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ABSTRACT

Designing digital systems that meet stakeholder needs depends on
the effectiveness of requirements elicitation, a process that is essen-
tial but often time-consuming and resource-intensive. To support
early-stage requirements engineering, we tested whether adding
external knowledge to large language models (LLMs) can emulate
requirements generated by human experts. We tested three large
language models (GPT-5.2-instant, Claude-Sonnet-4.5, and Gemini-
3-Pro) under different conditions. Each model was given different
levels of background information (i.e., knowledge) and asked to
take on different expert roles. All model-knowledge-expert com-
binations were tested on two tasks (i.e., prompts), representing
two levels of specificity. Each combination was repeated 20 times,
producing a total of 960 requirement sets. The LLM-generated re-
quirements were evaluated across two dimensions: output quantity
and alignment with human expert requirements. Requirement quan-
tity varied by model and contextual knowledge, while overlap with
human expert requirements remained low. Our findings suggest
that LLMs can serve primarily as generative scaffolding for human
experts.

1 INTRODUCTION

The future of precision medicine is in the development of digital
applications that enable access to standardized data [7, 22]. Such
development requires mapping the interdisciplinary requirements
of stakeholders to ensure the successful implementation of the
technology [5, 6, 16]. Requirements guide the design of new tech-
nologies by making explicit what the system should do and the
limitations under which it must function [25]. Determining require-
ments involves a set of activities including discovery, prioritiza-
tion, negotiation, and collaboration with all relevant stakeholders
[15, 29]. Yet, generating requirements is a challenging process, as
it is often time-consuming and resource-intensive [13, 27]. These
challenges have motivated research into tools and methods that
can support parts of the requirements engineering process.

Large language models (LLMs) have emerged as promising tools.
Recent research has demonstrated their potential for generating,
categorizing, and assessing requirements, although their results
are typically less varied and still demand human supervision and
domain knowledge to adequately meet user needs [1, 2, 18]. Be-
yond text generation, LLMs have also been explored as emulators

of human behavior. For instance, prior studies show that LLMs
can simulate demographic and social characteristics or act as ne-
gotiation agents through predefined roles and interaction rules
[12, 14]. However, such emulation often fails to capture the con-
textual richness and variability of real human behavior, and their
performance across tasks remains uncertain [8, 14]. More broadly,
these limitations reflect well-known challenges of LLMs, including
hallucinations and methodological concerns related to training data,
benchmarking practices, and replicability [8, 17]. We therefore ask,
to what extent can context-based LLMs emulate requirements gener-
ated by human experts? This question is particularly relevant in the
context of healthcare, where requirements are shaped by contextual
information such as clinical and technical expertise, workflows, and
regulations [28]. In such settings, eliciting stakeholder requirements
depends on access to task-specific and contextual information that
LLMs lack. Retrieval-augmented generation (RAG) addresses this
gap by integrating information retrieval into the generation pro-
cess: rather than relying solely on learned representations, RAG
retrieves relevant knowledge from external sources and incorpo-
rates it at inference time [8]. In engineering requirements, potential
stakeholder needs, constraints, and domain knowledge are essen-
tial elements to depict the context in which the product will be
used. Such context is often gathered and recorded in heterogeneous
documents (e.g., reports, grey and scientific literature, project or
design plans, etc.). The RAG can therefore supply the context that
would otherwise be unavailable to the LLM’s model. However, its
effectiveness depends on retrieval quality; for example, poorly in-
dexed or irrelevant sources may introduce noise rather than clarity

[11].

2 AIMS OF THIS WORK

We propose that LLMs can generate early-stage requirements from
textual information, such as topic-specific literature or project pro-
posals. Some requirements produced by LLMs may be partially or
fully validated by human experts, potentially accelerating the pro-
cess of requirements elicitation and negotiation. To our knowledge,
no prior work has examined the use of LLMs, either with or with-
out RAG, to generate project requirements. Here, we investigate
whether LLMs can produce requirements comparable to those gen-
erated by humans, introducing a framework that combines RAG,
role-based prompting, and a multi-model (i.e., LLM) comparison.



