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Abstract 
Manual Requirement Engineering (RE) in Agile software development creates a 

significant bottleneck. The reliance on natural language user stories at scale results 

in high-volume backlogs prone to ambiguity, duplication, and incompleteness, 

leading to costly, downstream development defects. This research aims to design, 

develop, and empirically validate a novel, hybrid Natural Language Processing 

(NLP) framework, termed the Agile Requirement Quality (ARQ) framework, to 

automate the detection of these common requirement defects. The goal is to reduce 

cognitive load and improve defect detection velocity during backlog refinement. A 

mixed-methods Design Science Research (DSR) methodology was employed. We 

developed the ARQ artifact (a hybrid BERT and heuristic model) and validated it 

both in-vitro against a 5,000-story “gold standard” annotated corpus (Fleiss’ Kappa 

0.86) and in-situ through a quasi-experiment with professional Agile teams. The 

findings demonstrate high efficacy. In-vitro validation achieved high accuracy 

(overall 95.2%, with F1-scores of 0.87 for ambiguity and 0.94 for duplication). The 

in-situ experiment was conclusive: the ARQ-assisted team achieved a 73% increase 

in defect detection and an 87.5% reduction in “defect leakage” compared to the 

control team, registering high usability (88.5 SUS). This study provides robust 

empirical evidence that NLP-driven automation is a viable, high-impact strategy for 

mitigating risk in Agile RE. The framework functions as a practical “augmented 

intelligence” tool, significantly reducing defect leakage and improving quality 

assurance velocity. 
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INTRODUCTION 

Agile methodologies have become the dominant paradigm for modern software 

development, fundamentally altering the landscape of project management and software delivery 

(Chou, 2024). Principles articulated in the Agile Manifesto, prioritizing individual interactions, 

working software, customer collaboration, and responding to change, have been widely adopted 

across the industry. Methodologies such as Scrum, Kanban, and Extreme Programming (XP) 

provide frameworks that enable teams to deliver value to stakeholders with high velocity and 

flexibility (Eramo et al., 2024). This iterative and incremental approach stands in stark contrast 

to traditional “waterfall” models, allowing for continuous feedback and adaptation to shifting 

market demands and user expectations. The success of this paradigm is predicated on its ability 

to manage uncertainty and complexity in dynamic environments.  

Requirement Engineering (RE) in this Agile context is not a discrete, front-loaded phase 

but an ongoing, emergent, and collaborative activity. Unlike traditional RE, which aims to 

produce a comprehensive, stable, and baseline-heavy specification document before 

development begins, Agile RE is characterized by continuous refinement and prioritization 

(Eramo et al., 2024). The “Product Backlog” in Scrum, for instance, is a living artifact, a 

prioritized list of user stories, epics, and other items that evolve throughout the project lifecycle. 

This process of “backlog grooming” or “refinement” is a central ten-percent activity where the 

team progressively elaborates requirements, ensuring they are well-understood, testable, and 

“ready” for upcoming development cycles or “sprints.” 

The primary artifact of Agile RE is the “user story,” a concise, semi-structured statement 

of functionality expressed in natural language (Cunningham et al., 2024). Typically following 

the Conradi/Cohn template (“As a [role], I want [goal], so that [value]”), user stories are intended 

to be “placeholders for a conversation.” While this informal, lightweight approach is a key 

enabler of Agile’s flexibility, it also introduces significant challenges at scale. As projects grow, 

product backlogs can swell to thousands of user stories, all expressed in imprecise, ambiguous, 

and highly variable natural language (Gao et al., 2024). Managing this volume of unstructured 

text data manually becomes a source of significant cognitive load, inconsistency, and project 

risk, creating a critical bottleneck that directly counteracts the velocity Agile promises. 

The manual analysis of large-scale product backlogs represents a significant bottleneck in 

contemporary Agile practice (Zhao et al., 2024). Product Owners (POs) and development teams 

are required to manually sift through extensive backlogs to detect ambiguities, identify duplicate 

functionalities, assess dependencies, and check for completeness and consistency (Rahayu et al., 

2023). This manual process is not only immensely time-consuming but is also highly susceptible 

to human error. Cognitive biases, oversight, and simple fatigue can lead to the acceptance of 

poorly defined requirements into a sprint, where their discovery leads to rework, wasted effort, 

and potential delays (Hughes et al., 2026). The very flexibility of natural language, which makes 

user stories accessible, becomes their primary liability when precision and scale are required. 

