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Abstract

Refining user stories (USs) into tasks is an important step in agile
software development, as it translates software requirements into
project management artifacts that are assigned to team members.
This story-to-task decomposition can be tedious. In this paper, we
propose and evaluate DELTA, a Large Language Model (LLM)-based
approach that automatically generates tasks from USs and assesses
the quality of the resulting decompositions. We conduct a two-
phase empirical study to evaluate DELTA. In the first phase, we
identify the best-performing DELTA configuration by comparing
different prompting strategies, LLM families, and sizes using text
similarity metrics on human-created and LLM-generated decom-
positions. The comparison based on these metrics did not identify
a single consistently best-performing configuration. Therefore, in
the second phase, we conducted an expert evaluation to determine
whether the observed differences in text similarity are reflected in
expert judgments and whether DELTA’s criteria-based evaluation
module, which uses LLM judges, aligns with expert judgments. Our
results show that DELTA’s evaluation module produces rankings
that align more closely with expert judgments than text similarity
metrics. Moreover, experts generally prefer the top three LLM-
generated decompositions, as ranked by LLM judges, over those
created by humans, and they express a willingness to adopt DELTA.
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1 Introduction

In agile software development, requirements are often captured as
user stories (USs) [8, 26] and stored in issue tracking systems (ITS).
USs are typically manually decomposed into concrete tasks that
define the steps required for their implementation. We refer to this
process as user story decomposition', which involves identifying,
refining, and rewriting tasks. This process bridges requirements
engineering and software development by translating requirements
into tasks. For example, a US in the Connextra format [8, 26], such
as ‘As a student, I want to generate a PDF export of my academic
transcripts,” can be decomposed into three tasks: i. retrieve tran-
script data from the database, ii. implement the user interface for
requesting and downloading the transcript, and iii. implement PDF
export functionality. This story-to-task decomposition helps iden-
tify missing tasks and supports more reliable effort estimation [8].
The importance of US decomposition increases as software de-
velopment practices evolve and LLM-based coding assistants and
agents such as Copilot and Claude become more widely adopted
[19]. USs are typically too abstract to serve as direct inputs for code
generation, whereas the derived tasks provide a more suitable level
of detail for LLM-assisted software development [42].
Practitioners have proposed many techniques for splitting USs
[21], and empirical research shows that only a subset of these tech-
niques recur frequently in practice [28, 30], suggesting that LLMs
could learn and apply these patterns to support US decomposition.
Our research goal is to propose and evaluate an approach for
LLM-based US decomposition and automated quality assessment,
for the purpose of assessing the quality of US decompositions and
evaluating the adequacy of reference-based and criteria-based as-
sessment methods, from the viewpoint of software development
practitioners, in the context of software projects managed in ITS.
To achieve this goal, we propose DELTA (Decomposing USs into
tasks via LLM-based Task Assessment), an LLM-based approach
that, given a US, generates multiple candidate decompositions and
evaluates each using LLM judges against predefined criteria. DELTA
then ranks the candidates and returns the top three to practitioners,
who select the preferred decomposition. The selected decomposi-
tion is incorporated into the ITS to support software development.
We evaluate DELTA through a two-phase empirical study. In
phase one, we investigate which combination of DELTA param-
eters (prompting strategies, LLM families and sizes) leads to the
highest text similarity between human-created and LLM-generated
decompositions, measured with BERTScore, ROUGE-L, and ME-
TEOR. For this evaluation, we sample USs and their tasks from two
real-world datasets (Section 4.2): a proprietary dataset assembled

1Other authors have called this process splitting [10] or disaggregation [8]. We use the
term decomposition as it aligns better with standard software engineering terminology.
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from projects at a collaborating organization, and a public dataset
extracted from an open-source project. Since this comparison did
not identify a single configuration that consistently performed best,
phase two employs a human evaluation with practitioners, who
compare human-created tasks with those generated by DELTA for
USs from real-world projects. This phase examines whether the
differences observed in phase one align with expert judgments, and
whether DELTA’s criteria-based evaluation module, which relies on
LLM judges, produces rankings that align with expert judgments.
This paper makes the following contributions:

(1) We propose DELTA, an LLM-based approach for decom-
posing USs into development tasks. US decomposition is
the primary contribution, and our evaluation assesses the
quality of the resulting decompositions. We release DELTA
publicly to support reuse and replication [29].

(2) We show how prompting strategy (persona-based zero-shot
vs. few-shot), LLM family (GPT, Llama, Mistral), and LLM
size (small vs large) affect decomposition quality, finding
that no single configuration dominates across all conditions.

(3) We report an expert evaluation from a mid-sized software de-
velopment organization, whose practitioners compare human-
created tasks with those generated by DELTA for USs from
real-world projects built with different technologies (.NET,
Java, and Power Apps), and we analyze how well DELTA’s
evaluation module aligns with their judgments.

One striking result of our evaluation is that experts generally pre-
fer the top three LLM-generated US decompositions, as ranked by
LLM judges, over human-created ones. They express a willingness
to adopt LLM-generated decompositions either as-is or with minor
adjustments in their work. Our evaluation reveals that DELTA’s
evaluation module produces rankings that align more closely with
expert judgments than text similarity metrics, making it a better
proxy for US decomposition quality.

The remainder of this paper is structured as follows. Section 2
reviews related work. Section 3 introduces the DELTA approach.
Section 4 presents the design of the first phase of our empirical
study, and Section 5 reports its results. Section 6 presents the design
of the second phase of the empirical study, and Section 7 reports
its results. Section 8 discusses the findings and their implications
and reviews threats to validity. Section 9 concludes the paper.

2 Related Work

LLMs in Software Engineering (SE). There are multiple architectures
for LLMs, with the main distinction being between encoder-only
(e.g., BERT [11]), decoder-only (e.g., GPT, Mistral, Llama), and hy-
brid [50], all representing types of pre-trained transformers. Surveys
demonstrate how much research has been conducted in a short
time on LLMs in SE [13, 17]. Recent studies highlight not only op-
portunities but also challenges, threats, and implications [14, 32, 39].
This paper focuses on decoder-only models that generate responses
from natural language prompts for generating tasks from USs.
Prompting strategies and LLM-as-a-Judge. Researchers and LLM
providers have proposed collections of prompts, with the catalog of
prompts for ChatGPT by White et al. [46] being the most renowned.
We adopt some of these patterns in DELTA’s prompts. First, we
employ the persona pattern, which instructs an LLM to assume a
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specific role (e.g., senior software engineer) when responding to
the prompt. Second, we explore the effectiveness of including a
few input-output examples in the prompt. This is the distinction
between zero-shot learning (no examples) and few-shot learning (a
handful of examples are included) [6].

Zheng et al. [53] established the LLM-as-a-Judge paradigm and
demonstrated that GPT-4 judgments correlate with human prefer-
ences at above 80% agreement across multi-turn dialogue. Building
on this paradigm, G-Eval [25] introduced criterion-guided evalu-
ation, where explicit quality criteria are embedded in the judge
prompt to improve alignment with human evaluations of natural
language generation over ROUGE and BLEU. Wang et al. [45] ana-
lyzed the ability of LLM-as-a-Judge to assess the outputs of three SE
tasks: code translation, code generation, and code summarization.
They found a strong correlation with humans in code translation
and generation, outperforming conventional automated metrics.