3 METHODOLOGY

We conducted a 3 x 2 x 4 simulation study to compare LLM-based
requirements under different levels of contextual knowledge and
expert-role assumptions. Across three LLMs (GPT-5.2-instant, Claude-
Sonnet-4.5, and Gemini-3-Pro), we tested two knowledge condi-
tions: (a) no external knowledge and (b) summary project-proposal
knowledge. In addition, we evaluated the effect of instructing the
LLM to assume three expert roles: no explicit expert, clinical expert,
legal expert, and technical expert. All 24 model-knowledge—expert
combinations were tested across two tasks defined in the prompts,
each representing two levels of specificity (i.e., simple vs. detailed).
This results in 48 conditions. Model-knowledge—expert combina-
tions were set up in Poe Al and prompted through the API to
generate requirements. All decoding parameters (e.g., sampling
temperature and top-p) were kept at the default settings of the
respective models. To account for variability in the generation of
requirements, we iterated through each combination 20 times, re-
sulting in 960 generated requirement sets. After completing the
simulations, we aggregated the results across conditions and re-
ported the mean and standard deviations.

3.1 Models

Three LLMs (i.e., GPT-5.2-instant, Claude-Sonnet-4.5, and Gemini-3-
Pro) were selected to compare models that differ in their approaches
to reasoning, tool use, and multimodal processing. Claude-Sonnet-
4.5 emphasizes instruction following and context-heavy workflows;
GPT-5.2-instant is a general-purpose model designed for complex
and agentic tasks; and Gemini-3-Pro focuses on multimodal reason-
ing and large-scale input processing. This selection allowed com-
parative assessments across distinct modeling capabilities [4, 24].

3.2 Role-Based Experts

We generated roles using an automated pipeline, translating our set
of real-world experts into a single group of experts. The pipeline
consists of three stages. First, we explicitly defined an expert group
as a set of real-world experts who share a common domain focus.
Second, we retrieved all publicly available information about se-
lected experts from the web, including professional biographies
and relevant publications. Third, we aggregated this material and
synthesize the evidence into a description that reflects the group’s
collective expertise, priorities, and predefined focus. Using this
process, we constructed three expert roles: (1) Clinical experts, rep-
resented by pediatricians, who specialize in the medical care of
infants, children, and adolescents [26]. (2) Technical experts, re-
sponsible for providing expertise on software design constraints,
prototype development, and technical feasibility [23]. (3) Legal
experts, who contribute to the development and oversight of gover-
nance frameworks that ensure the lawful and ethical use of sensitive
data [21].

3.3 Tasks

Models were prompted to generate requirements with two levels
of specificity. The first tasks explicitly asked models to generate
functional and non-functional requirements for a federated infras-
tructure that enables the analysis and reuse of health and genomic

data. In contrast, the second task requested a general list of re-
quirements for a federated infrastructure for health and genomic
data management, expanding the expected capabilities to include
data discovery, access, analysis, and reuse, and highlighting addi-
tional system qualities such as technical robustness and innovation.
While the first task provided more structure by describing the re-
quirement categories, we considered the second as more detailed
since it introduces a broader scope of system functions and at-
tributes. All models were prompted using a standardized template
maintained across conditions. Contextual knowledge was injected
as a structured prefix. No minimum or maximum length require-
ment was specified; the model determined statement granularity
autonomously. An example of the prompt is provided in the OSF
link: https://osf.io/umeqv.

3.4 Evaluation against human-generated
requirements

Outputs were compared to a human reference list of 366 require-
ments developed within a European research project over a period
of 18 months. This list was derived from proposal reviews, literature
analysis, and expert input (~ 60 participants), collected through
interviews, surveys, workshops, and focus groups.

3.5 Data Analysis

We evaluated the generated requirements across two aspects: (1)
quantity of the requirements and (2) semantic alignment to human-
generated requirements:

1. Frequency of requirements. This measure evaluated whether
adding contextual knowledge and expert roles increased the num-
ber of generated requirements. Since the outcome variable is a fre-
quency number and it varied across conditions, we used a negative
binomial regression to model differences in requirement frequency.
The binomial model included the LLM type (GPT-5.2-instant, Claude-
Sonnet-4.5, Gemini-3-Pro), knowledge condition (no knowledge
and proposal), and expert role (no expert, clinical, legal, and tech-
nical expert). Results are reported as Incidence Rate Ratios (IRRs),
which indicate the relative change in the expected number of gen-
erated requirements compared to a reference condition [10]. An
IRR greater than 1.0 reflects a higher expected requirement count,
whereas an IRR below 1.0 reflects a lower expected count relative
to the reference.

