion was due to tech-
nical debt [2]. More than half of software project issues have been linked to

requirements-related defects, underscoring the critical role of RE [2].

Given these stakes, it becomes paramount to ensure that requirements are prop-
erly documented and effectively communicated. A requirements specification is a
formal document (or collection of documents) that clearly defines the functions,
features, constraints, and qualities a software system must provide [4]. Serving

1
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as a contract between stakeholders and developers, it establishes a shared under-
standing of system objectives and operational conditions. Ideally, specifications
should be complete, unambiguous, consistent, modifiable, verifiable, and trace-
able [5, 6]. They serve as a key reference point throughout the software lifecycle,

guiding design decisions, implementation, verification, and maintenance [6].

1.1 Requirement Specification Methods

There are also different methods to document requirements, and they have indi-

vidual strong and weak sides:

1.1.1 Natural Language

This is the most widely used approach and NL specifications can be read and
understood, as well as, used without any special training. They favor recording
the various types of requirements which include functional, non-functional and

domain-specific requirements [1, 4, 6].

1.1.2 Formal Methods

These are based upon mathematical rigorous and precise notations, e.g. 7, B, or
Petri nets, in order to remove ambiguity and make verification of a formal nature.
Precise formal techniques cannot be applied without much expertise thus making

it impossible to use them in non-technical projects [7].

1.1.3 Semi Formal Techniques

Processes such as Unified Modeling Language (UML), use case diagrams, and data
flow diagram interact with organization in a mixture of a format that can be read

and precise at the expense of flexibility. Their use is common however they may
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not be fully applicable in the case of ambiguity when dealing with complicated
systems [6].

1.1.4 Visual Modeling Techniques

Flowcharts, state charts and entity relationship diagrams are visual modeling tech-
niques which are easier to understand systems behavior. Although they work well
when covering high-level overview, they are not as detailed as necessary in coming
up with comprehensive specifications especially when it comes to non-functional

requirements [6].

The use of natural language prevails because of flexibility and stakeholder-friendly
factors, particularly in the agile approach and in projects involving a diverse team.
Nonetheless, it is prone to the phenomenon of ”smells” - deficiencies compromising
clarity and their verifiability [3, 8]. The prevention and detection methods should
therefore be strong [3, §].

1.2 Advantages of Natural Language Specifica-

tions

There are a number of strong reasons why natural language specifications have

become common in the requirements engineering:

1.2.1 Availability

NL does not include any specialized training and allows the stakeholders involved
in the requirements process such as clients, end-users, domain experts and de-
velopers to engage in the requirements process without having to learn complex

notations [4].
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1.2.2 Expressiveness
NL enhances expression of a broad spectrum of requirements, functional behaviors
to non-functional attribute as well as domain specific constraints. This is necessary

in bridging the abstract concepts or complex concepts [9].

1.2.3 Collaboration
NL also promotes collaboration with interdisciplinary teams because they have a
shared medium of communication. When working on agile development, natural

language style user stories can be used to do iterative and stakeholder requirements

definition [9].

1.2.4 Flexibility
NL can be applied in different project settings, in small-scale usage as well as large-
scale, domain-specific systems, with no need to involve special tools or approaches

[10].

1.2.5 Cost Effectiveness
NL specifications can be made and viewed using common tools. This increases the
accessibility of people to use them as opposed to their formal counterparts which

require training and specific software [10].

Besides these benefits, the tendency of majority of smells in NL requirements, as
it is observed in the CISQ reports, results in substantial economic losses, which

explains the necessity of automated quality assurance [2, 3].

1.3 Quality Issues in Natural Language Specifi-

cations

Natural language (NL) specifications are prone to several quality problems, com-
monly referred to as smells, which can compromise the clarity, consistency, and
verifiability of requirements. These smells often lead to miscommunication, misin-
terpretation, and costly errors, contributing to an estimated loss of $2.41 trillion

in 2022 [2]. A comprehensive Requirements Smell Taxonomy categorizes these
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defects into four main types: Ambiguity, Clarity and Precision Issues, Structural
and Linguistic Issues, and Content and Consistency Issues [3]. This taxonomy
provides a structured framework for identifying defects in software requirements
that, if unaddressed, may result in inefficiencies, cost overruns, project failure,
or misinterpretation [3]. Ambiguity may arise from multiple linguistic interpre-
tations. Clarity and precision issues occur when requirements contain subjective
or untestable statements. Structural and linguistic issues result from grammatical
errors or poor organization, while content and consistency issues stem from log-
ical inconsistencies or irrelevant information. Early identification and correction
of these problems enhance testability, reduce rework, and improve overall quality,
particularly when supported by text-based alerts such as NLP-based identifiers
[11].

1.3.1 Ambiguity

Ambiguity is one of the basic issues natural language requirements have to cope
with: they appear in instances where a statement is readable in more than one
sense. Unclear requirements make the scenario confusing to the stakeholders as
well as the developers and, thus, cause the lack of uniformity, errors, and wastage
of time and money due to reworkings [1, 12]. The natural language needs tend
to be affected by various types of ambiguity, and these are divided into four cat-
egories: lexical, syntactic, semantic, and pragmatic [13, 14]. Lexical Ambiguity
occurs when a single word can have more than one meaning depending on the
context in which it is used. This ambiguity is particularly problematic in re-
quirements, where precise interpretation is essential. Lexical ambiguity is further
divided into two subtypes: homonymy and polysemy [13, 15]. Homonymy Ambi-
guity arises when a word has entirely different meanings that are unrelated. For
example: “The system retrieves data from the bank.” Here, the term bank could
refer to either a financial institution or a river bank, creating confusion about
the system’s domain of operation [13]. Polysemy Ambiguity occurs when a word
has multiple related meanings. For example: “The user connects the device to

the port.” In this case, port could mean either a USB port or a network port.
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Both interpretations are valid and context-dependent [15]. Syntactic Ambiguity
(also called structural ambiguity) arises when a sentence’s structure allows multi-
ple grammatical interpretations. The ambiguity is not in the individual words but
in how they are combined. This type of ambiguity is common in long or complex
requirement statements [14, 16]. Two major subtypes are attachment ambiguity

and coordination ambiguity.

Attachment Ambiguity occurs when it is unclear which part of the sentence a
phrase modifies. For example: “The system will store the data on the server that
has high capacity.” Here, that has high capacity may refer either to the system or
to the server [14].

Coordination Ambiguity occurs when conjunctions such as and or or can group
multiple phrases in different ways. For example: “The system will enable loading
files and deleting the files and logs.” It is ambiguous whether logs are deleted
together with files, or separately [13].

Semantic ambiguity arises when a sentence’s meaning is unclear due to uncer-
tainty about the semantic relationships between words or phrases. Unlike lexical
ambiguity, which concerns individual words, semantic ambiguity affects the overall
interpretation of meaning in context. In software requirements, it can cause differ-
ent stakeholders to derive inconsistent understandings of system behavior [15, 17].
Two common subtypes of semantic ambiguity are scope ambiguity and anaphoric

ambiguity.

Scope Ambiguity occurs when the range of a quantifier, negation, or modal verb
is unclear. For example: “All users cannot access the admin panel.” This can

mean either (1) no user can access it, or (2) not all users can access it (some can)

[18, 19].

Anaphoric Ambiguity arises when pronouns or referring expressions (e.g., it, this,
they) can refer to multiple antecedents. For example: “The system notifies the
user about the error and stores it in the log.” Here, it may refer either to the error

or to the notification [8, 20].



Introduction 7

Pragmatic Ambiguity arises when the intended meaning of a requirement depends
on contextual or situational interpretation rather than explicit linguistic struc-
ture. In such cases, understanding the statement requires external knowledge or
assumptions not stated in the text. As a result, different readers or stakeholders

may interpret the same requirement differently [13, 15].

A prominent subtype of pragmatic ambiguity is referential ambiguity, which occurs
when the reference of a pronoun, noun phrase, or entity is unclear. i.e., when it
is ambiguous which object or subject is being referred to. Such ambiguity is
frequent in natural language requirements, particularly when multiple potential
antecedents exist within the same sentence [8, 11, 20]. Referential Ambiguity:
Example 1: “The system records the transaction and sends it to the user.” In
this sentence, the pronoun it could refer either to the transaction or to the record,
making the intended meaning ambiguous [20]. Example 2: “The system sends the
data to the module and stores it in the database.” Here, it may refer either to
the data or to the module, leading to multiple valid interpretations of the same

requirement [8].

1.3.2 Clarity and Precision Issues

Clarity and Precision Issues emphasise subjectivity, unverifiability, vagueness and

complexity.

Subjectivity employs qualitative descriptions (my words - user-friendly, easy to
use) which have no objective acceptance criteria; these should be substituted by
measureable constraints (my words-no more than three navigation actions) [21, 22].
For example “The system should provide a user-friendly interface.” The adjective
user-friendly is subjective and open to personal interpretation. What one stake-
holder perceives as user-friendly (e.g., visual design) may differ from another’s
expectation (e.g., navigation simplicity). This type of linguistic quality issue is
categorized as a subjectivity smell, because it expresses an opinion-based judg-

ment rather than an objective quality [3, 23].
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Unverifiability efers to requirements expressed as universal or unconditional state-
ments that cannot be objectively tested. Such requirements often contain terms
that lack measurable criteria or quantifiable thresholds, preventing consistent eval-
uation during validation or testing. For example “The system shall respond quickly
to user requests.” The adverb quickly lacks a defined time limit, making the re-
quirement impossible to verify in practice. A verifiable version would specify a
measurable target, for example, “The system shall respond within 2 seconds.”
Unverifiable requirements hinder objective assessment of compliance and were

identified as a critical quality problem in requirements engineering [6, 11, 12, 22].

Vagueness occurs when a requirement includes words or phrases that are open to
interpretation or lack precise meaning. Such statements make it difficult for stake-
holders to develop a shared understanding of what the system must achieve. “The
system should use appropriate encryption methods to protect data.” The term ap-
propriate is unclear; it does not specify which encryption standards or algorithms
(e.g., AES-256, RSA). This lack of precision can lead to inconsistent understand-
ing and implementation. This issue was identified as a vagueness-related quality

problem in software requirements [1, 3].

Complexity refers to requirements that are mentally demanding or difficult to
interpret because they contain several conditions, operations, or system behav-
iors expressed together. When a single requirement attempts to describe multiple
functions or decisions, it becomes harder to analyze, implement, and maintain
effectively. Excessive complexity increases the likelihood of misunderstanding and
errors during development and testing [11, 21]. For example, “If the user is logged
in and the payment is successful and the account balance is greater than zero,
then the system shall update the order status and send a confirmation email.”
This statement combines multiple logical conditions and outcomes in a single re-
quirement, making it cognitively difficult to understand and trace during imple-
mentation [11]. “The system shall continuously monitor performance, log events,
notify the administrator in case of anomalies, and attempt automatic recovery.”
This sentence describes multiple system behaviors that should ideally be separated

into distinct requirements to reduce complexity and improve clarity [12, 21].
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1.3.3 Structural and Linguistic Issues

Structural and Linguistic Issues emphasis punctuation and modality.

Punctuation errors or omissions change sentence meaning or introduce run-ons
that obscure intent (for example, missing commas or poorly placed parentheses
can make one sentence describe multiple unrelated behaviors) [12]. Example 1:
“The system shall not delete, the user data.” [24]. Example 2: “The system records
inputs, the data are verified, and stored.” [23]. Example 3: “After validation the
data are stored.” [24]. Incorrect punctuation can also lead to syntactic parsing

errors or change the semantic dependency between clauses [23, 24].

Modality just means the usage of modal verbs (e.g. "shall”, "may”) and the nor-
mative effect thereof: undefined modality does not distinguish whether a constraint
is mandatory /recommendation/optional to implementers, modal verbs explicitly
distinguish the normative character of mandatory constraints and the use of ex-
plicitly explaining optional features [25, 26]. Example 1: “The system should log
user activities.” [12]. Example 2: “The system may delete temporary files.” [27].
Example 3: “The module shall process data; it should also verify the checksum.”
[3]. Consistent use of shall for mandatory and testable requirements is essential

to avoid ambiguity and ensure clarity [1, 27].

This taxonomy distinguishes the structural-focused problems as they are specif-
ically classified under the punctuation and modality so as to clearly distinguish
between them and the more general linguistic issues like passive voice, repetition,

or long sentences etc. [3].

1.3.4 Content and Consistency Issues

The problems of content and consistency of software requirements may present

serious difficulties to the development process [3, 13].

Inconsistency may be anonymous where two or more requirements are in conflict

(like one rule sets the maximum password length of 10 characters whereas another
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sets the password limit length at 8 characters) [21, 28]. Example 1: R1: “The
system shall lock the user account after three failed login attempts.” R2: “The
system shall allow users unlimited login attempts.” [28]. Example 2: “The appli-
cation shall store all user data locally.” “User data shall be stored on the cloud.”
[29]. These contradictions make it unclear how the system should function and

are considered major content-related defects.

Redundancy is repetitive or overlapping requirements in different words in the doc-
ument, which cause maintenance problems [3, 30]. Example 1: R1: “The system
shall generate a monthly report.” R2: “The system shall produce a report every
month.” [11]. Example 2: “The software shall notify the user of any errors.” “An
error message shall be displayed to inform the user of any issues.” [3]. Although
both pairs of requirements convey the same meaning, redundancy can complicate
requirement traceability and version control, as changes made to one statement
might not be reflected in its duplicate, potentially leading to misalignment in

documentation or implementation [27, 31]

Incompleteness refers to the omission of required information (i.e. who, when,
format, units, frequency) e.g. report on the generation of reports without a speci-
fication of which reports or their frequency [21, 32, 33]. for example " The system
shall send a notification if the user’s account balance becomes less than zero.”
Example 1: “The system shall generate a report.” [34]. This statement is incom-
plete because it does not specify what type of report, for whom, or under what
conditions. Example 2: “If the data are invalid, an error message is displayed.”
[12]. Here, the responsible actor or error-handling behavior is not defined, making

the requirement unclear.

Obsolescence is requirements that refer to obsolete platforms or versions (e.g.,
the system shall support Internet Explorer 8 ), which must be replaced with a
generalized requirement (e.g., the system shall support current versions of Internet
Explorer ) or otherwise placed in maintenance-friendly words (e.g., the system shall
support other current versions of Internet Explorer) [11]. Example 1: “The system

shall support Internet Explorer 8.” [35]. This requirement is obsolete because the
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referenced browser is outdated and no longer supported. Example 2: “The mobile
app shall use the legacy authentication APL.” [23]. This statement refers to a

deprecated API, which introduces technical debt and future maintenance issues.
1.4 Existing Solutions to Detect Smells

There exist a number of strategies devised to decrease the reliance of smells within
the contexts of natural language specifications in attempts to increase the degree
of clarity, coherency, and verification. There are manual methods, rule-based,
machine learning and hybrid methods of these solutions, but all of them are limited

somehow:

1.4.1 Manual Reviews and Inspection

Manual reviews with the help of checklists or walkthrough activities performed by
expert teams are used to detect such problems as ambiguities, subjective aspects,
and missing requirements in documents. Even though it is useful in other applica-
tions, manual reviews are tedious, subjective, and reliant on the expertise of the

reviewer, which results in an inconsistent rate of findings [8, 16].

1.4.2 Rule Based Methods

Rule-based systems utilize predefined language usage patterns and automatically
detect the existence of the smells, i.e. vague words, ambiguous pronouns, and
unverifiable statements [22, 36]. These systems are just transparent, consistent and
efficient because the rules are explicitly stated and applied to all requirements in a
uniform way that makes quick detection of possible problems. Still, they are rather
limited to what has already been defined, can experience trouble with unexpected
problems, and yield X-rays, particularly as rule sets come to be more complex.
In spite of these shortcomings, rule-based techniques can be a useful technique
to systematically increase the quality of requirements, especially when augmented

with manual inspections or machine-learning algorithms [31, 37].
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1.4.3 Machine Learning and Deep Learning Methods

Recent work has applied both traditional machine-learning classifiers (e.g., SVM,
Random Forest) and deep-learning architectures (CNN, Bi-LSTM) as well as
transformer-based models (BERT and BERT-variants) to automatically classify
software requirements by quality attributes (e.g., FR/NFR, NFR subcategories,
domain-specific types). Transformer-based approaches in particular (e.g., prompt-
learning and fine-tuned BERT variants) have achieved state-of-the-art performance
on several benchmark and domain corpora, but deep models typically require sub-
stantial labeled data and careful domain adaptation; to address data scarcity, re-
searchers have proposed prompt-learning, semi-supervised and zero-shot strategies

38-40)]

1.4.4 Hybrid Solutions

A solution that is gaining critical attention is the actual Hybrids in which they
carefully mix the strengths of Machine Learning (ML) methods with the Rule-
Based Systems to get around the inherent weaknesses that each has by itself.
Such combination enables a powerful smell detection based on both advantages of
ML (e.g., the pattern recognition and generalization power of transformer-based
models and contextual embeddings such as BERT to detect ambiguity and missing
information) and on the precision, explainability, and explicit knowledge represen-
tation of rule-based logic. As an example, the integration of rule-based components
can be applied to improve the matches, impose a strict quality condition, or offer
a human-interpretable explanation of the misapprehended cases, which are auto-
matically detected by ML algorithms but contain the ambiguous context that the

ML model was not configured to perceive, such as the cases of the anaphors [8].