USs and their automated processing. USs are the most popular
notation for capturing requirements in agile development [8, 26].
They are often stored in ITS such as Jira or Azure DevOps. Re-
searchers have investigated the use of Artificial Intelligence (AI) to
support development teams working with USs. Existing surveys
summarize the application of natural language processing tools to
USs [35]. Another area of interest is model generation from USs.
Researchers have investigated the automated generation of domain
models [4, 27], business process models [31], goal models [16], and
use case scenarios [15]. Generative AI (GenAl) has also been applied
to US generation [12], with existing approaches generating USs
from requirement documents [36] and interview transcripts [34].

US splitting and decomposition. Previous research has primarily
focused on splitting large USs into smaller USs, whereas research
on the decomposition of USs into tasks remains limited.

Practitioners proposed a catalog of techniques for splitting USs
into smaller USs [21], including workflow steps, variations in data,
business rule variations, and simple/complex. Dellsén et al. [10]
found that vertical splitting is the most commonly used technique.

Ly et al. [28] investigated their application to US decomposi-
tion into implementation tasks and identified the occurrence of
only two techniques, specifically horizontal splitting and workflow
steps, at VX Company. Miiter et al. [30] identified common linguis-
tic structures in developer-written task labels resulting from US
decomposition, but did not relate them to these techniques.

Recent work has used GenAlI to automate US decomposition.
Pavli¢ et al. [33] conducted a controlled experiment in which stu-
dents applied either traditional techniques or GitLab Duo to decom-
pose eight USs of a Jakarta EE system into tasks to implement the
USs. While they found that Al-generated decompositions had low
accuracy and could serve as a checklist, our evaluation combines
automated criteria-based assessment with human expert evaluation,
which shows a preference for LLM-generated US decompositions
over human-created ones.

3 The DELTA Approach

DELTA is an LLM-based approach for decomposing USs into tasks
and evaluating the quality of the resulting decompositions. Fig. 1
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provides an overview; DELTA includes three modules: i. data prepa-
ration and context collection, ii. US decomposition, and iii. auto-
mated evaluation. The modules are executed sequentially, with each
module’s output serving as input to the subsequent module. DELTA
can be configured using prompt templates, allowing decomposition
instructions and evaluation criteria to be adapted to the context of
a specific project or organization.
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Figure 1: Overview of DELTA.

Data preparation and context collection module. DELTA retrieves
USs from an ITS and filters them to remove items that do not
represent functional USs suitable for decomposition, such as release-
related or inactive items. Since labels on work items do not always
reflect their actual content [43], each input must be verified to
ensure it genuinely qualifies as a US by checking whether it specifies
who requests the functionality, what is desired, and, optionally, why.
DELTA then extracts the fields relevant to decomposition, limiting
the input to reduce the risk of performance degradation from long
LLM contexts [24]. Domain description and architectural context
are also required inputs, since they guide decomposition toward
tasks that reflect the system’s design. DELTA incorporates these
into its decomposition prompts rather than relying on Retrieval-
Augmented Generation, favoring concise contextual descriptions to
avoid the overhead of building and maintaining a retrieval pipeline.

US decomposition module. This module generates a set of tasks
for a given US by prompting an LLM with a template. In the prompt
provided to the LLM, we specify a senior software engineer persona,
as software engineers are typically responsible for decomposing
USs into tasks [8, 28]. DELTA supports an extensible library of
prompting strategies, allowing new prompt templates to be added
without modifying the core pipeline. In this paper, we provide one
zero-shot and one few-shot prompt template, both of which are
persona-based. These strategies differ in the amount of contextual
guidance provided to the LLM. Each US is decomposed into a single
prompt invocation to avoid context interference.

To develop the decomposition prompts, we conducted a prelimi-
nary study with real-project data from the collaborating organiza-
tion, which was excluded from the final evaluation to avoid bias
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introduced during prompt development. The process consisted of
the following steps:

1. Prompt initialization. We started with a senior software en-
gineer persona and a decomposition task instruction, adopting the
definition of functional requirements from Jacobson et al. [18] as
presented in Fig. 2. This definition informs the prompt by fram-
ing decomposition as the translation of functional requirements,
expressed as input/output behavior, into implementation tasks.

2. Iterative refinement. We iteratively refined the prompt by add-
ing, removing, and rephrasing instructions while preserving prompt
conciseness. We also explored alternative structures and introduced
explicit hard constraints and an internal reasoning step to reduce
hallucinated outputs (as represented in Fig. 2). The hard constraints
limit the generation of tasks that are not grounded in the US and re-
duce redundant tasks, while the internal reasoning step guides the
model to systematically identify and cover all US requirements be-
fore generating the decomposition. We further incorporated domain
description and architectural context to prevent the generation of
tasks inconsistent with the system architecture.

3. Evaluation. After each prompt iteration, we reviewed the LLM-
generated tasks by comparing them with the human-created tasks
and used our observations to guide subsequent refinements.

4. Documentation. We documented each prompt iteration using
DELTA'’s built-in logging feature.

The resulting persona-based zero-shot prompt serves as the base-
line. The few-shot prompt augments this baseline with three US
decomposition examples drawn from the real-project data used
for prompt development. We used three examples as they yielded
marginally better results than two in preliminary experiments, con-
firming the prior findings that an excessive number of few-shot
examples can degrade performance [41]. We report the prompts fol-
lowing guidelines for LLM usage in SE research [2, 20]. The prompts
and their iterations are available in the replication package [29].
Due to space constraints, Fig. 2 presents the final few-shot prompt
template, which extends the zero-shot prompt with examples.

Automated evaluation module. This module assesses the qual-
ity of US decompositions using the LLM-as-a-Judge paradigm, in
which an LLM evaluates candidate decompositions against prede-
fined quality criteria, assigns scores, and ranks them accordingly.
This module is useful for identifying the highest-quality decomposi-
tions when executing the US decomposition module multiple times,
either with the same LLM or with different LLMs. We adopt the
senior software engineer persona as used in the US decomposition
module for consistency. Each prompt invocation evaluates a single
US decomposition to avoid context interference.

We define five quality criteria for US decomposition from the
literature [26, 44] and adapt them for task-level decomposition:

Completeness. The set of tasks fully covers all activities required
to implement the functionality described by the US and its accep-
tance criteria.

Relevance to US. Each task directly contributes to achieving the
intended outcome of the originating US.

Estimable. Each task is defined clearly enough for the develop-
ment team to reliably estimate its effort or duration.

Separation of Concerns. Tasks represent distinct activities and
minimize overlap and dependencies.
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You are a senior software engineer.

Decompose the following user story into the smallest sufficient set
— of tasks that satisfy all explicit functional requirements.

A functional requirement specifies an action that a system must be
— able to perform, without considering physical constraints; it
< specifies input/output behavior of a system.

HARD CONSTRAINTS:

1) Generate tasks only for requirements explicitly stated in the
< user story or strictly necessary to achieve the described

< input/output behavior.

2) Avoid redundancy; merge closely related work into a single task.
3) If the description adds no meaningful detail beyond the title,

— set description to null.

INTERNAL STEP (do not output):

1) Identify the explicit functional requirements stated in the user
< story (title, description, technical_impact,

< acceptance_criteria, comment).

2) Ensure every requirement is addressed by at least one task.

3) Produce the smallest sufficient set of tasks covering all

< requirements.

