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ABSTRACT 

 As systems grow more complex the need for clear, testable, and unambiguous software 

requirements increases, thus requirements engineering has become critical to build quality 

products with strong user acceptance. As a result of added complexity, requirement 

documentation has also become more complicated. Existing tools have tried to mitigate the 

tedious analytical processes associated with requirements engineering by automating various 

parts of the requirements engineering process. Of the existing tools, many are either unavailable, 

utilize outdated methods, or require extensive user input. 

 The Automated Requirement Quality Measurement (ARQM) tool mitigates several 

limitations of existing solutions, while utilizing modern AI-based methods for both requirement 

identification and quality analysis. As a modern tool, ARQM eliminates the necessity of human 

input, by (1) identifying requirements in unstructured documents, and (2) analyzing the associated 

quality of all requirements based on select quality attribute criteria. Through the utilization of the 

definitions provided by the ISO 29148:2018 standard, ARQM provides analytical insights for 

ambiguity, singularity, verifiability, and feasibility requirement violations. 

 As an added foundation of the ARQM tool, the output includes a PDF artifact that shows 

the requirements with violations and an associated explanation for improvement. Distinct from 

other tools, ARQM focuses on a practical and easy experience for requirement processing. The 

goal of the tool is to minimize human requirement evaluation, while also improving readability 

and intuitiveness of requirement violations.  

 The ARQM AI models were trained on publicly available human-annotated datasets for 

requirement identification and quality analysis.  It was determined that both lightweight and 

advanced models generalized well, allowing for full automation of the ARQM tool.  The ARQM 

tool was validated by common metrics such as accuracy, precision, and recall among the various 
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classes during training. These metrics were utilized across both human-annotated datasets and the 

PURE dataset to help provide insight into the ARQM tool’s ability to both identify and analyze 

requirements. Additionally, the analysis of the ARQM tool includes the agreement among human 

annotators and the ability to learn annotator patterns for both identification and analysis.  
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Glossary 

Abstractive Summarization: A method to summarize text without reusing existing references, 

words, or phrases. 

Accuracy: A way to describe how often a model correctly predicted a class during inference. 

Accuracy is a common metric to analyze model effectiveness. 

Artifacts: Any document or data that could potentially contain requirement information. 

Examples include recordings, requirement documents, or standards. 

Child Requirements: Sub requirements that are more granular than their associated parent. A 

child requirement typically helps specify or outline the function of the parent requirement. 

Classification: The categories associated with a model inference task, such as determining 

requirement category or type of quality violation. 

Cosine Similarity: A way to determine the similarity of vectors. Helpful in determining semantic 

relationships among text. 

Datasets: A structured form of data utilized to help train statistical and AI-based models. 

Domain Knowledge: Refers to the specific knowledge relevant to a given requirement or 

requirement document. 

Embeddings: A way to vectorize text and encapsulate semantical properties. Embeddings can 

help add information to improve model inference results. 

Ensemble: Typically relates to the utilization of multiple models to help improve the stability of 

inference. Examples include Random Forest, where model results either depend on an averaging 

or majority vote method. 

Explanatory Text: Text that does not necessarily pertain to requirements. Typically, explanatory 

text helps further define requirements or associated context. In isolation, explanatory text does 

not constitute requirement text. 
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Extraction: A method to extract components from within text or requirements. For instance, 

automated extraction may identify actions, agents, and relationships for requirement text. 

Extractive Summarization: Alternatively to abstractive summarization, extractive 

summarization identifies the most important text to help summarize large text. 

F1-Score: A way to culminate other statistics to help better understand model performance. F1-

Score is a measurement of model performance. 

Features: Concepts that may help during the model inference process. Features are often 

correlated and tightly related to information gain, allowing an improved model training process. 

Few-Shot Learning: A deep learning method that performs well when there is limited data. This 

method can often better generalize when presented with representative pairs of data. 

Fine-Tuning: Taking an already trained model and introducing it to a new task. During training, 

the model is fine-tuned to help perform inference. Typically, fine-tuning limits the dataset 

requirements by utilizing existing model knowledge. 

Functional Requirements: Requirements that are directly linked to a user’s wants or needs. 

Typically, functional requirements are more specific and formal in representation. 

Heuristics: General rules-of-thumb that hold true in most cases. Heuristics are represented in 

requirements automation through pre-defined lists and syntactical representations. 

IEEE 29148:2018 Standard: A standard defining the ideal requirement process, ranging from 

requirement elicitation to requirement management. Additionally, the standard specifies quality 

attributes that help improve requirement quality. 

Indexing: A method that represents the hierarchy and relationships of requirements for 

requirement documents. Helps to understand the various requirement groups and requirement 

dependencies. 

Kappa Agreement: A way to measure user agreement. Typically utilized for labeling tasks. A 

higher Kappa agreement indicates a positive agreement among reviewers. 
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Lemmatization: The reduction of words into their base form. Lemmatization is typically used to 

help limit the feature space during model training. 

Lexical Analysis: A type of analysis that looks at individual words and morphemes to determine 

requirement classification and potential quality attribute violations. Associated heuristics would 

typically consist of pre-defined word or phrase lists. 

Lists: A collection of heuristics that often indicate requirement violation. Lists helps with quick 

inference and mapping of explanations for model inference. 

Meta Model: A model that synthesizes the complexity of other models into a simpler model. 

Functionally, the meta model is trained on output from a more complicated model to learn 

patterns. Meta models are important to achieve XAI and faster inference. 

Modeling: A way to synthesize requirement documents into a formal representation. Models can 

help provide a deeper analysis of requirement quality and often work with both heuristics and 

human input. 

Natural Language: The type of language typically present within requirement documents. 

Natural language is typically unformal, leaving opportunities for ambiguous language and poor 

requirement understanding. 

Non-Functional Requirements: Typically pertain to derived or quality requirements. Network 

speed, task complexity, and user satisfaction are often associated with this category of 

requirements. Typically, non-functional requirements are less formal and more difficult to 

validate or measure. 

Ontology: A structured representation of requirements. An ontology typically contains the 

individual requirement units, the associated hierarchy, and the relationships between them. 

Overfitting: When a model learns the training data but fails to learn the general patterns for 

unseen data, limiting the viability of the model. 
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Parent Requirements: A requirement entity that typically encapsulates multiple child 

requirements. Additionally, parent requirements typically contain low granular specifications for 

features. 

Pragmatic Analysis: A type of analysis that determines the likely reading of text, instead of the 

strict semantical representation. Pragmatic analysis is crucial for determining whether a quality 

violation is useful during the automation process. 

Precision: A metric used to assess the associated performance of models. Precision helps to 

better understand the performance among different classes instead of the broad accuracy. 

Prompt Engineering: A method to help hone model results through the use of natural language. 

This method typically contains task definitions, examples, and context specification.  

Quality Analysis: A method to analyze the associated quality of requirements. Typically, quality 

analysis utilizes a specific quality model and heuristics to help measure quality. These quality 

models can analyze requirements on multiple different aspects, allowing for a dynamic analysis 

of requirement documentation. 

Quality Attribute: A quality attribute pertains to a specific type of quality standard for a 

requirement. Quality attributes such as ambiguity and feasibility analyze requirements based on 

different definitions and expectations. 

Quality Indicator: A quality indicator or typically heuristics that map to an associated quality 

attribute. Indicators generally help provide guidance for potential violations across a quality 

model. 

Quality Model: A quality model incorporates best practices for requirements. Typically, these 

models include multiple quality attributes that help to specify ideal requirements. 

Question Answering: An AI-based method that uses natural language in the form of questions 

and answers to extract out critical information. This task can help with entity extraction and 

relationship generation. 
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Recall: A metric that helps analyze model performance across all classification possibilities. 

Recall helps to show the proportion of entities that were uncovered for each classification. 

Requirement Document: A document that specifies a general system or product. Consists of 

explanatory text, context, and associated requirements. Requirement documents are the primary 

artifacts that typically contain specified requirements. 

Requirement Document Metadata: A data structure that encapsulates the structure and 

relationships within a requirement document. The metadata would include requirement groups, 

requirements, hierarchical representations, context, and document summarization. Typically, this 

data is used as input for quality analysis of requirements. 

Requirement group: An entity that can include multiple requirements and requirement groups. 

Requirement Hierarchy: A relationship that includes both requirements and requirement 

groups. Typically, entities are nested at various levels to help specify varying degrees of 

granularity. 

Requirement Identification: An automated process meant to extract all requirement text from a 

requirement artifact.  

Requirement Quality: A way to measure how good or bad a requirement is. Typically, quality 

models provide guidance for determining requirement quality. 

Requirements: A way to represent a user want or need with various details and constraints. 

Requirements Elicitation: A method that helps derive important and desired requirements from 

users. Requirement elicitation can also include research to help derive non-specified 

requirements. 

Requirements Engineering: A process to help translate a desire into a practical system 

implementation. 
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Requirements Management: A process that keeps track of requirement evolution and 

importance. This process can help with budgeting and prediction processes pivotal for adequate 

product delivery. 

Requirements Traceability: Typically refers to the tracing of requirements to documentation or 

reasoning provided by the user. For instance, requirements can trace to external documentation 

and user conversations for support. Additionally, requirement traceability can reference test cases 

to help verify implementation. 

Requirements Validation: A process to validate the importance, relevance, and practicality of 

associated requirements. Validation can serve as a way to strengthen requirement specifications 

based on user input. 

Rule-Based: A method that utilizes techniques such as heuristics, regex, or programming logic to 

accomplish a task. 

Semantical Analysis: A way to uncover the actual meaning of words and phrases within a 

sentence. This type of analysis helps to uncover ambiguity and quality violations at a higher level 

of analysis. 

Semi-Supervised Learning: A method to help label unlabeled data from models or methods 

trained on a small, labeled dataset. Additionally, features derived from unsupervised methods 

could help label data. 

Smells: A general determination of quality adherence through the use of features or indicators. 

Typically, requirement smells are aggregations of various statistics or indicators, providing broad 

generalizations of requirement quality. 

Stemming: A method that removes the stem of certain words to help mitigate the feature 

complexity when training models. 

Supervised Learning: Training models with labeled datasets to help accomplish a task. Datasets 

typically need broad representation for better generalization during inference. 
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Syntactical Analysis: A higher-order analysis from lexical analysis. Allows for the generation of 

heuristics for words, phrases, and grammatical patterns to help determine quality violations. 

Unsupervised learning: A method to derive features or information about data without a labeled 

dataset. 

Vectorization: A method that translates text to a numerical vector. Methods can include Count 

Vectorization, Embeddings, or TF-IDF. These representations are necessary for model training. 
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List of Acronyms 

AI: Artificial Intelligence 

ANN: Artificial Neural Network 

API: Application Programming Interface 

ARQM: Automated Requirement Quality Measurement 

BERT: Bidirectional Encoder Representations from Transformers 

CNL: Controlled Natural Language 

CNN: Convolutional Neural Network 

IEEE: Institute of Electrical and Electronics Engineers 

LDA: Latent Dirichlet Allocation 

LLM: Large Language Model 

LSTM: Long Short-Term Memory 

ML: Machine Learning 

NER: Named Entity Recognition 

NLP: Natural Language Processing 

OCR: Optical Character Recognition 

PCA: Principal Component Analysis 

POS: Part-of-Speech 

PURE: Requirement Identification Dataset 

QA: Question / Answering 

RAG: Retrieval-Augmented Generation 

RE: Requirements Engineering 

RNN: Recurrent Neural Network 

SHAP: Shapley Additive Explanations 
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SMOTE: Synthetic Minority Over-sampling Technique 

SQuAD: Stanford Question Answering Dataset 

SRL: Semantic Role Labeling 

SVM: Support Vector Machine 

TF-IDF: Term Frequency-Inverse Document Frequency 

UI: User Interface 

UML: Unified Modeling Language 

XAI: Explanatory Artificial Intelligence 
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Chapter 1 

 

Introduction  

In modern software projects, requirements engineering is becoming increasingly 

complex. Problems in requirements engineering activities (i.e., elicitation, analysis, specification, 

validation, management etc.)  can create costly project delays and lower quality upon delivery, 

leading to customer dissatisfaction. Requirements engineering becomes even more challenging 

with the increase in product complexity and user expectations. With the increase in complexity, 

analyzing associated requirement documents becomes a challenge and risk to most project 

initiatives  (Laplante & Kassab, 2022). 

As an added complexity to the requirements engineering process, requirements typically 

are represented and conveyed in multiple different ways. For instance, requirements are normally 

provided in the form of structured, semi-structured, or unstructured documents. Often, 

requirement specifications tend to follow a specified format for documenting requirements and 

their supporting information. Other documents, however, may not adhere to the same structured 

rules that requirement specifications tend to follow. Because of the complexity and differing 

structures of requirement documents, identifying and validating requirements across different 

documents becomes difficult, prompting the creation of different implementations, methods, and 

tools (Zhao et al., 2021). 

Due to the importance of requirement analysis and the increasing complexity of systems, 

creating automated systems can help assist the requirements engineering process by analyzing 

documents, identifying requirements, and analyzing requirement document quality against a set 

of pre-defined quality attributes and standards (Carlson & Laplante, 2014; “ISO/IEC/IEEE 
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International Standard - Systems and Software Engineering – Life Cycle Processes – 

Requirements Engineering,” 2018). 

Ultimately, identifying and evaluating requirement quality helps with the automation of 

many of the requirements engineering activities. The focus is primarily to formulate practical 

methodologies and software that can both identify requirements and measure the overall quality 

of requirements. When considering the importance of quality automation processes, identifying 

requirements is pivotal to the automation process, as requirement identification can eliminate the 

need for manual requirement annotation and labeling. Additionally, requirement identification 

can often serve as a precursor to many other requirement automation tasks. With an adequate 

requirement identification process, identifying critical requirement text becomes possible, 

allowing for the implementation of a system that better incorporates user needs (Zhao et al., 

2021). 

Although requirement identification is an important part of tool automation, the task is 

relatively difficult because of the unstructured nature of requirement documents. Often, 

requirement identification is not possible with the use of pre-defined syntactical patterns or 

phrases. As a result, context becomes critical to requirement identification, especially when 

requirement documents do not follow expected requirement formats. As an additional challenge, 

single requirements can often span multiple sentences, making typical parsing more difficult. 

Even with these challenges associated with requirement identification, many critical processes, 

including quality analysis, require the accurate representation and inclusion of document 

requirements (Ahmad et al., 2020; Zhao et al., 2023). 

As the typical next step of the quality automation process, requirement quality analysis is 

another process that can help simplify the requirements engineering process. Often, requirements 

are written in natural language, leaving potential interpretability or practicality issues depending 

on how the requirement is defined. To address potential requirement quality issues, the IEEE 



24 

 

29148 standard provides a foundation for requirement quality in the form of quality attributes. As 

the standard mentions, quality attributes measure different aspects of the requirement to 

determine the requirement’s overall quality. As an example, quality attributes such as ambiguity, 

conformance, and feasibility all contribute to the overall quality of requirements. A requirement 

with high ambiguity would ultimately hurt the interpretability of requirement text, while an 

unfeasible requirement likely does not represent user needs. Through the use of a quality analysis 

process, the overall requirement document quality is improved through well-defined 

requirements, improving the accuracy and usefulness of requirement documents (“ISO/IEC/IEEE 

International Standard - Systems and Software Engineering – Life Cycle Processes – 

Requirements Engineering,” 2018). 

Overall, the goal of automation is to help both identify requirements within relevant 

documentation while also measuring requirement quality, ultimately helping to facilitate a better 

product quality and outcome. Existing tools have tried to assist with the requirements engineering 

process, but most of the tools are either unsupported or utilize technology that cannot adequately 

measure requirement quality. Although many of these tools are powerful, the focus of automation 

is to mitigate manual work related to the requirements engineering process; many tools 

accomplish the simplification of manual work, but fail to accurately identify and analyze 

complicated requirement documents, creating an opportunity for practical tool improvement 

(Carlson & Laplante, 2014). 

Requirement Identification 

Requirement identification is important for automating requirements engineering. 

Ultimately, identifying all the requirement-related text from within a given document helps 

systems check the quality of requirements, while also formulating an understanding of 
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requirement document structure. Although requirement identification may be simple for 

structured documents with consistent syntactical patterns, identifying requirements for different 

types of documents and formats is difficult. Even with structured documents, requirements often 

do not follow the same syntax across different domains. Additionally, requirements come in 

many different forms, including user stories, use cases, models, and natural language. Because of 

the diverse number of formats and mediums that can contain requirements, there are a wide range 

of different syntaxes that can encapsulate requirements. Although requirement identification is 

difficult due to requirement document complexity, the process is necessary to adequately analyze 

requirement quality (Laplante & Kassab, 2022).  

Requirement Identification through Rule-Based Methods 

There are many ways to achieve requirement identification, including rule-based and 

heuristic methodologies. Rule-based methods primarily focus on hard-coded logical checks to 

identify requirements. These checks could utilize regular expressions, textual statistics, or other 

pre-defined patterns that look further into the text’s syntax or document position. These general 

rules help classify most instances of requirements with a relatively high degree of accuracy. Rule-

based methods can also utilize heuristics to help decide if a sentence may belong to a 

requirement. For instance, textual statistics and the occurrence of certain syntactical structures 

could help to identify the occurrence of a requirement; these methods are useful because they are 

less rigid than exact string matches. These common formats associated with requirements means 

that rule-based methods can often identify requirement text by simply observing and identifying 

common patterns (“ISO/IEC/IEEE International Standard - Systems and Software Engineering – 

Life Cycle Processes – Requirements Engineering,” 2018; Jafari et al., 2021; Luttmer et al., 

2023). 
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Although rule-based methods are an effective way to identify requirements, formulating 

adequate rules and heuristics to identify requirements is difficult due to the different types of 

syntactical structures and documents. Further, requirements often span multiple sentences, 

meaning that rule-based methods may have a difficult time consolidating multiple sentences into 

a single requirement. Because rule-based methods often do not consider context, the methods do 

not adequately translate to different types of requirements either. For instance, although 

functional requirements tend to follow a specific format, non-functional requirements do not. 

Additionally, other documentation that contains unstructured language presents additional 

challenges to rule-based methods. Instead of manually defining general rules to identify 

requirements, other methods that can better encapsulate complicated patterns across different 

types of text can become more useful in the requirement identification process (Zhao et al., 2021, 

2023). 

Requirement identification through Artificial Intelligence 

Because rule-based methods are unsuitable for requirement identification, Artificial 

Intelligence can serve as an adequate substitute to help classify text. By utilizing AI to learn 

complicated patterns through training data, improving inference generalizability and applicability 

to diverse requirement documents is possible. Ultimately, AI can learn complicated 

representations of text, allowing for an understanding of requirements beyond simple heuristics. 

From these learned pattern representations, AI can help with learning complicated, general 

patterns to help better identify requirements. Additionally, there are a variety of models, learning 

types, and configurations that can help achieve better results across a dataset of differing 

requirement formats (Zhao et al., 2021). 
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When utilizing AI, there are multiple different implementations that can help improve the 

results of inference for requirement identification. For instance, there are supervised, semi-

supervised, and unsupervised learning methods that provide broad inference capabilities when 

datasets are limited. For supervised models, a labeled dataset is necessary to train and adjust the 

model to achieve accurate results. In this instance, the structure, preprocessing, and balance of the 

data is critical for achieving high model accuracy. Having a large amount of data that spans a 

diverse range of examples is critical to improving the model’s generalization across unseen data. 

When the dataset does not adequately represent unseen data, the model may overfit, losing the 

ability to accurately classify unseen examples. As a result, supervised models often require large, 

diverse datasets to perform well for requirement identification (Wang & Chen, 2023). 

In the case of unsupervised training models, a labeled dataset becomes less critical. 

Although unsupervised models are not always as accurate or reliable as supervised models, they 

are an effective option for uncovering features representative of the specific inference classes. For 

instance, unsupervised models can use similarity grouping of textual features to determine group 

membership. For text, certain methods such as topic modeling, embedding similarity, and 

dimensionality reduction are useful tools to achieve classification while uncovering pivotal 

features for inference. Topic modeling, for instance, can help with identifying the requirement 

and non-requirement text within documents by treating them as separate topics; from the group 

derivations, analytical processes can help uncover features representative of those classes. 

Unsupervised methods are also better when certain class representations are uneven, removing 

the need to artificially balance data classes. Lastly, unsupervised methods can help with 

identifying outliers and performing better general classification across unseen data when 

performed with certain methods like dimensionality reduction. Overall, unsupervised learning is a 

critical step for requirement identification and quality analysis due to dataset limitations and data 

complexity (Kubat, 2021). 
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Ultimately, both unsupervised and supervised learning methods can complement each 

other in the form of semi-supervised learning. Performing data exploration with unsupervised 

learning can help uncover features that may represent data classes; ultimately, the uncovered 

features are then utilized as input to train the supervised model or create labeled datasets. 

Unsupervised learning can also help reduce dataset noise, while amplifying features that can 

better identify classes for a requirement identification task. The learned features can serve as 

input to a supervised learning algorithm to formulate the relationships between the uncovered 

features and the dataset. Additionally, grouping methods can help create a labeled dataset by 

associating each group with a classification, increasing the labeled examples available for 

training. In summary, the combination of both supervised and unsupervised learning can help 

overcome the barriers of limited datasets, while maintaining a high level of accuracy for 

classification tasks (Kubat, 2021, 2021; Sallam et al., 2020; Shanthamallu & Spanias, 2022). 

For most requirement automation tasks, datasets are often minimal or entirely 

unavailable. Although there are some public datasets available, they often are not labeled for 

requirements identification training. As a result, manually labelling data, utilizing unsupervised 

and semi-supervised methods, or utilizing data preprocessing and hyperparameter for supervised 

learning methods becomes necessary for better data generalization . Additionally, utilizing 

transfer learning can also help mitigate the amount of labeled examples necessary to perform 

accurate requirements identification. As an added benefit, transfer learning allows for the infusion 

of knowledge obtained from trained LLMs for a classification task like requirement 

identification; techniques like prompt engineering can help consolidate the output and achieve 

higher generalization without a representative dataset (Kubat, 2021; Verma & Kass, 2008; Wang 

& Chen, 2023). 

Another consideration of requirement identification is the difficulty with multi-sentence 

requirements along with differing syntax or document types. These considerations complicate the 
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issues of limited datasets; although, the proposed methods help to mitigate some of the limitations 

of scarce data. Some of the previously discussed methods can help improve model 

generalizability for diverse representations of requirements, but accurate requirement 

consolidation and analysis is still difficult. Ultimately, the requirements identification process 

should encapsulate the entire requirement unit, which may span multiple sentences. These 

challenges are enhanced by the limited availability of datasets but can be addressed with 

appropriate models and techniques to enhance generalization and consolidation of related 

requirement text (Sallam et al., 2020; Zhao et al., 2023). 

As an added consideration, the difference between requirement and non-requirement-

related text is not necessarily clear. Often, text can help further clarify existing requirements but 

is not ultimately requirement-related text in isolation. As a result, combining and condensing 

requirement text into a single unit requires further evaluation and consideration of requirement 

definitions and representations, especially when considering requirement identification serves as 

the input for many important automation processes. For instance, identifying the entirety of 

requirements while limiting unnecessary or unrelated explanatory text is important to many 

subsequent automation processes such as quality analysis. Defining the holistic unit of a 

requirement involves complex analysis, sentence consolidation, and strong model inference 

capabilities (“ISO/IEC/IEEE International Standard - Systems and Software Engineering – Life 

Cycle Processes – Requirements Engineering,” 2018; Zhao et al., 2023). 

Lastly, requirement position considerations matter during the requirement identification 

process. Requirements often do not exist alone; requirements tend to exist in a hierarchical 

structure in which they often belong to groups present with a requirement document. Ultimately, 

groupings of requirements tend to specify functionality at a different level of specificity, further 

complicating the requirement identification and analysis process. When identifying requirements, 

maintaining the position of the requirement in relation to other requirements is important for 
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additional automation processing, such as quality analysis. For instance, ambiguity may be a 

permissible violation for parent requirements, where child requirements should typically contain 

more granular specification. Additionally, the position of requirements can help with other quality 

attribute evaluations, including checking for completeness, consistency, and feasibility through 

the requirement document (“ISO/IEC/IEEE International Standard - Systems and Software 

Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

Artificial Intelligence can generally help with the requirements identification process. 

Although there are limitations, new methods can help extract out and classify metadata related to 

requirements documents. Additionally, models can learn to generalize across unseen examples of 

requirements, allowing for generic classification beyond rule-based heuristics. Further, AI models 

can utilize tacit knowledge via transfer learning to help better interpret semantics and pragmatics 

of language, allowing for context-specific analysis. Because datasets are limited for requirements 

classification, unsupervised and semi-supervised learning can help with the process of generating 

synthetic data to help improve training results. In conjunction with Natural Language Processing, 

Artificial Intelligence can likely improve the accuracy of requirements identification tasks 

through either well-defined and generic heuristics or task-specific models. 

Requirement Quality 

 The natural next step after requirements identification is requirements quality analysis in 

the automation process.  The goal is to analyze the requirement text, evaluate requirement quality 

against defined criteria then provide feedback on any defects. By analyzing the quality of the 

requirements in a requirements document, the system may avoid costly mistakes and 

misunderstandings further along the project’s development and implementation. Therefore, 

analyzing requirements for quality attribute defects is important for understanding the potential of 
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impacting system performance, delivery, and acceptance from the user. There are many different 

types of requirement quality attributes that apply to the requirement analysis process. For 

instance, the IEEE 29148:2018 standard provides an outline of the quality attributes that 

requirements text should typically follow. Some of these quality attributes are easily measured, 

while others require more extensive methods for analysis (“ISO/IEC/IEEE International Standard 

- Systems and Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

Measuring Requirement Quality through Rule-Based Methods 

There are many ways to measure requirement quality through rule-based methods. As an 

example, many older tool implementations have utilized these methods to provide a general 

overview of document quality. Although these methods do not always yield accurate results, the 

utilization of rule-based methods is mostly useful for lexical and syntactical analysis. For 

instance, there are expected syntactical patterns that apply to the ideal requirement format. The 

standard suggests that requirements should be constrained by certain syntactical patterns; if 

requirements deviate from these patterns, there exists a requirement quality defect. Additionally, 

the standard mentions that there are various phrases and words that indicate additional defects for 

requirements. Most of these issues are measurable through rule-based methods because of the 

simplistic and generalized problems they tend to create (Carlson & Laplante, 2014; Davis et al., 

1993; “ISO/IEC/IEEE International Standard - Systems and Software Engineering – Life Cycle 

Processes – Requirements Engineering,” 2018). 

From a lexical and syntactical analytical perspective, rule-based methods can measure 

requirement quality through pre-defined rules and phrases that are often attributed to quality 

violations. Words such as ‘best’ or ‘most’ and phrases such as ‘user friendly’ and ‘almost 

always,’ are quality violations that are practical to detect with rule-based algorithms. These pre-
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defined terms provided by the standard show how certain linguistic words and phrases can create 

problems among requirements. Ideally, automation software can look at common words and 

phrases that may indicate quality errors to help improve requirement document quality (Carlson 

& Laplante, 2014; Femmer et al., 2017; “ISO/IEC/IEEE International Standard - Systems and 

Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018; Kummler et 

al., 2018) . 

As an added consideration, syntactical patterns can help provide useful ways to generally 

look at requirements through rule-based methods. Primarily, these patterns can represent both 

syntactical and semantical issues that extend beyond looking for common words or phrases. With 

Natural Language Processing (NLP), utilizing common libraries that label text with POS 

associations is also possible. This type of analysis allows for the detection of more generalizable 

patterns among requirements, especially for syntactical and semantical analysis. Importantly, 

these methods do not require extensive model training and tend to help better address simplistic 

errors that may arise when analyzing requirement quality.  As an alternative, the rule-based 

methods can serve as an effective way to engage in Feature Engineering for different models that 

require complicated and diverse training data (Chantree et al., 2006; Nugues, 2024; Sallam et al., 

2020). 

Although rule-based methods may not necessarily work for the general case of 

requirement quality analysis, defining certain textual statistics and features is possible to help 

facilitate better results during analysis. Primarily, the detection of certain words, phrases, and 

patterns can help train models for effective classification. Additionally, textual statistics, such as 

the occurrence of certain words, semantic similarity of words to other ambiguous terms, and other 

textual metrics could potentially help with analyzing requirement quality.. Methods of data 

analysis can also help further uncover rules that could generally indicate quality violations, 
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allowing for the expansion of rule-based analysis across disparate topics and documents (Y. Li et 

al., 2018; Sonbol et al., 2022). 

Rule-based methods provide a way to analyze associated requirement data, derive generic 

patterns that define quality defects, and apply those general patterns to most requirements. 

Although the analysis through rule-based methods tends to be shallow and less accurate than AI-

based methods, rule-based methods serve as a good starting point for analyzing most requirement 

quality defects on a lexical and syntactical basis. Unfortunately, rule-based methods are only 

applicable for certain quality attributes and levels of analysis. Different, more complex, quality 

attributes require a more holistic analysis of context that goes beyond what rule-based methods 

can likely achieve (Carlson & Laplante, 2014; “ISO/IEC/IEEE International Standard - Systems 

and Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018).  

Measuring Requirement Quality through Artificial Intelligence 

Although rule-based methods are useful for basic requirement quality analysis, Artificial 

Intelligence provides a way to further generalize among data for quality attribute measurement, 

while also allowing for the analysis of complicated quality attributes. Across lexical, syntactical, 

and semantic representations of text, there are many different variations of quality attribute 

violations that rule-based methods cannot measure. Although some rule-based methods can 

provide generic patterns matching across different textual examples, Artificial Intelligence can 

help learn and facilitate the patterns beyond the words and surface-level structure. Instead of 

manual observation of patterns and user-specified lists of words and phrases that tend to indicate 

quality violations, Non-Supervised, Semi-Supervised, and Supervised methods can help discover 

features of text that may help classify requirement quality violations more broadly. Additionally, 

quality attribute violations typically require context analysis, especially for semantical analysis 
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for requirements. AI-based models can consider context while performing classification, leading 

to a more effective method of defect detection (Shanthamallu & Spanias, 2022; Zhao et al., 

2021). 

 Because quality attribute violation datasets are scarce, Unsupervised Learning is a 

powerful approach to discover features for quality attribute violations. As a form of feature 

engineering, Unsupervised Learning can help discover and apply generic sentence features that 

indicate quality violations for the model training process. These uncovered features could help 

train models to better generalize and classify requirement quality attribute violations. Because the 

quality attribute classifications are different during automation, discovering unique features for all 

classifications is important for a holistic quality analysis. Additionally, extracting features that 

can indicate quality violations on a lexical, syntactical, and semantical basis is important, 

especially when considering that multiple similar quality attribute violations can occur at the 

same time within a sentence. Another consideration is the mapping and outline of quality attribute 

violations to explanatory text. Although Unsupervised methods provide a way to uncover 

features, they do not necessarily provide the positions, references, or explanations of the quality 

attribute violations (Zhao et al., 2021). 

 In general, AI-based models can perform better with classification when compared to text 

generation tasks. Although models can accurately classify quality attribute violations through 

derived features for Unsupervised Learning, the models do not necessarily generate a reason for 

the violation or a reference to the problematic words or phrases within the text. As a result, the 

problem of quality attribute measurement goes beyond simple classification tasks and, therefore, 

requires different models and methods to provide clarification for quality violations. As a 

potential solution, Sequence-to-Sequence transformers allow for the transformation of text to a 

textual response; the model type can also combine classification and sequence generation tasks, 

mitigating the need for multiple models. Additionally, these models can consider its tacit 
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knowledge and context before generating a response, providing a higher order of analysis when 

compared to rule-based implementations. In the case of transformers, fine-tuning, few shot 

learning, and prompt engineering can help provide better explanations and context for the 

analysis of quality attribute violations. These methods can help the model better understand and 

predict results for quality attribute violations, while also further limiting the need for extensive 

training data for achieving better results (Wang & Chen, 2023). 

 As an example of model augmentation, prompt engineering can also help refine the 

output while providing important context to the model based on requirement document 

supporting information. In a simple prompt engineering scenario, a few examples of instances 

and results are provided to the model; often, the prompt contains instructions, sample input and 

output, and a specific format to return the results in. The instructions could also include the need 

to detect quality attribute violations on a lexical, syntactical, and semantical basis, while 

providing explanations for the associated violations. The explanations could manifest in a format 

that would either highlight the contributory text or provide an abstract suggestion for 

improvement (Korzyński et al., 2023). 

Practical Research for Requirement Identification and Quality Analysis 

 With the wide variety of different implementations for both requirement identification 

and quality analysis, determining ideal ways to accomplish both tasks through a practical tool is 

useful to help with automated requirement analysis. Ultimately, the goal of the practical tool is to 

accomplish both requirement identification and quality analysis through the use of different 

methods, such as rule-based and AI-based implementations. This research ultimately compares 

the methods and based on the results, implements an application that utilizes the best automated 
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implementations to provide a practical tool for requirement analysis. Ultimately, the tool’s main 

focus is to identify and analyze requirements based on the pre-defined ISO 29148:2018 standard. 

For both identification and analysis, the focus of the research is to also look at ideal methods for 

identification and analysis by comparing the results to human-annotated datasets. 

Practical Research: Requirement Identification 

 With requirement identification, the key issue is identifying requirement-related text from 

a structured, requirements document generally written in natural language. To identify 

requirements, documents are processed into smaller units, such as paragraphs and sentences. 

These smaller units are what typically encapsulate requirements. Therefore, the identification 

process becomes a classification problem amongst sentences or similar units, allowing for the 

identification and classification of requirements.. Intuitively, identifying requirements instead of 

non-requirement-related text is important, as failure to identify requirements could lead to 

significant analytical issues. Additionally, suggestions to improve the quality of non-requirements 

would serve to increase the brevity and clarity of the document. Therefore, the recall of positive 

cases for requirements should be a primary consideration. Another focus of requirement 

identification automation is the generalization of other requirement documents. The ability for the 

identification process to identify requirements throughout different documents is an important 

metric; considering that requirement documents tend to utilize similar language for related 

products, utilizing requirement identification for documents that focus on different domains and 

projects is critical for understanding the accuracy and effectiveness of the tool. 
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Practical Research: Requirement Quality 

Compared to requirement identification, requirement quality analysis is a more difficult 

task due to factors such as different classification types, explanation generation, and the need for 

context to perform complicated and diverse analysis. Additionally, requirement quality analysis 

goes beyond basic classification; the analysis includes lexical, syntactical, semantical, and 

pragmatic levels of automation that further complicate the ability to detect defects. Primarily, the 

focus of quality analysis within a practical tool is to show a proof-of-concept for basic quality 

attributes while providing future direction for further research and improvement.  

As an added consideration of requirement quality analysis, data and context limitations 

provide a barrier for model inference. However, modern methods of Natural Language Processing 

and Artificial Language provide ways to mitigate the limited availability of datasets. Primarily, 

overcoming the limitations of data and context could allow for the strong utilization of AI-based 

technology for general quality analysis. The analysis therefore looks at ways to overcome these 

various limitations, while utilizing modern AI-based methods for analysis. 

 Lastly, an additional barrier to quality analysis includes the visualization and presentation 

of quality defects to the user. To accomplish visualization, the analysis needs to visualize the 

reasoning behind model inferences; the various methodologies that exist to analyze existing 

models can help with visualizing contributions of features to results, resulting in an intuitive 

interaction between the system and user. 

Outline 

This praxis provides the background information to understand that problem domains of 

software requirement identification and requirement quality analysis. Additionally, the praxis 
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outlines the implementation and results for a practical tool that focuses on document ingestion, 

requirement identification, and quality analysis, while also analyzing the results and conclusions 

of the tool validation and its performance.  

  

Chapter 2 Background – Concepts and Standards. The second chapter focuses on establishing the 

concepts needed for understanding requirement identification and analysis. Primarily, the chapter 

discusses the IEEE 29148:2018 standard terms for identifying and measuring the quality of 

requirements, while discussing different levels of quality analysis, such as syntactical and lexical 

analysis. The chapter also focuses on the definition of requirement document structure and how 

associated analytical techniques can achieve automation. Lastly, the chapter considers the 

challenges of requirement hierarchy and the implications for quality analysis. 

 

Chapter 3 Literature Review: Requirements Identification and Quality Analysis. This chapter 

focuses on past and present literature for requirement identification and analysis. The chapter 

discusses the problem definitions, challenges, and how existing systems have addressed 

limitations to formulate practical tools for requirement automation. Additionally, the chapter 

looks at implementations ranging from rule-based methods to AI-based implementations. Lastly, 

the chapter analyzes the current research and tools available for quality analysis, while proposing 

a practical solution based on the research gap.  

 

Chapter 4 Automated Requirements Quality Measurement (ARQM): A New Tool for 

Requirements Detection and Analysis. This chapter presents the ARQM tool, including the scope 

and features of the application. The summary includes the history of development, problems, and 

evolution of ARQM’s implementation. Additionally, the chapter discusses the architecture of the 
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tool, the methods and concepts utilized for requirement identification and analysis, and the 

associated features of the ARQM system. 

 

Chapter 5 ARQM Validation and Evaluation. This chapter details the performance of the ARQM 

system for both requirement identification and analysis. Additionally, the chapter highlights the 

most important features that contributed to the accuracy of the model results. The chapter also 

discusses the methodology, including the generation of datasets, metrics, models, and results. As 

part of the analysis, the chapter looks at Accuracy, Precision, Recall, and F1-Score for the general 

classification tasks among requirement identification and quality analysis tasks.  

 

Chapter 6 Results and Discussion. This chapter analyzes the overall results for requirement 

identification and quality analysis while providing an explanation for the results. Primarily, the 

chapter discusses the ideal models, methods, and implementations that performed well among the 

various datasets.  Additionally, the chapter discusses the common features that helped increase 

performance. Ultimately, the analysis focuses on the generalizability of the model inference in 

relation to the human-annotated dataset, focusing on the practical agreement of the tool to 

requirement participants. Lastly, the analysis discusses the associated limitations of the 

methodology and external factors that could impact the practical functionality of the system.  

 

Chapter 7 Conclusion. The final chapter includes a brief analysis of the novel aspects of the 

research, while also discussing the problems, threats to validity, and overall result implications of 

the ARQM system. Additionally, the chapter discusses the role of modern methods for 

requirement identification and quality analysis, showing how theoretical concepts can translate to 

the practical implementation of a requirement automation tool. Lastly, the chapter outlines how 

the ARQM system generally performed among both identification and analysis tasks, the 
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generalizability of the tool to different documents and text formats, and the effectiveness of the 

tool in identifying issues in requirements. 

 



 

 

Chapter 2 

 

Background – Concepts and Standards 

Defining What Constitutes a Requirement 

For the tasks of requirement identification and quality analysis, analyzing the various 

concepts, standards, and terminologies is pivotal to understanding both the current state of 

existing applications and the potential for improvement and future direction. At the base of these 

activities are requirements, the most fundamental unit in a software specification. The activities 

of both identification and analysis require a strict definition of requirements, their associated 

syntactic templates, and quality standards that the requirements must meet. Primarily, defining 

what constitutes a requirement is difficult; however, doing so is pivotal for most major 

automation-based requirement activities. This chapter explores the definitions and concepts 

necessary to both identify and analyze requirements within their respective definitions and criteria 

outlined within the ISO 29148:2018 standard. The purpose is to define the need for requirement-

based activities, while also discussing the concepts necessary to achieve adequate automation 

(“ISO/IEC/IEEE International Standard - Systems and Software Engineering – Life Cycle 

Processes – Requirements Engineering,” 2018; Zhao et al., 2021) 

As a fundamental unit, requirements are a way to express the needs, constraints, and 

conditions that a system should satisfy in preponderance to the users utilizing the system in 

development. In essence, they are bound by strict syntactic and conceptual criteria; ultimately, the 

delineation of what constitutes a requirement is not necessarily clear. Requirements express a 

need, but certain types of text that may appear to be requirement-related can be supporting or 

non-requirement-related text.  The ISO 29148:2018 standard specifies typical syntactical 
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templates that are most often used across differing requirement documents. These syntactical 

templates consist of either: 

• [Condition] [Subject] [Action] [Object] [Constraint of Action] 

• [Subject] [Action] [Constraint of Action] 

These typical syntactic templates are presented through various examples within the standard. 

