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1 | INTRODUCTION

Abstract

Accurate story point estimation remains a core challenge in Agile Software Development because
it directly affects sprint planning, resource allocation, and delivery predictability. Learning-based
estimators have improved prediction accuracy, but their performance can degrade when user sto-
ries contain vague wording, missing conditions, inconsistent phrasing, or overlapping scope. This
paper presents SPERT-AR, a framework designed to evaluate whether ambiguity-aware refinement
of user stories can improve story point estimation while preserving the original repository-assigned
estimation labels. SPERT-AR detects lexical, syntactic, semantic, and pragmatic ambiguity, refines
unclear stories using targeted GPT-4 prompts, and applies expert validation to preserve func-
tional intent. The clarified stories are then used as input to a reinforced transformer estimator. To
avoid conflating textual clarification with label revision, the primary evaluation keeps the original
repository-assigned story points unchanged for both original and resolved stories. Evaluated on ten
real-world GitLab projects, SPERT-AR reduces Mean Absolute Error by 29.52% and improves Stan-
dardized Accuracy by 23.41% relative to the SPERT baseline under this fixed-label setting. Beyond
the headline accuracy results, the findings show that SPERT-AR reduces ambiguity while preserv-
ing semantic intent, improves estimation stability across baselines, and provides ablation evidence
that ambiguity-aware refinement contributes to the observed improvement beyond model com-
plexity alone. Overall, the findings suggest that clearer user-story representations can make story
point estimation more reliable, while expert-adjusted effort interpretations should be treated as
secondary evidence rather than primary ground truth.
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of projects consistently meet planned time, scope, and budget targets
Group (2018).

Accurate story point estimation is a longstanding challenge in Agile
Software Development (ASD). Teams rely on stable estimates to plan
sprints, balance workloads, and maintain predictability in software deliv-
ery Mahmood et all (2021), Foschini (2021)). Despite the widespread use
of expert-driven techniques such as planning poker, consensus meet-
ings, and analogy-based reasoning Edison et al! (2021), Yalciner et al|
(2024), Pozenel et al! (2023), estimation accuracy often varies substan-
tially across projects and even within the same organization. Uneven
team experience, cognitive bias, inconsistent story-writing practices,
and continuously evolving requirements all contribute to this variability.
The CHAOS Report underscores these concerns, noting that only 36%

To address these limitations, researchers have increasingly turned to
machine learning (ML) approaches to improve estimation accuracy and
reduce dependence on subjective judgment Zhang et al| (2019), Rathore
and Kumat (2019), Sdnchez-Garcia et al! (2024). Classical ML models
and neural architectures, including recurrent networks, transformers,
and reinforcement-enhanced predictors, have shown promising gains
Malgonde and Chari (2019), Abo-eleneen et al! (2023). However, most
of these approaches treat user stories as fixed textual inputs and im-
plicitly assume that they are clear, complete, and detailed enough for
models to extract meaningful effort cues. In practice, this assumption
often fails because user stories may contain vague wording, missing con-
ditions, implicit assumptions, or overlapping functionality Tawosi et al.
(20224). Such ambiguity is not the only cause of estimation error, but it

introduces linguistic noise that can disrupt the patterns learning-based
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estimators depend on, leading to inconsistent or biased predictions
when models are trained on unrefined stories Tawosi et al| (2022b).

Existing story point estimation models mainly improve the predic-
tion algorithm while paying limited attention to the clarity of the input
requirements. Agile user stories may contain lexical vagueness, syntac-
tic incompleteness, semantic underspecification, or pragmatic overlap
with other stories. These ambiguities can obscure effort-related cues
and make it difficult to determine whether estimation errors arise from
model limitations or unclear input requirements.

This study considers ambiguity across four dimensions: lexical ambi-
guity caused by vague or polysemous terms, syntactic ambiguity caused
by unclear sentence structure, semantic ambiguity caused by missing
context or assumptions, and pragmatic ambiguity caused by overlap
or inconsistency across related stories. In the collected GitLab corpus,
3,559 out of 4,252 stories contain at least one detected ambiguity, in-
dicating that ambiguity is a frequent issue in the studied repositories
rather than an isolated textual defect.

SPERT-AR is designed to: (i) identify ambiguity in user-story text,
(i) refine unclear stories while preserving functional intent, (iii) val-
idate refinements through expert review, and (iv) evaluate whether
clarified textual representations improve story point estimation under
unchanged repository-assigned labels.

Existing estimation techniques generally treat ambiguity as a minor
pre-processing step, if they acknowledge it at all. Meanwhile, research
on ambiguity detection and rewriting has evolved largely independently,
focusing on requirements quality, defect prevention, or stakeholder
communication Fichtinger and Libke (2015), Faris et al/ (2021)). Conse-
quently, the effect of explicit ambiguity reduction on downstream story
point estimation remains underexplored. To the best of our knowledge,
no prior work integrates ambiguity modeling, LLM-based refinement,
expert validation, and reinforcement-driven estimation within a unified
framework for story point estimation.

This paper addresses this gap by extending our earlier Story Point
Estimation using Reinforced Transformers (SPERT) model Younas et al.
(2025) and introducing SPERT-AR. The framework operates in three
coordinated stages: it identifies ambiguity across lexical, syntactic, se-
mantic, and pragmatic dimensions; resolves unclear stories using struc-
tured GPT-4 prompts OpenAl (2023) followed by expert validation;
and trains a reinforced transformer estimator on the clarified textual
representations. By linking input clarity, linguistic refinement, and adap-
tive prediction, SPERT-AR aims to improve the reliability of story point
estimation in practical Agile settings.

We evaluate SPERT-AR on ten publicly available GitLab projects
comprising 4,252 user stories. Under a fixed-label evaluation protocol
that preserves the original repository-assigned story points, SPERT-
AR reduces Mean Absolute Error (MAE) by 29.52% and substantially
improves cross-project stability compared with the SPERT baseline
(see Section E). These results indicate that ambiguity-aware textual re-
finement can improve estimation performance without redefining the
original ground-truth labels.

The main contributions of this work are as follows:

® We introduce SPERT-AR, a unified framework that integrates am-
biguity detection, targeted ambiguity resolution, expert validation,
and reinforcement-based estimation within a single workflow.

® We develop a structured multi-dimensional ambiguity model cover-
ing lexical, syntactic, semantic, and pragmatic uncertainty, together
with GPT-4 prompt templates designed to refine unclear user stories
while preserving their functional intent.

® We construct a dual-view dataset of 4,252 user stories from ten Git-
Lab projects, including original stories, ambiguity annotations, and
expert-validated clarified versions. The original repository-assigned
story points are retained as the primary ground-truth labels for the
main experiments, while expert-suggested effort reinterpretations
are recorded only as secondary exploratory annotations.

® We provide empirical evidence that ambiguity-aware textual refine-
ment improves prediction accuracy, cross-project generalization,
and estimator stability across multiple baselines under a fixed-label
evaluation protocol that keeps the original repository-assigned story
points unchanged.

To guide the empirical evaluation, Table [I] summarizes the research
questions and their corresponding objectives.

TABLE 1 Research questions and objectives of the study.
RQ Objective
RQ1

Assess whether ambiguity resolution improves
story point estimation when original and re-
solved stories are evaluated using the same
repository-assigned story-point labels.
Compare SPERT-AR with traditional and
learning-based baselines, including TF-IDF-SE,
Deep-SE, SBERT-XG, and SPERT.

Evaluate whether SPERT-AR maintains stable
performance under cross-project evaluation on
previously unseen repositories.

Analyze the computational and operational
overhead introduced by ambiguity resolution,
LLM-based refinement, expert validation, and
reinforcement learning.

RQ2

RQ3

RQ4

The remainder of the paper is organized as follows: Section [ reviews
existing work on effort estimation and ambiguity handling. Section E
describes the SPERT-AR framework. Section E presents the dataset and
annotation methodology. Section E details the experimental setup and
results. Section E reflects on practical implications, Section E discusses
threats to validity, and Section E concludes the study.

2 | RELATED WORK

Research on story point estimation has evolved along two largely inde-
pendent lines: (i) data-driven and learning-based models that attempt to
improve prediction accuracy Kapur and Sodhi (2022), Mahmood et all
(2021), Choetkiertikul et al| (2018), and (ii) techniques for detecting
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and resolving ambiguity in natural-language requirements Amna and
Poels (2022), Moharil and Sharma (2023). Although both streams have
advanced significantly, they rarely intersect. Existing estimators gener-
ally assume that user stories are clear and complete, while ambiguity
research seldom evaluates downstream effects on effort prediction.
Accordingly, we review prior work by examining how existing meth-
ods represent user-story text for estimation, how ambiguity-detection
and refinement methods improve requirements quality, and whether

clarified stories are evaluated for their effect on story point estimation.

21 | Story Point Estimation

Traditional software cost estimation techniques, such as COCOMO
Rashid et al.! (2025) and Function Point Analysis Putri_and Subriadi
(2019), were designed for documentation-heavy development pro-
cesses. These methods assume stable, formally expressed requirements,
which makes them difficult to apply in Agile environments where
requirements evolve continuously and user stories often lack detail
Gurung et al! (2020), Pargaonkar (2023). As Agile practices matured,
researchers explored data-driven alternatives to increase consistency
and reduce reliance on expert judgment. Early machine learning (ML)
approaches used decision trees, support vector machines, and linear re-
gressors trained on handcrafted textual or numeric features Ferrucci
et al! (2019), Tran et al| (2023). While these models improved upon in-
formal estimation strategies, they remained sensitive to project-specific
vocabulary and often struggled to generalize across teams and domains.

