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Abstract

The Business Systems Analyst (BSA) leads process and technology improvements, facilitates interaction and collaboration between
business and technology teams, balances business and technology needs, and translates business problems and requirements into
documented system requirements. Projects and businesses need quality to be successful. Common symptoms include unclear and
vague requirements, stakeholder confusion, outdated requirement documents, scope creep, and missing requirements traceability.
These problems can put a project on the fast track and cost time and money to rework and refactor, leading to project problems.
This shift toward automation and Al within the BSA is reshaping the landscape and requires reaffirming and validating new
procedures and processes. This research seeks to build and evaluate a method that, given raw notes from a JAD session, generates a
structured Business Requirements Document (BRD) and corresponding user stories using prompt engineering and a large
language model (LLM). Ambiguity, traceability, completeness, and the time needed to document the LLMs’ work and human
evaluation will serve as metrics and criteria for evaluating the quality of the LLMs’ outputs against the human-generated baseline.
Experimental results have not yet been acquired. The study will compare the time spent by the analyst, the LLM, and the LLM with
the analyst to complete documentation, as well as the number of ambiguities, completeness, and traceability observed during the
documentation process. This evaluation method is a proposed step-by-step approach for evaluating Al-supported Requirements
Engineering in a regulated context. In a future empirical comparison and human review, the reflections on quality, efficiency, and
performance improvements will be based on the proposed empirical comparison.
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INTRODUCTION

Business Systems Analysts (BSAs) play an
influential role in today’s organizations by
translating business needs into system
design and development and serving as a
liaison between business stakeholders and
technical teams. This bridging role becomes
even more involved in enterprise Digital
Transformation initiatives, which involve
many aspects, such as Customer-Facing and
Operational Applications [1]. In a regulated
industry like investment management,
banking, or public-sector health & human
services, the success of a project, the
readiness for auditing, and regulatory
compliance and adherence depend on the
quality of the requirements artefacts that are
created, including the Business Requirements
Document (BRD), Functional Requirements
Document (FRD), user stories, and

Requirements Traceability Matrix (RTM) [2].
System implementation is key because the
accuracy of the requirements the BSA elicits,

analyzes, and documents determines
whether the desired business objectives are
achieved while satisfying regulatory

requirements. Generative Al technologies
such as Claude, ChatGPT, and Microsoft
Copilot have quickly entered the stage,
integrated into enterprise processes, and
opened new opportunities to improve
requirements elicitation, documentation, and
management.

While requirements engineering methods
have been well developed over the last
decades, capturing the results of a Joint
Application Development (JAD) session, or a
stakeholder workshop, as structured BRDs
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and user stories remains largely manual and
time-consuming [3]. Session notes may be
unstructured, ad hoc notes from stakeholders
and conversations, with caveats or phrases,
and business context and technical
constraints are identified in a fragmented
way across stakeholders, sessions, analysts,
and projects. Each analyst, depending on
their level of experience and the amount of
work they have had to do in a given time, will
create documentation of differing quality that
causes ambiguous requirements, incomplete
acceptance criteria, poor traceability
between requirements and test cases, scope
creep, and expensive rework later in the
delivery lifecycle. These risks are also
magnified in regulated areas, including
benefits eligibility and enrollment,
investment operations, and commercial
lending, where unclear or missing
requirements may lead to compliance gaps
and audit findings.

Traditional requirements documentation
methods depend heavily on the analyst’s
judgment to interpret stakeholder
information, derive implicit business rules,
and define acceptance criteria for
development and testing teams [4]. With
under-specified requirements, projects can
suffer from late delivery, cost overruns, and
post-deployment defects, causing loss of
stakeholder confidence and of business in the
organization. Previous studies on the use of
Large Language Models (LLMs) in
requirements engineering are mostly
conducted in the context of general software
development, academic datasets, or
individual requirements-related tasks, with
limited evidence of use in the end-to-end
Business Rules Analysis (BDA) process of
transforming stakeholder session notes into
structured Business Rules Documents (BRDs)
and User Stories in regulated enterprise
environments [5; 6]. However, there is also
not that much practitioner advice on how to

use measurable criteria like specificity,
ambiguity, completeness, or likelihood of
change to compare between the Al-generated
requirements and analyst-written baseline
requirements, nor are there many directions
on how to govern the use of Al using a
human-in-the-loop approach. The dispersion
of business analysis expertise among
stakeholders such as product owners, project
managers, and technical leads presents
another challenge for adopting Al-supported
tools, because they may not have a formal
understanding of business analysis best
practices [7].

