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ABSTRACT

[Context] Agile Software Development (ASD) and reuse strategies
are increasingly used to improve software productivity and main-
tainability. However, while reuse relies on structured and traceable
artifacts, ASD often depends on informal elements such as user
stories, limiting opportunities for systematic reuse. A recent taxon-
omy proposes classifying user stories to support traceability and
asset reuse, but manual classification remains labor-intensive and
error-prone. [Objective] This study investigates whether Large
Language Models (LLMs) can automate the classification of user
stories using a reuse-oriented taxonomy, reducing manual effort
while preserving annotation quality. [Method] We adopted an
explanatory sequential mixed-methods approach. First, a two-step
prompting protocol was applied to classify user stories from 12
real-world projects using GPT-4-turbo. Then, we compared model
outputs to expert annotations, measuring agreement and quali-
tatively analyzing disagreements to identify causes and propose
corrective actions. [Results] The LLM achieved a 48.1% agreement
rate with human labels, with project-specific performance ranging
from 14.0% to 84.4%. Notably, in 46% of disagreement cases, the
LLM’s classifications were judged more appropriate than the hu-
man label, and in only 25% the human labels were judged to be
correct, highlighting inconsistencies in the human annotation pro-
cess despite prior validation. [Conclusion] These initial findings
suggest that LLMs can effectively assist in classifying user stories
for reuse purposes. Beyond reducing labeling effort, they offer the
potential as reviewers in collaborative workflows to improve con-
sistency, transparency, and the overall quality of software artifact
organization.
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1 Introduction

Agile Software Development (ASD) has become the dominant para-
digm in modern software engineering, emphasizing adaptability,
rapid feedback, and incremental delivery [8]. Its lightweight pro-
cesses, particularly the use of user stories to capture functional
goals, have enhanced team collaboration and responsiveness to
change [23]. However, this flexibility often comes at the cost of
structure: user stories are typically informal, inconsistently phrased,
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and tied to local project contexts, which limits their potential for
systematic reuse, traceability, and integration with other develop-
ment artifacts [22, 27].

Recent empirical studies highlight this issue, revealing that agile
teams frequently manage fragmented and semantically inconsistent
requirements data [5, 9, 15]. Without a shared semantic structure,
it becomes challenging to link user stories to downstream elements
such as implementation tasks, test cases, and architectural deci-
sions [11]. This lack of formalization hinders the development of
intelligent tools that rely on structured knowledge for traceability
and automation [10].

To address this, researchers have proposed using functional tax-
onomies to classify user stories into predefined categories, facilitat-
ing reuse and supporting semantic enrichment [20, 26]. One such
initiative is the Web Information Systems (WIS) taxonomy. Web
Information Systems (WIS) refer to web applications that manage
and process structured information, and the WIS taxonomy orga-
nizes user stories according to reusable, domain-specific (Module,
Operation) labels [7]. This taxonomy has been manually applied
in previous work to enhance the discoverability and traceability of
software development assets.

In parallel, advances in Large Language Models (LLMs) have
transformed how developers approach programming tasks, includ-
ing code completion, code review [2], and Technical Debt manage-
ment [1]. More recently, these models have also shown promise
in earlier stages of the software life cycle—such as requirements
structuring, classification, and defect detection—enabling partial
automation of traditionally manual and cognitively demanding ac-
tivities. For instance, a recent review of 395 LLM-focused software
engineering studies found that over 20% addressed classification
tasks [14]. Models such as BERT and its variants have shown high
performance in classifying functional and non-functional require-
ments [13, 18, 24], especially in zero-shot scenarios. However, the
application of LLMs to classify user stories—despite their prevalence
in agile practice—remains largely unexplored.

To bridge this gap, this preliminary study investigates whether
general-purpose LLMs can perform zero-shot classification of user
stories using the WIS taxonomy [7], without domain-specific tuning.
We evaluate the performance of this approach using real-world
agile project data and compare model-generated classifications to
expert annotations. This paper presents a mixed-methods study
combining quantitative agreement metrics with a qualitative review
of disagreement cases. Our findings provide empirical evidence on
the feasibility of integrating LLMs into requirements structuring
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workflows, and they highlight both opportunities and challenges
for combining taxonomies with generative Al to support intelligent
software engineering practices.