Table 1 explains the different aspects of the typical requirement syntax (“ISO/IEC/IEEE 

International Standard - Systems and Software Engineering – Life Cycle Processes – 

Requirements Engineering,” 2018). 

 

Table 1 Criteria Definitions for Requirement Syntactic Structures 

Criteria Explanation 

Condition Used to limit the applicability of a 

requirement based on a given criteria or 

stipulation. 

Subject The entity of the requirement performing the 

action. 

Action What the requirement is achieving when the 

condition is satisfied. 

Object The entities interacting with the subject to 

trigger an action. 

Constraint of Action Constraints such as time or delay that relates 

to the performed action. 

 

 Often, requirements have a common syntax that helps define them from non-requirement 

text. Often, requirement documents contain unstructured text, making the task of requirement 

identification difficult, even when a document utilizes common requirement syntaxes. As an 

added consideration, requirements can come in a variety of different mediums and 
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representations. As a consequence, the structure of requirements is often different from the 

expected syntax, requiring advanced methods or intuition for general identification of 

requirements. A systematic study provides common documents utilized in automated requirement 

extraction; they specify that requirement specifications, user-generated text, general natural 

language documents, and use cases where the most common data sources for requirements; 

additionally, they specify that other sources including legal documents, user stories, domain 

documents, and interviews also contained pivotal requirement information as well. The diversity 

of requirement representation types is immense, leading to multiple different requirement formats 

and representations throughout documents (Zhao et al., 2021). 

 Because of the diverse requirement representation across documents and natural 

language, the automation task of requirements engineering becomes challenging. Additional 

considerations of requirements identification should reflect differing formats, sources, and 

domains of requirements throughout the training process, or limit the scope of automation 

support. As a consequence of the diverse representation of requirements, following specific 

templates or heuristics for requirement identification is difficult. As a way to combat the multiple 

requirement representations, various methods exist to help automate different types of 

requirement identifications. However, these methods require extensive processing, feature 

engineering, and dataset preparation to work effectively, limiting the impact of modern tools for 

broad generalization (Zhao et al., 2021). 

Standard for Requirements Engineering: IEEE 29148:2018 

 Because of the complexity associated with requirements engineering, the IEEE 29148 

standard was created to help outline industry accepted standards for all requirements engineering 

processes. Primarily, the goal of the standard is to help facilitate a better implementation of all 
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requirement activities, along with the improvement of the end deliverables associated with those 

activities. The standard provides a definition of concepts, common requirements processes, and 

general guidelines for requirements activities. Importantly, the standard also explains how to 

properly formulate requirements while eliminating common quality issues when creating 

requirement documents. Because of the quality templates and rules the standard provides, the 

templates can serve as helpful guidance for automation systems through the measurable criteria 

for requirement documents (“ISO/IEC/IEEE International Standard - Systems and Software 

Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

Requirements Engineering Activities 

As the standard mentions, requirements engineering is comprised of many different types 

of activities that span outside of the formal documentation process. For instance, the standard 

talks about the primary activities involved within the requirements engineering process that are 

both user-centric and maintenance-focused. Table 2 defines these various different types of 

requirements engineering activities in depth based on the standards definitions of typical 

requirements activities. 

 

 Table 2 Primary Requirements Engineering Activities 

Activity Description 

Requirements Elicitation Comprised of performing research and 

interfacing with the user to derive 

requirements. This activity utilizes prototypes, 

designs, and information gathering to find 

stakeholder needs. 
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Requirement Analysis The process to create and adjust requirements 

met by the system to meet the needs of the 

stakeholders. This process converts needs, 

wants, and desires into a tangible outline of 

requirements. 

Requirements Documentation This process takes the existing requirements, 

organizes them, and generates well-structured 

documents containing requirements and other, 

relevant supporting information. Primarily, 

this process generates formal artifacts that 

help encapsulate all generated requirements. 

Requirements Verification This process verifies that the formal 

requirements are reasonable, lack quality 

errors, and are not contradictory. Verification 

allows for the analysis of requirements based 

on certain quality attributes to help mitigate 

requirement misunderstandings between the 

developers and users of the application. 

Requirements Management This process maintains and tracks the 

lifecycle and evolution of requirements. 

Ultimately, the activity is meant to address 

changing stakeholder requirements during the 

delivery and maintenance of the system. The 

activity also looks at prioritization of 

requirements to help align development 

priorities. 

Requirements Traceability The maintenance of requirement hierarchy 

and linkage to relevant supporting text. Also 

used to track design and tests associated with 

requirements. 

Requirements Validation Confirms that the requirements meet the 

needs of the stakeholder. This activity is 
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pivotal to delivering the correct product with 

the appropriate functionality. This activity is 

normally accomplished through processes 

such as reviews, walkthroughs, and 

prototyping.  

 

 All of the requirements engineering activities are pivotal to the success of a system. As 

the standard suggests, these activities can have a drastic impact on the overall system quality. 

These activities also serve to help better facilitate the understanding between both the developers 

of the product and the product stakeholders. Ultimately, each of these activities take in a variety 

of input, correspondence, and user interactions to help successfully enhance the system quality. 

For instance, requirement elicitation requires heavy involvement with users and a close 

understanding of the domain before formulating the actual requirements. Typically, the goal of 

these processes is to create deliverables such as a requirements document. For these deliverables, 

the standard specifies how to enhance the overall quality of the documents to improve the 

outcome along with user satisfaction for the product. Primarily, the standard specifies what makes 

up ideal requirements definitions at the conclusion of these requirements engineering activities to 

enhance document quality (“ISO/IEC/IEEE International Standard - Systems and Software 

Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

Different Types of Quality Analysis 

To analyze requirement quality, many methods exist to help simplify and consolidate the 

automation process. Of these methods, rules and heuristics allow for the analysis of requirements 

from a surface-level perspective; other methods that require more complicated analysis and 

contextual understanding help to provide better analytical insight into the semantics and 
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pragmatics of requirement text. Primarily, each of these methods aim to measure quality attribute 

violations at different levels of automated analysis; while most methods are useful, modern 

techniques tend to utilize higher-order analysis of requirements, mitigating the need for general 

rules and heuristics for automated systems. Still, the different types of grammatical analysis are 

useful and widely implemented across different automation systems depending on the specific 

focus of the system. 

Lexical Analysis 

Of the initial grammatical analysis types discussed, lexical analysis is a basic, surface-

level technique that tends to look at individual units, such as words, within a requirement. To 

properly analyze requirements based on a given quality criterion, analyzing individual words and 

their associated meaning is crucial to help determine quality violations. Using heuristics, pre-

defined lists, morpheme analysis, or other NLP methods commonly used for text-based tasks, 

lexical analysis can provide a useful interpretation of individual word contribution to quality 

violations. Table 3 analyzes the different methods that are available to accomplish lexical analysis 

(“ISO/IEC/IEEE International Standard - Systems and Software Engineering – Life Cycle 

Processes – Requirements Engineering,” 2018; Nugues, 2024; Zhao et al., 2021). 

 

Table 3 Example Lexical Analysis Components 

Lexical Analysis Component Explanation 

Word list Utilization of pre-defined words that often 

contribute to quality violations. Examples 

include ‘all,’ ‘every,’ ‘nothing,’ and ‘better’.  

The word list would typically include words 
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that often cause quality violations for 

requirements. 

Heuristics Rules-of-thumb that typically apply to quality 

violations. For instance, common words, parts 

of speech associated with words, and word 

placement could all create heuristics for 

quality violations. 

Morpheme Analysis Certain parts of words could enhance the 

potential of a quality violation. Could also 

apply to the formulation of heuristics to 

further generalize potential quality violations. 

Part-of-Speech (POS) tagging An NLP-based task to assign grammatical 

roles to a given word. By labeling POS tags 

for each word, lexical analysis can further 

analyze the context of the word to determine 

if there was a quality violation. This method 

can also add to existing heuristics to 

determine quality attribute violations. 

Lemmatization / Stemming Reduction of a word to a simpler form, either 

to its root form or a simplified version of the 

word. Helpful in limiting the number of rules 

needed in rule-based and heuristics-based 

methods for quality analysis. 

Named Entity Recognition Helps with classifying categories of proper 

nouns. Useful in determining word impact in 

relation to the text. Can help formulate and 

simplify better heuristics for quality 

violations. 

Word Embedding Vectorization A way to represent words as dense vectors, 

typically indicating relationships among 

words. The vector includes important 

information to better understand the word’s 
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context within a text. Helps with uncovering 

deep meaning of words beyond simple 

analysis. 

 

 Although lexical analysis is a lower order of analysis, modern NLP methods can create a 

better, more holistic approach for analyzing words. Even though traditional methods of quality 

analysis are not always accurate, the utilization of common NLP methods can help both derive 

better heuristics and apply more general rules to words based on their associated grammatical 

information. The increased complexity of lexical analysis makes it practical to better identify the 

quality contributions of words to associated quality violations. As an added way to encapsulate 

accurate analysis of quality violations, modern NLP methods allow for the storing of context, 

allowing algorithms to further refining the lexical heuristics and lists associated with potential 

violations. Further, the ability to create dense vector representations of words helps to further 

understand the contribution of words to quality violations (Nugues, 2024; Plag et al., 2007).  

Syntactical Analysis 

At a higher level, syntactical analysis allows for a more complex and comprehensive 

analysis of requirement documents. Syntax-based analysis ultimately deals with analyzing the 

structure of sentences and the relationships between the individual words and components within 

a sentence; functionally, syntactical analysis helps to understand the rules and structure of text. 

This type of method makes an automated analysis of requirement structure possible, including an 

analysis of conformance to ideal requirement syntactical templates. Ultimately, deriving 

heuristics for quality violations based on syntax is possible; such heuristics would potentially 

allow for a thorough understanding of requirements quality beyond lexical analysis. By utilizing 

syntactical analysis in conjunction with modern NLP-based methods, the analysis of requirements 
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can include quality metrics beyond static lists. For instance, heuristics can include grammatical 

patterns regardless of the underlying sentence content. As a result of more general heuristics, 

these syntactical rules would be more generalized across different sets of data, eliminating the 

need for custom defined lists of words and phrases utilized in past automation systems.  

Table 4 discusses the different methods available for accomplishing basic syntactical 

analysis within automation systems (“ISO/IEC/IEEE International Standard - Systems and 

Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018; Nugues, 2024; 

Zhao et al., 2021). 

Table 4 Example Syntactical Analysis Components 

Syntactical Analysis Component Explanation 

Phrase list A pre-defined list of phrases that often 

indicate quality violations, such as ‘as 

applicable,’ ‘higher quality,’ ‘as a minimum,’ 

and ‘but not limited to’. 

Heuristics Pre-defined rules that apply to syntactical 

structures and the units within text that often 

indicate quality violations. Heuristics are 

rules-of-thumb that are applicable to sentence 

structure, occurrence and position of words, 

parts-of-speech, and Named Entity 

Recognition (NER) tasks. 

Part-of-Speech tagging Helps to determine the classification of 

grammar assigned to each component within a 

text, allowing for the application of general 

rules and heuristics to determine quality 

violations.  

Sentence features Statistics about the text that can help 

determine quality violations, such as 

occurrence of words, occurrence of certain 
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parts of speech, word relationships, sentence 

length, and punctuation used. Can be used for 

both heuristic analysis and model training or 

feature extraction. 

Named Entity Recognition Helps with the classification of proper nouns, 

which can enhance the utility of heuristics 

that check for quality violations such as 

missing agent, action, or other qualifiers 

within requirements. Named Entity 

Recognition is used to help better identify a 

word’s impact in relation to the entire text. 

 

 Syntactical analysis is a promising method for requirement quality analysis. Past methods 

have utilized pre-defined lists of phrases, but modern NLP-based methods allow for more 

generalizable heuristics through NLP-based techniques such as Named Entity Recognition, Part-

of-Speech tagging, and other NLP methods. This type of analysis is especially useful if the 

heuristics represent the broader category of quality violations. Using word classification, 

heuristics can define generalized patterns to look for patterns that extend beyond pre-defined 

phrase lists. These heuristics enhance general applicability for automation using NLP-derived 

features, while helping to broadly apply automation to unseen text. This implementation also 

helps in enhancing the scope and ability of tools for analyzing requirements, especially when 

utilized in conjunction with modern NLP methods (Fabbrini et al., 2002; Génova et al., 2013; 

Zhao et al., 2021) 
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Semantical Analysis 

Semantical analysis is a pivotal component of the automation process to analyze the 

meaning and context of text. Semantical analysis combines the morphological, lexical, and 

syntactical units of a sentence to derive meaning. Because older requirements automation tools 

relied on rule-based and heuristic-based methods for analysis, they often were unable to capture 

whether a quality violation indicator was truly an indicator of a quality violation. Semantical 

analysis helps to enhance the understanding of text, allowing for a broader automated analysis of 

quality violations and enhanced classification capabilities. Table 5 shows example components 

that are used to accomplish semantical analysis (Jurafsky et al., 2000; Nugues, 2024; Plag et al., 

2007; Zhao et al., 2021) 

Table 5 Example Semantical Analysis Components 

Semantical Analysis Component Explanation 

Embeddings A method that is used to capture the 

semantical meaning of text. Embeddings are a 

vector representation of meaning based on 

different relationships. 

Features Features can include various types of word-

level embeddings or sentence-level 

embeddings. Features can also utilize methods 

such as Semantic Role Labeling (SRL), POS 

tagging, Named Entity Recognition, or Cosine 

Similarity. 

Semantic Role Labeling A method that can identify various 

relationships within a sentence. SRL allows 

for the conversion of text into a static 

structure that is useable for the creation of 

heuristics and features. 
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Named Entity Recognition A method to determine the context and 

classification of proper nouns within a text. 

Useful for semantics during heuristic analysis 

or model training. Ultimately, NER helps to 

better understand the actual meaning of 

sentences through more accurate labeling of 

textual units. 

Cosine Similarity A method that can determine how closely 

related two distinct textual units are. Cosine 

similarity can determine similarity across 

smaller units such as words while also being 

able to analyze bigger units such as sentences 

or paragraphs, allowing for the encapsulation 

of context. 

Question Answering (QA) Question Answering methods can be useful in 

determining structures of requirements and 

requirement hierarchical structure within a 

given document. QA can also utilize methods 

to determine if terms or concepts are properly 

defined within requirements. 

Retrieval-Augmented Generation A way to return relevant information based on 

textual input. Used to help retrieve better 

context and relevant information when 

formulating a response. Helpful with 

determining more complicated quality 

violations by accessing a wide range of 

knowledge and context. 

Abstractive Summarization A way to summarize and shorten large 

amounts of text. Abstractive summarization 

helps with condensing text while retaining 

important information. Useful as input to 

requirement quality determinations, including 
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quality attributes that require knowledge of 

the entire document. 

Extractive Summarization Similar to abstractive summarization but 

extracts out exact words and phrases that are 

important to capture the entire meaning of the 

text. This type of summarization is also 

helpful in making determinations about 

complex requirement quality criteria. 

Additionally, extractive summarization is 

especially helpful with requirement 

traceability tasks. 

 

 Semantical analysis is a step beyond lexical and syntactical analysis; ultimately, 

semantical analysis helps to encapsulate context and meaning before making a determination 

through classification models. Because of the modern capabilities of semantical analysis provided 

by NLP-based methods, utilizing semantical analysis helps to make quality analysis more reliable 

and accurate due to the gained meaning and context available. Feature generation for semantical 

analysis is even more impactful, allowing tasks to better analyze the interactions among words 

and sentences, while generating complicated vector embeddings to represent meaning. These 

features can inform both heuristics and model training initiatives in a way that extends beyond 

traditional rule-based methods. With the inclusion of other techniques such as abstractive and 

extractive summarization, question answering, cosine similarity, and retrieval-augmented 

generation, include more context and information before generating responses is possible. These 

modern methods allow for the analysis of highly complicated quality attribute criteria, making 

semantical analysis an important method for requirement quality automation. 
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Pragmatic Analysis 

As a closely related concept to semantical analysis, pragmatic analysis helps to 

understand text beyond the immediate meaning of text; specifically, pragmatic analysis looks at 

the true meaning and intention behind words. When considering pragmatic analysis, the scope of 

analysis shifts to the intended and likely meaning of textual input. Pragmatic analysis is useful in 

determining the relevance of quality violations, allowing for a practical analysis of quality 

violations in relation to the context and domain of requirements and requirement documents. 

Because requirement documentation often is composed of unstructured language, deriving 

meaning and intent of text is critical for generating accurate feedback when analyzing quality 

violations. 

As an example of how pragmatic analysis could be useful for requirements automation, a 

simple analysis of individual requirements typically needs to include references to different 

document text. For instance, references to other standards, terms, agents, and external systems 

need to be known for pragmatic analysis. With a purely semantical analysis, the observation of 

document-specific terminology or external resources may incorrectly flag quality violations. 

Pragmatic analysis can mitigate these issues by understanding the document context and related 

external information. Ultimately, requirements that may seem to violate certain quality attributes 

through semantical analysis may not have violations within the context of pragmatic analysis. 

Table 6 shows examples of components utilized to achieve pragmatic analysis (Jurafsky et al., 

2000; Nugues, 2024; Plag et al., 2007; Zhao et al., 2021). 

 

Table 6 Example Pragmatic Analysis Components 

Pragmatic Analysis Component Explanation 
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Embeddings Embeddings are useful in capturing the 

context of text, and can help with pragmatic 

analysis through context analysis, cosine 

similarity, and as input to RAG systems. 

Feature Engineering Pragmatic analysis requires extraction of key 

features that are better indicative of quality 

violations; pragmatic-based features can 

include embeddings to help create distinct 

semantical features that are pragmatically 

generalizable. Feature engineering can also 

including document or text statistics to help 

better classify requirements. 

Retrieval-Augmented Generation RAG methods help to retrieve background 

information related to text. This method can 

help trained models achieve better inference 

based on relevant supporting text and 

documents. RAG is also helpful in 

determining complicated quality violations 

including completeness, feasibility, and 

ambiguity. 

Abstractive Summarization Used to create an abstract summary of text. 

Helps to condense text while also providing 

context for pragmatic analysis. Abstractive 

summarization is also useful in generating 

summaries that do not simply extract 

important phrases or words from the text. 

Ultimately, this type of summarization can 

serve as feature input for model training and 

context generation. 

Extractive Summarization Alternative type of summarization that 

extracts out the most important text to 

generate a summary. This type of 
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summarization helps to identify the most 

important parts of the document while also 

serving as input for pragmatic analysis.  

Prompt Engineering Prompt engineering is a way to provide 

context, instructions, and examples to the 

model in order to achieve pragmatic analysis. 

The use of natural language can help the 

model understand the evaluation lens to 

utilize when analyzing text. Prompt 

engineering also allows for the addition of 

context and information related to the text to 

allow for better pragmatic analysis. 

Large Language Models (LLMs) LLMs are large models trained on a wide 

variety of data. LLMs can be helpful in 

analyzing text beyond semantical analysis by 

utilizing a large amount of knowledge to 

make better inferences based on textual input. 

LLMs utilize transformers and attention 

mechanisms to learn what parts of the text to 

pay attention to for each textual token. Recent 

LLMs allow for large context windows, 

allowing for the analysis of large amounts of 

text, enhancing the capabilities of pragmatic 

analysis. 

 

 Pragmatic analysis is a crucial component for requirement analysis automation. 

Primarily, pragmatic analysis allows for the understanding of text beyond the literal interpretation 

created through lexical, syntactical, and semantical relationships. This type of analysis has a 

variety of uses that extend beyond semantical analysis, including determining the usefulness of a 

quality violation and making more accurate quality analysis judgements. Through the use of 

methods such as RAG, Prompt Engineering, Summarization, Feature Engineering, and 



58 

 

Embeddings, pragmatic analysis can achieve better classification of violations and analysis of 

complicated quality attributes. Although some of the methods are difficult to implement, modern 

LLMs and transformers utilize methods that successfully promote the use of pragmatic analysis, 

making pragmatic analysis easier to implement in automated systems. 

Combining Different Analysis Techniques 

 Different types of analysis techniques require different methods. All the analysis 

techniques can be useful depending on the situation and systematic need for automation. For 

lexical analysis, lists and heuristics are useful for quick reference and inference of quality 

violations. Although pre-defined lists of common, problematic words may not always prove 

useful when determining quality, lists are often useful for quick determination of requirement 

quality violations. By utilizing textual statistics, analyzing the occurrence of vague words and 

generalization measurement is possible when considering the entire document. Additionally, 

modern NLP methods have enhanced the generalizability of lexical analysis. By utilizing 

techniques such as cosine similarity and embeddings, making determinations on unseen text 

becomes significantly easier and more reliable. Further, methods such as Parts-of-Speech tagging 

help to formulate better heuristics that extend beyond simple string matching. Lexical analysis is 

a powerful tool when combined with NLP-based methods; other methods, such as syntactical and 

semantical analysis, extend automation capabilities even further. 

 As an alternative to lexical analysis, syntactical analysis provides a way to analyze the 

structure of text, creating a more complicated requirement evaluation. The heuristics associated 

with syntactical analysis pertain to the broader structure of the text. These heuristics are often 

created through the use of methods such as POS tagging, NER, and sentence statistics. 

Ultimately, heuristics can match expected patterns of word types and relationships, allowing for 
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the creation of patterns that are generally indicative of quality violations. Although syntactical 

analysis is powerful, it does not take into account context within sentences. Regardless, the 

utilization of modern NLP-based methods helps to improve the usefulness and practicality of 

syntactical analysis. In conjunction with lexical heuristics, syntactical analysis can provide a 

critical analysis of quality for most quality attributes, while also minimizing the complexity of 

computation and model training. 

 As a deeper type of analysis, semantical analysis tries to understand the meaning of 

sentences beyond the syntactical and lexical formulations of words. Semantical analysis is a 

comprehensive approach that is useful when determining complicated quality attribute violations. 

Through semantical analysis, understanding the context of text becomes possible, allowing for the 

more accurate labeling of agents, actions, and constraints. As an example of the impact of 

semantical analysis on requirement automation, techniques such as NER, SRL, and POS tagging 

utilize semantical-based analysis to provide a better understanding and mapping to heuristics. 

Ultimately, the point of semantical analysis is to analyze the text holistically to determine literal 

meaning, providing a better understanding of quality violations through the formed understanding 

of context. Ultimately, semantical analysis looks at the actual relationships among words and is 

able to provide inference beyond lexical and syntactical methods. Additionally, embeddings 

provide a way to semantically understand words, sentences, and broader textual elements by 

representing context in a vector-based format. These embeddings can be used to determine 

quality violations through cosine similarity, model training, or feature engineering. 

 As the final form of analysis, pragmatic analysis looks at the actual meaning of text 

beyond semantics. Pragmatic analysis is a key component to requirement analysis, allowing for 

the understanding of practical and useful meanings associated with words and phrases. This type 

of analysis focuses on likely, intended meaning, creating a pivotal type of analysis for analyzing 

requirements in unstructured text. By deviating from literal meaning, pragmatic quality analysis 
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can create useful feedback on quality violations. As methods to accomplish pragmatic analysis, 

embeddings, summaries, and RAG embeddings can help create more useful inferences by 

extending understanding beyond the immediate text scope. By providing context and supporting 

information, pragmatic analysis can look beyond literal meaning during automation. As an 

example, pragmatic analysis would likely understand document-specific notation, external 

rephrases, and unique words and phrases specific to requirement documents. Pragmatic analysis 

would also understand the practicality of requirements and whether the text is adequately 

conforming to the various quality attributes. Ultimately, this type of analysis helps to understand 

requirements based on context and supporting information, leading to a higher quality inference 

capability when compared to semantical, syntactical, and lexical analysis (Chantree et al., 2006; 

Landhaußer et al., 2015; Nugues, 2024; Plag et al., 2007). 

Requirement Quality Criteria for Individual Requirements 

 Ultimately, requirement documents should be structured in a way that outlines both 

individual requirements and groups of requirements. Requirement groups typically define a 

broader feature, while individual requirements are the granular details that implement the feature 

defined by the requirement group. The IEEE 29148:2018 standard provides ideal characteristics 

of both entities, outlining quality attributes that all requirement text should ultimately adhere to. 

These characteristics help to improve the quality of the overall requirements document by 

eliminating requirements that negatively impact the overall quality of the document, including 

requirements that are ambiguous, unfeasible, or incomplete (“ISO/IEC/IEEE International 

Standard - Systems and Software Engineering – Life Cycle Processes – Requirements 

Engineering,” 2018). 
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 When considering quality violations outlined by the IEEE 29148:2018 standard, 

analyzing the practical importance of violations is pivotal. The standard specifies quality 

attributes that are relevant to requirement text, but the interpretations of high-quality requirements 

can be difficult. Understanding the relative impact of quality violations on the document’s 

readability or the system’s practicality is difficult; although a requirement may technically violate 

a quality attribute, the impact to the overall quality and understanding of the document or the 

requirement could be minimal depending on context and shared understanding. Additionally, 

certain quality attributes are easier to measure due to the limited scope of analysis. Other quality 

attributes require immense knowledge about the domain, document structure, and project 

practicality to properly understand whether a violation exists. Some requirements are measurable 

through simple heuristics, while others require more complicated methods for validation. 

Consequently, methods to determine quality violations differ based on the associated simplicity 

and scope provided by the quality standards. 

Ambiguity 

 According to the IEEE 29148:2018 standard, requirements should generally be 

unambiguous. This means that the requirement should be easy to understand, while also only 

having one interpretation. To account for what constitutes an ambiguous requirement, the 

standard provides some examples. Vague terms, superlatives, and subjective language all affect 

the interpretability and ambiguity of the requirement. Terms such as ‘best,’ ‘worst,’ ‘it,’ ‘this,’ 

and ‘that’ could all lead to an ambiguous interpretation of the components within a requirement. 

The standard also suggests that certain phrases such as ‘higher quality,’ ‘better than,’ and ‘as 

appropriate’ could lead to ambiguous interpretation for requirements. Naturally, there are lists of 

words and phrases that generally constitute quality violations for ambiguity; many past automated 
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systems have defined these words and lists to provide feedback on requirement improvement and 

readability issues (“ISO/IEC/IEEE International Standard - Systems and Software Engineering – 

Life Cycle Processes – Requirements Engineering,” 2018). 

 Through the utilization of different types of grammatical analyses, an automated 

system can verify requirements for ambiguity at different levels of granularity. Some basic 

implementations of automation tools tend to utilize rule-based methods or heuristics to find 

ambiguity violations, while other systems utilize more complicated pattern analysis, NLP-based 

techniques, and Artificial Intelligence. Ultimately, analyzing ambiguity becomes a challenge 

when trying to determine the relative impact of potential violations. For instance, finding 

ambiguities that affect shared understanding can be difficult. Existing research uses syntactical 

heuristics to identify nocuous ambiguities, which are violations likely to negatively impact 

understanding. Their analysis primarily focuses on finding patterns within syntactical heuristics. 

Although their work provides a meaningful direction for understanding useful quality violations, 

identifying violations, such as ambiguity, is still a difficult task (Chantree et al., 2006; Zhao et al., 

2021).  

 Because analyzing ambiguity can be complicated, existing works have utilized simple 

rule-based and heuristic-based systems to identify ambiguity violations with moderate success. 

Research has shown the implementation of different techniques to measure ambiguity; as a 

popular quality attribute, much existing work primarily focuses on ambiguity within 

requirements. As an example, existing research has investigated which textual indicators typical 

determine ambiguity; their feature set included heuristics such as number of word phrases and 

number of optional phrases. Other research looks at the utilization of formal methods to create a 

structure of requirements and dependencies, allowing for the use of formal language to analyze 

semantical ambiguity. Lastly, a survey of ambiguity-based analysis implementations shows that 
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there are a variety of different ambiguities that are measurable through automation (Carlson & 

Laplante, 2014; Cavada et al., 2009; Gupta & Siddiqui, 2019). 

 Critically, these different types of ambiguity include previously discussed levels of 

analysis, including lexical, syntactical, and semantical analysis for ambiguity. The study also 

defines additional types of ambiguity beyond commonly used categories, all provided within 

Table 7. The study ultimately talks about requirement-specific ambiguities, which can comprise 

or aggregate the various different types of common grammatical ambiguities. These ambiguities 

are specific to requirements, and make use of common ambiguities that manifest as issues 

throughout requirement documents (Gupta & Siddiqui, 2019). 

 

Table 7 Types of Ambiguity 

Ambiguity Type Explanation 

Lexical Ambiguity An ambiguity where there are multiple 

interpretations to a word. 

Syntactic Ambiguity When the structure of words can cause 

multiple interpretations. Although a 

requirement may be syntactically correct, the 

syntax could potentially lead to multiple 

meanings and interpretations. 

Weighted Syntactic Ambiguity A way to understand syntactic ambiguity 

based on its most likely reading or textual 

statistics. Helps mitigate misclassification of 

ambiguity through usage statistics. 

Semantic Ambiguity When the literal meaning of a text can be 

interpreted in multiple ways, leading to 

ambiguity in interpretation.  

Weighted Semantic Ambiguity Utilization of textual statistics or frequency-

based methods to determine the most likely 

semantical meaning of a text. Helps to 



64 

 

uncover useful ambiguities at the semantical 

level. 

Pragmatic Ambiguity When the actual meaning of the sentence is 

not easily understood. Includes interpretations 

beyond the literal interpretation of a text. 

Pragmatics helps to uncover actual meaning 

instead of literal meaning, often creating a 

problem of multiple interpretations. 

Vagueness Ambiguity It occurs when words, phrases, user-specific 

terms, or other document-specific items are 

syntactically unambiguous, but still have 

multiple interpretations, leading to a vague 

understanding of the requirement. 

Generality Ambiguity When terms can refer to multiple entities. 

Lack of definition leads to multiple 

interpretations of meaning, including agents, 

actions, and restrictions. 

Genuine Ambiguity It occurs when multiple interpretations of the 

text are correct, leading to ambiguous 

understanding. This type of ambiguity 

requires more context or clarification to 

further parse the understanding of the text. 

Polysemy Ambiguity It occurs when there are multiple, similar 

interpretations of textual units, leading to 

more complicated ambiguity. This type of 

ambiguity makes it difficult to utilize statistics 

to derive the most likely meaning, creating the 

need for a more complicated analysis. 

Nocuous Ambiguity It occurs when a text can convey multiple 

different meanings to different readers. 

Addressing nocuous ambiguity either means 

formulating text for the intended reader, or 
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making sure that text is interpreted the same 

among different readers. 

Anaphoric Ambiguity It occurs when pronouns or referring words 

can point to multiple entities, creating 

ambiguous interpretation. 

Incompleteness Ambiguity It occurs when there are no structural 

ambiguities, but the information provided 

does not adequately convey the intended 

meaning of the text. 

Referential Ambiguity It occurs when the utilization of references 

within a text causes ambiguities for 

interpretation, such as pronouns potentially 

referring to multiple agents. 

Scope Ambiguity It occurs when the scope does not adequately 

define references within the text, leading to a 

misunderstanding of user or action references 

within requirements. 

 

 Given the multiple different types of ambiguities specified, the author also aggregates 

common ambiguities into requirements engineering-specific ambiguities. These RE-specific 

ambiguities are more practical by nature, allowing for the interpretation of ambiguities through a 

typical requirement understanding. Primarily, these Requirements Engineering (RE)--specific 

ambiguities work to combine or modify existing types of ambiguities to create useful 

interpretations of ambiguity within requirement documents. Some of these ambiguities, like 

Genuine RE Specific ambiguity, measure if there are multiple interpretations of requirements 

within the context of the requirement document. These ambiguities can also cover conflicting 

requirements, application-domain ambiguity, system-domain ambiguity, and development-

domain ambiguity (Gupta & Siddiqui, 2019). 
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 As mentioned previously, RE-specific ambiguity violations require an aggregation and 

practical analysis of individual ambiguity violations. Figure 1 illustrates the hierarchy of 

ambiguity violation categories. By utilizing these different kinds of ambiguity metrics, 

formulating broader determinations of ambiguity is possible through heuristics, feature 

engineering, or ML-based implementations. Primarily, these aggregations help to create better 

generalizations of requirements for quality attribute categories, including ambiguity (Gupta & 

Siddiqui, 2019). 

 Additional challenges associated with ambiguity include the utilization of context when 

determining individual ambiguity violations. The practical RE-specific ambiguity categories 

require domain understanding from the different levels of development relevant to the system. 

Ultimately, rule-based heuristics do not take context into account during inference. Many of the 

different types of ambiguity outlined previously require more information that is unavailable from 

the context alone, limiting the capability of existing systems. The most impactful types of 

ambiguity, require domain knowledge and higher-level analysis of requirements to make accurate 

determinations of ambiguity violations. Therefore, some of the techniques discussed previously 

for advanced NLP and ML-based processing are required to accomplish accurate automation of 

ambiguity detection (Chantree et al., 2006; Fabbrini et al., 2002; Kummler, 2021; Zhao et al., 

2021). 
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Figure 1 Hierarchy of Ambiguity 

 

 Even though ambiguity is difficult to measure, existing tools and research have 

implemented ways to measure likely violations. Many of these implementations, although 

complex, rely on rule-based and heuristic methods to provide quality determinations. Because of 

the wide variety of different ambiguities, measuring true ambiguity is difficult. Although utilizing 
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textual indicators to broadly categorize RE-specific and pragmatic ambiguities is possible, these 

rule-based systems fail to apply domain-specific knowledge during the analysis process due to 

lack of domain and document context. Because of the failure of older systems to consider 

domain-specific knowledge and context, enhancements to analyze ambiguity could include the 

previously specified functions used for pragmatic and semantical analysis, such as abstract 

summarization, embeddings, AI and RAG systems. Ultimately, textual heuristics and rule-based 

systems can still be impactful when measuring ambiguity; further, heuristics and feature 

engineering can help uncover complicated and general patterns useful for classification. With the 

combination of modern methods such as heuristics, feature engineering, and complex NLP 

methods, providing adequate analysis of ambiguity is possible. Still, existing research fails to 

adequately address the topic of ambiguity detection outside of basic heuristics alone (Carlson & 

Laplante, 2014; Naeem et al., 2019; Zhao et al., 2021) 

Conforming 

When generating a requirement document, certain requirement syntaxes are commonly 

used to maintain compliance and readability. Although the IEEE 29148 standard suggests that 

requirements should be structured in a common format, the unstructured nature of requirement 

documents creates instances where requirement syntax tends to deviate from typical requirement 

templates. When analyzing conformance, an automated system would ideally look for 

conformance to standard templates and styles that are applicable across typical requirement 

notation and standards. Alternatively, an automated system could look for user-defined 

requirement patterns if the requirements in the document do not conform to a standard template, 

allowing for dynamic formulation of requirement templates. By providing the ability to look at or 

derive custom patterns, automated tools can provide more useful violation feedback about 
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requirement conformance that can ultimately deviate from accepted standards (“ISO/IEC/IEEE 

International Standard - Systems and Software Engineering – Life Cycle Processes – 

Requirements Engineering,” 2018; Lami et al., 2019; Zhao et al., 2021). When analyzing a 

requirement document, conformance is a key quality attribute for many automated requirement 

tasks. To analyze most of the other quality attributes, making sure that requirements conform to a 

standard template can help simplify the automation and analysis processes. For requirement 

identification, requirement template conformance is pivotal for identifying all requirement-related 

text within the document. Ultimately, requirement template conformance allows for the use of 

automated methods as a dependent task for analyzing quality violations, allowing for the retrieval 

of all requirement-related text before quality analysis. In addition to requirement identification, 

requirement conformance helps with the automation of indexing requirement hierarchy. As an 

example, conforming to a certain labeling standard for requirement templates helps to determine 

the dependency and relationship among both requirements and requirement groups. Through the 

understanding of the requirement hierarchy, providing a holistic analysis of requirement quality 

relative to the requirement’s associated position within the document hierarchy is ultimately 

possible. This type of analysis through requirement conformance can help to derive many 

important features for further quality analysis, including quality attributes that require contextual 

information about other requirement-related text. Figure 2 and Table 8 describe the dependency 

and impact of conformance with requirement automation, showing a pivotal relationship among 

both scopes of concern. 
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Figure 2 Conformance Impact for Automation 

 

Table 8 Conformance-Related Tasks 

Conformance Task Explanation 

Requirement Identification Utilizing the expected templates, words, or 

phrases commonly associated with 

requirements to extract out all relevant 

requirement-related text in a document. 

Defining Hierarchy Using the process of requirement 

identification to understand the hierarchy and 

relationships among requirements. Useful as 

an input feature to other quality attributes 

where lower-level requirements face more 

scrutiny for quality adherence. 

Global Features Using the conformance of requirements to 

derive certain features including total number 

of requirements, levels and hierarchy of 
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requirements, and common words or phrases 

within the requirement document. 

Quality Analysis Utilizing the global features derived from the 

requirement identification process to inform 

further quality analysis. For instance, 

analyzing common words and phrases could 

be useful when determining the relevance of 

quality attribute violations. The global 

features also help to better understand the 

project scope and context, which can improve 

the analysis of more complicated quality 

attributes. 

 

Singularity  

When considering requirement quality, specifying a single functionality is pivotal for 

simplicity and readability of requirement documents. According to the IEEE 29148:2018 

standard, when defining requirements, the requirement should only define one capability, 

characteristic, constraint, or quality factor. Accordingly, requirements should be broken down 

into highly granular units in which each of these elements should each constitute their own 

requirement to fulfill conformance to the singularity quality attribute. When considering 

singularity, understanding requirement structure and conformance is important for adequate 

identification of potential violations. Ultimately, determining the capabilities, characteristics, 

constraints, and quality factors that belong to the requirement can help with the application of 

rules and heuristics to determine singularity quality violations (“ISO/IEC/IEEE International 

Standard - Systems and Software Engineering – Life Cycle Processes – Requirements 

Engineering,” 2018). 
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 When considering how to analyze requirement singularity, breaking up the requirement 

into logical parts becomes an important factor for automation. Depending on if the requirement 

follows typical conformance patterns, heuristics and NLP methods become useful tools to help 

delineate the different parts of a requirement, including agent, action, and constraints. 

Requirements can be further broken down through the utilization of Question Answering 

techniques or Semantic Role Labeling. With the aggregation of grammatical and textual 

information, analyzing singularity adherence becomes more practical. Ultimately, the analysis of 

singularity can utilize lexical, syntactical, and semantical patterns during automation. Certain 

words and phrases can imply multiple actions, while semantics can help uncover implied and 

dependent actions of requirements, uncovering potential violations. 

 Like other quality attributes, pragmatic analysis can help improve the accuracy and 

usefulness of singularity quality attribute analysis. Ultimately, the pragmatic analysis of 

singularity should consider whether multiple units in a requirement are significant enough to be 

separated and whether any associated conditions should be moved into another requirement. 

Additionally, analyzing the pragmatic granularity of actions is important during the analysis 

process, further complicating the particular scope and practicality of useful analysis. Because of 

the complexity associated with pragmatic analysis for singularity, rules and heuristics could likely 

provide helpful feedback for potential violations through the detection of multiple verb phrases or 

conjunctions. 

 When considering the automation of singularity, understanding the importance of 

hierarchy within requirements can help better formulate quality attribute violations. For instance, 

a top-level requirement will likely contain broad specified functionalities which, under a normal 

analysis, could create a quality violation under a singularity analysis. When analyzing singularity, 

utilizing the level of the requirement in association to the document hierarchy is pivotal for 

accurate analysis, like other quality attributes. Ultimately, maintaining a practical balance of 
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likely requirement reading, associated hierarchy, and the severity of the violation is crucial when 

analyzing singularity. 