EXAMPLES:
{few_shot_examples}

ARCHITECTURE CONTEXT:
{architectural_context}

DOMAIN KNOWLEDGE :
{domain_knowledge?}

USER STORY:
{user_story}

OUTPUT FORMAT:
Return ONLY a valid JSON object.
IMPORTANT: Escape all special characters in strings.

{

"generated_tasks": [{"title": "string", "description":
— "string|null"}]

Figure 2: Few-shot prompt template for US decomposition.

Uniformity. Tasks are formulated using consistent linguistic struc-
tures within the set derived from a US.

Following the same iterative development process described
for the US decomposition prompt, we refined the judge evalua-
tion prompt until a stable formulation was reached. We explored
alternative formulations of the evaluation criteria and different
presentations of a 1-5 scoring scale. We incorporated an instruc-
tion for the judge to assign a confidence score between 0.0 and 1.0
reflecting its certainty in the evaluation. Fig. 3 presents the final
judge prompt template.

To evaluate US decompositions, the automated evaluation mod-
ule ranks candidates using LLM-based judges. DELTA is extensible
and does not assume a fixed number of judges; the number can
be adjusted based on evaluation needs. For each decomposition, it
computes the aggregated criteria score across judges, excluding the
generating LLM to mitigate self-evaluation bias [53]. The module
outputs the top three decompositions ranked by this aggregated
judgment score, with ties resolved using the average confidence
score. These candidate decompositions are presented to the user.

You are a senior software engineer
Evaluate the quality of a user story decomposition into tasks.

1. Review the user story decomposition against these quality
< criteria:
A. Completeness: do the tasks cover all work needed to fulfill
the user story and its acceptance criteria?
Relevance to user story: do the tasks directly contribute to
achieving the goal of the user story?
Estimable: are the tasks defined clearly enough to estimate
effort or time?
Separation of concerns: are tasks divided into distinct
activities with minimal overlap?
E. Uniformity: are the tasks written in a consistent language and
— style?
2. Score each criterion independently before assigning a score on a
— scale from 1 to 5.
3. Assign a confidence_score between 0.0 and 1.0 reflecting how
— confident you are in the evaluation.

r=ror=e

USER STORY:
{user_story}

TASKS:
{tasks}

OUTPUT FORMAT:
Return ONLY a valid JSON object.

{
"completeness": 1-5,
"relevance_to_user_story": 1-5,
"estimable": 1-5,
"separation_of_concerns": 1-5,
"uniformity": 1-5,
"confidence_score": 0.0-1.0,

3

Figure 3: LLM-as-a-Judge prompt template for evaluation.

4 DELTA Configuration Study

We describe the first phase of our study, which aims to identify the
best-performing DELTA configuration by comparing prompting
strategies, LLM families, and sizes using text similarity metrics.

4.1 Research Goal, Questions and Metrics

Fig. 4 presents the conceptual model for RQ1 and RQ2. RQ1 investi-
gates the relationship between the prompting strategy (independent
variable, IV) and the textual similarity (dependent variable, DV)
between LLM-generated and human-created US decompositions.
Specifically, it compares two commonly used prompting strate-
gies [20]: persona-based zero-shot and few-shot prompting, which
differ in the amount of contextual guidance provided to the LLM.
RQ2 enriches the analysis by examining the effects of two moder-
ating variables: model family (MV1) and model size (MV2).

Model family (MV1)‘ Model size (MVZ)‘ Text similarity mefrics

RQ2 RQ2 BERTScore (DV1)

Prompting strategy (IV) ROUGE-L (DV2)

METEOR (DV3)

RQ1

Figure 4: Conceptual model of RQ1 and RQ2.
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RQ1. How do persona-based zero- and few-shot prompting
strategies affect text similarity between LLM-generated and human-
created user story decompositions?

RQ2. How do model family and model size affect text similarity
between LLM-generated and human-created user story decomposi-
tions?

We operationalize text similarity via BERTScore (semantic simi-
larity) [51], ROUGE-L (longest-subsequence lexical overlap) [23],
and METEOR (lexical overlap with stemming and synonym match-
ing) [3] as quality proxies to compare LLM-generated and human-
created decompositions, consistent with prior SE studies on other
generation tasks, such as code summarization [38, 52, 54].

RQ1 and RQ2 establish a reference-based baseline for DELTA’s
outputs, indicating which configurations most closely resemble
human-created decompositions. The reference decompositions were
not generated for this study; software practitioners (primarily soft-
ware engineers or project managers) produced them during sprint
planning and development. They reflect authentic practitioner be-
havior, including variation in task granularity, naming, and com-
pleteness observed in real-world ITS data.

4.2 Datasets and Sampling Strategy

We conducted our study on two datasets: (1) a proprietary dataset
and (2) an open-source dataset to evaluate DELTA across USs and
their tasks that may reflect different decomposition practices.
Proprietary dataset. The dataset was taken from the ITS of VX
Company, a Dutch organization with circa 200 employees that de-
velops and maintains software solutions. We employed convenience
sampling, as the first author is employed at the organization. The
company’s development activities are organized around .NET, Java,
and Power Apps. Each technology is managed by a core team, fol-
lowing an industry-adapted Agile development method. For each
sprint, members are drawn from these teams based on availability
and expertise required to implement USs, resulting in varying team
compositions. USs and their tasks are managed in Azure DevOps.
USs and tasks may be written in Dutch, English, or both. The organi-
zation selected nine systems for analysis. One system was reserved
for the preliminary study to develop and tune the DELTA prompts
and was excluded from the main evaluation to avoid bias. For the
remaining eight systems, we extracted completed USs and their
tasks from past sprints stored in the organization’s ITS.
Open-source dataset. The dataset was collected from an open-
source GitHub repository. We selected Fleet? because its team mem-
bers have consistently documented USs with their tasks using [User
Story] and [Task] tags, and the repository contains a large set of
completed USs, enabling stratified sampling. Fleet provides soft-
ware to secure and maintain computing devices and is developed
in Go and TypeScript. The USs and tasks are written in English.
For both datasets, we evaluated a stratified sample to limit the
computational costs and energy consumption of LLM inference [1].
We categorized USs by field count (as shown in Table 1) into partial
(1-2 fields) or detailed (3-5 fields), then grouped each category
by task count (low, medium, or high, based on the 33rd and 67th
percentiles), yielding six strata. We sampled one US per stratum
per system for the proprietary dataset (8 systems X 6 strata = 48

Zhttps://github.com/fleetdm/fleet
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USs) and eight USs per stratum for the single-system open-source
dataset (48 USs), using a fixed random seed (42) for reproducibility.

Table 1: Extracted US and task fields from ITS.

Field Description

Title Short textual summary of the work item.

Description Detailed explanation of the work item (optional).

Acceptance Conditions that must be satisfied for US completion (op-

Criteria tional; US only).

Technical — Expected effects of implementing the US, such as affected

Impact components, dependencies, and architectural changes
(optional; US only).

Comments Discussion thread on the work item (optional).

Input data. For the samples, we extracted fields listed in Table 1.
The US-verification step was performed manually in the current
implementation, with automation planned for future versions.

Domain description and architectural context. Domain descrip-
tion was limited to three sentences for conciseness. Architectural
context was captured using a template covering frontend, back-
end, infrastructure, and external integrations. Both were manually
validated against existing documentation and repositories.