The remainder of this paper is structured as follows: Section 2 in-
troduces the WIS taxonomy and summarizes related work. Section 3
details our classification protocol. Section 4 presents and discusses
the results. Section 5 points out the implications of our findings.
Section 6 outlines threats to validity. Finally, Section 7 concludes
the paper and paves the way for future work opportunities.

2 Background and Related Work

This section introduces the functional taxonomy used in our study
to guide the classification of user stories and related work on re-
quirements classification with LLMs.

The WIS Taxonomy for User Story Classification. To struc-
ture the functional classification of user stories, we adopted the
taxonomy proposed by Dilorenzo et al. [7], which was originally
designed to support the reuse of development artifacts in the con-
text of WIS. This taxonomy emerged from the systematic analysis
of real-world development artifacts—such as issue tracker entries
and user stories—collected from over 25 software projects.

The WIS taxonomy provides a domain-specific schema to anno-
tate and organize user stories based on their functionality. It was
created to improve semantic traceability, facilitate reuse, and reduce
inconsistencies in requirements documentation across teams and
projects. The taxonomy is structured along two axes:

(1) Module: Defines a high-level functional area of the system.
The taxonomy includes three mutually exclusive modules:
o Registration: Encompasses CRUD operations (Create, Read,

Update, Delete) related to persistent entities in the system.

o Authentication: Covers identity and access management
operations, including login, account creation, password
recovery, and permission validation.

o Management:Includes support and administrative features,
such as viewing dashboards, exporting reports, and send-
ing notifications.

(2) Operation: Specifies the functional action described by the
user story. Each operation belongs to one and only one mod-
ule. For example:

e The operation “Insert Data” belongs to the Registration
module.

e The operation “View Dashboard” belongs to the Manage-
ment module.

o The operation “Reset Password” belongs to the Authenti-
cation module.

A single user story may be associated with multiple (Module,
Operation) pairs, especially when it spans different functional con-
cerns. This allows for multi-label classification and supports richer
semantic annotation.

In the original validation study [7], the taxonomy was applied
to label over 1,000 user stories and development tasks. Experts per-
formed annotations manually and followed a structured guideline
to ensure consistency. In our study, we reuse this validated dataset
and adopt the same labeling scheme to evaluate whether LLMs
can accurately replicate or complement human annotations. By
integrating this taxonomy into our prompting strategy, we aim
to explore its suitability as a scaffold for LLM-based classification,
especially in agile contexts where requirements are often informal
and unstructured. This approach also allows linking user stories to
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other software artifacts via semantic labels, enabling more intelli-
gent tooling and enhanced reuse.

Related Work. Classification tasks represent one of the most
extensively explored and impactful applications of LLMs in Soft-
ware Engineering. A recent systematic review of 395 studies found
that over 20% addressed classification problems [14]. Within this
space, requirements classification has emerged as a central research
focus, particularly for its potential to improve early-stage analysis,
risk detection, and automation.

Most existing work centers on classifying requirements into func-
tional and non-functional types or identifying fine-grained quality
attributes. Approaches such as NoRBERT [13], PRCBERT [18], and
FNReq-Net [24] have demonstrated state-of-the-art performance
using pre-trained models like BERT, often via fine-tuning or prompt-
based strategies. These models achieve F1-scores exceeding 90% on
benchmark datasets such as PROMISE and NFR-Review, substan-
tially outperforming traditional machine learning baselines.

For instance, Hey et al. [13] demonstrate that transfer learning
with BERT improves robustness across unseen projects. In con-
trast, Luo et al. [18] apply prompt learning to enable competitive
zero-shot performance. Other studies explore hybrid pipelines that
combine deep learning with feature selection or data balancing to
enhance accuracy and interpretability [19, 24].

Recent research has also investigated classification as a precur-
sor to traceability link recovery. NoRBERT, for example, has been
applied to filter irrelevant requirement segments before link gener-
ation, improving precision [12]. Similarly, T-BERT [16] leverages
knowledge from related tasks, such as code search, to infer trace-
ability links without requiring retraining on each project.

Despite this progress, limited attention has been given to classi-
fying user stories—the primary format for expressing requirements
in agile development settings. One notable exception is the work
of Alawaji et al. [4], which demonstrates that instruction-tuned
LLMs, guided by structured prompts and reusable taxonomies, can
outperform traditional fine-tuned models on this task.

