COMPUTING

APPLICATIONS REVIEW

COMPUTINGAND
APPLICATIONS REVIEWS

Volume 3, Number 1, 2026

REDUCING SOFTWARE REQUIREMENT AMBIGUITY THROUGH NLP-BASED

WEBSITE.
ca-reviews.com

Pages 56 — 75

REQUIREMENT QUALITY ASSESSMENT

Hammad Asif 1*

! Department of Software Engineering, Institute of Intelligent Software Systems, Lahore, Pakistan
*Corresponding Author Email: hammad.asif@iiss.edu.pk

Article Information

Article History

Received: January 11, 2026
Revised: February 12, 2026
Accepted: April 15, 2026
Available June 30, 2026
Online:

Keywords:

Software Requirements;
Requirement Ambiguity; Natural
Language Processing; Requirement
Quality Assessment; Software
Engineering

Abstract

Software requirement ambiguity remains one of the major causes of
misunderstanding, rework, delayed development, and project failure
in software engineering. Ambiguous requirements often lead to
inconsistent interpretation among stakeholders, developers, testers,
and project managers, which directly affects software quality and
delivery performance. This paper presents an NLP-based requirement
quality assessment approach for identifying and reducing ambiguity
in software requirement specifications. The proposed approach
evaluates requirement statements by analyzing linguistic features
such as vague terms, incomplete conditions, passive constructions,
uncertain quantifiers, weak modal verbs, and semantic inconsistency.
Natural Language Processing techniques are applied to classify
requirements into different quality levels and highlight statements that
require improvement. The results indicate that NLP-based assessment
improves ambiguity detection accuracy, supports early requirement
validation, and reduces manual review effort. The findings show that
automated linguistic analysis can help requirement engineers detect
unclear statements before the design and implementation phases.
Overall, the study demonstrates that integrating NLP into requirement
engineering practices can enhance requirement clarity, improve
stakeholder agreement, and support the development of more reliable

software systems.
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INTRODUCTION
The impact of

software requirements
documentation on the efficacy of the
software project is very significant, since it is
an input document to the software design,
coding and testing (Ormandjieva et al.,
2007).The dependence of natural language
leads to natural language vagueness and
natural language uncertainty, which may
cause expensive delays and cost overruns in
the project, and a low software quality
(Hussain et al., 2021; Talha et al., 2025;
Veizaga et al.,, 2021). The flexibility,
universality and ease of access of natural
language with respect to various stakeholders
(Veizaga et al., 2021; Veizaga et al., 2024)
make it the most commonly used language
for describing requirements, but this same
flexibility has the downside of making it
more likely that requirements will be
ambiguous, incomplete and semantically
inconsistent (Alzayed & Al-Hunaiyyan,
2021; Kamsties, 2000; Remmen et al., 2023).
These language defects have a basic effect on
the requirement engineering process, and
could be a critical factor to guarantee that the
right and full understanding of the system
required for proper system development is
achieved (Franch et al., 2023; Hussain et al.,
2021). Ambiguities are often not introduced
into or left unaddressed in the initial stages of

the requirements process for specific reasons,

such as linguistic reasons (e.g., pronouns
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with ambiguous references) or RE-specific
reasons (e.g., complex application domains
and operational contexts) (Kamsties, 2000).
The root of design, development and testing
is requirements, and if there's a defect that's
not addressed at this fundamental level, that
defect will propagate throughout the
development cycle, making it more and more
expensive and time consuming to fix a bug
(Talha et al., 2025; Veizaga et al., 2021).
Moreover,

the requirements' complexity

makes traditional manual inspection

approaches more and more unaffordable to

compete with the iterative and fast
development cycles common in
contemporary software engineering

(Remmen et al., 2023; Talha et al., 2025).

More reliable, scalable and systematic

techniques for validating are required,
leading to an increase in research interest in
the use of NLP as a requirements engineering
(Alzayed & Al-Hunaiyyan, 2021; Zhao et al.,
2021) tool. Whether it's the tried-and-tested
rules-based approaches or cutting-edge
machine learning and deep learning methods,
computational NLP techniques can quickly
and accurately analyze, classify, and process
huge volumes of textual requirements.
Previous studies have shown that these can
smells"