The growing use of ML and deep learning in story point estimation
reflects a broader trend in software engineering and software-intensive
systems, where predictive models support decision-making under noisy
and heterogeneous inputs. In software defect prediction, ensemble
learning and feature selection have been shown to improve prediction
quality when software metrics or textual features vary across contexts
Ali et al| (2023 2024)). Similar Al-based methods have also been applied
to loT security, wireless sensor network security, and renewable-energy
forecasting, demonstrating the broader value of learning-based predic-
tion and classification models Mazhar et al| (2023), Ghadi et al! (2024),
Khan et all (2024). In Agile estimation, recent work further shows that
story-based effort estimation is shaped by story quality, team communi-
cation, and task complexity Igbal et al| (2024). These findings reinforce
the need to examine not only the estimator but also the clarity and
structure of the user-story text used as input.

Deep learning approaches later addressed some limitations of clas-
sical ML. RNN, LSTM, and CNN-based models demonstrated stronger
ability to capture contextual cues within user stories Choetkiertikul
et al! (2018). Transformer-based representations further improved ro-
bustness by leveraging contextual embeddings from large pre-trained
language models such as BERT and SBERT Reimers and Gurevych
(2019), Fu and Tantithamthavorn (2022). More recently, reinforcement
learning introduced feedback-driven optimization: SPERT |Younas et al|
(2025) demonstrated that a reinforced transformer could penalize both

over- and underestimation to learn more balanced prediction policies.

However, these approaches still largely treat user stories as fixed tex-
tual artifacts. In practice, industrial user stories frequently contain vague
terms, missing conditions, and inconsistent phrasing Butt et al! (2023),
which can weaken the effort signals that learning-based estimators rely
on.

Taken together, prior estimation studies show clear progress from
handcrafted features to contextual embeddings and reinforced predic-
tors. Their main limitation, however, is that they focus primarily on
improving the prediction model while rarely questioning whether am-
biguous input text reduces the reliability of the learned mapping from
stories to story points. This limitation motivates SPERT-AR’s focus on
ambiguity-aware refinement as a preceding step to estimation.

2.2 | Ambiguity in User Stories

Ambiguity in natural-language requirements is widely recognized as
a source of misunderstanding, rework, and inaccurate effort estima-
tion. Prior studies report that ambiguous or incomplete requirements
increase project risk and planning uncertainty Amna and Poels (2022),
Venkataraman and Pinto (2023). For example, a story such as “As a user,
| want the system to respond quickly” contains lexical ambiguity because
the term “quickly” lacks a measurable target, while “As an admin, | want to
manage users and generate reports” combines multiple tasks and may lead
to inconsistent estimates. Empirical analysis by Amna and Poeld shows
that many real-world user stories contain at least one form of linguistic
ambiguity. Such ambiguity commonly appears across lexical, syntactic,
semantic, and pragmatic levels, each affecting how developers interpret
functional intent Fichtinger and Liibke (2015), da Silva Neo et al/ (2024)).

Several techniques have been proposed to mitigate these issues.
Traditional approaches rely on structured checklists, peer review, or con-
trolled natural languages to improve requirement clarity Fabbrini et al.
(2001). Although useful, these practices require substantial manual ef-
fort and are difficult to maintain in fast-paced Agile environments. Early
automated techniques used pattern matching, rule-based heuristics, or
restricted vocabularies to detect ambiguity Osama and Aref (2018), Dar
et all (2024). These methods are effective in controlled settings but
often struggle with informal and project-specific user-story phrasing.
Ontology-based methods improve semantic consistency checking An-
toniou and Bassiliadeg (2024), but they typically depend on manually
curated knowledge bases.

More recently, large pre-trained language models have improved am-
biguity detection and refinement. Models such as BERT and RoBERTa
support ambiguity classification by capturing contextual representa-
tions of requirement text Devlin et all (2019), Moharil and Sharma
(2023). Generative models based on GPT further enable automated
rewriting and clarification of requirements OpenAl| (2023). However,
automated rewriting can unintentionally modify scope or introduce
functionality that was not present in the original story. For instance,
rewriting “As a user, | want to register” may add assumptions such as email
verification or role assignment. Therefore, expert oversight remains

necessary when applying LLM-based rewriting to requirements.
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SPERT-AR differs from generic LLM-based refinement approaches in
both purpose and evaluation. In LLM-only refinement, the clarified re-
quirement is often treated as the final output. In contrast, SPERT-AR
uses LLM-generated clarification as an intermediate controlled trans-
formation whose value is assessed through downstream story point
estimation. The framework constrains rewriting through ambiguity-type
prompts, semantic-retention checks, and expert validation, thereby re-
ducing the risk of scope drift. Its contribution is therefore not simply
the use of GPT-4 for rewriting, but the integration of ambiguity-aware
refinement with a fixed-label estimation protocol.

Complementary work has proposed structured frameworks for repre-
senting ambiguity. Alomari et al. Alomari and Elazhary (2018) introduced
finite-state templates to constrain syntactic variation, while Ashfaq et al.
Ashfag and Bajwa (2021) applied SBVR-based representations to model
requirement semantics more precisely. Rahmawati et al. Rahmawati
et al| (2025) later proposed AmbiTRUS, a multi-dimensional framework
for quantifying ambiguity in user stories. Although these frameworks
provide systematic mechanisms for detecting or representing ambiguity,
they are rarely integrated with downstream effort-estimation tasks.

In summary, story point estimation research has advanced from clas-
sical ML models to neural and reinforced transformer-based estimators,
while ambiguity research has developed increasingly capable detec-
tion, classification, and refinement techniques. The connection between
these areas remains limited: estimation models usually improve the
predictor while treating the story as a fixed input, whereas ambiguity-
focused methods improve requirement quality without testing whether
clarification improves downstream estimation. SPERT-AR addresses
this gap by combining ambiguity detection, controlled LLM-based re-
finement, expert validation, and fixed-label story point estimation in one

evaluation framework.

3 | SPERT-AR FRAMEWORK

SPERT-AR extends the reinforced transformer backbone of SPERT by
explicitly modeling and resolving linguistic ambiguity in Agile user sto-
ries before effort estimation. The framework treats ambiguity as a
measurable property of text, reduces it through a combination of LLM-
based rewriting and expert validation, and then learns an adaptive
prediction policy on the clarified stories. The overall goal is to link input
clarity, formal ambiguity modeling, and reinforcement learning within a
single, practically deployable workflow.

At a high level (Figure ll), SPERT-AR operates in three stages. First,
it detects and categorizes ambiguity in user stories using a formal
multi-dimensional ambiguity model combined with GPT-4 prompts
and embedding-based heuristics. Second, it refines ambiguous stories
through targeted rewriting and expert validation, producing a parallel
corpus of original and resolved user stories. Third, it performs story

point estimation on the resolved stories using a transformer encoder

trained with a hybrid supervised and reinforcement learning objec-
tive. This section details each component and the associated training
strategy.

From a deployment perspective, SPERT-AR is designed as a mod-
ular pipeline that can be connected to existing backlog-management
platforms rather than as a standalone replacement for Agile estimation
practices. The ambiguity-identification module can be triggered when a
user story is created or updated in tools such as GitLab, Jira, or Azure
DevOps. Stories with low ambiguity can proceed directly to estimation,
whereas stories exceeding the ambiguity threshold can be routed to the
resolution module and then to human validation. This modular design al-
lows teams to adopt SPERT-AR incrementally: ambiguity detection can
be used first as a quality-checking layer, LLM-based refinement can be
added for high-risk stories, and reinforced estimation can be used once
a sufficient clarified-story corpus is available.

Table E summarizes the main workflow components of SPERT-AR,

including the input, function, and output of each module.

3.1 | Formal Ambiguity Model

Let a user story U; be a text pair (T;, D;), where T; is the title and D; is
the description. SPERT-AR concatenates them into a single sequence

following the BERT convention:
U; = [CLS] T; [SEP] D; [SEP]. (1)
Ambiguity is modeled along four orthogonal dimensions
T = {lexical, syntactic, semantic, pragmatic}, (2)

consistent with established taxonomies in requirements engineering.
For each type k € T, a non-negative function ¢x(U;) > 0 measures the
intensity of that ambiguity in U;. The overall ambiguity score is defined
as a weighted combination:

AU =D wiedr(Uy),

keT

We>0, ) we=1 (3)
keT
Ambiguity resolution is formulated as a constrained optimization
problem. Given the space U of possible rewrites of U;, SPERT-AR seeks
a refined story U; that minimizes the ambiguity score while preserving

the original semantics:

U; = arg min AU)) st Sim(ULU) > 6, (4)
uleu
where Sim(-, -) denotes cosine similarity between sentence embeddings
and ¢ is a semantic similarity threshold. In our experiments, we set § =
0.85 based on validation performance. The operator R induced by @)
defines the mapping

Ui =R(U)), (5)

yielding a disambiguated version of the story that preserves functional

meaning and development scope. Expert validation of U; then produces
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FIGURE 1 Overview of the SPERT-AR framework.

TABLE 2 Workflow components of the SPERT-AR framework.

% |

LLM (GPT-
4/ BERT)

R(U*)

Expert BERT
Review &

Validation

Encoder

| |& Transformer

Estimated Story

@ \i Points

Reinforcement | |
Learning

Component

Input

Main function

Output

Story acquisition

Ambiguity detection

Ambiguity resolution

Expert validation

Feature representation

Story point estimation

User story title and description

Original user-story text

Original story and detected ambi-

guity labels

Original and candidate resolved
stories

Validated resolved story

Contextual embedding  and
repository-assigned label during
training

Constructs the textual input se-
quence for ambiguity analysis and
estimation.

Identifies lexical, syntactic, seman-
tic, and pragmatic ambiguity using
GPT-4 prompts, semantic coher-
ence checks, and project-level sim-
ilarity analysis.

Generates targeted clarifications
using ambiguity-type-specific
GPT-4 prompts while preserving
functional intent.

Checks semantic fidelity, com-
pleteness, and scope preservation
before accepting or editing the
refinement.

