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ABSTRACT

Requirements engineering (RE) is a collaborative, context-dependent, and resource-
intensive process, particularly in highly regulated domains such as healthcare. Recent
advances in large language models (LLMs) have raised questions about their potential in
supporting early-stage requirements elicitation. However, integrating LLMs introduces
an additional mediation layer between contextual knowledge and articulated system
requirements. Drawing on Norman'’s concepts of the gulf of execution and the gulf of
evaluation, this study examines under what contextual conditions LLMs approximate
human expert-elicited requirements. We conducted a 3 x 3 x 3 simulation study
comparing three LLMs (GPT-5.2, Claude 4.5 Sonnet, and Gemini 3 Pro), three knowledge
conditions (none, proposal-based, and literature-based), and three expert-role prompts
(none, pediatrician, and geneticist). Each combination was repeated 50 times, producing
a total of 1,350 outputs. Results show significant variation in requirement quantity
across models and knowledge conditions, but consistently low semantic alignment with
human expert requirements. Retrieval-augmented knowledge reduced output volume
without improving the alignment with human-expert requirements. Role prompting
produced marginal effects. All models demonstrated high within-condition reliability,
indicating stable but moderately aligned outputs. These findings suggest that LLMs
could function more as tools to generate requirements for scaffolding than as expert
emulators. While LLMs do not operationalize contextual knowledge into expert-level
requirements, they may support early RE processes.

Keywords: Requirements elicitation, Human-Al collaboration, Large language models, Retrieval-
augmented generation, Precision medicine, Stakeholder requirements

INTRODUCTION

Requirements engineering is a collaborative, context-dependent process
that involves multiple stakeholders (Lindker et al., 2020; Sharp et al.,
1999) and guides technology design by translating user needs into system
requirements (Sommerville, 2016). This translation is resource-intensive
and requires continuous interdisciplinary collaboration across experts
such as paediatricians, developers, data managers, and product owners
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(Karolita et al., 2024, Cutting et al., 2016; Danahey et al., 2017; Meyer et al.,
2012). Challenges are amplified in highly regulated environment such as
healthcare, where requirements must align with complex regulatory, technical,
and clinical constraints, and early errors can have serious consequences (Van
Velsen et al., 2013; Cysneiros, 2002).

Given these challenges, researchers are exploring Large Language Models
(LLMs) to computationally support early-stage requirements engineering
(Alhoshan et al., 2025; Arora et al., 2023; Quattrocchi et al., 2025).
Emerging literature suggests that LLMs can generate, classify, and evaluate
requirements, thereby complementing activities that have traditionally
relied solely on human expertise (Alhoshan et al., 2025; Arora et al., 2023;
Quattrocchi et al., 2025). Beyond text generation, LLMs can emulate human
behavior, including demographic, social, and communication characteristics
(Hu & Collier, 2024; Mouri Zadeh Khaki et al., 2025), suggesting potential
roles in simulating stakeholder input.

However, integrating LLMs into requirements engineering introduces
an additional mediation layer between stakeholder needs and the resulting
requirements. In early phases of requirements engineering, experts derive
requirements by analyzing textual information such as scientific literature,
reviews, project proposals, or product documentation (Carley & Palmquist,
1992). Through this analysis, the contextual knowledge is articulated into
user needs. At this stage, LLMs could be integrated into the requirements
engineering process by a retrieval-augmented generation (RAG) approach,
where relevant documents are retrieved and embedded into the LLMs’
context (Abo El-Enen et al., 2025). This way, LLMs could function as an
alternative mechanism for translating knowledge into user requirements. Yet,
using LLMs in this way positions them as intermediaries, mediating between
the contextual knowledge and an initial set of requirements (Chen et al.,
2025).

From a human—computer interaction perspective, the intermediary role
of the LLMs could be evaluated through Norman’s concepts of the gulf of
execution and the gulf of evaluation. The gulf of execution refers to the gap
between users’ intentions and the actions available to realize them, while the
gulf of evaluation concerns the gap between a system’s output and users’
ability to interpret and assess it (Norman, 1992; Subramonyam et al.,2024).In
LLM-supported requirements, if the model fails to adequately operationalize
contextual knowledge into quality requirements, the execution gap widens.
Similarly, if the generated requirements lack clarity, structure, or domain
alignment, the evaluation gap increases. In both cases, the interaction cost
of using LLMs rises, potentially offsetting the anticipated efficiency gains
(Subramonyam et al., 2024).