Beyond requirements engineering, thematic analysis and content
classification studies have shown that LLM performance improves
significantly when supported by structured semantic scaffolds. Re-
search by Dali et al. [6], Qiao et al. [21], and Zhang et al. [28] con-
sistently finds that taxonomies, codebooks, and ontologies enhance
interpretability, consistency, and quality in human-in-the-loop set-
tings.

These findings underscore two key insights: (i) classification is a
mature and high-impact domain for LLMs in Software Engineering,
particularly in requirements analysis; and (ii) reusable semantic
structures, such as domain-specific taxonomies, enhance the reli-
ability, consistency, and generalizability of LLM-based classifiers.
Building on this foundation, our study investigates the zero-shot
classification of user stories using a validated functional taxonomy
for WIS [7]—a direction that remains underexplored in current lit-
erature. Such studies are particularly relevant as they bridge the
gap between informal agile artifacts and structured software reuse
practices, fostering more intelligent and automated requirements
engineering workflows.

3 Research Methodology

To evaluate the ability of LLMs to classify user stories according
to a functional reuse-oriented taxonomy, we followed a structured
methodology composed of four sequential steps. These steps com-
bine automated classification with human judgment and are de-
signed to support both quantitative evaluation and interpretive
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analysis. Figure 1 summarizes the overall process, which includes
dataset preparation, prompt-based classification, result compari-
son, and qualitative review of disagreements. This hybrid approach
aims to balance automation with expert insight, enabling us to as-
sess model behavior, detect labeling inconsistencies, and generate
actionable recommendations for refinement.

1.Dataset Preparation
(User Stories + Gold Labels)

v

2. Prompt-Based Classification
(Zero-Shot LLM Prediction)

v

3. Quantitative Comparison
(LLM vs. Manual Labels)

7

4. Qualitative Analysis
(Disagreement Review + Actions)

Figure 1: Methodological Workflow.

3.1 Dataset and Annotation Reference

We reused the dataset originally annotated by Dilorenzo et al. [7],
comprising 238 user stories and 1099 associated implementation
tasks drawn from real-world projects in the domain. Each row in
the dataset corresponds to a (User Story, Task) pair, with a human-
annotated classification consisting of one (Module, Operation) label
from the WIS taxonomy. As such, a single user story may appear
multiple times in the dataset, once for each associated task, and
may receive different labels across those instances depending on
the task context. The dataset is organized as follows:
Structure:

e User stories follow the “As a [role], I want [goal]” format.
e Tasks consist of informal implementation notes extracted
from issue trackers or development logs.

Regarding the annotation process:
Gold standard:

e Fach (User Story, Task) pair was manually labeled with a
(Module, Operation) entry from the WIS taxonomy.

e Annotations were performed by experts, with disagreements
resolved through discussion (see Dilorenzo et al. [7]).

The dataset, gold standard annotations, LLM predictions, and
prompt templates are available online in our Supplementary Mate-
rial (See Artifacts Availability Section).

3.2 Classification Protocol and Prompt Design

To simulate a semi-automated annotation-review loop, we designed
a two-step prompting protocol with GPT-4-turbo.

Step 1 -Initial Classification. In the first step, the LLM receives
the full text of a user story along with all its associated implementa-
tion tasks (combined into a single input). It must return one or more
(Module, Operation) pairs that describe the functionality addressed
by the user story, according to the WIS taxonomy.

Prompt constraints:

o Classifications must be selected from the WIS taxonomy
only.
e Multiple classifications are allowed when well justified.
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e Format: tabular output with columns [User Story, Module,
Operation].
o If classification is not possible, return n/a.

Step 2 — LLM-Based Validation. In the second step, since
empirically we observed that, in a few instances, the LLM created
classifications not in line with the reference taxonomy, the LLM is
prompted to validate and revise its output:

o It must ensure all labels conform to the taxonomy.
o It may reclassify items deemed inconsistent or erroneous.
o No external knowledge or inferred categories are permitted.

The full prompt templates are included in our Supplementary
Material (See Artifacts Availability Section).

3.3 Quantitative Analysis

We computed the number of classifications generated manually
and automatically for each user story by aggregating over the (User
Story, Task) pairs in the dataset. That is, if a user story appeared
in three rows, it had three manual classifications, which could
be redundant. Additionally, the LLM was free to classify the user
stories using as many labels as seemed necessary.

