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ABSTRACT: Requirements quality shapes engineering design, yet natural language specifications remain
vulnerable to ambiguity. We investigate how LLMs support ambiguity detection using a hybrid dataset combining
NASA JWST requirements with systematically injected defects. Using auto-extracted domain knowledge, we
compare a domain-agnostic baseline with a context-aware approach. Incorporating domain knowledge helps LLMs
better distinguish genuinely ambiguous requirements from acceptable ones, highlighting the potential of context-
aware AI assistants for requirements engineering and early-stage design.

KEYWORDS: requirements management, requirements engineering (RE), artificial intelligence (AI),
systems engineering (SE), generative AI

1. Introduction
Requirements are foundational design artifacts that shape engineering systems from conception through
deployment (Pahl et al., 2007). They define the future product’s characteristics, guide development
activities and provide the basis for verification of the delivered system (Hull et al., 2005). As most
requirements are written in natural language, their quality can vary substantially in practice, which
directly impacts downstream design decisions, rework and project risks (Hull et al., 2005; Pahl et al.,
2007). Guidance such as ISO 29148 (2018) and the INCOSE Guide to Writing Requirements (Ryan &
Wheatcraft, 2023) codifies good practice such as avoiding vague words and subjective qualifiers,
expressing each requirement as a single, self-contained statement, using controlled language to reduce
ambiguity and improve quality. Yet ambiguity persists, because many cues are context-dependent and
can only be judged with knowledge of the project’s terminology, units, system architecture and hierarchy
specification structure (Berry & Kamsties, 2004). This ambiguity directly impacts the exploration and
narrowing of the design space.
Therefore, in practice, effective ambiguity assessment relies on both linguistic cues and situated domain
knowledge. To enhance this task, existing research has explored the use of Artificial Intelligence (AI)
techniques for automatically detecting ambiguity in datasets of engineering requirements. Existing
automated tools and many emerging AI approaches typically treat requirements as isolated sentences and
rely heavily on linguistic patterns and “smells”. These methods can identify potentially ambiguous
requirements but at the cost of substantial false-positive rates, burdening engineers with large volumes of
false alarms. Without access to project context, AI adoption becomes a barrier rather than an enabler, and
gives a false sense of support which may ultimately erode trust.
In recent years, the rapid emergence of Generative Artificial Intelligence (GenAI) has unlocked new
opportunities for augmenting requirements engineering (RE) and design work (Arora et al., 2024), and
ultimately addressing some of the limitations of existing methods for ambiguity detection. Large
Language Models (LLMs) have enabled advanced analysis of natural language by capturing semantic
nuances, syntactic rules, and contextual cues (Zadenoori et al., 2025). As such, they represent a
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promising solution for ambiguity detection, which is a particularly critical and demanding task as many
ambiguity judgements rely on system context, not just surface level wording (Araújo et al., 2025).
While recent work has explored LLM-based ambiguity detection, current approaches operate on
individual requirements without systematic access to project context, leading to high false-positive rates
on well-written requirements. There is limited empirical evidence on how project-specific context affects
detection performance across different ambiguity types. Furthermore, existing datasets rarely combine
realistic requirements, explicit ambiguity labels, and domain context in a form that supports controlled
reproducible evaluation.
We address these gaps by investigating the following research questions:
RQ1: How does a domain-agnostic LLM, prompted with standards-based ambiguity triggers, perform
when detecting ambiguity in a hybrid dataset of high-quality and defect-injected requirements?
RQ2: How does enriching the LLM with project-specific context affect ambiguity detection performance
overall and across different ambiguity mechanisms (lexical, syntactic, semantic, pragmatic)?
To answer these questions, we use NASA’s publicly available James Webb Space Telescope (JWST)
Mission requirements document (James Webb Space Telescope Project Mission Requirements
Document, 2007) as the empirical basis. These requirements are mature design artefacts from a
successfully deployed multi-million USD mission, written with rigorous hierarchical flow-down and
embedded in a rich documentation ecosystem. Based on this, we construct a hybrid dataset that combines
246 original JWST requirements with 246 variants containing purposefully induced ambiguity defects.
Using this dataset we compare two configurations of LLM based ambiguity detection: a domain-agnostic
baseline that applies a guideline style ambiguity rubric evaluation without project knowledge, and a
context-aware configuration that augments the same rubric with a “project context” block distilled from
the JWST documentation.
This paper has three main contributions: 1) a hybrid labelled dataset derived from JWST mission
requirements, 2) a context-aware ambiguity detection pipeline that uses LLMs both to mine project
documentation for context, and to perform ambiguity detection with or without that context, and
3) empirical evidence that explicit project context substantially reduces false positives and clarifies when
LLM based ambiguity detectors are likely to be useful in design practice. The rest of the paper is
structured as follows: Section 2 reviews related work; our methodology is described in Section 3.
Section 4 presents the results, which are then discussed in Section 5. Section 6 concludes the paper.