For the proprietary dataset, we collected domain descriptions
and architectural contexts from software engineers with 20, 26, 31,
and 38 years of experience (YoE) involved in the development of
the evaluated systems. For the open-source dataset, we derived the
domain description and architectural context from project docu-
mentation and source code.

Few-shot example selection. For the proprietary dataset, we se-
lected three representative US decompositions for each production
system that reflect the system, technology, and development prac-
tices of the teams. For the open-source dataset, we randomly se-
lected three examples from the held-out subset, as project-specific
context was not sufficient to identify representative examples.

4.3 LLM Selection and Configuration

Due to data sensitivity and compliance requirements, we restricted
our experiments to organization-approved models deployable in
controlled environments (locally or via Azure AI). We selected
representative models from three LLM families: proprietary GPT
models, open-weight Llama models, and Mistral models with mixed
availability. All selected models are widely adopted, offered by es-
tablished providers, and have demonstrated promising performance
in the preliminary study. For each model family, we consider two
variants: i. the most capable model accessible within our resource
constraints (hereafter referred to as large) and ii. a less resource-
intensive counterpart (hereafter referred to as small). Table 2 sum-
marizes the selected models and their size configurations.

For locally hosted models (Llama 3.1 8B and Mistral Small), the
decoding temperature is set to zero to maximize determinism [37].
For each dataset, USs are decomposed using 12 LLM configurations
(3 families X 2 sizes X 2 prompting strategies), resulting in 576
experiments (48 USs X 12 configurations). Each decomposition,
including human-created ones, is evaluated by six models (624
decompositions X 6 models), yielding 3,744 experiments.
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Table 2: Selected LLMs and model sizes.

Model Family Provider Availability Size

GPT-5.2 . Small
GPT-5 Pro GPT OpenAl  Proprietary Large
Llama 3.1 8B . Small
Llama 3.3 70B Llama  Meta Open-weight Tewgs
M%Stral Small Mistral ~ Mistral Mixed Small
Mistral Large 3 Large

4.4 Statistical Analysis

We apply statistical procedures tailored to each RQ, based on the
data’s distributional properties and the nature of the comparisons.
For each dataset, we compare LLM-generated and human-created
tasks using text similarity metrics. For each generated task, we
compute its similarity to all human-created tasks and retain the
highest-scoring pairs. We first assess the normality of BERTScore,
ROUGE-L, and METEOR score distributions using the Shapiro-Wilk
test. For BERTScore and ROUGE-L, we report the F1 variant, as it
balances precision and recall into a single similarity measure. All
three metrics deviate significantly from normality (p < 0.05). The
complete results are available in the replication package [29].
RQ1. Given that all three metrics deviate from normality, we
use the Wilcoxon signed-rank test [47] to compare zero-shot and
few-shot prompting strategies. This non-parametric test is suit-
able for paired, non-normally distributed data. As three tests are
conducted for each dataset, the probability of obtaining false posi-
tives increases due to multiple comparisons. We therefore apply a
Bonferroni correction to control the family-wise Type I error rate,
yielding an adjusted significance threshold of = 0.017 (0.05/3).
RQ2. We apply the Aligned Rank Transform ANOVA (ART
ANOVA) [48] to examine the effects of model family, model size,
and their interaction on US decomposition quality across the three
text similarity metrics. For each prompting strategy (zero-shot and
few-shot, analyzed separately), we use a 3 X 2 repeated-measures
factorial design with model family (GPT, Llama, Mistral) and model
size (small, large) as within-subject factors. The same 48 USs are
evaluated under all conditions (288 outputs per strategy), with US
modeled as a repeated factor to account for within-story depen-
dence. To control the family-wise Type I error rate across the three
metrics, we apply a Bonferroni correction (o = 0.017 (0.05/3)).

5 DELTA Configuration Study Results

We report the mean (), standard deviation (¢), and the proportion
of tasks with descriptions (pgesc) for the LLM-generated and human-
created US decompositions across the sampled N = 48 USs for both
the proprietary and open-source datasets in Table 3. We provide
statistics for US fields and task titles in the replication package [29].

Table 3 shows that zero-shot prompting yields a higher propor-
tion of tasks with descriptions than few-shot prompting for GPT-5.2,
GPT-5 Pro, Llama 3.3 70B across both datasets, and additionally
for Mistral Large 3 on the proprietary dataset. Few-shot prompting
reduces the mean number of tasks per US across all LLMs and the
standard deviation in five of the six models, with the exception
of Mistral Small for the proprietary dataset and Llama 3.1 8B for
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the open-source dataset. This suggests that the few-shot examples
guide LLMs toward the level of decomposition demonstrated by
those examples, whereas zero-shot prompting provides no such
guidance, resulting in decompositions with more generated tasks.
Llama and Mistral models generally produce more tasks per
US than GPT models, with Mistral Large 3 producing the most
tasks across both datasets. Across all LLMs, the open-source dataset
generally yields a larger number of generated tasks per US than
the proprietary dataset. In contrast, humans produce more tasks
for the proprietary dataset than for the open-source dataset and
show the highest standard deviation in the number of tasks.

Table 3: Task statistics by prompting strategy and dataset.

(a) Zero-shot prompting

Proprietary Open-source
Generator x o Pdesc x O Pdesc
GPT-5.2 3.23 2.22 83.23 6.65 3.40 97.81
GPT-5 Pro 1.96 0.99 85.11 3.00 1.58 99.31

Llama 3.1 8B 5.83 3.75 14.29 8.88 3.72 18.31
Llama3.370B  4.46 2.64 75.23 8.02 2.81 99.48
Mistral Small 481 3.44 28.14 6.75 3.62 33.95
Mistral Large 3  6.06 3.19 100.00 10.19 3.30 99.39

(b) Few-shot prompting

Proprietary Open-source
Generator X O Pdesc X O Pdesc
GPT-5.2 2.81 2.09 61.48 5.44 2.58 84.29
GPT-5 Pro 1.69 0.85 51.85 2.31 0.75 93.69

Llama 3.1 8B 3.73 2.24 18.44 6.83 4.25 82.01
Llama 3.370B  3.00 1.68 21.53 5.56 1.80 51.31
Mistral Small 3.46 3.74 37.95 6.56 3.43 90.79
Mistral Large 3 3.77 1.56 86.74 6.96 1.98 99.70

(c) Human
Proprietary Open-source
Generator X O Pdesc X O Pdesc

Human 5.40 5.55 11.97 4.71 5.04 44.69

In the following subsections, we highlight key findings with %

5.1 Effect of Prompting Strategies on
Human-LLM Text Similarity (RQ1)

Tables 4 and 5 compare the text similarity metrics (DV: BERTScore
F1, ROUGE-L F1, and METEOR) for zero-shot and few-shot prompt-
ing (IV) based on the Wilcoxon signed-rank test. The complete
results are available in the replication package [29]. Significance
is assessed using a Bonferroni-corrected threshold (p < 0.017).
Significant results are highlighted in blue or orange, where blue in-
dicates that few-shot outperforms zero-shot prompting, and orange
indicates the opposite. Darker shades indicate larger effect sizes.
The highest score for each metric is marked with an asterisk ().
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Table 4: Proprietary dataset: Text similarity metrics for US
decompositions across prompting strategies and models.