Moreover, if LLMs introduce an additional mediation layer, the interaction
costs they entail must be justified by the quality of the output generated.
It is therefore necessary to examine how effectively LLMs execute the task
of requirement generation. Specifically, we ask under what contextual
conditions do LLMs produce requirements that approximate those elicited
by human experts? To evaluate the LLM layer, we operationalize the gulf
of execution as the model’s ability to translate contextual knowledge into
requirements that semantically align with expert-generated requirements. We
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operationalize the gulf of evaluation as the consistency and interpretability of
outputs across repeated iterations. We then manipulate contextual knowledge
(none, proposal, literature) and expert role prompting to examine whether
these reduce the execution gap.

METHODOLOGY

Through a 3 x 3 x 3 simulation study, we compared LLM-based requirements
across different levels of contextual knowledge and simulated expert
assumptions. Across three LLMs (e.g., GPT, Claude, Gemini), we tested three
knowledge conditions: (a) no external knowledge, (b) summary project-
proposal knowledge, and (c¢) domain-literature knowledge simulating
three levels of expertise: (a) no explicit simulated expert, (b) paediatrician,
and (c) geneticist. The 27 conditions (e.g., model-knowledge—expert
combinations) were tested using the POE Al’s API. Additionally, to capture
variability in requirement generation, we repeated each condition combination
50 times. The iterations across conditions resulted in 1,350 outputs. Once
the simulations were complete, we combined results across conditions and
reported mean estimates alongside uncertainty measures (e.g., confidence
intervals).

The models were selected for their complementary capabilities: GPT-
5.2 excels in general-purpose, tool-based reasoning; Gemini 3 Pro offers
multimodal integration and large-context reasoning; Claude Sonnet 4.5
emphasizes instruction fidelity and contextual sensitivity (Anthropic, 2025;
Chartier et al., 20235; Sobo et al., 2025). Comparing these models allowed us
to assess differences in LLM performance in requirements generation.

Simulated Experts

We created expert roles using an automated pipeline that translated a set of
real-world experts into a single group of experts. Three steps were part of
the process: (1) Role definition. We operationalize an expert group as a set of
real-world experts who share a common disciplinary focus. (2) Information
retrieval. We collected all publicly available information about selected
experts, including professional biographies and relevant publications.
(3) Synthesis. We synthesized the collected information into a description
that reflected the group’s collective expertise, priorities, and predefined
focus. Using this process, we simulated two expert roles: pediatricians and
geneticists. Pediatricians are physicians who specialize in the medical care
of infants, children, and adolescents (Uchitel et al., 2022). Geneticists play a
role in linking clinical and molecular insights (Castle et al., 20235).

Task and Evaluation

All models were prompted using a standardized template applied across
conditions. The template specified the target system, the desired output format,
and the expert role when applicable. Contextual knowledge was provided as
a structured prefix. The prompt instructed the models to generate functional
and non-functional requirements for a secure, privacy-preserving federated
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infrastructure for health and genomic data across Europe. No restrictions
were imposed on the length of individual requirements, allowing the models
to determine statement granularity autonomously. Outputs were compared
to a reference list of 366 requirements. These human-generated requirements
were assembled over 18 months through literature review and expert input
(~60 participants) collected via surveys, workshops, and focus groups.

Data Analysis

We evaluated the generated requirements using three outcome measures:
requirement frequency, semantic alignment with expert requirements, and
within-condition semantic consistency.

a) Requirement frequency. We examined whether providing contextual
knowledge and assigning a simulated expert role influenced the number
of generated requirements. To account for the count-based and condition-
dependent variation in requirement frequency, we fitted a negative binomial
regression model. The binomial model included the LLM type (GPT-5.2-
instant, Claude-Sonnet-4.5, Gemini-3-Pro), knowledge condition (no
knowledge, proposal, literature), and expert role (no expert, pediatrician,
geneticist ). We report results as Incidence Rate Ratios (IRRs), indicating
how the expected number of generated requirements changes relative to
the reference condition (Hilbe, 2011). Values above 1 indicate an increased
generation rate, and values below 1 indicate reduced rates. For instance, an
IRR of 1.20, for example, indicates a 20% increase, whereas an IRR of 0.80
indicates a 20% decrease.

b) Semantic similarity to human expert requirements. We assessed the
semantic similarity between LLM-generated requirements and expert-
elicited requirements. We operationalized similarity by computing the
cosine similarity between each generated requirement per condition and all
requirements in the expert reference set. Each generated requirement was
evaluated against the best match from the human generated requirements.
Requirements with similarity > 0.70 were considered semantically aligned
(Cer et al., 2017; Reimers & Gurevych, 2019). For each iteration, we
computed the percentage of aligned requirements. We report the summaries
per condition using mean and standard deviation.