2. Related work

2.1. Requirements quality, ambiguity, and engineering practice
Requirements are central design artefacts, but their typical natural language form makes them vulnerable
to multiple kinds of ambiguity. Standards and guidelines such as ISO/IEC/IEEE 29148:2018 and the
INCOSE Guide to Writing Requirements emphasise characteristics such as clarity, atomicity, controlled
vocabulary, and avoidance of subjective or vague terms (ISO/IEC/IEEE 29148:2018, 2018; Ryan &
Wheatcraft, 2023). Despite this guidance, studies show that ambiguity remains one of the most frequent
quality issues in requirements, and one that has been hard to overcome (Kamsties, 2005). Berry and
Kamsties (2004) argue that many ambiguity judgements depend not only on linguistic clarity but also on
a reader’s understanding of domain knowledge such as the underlying system and terminology, meaning
that ambiguity cannot be assessed purely from surface level text analysis. Empirical research by Massey
et al. (2014) similarly found analysts from technical and non-technical background differ in their
identification of ambiguity types, indicating the quality assessment itself might be subjective and task-
dependent. This also indicates that “perfect” requirements do not exist; instead practitioners should aim
for “useful” requirements that are understood well enough, accepting that some ambiguity is inevitable
(Berry, 1995; Berry & Kamsties, 2004). This has implications for how automated detection tools should
be evaluated, as 100% performance may be neither feasible nor desirable.
Ambiguity has been conceptualised in multiple ways, but four categories outlined by Berry (2003), and
Berry and Kamsties (2004), appear frequently in RE literature: lexical (unclear or subjective words),
syntactic (interpretation possible due to grammatical structure), semantic (multiple interpretations of
meaning possible) and pragmatic (interpretation depends on external context, domain knowledge or
assumptions). In literature, particularly the first three have been studied while less focus has been on
addressing pragmatic ambiguity (Bano, 2015). However, pragmatic ambiguity is particularly relevant to
engineering design, where a single term may have project-specific definitions, units, tolerances and
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operational constraints not obvious from the requirement statement itself, highlighting a central challenge
that effective ambiguity detection requires both linguistic and domain-specific contextual knowledge.

2.2. Automated requirements engineering support
2.2.1. AI for requirements

Various approaches have been proposed to automated evaluation of requirements quality. Early tools
such as NASA’s ARM tool (Carlson & Laplante, 2014; Wilson et al., 1997), QuARS (Gnesi &
Trentanni, n.d.) and SREE (Tjong & Berry, 2013) relied primarily on rule-based pattern matching and
lexicons of forbidden or “dangerous” words. These systems typically achieve high recall by flagging
many potentially ambiguous expressions but exhibit limited precision generating high amounts of false
positives requiring significant manual filtering as indicated in Table 1.

More recent approaches integrate Natural Language Processing (NLP) pipelines such as part-of-speech
heuristics to detect linguistic “smells” including vague terms, weak modality and complex sentence
structures (Femmer et al., 2017). However, these remain heavily dependent on shallow textual features
and rarely incorporate system context.
Commercial tools such as QVscribe and IBM’s RQA operationalise guideline-based checks using
proprietary heuristics (IBM, 2023; QRA, 2016). However, their internal logic is largely opaque and
published evidence of their performance and context sensitivity is limited. Across both academic and
commercial approaches, a constant pattern emerges: tools can detect potential issues, but distinguishing
genuinely problematic ambiguity from acceptable phrasing remains difficult without domain grounding.