Agreement was computed as follows:

e For each user story, we compared the set of (Module, Opera-
tion) pairs generated by the LLM against the set of human-
annotated pairs.

o A classification was counted as a match only when the pair
matched exactly.

e We then computed the agreement rate as the proportion
of matched classifications over the total number of gold
standard labels.

This analysis was performed at the user story level to reflect the
model’s ability to semantically interpret stories in context, rather
than per (User Story, Task) row.

3.4 CQualitative Analysis

Following the quantitative phase, we conducted a manual review
of disagreement cases. For each user story where the LLM and the
gold standard disagreed, one of the authors examined:

o The full user story text.
e The list of associated tasks.
e The LLM’s classification versus the human annotations.

Each disagreement was categorized into one of the following:

e LLM Error: clear mistake by the model given the available
context.

e Human Annotation Error: the gold standard was judged in-
correct or inconsistent.

o Ambiguous Case: multiple valid interpretations exist; no de-
finitive judgment possible.

As part of the qualitative analysis, each disagreement case was
also assigned a recommended follow-up action to guide future
iterations of the classification process and dataset refinement. The
following categories were used:

o Fix manual classification: Human annotation was judged to
be incorrect based on LLM evidence.

® Refine prompt: The prompt failed to provide sufficient clarity
or guidance for accurate classification.

o Accept justified disagreement: Both human and LLM classi-
fications were deemed reasonable due to ambiguity in the
user story description; disagreement is tolerable.
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o Breakdown the user story: The user story addressed multiple
concerns that hindered classification.

o Extend taxonomy: The taxonomy did not support an other-
wise valid classification.

o Fix both classifications: Both classifications were deemed
incorrect.

These recommendations were derived during expert review and
are intended to inform prompt engineering, taxonomy evolution,
and dataset curation.

4 Results and Discussion

This section presents the results of applying a two-step zero-shot
LLM classification protocol to a dataset of 238 user stories and
1099 associated implementation tasks. We report both quantitative
agreement metrics and qualitative insights, including suggested
actions for improving future classification cycles.

4.1 Quantitative Analysis

We computed agreement rates between LLM-generated classifi-
cations and the human-annotated gold standard, aggregated by
project. A match was recorded when the same (Module, Operation)
pair appeared in both outputs. Table 1 shows the total number of
user stories and tasks per project, and the total number of classi-
fications indicated by manual and LLM annotations per project.
Further, it presents the results, including false positives (FP), where
the LLM predicted a classification not found in the gold standard,
and false negatives (FN), where it failed to predict a valid manual
label. Total Disagreements (TD) correspond to the sum of FP and
FN, and the Agreement Rate (AR) represents the percentage of cor-
rectly matched labels relative to the total number of gold standard
classifications.

Table 1: LLM vs. Manual Classification: Agreement by Project

. Total | Total | Classif. | Classif.
Project | "¢ | Tasks | Manual | LM | FF | FN | TD | AR (%)
P01 2 14 7 9 2 | 4 | 6 | 4545
P02 12 36 10 10 3| 4| 7 | 6667
P03 38 216 12 16 24 | 33 57 40.63
P04 35 101 8 8 19 16 35 37.50
P05 21 136 6 7 8 11 19 4412
P06 45 132 7 11 34 | 46 80 13.98
Po7 8 53 8 12 5 8 13 40.91
P08 19 64 5 4 7| 4 | 11| 6207
P09 12 91 5 6 4 | 6 | 10| 7619
P10 12 54 5 4 13|10 | 23 | 2813
P11 12 75 10 8 3] 2 | 5 | 8438
P12 22 127 6 7 14 | 27 | 41 | 3692

Across all projects, the average agreement rate was 48.1%, show-
ing that the LLM successfully reproduced nearly half of the gold
standard classifications without any domain-specific tuning. While
this suggests promising potential for zero-shot classification, it also
reveals important limitations. For instance, projects P09 and P11
achieved over 75% agreement, while others—such as P06 (13.9%)
and P10 (28.1%)—showed much weaker alignment.