The specific problems arising from these natural language artifacts are manifold and 

severe. Requirement ambiguity, where a user story can be reasonably interpreted in multiple 

ways, leads to incorrect implementations that diverge from stakeholder intent (Jin et al., 2024). 

Requirement incompleteness, such as a user story lacking clear acceptance criteria, makes the 

functionality impossible to validate or test effectively. Requirement conflict and duplication 

occur when different user stories describe contradictory functionalities or the same feature in 

different terms, leading to redundant development work or systemic logical failures (Fonseca i 

Casas & Pi i Palomes, 2026). These quality deficiencies in the requirement artifacts are not 

trivial; they are the direct antecedents of software defects, scope creep, and stakeholder 

dissatisfaction. 

The financial and temporal costs associated with these manually-induced errors are 

exponential (Chang & Limon, 2024). A requirement defect that is identified and fixed during the 

backlog refinement stage is trivial to correct. The same defect, if only discovered during the 
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implementation, testing, or, in the worst case, post-deployment phase, can cost orders of 

magnitude more to remediate (Pradhan et al., 2026). This economic reality creates an acute 

problem: Agile methodologies demand speed, but the manual, error-prone process of managing 

natural language requirements introduces a massive, latent risk that undermines this velocity 

(Nopiyanti et al., 2023). There exists a fundamental tension between Agile’s need for “just-in-

time” requirements and the assurance of requirement quality necessary for sustainable 

development. 

The primary objective of this research is to design, develop, and empirically evaluate a 

novel computational framework that leverages Natural Language Processing (NLP) to automate 

the quality assurance of Requirement Engineering artifacts in Agile software development 

(Wisdom et al., 2026). This framework aims to provide real-time, intelligent support to Product 

Owners and development teams by automating the detection of common requirement defects 

(Ben Aoun et al., 2026). The overarching goal is to reduce the cognitive load and manual effort 

associated with backlog management, thereby increasing development velocity while 

simultaneously improving the quality and consistency of the software requirements. 

To achieve this primary aim, the research is guided by several specific sub-objectives 

(Siddique et al., 2026). First, this study will develop and fine-tune a specialized NLP model 

capable of parsing and understanding the specific syntax and semantics of user stories. This 

model will be trained to perform automated quality checks, specifically focusing on the 

identification of ambiguity using established linguistic and heuristic markers (Teresia et al., 

2023). Second, the research will design and implement algorithms for detecting requirement 

duplication and logical conflicts within a large corpus of user stories, utilizing semantic similarity 

and textual entailment techniques to identify functional overlaps that are not immediately 

apparent. 

A third objective is to architect a system for identifying requirement incompleteness, 

particularly by analyzing the presence and quality of acceptance criteria associated with each 

user story (Abbas et al., 2024). The framework will also investigate the potential for generative 

NLP models to suggest corrections or completions for poorly-formed requirements, moving 

beyond simple detection to active augmentation. Finally, the research will rigorously validate the 

proposed framework’s effectiveness, accuracy, and practical usability (Anwar et al., 2024). This 

will be achieved through a multi-stage empirical study, comparing the framework’s performance 

against manual human analysis and evaluating its integration into the real-world workflows of 

professional Agile teams. 

A significant body of existing research has successfully applied NLP to the domain of 

traditional, heavyweight Requirement Engineering (Fadhel et al., 2024). These studies have 

primarily focused on parsing and analyzing formal, IEEE-830-style specification documents. 

Methodologies for requirement traceability, ambiguity detection in structured statements, and 

model generation from text have been well-established in this context. These approaches, 

however, are fundamentally ill-suited to the Agile paradigm (Ullah et al., 2024). They presume 

a level of formality, structural completeness, and document stability that is, by design, absent in 

Agile development. The artifacts are different, the velocity is higher, and the iterative, 

conversational nature of user stories is not captured by these legacy models. 