In the enterprise, documented use of
Generative Al tools is spreading rapidly, and
organizations  must  proactively and
systematically resist unchecked use to avoid
locally inconsistent practices [8].
Implementing Al-generated requirements
lacks a domain-specific evaluation
framework; thus, there is no way to
determine whether a requirement is of
sufficient ~ quality  for  requirements
engineering and audit teams, regulatory
authorities, or quality assurance processes.
This paper addresses these shortcomings by
introducing a framework for implementing
prompt-engineered LLMs in the BSA
requirements  workflow in  regulated
enterprise environments. This paper has
three important contributions. Second, the
study demonstrates a systematic, prompt-
driven method for documenting JAD session
notes and producing BRDs and user stories
with  acceptance criteria from the
perspectives of investment management,
banking, and public-sector personnel in
health and human services [9].

The methodology proposes a family of
domain-specific prompt templates to guide
LLMs in ensuring that the high-level business
objective and the system-level functional
statements are traceable to each other,
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represent the business rules, and include
acceptance criteria. Second, the researchers
created an evaluation framework that
compares requirements provided by LLMs
with analyst-provided baselines, accounting
for measurable factors such as ambiguity,
completeness, traceability, and
documentation time savings [10]. This
framework will help practitioners ensure the
rigor of the original, human-created
document carries over to the Al-assisted
version, especially in regulated
environments. Third, the research suggests a
human-in-the-loop governance strategy in
the guidelines for when to use Al review and
when to use validation and sign-off, so Al-
assisted requirements can be safely used in
audit-sensitive environments. This minimizes
the chances of organizational and compliance
issues regarding the use of Al-generated tools
in the supervisory context, as it specifies who
is responsible for the content generated by
the tool.

This study consists of several chapters.
Chapter 2 introduces a literature review on
requirements engineering, NLP, LLMs, and
human-Al governance. Chapter 3 outlines the
research problem. Chapter 4 covers the
experimental process for the proposed
methodology, including dataset selection,
experimental conditions, prompt design,
manual annotation, and analysis. Chapter 5
describes the evaluation plan and planned
measures. Chapter 6 ends with suggested
practical recommendations and directions
for future research.

2. LITERATURE REVIEW

2.1 Requirements Engineering
Foundations and Quality
Requirements Engineering is based on

structured Elicitation, Documentation, and
quality assurance practices. The BABOK
Guide identifies highly effective methods

analysts can use to elicit requirements from

stakeholders, including interviews,
workshops, observation, and collaborative
analysis. ISO/IEC/IEEE 29148:2018
documents requirements engineering
processes, documentation, validation, and
maintenance requirements [11]. The

literature also focuses on the form and
clarity. To measure the agility of user stories,
Lucassen et al. (2016) developed the Quality
User Story framework, which relies on
syntactic and semantic properties of user
stories and can be measured automatically
[10].

Femmer et al. (2017) created Requirements
Smells, a lightweight Quality Assurance (QA)
technique to detect potentially ambiguous or
weak wording in requirements specifications
[12]. Arora et al. (2015) demonstrated NLP’s
ability to perform requirements conformance
checks to avoid repeated manual checks [13].
Together, these studies provided the basis for
the metrics adopted in this study to assess
the completeness, clarity, consistency, and
structure of the LLMs’  generated
requirements artifacts.

2.2 Natural Language Processing for
Requirements Engineering
Much of the research in the NLP4RE

framework before the advent of LLMs
focused on analysis rather than complete
document creation. Zhao et al. (2021)
conducted a systematic mapping study and
found studies on quality defect detection,
requirements classification, concept
extraction, and traceability link recovery, but
with limited industrial evaluation and tool
availability [14]. Template checking and
requirements smell detection are examples of
applying linguistic automation tools;
however, they do not eliminate domain
judgement [15]. Generally, these depend on
pre-existing requirements text and use task-
specific rules, resources, or models. As such,
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they offer a good starting point for quality
assurance, but not a direct answer to how
generative models can build a complete
BRD/user story from an unstructured
stakeholder note in regulated enterprise
scenarios.