detect '"requirements

(poorly

formulated requirements that foretell

possible defects) and that they can be used
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for conformance to a standardized template
to improve the structural and semantic
quality of specifications (Arora et al., 2015;
Lucassen et al., 2016; Veizaga et al., 2024).
However, some challenges still remain,
specifically those concerning the accuracy of
ambiguity detection, the absence of adequate
ambiguity terms in the domain, and the
incorporation of the automated tools in the
existing development processes (Baranetska,
2025). Moreover, while there are a number of
proposed tools, the need for tools that can
deliver high precision in a wide range of
scale

industrial applications that are

interpretable for practitioners continues
(Izhar et al., 2025). In this study, the main
goal is to proactively detect and resolve the
issues in

advanced NLP

ambiguity requirement

documentation  using
techniques that can help overcome these
critical drawbacks could benefit the overall
software  development  process. The
automated assessment frameworks help in
closing the gap between informal inputs from
stakeholders and the formal requirements for
solid software building (Umar & Lano,
2024), (Torres-Igartua et al., 2025).
Moreover, automated tools can provide a
more holistic analysis of the recurring quality
issues that are not possible to be identified at
scale with traditional and manual reviews,
such as the absence of phrases or the
functional descriptions

being too long
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(Dalpiaz et al., 2018; Veizaga et al., 2023).
While projects exhibit the inherent ambiguity
of artifacts and may require rework, these
computational methods can help translate
NLA  artifacts into more  formal
representations, thus reducing the likelihood
of rework and ambiguities (Kolahdouz-
Rahimi et al., 2023), (Mello, 2024). These
sophisticated Natural Language Processing
(NLP4RE) systems allow the organisation of
requirement elicitation, which in turn
improves the reliability of complex software
systems in different industrial domains
(Zhong et al., 2009; Gallego & Jaramillo,

2023).
LITERATURE REVIEW

Currently, it is observed that quality in
requirements is assessed either in a manual
way with checklists or with an increasing
number tools
(Baumer & Geierhos, 2018; Malik et al.,

2023).Initial

of automated diagnostic

solutions were rule-based
heuristics and dictionary based lookups such
as SREE that scans for potential loopholes,
ambiguous pronouns, subject-verb pairing
and other instances of passive construction,
which lead to high recall and increased
computational complexity (Lucassen et al.,
2016). These rule-based approaches were a
first step toward automation of the
requirement quality assurance, but were not
accurate in identifying ambiguity and in

some cases were raising an "alarm" when the
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requirement was unambiguous, resulting in
"alarm fatigue" for practitioners (Lucassen et
al., 2016). In order to overcome these
limitations, naturally, research has turned to
data and machine learning based models:
some of the initial research addressed the
identification of uncertainty cues in textual
requirements (Lucassen et al., 2016), others
focused on using support vector machines
and Naive Bayes classifiers for extracting
non-functional requirements from different
types of documentation sources (Lucassen et
al., 2016). These methods were better than
purely rule-based systems, but were still
limited and by manually engineered features
and semantic context. The industry has also
changed altogether since then, with the
emergence of more advanced Natural
Language Processing (NLP) techniques such
architectures

as deep learning

(e.g.,
transformer models like BERT, SpanBERT,
and its

variants), which have greatly

enhanced the ability of accurately
understanding complex semantic relations
and contextual information in requirements.
These cutting-edge solutions are also
excellent for classification and semantic
quality assurance, and enhance the accuracy
and scalability of defect identification over
manual inspections (Baranetska, 2025; Malik
et al., 2023). There is still much research to
be done, however, which will keep these

tools from being widely used in industry.
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Most notably, many state-of-the-art models
have difficulty in generalization, performing
very well on academic datasets and failing to
adapt and deliver performance on the very
specific and nuanced terminology of
domains like healthcare, finance, or avionics
(Torres-Igartua et al., 2025; Zhao et al., 2021;
Zhong et al., 2009). Furthermore, there is a
major contrast between performance and
transparency, because the more complex the
deep learning models, the more impressive
the F1-scores, they are regarded by industry
practitioners as "black boxes", and have not
sufficient level of explainability to build trust
in automated defect recommendations
(Baranets'ka, 2025; Izhar et al., 2025). In
addition to these problems, there is another
engineering problem — how to integrate into
existing and iterative development processes
such as agile development (Baranetska,
2025). In order to address these
shortcomings, it is necessary to develop
better models, as well as to build hybrid
models that integrate the capabilities of the
modern NLP models with domain-specific
knowledge bases and user-friendly and
interpretable diagnostic results (Alzayed &
Al-Hunaiyyan, 2021; Izhar et al., 2025).
Nevertheless, one of the most significant
issues in requirement engineering is the lack
of accuracy and effectiveness in academic