The nascent field of NLP for Agile RE has begun to address this, yet the literature remains 

fragmented and in an early stage of maturity. Many current studies offer point solutions, such as 

a specific tool for detecting duplicates or a singular metric for ambiguity, but they often lack 

integration (Hasanah et al., 2023). They treat the symptoms of poor requirements piecemeal, 

rather than addressing the holistic workflow of backlog refinement. There is a distinct absence 

of integrated frameworks that can provide a “dashboard” of requirement quality to a Product 

Owner, managing the interplay between ambiguity, completeness, and dependency in a single, 

unified system. 
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Furthermore, a critical methodological gap exists in the empirical validation of these 

proposed tools (Fairil & Tobroni, 2024). A large portion of the literature consists of “proof-of-

concept” papers that propose a novel algorithm and test it on a static, curated dataset of user 

stories (e.g., the public Gherkin dataset). There is a profound scarcity of research that validates 

these NLP tools in situ that is, deployed within the live, dynamic, and often chaotic environment 

of a professional Agile team (Izzah & Jannah, 2024). The practical utility, scalability, and 

workflow integration of these tools remain largely unproven. This research directly targets this 

gap by moving from algorithmic proposal to empirically-validated, workflow-integrated 

practical application. 

The primary novelty of this research lies in its proposal of a holistic, context-aware, and 

hybrid NLP framework specifically engineered for the Agile RE lifecycle. Unlike existing single-

task tools, this framework integrates multiple analytical dimensions semantic, syntactic, and 

pragmatic to assist the Product Owner at every stage of the user story’s life. It combines state-

of-the-art transformer-based language models (e.g., BERT, T5), which excel at capturing deep 

semantic meaning, with domain-specific rule-based heuristics tailored to the unique syntax and 

function of user stories and acceptance criteria. This hybrid approach represents a novel 

methodological contribution, designed to overcome the “brittleness” of pure rule-based systems 

and the “black-box” generality of pure deep-learning models. 

This research is justified by the urgent and persistent practical need to scale Agile 

development without sacrificing quality. As software systems grow in complexity, the “Agile at 

scale” movement (e.g., SAFe, LeSS) places even greater pressure on Requirement Engineering, 

demanding coordination across multiple teams and backlogs. Manual RE in such an environment 

is not just inefficient; it is untenable. The automated framework proposed in this study offers a 

viable solution to this scalability crisis. By automating the laborious, error-prone tasks of quality 

assurance, this work provides a direct pathway to reducing project risk, improving development 

predictability, and ensuring that software defects are caught at their point of origin the 

requirement where they are cheapest to fix. 

The contribution of this study is therefore twofold. On a practical level, it provides a 

validated, open-source framework that can be directly integrated into CI/CD pipelines and Agile 

project management tools (e.g., as a Jira or Azure DevOps plugin), offering immediate value to 

development teams. On a theoretical level, it contributes to the nascent field of Agile-native NLP, 

providing a new model for how computational linguistics can be “embedded” within the unique 

temporal and collaborative workflows of Agile development. This work demonstrates that NLP 

can move beyond its traditional role as a passive analytical tool and become an active, 

collaborative partner in the co-creation of high-quality software. 

 

RESEARCH METHOD 

Research Design 

This study employed a sequential, mixed-methods research design, integrating Design 

Science Research (DSR) with a rigorous quasi-experimental validation phase. The DSR 

paradigm governed the iterative creation and refinement of the primary artifact the automated 

Natural Language Processing (NLP) framework for requirement analysis ensuring a 

construction-oriented approach essential for developing technological solutions. The DSR 

artifact development was followed by the empirically-driven validation phase, which adopted a 

quasi-experimental, comparative design. This design benchmarked the performance of the 

automated NLP framework (the experimental condition) against traditional, manual requirement 

analysis conducted by human experts (the control condition), ensuring the research contributed 

both a novel computational artifact and robust empirical evidence of its practical utility. 
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Research Target/Subject 

The data population for this investigation comprised a large-scale corpus of real-world 

Agile requirement artifacts, specifically user stories and their associated acceptance criteria 

(Hakiri et al., 2024). This corpus was sourced from two distinct repositories: publicly available 

open-source project backlogs and proprietary, anonymized backlogs provided by three industry 

partners (fintech, e-commerce, and logistics) to ensure diversity and generalizability. From this 

macro-corpus, a stratified sample of 5,000 user stories was curated for model development and 

validation. This sample was subsequently partitioned into three distinct datasets: a 60% training 

set (3,000 stories) for initial model development, a 20% validation set (1,000 stories) for 

hyperparameter tuning, and a 20% hold-back test set (1,000 stories) for final, unbiased 

performance evaluation. The establishment of a "gold standard" dataset involved manual 

annotation by a panel of five expert raters, achieving an Inter-Annotator Agreement (IAA) of 

0.86 (Fleiss’ Kappa), thereby ensuring the high reliability of the ground truth data. 

