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Abstract

Generative Artificial Intelligence (Gen AI) offers significant potential to support require-
ments engineering (RE) education; however, its integration poses challenges regarding
accuracy and student engagement. While Gen AI cannot independently specify require-
ments without hallucinating or overstepping scope, it can serve as a powerful partner
in a hybrid intelligence workflow. In this paper, we address the challenge of translating
high-level motivational models into detailed user stories, a process that is traditionally
labour-intensive for novices. We introduce a structured, human-in-the-loop workflow
that uses Gen AI to refine and polish user stories while strictly preserving student agency.
By grounding the output from Gen AI in a validated motivational model, the workflow
minimises the risk of metacognitive offloading, requiring students to actively critique
and validate the initially generated requirements. Our analysis of instructional artefacts
demonstrates that Gen AI helps in three ways: suggesting structural improvements, of-
fering alternative professional phrasing, and enhancing readability. However, we also
identify risks of intent drift and scope expansion, reinforcing the need for rigorous human
oversight. The findings advocate for a pedagogical approach where the Gen AI system acts
as a reflective assistant rather than an autonomous generator.

Keywords: generative artificial intelligence; LLM; user stories; motivational modelling;
software requirements engineering

1. Introduction
Software requirements engineering (RE) is a critical component of the software devel-

opment lifecycle, laying the groundwork for delivering products that meet the needs and
expectations of stakeholders [1]. The RE phase traditionally involves eliciting, analysing,
specifying, and validating requirements. It is labour-intensive and prone to errors due
to its reliance on human judgement, communication, and interpretation [2]. Persistent
challenges in RE may jeopardise project outcomes, particularly in complex or agile envi-
ronments [1,3,4]. Recent literature continues to identify requirements-related issues as a
major source of project failure, rework, and cost overruns [5,6]. These challenges are often
intensified when stakeholders differ significantly in technical expertise, domain knowledge,
or availability, creating communication gaps that impede shared understanding [7–10].

User stories have emerged as a lightweight method to support shared understanding
and reduce the need for frequent updates to requirements documents [11]. However,
despite their value, user stories are not always well integrated with broader RE processes.
Prior research has highlighted the lack of methodological support for ensuring consistency,
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traceability, and validation between user stories and other RE artefacts [12–14]. This gap
is particularly salient in educational and industry-based learning settings, where novice
developers must coordinate requirements with clients under time constraints. Teaching
effective RE practices is therefore challenging, especially when students must balance con-
ceptual understanding, communication with stakeholders, and the production of coherent
artefacts such as user stories.

To support requirement elicitation and complement user story development, the Uni-
versity of Melbourne has continuously developed and maintained Motivational Modelling
(MM) since 2017. This initiative centres on a dedicated software tool that has been refined
across five different subjects within the undergraduate, Master of Information Technology,
and Master of Software Engineering programs. To date, over 2400 students have utilised
the various versions of our tool, providing a rich testbed for educational RE practices. MM
provides a high-level view of the requirements by representing stakeholder roles, system
goals, and underlying rationales in forms accessible to both technical and non-technical
participants [15]. Originally developed as an extension of agent-oriented RE, MM em-
phasises the motivations that underlie system behaviours rather than focusing solely on
functional requirements. Motivational models can facilitate early validation of require-
ments, uncover implicit assumptions, and improve communication between clients and
development teams [16]. These models also provide a structured foundation for subsequent
design and planning.

Despite these benefits, translating motivational models into well-structured user
stories remains a time-consuming and interpretive process. Student-generated user stories
often vary in quality, lack consistency, or sound awkward, especially when multiple teams
engage with the same client. These issues limit the scalability of MM-based practices and
challenge their integration into agile workflows. Although motivational models can be
translated into user stories [17], doing so reliably continues to present difficulties.

Recent advances in large language models (LLMs) offer opportunities to enhance this
translation process. LLMs represent a key capability of Generative Artificial Intelligence
(Gen AI), defined as a class of techniques that learn patterns from vast datasets to generate
new content—including text, source code, videos, and images—that resembles human-
created artefacts [18]. Prominent examples such as ChatGPT [19], and Claude [20] demon-
strate strong capabilities in understanding and generating natural language text [21,22].
A rapidly growing body of work has begun exploring the role of Gen AI in RE, includ-
ing elicitation, analysis, specification, and validation [5,6,23]. For example, Gen AI tools
have been successfully applied to generate candidate requirements from unstructured
stakeholder interview transcripts and to detect ambiguity in written user stories. These
studies identify potential benefits such as increased efficiency, improved natural language
processing, and greater support for iterative refinement. However, challenges related to
trust, hallucinations, reproducibility, and interpretability continue to limit adoption in both
educational and industrial contexts [5,10]. These concerns are particularly significant when
LLMs generate or reformulate requirements, where inaccuracies or biased phrasing may
affect the reliability of the resulting artefacts. Ethical considerations relating to privacy,
transparency, and responsible use add an additional layer of complexity.

This paper investigates the role of Gen AI in assisting with the translation of moti-
vational models into user stories, addressing longstanding challenges in RE through a
structured and scalable approach. We adopt a hybrid intelligence perspective, defined
as a tightly coupled human–AI system where AI extends human cognition rather than
replacing it [24]. In our proposed semi-automatic workflow, Gen AI supports the rea-
soning and judgement of students and software developers. Earlier attempts at a fully
automated pipeline resulted in inconsistent or incorrect outputs, reinforcing the need for
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guided human oversight. Building on these insights, we propose a structured workflow for
LLM-assisted translation. Our findings indicate that the workflow improves efficiency and
enhances interpretive accuracy compared with manual practices.