Verifiable 

In addition to the previously mentioned quality attributes, verifiability is an important and 

key characteristic of requirements. Often, requirements take on lofty goals, unverifiable criteria, 

and unachievable functions, hurting their practicality for implementation. To mitigate problems 

with verifiability among requirements, fully defining and generating highly detailed requirements 

can help limit scope confusion. Like singularity, capabilities, characteristics, constraints, and 

quality factors should all specify measurable criteria that can be verified upon completion of a 

given system. In addition to granularity’s impact on verifiability, traceability to test cases can also 

help improve verifiability among requirements; in general, documentation and explanatory text 

can help provide further context for the scope of requirements, helping to further specify the 

scope of requirements (“ISO/IEC/IEEE International Standard - Systems and Software 

Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

To achieve verifiability, automation can help with determining the quality of 

requirements and associated test cases for measuring verifiability. NLP-based methods through 

previously mentioned implementations could help make determinations of verifiability. For 

instance, superlatives, subjective language, vague pronouns, and ambiguous terms make 

requirements difficult to verify. All of these categories are measurable through previously 

mentioned NLP-based methods, allowing for the formulation of heuristics to help automatically 

determine verifiability issues. Figure 3 shows the methods for achieving automated verifiability, 

including methods for testing and AI-based automation (“ISO/IEC/IEEE International Standard - 

Systems and Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 
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Critically, verifiability does typically require complicated analysis when trying to 

enhance accuracy of verifiability determinations. However, heuristics and rule-based systems can 

achieve a reasonable impact when analyzing verifiability. NLP-based methods can help uncover 

verifiability problems for lexical, syntactical, and semantical components through context, 

problematic words and phrases, and other types of NLP-based heuristics, including analysis of 

superlatives and subjective language. Often, these rules do not require additional context to help 

determine quality violations, making verifiability a useful quality attribute to analyze for 

automated systems. 

 

Figure 3 Components for Verifiability 
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Feasibility 

Feasibility is defined as a requirement that is practical to implement given constraints 

such as cost, budget, technical, and deadlines related to the project. Naturally, feasibility includes 

determining scope creep, ambiguity, and verifiability of a requirement. Like previous quality 

attributes, previous rule-based and heuristic methods are available to help determine feasibility 

violations. However, rule-based methods may not necessarily prove useful when analyzing the 

entirety of the requirement in the context of its domain and the existing business constraints. To 

analyze feasibility at a surface level, textual statistics and other common textual categories such 

as ambiguity, superlatives, and ambiguous terms can help when automating violation detection 

for feasibility (“ISO/IEC/IEEE International Standard - Systems and Software Engineering – Life 

Cycle Processes – Requirements Engineering,” 2018). 

For rule-based methods, certain features are potentially useful for determining relevant 

violations for feasibility. For instance, the level of the requirement makes a difference, as higher-

level requirements tend to be general and all-encompassing of multiple, different features. 

Looking at the most granular requirements can help determine if a violation hurts the verifiability 

of the system requirements. Additional features such as linguistical indicators like superlatives, 

open-ended and non-verifiable terms, and terms that imply totality can also help to enhance the 

accuracy of inference for feasibility. At the surface level, analyzing feasibility is a practical task 

for automation systems, allowing for rule-based methods and heuristics to accurately determine 

feasibility of requirements. However, modern technology allows for a more complicated method 

of analysis for feasibility beyond heuristics (“ISO/IEC/IEEE International Standard - Systems and 

Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

By utilizing the tacit knowledge of LLMs, analyzing feasibility beyond heuristics is 

possible through automation. Modern NLP and AI -based methods allow for the infusion of 
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knowledge and context with model inference, allowing for a broader determination of quality 

violations. In particular, LLMs provide knowledge outside of the text that can help in determining 

domain practicality with the model’s associated knowledge. Figure 4 and Figure 5 shows the 

process for AI-based inference and the associated features necessary to classify feasibility 

violations. Primarily, AI-based inference can determine the practicality of a requirement through 

both the tacit knowledge that LLMs contain, acquired context through summarization, and RAG-

based methods that help to retrieve relevant documents pertaining to both the requirement and the 

requirement document. Additionally, utilizing prompt engineering and fine-tuning to guide the 

model’s output through added context and quality attribute violation expectations is possible as 

well. Ultimately, methods such as prompt engineering can provide the ability to consider other 

information critical to automated analysis, including budgetary restrictions and timelines. 

 

 

Figure 4 AI-based Inference for Feasibility 
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Figure 5 Features for Feasibility 
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In addition to the quality attributes already discussed, the IEEE 29148 standard specifies 

additional quality attributes for individual requirements. Of these quality attributes, the standard 

defines necessity, appropriateness, completeness, and correctness of requirements as important 

quality attributes for requirement quality. These quality attributes are also important to the overall 

quality of requirement documents, making their analysis even more important. Table 9 discusses 

the remaining individual quality attributes in detail. These attributes work to help define the 

scope, appropriateness, and contributions of individual requirements in relation to the actual 

needs of the system. Naturally, these requirements need complicated analysis implementations to 

be successfully automated. Although heuristics and rule-based methods can help determine 

potential violations, they are likely less impactful to these quality attributes due to the 

complicated and large scope of their analysis (“ISO/IEC/IEEE International Standard - Systems 

and Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

 

Table 9 Remaining Quality Attributes 

Quality Attribute Definition 

Necessary Whether the requirement meets an essential 

need for the system based on existing 

knowledge of intended user functionality. 

Without a necessary requirement, a deficiency 

would exist within the system. 

Appropriate Whether the requirement adequately 

expresses the functionality, characteristics, 

and constraints appropriately without being 

overly broad or overly restrictive. This helps 

to allow for flexibility with implementation 

during the evolution of the project. 

Complete Refers to whether the requirement adequately 

implements the intended feature without 
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needing any further clarification or details 

about the feature. Specifies the complete 

functionality needed during implementation. 

Correct The requirement correctly describes the need 

in which it is trying to implement. Involves 

domain understanding, context, and 

communication with stakeholders to 

accurately implement features. 

 

 

Conclusion and Practical Uses 

When analyzing requirements, the IEEE 29148 standard provides guidelines that 

individual requirements should follow to enhance quality. These guidelines define quality 

attributes, a term used to describe basic quality criteria that requirements should ultimately follow 

within requirement documentation. The goal is to utilize automation through rule-based, NLP-

based, or AI-based methods to make determinations of when there are quality attribute violations 

associated with the standard criteria. To accomplish automated analysis, a system can use 

different levels of grammatical analysis to determine if there are quality attribute violations 

throughout requirement text. 

For instance, lexical analysis typically looks at common terms specified through lists of 

words that may indicate quality violations. Words and phrases that typically indicate quality 

violations could serve as quality violation indicators for lexical analysis. Further, utilizing NLP-

based methods such as stemming, lemmatization, and embeddings to help further understand 

meaning related to words and phrases is possible, helping to improve the generalizability of 

lexical analysis. Furthermore, these methods could help with the derivation of lists and heuristics 
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that could help systems perform broad automated analysis of requirements beyond pre-defined 

lists. 

Syntactical analysis serves as a higher step of analysis, while also utilizing similar 

methods for lexical analysis. With syntactical analysis, automated systems look for violations 

through the structure and rules of the text. For this type of analysis, the utilization of Part-of-

Speech tagging, Named Entity Recognition, and other NLP-based methods help to perform a 

holistic analysis of the text beyond pre-defined words and phrases. Not only can syntactical 

analysis help validate lexical violations, but it can also help with creating better, more generic 

heuristics that are largely applicable to requirements. These heuristics can be rules that specify 

typical sentence structure indicators of quality violations, types of words, generic phrases, and 

textual statistics that broadly apply to requirement violations.  

 Alternatively, semantic and pragmatic analysis provide more complicated methods to 

understand meaning within text and are useful when trying to perform higher-order quality 

attribute analysis. When used in analysis, semantic and pragmatic analysis can help both 

understand literal and intended meaning of text, providing analytical capabilities beyond lexical 

and syntactical-based approaches. Through the use of Semantic Role Labeling, Embeddings, 

Retrieval-Augmented Generation, and LLMs, an automated analysis can infuse context and 

knowledge in with the textual requirement to formulate better responses and inferences, allowing 

for the analysis of more complicated quality attributes such as completeness and feasibility. 

When analyzing quality attributes, all of these methods of analysis can help to formulate 

better requirements, regardless of the analytical scope and complexity. Additionally, many of the 

quality attributes are measurable through simplistic rule-based and heuristics-based methods. 

Through the use of heuristics and textual statistics, an automated system can create aggregated 

assertations about the document’s overall quality. However, the utilization of NLP and AI-based 

methods allow for a better generalization of requirement quality violations that extend beyond 
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lists of words and phrases. When trying to analyze quality attributes at a semantic or pragmatic 

level, utilizing context, summarization, and model knowledge can help generate better inferences, 

especially when an automated system is trying to determine the practical reading of a 

requirement. Further, simple implementations that can formulate better heuristics are also 

possible, allowing for complicated analysis with less computation. For automated quality 

analysis, the focus has primarily been on analyzing individual requirements. Notably, many of 

these quality attributes require the understanding of document context to perform an accurate 

analysis, suggesting that requirement groups could benefit from some of the same methods 

utilized by individual requirements (“ISO/IEC/IEEE International Standard - Systems and 

Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

Requirement Quality Criteria for Requirement groups 

Input Features for Requirement groups 

 As discussed previously, quality attributes can also help to measure and improve groups 

of requirements. Even though requirement groups common quality attributes with individual 

requirements, the types of analysis are significantly different. When analyzing groups of 

requirements, for instance, the analysis should include the impact of each individual requirement 

or requirement group under it. Therefore, there are a variety of different considerations for the 

entities under a requirement group when trying to analyze quality conformance. As an example, 

Figure 7 shows a typical hierarchy within a requirement document in relation to individual 

requirements and requirement groups. As Figure 8 illustrates, requirement groups can have an 

associated document position, child requirement groups, and child requirements. Additionally, 

requirements typically serve as the terminal item within the hierarchical structure. When 
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evaluating requirement groups, the input during analysis must include the position of the group 

and an analysis of all its children. For instance, a requirement group may specify a broad feature 

that is further specified among lower-level requirement groups and requirements. The aggregation 

of this information is necessary to decide on the quality adherence of the requirement group 

(“ISO/IEC/IEEE International Standard - Systems and Software Engineering – Life Cycle 

Processes – Requirements Engineering,” 2018). 

 

Figure 6 Requirement Group Hierarchy 
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knowledge to measure quality attributes like feasibility, and knowledge of all child requirements 

and groups. Accordingly, an analytical system would need to utilize a custom formula for 

weighing the overall quality of a requirement group based on its input features. Figure 8 shows a 

mapping of the necessary features used to make a quality determination for requirement groups. 

As the figure demonstrates, the process of determining requirement group quality depends on the 

knowledge of hierarchical information within the document. 

 

 

Figure 7 Requirement Group Features 
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about the document and the associated hierarchy is pivotal. In the standard, the quality attributes 

for requirement groups, as defined in Table 10, include completeness, consistency, feasibility, 

comprehensibility, and ability to be validated. Notice, a few of the quality attributes mimic the 

individual quality attribute definitions. However, they are still different due to the scope of the 

analysis and the complexity of the input features (“ISO/IEC/IEEE International Standard - 

Systems and Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

 

Table 10 Group Quality Attributes 

Quality Attribute Explanation 

Completeness It refers to whether the requirement set 

adequately implements the intended feature 

without needing any further clarification or 

details about the feature. Critically, the child 

requirements and groups should all be 

complete, while the current requirement or 

group should specify appropriate functionality 

relative to its document position. 

Consistency The set of requirements do not conflict. In 

essence, there is no duplication of 

functionality or concepts within the child 

requirements or groups. Additionally, the 

functionality for the current requirement or 

group should not duplicate other functionality 

at the same level within the hierarchy. 

Feasible The requirement group is feasible to 

implement when considering the child 

requirements and requirement groups based 

on schedule, cost, technical, and practical 

limitations. 
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Comprehensible The requirement group clearly outlines its 

intended purpose and relevance within the 

system. All child requirements and groups 

should clearly and distinctively map back to 

the requirement group. 

Able to be validated The requirement group is testable and 

addresses the totality of the user need upon 

completion. The needs of the user are met 

based on the requirement group definition and 

its children. 

An Automatic Process for Analyzing Requirement Groups 

 Practically, analyzing requirement groups is difficult due to the nature of the information 

needed to perform automated analysis. Through the utilization of modern methods, including the  

methods specified previously to perform semantic and pragmatic analysis, creating an automated 

analysis is possible depending on the utilized methods. For instance, Figure 8 shows a basic 

process that could potentially analyze requirement groups. Notice, there are severe upfront costs 

for deriving all the various features and knowledge needed to make quality determinations for 

requirement groups. To analyze requirement groups, an automated tool would need access to a 

summarization of the document, relevant documents and context, and an index determination that 

allows for the extraction of a requirement hierarchy (“ISO/IEC/IEEE International Standard - 

Systems and Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018; 

Naeem et al., 2019; Ruan et al., 2023; Zhao et al., 2021). Alternatively, utilizing custom metrics 

that limit the required knowledge for quality attribute determinations among quality groups is 

possible. For instance, instead of utilizing RAG, summarization, and context, an automated 
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system could potentially create heuristics that generalize the likelihood of quality violations for 

requirement groups without considering other, complicated information. For instance,  

requirement groups may have indicators of quality violations that do not require a holistic 

analysis of all requirements, groups, and context. In essence, an automated system could simply  

perform a similar analysis that is utilized under individual requirements to determine quality 

violations without analyzing all entities under a requirement group. Although this method of  

analysis is easier to perform, it is likely limited to only certain quality attributes. Therefore, the 

automated analysis would utilize the quality attributes specified for single requirements instead of  

analyzing requirement group-specific attributes. Practically, the same heuristics and rules that 

apply to single requirements could also apply to requirement groups with perhaps additional  

processing and considerations. Figure 9 shows how a requirement group analysis might work 

without recursive analysis. 
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Figure 8 Process for Analyzing Requirement Groups 
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Figure 9 Requirement Group Analysis without Recursive Analysis 
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would require the indexing of a document, the heuristics only require minimal information to 

determine the quality of requirement groups. Additionally, the implementation shows that 

heuristics would map individual quality attributes to group quality attributes. With heuristic  

mapping, the proposed automatic system would utilize statistics of violations and weighted 

importance to determine the likelihood of group attribute violations. 

  

 

Figure 10 Analyzing Requirement Groups through Heuristics 
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Conclusion and Practical Uses 

 When compared to the automatic analysis of single requirements, analyzing requirement 

groups is considerably more difficult. When considering the features necessary to perform an  

accurate analysis of requirement groups, an automatic analysis would have to utilize automatic 

indexing of requirement hierarchy while synthesizing domain-related information. Further,  

analysis of requirement groups requires the recursive analysis of all child elements, making 

analysis dependent upon multiple entities within the document, complicating the automation  

process. Although the automated analysis of requirement groups is difficult, there are ways to 

mitigate the challenges through the utilization of hierarchical analysis and heuristics. 

 When considering ways to mitigate the complexity of analysis for requirement groups, an 

automated system could potentially utilize the impact of individual requirement quality violations  

or textual indicators within the group’s text. Additionally, when discussing the analysis of 

individual requirements, an automatic system could derive heuristics that map individual 

requirement violations and thresholds to the quality attributes associated with requirement groups. 

This method requires an indexing of the hierarchy in the document, but eliminates the need for  

injection of context and knowledge. Alternatively, an automatic system could simply analyze 

requirement groups through the individual quality attribute criteria specified for individual 

requirements. This brute force approach eliminates the need for context and recursive analysis, 

simplifying automated implementations. Primarily, this method of analysis applies the same 

quality attributes to all requirement-related text, eliminating the delineation among requirements 

and requirement groups. 

 When analyzing requirement documents, an automated system can perform both 

individual and group-based analysis of requirements. Because most requirement documents exist  
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in a hierarchy, analyzing individual requirements is more practical, as document indexing is 

difficult and unreliable, especially considering the unstructured nature of requirement documents. 

Although automated analysis is complicated for requirement groups, modern techniques and 

heuristics potentially enable the possibility of a system to perform a surface-level analysis of 

requirement groups. 

Conclusion 

The IEEE 29148 standard provides a way to analyze requirement documents through the 

various requirements and requirement groups within a document. Primarily, the standard focuses 

on the main quality attribute criteria that help to enhance the overall quality of requirement-

related text. These criteria, such as ambiguity or singularity, help to provide a template for ideal 

requirements, providing guidance to eliminate misunderstandings and unfeasible functionality. 

Because the requirements process is complicated, and requirement-related documents tend to be 

unstructured, modern requirement analysis tools need to utilize complicated methods to 

accurately identify requirements and detect their associated quality issues. 

Currently, most systems utilize rule-based and heuristic-based methods to identify 

requirement quality defects. Primarily, these defects pertain to common words or phrases that can 

often create quality violations within requirement documents. More advanced systems can utilize 

NLP-based methods to generate generic patterns that apply to unseen requirements, helping to 

enhance the applicability of heuristics to unseen text. These types of automatic analysis methods 

typically engage in lexical and syntactical processes to help determine violations. Even though 

lexical and syntactical indicators along with their associated heuristics are useful when 

determining quality violations, their scope is limited. 
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As an alternative to rule-based automation, methods that utilize AI-based or NLP-based 

solutions can help uncover textual meaning for performing semantic or pragmatic analysis. 

Additionally, techniques such as summarization, transfer learning, and prompting can help 

provide models with important context that is useful to evaluate complicated quality attributes. 

Because many of the quality attributes require domain knowledge and document-specific 

information, these techniques allow for more accurate analysis of requirement quality by 

integrating critical knowledge into models and other NLP implementation. Concepts such as 

RAG and embeddings help to provide high dimensionality and context to a model before making 

an inference, allowing for an automation that considers contextual and document-related 

information. 

Lastly, automatic analysis for requirement groups is considerably more difficult due to 

the need for indexing requirement documents. Specifically, automated systems typically need to 

perform an analysis of the hierarchy and relationships of requirements to understand the various 

dependencies and levels necessary for analysis. Many of the requirement group quality attributes 

require a holistic analysis of their children before making a determination of quality. Because of 

the need for recursive analysis, an automated system would need to utilize domain and document 

knowledge to create an accurate analysis. Alternatively, an automated system could simply look 

at the text of the requirement group and analyze quality based on the criteria for individual 

requirements, mitigating the need for extensive parsing, knowledge, and indexing. With this 

method, requirement groups are treated as individual requirements instead of groups, mitigating 

the need for indexing and requirement identification. Lastly, an automated system could utilize a 

hybrid approach in which the document is indexed with regard to its hierarchy, but the quality of 

the requirement group is determined off of custom heuristics formulated by its children. 

A practical system would utilize and combine all of the different methods specified to 

perform a holistic requirement analysis. Specifically, an automatic system could utilize rule-based 
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and heuristic methodologies while also utilizing more complicated methods of semantic and 

pragmatic analysis. Ideally, the system would also accurately identify requirement-related text 

without indexing due to the added complexity and unreliability of computation and extractive 

inference. Lastly, an automated system would likely require minimal user input, retrieving the 

needed context and related documents through techniques like embeddings, RAG, or LLMs. The 

overall progress and complexity of AI-based methods allows for the practical achievement of 

most quality attributes on most grammatical levels, including pragmatics. Although complicated 

methods of analysis exist, simplistic methods of quality violation detection remain useful, 

especially as feature inputs to broader models. By utilizing and expanding upon the various 

methods of analysis that exist among current systems and implementations, automated systems 

can improve inference for requirements based on the IEEE 29148 quality model. 
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Chapter 3 

 

Literature Review: Requirements Identification and Quality Analysis 

 To analyze a requirements document, it is necessary to both extract the requirements 

from the document and apply appropriate algorithms to analyze the associated quality of those 

requirements.  Due to the unstructured nature of requirements documents, it becomes a difficult 

task to detect and extract out the requirements from within the document. Naturally, many studies 

have attempted to solve the issue of requirements identification and extraction through different 

and complicated implementations. Some of the existing implementations, for instance, utilize pre-

labeled datasets to train various AI-based algorithms to classify whether a text is related to a 

requirement. Other implementations utilize a combination of AI-based and rule-based algorithms 

for requirement identification (Zhao et al., 2021). 

Requirements Identification 

 Various works have attempted to address the issue of requirements identification. Among 

these topics, there are existing systematic literature reviews that address the various different 

types of automated requirements engineering tasks(Zhao et al., 2021). They define the different 

automated tasks as detection, extraction, classification, modeling, tracing and relating, and search 

and retrieval. Of the various different types of automated tasks, the systematic study includes 

extraction, classification, and modeling as requirements identification-related tasks. Table 11 

provides more detail of these associated tasks and how they relate automated requirement 

extraction and identification (Zhao et al., 2021). 

 

 



95 

 

Table 11 Task Definitions (Zhao et al., 2021) 

Task Definition 

Extraction Used to extract project-specific concepts and 

terms from requirements. This task can help 

with modeling and consistency checking 

among differing requirements. 

Classification Classifying text into different categories. For 

instance, identifying requirements-related 

text, non-functional requirements, or 

requirement classification such as security-

related or usability-related requirements.  

Modeling Extraction of requirements followed by the 

generation of associated models, such as 

UML diagrams. Helps support analysis of 

completeness and consistency of requirements 

and their associated relationships. 

An Overview of NLP-based Methods for Requirements Identification 

  For requirements identification, it is important to differentiate between rule-based 

implementations for automatic tasks and the use of Machine Learning (ML) to delineate and 

extract requirements. For rule-based implementations, utilizing common patterns is possible to 

look for indicators that might indicate the presence of a requirement, or more granularly, an 

agent, action, or requirement restriction. We can use rule-based implementations as a general 

rule-of-thumb to detect and extract requirements-related text. We can further utilize NLP-based 

methods for rule-based systems through Part of Speech (POS) tagging, Semantic Role Labeling 

(SRL) and other methods to help with requirement identification, term and relationship 

extraction, and requirement classification tasks. Normally, these methods are utilized with pre-
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defined heuristics that help define common patterns that could delineate a requirement and its 

associated components.  

 In addition to rule-based methods, NLP can help with statistical and ML-based models. 

Typically, these types of implementations require training data, which further complicates the 

ability for accurate inference due to the lack of publicly available datasets for training. Although 

the training data requirement complicates automated requirement-based tasks, these methods can 

learn complicated patterns among text that better generalize against unseen examples when 

compared to rule-based patterns. Although different models have different requirements for 

training data, multiple preprocessing methods and new synthetic generation processes help to 

mitigate the limitations of dataset scarcity within requirement automation tasks. Additionally, 

data preprocessing techniques help train complicated models through concepts such as data 

augmentation, synthetic data generation, and feature engineering. Ultimately, text preprocessing 

can help provide adequate data for model training, allowing for more accurate and general 

patterns among data.  

 More complicated models that utilize Machine Learning have steeper data quantity and 

data quality requirements. Existing models such as Convolutional Neural Networks (CNNs), 

Recurrent Neural Networks (RNNs), and Artificial Neural Networks (ANNs) are trained on 

existing, diverse and high-quality data to learn patterns that can help with classification. From the 

learned patterns, these models are able to capture complicated relationships among text that 

typically extend beyond statistical models. Other ML-based models utilize unsupervised and 

semi-supervised methods to achieve automated requirement classification. All of these different 

methods of classification are used to identify and classify requirements. In most cases, the 

effectiveness of these different ML methods will vary depending on the training data and learned 

patterns from the models. Ultimately, unsupervised, semi-supervised, and supervised methods 
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have useful impacts on requirement identification; each method can help with the generation of 

synthetic data, automatic labeling, feature extraction, and inference.  

 To understand the potential impact of these different types of requirement identification 

methods, an analysis of existing tools will prove useful to help understand the existing state of 

methods for automation. Naturally, many different tools have a variety of different functions for 

requirement extraction and identification. Of the existing automated NLP-based tools, a 

systematic study found that extraction, classification, and modeling comprised a relatively high 

percentage of existing tools, with modeling scoring the highest in their study with 26.15% of all 

reviewed tools. Additionally, the study found that requirements specifications were the most 

common input documents for these tools, followed by User-Generated Text, General NL 

Documents, and Use Cases. For NLP-based methodologies, the modeling task primarily utilized 

Lexical Analysis, ML Classification, Regular Expressions, and Syntactic patterns, along with 

other common practices such as Stemming and Lemmatization for NLP. Classification and 

extraction utilized similar NLP-based methodologies. The existing tools outlined by the study 

show a wide range of implementations for requirement automation texts, among multiple 

different types of rule-based, NLP-based, and ML-based tasks (Zhao et al., 2021). 

 Ultimately, the existing tools have sought to address the automation of requirement-based 

tasks, including classification, modeling, and extraction through different methods across NLP 

and ML. Different implementations have unique positives and negatives depending on the 

dataset. Still, many existing tools and implementations struggle from dataset scarcity; to 

overcome the lack of labeled data, many tools utilize unique methods and processes to perform 

automatic analysis. Of the existing dataset limitations, a prime consideration of automation is the 

generalization among multiple different types of documents and domains. Therefore, it is useful 

to look at models and methods that can help not only identify requirements but identify 

requirements among a wide range of differing requirements documents.  
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Requirements Identification through Different Mediums 

 Often requirements are found in different mediums and forms. For instance, requirements 

can exist in structured documents, notes, or other forms of electronic communication. As a result, 

requirements often do not follow a pre-defined format before a formal identification process takes 

place, making rule-based templates less useful. The dynamic representation of requirements was a 

key limitation of previous, rule-based tools, and remains a difficult problem to solve even with 

NLP and ML-based methods. Therefore, an analysis of how different tools accomplish 

requirement identification across diverse representations is important. Because requirement 

documents tend to exist in unstructured language, deriving models that can find the patterns 

associated with requirements in different forms is important, even when requirement templates 

are consistent. Further, it is important that these patterns transcend typical syntactical formats for 

requirements. With non-rule-based implementations, automated systems can likely handle 

different permutations and templates for requirement identification, making the automated 

process less rigid and more generalizable. 

 As an example, online forums typically contain requirements for products. Often, these 

requirements come from multiple different people and contain different formats and 

representations. To handle requirement identification for an online forum, a systematic review 

looked at the NLP-based methodologies for identifying requirements among Stack Overflow 

(Ahmad et al., 2020). They look primarily at the existing ways to delineate both functional and 

non-functional requirements from the Stack Overflow website. The systematic study shows that 

the Support Vector Machine (SVM) and Latent Dirichlet Allocation (LDA) algorithms performed 

well for both functional and non-functional requirements identification across the various studies, 

with approximately 70% accuracy across both SVM and LDA methods for identification and 

categorization (Ahmad et al., 2020). The study also shows that methods of pre-processing of text 
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such as Stop Word Removal, Tokenization, and Stemming were commonly used (Ahmad et al., 

2020). Overall, the study indicates that ML-based and statistical algorithms can achieve 

reasonable accuracy across both functional and non-functional requirements, while also 

maintaining decent generalizability to unseen requirements. 

 Another study utilizes existing construction-based documents to detect and trace 

requirements (Jeon et al., 2021). The author proposed a way to extract quality inspection 

requirements from construction specifications using NLP. In the study, they extract individual 

sentences from the specification, preprocess the sentences through common NLP techniques, 

apply embedding algorithms like Word2Vec and Glove, and utilize machine learning to classify 

whether a sentence is a requirement or not. By utilizing CNNs and RNNs in conjunction with 

embeddings, they achieved a 95.49% accuracy with CNN and GloVe embeddings for training 

data, while also achieving a 91.85% accuracy on testing data. Ultimately, their training data was 

based on a Department of Transportation (DOT) Standard Specification that was mostly 

structured, limiting the scope and impact of the research. Due to these limitations, the 

generalizable of their training data is minimal (Jeon et al., 2021). 

 Ultimately, these studies experimented on different mediums, showcasing impressive 

results across different methods. SVM and LDA showed impressive results among a diverse set 

of requirements and sources, along with ML-based implementations with embeddings. 

Additionally, embeddings coupled with ML-based algorithms can perform classification among 

requirements, while learning complicated relationships that are beyond typical feature 

engineering and rule-based tasks. This is because embeddings help to understand context among 

words within a text. Instead of training a model on text, embeddings help a model to learn the 

semantic context in which requirements may exist. For many requirements, utilizing context is 

important to help identify supporting and requirement text outside of indicators. Importantly, 

SVM and similar methods rely on data preprocessing to achieve ideal classification performance. 
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Many of the preprocessing techniques simplify and normalize the text, limiting the amount of 

patterns a model has to learn. In essence, the transformation of requirements into a simpler form 

helps to limit the need for extensive training data and complicated pattern recognition. 

Alternatively, embeddings typically do not utilize preprocessing techniques, as their primary 

purpose is to capture the context and relationships among words. As two distinct approaches, 

these methods provide robust ways to further generalize models.  

 In a systematic study that tried to understand the existing work on requirement 

identification and other requirement automation tasks, existing tools and methods try to engage 

with both requirement extraction and requirement classification; requirement extraction deals 

with extracting the important terms and relationships out of requirements, whereas classification 

tries to identify requirements, place the requirements into categories based on similarity, or to 

determine the type of requirement category that the requirement belongs to. The vast majority of 

the input documentations used for these automated tools are from requirement specifications; as 

the study mentions, minimal implementations for extraction and classification deal with user-

generated text, NL documents, Use Cases, and other diverse forms of documentation, leading to 

an issue with the generalizability of most tools and methods across different documentation types 

that contain requirements. Additionally, most implementations focus on extraction, as opposed to 

search, retrieval and classification. Primarily, this implies that there are minimal tools that work 

to find requirements within unstructured text, as most tools require a list of requirements in order 

to perform automated analysis. Therefore, the availability of requirement extraction tools is 

limited and are ultimately not trained on diverse documentation. Notably, the study indicates that 

classification and extraction tools utilize rule-based and ML-based implementations across the 

various implementations, suggesting that the methods of requirement identification are extensive 

(Zhao et al., 2021). 
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Requirements Identification, Data, and Relationships 

The problem of requirements identification is further compounded with the tendency to 

nest requirements to arbitrary levels of granularity. Additionally, there can often be multiple 

requirements in a single text, making the requirement extraction process even more difficult. To 

maintain requirement traceability and dependencies, allowing for the maintenance of the 

requirement relationships when parsing unstructured text is important. Of course, this is a 

challenging task due to the complex representations of requirements. In the case of an expected 

format, a system could potentially utilize programming logic to identify requirements and sub-

requirements, while also maintaining the hierarchy and traceability of the associated 

requirements. Because requirements often do not follow the same format, this approach will not 

extend to most situations, requiring more complicated implementations. 

Alternatively, automatic AI-based approaches could help identify requirements and their 

associated relationships. For instance, question-answering approaches can help with identifying 

both requirements and their associated hierarchy (Akay et al., 2021). The study analyzes digital 

design documents with the aim to extract requirements and formulate a hierarchical relationship 

between all requirements in the document. To accomplish this, they utilize transfer learning and 

question-answering-based approaches to extract requirement relationships. They fine-tuned the 

Bidirectional Encoder Representations from Transformers (BERT) Large Language Model 

(LLM) to utilize question-answering for requirement identification and relationship extraction. To 

accomplish this task, the study fine-tuned the BERT LLM on the Stanford Question Answering 

Dataset (SQuAD). To implement the model, the authors formulated pre-defined question 

templates that were used recursively to help extract requirement dependencies. They refined their 

prompts through a prompt engineering process to help achieve better results. The question 

formulations help them recursively identify requirement dependencies and relationships within 
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the document. They achieved a precision of 0.71 and 0.89 and a recall of 0.55 and 0.89 for their 

two abstracts during testing. 

Although the previous study shows that ML-based approaches can identify requirements 

and the hierarchical relationships among them, identifying more granular aspects of requirements 

through question-answering is also possible. Due to the unpredictable format of unstructured text, 

the article tries to address the requirements elicitation process by extracting actors, actions, and 

objects from within the document while also creating an ontology of associated relationships. It 

uses question-answering techniques to extract and formulate relationships, while also providing a 

way to eliminate ambiguity and identify requirements from different types of unstructured text. 

Ultimately, the focus of the QUARE tool is to allow for the extraction of actors, actions, objects, 

and relationships among different writing styles and types of documents. Across the various 

identified actors, actions, objects, and relationships, the system achieved an average precision of 

0.76, an average recall of 0.74, and an average F1 score of 0.76 (Calle Gallego & Zapata 

Jaramillo, 2023). 

Another example showcases the utilization of deconstructing unstructured documents 

through a systematic process that utilizes both Natural Language Processing (NLP) and rule-

based methodologies along with the question-answering implementation for the BERT model. 

The proposed pipeline can parse design guideline documents, extract and classify strings of 

information, and generate a knowledge base that helps formulate the design variables and their 

associated relationships and restrictions. According to the study, design guidelines can comprise 

regulatory documents, requirement documents, and other forms of text, making the proposed 

method of requirement identification diverse among documents. The study also allowed for the 

conversion of images and figures to text through the usage of Optical Character Recognition 

(OCR). The study ultimately utilized the SQuAD dataset to fine-tune the BERT model for the 

question-answering functionality. The proposed method can help with both requirement 
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identification, consistency, and completeness. Overall, the study achieved an impressive accuracy 

for requirement extraction of 86.3% (Kwon et al., 2024). 

For many requirements tasks, identifying requirements is a pivotal part of the process, but 

identifying the various relationships between them and the information contained within the 

requirement is important as well. Considering the existing difficulty of identifying requirements, 

considering the additional challenges of identifying relationships for metadata extraction 

traceability purposes is crucial. Regardless, identifying relationships among requirements is 

important to help better analyze requirement documents, while also helping to create a better 

identification result for use during the quality analysis process. Primarily, existing studies have 

utilized question-answering-based methods to help identify requirements and find requirement 

relationships. Although these methods are impactful, the accuracy of existing implementations is 

low, suggesting that there is significant room for improvement among both requirement 

identification and relationship extraction. Ultimately, question-answering methods seemingly 

help to identify requirements and formulate their associated relationships within a requirement 

hierarchy, creating an exciting advancement for automated requirement tasks. 

Requirements Identification through Rule-Based Methods 

As an example of a requirement identification process, rule-based methods utilize 

programming logic, common rules, and logic associated with NLP to extract and identify 

information from an unstructured document. Rule-based methods can follow certain patterns and 

extraction techniques that normally follow a reliable standard of representation among strings. 

For requirement documents, there are often many different formulations of patterns that help 

identify critical information related to a requirement. For instance, rule-based methods may 

utilize certain keywords or phrases that can help a program identify if a given text is related to a 



104 

 

requirement or not. Rule-based methods can look for general patterns to help identify and extract 

associated requirements from requirement documentation. Methods such as POS tagging and 

SRL help identify the words and phrases indicative of pattern matching during the rule-based 

automation process. 

As an example, certain implementations of rule-based patterns utilize NLP-based 

approaches and patterns to identify requirements within a requirement document. In an article, 

they utilize sentence segmentation, tokenization, and Part of Speech (POS) tagging via the spaCy 

NLP library to further refine and identify sentences and potential requirements. The authors 

define a set of five differing rules comprising certain combinations of word types to identify 

requirements, all of which are identified through the labeling and association of words to types of 

speech. The library can analyze relationships to help delineate among different word groups 

within a sentence. The study tested the implementation on five different requirements 

specifications, achieving a high precision and recall of 1.00 and 0.89, respectively. However, they 

also recorded a precision of and recall of 0.64 among different requirement documents, 

suggesting room for improvement among diverse requirement documentation (Haris & 

Kurniawan, 2020). 

Although rule-based requirements may not necessarily prove highly effective with 

requirement identification on their own, they can help inform other methods, such as Machine 

Learning. As an extension of rule-based methods, textual statistics can help determine whether a 

given text is related to a requirement or not through the process of feature engineering. An article 

utilizes a myriad of different rule-based methods to parse and classify requirements. They utilize 

feature engineering across textual statistics in conjunction with ML-based methods to achieve 

requirement identification. The study takes a requirement specification as input to their system 

and breaks up the document into tokens, sentences, and tagged parts of speech. The system 

further breaks the text down into a variety of forms to help generate textual features. Specifically, 
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they create token-based, syntactic and semantic, and frequency-based features as input to their 

model (Sallam et al., 2020). 

Their token-based features include items such as number of tokens, number of alphabetic 

words, and whether the sentence starts with an id or trigger word. They also check to see if the 

sentence contains measurable units, which is something that is often present within requirements. 

The article then breaks down the syntactic features used during the requirement identification 

process. For instance, a requirement typically contains a verb and a modal verb. Given the POS 

tagging capabilities of modern NLP libraries, they can check for syntactic indicators for 

requirements automatically. The implementation also checks for other syntactic rules such as 

noun phrases and verb phrases that include model verbs, determiners, and conditionals. Finally, 

the article checks for passive voice and the associated tense of the sentence. All of these in 

culmination define the syntactic features that help classify requirement sentences through 

automation. Lastly, the semantic features check for cognition verbs, action verbs, or stative verbs. 

These types of verbs are often associated with requirements yet require additional semantical 

context to help with classification, allowing for an in-depth analysis beyond typical rule-based 

implementations. With these various textual statistics, they train a variety of different models for 

classification of requirements (Sallam et al., 2020). 

To generalize these textual statistics, the article utilizes a variety of libraries and NLP 

methods (Sallam et al., 2020). Specifically, they utilize Aspose.Word for document parsing, 

LanguageToolSegmenter for tokenization, Apache OpenNLP for POS-Tagging and Text 

chunking, and other tools for the remaining tasks necessary for classification. For their ML-based 

classification, they utilize a variety of different algorithms, including Decision Trees, Logistic 

Regression, Random Forest, and SVMs. For all of the models, they implement both cost-sensitive 

learning and non-cost-sensitive learning. For non-cost-sensitive learning, Random Forest 
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performed the best with a 94.4% accuracy and a 94.3% precision. For cost-sensitive learning, 

Random Forest also performed the best with a recall of 96.9% (Sallam et al., 2020). 

In addition to the analysis of ML algorithms, the article tries to understand the 

corresponding features that made the biggest difference during inference. To derive important 

features, the article utilizes information gain to understand impactful characteristics of text that 

indicate requirements. They found that characteristics such as frequent model verbs and modal 

verb phrases contributed significantly to the accuracy of inference. They also found that the 

presence of a verb, the number of alphabetics, number of tokens, and the presence of a stative 

verb were also important for accurate classification. Although the other rule-based statistics 

helped with information gain, they were minimally impactful. Coupled with the feature 

engineering process, the article demonstrates the power of rule-based processes and textual 

statistics during the training and inference process of requirement identification (Sallam et al., 

2020). 

As shown from the existing work with rule-based and integrated methods for inference, 

these methods are a powerful way to help with most requirement automation tasks, including 

requirement identification. Although rule-based methods are limited and often tedious to 

accurately define and test, these methods can achieve high accuracy, while also serving as useful 

features for more complicated methods of inference. With the introduction of NLP-based 

methods such as POS tagging and SRL, checking for pre-defined patterns to help identify 

requirements have become easier and more generalizable. Because of the general nature of these 

modern NLP methods, rule-based heuristics can help inform textual analysis on both a syntactic 

and semantical basis. To help improve the effectiveness of rule-based methods, existing work has 

combined rule-based methods with ML-based methods during training and inference. As shown 

with existing literature, rule-based methods help extensively with feature engineering and statistic 

aggregation that can be used during the model training process. In conjunction with non-rule-
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based methods, existing literature shows promising results through the implementation of a 

hybrid approach for classification. 

Requirements Identification through Unsupervised and Embedding-based Methods 

As an alternative to rule-based methods, Machine Learning can serve as a helpful tool for 

most textual-based classification tasks. In the case of requirements identification, ML can help 

with identifying requirement and non-requirement-related text within diverse documentation. 