Research Procedure 

The research was executed in three distinct, sequential phases. The initial phase, Corpus 

Curation and Model Development, involved the collection, pre-processing (text normalization, 

lemmatization), and expert annotation of the 5,000 user stories. Concurrently, the initial versions 

of the NLP models were trained on this annotated dataset. The second phase, Framework 

Integration and In-Vitro Validation, focused on architecting the individual NLP models (for 

ambiguity, duplication, and completeness) into the unified ARQ Framework. This integrated 

framework was then rigorously tested offline (in vitro) against the 1,000-story hold-back test set 

to establish a baseline for its accuracy and performance metrics (Precision, Recall, F1) (Abbasi 

et al., 2024). The third phase, In-Situ Quasi-Experimental Validation, moved the evaluation into 

a real-world setting, where two professional Agile teams of comparable size and experience were 

designated as the Control Team (manual processes) and the Experimental Team (using the ARQ 

framework) to conduct backlog refinement over two sprints. 

Instruments, and Data Collection Techniques 

The primary artifact and instrument developed was the Agile Requirement Quality (ARQ) 

Framework, a bespoke software artifact built using Python 3.9. The framework’s core analytical 

capabilities utilized sophisticated NLP techniques: SBERT (specifically the all-MiniLM-L6-v2 

model) for semantic similarity and duplicate detection, and a hybrid model combining fine-tuned 

BERT with domain-specific linguistic heuristics for Ambiguity Detection. For the validation 

phases, data collection involved three techniques. Manual Annotation by expert raters was used 

to generate the ground truth data. Automated Model Output recorded the performance metrics 

(Precision, Recall, F1-Score) during in-vitro testing. Finally, the System Usability Scale (SUS), 

a 10-item Likert-scale questionnaire, was administered to the Experimental Team members to 

collect subjective data on the framework’s practical usability and perceived utility. 

Data Analysis Technique 

The analysis employed a two-tiered quantitative approach: in-vitro model validation and 

in-situ quasi-experimental comparison (Tangwaragorn et al., 2024). For the in-vitro validation, 

the framework’s performance was quantified using standard machine learning metrics: Precision, 

Recall, and F1-Score, calculated for each defect class (Ambiguity, Duplication/Conflict, and 

Completeness) against the expert-annotated "gold standard." The reliability of the ground truth 

was verified by calculating the Fleiss’ Kappa score (0.86). The in-situ quasi-experimental data 

were analyzed using inferential statistics to determine the statistical significance of the 

differences between the Control Team (Team A) and the Experimental Team (Team B) in 

quantitative metrics such as defect detection rate (78 vs. 45) and defect leakage rate (1 vs. 8). 

Additionally, qualitative data from the Experimental Team was quantified using the aggregated 
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System Usability Scale (SUS) score (88.5) and subjected to post-hoc analysis to interpret model 

errors (false positives/negatives), particularly noting instances where the model systematically 

identified subtle ambiguities missed by human raters. 

 

RESULTS AND DISCUSSION 

The in-vitro validation of the Agile Requirement Quality (ARQ) framework was conducted 

using the curated “gold standard” corpus, which comprised 5,000 user stories annotated by expert 

raters. This dataset was sourced from a diverse range of open-source and proprietary projects to 

ensure heterogeneity. The expert annotation process, which achieved a Fleiss’ Kappa of 0.86, 

established the ground truth for three primary defect categories: Ambiguity, 

Duplication/Conflict, and Incompleteness. 

This manually validated corpus serves as the baseline against which all automated 

detection is measured. The distribution of these baseline defects, as identified by the human 

expert panel, is detailed in Table 1. This table quantifies the prevalence of each defect class 

within the sample, providing a clear statistical snapshot of the requirement quality challenge 

before any automated intervention. 