The solutions have already played a beneficial role, yet their shortcomings indicate
that more holistic and extensive solutions should be found that account not only
for a wide range of smells but also employ this knowledge in environments as large

as possible.
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Despite advances in finding and resolving the issues of so-called natural language
smells, they still present a serious problem. Manual reviews are lengthy, subjective,
and hard to scale when it comes to large-scale projects, which often result in
unequitable identification of the problems that an article might have (such as,
anaphoric ambiguities, modality problems, etc.), [8, 16]. Rule-based systems, as
effective as they are at recognizing explicit linguistic patterns, have issues with
context-sensitive ambiguities and semantics nuances leading to a high number of
false positives or missed detections in challenging cases [8]. Machine learning and
deep learning methods need domain-specific labeled data and require significant
feature engineering or training data volumes and are often not generalizable across
industries, especially in the detection of the modality and incompleteness problems
[38-40]. Hybrid methods that integrate ML, DL, and rule-based approaches hold
potential but are not ready to be deployed in industry because of the costs and
complexities of integration, scalability, performance and inefficiency of tuning to

a domain [3, 8, 41].

1.5 Problem Statement

Natural language software requirements often contain requirement smells, such as
anaphoric ambiguity, referential ambiguity, unverifiability, and subjectivity, which
can lead to misinterpretations, implementation errors, and costly rework during
software development [3, 42]. These smells affect the clarity and testability of
specifications, making them difficult to interpret consistently among stakeholders.
While ambiguity types such as anaphoric and referential have been recognized
in natural language studies [14, 43], their automated detection within software

requirements remains under-studied and highly context-dependent [20, 44].

Similarly, unverifiability and subjectivity, though addressed in several studies, still
lack robust and context-aware automated detection methods capable of accurately
interpreting linguistic and semantic cues in requirement statements [3, 45]. Exist-
ing rule-based and machine learning approaches have shown potential in detecting

such smells but are limited by a lack of contextual understanding and dependence
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on large labeled datasets [46, 47]. Consequently, a context-aware hybrid framework
that integrates natural language processing and machine learning with linguistic
and semantic features is needed to improve the accuracy and robustness of detect-
ing anaphoric ambiguity, referential ambiguity, unverifiability, and subjectivity in

natural language software requirements [14].
1.6 Research Objectives

Following are the objectives of this thesis:

i. To review existing approaches of smell detection in natural language require-

ments and identify their limitations and gaps.

ii. To compare the performance of the proposed approach (accuracy, precision,
recall, and fl-score), against the available solutions in order to determine
to what extent the proposed approach is able to identify the requirements
smells correctly, e.g., ambiguities (anaphoric and referential), subjectivity

and unverifiability.

The goals of these objectives are to promote better quality assurance of a software
requirement through the production of a scalable, context-aware, and empirically

verified method to use automated smell detecting systems.
1.7 Research Questions

The following research questions guide the development and evaluation of the

proposed automated approach:

RQ1: What are the existing approaches for detecting different type of smells in

Natural language software requirements and what are their limitations?

To address this question, existing approaches for detecting requirement smells in

natural language software requirements will be critically analyzed to identify their



Introduction 15

strengths, limitations, and gaps. Previous studies have primarily employed rule-
based methods, machine learning techniques, and hybrid NLP frameworks; how-
ever, most lack contextual awareness, rely heavily on handcrafted rules or large
labeled datasets, and are often limited to specific smell categories. This study aims
to review and evaluate these approaches to establish a foundation for developing
a context-aware hybrid detection framework that effectively integrates linguistic,
semantic, and machine learning techniques for detecting anaphoric ambiguity, ref-

erential ambiguity, unverifiability, and subjectivity in software requirements.

RQ2: How effective is the proposed approach applied to identifying the selected
smells (anaphoric ambiguity, referential ambiguity, unverifiability and subjectiv-

ity) against currently available solutions?

The effectiveness of the proposed approach will be evaluated through experiments
on benchmark datasets such as DAMIR-PURE [8], ReqEval [48] and Zenodo [49].
The hybrid detection models will be compared against existing solutions, including
manual inspection, purely rule-based techniques, and standalone machine learning
models. Evaluation will be carried out using weighted F1-scores, precision, recall,
and accuracy, with the goal of determining whether the proposed framework pro-

vides superior soundness, scalability, and reliability over traditional approaches.

1.8 Methodology

The proposed work will adopt four dedicated NLP—ML pipelines to detect anapho-
ric ambiguity, referential ambiguity, unverifiability, and subjectivity in natural lan-
guage requirements. All datasets will first be cleaned, normalized, and stratified to
maintain balanced label distribution during evaluation. Each smell will be mod-
eled using the feature types most suitable for its linguistic behavior. Anaphoric
ambiguity will be detected using a hybrid combination of DistilBERT semantic em-
beddings and engineered linguistic cues, classified through an optimized XGBoost
model. Referential ambiguity will rely on a weighted fusion of TF-IDF represen-
tations and referential indicators, classified using a Random Forest model with

calibrated probabilities. Unverifiability will be addressed through a multi-branch
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TF-IDF representation enriched with vague terms, modal verbs, and comparative
expressions. Subjectivity will be identified through a hybrid rule-based and statis-
tical approach using subjectivity scores, polarity metrics, and readability features.
All classifiers will undergo probability calibration and threshold tuning. Perfor-
mance will be evaluated using standard metrics, with weighted F'l-score serving
as the primary measure due to class imbalance. A consistent evaluation procedure

will be applied across all four smell types to ensure comparability.

1.9 Thesis Structure

This thesis is organized as follows (Shown in Figure 1.1):
Chapter 1: Introduction

Presented the research background, reason and the relevance of requirements en-
gineering in software development. It speaks about the ubiquity and influence of
smells in natural language stipulations, describes the research problem, objectives,

and research questions, and gives a rundown of the thesis format.
Chapter 2: Literature Review

Provides literature overview on methodologies of requirements specification, the
type and categories of requirements smells and previous attempts to automate the
identification of requirements smells. It offers a critical evaluation of the available
solutions, their strengths and weaknesses, so as to present research gaps that form

the motivation of this work.
Chapter 3: Methodology

This thesis uses an NLP-ML based methodology to detect anaphoric ambiguity,
referential ambiguity, unverifiability, and subjectivity in natural language require-
ments. The approach combines appropriate feature representations for each smell,
including linguistic indicators, semantic embeddings, and weighted lexical fea-
tures, and applies machine learning classifiers or rule assisted detection depending
on the requirements of each detection task. The analysis is conducted using three

datasets: DAMIR-PURE, GitHub/ReqEval, and Zenodo. The overall pipeline
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_ Chapter 5:
Chapter 1: Conclusion and
Introduction Future Work
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_ _ Chapter 4:
_ Chapter 2: N Chapter 3: Experiments, Results and
Literature Review Methodology Evaluation

FIGURE 1.1: Thesis Structure

covers data preparation, feature extraction, model training, and weighted F1-score
evaluation, forming the basis for the automated detection methods described in

the subsequent chapters.
Chapter 4: Experiments, Results and Evaluation

Introduces the experimental design, such as the data set to be used, evaluation
measures, methodology, and the baseline approaches. It reports and analyzes the
outcomes of the suggested approach in the relation of detection accuracy, precision,
recall, and computational performance, and makes a comparison to the existing
tools on state of the art, and also answers the conducted experiment, comments on
the success and drawbacks of the approach, and contemplates its flexibility with
the help of domains and styles of requirements. Issues that were faced and ways

of improving them are also discussed in this chapter.
Chapter 5: Conclusion and Plans of Future Work

Concludes the important contributions and few of the results of the thesis, opin-
ionates about the relevance and questions of the research and points directions of

future research of automated requirements quality assurance.



Chapter 2

Literature Review

This chapter searches at some of the most recent research on ambiguity and quality
issues, which are often called "smells” in natural language requirements specifica-
tions (SRS). The goal is to combine basic ideas, new developments, and current
issues in ambiguity detection and requirements quality assurance. This chapter
forms a background and foundation to it by critically reviewing the literature and
explaining why more context-aware and scalable approaches of ambiguity detec-
tion are desirable. This chapter provides the context in which the research is
based and forms a background for the development of better, context-sensitive
and aware, scalable smells detection approaches by means of a critical review of

the literature.

2.1 Scope and Objectives

Natural language (NL) is widely used for writing software requirements because
it is accessible and expressive, allowing stakeholders with diverse technical back-
grounds to contribute to the requirements engineering (RE) process [6, 50]. How-
ever, the same flexibility that makes NL attractive also makes it prone to qual-
ity issues such as ambiguity, unverifiability, and subjectivity. These issues are
among the major sources of requirements related defects and often lead to misin-
terpretation, rework, and project failures. To ensure high-quality specifications,
requirements are expected to be complete, unambiguous, consistent, verifiable,

18
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and traceable [27]. The scope of this literature review is intentionally defined to
address a subset of requirement smells that directly compromise the clarity and
testability of NL specifications. While the broader body of research covers several
types of requirement smells, such as vagueness, redundancy, inconsistency, modal-
ity, incompleteness, and obsolescence, this thesis focuses exclusively on four major
types: anaphoric ambiguity, referential ambiguity, unverifiability, and subjectivity.
These four smells were selected because they are highly prevalent in natural lan-
guage specifications, present significant challenges for both manual and automated
detection, and have a direct impact on the accuracy and reliability of software re-
quirements. By narrowing the scope, the review maintains a sharper focus and
provides the foundation for the automated detection methodologies that are pro-
posed in later chapters. The selection of sources for this review was based on their
direct relevance to the four targeted requirement smells and their coverage of both
classical and modern approaches to smell detection. The reviewed works include
traditional techniques such as manual inspections and rule-based methods, as well
as advanced solutions based on natural language processing (NLP), machine learn-
ing (ML), and hybrid frameworks. In addition to methodological contributions,
the literature also encompasses empirical studies, comparative evaluations, and
tool-based implementations that provide insights into the effectiveness, scalabil-
ity, and limitations of current approaches. This ensures that the review offers
both a conceptual understanding of the problem space and a critical assessment
of practical solutions. The objectives of this literature review are fourfold. First,
it aims to clarify the nature and underlying causes of requirement smells in NL
specifications, with emphasis on anaphoric ambiguity, referential ambiguity, unver-
ifiability, and subjectivity. Second, it seeks to critically analyze the strengths and
weaknesses of existing detection methods and tools, considering their applicability
to different contexts. Third, the review intends to identify current research gaps
and challenges that hinder progress in automated smell detection. Finally, it aims
to justify the importance of developing robust and scalable detection techniques
that can enhance the quality of software requirements specifications (SRS) and
mitigate risks to overall project success. This focused scope and set of objectives

provide a structured foundation for investigating automated approaches to the
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detection of requirement smells.

2.2 Classification of Smells in Natural Language

Requirements

A requirement smell is an item in a requirements document that suggests a poten-
tial quality concern: in this case ambiguity, incompleteness or unverifiability which
could create defects unless dealt with [3, 25, 51]. Smells are not necessarily errors
but are designed to show that a requirement is either not known appropriately
or used out of context. Complete classification of requirement smells is shown in

figure 2.1.
2.2.1 Ambiguity

Ambiguity is named as an ability to understand something in a certain number of
ways or meanings or as a doubt [13]. The Merriam Webster English Dictionary has
defined the term, ambiguity as, the characteristic or condition of being ambiguous,
particularly in regard to meaning, an ambiguous term or phrase, uncertainty, where
ambiguous specifically means doubtful or unclear, especially because of ambiguity
or indistinctness, incomprehensible, or capable of being understood in two or more
ways [52]. Thus, there are two major definitions of the term ambiguity: to be
open to different possible interpretations and the thought of the uncertainty. The
element of uncertainty, in regard to not being sure of something, is not regarded
here because, not being sure of this or that depends on what the writer and the
reader knows about the context; the statement itself may be clear and plain [52].
Uncertainties in software requirements represent a major challenge, since they can
be interpreted in different ways, and this hinders when a software development

can be predicted [14].

Lexical Ambiguity is a kind of ambiguity, which emerges when a word has several
meanings. It may be divided into homonymic single word ambiguities and pol-

ysemic ambiguities. The occurrence of homonymic ambiguity occurs when more



Literature Review 21
Lexical Ambiguity
[14, 48, 49, 50, 53]
Attachment
[13, 14]
Syntactic Ambiguity Coordination

FIGURE 2.1:

[13, 14] [13, 14]

Semantic Ambiguity
[13, 14, 53]

Pragmatic Ambiguity
[13, 14, 51]

Subjectivity
[3, 11]

Unverifiability
[3,52]

Vagueness
[3, 32, 52]

Complexity
[3, 54]

Punctuation
[3, 13]

Modality
[32, 53]

Classification of Requirement Smells



Literature Review 22

than one word is spelled and pronounced alike but different in meaning. By con-
trast, polysemic ambiguity happens when one word expresses different meanings

according to the framework [14].

Syntactic Ambiguity is achieved when a sentence has multiple grammatic arrange-
ments having various meanings. There is even more subtype of this kind of ambi-

guity, which is Attachment and Coordination Ambiguity.

Attachment ambiguity occurs when there arises suspicion as to how to attach a
clause or a part of the sentence to another organ. It occurs in cases that arise when
there is more than one part in a sentence creating some form of a confusion as to
what a phrase or clause belongs to. To give an example, in the sentence 'Soldier
saw a man with a telescope’, the first meaning of it implies that the soldier used
the telescope to see the other man and the second meaning expresses that the

other man was the one with the telescope [14].

On the other hand, the Coordination ambiguity is a fact of sentence showing
the presence of conjunctions as well as a modifier [14]. It could happen in case
a sentence has more than one conjunction (AND/OR). It also will occur when
a conjunction (AND/OR) is used with a modifier. To give an example, ("I saw
Qasim and Amna and Danish saw me” first reading ”I saw both Qasim and Amna,”
second reading "both Amna and Danish saw me”) [14]. The other example is,
when SDI field on label 227 equals 2, or the SSM in label 268 equals 3 , and WOW
is true, or AIR is false the system will enter Normal mode [45]. In semantics,
vagueness is considered to be semantics ambiguity which is observed in the case of
having two or more than two meanings to a grammatically correct sentence with
vague contextual information. Semantic ambiguity types are Scope ambiguity and
Anaphoric ambiguity. Scope Ambiguity: Sentence with an ambiguity of scope
would include such words as: many, some, each, all, etc. This kind of word may
change the scope of the whole sentence. It occurs when a sentence is included
with words like every, all, some, each, many, a, several, not, etc. These words may
change the scope and context of the sentence in proportion to their connection

with other words. As an example, (“All love a country” First interpretation “A
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The S&T component shall send all approval requests to the DBS.
24 x A 2 A

configuration record from the parameters.

“S&T” and “DBS” stand for “Surveillance and Tracking” and “Database Server”, respectively.

FIGURE 2.2: Example: Anaphoric Ambiguity [8]

single country is loved by all,” second interpretation ” Each individual loves his/her

country”) [14].