Prompt Model BERTScore (DV1) ROUGE-L (DV2) METEOR (DV3)
x o x o x [

GPT-5.2 0.676 0.045 0.106 0.142 0.104 0.161

GPT-5 Pro 0.666 0.039 0.091 0.124 0.081 0.109

Llama 3.1 8B 0.684 0.043 0.100 0.147 0.086 0.132
Llama 3.3 70B 0.692 0.047 0.111 0.141 0.101 0.141
Mistral Small 0.688 0.032 0.074 0.112 0.063 0.090
Mistral Large 3 0.681 0.041 0.093 0.120 0.083 0.127

Zero-shot (IV)

GPT-5.2 0680 0045 0113 0136 0129  0.172
GPT-5 Pro 0701 | 0093 [NOM97ZN o250 [OHZEEN 0.189
Llama3.18B [0.725% 009 | 0218% 0282 0158  0.175
Llama3370B 0708 0063 | 0171 019 0146  0.186
Mistral Small  [F0.718°7 0.068 104761 0.205 [F0A28Y 0.136
Mistral Large 3 | 0701 = 0.055 | 0158 | 0.168 | 0137 | 0.153

Few-shot (IV)

Table 5: Open-source dataset: Text similarity metrics for US
decompositions across prompting strategies and models.

Prompt Model BERTScore (DV1) ROUGE-L (DV2) METEOR (DV3)
x o x o x o

GPT-5.2 0.721 0.037 0.220 0.094 0.202 0.117

GPT-5 Pro 0.725 0.034 0.229 0.103 0.236 0.128

Llama 3.1 8B 0.715 0.036 0.195 0.087 0.151 0.083
Llama 3.3 70B 0.733 0.035 0.255 0.102 0.189 0.105
Mistral Small 0.719 0.037 0.230 0.109 0.172 0.121
Mistral Large 3 0.729 0.031 0.235 0.089 0.168 0.089

Zero-shot (IV)

GPT-5.2 07350 0038 102500 o0.104 [0258%] 0.129
GPT-5 Pro 0.742* 0.043 0.283 0.127 0.267 0.149
Llama3188 0710 0035 0171 0091 0122  0.092
Llama3370B 0741 0039  0.298* 0136 0226  0.129
Mistral Small 0707 0.029 0190 0108 0127  0.097
Mistral Large 3 [0742%1 0037 0259 0117 [[02300] 0.144

Few-shot (IV)

Finding 1 % : Few-shot prompting generally improves text sim-
ilarity on the proprietary dataset, whereas improvements vary
across LLMs on the open-source dataset.

On the proprietary dataset, GPT-5 Pro, Mistral Small, and Mistral
Large 3 show significant improvements across all metrics under
few-shot prompting. Llama 3.1 8B improves on BERTScore and
ROUGE-L, while Llama 3.3 70B improves only on ROUGE-L. GPT-
5.2 shows no statistically significant differences across metrics.
Effect sizes ranged from medium to large (r = 0.498-0.807).

On the open-source dataset, GPT-5.2 shows significant improve-
ments across all metrics under few-shot prompting. GPT-5 Pro im-
proves on BERTScore and ROUGE-L, while Llama 3.3 70B improves
on ROUGE-L and Mistral Large 3 improves on BERTScore and
METEOR. Llama 3.1 8B shows a significant decrease in METEOR,
indicating that zero-shot outperforms few-shot prompting, whereas
Mistral Small shows no statistically significant differences across
metrics. Effect sizes were medium to large (|r| = 0.451-0.757).

The open-source dataset contains longer US titles (mean 8 words
vs. 6 words), descriptions (mean 678 vs. 120 words), more com-
ments per US (mean 10.8 vs. 1.5), and longer comments (mean
68 words vs. 41 words) than the proprietary dataset, producing
generally larger decompositions. Moreover, text similarity scores
under zero-shot prompting were consistently higher on the open-
source dataset, indicating greater similarity between generated and
human-created decompositions. The richer information available
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in the open-source dataset may explain why few-shot prompting
led to more variable improvements, as DELTA could make use of
this information even without decomposition examples.

Finding 1 indicates that few-shot prompting generally improves
text similarity compared to zero-shot prompting, but the effects
differ across the datasets.

5.2 Effect of Model Family and Size on
Human-LLM Text Similarity (RQ2)

We present the results of the ART ANOVA analysis separately for
zero-shot and few-shot outputs to avoid confounding the prompting
strategy with the moderating variables: model family (MV1) and size
(MV2). Each prompting strategy comprises 288 US decomposition
outputs per dataset: the same 48 USs X 3 model families (GPT,
Llama, and Mistral) X 2 model sizes (small and large). We present
strength (F), statistical significance (p), effect size (17[2,), and (r,p).
Significance is assessed using a Bonferroni-corrected threshold
(p < 0.017). Table 6 summarizes the main effects and interaction of
model family and size across text similarity metrics. The statistically
significant effects are indicated by "Yes", which is highlighted in
blue, whereas non-significant effects are indicated with "No".

Table 6: Summary of significant main and interaction effects
of model family and model size on text similarity metrics.

Dataset P:;)::&tgirylg Effect of BE:S‘S;;)“ R(()g\(/};’L MET\E;;R
Model family (MV1) Yes No No
Zero-shot (IV)  Model size (MV2) No No No
Proprietary Family (MV1) x Size (MV2) Yes No No
Model family (MV1) Yes No No
Few-shot (IV)  Model size (MV2) No No No
Family (MV1) X Size (MV2) No No No
Model family (MV1) No No Yes
Zero-shot (IV)  Model size (MV2) Yes Yes Yes
Open-source Family (MV1) x Size (MV2) No Yes No
Model family (MV1) Yes Yes Yes
Few-shot (IV)  Model size (MV2) Yes Yes Yes
Family (MV1) X Size (MV2) Yes Yes Yes

Finding 2 % : Model family significantly affects text similarity
metrics in 2 of the 6 evaluated cases for the proprietary dataset
and in 4 of the 6 evaluated cases for the open-source dataset.

On the proprietary dataset, model family significantly affects
BERTScore in zero-shot (F = 19.658, p = 1.28X1078, 17;, =0.143)and
few-shot prompting (F = 17.345, p = 9.41 X 107%, 57 = 0.129). Post
hoc comparisons show that Llama and Mistral achieve significantly
higher BERTScore than GPT (p < .001, |r,p| = 0.549-0.762), with no
significant difference between Llama and Mistral (p = 0.511—0.560).
These results suggest that Llama and Mistral produce outputs that
are more semantically aligned with human-created tasks than GPT.

On the open-source dataset, model family significantly affects
METEOR under zero-shot prompting (F = 12.546, p = 6.66 X 107°,
r]‘f, = 0.096). Post hoc comparisons show that GPT outperforms
Llama and Mistral (p < .001, r,p = 0.648-0.672). Under few-shot
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prompting, model family significantly affects all metrics: BERTScore
(F=7.760, p =5.45 x 107*, 3 = 0.062), ROUGE-L (F = 8.786, p =
2.09x107%, n7 = 0.070), and METEOR (F = 32.411, p = 3.71x10~",
1712, = 0.216). Post hoc comparisons show that GPT significantly
outperforms Llama and Mistral across all three metrics (p < .001,
ryp = 0.374-0.594), with no significant difference between Llama
and Mistral (p = 0.505). These results suggest that GPT produces
outputs that are more closely aligned with human-created tasks
than Llama and Mistral, particularly with few-shot prompting.