Unfortunately, Machine Learning often requires a large amount of labeled data to achieve 

accurate inference. Due to the need for large, labeled datasets, utilizing machine learning for 

many requirements-based tasks becomes challenging. Because labeled datasets for requirements 

are not widely available, ML-based methods are often limited in capability for requirement 

automation tasks. As an additional challenge, labeled datasets are scarce for requirement 

identification. Unsupervised learning is an alternative that allows for the mitigation or elimination 

of labeled datasets. Because of the ability for unsupervised learning to learn patterns without a 

labeled dataset, certain unsupervised learning algorithms can help derive important features of 

requirements without the need for extensive training. Additionally, unsupervised or semi-

supervised learning algorithms can help with the generation of synthetic data, allowing for the 

tuning of complicated, models through supervised learning. 

As an example of the utilization of unsupervised learning algorithms for requirement 

identification, a study shows that semantic similarity distance helped to identify and extract 

requirements from requirement documentation. As the study mentions, many existing 

implementations utilize supervised learning approaches for requirement classification. However, 

the study utilizes a different, unsupervised approach to achieve classification of non-functional 

requirements. In addition to utilizing unsupervised classification methods, their input data is 
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parsed with tokenization, stop word removal, POS tagging, and other preliminary data parsing 

techniques. After the pre-processing of text, they utilize the Word2Vec model and semantic 

similarity distance to help determine if a text constitutes a non-functional requirement. The study 

utilizes the PROMISE NFR dataset for evaluation, while also utilizing data from Wikipedia for 

training. Ultimately, the study observed patterns associated with a variety of different types of 

NFRs, including Availability, Legal, Maintainability, and Scalability. They found that a threshold 

similarity of 0.61 yielded the ideal results, including an average precision, recall, and F1-score of 

0.75, 0.59, and 0.64, respectively. They also found that there was a notable positive impact when 

utilizing pre-processing techniques for the unsupervised methods during inference. Ultimately, 

the results showcased reliable classification across a multi-labeled problem for unsupervised 

learning. Because NFRs are less likely to have structured syntax associated with them when 

compared to structural requirements, this implementation shows a broad generalization of 

categorization across different requirement syntaxes (Muhammad et al., 2020). 

As an alternative to unsupervised learning methods, other implementations utilize 

embedding-based approaches in conjunction with supervised learning methods to achieve 

requirement identification and classification (Shreda & Hanani, 2021). Instead of utilizing 

existing datasets, the study created a manual dataset through the help of requirement practitioners. 

The labeling included the classification of a requirement and the degree of confidence associated 

with the classification. Further, the selected study participants had to determine what type of NFR 

category the text belonged to. Because the resulting dataset was imbalanced, the study utilized 

SMOTE to help balance the representation of the associated classes. During training, the authors 

utilized data pre-processing techniques in conjunction with Python’s NLTK library to extract and 

tokenize sentences within the document. After additional steps such as stop word removal and 

lemmatization were applied, they utilized feature extraction through TF-IDF, Word2Vec, and 

BERT to create embeddings. With the various embeddings, they trained an SVM classifier, a 



109 

 

Naïve Bayes classifier, a Logistic Regression classifier, and a Convolutional Neural Network. 

They also introduced a fusion model that combines the different implementations of embeddings 

to simulate a model ensemble. The CNN consistently outperformed the other models across the 

various embedding implementations. With the BERT embeddings, the CNN was able to achieve a 

precision, recall, and F1-score of 0.922, 0.914, and 0.915, respectively. In a show of 

improvement, the fusion model improved the accuracy of the combined BERT and CNN 

implementation by 2.4% (Shreda & Hanani, 2021).  

 Many tools and implementations focus on simple requirement identification, while other, 

more advanced, implementations focus on traceability and support references through 

automation. This methodology helps to bridge the gap of different requirement text analysis 

through the use of modern NLP-based methods. Many of these different implementations focus 

on identifying and tracing text related to requirements to support documentation traceability; 

additionally, these implementations help to better fully define the definitions and scopes of 

requirements, allowing for better analysis. Primarily, identifying requirements typically requires 

finding related, supporting documentation to help understand critical context and external 

information relevant to its implementation. These types of implementations have to therefore 

identify related text through diverse types of text across different requirement documentation. As 

an example of this implementation, a study looks at identifying and tracing safety requirements 

for the construction industry. In the construction industry, requirements are often either 

informally recorded or documented in ways that do not conform to the standard requirements 

process. The author propose a project called Requirement Retrieval and Document Association 

(RRDA) that can extract safety requirements from unstructured construction documents and 

recordings, analyze them, and associate the requirements with relevant documentation. 

Ultimately, the RRDA system can link associated requirements to documents in order to help 

provide supporting documentation or clarification of the associated safety requirements. The 
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RRDA system accomplishes this mapping by extracting keywords from documents, formulating 

relationships between them, and comparing the semantic similarity of the requirement to the 

keywords of the document. The RRDA system then matches requirements to documents through 

keyword matching, semantic analysis of document topics, and emotional analysis (Wu & Ma, 

2024). 

In summary, the difficulty of requirement identification is mitigated through 

unsupervised and embedding-based methods. Many existing studies, implementations, and tools 

have found creative ways to limit the need for extensive datasets to accomplish accurate 

classification of requirements during inference. Because requirement documents come in various 

forms, the syntax of requirements is not always consistent among different requirements 

documents and domains. Unsupervised learning offers a way to help better generalize the 

classification and identification of requirements while also limiting the amount of labeled training 

data needed for accurate results. Often, unsupervised learning helps group unlabeled data together 

in common patterns, allowing for the discovery of critical features for requirement identification. 

In addition, the use of context-capturing embeddings can make an important difference with 

semantic understanding, allowing for the utilization of more generalizable features. A few studies 

show the implementation of unsupervised methods by utilizing the semantic similarity distance 

across words and sentences to help classify requirements. Other studies utilize embedding-based 

techniques to help enhance the results of supervised learning algorithms. Some of the current 

implementations utilize a variety of unsupervised and embedding-based methods to help both 

derive datasets and train models, while other studies try to utilize methods that help with broadly 

identifying requirements among different documents. Because of the capabilities of unsupervised 

and embedding-based methods, algorithms can derive new features that help to better encapsulate 

indicators of requirement text, mitigating the need for rule-based heuristics and extensive 

datasets. 
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Requirements Identification through Supervised Methods 

 As an alternative to unsupervised methods, supervised methods can also help identify and 

classify requirements. Although this method requires labeled training data, supervised learning 

often can yield better results if the dataset can capture the general patterns of most unseen 

classification instances. There are a variety of supervised learning methods that are well-suited 

for requirement identification tasks. For instance, some supervised learning methods utilize 

statistical-based methods, such as logistic regression, and Naïve Bayes. The statistics of the words 

within a text serve as input to these models, allowing for the creation of models that can perform 

classification. Other methods of supervised learning utilize decision trees, neural networks, and 

ensembles, all of which have a wide variety of variations, implementations, and hyperparameters 

to consider during the training process for ideal inference. Even though neural networks are often 

used with classification tasks, they often require a lot of training data to achieve accurate 

inference. As a powerful classification model type, ensemble methods combine the output of 

multiple, different models to make a prediction during the classification process, often increasing 

the reliability of predictions. Ensemble models can help with generalization and accuracy 

improvement, as different models tend to learn different patterns for the trained data. Lastly, 

Large Language Models (LLMs) are often useful for inference, as their extensive knowledge is 

useful for more complicated inference tasks. As an example, utilizing transfer learning to apply 

the knowledge of LLMs for accomplishing a specific task such as requirement identification and 

classification is possible and often helpful with general inference. Because LLMs are trained on a 

large amount of data, fine-tuning requires less labeled data, making the utilization of LLMs ideal 

for requirement identification (Kubat, 2021). 

 Certain studies focused on requirement identification have utilized different kinds of 

supervised learning to perform requirement identification. For instance, a study utilized 
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supervised learning-based tasks to extract reporting requirements from construction documents. 

The study primarily focuses on the automatic extraction of reporting requirements from relevant 

construction documents, aiming to estimate the effort or cost associated with the project. To 

accomplish the estimation task, the study utilizes a variety of methods including rule-based and 

ML-based methods. For their rule-based implementation, they utilize uni-grams, bi-grams, tri-

grams, and quad-grams to determine if a given sentence pertains to a reporting requirement. To 

determine the sequences most commonly associated with reporting requirements, the study 

labeled a dataset with requirement and non-requirement-related text. From the dataset, they 

constructed the gram sequences that were most common in both the true and false categories. 

Originally, they used rule-based processing to classify a given sentence without ML-based 

training. The bi-grams achieved high results with an F1-score, recall score, and precision score of 

92%, 88%, and 96%, respectively for requirement identification, while achieving similar results 

for non-requirements. For the rule-based implementation, the study mentions that lemmatization 

and stop-word removal negatively impacted the results of longer gram sequences. This is 

presumably because of the loss of context associated with text normalization (Jafari et al., 2021). 

 In conjunction with a rule-based implementation for requirement identification, the study 

implemented a variety of different machine learning-based methods such as Naïve Bayes, 

Logistic Regression, Random Forest, and XGBoost, to classify reporting requirements (Jafari et 

al., 2021). Because of the wide variety of the models within the study, the results help to indicate 

broad requirement identification results for statistical and ML-based methods. Each of these 

models were able to achieve reasonable results when compared to rule-based methods. However, 

the results were not significantly different for rule-based and ML-based classification, suggesting 

a potential limitation in the labeled dataset. Ultimately, the study showed an increase in recall for 

ML-based classification methods, while performing marginally worse with accuracy. Another 

consideration was the utilization of their feature inputs for their models; primarily, the features 
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comprised the N-gram indicators derived from rule-based methods. Although the study utilized 

ML-based algorithms, their features might not adequately capture patterns indicative of general 

requirement identification, limiting the validity of the results (Jafari et al., 2021).  

 Another study utilized an alternative supervised learning approach through the use of 

embeddings in conjunction with Convolutional Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs). The goal of their implementation was to help extract inspection requirements 

from construction documents (Jeon et al., 2021). The study primarily discusses the process via a 

typical NLP-based pipeline that consists of extraction, preprocessing, extracting vector features, 

model selection, and model training. For the extraction task, the study identifies individual 

sentences from requirement documentation, ultimately making the assumption that sentences 

typically comprise entire requirements. To mitigate information loss and enhance the 

functionality of sentence extraction, the implementation also tries to keep the requirement’s 

associated structural position, including its division, section, subsection and paragraph location. 

To help identify sentences, the implementation utilized punctuation such as periods to divide text 

into small units. To train the models, the implementation utilized a manually labeled dataset that 

contained thousands of labeled examples from experts. Based on the dataset, the authors utilized 

both CNN and RNN algorithms, in conjunction with Word2Vec and GloVe embedding 

techniques to perform classification. The GloVe embedding method seemed to increase the 

performance of both the CNN and RNN models. The models achieved an impressive accuracy of 

91% and 88% for CNN and RNN models, respectively. Their highest performing model was the 

CNN and GloVe embedding combination with a 91.85% accuracy. They also found that their 

model was generalizable to a different specification that was not utilized originally identified in 

the study (Jeon et al., 2021). 

 Many tools and implementations utilize supervised learning for most requirement 

automation tasks, including requirement identification. Unfortunately, the lack of labeled datasets 
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makes it more difficult to train models that rely on supervised learning. Some existing studies 

utilize manually labeled datasets, while others rely on the generation of synthetic data or the 

utilization of existing datasets. Although many tools and implementations have utilized machine 

learning, the implementation of supervised learning methods is minimal for practical tools that 

automate requirement identification. Of the existing models, statistical models such as logistic 

regression, and Naïve Bayes show potential with a high accuracy for classification; additionally, 

these statistical models help mitigate the need for extensive training data, while also helping with 

the creation of features for more complicated ML models. Through the utilization of more 

complicated models, higher accuracy of requirement identification and broader generalization is 

potentially achieved.  For instance, existing models show that CNNs and RNNs achieved high 

performance in comparison to statistical model alternatives. To enhance these models, the use of 

embeddings helped to better encapsulate the surrounding context of the text. Ultimately, 

supervised learning seemingly help to encapsulate textual patterns that may extend beyond 

traditional rule-based heuristics (Jeon et al., 2021). 

Requirements Identification through Transfer Learning 

With the recent advancements of Large Language Models (LLMs), utilizing complex 

models for requirement automation tasks is possible. This technique, called transfer learning, is 

applicable to automated requirement tasks, such as requirements identification; ideally, transfer 

learning helps to mitigate the upfront training cost and dataset requirements for accurate 

inference. Generally, Large Language Models provide a wide-variety of knowledge that is easily 

generalizable to most AI-based needs, as the models are typically trained on large and diverse 

datasets. Because of the immense capabilities of transfer learning for automated requirement 

tasks, fine-tuned models can potentially outperform other, alternative models and training 
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methods. Additionally, fine-tuning smaller models or models that were trained for similar tasks is 

also possible during the transfer learning process. Often used in scenarios with limited dataset 

availability, few-shot methods are typically used to help train models on limited datasets. Some 

few-shot implementations can utilize prompt engineering to help guide the model’s output, 

whereas other implementations of few-shot methods seek to learn the embedding similarities and 

differences among similar and dissimilar examples from the dataset. Often, providing definitive 

and broadly applicable examples of input and output can help guide the model to better results. 

Coupled with fine-tuning, few-shot learning, or prompt engineering, the models tasked with 

requirement automation can potentially achieve better generalization and benchmarks in most 

instances, especially when datasets are limited.  

As an example of transfer learning, a study has utilized the existing BERT LLM to 

identify requirements from unstructured documents. In the study, the authors manually label the 

PURE dataset for 80 requirement documents. To achieve requirement identification, they fine-

tuned the BERT LLM on their manually labeled dataset. Because their dataset spanned multiple 

requirements documents, the hope was that their model could learn better, more general patterns 

among diverse datasets. In the study, they utilized the fastText baseline model, ELMo with SVM 

classifier, and BERT for fine-tuning. Although their training efforts were limited, they were able 

to achieve an F1-score of 0.86, precision of 0.92, and a recall of 0.80 for the BERT model. 

Overall, BERT outperformed both the F1 and precision metrics, while fastText, and ELMo with 

SVM classifier outperformed for recall. For RFI documents, the results where similar across 

models. Ultimately, RFI-based documents showcased the ability of the BERT model to generalize 

to different, unstructured text and formats. Although this study’s results showed a lower F1-score 

than other, comparable studies, their dataset was larger and more diverse, likely leading to a more 

generalizable model for unseen requirements text (Ivanov et al., 2022). 
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Another study decided to expand upon basic transfer learning model implementations for 

requirement identification. The study implements multiple models with both a pre-processing and 

non-pre-processing implementation to help understand how techniques such as stop-word 

removal, POS tagging, and lemmatization can affect model results. Their model focus is broad 

due to their focus on statistical models, traditional classifiers, and semantic representation-based 

classifiers. For the implemented models, the authors utilized dimensionality reduction techniques 

such as Principal Component Analysis (PCA) to help improve model results. To train their 

models, the authors utilized a public dataset that was further refined into requirement and non-

requirement entries. Although the dataset was limited, they implemented methods such as fine-

tuning and few-shot learning to help achieve generalization and accurate classification. As an 

additional step to mitigate the impact of a small dataset, they utilized five-fold sampling for cross-

validation, a technique that can help with data generalization and serve to help expand limited 

datasets. Lastly, the study utilized a wide variety of LLM BERT variants on their labeled dataset, 

including SciBERT, RoBERTa, XRBERT, and XLNet. The traditional BERT uncased model 

outperformed every other model variant along with traditional classifiers. Although their BERT 

model performed the best, there were other models that performed similarly with a much faster 

execution time. Surprisingly, the study did not seem to indicate that preprocessing of text 

drastically improved the results for most of the traditional models. The results of preprocessing 

got worse in the case of LSTM-based RNNs and BERT-based models due to the sequential nature 

of data. Ultimately, their few-shot models showcased decent results among 10% and 20% training 

data, but were outperformed by models that did not use few-shot learning (Bashir et al., 2023).  

 Because most studies primarily focus on the identification of functional requirements, 

considering implementations that identify non-functional requirements is important. Although 

functional requirements typically follow a standardized format and have a strong, rigid syntax, 

the syntax of non-functional requirements can differ considerably. Therefore, to identify non-
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functional requirements, generalizability is a key factor. One study proposes utilizing models 

such as BERT and XLNet to detect non-functional requirements. The study tries to measure how 

impactful similar functional requirement-based methods can be for non-functional requirement 

identification. The study utilized a manually labeled dataset consisting of various non-functional 

requirement classes. Instead of identifying if text relates to a non-functional requirement, the 

study trains models to identify the various classes of non-functional requirements, including 

Availability, Maintainability, and Operability. To enhance the classification results, the authors 

further parsed the text through stopword removal, stemming, and regular expressions to remove 

unnecessary or redundant text. The study used a variety of models including BERT, Distilbert, 

Distilroberta, Electra-base, Electra-small, and XLNet. Of those models, XLNet performed the 

best with a 0.91 for accuracy, recall, and F1, showing an impressive performance among the 12 

classification tasks. When compared to other models such as Logistic Regression, SVM, and 

CNNs, XLNet performed significantly better for all classification classes (Khan et al., 2023).  

 For most requirement identification tasks, automated systems analyze text on a per-

sentence basis. A key issue that persists with requirement identification is the failure to break 

down requirements in a meaningful way beyond simple sentence segmentation. Although 

sentences can typically represent entire requirements, fully defined requirements can often span 

multiple sentences. To mitigate this issue, a study created an application called DRIP to help 

merge and detect multiple requirements within a paragraph (Zhao et al., 2023). The study 

addresses two primary issues for requirement identification. First, the algorithm addresses 

whether adjacent sentences belong to the same requirement. If the two sentences are related, the 

algorithm merges them. Additionally, the algorithm helps delineate the occurrence of a different 

requirement from within the same textual body, allowing for the output and distinction of 

multiple, different requirements in a paragraph. The novelty of this study is through the utilization 

of SBert and Siamese networks to help determine similarity among sentences. Naturally, the input 
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to the DRIP system is a segmentation of paragraphs. The Siamese network determines semantic 

similarity among sentences. If there is similarity, the system does not necessarily combine the 

sentences. It uses a series of heuristics to check for incompleteness, ultimately deciding whether 

to combine or separate the requirements. The system also utilizes SRL with pre-defined rules to 

make a determination on completeness. If a requirement is incomplete, the system redefines the 

boundaries of the requirement. The DRIP application showcased notable increase in accuracy, 

precision, and recall among comparable tools, while also providing a better way to segment and 

extract requirements (Zhao et al., 2023). 

 Due to the limitations and availability of existing datasets, transfer learning is a useful 

tool that allows for the fine-tuning of LLMs and task-specific models without extensive dataset 

availability. Transfer learning helps to re-use existing knowledge from models to achieve better 

results for a given task, including requirement identification. Models such as BERT and its 

variations are trained on an enormous amount of data and parameters, allowing for the fine-tuning 

and better generalization of tasks across unseen data. Because LLMs are already trained on 

existing data, fine-tuning often requires a minimal dataset for effective performance. Alternative 

methods such as few-shot learning, k-fold cross validation, text preprocessing, and dimensionality 

reduction can also help models perform well with unseen data and minimal datasets. Ultimately, 

these techniques and strategies make the broad generalization and identification of requirements 

possible, even with minimal datasets. Further, transfer learning can utilize the knowledge of 

LLMs to move beyond heuristic limitations often associated with other models. 

Requirements Identification with PURE and Derivates 

 Due to the limitations of publicly available datasets, many studies utilize the PURE 

dataset and other, similar variations. Primarily, the PURE dataset consists of requirements from 



119 

 

different types of requirement documents and representations. As a benchmark, the dataset will 

serve as an important distinction for model performance and reliability of the applied component 

of the research. As mentioned previously, the PURE dataset has many derivatives, as the dataset 

can serve multiple tasks. For instance, certain studies seek to utilize the requirements found 

within the dataset to help label functional and non-functional requirements. Other uses include 

foundational delineation of requirement and non-requirement classes. Still, there exist different 

versions and representations of the PURE dataset, yet their consistent representation of 

requirements serves as an important baseline for requirement identification tasks. Therefore, the 

utilization of the PURE dataset or a closely related set is analyzed in depth to help understand 

practical model performance (Bashir et al., 2023; Ivanov et al., 2022; Zhao et al., 2021). 

 As discussed before, an existing study utilizes the PURE dataset in conjunction with 

modern implementations and models. For an existing study, they took the existing PURE dataset 

and manually labelled for requirement or non-requirement classifications. For the dataset 

provided, their training was implemented in conjunction with fastText, ELMo+SVM, and BERT; 

their results showcased that BERT outperformed among the PURE dataset with an F1 score of 

0.86, a precision score of 0.92, and a recall of 0.80. The fastText model achieved a higher recall 

of 0.93. For further evaluation, the study utilized manual annotation and achieved superior results 

with the BERT model with an F1 score of 0.80, a precision of 0.90, and a recall of 0.81, where 

fastText again outperformed with a score of 0.82. Notably, their results seemingly diminished 

when testing model generalizability for the manual dataset (Ferrari et al., 2017; Ivanov et al., 

2022). 

 Another article utilized the dataset provided by the previous study, allowing for the 

synthesis of all requirement and NFR classifications into a single category, creating a practical 

requirement identification implementation that does not consider other classes of NFRs. The task 

implemented by the article therefore simply considers a binary classification of requirement and 
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non-requirement dataset instances. Ultimately, they implement more complicated models that 

help enhance the results specified previously. Notably, they implement auto-regressive LLMs, 

few-shot learning, and ensemble methods to help label requirements. In addition, they test these 

models on a Dronology dataset in conjunction with the PURE dataset. For the models, they use 

Llama2 as the auto-regressive LLM, which is a more complicated model than the typical BERT 

implementation. Their implementation of DeBERTa is a close BERT derivative that helps 

augment attention processing, allowing for a more refined understanding of word order and 

context. Lastly, they utilize Few-Shot learning, a technique that allows for the classification of 

data with minimal data instances, and an ensemble system, which combines and considers they 

output of all previous models (Wang et al., 2024a). 

 For the Dronology dataset, DeBERTa outperformed with an accuracy, precision, recall, 

and F1 of 0.87; whereas the macro average for F1, precision, and recall, were 0.84, 0.82, and 

0.83, respectively. Llama2 achieved an accuracy, precision, recall, and F1 of 0.71, 0.69, 0.71, and 

0.70, respectively. Next, BERT achieved an accuracy, precision, recall, and F1 of 0.85, 0.87, 

0.85, and 0.85. Lastly, Few-shot learning performed the worst with an accuracy of 0.68, a 

precision of 0.78, a recall of 0.68, and an F1 score of 0.70. For the PURE dataset, that was also 

combined with the Dronology dataset, various ensemble models outperformed among the general 

statistics. For instance, DeBERTa + Llama2 ensemble implementation achieved an impressive 

accuracy of 0.95, a precision of 0.97, a recall of 0.95, and an F1 of 0.95. Their macro averages, 

however, were lower with DeBERTa achieving the best results among precision, recall, and F1 

with scores of 0.91, respectively, suggesting a lower minority class performance. Other models 

showed lower accuracy, with DeBERTa achieving an accuracy of 0.91, Llama2 achieving an 

accuracy of 0.90, and Few-shot learning achieving an accuracy of 0.76 (Wang et al., 2024b). 

 Another approach utilizes a variety of meta-model implementations to help determine 

ideal models for requirement classification for the Dronology and PURE datasets. In conjunction 
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with their use of meta-models, the authors implement a processing layer in the form of LSTM or 

GRU implementations to help identify sequential patterns across embeddings. Primarily, their 

main models consist of variations for ALBERT, BERT, Electra, Longformer, Roberta, and Xlnet, 

with the variations corresponding to model size and complexity. For the standalone 

implementations, they evaluate these results across the PURE, RFI, and Dronology datasets 

(Saleem et al., 2025) 

 For the PURE dataset, the best standalone model for accuracy was accuracy was 

Longformer (large) with an accuracy of 0.83. Longformer large also achieved the highest F1-

weighted score with a result of 0.81. their highest results for sensitivity was achieved by the 

DeBERTa (base) model with a score of 0.82, while the Albert (base) model achieved a specificity 

of 0.94. Although there was variation among models, most standalone models performed 

consistency among the various statistics for the PURE dataset. Notably, the models achieved 

higher accuracy and general results for the Dronology dataset, including a high accuracy of 0.85 

for the Longformer (large) model. The study goes on to further suggest notable increases in 

weighted F1 scores across standalone models when utilizing the LSTM or GRU layer 

implementations for sequence classification, suggesting a better performance among minority 

classes. 

 To choose potential outperforming ensemble methods, the study combines the previous 

results and incorporates the top performance within the proposed meta model. For their proposed 

meta model of ALBERT + BERT + XLNET + LSTM, they achieved an average accuracy of 0.87 

for the PURE dataset. They also achieve precision, recall, and F1 scores of 0.88, 0.85, and 0.86, 

respectively, while achieving macro averages for these statistics of 0.83, 0.87, and 0.84, 

respectively. Generally, the proposed ensemble method achieved generally better results when 

compared to the FastTEXT, ELMo+SVM, and BERT implementations. Additionally, they also 

improved on previous work that utilized ChatGPT and Gemini for PURE classification purposes. 
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Notably, their ensemble model lagged behind the RFI dataset, but generally outperformed with 

the Dronology dataset, achieving an accuracy of 0.98 (Saleem et al., 2025). 

 Although there are limited implementations of the PURE dataset labeled specifically for 

Requirement and Non-Requirement tasks, existing results tend to showcase that ensemble models 

generally outperform when compared to standalone models. With the PURE dataset provided 

publicly, the representation of requirements is long and diverse across the dataset; perhaps more 

complicated models or ensembles better learned the representations of the data during the training 

process. Surprisingly, existing literature does not necessarily discuss the utilization and 

implementation of statistical or simpler models for requirement classification. The lack of model 

variety in the literature focus of complicated LLM and ensemble implementations creates a 

research gap for applied requirement automation. Specifically, most research utilized 

complicated, research-intensive implementations. Results may indicate that simpler models can 

adequately capture requirement representations without significant overhead. As an added 

limitation, existing studies combine their training with the Dronology dataset. Because of the 

Dronology dataset’s consistent labeling, results may be skewed towards imbalance. Indeed, many 

of the macro averages across statistics did show a lowered ability to achieve comparable statistics 

across both classes for requirement identification. 

Quality Analysis 

As a natural next step to requirement identification, quality analysis provides a way to 

analyze individual requirements, groups of requirements, and overall document quality. Many 

tools utilize different methods and quality models to automate the analysis of quality violation 

detection. Through time, these tools have progressed, although many of the foundational methods 

and implementations still inform modern research. Through the progression of different types of 
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methods, many of the historical rule-based and heuristic methods are used as feature inputs to 

new, more modern implementations for automated quality analysis. Although many of the quality 

attributes are different among systems, automated tools tend to measure similar metrics and 

violations, creating common rules and heuristics during the automated analysis process. 

Ultimately, quality analysis automation faces many of the limitations associated with requirement 

identification, including general inference limitations and differing syntaxes and textual patterns. 

 To classify common issues associated with requirements, various standards have helped 

define categories of quality violations. For instance, the general quality attributes, as mentioned in 

chapter 2, are provided in the IEEE 29148 standard. These quality attributes include the different 

criteria amongst both individual requirements and requirement groups, aggregating common best 

practices for requirement formulation. The standard in particular follows characteristics such as 

requirement necessity, appropriateness, ambiguity, and completeness. Primarily, the goal of the 

quality model is to make sure that requirements are well-specified and practical given system 

constraints. By following the characteristics provided by these standards, a requirement document 

is more likely to align with the needs of stakeholders, eliminating potential, costly problems 

during product development (“ISO/IEC/IEEE International Standard - Systems and Software 

Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

Quality Models, Attributes, and Indicators 

Because of the complexity and unstructured nature of requirement documents, automated 

systems have sought to define their own quality models for measuring quality. These custom 

models are created by differing attributes, which are the specific categories of violations that 

constitute a well-formed requirement. Additionally, the quality attributes are typically predicted 

or inferred by indicators, which are features or textual patterns that typically represent potential 
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violations associated with the requirement. Attributes make use of the aggregation of indicators, 

apply customized logic and heuristics, and determine violations relevant to the quality model. 

Different types of quality attributes utilize different indicators and heuristics during the 

automation process and have sought to utilize ideal heuristics to help measure requirement 

quality. 

As an example of custom quality model generation, a seminal article helped define the 

basic foundation of quality attributes and serves as a key template for many attempts to improve 

requirement document quality. In the article, the author defines key requirement attributes that 

matter within the context of requirement quality. For instance, the author defines quality 

attributes such as ambiguity, completeness, and correctness as necessary for high document 

quality. Ultimately, they provide twenty-four key attributes that serve as quality templates during 

manual or automated analysis. The article also suggests that many quality attributes directly affect 

other quality attributes, making the process of quality attribute inspection more difficult and 

interconnected. Lastly, the article provides metrics for measuring the adherence of requirement 

documents with the outlined quality attributes. These metrics are not automated, however; they 

require a manual inspection, typically of user feedback or simplistic rule-based tools. Ultimately, 

they provide eighteen primary measurements that map to various quality attributes. The 

generation of the various indicators and attributes in this seminal article helped to formulate many 

automated system implementations for quality analysis (Davis et al., 1993). 

To improve the automation capability of quality violation tasks, certain studies started to 

formalize the rule-based and heuristics process to measure quality. As an example, an article that 

inspired the NASA-based applications to analyze requirement documents showcased the potential 

of quality indicators to map to quality violations. In particular, the study utilized imperatives, 

directives, weak phrases, continuances, and options for individual requirements, while utilizing 

size, readability, specification depth, and text structure for document-wide indicators. Although 
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these indicators may not necessarily always serve as an accurate metric for violations, they 

generally can indicate document and requirement problems, without needing additional context. 

As an example, weak phrases are phrases that often create ambiguity or hurt practicality of 

requirements, such as “adequate,” “as applicable,” or “as appropriate”. The heuristics that the tool 

utilizes are simple, but common problems associated with requirement documents; they are also 

easy to detect through automation. The article utilizes the document and requirement statistics, 

applies heuristics and ratios, and determines based on rules the likely quality violations and 

overall document quality (Carlson & Laplante, 2014; Wilson et al., 1997). 

As a practical example of rule-based tool implementations, a study implemented a tool 

called Smella, a program that assists with manual analysis of requirements documents by utilizing 

dictionaries and other NLP-based methods such as POS tagging and Morphological analysis. The 

tool utilizes the heuristics defined in the IEEE 29148 standard, such as ambiguous adverbs, 

ambiguous adjectives, loopholes, superlatives, and non-verifiable terms, while also providing 

useful UI-based feedback that showcases the different violations throughout the document. 

Although the tool does not necessarily provide a complicated analysis of requirements, the tool is 

largely configurable and simplistic. Their results indicate that although requirement smells can be 

useful for quality analysis, there are potential issues with the accuracy and validity of certain 

indicator smells depending on project context. According to the study, the practitioners that 

utilized the tool found the smells to be helpful when analyzing requirement document quality. 

Lastly, some of the requirement smells were easier to detect than others or differed in 

commonality amongst the various requirement artifacts. Interestingly, existing research shows 

that there is subjective interpretation for quality attribute interpretation and perceived importance, 

further highlighting the difficulty of automation for requirement quality determination (Femmer 

et al., 2017; Kummler & Fromm, n.d.; Kummler et al., 2018). 
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 As part of a way to understand the current implementation of requirement smells, a 

systematic study looked at nineteen different sources that utilized various types of requirement 

smells and indicators. The study defines the different types of smells utilized in the various 

methods, including morphological, lexical, analytical, and relational smell types. Although some 

of these smells were simplistic phrase and word-based components, other smells were 

aggregations of those individual indicators. For instance, component-based heuristics included 

verbal tense, passive voice, number of words, and number of paragraphs. Other smells looked at 

the actual relationship and analysis of requirements beyond words and phrases, such as missing 

conditions, semantic ambiguity, pragmatic ambiguity, and continuances or references. Most 

modern smell detection algorithms utilized NLP, Machine Learning, or both, while a considerable 

amount of implementations also utilized dictionaries and rule-based heuristics. For NLP-based 

techniques of smell detection, methods such as POS tagging, tokenization, and lemmatization 

were primary used to help derive analysis of associated NLP and ML-based rules. The study also 

gives a list of modern tools that utilized smells for requirement quality analysis, showing a 

notable gap in practical tools for more complicated ML detection methods (Alemneh & Berhanu, 

2024). 

Different Types of Quality Analysis 

So far, rule-based and heuristic-based analysis are discussed as viable and common ways 

to measure requirement document quality. These methods of analysis are powerful, but limited 

due to the complexity of requirement documents, and the need for an understanding of domain-

related and contextual-specific content. As mentioned before, some requirement quality analytical 

systems try to utilize analysis and relational heuristics to measure quality adherence, but many of 

the implementations are difficult through a simple rule-based method of analysis.  
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Throughout existing work, there are a wide variety of different types of analysis 

discussed for the existing literature and software implementations. An existing study cites that 

there are rule-based, formalization and modeling-based, and automation-based ways to conduct 

requirement quality analysis. They define rule-based methods as the typical heuristics that can 

indicate quality violations without analyzing further context or relationships. Formalization and 

modeling-based methods parse requirement artifacts, map existing requirements and their 

relationships, and typically generate a structure, such as an ontology, to detect violations based on 

requirement relationships. Lastly, automation systems utilize complex NLP-based and ML-based 

methods to detect violations within a requirement. Examples of ML-based methods include 

Decision Trees, Neural Networks, and Feature Engineering. These methods differ considerably, 

while also proving useful through a variety of different situations and functions (Kummler, 2021).  

 Of the existing tools utilized for quality violation detection, there are common processing  

techniques utilized across a variety of tools depending on the type of implementation. For 

instance, of the thirty-one tools specified in a systematic analysis of NLP for Requirements 

Engineering, techniques such as Bag-of-Word, Frequency Analysis, Keywords Searching, 

Lexical Analysis, POS Tagging, and SRL are used, often in deriving features for rule-based and 

heuristic implementations. Other tools utilize ML classification, Semantic Analysis, Annotation, 

Similarity Measurements, and Embeddings in the form of automation-based requirement analysis. 

Of the tools identified, the most commonly used NLP techniques were POS Tagging, 

Tokenization, Parsing, and Stop-Words Removal, which are all primarily feature engineering and 

rule-based methods. Techniques such as ML Classification, Semantic Analysis, and Embeddings 

were hardly utilized among existing tools. The study also mentions the notable lack of tooling 

availability, collaboration with practitioners, and utilization of modern ML-based methods (Zhao 

et al., 2021). 
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Existing Tools 

Based on the general categories of automated tools, discussing the existing tools and their 

methodologies is useful to determine the research gap and avenues for potential improvement. As 

mentioned before, most of the tools cited are not necessarily available for download or are 

outdated and unusable due to lack of support. However, many methods exist outside of practical 

tooling that showcase and implement new, modern methods of quality analysis. Even with these 

implementations, there is a notable lack of tooling that incorporates these modern practices into 

automated analysis of requirements. Still, these modern methods can provide inspiration for 

understanding how to improve the practical implementation of tools or the development of new 

features and capabilities for requirement quality analysis (Zhao et al., 2021). 

Automated Modeling Tools 

For complicated quality attributes, many tools seek to provide visuals of requirement 

artifacts instead of automated requirement defect detection. Through the use of visuals, human 

practitioners can easily see dependencies and overall relationships from within the requirement 

documents. For instance, UML models and class diagrams are all artifacts that help to visually 

represent complicated relationships and actions within documents. Even without human 

practitioners, modeling helps to create an ontological mapping that a rule-based system could 

analyze. Of the existing automated tools, the vast majority of them automate modeling. 

Therefore, analyzing the usefulness of these tools helps to understand how modeling can translate 

to quality analysis (Zhao et al., 2021). 

A few systematic studies have shown the specific impact of modeling tools. A more 

recent systematic study describes other tools that are practically implemented, along with various 
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methods and concepts to analyze requirements. These tools and methods help to achieve 

automatic analysis through different implementations. As an example, the study cites a few 

practical tools that deal with the generation of models to help with the requirement analysis 

phase. DoMoBot, a tool cited by the systematic study, transforms domain problem descriptions 

into domain models. To accomplish the transformation, the tool utilizes a combination of rule-

based methods, semantic similarity, and Machine Learning. Rule-based methods help to 

transform and extract the metadata of sentences to formulate concepts, while embeddings and 

ML-based methods help to understand the association and relationships among the different 

domain entities (Saini et al., 2020). Another tool called TRAM helps with the generation of 

models and the automation of Model Driven Development. The tool takes requirement text, parses 

it through rule-based actions, and outputs associated with UML diagrams and a traceability report 

that helps map the requirement text to the UML elements. As an alternative to other tools, TRAM 

utilizes multiple different templates when analyzing requirements to better determine model 

relationships; these templates, called Semantic Object Models (SOMs), are then used to generate 

the various dependencies and models present in a UML class diagram. Lastly, the tool generates a 

report via RTracer that helps with forward and backward traceability (Letsholo et al., 2013). 

Other tools specified in the systematic review such as Sugar, CM-Builder, aToucan, Use Case 

Diagram Generator, UML Model Generator, Sequence Diagram Generator, and Conceptual 

Modeling all work to transform plain text requirement artifacts into structured, model-based 

representations (Umar & Lano, 2024). 

Automated Extraction Tools 

When considering model generation and other automated requirement tasks, there are a 

variety of tools and methods that help with automation and quality analysis. Ultimately, model 
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generation is a useful way to analyze complicated quality attributes through the use of powerful 

visuals and ontologies. Although model generation and quality analysis are distinct tasks, model 

generation can typically help with requirement evaluation; For instance, requirement models can 

create visuals that help with the analysis of completion, consistency, traceability, or ambiguity 

(Cavada et al., 2009). Alternatively, model-based automation systems can help generate 

requirements with models as input (Gupta & Siddiqui, 2019). According to a systematic study, 

modeling-based tools made up a wide-variety of the existing tools for automation at 26.15%, with 

detection of defects at 23.85% (Zhao et al., 2021). 

Because of its close relationship to modeling, extraction tools are often pivotal in the 

automation process to facilitate the generation of artifacts. Extraction-based tools focus on 

establishing glossaries that include domain-specific terms and phrases. This task focuses on 

extracting out the text that creates actual relationships and is requirement-based. Primarily, 

extraction serves as the input to many other requirement automation tasks, including detection, 

classification, and modeling. Typically, NLP-related methods are used to determine the entities 

and relationships needed to achieve extraction. Extraction makes an important impact with 

modeling, and often serves as a necessary precursor to the generation of artifacts. Therefore, there 

are a variety of different tools that provide API capabilities for extraction. In essence, extraction 

tools can help refine the document, while eliminating irrelevant text. Of the existing tooling, 

extraction makes up approximately 18.46% of tools (Zhao et al., 2021). 

Automated Quality Tools 

As its own separate category, there are a variety of tools that automate detection of 

quality attribute violations for various different requirement artifacts. A systematic study looks at 

the various types of tooling available, ranging from older tools to more recent applications. These 
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tools differ widely in their implementations and methodologies for accomplishing automated 

analysis. Additionally, the quality models used for automation also differ significantly. When 

considering the various tooling that is available, this analysis looks at rule-based tools and AI-

based tools, which are two common, distinct categories used throughout the available tools for 

automated requirement analysis (Zhao et al., 2021). 