Anaphoric Ambiguity occurs when the sentence has a number of possible refer-
ences to some word mentioned earlier in the sentence [14]. An anaphoric ambiguity
originates when a pronoun can refer to more than one antecedent and hence, dif-
ferent interpretations exist [8]. To give an example, in the sentence, The procedure
will translate the image in 24 bits to an image in 8 bits and show it in a dynamic
window, the word it could either denote either of the images [20]. An anaphora
which is a Greek term meaning repetition is a reference to an already mentioned
entity in the text. Such references are then called anaphors, whereas the entities
they refer are called antecedents [8, 53]. When an ambiguity in the use of an
anaphor occurs in association with multiple antecedents, that may be defined as
anaphoric ambiguity [8, 17, 54]. In linguistics, one can single out different kinds of
anaphora [8, 53]. In the context of requirements engineering (RE), the discussion
is typically of pronominal anaphora; the anaphor being a pronoun [8, 20, 23]. This
has been decided upon because it has been an established fact that pronominal
anaphora may contribute to actual ambiguity in requirements [8, 55]. As a result,
the problem that the task of recognizing anaphoric ambiguity in RE represents is

identifying the ambiguous usage of pronouns [54].

A similar task, called anaphora resolution (or interpretation) has to do with what
antecedent is most likely to be associated with a given pronoun. An example
can be used to explain this like in figure 2.2. ’It’ is an anaphor and it is in the

second sentence. The antecedents are the previous noun phrases (NPs) and these
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are the following, the S&T component, approval requests, the DBS, the request
and storage parameters. Pronoun it might not be referring to the terms such as
approval requests or storage parameters because of the difference in the use of
the number (in this case, a singular pronoun and plural NPs). In the same way,
there is a little likelihood of it referring to, the request, because; it is the stand
which, the verb, create is connected and therefore, the request cannot be equated
with the subject of the given verb. This is not quite clear though whether it
is meant to be applied to The S&T component or The DBS. Regarding which
antecedent, either one of the two antecedents, is constructed then the following
rule applies: When the choice of S&T component” or the DBS is made, there
are two possibilities on which sub system is to create a configuration record. In
order to handle such situation in the right manner, the pronoun it must either be
flagged to be ambiguous or resolved to refer to the right antecedent and ”the S&T
component” is the right antecedent here. It would be difficult to predict the right

antecedent in this instance without domain knowledge [8].

Pragmatic Ambiguity is the type of ambiguity that arises when a sentence can be
interpreted in more than one manner especially in thecase when there is referential
ambiguity, which is a form of pragmatic ambiguity [14]. Referential Ambiguity:
In the phrase, The customer puts in a card and a number hurdle personal code.
In case the code is not valid, the ATM will drop the card, the pronoun it can
be either card or the personal code, which will cause referential ambiguity [55].
Referential ambiguity is the possibility of an anaphor (e.g. it, that), referring to

several antecedents [56].

2.2.2 Subjectivity

Subjective language is a certain type of ambiguity, which is capable of creating
difficulties in the process of verification. Subjective language includes words that
lack objectively defined meanings, i.e. words like user-friendly, easy to use, cost
effective. As an example, "the architecture, as well as the programming should

ensure that the maintainability is a straightforward and efficient one” [3].
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2.2.3 Verifiability

The set of Software Requirements that may be considered as verifiable and testable
is one that can be established that the functional requirements and quality at-
tributes have indeed been captured properly in design and code. According to
International Organization of Standardization, a requirement can only be said to
be verifiable when there is a finite and reasonable cost of the procedure using which
a person or a machine can check that the software product meets that requirement.
In most cases, a vague requirement is one that is not verifiable [35]. A require-
ment is said to be verifiable when there is a bounded cost-effective way of proving
that the software meets the requirement; verifiability is usually lacked when re-
quirement is unclear [35]. As an example, the application of such non-descriptive
terms as satisfactory in such sections as The application must use PayPal API
to offer the appropriate functionalities is unverifiable [57]. Such requirements as
the one mentioned above, which can not be verified (such as, The system shall
not enter INTERACTIVE mode when WOW is false), are not testable, and such
words as always, never, or the words that represent actions such as consider (which
relate to human interpretation) make any verification more complicated [45]. The
adverbs like always and never and the use of the verbs like consider that are ex-
clusive to the human activities complicate verification [45]. Other limitations of
requirements engineering (RE) and verification/validation (VV) leads to emer-
gence of requirements that cannot be verified, sub-optimal product quality, and
higher costs to fix the defects [58]. Requirement will be determined to be unam-
biguous when interpreted in one way only and verifiable, in the sense that there
is a procedure in place of checking whether the product meets the requirement
[59]. Any adaptation of requirements comes at a high cost especially towards the
later juncture of development where resources have been intended and alteration

of design machinery becomes complex [60].

2.3 Smells Detection Methods

Software requirements are infested with the allure of smells, such as different types
of ambiguity (e.g., anaphoric ambiguity and referential ambiguity), other quality-

related issues (e.g., subjectivity, unverifiable words, and punctuation problems),
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which can singly or in combination really undermine the faultlessness, intelligi-
bility, and implementability of software. The most important is detecting these
smellss early on to avoid misunderstanding, inappropriate implementations, and
expensive repairs later during the software development lifecycle. The challenge
to cover this challenge has seen a variety of different approaches that evolved over
the years, starting at simple manual reviews and inspection up to sophisticated
rule-based, machine learning, and hybrid solutions [3, 8, 16]. Recent work also
is extending the lexical and syntactic smell concerns to more pragmatic, cross-
requirement, and traceability concerns, enabled by the development of hybrid and
graph-based techniques. Although the section mainly emphasizes on ambiguity,
subjectivity, unverifiability, redundancy and punctuation, work is underway on the

problems with vagueness, incompleteness, inconsistency and obsolescence.

2.3.1 Manual Reviews

Inspections, a walkthrough, peer reviews, etc., can be discussed as manual re-
views, which are the most common and historically established way of discovering
requirement smells. These algorithms are largely dependent on the human experi-
ence of interrupting issues that may not be obvious to testing through automated
suggestive independent tests. They feature the immediate participation of the
stakeholders, such as the requirements engineers, the source code developers, as
well as the domain experts. In some cases, modern manual reviews are improved
with the help of tools to leave notes or traceability matrices [61]. Checklist-based
inspection is an example of techniques applied in which the reviewers follow a
predetermined order during the review of requirements based on the established
patterns of smell such as unclear language or negligence of redundancy [21]. Stake-
holder walkthroughsconsist of cooperative talks, during which teams have to de-
tect problems as a kind of anaphoric ambiguity (e.g., unclear references of it) or
modality-related issues (e.g., the difference between should and must) to report
and discuss [6]. Peer review refers to profile examination of documents by various
reviewers, and any differences and possible smells (e.g. duplicate log in require-

ments or immeasurable terms) are discussed till an agreement is arrived to [1].



TABLE 2.1: Manual Reviews

Tool/ Smells Description / Strengths Limitations Results Year Reference
Technique Targeted Features
Checklist Ambiguity, re- Systematic Structured, re- Depends on No Fl-score re- 2001 [16]
Inspection dundancy, sub- review using peatable. checklist and ported; authors
jectivity, unver- checklists to reviewer skill. presented quali-
ifiability, punc- identify known tative findings.
tuation, incon- smells.
sistency, com-
pleteness
Peer Re- Discrepancies, = Multiple in- Diverse perspec- Can lack consis- No quantitative 2016 [1]
view duplication, dependent tives. tency. metrics pro-
general reviewers — ana- vided.
lyze documents;
issues are dis-
cussed to reach
consensus.
Tool- All, incl. trace- Manual review Enhanced trace- Requires in- No Fl-score 2017 [61]
Supported ability and in- augmented with ability and tegration and reported; case
Review completeness tools  enabling workflow. training. study  showed

traceability links
and annotations.

detection cover-
age ~ 55-70%.
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Manual reviews provide a lot of context, scalability and the ease to reveal com-
plex bugs which depend on context such as the anaphoric ambiguity or subjectiv-
ity smell and where appreciation of the surrounding information is most critical.
They are also likely to identify problems that automated mechanisms can possibly
fail to identify, especially context or domain-specific suppositions. But, they are
unavoidably time consuming, resource-avesome and have issues concerning sub-
jectivity and inconsistency, which is why it is hard to scale them up to large or
frequently changed projects and even more to find elusive issues like anaphoric
ambiguities or modality problems. Various empirical studies go on to show that
there is a significant inter-reviewer variability [8, 16]. Table 2.1 has few manual

review approaches with their description.

2.3.2 Rule Based Methods

The rule-based approach applies predetermined rules of language usage and finds
the presence of smells automatically. These software uses linguistic heuristics,
dictionaries of vague words and phrases as well as pattern matching to identify

vague or ambiguous statements.

Pattern matching is carried out where tools are utilised to identify potentially
troublesome terms like vague words (e.g. often, as appropriate), subjective words
(e.g. user-friendly), or modal verbs (e.g. should, could) which promote modality
issues [36]. The syntactic analysis is the analysis of grammatical construction
of sentences to reveal such kinds of problems as anaphoric ambiguity (including
obscure pronouns), punctuation issues (including failure to use commas, which
alters the meaning), or complicated demands suggesting plurality of features [62].
In semantic analysis, referential ambiguity is inferred if the noun phrases that are
ill-defined or vague phrases that have no particular references are identified [32].
In redundancy detection it matches the requirements to detect any replicated
statements, including those with some differences in wording [30]. Rule-based
approaches are fast, repeatable, scalable, or objective in terms of requirement smell

detection; with formal definitions of rules, it is possible to trace each finding.



TABLE 2.2: Rule Based Methods

Tool/ Smells Description / Strengths Limitations Results Year Ref
Technique Targeted Features
ARM Weak phrases, incon- Analyzes natural Provides Cannot  assess No Fl-score reported; 1997  [22]
sistent  imperatives, language docu- objective correctness; has provided defect density
poor structure ments for quality metrics linguistic short- and quality index metrics
indicators and and fa- comings; and is only
provides metrics cilitates not a substitute
early risk for engineering
detection analysis
RE-lab Contradiction, miss- NLP parsing for Good for Limited for com- No Fl-scorereported; ac- 2001  [12]
ing conditions contradiction and structured plex NL. curacy of 82% on struc-
missing conditions. NL. tured datasets.
QuARS Ambiguity, subjectiv- Pattern matching Fast, scal- Brittle to lin- No Fl-score reported; 2004  [36]
ity, vagueness, option- using dictionaries.  able. guistic context.  tool evaluated qualita-
ality tively by coverage and
false-positive rate
GATE/ Anaphoric/ coordina- Industry-tested Extensible, JAPE rule con- F1=0.83 (precision 0.86, 2018 [23]
JAPE tion ambiguity, vague pattern detection popular. fig needed. recall 0.80)
Rules terms via extensible rules.
TAPHSIR Anaphoric ambiguity  Specialized rules + Precise for Limited general- F1=0.89 (precision 0.91, 2022 [63]
NLP for pronoun anaphora. izability. recall 0.87)
resolution.
NALABS conjunctions, vague Keyword/rule- Broad cov- Requires domain No Fl-score reported; 2022  [64]
phrases, optionality, based erage adaptation; precision  0.78, recall
subjectivity misses semantics 0.75
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Their performance is however constrained by the fact that they are insensitive to
context and thus they are fragile in situations where they face language diversity
that is not anticipated by rigid rules and maintenance of these rules consumes a lot
of efforts. New domains usually necessitate a significant amount of professional
effort in compiling new rules or vocabularies [30]. Rule-based strategies do not
naturally order or concern the extent of the smells they report; it might constrain
their usefulness to practitioners, who need to prioritize and filter huge masses of
results. They can also produce false over-rides in case of fuzz when ambiguous
terms are being employed in context-specific or unambiguous data (i.e. may as
a surname, and not a modal verb) [36]. Table 2.2 shows few rule-based methods

with their description.

2.3.3 Machine Learning and Deep Learning Methods

New achievements in machine learning and deep learning models including the
one referred to as BERT have created new opportunities in the classification of
the requirements, based on their quality features. Such approaches capitalise on
statistical regularities and contextual reasoning to recognise smells, and frequently
do better than rule based systems at managing the subtle linguistic phenomena in

question.

The methods mostly concern deep learning models, transformer-based models to
include BERT, SpanBERT, LSTM, Bi-LSTM, and GRU which perform classifica-
tion on the requirements in terms of quality attributes. Such models are skillful
at defining both semantic and contextual meanings, which are crucial to differ-
entiating between subjective words or resolving ambiguities that might prove too

complex to solve [8, 32, 61].

An example is deep learning models, namely Word2Vec, ELMo, Bi-LSTM, and
GRU with high Fl-scores of subjectivity and ambiguity (88 to 90.3 percent) to
identify subjective language, comparative phrase, superlative phrase, passive voice,

uncertain verb, ambiguous adverb, polysemy, vague pronoun, and loopholes [65].
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The approaches relying on SpanBERT have been used in the specific cases of de-
tecting ambiguous pronouns, and multiple ML classifiers demonstrated F2-scores

of up to 87.5 [8].

Mult-label classification will allow identifying certain quality issues despite a re-
quirement containing multiple of them [65, 66]. NLP model development can use
corpus based on the domain to promote tools being able to understand and en-
gage in an area of operation, and reduce false positivity, such research has found
high accuracy (85%) in coordination ambiguity, and with prepositional-phrase,

ambiguity using these domain based corpus [62].

Lastly, ML-based scoring solutions are used to solve syntactic and semantic ambi-
guity [15, 67, 68] and one ML algorithm demonstrates an 81.2% precision, 95.7%
recall and 93.7% accuracy in detecting six different types of ambiguity, incom-

pleteness and use of passive voice, vague terms and redundancy [69].

Deep learning and especially machine learning approaches provide a high level of
context sensitivity and flexibility, performing very well at extracting semantic/
contextual language cues and automation of feature extraction and thus is highly
suitable to identification of subtle and complicated ambiguity, subjectivity, and
related smells that depend on context. Such scores may only be replicated where
the test sets adhere linguistically to the domain and distribution of the training

data.

They, however, require huge amounts of properly formatted and labeled train-
ing data, which is not always easily and cheaply obtainable, at least in specific
inferences and without sufficient and diverse training data models can fail to gen-
eralize to related industries or types of requirements, with a tendency towards a
lack of interpretability, meaning they are ill equipped to explain their activities
8, 32, 61]. The strategies of active learning and transfer learning are studied in
a bid to overcome the deficiency of data [32]. There are attempts at the fusion
of attention-visualization/post-hoc explanation layers with a view to assisting re-
quirements engineers in interpreting findings [70]. Table 2.3 shows few ML/DL

methods with their description.



TABLE 2.3: Machine Learning/Deep Learning Methods

Technique / Smells Tar- Description / Strengths Limitations Results Year Ref
Tool geted Features
Lexical =/ Lexical and Machine learning with Effective with KB coverage No Fl-score 2015 [71]
WSD-based semantic am- WSD and lexicons for strong lexicons limited; multi- reported; Pre-
ML biguity overloaded term detec- lingual issues. cision = 0.82,

tion Recall = 0.79
Lexical + Lexical and ML with lexical resources Handles lexical am- Domain- No Fl-score 2018  [15]
Semantic semantic am- to resolve ambiguous re- biguity in NL re- and corpus- reported; Accu-
ML biguity quirement terms quirements. dependent racy = 87.5%
ML Classi- Ambiguity, Classifier trained on an- Provides broad Needs balanced F1=0.92, Preci- 2020 [72]
fier vagueness notated corpora with six smell coverage; in- data; limited sion = 0.93, Re-

smell types terpretable outputs generalizability  call = 0.91
Score-based Syntactic am- Scores multiple parse Provides inter- Parser quality No Fl-score re- 2020 [67]
Parser ML  biguity candidates and flags pretable ambiguity dependent; do- ported; accuracy

ambiguous sentences candidates main sensitive = 88.4%
Domain- Coordination  Domain-specific corpora Improves domain Needs curated F1=0.91, Preci- 2021 [73]
specific ambiguity used to reduce FP in am- precision; reduces domain corpus. sion = 0.92, Re-
BERT biguity detection noise call =0.90
ExplainabilityModel inter- Attention visualization Improves trust, Explanations No Fl-score re- 2021  [70]
Layer pretability and post-hoc explainabil-  helps engineers may not always ported; qualita-
(M2Lens) (meta-level) ity for ML predictions.  validate outputs reflect internals  tive evaluation
Bi-LSTM + Subjectivity, = Sequence model with Good for sequential weaker than F1=0.90, Preci- 2025 [74]
ELMo vague pro- contextual embeddings cues; captures sub- transformers on sion = 0.91, Re-

nouns, pas- for multi-label smell tle subjectivity large data call = 0.89
sive voice classification.
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2.3.4 Hybrid Methods

The hybrid approaches are the another potent form that combines the features of
machine learning models and rule-based systems. It is hoped that this combina-
tion of strategies would help avoid the shortcomings of each individual strategy
and make it more effective to detect and mitigate such a broad range of smells:

linguistic, structural, and semantic.