Finding 3 % : Model size does not significantly affect text simi-
larity metrics for the proprietary dataset, whereas it significantly
affects all 6 evaluated cases for the open-source dataset.

On the proprietary dataset, the main effect of model size is not statis-
tically significant (e.g., BERTScore zero-shot: F = 1.956, p = 0.163,
1, = 0.008; few-shot: F = 1.767, p = 0.185, 15 = 0.007). Similarly,
ROUGE-L and METEOR show no significant size-related differences.
The very small effect sizes indicate that model size explains negligi-
ble variance in performance, suggesting that increasing model size
within the same model family does not meaningfully improve simi-
larity between generated and human-created US decompositions.
On the open-source dataset, model size significantly affects all
metrics under both zero-shot prompting (BERTScore: F = 24.002,
p=179%107° 1} = 0.093; ROUGE-L: F = 13.163, p = 3.50 X 107*,
1, = 0.053; METEOR: F = 7.771, p = 5.74 X 107°, 7 = 0.032) and
few-shot prompting (BERTScore: F = 61.011, p = 1.88 x 10713,
m, = 0.206; ROUGE-L: F = 69.544, p = 6.34 X 107", 15, = 0.228;
METEOR: F = 55.677, p = 1.65 X 10~"%, 7 = 0.192). These results
suggest that larger models generally produce decompositions that
are more closely aligned with the human-created decompositions.

Finding 4 : The effects of model family and model size are largely
independent for the proprietary dataset (1/6 cases), whereas they
interact for the open-source dataset: GPT’s advantage over Llama
and Mistral is primarily observed among small models (4/6 cases).

For the proprietary dataset, the interaction between model fam-
ily and model size is significant for BERTScore in the zero-shot
setting (F = 5.374, p = 0.005, r]lz, = 0.044). Post hoc comparisons
within each model size reveal that, among small models, Mistral
outperforms GPT (p < 0.001, |r,p| = 0.434). Among large models,
Llama and Mistral outperform GPT (both p < 0.01), with large effect
sizes (Llama vs GPT: |r,p| = 0.759; Mistral vs GPT: |r,;| = 0.629).
Llama significantly outperforms Mistral (p = 0.012, |r,,| = 0.449).

For the open-source dataset, the interaction between model fam-
ily and size is significant for ROUGE-L in the zero-shot setting
(F = 6.09, p = 2.64 X 107%, n, = 0.049) and for BERTScore
(F=9.161,p = 1.48 x 10~%, n = 0.072), ROUGE-L (F = 7.99%, p =
438 x 1074, qf, =0.064), and METEOR (F = 8.216, p = 3.56 x 107%,
r]IZJ = 0.065) under few-shot prompting. Post hoc comparisons re-
vealed that small Mistral models achieved higher ROUGE-L scores
than small Llama models (p = 5.60 x 1073, |r,;| = 0.366). Under
few-shot prompting, GPT significantly outperforms Llama and Mis-
tral among the small models across BERTScore (p < 3.88 x 1079,
Frp = 0.808-0.821), ROUGE-L (p < 3.59 X 1075, r,, = 0.539-0.748),
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and METEOR (p < 9.31 X 107%%, r,;, = 0.881-0.947), whereas no
significant differences are observed for the large models.

Findings 1-4 show that the effects of prompting strategy, model
family, and model size on text similarity vary across the proprietary
and open-source datasets, suggesting that no single configuration
consistently performed best based on text similarity metrics.

Beyond the absence of a consistently best-performing configu-
ration, Findings 1-4 raise a more fundamental question: whether
text similarity to human-created decompositions is an appropriate
proxy for decomposition quality. These metrics assume that human-
created tasks constitute a reliable gold standard, yet a US can be
decomposed in multiple valid ways that differ in granularity, nam-
ing, and structure while remaining equally correct. Consequently,
the best DELTA configuration cannot be determined through text
similarity alone, motivating the second phase of our study.

6 Expert Evaluation and Criteria-Based
Assessment Study

The second phase of our study consists of a human evaluation to
determine whether the observed differences in text similarity met-
rics are reflected in human expert judgments (RQ3) and whether
DELTA’s criteria-based evaluation module aligns with those judg-
ments (RQ4). As expert evaluation (which requires team members
to participate) was feasible only for the proprietary dataset, the
following sections focus exclusively on the proprietary dataset.

6.1 Research Goal, Questions, and Metrics

Fig. 5 presents the conceptual model for RQ3 and RQ4. RQ3 ex-
amines the validity of the reference-based measurements obtained
in RQ1 and RQ2 by assessing the extent to which text similarity
metrics (Proxy 1) align with expert judgments of decomposition
quality. RQ4 assesses the alignment between the scores produced
by DELTA’s evaluation module (Proxy 2) and the expert judgments.

Automated evaluation metrics

Text similarity metrics RQ3
(Proxy 1)
Human expert
judgments (Reference)
DELTA evaluation
scores (Proxy 2) RQ4

Figure 5: Conceptual model of RQ3 and RQ4.

RQ3 To what extent do text similarity metrics align with human
expert judgments of user story decomposition quality?

RQ4. To what extent does the criteria-based automated evalu-
ation module of DELTA align with human expert judgments of
decomposition quality?

6.2 Expert Evaluation Protocol

Human evaluation serves two complementary purposes: (i) to gather
expert preferences on US decompositions to examine whether
reference-based text similarity metrics reliably reflect the qual-
ity of US decompositions (RQ3), and (ii) to obtain expert quality
judgments to assess alignment between human evaluations and the
criteria-based automated evaluation module of DELTA (RQ4).
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We recruited nine experts responsible for developing or manag-
ing the evaluated projects, including seven software engineers (3.5,
3.5, 23, 25, 31, 38, and 38 YoE) and two project managers (14 and 34
YoE). Participants were invited via email with a brief description of
the study. Each session began with an informed consent procedure
and proceeded only after consent was obtained. During the session,
participants were asked to think aloud to articulate their reasoning.

Each participant evaluated six USs using an Azure DevOps sprint
board reflecting their familiar working environment. To reduce
cognitive load, participants were not shown all candidate decom-
positions. Instead, each US was presented with four task sets, in-
troducing a selection bias which we discuss in Section 8.2. These
consisted of the three highest-ranked LLM-generated decompo-
sitions, determined based on their average score across six LLM
judges (excluding the generating model to mitigate potential self-
preference bias [53]), and the human-created decomposition. In the
event of tied scores, the average confidence score across the LLM
judges was used as a secondary ranking criterion. The order of USs
and task sets was randomized to mitigate ordering effects [22].

To further reduce cognitive load and avoid introducing bias,
participants were not asked to rank or rate all US decompositions
against quality criteria. Instead, for each US, they selected the best
decomposition based on their own judgment and provided a ratio-
nale. At the end of the sessions, participants prioritized the most
important quality criteria for evaluating US decomposition. They
also indicated their willingness to use LLM-generated tasks on a
five-point Likert scale: (1) would not use them; (2) for inspiration
only; (3) starting point with substantial modifications; (4) starting
point with minor modifications; (5) would use them as-is. The ses-
sions lasted between 30 and 60 minutes. Sessions were recorded,
transcribed, and analyzed using qualitative content analysis (RQ3
and RQ4) to enrich the quantitative findings (RQ1 and RQ2).