FPs and FNs offer useful insights into model behavior. Projects
with lower agreement—like P03 and P06—presented high volumes
of both FPs and FNs, suggesting a systematic mismatch between
how the LLM interprets requirements and how the taxonomy is ap-
plied. Conversely, some projects with fewer classification pairs (e.g.,
P01 and P08) exhibited lower disagreement volume but still demon-
strated patterns of overgeneralization or under-classification.
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To better understand these gaps, we reviewed the three lowest-
performing projects:

e P06 (13.98%) stood out for its extreme ambiguity. It con-
tained 36 classification pairs derived from vague user stories
like “Improvements” or “Ul Improvements”. Moreover, the
project involved advanced features—Bayesian network con-
figuration and graph analytics—not fully covered by the WIS
taxonomy. These two factors severely affected classification
accuracy and alignment.

e P10 (28.13%) also involved Bayesian networks and complex
analytics (e.g., US06: “metrics thresholds definition”; US09:
“Update CPT”). Additionally, it lacked the standard user story
format, making functional intent harder to infer. Generic
items like “improvements” and “perform adjustments” of-
fered no meaningful signal for classification.

e P12 (36.92%) had lower disagreement counts but still showed
consistent confusion in user stories describing technical en-
ablers rather than end-user functionality. For instance, US21
and US22 focused on creating endpoints for third-party inte-
gration—tasks better characterized as platform capabilities
or infrastructure work, which fall outside the scope of the
WIS taxonomy. Further, these items lacked user-facing goals
and were not framed as user stories, contributing to am-
biguous or forced classifications. Additionally, the project
contained vague placeholders like US13 and US18, both de-
scribed simply as “feature adjustments”, which likely referred
to undocumented hotfixes or minor tweaks made under time
pressure. These lacked any contextual framing necessary
for meaningful classification. Even among user stories that
appeared aligned with the taxonomy, ambiguity persisted.
For example, US09 (“As a user, I want to edit the Curricu-
lum Vitae tags in the developer profile page”) was classified
manually as “Registration/Change data insertion”, while the
LLM returned “Registration/Update data”. The story lacks the
usual “..so that..” justification and contains no acceptance
criteria, making it difficult to judge intent. The associated
implementation tasks (e.g., enabling front-end editing and
adding restrictions) offer limited insight into the underlying
functionality. In this case, both classifications are arguably
valid, but without further context, neither can be definitively
confirmed—highlighting the limitations of both human and
LLM-based interpretation when user stories are underspeci-
fied or poorly constructed.

These examples illustrate that disagreements often reflect three
root causes: (i) poor user story expressiveness, (ii) limited domain
coverage in the taxonomy, and (iii) missing functional context (e.g.,
absence of acceptance criteria or structured format). These observa-
tions motivated the in-depth qualitative analysis in the next section.

4.2 Qualitative Analysis of Disagreements

To better understand the classification mismatches between LLM
predictions and manual annotations, one of the authors manually
reviewed the 307 disagreement cases. Each case was examined to
determine which party provided the most appropriate classification,
based solely on the information available in the user story and its
associated implementation tasks. No assumptions were made about
intent or context beyond what was explicitly written.

Figure 2 shows the distribution of disagreement outcomes. The
LLM was deemed correct in 142 cases (46%), while the manual label
was favored in 78 cases (25%). In 59 cases (19%), both labels were
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considered plausible or the user story was ambiguous. Finally, 27
cases (9%) were judged as incorrect by both parties.

150

142

100

78
50 59

27

LLMm Human Ambiguous Both Incorrect

Figure 2: Disagreement between LLM and manual labels.

Importantly, among the 142 cases judged as “LLM-correct”, 107
(75%) were attributed to human labeling errors. This is particularly
striking given that the gold standard was derived from a previously
validated dataset by Dilorenzo et al. [7], produced through a struc-
tured annotation and consensus process. These findings highlight
a key insight: even validated datasets created by experts can suffer
from annotation drift and inconsistency when applied at scale.

To further understand the nature of these disagreements and
their implications, we analyzed each case and proposed specific
actions. Figure 3 summarizes the recommended actions defined for
each disagreement. The most frequent recommendation was to fix
the manual classification (107 cases), followed by the need to refac-
tor or split user stories (76 cases), often due to vague, overloaded, or
incomplete descriptions. Other cases called for prompt refinement
(39), taxonomy extension (30), fixing both labels (27), or accepting
a justified divergence (28).