The contributions of this study are threefold. First, we present a novel, semi-automated
workflow that integrates Gen AI into the requirements engineering tool. Unlike fully
automated approaches, this design strictly preserves student agency and guards against
metacognitive offloading by enforcing human-in-the-loop validation, requiring students to
actively critique and verify AI-generated content against stakeholder intent. Second, we
provide a qualitative evaluation of how LLMs address specific cognitive challenges in RE
education, analysing artefacts from established pedagogical practice rather than simple
“toy problems”. Third, we operationalise the concept of hybrid intelligence within the RE
context, demonstrating how Gen AI can serve as a reflective partner for interpretation and
verification rather than a replacement for human analysis.

The workflow presented in this paper uses Gen AI to enhance, rather than diminish,
the decision process involved in refining user stories. Here, we investigate the following
research question: How can large language models be effectively integrated into require-
ments engineering teaching to improve the translation of motivational models into user
stories while strengthening scalability, consistency, reliability, and student agency?

The structure of the paper is as follows. After this introduction, we give our literature
review and then outline the challenges associated with relying on Gen AI to directly elicit
requirements. Section 4 describes our proposed workflow. We then introduce motivational
modelling, an evolving RE process used for over 15 years in both research and teaching
contexts. We describe a promising novel application of Gen AI, following an explanation
of the context of translating motivational models into user stories. Finally, we present
conclusions and directions for future work.

2. Background and Literature Review
2.1. Requirements Engineering, User Stories, and Educational Challenges

Decades of empirical research have shown that many software project failures can be
traced back to problems in requirements engineering, including ambiguous statements,
missing or conflicting requirements, and weak traceability between artefacts [1]. These
issues are particularly acute in contemporary development contexts that involve het-
erogeneous stakeholders, complex system behaviour, and rapid delivery cycles. Recent
systematic work confirms that requirements-related defects remain a major driver of rework
and cost, despite advances in methods and tooling [5,6]. Habiba et al. [10], for example,
report that RE for AI-based systems is still characterised by immature practices, insufficient
attention to non-functional concerns, and limited methodological guidance for aligning
stakeholder expectations with the behaviour of data-driven components.

User stories have become a central artefact in agile RE, intended to provide a
lightweight and human-readable representation of stakeholder needs. Their narrative
structure is designed to facilitate communication across technical and non-technical partici-
pants and to support incremental refinement of scope [11]. However, several studies have
criticised the informality of user stories and the difficulty of maintaining consistency and
traceability when large numbers of stories are created [12–14]. In practice, user stories are
often written at inconsistent levels of abstraction, omit quality concerns, or drift away from
higher-level project goals. This makes it difficult to reason systematically about coverage,
dependencies, and validation.

These challenges are amplified in educational contexts. Students who are new to
RE frequently struggle to elicit and articulate stakeholder goals, to distinguish between
functional and quality requirements, and to maintain coherence across different artefacts.
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Mahnic and Hovelja [25] report that specific training in user story writing can improve
students’ ability to connect stakeholder needs to implementable features but also note that
many students still produce vague or incomplete stories. Peraire and Lopez [26] similarly
emphasise the need for structured teaching approaches that help students move between
high-level visions and detailed user stories while maintaining traceability and justification.

In summary, the literature highlights three interrelated problems. First, RE remains a
high-risk phase in practice, with persistent issues of ambiguity, misalignment, and weak
validation [1,10]. Second, while user stories help communication, they can introduce frag-
mentation and inconsistency if not grounded in a broader modelling framework [12,14].
Third, teaching RE to novice developers is challenging because students must simulta-
neously learn conceptual foundations, engage in authentic communication with clients,
and produce coherent artefacts under time pressure [25]. These limitations motivate the use
of modelling approaches that make stakeholder motivations explicit and that can provide a
stable reference point for subsequent artefacts such as user stories.

2.2. Motivational Modelling in RE and Education

Motivational Modelling (MM) builds on a lineage of goal-oriented and agent-oriented
approaches, including Gaia [27], ROADMAP [28], and Tropos [29]. These methods repre-
sent systems in terms of actors, goals, and dependencies, and seek to capture why a system
is needed rather than only what it should do. However, diagrammatic complexity and
steep learning curves have limited their adoption in both industry practice and teaching.
MM addresses this by providing a simpler visual vocabulary that foregrounds stakeholder
roles (who), functional goals (do), quality goals (be), and emotional goals (feel) in a single
hierarchical diagram [15].

In MM, requirements elicitation typically begins with a do/be/feel brainstorming
process involving technical and non-technical stakeholders. Participants collaboratively
identify stakeholders (who list), functional expectations (do list), qualities (be list), and de-
sired emotional outcomes (feel list). These lists are then transformed, through a structured
sequence of steps, into a motivational model where functional goals are organised hierarchi-
cally, and qualities and emotions are attached to appropriate nodes. The resulting model is
intended to fit on a single page, making it easier to discuss with clients and to identify gaps
or inconsistencies [15]. The visual simplicity of the notation and the explicit separation
of functional, quality, and emotional concerns help mitigate some of the comprehension
issues observed in more complex goal modelling notations.

MM has been adopted as a central RE technique in several software engineering and
IT project subjects. Students work with external clients to develop motivational models
during an inception phase, validate them with stakeholders, and then use them as a hub for
subsequent artefacts such as personas and user stories [16]. To support internal coherence
across artefacts in this process, nine consistency principles have been devised to system-
atically verify alignment between motivational models, personas, and user stories [30].
These principles require, for instance, that every role in the motivational model has at least
one corresponding persona, that leaf nodes and specific quality and emotional goals are
supported by user stories, and that any quality or emotional goal that appears in a user
story also appears in the model. When applied in teaching, the consistency principles
provide students with concrete checks for completeness and traceability, and they reduce
the risk that user stories drift away from the original stakeholder motivations.