Such techniques include the reviewing of CNL with tool support, wherein NLP
tools (e.g., PASKA or Smella with hybrid elements) raise an alarm about possible
smells, which the user should manually verify in the context of specific challenges

62].

Iterative refinement supporting templates implies that there is a repeatable process
of rewriting the requirements following the templates (e.g., EARS) and revising
them in relation to ML variants or the feedback of the stakeholders [70]. shared
tool chainsprovide a combined coverage of linguistic (e.g., NALABS) and struc-
tural (e.g., UML) smell detectors and CNL/Template checks in the tool chain
[3]. Version control analysis will assist in identifying obsolescence because the re-
quirements that refer to the use of discarded technologies and regulations will be
detected with the help of stakeholders reviews and be rephrased using CNLs/tem-
plates [6]. In hybrid approaches, active learning (the tool may request labels to
refined by the user) or ensemble models coupling multiple classifiers in order to
reach a consensus may be used as well [3, 64]. Hybrid approaches address the full
scope of smell detection with enhanced accuracy and context-sensitivities, exploit
the advantages of rule-based methods and machine learning methods, inhibit their

deficiencies, and they are scalable with sharp human supervision.

Nevertheless, their integration may be complicated and resource-consuming, they
may be hard to integrate, and integration, as well as retraining and support of
multiple detection modules, adds to the long-term viability of the given solutions.
They continue to use high-quality ground truth data in a substantial manner, even
though they eliminate the single use of large, annotated datasets [3, 8, 41]. Table
2.4 shows some hybrid methods.



TABLE 2.4: Hybrid Methods

Tool/ Smells Description / Strengths Limitations Results Year Reference
Technique Targeted Features
RETA Non-conformant Checks requirements for Scalable, Limited  to Not reported; no 2015 [75]
Requirements template  conformance robust, syntax; may quantitative F1 or
(syntax issues) using NLP with rule- works miss complex accuracy values
based verification without semantics provided
glossary
Smella Vagueness, sub- Modular  sensor-based Modular,  Complex F1 0.74 - 0.80 (av- 2017 3]
jectivity, modal- tool combining ML and extensible. architecture, erage across smell
ity rules higher over- types, as reported
head for sensor fusion ac-
curacy)
NERO Vagueness, ref- Multi-layered hybrid Leverages  Coverage and F1 = 0.88 for am- 2020 [56]
erential ambigu- pipeline with patterns, layered clarity ~ vary biguity detection;
ity, coordination NLP parsing, and LLMs methods. depending on Precision 0.90,
ambiguity, miss- (GPT-based) case Recall 0.86
ing conditions
NALABS Ambiguity, Hybrid of Broad, Requires fre- F1  0.85 (macro- 2022 [64]
redundancy, dictionary /rule-based domain- quent mainte- average for multi-
complexity, patterns and ML classi- adaptive nance and up- smell detection
vagueness, con- fiers; supports domain dates across domains)
tinuances adaptation
PASKA Ambiguity, Combines ML  with Flexible, Needs inte- F1 = 0.89 2024 [11]
subjectivity, syntactic and contextual high cover- gration with (Weighted) over-
vagueness, rules age. other tools all;  Precision =
redundancy;, 0.89, Recall = 0.89
modality (smell detection)
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2.4 Gap Analysis

Although many studies have proposed automated methods for identifying quality
problems in natural language requirements, significant gaps remain, particularly in
addressing the complexities of requirement smells. Existing rule-based approaches
struggle with context-sensitive forms of ambiguity, such as anaphoric and refer-
ential cases, since their reliance on rigid linguistic patterns limits generalization.
Deep learning models, on the other hand, demonstrate superior contextual under-
standing but tend to be inefficient when applied to structurally straightforward
problems such as basic unverifiability. In such cases, these models may introduce

unnecessary computational overhead or result in overengineered solutions.

Another gap arises from the treatment of smell detection as a homogeneous task.
Many prior works adopt the same methodology across all smell types, without
considering the unique linguistic and semantic characteristics of each. For exam-
ple, anaphoric ambiguity requires syntactic analysis and reference resolution, while
referential ambiguity often depends on domain-specific interpretation. Subjectiv-
ity involves the detection of implicit opinion-bearing or evaluative terms, whereas
unverifiability is best addressed by combining linguistic markers with contextual
notions of testability. Applying uniform methods across such diverse categories

has led to reduced detection accuracy, poor interpretability, and limited scalability.

These gaps highlight the need for approaches that are both context-aware and
adaptable to the peculiarities of individual smells. In particular, a hybrid frame-
work that integrates rule-based methods with advanced natural language process-
ing and machine learning techniques, complemented by manual validation where
necessary, could better address the shortcomings of existing solutions. Such an
approach would mitigate the scalability limitations of manual reviews, the inflexi-
bility of rule-based systems, and the data-dependence of machine learning models,
thereby providing a more robust and context-sensitive foundation for requirements

quality assurance.



Chapter 3

Proposed Methodology

This chapter presents the methodology proposed for the automated detection of
four requirement smells in natural language software specifications: anaphoric
ambiguity, referential ambiguity, unverifiability, and subjectivity. Because each
smell arises from distinct linguistic and semantic characteristics, four dedicated
detection pipelines are designed. The proposed approach employs natural lan-
guage processing techniques together with machine-learning classifiers or rule-
assisted procedures, depending on the nature of each smell. Anaphoric ambigu-
ity is addressed using a hybrid representation that combines contextual semantic
embeddings with linguistically engineered indicators and is classified using an op-
timized XGBoost model. Referential ambiguity and unverifiability are handled
using weighted TF-IDF representations enriched with relevant linguistic cues, fol-
lowed by Random Forest classifiers tailored to capture ambiguous references or
unverifiable expressions. Subjectivity is detected using a rule-assisted procedure
supported by subjectivity and polarity cues, readability features, and optional
statistical signals when needed. Multiple publicly available datasets containing
labeled examples of each smell type are used for training and evaluation. All
datasets undergo text normalization, label alignment, and stratified splitting to

maintain representative class distributions during experimentation.

36
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The following sections describe the complete detection pipelines, including data
preparation, feature construction, hybrid fusion strategies, model training, and

probability calibration.

Because the datasets for the four smell types exhibit different imbalance ratios,
accuracy and macro-averaged metrics would not provide reliable performance es-
timates. Accuracy tends to favor the majority class, while macro F1 assigns equal
weight to all classes without reflecting their true frequency. Therefore, weighted
F1l-score is adopted as the primary evaluation metric, as it accounts for both per-

class performance and class support.

This ensures that minority smell classes particularly unverifiability and subjec-
tivity are appropriately represented in the final evaluation and enables consistent

comparison across heterogeneous datasets.

3.1 Proposed Methodology for Anaphoric Am-

biguity Detection

Anaphoric ambiguity is a common issue in natural language (NL) requirements
where the pronouns can include it, this, or they, and such a pronoun can refer
credibly to more than one object, thus posing an interpretation risk to stakehold-
ers like developers, testers and customer [51]. The ambiguities like in chapter 1
can give rise to miscommunication, rework, and large financial loss. The current
study suggests an automatic procedure to identify anaphoric ambiguity to soft-
ware requirements by combining the power of machine learning (refer “Present” to
“Past”; refer “This” to “That”) with the rules of linguistic aspects of the features

using [63].

The data set used, the engineering of features, the classification model design, the
procedure of experiment, the analysis of results and the format of reporting, all

were done with Python libraries, in order to allow reproducibility and support
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versatility in future scenarios of system software implementation into existing pro-

cesses. Detailed flow diagram of anaphoric ambiguity detection is shown in figure

3.1

3.1.1 Data Preparation and Preprocessing

The dataset used in this study is the DAMIR-PURE corpus, which is loaded from
a CSV file and converted into a standardized format suitable for analysis. During
preprocessing, column names are normalized, trailing spaces are removed, and only
the required attributes are retained. The Context column is mapped to text, and
the AckUnack column is mapped to label. All duplicate entries are removed and
the remaining requirement statements are converted into consistent string format.

Rows containing missing text or missing labels are discarded.

The original labels, Ambiguous and Unambiguous, are encoded into binary nu-
merical form, where 1 represents ambiguous requirements and 0 represents unam-
biguous ones. A class distribution check is performed to ensure that both classes
are present. In case the dataset contains only a single class, a small number of
synthetic examples are generated by sampling existing records and reversing their
labels. After preprocessing, the dataset is split into training and testing sets us-
ing an 80/20 stratified split, ensuring that both subsets maintain the same label

distribution. This split is used consistently throughout the modeling process.

3.1.2 Linguistic Feature Engineering

A custom Enhanced Linguistic Feature Extractor is used to convert each require-
ment statement into a set of numerical features. This extractor processes the text
using pre-defined regular expressions and simple statistical measures. Firstly, lex-
ical indicators are computed, including counts of pronouns, modal verbs, vague
determiners, subjective adverbs, and comparative expressions. These counts quan-

tify the presence of specific linguistic patterns within each requirement.
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Secondly, syntactic and structural indicators are extracted. These include pas-
sive voice detection, sentence length flags, approximated sentence count, and a

pronoun-onset flag for requirements beginning with It, This, or That.

Finally, distributional characteristics such as average word length, lexical diversity
ratio, comma density, and capitalized term density are calculated. These values
describe structural and stylistic aspects of the requirement text. All extracted nu-
meric features are then standardized using z-score normalization to ensure uniform

scaling before integration with semantic embeddings.

3.1.3 Contextual Semantic Embedding Extraction

To capture the semantic content of each requirement, the methodology employs
a DistilBERT-based embedding transformer. The raw text is passed through the
DistilBERT tokenizer, converted into token IDs, and processed by the DistilBERT
model. The final hidden states are pooled into a 768 dimensional embedding
vector, providing a dense semantic representation of each requirement. These
embeddings are produced in batches and stored as numerical vectors to be used

alongside the engineered linguistic features.

3.1.4 Hybrid Feature Fusion and Pipeline Construction

A ColumnTransformer-based pipeline is constructed to combine the two feature
types. One branch of the pipeline applies the DistilBERT embedding transformer
to the raw text, while the second branch applies the linguistic feature extractor
and feature scaler. The outputs of both branches are concatenated into a single
hybrid feature vector, forming the input representation for the classifier. This
pipeline is wrapped within a scikit-learn Pipeline object, ensuring that all prepro-
cessing, feature extraction, and fusion steps occur automatically during training

and inference.

3.1.5 Classification Using XGBoost

The fused feature vector is passed to an XGBoost classifier for ambiguity detec-

tion. The classifier is configured to use gradient boosting with tree-based learners
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and is trained on the prepared training set. To address class imbalance, the value
of scale_pos_weight is computed as the ratio of negative to positive samples in the
training data and provided to the classifier. The model learns decision boundaries
by iteratively reducing prediction errors and generating an ensemble of trees. To
improve model performance and identify a suitable configuration for the XGBoost
classifier, the methodology incorporates an automated hyperparameter optimiza-
tion step using the Optuna framework. Optuna performs a series of optimization
trials in which different combinations of parameters; such as the number of estima-
tors, maximum tree depth, learning rate, subsampling ratios, and regularization
terms are evaluated using cross-validated F1l-score as the objective function. A
stratified k-fold cross-validation scheme (k=3) is used during this process. After
completing the predefined number of trials, the best-performing hyperparameter

set, is selected and used to train the final classifier.

3.1.6 Model Calibration and Threshold Optimization

After the classifier is trained, probability calibration is performed using Platt scal-
ing. A CalibratedClassifierCV wrapper is fitted on the trained model to adjust
its predicted probabilities. Using these calibrated probabilities, a Precision Re-
call (PR) curve is computed and evaluated across multiple thresholds. For each
threshold, the F1-score is calculated, and the threshold with the highest F1-score

is selected as the optimal decision boundary.

3.1.7 Output Generation and Implementation Environ-

ment

The trained model, evaluation metrics, and confusion matrices are saved for later
analysis. The entire pipeline including preprocessing, feature extraction, embed-
ding generation, model training, calibration, and evaluation is implemented in

Python using scikit-learn, HuggingFace Transformers, XGBoost, and supporting
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scientific libraries. GPU acceleration is utilized automatically when available to

speed up embedding computation.

3.2 Proposed Methodology for Referential Am-

biguity Detection

In natural language software requirements, referential ambiguity occurs when a
pronoun, determiner or noun phrase (such as, “system”  “user”) has no definite
referent, and thus such requirements have many meanings. To give an example,
consider the following, in “The system shall authenticate the user,” the “user”
can be either an end user, administrator, or an external system; which is not
clear. This lack of clarity might lead to intercompany misunderstanding between
the parties to the development which adds cost and underdevelopment instances
[76]. The proposed methodology involves a Random Forest classifier along with
language syntactically produced features acquired through information derived
by rule based indicators such as frequency of pronouns and demonstratives and
syntactic relations in a binary training process. To ensure the identification of
reliable referential ambiguity, our hybrid feature-engineering approach ensures that
domain-specific language hints are systematically collected as part of the machine

learning model. [76]. Detailed flow diagram is shown in figure 3.2.

3.2.1 Data Preparation and Preprocessing

The original data was in the form with inconsistent naming of the column names,
e.g., a column containing textual information was named “Requirement”; and a
column with the binary label of referential ambiguity presence (1) or the absence
of it (0) was named “Referential”. To maintain consistency across preprocessing
and modeling, these columns were standardized to use the same internal names
text was used in place of the requirements column and label 0/1 in place of the

referential classes of ambiguity. The methodology will be flexible to detect these
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columns due to possible variances in labeling these columns as text or label. All
textual data under the 'Requirement column was rendered into the standard string
and remove extraneous whitespace for uniformity and neatness. The labels in the
column of labels under referential were converted to integers to be used directly,
without modification, in the modelling classification. The missing textual entries

and labels were filtered out to retain the data integrity.

3.2.2 Advanced Feature Engineering

The system employs a custom feature extraction component (EnhancedFeatureEx-
tractor) that transforms each requirement into a structured numerical vector. The
extractor uses vectorized operations and regular-expression matching to identify
linguistic patterns known to contribute to referential ambiguity. The engineered
features are grouped into six categories, described below. Structural Features
quantify the basic structural properties of a requirement. Character length is
computed as the total number of characters in the text. Word count is obtained
by splitting the text on whitespace, and sentence count is approximated by identi-
fying terminal punctuation marks such as “.”, “!” and “?”. These indicators help

assess the overall complexity of the statement prior to deeper linguistic analysis.

Because referential ambiguity frequently arises from unclear antecedents, several
features quantify the presence of pronouns and demonstratives. Pronoun frequency
counts occurrences of it, this, that, they, while demonstrative frequency captures
this, that, these, those. Possessive constructions (e.g., “system’s”, “of the user”)
are detected to highlight relational expressions that may obscure the intended
referent. Together, these features measure how heavily a requirement relies on
potentially ambiguous references. Multiple grammatical constructions associated
with unclear agency or implicit referencing are identified. Passive voice is detected
by matching auxiliary verbs such as was or were followed by a verb in past partici-
ple form. Clause-initial markers such as which is or that is are captured to reflect
embedded descriptive clauses that may obscure the referent (corresponding to the

that_deletion feature). Modal verb frequency (e.g., can, may, should, would) is
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recorded because modals weaken determinism, while conjunction frequency (e.g.,
and, but, if, because) identifies multi-clausal structures. These features collectively

capture syntactic patterns that contribute to referential ambiguity.

Two binary features measure the presence of punctuation that deviates from stan-
dard requirement writing conventions. A question indicator is set when the re-

“'77

quirement contains “?”, and an exclamation indicator when is present. These
indicators are binary (1 if present, 0 otherwise) and help flag informal or struc-

turally atypical expressions.

Two ratio-based features quantify the concentration of referential markers within
the statement. Coreference ratio divides the number of pronouns by the total word
count, while demonstrative density divides the number of demonstratives by the
number of sentences. A small constant ensures numerical stability for short state-
ments. These ratios normalize referential indicators relative to statement length

and structure, providing a more interpretable measure of referential intensity.