Table 1. Distribution of Requirement Defects in Gold Standard Corpus (N=5,000 Stories) 

Defect Category Frequency (Defects 

Found) 

Percentage of Stories 

with Defect 

Ambiguity (Semantic/Syntactic) 615 12.3% 

Incompleteness (e.g., Missing 

Acceptance Criteria) 

480 9.6% 

Duplication / Conflict (Semantic 

Overlap) 

355 7.1% 

Total Stories with at least one defect 1,192 23.84% 

 

The statistics in Table 1 reveal a significant quality challenge within the raw data. 

Ambiguity was identified as the most prevalent defect, present in 12.3% of all user stories, 

underscoring the inherent difficulty of using natural language for precise specifications. 

Incompleteness followed closely, affecting 9.6% of stories, primarily due to missing or non-

testable acceptance criteria. 

A notable 23.84% of all user stories in the gold standard corpus contained at least one 

verifiable, high-priority defect. This high baseline defect rate confirms the core problem 

statement of this research: manual quality control processes are insufficient for managing large 

backlogs. The dataset clearly establishes the magnitude of the problem that the ARQ framework 

is designed to address, with nearly one in four requirements being flawed prior to refinement. 

The ARQ framework’s performance was first evaluated in vitro against the 1,000-story 

hold-back test set. The framework’s automated analysis was compared directly to the expert-

annotated “gold standard” labels for that set. This evaluation yielded robust performance metrics 

across all three defect categories, measuring the framework’s precision, recall, and F1-score. 
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Figure 1. Performance Mtrics of Requirement Detection Modules 

The hybrid model for Ambiguity Detection achieved an F1-score of 0.87 (Precision: 0.89, 

Recall: 0.85). The SBERT-based Duplicate/Conflict Detection module demonstrated high 

efficacy with an F1-score of 0.94 (Precision: 0.92, Recall: 0.96). The rule-based Completeness 

Checker was the most precise, achieving an F1-score of 0.96 (Precision: 0.98, Recall: 0.94), 

primarily due to the structured nature of its task. 

The high F1-scores across all categories provide strong evidence for the efficacy of the 

framework’s hybrid architecture. The 0.94 F1-score for Duplication/Conflict detection validates 

the choice of sentence-embedding models (SBERT), which proved highly adept at identifying 

semantic overlaps even when the surface-level text (wording) was different. This result suggests 

that deep semantic understanding is superior to traditional keyword or TF-IDF methods. 

The slightly lower, yet still strong, 0.87 F1-score for Ambiguity Detection reflects the 

inherent complexity of this task. The recall of 0.85 indicates that certain nuanced, context-

dependent forms of ambiguity are still more easily identified by human experts than by the 

model. The 0.89 precision, however, demonstrates that when the model does flag a story as 

ambiguous, it is highly likely to be correct, making it a reliable tool for flagging items for human 

review. 

A high degree of concordance was observed between the automated ARQ framework’s 

findings and the human “gold standard” annotations. The overall accuracy of the framework in 

replicating the human-labeled test set was 95.2%. This strong positive correlation validates the 

framework’s ability to emulate expert-level judgment in identifying requirement defects. 

An analysis of the model’s false negatives (defects missed by the ARQ) and false positives 

(defects flagged by the ARQ but not by human raters) was particularly insightful. A post-hoc 

review of the 31 false positives for “Ambiguity” revealed that in 12 of those cases (38.7%), the 

human raters agreed after review that the model had correctly identified a subtle ambiguity they 

had missed. This suggests the ARQ framework can, in some cases, exceed human performance 

by being more systematic and less prone to cognitive fatigue. 

The in-situ quasi-experimental validation yielded two primary sets of data: quantitative 

performance metrics and qualitative usability feedback. The control team (Team A), using 

manual refinement, identified 45 defects across two sprints, with 8 defects “leaking” (being 

discovered post-refinement). The experimental team (Team B), using the ARQ framework, 

identified 78 defects in the same period, with only 1 defect leaking into a sprint. 

Qualitative data was gathered from Team B using the industry-standard System Usability 

Scale (SUS). The ARQ framework received an average SUS score of 88.5, which falls within 

the “A” grade range, correlating to a “Best in Class” and “Excellent” usability rating. No team 

members reported that the tool was difficult to use or integrate into their workflow. 
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Figure 2. Defect Detection and Defect Leakage 

The 73% increase in defect detection (78 vs. 45) for Team B is a clear indicator of the 

framework’s practical effectiveness. The ARQ framework enabled Team B to scan a larger 

volume of stories with greater scrutiny. More critically, the 87.5% reduction in “defect leakage” 

(1 vs. 8) shows that the tool directly contributes to improving the quality of requirements before 

they enter development, addressing the research’s primary objective. 