Despite these advantages, the translation from motivational models to user stories
remains largely manual. Students must interpret abstract, high-level goals and decide how
they should be operationalised as user stories. This interpretive step is cognitively demand-
ing and can lead to variability in style, level of detail, and fidelity to the underlying model.
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In large cohorts, the process is also time-consuming for both students and instructors, who
must provide feedback on many sets of user stories. These limitations restrict the scalability
of MM-based teaching and create an opportunity for technology-enhanced support that
can preserve the pedagogical benefits of MM while reducing repetitive manual work.

2.3. Generative Artificial Intelligence in Requirements Engineering and Human–AI Collaboration

Recent work on Generative Artificial Intelligence and large language models has
opened new possibilities for automating and augmenting different stages of the RE lifecy-
cle. Marques et al. [6] present a comprehensive review of the use of ChatGPT across RE
activities and categorise existing studies into four broad application areas: requirements
elicitation, analysis, documentation, and refinement. Their survey highlights that ChatGPT
is frequently used to generate candidate requirements from unstructured descriptions,
rewrite existing requirements to improve clarity, and support exploratory analysis by
identifying potential inconsistencies or missing information. They also note that most stud-
ies focus on proof-of-concept experiments rather than large-scale deployments and that
there is a lack of standardised evaluation frameworks for assessing the quality of Gen
AI-generated requirements.

Cheng et al. [5] complement this work through a systematic literature review of Gen
AI and RE more broadly. Their findings show that LLMs have been used in tasks such as
generating requirements from user scenarios, classifying and clustering large requirement
sets, extracting requirement-relevant information from documentation, and assisting with
traceability and defect detection. Importantly, their review identifies significant variation
in prompting strategies, model selection, and evaluation metrics, which complicates di-
rect comparison across studies. Cheng et al. also report that while LLMs can accelerate
the handling of textual artefacts, their outputs often require human verification due to
inconsistencies and hallucinated content.

Arora et al. [23] provide a practitioner-oriented perspective by examining LLMs as
RE assistants. They argue that LLMs can support analysts in repetitive or routine natural
language processing tasks, such as paraphrasing requirements, proposing alternative
formulations, or flagging unclear statements. Their evaluation emphasises the potential
of LLMs to facilitate sense-making and early ideation, but they also caution that LLM
outputs may obscure underlying reasoning processes, thereby complicating justification
and traceability.

Across these studies, several common themes emerge. First, Gen AI shows strong
potential for reducing manual effort and accelerating the processing of large volumes of
textual artefacts [5,6]. Second, LLMs can assist analysts by surfacing ambiguities, identi-
fying missing details, or proposing clarifying questions, which can support early valida-
tion. Third, however, there are persistent concerns regarding hallucinations, variability
in outputs across prompts, and opaque chains of inference [5]. These issues undermine
trust and accountability, particularly in safety-critical or regulated domains. Furthermore,
Habiba et al. [10] highlight that RE practices for AI-based systems are already immature,
with limited methodological rigour; introducing Gen AI tools without robust frameworks
or safeguards risks amplifying existing weaknesses rather than mitigating them.

Taken together, this body of work suggests that Gen AI can enhance—but not
replace—the work of human requirements analysts. The literature strongly indicates a need for
human-in-the-loop designs that preserve stakeholder agency, maintain verification processes,
and ensure that generated artefacts remain grounded in well-defined modelling practices.
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3. Potential and Pitfalls of Gen AI in Requirements Engineering
Systematic reviews have identified a growing number of use cases for large language

models across elicitation, analysis, and documentation but have also pointed to issues
of misalignment and weak methodological grounding [5,6,10,23]. From an educational
perspective, research on hybrid intelligence and metacognitive laziness further underlines
the need to embed Gen AI in ways that extend rather than replace learners’ cognitive
work [22,24,31,32]. In this section, we illustrate how these concerns manifest in practice
when Gen AI is used naively for elicitation and how this motivates the design choices
behind our human-in-the-loop workflow.

Gen AI systems such as ChatGPT, Claude, and Gemini are trained on very large
corpora that include software requirements, design documents, and domain descriptions.
As a result, they readily respond to prompts such as “Give me the requirements for System
X”, often producing long, well-structured lists that appear plausible and comprehensive.
For novice analysts and students, this can create the impression that Gen AI is a suitable
substitute for early elicitation, particularly when direct engagement with stakeholders feels
challenging or time consuming.

A teaching example from a final-year IT project subject illustrates the limitations of
this approach. In class, SparkAI (a secure environment at The University of Melbourne,
powered by Claude, where staff can experiment with Gen AI using private or confidential
information) was prompted with “Can you give me software requirements for an app to
manage recipes online?”. The system immediately returned a detailed set of potential
requirements, grouped into categories such as user management, recipe management, user
interaction, meal planning, nutritional information, data storage, accessibility, localisation,
security, and monetisation. The response concluded by describing the list as a compre-
hensive foundation for development and suggested that prioritisation might be required
depending on the target audience.