2.3 Large Language Models in
Requirements and Software Engineering
In recent years, research on LLMs for
software and requirements engineering has
increased. Hou et al. (2024) conducted a
Systematic Literature Review (SLR) of
current applications of LLMs in Software
Engineering (SE) and found Requirements
Engineering (RE) to be an active area of
study, with numerous open questions related
to evaluation, reliability, data, and practical
application [16]. Arora et al. (2024) discuss
how LLMs can assist with elicitation, analysis,
specification, and validation, and note the
need for cautious human evaluation and
piloting [17]. Ronanki et al. (2023) analysed
requirements generated by ChatGPT. They
compared them with human expert-
generated requirements and found that both
the positive and negative quality aspects
deserve further exploration [18].

White et al. (2023) and Yamani et al. (2025)
compared the results of three LLMs using the
Quality User Story framework, highlighting
the value of comparing models and using
structured quality scoring when generating
user stories [19; 20]. These studies suggest
that Al could be used for requirements work.
However, they do not show that LLM
enterprise artifact generation is more
effective or efficient than manual generation
by analysts.

2.4 Human-Al
Governance

Studies into collaboration with Al show that
clear, corrective, and accountable feedback is
important in  Al-supported processes.

Collaboration and Al

Amershi et al. (2019) propose guidelines for
human interaction that focus on helping
users understand the system’s capabilities
and limitations, as well as providing tools to
fix inconsistencies that may occur in the Al's
answers [21]. In regulated or audit-sensitive
processes, artifacts such as the NIST Al Risk
Management  Framework  provide a
framework for managing Al risks,
encompassing governance, measurement,
and risk management activities, and are
applicable across sectors [22].

The requirements engineering process is also
affected by human factors, including
communication, domain knowledge, and the
analyst’s experience. In an agile environment,
the business analyst breaks down, clarifies,
and adds detail to user stories for
development and testing teams [23]. This
evidence suggests a human-in-the-loop
scenario, with the LLM providing a draft that
analysts review for coherence and alignment
with legal, regulatory, and business
constraints and objectives, and then approve.

2.5 Research Gap

The literature is disorganized among these
people. Requirements engineering research
has established the foundation for what good
requirements should look and feel like, but
not yet in the age of generative Al. NLP4RE
work automates tasks, not necessarily full
documents, such as classification or
ambiguity detection. Recent LLM studies are
promising  for  elicitation/specification.
However, they primarily use academic
datasets, student participants, and software
projects in general, and seldom validate their
output against analyst-developed baseline
documentation using commonly known
criteria. Human-Al governance frameworks,
in contrast, are broad and are not specific to
requirements work. What remains to be done
is a practitioner-informed, full-service way
that uses real and actual JAD session notes,
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converts notes into structured BRDs and user
stories, calibrates them for level of ambiguity,
completeness, and their ability to have
traceability, and also involves human-in-the-
loop to review the user stories specifically for
regulated industries, including financial
services and public-sector health and human
services.

3. PROBLEM STATEMENT

The pivotal role in enterprise information
systems development is occupied by the
Business Systems Analyst (BSA), who elicits
the stakeholders’ needs, analyzes the
enterprise processes, and converts the needs
into requirements that can guide the
technical implementation [24]. Requirements

engineering frameworks are well-
established, and structured elicitation
methods such as the Joint Application

Development (JAD) session are in use.
However, translating the unstructured
artefacts created in the elicitation session
into a formal requirements document
remains largely a manual, analyst-driven
process [25]. Quality issues with manual
conversion are systematic and affect all
project results, touching many stakeholder
groups and organizational areas.

Business Systems Analysts consistently
gather  stakeholder feedback through
stakeholder workshops, interviews, and co-
creation sessions, then sort through
unstructured or semi-structured notes to
identify Business Requirements Documents
(BRDs), Functional Requirements Documents

(FRDs), wuser stories, and Requirements
Traceability Matrices (RTMs) [26]. The
transformation process is analytically

complex, and interpretation, experience, and
workload will vary among data analysts. In
natural-language requirements, ambiguities,
incomplete business-rule specifications, and
missing artifact traces may cause defects in

downstream development, scope creep, or
rework during development and testing [27].
In regulated domains such as investment
management, banking, and public-sector
health and human services, insufficient
traceability or opaque requirements may be
interpreted as audit review results and are a
risk in both cases; when gaps in
requirements travel to production systems,
end users may face system mistakes and
service disruptions in the process of applying
for benefits or interacting with sponsors or
retailers through financial services.