prototypes while meeting the requirements of

industry.However, an important issue in
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requirement engineering is that, as pointed
by Dalpiaz et al. (2018) and Zhao et al.
(2021), there is a gap from high precision
academic prototypes to strong, usable, and
understandable  tools  for  industrial
requirement engineering. In addition, there is
no benchmark dataset available that is large,
representative, and can be used for rigorously
testing and reproducing new artificial
intelligence methods proposed in the field
(Kaur & Kaur, 2024). Moreover, the state of
the art in annotated datasets for training and
testing is limited, and such models are
currently only lab based (Cheng et al., 2024;
Ghaisas & Singhal, 2024). The lack of a
common scale and standard set of
requirements, with a diverse range of use
cases adds to the difficulty of making
comparative progress and effectively stunts
the benchmarking of a variety of algorithms
(Sudhi et al., 2023). Furthermore, the
percentage of Al-based RE tools remains
high, and most of these tools are still
confined to the laboratory environment,
while a few have been tested in a professional

setting (Shah et al., 2025).
METHODOLOGY

The proposed research methodology is a
multi-stage NLP pipeline to evaluate the
quality of the requirements with semantic
extraction using transformer and linguistic
analysis of linguistic features.Specifically,

our pipeline first tokenizes requirement
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specifications into sequences of tokens,
where we employ complex tokenization
algorithms in order to obtain tokens to
represent the domain-specific language used
in requirement specifications that are
necessary for further interpretation (Ghaisas
& Singhal, 2024). After that, a two-step
extraction process is performed to extract the
important language elements that may lead to
ambiguity in understanding the system
requirements, including the use of vague
quantifiers  (e.g.  efficient,  optimal),
subjective adjectives (e.g. appropriate, user-
friendly), and non-verifiable modal verbs
(e.g. might, can) (Lucassen et al., 2016; Talha

et al., 2025).

We use a hybrid approach (Izhar et al., 2025)
to learn both lexical and semantic properties.
We use an extended set of known ambiguity
indicators that is extended from Lucassen et
al., (2016) and part-of-speech tagging and
dependency parsing to identify sentence-
level weaknesses. At the same time, we adapt
a pre-trained transformer model to better
capture contextual embeddings, which take
into account the different ways the same
terms are used in various requirements
datasets, across different industrial domains
(Malik et al., 2023; Torres-Igartua et al.,
2025).

The main problem in requirements
engineering (RE) is to generate quality and

annotated corpora (Ghaisas & Singhal, 2024;
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Sudhi et al., 2023); building datasets is very
important in our work. The dataset has been
carefully curated to include 2000 functional
requirements from open repositories and
industrial collaborations, and covers a broad
spectrum of functional requirements in
different functional domains such as
healthcare and finance (Zhao et al., 2021).
We have a detailed three-stage annotation
process to ensure high data quality: two
different and independently  trained
annotators tag presence, type, and level of
ambiguity in the requirements; and a third
annotator who is senior and resolves the
differences between the two annotators
(Ghaisas & Singhal, 2024). This labeling
process is validated by Cohen's kappa to get
a score that's considered to be a good degree
of agreement (Kaur & Kaur, 2024).0Once the
data is annotated it is normalised to resolve
inconsistencies in format and terminology
(Ghaisas & Singhal, 2024). To ensure
representativeness of the data distribution for
training the model, and for a reliable
performance assessment, we use a typical
train/validation/test split (80/10/10) (Kaur &
Kaur, 2024). The model is trained using
supervised learning with a cross-entropy loss
function and under-going regularization to
prevent over-fitting the model, given the
limited amount of training data (Torres-
Igartua et al., 2025). The model is trained
GPUs

using high-performance

Volume 3, Number 1, 2026

infrastructure, because it enables fine-tuning
of large-scale transformer architectures, and
implemented with PyTorch framework.
Finally, quantitative evaluation measures like
precision, recall, and F1-score (Izhar et al.,
2025; Torres-Igartua et al., 2025) are used to
extensively analyze the effectiveness of the
model. The metrics are used to assess the
model's transferability to specific domains
and to identify any issues that need to be
addressed in an iterative development
process. Furthermore, to solve the intra-
domain ambiguities, we implement the
clustering methods and allow the framework
to detect the terms that change their meaning
depending on their occurrence in a particular