For existing rule-based tools, the Systemized Requirements Engineering Environment 

tool (SREE) helps to measure ambiguity through rule-based indicators, primarily focusing on 

100% recall for violations at the cost of precision. SREE relies on dictionaries that are user 

expandable, focusing on simplistic words and phrases instead of complicated heuristics. In 

essence, the tool tries to allow for dynamic list expansion while also utilizing common quality 

violation indicators (Tjong & Berry, 2013). A more complicated tool, called the Requirements 

Quality Analyzer (RQA), analyzes text on a morphological, lexical, analytical, and relational 

basis. The RQA tool provides feedback to the user based on the specific quality violation by 

utilizing the indicators as a way to map to error feedback messages. Uniquely, the RQA tool 

utilizes a step function that determines if quality indicators positively or negatively affect quality 

(Génova et al., 2013). As another rule-based tool, LELIE utilizes common rule-based heuristics to 

detect lexical, syntactical, semantical, and discourse-based errors. As an alternative to other rule-

based tools, LELIE, adjusts its heuristics based on user feedback, allowing for the dynamic update 

of rules to better accommodate domain-specific knowledge (Saint Dizier & Kang, 2015). 

There are many rule-based tools that focus on simplistic easy-to-use implementations and 

continually make a practical impact on existing tooling for the current iteration of automated 

quality tools. For instance, the Automated Requirements Measurement tool (ARM) is a tool that 

utilizes aggregated textual statistics within requirements such as continuances, directives, and 

weak phrases to determine overall document quality. The tool provides references to the potential 

violations within the output, allowing for an intuitive explanation of how to enhance document 
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quality (Carlson & Laplante, 2014). The SRR-Director tool analyzes a custom quality model, 

including accuracy, ambiguity, and verifiability. The tool supports MS Word, Excel, structured 

XML, and text files for input. Additionally, it utilizes lexical analysis, syntactical analysis, and 

dictionaries to generate conclusions about requirement quality (Berrocal Rojas & Barrantes 

Sliesarieva, 2010). The Quality Analyzer for Requirements Specifications (QuARS) is a popular 

tool that measures linguistic issues associated with ambiguity, incompleteness, and inconsistency. 

The tool defines a new quality model that specifies heuristics for ambiguity, specification, and 

understandability quality attributes. The scope of the tool focuses on lexical, syntactical, and 

semantical heuristics for the quality attributes within the custom model. The tool also provides a 

UI-based implementation that highlights the location of specific indicator violations, while 

providing dynamic dictionaries that allow for the adjustment of indicators (Lami et al., 2019). 

Lastly, REGICE is a tool used to extract out glossary terms for requirement artifacts. The tool 

helps to store, organize, and combine related glossary terms, serving as a preliminary and 

informatory tool to many other, practical quality tools. The tool ultimately helps determine 

features and potential quality violations such as inconsistent terminology (Arora et al., 2017). 

These tools are widely useful and informative to many modern implementations, serving as 

methodological foundations or tools to help further parse requirement documents. 

Other, more complicated, rule-based tools go beyond simple heuristics to detect quality 

violations. Some of these methods use formal-based implementations and abstractions to help 

create a structured format that enables quality analysis of complicated quality attributes. For 

instance, AnaCon is a Controlled Natural Language (CNL) tool that takes in a strict linguistic 

structure, generates formal logic, and detects logical conflicts. The tool requires strict, rigid 

structures, but helps to analyze conflicts through obligations and prohibitions. Through the 

utilization of a custom tool, AnaCon gives counterexamples to show the reasoning behind 

suspected violations (Angelov et al., 2013). An alternative tool, the Automated Inconsistency 
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Checker (MaramaAIC), is a rule-based tool that abstracts individual requirements to general 

categories and forms of requirements. By reducing the requirement specificity and applying a 

general mapping to generic requirement components, the tool can check for consistency, 

correctness, completeness, and traceability for requirement documents. The tool generates visual 

outputs in the form of models and HTML components that help convey the dependencies and 

potential conflicts among requirements. All of the tool’s heuristics are based on the generic forms 

of requirements, instead of the actual requirement. Although information is lost during the 

conversion, the tool is able to detect broad requirement inconsistencies while also enhancing 

readability (Kamalrudin et al., 2017).  Dowser, another model-based tool, analyzes ambiguities, 

inconsistencies, and underspecifications within requirement documents. The tool turns the 

requirement-related text into a visual presentation of requirements in model form, including 

classes, methods, variables, and associates. Accordingly, the tool can utilize pre-defined logic and 

human inspection to identify complicated quality attribute violations (Popescu et al., 2008). As an 

additional example of formal methods, the Knowledge reuse-oriented safety analysis (KROSA) 

tool analyzes potential hazard and safety issues based on an ontology and previous examples 

provided by the user. The tool expands on the upfront investment for user input to provide better, 

more accurate results. KROSA utilizes NLP methods to break down requirements, reference 

relevant ontologies and domain knowledge, and match to potential problems through similarity 

metrics (Daramola et al., 2013). 

Other tools that rely on formal-based methods and strict input are also specified within 

the systematic review. The Requirement Assessment Tool (RAT). Extends upon legacy tool 

functionality from GVscrib, Innoslate, QuOD, and RQA. The tool supports the analyses of 

various file types, including doc, docx, txt, and pdf. It also utilizes dictionaries to measure the 

quality adherence to the IEEE 29148 standard. Additionally, the tool analyzes both individual 

requirements and global document quality (Naeem et al., 2019). As a way to provide system 
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compatibility through API access, the AQUSA tool exposes an API that is broadly useable for 

quality analysis. The tool checks user stories for template conformance and adherence to the QUS 

framework for quality. The tool also utilizes rule-based heuristics through the use of NLP to 

analyze syntactic, semantic, and pragmatic quality violations. To analyze pragmatic and semantic 

violations, the tool utilizes the aggregations of various different analyzers to determine quality 

violations. The tools API support allows for a deeper analysis of requirements due to the formal 

notation and processing available with integration (Lucassen et al., 2016).  

There are also many tools that utilize unique methods of analysis beyond typical 

extraction and quality analysis techniques. These tools primarily focus on ways to integrate with 

the experience of the user, allowing for more creative and broad solutions. For instance, the 

Computer-Aided Requirements Logic (CARL) tool focuses on defining UI-centered approaches 

to abstract away formalization logic; the tool does not force changes based on formal logic results 

to help facilitate the natural evolution of requirements. Functionally, CARL creates an abstraction 

of the formal logic utilized with associated intuitive UI elements. The tool focuses more on 

practical requirement development, instead of encouraging near-perfect requirement documents 

(Gervasi & Zowghi, 2005). Another unique tool, NARCIA, deals with change management of 

requirements in an automated fashion. The tool utilizes phrase similarity via WordNET path 

similarity metrics to determine of other requirements are likely affected by a change. The tool 

compares requirements across phrases or sentence components to determine likely impact from a 

change. NARCIA does not require traceability across requirements due to the method of semantic 

analysis utilized by the tool (Arora, Sabetzadeh, Goknil, et al., 2015). Lastly, QAMinor, focuses 

on extracting out quality attributes from use cases. The tool extracts out early aspects, which are 

verb-object pairs from requirements, maps the early aspects to a general quality attribute, and 

stores the early aspect and associated quality attribute in an ontology. The tool utilizes semantic 

similarity of existing matches found through the ontology to determine accurate placement of an 
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early aspect. Utilizing the aggregation of the ontology results, the system extracts the most 

important quality attributes that most commonly appear in the document (Rago et al., 2013). 

Lastly, there are a variety of tools that utilize NLP, AI, and ML-based methods to achieve 

automatic analysis and extraction of requirement documents. Although these tools are available 

and useful, they often contain small scopes of focus due to limited training data within the 

requirement analysis domain. A tool called RETA primarily focuses on requirement template 

conformance through the use of NLP-based strategies and pre-defined templates. The tool breaks 

requirements into their appropriate grammar type, consolidates the individual elements using text 

chunking, and then fills in slots corresponding to Rupp’s and EARS templates. Ultimately, the 

tool avoids the need for complicated sentence parsing and contextual understanding by mapping 

parts of the sentence into pre-defined categories that are used to measure template conformance 

(Arora, Sabetzadeh, Briand, et al., 2015). Another NLP-based tool, called Detect Nominalizations 

(DeNom), checks nominalizations within requirements to determine if they are fully specified. 

Nominalizations occur when verbs are converted to nouns; problems with nominalizations exist 

when the full components of the nominalization are not understood within the requirement 

context. Therefore, the tool checks to see if the nominalization errors are useful, eliminating 

examples that are easily understood and common. The tool achieves the automatic analysis 

through NLP and rule-based methods, including tagging, dependency graphs, and ontologies. By 

using the pre-built Cyc ontology, DeNom can analyze requirements without the need for 

document context (Landhaußer et al., 2015). 

Additional tools utilize pure AI and ML methodologies to achieve requirement quality 

analysis. For instance, the Nocuous Ambiguity Identification Tool (NAI) identifies nocuous 

ambiguities through ML-based methods. Instead of focusing on all ambiguities, NAI focuses on 

ambiguities that will likely have a strong impact on quality. The tool utilizes basic NLP methods, 

rule-based heuristics, and aggregated heuristics to detect ambiguity through Machine Learning. 
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These rule-based elements serve as features for the ML model, allowing the model to learn off of 

concepts such as coordination frequency, distributional similarity, colocation frequency, 

morphological similarity, and semantic similarity. These heuristics utilize document-wide 

statistics to determine relative impact of ambiguity, leading to more relevant results (Yang et al., 

2010). Next, the Requirements Specification Ambiguity Checker (ReqSAC) is a classification 

tree-based tool that combines heuristics and ML to make inference about ambiguity for 

requirements. The tool trains the classifier off of examples provided by experts, allowing for the 

derived surface-level features to be used as an ML-based concept. The tool utilizes sentence-level 

and discourse-level features to train the model. Because of the dynamic nature of the tool, the 

results showed a higher agreement with human annotators (Hussain et al., 2007). 

Current State of Automation Tools 

According to a recent systematic study, there are multiple avenues of automatic tools that 

further explore requirement quality automation through various methods, including ML-based 

and rule-based methods. These tools that share commonality with the previous systematic study 

discussed show a variety of different methods and purposes of automatic tools across multiple 

domains of operation. For instance, tools specified under model generation include unique ways 

to extract models and visuals from different requirement documents. Some of the output artifacts 

include class models, UML models, sequence diagrams, and goal models. The majority of these 

tools rely on AI and ML-based methods along with NLP to help preprocess and generate artifacts. 

Other tools allow for the generation of requirement specifications through the input of formal 

grammar or pre-defined requirements, mitigating the issue of natural language (Umar & Lano, 

2024). 
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Additionally, the study also talks about requirement elicitation, a pivotal preliminary step 

to most automated requirement processing techniques. Some of these tools work to extract 

requirements from user sessions and feedback, instead of trying to parse a requirement document. 

Because requirements are often stored in multiple places, these tools try to extract out the 

requirement-related task from multiple sources of information. Some of these tools provide 

support for requirement extraction from meetings and audio as well, allowing for the real-time 

storage of requirements from meetings and external documents. Importantly, some of these tools 

also support requirement documents as input during the requirement extraction process; these 

implementations help to facilitate the preliminary process of requirement extraction for 

requirement documents, allowing for quality analysis and eliminating the need for re-inventing 

the process of identification. These processes primarily utilize NLP-based methods and the 

generation of ontologies and formal structures to create artifacts, suggesting that NLP is typically 

enough to extract out the information related to requirements necessary to generate artifacts. 

Seemingly, formal languages seem to act as an intermediary step for both the generation of 

models and the generation of requirement documents from models (Umar & Lano, 2024). 

For the vast majority of quality analysis tools and methods, the primary implementations 

contain rule-based and NLP-based methods. Although there are tools that implement ML-based 

methods, few practical tools utilize Machine Learning to detect quality attribute violations. 

Additionally, most of the tools primarily focus on inconsistency or ambiguity; few tools measure 

multiple quality attributes, meaning there is not an availability of general-purpose tools for 

quality automation. Of the existing tools provided, many seek to determine if there are duplicate 

requirements or requirements-based text through the use of semantic analysis. Additionally, the 

method of requirement similarity matching helps with traceability and consistency within the 

quality framework outlined previously. Still, these tools do not implement quality models beyond 

similarity matching, leaving a severe gap in the availability of practical tools for quality analysis. 
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Seemingly, many of the practical tools specified in the different systematic literature reviews 

indicate that most tools focus on specific tasks, such as ambiguity detection or conflict analysis. 

Of the existing tools provided in both systematic studies, many are unavailable, implemented in 

an academic setting, or describe only theoretical concepts based on the rules of a method’s 

preliminary analysis.  

Lastly, the systematic study talks about tools that are specifically dedicated to 

classification of requirements. Some of these classifications include determining if user text 

constitutes a requirement, while other implementations talk about trying to determine if a 

requirement is functional or non-functional. The determination of requirement type is a pivotal 

preliminary step to quality analysis, making many of these tools an important part of the pipeline 

for requirement automation processing. Additionally, some of the tools outlined help to determine 

if requirements belong to a similar group, allowing for complicated quality analysis, such as 

completeness. These determinations, similar to other methods of automation, utilize semantic 

similarity of requirements to determine appropriate placement. Also, various tools focus on 

requirement triage, a method to determine the relative impact and importance of a given 

requirement. As a result, triage tools can help inform quality analysis tools by placing weight on 

certain requirements depending on relative impact. Overall, these tools allow for the generation of 

metadata for requirement documents, helping to improve the overall process of requirement 

analysis. Table 12 shows the various different tools provided by the systematic study; the 

categorization includes model generation, elicitation, quality assurance, and classification. 

 

Table 12 Existing Tools by Category 

Category Tools 

Model Generation DoMoBot (Saini et al., 2020), TRAM 

(Letsholo et al., 2013), SUGAR (Kumar & 

Sanyal, 2008), CM-Builder (Harmain & 
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Gaizauskas, 2000), aToucan (Yue et al., 

2015), Use Case Diagram Generator 

(Vemuri et al., 2017), UML Model 

Generator (Deeptimahanti & Sanyal, 2011), 

Sequence Diagram Generator (Thakur & 

Gupta, 2014), Conceptual Modeling (Vidya 

Sagar & Abirami, 2014), Secure Tropos 

Model Generation (Kiyavitskaya & 

Zannone, 2008), Two-Level Grammar 

Parser (Lee & Bryant, 2004), Class Diagram 

Extractor (Ibrahim & Ahmad, 2010), ER 

Diagram Generator (Kuk et al., 2019), 

Arabic Use Case Modeler (Jabbarin & 

Arman, 2014), Ontology-Based Class 

Diagrammer (Jyothilakshmi & Samuel, 

2012), NL to Class Diagram (Sharma et al., 

2015), Sequence Diagram (Alami et al., 

2017), Sequence Generator (Segundo et al., 

2007).  

Elicitation Requirements-Collector (Panichella & Ruiz, 

2020), Requirement Mining Framework 

(Pinquié et al., 2018), Data Mining for RE 

(Qureshi et al., 2021), Graph-Based 

Elicitation (Wang et al., 2021), GOORE 

(Shibaoka et al., 2007), Ontology-Guided 

Elicitation (Farfeleder et al., 2011), JIT 

Requirements Capturer (Reddivari et al., 

2019), Requirements Recommender 

(Castro-Herrera et al., 2009), Mobile App 

Security RE (Yusop et al., 2016). 

Quality Assurance, review & Consistency InConsistency Checker (Kamalrudin et al., 

2010), InConsistency Handling Assistant 
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(Bhatia et al., 2013), Duplicate Use Case 

Detector (Rago et al., 2016), Linguistic 

Merge Tool (Umar & Lano, 2024), 

RENDEX (Antinyan & Staron, 2017), 

CIRCE (Ambriola & Gervasi, 2006), 

Ambiguity Detector (Ferrari & Esuli, 2019), 

EA-Analyzer (Sardinha et al., 2013), 

REInDetector (Nguyen et al., 2012), 

MaramaAIC (Kamalrudin et al., 2017), Spec 

Review & Test (Miao et al., 2016), Quality 

User Story (Lucassen et al., 2016), 

Requirements Quality Classifier (Parra et 

al., 2015), Aspect Mining for Quality 

Attributes (Rago et al., 2013). 

Classification Crowd RE Request Classifier (C. Li et al., 

2018), F/NFR Classifier (Kurtanović & 

Maalej, 2017), NFR Classifier (Haque et al., 

2019), CNN Requirements Classifier 

(Winkler & Vogelsang, 2016), Rule-Based 

RE Discovery (Vlas & Robinson, 2011), 

Requirements Classification & Reuse 

(Cybulski & Reed, 2000), Requirements 

Prioritization (Duan et al., 2009). 

 

 The tools outlined in the systematic study show a wide range of functionality and use 

across different requirement automation domains. These tools utilize a wide-variety of methods, 

including NLP, ML, and rule-based implementations to accomplish many different automation 

tasks. Many of these tools show the immense potential of traditional NLP processing techniques, 

especially when the tool’s purpose is limited and well-defined. Often, many of these tools provide 

the ability to act as a preliminary step in the automation process for informing other tools. For 
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each part of the pipeline, there is a specialized tool that can perform data pre-processing. For 

instance, many tools help perform requirement elicitation and extraction, while other tools help to 

take pre-processed requirements and generate models and diagrams. Notably, current tools have 

not utilized modern methods of AI/ML. As an additional problem, many of the practical tools are 

not publicly available. Of the existing and available tools, many only focus on a few quality 

attributes. Additionally, there is a severe lack of practical tool implementation based on 

practitioner feedback. Because most existing tools do not address the entire process of 

requirements engineering, the existing applications fail to consolidate the approaches of 

requirement automation processing in a meaningful way. Additionally, the limitations of dataset 

availability for automated requirement processes make modern tools difficult to produce. 

 The consolidation of the various tools and methods for requirement automation should 

include modern methods of processing with the support of automating most major requirements 

engineering activities necessary to perform quality analysis. For instance, a tool should utilize 

modern methods to allow for both requirement identification and quality analysis for 

requirement-related documents; the processing of both identification and analysis limits the need 

for multiple systems and data pipelines that make the automation process tedious. This system 

should also measure quality attributes from the IEEE 29148 standard, while also providing 

meaningful feedback to the user about quality violations. Lastly, research on how to mitigate the 

lack of dataset availability for requirement automation tasks remains an important factor for 

practical tool implementation. For the generated data, modern methods should take into account 

the diversity of domain and form present within requirements. As a notable limitation of existing 

tools, rule-based methodologies remain prevalent in practical implementations of requirement 

tools. Ideally, a new requirement tool would also utilize methods that allow for context and 

pragmatic understanding of context, allowing for the achievement of analysis beyond heuristics. 
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Conclusion 

In this chapter, both requirement identification and requirement quality analysis were 

discussed. These two automatic processes are pivotal for the requirement automation process; 

often, identification and quality analysis are related for the practical analysis of requirements. 

When talking about requirement identification, there are a wide range of ways to identify 

requirements within text. Some methods utilize rule-based methods to identify requirements, such 

as looking for common terminology or phrases that are often associated with requirement text. 

Other implementations utilize Machine Learning to adequately classify requirements. Of these 

ML techniques, studies have looked at unsupervised and supervised learning methods. Critically, 

datasets like PURE allow for the training of ML models for requirement identification, making 

the process of model training more practical. Unfortunately, other automated requirement tasks, 

such as quality analysis, do not have the same availability of labeled data.  

Quality Analysis of requirements is complicated due to the lack of available training sets. 

As a consequence, the multiple types of analysis and quality models further complicate the 

automation process. This chapter showed that the existing tools available for quality analysis are 

minimal and vastly unavailable. Unlike implementations for requirement identification, methods 

of quality analysis mostly relied on typical rule-based and heuristic methods to perform 

automation. Current tools still have not implemented new ML-based methods to perform quality 

analysis, leaving a considerable research gap for automated requirement quality analysis. 
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Chapter 4 

 

ARQM: A New Tool for Requirements Detection and Analysis 

 The ARQM tool was developed as a practical tool to help mitigate the challenges 

associated with the requirements engineering process. Ultimately, the tool’s purpose was to 

automate many of the existing and tedious processes to ultimately help generate better 

requirement artifacts, simplifying the necessary user’s work during the requirement process.  

Primarily, the tool’s intention was to provide an easy-to-use interface with broad support across 

general requirement documentation. Additionally, the tool focus included modern NLP and AI-

based methods for requirement quality analysis, expanding upon existing tool capabilities for 

feedback and quality violation detection. ARQM ultimately included both requirement quality 

analysis and identification during its evolution as a requirement automation solution. The 

different evolutions of ARQM’s development, including the original add-in application to the 

simplified ingestion, helped to further consolidate the accuracy and usefulness of the tool, 

allowing for a general-purpose solution for most types of requirement documentation analysis. 

The tool was strongly inspired by past tools, including the ARM and ARM reconstruction tools. 

As the tool’s development progressed, many different tools and implementations helped to inform 

the tool’s scope and operation. This chapter discusses the progression and final implementation 

details of the ARQM tool, discussing the details of how the practical application utilizes 

theoretical concepts to accomplish automatic requirement identification and quality analysis 

(Carlson & Laplante, 2014).  
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History of Development 

The ARQM tool has developed and changed significantly throughout its implementation. 

Originally, the tool’s focus was to serve as an interface for Microsoft Word documents. Critically, 

the idea of interfacing with Word was to utilize the application-specific APIs in the hope of 

accomplishing broad and extensive use cases for requirement automation. Additionally, a Word-

specific application provided unique abilities to provide UI-based feedback, while increasing the 

intuition of analytical results through inline comments. The original scope of the ARQM 

application was extensive, supporting a broad range of session management functionalities and 

broad requirement actions. As the tool was developed, the implementation shifted to a simple 

API-based program that minimized UI feedback. With the API-based implementation, 

requirement identification became a pivotal factor for adequate processing, while ultimately 

simplifying the overall complexity of the application and its associated implementation. 

Microsoft Word Add-in 

The Add-in implementation for ARQM was meant to combine both user input with the 

strong and extensive capabilities of AI-based methods. Primarily, the add-in was meant to allow a 

user to identify the requirements and requirement groups through the ARQM user interface, while 

providing automated quality feedback based on the declared requirement-related text. By 

allowing the user to declare requirements and requirement groups, the tool mitigated the parsing 

complexity of requirement documents. Additionally, by eliminating the need for automated 

requirement identification, the ARQM system could derive critical features that were necessary 

for analyzing complicated quality attributes among both individual and group requirements. 

Ultimately, the manual declaration of requirement allowed ARQM to bypass the unstructured 



145 

 

nature of requirement documents, while also allowing for the formulation of a requirement 

hierarchy. 

Originally, the intention of the ARQM add-in implementation was to provide general 

feedback for all quality attributes among both individual and group requirements. Because of the 

system access to requirement hierarchy, analyzing complicated quality attributes for requirement 

documents was possible, even among requirement groups. For instance, the scope of ARQM 

included quality attributes that required knowledge of all existing requirements, their associated 

hierarchy, and document context. Even though measuring quality attributes such as completeness, 

consistency, and feasibility are complicated, ARQM helped consolidate and simplify the 

documentation within requirement artifacts to make an automated analysis possible. Figure 11 

demonstrates how the ARQM Add-In primarily works for common requirement-related tasks. 

 

Figure 11 Basic Add-In Implementation 

As shown by the previous example, the ARQM system takes a Word document as input 

and, through context and session management injection, loads the application state for that 
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specific document. Once loaded, the user can update the application through requirement and 

requirement group declarations or prompt updates. Prompt updates are manual user input that 

help provide pivotal context to the application during model inference, allowing for the creation 

of external knowledge and user-defined limitations before implementing quality evaluation. Any 

of these three actions will update the application state, save the relevant information to the user 

session, and aggregate results accordingly. Additionally, the ARQM Add-in application utilizes a 

variety of different model implementations to help with inference. Primarily, the application was 

concerned with quality attribute determinations while also providing feedback based on the 

inference results. To engage in quality violation, the system requires certain features from the 

existing user session. Figure 12 shows the input information necessary to accomplish automated 

inference of quality for requirements and requirement groups within the ARQM application. 
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Figure 12 Add-In Data Flow 

 

To address some of the important capabilities of an automated requirement analysis tool, 

ARQM focuses on a wide range of features which are engrossed- primarily on requirement 

management, traceability, and automated quality analysis. The core features of the application 

provided the user with the ability to define the requirement structure, analyze the associated 

quality of requirement text, and interact with the various quality results. These features combine 

the necessity of user input with the automated ability of ARQM to measure requirement quality. 
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Critically, the application measured all quality attributes, while providing granular explanations 

for potential violations among requirements and requirement groups. Table 13 lists the main 

features provided within the ARQM application.  

 

Table 13 ARQM Add-In Features 

Feature Explanation 

Aggregated Statistics ARQM provides a way to aggregate quality 

data based on requirement and requirement 

group results. The aggregated statistics give a 

visualization of the overall document quality 

based on the declared requirement text. 

Requirement Hierarchy It allows for the generation and visualization 

of requirements through a hierarchy of groups 

and individual components. ARQM allows for 

a visualization of requirement dependencies 

while also enabling smarter quality 

processing. 

Quality Evaluation ARQM analyzes the quality attributes of both 

individual requirements and requirement 

groups. The tool primarily utilizes the IEEE 

29148 quality model for analysis during the 

automated feedback process. ARQM also 

utilizes the defined requirement hierarchy to 

provide context and other important 

relationship information for quality 

evaluation. 

Custom Prompts ARQM utilizes custom prompts, a pivotal 

way for the user to provide context to the 

system before evaluation. Within the 

interface, the user can provide both AI-

specific instructions and project context to 
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consider before analyzing quality. These 

inputs allow for the injection of additional 

context and limitations that may exist within 

the project. 

MS Word Integration The ARQM application is integrated 

primarily with MS Word through the add-in 

API. The components of Word make the 

application processing linked to user actions, 

simplifying the process of requirement 

identification, while providing more intuitive 

feedback. ARQM utilizes word-based 

components such as comments, highlighting, 

and inline feedback that are native to the 

Word interface. 

Tool Communication ARQM provides the ability for users to 

respond to quality violation responses from 

the system while also maintaining a 

communication history for all requirements 

and requirement groups. By allowing user 

feedback, added context allows for better 

model responses and inference. 

Custom Accounts All interaction history, quality results, and 

statistics are saved within the user account 

context. A user can utilize their login 

information to continue analyzing their 

requirement documents. 

 

 When considering the variety of different AI-based implementations available, ARQM 

utilized various types of data processing, analysis, and inferences to achieve classification and 

feedback of requirement quality. Initially, the intent of the application was to utilize the new 

advancements in AI technology among LLMs. Through the use of prompts and generative AI, 
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achieving both classification and explanation of generation was possible. The primary goal was to 

formulate a prompt that considered the document context, requirements, and the associated 

hierarchy before generating an inference. For individual documents, the prompt included the 

custom user prompts, the actual requirement for evaluation, and any associated requirement 

interactions. For groups, the prompt included the various requirement group children, 

interactions, and user prompts. Although the prompts did not necessarily follow the typical 

template of prompt formats, results indicated relative success for both quality evaluation and 

explanation generation. Figure 13 shows the different features and prompt templating processes 

utilized during both individual requirement and requirement group processing. 

  

 

Figure 13 ARQM Add-In Prompt Components 
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 The ARQM Add-in ultimately utilized a wide variety of model generation processes that 

were pivotal to successful responses within the application. For instance, the tool implemented 

different sequence generation models to help both the classification of quality violations and the 

generation of explanations for violations. Initially, the tool utilized the GPT 3.5 API for result 

generation; during the analysis of the results, the tool utilized prompt engineering to help fine-

tune the model output for requirements analysis. Because of the limitation of training data, the 

purpose of the application’s use of the GPT model was to utilize the tacit knowledge of LLMs to 

help generate accurate results instead of providing a manually labeled dataset. Although the GPT 

models achieved accurate results, there were immense limitations for both cost and training 

efficiency. As the application progressed, the server logic started to utilize alternative models 

from HuggingFace to limit the computational burden and cost of model training and fine-tuning.  

 Although the Add-in methodology showed promising results, the application was not 

completed or validated due to limitations for automation. For instance, the application was 

limited due to its inability to automatically identify requirements within requirement documents; 

even though individuals could manually declare requirements, the tool did not support automatic 

ingestion and automation of results without manual human interaction within the application. 

Additionally, the limitation of available training data caused a severe limitation for the validation 

of results; primarily, labeled data required both quality defects and explanations, making accurate 

requirement automation difficult and limited. As a result, much of the research for the Add-in 

would become foundational for a simpler, ingestion-based tool that did not require human 

intervention for requirement declaration. 
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Ingestion-Based Tool 

 The ARQM ingestion tool was created after the partial development of the Add-in-based 

tool. The goal was to simplify the process of requirement quality automation through the 

utilization of an API-based tool. This tool allows for the automatic evaluation of a requirement 

document without the need for human intervention or declaration of requirement text. To 

automate the requirement document evaluation, the tool needed to gain the ability to identify and 

structure the requirements and evaluate their associated quality. Therefore, the implementation 

needed to include automated requirement identification as part of the implementation, introducing 

a challenging aspect to requirement document processing. 

Requirement Identification 

To accomplish requirement identification, the goal was to divide the associated 

requirement document into meaningful textual units. Due to limitations of scope for the ARQM 

application, the primary focus was to extract information from requirement documents in the 

form of sentences, even though requirements can often span multiple sentences, paragraphs, and 

pages. To parse existing documents, the ARQM application utilized the fitz python library to 

convert PDF documents to a textual representation. After the conversion, the ARQM application 

addressed the issue of sentence parsing through the utilization of regex and rule-based pattern 

matching. Once the application successfully splits the document into sentences, the program 

would utilize pre-defined models to determine which sentences were requirement-related text. 

Figure 14shows the overall process of transforming requirement documents into a list of 

requirements for quality analysis. 
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Figure 14 Requirement Identification Process 

 

 To accomplish model inference for requirement identification, the ARQM tool utilized 

existing pre-labeled datasets such as PURE to train models for automation. ARQM also utilized a 

wide range of different models and methods to achieve requirement identification. Primarily, the 

goal was to create a model that accurately identified requirements across different types of 

requirement documents. The PURE dataset contains thousands of entries of both requirement and 

non-requirement related text among a diverse range of requirement documents, allowing for 

adequate training of requirement identification. Table 14 discusses the different types of 

implementations used to achieve automated requirement identification (Ivanov et al., 2021) 
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Table 14 Algorithms Utilized for Requirement Identification 

Model Explanation 

Logistic Regression Logistic regression is utilized typically during 

categorical classifications, such as 

requirement identification as an alternative to 

linear regression. Similarly to linear 

regression, the hope was to utilize a simpler 

model while extracting out important textual 

features. 

Naïve Bayes Helpful when dealing with high-dimensional 

data and classification tasks. Naïve Bayes also 

took the textual statistics from TF-IDF to 

determine classification. Given the 

complicated dataset representations within the 

labeled dataset, Naïve Bayes served as a 

useful model implementation for 

classification of requirement text. 

Support Vector Machine This method helps to draw a hyperplane in 

high dimensional spaces; often SVMs can be 

trained on limited datasets. The SVM model 

can also help uncover new features within 

high dimensional data. This model was useful 

during the initial implementation of ARQM 

given dataset limitations. 

Random Forest An ensemble method that combines the 

predictions of multiple decision trees to 

perform classification. Ultimately, this model 

helps with more accurate predictions and 

feature engineering by utilizing multiple 

models. 
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KNN Uses existing examples by finding the nearest 

Euclidean distance and providing a likely 

classification based on the closest neighbors 

of an entry. This algorithm can be helpful in 

the case of strong data separation, such as the 

PURE dataset. 

Artificial Neural Network Machine learning model that learns through 

labeled training data and back propagation. 

Primarily, ANNs help capture more 

complicated patterns that simpler models tend 

to miss, allowing for more complicated 

feature engineering. 

Convolutional Neural Network A machine learning algorithm that works well 

with images or text. The algorithm looks for 

patterns to help determine the classification 

result. Helpful to make determinations for 

blocked textual data in the form of statistics. 

For instance, arrays of vectors representing 

words in a requirement are useable within a 

CNN. 

Recurrent Neural Network A machine learning algorithm that primarily 

focuses on sequential data, allowing for the 

understanding of previous context within a 

given text. RNNs can help with classification 

through a holistic understanding of text based 

on order and key logic gates. 

Ensemble-based Voting This method takes the predictions of multiple 

models when considering the actual 

classification result. Helps to consider 

multiple models and feature representations of 

the data to improve accuracy, especially 

among diverse requirement datasets. 
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Meta Models A way to train a model from the predictions 

of other models. For instance, training a 

logistic regression model based on the 

predictions of other pre-trained models and 

the associated results of the data. Helps to 

define the importance and contributions of 

models based on the textual representations of 

requirements. 

BERT An LLM that understands textual context 

through forward and backward embedding 

representations. BERT is a general purpose 

model that can be applied to requirement 

identification through fine-tuning. The BERT 

models are able to encapsulate critical 

requirement context and tacit knowledge 

relevant to make classification decisions. 

BERT Siamese Network A Siamese network is a way to help create a 

discriminator for positive and negative 

examples. During training, the Siamese 

network adjusts identical BERT models to 

create vector representations of requirements 

and non-requirements. When updated, the 

model learns useful vector representations 

that help to discriminate against positive or 

negative examples. 

 

 For requirement identification, each method specified has advantages and disadvantages 

for the automation process (see Table 14); while some implementations are light weight, more 

impactful implementations require more computational resources and broader data representation 

of requirements. The automation process does not discriminate across different types of 

requirements, such as nonfunctional and functional requirements. Instead, the process aims to 
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find general textual representations of generic requirement text, simplifying the classification 

process. Ultimately, these models help to uncover features that are pivotal for requirement 

identification; these features can help achieve broad applicability and translatability to rule-based 

methods for faster inference, although complicated models may not fully encapsulate simplistic 

rule-based heuristics. 

 Although model inference is important for requirement identification, addressing the 

explanatory part related to the inference was even more crucial to finalizing some of the ARQM 

features. In particular, understanding the reasons behind model inference was important to help 

provide user feedback and gauge representations of critical words or phrases that represented 

requirements. Based on existing methods outlined in a systematic study, implementations for 

Explanatory Artificial Intelligence (XAI), a way to explain AI model inference, was pivotal to 

achieving most ARQM features. When considering the types of models utilized for requirement 

identification, different types of XAI methods could work for analyzing model decisions. For 

simplistic models such as linear and logistic regression, coefficients, and metadata about the 

model can help derive important features without model augmentation and analysis. More 

complicated methods require input manipulation, output analysis, and derivation of meta models 

that help synthetize the importance of features. The different types of XAI methods are defined in 

Table 15. 

 

Table 15 XAI Methods for Analysis 

XAI Method Explanation 

SHAP Observes the results of input augmentation for 

the base model to generate feature importance 

for model inference. Helps to assign values of 

importance to all features through input 

changes. 
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Lime Generates a meta model that helps explain the 

most important features for black box models. 

The meta model is generated and trained off 

of the predictions of the base model through 

micro input changes.  

Anchors This method looks at similar classes of 

examples, derives rule-based heuristics that 

hold true for most examples, and provides 

more intuitive explanations through the rule-

based derivations.  

Permutation Importance This method shuffles features to determine 

their relative importance during model 

inference; the features are shuffled across the 

dataset to understand relative impact on the 

prediction. 

Integrated Gradients Creates a baseline gradient to gradually adjust 

to the input gradient. During the adjustment, 

the algorithm looks at the model inference 

results, allowing for the creation of a 

predictive gradient and the derivation of 

feature importance. Typically used for Neural 

Networks and Black Box models. 

DeepLIFT Utilizes a baseline gradient to help understand 

the difference between the models prediction 

for the original input and a base input; the 

results help to inform the back propagation 

process while also generating feature 

importance in a single inference pass. 

Guided Backpropagation A way to analyze the positive contributions of 

neurons through the backpropagation process. 

Guided backpropagation helps generate a 
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heatmap of feature inputs based on positive 

contributions for inference. 

Model Distillation A way to extract the knowledge from a 

complex model to a simpler model that may 

be more interpretable. This method helps to 

synthesize the essential features of predictions 

from complex models while also mitigating 

the computation required for inference. 

Additionally, model distillation can help 

inform models that are directly observable to 

help derive critical rule-based features. 

Rule extraction Synthesis of model complexity into rule-

based rules that generally work for inference. 

By simplifying to a rule-based representation 

of logic, intuitive explanations for model 

predictions become easier to implement. 

Prototypes Providing similar examples to the model 

inference results in helping to illustrate the 

reason behind inference. Typically, utilizing 

prototypes can help when visualizing 

common errors and problems associated with 

similar requirements through the use of 

human knowledge and intuition. 

Counterfactuals Helps to show how small changes could help 

impact model inference results. Typically, 

counterfactuals can illustrate potential input 

adjustment to help generate model results, 

instead of showing direct feature impact. 

Partial Dependence Plot A way to help understand and visualize the 

relationship among a single or pair of features 

and the related model output. This method is 
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good for fast inference and interpretability for 

feature contribution in inference. 

Attention Rollout A way to analyze models such as transformers 

that utilize attention layers. The algorithm 

analyzes the multiple different attention 

layers, aggregates the importance in relation 

to the input, and creates a determination of 

feature importance. 

 

 For general requirement identification, there are adequate datasets for model training; the 

PURE dataset helps to provide models with a broad representation of requirements from a range 

of requirement documents, enhancing the potential for generalizable results during the 

requirement identification process. To accomplish requirement identification, ARQM utilized 

pre-existing libraries to parse requirement documents, synthesize the information into candidate 

sentences, and then utilize models trained from the PURE dataset to determine if a sentence was 

requirement-related or not. The requirements then serve as a necessary precursor to the quality 

analysis portion of the tool, utilizing other models to help analyze requirements off of certain 

quality attribute criteria. Through this implementation of requirement identification, the tool did 

not require manual human input for declaring requirements, significantly enhancing the 

automation of the ARQM tool. 

Requirement Quality Analysis 

As the natural next step from requirement identification, the ARQM tool also provides 

the ability to analyze the quality of requirements based on the IEEE 29148 standard. Like 

requirement identification, the quality analysis implementation for ARQM relies upon Artificial 

Intelligence and Machine Learning instead of rule-based heuristics. Because of the severe 
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limitations of existing practical tools for requirement quality analysis, ARQM focuses on utilizing 

modern methods of Machine Learning to provide better, context-focused analysis for quality 

determinations. Due to the limitations of available datasets for requirement quality violations, 

ARQM utilized various data augmentation and generation methods to help simulate additional 

data. 

 Initially for dataset generation, ARQM utilized manually labeled datasets to help show 

proof-of-concept. The entries for the manual dataset were generated from extracted requirement 

documents. These datasets were labeled from the quality criteria definitions provided through the 

IEEE 29148 standard. Of the quality definitions selected, approximately two hundred examples 

were generated for each quality violation class. Data imbalances for each class were addressed 

through data pre-processing specific to the model analysis type. For instance, single classification 

models represented both a positive and negative class for the respective quality violations. For 

multi-label classification, equal representation of each representative class permutation was 

considered during data pre-processing. For instance, four quality classifications constituted 

sixteen classification classes. 

 Of the existing quality attributes specified in the IEEE 29148 standard, the ARQM tool 

focused on four primary violations. Specifically, the tool focuses on singularity, feasibility, 

verifiability, and ambiguity. These quality attributes were chosen due to their relative simplicity 

and applicability to single requirement quality analysis. Ultimately, the tool only analyzed single 

requirement violations, limiting the scope of quality analysis for other quality attributes and 

requirement groups entirely. Of the quality analysis data labeling process, the positive violation 

class considers lexical, syntactical, semantical, and pragmatic violations; ultimately, the tool’s 

purpose is to showcase the ability for modern AI-based models to capture complicated quality 

violations that are not easily represented through heuristics. 
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 As an added consideration for the quality attribute selection process, the ingestion tool 

did not contain the document metadata and structure that the Add-in application did. As a result, 

there was limited context and ability to analyze more complicated quality attributes. Primarily, 

the selection of quality attributes was made in a way to allow for the analysis of individual quality 

attributes without context. Singularity, for instance, is a quality attribute that is easily verifiable 

on a per-requirement-unit basis, as the violation pertains to the specification of multiple needs in 

one requirement. Heuristics among lexical, syntactical, and semantical considerations would be 

possible to learn through model training due to the simplicity of the quality attribute. In contrast, 

ambiguity is an important and widely-measured quality attribute for most quality analysis tools 

(Zhao et al., 2021). Additionally, there are many considerations of heuristics that are both lexical 

and syntactical that could widely pertain to ambiguity without the need for context (Carlson & 

Laplante, 2014). As mentioned in the IEEE 29148 standard, superlatives, subjective language, 

vague pronouns, and other types of patterns can indicate ambiguity; as a result, the quality 

attribute was well-formulated for NLP-based tasks (“ISO/IEC/IEEE International Standard - 

Systems and Software Engineering – Life Cycle Processes – Requirements Engineering,” 2018). 