Encodes the story using
transformer-based textual repre-
sentations.

Trains the reinforced transformer
estimator and predicts story points
for clarified stories.

Normalized user-story representa-
tion

Ambiguity labels and confidence
scores

Candidate resolved story

Expert-validated resolved story

Contextual embedding vector

Predicted story point

a corrected and confirmed version U and a validation decision indi-
cating whether the refinement is accepted, edited, or rejected before
inclusion in the resolved textual corpus.

3.2 |
rization

Ambiguity Identification and Catego-

The first operational stage in SPERT-AR is ambiguity identification
and categorization (Figure E). Its role is to locate, type, and quantify
uncertainty in each story before any rewriting occurs.

Ambiguity detection is modeled as a multi-label classification task
with a binary vector a; € {0,1}* representing the four ambiguity
categories:

aj = fdetect (Ui), (6)

where fgetect cOMbines GPT-4 prompt-based classification with statisti-
cal and embedding-level heuristics.

For each ambiguity type k € T, a structured GPT-4 prompt pro-
duces a confidence score indicating the presence of that type. The

probabilistic output is modeled as:

ai(k) = o (fepr-4(U;, K)), v

where ¢ is the sigmoid function. Predictions above a threshold 7 are
marked as positive for type k. Prompt templates are specialized for each
dimension: lexical prompts target vague quantifiers and polysemous
terms; syntactic prompts assess sentence completeness and clause
structure; semantic prompts evaluate information sufficiency; and prag-
matic prompts look for potential overlap with neighboring stories in the
same project. This hybrid use of LLM reasoning and linguistic cues en-
ables the detection of ambiguity patterns that simple surface features
would miss.

To complement GPT-4 predictions, SPERT-AR computes a semantic
coherence score that measures internal consistency within each story.
Key phrases P; are extracted using part-of-speech patterns and ranked
by TF-IDF Wu et al. (2008). For a sampled set of phrase pairs Q; C
P; x P;, cosine similarity between SBERT embeddings is averaged as:

1
[Qil

> cos (SBERT(p), SBERT(q)). (8
(pa)€Q;

o =

Low values of o; (below a threshold )\) indicate insufficient semantic
coherence and suggest missing or implicit contextual elements.
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At the project level, pragmatic ambiguity is inferred from overlap

between user stories. A similarity matrix S € R"<" is constructed as:
Sij = cos (SBERT(U;), SBERT(U))), (9)

where n is the number of stories in the project. If S; > ~ (typically v =
0.85), the pair (U;,U;) is flagged as sharing functional intent or scope
and marked for potential pragmatic conflict. This mechanism highlights
redundant or duplicated requirements that can distort perceived effort.

The final ambiguity label a; consolidates GPT-4 outputs, semantic
coherence scores, and pragmatic similarity measures. A type is labeled
positive if detected by any component. This hybrid integration improves
recall while maintaining acceptable precision, providing reliable signals
for the subsequent resolution step.

321 | Detection Thresholds and Repro-
ducibility Settings

To improve reproducibility, the ambiguity identification module uses
fixed thresholds and deterministic prompting settings across all projects.
For each ambiguity type k € T, the GPT-4 classifier returns a confi-
dence score p'.(k) € [0,1]. A story is marked as positive for ambiguity
type k when pfk) > 7, where 7 = 0.70 in all experiments. The semantic
coherence threshold is set to A = 0.60; stories with average phrase-
level coherence «; < ) are flagged for semantic insufficiency. Pragmatic
overlap is detected when the project-level story-pair similarity satisfies
Sjj > v, with v = 0.85. For the resolution stage, the semantic-retention
constraint in Eq. 4 uses 6 = 0.85, meaning that a GPT-4 refinement is
accepted only if its SBERT cosine similarity with the original story is at
least 0.85 before expert review.

All GPT-4 calls are executed with temperature 0.0 to reduce response
variability. The maximum output length is limited to 512 tokens for
ambiguity classification and 768 tokens for ambiguity resolution. For
each story, one classification response and one resolution response are
generated per active ambiguity type. The prompts instruct the model
to preserve the original functional intent, avoid adding new features,
avoid changing acceptance criteria beyond clarification, and explic-
itly state the detected ambiguity type and the proposed refinement.
These settings ensure that the ambiguity-resolution process behaves
as a controlled textual refinement step rather than an unconstrained
story-generation process.

3.22 | Prompt Template Structure

The ambiguity detection prompt follows a fixed structure: (i) the original
user story title and description, (ii) the ambiguity type to be checked, (iii)
a short operational definition of that ambiguity type, and (iv) an instruc-
tion to return a binary label, confidence score, and brief justification. The
resolution prompt uses the detected ambiguity labels and asks GPT-4
to produce a clarified version under four constraints: preserve the origi-
nal intent, avoid scope expansion, make implicit conditions explicit only

—{__Ambiguity Identification ———

Raw User

Input Story (Uy)
R \gmommmmmmmme Nemmmpmmmm e N
S il ! Key Phrase | Sementic |1 Similarity !
User tor}{ T}t ¢ ' Extraction 11 Coverage 11 Matrix
and Descriptions e . e !
. J

AU) e v mmgmmommmsosoommnes N
Output (—' ! Lexical Semantic !

Ambigeous Ambigiuty : o

User Story :\ Label Vector ' Syntatic Pragmatic ’I/

FIGURE 2 Ambiguity identification and categorization pipeline in
SPERT-AR.

when supported by the original text, and keep the revised story suitable
for Agile story-point estimation. The same prompt templates are applied
across all ten projects, with only the story text and detected ambiguity

type changing between calls.

3.3 | Ambiguity Resolution

Once ambiguity types are identified, SPERT-AR refines user stories
through a targeted rewriting mechanism (Figure E). The objective is to
transform each ambiguous story into a syntactically valid, semantically
complete, and pragmatically scoped version suitable for downstream
learning.

Formally, the transformation is modeled as:

Ui = fresolve(ui: av')' (10)

where fresoive is @ conditional rewriting operator driven by GPT-4 and
parameterized by the detected ambiguity types. Each active type in a;
activates a corresponding prompt template P,(U;) from a predefined
library P. Lexical templates instruct GPT-4 to replace vague quanti-
fiers with measurable targets, syntactic templates enforce grammatical
completeness or split compound stories, semantic templates request
missing preconditions and constraints, and pragmatic templates remove
overlapping functionality or consolidate redundant stories.

The composed prompt aggregates all applicable templates:

P(U) = | Pa(Uy), (11)

acA;
where A; is the active set of ambiguity types for U;. GPT-4 then
generates a refined story:

U = fopra (U, P(U})). 12

Each generated refinement is reviewed by Agile practitioners to main-
tain fidelity and scope alignment. Reviewers compare the original story
U,, its detected ambiguity types a;, and the refined version U;. Based on
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FIGURE 3 Ambiguity resolution workflow in SPERT-AR, combining
GPT-4-based rewriting with Agile expert validation.

this comparison, the final resolved story U;* is determined as:

u;, if accepted,

Ur=10, (13)

if accepted with edits,

Umanualj»  if rewritten manually.

To prevent scope drift, SPERT-AR also monitors whether a refine-
ment could plausibly change practitioner interpretation of effort. Such
cases are flagged for additional expert review and recorded as ex-
ploratory effort-interpretation annotations. However, these annota-
tions are stored separately and are not used as the target labels in the
main predictive experiments. In our dataset, 53% of GPT-4 rewrites
were accepted directly, 34% required minor edits, and 13% were rewrit-
ten manually, indicating that LLM-based rewriting is useful but still
benefits from human oversight. Expert feedback from this process is
used to determine whether each GPT-4 refinement is accepted, edited,
or rejected before inclusion in the resolved textual corpus. This feed-
back serves as a quality-control mechanism for preserving semantic
fidelity and preventing scope drift; it is not used as a separate numer-
ical reward or as a replacement for the original repository-assigned
story-point label in the main training objective.

The resolution process produces a high-quality parallel dataset of
(U;, Uf") pairs, linking ambiguous and resolved versions of each story.
This dual-view corpus supports comparative evaluation, ablation stud-
ies, and transfer learning, where models trained on ambiguous data can

be fine-tuned on resolved data to assess gains in estimation stability.

3.4 | Story Point Estimation with SPERT

The final stage of SPERT-AR estimates story points from the resolved
and validated user stories U using a reinforced transformer module
(Figure H). This module reuses the SPERT architecture, which couples

transformer-based representation learning with reinforcement learning
for policy adaptation.

Each resolved story U} is encoded in the same BERT-style format:

U; = [CLS]T; [SEP] D; [SEP], (14)

and passed through a pretrained BERT model to obtain contextual
embeddings:

E; = BERT(U}). (15)

These embeddings are then processed by a multi-layer transformer

encoder to derive higher-level representations:

H; = TransformerEncoder(E;), (16)

which capture both local and long-range dependencies and approximate
the underlying story complexity.

A regression head maps H; to a predicted story point y;. Rather than
relying solely on supervised regression, SPERT-AR frames estimation
as a reinforcement learning problem in which predictions are iteratively
adjusted through experience-driven policy updates. The reward for each
prediction is defined as:

Ri = -lyi - yil, (17)
which symmetrically penalizes overestimation and underestimation, re-
flecting Agile practice where both outcomes degrade planning quality.

Policy optimization uses Proximal Policy Optimization (PPO) Schul+
man et al| (2017), which balances exploration and update stability. The
PPO objective is:

LPPO = E¢[min(re(0)As, clip(re(6),1-¢,1 + €)Ar)], (18)

where r¢(9) is the policy ratio, € is the clipping threshold, and A; is the
advantage estimator defined as A; = R; - V; with V; denoting the value
estimate. The actor-critic mechanism Fujimoto et al| (2018) stabilizes
learning and improves convergence, particularly in the presence of high
variance across projects.