2.2.2. LLMs for requirements support

The emergence of LLMs has opened new avenues for RE support. Two recent mapping studies provide a
high-level landscape. Arora et al. (2024) investigate the potential for use of LLMs to support and
transform requirements engineering activities across the development lifecycle, identifying large
potential that is currently held back by unresolved challenges such as prompt robustness, managing large
false positives in evaluations, and how to integrate domain understanding. Zadenoori et al.’s (2025)
systematic literature review into LLMs for RE finds that the LLM research in RE predominantly focuses
on requirements elicitation and validation, rather than defect detection and classification; tasks that were
dominant in the previous NLP era. This shift leaves a relative gap in LLM-based work on quality
assurance for requirements, including ambiguity detection.
Within that gap, a small but growing body of work has begun to explore LLMs for requirements quality
evaluation and ambiguity detection. Fantechi, Gnesi and Semini (2023) provide an early comparison of
rule-based NLP (using their own QuARS tool) and ChatGPT (GPT-3) for ambiguity detection in
requirements documents. Their preliminary study finds that ChatGPT can detect some defects like
incompleteness and inconsistency that rule-based tools miss or struggle with, with precision matching
NLP based performance while recall performance varied across model runs. However, their evaluation
does not consider how project specific domain context affects detection performance.
Lubos et al. (2024) assess LLM capabilities (using Llama 2 70b) for evaluating software requirements
characteristics aligned with the ISO 29148 standard. Their findings mirror a pattern relevant to our work:
the LLM achieves high recall but low initial precision, and a combined human-LLM assessment
outperforms the LLM alone, reinforcing the case for positioning LLMs as decision-support rather than
autonomous gatekeepers. However, their domain tailoring was performed through extensive manual
work by RE experts rather than through automated approaches.
More recently, Bashir et al. (2025) use LLMs to detect ambiguity with in-context learning using three
industrial railway datasets. They evaluate multiple LLMs with in-context learning and evaluation
rationale generation. Their work demonstrates the feasibility of LLM-based ambiguity detection in

Table 1. Summary of tools analysis (adapted from Bajceta et al., 2022)

ARM QuARS RETA RCM

Precision 0.43 0.43 0.41 0.68

Recall 0.08 0.85 0.98 0.38
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industrial settings but relies on demonstration examples for in-context learning rather than systematic
integration of project specific domain knowledge. Notably, their industry expert evaluation identified the
LLM’s inadequate understanding of domain-specific terminology as a key limitation, reinforcing the
need for structured domain context integration.
Raj et al. (2025) combine NLP-based detection with fine-tuned Llama-2 models for ambiguity
classification across seven ambiguity categories, achieving a precision of 0.79 and recall of 0.82, but
without project-specific context, a limitation they explicitly flag as future work.
Collectively, this points to three key insights. First, LLMs outperform or complement rule-based tools for
requirements quality tasks, particularly for context-dependent defects that surface level pattern matching
cannot capture (Fantechi et al., 2023; Lubos et al., 2024). Second, without domain grounding, LLMs tend
to exhibit high recall but low precision, the same over-flagging behaviour observed in traditional tools
(Arora et al., 2024; Bashir et al., 2025; Lubos et al., 2024). Third, to the best of our knowledge, no
existing work systematically integrates project specific contextual knowledge, nor empirically measures
how it affects detection performance across different ambiguity types.

2.2.3. Datasets for ambiguity detection

Progress in automated defect detection, including ambiguity detection, has been slowed by the limited
availability of labelled datasets. Existing open-source datasets such as PURE and PROMISE lack the
necessary explicit ambiguity labels, domain context and glossaries, and realistic hierarchical structure to
use for models (Norheim et al., 2024).
In summary, prior work shows substantial progress in automated requirements analysis, but with three
clear gaps. First, most tools operate context-free, treating requirements as standalone sentences and
therefore generating high false-positive rates. Second, empirical evidence on the role of project-specific
context in ambiguity detection is scarce. Finally, existing datasets do not support controlled, reproducible
evaluation across different ambiguity types in realistic design settings.
This work addresses these gaps by constructing a hybrid dataset of real and synthetic requirements from
NASA’s JWST specification, extracting domain context via LLMs and empirically evaluating the effect
of context on ambiguity detection across four ambiguity types.