 Verifiability and feasibility are generally only specified in the IEEE 29148 specification; 

however, many different quality models tend to encapsulate their essence. Ultimately, these 

quality attributes are also well-specified in heuristics. Common terminology and phrases allow 

the analysis process to make determinations from a high-level perspective without the need for 

context, making these quality attributes ideal for an ingestion-based software. Other quality 

attributes, such as completeness, would require further project-specific context that would have 

drastically impacted the tool reliability. For instance, adoption of some of these quality attributes 

would have added a necessity for metadata document processing. Due to the unstructured nature 

of requirement documents, this was unfeasible without user intervention (Alemneh & Berhanu, 

2024; Lami et al., 2019; Umar & Lano, 2024). 
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 Although the manual process of requirement labeling was initially utilized for model 

training, other methods were also utilized to help generate additional data. For instance, multiple 

data augmentation techniques were used that would alter requirements through basic or 

complicated manipulation strategies. For instance, the nlpaug library provides the ability to insert 

or replace words through context embeddings within a given text. By utilizing contextual 

embeddings, the sentence augmentations become meaningful and contextually relevant. By 

utilizing simplistic augmentations for sentences, generating synthetic datasets became possible, 

allowing models to generalize more to unseen data. Table 16 discusses the various data 

augmentation techniques available to help with synthetic data generation (Bayer et al., 2022; 

Nlpaug 1.1.11 Documentation, 2019).  

 

Table 16 Data Augmentation Techniques 

Method Explanation Limitations 

Nlpaug Library A library that utilizes context 

embeddings to more 

accurately substitute, insert, 

or delete words.  

Replacing or inserting words 

could affect the quality 

violations present within the 

original text. 

Pre-Processing Removing irrelevant or low 

impact tokens  

Most tokens are important for 

sequential analysis of 

requirements. For instance, 

the requirement identification 

number could help determine 

the granularity of analysis. 

Additionally, removal of 

punctuation and 

normalization of words could 

eliminate important context. 

Synonyms Replacing words in a 

sentence with a similar word. 

This method could hurt the 

understanding and context of 
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Through contextual 

embeddings and modern NLP 

methods, accurate 

replacement based on POS is 

possible 

the text, limiting the ability of 

analytical techniques such as 

BERT. In particular, 

violations on a lexical or 

syntactical basis or 

vulnerable. 

Language Back Translation Converting a sentence to a 

different language and then 

converting the text back to 

the original language, 

allowing for a different 

textual representation. 

Could eliminate all types of 

violations, including 

semantical and pragmatic 

violations. Language 

translation can correct 

violations based on model 

knowledge and assumptions, 

limiting the validity of the 

dataset. 

Summarization Augmenting the text by 

summarizing and extracting 

the key parts out. Helpful 

with both data augmentation 

and retaining context. 

Similar to Language Back 

Translation, the process could 

augment the text in a way that 

eliminates critical context 

while filling in knowledge 

from model inference. 

Noise Insert Inserting random text into a 

sentence in a way that does 

not alter the understanding; 

useful when textual context is 

important for accurate 

classification. 

This method may have a 

difficult time helping models 

converge on critical parts of 

the sentence necessary for 

quality analysis. Basic noise 

can help the model learn 

important patterns, but does 

not suffice as an adequate text 

manipulation technique for 

broader purposes. 
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LLM Data Generation Utilizing LLMs to help 

modify sentences. LLMs can 

also help with the generation 

of synthetic data. 

Similar to other techniques, 

data generation is vulnerable 

to knowledge injection and 

loss of context relative to the 

requirement document. 

Prompt engineering and 

manual validation can help 

validate the manipulation of 

data. 

 

 Due to the limitations of available data, ARQM relied on the broad manipulation of 

manual data through some of the previously mentioned techniques. Primarily, ARQM utilized the 

Nlpaug library to help manipulate existing labeled requirement text. Although this technique is 

powerful due to the utilization of embedding techniques, the sentence transformations were 

limited when trying to represent different types of quality violations. Often, transformations may 

create problems with interpretability and loss of context. Still, data augmentation did help the 

model generalize unseen data, even with imperfect data augmentation.  

Architecture Overview 

 The ARQM system had many complicated implementations that were deeply inspired by 

existing research and the evolution of its development. Based on the previously discussed 

architecture for requirement identification, requirement quality analysis implemented both similar 

and differing methods to achieve automation of requirement analysis. As mentioned previously, 

the requirement analysis portion of the tool is a postprocessing step to requirement identification, 

focusing primarily on both classification and explanation-oriented steps for automation. The 

explanation focus of requirement quality analysis was crucial for the success of the tool. In 
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particular, providing feedback based on the requirement determinations of the tool was a key 

factor for many of the base features that ARQM provided. 

 To provide an explanation to the user for quality violations, many methods were 

available. Of these existing methods, sequence-to-sequence models and LLMs initially provided 

promising results for quality violation explanations. Because sequence-to-sequence models 

required significant training data, multiple different techniques and implementations were utilized 

by ARQM to help facilitate better results. Of these techniques, prompt engineering, dataset 

consolidation and normalization, and fine-tuning were pivotal tasks to help with explanation 

generation. Prompt engineering, for instance, helped with focusing on the model to help hone the 

output accuracy, while also providing critical context, examples, and scopes for explanation 

accuracy. Dataset consolidation and normalization consisted of simplifying the explanation 

results to a small set of textual, categorical responses. Lastly, fine-tuning was used to help 

implement vast LLM knowledge into textual responses.  Fine-tuning helped by limiting the 

amount of necessary data and by utilizing the tacit knowledge of the LLMs for a specific task. 

Although many of these solutions were valid implementations that showed promising results, the 

generalizability and consistency of output was a problem.  

 Figure 15 discusses the first implementation of the quality analysis method for LLMs. 

This implementation specifically focused on consolidating the complexity of input, while also 

guiding the model to the appropriate output based on manually defined data. Notice, the 

implementation shows that the model was responsible for both the classification of all quality 

attribute violations and their associated explanation. Figure 16 shows the evolution of the quality 

analysis process; specifically, the new architecture simplified the concerns of the LLMs by 

mitigating their classification and output responsibility. With the new implementation, each LLM 
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would be responsible for only one quality attribute determination and the associated explanatory 

output. 

 

 

Figure 15 ARQM LLM Implementation Iter 1 
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Figure 16 ARQM LLM Implementation Iter 2 

 

 The final iteration of the ARQM automation analysis focused primarily on further 

simplifying the output concerns of models. Specifically, this iteration focused on eliminating 

sequence generation entirely, while still focusing on generating explanations. As mentioned 

previously, XAI can help to analyze the reason for model decisions by analyzing their output. For 

instance, through the utilization of a pure classification model, XAI analytical techniques could 

help provide explanations of inferences without the need to generate text. Ultimately, the final 

iteration of the ARQM application relied on XAI models to generate explanations, significantly 
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simplifying the model and dataset complexity requirements for quality analysis. Figure 17 shows 

the final implementation of the ARQM quality process. Through the utilization of SHAP, ARQM 

visualizes the importance of individual tokens for each quality violation without needing to utilize 

sequence generation models. 

 

 

 

Figure 17 Final Quality Analysis Architecture 
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 The implementation of XAI within the ARQM implementation was critical to achieving 

the completion of many features. Through the SHAP library, visualizing the reasoning behind the 

model inference became possible. By simply analyzing the model through input augmentation 

and XAI algorithms, the complexity of the training data was significantly reduced. SHAP utilizes 

input augmentation and game theory to help understand the impact of each input token for the 

model inference (details of implementation provided in  

 

Table 15). Although the scope of the ARQM project for XAI was limited, other methods of XAI 

are likely to work with uncovering helpful visualizations of model decisions. Critically, the 

SHAP implementation provides token importance relative to the inference, allowing for 

visualization of high impact text (Lundberg, 2018). 

ARQM Visualization 

 As the last component of the ARQM automation process, visualization of the results 

became an important consideration when providing explanations of quality violations to the user. 

For the current implementation of ARQM, visualization primarily utilizes a PDF generator to 

help visualize the results from the quality analysis process. During the inference and analysis 

stages of quality analysis, the system produces a structure that represents all of the quality 

violations and associated requirements. With the result object, ARQM generates a PDF that 

visualizes the overall number of quality violations, the requirements with quality violations, and 

the visualization of contributory text. The overall process of PDF generation is outlined in Figure 

18. The process consolidates the results of requirement identification, quality analysis, and SHAP 

analysis to generate an aggregated PDF document. The PDF document result is then sent in the 

response of the API request. 
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Figure 18 ARQM PDF Generation 

 

 As an example of the report results, Figure 19 shows an overview of the requirement 

document analysis for the Reqview requirement document. Based on the analysis, the document 

provides the number of violations for each quality attribute violation category. Figure 20 shows 

the quality analysis result of an individual requirement, stating that there were feasibility and 

singularity concerns related to the requirement text. The visualization shows the parts of the text 

that were most impactful for each quality attribute violation to help the user understand how to 

change the requirement for overall quality improvement. The average impact category shows the 

text that was most responsible and common across all of the relevant quality attribute violations. 

Additionally, the visualization shows the certainty of the model for a given quality violation, 

allowing the user to prioritize their requirement changes. Lastly, the report provides the 

visualization of the requirement for inline visualization of violations and requirement mapping. 
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From the SHAP value token mappings, the user can ultimately visualize the specific words and 

phrases of the requirement that contributed to the quality violation (Bus, 2021). 

 

 

Figure 19 Aggregated ARQM Results 

 

Figure 20 Quality Violation Visualization 

 

 The output of the ARQM application is meant to convey problems related to requirement 

text. Utilizing all three methods of requirement identification, quality analysis, and SHAP 

analysis, the tool generates a PDF file that visualizes the requirements that have potential quality 
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violations. Ultimately, the tool visualizes quality violations for singularity, ambiguity, feasibility, 

and verifiability using XAI, a method for analyzing the reason behind model inference. The tool 

also analyzes the requirements on an individual basis without consideration of the entire 

document context, limiting the scope of analysis. To deal with potential information loss, the 

utilization of LLMs helps inject tacit knowledge into the inference process without the 

consolidation of a document structure. As an additional consideration, the tool does not measure 

the quality of requirement groups but does provide general statistics of violations to help indicate 

the potential document quality. Ultimately, the ARQM ingestion tool was designed for simplicity 

and verification of quality with minimal user input, improving upon the original design of the 

ARQM Add-in tool while also utilizing modern AI-based techniques. 

Conclusion 

The ARQM tool faced many challenges during the research and development process. 

Originally, the tool focused on providing a user interface and complicated session management 

using the Microsoft Add-in API. The Add-in implementation allowed users to declare 

requirements and requirement groups within a document, creating a document structure and 

mapping that was pivotal to requirement traceability. The format provided by the manual 

annotation of requirements would help to generate quality assessments of attributes for both 

individual requirements and requirement groups. The Add-in tool provided many different 

customization features and functionalities that allowed for more dynamic interaction and 

feedback during the analysis process. Additionally, features such as session management, custom 

prompts, and interactions allowed for significant customization of the requirement quality 

experience. Ultimately, the tool faced practical limitations and added complexity, creating the 

need for a simplistic ingestion-based tool. 
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The ARQM ingestion tool simplified the process of requirement automation by 

minimizing human input. To successfully develop the ingestion tool, requirement identification 

and quality analysis were important considerations for document processing. For requirement 

identification, defining rule-based methods in conjunction with the use of external libraries 

helped to extract sentences from requirement documents. Further research experimented with 

different models of varying types and complexity to accomplish the identification of 

requirements. These models utilized the PURE dataset, a publicly available dataset that provided 

requirement and non-requirement text across diverse requirement documents. Unlike quality 

analysis, requirement identification had a large availability of labeled datasets, significantly 

simplifying the training process. 

During the ARQM ingestion quality analysis process, scarce dataset availability became a 

problem for model training. Originally, the models were trained on manually labeled datasets; as 

research progressed, different data augmentation tasks were utilized to help improve the 

generalizability of the dataset. The methods of data augmentation included the use of embeddings 

to help make changes to a given text while also considering pivotal context. Although many 

methods of data augmentation exist, the scope of the research was limited. As an alternative to 

dataset augmentation, multiple different models and techniques were used to help perform quality 

analysis. Initially, ARQM utilized sequence-to-sequence models with a focus on prompt 

engineering for providing quality analysis results. Due to the complexity of training data for 

sequence-to-sequence models, alternative methods were necessary to achieve requirement quality 

automation. As the application evolved, XAI became a pivotal task for visualizing the reasons 

behind model inference. Of the existing XAI implementations, the ARQM application utilized 

SHAP, a game theory-based method, to visualize the importance of tokens within the input 

sequence. 
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After the quality analysis process, ARQM focused on generating a readable, intuitive 

document that provided quality feedback information. The generated PDF includes aggregated 

statistics of each quality violation, the requirements with violations, and a visualization of 

contributory text for each violation. Additionally, the visualization also shows the average impact 

of tokens across the different quality attribute violations. Ultimately, the visualization utilized the 

XAI SHAP method to place importance behind each individual token for the model inference 

result. With the PDF document, the user can analyze the highlighted text, make changes to the 

associated requirement, and run the ARQM application again to mitigate quality concerns.
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Chapter 5 

 

ARQM Validation and Evaluation 

Evaluation of the ARQM tool consists of two main components; first, the evaluation 

includes the performance of requirement identification; second, the evaluation analyzes the 

effectiveness of quality attribute detection across requirements. For both sections, the analysis 

includes a description of the methods, validation of results, and datasets for obtaining the 

associated results. Ultimately, this chapter shows the results across requirement identification for 

all generic requirement classifications, while also analyzing select quality attribute criteria 

previously discussed. For the general dataset transformations, all transformations were made after 

the Train/Test split to avoid leakage. Primarily, the Train/Test split created distinct, separate 

datasets that trained and validated the model. The statistics needed for model training were then 

derived from the training set instead of the test set to avoid data leakage and to validate the 

generalizability of the models. In many instances, the transformations did not affect data leakage 

regardless of augmentation patterns. For instance, BERT embeddings, stop words, and 

lemmatization were static transformations that did not learn from the corpus. Other methods such 

as TF-IDF and Counter Vectorizer were used on the corpus of training data with up to 1000 

features; the experiment did test different values of representations to help converge on ideal 

model performance. Ultimately, the Train/Test split utilized a 70/30 ratio for training and 

validation. 

 For the PURE dataset, there were a total of 2833 requirements and 2475 non-requirement 

entries. During the training process, we utilize SMOTE oversampling of the minority class to 

address dataset disparities. Similarly, the reviewer datasets had a proportion of 222 requirements 
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and 198 non-requirements based on user input. For ambiguity, the proportion was 162 

Ambiguous requirements and 258 non-Ambiguous requirements. For feasibility, the proportion 

was 407 feasible requirements and 13 non-feasible requirements. Notably, the dataset was not 

balanced for feasibility, creating challenges with model training. The problem of dataset 

inbalance was mitigated through the use of methods such as class oversampling and 

undersampling. For singularity, the proportion was 321 singular requirements, and 99 non-

singular requirements and verifiability had a proportion of 290 verifiable requirements and 130 

non-verifiable requirements. Due to the high disparity of class representation for feasibility, the 

quality attribute has been mostly eliminated from the analysis. The other quality attributes utilized 

SMOTE to help balance the datasets.  

Research Questions 

For requirement identification, the methodology includes research questions that mainly 

relate to the practical performance of the models and the associated uncovered features that 

boosted inference results. A key part of the analysis is the generalizability of the requirement 

identification process to both human-annotated data and the PURE dataset. Because the PURE 

dataset includes requirements from differing requirement documents, the focus includes how well 

the ARQM tool can generalize requirement and non-requirement text across different documents 

and requirement representations. Therefore, the following research questions for the requirement 

identification component are proposed: 

1. How can a practical tool identify requirement-related text in differing unstructured 

documents? 
 

2. How can existing tools and methods address the lack of training data for requirement 

identification?  
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3. How effectively can the best algorithm identify requirements based on accuracy, 

precision, recall, and generalization across different documents? 

 

4. What are the roles of lexical, syntactical, and semantical textual features in performing 

requirement identification? 
 

5. What features were useful during the model inference process for requirement 

identification? 

 

Next, the analysis shifts to questions over requirement quality. Due to the complex nature 

of the quality attributes specified in the IEEE 29148 standard, the analysis only focuses on certain 

quality attributes that generally do not require document or requirement context outside of the 

textual unit. Still, the analysis performs higher-order language processing for classification but is 

limited by the tacit knowledge and intuition of the associated models via transfer learning. Lastly, 

the analysis explores means of visualizing requirement quality defects as a means of practical 

application for the ARQM tool. The following research questions are proposed: 

 

1. How can a practical tool identify quality defects in unstructured documents based on 

various quality attributes outlined in the IEEE 29148:2018 standard? 
 

2. What quality attributes are measurable with AI-based methods? 
 

3. What role does context play in determining the quality of a requirement across the 

various quality attributes? 
 

4. How can existing tools and methods address the lack of training data for requirement 

quality analysis?  
 

5. How effectively can the best algorithm identify requirement quality defects based on 

accuracy, precision, recall, and generalization across different documents? 
 

6. What methods exist to help with the generation of explanations for quality inferences? 

Requirement Identification 

In this section, the analysis looks at two primary datasets; for the first dataset, the section 

analyzes the results of the ARQM tool classification results for the PURE dataset. For the second 
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dataset, the analysis focuses on the tool’s accuracy for the human-annotated dataset, along with 

rater agreement and other statistical considerations. The classification process focuses on two 

classes, requirement and non-requirement labels. After the analysis of the classification, the 

section discusses the common features that helped achieve inference through various XAI 

methods discussed previously. 

PURE Dataset Analysis for Requirement Identification 

As previously discussed, the PURE dataset has diverse requirement representations with 

thousands of classified examples for requirement and non-requirement-related text. Many studies 

base their results primarily on this dataset due to its broad representation of requirement text 

classifications. Primarily, the dataset synthesizes all requirement types, functional and 

nonfunctional, into a single requirement category, while all other text is considered non-

requirement text for classification purposes The results show the Precision, Recall, F1-Score, and 

Accuracy of each associated model and its inference class. Equation 1 Accuracy, Equation 2 

Precision, Equation 3 Recall, and Equation 4 F1-Score highlight the mathematical formulas 

behind each metric (Classification, 2025). 

Accuracy helps to measure the number of correct predictions relative to all predictions 

made by the model. Ultimately, accuracy is an important metric to understand the overall 

classification abilities of the model with respect to all classification possibilities. Precision helps 

to understand the abilities of the model for each inference class while Recall uncovers the 

accurate inferences in relation to the entire inference class. Lastly, F1-Score helps to achieve the 

harmonic precision of precision and recall as a higher analysis for model performance. These 

metrics serve as a critical part of model evaluation and are therefore utilized when analyzing the 

various models for requirement identification. 



180 

 

 

Equation 1 Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Equation 2 Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Equation 3 Recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Equation 4 F1-Score 

𝑅𝑒𝑐𝑎𝑙𝑙 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

 For the analysis provided in Table 17, the results vary based on the two inference classes. 

Class N indicates that a text was not requirement-related, where Y indicates that the text was a 

requirement. For the analysis, multiple different models of varying complexity were used on the 

PURE dataset. Primarily, simpler models such as Logistic Regression, KNN, and SVM were used 

as basic, statistical models for the result and analysis. Deep Learning models were also utilized 

for the analysis, including ANNs, CNNs, and RNNs; for more complicated analysis, LLMs were 

utilized in the form of transfer learning. Additionally, ensemble methods were used to help 

enhance the generalizability of the inference results. The tacit knowledge of the ensemble models 

was then synthesized into meta-models by generating training data from the predictions of the 

ensemble models. Instead of utilizing average or majority methods to determine a classification, 

the meta-model learned the resulting patterns of each model, their importance, and the 

appropriate patterns for inference. To help consolidate on an average, each experiment included 

10 model results, and the associated average and standard deviation is included. To help improve 

the randomness and assessment of the models, the data was generated off a different data 
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randomization seed for each run, allowing for the training and convergence of models on unseen 

data. Due to computational limitations, 10 results were chosen as a reasonable limitation to help 

offer insight into model results. Additionally, the dataset utilized minority class undersampling to 

help even the data for all models. Because of the large entries for the PURE dataset, a 20% data 

selection technique was ultimately used to help mitigate model training overhead. Further 

analysis is provided in the form of significance testing to help understand which models likely 

outperformed. Still, further research should generate more results to help broadly understand 

model performance. 

 

Table 17 PURE Requirement Identification Results 

Model Class Precision Recall F1-Score Accuracy 
ANN N 0.83 ± 0.01 0.91 ± 

0.03 
0.87 ± 0.02 0.86 ± 0.01 

CNN N 0.91 ± 0.01  0.94 ± 
0.01 

0.92 ± 0.00 0.92 ± 0.01 

XLNet N 0.83 ± 0.06 0.83 ± 
0.05 

0.83 ± 0.03 0.83 ± 0.03 

DistilBERT N 0.90 ± 0.01  0.94 ± 
0.01 

0.92 ± 0.01 0.92 ± 0.01 

DistilBERT Few-Shot N 0.85 ± 0.01 0.85 ± 
0.01 

0.85 ± 0.01 0.86 ± 0.01 

DistilBERT Siamese N 0.75 ± 0.07 0.72 ± 
0.16 

0.72 ± 0.10 0.75 ± 0.06 

Ensemble (Average) N 0.86 ± 0.01 0.95 ± 
0.01 

0.90 ± 0.01 0.90 ± 0.01 

Ensemble (Majority) N 0.85 ± 0.01 0.94 ± 
0.00 

0.89 ± 0.01 0.89 ± 0.01 

KNN N 0.78 ± 0.02 0.91 ± 
0.02 

0.84 ± 0.01 0.83 ± 0.01 

Logistic Regression N 0.86 ± 0.01 0.92 ± 
0.00 

0.89 ±0 .01 0.88 ± 0.01 

Meta-Model (Gradient Boost) N 0.87 ± 0.02 0.95 ± 
0.02 

0.91 ± 0.01 0.91 ± 0.01 

Meta-Model (Logistic 
Regression) 

N 0.90 ± 0.02 0.94 ± 
0.01 

0.92 ± 0.01 0.91 ± 0.01 

Random Forest N 0.89 ± 0.02  0.96 ± 
0.01 

0.86 ± 0.01 0.92 ± 0.01 
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RNN N 0.91 ± 0.01 0.94 ± 
0.01 

0.92 ± 0.01 0.92 ± 0.01 

Support Vector Machine N 0.85 ± 0.00 0.92 ± 
0.01 

0.89 ± 0.00 0.88 ± 0.00 

XLNet Y 0.83 ± 0.04 0.83 ± 
0.07 

0.83 ± 0.03 0.83 ± 0.03 

ANN Y 0.91 ± 0.02 0.81 ± 
0.02 

0.86 ± 0.01 0.86 ± 0.01 

CNN Y 0.94 ± 0.01 0.91 ± 
0.02 

0.92 ± 0.01 0.92 ± 0.01 

DistilBERT Y 0.94 ± 0.03 0.90 ± 
0.01 

0.92 ± 0.00 0.92 ± 0.01 

DistilBERT Few-Shot Y 0.87 ± 0.00 0.87 ± 
0.00 

0.87 ± 0.01 0.86 ± 0.01 

DistilBERT Siamese Y 0.77 ± 0.09 0.78 ± 
0.10 

0.77 ± 0.05 0.75 ± 0.06 

Ensemble (Average) Y 0.94 ± 0.02 0.85 ± 
0.01 

0.89 ± 0.01 0.90 ± 0.01 

Ensemble (Majority) Y 0.93 ± 0.01 0.84 ± 
0.01 

0.88 ± 0.00 0.89 ± 0.01 

KNN Y 0.90 ± 0.02 0.75 ± 
0.02 

0.82 ± 0.02 0.83 ± 0.01 

Logistic Regression Y 0.92 ± 0.01 0.84 ± 
0.01 

0.88 ± 0.01 0.88 ± 0.01 

Meta-Model (Gradient Boost) Y 0.95 ± 0.02 0.86 ± 
0.03 

0.90 ± 0.01 0.91 ± 0.01 

Meta-Model (LR) Y 0.93 ± 0.01 0.89 ± 
0.02 

0.91 ± 0.01 0.91 ± 0.01 

Random Forest Y 0.96 ± 0.02 0.88 ± 
0.02 

0.91 ± 0.01 0.92 ± 0.01 

RNN Y 0.94 ± 0.01 0.91 ± 
0.02 

0.92 ± 0.01 0.92 ± 0.01 

Support Vector Machine Y 0.91 ± 0.01 0.85 ± 
0.00 

0.88 ± 0.00 0.88 ± 0.01 

 

 

 As part of the analysis, Table 17 shows the models utilized for requirement identification 

and the associated classification results. Random Forest, RNN, DistilBERT and CNN all 

outperformed for accuracy with minimum variation at 0.92. The other models such as Logistic 

Regression, SVM, and the Meta-Models performed similarly as well, suggesting an ability for 
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simplistic models to perform on par with more complicated models for the same accuracy 

performance. For the F1-Score, RNN , DistilBERT and CNN outperformed for the positive class, 

whereas RNN, LR Meta-Model, DistilBERT, and CNN outperformed for the negative class, all 

with a score of 0.92. With the exception of the DistilBERT Siamese implementation, the F1 score 

was relatively consistent across models. For recall, RNN and CNN outperformed for the positive 

class with a score of 0.91, whereas other models like Distilbert and the Meta-Models performed 

similarly. For the negative class, Random Forest outperformed with a surprising performance of 

0.96. The Meta-Models and CNN implementation performed similarly to Random Forest as well. 

Lastly, Random Forest outperformed for Precision for the positive class whereas CNN 

outperformed for the negative class. Overall, the results seem to indicate that most models were 

able to broadly learn and generalize across the data. 
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Figure 21 Inference for Non-Requirements 

   

 Figure 21 shows a clear picture of the success of model inference for identifying non-

requirement text among the various models. Notably, model performance remained relatively 

consistent across statistical and complicated models. For a few instances, certain models achieved 

better results depending on the metric. For example, CNN and RNN outperformed for precision; 

Average Ensemble, GB Meta-Model, and Random Forest outperformed for recall; CNN, Random 

Forest, and GB Meta-Model outperformed for F1-Score; and the most accurate models were 

CNN, DistilBERT, Random Forest and RNN. For the positive class results outlined in Figure 22, 

the results show similar clustering and performance across models. With Random Forest 

achieving a precision of 0.96, CNN and RNN achieving a recall of 0.91, XLNet, Distilbert, and 
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RNN achieving an F1-Score of 0.92, and multiple models achieving an accuracy of 0.92, most of 

the statistical models learned the data representations for the positive class as well. 

 

Figure 22 Inference for Requirements 

  

 For significance testing, the results showcase the various model groupings and a 95% 

confidence interval. The testing utilizes Tukey, which is a way to determine which groups are 

significantly different. If groups share the same letter, they are not necessarily significantly 

different. Figure 23 shows the results for the negative class. For precision, CNN, BERT, Logistic 

Regression, Random Forest, and Gradient Boost performed the best in comparison to XLNET 

and below based on mean results. CNN outperformed RNN and below with a mean of 0.91 and a 

single grouping of A. The worst performing models included XLNET, ANN, KNN, Siamese 
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BERT, and Naïve Bayes. For recall, Random Forest outperformed RNN and below, but most 

models were in the same statistical grouping. The worst performing models were Naïve Bayes 

and below based on mean score. Next, CNN and Random Forest outperformed ANN and below 

for recall. Notably, recall had a variety of statistical groups, suggesting stratified performance 

based on model. The worst performing models were XLNet, Naïve Bayes, and the Siamese 

implementation. Lastly, CNN against outperformed for accuracy, beating Majority Vote 

Ensemble and below. BERT, Random Forest, Logistic Regression, Gradient Boost, and 

Averaging Ensemble performed statistically similar to CNN, but had lower overall means based 

on the experimental data. Overall, CNN and Random Forest seemingly outperformed for the 

negative class. 

 For the positive class (Figure 24), different statistical results were achieved. For 

precision, there was common top performer grouping with Random Forest to Logistic Regression. 

Random Forest performed better than ANN and below. For recall, CNN to Gradient Boost 

outperformed, with CNN achieving the highest average mean and outperforming Averaging 

Ensemble and below. F1 showed similar results with CNN outperforming Average Ensemble and 

below. BERT, Random Forest, Logistic Regression, and gradient boost performed statistically 

similarly. The positive class seemingly consolidated top results for the Random Forest, CNN, 

BERT, and Logistic Regression models. Other models such as RNN, ANN, and Naïve Bayes 

performed statistically worse. 
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Figure 23 Significance Testing for PURE (Class 0) 
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Figure 24 Significance Testing for PURE (Class 1) 

PURE Dataset Preprocessing Considerations 

 Although minimal data preprocessing manipulation techniques were used during the 

analysis, the TF-IDF algorithm was utilized for simplistic and statistical-based models, while 

basic tokenization was used for models like CNNs and RNNs. Lastly, the analysis utilized native 

tokenization methods for the various LLMs implemented for testing. Ultimately, data 

preprocessing techniques could eliminate critical context necessary for determining requirement 

classifications. Models such as BERT, RNNs, and CNNs rely on context, making data 

preprocessing difficult. Table 18 shows the results of the basic models before and after the 

utilization of lemmatization as a preprocessing technique in conjunction with TF-IDF. 
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Importantly, the process applies the data augmentation transformations after the Train/Test split 

as well for validation purposes. Notice, minimal improvement was achieved through 

Lemmatization, while many instances of performance decrease were observed. For certain 

models like Logistic Regression, there were marginal improvements across Precision, Recall, F1-

Score, and Accuracy. For Logistic Regression, there were generally no decrease in improvement 

across the statistics. Further, KNN and SVM saw similar marginal performance increases, 

suggesting that statistical models may benefit from lemmatization. 

Table 18 PURE Requirement Identification Results Lemmatization (Before Vs. After Method Applied) 

      * Data Augmentation Applied After Train/Test Split 

Model Class P_1 P_2 R_1 R_2 F1_1 F1_2 A_1 A_2 
ANN N 0.89 ± 

0.02 
0.83 ± 
0.01 

0.93 ± 
0.02 

0.91 ± 
0.03 

0.91 ± 
0.01 

0.87 ± 
0.02 

0.91 ± 
0.01 

0.86 ± 
0.01 

KNN N 0.78 ± 
0.02 

0.78 ± 
0.02 

0.92 ± 
0.02 

0.91 ± 
0.02 

0.84 ± 
0.01 

0.84 ± 
0.01 

0.83 ± 
0.01 

0.83 ± 
0.01 

Logistic 
Regressio
n 

N 0.85 ± 
0.02 

0.86 ± 
0.01 

0.91 ± 
0.02 

0.92 ± 
0.00 

0.88 ± 
0.02 

0.89 ± 
0 .01 

0.88 ± 
0.01 

0.88 ± 
0.01 

Random 
Forest 

N 0.89 ± 
0.02  

0.89 ± 
0.02  

0.96 ± 
0.01 

0.96 ± 
0.01 

0.92 ± 
0.01 

0.86 ± 
0.01 

0.92 ± 
0.01 

0.92 ± 
0.01 

SVM N 0.86 ± 
0.02 

0.85 ± 
0.00 

0.92 ± 
0.01 

0.92 ± 
0.01 

0.89 ± 
0.02 

0.89 ± 
0.00 

0.88 ± 
0.01 

0.88 ± 
0.00 

ANN Y 0.93 ± 
0.02 

0.91 ± 
0.02 

0.89 ± 
0.03 

0.81 ± 
0.02 

0.91 ± 
0.01 

0.86 ± 
0.01 

0.91 ± 
0.01 

0.86 ± 
0.01 

KNN Y 0.90 ± 
0.02  

0.90 ± 
0.02 

0.73 ± 
0.02 

0.75 ± 
0.02 

0.81 ± 
0.01 

0.82 ± 
0.02 

0.83 ± 
0.01 

0.83 ± 
0.01 

Logistic 
Regressio
n 

Y 0.91 ± 
0.01 

0.92 ± 
0.01 

0.84 ± 
0.02 

0.84 ± 
0.01 

0.87 ± 
0.01 

0.88 ± 
0.01 

0.88 ± 
0.01 

0.88 ± 
0.01 

Random 
Forest 

Y 0.96 ± 
0.01 

0.96 ± 
0.02 

0.88 ± 
0.02 

0.88 ± 
0.02 

0.92 ± 
0.01 

0.91 ± 
0.01 

0.92 ± 
0.01 

0.92 ± 
0.01 

SVM Y 0.91 ± 
0.01 

0.91 ± 
0.01 

0.84 ± 
0.02 

0.85 ± 
0.00 

0.88 ± 
0.01 

0.88 ± 
0.00 

0.88 ± 
0.01 

0.88 ± 
0.01 

 

 As an added consideration of data inference, the utilization of stop words could also 

potentially hurt the necessary context for some of the various statistical models to achieve 

inference; to understand the impact of stop words, all non-ML models were compared with and 
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without stop words during training. Like before, the data was augmented after the Train/Test split 

to avoid leakage. The goal of this comparison was to understand the impact of removing common 

words for requirement text, as requirements typically contain common syntax and, by extension, 

common words. As Table 19 shows, there was a lack of improvement across most models, with 

exception of ANN, KNN, and Random Forest. For most of the models, there were decreases in 

performance, suggesting that the removal of stop words did not help improve the results of the 

statistical models. For ANNs, there were increases across all statistics when utilizing stop words. 

 

Table 19 PURE Requirement Identification Results Stop Words (Before Vs. After Method Applied) 

      * Data Augmentation Applied After Train/Test Split 

Model Clas
s 

P_1 P_2 R_1 R_2 F1_1 F1_2 A_1 A_2 

ANN N 0.83 ± 
0.01 

0.88 ± 
0.02 

0.91 ± 
0.03 

0.93 ± 
0.02 

0.87 ± 
0.02 

0.90 ± 
0.01 

0.86 ± 
0.01 

0.90 ± 
0.01 

KNN N 0.78 ± 
0.02 

0.77 ± 
0.03 

0.91 ± 
0.02 

0.92 ± 
0.01 

0.84 ± 
0.01 

0.84 ± 
0.02 

0.83 ± 
0.01 

0.82 ± 
0.02 

Logistic 
Regression 

N 0.86 ± 
0.01 

0.83 ± 
0.02 

0.92 ± 
0.00 

0.91 ± 
0.01 

0.89 
±0 .01 

0.87 ± 
0.01 

0.88 ± 
0.01 

0.86 ± 
0.01 

Random 
Forest 

N 0.89 ± 
0.02  

0.89 ± 
0.03 

0.96 ± 
0.01 

0.94 ± 
0.01 

0.86 ± 
0.01 

0.91 ± 
0.02 

0.92 ± 
0.01 

0.91 ± 
0.02 

SVM N 0.85 ± 
0.00 

0.83 ± 
0.02 

0.92 ± 
0.01 

0.91 ± 
0.02 

0.89 ± 
0.00 

0.87 ± 
0.01 

0.88 ± 
0.00 

0.86 ± 
0.01 

ANN Y 0.91 ± 
0.02 

0.93 ± 
0.02 

0.81 ± 
0.02 

0.87 ± 
0.03 

0.86 ± 
0.01 

0.90 ± 
0.01 

0.86 ± 
0.01 

0.90 ± 
0.01 

KNN Y 0.90 ± 
0.02 

0.90 ± 
0.01 

0.75 ± 
0.02 

0.73 ± 
0.03 

0.82 ± 
0.02 

0.81 ± 
0.02 

0.83 ± 
0.01 

0.82 ± 
0.02 

Logistic 
Regression 

Y 0.92 ± 
0.01 

0.90 ± 
0.02 

0.84 ± 
0.01 

0.82 ± 
0.02 

0.88 ± 
0.01 

0.85 ± 
0.02 

0.88 ± 
0.01 

0.86 ± 
0.01 

Random 
Forest 

Y 0.96 ± 
0.02 

0.94 ± 
0.02 

0.88 ± 
0.02 

0.88 ± 
0.03 

0.91 ± 
0.01 

0.91 ± 
0.02 

0.92 ± 
0.01 

0.91 ± 
0.02 

SVM Y 0.91 ± 
0.01 

0.90 ± 
0.02 

0.85 ± 
0.00 

0.81 ± 
0.02 

0.88 ± 
0.00 

0.85 ± 
0.02 

0.88 ± 
0.01 

0.86 ± 
0.01 



191 

 

PURE Dataset Features for Requirement Identification 

As part of the analytical process, understanding the features responsible for the model 

inference is crucial; through the utilization of these features, deriving the reasons behind model 

inference, in the form of various XAI methods, becomes possible. For the statistical models, the 

translation of the associated coefficients to word importance can help uncover important features. 

For more complicated models, the analysis process synthesizes the knowledge of the DL models 

into a meta-model to help uncover important features. Although analyzing DL models is possible 

through other methods, such as Integrated Gradient or SHAP implementations, a baseline analysis 

of word contribution can suffice for feature engineering at the lexical and syntactical level of 

requirement identification. Table 20 and Table 21 shows various results among the models for the 

highest impact words among both classes.  

Table 20 Model-Specific Word Impact Results (Class 0) 

 

 

 For the negative class, there are consistent results among the topmost impactful words; 

specifically, the highest impact words among the various models include “processes” and 

“administration” for non-requirement classification. Although these words often occur in 

requirement-based text, their collective contribution skewed towards a negative classification, 

suggesting the importance of sequences, context, and order instead of individual word units. As 

Model Classification Impact 1 Impact 2 Impact 3 Impact 4 Impact 5
Linear Regression Negative processes permissive low figure administration
Logistic Regression Negative processes requirements specification administration xml
Naïve Bayes Negative nanc transportation xml layer srs
SVM Negative processes administration release found specification
Meta Random ForestNegative processes requirements specification administration xml
Meta KNN Negative processes administration well document online
Meta ANN Negative processes specification administration requirements them
Meta CNN Negative administration deliverable describes file amount
Meta RNN Negative administration document requirements file police
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indicated by Figure 25, models relied on many common words for classification, suggesting a 

potential pattern among non-requirement text that is transferable to rule-based methods. 

 

 

Figure 25 Most Frequent Words for Non-Requirements 

 

 For the positive class, Table 21 Model-specific Word Impact Results (Class 1) shows the 

top common words associated with requirement identification across the various models. 

According to the results, requirement-related text shares more overlap for common words during 

the classification process. Words such as ‘shall’ and ‘should’ were primary indicators of 

requirement-related text. In a similar way to the negative class, these indicators seemingly work 

in conjunction as contributory factors to the positive class; their accuracy likely improves in 

specific sequences, patterns, or in the instance of multiple common word indicators. 
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Table 21 Model-specific Word Impact Results (Class 1) 

 

 

 Figure 26 shows the words that were the most responsible for the positive classification. 

As mentioned previously, words such as ‘shall’ and ‘should’ were indicators, along with other 

common requirement terminology. Notably, requirement common words constitute a certain 

formality or obligation. Words such as ‘should’ and ‘able’ imply language that bonds entities and 

actions, while seemingly following the broad syntactical framework of general requirements 

forms specified in the IEEE 29148 standard. Similar to the negative class common words, most 

models converged on similar terminology to classify positive instances of requirements. 