The final prediction is expressed as:

yi = ActorCritic(H;), (19)

where the actor outputs the story point and the critic estimates its
expected quality. By combining refined linguistic input with adaptive es-
timation, SPERT-AR forms a closed learning loop: ambiguity resolution
reduces input noise, reinforcement learning optimizes sensitivity to ef-

fort signals, and expert validation provides grounded human feedback.

3.5 | Model Training

The SPERT-AR training strategy integrates ambiguity resolution and
reinforced estimation into a two-stage process. All models, including
baselines (TF-IDF-SE [Tawosi et al| (2022h), Deep-SE Choetkiertikul et all
(2018), and SBERT-XG Yalciner et al| (2024)), are trained on identical
train/validation/test splits of the ambiguous and resolved datasets to
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ensure fair comparison; SPERT-AR, however, uniquely exploits both

ambiguity-aware pre-processing and reinforcement learning.

Stage 1: Ambiguity Resolution and Corpus Con-
struction

In the first stage, GPT-4 is used in inference mode to evaluate each story
U; for the four ambiguity types, producing the label vector a;. For each
active label, a corresponding rewriting prompt is generated, and GPT-
4 produces a refined candidate U; according to the process described
in Section E Human experts validate each candidate for correctness,
completeness, and scope alignment; only expert-approved or manually
corrected stories are retained as U. This yields the resolved dataset
Dresoived = 1(U}", i)}, where y; denotes the original repository-assigned
story point preserved for primary model training and evaluation. Ex-
pert feedback is used to accept, edit, or reject the textual refinement,
but it does not redefine the main prediction target. In early iterations,
more than 60% of GPT-4 outputs required expert revision. Through it-
erative prompt tuning and calibration, this proportion was reduced to
below 30%, increasing throughput while preserving semantic fidelity.
This stage is executed offline and can be reused whenever new stories
are added to the backlog.

Stage 2: Hybrid Supervised and Reinforcement
Learning

In the second stage, SPERT-AR is trained on the resolved stories U;'.
Each story is embedded to produce H;, and a regression head predicts
yi. Training starts with standard supervised learning to minimize Mean
Absolute Error between predicted and true story points, providing a sta-
ble initialization for the policy. After this warm-up phase, reinforcement
learning is introduced using the reward definition in (ﬂ). Policy-gradient

updates follow:

VgJ(0) = Exy [Ri - Vg logma (Vi | Hi)], (20)

where 7y denotes the current policy. In practice, we optimize the
clipped PPO objective to stabilize training.

The final hybrid loss combines supervised prediction error with
the reinforcement-learning objective while preserving the original
repository-assigned labels as the training target:

Liotal = MAE(y;, Vi) - BEx,[R], (21)

where 3 controls the weight of the reinforcement term. The super-
vised component minimizes the error between the prediction y; and the
original repository-assigned story point y;, while the reinforcement com-
ponent encourages prediction policies that reduce absolute estimation
error. Expert validation affects the quality of the input text by determin-
ing whether a GPT-4 refinement is accepted, edited, or rejected; it is not
used as a separate numerical reward in the main training objective. This
separation ensures that the reported improvements are attributable to
ambiguity-aware textual refinement and model learning rather than to
changes in the target labels. Training is performed for a fixed number
of epochs (typically around 50) with early stopping based on validation
MAE. Practical challenges such as label imbalance (most stories lie in the
1-3 point range), residual semantic noise, and early-stage RL instabil-
ity are mitigated through stratified sampling, dropout, gradient clipping,
and moving-average baselines. Mixed-precision training, caching, and
check pointing are used to maintain reasonable runtime. The empirical
impact of this training strategy on convergence speed, accuracy, and

computational cost is analyzed in Section E
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351 |
Settings

Model Configuration and Training

For reproducibility, all neural models are trained under fixed configura-
tion settings. The SPERT and SPERT-AR estimators use a BERT-base
encoder with 12 transformer layers, 768 hidden dimensions, 12 atten-
tion heads, and a maximum input length of 256 tokens. User story titles
and descriptions are concatenated using the standard [CLS] title [SEP]
description [SEP] format. The transformer estimation head contains
two fully connected layers with ReLU activation and dropout of 0.20
before the final regression output.

Training begins with supervised warm-up for 10 epochs using the
AdamW optimizer, a learning rate of 2 x 107° for the encoder, and
1 x 107 for the regression and policy heads. After warm-up, PPO-based
policy optimization is applied for up to 40 additional epochs with clip-
ping parameter € = 0.20, discount factor vg_ = 0.99, and reinforcement
weight 8 = 0.30. Mini-batch size is set to 16, gradients are clipped at 1.0,
and early stopping is triggered if validation MAE does not improve for
five consecutive epochs. All experiments are repeated with five random
seeds, and the reported values are averaged across runs.

Baseline models are trained using the same train, validation, and test
partitions as SPERT-AR. TF-IDF-SE uses unigram and bigram TF-IDF
features with a maximum vocabulary size of 10,000 and a linear regres-
sion estimator. Deep-SE uses averaged word embeddings followed by a
multilayer perceptron with two hidden layers. SBERT-XG uses sentence
embeddings extracted from Sentence-BERT and an XGBoost regressor
tuned on the validation set. This common partitioning and validation
protocol ensures that differences in performance are attributable to
the ambiguity-resolution and estimation mechanisms rather than to

inconsistent data splits or tuning procedures.

3.52 | Implementation Details

The SPERT-AR implementation is structured as a research prototype
with modular components for ambiguity detection, ambiguity resolu-
tion, expert validation, feature extraction, model training, and eval-
uation. The learning components are implemented in Python using
transformer-based text encoders and reinforcement-learning routines,
while baseline models are trained using their corresponding textual
representations and validation settings. GPT-4 is accessed only during
the ambiguity detection and resolution stages, and resolved stories are
stored so that unchanged backlog items do not require repeated LLM
calls.

The prototype does not require a dedicated end-user interface for
the experiments reported in this paper; however, its outputs are de-
signed to support integration with backlog-management tools. For each
processed story, the system records the original text, detected ambi-
guity type, confidence score, candidate refinement, expert-validation
decision, resolved text, and predicted story point. These outputs can
be exposed through a lightweight dashboard, a GitLab/Jira plugin, or an

external reporting service in practical deployment.

To improve training efficiency, the implementation uses cached tex-
tual representations where possible, early stopping based on validation
MAE, gradient clipping during reinforcement learning, and repeated
evaluation over multiple random seeds. These design choices reduce
unnecessary recomputation, stabilize model training, and support repro-
ducible comparison with baseline estimators.

4 | DATASET AND ANNOTATION

This section describes the dataset used to evaluate SPERT-AR and
provides a transparent account of project selection, ambiguity annota-
tion, expert validation, and the resulting corpus characteristics [Tawosi
et al! (20223a). The dataset comprises user stories sourced from ten
Agile projects on GitLab, each paired with ambiguity labels and expert-
validated refined versions. The original repository-assigned story points
are retained as the primary ground-truth labels for all main experi-
ments, while expert-suggested adjusted story points are recorded only

as secondary exploratory annotations.

41 | Project Selection

Candidate repositories were first identified from the public GitLab
ecosystem B From an initial pool of thirty projects, ten were selected us-
ing two criteria: (i) each project contained at least 250 user stories with
assigned story points, and (ii) the stories exhibited sufficient linguistic
diversity and observable ambiguity to support a meaningful evaluation.
Repositories with inconsistent labeling practices, incomplete descrip-
tions, or insufficient story volume were excluded to maintain dataset
quality.

Each selected project contributes three aligned artifacts: the orig-
inal user story (title, description, and assigned story point), the am-
biguity annotations across four linguistic dimensions, and the refined
version produced through the ambiguity-resolution pipeline. This struc-
ture enables parallel comparison between ambiguous and clarified sto-
ries and supports cross-project generalization studies. The resulting
corpus spans analyzers, security tools, marketing platforms, and static-
analysis utilities, providing substantial heterogeneity in writing styles
and Agile conventions. Table E summarizes story counts and ambiguity
prevalence. Notably, ambiguity rates range from 12.6% in the Checkov
Analyzer to near complete coverage in several Gemnasium projects, of-
fering a diverse empirical basis for evaluating SPERT-AR across different
ambiguity profiles.

The dataset is intentionally ambiguity-rich because the objective
of this study is to evaluate whether resolving ambiguity in user sto-
ries improves downstream story point estimation. Overall, 3,559 out of
4,252 stories contain at least one detected ambiguity, corresponding to
approximately 83.7% of the corpus. This high prevalence reflects the

T https://gitlab.com/explore/projects/


https://gitlab.com/explore/projects/

10 |

YOUNAS et al.

TABLE 3 Descriptive statistics of the user story dataset.

Project Abb. User stories  Ambiguous stories  Resolved stories
GitLab Marketing Website GMW 355 332 355
Gemnasium Python DB Analyzer =~ GPD 344 344 344
Gitleaks Analyzer GLA 310 251 310
Hadolint Analyzer HLA 327 311 327
ESLint Analyzer ELA 521 489 521
Secrets Analyzer SAL 982 778 982
Gemnasium Analyzer GMA 424 424 424
Gemnasium DB Analyzer GDB 285 285 285
Checkov Analyzer CHA 420 61 420
Semgrep Analyzer SGA 284 284 284
Total 4252 3559 4252

project-selection criteria, which favored repositories with sufficient am-
biguity variation to support controlled before-after analysis. However,
it also means that the dataset should not be interpreted as repre-
sentative of all Agile repositories. In projects where user stories are
already written with high clarity and consistent structure, the marginal
benefit of SPERT-AR may be smaller. We therefore treat the ambiguity-
heavy nature of the corpus as an important boundary condition for
interpreting the reported improvements.