3. Methodology
This paper explores how project-specific context influences LLM-based ambiguity detection. To this
end, we follow a build-to-evaluate process inspired by design science research (Peffers et al., 2007):
1) construct a hybrid, labelled dataset, 2) extract and structure project context, 3) implement two
ambiguity-detection configurations using LLMs, and 4) evaluate and compare detection performance
across ambiguity types. Figure 1 summarises the overall pipeline from the JWST mission requirements to
the evaluation setup.

3.1. Dataset development
We developed a hybrid real world/synthetic dataset comprising 246 industry standard quality
requirements, and 246 synthetic requirements with controlled defects, by following a two-step process.
Step 1: Identify and clean high-quality requirements
We selected the James Webb Space Telescope (JWST) Mission Requirements Document, revision P
(2007) as a representative example of high-quality real-world requirements set. The document is a

Figure 1. Overview of dataset construction, context extraction and evaluation pipeline
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comprehensive specification of scope, reference documents, requirements, and qualification and
assurance provisions. The requirements have been formulated using rigorous NASA processes,
representing mature engineering design practice across diverse technical domains such as system
characteristics, reliability and units of measure.
From the complete document, we extracted all 250 requirements verbatim and performed minimal
cleaning. We excluded four requirements that included tables due to formatting artefacts causing
robustness issues for LLM prompting, resulting in 246 remaining requirements. We treated each of these
as non-defect requirements, assuming that a mature engineering organisation’s accepted requirements
represent acceptable quality.
Step 2: Mutate requirements to become ambiguity-defect requirements
To create synthetic requirements with controlled defects, we systematically injected four types of
ambiguity (lexical, syntactic, semantic and pragmatic) into the JWST requirements. We have used an
LLM (GPT-4.1 mini) as a controlled text editor applying a unique prompt for each defect type, and
separate API call for each requirement. We instructed it to minimally edit each original requirement to
introduce only one dominant ambiguity type. The LLM was prompted to preserve core content (e.g.
components, parameters, units etc.) while introducing ambiguity through lexical, syntactic, semantic or
pragmatic changes, resulting in minimally mutated but defect requirements as seen in Table 2.

We applied a round-robin scheme, mutating the first acceptable requirement with lexical ambiguity, the
second with syntactic, the third with semantic, and the fourth with pragmatic, then repeating the cycle.
This produced 246 defect requirements, forming a hybrid dataset of 246 acceptable and 246 ambiguous,
in total 492 requirements. Within the dataset, the defects are balanced among the four defect types
(62 lexical, 62 syntactic, 61 semantic, 61 pragmatic).

3.2. Context extraction
To construct a context block to insert into context-aware ambiguity evaluation prompts, we developed a
semi-automatic two-step pipeline for extracting and formatting domain-specific information from the

Table 2. Examples of original and defect injected requirements

Panel A: Consecutive examples from the round-robin injection scheme (MR-146-149)

ID Defect type Original statement Defect statement

MR-146 Lexical Protections shall exist to prevent the
mutual interference of real-time and
stored commanding.

Adequate protections shall exist to prevent the
mutual interference of real-time and stored
commanding.

MR-147 Syntactic The Observatory shall remain safe in
the event of any command error or
break in a command sequence.

The Observatory shall remain safe in the
event of any command error or break, in a
command sequence. (comma injected)

MR-148 Semantic The Observatory shall verify all
commands received.

The Observatory shall verify all commands
received by the system.

MR-149 Pragmatic The Observatory shall report all
verified commands.

The Observatory shall report verified
commands as appropriate.

Panel B: Additional examples illustrating the distinction between lexical and pragmatic.

ID Defect type Original statement Defect statement Why this type

MR-45 Lexical The planned commissioning phase
shall end no later than six months
after launch.

The planned
commissioning phase
shall end not much later
than six months after
launch.

“Not much” is an
inherently vague
quantifier — no
context resolves it.

MR-123 Pragmatic The Observatory shall perform
image-based wavefront sensing when
commanded.

The Observatory shall
perform image-based
wavefront sensing when
commanded, unless
operational constraints
prevent it.