Several stakeholder groups are affected by
the problem. Business Systems Analysts
spend considerable time producing manual
documentation, and the work product
depends on the analyst’s experience level and
any concurrent workload requirements [28;
29]. Business representatives and subject-
matter  experts may  misunderstand
requirements at the outset, or multiple
interactions may be needed to clarify them,
further extending the project timeframe.
Development and quality assurance
resources build and evaluate products based
on poorly defined specifications, leading to
late-detected defects when they are most
expensive to remediate [30]. Some
requirement-related issues are not found
until late in development projects and
require design changes and rework, causing
scope creep, delays, and budget overruns for
the project management agencies and project
managers. Regulated industries have gaps in
compliance requirements, creating
traceability issues for compliance functions,
audit trails, and regulatory reporting, as well
as end-user deficiencies from system errors
and failures caused by missing requirements.

Manually induced requirements
transformation (MRT) persists due to
intertwined challenges. Requirements work
largely relies on human judgment to express
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stakeholder intent, business rules, and
regulatory and domain constraints. Previous
generations of rule-based and natural
language processing tools could handle only
limited subtasks such as ambiguity detection
and requirements classification, but never
generate a contextually relevant complete
requirements document [31]. Empirical
studies have not properly assessed
generative Al systems that can produce
complete requirements artifacts, which have
been widely available only since 2023 and
have already been used informally in practice
[32]. While most research uses academic or
synthetic datasets, Real-world JAD notes and
BRDs for financial or public-sector projects
are confidential and proprietary and
therefore cannot replicate the complexity and
domain-oriented nature required for
enterprise artifacts. Another challenge is the
lack of a systematic method for comparing
Al-generated requirements with the analytic
baseline written by requirements analysts,
one that is valid for assessing criteria such as
ambiguity, completeness, and traceability
[33]. In regulated sectors, organizations are
rightly concerned about using Al-powered
requirements practices without integrating
governance and controls into the human-in-
the-loop, and existing practices are informal,
unvalidated, and not part of quality
assurance.

Success would be a repeatable, validated
methodology to obtain requirements via a
Large Language Model (LLM) using text
input, reviewed by a structured analyst, and
producing requirements of equal or greater
quality than manually created requirements,
with a measurable gain in production time.
Al-assisted BRDs and user stories would also
deliver lower ambiguity-indicator scores and
higher completeness than baseline created by
analysts alone, with scores measured against

directionally traceable to test cases to
support audit and regulatory requirements.

Stalling time on documentation turnaround
would be reduced, allowing the Business
Systems Analyst to work more efficiently on
higher-value documentation-related tasks,
including stakeholder facilitation, business
process analysis, and solution validation. A
human-in-the-loop (HITL) governance model
would clearly define the exception cases in
which analysts must read and sign off,
allowing safe co-development in
environments where regulations and audits
must be complied with [35]. The
methodology would be transferable to other
providers, such as financial service providers
and the public sector, including health and
human service providers, and robust to
changes in the business context, regulation,
and stakeholder structure. To achieve this
outcome, it would be necessary to validate it
through an empirical study that employs
existing artefacts or quality measures from
the enterprise and compares them with an
existing manual method to assess its
effectiveness and usability within the
enterprise.

4. METHODOLOGY

4.1 Study Design and Dataset Selection

This study will use a controlled repeated-
measures design, with three conditions using
the same source material. The dataset will
comprise at least thirty anonymized
recordings of JAD sessions, with roughly
equal sample sizes drawn from investment
management, banks, and public sector health
human services organizations. An acceptable
record should include enough stakeholder
context to explain business aspects such as
business requirements, business rules, user
stories, nonfunctional constraints, and
acceptance criteria. Records with incomplete

existing enablers for Quality Requirements information for purposes of blinded
[34]. All requirements would be bi-
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completeness recording and records that
cannot be reliably anonymized will be
excluded. To estimate within-case variance,
the study will complete a small pilot and use
an a priori power analysis to determine the
final sample size. A data set register will
document domains, note length, session
length (if available), and whether the analyst
wrote baseline artifacts.

4.2 Experimental Conditions and Prompt
Protocol

Each JAD will be analyzed separately in an
analyst-only baseline condition, an LLM-only
condition, and an LLM-plus-human-review
condition. Full participation will be achieved
with at least three experienced BSAs across
analyst conditions, with case assignments
rotated to minimize individual analyst and
learning effects. The study will evaluate the
effectiveness of at least three existing LLMs
from different suppliers or families. The
study will provide each model with the same
anonymized notes, BRD, output user story
schema, and version-controlled prompt
template, based on the explicit role
instruction, the grounding rules in the notes,
and the structured output constraints [36].
They will document the model name, prompt
version, date of use, model version, decoding
settings, and run identifier. LLM-only outputs
will not be edited before scoring. In the
human review condition, a BSA who did not
author the analyst-only baseline for that case

will review the LLM draft, correct
unsupported content, resolve ambiguity,
complete missing information that is

supported by the source notes, and approve
the final artifact.