7 Expert Evaluation and Criteria-Based
Assessment Study Results
We report the results of RQ3 and RQ4 for the proprietary dataset.

7.1 Alignment Between Text Similarity Metrics
and Human Expert Judgments (RQ3)

As explained in Section 4.2, USs were stratified by field count (par-
tial: 1-2 fields; detailed: 3-5 fields) and task count (low, medium,
high based on the 33" and 67 percentiles), yielding six strata. One
US per stratum per system resulted in 48 USs across eight systems.
Across four systems (.NET, Java, and 2 X Power Apps), 21 USs were
evaluated by nine experts, with partial overlap for validation.

DELTA ranks LLM-generated decompositions using six LLM
judges that assign scores based on the criteria described in Section 3.
These scores are averaged (excluding the LLM that generated the de-
composition) into an aggregated score, with ties resolved using the
average confidence score reported by the LLM judges themselves.
Each expert evaluated six USs. For each US, four decompositions
were shown to the experts: the top three decompositions as ranked
by the LLM judges and the human-created decomposition.

Of the 21 USs evaluated by the nine experts, a majority agree-
ment was reached for 11 USs. The remaining USs are not reported,
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as additional expert evaluations are required to draw reliable con-
clusions. For each US, the experts selected the best out of the four
candidate decompositions. These decompositions were also ranked
by the text similarity scores (BERTScore, ROUGE-L, and METEOR).

Table 7 presents the rank positions assigned by text similarity
metrics to the expert-preferred decompositions across the 11 USs.
For example, if the experts select the decomposition ranked second
by BERTScore, one count is added to the 2°¢ column for BERTScore.

Table 7: Rank position of the expert-preferred decomposition
across text similarity metrics.

Text similarity metric 15 2nd  3rd - gth

BERTScore 0 7 1 3
ROUGE-L 0 1 8 2
METEOR 0 2 8 1

Finding 5 % : While BERTScore shows a degree of alignment
with human expert preferences, none of the three text similarity
metrics constitute a reliable standalone evaluation measure.

Because the human-created decomposition serves as the ref-
erence for the text similarity metrics, it receives the maximum
similarity score and is therefore ranked first by every metric. The
1% column represents cases where the experts selected the human-
created decomposition as the best decomposition. This did not occur
in any of the 11 USs, hence the zero counts in the 1% column.

The 2™ column represents cases where the decomposition se-
lected by the experts is the highest-ranked LLM-generated decom-
position. BERTScore achieves this in 7 of 11 cases (63.6%), compared
to 2 cases for METEOR (18.2%) and 1 case for ROUGE-L (9.1%). In
contrast, counts in the 3" and 4™ columns indicate misalignment,
where the metric failed to identify the decomposition preferred by
the experts. These results indicate that, while BERTScore shows
a degree of alignment with expert preferences, none of the three
metrics constitute a reliable standalone evaluation measure.

Motivated by this finding, we explore criteria-based evaluation,
using LLM judges as a potential proxy for human expert preference.
In contrast to text similarity metrics, criteria-based evaluation aims
to capture qualitative aspects of decomposition quality.

7.2 Alignment Between Evaluation Module and
Human Expert Judgments (RQ4)

We follow the same US selection and ranking procedure as in RQ3.
We evaluate the alignment between the LLM-generated rankings
of US decompositions and the expert judgments in two ways: i. for
each individual LLM judge, and ii. for the ensemble judge.

The analysis is restricted to the 11 USs for which a majority
expert agreement was reached. Table 8 presents the rank positions
assigned by the LLM judges to the expert-preferred decompositions.
For example, if the experts select the decomposition ranked first by
GPT-5.2, one count is added to the 1%t column for GPT-5.2.

Finding 6 Y : Mistral Large 3 shows the highest alignment with
expert judgments, followed by GPT-5 Pro and GPT-5.2.

All LLM judges consistently rank the human-created US decompo-
sition last, and human experts likewise never prefer it; hence the



ASE ’26, October 12-16, 2026, Munich, Germany

Table 8: Rank position of the expert-preferred decomposition
across LLM judges.

Judge 15t znd 3rd 4th
GPT-5.2 5 4 2 0
GPT-5 Pro 7 1 3 0
Llama 3.1 8B 4 4 3 0
Llama 3.3 70B 3 3 5 0
Mistral Small 4 4 3 0
Mistral Large3 8 1 2 0
Ensemble judge 3 4 4 0

zero counts in the 4" column. In contrast, Mistral Large 3 shows
the highest alignment with the experts, ranking their preferred US
decomposition first in 8 of the 11 cases (72.7%), followed by GPT-5
Pro in 7 cases (63.6%) and GPT-5.2 in 5 cases (45.5%).

The ensemble judge shows the lowest alignment with the ex-
perts, ranking their preferred decomposition first in 3 of the 11 cases
(27.3%), on par with Llama 3.3 70B, indicating that score aggrega-
tion does not improve alignment with human expert preferences in
this setting. This finding may reflect the limitations of the smaller
models included in the ensemble judge, consistent with the obser-
vations of Crupi et al.[9] that smaller models do not perform well
on judging tasks for code generation and code summarization.

Based on the majority expert vote across the 11 USs, Mistral
Large 3 zero-shot prompting was the most frequently selected con-
figuration, followed by GPT-5 Pro zero-shot prompting and GPT-5
Pro few-shot prompting, which were tied for second place.

7.3 Additional Insights

We report additional insights from the expert evaluation sessions
that are not directly tied to specific research questions.

Finding 7 %: Among software engineers, completeness was
most frequently prioritized for evaluating US decomposition qual-
ity (5/9); relevance and separation of concerns were less frequent
(each 1/9). Estimability was favored by project managers (2/9).

Software engineers emphasized completeness as necessary for im-
plementing USs, noting that “it is essential to have all the information
included, so that you can build and test it” and that if elements such
as interfaces or parameters are missing, “you cannot build it.” They
also stressed the need for clear and well-specified tasks, emphasiz-
ing that “you know exactly what to do so that you can produce the
correct end product,” and that LLM-generated US decompositions
should “take all aspects of the request into account.” Separation of
concerns was mentioned in relation to avoiding simultaneous work
on multiple tasks and reducing the overhead of managing multiple
branches and pull requests, while relevance to the US was noted
once. In contrast, project managers chose estimability to determine
implementation time and communicate effort and cost to clients.
One software engineer identified accuracy as a missing criterion,
emphasizing that “what is written should be correct and applicable
to the story,” distinguishing it from completeness. Another one
noted the absence of a definition of done (DoD) [40], i.e., “when is
it finished?” and reflected on its appropriate level of specification.
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While DoD is typically associated with USs and their acceptance
criteria, they suggested it may also apply at the task level, depending
on whether completing specific elements is considered sufficient.

Finding 8 : Most human experts would use the DELTA’s outputs
as a starting point with minor adjustments (6/9), while fewer
would use them directly (2/9) or with major changes (1/9).