Viewed in isolation, this output exemplifies many of the strengths reported in the Gen
AI for RE literature: fluent text, coverage of multiple functional areas, and a structured
breakdown of features [6]. However, when situated in the context of an actual client,
the limitations become clear. The example was closely aligned with a real student project
previously undertaken at the University of Melbourne. In that project, the client was
primarily interested in organising personal recipes collected from websites and emails
and sharing them with family members. Most of the requirements proposed by SparkAI
were either irrelevant or premature for this scope. In particular, nutritional analysis,
complex meal planning, and monetisation were not part of the client’s goals. By contrast,
a requirement that was central to the client—the ability to extract recipes from photos—was
not mentioned at all.

Gen AI produces requirements that are generic rather than grounded in the specific
context, intentions, and constraints of actual stakeholders. It has no access to the latent
goals and trade-offs that shape real projects, and it can only extrapolate from patterns in its
training data. As a result, it may foreground features that are common in similar systems
while omitting needs that are distinctive or locally important. For experienced analysts,
these outputs might be treated as a checklist or a source of ideas. For students, however,
the polished presentation risks being mistaken for an authoritative specification.

The educational implications are significant. As discussed in the Background section,
many students already struggle with engaging stakeholders and with articulating require-
ments that faithfully reflect user needs. There is a documented tendency for novices to
invent or assume requirements rather than to negotiate them, especially when they lack
confidence in communication or when stakeholder access is limited. In an earlier honours
examination context at the University of Mauritius, the first author observed that students
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often produced complete sets of requirements without ever consulting prospective users or
system owners. The resulting systems were largely misaligned with genuine needs and
had little practical value.

Introducing Gen AI without careful framing can amplify this tendency. If students
learn that a single prompt can produce an apparently complete list of requirements, they
may feel less need to conduct interviews, workshops, or modelling sessions. This aligns
with Fan et al.’s findings on metacognitive laziness, where reliance on Gen AI can lead
learners to offload planning, monitoring, and evaluation processes [31]. Rather than using
Gen AI outputs as material for critical analysis, students may accept them at face value,
bypassing the very practices that RE education seeks to cultivate. In the language of
hybrid intelligence, this would represent a shift from AI supporting human cognition to AI
substituting for it [24].

These observations do not imply that Gen AI has no place in RE. Rather, they suggest
that its role should be carefully delimited and embedded within robust modelling and
validation practices. The Background section described how motivational modelling
provides a structured, stakeholder-facing representation of roles, functional goals, qualities,
and emotional outcomes, and how consistency principles help maintain alignment between
models, personas, and user stories. If Gen AI is introduced only after such artefacts have
been developed through human-centred elicitation, its function can shift from generating
requirements from scratch to supporting refinement, translation, and consistency checking.

In this paper, we adopt precisely this stance. Gen AI is deliberately excluded from the
initial elicitation of goals and requirements. Instead, it is employed only once motivational
models have been constructed and validated with stakeholders. Within that boundary, Gen
AI is used to assist students in translating elements of the motivational model into candidate
user stories and in polishing the language of those stories. Students remain responsible for
judging whether the generated stories accurately reflect stakeholder motivations, comply
with consistency principles, and fit within the broader project context. This design is
intended to preserve student agency, promote critical engagement with Gen AI outputs,
and support the development of RE competences rather than replacing them.

Having outlined these practical and pedagogical pitfalls and the rationale for con-
straining the role of Gen AI, the next section presents our LLM-assisted workflow for
translating motivational models into user stories and describes the research design used to
evaluate its effectiveness in a teaching context.

4. Materials and Methods
4.1. Research Design

This study adopts a case-based methodological approach to investigate how large
language models can be integrated into the translation of motivational models into
user stories. Rather than collecting participant data, we analyse a set of instructional
artefacts—motivational models and manually derived user stories—originally created
for teaching software requirements engineering. These artefacts are routinely used in
our classroom practice to demonstrate motivational modelling, user story construction,
and persona-based reasoning. In the present study, we extend these same examples to
illustrate and evaluate a semi-automatic, LLM-assisted workflow. Although no student
data, personal information, or behavioural measures were collected for this study, some
students had previously contributed suggestions and refinements to the motivational mod-
els as part of our teaching and research activities, which were conducted under ethics
approval #24272.

Our research method involves the following: (1) establishing a baseline manual
translation process; (2) introducing a structured semi-automated workflow incorporating
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Gen AI; (3) applying both methods to the same set of motivational models; and (4) con-
ducting an interpretive comparison of outputs to assess alignment, additions, omissions,
and shifts in intent. We explicitly frame this work within the design science research (DSR)
paradigm [33], where the primary contribution is the design and feasibility analysis of a
novel educational artefact (the workflow) to address a specific practical problem. Con-
sequently, the evaluation is qualitative and illustrative, focusing on the structural and
semantic quality of the generated requirements rather than on quantitative measures of
student performance or learning outcomes.

4.2. Artefacts and Baseline Process

A motivational model was selected as the basis for this case study. This model was
originally developed for classroom use and has been refined over several years of teaching
motivational modelling across software engineering and IT project subjects. Over this
period, students have contributed to the evolution of this example through coursework,
capstone projects, and internal research activities centred on improving motivational mod-
elling practices and tooling. As a result, the model is representative of the kinds of systems
students work with in industry-partnered projects, containing multiple functional, emo-
tional, and quality goals. Its structure makes it suitable for demonstrating both the strengths
and limitations of the translation workflow.

To establish a baseline, we apply the previously published algorithmic procedure for
translating motivational models into user stories [17]. The process involves identifying
subtrees, creating corresponding epics, and generating user stories for each branch based on
associated roles, functional goals, and quality or emotional constraints. Although system-
atic, this manual translation process requires careful reading of the model and is sensitive
to individual interpretation. Prior work has shown that user stories generated manually
from motivational models often lack consistency or completeness and may be phrased
awkwardly [34]. These limitations provide a strong motivation for investigating how LLMs
might support refinement while preserving alignment with stakeholder intent.