4.3 Blinded Review and Scoring
Three  reviewers  with
engineering experience will

requirements

score the
artifacts using a predefined rubric. Review
packets will conceal the generation condition,

model identity, and producing analyst as far
as practical. Reviewers will have access to the
source notes and the artifact being scored so
that completeness and traceability can be
judged against the same evidence. The rubric
will draw on ISO/IEC/IEEE 29148, the
Quality User Story framework, Requirements
Smells, and automated template checking
[37]. Disagreements will be resolved only
after independent scoring is complete, and
inter-rater agreement will be reported.

4.4 Measures and Statistical Analysis

Documentation time will be measured in
minutes from release of the source notes to
submission of the final artifact. Ambiguity
will be reported as confirmed ambiguity or
requirements smell flags per requirement.
Completeness will be the proportion of
required rubric elements supported by the
source notes. Traceability will be the
proportion of generated requirements with
valid links to source JAD statements and,
where test cases are available or derived for
the study, valid downstream test links [38].
The primary comparisons will evaluate
whether, and by how much, using an LLM to
facilitate documentation reduces
documentation time without materially
affecting completeness or traceability or
increasing ambiguity, relative to the analyst-
only baseline. The study will compare
conditions using mixed-effects models in
which source session and analyst will both be
random factors. If model assumptions are
violated, the study will use non-parametric
alternatives. The study will report effect sizes
and 95% confidence intervals alongside
significance testing.

4.5 Data Governance and Reproducibility

Access to the model will be granted after
anonymising all source artefacts. The study
will de-identify or alter protectively
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identifiable information, secrets, account
information, and other information with
consistent placeholders. The study will have
access only to the tools it is allowed to use to
process the data classified in the study and
will not use external model providers where
the terms of use prohibit training on the
enterprise data provided for the study. The
study will version prompts and metadata for
all scoring rubrics; analyst edits and
traceability links will ensure auditability and
replication. This study does not represent
requirements commonly developed by
artificial intelligence without verification by a
competent human verifier. These controls
ensure the assessment aligns with human-Al
interaction and risk-management
requirements.

5. EVALUATION PLAN

5.1 Evaluation Metrics and Analysis Plan

As measurable data on the system’s
performance are unavailable, this section
describes its impact and assessment. Tables 1
and 2 show the study conditions and define
and summarize the criteria required to
substantiate the validity of the study results

presented; these tables do not present
numerical results. Three regulated scenarios
will use the same input (JADs) and will be
evaluated using the following outputs: LLM-
only, analyst-only, and LLM-and-human. The
primary research hypothesis is that the
documentation phase will be completed at a
higher rate with LLM-humans than with the
analyst-only baseline, without harming
requirements quality. The study will examine
performance variations between domains,
analysts, and LLMs. The study will use these
data to evaluate these hypotheses during the
next blinded scoring stage.

Table 1 shows  three evaluation
configurations: LLM-only, analyst-only, and
LLM plus human checks. The same
anonymised JAD notes are used for each
condition. The table compares the generation
methods, degree of human involvement,

planned measures, and study status.
Outcomes measure and report
documentation time, ambiguity level,

completeness, traceability, review time, and
edit rate for comparison.

Table 1: Planned comparison across evaluation conditions.

aACCESS

Approac . Human Planned
h Input Generation Role Measures Status
Same . o
Moty | mommiz |y [Pl eteness, | TObe
y ed JAD 4 ory authorship p ’ measured
Baseline authoring RTM coverage
notes
Same Same prompt
: None
LLM-Only anonymiz |and schema before Same core To be
ed JAD across selected scorin measures measured
notes LLMs &
LLM + Same : LLM draft Required Core measures
anonymiz . : . To be
Human followed by review and | plus review time
. ed JAD . . measured
Review I analyst revision |approval and edit rate
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Table 2 provides the metrics and validation
procedures for the evaluations.
Documentation time is measured in minutes
from when source notes are released to when
source notes are submitted. Ambiguity is the
confirmed ambiguity or requirement smell

flags. Completeness measures how many
required rubric elements the notes support,
while traceability measures links between
notes and a valid source, as well as test links
and a downstream test, using a blinded
review process.

Table 2: Planned metric definitions and validation procedures.