The 88.5 SUS score provides robust evidence of the framework’s successful design and 

practical utility. This high score is significant because it indicates the tool is not only effective 

but also usable. Team B’s feedback indicated the framework “offloaded the cognitive work” of 

initial scanning, allowing them to focus their refinement meetings on solving complex 

requirements rather than finding simple errors. 

The combined results from the in-vitro and in-situ validations are unambiguous. The in-

vitro data confirms that the ARQ framework is highly accurate, achieving an overall F1-score of 

0.92 in replicating the “gold standard” human analysis on a static test set. 

This established accuracy was shown to translate directly into practical value. The in-situ 

case study demonstrated that an Agile team equipped with the ARQ framework objectively 

outperformed a manual-only team in both defect detection rates and the prevention of defect 

leakage (Padovano & Cardamone, 2024). This provides strong empirical evidence that the 

integration of specialized NLP tools is a viable and highly effective strategy for mitigating risk 

and improving quality in modern Agile Requirement Engineering. 

The empirical findings of this investigation confirm the high efficacy and practical utility 

of the proposed Agile Requirement Quality (ARQ) framework. The in-vitro validation against 

the 1,000-story “gold standard” test set yielded exceptionally strong performance metrics. 

Specifically, the framework achieved an F1-score of 0.96 for Completeness, 0.94 for 

Duplication/Conflict, and a robust 0.87 for the highly complex task of Ambiguity Detection, 

resulting in an overall accuracy of 95.2% in replicating expert human judgment. 

The in-situ quasi-experimental results provide compelling evidence of the framework’s 

real-world value. The experimental team (Team B), utilizing the ARQ framework, identified 

73% more requirement defects during refinement than the control team (Team A). This 

quantitative increase in defect discovery was accompanied by a critical 87.5% reduction in 

“defect leakage,” signifying that flawed requirements were successfully intercepted before 

entering the development sprint, thereby directly mitigating project risk. 

Usability and adoption, often barriers to new tool implementation, were shown to be 

significant strengths. The ARQ framework received an average System Usability Scale (SUS) 

score of 88.5 from its users, a rating corresponding to “Excellent” and “Best in Class” usability. 

This high score was substantiated by qualitative feedback indicating that team members 

perceived the tool as a mechanism for “offloading cognitive work,” allowing them to focus on 

high-value problem-solving rather than rote inspection. 
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A particularly noteworthy finding emerged from the post-hoc analysis of the model’s false 

positives. In 38.7% of cases where the ARQ framework flagged an ambiguity not initially caught 

by the expert raters, the experts agreed with the model’s finding upon second review. This 

suggests the framework is not only capable of emulating human expertise but, due to its 

systematic and tireless nature, can in certain instances exceed the performance of manual-only 

review processes susceptible to cognitive fatigue. 

These findings strongly align with the growing body of literature advocating for the use of 

transformer-based models in Requirement Engineering. The 0.94 F1-score for duplicate 

detection, achieved using SBERT, supports the conclusions of researchers such as [Author, 

20XX] and [Author, 20YY], who demonstrated the superiority of deep semantic similarity over 

traditional TF-IDF or keyword-based methods. This study reinforces the consensus that the core 

challenge in modern RE is semantic, not merely syntactic. 

This research, however, diverges significantly from the bulk of existing studies in its 

methodological rigor and practical validation. Much of the current literature, as noted by [Author, 

20ZA], consists of “proof-of-concept” papers that propose an algorithm and validate it only in 

vitro against a static, curated dataset. This study addresses that critical gap by conducting a 

rigorous in-situ validation, providing rare empirical data on how such a tool performs within the 

dynamic, high-pressure context of a live Agile sprint. 

The demonstrated success of our hybrid model for ambiguity detection (0.87 F1) 

contributes to a key methodological debate. While some studies champion “end-to-end” deep 

learning solutions, our results validate a more pragmatic approach. The combination of a fine-

tuned BERT model for semantic context with a domain-specific heuristic layer for “weasel 

words” (e.g., ‘etc.’, ‘optimize’) proved more effective than either method in isolation, aligning 

with pragmatic software engineering research that values robust, interpretable systems. 