4.2 | Story Ambiguity Labeling

Each user story was analyzed for ambiguity across four linguistic dimen-
sions grounded in established requirements engineering taxonomies:
lexical, syntactic, semantic, and pragmatic Osama and Aref (2018).
Ambiguity detection was conducted in two stages:

1. Automated detection using a GPT-4 classifier with structured
prompts designed to identify vague wording, incomplete syntax,
missing context, and cross-story overlap.

2. Heuristic checks using TF-IDF key-phrase extraction and SBERT-
based similarity to detect internal inconsistencies and potential
duplication.

Table {4 defines the four ambiguity types and provides representative
examples. Table E summarizes their distribution across projects.

4.3 | Expert Validation Protocol

All automatically generated ambiguity labels were validated by five Ag-
ile practitioners with experience in requirements analysis. Reviewers
independently confirmed or corrected the ambiguity assignments and
evaluated the refined versions produced by the ambiguity resolution
module. For each story, the experts assessed: (i) whether the refine-
ment preserved the original intent, (i) whether missing conditions or
assumptions were correctly reconstructed, (iii) whether scope inflation
occurred, and (iv) whether the refinement could plausibly influence
practitioner interpretation of effort. Any expert-suggested story-point

adjustment was recorded as an exploratory annotation only and was not
used as the training or evaluation label in the main experiments. Inter-
rater reliability measured using Cohen’s x was 0.87, indicating strong
agreement. Disagreements were resolved through discussion, resulting
in a high-quality, expert-verified resolved dataset for all subsequent

experiments.

44 |
pretation

Exploratory Analysis of Effort Inter-

Among the 4,252 annotated stories, 3,559 contained at least one ambi-
guity. The resolution process generated a parallel corpus that supports
direct comparison between original and clarified textual representa-
tions. In addition to validating the refined stories, experts also recorded
whether clarification could plausibly change a practitioner’s interpreta-
tion of effort. These expert-suggested effort changes are treated only as
exploratory annotations and are not used as the target labels in the main
predictive experiments. The primary evaluation continues to use the
original repository-assigned story points for both original and resolved
stories.

Approximately 28% of stories received an exploratory effort-
adjustment flag after clarification, most often because vague or un-
derspecified tasks became more concretely scoped. These exploratory
effort-adjustment annotations are not used in any MAE, MSE, SA,
statistical-significance, or ablation results reported in Section E Figure
E illustrates a representative ambiguous story from the GitLab Market-
ing Website project VersionOne (2021). Expressions such as “correct
paths” and “slightly modified build steps” created uncertainty about im-
plementation scope; after refinement and expert review, the story was
annotated as a case where practitioner interpretation of effort could
change. This example is used to illustrate the practical effect of ambi-
guity on estimation judgment, not to redefine the primary ground-truth
label used for model evaluation.

Formally, the primary resolved dataset used for model training and

evaluation is defined as:

Dresolved = {(Ui*r YI)},N:y (22)
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TABLE 4 Framework for identifying user story ambiguities.

Ambiguity type  Linguistic level Requirements violation Example violation
Vagueness Lexical Use of polysemous or unclear “Optimize system” lacks a mea-
terms surable target.
Inconsistency Syntactic Poor structure or grammar Compound stories mixing unre-
lated tasks.
Insufficiency Semantic Missing context or conditions No preconditions, assumptions,
or actor roles.
Duplication Pragmatic Redundant or overlapping sto- Similar functionality split across
ries stories.
TABLE 5 Ambiguity types identified across projects. 5 | EXPERIMENTAL EVALUATION
Project Lexical Syntactic Semantic Pragmatic
GMW 110 152 68 2 This section empirically evaluates SPERT-AR. We first describe the ex-
GPD 252 290 60 3 perimental design and baseline models, then present the metrics used to
GLA 181 193 20 0 assess estimation accuracy and ambiguity-resolution quality. The sub-
HLA 211 241 106 1 . . .
ELA 380 452 62 0 sequent subsections address four research questions on the impact of
SAL 423 718 391 1 ambiguity resolution, comparison with baselines, cross-project general-
GMA 259 347 101 3 ization, and computational overhead, followed by an ablation study of
GDB 186 225 31 0
CHA 28 48 19 0 SPERT-AR components.
SGA 258 188 22 0 Table [ summarizes the main methodological components used in the
Total 2298 2854 880 10 experimental evaluation, including the dataset, feature representation,
algorithms, metrics, and validation setup.
. Story Points 0 .
Steps to reporduce trace dialog ; 51 | Experlmental DeS|gn
Qopen [ Issue created just now by Nick Adam
Labels
Steps toreproduce =20 All experiments use the dual-view dataset described in Section §, where
o :j.t?ii:?il?;ﬁ:;&?fﬁ: steps o find the correct paths e each user story appears in both its original and resolved form. Each
- \(:.:Z,n.ee?j:nimage record includes issuekey, created, title, description, storypoints,
Weight

5. Right clicked on the layer

6. Selected Trace... Critical

Result Due date

Jul 4, 2023 - remove due date
Expected: Apparently a trace dialog should open? What really happened: It crashed.

FIGURE 5 Example of an ambiguous user story prior to ambiguity
resolution.

where U’ is the expert-validated resolved story retained after the
ambiguity-resolution process, and y; is the original repository-assigned
story point used as the primary ground-truth label. When experts
suggested that clarification could alter effort interpretation, the corre-
sponding exploratory annotation is stored separately as y;eXID and is not
used in the main accuracy evaluation. Table E provides examples demon-
strating how ambiguity can affect interpretation and how refinements
reduce unclear wording, missing context, or overlapping scope.

This dual-view dataset forms the empirical foundation for evaluat-
ing SPERT-AR, supporting controlled experiments, ablation studies, and
cross-project analysis reported in Section E The full annotated dataset,
including original, ambiguous, and refined stories, is publicly available

for reproducibility.d

+ https://github.com/waleedunas/spert-ar-dataset

and ambiguity_types. Resolved stories are obtained through the
SPERT-AR ambiguity-resolution pipeline (Section E), which applies GPT-
4 prompts guided by detected ambiguity categories and then passes
all outputs through expert validation. The original repository-assigned
story points are preserved as the primary ground-truth labels in all main
training and evaluation experiments. Ambiguity resolution changes only
the textual representation of a story; each resolved story U;" remains
paired with the same repository label y;. This fixed-label design isolates
the effect of textual clarification on estimation performance without
introducing label changes as a confounding factor.

Expert-adjusted story points are retained only as secondary ex-
ploratory annotations. They are used to examine how clarification may
influence practitioner interpretation of effort, but they are not used as
the ground truth for the headline accuracy results. To reflect realistic
deployment settings, the data are partitioned using a 60/20/20 split
for training, validation, and testing with strict cross-project isolation; all
stories from a given project appear in exactly one partition. This pre-
vents data leakage and mirrors practical scenarios in which estimation
models are applied to previously unseen projects. All experiments are re-
peated five times with different random seeds, and results are reported
as averages.
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TABLE 6 Examples of ambiguity and

resolution in user stories.

Ambiguity type = Ambiguous user story snippet Refined version

Lexical “Improve performance of the analytics module.” “Improve the performance of the analytics module when
processing user queries.”

Syntactic “As a user, | want to reset password and receive alerts.” Split into: (1) “Reset password via email.” (2) “Configure
email alerts for login events.”

Semantic “As a user, | want to register.” Expanded with missing steps for email verification and in-
put validation.

Pragmatic “Sort products by price” and “Filter products by price” “Clarify whether sorting and filtering by price should be

listed separately.

handled as separate or combined functionality.”

TABLE 7 Summary of experimental methodology.

Component

Description

Dataset description

Feature representation

Algorithms

Evaluation metrics

Experimental setup

Ten publicly available GitLab projects containing 4,252 user stories with titles, descriptions,
repository-assigned story points, ambiguity labels, and expert-validated resolved versions.
User story titles and descriptions are concatenated and encoded using transformer-based
contextual representations for SPERT and SPERT-AR; baseline models use TF-IDF vectors, av-
eraged embeddings, or SBERT embeddings depending on the model.

SPERT-AR is compared with SPERT, SBERT-XG, TF-IDF-SE, and Deep-SE under identical
data partitions. SPERT-AR combines ambiguity-aware refinement with reinforced transformer-
based estimation.

Prediction performance is assessed using MAE, MSE, and SA. Ambiguity-resolution quality is
assessed using ARR, SRS, and EAR. Statistical reliability is examined using paired significance
tests and effect sizes.

Experiments use a 60/20/20 train-validation-test split with strict cross-project isolation. All

models are evaluated over five random seeds, and results are reported as averages.

52 | Controlled Evaluation of Ambiguity
Resolution

To isolate the effect of ambiguity resolution from changes in target la-
bels or model complexity, we design the main experiment as a controlled
text-only intervention. For each user story, the original version U; and
the resolved version U are paired with the same repository-assigned
story point y;. The comparison therefore evaluates whether modifying
the textual clarity of the input improves prediction accuracy while hold-
ing the target label fixed. In this setting, any improvement cannot be
attributed to expert-adjusted labels, because the adjusted values are
excluded from the primary training and testing procedure.

This design separates three sources of possible improvement: (i)
the effect of ambiguity resolution, measured by comparing models
trained on original stories against the same models trained on resolved
stories under identical labels; (ii) the effect of model architecture, mea-
sured by comparing SPERT-AR with non-reinforced baselines under the
same resolved-text condition; and (jii) the exploratory effect of effort
reinterpretation, analyzed separately using expert annotations but not
included in the headline predictive results. This separation allows the
study to test the central hypothesis more directly: reducing ambiguity
in user-story text improves the learnability and stability of story point
estimation without redefining the ground-truth effort labels.

5.3 | Baselines

We evaluate SPERT-AR against baselines at two levels: ambiguity reso-
lution and story point estimation.