2. Alignment with human expert requirements. This measure
assessed the extent to which LLM-generated requirements over-
lapped with requirements identified by human experts. For each
generated requirement, we check whether it is semantically similar
to any human requirement. A threshold of > 0.75 was applied to
classify a generated requirement as matching a human-generated
one, consistent with the mid-to-upper range of cosine similarity val-
ues associated with high semantic overlap in sentence embedding
models [3, 19, 20]. If any human requirement exceeded this thresh-
old, the generated requirement was counted as a match. Based
on these matches, we computed the proportion of generated re-
quirements exceeding the cosine similarity threshold. Second, we
computed the average cosine similarity between each generated re-
quirement and its closest human counterpart, capturing the overall
semantic proximity between generated and expert requirements
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Figure 1: Estimated mean frequency of requirements per condition.

even when no direct match exists. Both metrics were calculated
for each iteration and aggregated across experimental conditions
(prompt X model X role x knowledge). Results are reported as the
mean (M) and standard deviation (SD) across iterations.

4 RESULTS

4.1 Frequency of Requirements

To examine whether contextual knowledge and expert roles influ-
enced the number of generated requirements, we fitted a negative
binomial generalized linear model (N = 960). The model showed
sufficient explanatory power (pseudo-R? = 0.332, log-likelihood =
4512.2), indicating that requirement frequency varied across condi-
tions. To provide a conservative assessment, p-values were adjusted
using a Bonferroni correction (m = 19 comparisons; agj = .0026).
Overall, the number of generated requirements differed across con-
ditions. Including the proposal in the RAG system reduced the num-
ber of generated requirements significantly in comparison to the
no-knowledge condition (IRR = 0.70, Bonferroni-adjusted p < .001).
This result suggests that contextual knowledge could constrain the
generation of requirements. Additionally, differences in LLM mod-
els were also observed. Particularly, Gemini-3-Pro generated fewer
requirements than GPT-5.2-instant (IRR = 0.31, adjusted p < .001).
In contrast, prompt specificity and other interaction effects (e.g.,
knowledge and export role) were not significant after the correc-
tion. Figure 1 summarizes the estimated marginal means from the
negative binomial generalized linear model across all 48 experimen-
tal conditions. Details of the outputs and frequency analyses are
available on OSF (https://osf.io/umeqv).

4.2 Average of generated requirements aligned
with at least one human expert
requirement

Overall, the overlap between synthetic and human-generated re-
quirements was low across conditions when applying a cosine
similarity threshold of .75. On average, models reproduced between
0 and 1.7% of the human requirements per condition. This result
suggests that only a small proportion of synthetically generated
requirements closely matched the human-generated requirements.
The highest overlap with the human-expert requirement set was
observed for Gemini-3-Pro under the clinical role with the proposal
and the more specific prompt (M = 2.49%, SD = 2.83%) of gen-
erated requirements exceeding the cosine similarity threshold of
.75; (Mcos = 0.48, SD¢os = 0.02). Other conditions showing a rela-
tively similar overlap included Claude-Sonnet-4.5 under the legal
role with proposal knowledge and the simple prompt (M = 1.35%,
SD = 1.83%, cosine similarity > .75; M¢os = 0.49, SDcos = 0.02), and
Claude-Sonnet-4.5 under the technical role with proposal knowl-
edge and the simple prompt (M = 1.34%, SD = 2.90%, cosine
similarity > .75; Mcos = 0.48, SD¢os = 0.02).

Although exact matches were rare, generated requirements showed
moderate semantic similarity to the human-generated requirements.
Across conditions, the average cosine similarity of the synthetically
generated requirements and their closest human counterpart ranged
from approximately M = 0.30 to M = 0.52 (typically SD = 0.01-
0.05 per condition), indicating that many generated requirements
captured conceptually related ideas, although they did not corre-
spond to the specific requirement.



5 DISCUSSION

This study evaluated the extent to which context-augmented LLMs
can emulate requirements generated by human experts in a healthcare-
genomics domain. The key finding is that increases in require-
ments were not aligned with more semantic alignment to human-
generated requirements. In general, the no-knowledge condition
generated more requirements than the proposal-based contextual
knowledge condition. Across models, GPT-5.2-instant produced the
highest number of requirements, followed by Claude-Sonnet-4.5,
while Gemini-3-Pro generated fewer. However, the higher output
did not correspond to more alignment with human-expert require-
ments. For practitioners, this suggests that LLMs without contextual
knowledge can serve as broad-coverage tools, surfacing candidate
requirements at negligible cost. However, engineers using LLMs
for an initial set of requirements would need thoughtful filtering to
manage the noise.