DELTA’s outputs were perceived as a starting point, providing
structure and a plan that support progress tracking and estimation.
As one software engineer noted, “as long as it is complete, you can
copy and paste it in one go and execute it [with Claude].” They also
highlighted that LLM-generated decompositions are beneficial in
larger teams by improving coordination and task distribution.
Experts emphasized that the quality of USs is critical, as they
form the basis for decomposition. One expert further noted that us-
ing DELTA may improve US quality, as “you start writing better user
stories and then generating tasks.” Some experts expressed concerns
that LLMs may miss nuance or context from USs, particularly when
information is incomplete or not explicitly stated, potentially lead-
ing to missing or incorrect tasks. One expert also highlighted that
manually decomposing tasks contributes to a deeper understand-
ing of the problem, suggesting that fully automating this step may
reduce opportunities for reflection. Finally, experts pointed out that
in low-code contexts, tasks are defined at a higher level, enabling
more flexible implementation than in high-code development.

8 Discussion

Text similarity metrics are widely used to evaluate generation
tasks [7]; however, our findings suggest that, in the context of
this study, these metrics do not always align with human expert
judgments for decomposition quality (Finding 5). This discrepancy
may stem from the fact that there are multiple valid ways to decom-
pose a US. Moreover, expert evaluations are inherently subjective,
as practitioners may apply different assessment criteria depend-
ing on their experience and project context. Accordingly, majority
agreement among experts was reached for only 11 of the 21 evalu-
ated USs. These findings reinforce the need for evaluation strategies
that go beyond similarity to a single human-created reference.
Unlike text similarity metrics, DELTA’s evaluation module, which
uses LLM judges, operationalizes decomposition quality through
criteria such as completeness and separation of concerns. This en-
ables LLM judges to assess aspects of decomposition quality that
go beyond textual similarity. Consistent with this interpretation,
the evaluation module produced rankings that align more closely
with expert judgment than text similarity metrics (Findings 5 & 6).
Most experts stated they would use DELTA’s decompositions as
a starting point with minor adjustments (Finding 8). These findings
suggest that LLMs can assist both the generation and evaluation of
US decompositions within a human-in-the-loop workflow, where
top-ranked LLM-generated decompositions serve as draft inputs for
practitioners, who refine them using their contextual knowledge.

8.1 Implications

For practitioners. We provide DELTA, which includes reusable prompt
templates for automated US decomposition and evaluation that can
be adapted to different contexts. We recommend that organizations
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use LLMs for the generation and evaluation of US decomposition,
with human-in-the-loop. The prompts and quality criteria should
be tailored to role-specific needs to support effective adoption.

For researchers. Our study highlights several directions for future
research on automated US decomposition. First, the inconsistent
alignment of text similarity metrics with human expert judgments
indicates researchers should not rely solely on these metrics for
assessing US decomposition quality. Second, future work could
investigate whether the generated tasks can serve as intermediate
artifacts for automated code generation, and for verifying that the
generated code satisfies the US. Third, future work should quantify
the costs and human effort required to run DELTA and compare
them with manual US decomposition to evaluate savings.

8.2 Threats to Validity

We discuss threats to validity and study limitations according to
the categories proposed by Wohlin et al. [49].

Construct validity. We chose text similarity metrics to capture
quantitative aspects of US decomposition quality. These metrics
may be influenced by the number and granularity of generated
tasks. Furthermore, a US can have multiple valid decompositions
that differ from the reference set, potentially affecting the scores.

We use five metrics (completeness, relevance to US, estimable,
separation of concerns, and uniformity) to assess qualitative aspects
of US decomposition quality. These metrics are grounded in the
literature [26, 44] and have been adapted to the context of task-level
decomposition, but have not been validated. LLM judges applying
these metrics may prefer more detailed decompositions, which do
not necessarily correspond to higher quality decompositions. They
may also fail to fully capture project-specific context, such as team
practices or sprint constraints. Future work should validate the
criteria and investigate additional quality criteria, such as accuracy.

To mitigate these limitations, we complement LLM-based as-
sessments with human expert evaluations. As expert evaluations
are inherently subjective, each US was independently evaluated by
multiple experts, and our analysis focused on cases with majority
agreement. Additionally, experts evaluated only the top three LLM-
generated decompositions ranked by LLM judges, together with the
human-created decomposition, introducing a selection bias. Conse-
quently, our findings apply only to the top-ranked LLM-generated
decompositions rather than to all generated decompositions.

Team members may rely on implicit knowledge, such as team-
and project-specific conventions, that is not captured in the US,
which may influence the US decomposition. To partially mitigate
this threat, we incorporate domain description and architectural
context into the prompts. We exclude augmentation through RAG to
isolate the effects of our DELTA approach. In addition, real-world
US data may contain inconsistencies (e.g., missing task descrip-
tions). To account for this, we adapt prompts to handle varying
input structures and design our sampling strategy to cover different
combinations of available fields and contextual information.

Internal validity. Observed differences in US decomposition qual-
ity attributed to model size may stem from architectural or provider-
specific factors. Prompt phrasing may also introduce confounding
effects due to model-specific sensitivity to instruction wording. To
mitigate these threats, we systematically refined and documented
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the prompts and applied consistent prompt templates across mod-
els. We further evaluated US decomposition quality across multiple
LLMs from different model families to reduce model-specific bias.
Conclusion validity. LLMs are non-deterministic, which may af-
fect the reproducibility of experimental outcomes. To reduce output
variability, we set the decoding temperature to 0 for locally deployed
LLMs [37], logged all prompts, recorded generated US decompo-
sitions and LLM-based evaluations, and documented the model
versions. Furthermore, the proprietary dataset cannot be publicly
released due to confidentiality constraints. Consequently, the study
can be replicated but only partially reproduced. To partially mit-
igate this limitation, we also evaluate DELTA on an open-source
dataset, enabling reproduction of the analyses for RQ1 and RQ2.
External validity. The study was largely conducted within a single
organization, which limits the generalizability of the results to other
organizations [5]. Different ITSs and organizational practices may
influence how information is documented in USs and tasks, further
affecting generalizability. As a partial mitigation, we evaluated
DELTA on a sample across eight proprietary projects with varying
technologies, domains, and team compositions, and an open-source
project. We applied a stratified sampling strategy to ensure that the
evaluation covered US decompositions with different numbers of
available fields and task counts. We also considered a limited set of
LLM families, model sizes, and prompting strategies, which may
introduce sampling bias. We mitigate this threat by using LLMs
from established providers, including OpenAl, Meta, and Mistral.

9 Conclusions

In this paper, we presented DELTA, an LLM-based approach for US
decomposition and quality assessment. We evaluated DELTA via an
empirical study involving 96 USs from real-world projects. Within
our context, persona-based few-shot prompting generally increases
text similarity to human-created decompositions (RQ1). The effects
of prompting strategy, model family, and size on text similarity
vary across the datasets (RQ2), suggesting that no single configu-
ration consistently performed best. We therefore complemented
our quantitative analysis with human expert evaluations to deter-
mine whether differences in text similarity reflect expert judgments
and whether DELTA’s criteria-based evaluation module aligns with
those judgments. BERTScore has the highest alignment with human
expert judgments, followed by METEOR and ROUGE-L, but none
of these metrics seem to be a reliable standalone evaluation mea-
sure (RQ3). In contrast, DELTA’s criteria-based evaluation module
achieves higher alignment with expert judgments (RQ4). Consistent
with this, experts generally prefer the top three LLM-generated
decompositions, as ranked by LLM judges, over human-created
decompositions, and they report a willingness to adopt DELTA.
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