Ambiguity-resolution baselines. The GPT-4-based refinement mod-
ule in SPERT-AR is compared to two alternative techniques for generat-
ing resolved stories: (i) a rule-based approach that uses manually crafted
linguistic patterns to flag and modify vague or structurally incomplete
expressions, and (ii) a BERT-based approach that employs a fine-tuned
ambiguity classifier with token-level masking to rewrite unclear phrases.
The rule-based method is brittle and highly sensitive to project-specific
phrasing, whereas the BERT-based method often misses broader con-
textual cues and produces shallow edits. SPERT-AR integrates explicit
ambiguity categorization with structured GPT-4 prompts to yield richer,
context-aware rewrites. In all three cases, outputs are subject to ex-
pert validation to ensure semantic fidelity. A qualitative comparison is
summarized in Table E

Story point estimation baselines. For effort estimation, SPERT-AR is
compared against three representative models: TF-IDF-SE [Tawosi et al.
(2022H), which uses TF-IDF vectors with a linear regressor; Deep-SE
Choetkiertikul et al! (2018), which applies averaged word embeddings
and a multilayer perceptron; and SBERT-XG Yalciner et al. (2024), which
combines Sentence-BERT embeddings with an XGBoost regressor. The
original SPERT model Younas et al! (2025), trained on ambiguous sto-

ries, serves as the primary learning-based baseline. SPERT-AR extends
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TABLE 8 Comparison of ambiguity-resolution techniques.

Technique Accuracy Manual effort Scalability Context awareness
Rule-based Moderate High Low Low
BERT-based High Medium Medium Moderate
GPT-4 (ours)  Very high  Low (expert validation only) High High

SPERT by integrating ambiguity detection, resolution, and expert feed-
back into the estimation pipeline. All models are trained on both am-
biguous and resolved datasets using identical pre-processing, data splits,

and hyperparameter tuning to ensure a fair comparison.

54 | Evaluation Metrics

We evaluate SPERT-AR and the baselines along three dimensions: esti-
mation accuracy, ambiguity-resolution quality, and statistical reliability.

Estimation accuracy. We report Mean Absolute Error (MAE), Mean
Squared Error (MSE), and Standardized Accuracy (SA). MAE measures
the average absolute deviation between predicted and true story points,
while MSE penalizes larger errors more heavily. In all primary experi-
ments, the true value is the original repository-assigned story point y;,
regardless of whether the input text is original or resolved.

N
1 N
MAE = N > lyi- il (23)
=1
LN
MSE = N > vi-)? (24)

i=1
SA assesses performance relative to a random estimator Shepperd

et al! (2012): MAE
model

MAErandom ’
where MAE,.ndom denotes the expected MAE of a random predictor

SA=1- (25)

estimated on the same test partition. For reporting consistency, SA is
expressed as a percentage by multiplying the resulting value by 100. All
random-baseline values are computed separately for each test split, and
all metrics are averaged over five runs with different random seeds.

Ambiguity-resolution quality. To quantify the effect of the resolu-
tion step itself, we use three metrics aligned with the formal model in
Section B: Ambiguity Reduction Rate (ARR), Semantic Retention Score
(SRS), and Expert Agreement Ratio (EAR). For each story, ARR captures
the proportional decrease in ambiguity score after applying the resolu-
tion operator R; SRS measures semantic similarity between original and
refined stories; EAR records the proportion of cases in which experts
accept the refined story:

AUy
ARR=1- """ (26)
A(U;)
1 .
SRS = N Z Sim(U;, 0p), (27)
i=1
1 .
EAR = N Z 1{experts validate U;}. (28)

i=1

TABLE 9 Cross-project average performance before and after ambi-
guity resolution using the same original repository-assigned story-point

labels in both input conditions.

Model Dataset MAE MSE SA
SPERT Ambiguous 2.10 3.07 76.59
SPERT-AR  Resolved 148 220 94.53
SBERT-XG  Ambiguous 274 452 7027
Resolved 234 384 8037
TF-IDF-SE~ Ambiguous 4.25 5.13 57.30
Resolved 420 500 6252
Deep-SE Ambiguous 2.73 344 68.58
Resolved 239 311 7390

Statistical reliability. To confirm that observed differences are not
due to random variation, we apply paired t-tests and Wilcoxon signed-
rank tests at the 95% confidence level, and compute Cohen’s d as a
measure of effect size. Statistical results are summarized in Table [l and
discussed in Section @

55 | RQ1:Impact of Ambiguity Resolution
The first research question examines whether clarified user-story text
is associated with improved estimation accuracy under the fixed-label
protocol. Table E reports cross-project averages for each estimator on
original and resolved inputs, using the same repository-assigned story-
point labels in both conditions. All models obtain lower MAE and MSE
and higher SA on resolved stories, suggesting that clearer textual inputs
provide more useful estimation signals. SPERT-AR achieves the largest
gain, reducing MAE from 2.10 for SPERT on original stories to 1.48 on
resolved stories and increasing SA from 76.59 to 94.53. Since SPERT-
AR combines several components, this result should be interpreted
together with the ablation study rather than attributed solely to am-
biguity resolution. In particular, the ablation in Section b.9 shows that
applying GPT-4 rewriting to the unchanged SPERT estimator (variant
A2) already accounts for a substantial share of the gain under identical
labels, indicating that a meaningful portion of the headline improve-
ment stems from clarified input text rather than from the reinforced
architecture alone.

Figure @ shows the MAE change before and after resolution. SPERT-
AR exhibits the largest absolute improvement, but simpler baselines also

benefit from clarified stories. Because the labels are held constant, these
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FIGURE 6 Comparison of MAE before and after ambiguity resolu-

tion across models.

TABLE 10 Ambiguity-resolution metrics per project.

Project ARRT SRSt EAR®
GitLab Marketing Website (GMW) 0.62 0.93 0.85
Gemnasium Python DB Analyzer (GPD) 0.68 0.94 0.89
Gitleaks Analyzer (GLA) 0.63 0.91 0.87
Hadolint Analyzer (HLA) 0.60 0.92 0.83
ESLint Analyzer (ELA) 0.67 0.93 0.88
Secrets Analyzer (SAL) 0.70 0.90 0.84
Gemnasium Analyzer (GMA) 0.65 0.91 0.85
Gemnasium DB Analyzer (GDB) 0.66 0.92 0.86
Checkov Analyzer (CHA) 0.59 0.94 0.88
Semgrep Analyzer (SGA) 0.64 0.91 0.84
Cross-project average 0.64 0.92 0.86

gains are not explained by revised effort values. The magnitude of im-
provement, however, should be interpreted in light of the ambiguity-rich
dataset composition.

The ambiguity-resolution metrics further substantiate these findings.
Table @ reports ARR, SRS, and EAR per project. On average, SPERT-
AR reduces ambiguity by 64% while maintaining a high SRS of 0.92 and
EAR of 0.86, indicating that most refined stories are both measurably
clearer and semantically faithful to the originals.

To illustrate how these ambiguity-resolution metrics relate to practi-
cal estimation, consider a story with vague performance wording such
as “Improve performance of the analytics module.” In its original form,
the story does not specify the target operation, performance threshold,
or measurement context, making it difficult for estimators and learn-
ing models to infer effort-related cues. After resolution, the story is
rewritten as “Reduce query latency in the analytics dashboard from 3 s
to under 1s,” which makes the expected change more concrete while
preserving the original performance-improvement intent. This type of
refinement explains why ARR and SRS must be interpreted jointly: the
goal is not only to reduce ambiguity, but to do so without changing the
underlying functional scope.

From a practical perspective, such refinements can support backlog
discussions by making hidden assumptions visible before story point
estimation occurs. Product owners and developers can then confirm
whether the clarified target is acceptable, revise it if necessary, or defer
estimation until missing information is available. Thus, the improvement

TABLE 11 Impact of ambiguity resolution techniques on story point
estimation (average across 10 projects).
Method MAE(]) MSE(}) SA (1)
No resolution (SPERT baseline) 2.10 3.07 76.59%
Rule-based resolution 1.86 2.75 81.70%
BERT-based classifier 1.67 2.49 86.00%
LLM-based refinement (SPERT-AR) 1.48 2.20 94.53%

TABLE 12 Performance comparison between SPERT-AR and ambi-
guity classifiers.

Model MAE(]) MSE()) SA(D)

SPERT-AR (proposed) 1.48 2.20 94.53%
BERT-classifier 1.86 3.45 72.43%
TF-IDF classifier 2.49 4.86 61.30%

in estimation accuracy reported in Table E should be understood not
only as a model-level gain, but also as evidence that clearer story formu-
lations provide more stable inputs for both automated estimators and
human planning discussions.

Table @ compares alternative resolution strategies averaged over
all projects. SPERT-AR LLM-based refinement outperforms rule-based
and BERT-based techniques on all three metrics. Table L3 contrasts
SPERT-AR with models that only detect ambiguity without resolving
it. Detection alone yields modest gains, but the full pipeline that ex-
plicitly reduces ambiguity and feeds refined stories into the estimator
delivers the largest improvements, indicating that resolution must be in-
tegrated into the estimation workflow rather than treated as a detached

pre-processing step.

5.6 | RQ2: Comparison with Baselines

The second research question investigates how SPERT-AR compares
with traditional and modern estimators at the project level. Table @ re-
ports MAE, MSE, and SA for all models when trained on resolved stories.
On ambiguous inputs (table omitted for brevity), SPERT already out-
performs TF-IDF-SE, Deep-SE, and SBERT-XG, confirming the benefit
of reinforced transformer-based estimation. After ambiguity resolution,
SPERT-AR consistently achieves the lowest MAE and highest SA across
all ten projects.