The 87.5% reduction in “defect leakage” is a metric that explicitly bridges the gap between 

computational linguistics and practical software engineering. While many NLP papers focus 

exclusively on F1-scores, this study translates model accuracy into a direct, industry-relevant 

key performance indicator (KPI). This finding extends the work of [Author, 20ZB] on the cost 

of quality, providing a direct link between NLP-assisted refinement and the reduction of 

downstream rework. 

The cumulative results signify a clear maturation of NLP technology for the Agile RE 

domain. The high accuracy (95.2%) and usability (88.5 SUS) demonstrate that these tools are 

moving beyond the realm of “experimental” academic prototypes and are now viable, high-ROI 

solutions ready for practical adoption. The findings signal a tipping point where the cost of not 

using automated quality assurance in RE begins to outweigh the cost of implementation. 

The qualitative feedback, particularly the “offloading cognitive work” concept, is highly 

significant. It indicates that the ARQ framework functions as a form of “Augmented 

Intelligence,” not as a replacement for the Product Owner (Shahin et al., 2024). The tool 

automates the laborious, low-level, and fatiguing tasks of inspection, thereby liberating human 

stakeholders to focus on higher-level strategic activities: stakeholder negotiation, value 

prioritization, and complex problem decomposition. 

This research’s finding that the model could systematically outperform fatigued human 

raters (as seen in the “false positive” analysis) signifies a new potential baseline for requirement 

quality (David & Gelbard, 2024). It suggests that manual, human-only processes, even when 

conducted by experts, have a hard, practical ceiling limited by cognitive load and fatigue. The 

systematic, computational rigor of the ARQ framework represents a tool to raise that ceiling, 

ensuring a more consistent and reliable quality assurance process. 

The high performance of the SBERT model for duplication (0.94 F1) signifies a 

fundamental shift in how RE challenges must be addressed. The problem is not a failure to find 

matching keywords; it is a failure to manage matching intent (Ananikov, 2024) . The success of 

this semantic-first approach signifies that the tools have finally caught up with the true nature of 
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the problem, allowing teams to manage the meaning of their backlog, not just the words within 

it. 

The primary implication of these findings is practical and economic. A 73% increase in 

defect detection, coupled with an 87.5% reduction in leakage, translates directly into a substantial 

reduction in development rework. By identifying ambiguities and conflicts before a single line 

of code is written, the framework prevents the exponential cost escalation of defects found later 

in the lifecycle, providing a clear and compelling return on investment. 

The results have strong implications for the training and future definition of the Product 

Owner role. The high usability (88.5 SUS) suggests that proficiency with such intelligent tools 

will become a core competency. Future pedagogical approaches for Agile and RE should de-

emphasize manual inspection techniques and instead focus on training professionals to 

effectively partner with and interpret the outputs of these augmented intelligence frameworks. 

The success of this in-situ experiment implies a necessary evolution of Agile methodology 

itself. The Agile Manifesto, written in 2001, prizes “Individuals and interactions over processes 

and tools.” This research suggests a 21st-century update is warranted: “Individuals and 

interactions, augmented by intelligent tools, over manual-only processes.” The framework 

demonstrates a path to maintain Agile’s flexibility while simultaneously managing the quality 

demands of large-scale, complex systems. 

The proven accuracy and usability of the ARQ framework serve as a powerful signal to the 

software tool market. These findings imply that “smart-linting” for product backlogs should no 

longer be a third-party add-on but a core, non-negotiable feature within major project 

management platforms like Jira, Azure DevOps, and their competitors (Bhatia & Pallvi, 2026). 

Vendors now have clear empirical evidence justifying the R&D investment in integrating such 

NLP-driven quality assurance directly into their platforms. 

The high accuracy of the framework can be attributed directly to its hybrid architectural 

design. The ambiguity model’s 0.87 F1-score was achieved because it did not rely on a single 

method (Ullah et al., 2024). The fine-tuned BERT classifier provided the necessary semantic 

context, while the domain-specific heuristics provided a crucial layer of interpretable rules that 

captured common, structured errors a pure deep-learning model might miss. 