4.3. LLM-Assisted Workflow

The proposed workflow extends the manual baseline by incorporating LLM-based
refinement as a semi-automated step. The workflow consists of six stages:

1. Motivational Model Creation: Motivational models are created using the AMMBER
tool (Version: 2025.2) [35], which provides a visual environment for representing
stakeholder roles, functional goals, quality attributes, and emotional goals.

2. Manual Extraction: Key elements of the model (leaf functional goals, associated quality
and emotional goals, and stakeholder roles) are manually extracted. This ensures
that any LLM input is grounded in an accurate, human-curated representation of
stakeholder motivations rather than inferences made by the model.

3. Prompt Formulation: Extracted elements are converted into structured prompts.
Prompts specify the epic, role, and associated goals and request improved phrasing or
clearer user story articulation. Prompt design follows recommended best practices for
minimising hallucination and guiding LLM attention toward narrative consistency.

4. LLM Processing: Prompts are submitted to SparkAI, the University of Melbourne’s
LLM interface powered by GPT-4o. All model runs were executed with a temperature
of 1.0. This parameter was chosen to encourage linguistic diversity and alternative
phrasings, thereby providing a richer set of options for students to critique and
validating their ability to act as the human-in-the-loop. The model generates refined
user stories that expand, rephrase, or reorganise the original content.
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5. Human Review and Error Correction: Generated user stories are analysed for align-
ment with the original motivational model. Additions, deletions, and modifications
are examined to determine whether they reflect stakeholder intent or introduce dis-
crepancies. This step maintains a human-in-the-loop process, consistent with peda-
gogical goals of preserving student agency and avoiding overreliance on automation.

6. Finalisation: A final set of user stories is produced, incorporating beneficial refine-
ments while discarding incorrect or speculative additions. This final set represents
the output of the LLM-assisted workflow.

This workflow is designed to enhance traceability, consistency, and clarity while
ensuring that human judgement remains central to the requirements process.

4.4. Analysis Procedure

Our analysis focuses on comparing differences between (1) manually generated user
stories (baseline) and (2) LLM-refined user stories (workflow output). To enhance the
trustworthiness of the analysis, two researchers independently examined the outputs
produced by SparkAI. Each researcher generated annotations and reflections on structural
changes, intent drift, additions, omissions, and alignment with the motivational model.
Following this independent review, a series of consensus meetings were held to discuss
discrepancies, reconcile interpretations, and validate the final analytical judgements. This
process provided analyst triangulation, allowing us to identify systematic patterns in the
LLM’s behaviour while minimising individual bias. Our analysis was qualitative and
interpretive in nature.

The comparison examines:

• Structural changes: whether the LLM reorganised or restructured stories into clearer
hierarchies.

• Lexical and semantic modifications: including changes in verb choice, tone, or granularity.
• Intent drift: instances where the LLM adds purpose statements (“so that” clauses) not

present in the motivational model.
• Additions and expansions: such as new constraints, quality attributes, or assumptions

inserted by the LLM.
• Omissions or simplifications: cases where model elements were ignored or condensed.
• Alignment with functional, quality, and emotional goals: assessing whether LLM

output remains faithful to the structure and logic of the original model.

This interpretive analysis allows us to characterise the types of refinements LLMs can
beneficially contribute, the risks they introduce, and the degree to which the workflow
supports consistency and correctness.

5. Motivational Modelling in Practice: Teaching Context and
Example Artefacts

To demonstrate how large language models can support the transition from motiva-
tional models to user stories, this study draws on a set of instructional artefacts routinely
used in our software engineering teaching. These artefacts are created using AMMBER [35],
a tool that represents a longitudinal educational project in itself. Since 2017, AMMBER has
been iteratively developed and maintained by successive cohorts of students, allowing us
to rapidly adapt the platform to new technologies. In this latest iteration, we utilise this
flexible infrastructure to investigate a new workflow design involving Gen AI.

The artefacts originate from an established pedagogical approach that introduces moti-
vational modelling through a two-stage process. The first stage is a controlled brainstorming
activity using the do/be/feel method [36], in which students and clients collaboratively
identify stakeholders (who), functional goals (do), quality goals (be), and emotional goals
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(feel). The second stage involves converting the four lists into a single motivational model
that captures the project on one page. This model is then revised iteratively as client
understanding deepens. In our teaching practice, these models are validated with clients
and assessed by project mentors, who provide feedback on clarity and alignment with
stakeholder intent.

Running Example

To contextualise the workflow, we adopt a simplified motivational model used fre-
quently in class.

The scenario involves an undergraduate project team building a simple real estate web
application for a client. The account here is a simplification, and a more complete version
can be found in [34]. During the do/be/feel exercise, the team produced the following lists:

• Who list: Buyer, Seller, Developers, Client, Admin;
• Do list: Real Estate for COMP30022 project, Browse and Search, Buy, Sell, User

Account, Moderate;
• Be list: Easy-to-use, Clean, Professional, Secure, Honest;
• Feel list: Proud, Interested, Confident, Empowered, Authoritative.

These terms are intentionally broad. As noted by [37], ambiguity in desired qualities
or emotions can be productive because it prompts clarification and negotiation with clients.
After completing the brainstorming, students apply a seven-step procedure taught in
lectures to construct the motivational model. The steps involve clustering functional
goals, building the functional hierarchy, and annotating it with stakeholder roles, quality
attributes, and emotional goals. The first and final stages of the process require validation
with the client to ensure that the diagram accurately captures their expectations.