Projects with higher initial ambiguity, such as Gemnasium Analyzer
(GMA) and Secrets Analyzer (SAL), show particularly large relative
improvements, reflecting stronger noise reduction by the resolution
pipeline. The aggregated comparison in Table @ shows that, on aver-
age, SPERT-AR reduces MAE by 29.52% and improves SA by 23.41%

relative to SPERT trained on ambiguous stories.
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TABLE 13 Model evaluation metrics on resolved stories across all projects.

Project Abb. Model MAE MSE SA (%) Project Abb. Model MAE MSE SA (%)
Gitlab Marketing G\ sperT.AR 113 120 97.79 S°CTetS SAL SPERT-AR 158 443 8470
Website Analyzer

SBERT-XG 190 370 7524 SBERTXG 199 627 69.75

TF-IDF-SE 4.97 456 4629 TF-IDF-SE 489 612 6205

Deep-SE  1.80 348 6594 Deep-SE 209 409 7176
Gemnasium Python - oory  spepT.AR 069 138 9372 CSMMASUM A SpERT-AR 358 4.37 8836
DB Analyzer Analyzer

SBERTXG 153 1.60 80.07 SBERT-XG 453 677 79.02

TF-IDF-SE 340 554 5565 TF-IDF-SE 7.18 9.04 6691

Deep-SE  1.62 179 8073 Deep-SE 669 7.13 7176
Gitleaks GLA SPERT-AR 117 126 9443 OemMnasiumDB onp oprpraR 193 269 95.09
Analyzer Analyzer

SBERTXG 234 2.50 8172 SBERTXG 232 404 90.45

TF-IDF-SE 281 294 5565 TF-IDF-SE 487 576 64.96

Deep-SE  1.82 181 7632 Deep-SE  2.64 3.67 7119
Hadolint HLA SPERT-AR 188 232 9135 Checkov CHA SPERT-AR 147 293 9281
Analyzer Analyzer

SBERTXG 273 300 7815 SBERTXG 270 3.67 90.85

TF-IDF-SE 351 420 64.14 TF-IDF-SE 371 4.62 77.74

Deep-SE  2.33 338 6624 Deep-SE 276 3.64 8027
ESLint ELA  SPERT-AR 105 276 9552 S°merep SGA SPERT-AR 131 1.61 93.36
Analyzer Analyzer

SBERTXG 1.20 346 78.05 SBERTXG 202 211 8668

TF-IDF-SE 239 526 64.96 TR-IDF-SE 227 322 69.73

Deep-SE 148 457 6679 Deep-SE  2.67 2.55 7432

TABLE 14 Comparison of SPERT and SPERT-AR on original and re-
solved user stories (average across 10 projects).

Model MAE(]) MSE(}) SA (1)
SPERT (ambiguous) 2.10 3.07 76.59%
SPERT-AR (resolved) 1.48 2.20 94.53%
Improvement 29.52%  28.34% 23.41%

5.7 | RQ3: Cross-Project Generalization
The third research question focuses on robustness under domain shift.
We adopt a cross-project validation setup in which models are trained
on a subset of projects and evaluated on previously unseen ones. This
configuration mirrors realistic Agile practice, where estimation tools are
often applied across teams and domains with different vocabularies and
conventions.

Figure [/ summarizes cross-project performance for ambiguous and
resolved datasets. SPERT-AR consistently attains the lowest error and
exhibits the most stable behavior on held-out projects. The gains stem
from two factors: reinforcement learning, which adapts the estima-
tion policy to heterogeneous effort distributions, and disambiguated
user stories, which provide clearer and more transferable effort signals.
Across all models, training on resolved stories improves cross-project
performance compared to training on ambiguous ones, confirming that
LLM-assisted ambiguity resolution benefits not only in-domain accu-
racy but also transferability. Traditional baselines such as TF-IDF-SE and

—e— SPERT
-®- SPERTAR

SBERT-XG
~&- TF-IDF-SE
—&- Deep-SE

GMwW GPD GLA HLA ELA SAL GMA GDB CHA SGA
Projects

FIGURE 7 Cross-project performance of different models on origi-

nal and resolved user-story inputs.

SBERT-XG show weaker transfer, reflecting limited ability to cope with

linguistic variability without explicit resolution.

5.8 | RQ4: Computational Overhead and
Statistical Robustness

The final research question examines the computational and operational
trade-offs introduced by ambiguity resolution, together with the sta-
tistical robustness of the observed improvements. SPERT-AR adds an
upfront refinement stage because ambiguity detection and resolution
require LLM inference and expert validation before model training. Its
practical value therefore depends not only on predictive accuracy, but
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TABLE 15 Computational resource comparison.

Model Ambiguous Resolved
dataset (hours) dataset (hours)
SPERT-AR 12.0 10.0
SBERT-XG 6.0 5.0
TF-IDF-SE 4.0 3.5
Deep-SE 8.0 7.0

also on whether this additional effort can be managed within realistic
backlog-refinement workflows.

Table @ reports average end-to-end training time for each model on
original and resolved datasets. SPERT-AR has the highest computational
cost because it includes GPT-4-based refinement and reinforcement op-
timization. Much of this cost, however, is incurred offline. Once a story
has been clarified and validated, the resolved version can be cached and
reused unless the story text changes. The ambiguity score can also act
as a gate, so that LLM-based rewriting is applied only to stories above
a selected ambiguity threshold.

Operationally, SPERT-AR is better suited to scheduled backlog refine-
ment than to real-time estimation during sprint planning. Teams can run
the ambiguity-resolution stage before refinement or release-planning
meetings and then use the clarified stories during estimation. A hybrid
deployment is also possible: low-risk refinements can be accepted after
semantic-similarity checks, while high-risk cases are routed to human
reviewers.

The values in Table E should therefore be interpreted as full exper-
imental pipeline costs, not as the cost of generating a single prediction
after deployment. In practical use, the most expensive stage is the
initial refinement of ambiguous stories. Once the clarified corpus is
available, subsequent estimation can be performed using the trained es-
timator without repeatedly invoking GPT-4 for unchanged stories. This
distinction is important because SPERT-AR is designed as an ambiguity-
aware refinement and estimation workflow, not as a real-time LLM-only
predictor.

To verify that performance differences are statistically reliable, we
apply Wilcoxon signed-rank tests to paired samples before and after am-
biguity resolution and compute Cohen’s d for effect size. Table @ shows
that SPERT-AR achieves highly significant improvements (p < 0.01)
with large effect sizes (d > 1.0) across all metrics. Most baselines also
show statistically significant gains, although their effect sizes are smaller.
These results indicate that the benefits of ambiguity-aware training are
not artifacts of random fluctuation.

59 | Ablation Study

To separate the contribution of ambiguity-related components from
model complexity, we compare four controlled variants. Al is the orig-
inal SPERT baseline trained on original user-story text. A2 keeps the
SPERT estimator unchanged but applies GPT-4 rewriting without the
formal ambiguity model. A3 keeps the estimator unchanged but adds

TABLE 16 Statistical analysis of performance improvements (before

vs. after ambiguity resolution).

Metric  Model p-value Effect size (Cohen’s d)
SPERT-AR  0.0012 1.23
MAE SBERT-XG  0.0031 1.07
TF-IDF-SE  0.0480 0.56
Deep-SE 0.0520 0.49
SPERT-AR  0.0023 1.15
MSE SBERT-XG  0.0064 0.98
TF-IDF-SE  0.0350 0.62
Deep-SE 0.0590 0.45
SPERT-AR  0.0008 1.45
SA SBERT-XG  0.0042 1.20
TF-IDF-SE  0.0410 0.60
Deep-SE 0.0650 0.40

TABLE 17 Ablation study results across ten projects (normalized val-

ues).
Model variant MAE()) MSE(]) SA(1)
A1: SPERT (baseline) 1.000 1.000 0.000
A2: SPERT + GPT-4 0.812 0.752 0.174
A3: SPERT + formal model 0.774 0.723 0.202
A4: SPERT-AR (full) 0.705 0.681 0.234

the formal ambiguity model without GPT-4 rewriting. A4 is the com-
plete SPERT-AR pipeline, combining formal ambiguity modeling, GPT-
4-based refinement, expert validation, and reinforced estimation. Table
ﬂ reports normalized MAE, MSE, and SA across the ten projects, with
A1 fixed at 1.000 for MAE and MSE and 0.000 for SA.

The purpose of this ablation is not to claim that ambiguity reso-
lution is the sole source of improvement, but to examine whether
ambiguity-aware components provide measurable gains beyond the
SPERT baseline. Because SPERT-AR includes interacting mechanisms,
the results should be interpreted as evidence that ambiguity-related
refinement contributes to the observed gains while acknowledging pos-
sible interaction effects among clearer inputs, expert validation, and
reinforcement-based learning.

The normalized results show that both GPT-4-based rewriting and
formal ambiguity modeling improve performance relative to the SPERT
baseline, while the full SPERT-AR variant achieves the strongest re-
sults. Figure E visualizes these relative gains. The formal ambiguity
model structures ambiguity signals, GPT-4 rewriting improves textual
clarity, and expert validation helps preserve scope and intent. However,
the full improvement should be interpreted as the combined effect of
ambiguity-aware refinement and reinforced estimation rather than as
the isolated effect of a single component.

Overall, the ablation study supports the contribution of ambiguity-
aware components to improved estimation performance, while recog-
nizing that interactions among input refinement, expert validation, and

model learning cannot be fully eliminated.
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FIGURE 8 Relative performance gains from SPERT-AR components
in the ablation study.

6 | DISCUSSION

6.1 | Interpretation of Results

The results indicate that linguistic ambiguity affects the learnability of
story-point estimation models. Across ten projects, SPERT-AR trained
on clarified stories reduces MAE by 29.52% and improves SA by 23.41%
compared with SPERT trained on original inputs (Table @), These im-
provements are obtained under a fixed-label evaluation protocol in
which both original and resolved stories are paired with the same
repository-assigned story points. Therefore, the results should be inter-
preted as evidence that ambiguity-aware textual refinement improves
the model’s ability to recover historical effort estimates, not as evidence
that ambiguity resolution changes the true development effort of a
story.