 

 

Figure 26 Most Frequent Words for Requirements 

Model Classification Impact 1 Impact 2 Impact 3 Impact 4 Impact 5
Logistic Regression Positive shall should must option able
Naïve Bayes Positive rr3 previously smss shall 137
SVM Positive shall should must option able
Meta Random ForestPositive shall shall should must option
Meta KNN Positive shall able should plant must
Meta ANN Positive shall should must able previously
Meta CNN Positive shall should must account acquisition
Meta RNN Positive shall should must display able
Meta BERT Positive shall will must should may
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 Based on the analysis of both classes, words alone do not seemingly explain the reasons 

for classification. With exception, positive requirement classification did show results akin to the 

expected requirement syntax broadly outlined among accepted requirement syntaxes. Still, 

statistical models achieved limited accuracy based on the aggregations of these particular terms. 

The analysis suggests that lexical units alone are not enough to help inform an accurate rule-

based algorithm for classification; instead, a combination of the common word inclusions or 

positions could help better explain and understand what constitutes a requirement. With the 

results, complicated models such as BERT converged on similar words for importance among the 

classes, even though meta-models were utilized to help synthesize and understand model 

knowledge. 

Human-Annotated Dataset Analysis for Requirement Identification and Quality Analysis 

To further validate the ARQM application, the study analyzes human-annotated datasets. 

These datasets were created from reviewers tasked with both requirement identification and 

quality analysis of requirements. For the manually annotated datasets, the study compiled the 

aggregated unlabeled datasets from diverse requirement documents. Each reviewer annotated a 

list of random text to identify requirements and the associated requirement quality. Because the 

datasets were synthesized from disparate requirement documents, context was not provided to the 

reviewer. 

In general, there was low to moderate agreement among the reviewers for both 

requirement identification and quality analysis tasks. To determine the agreement, overlapping 

datasets were given to the reviewers to help generate Kappa agreement results. Further, these 

agreements showed there was a diversity of opinion across the various tasks, leading to some 
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limitations and high variation of model results. Ultimately, due to the limitation of the dataset 

size, data control was also more limited. To train the models, the data consisted of the 

overlapping data in which the users rated consistently. In instances where this would have led to 

an impractically small dataset for training, other data from the non-overlapping datasets were 

added to the training process. Additionally, Reviewer 1 tended to rate differently than the other 

reviewers. As a result, they were often removed as an outlier when appropriate due to low 

agreement. Figure 27 shows the process of manual annotation for requirement identification 

amongst the various datasets. 

 

 

Figure 27 Manual Requirement Identification Process 
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 As the figure shows, the automated artifact generation process utilizes pre-trained models 

that were tuned from the PURE dataset. Through inference, these trained models help to create 

both unlabeled and labeled datasets. Ultimately, the unlabeled dataset was manually labeled by a 

human annotator, allowing for the determination of agreement among both human annotated 

reviewers and the DistilBERT model predictions. Using Cohen’s Kappa, a technique that 

measures agreement among multiple classes, the analysis shows how often the raters agreed 

based on similar data. Additionally, the agreement also outlines how accurately the trained model 

agreed with the human annotators, helping to understand the practical limitations of AI models 

and their associated generalizability. 

Requirement Identification 

 For requirement identification, various models achieved success with the classification of 

requirement and non-requirement text. Notably, there was a high correlation between the PURE 

dataset labeling logic and the reviewers’ responses. Table 22 shows the agreement among 

reviewers with respect to the PURE dataset; There was moderate agreement among reviewers, but 

notable disagreement for what constitutes a requirement, suggesting multiple interpretations for 

requirement identification. 

 

Table 22 Kappa Reviewer Agreement with PURE 

Source Identification 
Dataset 1 0.286 
Dataset 2_1 0.343 
Dataset 2_2 0.286 
Dataset 3_1 0.429 
Dataset 3_2 0.4 
Dataset 4 0.371 
Dataset 5_1 0.371 
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Dataset 5_2 0.457 
Dataset 6_1 0.457 

 

 Table 23 shows the agreement for requirement identification where relevant; Although 

the reviewer agreement was significant, there was clear disagreement with Annotator 1, 

suggesting outlier data. The remaining reviewers agreed on what constituted a requirement, with 

a moderate Kappa agreement. To understand the implications of the reviewer agreement, the 

results were also analyzed against the PURE model results to understand the generalizability of 

the PURE dataset with the manual dataset. The results are provided in Table 23 and Table 24. 

 

 

Table 23 Reviewer Agreement 

Column1 Annotator_1 Annotator_2 Annotator_3 Annotator_4 Annotator_5 
Annotator_1 X 0.169 X X X 
Annotator_2 0.169 X 0.441 X X 
Annotator_3 X 0.441 X X X 
Annotator_4 X X X X 0.6 
Annotator_5 X X X 0.6 X 

 

 The BERT model achieved relatively high accuracy among all datasets but failed to 

generalize beyond low 70% accuracy. Although the results differed across datasets and reviewers, 

the model achieved sufficient accuracy for both classes, suggesting moderate generalizability 

between the PURE dataset and the annotated dataset. Although the model was moderately 

accurate, the analysis compares the models across manual data as well. These results are provided 

in Table 26. 

 

Table 24 Negative Class PURE Accuracy 

 
Precision_0 Recall_0 F1_0 Accuracy 

Dataset_1 0.66 0.6 0.63 0.64 
Dataset_2_1 0.7 0.6 0.65 0.67 
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Dataset_2_2 0.69 0.51 0.59 0.64 
Dataset_3_1 0.74 0.66 0.7 0.71 
Dataset_3_2 0.77 0.57 0.66 0.7 

Dataset_4 0.66 0.77 0.71 0.69 
Dataset_5_1 0.64 0.86 0.73 0.69 
Dataset_5_2 0.69 0.83 0.75 0.73 

Dataset_6 0.66 0.94 0.78 0.73 
 

Table 25 Positive Class PURE Accuracy 

 
Precision_1 Recall_1 F1_1 Accuracy 

Dataset_1 0.63 0.69 0.66 0.64 
Dataset_2_1 0.65 0.74 0.69 0.67 
Dataset_2_2 0.61 0.77 0.68 0.64 
Dataset_3_1 0.69 0.77 0.73 0.71 
Dataset_3_2 0.66 0.83 0.73 0.7 

Dataset_4 0.72 0.6 0.66 0.69 
Dataset_5_1 0.78 0.51 0.62 0.69 
Dataset_5_2 0.79 0.63 0.7 0.73 

Dataset_6 0.9 0.51 0.65 0.73 
 

 In Table 26, the results show a variety of models and their associated results among 

inference for the manual datasets. For Accuracy, Logistic Regression surprisingly outperformed 

with a score of 0.89, while other models such as ANN, CNN, XLNet, DistilBERT, and Random 

Forest performed similarly for accuracy. For F1-Score, Logistic Regression again outperformed 

for both the positive and negative classes with scores of 0.88 and 0.89, respectively. Similar 

results were also achieved among models such as ANN, CNN, and XLNet. For Recall, KNN 

outperformed for the negative class with a score of 0.92, while ANN and CNN outperformed for 

the positive class with scores of 0.89. Lastly, Logistic Regression outperformed for precision 

within the positive class with a score of 0.90, and ANN outperformed for precision with a score 

of 0.89 among the negative class. Although there were similar performance across statistics for 

the different models, the degree of variation was much higher when compared to the PURE 
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dataset. Naturally, the manual datasets contained significantly less entries, likely leading to higher 

variation of performance. 

Table 26 Requirement Identification for Manual Datasets 

Model Class Precision Recall F1-
Score 

Accuracy 

ANN N 0.89 ± 
0.08 

0.84 ± 
0.14 

0.85 ± 
0.08 

0.86 ± 
0.07 

CNN + Embeddings N 0.88 ± 
0.07 

0.84 ± 
0.10 

0.85 ± 
0.06 

0.86 ± 
0.06  

XLNet N 0.87 ± 
0.04 

0.88 ± 
0.06 

0.87 ± 
0.03 

0.87 ± 
0.03 

DistilBERT N 0.85 ± 
0.05 

0.85 ± 
0.07 

0.85 ± 
0.04 

0.86 ± 
0.04 

DistilBERT Few-Shot N 0.76 ± 
0.01  

0.89 ± 
0.03 

0.82 ± 
0.01 

0.79 ± 
0.01 

DistilBERT Siamese N 0.77 ± 
0.09 

0.73 ± 
0.17 

0.74 ± 
0.11 

0.74 ± 
0.09 

Ensemble (Average) N 0.84 ± 
0.04 

0.87 ± 
0.06 

0.86 ± 
0.04 

0.85 ± 
0.03 

Ensemble (Majority) N 0.84 ± 
0.04 

0.88 ± 
0.06 

0.86 ± 
0.03 

0.85 ± 
0.03 

KNN N 0.70 ± 
0.10 

0.92 ± 
0.07 

0.79 ± 
0.08 

0.76 ± 
0.09 

Logistic Regression N 0.88 ± 
0.07 

0.90 ± 
0.04 

0.89 ± 
0.04 

0.89 ± 
0.04 

Meta-Model (Gradient Boost) N 0.85 ± 
0.05 

0.80 ± 
0.05 

0.82 ± 
0.02 

0.82 ± 
0.02 

Meta-Model (Logistic 
Regression) 

N 0.84 ± 
0.04 

0.86 ± 
0.05 

0.85 ± 
0.03 

0.85 ± 
0.03 

Random Forest N 0.86 ± 
0.06 

0.90 ± 
0.08 

0.87 ± 
0.04 

0.87 ± 
0.05 

RNN N 0.88 ± 
0.08 

0.79 ± 
0.09 

0.83 ± 
0.07 

0.84 ± 
0.05 

Support Vector Machine N 0.87 ± 
0.07 

0.82 ± 
0.09 

0.84 ± 
0.05 

0.85 ± 
0.05 

ANN Y 0.85 ± 
0.13 

0.89 ± 
0.08 

0.86 ± 
0.07 

0.86 ± 
0.07 

CNN + Embeddings Y 0.85 ± 
0.10  

0.89 ± 
0.06 

0.86 ± 
0.06 

0.86 ± 
0.06 

XLNet Y 0.87 ± 
0.06 

0.85 ± 
0.05 

0.86 ± 
0.03 

0.87 ± 
0.03 

DistilBERT Y 0.86 ± 
0.06 

0.85 ± 
0.05 

0.86 ± 
0.04 

0.86 ± 
0.04 
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DistilBERT Few-Shot Y 0.84 ± 
0.03 

0.68 ± 
0.03 

0.75 ± 
0.02 

0.79 ± 
0.01 

DistilBERT Siamese Y 0.73 ± 
0.12 

0.74 ± 
0.14 

0.72 ± 
0.09 

0.74 ± 
0.09 

Ensemble (Average) Y 0.87 ± 
0.04 

0.83 ± 
0.04 

0.85 ± 
0.03 

0.85 ± 
0.03 

Ensemble (Majority) Y 0.87 ± 
0.05 

0.82 ± 
0.05 

0.85 ± 
0.03 

0.85 ± 
0.03 

KNN Y 0.89 ± 
0.11 

0.60 ± 
0.14 

0.71 ± 
0.11 

0.76 ± 
0.09 

Logistic Regression Y 0.90 ± 
0.06 

0.87 ± 
0.07 

0.88 ± 
0.05 

0.89 ± 
0.04 

Meta-Model (Gradient Boost) Y 0.81 ± 
0.04 

0.84 ± 
0.06 

0.82 ± 
0.03 

0.82 ± 
0.02 

Meta-Model (Logistic 
Regression) 

Y 0.85 ± 
0.04 

0.83 ± 
0.04 

0.84 ± 
0.03 

0.85 ± 
0.03 

Random Forest Y 0.89 ± 
0.09 

0.85 ± 
0.06 

0.86 ± 
0.05 

0.87 ± 
0.05 

RNN Y 0.81 ± 
0.08 

0.89 ± 
0.07 

0.84 ± 
0.06  

0.84 ± 
0.05 

Support Vector Machine Y 0.83 ± 
0.09 

0.88 ± 
0.06 

0.85 ± 
0.05 

0.85 ± 
0.05 

 

 Based on significance testing, there was low consensus on ideal model performance for 

class 0 (Figure 28). For precision, the vast majority of the models, with exception of Siamese 

BERT, BERT Few-Shot, and KNN performed statistically similar. ANN through XLNET 

achieved high mean averages but failed to outpace each other in significance. For recall, all 

models besides RNN and Siamese BERT achieved statistical similarity. For F1, the results are 

similar with all models performing statistically similar with RNN and Siamese BERT excluded. 

Lastly, accuracy shows a similar story with statistically similar results among models with 

exception of BERT Few-Shot, KNN, and Siamese BERT. Based on the high variation in data 

results, the significance testing makes sense. The low amount of data and data agreement likely 

minimized the ability for models to learn useful patterns. 

 The significance testing for class 1 (Figure 29) details a similar story as class 0. For 

precision, all models besides the Siamese BERT implementation were statistically similar, with 
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Logistic Regression through ANN performing in the top class. For recall, there was more class 

distribution, where the top class outperformed Siamese BERT, BERT Few-Shot, and KNN. CNN, 

ANN, RNN, SVM, Logistic Regression, BERT, and XLNet all performed in the top class and 

achieved the highest means. For F1, most models performed similarly, while BERT Few-Shot, 

Siamese BERT, and KNN performed the worst based on statistical significance. These results do 

show some group spread across the different statistics, but the results seemingly indicate that both 

simplistic and complicated models performed similarly. 

 When compared to the PURE dataset, there was lower performance and higher variation. 

Naturally, the manual dataset consisted of significantly less entries and less diverse requirement 

specification artifacts during the dataset generation. Still, there was relatively high agreement 

from the PURE-trained model when trying to predict the manual dataset results, suggesting some 

useful data pattern extraction. Further, there was moderate to high-moderate agreement among 

annotators 2, 3, 4, and 5, with exception of annotator 1. However, given the disagreement among 

reviewers for what constitutes a requirement, the PURE-trained model was unable to achieve high 

metrics across the statistical points of analysis when identifying the manual identification dataset 

results. 

 Due to the PURE datasets strong and diverse dataset, the agreement and results are still 

promising, even though the model did not encapsulate the manual reviewer patterns well. 

Ultimately, the limitations and variability of the datasets show that perhaps the PURE and manual 

datasets differ in feature representation and reviewer opinion. Additionally, the small entries 

within the manual dataset provide further limitations for eliminating extremities, likely hurting 

the models capabilities for generalization further. The problem is likely not a generalization issue 

due to the vast entries of the PURE dataset. Further additions to the manual dataset would likely 

help bolster better results and patterns for model inference. Notably, Table 34 showed that the 

models did learn similar patterns across the manual identification dataset. Additionally, the model 
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agreement was higher than the corresponding quality attribute entries. Lastly, the reviewer 

instructions differed significantly in relation to the PURE dataset instructions. Specifically, the 

reviewers were instructed to label an entry as a requirement without regard to granularity. Scope 

of reference and requirement qualification likely differed across the two studies. 

 

Figure 28 Significance Testing for Manual Identification (Class 0) 
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Figure 29 Significance Testing for Manual Identification (Class 1) 

 

 

 

 Ultimately, models trained on manual data achieved better generalization than the PURE 

derived model. With the achievement of high metrics, the models learned patterns representative 

of the user annotations, suggesting consistency among raters. Additionally, simpler models 

seemingly achieved comparable or greater performance when compared to complicated models, 

implying that features from human annotators may be less complicated. Overall, models were 

able to generalize the raters’ patterns for determining requirement and non-requirement text 

among the datasets. 



204 

 

Quality Analysis 

Among the existing quality attributes from the IEEE 29148 standard, the annotated 

dataset consisted of four items including ambiguity, feasibility, singularity, and verifiability. 

These items were evaluated for each requirement by human annotators using the IEEE 29148 

standard definition for violations. The analysis compares the rater agreement through Cohen’s 

Kappa to determine rater consistency. Additionally, the analysis looks into the ability of models 

to learn the pattern representations of the manually annotated datasets. 

 

Ambiguity 

 For ambiguity, there was general agreement among most reviewers for what constitutes 

an ambiguous requirement. For Cohen’s Kappa, the results are provided in Table 27. There was 

no agreement between Annotator 1 and Annotator 2, but there was agreement among Annotator 

2, 3, 4, and 5. High and moderate Kappa agreements of 0.304 and 0.711 suggest an agreement 

among ambiguity violations for requirements. To further show the agreement of ambiguity within 

the datasets, Table 28 shows the results of model inference. 

 

Table 27 Ambiguity Rater Agreement 

 
Annotator_1 Annotator_2 Annotator_3 Annotator_4 Annotator_5 

Annotator_1 X -0.068 X X X 
Annotator_2 -0.068 X 0.304 X X 
Annotator_3 X 0.304 X X X 
Annotator_4 X X X X 0.711 
Annotator_5 X X X 0.711 X 

 

 Table 28 shows a slight inability for models to learn the general patterns of ambiguity 

from the human annotated dataset. For Accuracy, Random Forest outperformed with a result of 

0.84. For the F1-Score, Random Forest also outperformed among the negative and positive 
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classes with scores of 0.84. For Recall, XLNet generalized the best for the negative class with a 

score of 0.87, while Random Forest achieved the best score for the positive class with a score of 

0.82. Lastly, CNN outperformed for Precision among the negative class with a score of 0.84, 

while XLNet achieved a score of 0.85 for the positive class. In general, Random Forest seemingly 

outperformed most models, even though other statistical models showcased moderate or below-

average performance. Even though Random Forest did not necessarily perform the best for every 

statistic, the model generally performed well regardless of the class, suggesting that the Random 

Forest model would be ideal for Ambiguity detection. Lastly, other, more complicated models, 

such as DistilBERT seemingly failed to encapsulate the patterns of the data. Naturally, there was 

disagreement across the various annotators; further extrapolation and processing of the dataset 

could help models learn the patterns better. Figure 32 Ambiguity Embedding Space shows the 

associated embedding separation among the two classes. 

 

Table 28 Ambiguity Model Results 

Model Class Precision Recall F1-
Score 

Accuracy 

ANN N 0.79 ± 
0.10 

0.75 ± 
0.11 

0.77 ± 
0.09 

0.78 ± 
0.07 

CNN + Embeddings N 0.84 ± 
0.09 

0.75 ± 
0.05 

0.79 ± 
0.06 

0.80 ± 
0.06 

XLNet N 0.70 ± 
0.05 

0.87 ± 
0.07 

0.78 ± 
0.04 

0.76 ± 
0.05 

DistilBERT N 0.71 ± 
0.04 

0.76 ± 
0.10 

0.73 ± 
0.04 

0.72 ± 
0.02 

DistilBERT Few-Shot N 0.60 ± 
0.02 

0.81 ± 
0.04 

0.69 ± 
0.02 

0.57 ± 
0.03 

DistilBERT Siamese N 0.61 ± 
0.03 

0.53 ± 
0.12 

0.56 ± 
0.08 

0.50 ± 
0.05 

Ensemble (Average) N 0.76 ± 
0.07 

0.70 ± 
0.06 

0.73 ± 
0.05 

0.74 ± 
0.03 

Ensemble (Majority) N 0.76 ± 
0.07 

0.72 ± 
0.06 

0.73 ± 
0.04 

0.75 ± 
0.03 

KNN N 0.60 ± 
0.08 

0.92 ± 
0.05 

0.73 ± 
0.07 

0.66 ± 
0.07 
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Logistic Regression N 0.77 ± 
0.09 

0.73 ± 
0.12 

0.75 ± 
0.09 

0.76 ± 
0.07 

Meta-Model (Gradient Boost) N 0.75 ± 
0.05 

0.69 ± 
0.13 

0.71 ± 
0.08 

0.74 ± 
0.04 

Meta-Model (Logistic 
Regression) 

N 0.77 ± 
0.07 

0.68 ± 
0.05 

0.72 ± 
0.05 

0.74 ± 
0.03 

Random Forest N 0.83 ± 
0.06 

0.86 ± 
0.06 

0.84 ± 
0.06 

0.84 ± 
0.05 

RNN - LSTM + Embeddings N 0.78 ± 
0.08 

0.69 ± 
0.09 

0.73 ± 
0.08 

0.75 ± 
0.06 

Support Vector Machine N 0.78 ± 
0.09 

0.72 ± 
0.12 

0.75 ± 
0.10 

0.76 ± 
0.07 

ANN Y 0.77 ± 
0.08 

0.80 ± 
0.09 

0.78 ± 
0.07 

0.78 ± 
0.07 

CNN + Embeddings Y 0.76 ± 
0.08 

0.85 ± 
0.09 

0.80 ± 
0.08 

0.80 ± 
0.06 

XLNet Y 0.85 ± 
0.07 

0.64 ± 
0.09 

0.73 ± 
0.06 

0.76 ± 
0.05 

DistilBERT Y 0.75 ± 
0.06 

0.69 ± 
0.09 

0.71 ± 
0.03 

0.72 ± 
0.02 

DistilBERT Few-Shot Y 0.45 ± 
0.07 

0.22 ± 
0.02 

0.29 ± 
0.03 

0.57 ± 
0.03 

DistilBERT Siamese Y 0.38 ± 
0.04 

0.46 ± 
0.10 

0.41 ± 
0.05 

0.50 ± 
0.05 

Ensemble (Average) Y 0.74 ± 
0.04 

0.78 ± 
0.06 

0.76 ± 
0.03 

0.74 ± 
0.03 

Ensemble (Majority) Y 0.74 ± 
0.03 

0.78 ± 
0.06 

0.76 ± 
0.02 

0.75 ± 
0.03 

KNN Y 0.85 ± 
0.08 

0.40 ± 
0.07 

0.54 ± 
0.07 

0.66 ± 
0.07 

Logistic Regression Y 0.75 ± 
0.09 

0.79 ± 
0.07 

0.77 ± 
0.07 

0.76 ± 
0.07 

Meta-Model (Gradient Boost) Y 0.74 ± 
0.07 

0.79 ± 
0.06 

0.75 ± 
0.02 

0.74 ± 
0.04 

Meta-Model (Logistic 
Regression) 

Y 0.72 ± 
0.03 

0.81 ± 
0.06 

0.76 ± 
0.02 

0.74 ± 
0.03 

Random Forest Y 0.85 ± 
0.07 

0.82 ± 
0.05 

0.84 ± 
0.06 

0.84 ± 
0.05 

RNN - LSTM + Embeddings Y 0.72 ± 
0.06 

0.81 ± 
0.06 

0.76 ± 
0.05 

0.75 ± 
0.06 

Support Vector Machine Y 0.75 ± 
0.09 

0.80 ± 
0.07 

0.77 ± 
0.07 

0.76 ± 
0.07 
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 For Ambiguity, statistical significance tended to be more stratified and pronounced when 

compared to the manual requirement identification result. Figure 30 shows the results of the 

significance testing for the negative class. For precision, CNN through Gradient Boost 

outperformed. In particular, CNN and Random Forest performed better than BERT, XLNet, 

Naïve Bayes, Siamese BERT, KNN, and BERT Few-Shot. For recall, KNN surprisingly 

performed the best by mean, statistically outperforming Naïve Bayes through Siamese BERT. 

The worst performing models included SVM through Siamese BERT. F1 had general model 

agreement, whereas Random Forest outperformed almost every model, including Majority Vote 

Ensemble and below. For accuracy, Random Forest again outperformed similarly, with CNN, 

ANN, SVM, and Logistic Regression achieving similar results. 

 For the positive class (Figure 31), there continues to be broad distribution across 

statistical model results. For precision, Random Forest outperformed Majority Vote Ensemble 

and below, with KNN and XLNet performing similarly. Recall had more model agreement, with 

CNN, Random Forest, Logistic Regression, RNN, and SVM outperforming BERT and below. 

For F1, Random Forest again outperformed with a superior performance to Gradient Boost and 

below. Overall, Random Forest seemingly outperformed in most categories and statistics. Other 

models, such as KNN, performed uniquely well off of certain statistics, while CNN also 

performed well consistently. Generally, there was significant changes in top model results based 

on the metric. 
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Figure 30 Significance Testing for Ambiguity (Class 0) 
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Figure 31 Significance Testing for Ambiguity (Class 1) 
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Figure 32 Ambiguity Embedding Space 

 

Feasibility 

Similarly to ambiguity, the analysis looks at the reviewer agreement among feasibility 

violations for requirements. Additionally, the reviewers were instructed to utilize the IEEE 29148 

standard definition of feasibility to inform their decisions. Although there was high agreement 

among most reviewers, there was disagreement among Annotator 1 and Annotator 2, similarly to 

the ambiguity Kappa agreement. For Annotator 2 and 3, there was a high Kappa agreement of 

0.66, while Annotators 4 and 5 had a Kappa agreement of 0.317, indicating a moderate 

agreement. The results are provided in Table 29 Feasibility Kappa Agreement. 

 

Table 29 Feasibility Kappa Agreement 

 
Annotator_1 Annotator_2 Annotator_3 Annotator_4 Annotator_5 

Annotator_1 X 0 X X X 
Annotator_2 0 X 0.66 X X 
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Annotator_3 X 0.66 X X X 
Annotator_4 X X X X 0.317 
Annotator_5 X X X 0.317 X 

 

 Notably for the feasibility annotations among reviewers, there was a high bar to indicate 

a violation. Most of the entries were determined to be feasible, even with the IEEE 29148 

standard definition provided to the users. As mentioned previously, the users were not given the 

context of the project associated with each requirement, limiting their ability to make an adequate 

decision on whether a requirement was feasible. Due to the lack of a balanced dataset for both 

non-feasible and feasible requirements, training AI models was not practical for this particular 

quality attribute. Figure 33 shows the separation result of the data. Of the two classes, the data is 

well separated, but the data limitations affect the generalizability of the separation results. 
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Figure 33 Feasibility Embedding Space 

 

Singularity 

Unlike ambiguity and feasibility, there was agreement among all reviewers for what 

constituted a singularity violation within a requirement. Annotators 1 and 2 had a Kappa 

agreement of 0.333, Annotators 2 and 3 had a kappa agreement of 0.151, and Annotators 4 and 5 

had a Kappa agreement of 0.204. Although there was agreement among reviewers, the agreement 

was only moderate, suggesting that does not have a simplistic definition among raters. The 

analysis of singularity is further extended through model inference and how well simple and 

complicated models could learn the human patterns provided from the datasets. The Kappa 

agreement is provided in Table 30 whereas the model results are provided in Table 31. 
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Table 30 Singularity Kappa Agreement 

Column1 Annotator_1 Annotator_2 Annotator_3 Annotator_4 Annotator_5 
Annotator_1 X 0.333 X X X 
Annotator_2 0.333 X 0.151 X X 
Annotator_3 X 0.151 X X X 
Annotator_4 X X X X 0.204 
Annotator_5 X X X 0.204 X 

 

 Unlike ambiguity, the models achieved high achievement among metrics for singularity, 

suggesting more consistent data labeling and patterns. For Accuracy, Random Forest outformed 

with a score of 0.93. Similarly, Random Forest also outperformed for F1-Score with scores of 

0.92 for both the positive and negative classes. For Recall, DistilBERT Few-Shot achieved a high 

recall of 0.97 for the negative class, whereas Random Forest outperformed again with a score of 

0.94 for the positive class. Lastly, Random Forest outperformed for precision among the negative 

class with a score of 0.94, while KNN outperformed for the positive class with a score of 0.92. 

Unlike the ambiguity dataset, singularity had less variation and higher agreement among 

reviewers, likely allowing for better model performance and consistency. Figure 36 shows a 

healthy separation of classes amongst embeddings. 

 

Table 31 Singularity Model Results 

Model Class Precision Recall F1-
Score 

Accuracy 

ANN N 0.90 ± 
0.07 

0.75 ± 
0.10 

0.81 ± 
0.07 

0.83 ± 
0.06 

CNN + Embeddings N 0.90 ± 
0.04 

0.82 ± 
0.12 

0.85 ± 
0.06 

0.86 ± 
0.05 

XLNet N 0.90 ± 
0.04 

0.82 ± 
0.07 

0.85 ± 
0.04 

0.86 ± 
0.04 

DistilBERT N 0.89 ± 
0.04 

0.86 ± 
0.04 

0.87 ± 
0.02 

0.88 ± 
0.02 

DistilBERT Few-Shot N 0.73 ± 
0.00 

0.97 ± 
0.02 

0.83 ± 
0.01 

0.71 ± 
0.01 
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DistilBERT Siamese N 0.75 ± 
0.07 

0.72 ± 
0.16 

0.72 ± 
0.10 

0.75 ± 
0.06 

Ensemble (Average) N 0.90 ± 
0.03 

0.90 ± 
0.04 

0.90 ± 
0.02 

0.90 ± 
0.02 

Ensemble (Majority) N 0.89 ± 
0.03 

0.91 ± 
0.04 

0.90 ± 
0.02 

0.90 ± 
0.02 

KNN N 0.72 ± 
0.06 

0.95 ± 
0.04 

0.82 ± 
0.03 

0.79 ± 
0.04 

Logistic Regression N 0.86 ± 
0.07 

0.86 ± 
0.05 

0.86 ± 
0.05 

0.86 ± 
0.05 

Meta-Model (Gradient Boost) N 0.91 ± 
0.03 

0.84 ± 
0.08 

0.87 ± 
0.05 

0.88 ± 
0.04 

Meta-Model (Logistic 
Regression) 

N 0.92 ± 
0.04 

0.87 ± 
0.04 

0.89 ± 
0.02 

0.89 ± 
0.02 

Random Forest N 0.94 ± 
0.03 

0.91 ± 
0.04 

0.92 ± 
0.02 

0.93 ± 
0.02 

RNN N 0.92 ± 
0.06 

0.85 ± 
0.06 

0.88 ± 
0.03 

0.88 ± 
0.04 

Support Vector Machine N 0.90 ± 
0.05 

0.81 ± 
0.06 

0.85 ± 
0.04 

0.86 ± 
0.04 

ANN Y 0.78 ± 
0.10 

0.91 ± 
0.06 

0.84 ± 
0.07 

0.83 ± 
0.06 

CNN + Embeddings Y 0.84 ± 
0.09 

0.90 ± 
0.06 

0.87 ± 
0.05 

0.86 ± 
0.05 

XLNet Y 0.83 ± 
0.08 

0.90 ± 
0.04 

0.86 ± 
0.05 

0.86 ± 
0.04 

DistilBERT Y 0.87 ± 
0.03 

0.90 ± 
0.04 

0.88 ± 
0.02 

0.88 ± 
0.02 

DistilBERT Few-Shot Y 0.40 ± 
0.11 

0.05 ± 
0.02 

0.09 ± 
0.03 

0.71 ± 
0.01 

DistilBERT Siamese Y 0.77 ± 
0.09 

0.78 ± 
0.10 

0.77 ± 
0.05 

0.75 ± 
0.06 

Ensemble (Average) Y 0.90 ± 
0.04 

0.89 ± 
0.04 

0.90 ± 
0.02 

0.90 ± 
0.02 

Ensemble (Majority) Y 0.91 ± 
0.03 

0.89 ± 
0.04 

0.90 ± 
0.02 

0.90 ± 
0.02 

KNN Y 0.92 ± 
0.09 

0.62 ± 
0.08 

0.74 ± 
0.08 

0.79 ± 
0.04 

Logistic Regression Y 0.86 ± 
0.07 

0.86 ± 
0.08 

0.85 ± 
0.07 

0.86 ± 
0.05 

Meta-Model (Gradient Boost) Y 0.85 ± 
0.06 

0.92 ± 
0.03 

0.89 ± 
0.04 

0.88 ± 
0.04 

Meta-Model (Logistic 
Regression) 

Y 0.87 ± 
0.03 

0.92 ± 
0.04 

0.90 ± 
0.02 

0.89 ± 
0.02 
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Random Forest Y 0.91 ± 
0.04 

0.94 ± 
0.03 

0.92 ± 
0.03 

0.93 ± 
0.02 

RNN Y 0.86 ± 
0.07 

0.92 ± 
0.06 

0.88 ± 
0.05 

0.88 ± 
0.04 

Support Vector Machine Y 0.82 ± 
0.08 

0.91 ± 
0.04 

0.86 ± 
0.05 

0.86 ± 
0.04 

 

 Unlike Ambiguity, Singularity had less group distribution for statistical significance. In 

Figure 34, the results for precision show that Random Forest outperformed Logistic Regression 

and below, but performed statistically similar to all other models. For recall, BERT Few-Shot 

outperformed along with KNN when compared to Gradient Boost and below. For F1, Random 

Forest again outperformed with the highest mean, while also outperforming statistically with 

CNN, SVM, BERT Few-Shot, KNN, ANN, and Siamese BERT. For accuracy, Random Forest 

again outperformed most models including CNN and below. Seemingly, Random Forest and 

Ensemble-based models outperformed in general based on the data. Similarly to Ambiguity, 

Random Forest generally performed the best among models based on Mean, with exception to the 

recall results. 

 For class 1, provided in Figure 35, the results indicate that Random Forest again 

outperformed among Recall, F1, and general accuracy. For precision, KNN, Majority Vote 

Ensemble, Random Forest, and Average Ensemble performed in the top class. However, there 

was a large clustering of statistically similar models, showing that only ANN, Siamese BERT, 

and BERT Few-Shot performed worse. For Recall, Random Forest outperformed Logistic 

Regression and below, while Gradient Boost through Majority Vote Ensemble performed 

statistically similarly. Again, there was a large group overlap, suggesting most models achieved 

statistically similar results, especially with the high variation detailed in the data. For F1, Random 

Forest outperformed for the mean result and achieved significantly better performance than ANN, 

Siamese BERT, KNN, and BERT Few-Shot. Still, there was strong model overlap. Even though 
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the results were less clear for the positive class, Random Forest and Ensemble models seemingly 

outperformed. 

 

Figure 34 Significance Testing for Singularity (Class 0) 
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Figure 35 Significance Testing for Singularity (Class 1) 

 

Figure 36 Singularity Embedding Space 
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Verifiability 

Lastly, the analysis looks at the verifiability quality attribute. Unlike the previous quality 

attributes, there was no agreement for what constituted a verifiability violation among 

requirements. There was no agreement among Annotators 1 and 2, a Kappa agreement of 0.172 

for Annotators 2 and 3, and a Kappa agreement of 0.117 for annotators 4 and 5. Additionally, 

there was a high tendency towards the negative class among reviewers, limiting the ability to train 

models from the reviewer responses. Ultimately, the high propensity towards the negative 

classification among reviewers likely meant that there was not adequate representation of the 

positive class, leading to a low agreement. Perhaps, stronger prompting, examples, and 

clarification could help with consolidating the definition of verifiability violations among 

reviewers. Through the use of oversampling for the minority class, the models were trained on the 

user responses for an even dataset. The results for the Kappa agreement are provided in Table 32, 

while the model inference results are provided in Table 33. 

 

Table 32 Verifiability Kappa Agreement 

Column1 Annotator_1 Annotator_2 Annotator_3 Annotator_4 Annotator_5 
Annotator_1 X 0 X X X 
Annotator_2 0 X 0.172 X X 
Annotator_3 X 0.172 X X X 
Annotator_4 X X X X 0.117 
Annotator_5 X X X 0.117 X 

 

 Even though there was annotator disagreement, the models seemingly were able to learn 

the patterns of the dataset. For accuracy, the Random Forest model achieved an accuracy of 0.85. 

For F1-Score, Random Forest again outperformed for the positive and negative classes with 

scores of 0.85. For Precision, KNN outperformed for the negative class with a score of 0.93, 

while CNN outperformed for the positive class with a score of 0.88. Lastly, Random Forest 
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achieved the best precision for the negative class with a score of 0.86, while KNN achieved a 

score of 0.89 for the positive class. In general, Random Forest seemingly outperformed most 

models based on the results. Additionally, the ensemble implementations seemingly performed 

well in general across both classes. Other models such as ANN and CNN also performed well, 

suggesting that statistical and DL models performed similarly. Figure 39 shows the embedding 

space for this quality attribute. Seemingly, the embedding implementation struggled with 

separating the two classes. 

 

Table 33 Verifiability Model Results 

Model Class Precision Recall F1-
Score 

Accuracy 

ANN N 0.82 ± 
0.09 

0.78 ± 
0.06 

0.80 ± 
0.05 

0.80 ± 
0.06 

CNN N 0.87 ± 
0.08 

0.73 ± 
0.11 

0.78 ± 
0.06 

0.80 ± 
0.06 

XLNet N 0.70 ± 
0.06 

0.86 ± 
0.04 

0.77 ± 
0.03 

0.75 ± 
0.04 

DistilBERT N 0.72 ± 
0.06 

0.73 ± 
0.13 

0.71 ± 
0.05 

0.72 ± 
0.03 

DistilBERT Few-Shot N 0.64 ± 
0.01 

0.92 ± 
0.04 

0.76 ± 
0.02 

0.61 ± 
0.03 

DistilBERT Siamese N 0.75 ± 
0.07 

0.72 ± 
0.16 

0.72 ± 
0.10 

0.75 ± 
0.06 

Ensemble (Average) N 0.83 ± 
0.04 

0.77 ± 
0.05 

0.80 ± 
0.04 

0.81 ± 
0.04 

Ensemble (Majority) N 0.82 ± 
0.04 

0.79 ± 
0.06 

0.80 ± 
0.04 

0.81 ± 
0.04 

KNN N 0.68 ± 
0.09 

0.93 ± 
0.04 

0.78 ± 
0.05 

0.74 ± 
0.05 

Logistic Regression N 0.80 ± 
0.10 

0.78 ± 
0.08 

0.79 ± 
0.07 

0.79 ± 
0.07 

Meta-Model (Gradient Boost) N 0.83 ± 
0.06 

0.70 ± 
0.15 

0.76 ± 
0.12 

0.78 ± 
0.09 

Meta-Model (Logistic 
Regression) 

N 0.84 ± 
0.05 

0.74 ± 
0.07 

0.79 ± 
0.05 

0.80 ± 
0.05 

Random Forest N 0.86 ± 
0.08 

0.84 ± 
0.06 

0.85 ± 
0.05 

0.85 ± 
0.05 
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RNN N 0.82 ± 
0.08 

0.79 ± 
0.08 

0.80 ± 
0.04 

0.80 ± 
0.05 

Support Vector Machine N 0.83 ± 
0.08 

0.78 ± 
0.10 

0.80 ± 
0.07 

0.81 ± 
0.06 

ANN Y 0.79 ± 
0.08 

0.82 ± 
0.10 

0.80 ± 
0.07 

0.80 ± 
0.06 

CNN Y 0.76 ± 
0.10 

0.88 ± 
0.08 

0.81 ± 
0.07 

0.80 ± 
0.06 

XLNet Y 0.83 ± 
0.04 

0.66 ± 
0.08 

0.73 ± 
0.05 

0.75 ± 
0.04 

DistilBERT Y 0.74 ± 
0.08 

0.71 ± 
0.11 

0.71 ± 
0.04 

0.72 ± 
0.03 

DistilBERT Few-Shot Y 0.22 ± 
0.17 

0.04 ± 
0.04 

0.07 ± 
0.06 

0.61 ± 
0.03 

DistilBERT Siamese Y 0.77 ± 
0.09 

0.78 ± 
0.10 

0.77 ± 
0.05 

0.75 ± 
0.06 

Ensemble (Average) Y 0.79 ± 
0.05 

0.84 ± 
0.05 

0.81 ± 
0.04 

0.81 ± 
0.04 

Ensemble (Majority) Y 0.80 ± 
0.06 

0.83 ± 
0.04 

0.81 ± 
0.04 

0.81 ± 
0.04 

KNN Y 0.89 ± 
0.07 

0.56 ± 
0.08 

0.68 ± 
0.05 

0.74 ± 
0.05 

Logistic Regression Y 0.79 ± 
0.08 

0.80 ± 
0.11 

0.79 ± 
0.08 

0.79 ± 
0.07 

Meta-Model (Gradient Boost) Y 0.75 ± 
0.09 

0.87 ± 
0.04 

0.80 ± 
0.07 

0.78 ± 
0.09 

Meta-Model (Logistic 
Regression) 

Y 0.77 ± 
0.06 

0.86 ± 
0.05 

0.81 ± 
0.05 

0.80 ± 
0.05 

Random Forest Y 0.84 ± 
0.07 

0.86 ± 
0.09 

0.85 ± 
0.07 

0.85 ± 
0.05 

RNN Y 0.79 ± 
0.09 

0.81 ± 
0.09 

0.80 ± 
0.07 

0.80 ± 
0.05 

Support Vector Machine Y 0.80 ± 
0.09 

0.84 ± 
0.08 

0.82 ± 
0.06 

0.81 ± 
0.06 

 

 Based on the statistical significance results of the various models for class 0 (Figure 37), 

there was broad distribution of classes. For precision, CNN and Random Forest outperformed 

Siamese BERT and below based on statistical significance. CNN through Logistic Regression 

performed similarly but with a notably decreasing mean result. Still, the high variability within 

the data, as was the case with the other quality attributes, makes it difficult to determine the top 
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performing models. For Recall, KNN outperformed the vast majority of models including 

Majority Vote Ensemble and Below. KNN performed statistically similarly to BERT Few-Shot, 

XLNet, and Random Forest. BERT Few-Shot also outperformed Average Ensemble and below, a 

notable deviation from past performance across quality attributes. For F1, Random Forest 

outperformed Siamese BERT and BERT, but most models performed statistically similar. 