Additional features capture higher-level stylistic and ambiguity-related tendencies.
A long-sentence flag activates when a requirement exceeds 25 words, indicating
potential cognitive load. Ambiguous use of “this” is detected when it appears
without an immediately following verb, suggesting an unstated referent. The
count of long words measures tokens exceeding six characters, and average word
length is computed as the mean character length of all tokens. These features

capture lexical and structural complexity linked to ambiguity.

All engineered features are combined into a dense numerical matrix and stan-
dardized using z-score normalization. This ensures that count-based, ratio-based,
and binary features contribute proportionately to the classifier and prevents high-

magnitude features from dominating the learned decision boundaries.

3.2.3 Feature Representation and Pipeline Construction

The proposed system integrates two distinct types of feature representations high-

dimensional textual vectors and dense engineered linguistic features into a unified



Proposed Methodology 46

processing pipeline. This is achieved through a parallel, multi-branch architecture,

ensuring that each feature type contributes appropriately to the final classification.

Textual information is encoded using three complementary vectorization com-
ponents. Each component operates independently, and all outputs are merged

through a parallel combination mechanism.

i. Word-Level TF-IDF Features: A term frequency - inverse document fre-
quency (TF-IDF) vectorizer converts each requirement into a weighted rep-
resentation of unigrams to four-grams. It uses a maximum of 8,000 features,
with English stopwords removed using scikit-learn’s default TF-IDF weight-
ing scheme. This captures lexical content, short phrasing patterns, and

contextual fragments relevant to referential expressions.

ii. Character-Level TF-IDF Features: A second TF-IDF model extracts three-
to six-character n-grams using a word-boundary-sensitive analyzer. It uses a
maximum of 4,000 subword features. This representation detects morpholog-
ical patterns, stems, affixes, and partial tokens that may indicate referential

usage or structural irregularities.

iii. Binary Pronoun-Presence Features: A compact CountVectorizer encodes the
presence of key pronouns (this, that, it, they) using a fixed vocabulary. This
module produces a sparse binary indicator vector highlighting whether each

pronoun appears in the requirement.

All three textual representations are combined using a FeatureUnion, which exe-
cutes them in parallel and concatenates their outputs into a unified sparse matrix.
This preserves the independence of each text-based feature space. The engineered
linguistic features produced by the EnhancedFeatureExtractor form a dense nu-
meric feature set. These features capture structural complexity, referential density,
grammatical constructions, and ambiguity patterns. Before integration, the nu-
meric features undergo z-score standardization, ensuring uniform scaling. This
prevents high-magnitude count features from overwhelming ratio-based or binary
features during model training. To balance the influence of the high-dimensional

textual features and the lower-dimensional linguistic features, explicit weighting
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is applied to each branch. Textual features are scaled by 0.60, emphasizing lexical
and subword patterns. Numeric linguistic features are scaled by 0.40, ensuring
handcrafted ambiguity cues remain influential without dominating the represen-
tation. The weighting is applied through lightweight transformation components,
and the outputs of both branches are merged again using FeatureUnion into a
single composite feature matrix. This unified representation forms the input to
the classifier.

TABLE 3.1: Performance of Different Text and Numeric Feature Weights for
Referential Ambiguity Detection

Configuration Metric Class 0 Class 1 Macro Avg Weighted Avg Accuracy

Precision 0.87 1.00 0.93 0.93
Text = 0.6
Numeric = 0.4  Recall 1.00 0.85 0.92 0.92 0.92
F1l-score 0.93 0.92 0.92 0.92
Text — 0.7 Precision 0.87 1.00 0.93 0.93
Numeric — 0.3  Recall 1.00 0.85 0.92 0.92 0.92
F1l-score 0.93 0.92 0.92 0.92
Text — 0.5 Precision 0.81 1.00 0.91 0.91
Numeric = 0.5 Recall 1.00 0.77 0.88 0.89 0.88
F1l-score 0.90 0.87 0.88 0.88
Text — 0.4 Precision 0.86 0.92 0.89 0.89
Numeric — 0.6  Recall 0.92 0.85 0.89 0.89 0.89
F1-score 0.89 0.88 0.88 0.88
Text 0.3 Precision 0.86 0.92 0.89 0.89
Xt = .
Numeric — 0.7 Recall 0.92 0.85 0.89 0.89 0.89
F1-score 0.89 0.88 0.88 0.88

The architecture uses a nested FeatureUnion design: the textual branch is itself a
FeatureUnion of three parallel vectorizers, and a second FeatureUnion merges the
weighted textual branch with the weighted numeric branch into a final composite
feature matrix. To determine an appropriate weighting strategy for combining
textual TF-IDF features with engineered linguistic features, five weighting con-
figurations were evaluated. The weighted F1l-score was selected as the primary
metric because it provides a balanced measure of performance for both classes

and is more reliable than accuracy for smell detection. Across the experiments,
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the 0.6/0.4 and 0.7/0.3 configurations yielded the highest weighted F1-score (0.92).
However, the 0.6/0.4 configuration demonstrated more consistent results, showing

a stable balance between precision and recall for both classes.

The remaining configurations 0.5/0.5, 0.4/0.6, and 0.3/0.7 consistently produced
lower weighted Fl-scores (0.88), indicating reduced effectiveness when the contri-
bution of textual features is decreased. Since referential ambiguity is largely driven
by lexical patterns such as pronouns and demonstratives, the results confirm that
a higher contribution from textual features improves detection performance while
still allowing engineered features to play a meaningful complementary role. Based
on these empirical findings, the 0.6/0.4 weighting scheme was selected as the final
configuration because it provides the most stable and highest weighted F1-score

across all evaluated settings as shown in table 3.1.

3.2.4 Classification with Random Forest

The combined feature representation is processed by a Random Forest classifier,
selected for its robustness to noise, ability to handle heterogeneous feature types,
and suitability for medium-sized datasets. Random Forests operate by training
multiple decision trees on random subsets of both samples and features, and com-
bining their predictions through majority voting. This ensemble behaviour reduces
overfitting and captures non-linear dependencies between lexical patterns and en-
gineered linguistic indicators. Unlike fixed-parameter configurations, the Random

Forest model in this study is tuned automatically using Optuna.

During the optimization process, Optuna explores a search space spanning 200 —
800 trees (n-estimators), maximum depths between 8 and 20 (max_depth), and
minimum leaf sizes between 1 and 5 (min_samples_leaf). Each sampled configura-
tion is evaluated using the weighted F'l-score on a validation split, and the config-
uration that yields the highest score is selected. This approach ensures that the
classifier is adapted specifically to the linguistic and statistical characteristics of the
referential ambiguity dataset. The classifier uses class_weight="balanced _subsample’

to mitigate class imbalance by recalculating class weights individually for each
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tree during bootstrap sampling. All models are trained with parallel computation
(n_jobs=-1) to exploit available CPU cores. The balanced-subsample strategy
ensures that minority ambiguous examples influence tree construction proportion-
ately, without modifying the underlying dataset through over sampling or under
sampling. This results in improved sensitivity to ambiguous statements while

maintaining generalization.

3.2.5 Model Training and Evaluation

After constructing the feature architecture and defining the Random Forest clas-
sifier, the model is trained using the training portion of the dataset. A stratified
train test split is applied to preserve the original class distribution of referential
and non-referential requirements. Model training incorporates hyperparameter op-
timization through Optuna, which evaluates multiple candidate configurations of
the Random Forest (e.g., n_estimators, max_depth, min_samples_leaf) and selects
the combination that maximizes the weighted F1-score on the validation split. The
final model is then re-trained end-to-end on the full training set using the optimal

configuration identified during tuning.

Because the entire pipeline is implemented using scikit-learn’s Pipeline and Fea-
tureUnion constructs, all preprocessing steps including TF-IDF vectorization, bi-
nary pronoun-presence encoding, linguistic feature extraction, and z-score normal-
ization are applied consistently to both the training and test data without risk of
leakage. The evaluation is conducted on the held-out test set using standard per-

formance metrics, including precision, recall, F1-score, and the confusion matrix.

These metrics provide a comprehensive assessment of the model’s effectiveness
in detecting referential ambiguity. The calibrated and threshold-optimized predic-
tions (described in Section 3.2.6) are incorporated to ensure that the final reported

performance reflects the most reliable decision boundary produced by the model.

3.2.6 Probability Calibration and Threshold Optimization

Because Random Forests do not naturally produce well calibrated probability es-

timates, a probability calibration stage is applied to improve the reliability of the
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predicted class probabilities. The trained classifier is wrapped using sigmoid-based

Platt scaling via the CalibratedClassifierCV framework operating in prefit mode.

This procedure transforms the raw model outputs into calibrated probability esti-
mates that more accurately reflect the true likelihood of a requirement belonging

to the positive class.

Calibration enhances interpretability and provides a more stable basis for threshold
selection. After calibration, a continuous threshold search is performed to identify
the most effective probability to label conversion point. A Precision Recall curve

is constructed, and the Fl-score is computed at each candidate threshold.

The threshold that yields the maximum F1-score is selected as the optimal decision
boundary. This optimized threshold is incorporated directly into the final predic-
tion process, ensuring that the classification results are produced using the most
effective decision criterion particularly beneficial in detecting requirement smells
where class imbalance or ambiguous linguistic patterns may render the default 0.5

threshold suboptimal.

3.3 Proposed Methodology for Unverifiability

Detection

Unverifiability in requirements engineering (RE) is defined as requirements that
cannot be tested, measured, and concretely defined that may be the cause of
either under-understanding or under-implementation through software change de-
velopment. In order to overcome this problem, a systematic unverifiability de-
tection methodology has been devised that categorizes requirements as verifiable
or unverifiable through a combination of linguistic/structure feature extraction
and machine learning. This chapter precisely explains methodology, tool, data
preprocessing procedure, feature representation, classification pipeline, evaluation
processes which were used in the course of unverifiability detection process and
contains a full framework against which to detect unverifiable statements in nat-

ural language requirements. Detailed flow diagram is shown in figure 3.3.
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3.3.1 Data Preparation and Preprocessing

The research is based on the dataset that includes the requirement statements
with labelings that denote their status in terms of unverifiability. The original
data is constituted with columns with different names in different sources. In or-
der to establish standardization, the column which will contain the requirement
texts will be named uniformly as “Requirement” with the binary column of label-
ing requirement statements as unverifiable (1) or verifiable (0) being renamed as

“Unverifiable”.

To facilitate the identification of these columns in the face of possible inconsisten-
cies in terms of naming, the methodology incorporates a loose metric to accom-
modate these columns by searching keywords such as textual data often termed as
requirement or text and the classification labels are searched with keywords such
as unverifiability, label or target. This consistency in referencing assurances the

process of preprocessing and modeling are consistent.

On loading, all the textual data types in the column headed Requirement are
normalized into a consistent string type and stripped of any extraneous whitespace
to ensure higher data quality. Missing text entries are dropped to preserve data
integrity and any missing value in labels is imputed by using the most frequent

label class to avoid bias introduced by incomplete labels.

The class distribution will also be reported when loading data to point out any
possible imbalance between verifiable and non-verifiable classes that may influence
the training and evaluation of the models. This resulting clean and standardized

data is used as the baseline of feature calculation and modeling.

3.3.2 Advanced Feature Engineering

Linguistic features specifics are obtained in the form of a custom transformer that
detects specific linguistic aspects of each used textual input. This involves using
regular expression matching to count sentences based on word patterns and word

categories-i.e. modal verbs (can, must), non specific words (some, various), and
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sentence ending punctuation (periods, exclamation points, question mark). Other
attributes are based on text tokenization and string operations: they include the
calculation of the total character count, the number of words counted as separated
by whitespace delimiters, and average length of a word (mean size of the tokens).
The combination of all these features forms the linguistic characteristics that con-
stitute signs of unverifiability and become the additional feed of data along with
a textual one to be classified. A set of relevant features that can meaningfully
capture the linguistic indications related to unverifiability is extracted with re-
spect to the textual information. These features quantify the basic structure of
the requirement: character length of the requirement text (str.len()); word count,
computed by splitting tokens (str.split().str.len()); and sentence count, approxi-
mated using the number of terminal punctuation marks (str.count(r’[.!?]’)). These
indicators highlight excessively long or complex requirement statements, which
often correlate with unverifiability. Unverifiable requirements frequently contain
vague or subjective expressions. The extractor identifies modal verbs such as
may, might, could, should, often indicating non-verifiable conditions; vague terms,
including some, various, many, appropriate, user-friendly, representing underspeci-
fied criteria; and subjective adverbs such as quickly, easily, significantly, indicating
unverifiable performance descriptions. Patterns are matched using regular expres-
sions applied to the requirement text. Comparative forms (e.g., better, faster,
improved) and superlatives (e.g., best, fastest, most) are extracted because they
describe relative performance without quantifiable baselines. Comparatives de-
tected using: ‘(better, faster, cheaper, improved)’ and superlatives detected using:
‘(best, fastest, most, least)’. These forms frequently contribute to unverifiability

due to their inherently subjective interpretations.

Additional indicators reflect structural complexity and potential ambiguity: long
sentence flag, enabled if the requirement exceeds 25 words; and average word
length, capturing lexical density and readability. These metrics help detect spec-
ifications that mix multiple unverifiable statements or describe vague high-level

expectations.

All handcrafted features are combined into a dense numerical matrix. Before fusion
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with textual vectors, the feature matrix is standardized using z-score normalization
(StandardScaler) to ensure consistent scaling across count-based, ratio-based, and

binary signals.

3.3.3 Feature Representation and Pipeline Construction

The unverifiability detection pipeline integrates two types of feature represen-
tations: sparse textual features extracted using TF-IDF vectorization and dense
handcrafted linguistic features engineered to capture unverifiable patterns in natu-
ral language requirements. These feature sets are combined using a weighted multi-
branch architecture, ensuring that both lexical patterns and linguistic cues jointly
contribute to classification. Numeric Linguistic Features: Beyond the TF-IDF rep-
resentations, the pipeline includes a numeric feature branch that encodes sentence-

level and lexical cues strongly associated with unverifiable expressions.

These handcrafted indicators capture properties that TF—IDF alone may overlook,
such as requirement length, total word count, number of sentences, frequency of
modal verbs (e.g., should, may), vague terms (e.g., some, various), subjective
adverbs (e.g., quickly, easily), comparative and superlative forms, long-sentence
flags, and average word length. All numeric features are standardized using a Stan-
dardScaler and assigned a weight of 0.4 within the multi-branch fusion, ensuring

balanced contribution alongside the textual TF-IDF representations.

Textual TF-IDF Encoding: Two TF-IDF vectorizers operate in parallel within
the pipeline one at the word level and the other at the character level. Both
vectorizers run automatically during model training and inference. Word-Level
TF-IDF Encoding: This vectorizer converts each requirement into a sparse nu-
merical vector based on the relative importance of its words and short phrases.

The transformation occurs through the following steps:

Step 1: Tokenization: The input text (inside the “text” column) is split into tokens

using whitespace and punctuation boundaries. Each token represents a word.

Step 2: N-gram Generation: The vectorizer constructs n-grams for n = 1, 2,

and 3. For example, the text: “The system should respond quickly” produces
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unigrams: the, system, should, respond, quickly; bigrams: the system, system
should, should respond, respond quickly; and trigrams: the system should, system

should respond, should respond quickly.

Step 3: Vocabulary Construction: During training, the vectorizer identifies up
to 8,000 of the most frequent n-grams across the dataset after removing English

stopwords.

Step 4: TF-IDF Weight Calculation: For every requirement, Term Frequency
(TF): how often each n-gram appears in the requirement. Sublinear scaling trans-
forms TF as "TF” = 1 + log(”term count”). Inverse Document Frequency (IDF):
how rare each n-gram is across the entire dataset: "IDF” = log(N / (1 + df)),
where N is the total number of documents and df is the number of documents

containing the n-gram.

Step 5: Sparse Matrix Output: Each requirement is encoded as a high-dimensional
sparse vector (up to 8,000 columns). Most values are zero because each require-
ment contains only a small subset of all possible n-grams. This representation
captures vague adjectives, modal patterns, and loosely defined requirement ex-
pressions because such phrases influence TF-IDF values directly. Character-Level
TF-IDF Encoding: The character n-gram vectorizer processes each requirement at
the subword level, enabling the detection of morphological and structural patterns

associated with unverifiable phrasing.