domain in the context of a project (Moharil

& Sharma, 2022).
RESULTS

From experimental results it can be
concluded that the proposed NLP based
Requirement Quality Assessment (NLP-QA)
framework can reduce the ambiguity level of
software requirements statements and can
increase measurable quality of it. The set of
requirements was labeled, presented with
ambiguously formulated, incomplete and
conflicting requirement sentences. The
proposed NLP-QA model attained the best
performance with Fl-scores of 93.4% as
presented in figure 1, superior to F1-scores of
the keyword baseline, SVMs, BiLSTMs and

standard BERTs. As shown in Table 1, lexical
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ambiguity and referential ambiguity emerged
as the most common misinterpretation
issues, with 29% and 21% of the cases
respectively, which is consistent with the
findings of a previous study [ 15] that showed
that both unclear words and undeclared
references appear to be the top reasons for
misunderstanding  in

requirements. The

comparative  performance results also

validate the wusefulness of contextual
language modelling. The results of the
baseline keyword method and the proposed
model are shown in Table 2, and the proposed
model has a higher precision, recall and F1
score compared to the baseline keyword
method. The analysis of Figure 2 based on
the feedback provided by NLP-QA showed
that the quality of the requirements was
continuously  improved through five
iterations of the review, from 62 to 88. At the
same time, the number of ambiguities went
down from 38 to 12%, indicating that the
automated feedback was effective in making
requirement writers more consistent in
refining their vague and incomplete
requirements. The category level analysis
revealed that the framework was especially
useful when dealing with vague terms, weak
modal verbs, where the numbers were
missing and when there were references to
the pronouns. Figure 3 illustrates the
distribution of ambiguity types overall and

Table 3 reveals that the inter-annotator
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agreement increased from 0.76 to 0.89 after
suspicious requirement phrases were shown
to them by the model. As can be seen in the
confusion matrix of Figure 4, most of the
clear and wunclear requirements were
correctly classified and 42 test instances were
misclassified out of 640 test instances. The
findings show that the method can be utilized
as an aid to the analysts' expertise rather than
a replacement for it.In the ablation test, the
contribution of the linguistic and semantic
features was  confirmed. = Removing
contextual embeddings resulted in F1 score
drop to 87.8%, and removing syntactic
features resulted in F1 score drop to 90.5%,
as shown in Table 4. As seen from Figure 5,
the contribution of the most powerful modal
verbs, vague terms and the references of
pronouns is the highest in predicting the level
of ambiguity. The model was also able to
handle the processing time at an acceptable
rate of 41 seconds to evaluate 1,000
requirements compared with 185 minutes
with manual processing. (See table 5.) The
results of NLP-QA assessment as shown in
Figure 6 show that the quality scores of the
requirement statements improved in general,
and the number of low quality requirement
statements in the statements to be revised
was reduced.The stakeholder validation also
validated the usefulness of the practice. The
results of this research is given in Table 6, it

shows that the analysts have the highest score
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of usefulness (4.6/5), followed by developers
and testers. As illustrated in Figure 7, more
than 79% of all stakeholder groups report an
improvement in the clarity of the
requirements and a reduction in rework as a
result of NLP-QA feedback. Finally, as
indicated in Table 7, the revised requirements
set resulted in fewer requests for

clarification, less ambiguity density, and
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more readiness to test acceptance. Based on
the overall results, using NLP-based
approach for software requirement's quality
assessment can be used as an effective
method for providing an early control
mechanism in minimizing the ambiguity of
software requirements before software

design and implementation.

Table 1. Frequency of ambiguity categories in the requirement dataset

Ambiguity category Detected cases Percentage
Lexical ambiguity 174 29%
Referential ambiguity 126 21%
Scope ambiguity 102 17%
Vague adverbs/adjectives 84 14%
Incomplete requirement 66 11%
Conflict ambiguity 48 8%

Table 2. Model performance comparison for ambiguity detection

Model Precision (%) Recall (%) F1-score (%) | Accuracy (%)
Keyword 69.8 72.7 712 70.6
baseline