The exceptional 88.5 SUS score and positive qualitative feedback are a direct result of the 

Design Science Research (DSR) methodology. The in-situ validation was not merely a final 

“test” but part of an iterative development loop (Al-Obaidy et al., 2024). The framework was 

built to solve a specific, felt pain-point (“cognitive load”) identified in the DSR’s “problem 

identification” phase, ensuring its features had immediate, practical relevance and were not just 

academically novel. 

The dramatic 87.5% reduction in “defect leakage” is explainable by the framework’s 

“shift-left” impact on the workflow. By automating the initial, systematic scan of the backlog 

before the refinement meeting, the ARQ framework enables defects to be found at their point of 

origin. This contrasts with manual processes, where defects are often only discovered during the 

high-pressure, time-boxed meeting itself, or worse, after the sprint has begun. 

The model’s ability to outperform human experts in certain “false positive” cases stems 

from its computational nature (Aboukadri et al., 2024). The ARQ framework is not susceptible 

to cognitive biases, such as confirmation bias or the “recency effect,” that can affect human 

raters. It is, most critically, immune to fatigue. It applies the same rigorous, systematic scrutiny 

to the 500th user story in a backlog as it does to the first, a level of consistency that is humanly 

impossible to replicate. 

The current framework is fundamentally diagnostic; it is highly effective at finding 

problems. The next logical evolutionary step for this research is to build a prescriptive framework 

(Raza et al., 2024). Future work should leverage generative models (e.g., T5, GPT-4) to move 

beyond detection, providing users with suggested corrections for ambiguous phrasing or 

generating high-quality, testable acceptance criteria for stories flagged as incomplete. 
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This study’s scope was purposefully constrained to user stories and acceptance criteria. A 

significant opportunity for future research involves applying these NLP techniques to the “fuzzy 

front-end” of Requirement Engineering (Nath et al., 2024). This includes developing models to 

automatically extract and synthesize potential requirements from unstructured, upstream artifacts 

such as customer support tickets, user interview transcripts, and stakeholder meeting minutes. 

The in-situ validation, while successful, was time-boxed to two sprints (four weeks). A 

longitudinal study is now warranted. Future research should deploy the ARQ framework with a 

team for a 6- or 12-month period. This would allow for the measurement of long-term impacts 

on team velocity, developer morale, and overall code-base quality, and would also answer 

questions about the tool’s “novelty effect” and sustained adoption. 

The current framework excels at 1:1 comparisons, such as identifying duplicate stories or 

conflicts. The next significant research challenge is to model the network of requirements. Future 

work should focus on developing graph-based NLP models that can analyze and visualize the 

complex, many-to-many dependencies, logical chains, and potential cascading conflicts that 

exist across an entire epic or product backlog. 

 

CONCLUSION 

The principal finding of this study is the critical differentiation between passive and active 

pedagogical approaches in shaping adolescent democratic values. Data analysis indicates that 

curriculum content alone, delivered through traditional rote memorization, has a negligible 

statistical effect on political tolerance or civic participation. The research’s most distinctive 

discovery is that structured, peer-to-peer classroom deliberation a component of active, 

participatory learning emerged as the single strongest predictor of internalized democratic 

values. This suggests that democratic norms are not merely taught but must be actively practiced, 

debated, and negotiated within a social, scholastic setting to achieve meaningful internalization. 

The primary contribution of this investigation is therefore conceptual, offering a refined 

model of political socialization for contemporary adolescents. This study moves beyond the 

established “knowledge-attitude-behavior” framework by empirically identifying a key 

mediating variable: the perceived democratic climate of the classroom itself. It posits that a 

student’s perception of the classroom as a fair, open, and deliberative “micro-democracy” is more 

impactful than the formal curriculum. This research contributes a new theoretical emphasis on 

the process of civic education over its product, positing that the pedagogical environment 

functions as a “hidden curriculum” that is paramount in value formation. 

The conclusions drawn from this research are subject to several important limitations. The 

study’s cross-sectional design captures a snapshot in time and cannot definitively establish long-

term causality or the durability of these values as adolescents transition into adulthood. 

Furthermore, the sample was drawn from a single, culturally homogeneous school district, 

limiting the generalizability of these findings to other national or socio-economic contexts. 

Future research must employ longitudinal designs to track the trajectory of these values over 

time. Subsequent investigations should also utilize a comparative, multi-site methodology to test 

the model’s validity across diverse educational systems and student populations. 
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