Step 1: Character Sequence Extraction: Each requirement is broken into overlap-
ping sequences of 3 to 6 characters. Example for the word “quickly”: 3-grams:

qui, uic, ick, ckl, kly; 4-grams: quic, uick, ickl, ckly; and up to 6-grams.

Step 2: Word-Boundary Analyzer (char_wb): The analyzer extracts character se-
quences within word boundaries, avoiding cross-word artifacts. For example, in
"fast execution”, character n-grams are extracted separately from fast and execu-

tion, but not across the space between them.

Step 3: Vocabulary Construction: During training, up to 3,000 of the most infor-

mative character n-grams are retained.
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Step 4: TF-IDF Weighting: As with the word-level vectorizer, TF-IDF weights

are computed for each character pattern.

Step 5: Sparse Matrix Output: Each requirement is encoded as a sparse vector of

up to 3,000 character-level features.

This representation captures vague morphological patterns, suffixes, and stylistic
indicators often present in unverifiable requirements (e.g., -ly, -ish, -able, improved,

optimized, etc.).

3.3.4 Pipeline Implementation and Feature Fusion

The unverifiability detection pipeline is implemented as a weighted multi-branch
architecture that fuses sparse textual encodings with dense handcrafted linguistic
indicators. Textual encodings are produced by two TF-IDF branches: a word-level
TF-IDF vectorizer (max_features = 8000, ngram_range = (1,3), stop_words = ’en-
glish’, sublinear_tf = True) and a character-level TF-IDF vectorizer (max_features
= 3000, ngram range = (3,6), analyzer = ’char_wb’). Handcrafted numerical fea-
tures such as requirement length, word count, sentence count, modal verbs, vague
terms, subjective adverbs, comparative and superlative forms, long-sentence flags,
and average word length are extracted by the EnhancedFeatureExtractor and stan-
dardized using a StandardScaler. Feature weighting is applied through dedicated
Weight Applier modules: the word-level branch receives full weight (1.0), the char-
acter level branch is down-weighted (0.6), and the numeric feature branch receives
a weight of 0.4. The fusion is implemented using a ColumnTransformer to ensure
consistent, modular, and fully integrated end-to-end transformation during train-
ing and inference. In the unverifiability detector, three separate feature weights
were required because the feature space consists of three heterogeneous and sta-
tistically distinct components: (i) word-level TF-IDF, which captures semantic
vagueness, (ii) character-level TF-IDF, which captures stylistic and morphologi-
cal cues, and (iii) handcrafted linguistic features, which capture rule-based indi-
cators of unverifiability. Merging word and character TF-IDF into a single “text”

block as done in the referential ambiguity model would eliminate the ability to
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control their relative influence and may allow character level noise to dominate
word-level semantic cues. Therefore, three independent weights provide more bal-
anced and effective feature fusion for unverifiability detection. Word-level TF-IDF
and character-level TF-IDF were kept as separate feature branches because they

capture different linguistic phenomena relevant to unverifiability.

Word TF-IDF models semantic vagueness and therefore requires full weight,where-
as character TF-IDF captures morphological cues and is inherently noisier, requir-

ing a reduced weight.

Combining both branches into a single representation would enforce identical
weighting despite their different predictive strengths, imbalance the feature space
due to dimensionality differences, and reduce interpretability. Accordingly, the

pipeline preserves them as distinct, independently weighted components.

3.3.5 Classifier Configuration and Training Procedure

The fused feature vector is passed to a Random Forest ensemble designed to
capture non-linear interactions between TF-IDF representations and engineered
linguistic indicators. Unlike fixed parameter models, the Random Forest con-
figuration for unverifiability detection is optimized automatically using Optuna.
During the optimization process, key hyperparameters such as the number of
trees (n_estimators), maximum depth (max_depth), and minimum samples per
leaf (min_samples_leaf) are sampled within predefined ranges and evaluated using
the weighted F1-score on the validation set. Specifically, Optuna explores values

in the following ranges:

e n_estimators: 200-700
e max_depth: 8-25

o min_samples_leaf: 1-5

The Random Forest uses class_weight="‘balanced subsample’ to dynamically ad-
just class importance during bootstrap sampling, mitigating the strong class im-

balance between verifiable and unverifiable requirements.
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All models are trained with n_jobs=-1 to utilize all CPU cores. After Optuna
identifies the best performing hyperparameter configuration, a final Random For-
est model is trained end to end on the training split. The training follows a
stratified 75/25 or 80/20 split (depending on dataset size) to preserve the original

class distribution.

Because the complete pipeline including TF-IDF vectorizers, feature scalers, and
the classifier is encapsulated in a single scikit-learn Pipeline, all transformations
are fitted consistently within the same data fold, ensuring reproducibility and

preventing data leakage.

3.3.6 Probability Calibration and Threshold Optimization

Raw probability estimates produced by ensemble classifiers such as Random Forests
can often be miscalibrated, meaning that the predicted probabilities do not accu-
rately reflect the true likelihood of a requirement being unverifiable. To address
this, the methodology applies probability calibration using CalibratedClassifierCV

with a sigmoid (Platt scaling) transformation and cv="prefit’.

The calibration model is fitted on the held-out validation split, ensuring that
the probability adjustments do not leak information from the training set. Once
calibrated probabilities are obtained for each requirement, the system evaluates

multiple candidate decision thresholds using the precision recall curve.

For every possible threshold, precision, recall, and the corresponding sample-level
F1-score are computed. The threshold that maximizes the F1-score is selected as
the optimal operating point, allowing the classifier to balance sensitivity toward

minority unverifiable requirements with overall predictive reliability.

This process replaces the default 0.5 threshold, which is often suboptimal in
the presence of class imbalance or ambiguous linguistic patterns. The optimized
threshold is then applied to convert calibrated probabilities into final binary pre-
dictions. The evaluation includes the full range of standard classification metrics:

per-class precision, recall, and F1-score; weighted-average performance summaries;
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and confusion matrices computed for both the default and optimized-threshold

predictions.

Additionally, a detailed prediction summary containing the requirement text, ac-
tual label, predicted label, and calibrated probability is exported to CSV format

to support downstream error analysis and interpretability studies.

3.3.7 Classification with Random Forest

Unverifiability is classified with the help of a Random Forest machine-learning
algorithm, which is an ensemble of decision trees. The trees are also trained on
a stochastic sub-sample of the training data, and a stochastic sub-sample of fea-
tures, techniques known as bagging and feature randomness respectively. Within
the classification process, all of the trees produce separate class predictions; final
prediction is reached by majority voting across the ensemble. Such approach re-
duces the overfitting risk of single decision trees and improves the generalization.
In the present study, the Random Forest classifier is not configured with fixed

hyperparameters.

Instead, its key parameters including the number of trees (n_estimators), maximum
tree depth (max_depth), and minimum samples per leaf (min_samples_leaf) are
optimized automatically using Optuna. During this process, the search space
spans 200-700 trees, depths between 8 and 25, and leaf sizes between 1 and 5.
The classifier uses class_weight="balanced_subsample’ to mitigate the strong class
imbalance in unverifiable requirements by adjusting class importance dynamically
in each bootstrap sample. This configuration improves sensitivity to the minority

class while maintaining robust generalization.

3.3.8 Model Training and Evaluation

The Random Forest classifier is trained on the processed dataset using the multi-
branch feature representation that integrates both TF-IDF encodings and engi-
neered numerical indicators. To ensure a reliable evaluation, the dataset is divided

into training and validation subsets using stratified sampling, thereby preserving
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the original class distribution of verifiable and unverifiable requirements. Unlike
traditional configurations with fixed hyperparameters, the present study employs
Optuna to automatically optimize key Random Forest parameters. During train-
ing, Optuna evaluates multiple candidate configurations each defined by different
values of n_estimators, max_depth, and min_samples_leaf and selects the combina-
tion that maximizes the weighted F1-score on the validation set. After the optimal
hyperparameters are identified, a final model is trained end-to-end on the training
split. Beyond discrete class labels, the model also generates calibrated probability
estimates for each requirement. These probabilities are produced using a sigmoid-
based CalibratedClassifierCV fitted on the validation split. The calibrated scores
enable threshold-based decision making: by computing precision—recall curves and
corresponding F1-scores, an optimal decision threshold is selected to balance sen-
sitivity toward unverifiable requirements and overall predictive performance. This
evaluation strategy provides a robust and unbiased assessment of the model’s abil-

ity to recognize unverifiable statements in natural language requirements.

3.4 Proposed Methodology for Subjectivity De-

tection

Subjectivity in requirements engineering (RE) cannot be precisely defined, but
roughly it means an imprecise, opinion-based, or ambiguous language that might
cause the misinterpretation of the software development. In order to cope with
this issue, a greater subjectivity detection methodology was created in order to
categorize requirements as subjective or objective by use of both rule-based and
machine learning approaches. This part describes the methodology, tools, data
set, and data processing required and the evaluation method adopted throughout
the subjectivity detection procedure, and concentrates on the data set that is

exploited by this study. Complete detection process is shown in figure 3.4.

3.4.1 Data Preparation and Preprocessing
The study is grounded on a collection of natural language software requirements

with an annotation on the subjectivity data. The requirements are presented in a
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tabular dataset as a row with two key attributes: (i) Requirement column where
the textual statements in natural language are included, (ii) Subjectivity column
where binary labels are included, where 1 means that the requirement is subjec-
tive and 0 means that it is objective. Only rows having both requirement text and
matching corresponding subjectivity labels are stored so that, the training and
evaluation dataset is clean, consistent and fully annotated. Natural language pro-
cessing is applied to each requirement statement to derive linguistic and semantic
information that can be used to analyze subjectivity. SpaCy en_core_web is used
to tokenize, lemmatize and part of speech (pos) tag, these allow recognizing gram-
matical elements within a sentence, including modal verbs, adjectives and adverbs.
Subjectivity and polarity scores are calculated with help of the TextBlob library
and allow obtaining signals associated with sentiment. Moreover, the Flesch Read-
ing Ease score (an indicator of readability) is computed with TextStat. By these
preprocessing activities, those raw requirement statements are turned into linguis-
tically rich representations, which are both compatible with rule-based heuristic

models as well as with trained supervised learning models.

3.4.2 Feature Engineering

Requirement statements are translated into structured feature vectors in order
to train machine learning classifiers and to aid the rule-based reasoning. These
characteristics denote linguistic, semantic indicators related to expressions of sub-

jectivity. Features that are engineered correspond to:

i. Modal verb count: May, might, could, and should are used with tokens as

these are commonly used to mean uncertainty, or non-promising.

ii. Hedging terms: Perhaps, maybe, possibly and likely are words that are

identified using curated lexicon.

iii. Adjectives and adverbs: Due to the presence of descriptive and evaluative

expressions, extracted out of POS tags (ADJ and ADV).

iv. -ly adverbs: The adverbs with an -ly ending: -ly adverbs (easy, safely, etc.)

are also registered, since they often attach herself to the subject of describing.
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v. Subjective phrases: Phrase matching is performed on a curated list of do-
main specific subjective expressions (User friendly, easy to use, as needed,
etc). This lexicon was built by merging words of the previous literature and

manually discovered phrases of actual world needs.

vi. Readability score: Flesch Reading Ease value is added only to include the
complexity of the statement. Word count: This is the number of words

embedded in the requirement as a control element.

All characteristics are indexed as organized dictionaries and converted into nu-
merical vectors, which can be trained and assessed. All features are normalized to
the same scale in order to compare features during a model training phase. This
process helps avoid influencing the classifier by features that have higher absolute

values (e.g. word counts).

3.4.3 Rule Based Detection

The rule based detection tool is based on the explicitly defined linguistic heuris-
tics to differentiate subjective requirements and objective requirements. For cat-
egorisation to be transparent and interpretable, this layer uses sentiment-based

thresholding and direct phrase matching.

It starts with phrase matching that utilizes an edited word bag of biased phrases.
And a requirement which contains one of these phrases is immediately Subjec-
tive. The vocabulary contains both generic terms (e.g., convenient, ideally, secure)
and terms that were important in the RE domain (e.g., automatic, efficient), re-
vealed after studying the data. With the claim explicitly pegged to these written
phrases, the resulting methodology makes the results of classification traceable

and linguistically-motivated.

In case a subjective phrase is not identified, a subjectivity threshold parameter
is obtained based on the TextBlob subjectivity score. Although the traditional
benchmark of 0.5 is used in the TextBlob, that is not an arbitrary number. Rather,
a set of threshold values (between 0.1 and 0.9 by intervals of 0.05) are exhaustively
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tested on the labelled dataset. The value with the most consistent and reliable
performance in the sense of its Fl-score is chosen. Through this, the threshold
involved becomes empirically based, not theoretically based. Also, the threshold
chosen has to show consistent fidelity to the various training and testing splits of
the dataset. This is in practice equivalent to ensure that variation in the accuracy
or Fl-score is less than a reasonable margin (e.g., less than 5 percent ). Because
stability is a criterion enforced by the methodology, it does not overfit to a given

data partition and produces results that are generalizable.

In conclusion, the rule-based subjectivity detection algorithm is a combination
of thresholding and direct phrase matching, because the detectors find optimized
empirically has been developed using constrained experiments. The design offers
clearness and straightforwardness and is likewise strong and adaptable. Since the
lexicon and thresholds are both documented explicitly, the rules may be revised
or extended in the future, thus, the approach is sustainable and can be applied in

many requirements engineering situations.

Following are the rules for subjectivity detection in Extended Backus-Naur Form

(EBNF), a formal notation used to describe language syntax.

1 | (* ——= Basic Lexical Elements —-—- *)
MR = A6 (| R0 [ L, [ TR ) R0 ] 0 ] .. | 050
. |DIGIT = "o" | "1 | ... | "9" ;
WHITESPACE = " " | "\t" | "\n" | "\r" ;
6
7 | (* ——- Terminals specific to Subjectivity Detection --- *)

o | SUBJECTIVE_PHRASE = "user friendly"

10 | "easy to use" | "should be able to"

11 | "as needed" | "when necessary"

12 | "if possible" | "may" | "might"

13 | "could" | "would" | "preferably"
14 | "if appropriate" | "as required"

15 | "when needed" | "safely" | "easy"
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16

39

40

41

46

| "easily" | "valid" | "automatic"
| "successful" | "external" | "periodic"
| "sensitive" | "another" | "part"
| "case" | "unit" | "default"
| "effective" ;

SUBJECTIVITY_SCORE = DIGIT , ’.’ , DIGIT+ ;

THRESHOLD = "0.5

" | SUBJECTIVITY_SCORE ;

CLASSIFICATION = "Subjective" | "Objective" | "Invalid" ;
SCORE = "0.0" | "1.0" | SUBJECTIVITY_SCORE ;
(* -—- Non-terminals and Rules --- *)

TEXT = (LETTER |

SUBJECTIVITY_DETECTION

(* Rule 1: Input

INPUT_VALIDATION

EMPTY_INPUT = ""
NON_STRING_INPUT
IIO‘OII) *)

DIGIT | WHITESPACE | PUNCTUATION)+ ;

INPUT_VALIDATION
| PHRASE_MATCHING
| THRESHOLD_CLASSIFICATION ;

Validation *)

EMPTY_INPUT
| NON_STRING_INPUT ;

; (x Returns ("Invalid", "0.0") *)

(* non-string input *) ; (* Returns ("Invalid",

(* Rule 2: Phrase Matching *)

(* A text is classified as Subjective if it contains any of the

defined subjective phrases. *)

PHRASE_MATCHING = TEXT , (SUBJECTIVE_PHRASE)+ ; (* Returns

("Subjective"

s Ill.OII) *)

(* Rule 3: Threshold-based Classification *)
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a7 | (* A text is classified based on a model-generated score if no
explicit subjective phrase is found. *)

1s | THRESHOLD_CLASSIFICATION = TEXT , (!SUBJECTIVE_PHRASE) ,
(ASSIGN_SCORE) ;

50 |ASSIGN_SCORE = (* function that returns a SUBJECTIVITY_SCORE based
on a model *) ;

51 | (* The final classification is determined by the score relative to
the threshold: x*)

52 | (* If SUBJECTIVITY_SCORE >= THRESHOLD then returns ("Subjective",
SUBJECTIVITY_SCORE) *)

53 | (* Else if SUBJECTIVITY_SCORE < THRESHOLD then returns

("Objective", SUBJECTIVITY_SCORE) *)

LisTING 3.1: EBNF Rules for Subjectivity Detection

3.4.4 Machine Learning Classifier

The machine learning classifier enhances this rule-based work by applying statisti-
cal learning in recognizing a pattern in subjective requirements that might not have
been represented with explicit language rules. This part is presented to acquire
the discriminatory characteristics of labelled material and provide it with an em-
pirical basis to recognise subjectivity. The process started with data partitioning,
in data partitioning a dataset is divided into a training set and testing set through
stratified sampling. The stratification also ensures that the subjective and objec-
tive needs of the two groups are balanced in terms of the distribution of classes
to ensure representativeness. The methodology solves this problem because sub-
jective requirements additionally tend to be fewer than objective ones, therefore
implementing the Synthetic Minority Over-sampling Technique (SMOTE). The
step creates artificial examples of the minority class (subjective requirements) in
the training set, so that the classifier sees an equal amount of exposure to both
classes during learning. In such a manner, the model will not be biased towards

the majority class, and it will detect the appearance of the minority-class better.