c) Similarity within-conditions. We evaluated the semantic similarity of the
LLM-generated requirements across iterations within the same condition.
Each requirement was first converted into a sentence embedding using a pre-
trained transformer model. For every iteration, embeddings were averaged
to create a single representation capturing the semantic content of that
run. This averaging step minimizes the impact of small wording differences
while preserving the main semantic themes. As a next step, we computed a
condition-level centroid by averaging the iteration-level embeddings across
all repetitions. Semantic consistency was measured as the cosine similarity
between each iteration’s embedding and the corresponding condition centroid
(Tehenan, 2025). Higher cosine similarity values indicate greater consistency
with the typical content generated under that condition.
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RESULTS
Requirement Frequency

A negative binomial regression was used to examine differences in the number
of requirements generated across conditions. The model was statistically
significant, LR y2(26) = 1826.82, p < .001, pseudo-R? = .151. As shown
in Figure 1, the findings suggest that the number of generated requirements
varies depending on the LLM used, the contextual knowledge provided, and
interaction effects with expert roles. Overall, the amount of requirements
generated differ mostly on the contextual knowledge and model (i.e., LLM)
utilized. For instance, the no-knowledge condition resulted in significantly
more requirements in comparison to the literature condition (IRR = 3.36,
p < .001). Within the no-knowledge condition, Gemini-3-Pro generated
fewer requirements than Claude-Sonnet-4.5 (IRR = 0.25, p = .027), whereas
GPT-5.2-instant did not significantly differ from Claude-Sonnet-4.5 (IRR
~ 0.76, p = .136). Descriptive statistics show that in the no-knowledge
condition Claude-sonnet-4.5 produced the largest and most variable
requirement sets (M = 92.60, SD = 48.32), followed by GPT-5.2-instant (M
= 66.12, SD = 22.18), while Gemini-3-Pro generated substantially smaller
sets (M = 22.31, SD = 5.86). Additional outputs and detailed results are
available in the OSF (https://shorturl.at/VLC4z).

maodel = gpt-5.2 instant madel = clavde-sonnet-4.5 madel = gemini-pro-3

Frequency

no knowledge  literature proposal no knowledge  literature proposal no knowledge  literature proposal

Figure 1: Frequency of requirements per condition.

Average Percentage of Generated Requirements Similar With at
Least One Human Expert Requirements

Across conditions, overlap with the human expert generated requirements
remained low. For GPT-5.2-instant, overlap ranged from 0.58% to 2.32%,
with the highest value observed in the literature condition without an
expert role (M = 0.023, SD = 0.026). Similarly, Claude-sonnet-4.5 range
within 0.83% to 2.74%, with the best condition being the literature with
the pediatrician role (M = 0.027, SD=0.030). In contrast, Gemini produced
the highest overlap across conditions, ranging from 1.37% to 5.33%.
Its best performance occurred under the geneticist role without added
knowledge (M = 0.053, SD = 0.042), followed by the literature knowledge
condition (M = 0.050, SD = 0.043).
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Similarity Within-Conditions

The results assessing within-condition reliability indicate that the generated
outputs were relatively stable across conditions. All models produced
similar requirements across knowledge and persona conditions (mean
cosine similarity = 0.95-1.00). A relevant exception was Claude in the
literature-only condition, where variability increased under the geneticist
role (M = .960, SD = .121, n = 50). In comparison, the most stable results
were observed for Claude Sonnet 4.5 when proposal-based knowledge was
provided without assigning an explicit expert role (M = .989, SD = .004,
n = 50). Overall, the findings suggest consistent reliability across conditions,
with mean similarities close to .98 and minimal dispersion.