The injection of the proposal into the knowledge of the LLM
(RAG) did not improve alignment with human-generated require-
ments. Although the generated requirements were fewer, the align-
ment to human-generated requirements was marginal. In this re-
gard, adding contextual knowledge to LLMs may not generate
outputs that are more closely related to those of human experts.
This result could partly be due to the similarity metric, which,
while capturing broad semantic overlap, is insensitive to the prag-
matic and structural qualities that distinguish expert requirements
from plausible alternatives. Moreover, human-expert requirements
were generated through an 18-month iterative process involving
workshops, surveys, and negotiation, a process that synthesizes
tacit knowledge, stakeholder priorities, and considerations that no
document fully captures. LLMs, even when augmented, lack ac-
cess to this interpretive layer. These results align with prior work
demonstrating that contextual guidance can constrain LLM outputs
without necessarily improving the quality [17, 18]. The implication
is that RAG, as currently implemented in this work, may function
more as a focusing mechanism than as a quality-enhancement tool
in requirements elicitation.

Assigning expert roles similarly constrained the requirement out-
put volume without producing more aligned requirements. While
some role-knowledge combinations achieved higher similarity scores
(e.g., Gemini-3-Pro with a clinician role), no systematic advantage
emerged for role-prompted conditions. This may reflect the lim-
itations of persona-based prompting: although LLMs can adopt
surface-level characteristics of a specified role, they cannot repli-
cate the decision-making heuristics, professional priorities, or tacit
knowledge that shape how real experts formulate requirements
[9, 12, 26]. Taken together, rather than substituting for expert judg-
ment, LLM-generated requirements could serve as conversational
scaffolds, starting points that reduce the cognitive burden on stake-
holders during early requirement elicitation. The value of LLM-
generated requirements must be in priming discussions, surfacing
overlooked considerations, or accelerating the identification of ar-
eas requiring deeper negotiation. The 18-month human process that
produced the ground-truth requirements in this study represents
a substantial investment. If LLMs can compress even the initial
divergent-thinking phase, the efficiency gains may be considerable.

Alongside these findings, two limitations deserve attention. First,
alow alignment rate does not necessarily indicate that non-matching
requirements are incorrect or useless. Some LLM-generated require-
ments may represent valid system needs absent from the reference
set, either because they were deprioritized during expert workshops
or because they reflect considerations that emerge more readily
from automated analysis than from participatory elicitation. A
qualitative evaluation of non-aligned requirements would therefore
help distinguish genuine misalignments from potentially valuable
additions. Second, the use of POE Al as the access to the models
introduces a further constraint worth acknowledging: provider-
specific filters may have varied in ways that were not controlled.
Addressing this through direct API access under the same condi-
tions could help further determine whether the alignment patterns
observed here hold across deployment environments.

Nonetheless, what the present findings make clear is that no
current model-knowledge-expert combination produces require-
ments that substitute for human experts. The relevant question is
therefore not which combination performs better in isolation, but
which most effectively reduces the effort of the human experts who
will ultimately own the requirements.

6 CONCLUSION

LLMs can support early-stage requirements elicitation, but their
contributions should be interpreted with care. Adding contextual
knowledge (e.g., through RAG) may constrain outputs without con-
sistently improving alignment with expert-defined requirements.
Similarly, role prompting appears to have a limited impact, and
generating a larger number of requirements does not necessarily
translate into higher quality. Rather than replacing human expertise,
the practical value of LLM-generated requirements lies in reducing
the initial effort needed to start participatory processes. In this
sense, LLMs can provide a low-cost starting point that helps struc-
ture early discussions among stakeholders. Integrating LLMs into
requirements engineering, therefore, requires recalibrating expec-
tations about their role. A potential workflow could be structured
as follows. First, generate a broad and unconstrained set of candi-
date requirements without using RAG. This initial set can serve
to stimulate discussion and reveal blind spots during early stake-
holder engagement. Next, introduce RAG using relevant project
documentation, domain literature, and regulatory frameworks to
produce a more focused and context-aware set of requirements. Fi-
nally, involve an additional group of human experts to review both
sets and determine which requirements should be carried forward
into negotiation and prioritization. In this approach, RAG-based
and non-RAG-based generation are not competing alternatives but
complementary strategies. In both cases, human-led elicitation re-
mains essential to ensure that the resulting requirements reflect
user needs.
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