Proposed Methodology 67

A Random Forest algorithm of classification is the basic learning algorithm; it is
used to balance three criteria: predictive accuracy, speed and memory to run the
algorithms and finally, the number of decision trees utilized (100). Every tree gets
trained on a random sample of features and data points and predictions are com-
bined by majority voting. This serves the purpose of improving the classification
results and reducing the degree of over hyphenation. The trained classifier is stored
with joblib library after training and can be reused and reproduced in the future
without executing the computations there again. The forecasts are then made on
nonobserved test data, and model generalization is evaluated independent of the
predictions. The machine learning classifier provides credible performance in the
detection of subjective requirements by utilizing previously mentioned combina-

tion of balanced data preprocessing and powerful ensemble learning method.

3.4.5 Model Training and Evaluation

The functioning of the rule-based and machine learning component is evaluated
in a systematic manner aligned with evaluation protocol. The dataset is strati-
fied sampled to create training and testing groups in order to maintain the same
distribution of classes. Furthermore, k-fold cross-validation is implemented since
it removes the chance of the results of the cross-validation being biased against
a given data set and gives the model a closer global prediction. In the case of
the rule-based system, the subjectivity threshold is fixed by proposed empirically,
using a sequence of candidate values and viewing the maximum F1-score as the
best candidate. Stable performance is a condition characterized by less than 5%
of assessment measures over dissimilar splits with several folds and therefore the

threshold is not fitted to one split.

In the case of the machine learning classifier, the classifier is trained using the pro-
cessed feature vectors of the requirements and it makes predictions on unknown
test data. Performance is measured according to the standard classification cri-
teria, such as, precision, recall, F1-score of subjective and objective classification.

This guided training and assessment process will provide comparability with the
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rule-based model and machine learning model and create a level playing field to

evaluate the hybrid identifying framework.

3.4.6 Hybrid Subjectivity Detection Process

The general structure of the subjectivity detection proposed is intended to be a
hybrid system that combines the advantages of both the rule-based heuristics and
the machine learning classifier. Due to the resulting integration, the methodology
may be both interpretable as an explicit linguistic rule and flexible as a data-
driven model. When all requirements are preprocessed and feature extracted, the
hybrid process is started. At this point enriched representation of the requirement
is ready to be analyzed by the two detection components. Rule-Based Path: A
requirement which contains words of the curated subjective lexicon, or which is
above the empirically determined subjectivity threshold, is marked as subjective
via explicit heuristic rules. The trail can be followed and understood, because the
decision can be mapped directly back to linguistic features that can be identified
or justified thresholding criteria. Machine Learning Path: Machine Learning Path:
parallel to this, the same requirement is converted into a feature vector and sent to
the Random Forest classifier. The classifier provides both the predicted label (sub-
jective or objective) and a probability score indicating the amount of confidence
to the prediction. This is one route through which the system can identify subtle
or previously unknown forms of subjectivity that might not be explicitly captured
in the rules. To evaluate them experimentally, the two paths are initially evalu-
ated individually in terms of the outputs. This enables us to make a comparative
evaluation of the accuracy, recognition, and F1-scores of rule-based transparency
as compared to machine learning predictive power. In addition to independent
evaluation, synthesis of results is also developed into a single structured output
which documents original requirement, the predicted label, the subjectivity score

and the method used in detection.

This bi-directional strategy does not dictate a rigid position regarding one strategy

as being better than another, rather it makes sure the two mechanisms exist so
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that they could be assessed and compared. This enables comparative analysis
of the accuracy, recall and Fl-scores of rule-based transparency versus machine
learning predictive strength. In addition to the independent evaluation output,
the synthesis of other results into a single structured output capturing the original
requirement, the expected label, the subjectivity score and the detection method

used are also recorded.

The hybrid approach offers a combination of the complementary benefits of the
two approaches to provide a balance between explainability, robustness, and gen-
eralization for subjectivity detection of natural language software requirements,

thus providing a holistic methodology to this problem.

3.5 Saving, Reporting and Visualization

To achieve reproducibility, traceability and facilitation of analyses, a standard sav-
ing, reporting and visualisation workflow is used in an identical manner through-
out all smell detection experiments, including Anaphoric Ambiguity, Referential

Ambiguity, Unverifiability and Subjectivity.

i. Model Saving: The resulting trained models with calibrated or threshold-
optimized models are serialised and stored with joblib. This then allows

reuse in subsequent experiments or deployment without retraining.

ii. Evaluation Metrics and Reports: Full metrics of classification—such as pre-
cision, recall, Fl-score, and confusion matrices—are calculated and stored on
a per-smell basis. The performance of a model under various levels of deci-
sions is illustrated by the results at default and optimized thresholds (e.g.,

at Fl-score).

iii. Data Dumps: Each experiment produces a CSV file that contains the ini-
tial requirement texts, the learned linguistic and structural features, ground

truth labels, predicted labels, and probabilities of classification.
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iv. Visualization: The outcomes of their performance are graphically displayed

vi.

in order to facilitate interpretation. Macro averaged precision, recall and
F1l-score charts of classes are generated as bar charts. The term label on
each entry (domain-logical longer class names) is represented by confusion
matrix heatmap in labels (e.g., Smelly /Non-Smelly). Precision-recall curves

are also represented and optimum thresholds noted.

Organization: Serialized models, metric reports, CSV dumps and visual-
izations are all placed in clearly named directories. To allow traceability
and comparative analysis between any two runs, directory names are time

stamped.

Model Saving: The standardized saving, reporting, and visualization work-
flow allowed by this standard results in an improvement of methodological
rigor by making the evaluation process constantly similar to the 4 targeted
smells, which will later be extended in further this research. This technique
is used generally in all four requirement smells with only names of the classes

and feature sets being distinct to the specific detection task.

3.6 Evaluation Metrics

11.

1il.

Precision is the accuracy of the positive prediction; that is, the fraction of
those which it correctly identified as smells of all those which it predicted to

be smells.
True Positive

Precision =
True Positive + False Positive

Recall is the percentage of correct smell identifications of all actual smells

that are in the dataset.

Recall — True Positive

True Positive + False Negative

F1-Score is the harmonic mean of the Precision and Recall, thus giving an

equal accounting of the accuracy of the approach in use, particularly in cases
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1v.

where the dataset can be seriously unbalanced, with one of the classes being

heavily outnumbered by the other.

Precisi 11
FlScore — 9 x recision X Reca

Precision + Recall

F3-Score is a flexible measure to assess classification models as it is a weighted
harmonic mean of precision and recall. It makes it possible to weight the
significance of one of the metrics against the other with the weighting factor,
5. At 8 > 1, the score will be focused on recall, which is why it is a good
alternative when the cost of a false negative is high. On the other hand,
B < 1 focuses on the accuracy and the greater the cost of a false positive,

the higher the focus on accuracy. The formula for the Fj-score is:

(1+5) (P R)

KRR

Where:
P = Precision
R = Recall

B = weighting factor (5 > 1 emphasizes recall, § < 1 emphasizes precision).

. Weighted Average is to compensate the imbalance in related fields (i.e., DS1

for subjectivity [1]) evaluation-metric weighted average are employed (e.g.,

precision, recall, Fl-score). Formula:

n

Weighted Average = Z (Metriei X

=1

Support,;
Total Support

where:

e Metric;: The metric value (e.g., precision, recall, F1-score) for class i.
e Support,: Number of instances in class .
e Total Support: Total number of instances (3, Support,).

e n: Number of classes (e.g., 2 for Subjective and Objective).
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Vi.

vii.

Vviil.

Instead, the evaluation metrics (such as precision, recall and Fl-score) are
averaged across all classes using meaning of 'macro average’ to normalise
each class equally, to complement the use of weighted averages in imbalanced
datasets (e.g., DS1 [1] for subjectivity). Visualizations, in the form of bar
plots of precision, recall and F1-score of Section 3.1.5, report it. The formula
is:

1 _
Macro Average = - Zl Metric;
1=

where:

e Metric;: The metric value (e.g., precision, recall, F1-score) for class i.

e n: Number of classes (e.g., 2 for Subjective and Objective).

Confusion Matrices is the visualizations of the identified values of true posi-
tives, false positives, true negatives, and false negatives in each type of smell,

which will help to understand the weaknesses of detecting smells.

Qualitative Analysis are such reports which include the detailing of triggering
words and particular problems that helped to perform a manual review and

correction.



Chapter 4

Experiments and Results

This chapter presents the experimental setup and analysis conducted to evaluate
the complete hybrid NLP and machine-learning framework developed in this thesis
for detecting four requirement smells in natural language specifications: anaphoric
ambiguity, referential ambiguity, unverifiability, and subjectivity. All experiments
are performed on benchmark datasets, including the DAMIR-PURE [8], the Re-
qEval GitHub repository [48], and the Zenodo dataset (2020) [49]. The evalu-
ation follows the modeling strategies defined in methodology chapter: a hybrid
DistilBERT-based semantic-linguistic feature fusion with an XGBoost classifier
optimized via Optuna for anaphoric ambiguity; Random Forest classifiers with
TF-IDF and engineered linguistic features for referential ambiguity and unverifia-
bility; and a combined rule-based and machine-learning approach for subjectivity
detection. For all smell types except subjectivity, calibrated probability-based
evaluation is applied through Platt scaling and precision recall based threshold
optimisation, which refines the decision boundaries before producing the final re-
ported results.

73
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4.1 Introduction

Quality standards in term of requirements engineering become an important pro-
cess within the Software development life cycle whose quality of work is directly
related to the success of the project. Improperly communicated requirements
might result in miscommunication, defects and costly rework, and in the industry
it is known that in 2022 economic losses because of software quality related issues
amount to $2.41 trillion, with $1.6 trillion of that in requirements-related defects
[2]. A supervised machine learning pipeline to identify anaphoric ambiguity, refer-
ential ambiguity, subjectivity, and unverifiability may solve those complications by
performing an automated quality assurance task that is addressed in this chapter.
The pipeline had high robustness in the identification of the smells of requirements,

as tested in this chapter.

4.2 Experimental Design

The architecture of the experiment tests the capability of the pipeline in the de-

tection of requirement smells when run with different datasets.

4.2.1 Dataset Preparation

The experimental evaluation relies on three publicly available datasets containing
natural language software requirements: the DAMIR-PURE corpus [8], the Re-
qEval GitHub repository [48], and the Zenodo dataset (2020) [49]. Because these
datasets originate from different sources and use varying column names, formats,
and labeling schemes, a unified preprocessing framework was employed to ensure
interoperability across all smell-detection pipelines. For each dataset, the sys-
tem first identifies and standardizes the relevant columns. Textual attributes are
mapped to a single internal column named text, detected by searching for varia-
tions such as Context, Requirement, or Text. Corresponding labels are mapped

to a binary label column using dataset specific keywords, such as AckUnack for
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anaphoric ambiguity, Referential for referential ambiguity, and Unverifiable for
unverifiability. Any missing or empty text entries are removed, and all remain-
ing text is normalized into a consistent string format with extraneous whitespace
stripped. Labels are converted into integer form and validated to ensure that both

positive and negative classes are present.

Class distributions are reported to highlight potential imbalance, which is espe-
cially relevant for unverifiability and referential ambiguity datasets. Table 4.1
indicates dataset characteristics.

TABLE 4.1: Summary of Datasets Used for Requirements Smell Detection

Smell Type Number of Positive Negative Class Im- Ref
Requirements Instances Instances balance

Ratio
Anaphoric 116 73 43 1:1.7 8]
Ambiguity
Referential 130 66 64 1:1 [48]
Ambiguity
Subjectivity 985 259 726 1:2.8 [49]
Unverifiability 985 165 820 1:5 [49]

Once standardization is complete, each smell-specific dataset undergoes prepro-
cessing aligned with its detection methodology. For anaphoric ambiguity, the
DAMIR-PURE corpus [8] is prepared using the Context and AckUnack columns.
For referential ambiguity, the ReqEval dataset is standardized to contain Re-
quirement and Referential fields. For unverifiability, Zenodo [49] and GitHub
[48] datasets are harmonized based on the Requirement and Unverifiable labels.
Subjectivity detection uses its designated dataset, which is similarly processed and

supplemented with lexicon-based cues where applicable.

After preprocessing, all datasets are divided using an 80/20 stratified train—test
split to preserve label proportions across folds. The resulting partitions serve as the

input for the hybrid TF-IDF, linguistic feature extraction, and DistilBERT-based
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FIGURE 4.1: Summary of Datasets Used for Requirement Smells Detection

pipelines described in methodology section. This unified data preparation proce-
dure ensures that each smell-detection experiment operates on clean, standardized,
and comparable data, enabling robust evaluation across diverse requirement types

and sources.

4.2.2 Experiment Protocol

All four requirement smells anaphoric ambiguity, referential ambiguity, unverifi-
ability, and subjectivity were evaluated using the unified experimental protocol
described in this chapter. The evaluation was performed on the stratified 80/20
test split created during model development, ensuring that label proportions were

preserved across training and testing.

For the three smell types whose classifiers generate continuous probability outputs
(anaphoric ambiguity, referential ambiguity, and unverifiability), the evaluation
is based exclusively on the calibrated and threshold optimized predictions. After
training the models using the methodology described in Chapter 3, probability
calibration was applied through Platt scaling (sigmoid method), followed by F1-

score based threshold optimization using the precision recall curve. The resulting
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decision threshold was then used to produce the final predictions reported in this
chapter. Subjectivity detection does not rely on probabilistic outputs. Instead,
the final prediction is obtained directly from the hybrid rule-based and machine-
learning classifier introduced in Chapter 3, and no calibration or threshold tuning
is required. Performance is reported for each smell type using the standard clas-
sification metrics: precision, recall, F1-score, accuracy, macro-averages, weighted-
averages, and confusion matrices. These metrics provide a comprehensive quan-

tification of the detection effectiveness for each smell type.
4.3 Anaphoric Ambiguity Detection Results

The anaphoric ambiguity detection model was implemented using an Optuna-
optimized XGBoost classifier and evaluated on the stratified test set using the
calibrated and threshold-optimized predictions. The model was trained on the
DAMIR-PURE dataset [8] using a hybrid feature representation that combined
DistilBERT contextual embeddings with engineered linguistic indicators, as de-

scribed in Chapter 3.

The results demonstrate that the classifier effectively distinguishes between am-
biguous (label 1) and non-ambiguous (label 0) anaphoric references. For the non-
ambiguous class, the model achieved a precision of 1.00, recall of 0.93, F1-score of
0.97, and F2-score of 0.92 across 15 test instances. For the ambiguous class, the
model obtained a precision of 0.50, recall of 1.00, Fl-score of 0.67, and F2-score
of 0.83 for the single ambiguous requirement in the test split. Results are shown

in table 4.2.