“Operational
constraints” refers
to project-specific
conditions defined
elsewhere.
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JWST mission documentation. This assumes, in line with typical systems engineering practice, that
requirements documents contain rich contextual information in both explicit form (e.g. mission
descriptions, glossaries, referenced documents) and implicit form (domain-specific actors, subsystems,
and terminology only mentioned inside requirements statements).
We use different LLMs for distinct tasks: GPT-4.1mini for defect injection, Claude Sonnet 4.5 for
context extraction and Llama-3.3-70B-versatile for ambiguity evaluation. This separation avoids same-
model circularity, where a model might artificially recognise patterns that it generated itself rather
than performing genuine ambiguity assessment. Using different models provides a more conservative
test of the context-aware approach and better approximates realistic deployment scenarios where
evaluation tools may use different underlying models than those used for data preparation or context
extraction. Because the same detector evaluates both configurations, any systematic bias in how LLMs
interpret LLM-generated content applies equally to the baseline and the context-aware conditions,
meaning the observed difference between the two reflects the effect of context rather than an artefact of
the pipeline.
Step 1: Context mining
We used a LLM (Claude Sonnet 4.5) to scan the JWST Mission requirements document and identify key
contextual entities including system elements, segments, roles, interfaces, referenced documents, units
and scales, and definitions of critical terms (e.g. “operational JWST system” and “real-time system”).
The prompt instructed the model to extract these from both explicit context and the requirement
statements, and to summarise them as neutral definitions and patterns avoiding requirements statements
verbatim. This produces an auto-extracted context set that captures the project’s vocabulary and typical
parameter ranges without manual ontology engineering.
Step 2: Context block formatting
In a second prompt, we ask the LLM to rewrite the extracted material into a “Project Context” block
suitable for inclusion in evaluation prompts. During this step, all specific numerical values were
normalised into indicative ranges (e.g. “0.005 arcsec” to “ (10^-3) arcsec”) and references to requirement
IDs were removed. This reduces the risk that downstream models simply pattern-match exact numbers or
sentence fragments from the original specification instead of using the context semantically.
For evaluation, the context block is supplied unchanged to the ambiguity-detection LLM (Llama-3.3-
70B-versatile). The detector LLM never sees the original JWST document directly, it only accesses the
distilled context and ambiguity rubric plus the individual requirement under test.

3.3. LLM based ambiguity detection
We model ambiguity detection as a binary classification problem over individual requirements: each
requirement is either ambiguous or acceptable. The detector is implemented using an LLM (Llama-3.3-
70B-versatile, temperature = 1) accessed via the Groq API.
Crucially, the ambiguity detection prompt does not mention our four ambiguity types. Instead it describes
ambiguity in terms of vague quantifiers, subjective terms, incomplete conditions, unclear references and
inconsistent scope, broadly following the ISO29148 and INCOSE Guide to Writing Requirements
(ISO/IEC/IEEE 29148:2018, 2018; Ryan & Wheatcraft, 2023). This yields a holistic standards-aligned
ambiguity judgement, independent of our internal lexical/syntactic/semantic/pragmatic labelling. We
evaluate two configurations:

1. Domain-agnostic baseline: The model receives only the generic ambiguity rubric and the
requirements text

2. Context-aware configuration: The model receives an additional “project context” block with
key information extracted from the JWST documentation. The model is instructed to use this
context to resolve apparent ambiguity and to treat only remaining unresolved triggers of
ambiguity as ambiguous.

3.3.1. Prompt structure and LLM settings

The prompt structure specifies the model’s role in the system prompt, and each evaluation prompt used
chain-of-thought and a few-shot prompt, with generic examples of what to look for rather than overly
specific examples to avoid pattern matching. The evaluation prompt includes:
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• Task instruction
• Ambiguity rubric (1: subjective terms, 2: weak modality, 3: vague quantifiers etc.)
• Evaluation constraints (schema constraint structured output (JSON format), Boolean ambiguity

flag (Yes/No), and an explanation which ambiguity triggers were activated)
• Given requirement text.