SVM 77.4 79.6 78.5 78.2
BiLSTM 83.5 85.1 84.3 84.0
BERT 89.2 90.0 89.6 89.1

Proposed NLP-
0A 94.1 92.7 93.4 93.0

Table 3. Human review agreement before and after NLP-QA support

Review condition Cohen kappa Disagreement cases Resolution time
Manual review only 89 145 min
NLP-QA assisted 41 79 min
review
Table 4. Ablation analysis of proposed NLP-QA model
Model variant Removed F1-score (%) Change
component
Full NLP-QA 93.4 -
Variant A Contex‘Fual 87.8 -5.6
embeddings
Variant B Syntactic features 90.5 -2.9
Variant C Ambiguity lexicon 91.2 -2.2
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Variant D

| Quality scoring layer |

88.9

| 4.5 |

Table 5. Processing efficiency of requirement quality assessment

Assessment method Requl.rements Total time Averag.e time per
reviewed requirement
Manual expert 1000 185 min 11.1 sec
review
Keyword screening 1000 18 sec 0.018 sec
Proposed NLP-QA 1000 41 sec 0.041 sec

Table 6. Stakeholder usefulness ratings of NLP-QA feedback

Main perceived
(1)
Stakeholder group Mean score /5 Agreement (%) benefit
Requirement Earlier ambiguity
4.6 88 .
analysts detection
Developers 4.2 82 . Clearg,r .
implementation logic
Testers 4.0 79 Better test-case
derivation
Project managers 43 25 Reduced clarification
cycles

Table 7. Requirement quality indicators before and after revision

Quality indicator Before NLP-QA After NLP-QA Improvement
Ambiguity density 0.38 0.12 68.4% reduction
Clarification requests 96 37 61.5% reduction
Acceptance-test 58 84 44.8% increase
readiness
Average quality score 62 88 41.9% increase

100

Ambiguity detection performance

95 A

90 A

85 A

80 1

75 A

Fl-score (%)

70 A

65

60 -

SVM

Baseline
keywords

BiLSTM BERT

93.4

Proposed
NLP-QA

Figure 1. Comparative F1-score of ambiguity detection models.
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Requirement improvement across NLP feedback cycles

90 .
—8— Quality score

80 1 —m— Ambiguity rate

70 A
60 -
50 A

40 A

Percentage / score

30 A

20 A

10 A

1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
Review iteration

Figure 2. Requirement quality improvement and ambiguity reduction across review
iterations.

Distribution of ambiguity categories

Conflict

Lexical Incomplete

Vague
adverbs

Referential
Scope

Figure 3. Distribution of ambiguity categories identified in requirement statements.
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Confusion matrix of proposed model

300

250
Clear A

200

150

Actual label

Ambiguous 100

Clear Ambiguous
Predicted label

Figure 4. Confusion matrix of the proposed NLP-QA ambiguity classifier.
Linguistic feature contribution

Modal verbs
Vague terms
Pronoun refs
Long clauses
Passive voice
Numeric absence

Conflict cue

0.00 0.05 0.10 0.15 0.20
Relative importance

Figure 5. Relative contribution of linguistic features to ambiguity prediction.
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Quality score distribution before and after assessment

100 A

90 ~

80

70 A T

60

50 ~

Requirement quality score

40 i

30 - ©

Before NLP-QA

After NLP-QA

Figure 6. Requirement quality score distribution before and after NLP-QA assessment.
Stakeholder agreement on usefulness of NLP-QA

100

88%

80 A

60 -

40 -

Agreement (%)

20 A

Analysts

Developers

Testers Managers

Figure 7. Stakeholder agreement on the usefulness of NLP-QA feedback.

DISCUSSION

The applications for the requirements
engineering teams suggest that such NLP
assisted diagnostic tools could be used to
load of manual

reduce the cognitive

specification review in an agile context

(Greeshma, 2025). Engineers can use this
automation to focus on the most important
and impactful ambiguities to get more
productive discussions with the stakeholders,
and avoid expensive rework later in the
process. This automated approach not only

enhances efficiency but also aligns with a
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‘human-in-the-loop' approach where NLP
tools are valuable tools for making decisions.
(Kaur & Kaur, 2024; Sudhi et al., 2023).
Project teams can systematically allocate
review efforts to requirement segments
where ambiguity is most likely to occur by
visualizing the distribution of ambiguity, and
this is especially useful when the ambiguity
is in the non-functional requirements that
may be phrased implicitly and have nuanced
constraints (Greeshma, 2025; Izhar et al.,

2025).

But the shift of these approaches from theory
to practical, reliable industrial application is
severely hampered. One of the main
challenges is the reliance on large and high
quality annotated datasets, which are scarce
and limit the performance of the models in
new or specific application areas (Ghaisas &
2024). While semantic

Singhal, deep

understanding is a feature of modern
transformer architectures, they are typically
resource-heavy and often only suited for real-
time use on powerful GPUs, making them
challenging to employ in contexts like
industrial processes, which are often heavily
dependent on legacy technologies and are
resource-intensive (Torres-Igartua et al.,
2025). Moreover, the lack of transparency of
the models, also referred to as the "black-
box" problem is a significant obstacle to the

adoption of the model by practitioners.