Figure 1 summarises the notation used in motivational models. This figure serves as
the standard key for reading the subsequent diagrams in this paper. A simplified version of
a motivational model for a real estate app developed by students is shown in Figure 2. This
model illustrates typical structural elements, including functional decomposition, qualities
attached to specific goals, and emotional goals linked to stakeholder experiences. The larger
model has multiple levels of functional goals, rather than the two levels in the figure.

Figure 1. Symbols used in motivational models.

In this example, five functional goals appear under the central application node: View
Reviews, Browse and Search, Buy, Sell, User Account, and Moderate. Stakeholder roles are
placed in proximity to the functional goals with which they are associated. Qualities and
emotional goals appear as clouds and hearts, respectively. Although the model could be
improved, it provides a realistic illustration of the artefacts students produce. The model
also serves as the central hub for downstream requirements engineering. Students use it to
subsequently derive user stories and ensure traceability between high-level motivations
and detailed requirements.

This teaching context is important for the present study because the same artefacts
are used to evaluate our semi-automated workflow. The real estate app model and addi-
tional models used in class allow us to explore how an LLM refines manually produced
user stories, where intent is preserved, and where new interpretations are introduced.
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The AMMBER tool [35] is used to construct and revise these models, ensuring consistency
with contemporary practice in motivational modelling.

Figure 2. A simple motivational model developed by students.

6. Transforming Motivational Models into User Stories
This section presents the application of the baseline algorithm and the LLM-assisted

workflow to the example motivational models described earlier. It serves as both an
illustration of the translation process and an examination of the types of refinements,
additions, and discrepancies introduced by the LLM. While prior work established an
algorithmic mapping from motivational models to epics and user stories [17], our focus
here is on how the integration of GenAI modifies the resulting artefacts and what this
reveals about the feasibility and risks of semi-automated requirements refinement.

6.1. Baseline Algorithm

We begin with the established procedure for translating a motivational model into
user stories. The algorithm, originally presented in [17] and refined in subsequent internal
work, proceeds as follows:

• Create an epic for each subtree of the motivational model.
• Name each epic using the label of its corresponding subtree.
• For each branch, create a user story in which the role is taken from the stakeholder

associated with the subtree and the action is the functional goal, qualified by associated
quality or emotional goals where relevant.

This algorithm is systematic, yet sensitive to interpretation. Differences in phrasing,
granularity, and narrative coherence frequently arise when students execute the method
manually. These limitations motivate the integration of an LLM-based polishing step.

6.2. Example 1: Real Estate Platform

We first demonstrate the simplified motivational model for an electronic marketplace
supporting real estate transactions. The simplified version of the model is given in Figure 2.
A version with more functional goals is given in [34]. We perform an analysis of the result
of polishing part of the model below. The following prompt was submitted to SparkAI:

Can you improve the expression of the following user stories:

Epic: Buy, sell, search real estate properties, proudly and in an easy-to-use,
clean, professional manner.
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1. As a buyer, I want to be able to browse and search properties, and remain
interested through the process.
As a buyer, I want to also be able to:

(a) Look up items using keywords
(b) Browse listings
(c) Look up a seller account
(d) Contact a seller

2. As a Buyer, I want to be able to buy properties confidently and feel secure.
As a buyer, I also want to be able to:

(a) Place an order
(b) Modify an order
(c) Add listings to cart

SparkAI returned an expanded and reorganised output:

Real Estate Platform User~Stories

Epic: Buy, Sell, and~Search Real Estate Properties
Goal: Provide a user-friendly, professional, and~engaging~platform.

As a Buyer
- Search using keywords and filters
- View listings with images, virtual tours, and~neighbourhood details
- Contact sellers and schedule viewings
- Save favourites, compare listings, and~receive notifications
- Place, modify, or~withdraw offers using secure payment~options

As a Seller
- Create professional listings with images and pricing
- Respond to buyer enquiries and manage viewings
- Review and process offers securely

Analysis

The LLM introduced several substantial changes:

• A new seller role was added, despite not appearing in the model fragment. As depicted
in Figure 2, there is a seller role, and the addition is sensible.

• The LLM introduced numerous capabilities (virtual tours, notifications, neighbour-
hood details).

• Purpose clauses and hierarchical structuring were added throughout.
• Several assumptions were inserted, including secure payments and buyer–

seller messaging.

These changes result in a more complete-looking specification. The polished user
stories also introduce new requirements not grounded in the underlying motivational
model. This example demonstrates two phenomena. One is the potential of LLMs to
enhance clarity. The other is the risk of unintentional scope expansion. Both phenomena
reinforce the importance of human-in-the-loop validation.

6.3. Example 2: Motivational Modelling Tool

Our second example concerns the development and promotion of a modelling tool.
The complete model is described in [17]. The leftmost subtree of the model is shown in
Figure 3, redrawn using AMMBER.
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Figure 3. Fragment of a simple motivational model.

Applying the baseline algorithm to the complete model yields the following set of
user stories. The first epic corresponds to the model fragment in Figure 3.

• Epic: Promote

– As Owner, I want to be able to demonstrate to industry.
– As Owner, I want to be able to demonstrate to academia.

• Epic: Research

– As a Researcher, I want to be able to collect data by survey.
– As a Researcher, I want to be able to collect data by interview.
– As a Researcher, I want to be able to analyse data.