DISCUSSION

We explored whether providing contextual augmentation and role
prompting the gulf of execution and the gulf of evaluation in LLM-supported
requirements generation. The key finding suggests that while some conditions
increased output volume, they did not improve semantic alignment with
human generated requirements. These findings suggests that an execution
gap remains, LLMs can generate plausible requirements but do not
operationalize contextual knowledge in ways that reflect expert reasoning.
The no-knowledge condition generated 3.5 times more requirements than
the literature condition, with Claude producing the largest and most variable
sets (SD =48.32). Yet higher quantity did not yield better alignment. Semantic
similarity was high across conditions, suggesting that output volume and
quality are largely independent. From Norman’s perspective, LLMs struggle
to translate context into appropriate requirements (Subramonyam et al.,
2024). We would expect a closer approximation between LLM-generated
requirements and expert-derived requirements. This pattern has practical
implications. If the goal is broad coverage i.e., forming an extensive net to
capture potential requirements that might otherwise be overlooked, then
LLMs without any context may be fine. However, the high variability in
Claude’s no-knowledge outputs (SD = 48.32) indicates that such breadth
comes at the cost of predictability. Requirements engineers using this
approach would need thoughtful filtering to manage the noise.

Surprisingly, the inclusion of retrieval-augmented generation did not
improve alignment with human-expert requirements. While models supplied
with proposal or literature-based knowledge generated fewer requirements,
this reduction did not translate into higher similarity scores to the human
generated requirements. This result may partly reflect the limitations
of similarity metrics, which capture semantic overlap but overlook the
pragmatic and structural dimensions that distinguish expert requirements
from plausible alternatives. Additionally, the human-expert requirements
used as a benchmark were developed through an 18-month iterative process
involving workshops, surveys, and negotiation. Such processes integrate
tacit knowledge, stakeholder priorities, and contextual judgment that extend
beyond what is represented in documents. Even when contextual knowledge
is integrated into LLMs, these tools can remain disconnected from the
human expert interpretive layer. Consistent with prior work (Quattrocchi
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et al., 2025), contextual knowledge in LLMs may constrain outputs without
improving their substantive quality. Consequently, RAG may currently serve
primarily as a focusing mechanism rather than a quality-enhancing approach
in requirements elicitation.

Across all conditions, models demonstrated high within-condition
reliability, suggesting that LLM-generated requirements were stable and
reproducible across repeated runs. This level of consistency suggests that
the models repeatedly produce similar outputs when exposed to the same
prompting conditions. However, such stability also points to a tendency
for models to converge on a relatively narrow portion of the requirement
space rather than exploring a wide range of alternative formulations. In this
context, high reliability appears to reflect a focus on a limited set of recurring
aspects, rather than diversity in the generated requirements. A similar pattern
emerges when considering the effect of role prompting. For the specific
task of requirements elicitation, assigning expert roles (e.g., paediatrician
or geneticist) had only a marginal effect on the results. Although certain
role-knowledge combinations achieved the highest similarity scores, for
example GPT-5.2-instant under the paediatrician role, no significant effect
was observed for role-prompted conditions overall. One explanation may
lie in the limitations of persona-based prompting. While LLMs can emulate
role language characteristics associated with a given role, they cannot
reproduce the deeper decision-making heuristics, professional priorities, or
tacit knowledge that shape how domain experts formulate requirements in
practice (Fuentes-Fernandez et al., 2010; Hu & Collier, 2024; Uchitel et al.,
2022).

These findings suggest a potential supporting role for large language
models (LLMs) in early-stage requirements engineering. Even without
contextual knowledge augmentation, LLMs can generate a diverse set of
requirements at marginal cost. Although these synthetic requirements cannot
replace expert judgment, they may serve as conversational scaffolds that
help prime discussions, surface overlooked considerations, and reduce the
cognitive burden on stakeholders during workshops and focus groups. In this
way, LLMs may accelerate early divergent-thinking phases of requirements
elicitation. Future work should explore whether richer information injection
or more elaborate persona constructions strengthen these effects.

Additionally, future work should take into account some methodological
considerations. For instance, in our experiments, we used the POE Al
platform, which aggregates access to multiple provider APIs. This might
apply to platform-level system prompts or filters that differ across providers,
introducing an uncontrolled variable in cross-model comparisons. For this
reason, future work could replicate these findings using direct API access
under identical configurations. Moreover, the finding that contextual
augmentation did not improve alignment could be reflecting the way the
contextual knowledge was embedded. In the future, other strategies, such as
chunking the information or adding the relevant information to be retrieved
in the prompt, can be tested.
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CONCLUSION

Large language models can contribute to early-stage requirements elicitation,
but not as initially expected. Contextual knowledge augmentation can
actually constrains output without improving alignment to human-expert
generated requirements. Similarly, prompting LLMs with an expert-role
in mind prompting does not imply higher quality requirements. The value
of LLM-generated requirements may lie in their capacity to support and
decrease the effort of setting up participatory processes. Importantly, using
LLMs in requirements engineering requires recognizing that they support
generation, not expert decision-making.
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