Metric Operational Definition Planned Validation
Documentati | Minutes from release of source notes | System timestamps and analyst
on Time to submission of the final artifact logs

Confirmed ambiguit .
suty qui &SP blinded human confirmation
requirement
Proportion of required rubric Blinded scoring against the
Completenes :
o elements supported by the source source notes and artifact
notes template
Proportion of requirements with . :
Traceability [ valid source links and downstream RTM audit by blinded
. : reviewers
test links when available

Outcome measures focus on documentation
time, ambiguity, @ completeness, and
traceability. Time study logs will document
time during the study. Ambiguity will be
assessed using automated screening, with
predefined language defects confirmed
through  anonymous human review.
Completeness will be assessed based on the
source-grounded elements listed in the
rubric, and RTM coverage will be checked
from source notes to generated requirements
to test cases if test cases are available and/or
derived for study [39]. The study will report
final experimental results as interrater
agreement, effect sizes, confidence intervals,
and statistical comparisons. Until such
experiments are carried out, none of the
numbers in those tables can be taken as
experimental results.

5.2 Planned Evaluation Workflow

The planned evaluation system should be
sequential to support accurate, objective
comparisons across all study situations.
Preparation and anonymization will protect
JAD inputs from privacy violations and loss of
requirement content. The study will then use
the same inputs to produce analyst-
generated and LLM assistant outputs, which
humans will check. It will also then
anonymise and mark these requirement
products to reduce reviewer bias. The study
will then assess the time and quality of the
documentation for each condition, including
completeness, ambiguity, and traceability.
The research will compare and present the
results of each technique and use statistical
tests to determine whether differences
between  techniques are  statistically
significant in quality and efficiency. Figure 1
shows the evaluation process, which starts
with preparing the JAD inputs, calculating the
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metrics, generating the artifacts, plotting the
conducting statistical tests, and

data,

reporting the results.

Prepare and anonymize
JAD inputs

l

Generate analyst, L1.M,
and reviewed outputs

!

Blind and score
requirements artifacts

|

Compute time and
quality metrics

l

Run statistical tests
and report findings

Figure 1: Anticipated evaluation from dataset creation to statistical comparison and reporting.

6. CONCLUSION & FUTURE WORK

That study suggests a systematic approach to
formalizing JAD session notes as a Business
Requirements Document or user story using
purpose-built LLM prompts. It will be useful
for the Business Systems Analyst. A long-
standing  challenge in  requirements
engineering is capturing and transferring
evidence collected through collaborative
requirements engineering methods into the
requirements document in a way that
satisfies organisational and regulatory
requirements, which a human-in-the-loop
approach can achieve. Generative Al tools are
now at analysts’ fingertips, and the paper
provides a starting point for systematically
incorporating them not to supplant what they
currently do, but to use them as a tool for
improvement.

The methodology is not only an
approximation of potential efficiency gains.
For regulated sectors like financial services,
public sector health systems, and more, it can
help compliance specialists determine which
compliance components require human
intervention and ingenuity before

standardising and speeding up the remainder
with Al capabilities, without jeopardising
audit readiness. A trajectory is sketched for
the adoption process to discuss within the
group how Al support will be integrated into
their thinking and how the analyst will stay
at the heart of all value, validation, and
stakeholder involvement.

The approach also reflects ongoing
discussions about the evolving industry and
professional practice expectations for BSAs,
and how BSAs’ character and role are shifting
from documentation to Al-assisted
performance, governance, curation, and
interpretation. Three research directions can
be considered priorities for this work. The
proposed experiment should also use de-
identified JAD notes, multiple professional
scorers, multiple LLMs, double-blinded
scorers (humans), and stipulated statistical
comparisons. Further studies could then
examine downstream impacts on defects,
change request/rework cycles, and delivery
time.

Additionally, assessing LLMs designed for
particular regulatory or industry use cases or
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organizations, such as fine-tuned versions
based on industry-specific or organization-
specific templates/business rules and the
possible use of additional context, such as
regulatory bodies, will assist in solving data
privacy concerns and enhancing the
precision of such models in specific use cases.
Finally, integrating the methodology with
more end-to-end automation by
automatically generating a Requirements
Traceability Matrix (RTM), automatically
generating test cases, and automatically

assessing change request impacts will
provide a comprehensive lifecycle
automation framework with  ongoing

connectivity to tools such as JIRA and Azure
DevOps, complementing the third role, the
systems engineer analyst, as the orchestrator
of Al-supported systems engineering.
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