• Epic: Improve MMTool

– As a Student, Intern or Software Engineer, I want to be able to extend the MM tool.
– As a Student, Intern or Software Engineer, I want to be able to test by system testing.
– As a Student, Intern or Software Engineer, I want to be able to test by regression testing.
– As a Student, Intern or Software Engineer, I want to be able to maintain by

corrective maintenance.
– As a Student, Intern or Software Engineer, I want to be able to maintain by

perfective maintenance.

To refine the phrasing, these user stories were provided to SparkAI using the
following prompt:

Can you improve the expression of the following user stories?

We deliberately employed simplified prompts to both minimise the influence of
prompt engineering and to simulate a minimum effort scenario typical of novice use. This
enabled us to focus analytically on the LLM’s default refinement behaviours, including

https://doi.org/10.3390/info17020166

https://doi.org/10.3390/info17020166


Information 2026, 17, 166 14 of 19

additions, omissions, and shifts in intent, rather than on performance optimised through
highly structured instructions. SparkAI produced the following refined set of user stories:

User Stories for Project Management Tool

Epic: Promotion and Outreach
As an Owner
1. I want to showcase our tool's capabilities to industry professionals

so that we can attract potential clients and partnerships.
2. I want to present our tool's research applications to academia

so that we can foster collaborations and gain~credibility.

Epic: Research Facilitation
As a Researcher
1. I want to design and conduct surveys through the tool

so that I can efficiently collect quantitative data.
2. I want to schedule and manage interviews

so that I can gather qualitative data in a structured manner.
3. I want to use built-in data analysis features

so that I can process and interpret collected data~effectively.

Epic: MM Tool Enhancement
As a Student, Intern, or Software Engineer
1. I want to extend the tool's functionality

so that I can add new features or integrate with other systems.
2. I want to perform comprehensive system testing

so that I can ensure the tool's functionality and reliability.
3. I want to conduct regression testing after updates

so that I can confirm changes have not affected existing features.
4. I want to carry out corrective maintenance

so that I can fix bugs promptly.
5. I want to implement perfective maintenance

so that I can improve performance and user experience.

Analysis

Several types of changes are evident. The most immediately visible is the renaming of
the system to a Project Management Tool. This is an incorrect inference and a clear example
of an error that must be corrected.

More subtle changes involve the insertion of intent clauses. For instance, the clause so
that we can attract potential clients and partnerships does not appear in the original motivational
model; while plausible, this addition reflects speculation and requires validation.

Similarly, the refinement of test by system testing into perform comprehensive system testing
introduces a new quality attribute (comprehensive) that was not present in the model. Such
additions may be beneficial, but only when confirmed with stakeholders. The replacement
of verbs with near synonyms (e.g., demonstrate → showcase) also requires inspection for
unintended shifts in meaning. These kinds of semantic expansions echo findings from prior
work using LLMs to refine student writing [38].
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7. Discussion
Developing software requirements is an iterative and socially negotiated process.

Requirements rarely originate as complete and stable statements; instead, they emerge
gradually through cycles of elicitation, clarification, and refinement among software engi-
neers, system owners, and end users. Motivational modelling has proven effective in our
teaching practice as a high-level elicitation technique because it foregrounds functional,
emotional, and quality goals in a single shared artefact. Prior work has demonstrated
that motivational models can serve as a generative structure for deriving rudimentary
user stories [17,30,36]. However, these first-pass stories often remain awkwardly phrased,
incomplete, and inconsistently mapped to the model. These shortcomings motivate our
exploration of how large language models might assist in refining user stories while pre-
serving the strengths of the modelling process.

We also reflect on how the findings of our case-based investigation address the research
question: How can large language models be effectively integrated into requirements engineering
teaching to improve the translation of motivational models into user stories while strengthening
scalability, consistency, reliability, and student agency? Our discussion is organised around
four dimensions central to this question: (1) the effective integration of LLMs into RE
teaching; (2) improvements to the translation process; (3) implications for scalability, con-
sistency, and reliability; and (4) the preservation of student agency and the avoidance of
metacognitive offloading.

Reflecting on our experience with over 2400 students using previous versions of the
tool, we place particular emphasis on how this new Gen AI workflow impacts the cognitive
process (unlike the purely manual modelling of the past).

7.1. Integrating LLMs into Requirements Engineering Teaching

Our analysis indicates that LLMs can be productively integrated into RE teaching
when embedded within a structured, human-in-the-loop workflow. Motivational modelling
provides a high-level representation of stakeholder roles, functional goals, and emotional
and quality attributes that can be used as a stable anchor for LLM-assisted refinement.
The LLM is not asked to generate requirements from scratch; instead, it builds on an existing,
validated model, making its role complementary rather than generative. This approach
mitigates the risk of LLMs fabricating system goals or introducing domain-incongruent
interpretations. As a result, the workflow fits naturally into RE teaching practices, in which
students already apply structured modelling techniques and engage in iterative refinement
cycles. While this study focuses on motivational models, the underlying principle—using a
validated, high-level artefact to anchor and constrain Gen AI output—is generalisable to
other requirements modelling notations such as goal models, BPMN, or Use Case diagrams.