114

39

15 2

Breakdown the Fix manual
user story classification

Refing prompt  Extend Taxonomy Fix both Acceptjustified
classifications  disagreemen
taxonomy

Figure 3: Actions for resolving disagreement cases.

These results underscore a fundamental challenge in large-scale
annotation efforts: the inconsistent quality of user stories. Many
lacked clear intent or defined acceptance criteria, rendering clas-
sification inherently subjective, even for human annotators. This
subjectivity often forced reviewers to rely on weak signals to judge
correctness, highlighting the importance of investing in user story
quality for future reuse and automation scenarios. Efforts such
as AQUSA [17] and LLM-based quality assistants [29] may offer
promising directions for enforcing clarity and testability in require-
ment authoring practices.
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5 Main Implications

The findings of this study provide actionable insights for both
researchers and practitioners working at the intersection of agile
requirements engineering and intelligent automation.

Implications for Research. This work contributes to the grow-
ing body of literature on the application of LLMs to requirements
classification. A recent systematic review of 395 papers on LLMs
in Software Engineering found that over 20% focused on classifica-
tion tasks, mostly on distinguishing functional and non-functional
requirements [14]. Yet, user stories, despite being a popular artifact
in agile development [3], remain relatively underexplored.

Our results demonstrate that general-purpose LLMs, when guided
by structured prompts and a domain-specific taxonomy, can per-
form zero-shot classification of user stories with moderate agree-
ment (48.1%) with manual annotators. Moreover, our qualitative
review revealed that in many cases where the model disagreed
with the gold standard, the LLM provided the more appropriate
label. This highlights both the potential of LLMs and the inherent
limitations of manual annotation at scale—even when performed
through a consensus-based process. Based on these findings, we
outline the following research directions:

o Robust Evaluation Frameworks: Future studies should go be-
yond accuracy metrics and incorporate qualitative auditing,
inter-annotator agreement, and confusion analysis. Mixed-
methods approaches—such as the one adopted here—offer
richer insights into the nature and causes of disagreement
between LLMs and manual annotators.

o Advancing Prompt and Model Strategies: Our study employed
a two-step zero-shot prompting protocol. More advanced
strategies—such as few-shot prompting, instruction tuning,
retrieval-augmented generation (RAG), or fine-tuning—should
be explored to improve consistency and coverage in classifi-
cation tasks.

e Evolving and Inducing Taxonomies: Our analysis surfaced
30+ disagreement cases that suggested missing categories
in the WIS taxonomy [7]. This opens an opportunity for
future work on using LLMs to support dynamic taxonomy
refinement or to induce new classification schemes tailored
to different domains or project types.

o User Story Authoring Support: Perhaps the most critical lim-
itation uncovered was the poor quality of many user sto-
ries, which often lacked structure, intent, or sufficient detail.
Tools like QUS [17] and LLM-based evaluators [29] could
be integrated into the authoring process to improve clar-
ity, testability, and downstream reusability, enabling better
automation and smarter classification in the long run.

o Toward Semantically Intelligent Environments: Enriching user
stories with structured labels allows them to serve as se-
mantically typed nodes in knowledge graphs. These graphs
can support intelligent reasoning, traceability, and artifact
reuse—extending the vision of semantically intelligent soft-
ware engineering environments. Similar approaches are al-
ready being used in domains like Industry 4.0 [26].

Implications for Practice. For agile teams and tool builders,
this study provides evidence that LLMs can assist in labeling and
organizing user stories by acting as supportive auditing tools that
enhance consistency and reduce effort. Key takeaways include:

o Structured Backlog Management: Semantically labeled user
stories help teams organize backlogs around functional cate-
gories, improving discoverability and reuse.
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o Lightweight Traceability: Although not the focus of this study,
prior work suggests that categorized user stories can sup-
port traceability to implementation tasks, tests, or design
components [12, 16].

o Tool Integration Potential: Our prompting strategy could be
embedded into requirements management tools to support
semi-automated classification, real-time validation, and qual-
ity feedback—augmenting human analysts without fully re-
placing them.

In short, this study positions LLMs not just as classifiers, but
as collaborative agents that can assist in both the enrichment and
critical review of agile requirements data. It also emphasizes that
high-quality user stories remain a foundational requirement for
realizing the full potential of automation in agile environments.