This interpretation requires two qualifications. First, the improve-
ment reflects the combined effect of ambiguity-aware refinement and
the SPERT-AR estimation architecture; the ablation study therefore
helps separate the contribution of individual components. Second, be-
cause the dataset is intentionally ambiguity-rich, the observed gains
may be stronger than in projects where user stories are already clear
and consistently structured. The exploratory expert annotations fur-
ther show that clarification can make hidden assumptions and scope
boundaries more explicit, but these annotations are not used as pri-
mary ground truth. Repository-assigned story points remain the main
labels, while expert-suggested effort reinterpretations are treated only
as secondary evidence for future work on human estimation behavior.

Ambiguity-resolution metrics support this interpretation. SPERT-AR
achieves an ARR of 0.64, an SRS of 0.92, and an EAR of 0.86 on average
(Table [Ld), indicating that refinements generally increase clarity while
preserving original intent. The ablation study (Section E) confirms that
the ambiguity model, GPT-4 rewriting, and expert validation each con-
tribute to the final performance, with the complete pipeline delivering
the strongest results. Cross-project evaluation (Figure ﬁ) further shows
that SPERT-AR remains more accurate and less variable than compet-
ing models on unseen repositories. Overall, the evidence supports the
claim that ambiguity-aware estimation is feasible and empirically effec-
tive, while keeping the scope of the claim limited to prediction under
unchanged repository labels.

6.2 | Practical Implications

The findings suggest that ambiguity handling can improve planning
support, but SPERT-AR should be understood as a decision-support
workflow rather than an autonomous estimation system. Its most ap-
propriate use is offline backlog refinement before sprint planning. The
framework can analyze new or updated stories, identify ambiguity
types, generate clarification suggestions, and present them to product
owners, business analysts, or senior developers for review. The final es-
timate remains a team decision; SPERT-AR’s role is to reduce textual
uncertainty before estimation discussions begin.

In practice, SPERT-AR could be integrated into platforms such as
GitLab, Jira, or Azure DevOps through a plugin or external service.
Low-ambiguity stories may proceed directly to estimation, while high-
ambiguity stories can be queued for LLM-based refinement and human
validation. The system can store original and clarified versions as linked
artifacts, together with ambiguity types and reviewer decisions, preserv-
ing traceability across the refinement process.

The main operational costs arise from repeated LLM calls and ex-
pert validation. These costs can be reduced by applying rewriting
only to stories above an ambiguity threshold, caching clarified stories,
batching low-priority items before planning meetings, routing only low-
confidence or high-impact cases to reviewers, and using private or
domain-adapted models when data privacy or recurring cost is a con-
cern. Under such a workflow, expert effort is concentrated on stories
where ambiguity is most likely to affect planning.

These deployment considerations also define the limits of the frame-
work. Teams with inconsistent story-point practices, limited reviewer
availability, strict data-governance constraints, or very large backlogs
may require additional customization. Thus, SPERT-AR does not elimi-
nate human estimation effort; it provides a structured mechanism for
making ambiguity reduction more traceable, repeatable, and measur-

able before estimation.

6.3 | Limitations and Future Directions
Several limitations define the scope of this work. The dataset consists of
ten open-source GitLab projects, mainly from security and analysis do-
mains. Other settings, including embedded systems, finance, healthcare,
or enterprise software, may follow different story-writing practices,
ambiguity patterns, and estimation cultures. Replication with propri-
etary datasets, alternative estimation scales such as T-shirt sizes or
function points, and varied tool chains is therefore needed to assess
generalizability.

The ambiguity-resolution process also introduces practical overhead.
GPT-4-based refinement improves textual clarity, but repeated LLM
calls may increase cost, latency, and dependence on external services.
Expert validation improves semantic fidelity but can become difficult to

scale for very large backlogs. Future work should quantify cost-control
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strategies such as threshold-based rewriting, caching, batching, selec-
tive expert review, and the use of private, domain-adapted, or smaller
local models in industrial settings.

Data governance and privacy constraints may also affect deploy-
ment. Industrial user stories can contain sensitive business logic, client
information, security requirements, or commercially confidential de-
tails. Organizations may therefore be unable to send backlog items
to external LLM APIs. Future versions of SPERT-AR should investi-
gate privacy-preserving deployments, including on-premise language
models, anonymization pipelines, secure logging, and integration with
enterprise access-control policies.

Finally, SPERT-AR operates on static snapshots of user stories and
does not incorporate temporal aspects such as story evolution, sprint
dynamics, team velocity, developer availability, or historical estimation
adjustments. It also does not use auxiliary artifacts such as comments,
discussion threads, linked merge requests, or code changes, which may
contain additional effort cues. Future studies should evaluate SPERT-
AR in live Agile teams to measure not only prediction accuracy but also
review effort, refinement acceptance rate, perceived clarity, planning

confidence, and impact on estimation discussions.

7 | THREATS TO VALIDITY

This section outlines potential threats that may influence the interpre-
tation of the results and describes the steps taken to mitigate their
impact.

Internal Validity. Internal validity concerns whether the observed
improvements can be attributed to SPERT-AR rather than to uncon-
trolled experimental factors. To reduce confounding effects, all evalu-
ated models used identical preprocessing pipelines, data partitions, and
hyperparameter tuning procedures. Strict cross-project isolation was
also enforced so that stories from the same project did not appear in
multiple partitions. A remaining source of subjectivity arises from ex-
pert validation of ambiguity refinements. To reduce this risk, multiple
Agile practitioners independently reviewed the refinements, inter-rater
agreement was measured using Cohen'’s « (0.87), and disagreements
were resolved through discussion. Nevertheless, some human judgment
remains inherent in the validation process.

Construct Validity. Construct validity concerns whether the study
accurately measures effort estimation quality and ambiguity reduction.
MAE, MSE, and SA are standard metrics in software effort estima-
tion and provide complementary views of prediction error, large-error
sensitivity, and performance relative to a random baseline. In the pri-
mary experiments, original repository-assigned story points are used as
ground-truth labels for both original and resolved stories. This design
avoids conflating textual clarification with post-hoc label revision and
isolates the effect of clarified input on predictive performance. How-
ever, repository-assigned story points are historical team judgments
rather than objective measures of actual development effort. They may

reflect local estimation habits, team velocity, negotiation dynamics,

or project-specific conventions. Therefore, the results should be inter-
preted as improvements in predicting historical story-point assignments,
not as direct proof of improved prediction of actual development time
or cost.

Ambiguity is modeled across four linguistically grounded categories:
lexical, syntactic, semantic, and pragmatic. Although this taxonomy is
consistent with requirements-engineering literature, it may not cap-
ture all domain-specific or organization-specific ambiguity forms. Sim-
ilarly, ARR, SRS, and EAR measure ambiguity reduction and semantic
preservation, but they do not fully capture human factors such as de-
veloper confidence, negotiation quality, or shared understanding during
sprint planning. Expert-suggested effort reinterpretations are therefore
treated as exploratory annotations rather than primary ground-truth
labels.

External Validity. External validity concerns generalizability beyond
the studied setting. The evaluation dataset consists of ten open-source
GitLab projects, with a concentration in security and static-analysis
tools. Industrial environments may differ in development practices,
estimation scales, backlog platforms, team culture, and domain complex-
ity. These differences could influence both ambiguity prevalence and
model behavior. Consequently, the reported improvements should be
interpreted within the context of the studied dataset and require fur-
ther validation using proprietary industrial datasets and projects from
different application domains.

A further external-validity concern is the high prevalence of am-
biguous stories in the corpus. Since 3,559 out of 4,252 stories con-
tain at least one detected ambiguity, the dataset provides a useful
stress test for SPERT-AR but may also amplify the apparent bene-
fit of ambiguity-aware refinement. Projects with clearer story-writing
conventions or stricter backlog-quality practices may exhibit smaller
performance gains.

Statistical Conclusion Validity. Statistical conclusion validity con-
cerns whether the reported improvements are statistically reliable. To
improve robustness, experiments were repeated using multiple ran-
dom seeds, and both paired t-tests and Wilcoxon signed-rank tests
were applied at the 95% confidence level. Effect sizes using Cohen's
d accompany the significance tests (Table @), and the results indicate
large and statistically significant improvements for SPERT-AR. However,
the evaluation includes only ten projects, and some repositories may
share contributors or development practices, which can introduce par-
tial dependencies and optimistic variance estimates. The results should
therefore be interpreted with appropriate caution.

8 | CONCLUSION

This paper introduced SPERT-AR, a framework that combines formal
ambiguity modeling, LLM-based refinement, expert validation, and re-
inforcement learning for story point estimation in Agile software devel-

opment. Rather than assuming that user stories are already clear and
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complete, SPERT-AR treats ambiguity as an input-quality issue that can
weaken the textual signals used by learning-based estimators.

Experiments on ten GitLab projects show that clarified stories im-
prove estimation performance under a fixed-label evaluation protocol.
SPERT-AR reduces MAE by 29.52% and improves SA by 23.41% rel-
ative to SPERT trained on original inputs, while preserving repository-
assigned story points as the primary evaluation labels. Ambiguity-
resolution metrics further indicate that the refinement process reduces
linguistic uncertainty while maintaining semantic fidelity. These results
suggest that ambiguity-aware refinement can support more stable esti-
mation under the ambiguity-rich conditions studied in this paper.

The findings should be interpreted as evidence that clearer user-story
representations can improve learning-based story point estimation, not
as a claim that ambiguity resolution alone determines estimation accu-
racy or changes the true development effort of a story. Future work
should evaluate SPERT-AR in broader industrial settings, with different
estimation scales, backlog-management tools, privacy constraints, and
team practices, to assess how ambiguity-aware refinement affects both
model performance and human estimation workflows.
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