The ambiguity rubric is identical in both configurations, only the presence of context differs along with
an instruction to flag requirement as non-ambiguous if context resolves ambiguity.
The LLM calls used a temperature of 1.0. A sensitivity check at temperature 0.2 produced metrics within
2.6% from the macro metrics reported here, with the relative advantage of context unchanged. To assess
robustness across model sizes, we also replicated the full evaluation using Llama 3.1 8B under identical
prompt and temperature settings.

3.3.2. Experimental procedure and metrics

For each requirement in the hybrid dataset, we call the LLM under both configurations (domain-agnostic
and context-aware) and record whether the model labels it as ambiguous. We treat ambiguous labels as
positive, and non-ambiguous as negatives.
Detection performance is evaluated using precision, recall and F1 (Manning et al., 2009), defined in
Equations 1–3.

Precision � True Positives
True Positives� False Positives

(1)

Recall � True Positives
True Positives� False Negatives

(2)

F1 � 2� Precision � Recall
Precision� Recall

(3)

We compare the baseline and context-aware configuration across all metrics and by ambiguity type
(lexical/syntactic/semantic/pragmatic).

4. Results

4.1. Overall detection performance
Table 3 summarises the overall detection performance. The context-aware configuration improves
precision from 0.57 to 0.75 (�32%), with only a marginal drop in recall (from 0.61 to 0.59), yielding an
F1 improvement from 0.59 to 0.66. Most notably, false positives on NASA’s accepted requirements fall
by 42% from 107 to 62, directly addressing the over-flagging problem identified in Section 2.

4.2. Performance by ambiguity type
Breaking performance down by ambiguity type reveals a more nuanced pattern. Table 4 details precision,
recall, and F1 for each type, with and without context. Context improves precision for all ambiguity
types, while recall remains broadly similar except for lexical ambiguity where it reduces by 19%.
As a result, F1 increases for every type, most notably for syntactic (0.56 to 0.64) and pragmatic
(0.58 to 0.72).

Table 3. Overall ambiguity detection performance

Precision Recall F1 Score False positives

Baseline 0.57 0.61 0.59 107

Context-aware 0.75 0.59 0.66 62

Improvement 32% -3% 12% 42%
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As a robustness check, we replicated the evaluation using Llama 3.1 8B. The context effect holds:
precision improves from 0.78 to 0.88 while recall remains stable (0.53 to 0.52), yielding an F1 of 0.65
versus 0.63 at the baseline.
For syntactic and semantic ambiguity, both types show substantial precision gains with little change in
recall. Context allows the model to resolve many structural or scope ambiguities, only flagging those
where alternative meanings remain problematic given the JWST domain context.
The largest improvement is seen in pragmatic ambiguity, indicating the model becomes substantially
better at distinguishing when phrases are ambiguous given the JWST context. This aligns with the
intuition that pragmatic ambiguity is tightly linked to domain knowledge and operational practice.

5. Discussion
The results highlight the dual nature of ambiguity in requirements as both a linguistic and a contextual
phenomenon. Three findings stand out. First, applying INCOSE and ISO inspired quality characteristics
without context causes the model to act as an oversensitive detector, flagging practitioner-accepted
requirements as ambiguous. This mirrors observations that practitioners themselves need sufficient
domain knowledge to assess ambiguity (Berry & Kamsties, 2004). Second, enriching the model with
project context substantially reduces false positives while maintaining similar recall, with the strongest
gains for pragmatic ambiguity where judgements hinge on intent and context rather than wording alone.
Third, LLM-based ambiguity checks work better as decision-support tools embedded into workflows that
already expose such context, or enable auto-extraction and curation of it, than as standalone automated
gatekeepers.
The particularly strong improvement for pragmatic ambiguity underscores that implicit knowledge built
into the requirements such as unstated assumptions are where AI support can add substantial value, to
avoid issues in early design phases and RE that can cause downstream misalignment and rework.
Commercial tools like IBM’s RQA and QVscribe emphasise guideline-checks integrated into existing
RE environments. They provide scores and warnings but typically do not expose how project glossaries
or architectural knowledge affect their decisions. Our study complements this landscape by detailing a
methodology for deriving a labelled dataset from an engineering-grade requirements specification, and
by empirically demonstrating that explicit project context can substantially improve LLM-based
ambiguity judgements, particularly for pragmatic ambiguity. To illustrate, consider MR-145: “In
conjunction with the on-going execution of stored commands, the Observatory shall have the capability
to receive and execute real-time commands from the ground segment.”Without context, the model flags
“real-time” as vague, a defensible judgement in isolation. With context, it recognises that “real-time
system” forms part of the glossary, thereby correctly resolving the requirement as non-ambiguous.
The findings have implications for how LLMs should be positioned alongside human requirements
engineers. The tested LLM configuration still misclassifies some subtle semantic and pragmatic defects.
However, this mirrors a well-known challenge in human ambiguity assessment, where borderline
disagreements are better interpreted as legitimate judgement variance than as simple failures. Rather than
acting as an oracle, the model is more appropriately viewed as a triage that reduces the volume of text that
requires human attention, while leaving final decisions with domain experts, consistent with how
commercial tools position themselves (IBM, 2023).
Beyond passive flagging, the results also suggest opportunities for interactive disambiguation. When the
model identifies an ambiguous requirement, rather than returning a binary label, it could explicitly
present alternative readings and invite the author to choose or refine the requirement. This would shift the
tasks from abstract quality judgement to concrete decision making about which interpretation should be
preserved and is a promising direction for future work.