7.2. Improving the Translation of Motivational Models into User Stories

The examples illustrate that LLMs can meaningfully enhance the clarity, structure,
and completeness of user stories derived from motivational models. The LLM routinely
reorganises fragmented stories into coherent hierarchies, refines awkward formulations,
and introduces narrative conventions common in user story practice, such as “so that”
clauses. These refinements can support novice requirements engineers who may struggle
with articulating intent, naming actions, or producing consistent phrasing. At the same
time, the analysis shows that LLMs introduce additions (e.g., new actions, quality attributes,
and purposes) that exceed the motivational model, and while these expansions may be
reasonable from a domain-knowledge perspective, they still require human validation to
ensure they reflect stakeholder intent. This confirms that LLMs offer value primarily as
refinement assistants rather than autonomous translators.
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7.3. Scalability, Consistency, and Reliability

A key finding is that the workflow offers pedagogical and practical scalability.
With large cohorts, the manual translation of motivational models into user stories of-
ten produces wide variation in quality, phrasing, and completeness. The LLM-refined
outputs demonstrate more standardised narrative structure and wording, supporting con-
sistency across student teams. In teaching contexts where multiple groups work with the
same client, this consistency is especially beneficial.

Reliability, however, remains a qualified outcome. The LLM sometimes introduces
inaccurate assumptions, as demonstrated by the transformation of demonstrate into showcase,
the insertion of emotional or quality attributes (comprehensive system testing), or the incorrect
inference of an entire subsystem (e.g., transforming Notice into a full notification system).
These examples show that while LLMs can elevate linguistic quality, they cannot infer
authentic stakeholder motivations. This reinforces the need for a workflow that embeds
human judgement at multiple points, ensuring that scalability gains do not compromise
the fidelity of requirements.

7.4. Preserving Student Agency and Avoiding Metacognitive Offloading

An important dimension of the research question concerns student agency. Recent
work warns that GenAI tools can induce metacognitive laziness [31], leading learners to
outsource judgment, exploration, and problem-framing to automated systems. Our work-
flow counters this risk by requiring students to extract model elements manually, formulate
prompts, critically review LLM outputs, and validate refinements against the motivational
model. These steps encourage reflective comparison, deepen understanding of functional
and emotional goals, and maintain conceptual ownership over the requirements. In this re-
spect, the workflow aligns with the principles of hybrid human-AI intelligence [24], where
AI augments but does not replace human reasoning. The iterative cycle—modelling, LLM
refinement, human validation, and model adjustment—strengthens students’ modelling
competence and fosters a more active engagement with requirements engineering tasks.

However, we must also guard against subtle norm-setting, where students might
unthinkingly adopt the LLM’s preferred structure and tone as the “correct” standard. This
shifts the pedagogical focus: assessment practices must evolve to evaluate the quality of the
student’s critique and validation logic, rather than solely grading the final polished text.

7.5. Lessons Learned

From this investigation, we identify several takeaway lessons that can inform both
software engineering education and future RE research:

1. LLMs are most effective when refining, not generating, requirements. Starting from
a validated motivational model reduces hallucinations and anchors LLM output in
authentic stakeholder goals.

2. Human-in-the-loop validation is essential for reliability. LLMs introduce plausible
but unverified additions; without structured review, these can lead to intent drift or
requirements misalignment.

3. The workflow enhances scalability and consistency in teaching. Standardised, LLM-
assisted refinements help large cohorts produce clearer and more uniform user stories
without suppressing individual reasoning.

4. Comparative review of LLM outputs supports deeper learning. Students learn from
observing how the LLM rephrases, elevates, or extends their initial stories, producing
opportunities for reflection on ambiguity, scope, and stakeholder intent.

5. The approach preserves student agency and mitigates metacognitive offloading. By
requiring manual extraction, careful prompt design, and critical evaluation of outputs,
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the workflow avoids overreliance on the LLM and strengthens students’ analytical
and modelling skills.

7.6. Limitations

It is important to acknowledge the limitations of this study. The evaluation relies on
expert analysis of instructional artefacts rather than quantitative data regarding student
performance or learning outcomes. While the case study demonstrates the feasibility and
qualitative benefits of the workflow, we have not yet conducted a controlled experiment
to measure the impact on student grades, time-on-task, or long-term retention of RE
concepts. Future iterations of this research will aim to capture these behavioural and
pedagogical metrics.

Taken together, these findings demonstrate that LLMs can support, but not replace,
the cognitive and interpretive work required in requirements engineering. When integrated
within a principled workflow grounded in motivational modelling, LLMs offer a promising
avenue for improving RE teaching while maintaining the centrality of human judgment.

8. Conclusions
We have described a role for Gen AI in polishing user stories generated from the moti-

vational model. Gen AI assistance provides three advantages. First, it makes suggestions
as to the intent of the user story, which the requirements engineer is free to adopt or reject.
Second, by changing the language, it is potentially suggesting new requirements, which
the engineer is similarly free to adopt and reject. Third, it improves the readability of the
requirements and makes the process of developing polished user stories more efficient.

The method has been shown to be effective in improving student work in software
engineering subjects. Future work will be to test it in more ongoing projects. Another
piece of future work is to augment the AMMBER tool to generate user stories directly
from AMMBER and develop a workflow that integrates an LLM to refine the user stories.
As multimodal large language models become more capable, future research should ex-
plore processing the visual motivational model directly alongside text. This aligns with
emerging findings in educational technology suggesting that multimodal inputs can sup-
port personalised vocabulary learning [39] and enhance performance in complex domain
tasks [40]. Moving from our current text-only workflow to a multimodal approach would
further reduce the manual extraction burden while retaining the pedagogical benefits of
the visual notation.

Our conclusion came after attempting unsuccessfully to have students generate user
stories directly, usually with a carefully structured prompt. In one case, students involved
in a master’s software engineering project spent several weeks trying to develop coherent
stories. It would have been much easier to stick to concepts directly related to the motiva-
tional model. We also supervised a student research project [41] to generate user stories
automatically. The student tried to validate his process without reference to the underlying
model, and no insights were gained.
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