6 Threats to Validity

This section discusses potential threats to the validity of this study
using the commonly adopted classification [25].

Construct Validity. We treated the WIS taxonomy [7] as the
ground truth for classification. While this provides a consistent ref-
erence, it may introduce risks if the taxonomy lacks sufficient cover-
age or expressiveness for some user stories. Further, our prompting
strategy was developed based on expert intuition and aimed for clar-
ity and coverage. Nonetheless, alternative prompt designs—such as
incorporating few-shot examples, chain-of-thought reasoning, or
external contextual cues—might yield different outcomes. Finally, to
strengthen the interpretability of our findings and mitigate the risk
of misclassifying borderline cases based solely on metric discrepan-
cies, we employed an explanatory sequential mixed-methods design.
This approach combines an initial quantitative evaluation with a
follow-up qualitative analysis of disagreement cases, enhancing the
depth and reliability of our conclusions.

Internal Validity. First, we did not explicitly measure the vari-
ability of the model’s outputs across repeated runs. As LLMs are
inherently probabilistic, different completions may occur even un-
der seemingly deterministic conditions. Second, our evaluation
focused exclusively on a single model configuration (GPT-4-turbo)
with fixed parameters. Alternative architectures, prompt-tuning
strategies, or parameter adjustments might produce different out-
comes, and further studies are needed to assess the robustness of
our results across configurations. Third, while the dataset encom-
passes user stories from various real-world projects—enhancing
ecological validity—it also introduces variability in terminology,
writing style, and detail level, which may act as latent confounding
factors and increase classification complexity. Lastly, some degree
of disagreement between model outputs and human annotations
may arise from the multi-label nature of the task: user stories may
relate to multiple (Module, Operation) pairs, and mismatches may
reflect differences in interpretation or granularity rather than actual
model errors.

External Validity. This study focuses on user stories from the
WIS domain, using a single taxonomy [7]. The findings may not
generalize to other domains (e.g., embedded or safety-critical sys-
tems), languages, or organizational cultures. Further, all user stories
were written in Portuguese and sourced from Brazilian projects,
which may introduce linguistic or contextual biases. Finally, we also
evaluated only one model (GPT-4-turbo), accessed via ChatGPT
between April and May 2025. Future versions or alternative models
may behave differently. Nonetheless, the findings are consistent
with our goal of assessing feasibility in a controlled setting.
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Reliability. A single reviewer performed a qualitative analysis
of disagreement cases between LLM outputs and gold standard
labels. While this mixed-methods approach enhances interpretive
depth, the absence of multiple reviewers may introduce subjectivity
in how disagreements were evaluated. Additionally, the labeled
dataset used originates from a previous manual annotation effort
by Dilorenzo et al. [7]. Although their process followed established
guidelines, we did not re-validate those annotations, and the orig-
inal labeling decisions may carry biases that could influence our
LLM evaluation. Finally, the use of the ChatGPT interface to access
the GPT-4-turbo model introduces reproducibility challenges. The
execution environment may be affected by undocumented updates,
token window management policies, or other backend behaviors
that are not fully transparent or controllable.

7 Conclusion

This study presented a preliminary investigation into the use of
LLMs for the zero-shot classification of user stories, leveraging
a reuse-oriented functional taxonomy. By applying a structured
prompting protocol to a dataset derived from real-world projects,
we observed that GPT-4-turbo was capable of reproducing a sig-
nificant portion of human-provided classifications without prior
fine-tuning.

The qualitative analysis of disagreement cases revealed that
many mismatches were attributable to inconsistencies in manual
annotations, ambiguity in user stories, or representational limita-
tions of the taxonomy, rather than to inherent model deficiencies.
In several instances, the LLM’s output was considered more se-
mantically appropriate than the corresponding human label. These
findings suggest that LLMs, when properly guided, hold promise as
supportive tools in agile requirements engineering, particularly for
structuring informal artifacts as user stories. Although encourag-
ing, the results must be interpreted as exploratory: the study was
limited to a specific taxonomy, domain, and model configuration.

Future work should validate these findings through broader
empirical studies involving diverse taxonomies, multiple review-
ers, and alternative LLM architectures. Moreover, integration with
downstream engineering processes—such as traceability link gener-
ation and knowledge graph population—offers a compelling direc-
tion for extending the practical utility of LLM-assisted classification
frameworks.
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