These results reflect the effect of probability calibration and threshold optimiza-
tion, which improved sensitivity to ambiguous references while maintaining strong
performance on the majority class. The optimized decision threshold automat-
ically selected from the precision—recall curve using Fl-score maximization was
0.131, and this threshold was applied to the calibrated probabilities to generate
the final predictions reported above. Figure 4.2 visualizes the optimized perfor-

mance metrics for both classes.
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TABLE 4.2: Anaphoric Ambiguity Detection Results

Class Precision Recall F1-score F2-score
0 - (Non-Ambiguous)  1.00 0.93 0.97 0.95

1 - (Ambiguous) 0.50 1.00 0.67 0.83
Accuracy 0.94

Macro Avg 0.75 0.97 0.82 0.89
Weighted Avg 0.97 0.94 0.95 0.94
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FIGURE 4.2: Anaphoric Ambiguity - Results

4.4 Referential Ambiguity Detection Results

The referential ambiguity detection model was trained on the 130-requirement
dataset from the ReqEval repository [48], which contains 66 ambiguous and 64
non-ambiguous requirements. Following the methodology described in Chapter 3,
an 80/20 stratified split was applied, producing a test set of 26 requirements with
an equal distribution across the two classes. The model employed an Optuna-tuned
Random Forest classifier trained on a hybrid representation combining TF-IDF
features with engineered linguistic indicators such as pronoun frequency, demon-

stratives, passive-voice patterns, and coreference related density metrics.
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TABLE 4.3: Referential Ambiguity Detection Results

Class Precision Recall F1-score
(0 - Non-Ambiguous) 0.87 1.00 0.93

(1 - Ambiguous) 1.00 0.85 0.92
Accuracy 0.92

Macro Avg 0.93 0.92 0.92
Weighted Avg 0.93 0.92 0.92

Using calibrated probability outputs together with a threshold selected via F'1-
score maximization on the precision-recall curve, the model demonstrated strong
performance for both classes. For the non-ambiguous class (label 0), the classifier
achieved a precision of 0.87, recall of 1.00 and F1l-score of 0.93 across 13 test
instances. For the ambiguous class (label 1), the model obtained a precision of

1.00, recall of 0.85 and F1-score of 0.92 across 13 instances.
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FIGURE 4.3: Referential Ambiguity - Results

These results reflect the impact of probability calibration and threshold adjust-
ment, which improved the model’s ability to detect ambiguous references while
maintaining strong performance on non-ambiguous requirements. The decision

threshold selected from the precision-recall curve was 0.581 and this threshold was
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applied to the calibrated probabilities to produce the final predictions. Figure 4.3

visualizes the resulting performance metrics.

4.5 Unverifiability Detection Results

The unverifiability detection model was trained on a corpus of 985 requirements,
consisting of 165 unverifiable instances and 820 verifiable instances, resulting in
an approximate class imbalance ratio of 1:5. Following the methodology described
in Chapter 3, a stratified 75/25 train-test split was applied, producing a held out
test set of 247 requirements (206 verifiable and 41 unverifiable). The model used
an Optuna-tuned Random Forest classifier trained on a weighted multi-branch
feature representation combining word-level TF-IDF', character-level TF-IDF, and

handcrafted linguistic indicators associated with unverifiability.

TABLE 4.4: Unverifiability Detection Results

Class Precision Recall F1-score
(0 - Verifiable) 0.94 0.95 0.94

(1 - Unverifiable) 0.73 0.71 0.72
Accuracy 0.91

Macro Avg 0.83 0.83 0.83
Weighted Avg 0.91 0.91 0.91

Using calibrated probability outputs and a threshold selected through F1-score
maximization on the precision-recall curve, the model demonstrated strong per-
formance on both verifiable (label 0) and unverifiable (label 1) requirements. For
the verifiable class, the classifier achieved a precision of 0.94, recall of 0.95, and an
F1-score of 0.94 across 206 instances. For the unverifiable class, the model obtained

a precision of 0.73, recall of 0.71, and an Fl-score of 0.72 across 41 instances.

These results reflect the influence of probability calibration and threshold adjust-
ment, which substantially improved recall for the unverifiable class while preserv-

ing high precision for the verifiable class. The decision threshold selected from the
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precision-recall curve was 0.237, and this threshold was applied to the calibrated
probabilities to produce the final predictions reported above. Figure 4.4 visualizes
these performance outcomes.
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FIGURE 4.4: Unverifiability - Results

4.6 Subjectivity Detection Results

The pipeline incorporated a TF-IDF and linguistic features (i.e., vague terms,
modal verbs) on a Random Forest classifier. The Zenodo dataset included 985
requirements (259 subjective, 726 objective) [49]. The classifier contained 550
estimators, depth of 15, and class weighting. There were 985 occurrences in the
test set. The subjectivity detection was evaluated only once, with class weighting
to account for the unbalanced nature of the dataset (ratios 1:2.8, Table 4.1) and
default probability threshold of 0.5 of the Random Forest classifier. Classifier
with 550 estimators and a maximum depth of 15 used the combination of TF-IDF
features and linguistic features (e.g. vague terms and modal verbs) to differentiate

between subjective (Class 1) and objective (Class 0) requirements. After stratified
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TABLE 4.5: Evaluation Results for Subjectivity Detection

Class Precision Recall F1-Score
(0 - Objective) 0.95 0.98 0.97
(1 - Subjective) 0.94 0.86 0.90
Accuracy 0.95
Macro Average 0.94 0.92 0.93
Weighted Average 0.95 0.95 0.95

sampling and 10-fold cross-validation the whole dataset of 985 instances were used

as the test set.
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FIGURE 4.5: Results for Subjectivity Detection

Table presents the performance measures in the pipeline, indicating high accuracy
(0.95) and a weighted average F1- score (0.95), hinting at the effectiveness of
the pipeline in all classes that use unbalanced training. The confusion matrix
below also details predictions distribution, 711 true negatives, 223 true positive,
15 false positive and 36 false negatives, a high recall (0.98) score on objective and
decent Fl-score (0.90) on the subjective category. Figure 4.5 shows comparison of

metrices.



Experiments and Results 83

4.7 Comparative Analysis

This section compares the performance of the four requirement smell detectors
developed in this study with results reported in prior research. Because earlier
studies differ in datasets, annotation guidelines, and experimental procedures, the
comparison emphasizes relative performance trends rather than strict numerical
equivalence. Weighted F1-scores are used as the principal metric for consistency

across studies. Table 4.6 summarizes the comparative results.

For anaphoric ambiguity, studies using the DAMIR-PURE corpus [8] commonly
report strong performance for non-ambiguous requirements but considerably lower
performance for ambiguous instances, with positive-class F1-scores often ranging
from 0.50 to 0.65 [8, 20, 56, 73, 77]. The findings in this work follow the same
pattern while showing a modest improvement: the classifier maintained high per-
formance on non-ambiguous requirements and achieved an F1-score of 0.67 on the
single ambiguous instance in the test set. Although the sample size is limited,
this value is slightly above the upper range typically reported in prior studies,
aligning with but not exceeding the general performance expectations found in

the literature.

For referential ambiguity, prior work including the ReqEval shared task has re-
ported accuracies between 80% and 90% and positive-class Fl-scores in the 0.75
to 0.90 range when classical machine-learning models are used [36, 45, 48, 74, 78|.
The results obtained in this study are consistent with these benchmarks. The
model achieved an F1-score of 0.92 for ambiguous requirements, placing its per-
formance within the upper end of previously reported ranges without exceeding

them in a way that alters established expectations.

For unverifiability, previous work has generally found this smell particularly dif-
ficult to detect, with recall for unverifiable requirements commonly observed be-
tween 0.30 and 0.55 [22, 45]. The results in this study reflect similar characteristics
but demonstrate improved sensitivity. The classifier achieved an F1-score of 0.72

for unverifiable requirements, which is higher than most values reported in earlier
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TABLE 4.6: Comparative Analysis

Smell Type Proposed Prior Work References

Work (Range)
Anaphoric Ambiguity 0.94 0.85-0.92 [8, 14, 20, 56, 62, 63]
Referential Ambiguity 0.92 0.83-0.90 [14, 36, 45, 74, T9]
Unverifiability 0.91 0.60-0.70 [22, 45]
Subjectivity 0.95 0.85-0.92 [12, 36, 74, 78]

classical models while still remaining within the expected variability for this smell
type.

[ Prior Work (Low) B Prior Work (High) B Proposed Work (Final)

0.95
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FIGURE 4.6: Comparative Analysis

For subjectivity, earlier research consistently shows high performance due to the
explicit linguistic cues associated with subjective expressions [45, 49, 74, 78]. The
results of this study follow this trend. The classifier achieved strong F1l-scores
for both objective (0.97) and subjective (0.90) requirements, matching the levels
typically noted across previous studies. Overall, the comparative evidence shows
that the models developed in this thesis perform in close alignment with patterns
reported in the literature across all four requirement smells. In several cases par-
ticularly anaphoric ambiguity and unverifiability the results fall near the upper
end of the performance ranges previously documented, while remaining consistent

with broader trends observed in earlier work.



Chapter 5

Conclusion and Future Work

This chapter presents the concluding insights of the thesis and synthesizes the
outcomes of the research conducted on automated requirement smell detection in
natural language software specifications. The study aimed to address persistent
quality issues such as anaphoric ambiguity, referential ambiguity, unverifiability,
and subjectivity through the design and evaluation of a hybrid NLP-ML frame-
work that combines TF-IDF textual features, linguistically engineered indicators,
and optimized machine learning pipelines. Building on the limitations identified in
the literature, the proposed approach sought to deliver a more accurate, context-
aware, and practically deployable solution for improving the quality of software

requirements.

The research was guided by two primary research questions. The first, RQ1:
“What are the existing approaches for detecting different types of smells in natu-
ral language software requirements, and what are their limitations?” was addressed
through a detailed literature review and gap analysis. The review identified that
previous methods ranging from purely rule-based systems to machine learning
and deep learning approaches were often limited by insufficient contextual under-
standing, dependence on handcrafted rules, and inconsistent performance across
smell categories. These findings directly informed the design of this thesis’s hybrid
feature engineering strategy, which integrates both textual and linguistic cues to
overcome the shortcomings highlighted in RQ1.
85
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The second research question, RQ2: “How effective is the proposed approach in
identifying the selected smells (anaphoric ambiguity, referential ambiguity, unver-
ifiability, and subjectivity) compared to currently available solutions?” was exam-
ined through extensive experimentation and comparative evaluation. The results
demonstrated that the proposed framework outperformed prior work across all
four smell types, achieving weighted F1-scores between 0.91 and 0.95. These out-
comes represent significant improvements over previously reported performance
ranges, particularly for the more challenging categories such as referential ambi-
guity and unverifiability. The findings therefore provide strong empirical evidence
in support of the effectiveness of the proposed approach and its ability to address
RQ2 comprehensively.

The value of this thesis is the empirical realization of the hybrid pipeline, relying
on advanced NLP and machine learning to reach high performance in all of the
considered datasets and types of smell, the efficient and producible solution to the
requirements engineering problem on industrial level. It also indicates the com-
plexity of recognition of different kinds of smells, and the importance of annotated
high-quality datasets, the precursor of incremental progress in automated quality

assurance.

5.1 Strengths of the Proposed Approach

Chapter 4 depicts the experimental findings that confirm the pipeline is suitable
to detect anaphoric ambiguity, referential ambiguity, subjectivity, and unverifia-
bility based on the DAMIR-PURE corpora [8], GitHub [48] and Zenodo (2020)
[49] datasets. The pipeline performed with weighted average Fl-scores of 0.91-
0.95 with the highest score in subjectivity (0.95) and referential ambiguity (0.92)

detection. This prosperity is fuelled by a number of strengths:

Across all four smell types, the proposed framework achieved higher weighted

Fl-scores than the ranges reported in earlier studies. These improvements most
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notably for referential ambiguity and unverifiability indicate that the hybrid fea-
ture set and optimized classifiers provide a measurable advantage under the same

types of datasets and conditions.

The results show that integrating TF-IDF representations with simple, inter-
pretable linguistic indicators (such as pronoun presence, modal verbs, unverifiabil-
ity markers, or subjective terms) contributes to more stable detection performance.
This confirms that combining surface-level text features with basic linguistic cues
yields meaningful gains for requirement smell detection without relying on deep

or resource intensive models.

While the datasets varied in size and balance, the proposed system produced rela-
tively consistent weighted F1-scores (typically between 0.88 and 0.95) for all smells.
This suggests that the general pipeline preprocessing, hybrid feature extraction,
and classical ML classification works reasonably well across different categories

rather than performing strongly on only one.

The use of classical machine learning models (Random Forest, XGBoost, and
auxiliary rule-based checks) ensures low computational cost during training and
prediction. This makes the approach suitable for practitioners who may not have
access to high-performance hardware, and for tools that need to run on modest

computing resources.

All components of the pipeline preprocessing, feature engineering, model training,
probability calibration, and evaluation are explicitly defined and interpretable.
Unlike deep learning approaches, the decisions made by the system can be con-
nected back to concrete textual or linguistic features, making the method easier

to understand, audit, and extend.

The pipeline is structured so that individual components (such as TF-IDF vec-
torizers, linguistic indicators, or classifier choices) can be modified or replaced
without restructuring the entire system. This modularity provides flexibility for
future researchers or practitioners to adapt the framework to additional smells or

domains.



Conclusion and Future Work 88

5.2 Limitations of the Current Work

Although the proposed approach advances the state of requirement smell detection,
it is accompanied by certain limitations that warrant consideration. First, the
datasets present challenges. The anaphoric ambiguity test set was very small
(n = 10 cases), which amplified the effect of misclassifications and reduced the
reliability of results at the mini-project level. Class imbalance was also a significant
issue, particularly in the unverifiability dataset (approximately a 1:5 ratio), which
lowered recall for positive cases and biased the classifiers toward the majority
class. Furthermore, the datasets were domain-restricted. DAMIR-PURE corpora
[8] used for anaphoric ambiguity detection, GitHub requirements [48] were used
for referential ambiguity detection, while Zenodo datasets [49] were applied for
subjectivity and unverifiability. Since most of these requirements are operational
in nature, the findings may not generalize to non-functional or domain-specific
requirements. Finally, the accuracy of the system depends heavily on the quality
of available annotated datasets, where errors in ground-truth labeling can directly

affect performance.

Second, the methodology itself imposes limitations. The feature representation re-
lied primarily on TF-IDF and shallow linguistic indicators, which do not capture
deeper semantic meaning or long-range dependencies. The coreference-related in-
dicators focused on a small set of pronouns (e.g., this, that, it, they), which risks
overlooking more subtle or domain-specific anaphoric expressions. The classifiers
used in this work were limited to XGBoost for anaphoric ambiguity and Random
Forest models for referential ambiguity, unverifiability, and subjectivity. While
these classical machine-learning models offer strong baseline performance, they
depend heavily on feature engineering and do not leverage deep contextual rep-
resentations such as transformer-based architectures. Additionally, several smells
particularly subjectivity and unverifiability required manually crafted linguistic
rules, which reduces portability and generalizability across domains and writing

styles. The multi-branch feature pipeline increases computational overhead due
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to multiple TF-IDF branches, feature extractors, calibration steps, and Optuna-

optimized models, raising potential scalability concerns for very large industrial

datasets. Finally, the methodology was designed specifically for English require-

ments and would require significant adaptation for multilingual or cross-lingual

specifications..

5.3 Future Enhancements

Addressing the limitations of the existing approach serves as the basis for suggest-

ing several important improvements:

(i)

(i)

(iii)

The detection framework can be enhanced by replacing traditional TF-IDF
representations with contextualized word embeddings such as BERT or Dis-
tilBERT. Unlike TF-IDF, which assigns fixed weights to words without con-
sidering context, these embeddings capture semantic and contextual nuances,
making them more suitable for detecting ambiguous words and phrases in

natural language requirements.

Employing advanced language models such as BERT could improve the de-
tection of complex, context-sensitive ambiguities and help overcome the con-

straints associated with Random Forest classifiers.

Applying resampling techniques such as the Synthetic Minority Oversam-
pling Technique (SMOTE) could mitigate class imbalance and improve re-

call, particularly for the unverifiability smell.

Improving data quality and annotation practices is essential, as flawed data-
sets can reduce detection accuracy. High-quality annotated datasets would
not only improve performance but also increase adoption by the research

and industrial communities.

Incorporating non-functional and domain-specific requirements into publicly
available or industrial datasets would enhance generalizability and allow val-

idation of the approach across a wider range of scenarios.
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(vi)

(vii)

Evaluating the pipeline in real-world industrial settings with stakeholder
feedback would provide practical validation of its effectiveness and demon-
strate its potential to prevent economic losses caused by defective require-

ments.

Developing a unified model capable of detecting multiple requirement smells
simultaneously may streamline analysis and improve efficiency in both agile

and large-scale projects.
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