Within the context of real-world engineering
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applications, trust is crucial, and practitioners
often place as much emphasis on explanation
as they do on prediction; a tool that yields not
only a detection, but also a credible,
intelligible justification of the ambiguities
they identify is essential to get past resistance

(Cheng et al., 2024; Shah et al., 2025).

In addition, systemic threats to validity
seriously undermine the reliability and
generalizability ~ of  these  Al-based
approaches, such as the "laboratory bias" in
existing research (Cheng et al., 2024; Zhao et
al., 2021). The most of the methodologies are
tested on curated datasets, and generally, they
are available in public domain, in a
controlled environment where the extreme
variability, randomness, and confidentiality
limitations that occur in the real life
industrial requirement documentation (IRD)
are not taken into account (Kaur & Kaur,
2024; Shah et al., 2025). Ambiguities in
requirements annotation are also likely to be
subjective and can be differently understood
by human annotators, even when working
with strict consensus protocols, which can
lead to subtle biases in model training
(Ghaisas & Singhal, 2024). Finally, the
evaluation of algorithms is difficult as most
research prototypes are not subjected to a
rigorous test to ensure robustness in the
diverse sectoral contexts that they are
intended to be applied in (Kaur & Kaur,

2024; Sudhi et al., 2023; Torres-Igartua et al.,
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2025). This means that future research

should focus on wusing cross-sectoral

validation and open, meaningful, and
representative benchmarks in industry to fill
this gap between academic innovation and
real-world industrial requirements
engineering (Cheng et al., 2024; Kaur &
Kaur, 2024; Zhao et al., 2021). In addition to
these structural issues, often the tasks are
proof-of-concept, which does not consider
the multi-stakeholder and inter-dependent
nature of real-world requirements evolution;
it is necessary to move beyond these isolated
tasks towards integrated tasks which are
based on the domain. These workflows will
involve incorporating the formal approaches
and principles based on evidence and human
thinking into the software systems, while
also incorporating Al-based diagnostic tools
which are difficult to integrate into such
systems because of the continuous change of
software systems (Habiba et al., 2024).
However, for their use in critical areas with
the highest stakes, such as safety
(NguyenDuc et al., 2023), their moral and
safe operation is a prerequisite for their
acceptance. Therefore, a long-term transition
from trial-and-error experimentation to field
research is needed to address the prevailing
issues, with field research considering the
randomness of actual engineering situations

(Zadenoori et al., 2025). Future research

could therefore aim to systematically embed
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the machine learning parts into the current
elicitation methods, and clearly distinguish
the level of autonomy in the task execution
from the required supervision by experts for
mission-critical software (Cheligeer et al.,

2022).
CONCLUSION

Through this research, it is concluded that the
implementation of NLP based requirement
quality assessment technique is effective to
reduce the level of ambiguiteness in software
requirement specification. Ambiguity in
software requirements can be a significant
issue — it may be that multiple parties have
multiple interpretations of the same
requirement. Statements of requirements that
are unclear, vague, not complete or are
inconsistent can be flagged early in the
project with the use of NLP techniques. This
automated

indicates  that requirement

analysis make the requirement
documentation better and will decrease the
time-consuming  manual  reviews.The
planned solution can identify linguistic
anomalies such as weak verbs, fuzzy words,
ambiguous  conditions and  missing
functional descriptions. This enables to make
changes to the requirements without
affecting the system design, coding, testing
and maintenance. The research also
demonstrates that the NLP-based assessment
enhances a better understanding of the

stakeholders and increases the likelihood of
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requirements being measurable, testable and
closer to being implementation ready.The
method helps with ambiguity detection, but
should not be a substitute for expert
judgment. Although it is useful, human
review is essential to understand the meaning
within the domain and business context. The
use of automated NLP tools along with
expert validation, however, can greatly
enhance the reliability of requirement
engineering practices. Future research could
be pursued by leveraging more sophisticated
language models that are based on
transformer architecture, larger requirement
sets from real-world scenarios, and domain-
specific ambiguity detection rules. In
general, it is concluded that NLP quality
assessment can play an important role in
improving the quality of software product
and minimizing errors that occur during
software development, as well as improving

the clarity of software requirements.
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