Accuracy showcased a different story with Random Forest outperforming Siamese BERT, 

XLNet, KNN, BERT, and BERT Few-Shot. Additionally, Random Forest performed statistically 

similar to the other models but did achieve the top mean result. 

 Based on Figure 38, there was similar distribution for the positive class. For Precision, 

KNN outperformed Gradient Boost, BERT, and BERT Few-Shot, but there was strong model 

agreement and results with the rest performing statistically similarly, even with strong mean 

differences. For recall, CNN, Gradient Boost, Random Forest, Logistic Regreesion, Average 

Ensemble, and SVM outperformed BERT, XLNet, KNN, and BERT Few-Shot. For F1, Random 

Forest outperformed XLNet, BERT, KNN, and BERT Few-Shot, while all other models 

performed statistically similarly. Overall, the distribution for the positive class did not show a 

clear outperformer among statistics. More data exploration is necessary to understand which 

models truly better learn the data associated with the quality attribute. 
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Figure 37 Significance Testing for Verifiability (Class 0) 
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Figure 38 Significance Testing for Verifiability (Class 1) 
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Figure 39 Verifiability Embedding Space 

Conclusion 

In this chapter, the discussion provided insight into the practical applications of NLP and 

AI for requirement automation processes. Specifically, the analysis looked at a variety of topics 

ranging from requirement identification to requirement quality analysis. Based on the results of 

the PURE dataset, high metrics were achieved for requirement identification among quality 

models. From these models, the features were synthesized into rule-based heuristics to help 

understand what ultimately delineated a requirement. The results showed that common template 

requirement template words did typically indicate a requirement. Additionally, formally language 
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often contributed to the positive class of requirement identification. Although these results were 

helpful in understanding the formulations of requirements, the results showed overlap among 

words, suggesting that requirement-specific features likely were derived from syntactic and 

semantical features. 

Complicated models such as DistilBERT were able to learn the broad patterns of the 

PURE dataset with high accuracy. Simpler models such as Logistic Regression also achieved 

high accuracy, suggesting a simpler pattern complexity. Although, larger models were required to 

achieve the highest metrics, smaller models achieved adequate accuracy for most practical 

implementations. For the manually annotated dataset, there was more consistency among model 

performance. Larger models did not necessarily outperform smaller models. With a relatively 

large Kappa agreement, AI models learned the patterns from the datasets to achieve high 

accuracy. Notably, there was disagreement among the PURE dataset and the user annotated 

dataset, suggesting a slight disconnect between the perception of requirements. The analysis 

further validates the ability of the models to learn user annotations through the Fleiss’ Kappa 

agreement provided in Table 34.  

Lastly, the results analyzed the quality results of the human annotators and the ability of 

AI models to learn from the labeled datasets. For the analysis, the class labels were relatively 

consistent among ambiguity, singularity, and verifiability.  The reviewers disproportionately 

labeled requirements as feasible for the datasets, limiting the ability to train the associated models 

to predict quality attribute violations. For the model results among the other quality attributes, the 

analysis shows a strong ability to learn from the user dataset. Often, the Siamese BERT 

implementation, a discriminator that optimizes embeddings, outperformed for most of the tasks. 

Similarly to Requirement Identification, there was not significant model result difference for 

large or small models. With the added Kappa agreement among quality attributes, there is a 

practical ability to encapsulate patterns of most quality attribute violations. 
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Table 34 Fleiss' Kappa Agreement 

Method Fleiss’ Kappa 

PURE Requirement Identification 0.749 

Human Requirement Identification 0.703 

Ambiguity 0.546 

Singularity 0.641 

Verifiability 0.542 
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Chapter 6 

 

Results and Discussion 

In this praxis, the primary focus was the creation of a practical tool that could analyze 

requirement documents. Based on the progression of the research, the practical tool, ARQM, 

evolved into many forms for both UI implementation, structure, and methodological 

implementation. Primarily, the prototype of the application started as a Microsoft Word Add-In 

and required extensive user input and data labeling to adequately analyze requirements. The 

original intent of the application was to incorporate user input and generate a meta structure to 

help better analyze requirement documents, ultimately mitigating the need for automatic parsing 

of requirements while still utilizing the relevant AI methodologies for analysis. As the tool 

evolved to an automated form and mitigated the necessity of user input, the necessity of 

automated requirement identification and quality analysis became more apparent. 

To accomplish an automated tool for requirement analysis, requirement identification and 

quality analysis became pivotal for the automation process. When considering the different 

formats and structures of documents, document parsing and structuring became an added 

consideration to help identify and analyze requirements. With some basic processing and AI-

based implementation, the ARQM tool can ingest regular requirement documents and analyze the 

associated requirements. The associated limitations and advantages of the tool were seen with the 

added complexities of model tuning and providing context before inference. To understand the 

effectiveness of the methodologies behind the tool, the analysis looks at the associated research 

questions for both requirement identification and quality analysis along with the practical 

implementations for both categories. 
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Requirement Identification: Research Questions and Practicality 

To appropriately understand the results, the analysis looks at the research questions 

provided previously to help better understand the practical limitations and advantages of the 

ARQM application. The research questions require not only an in-depth understanding of the 

results, but also the associated features that helped for inference among both classes. Naturally, 

requirement identification was a simpler task due to the availability of labeled data and simplistic 

inference standards. Below are the answers to the research questions originally provided. 

 

1. How can a practical tool identify requirement-related text in differing unstructured 
documents? 
 

Through an understanding of the various research and limitations of string process, the 

common process of document parsing was complicated. For the practical implementation of the 

ARQM tool, the implementation broke up the document by sentences and then performed 

inference on each individual unit through trained models. Although this method had limitations, 

determining continuity of requirements was difficult, and there were not a lot of pre-existing 

implementations, datasets, or models that could aid with the task. The ARQM tool did utilize 

native libraries to help combine sentences together, mitigating the separation of individual 

requirements, but existing implementations seemingly had limitations. 

Ultimately, the ARQM tool utilized simple pre-processing processes and libraries, 

including pattern recognition, to help parse unstructured data. The results indicated that most 

requirement units were kept in a whole unit through the use of simple heuristics, allowing for 

better processing and inference. Additionally, simplistic and complicated models were able to 

identify requirements with high accuracy. When trained on the PURE dataset, AI-based models 

achieved impressive inference for requirement identification, with the highest achieved accuracy 
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of 0.92 and an F1-Score of 0.92 among certain models for both classes. Other models were able 

to achieve low to mid 90s for Recall and Precision, suggesting a strong ability to learn the data 

patterns. The results also indicated success among the human-annotated dataset, suggesting a high 

agreement and ability for models to learn patterns for automated requirement identification. Of 

the existing datasets, the manual requirement identification dataset had some of the highest 

agreement among annotators, with a maximum Kappa of 0.457. Even though there was high 

agreement, the results indicated lower success among models and higher variation. For instance, 

the best performing model, Logistic Regression, achieved an 0.89 accuracy. High F1-Scores were 

0.89 and 0.88 for Logistic Regression as well, whereas ANN, CNN, and KNN outperformed for 

recall. Lastly, Logistic Regression and ANN outperformed for Precision. In general, Logistic 

Regression learned the patterns better than the other models and other, more complicated models 

did not necessarily improve performance. Ultimately, different models may be suited for certain 

use cases depending on the practical application.  

For the statistical significance testing, CNN, Random Forest, and BERT generally 

outperformed among the various results for the PURE dataset. Logistic Regression, Gradient 

Boost, and the various ensemble methods also performed statistically similar, suggesting that 

different models were able to learn the representations of the data appropriately. In general, CNN 

outperformed for both classes, suggesting that the CNN model may have encapsulated the data 

better for the PURE dataset. Importantly, CNN was able to uncover the highest recall for the 

positive class, making it the superior model for detecting all requirement text. Random Forest was 

better with identifying the recall for the negative class, making it the superior model for 

identifying non-requirements. Of the other models, complicated models generally performed at or 

below most statistical models. For instance, the Siamese BERT model, XLNet, and BERT Few-

Shot were consistently the worst performers, suggesting simpler models may better identify 

requirement text. 
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For the manual requirement identification dataset, there was large group overlap for 

performance. Generally, most of the models performed statistically the same, even though their 

means differed drastically. The high variation suggests that more research is needed to understand 

the data along with methods to help control outliers. Again, the worst performing models 

included Siamese BERT, BERT Few-Shot, and other LLMs. Surprisingly, there was notable 

diversity for the top mean scores among models, but their performance cannot be ruled as 

significant according to the Tukey test. Due to the high variation of mean results, there was no 

clear superior performers for the manual requirement identification dataset. 

Based on the original results outlined in the PURE dataset study, the results were able to 

achieve better precision, recall, and F1 scores across the different classes. Based on the study, 

their highest results included an F1 score of 0.86, a precision of 0.92, and a recall of 0.82 among 

the various classes (Ivanov et al., 2022). For the model results, this study showcased a precision 

of 0.96, a recall of 0.91, and an F1 score of 0.92. Another study utilized a combination of the 

Dronology and PURE datasets. Although the results are not necessarily comparable, they did 

perform important work utilizing LLMs and auto-regressive models. Ultimately, their macro 

results performed well with an accuracy of 0.95, a precision of 0.97, a recall of 0.95, and an F1 

score of 0.95. Ultimately, the study showcased better results among the dataset when compared to 

the previously outlined results in this study. Aside from their DeBERTa + Llama2 ensemble 

implementation, their other models drastically underperformed the benchmarked results. 

Ultimately, their results did not utilize significance testing, and their PURE dataset was combined 

with the Dronology dataset, limiting the result comparison validity (Saleem et al., 2025). Because 

this study utilized more diverse and representative models, the results seemingly indicated that 

statistical and simpler models were able to achieve at or above the existing literature results. 

Critically, this suggests that simpler models can be used for requirement identification tasks, 

limiting the computational resources needed for an applied requirement application. 
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2. How can existing tools and methods address the lack of training data for requirement 
identification?  

 

 For requirement identification, there was minimal issue with dataset availability. The 

PURE dataset provided thousands of examples across multiple requirement documents, allowing 

for the broad training of AI models. Of these entries among the PURE dataset, requirements were 

well represented among multiple domains and syntaxes. Although the dataset was extensive, the 

types of requirements among non-functional and other syntaxes were not well represented.  

 To improve the generalization of the dataset during training, many methods exist to help 

models better generalize. For instance, pre-processing techniques, limiting model complexity, 

feature engineering, and other normalization tasks can help reduce the overfitting of models. 

Additionally, manipulation of requirement text could also help via synonym replacement or 

abstract summarization. Additional techniques such as manual annotation and sequence 

generation from LLMs can also be associated with generating new data for requirement 

identification. 

 Ultimately, the features of the associated models were simplistic. Common requirement 

words such as ‘Shall’ and ‘Should’ were often present and crucial for model inference. By 

utilizing these features, simpler models achieved high accuracy among the PURE dataset, 

suggesting an ability for generalization. With the extraction of critical features present within the 

PURE dataset labeled entries, simplistic rules and heuristics could likely also generalize unseen 

formats of requirements. Additionally, the results showed a high agreement among the PURE 

dataset and the human-annotated dataset for inference.  

 To achieve higher accuracy among requirements, utilizing features for syntactic and 

lexical analysis is crucial. Additionally, semantic and pragmatic representations of text could also 

prove helpful when helping to identify requirements. Through features representative of textual 
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semantics, the generalization of requirement identification is likely improved. Based on the 

results, there were common words that indicated requirements, but there was also a broader 

pattern beyond simple words and phrases present during the inference, suggesting the need for 

more complicated heuristics.  

 

3. How effectively can the best algorithm identify requirements based on accuracy, 
precision, recall, and generalization across different documents? 
 

 Based on the results for the PURE dataset, the highest accuracy was achieved with just 

Lemmatization, along with certain DL models and statistical models. CNN, DistilBERT, Random 

Forest, and RNN all achieved an accuracy of 0.92 with minimal variation. Generally, RNN 

outperformed among both closes for Recall and F1-Score, making the model superior in most 

cases. For Precision, CNN, RNN, and Random Forest generally also outperformed. Based on the 

results of the models, there was higher performance in the negative class for Recall. For instance, 

Random Forest achieved recall of 0.96 for the negative class, whereas the model achieved 0.91 

for the positive class. This suggests that it may be generally easier to identify non-requirements. 

With the minimal variation, most models were able to achieve higher results among the PURE 

dataset, mitigating the need for complicated models. Lastly, there were marginal improvements 

across select statistical models when utilizing Lemmatization, even though the result 

improvement was minimal. Stop Words improved the results notably across ANN, KNN, 

Random Forest, and ANN. This suggests that some pre-processing may help achieve better 

results. 

 For the human-annotated dataset, Logistic Regression outperformed for accuracy with a 

score of 0.89. With moderate exception, Logistic Regression also outperformed for the statistics 

among the positive class. The highest results for F1-Score was 0.89 and 0.88 for the negative and 

positive classes, respectively. ANN, CNN, and KNN outperformed for recall; ANN and CNN 
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achieved a score of 0.89 for the positive class and KNN achieved a score of 0.92 for the negative 

class. Lastly, Logistic Regression achieved a score of 0.90 for the positive class among precision 

entries, while ANN achieved the high score of 0.89 for the negative class. Notably, there was 

higher variation among the results, indicating less consistent convergence of models based on 

different data divisions. For the statistical significance testing, the results showed that there were 

clear model best performers among the PURE dataset, with CNN, BERT, Logistic Regression, 

and Random Forest outperforming. Primarily, CNN seemingly learned the data representations 

better based on the mean result. For the human annotated dataset, there were not clear performers 

based on the statistical significance results of the models. Due to the large overlap of models, the 

high deviation of the results suggests more entries are needed. 

 

4. What are the roles of lexical, syntactical, and semantical textual features in 
performing requirement identification? 

 

 Based on the analysis of the features for requirement identification, there were certain 

syntactical and lexical elements that typically helped to indicate a requirement or non-

requirement classification. Typically, formal language often indicated requirement text. Words 

such ‘Shall’ and ‘Should’ often were indicative of positive inference among most models. For the 

negative class, less formal language was seemingly suggestive of non-requirement text. Words 

such as ‘administration’ and ‘process’ typically contributed negatively to the classification but 

also had overlap among both classes. 

 Based on the feature synthesis and results from the PURE dataset, more complicated 

structures were likely indicative of requirement delineators. Specifically, features on the 

syntactical and semantical analysis likely helped to determine the classification of text. Although 

the analysis of these features was outside the scope of this analysis, models that relied on 
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embeddings and semantical representations of text typically outperformed when compared to the 

statistical models for the large PURE dataset. However, most statistical models achieved 

comparable accuracy to these more complicated models for the manual datasets, suggesting that 

requirements may be easily represented through common patterns and rules instead of 

complicated LLM analysis. 

 Ultimately, the analysis utilized pre-processing and embedding techniques for all models. 

For the statistical models, pre-processing and embeddings did not drastically improve the 

outcome; in some cases, the resultant accuracy was worse. Other models such as CNNs and 

RNNs benefited from embeddings for accuracy but still performed similarly to statistical models. 

Lastly, the LLM implementations such as BERT utilized embeddings and achieved the best 

performance among both the PURE and human-annotated datasets. 

 

5. What features were useful during the model inference process for requirement 
identification? 
 

 Primarily, the analysis utilized pre-processing techniques among the different models. 

Methods such as stemming, lemmatization, or TF-IDF did not significantly improve the model 

results, although some model results were positively affected. Other models such as CNNs and 

RNNs utilized both vectorization and embedding during the inference process. For more 

complicated models, the embeddings seemingly helped improve model accuracy. Further fine-

tuning of the associated hyper-parameters could yield better results. 

 As mentioned previously, there was formal language associated with requirement text. 

Typical requirement syntax words helped inform the models during classification but were also 

limited among the entire datasets. The model features seemingly learned features through the 

entire representation of sentences. Because pre-processing did not have a significant impact on 
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accuracy, the inference process for all models likely depended on the entire sentence context 

instead of a few words or phrases. 

Quality Analysis: Research Questions and Practicality 

 
1. How can a practical tool identify quality defects in unstructured documents based on 

various quality attributes outlined in the IEEE 29148:2018 standard? 

 

 The Quality attributes specified in the IEEE 29148:2018 standard apply to multiple levels 

of analysis. Based on the type of analysis conducted, AI models seem to be capable of analysis on 

a lexical, syntactical, semantical, and pragmatic basis. To adequately train models to detect 

quality attribute violations, the utilization of datasets becomes a problem. As part of the 

experimentation, the analysis provided multiple reviewers with requirements. Utilizing the 

definitions of quality violations, the reviewers marked quality violations associated with each 

requirement. From these results, pre-processing and data normalization techniques helped to 

enhance the data generalizability for unseen requirements. 

 Based on practical AI model implementations, the ARQM application was able to 

uncover and predict potential violations through the learned textual representations and features 

provided through the datasets. Through the additional utilization of overfitting reduction 

techniques and feature engineering, the ARQM application synthesized the user classifications 

into broad patterns and features, allowing for an automated process to take place when analyzing 

requirements. Because of the dataset limitations, explanation generation was an additional 

challenge. Methods available via XIA provided an opportunity to analyze models to help provide 

predictions of importance on a per-token basis, completing the automated analysis for 

requirement quality. 
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 Dataset limitations were a primary concern for the training of quality attribute violation 

detection. To mitigate the problem, common techniques previously discussed for synthetic data 

generation could prove useful. Unfortunately, techniques such as synonym replacement and 

abstract summarization could eliminate pivotal context necessary for quality attribute detection, 

making text transformation difficult. Adjusting most parts of the sentence could potentially affect 

the meaning, rendering the data less useful. Methods such as automatic labeling through semi-

supervised learning could work, but there are further restrictions that may mitigate the accuracy 

of models. To determine useful quality attribute violations, human-annotated datasets were 

particularly useful. 

 

2. What quality attributes are measurable with AI-based methods? 
 

 Ultimately, every quality attribute is measurable with AI-based methods, although some 

quality attributes require additional context. For instance, completeness requires an understanding 

of the document metadata and associated requirements and structure; to derive these items, 

extensive and difficult processing is likely required. Still, many of these quality attributes can be 

analyzed at some granular level regardless of the context. There are a variety of words, phrases, 

and semantical representations that, regardless of the metadata manifestation, would likely 

constitute a violation. However, these types of analytical techniques have a smaller scope and are 

likely less useful. 

 For the practical implementation of the ARQM project, the analysis provided insight into 

four quality attributes: ambiguity, singularity, feasibility, and verifiability. Based on the results of 

the model training, AI models were able to measure and accurately predict ambiguity, singularity, 

and verifiability. For Ambiguity, the highest accuracy was achieved by the Random Forest model 

with a score of 0.84; the highest accuracy achieved under Singularity was 0.93 by the Random 

Forest model; the highest accuracy achieved under Verifiability was 0.85 by the Random Forest 
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model, with other models achieving notably less accuracy. Other mid-range values for Recall, 

Precision, and F1-Score seem to indicate that the quality attributes are generally measurable and 

detectable with both statistical and DL models. Seemingly, Random Forest generally 

outperformed for the manual datasets among most quality attributes. 

 For feasibility, the raters agreed that most of the requirements provided were feasible. 

Primarily, this suggests that feasibility has a higher and looser interpretation during the annotation 

process. Additionally, the lack of context could have also impacted the reviewers’ perceptions of 

potential violations. Because of the lack of balanced data, the models were unable to train and 

predict potential feasibility violations. For further research, analyzing feasibility would likely 

require a better understanding of context and domain-specific information for human annotators. 

With the associated results of the feasibility attribute analysis, many other quality attributes are 

likely limited during the human annotation process. 

 Based on the significance results, Random Forest, CNN, and KNN were typically the top 

performing models. For Ambiguity, there were a variety of class delineations, suggesting 

genuinely different model performance. Random Forest generally outperformed for the positive 

class, whereas different models such as CNN and KNN outperformed for the negative class. The 

ensemble models performed well, with statistical similarity to the top results. Other, more 

complicated models, generally performed worse. Similarly for Singularity, Random Forest 

outperformed for the positive class. Surprisingly, Random Forest also outperformed for the 

negative class, suggesting significant model performance based on the highly deviated results 

across models. Other top performers included BERT Few-Shot and KNN. For Verifiability, 

Random Forest performed well, but did not necessarily outperform in most cases. For Precision 

and Recall of the positive class, KNN and CNN outperformed. For the negative class, CNN and 

KNN outperformed among Precision and Recall as well. Although Random Forest did not 

perform the best across all metrics, the model was able to outperform in most cases among the 
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various quality attributes.  

 

3. What role does context play in determining the quality of a requirement across the 
various quality attributes? 
 

 Context is a pivotal element for accurate requirement analysis. However, the limitations 

of consolidating and providing context for model inference is difficult. To mitigate this issue, the 

tacit knowledge provided within LLMs and other model pre-processing techniques can help 

overcome the need for immediate context. For instance, multiple NLP techniques, such as SLR 

and POS tagging can help a model better understand the associated relationships between words 

from within text. With this critical knowledge, the models can likely generalize even when 

context is not necessarily provided. As an additional step, LLM tacit knowledge can help apply 

context based on its own extensive training to incorporate better inference results. 

 Even with the results of the extended models, there are limitations when models do not 

receive the context of the requirement document. Alternative methods such as RAG and 

Abstractive Summarization can help with providing models with critical information, but 

metadata document collection is still a challenge due to the unstructured nature of requirement 

documents. Without the context provided to models, there are also limitations for the scope of 

analysis. Seemingly, most quality attributes are measurable without context for lower levels of 

analysis. For instance, lexical analysis often does not require context, with exception to references 

and links. 

 Even though the encapsulation of document context is possible, there are extensive 

processing requirements and challenges. Instead of generating a structured representation of 

requirement documents, this analysis utilized quality attribute violations for individual 

requirements in conjunction with manual annotation. Based on the results, there were significant 

violations uncovered during the labeling process, suggesting that context does not necessarily 
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matter for surface level or certain semantical components of violations. Ultimately, the reviewers 

did not have access to document context, likely creating simplistic quality violations during the 

annotation process. 

 

4. How can existing tools and methods address the lack of training data for requirement 
quality analysis?  
 

 Unlike requirement identification, there was a lack of dataset representation for quality 

attribute violations. The study mitigates this issue through the utilization of human annotated 

datasets, but further limitations still exist. As mentioned previously, data augmentation is difficult 

for requirement quality violations due to the textual dependencies that often constitute violations. 

Seemingly, manual annotation is the strongest way to generate requirement quality violations but 

remains an expensive and tedious task.  

 One of the key issues with the ARQM implementation was providing the user with 

feedback for violations. Originally, the application simplified the potential explanations for 

quality attribute violations. For sequence models, the datasets were not adequate to consistently 

generate useful explanations. When the problem was synthesized into a simple classification task 

instead of a generation task, the accuracy improved drastically. Through the use of XAI, the 

ARQM application simply analyzes the model’s inference importance among tokens. Through 

SHAP, the generative task was no longer required, ultimately providing a clear visual of high 

impact violations within sentences. 

 

5. How effectively can the best algorithm identify requirement quality defects based on 
accuracy, precision, recall, and generalization across different documents? 
 

 For ambiguity, the highest accuracy achieved among both classes was from the Random 

Forest implementation with an accuracy of 0.84. The model also achieved a Precision, Recall, and 
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F1-Score of 0.84, 0.87, and 0.84 for the negative class, and a Precision, Recall, and F1-Score of 

0.85, 0.82, and 0.84 for the positive class. For singularity, Random Forest achieved an accuracy 

of 0.93. Additionally, the models achieved scores of 0.94, 0.97, and 0.92 for Precision, Recall, 

and F1, respectively for the negative class and 0.92, 0.94, and 0.92 for the positive class. Lastly 

for verifiability, the Random Forest model achieved the highest accuracy with an accuracy of 

0.85. The highest performing models achieved scores of 0.86, 0.93, and 0.85 for Precision, 

Recall, and F1, respectively, while the models also achieved scores of 0.89, 0.88, and 0.85 for the 

positive class. In general, there was higher variation among the different quality attribute results. 

Random Forest seemingly performed the best across most metrics, while other models performed 

better for different metrics. 

 Based on the results of model inference, singularity was the quality attribute with the 

highest accuracy. Other quality attributes like ambiguity and verifiability achieved high accuracy 

among models, but were ultimately limited. Their associated Kappa scores indicate that although 

there was agreement, there was also moderate disagreement for what constituted a violation. 

Ultimately, the Random Forest model outperformed in most cases among these various quality 

attributes. Ultimately, simpler models like Random Forest and Logistic Regression were able to 

perform on-par or even outperform more complicated models consistently.  

 

6. What methods exist to help with the generation of explanations for quality 
inferences? 

 

 Originally, the ARQM application primarily utilized sequence generation models to help 

with explanations. Due to the limitations of datasets, this method proved unfeasible and highly 

impractical. As a result, the implementation utilized XAI to help generate explanations for quality 

violations. Utilizing SHAP, the algorithm analyzes how the model was impacted based on slight 
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changes in the input. Through this method, the SHAP algorithm utilizes Game Theory to help 

determine token importance relative to the classification results. 

 Once the token importance was generated, the ARQM algorithm synthesized the results 

into a data structure for visualization. Through various PDF generation techniques, the ARQM 

application utilized colors to indicate the most impactful parts of sentences for a specific quality 

attribute violation. With this particular method, the ARQM application visualizes the parts of 

sentences that contributed negatively to a violation, allowing the user to visualize and understand 

ways to correct the associated requirement. Through this method sequential generation became 

unnecessary, allowing for the full automation of requirement analysis without extensive datasets. 

 Additional methods previously discussed serve as potential ways to visualize token 

impact. Each of these methods, such as Integrated Gradients, utilize different techniques that are 

helpful with model inference visualization. Further research could look into these methods to help 

understand the usefulness of token visualizations in relation to user understanding. Lastly, simpler 

methods exist to help understand model reasoning. For instance, meta models can help synthesize 

LLMs into smaller models. From these smaller models, various coefficients could help provide an 

algorithm with the information necessary for visualization. Additionally, these methods could 

help extract critical rule-based heuristics. Based on these heuristics, the implementation could 

map specific violations to explanatory messages. 
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Chapter 7 

 

Conclusion 

Summary 

Ultimately, the analysis indicates that automation can achieve requirement identification 

and quality analysis. With public datasets such as PURE, models achieved high accuracy for 

identifying requirements. Although limitations exist, the PURE dataset was well representative of 

multiple different requirement syntaxes and domain representations, increasing the 

generalizability of requirement inference for models. Additionally, the PURE dataset had a high 

correlation with the manually annotated dataset, suggesting a high agreement for what constitutes 

requirement and non-requirement text. 

Through basic NLP techniques and textual consolidation, ARQM achieved broad 

processing of unseen requirement documents. As a preliminary step, the ARQM application 

identified entire multi-sentence requirements through simplistic heuristics and pre-processing. 

After processing, the ARQM tool was able to analyze the units and components to extrapolate 

requirements from unstructured text. For both the PURE and human-annotated datasets, ARQM 

achieved high accuracy among both classes for requirement identification. 

For quality analysis, dataset scarcity is becoming an issue for model inference. Through 

the use of human annotated datasets, the analysis provided insight into ambiguity, feasibility, 

verifiability, and singularity. Of these associated quality attributes, ambiguity, verifiability, and 

singularity had balanced datasets, allowing for adequate model training. Due to the loose 

interpretation of feasibility, raters generally agreed that most requirements were feasible, limiting 

the analysis of violations for that specific quality attribute. Based on the results, the Siamese 
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BERT implementation often outperformed for all quality attribute inferences among both classes. 

Although the accuracy was highest among singularity, accuracy for other quality attributes was 

limited. Ultimately, the tool was rigorously tested. Models achieved high accuracy across the 

various datasets and generalized reasonably well to the annotator data among requirement 

identification and quality analysis. Due to the data limitations of the data, additional challenges 

and opportunities remain for requirement quality automation. 

Threats to Validity 

Internal Threats to Validity 

I1: Reviewer Data Limitations 

 For the study, there are a few limitations that mitigate the generalizability of the datasets 

and the tool implementation. For instance, the manual datasets included a total of five reviewers. 

As a result of the minimal reviewers, there was limited agreement and consistency among the 

various datasets. The limitation was shown through some of the lower Kappa result scores, 

indicating that more reviewers could potentially help improve the training data and bolster the 

agreement. Additionally, usage of mitigation methods such as minority oversampling became 

necessary due to the dataset limitations from limited reviewers, further affecting the results. 

 For Requirement Identification, the highest agreement was a Kappa of 0.60 with a low 

result of 0.169; For Ambiguity, Verifiability, and Feasibility, there was no agreement between 

Annotator 1 and Annotator 2; and there was limited agreement among all annotators for the 

Verifiability task. The Singularity labeling task achieved low to moderate Kappa, but the 

agreement remained limited. Based on the Kappa results across the dataset, there was limited 
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agreement for the reviewers, limiting the results of the ARQM tool. Ultimately, further studies 

should improve upon base the datasets, the associated imbalances, and the reviewer 

disagreements to help achieve better results. 

I2: Unbalanced Data 

 For requirement quality, reviewers were given the opportunity to determine violations 

based on the IEEE 29148:2018 standard definitions for quality attributes. Although the results of 

the quality dataset were relatively balanced, many of the quality attributes did not have balanced 

data. To mitigate this concern, as a result, the use of minority dataset oversampling helped to 

balance the associated datasets, limiting the model generalizability. For certain quality attributes 

such as feasibility, there were not enough representative samples among both classes to train 

models, limiting the impact of model inference. Additionally, there was low to moderate Kappa 

agreement for the associated quality datasets, suggesting that there were minimal agreements for 

certain quality attributes. Although models achieved high accuracy for these specific quality 

attributes, the data may not properly encapsulate the appropriate general patterns for quality 

analysis. 

External Threats to Validity 

E1: Dataset Origins 

The review process consisted of requirement documents that were generated through 

academic repositories, limiting the generalizability of the results. Primarily, these requirement 

documents were retrieved from a corpus of previous students tasked with generating requirement 
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documents. Further, these requirement documents likely did not represent the typical industry 

formats of requirement documents, limiting the results of the ARQM tool. As an added 

consideration, the majority of the datasets were limited in size as well. With exception to PURE, 

the manual identification dataset and the corresponding quality violation datasets had minimal 

entries. As a limitation of this study, higher entry datasets could help significantly improve the 

model generalization results while also improving the understanding of model performance.  

E2: Dataset Availability Limitations 

For requirement quality analysis, there is a distinct lack of labeled datasets, prompting the 

generation of the various academic datasets used in the study. As a consequence, the results are 

limited to the data used during the training process. Broader analysis and development of quality 

datasets is needed to help validate the experimentation and practicality of the ARQM system. 

Although comparisons to other tools for requirement identification were used in the study, there 

were no comparisons due to the lack of reproducibility for quality analysis tasks across other 

applications. 

E3: Existing Dataset Limitations 

For the ARQM tool validation, the PURE dataset was used to measure the reliability of 

the requirement identification process. As a primary indicator of the tool’s task ability, there was 

a high reliance on the PURE dataset for tool measurement. Therefore, the associated limitations 

of the PURE dataset could impact the generalizability of the ARQM tool for requirement 

identification tasks. Although the results were also validated with annotator-specific datasets, the 
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PURE dataset had the most entries and impact on the evaluation process. Given the minimal link 

between the annotator agreement and the PURE dataset, the ARQM tool’s results are limited. 

Construct Validity 

C1: Requirement Segmentation Complexity and Loss of Information 

 As an added consideration, requirement segmentation, even with mitigation methods, 

proved highly difficult. There was not necessarily consideration on supporting information as 

well for the requirement, likely leading to a loss of context during the document ingestion 

process. With better processing of multi-sentence requirements, along with the aggregation of 

supporting requirement information, the results likely could have been improved. Ultimately, the 

inferences of the associated ARQM models had to use model-specific knowledge instead of the 

project-specific parameters to determine violations.  

 Additionally, the study only focuses on a select amount of quality attributes during the 

reviewer process. The quality attributes, Singularity, Feasibility, Verifiability, and Ambiguity 

were selected due to the relevant literature and practicality of single requirement evaluation. 

Although these quality attributes are often simpler to analyze, the attributes may have required 

additional context to make a useful evaluation to help bolster the data reliability from the 

annotations. The lack of background information related to the requirement could have led to a 

different interpretation of context that was critical for the annotator evaluation (Alemneh & 

Berhanu, 2024; Lami et al., 2019; Umar & Lano, 2024). 
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C2: Unrepresentative Data 

For the data generation process, there were many complex controls in place to help 

extract requirements for user annotation. Ultimately, it is likely that this process was somewhat 

inaccurate to the representation of typical requirements. Often, requirements are complex and 

span multiple sentences. Although segmentation methods were used with NLP, the requirement 

entities provided to the reviewers were likely incomplete. This is a limitation due to the loss of 

data representation that could help users determine requirement classification. 

 Ultimately, the ARQM system relied on pre-defined heuristics of syntactical structure to 

help identify continuing requirements, along with various rule-based methods. More work could 

help inform the practicality and accuracy of these methods for typical requirement extraction. 

Also, the tools primarily relied on pre-defined patterns that may not necessarily represent 

requirements text due to the dynamic nature of requirement documents. Extensibility and 

utilization of ML methods could help better indicate requirement extensions. 

C3: Unbalanced Data 

 The datasets were relatively unbalanced for some of the quality attributes. These 

unbalanced datasets made the process of achieving reliable, general inference of quality 

violations difficult. To overcome the imbalance, the process utilized minority oversampling, but 

there was still a lack of representation for useful data among negative and positive classes. In an 

attempt to overcome these limitations, the ARQM tool utilized methods such as few-shot training, 

but did not look into other ways of data replication that could have proven useful during the data 

training process.  
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Discipline Contribution 

Due to the added complexity of existing engineering projects, requirements engineering 

has become a pivotal task for mitigating cost overruns and user dissatisfaction. With the added 

project complexity, requirements are also becoming more complicated, limiting the ability of 

human practitioners to manually analyze and correct requirement documents. As a result, current 

research tries to address and simplify the complicated requirements engineering process. Of the 

existing tools, many implementations realy on extensive user input or rule-based methodologies. 

With the introduction of NLP and AI, there is a tremendous opportunity for practical 

tools to help analyze requirement documents at a deeper level. Even with the introduction of new 

methods and research, the limitations of practical tools and practitioner input leave a significant 

potential research gap. To address this practical research gap, the new tool named ARQM utilizes 

modern AI and NLP methods to process unstructured requirement documents. The final 

implementation of the ARQM tool focused primarily on simple document ingestion, requirement 

identification, and quality analysis, limiting complexity, and required human input. 

As a primary focus of the research, the main purpose of the ARQM tool aims to simplify 

the process of requirement analysis. Through the utilization of AI, the tool can analyze most 

requirement documents, identify potential requirements, and analyze their associated quality, 

mitigating human involvement, and further simplifying the automated process. The analysis 

looked at the results of these elements and tasks, showing high accuracy among publicly available 

and human-annotated datasets. With the high accuracy among both requirement identification and 

quality analysis, the ARQM tool was able to automate the requirement document analysis process 

for both requirement identification and analysis. Additionally, the tool provides useful user 

feedback through the use of XAI, a method to visualize token importance in relation to model 

inference results. 
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Ultimately, the ARQM tool was informed by the research and past implementations of 

tools and methods. The tool also utilized practical input from human annotators by garnering 

human feedback on requirement identification and quality analysis among labeled and unlabeled 

datasets. The associated ARQM tool accomplished high accuracy among the human-annotated 

datasets, showing the ability for AI-based methods to learn and generalize to practical human 

input. As an added consideration, the ARQM application provides a user-centric focus through 

the use of XAI, PDF visualization of violations, and user-specific model training, allowing for a 

simplistic and intuitive application for the requirements engineering process. 

Future Work 

 Due to the multiple iterations of the ARQM application, there was limited time to hone 

the technology, frameworks, and methods utilized. For instance, the model analysis for 

visualization utilizes SHAP, whereas other implementations may provide better, more promising 

results for explanatory text generation. Future work should focus on consolidating the ideal 

models and frameworks to help better train, interpret, and visualize requirement violations. 

 As an added consideration for future work, additional training data from human 

reviewers could help the model better learn general patterns for quality violations. The datasets 

used in this study were limited. With the ARQM basic implementation completed, further surveys 

about the User Interface (UI) and general experience and requirements could help further improve 

the practical product for use. Ideally, the model should closely align to user expectations. Further 

qualitative research should be done to understand ways to improve ARQM for both functionality 

and appearance. 
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Appendix 

 

Reviewer Instructions 

You have been given two datasets to evaluate: 

- dataset_{number}_quality_unlabeled.xlsx (1) 

- dataset_{number}_unlabeled_req.xlsx (2) 

Please follow the instructions below: 

Dataset 1 

Read the sentence entry as a requirement and use the drop-down box to choose either True or 

False as to whether there exists a violation for the qualities defined blow from IEEE 29148:2018 standard: 

Ambiguity, feasibility, singularity, and verifiability.   

 

Note:  

• TRUE indicates there is a violation for that specific quality attribute, 

• FALSE indicates no violation 

• Do not leave any cells blank. 

• Even if you do not believe the sentence is a requirement, please complete the evaluation 

for each quality. 

Ambiguity 

The requirement is not ambiguous if: “The requirement is stated in such a way so that it can be 

interpreted in only one way. The requirement is stated simply and is easy to understand.” 

Feasibility 

The requirement is feasible if: “The requirement can be realized within system constraints (e.g., 

cost, schedule, technical) with acceptable risk.” 

Singularity 
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The requirement is singular if: “The requirement states a single capability, characteristic, 

constraint or quality factor.” 

Verifiability 

The requirement is verifiable if: “The requirement is structured and worded such that its 

realization can be proven (verified) to the customer’s satisfaction at the level the requirements exist. 

Verifiability is enhanced when the requirement is measurable.” 

 

 

Dataset 2 

 

Determine if the sentence is a requirement as defined blow from IEEE 29148:2018 standard and 

use the drop-down box to choose either True or False. 

Note:  

• Do not leave any entries blank. 

• Do not consider the type of requirement. For instance, non-functional and functional 

requirements both count as requirements. 

When determining if a sentence is a requirement, utilize the following definitions for the 

associated quality attribute: 

Requirement Identification 

A text is a requirement if it “is a statement that translates or expresses a need and its associated 

constraints and conditions.” 
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