Table 4. Detection performance across ambiguity types

Baseline Context-aware Improvement

Precision Recall F1 Precision Recall F1 Precision Recall F1

Lexical 0.53 0.83 0.65 0.68 0.67 0.67 27% −19% 4%

Syntactic 0.60 0.52 0.56 0.79 0.53 0.64 32% 2% 14%

Semantic 0.61 0.55 0.58 0.75 0.54 0.63 24% −2% 9%

Pragmatic 0.52 0.64 0.58 0.77 0.67 0.72 47% 5% 24%
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More broadly, the binary classification used here and in prior evaluations (Bashir et al., 2025; Fantechi
et al., 2023; Raj et al., 2025) does not capture the graded nature of ambiguity that practitioners may
experience; future work could explore confidence scores or consistency across LLM-generated
paraphrases as signals of residual ambiguity severity.

6. Conclusion
We have shown that project-specific context can substantially improve LLM based ambiguity detection,
raising precision by 32% and reducing false positives by 42%, with the strongest gains for pragmatic
ambiguity.
For the design community, these findings emphasise that requirements exist within interconnected
artefact ecosystems; architectures, interface control documents, verification plans, and models, not as
isolated specifications. This is especially true in large organisations such as NASA, defence, or public
transport, where design decisions are distributed across many artefacts. Our results suggest that LLM
based ambiguity checks are most promising when embedded into workflows that already expose such
context (e.g. architecture, glossaries, MBSE models), rather than as standalone assessment of individual
sentences. By reducing false positives and improving the handling of pragmatic ambiguity, context-
aware tools can help design teams spend less effort chasing benign language issues and more effort
interrogating the few requirements whose ambiguity is closely tied to system-level assumptions and
cross-disciplinary interfaces.
Finally, it is important to note some of the limitations of our study. First, it uses NASA aerospace
requirements, specifically mission requirements, which may not fully represent other domains such as
automotive or medical devices. JWST requirements are very well structured; in domains with less mature
RE practice, structure and ambiguity patterns may differ. The study treats the original JWST
requirements as good quality and assumes GPT-4.1 mini injections introduce genuine ambiguity. While
manual inspection of the sample supported both assumptions, exhaustive validation was outside the
scope of this study. Future replication in domains with different RE maturity and practices, such as
automotive, medical devices or defence, would test whether the context effect generalises beyond well-
structured aerospace artefacts. Second, our defect injection process produces minimal, controlled defect
mutations. While this preserves realism, it may not capture the full variety of naturally occurring defects.
Additionally, because defects were generated by an LLM, they may exhibit patterns that are more readily
detectable by other LLMs than naturally occurring defects would. Third, whether the context effect
transfers beyond the Llama family to other architectures remains an open question. Future work should
evaluate this approach across multiple domains, including using real-world datasets. Finally, human
studies involving practicing engineers could investigate how LLM feedback affects design discussions,
workflows and how to best augment RE practices with AI.
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