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Abstract

Classifying user stories into functional categories can support back-
log organization, reuse, and requirements analysis, but manual
classification is costly and difficult to scale. Large Language Models
(LLMs) can automate part of this task, although accuracy alone
is insufficient for practical adoption: analysts also need to know
when a classification should be accepted, reviewed, or corrected.
This paper presents a controlled empirical study of confidence-
aware user-story classification with GPT-5.2, DeepSeek, and Llama.
The models classified 191 user stories from 10 projects using the
same prompt, taxonomy, output schema, and execution constraints,
with three repeated runs per model. The study evaluates exact
classification performance, repeated-run stability, and inter-model
agreement as a practical confidence signal. Results show that model
accuracy and stability do not necessarily coincide. GPT-5.2 achieved
the highest exact accuracy, while DeepSeek was the most stable
across runs. Agreement among models provided useful evidence for
selective automation: when all three models agreed, exact accuracy
reached 84.4%; when only two agreed, it dropped to 47.8%; and
when all models disagreed, it dropped to 22.2%. The results also
show that disagreement is associated with underspecified stories,
multi-intent stories, out-of-coverage cases, and problematic taxon-
omy labels. These findings suggest that multiple LLMs can be used
as complementary decision-support agents rather than as isolated
classifiers.
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1 Introduction

User stories are widely used in agile software development to ex-
press requirements in a concise and stakeholder-oriented format [10,
13]. As projects grow, however, backlogs often become large, het-
erogeneous, and difficult to organize. This creates challenges for
requirements analysis, reuse, traceability, and planning [3, 4]. One
way to address this problem is to classify user stories according to
their functional characteristics. Functional labels can help teams
identify recurring patterns, compare similar requirements, and sup-
port reuse across projects [6].

Manual classification is nevertheless effort-intensive and hard
to maintain in dynamic backlogs. LLMs offer a promising alter-
native because user stories are expressed in natural language and
often depend on semantic cues that are difficult to capture with
rules alone [9, 15]. Recent research has explored LLMs and re-
lated language models for requirements analysis and classifica-
tion tasks [5, 11]. Yet practical adoption requires more than aggre-
gate accuracy. In real requirements workflows, analysts need to
decide whether a specific automated classification can be accepted,
whether it should be reviewed, or whether the story or taxonomy
requires correction.

This concern is aligned with broader work on human-AI deci-
sion support, which shows that global performance indicators can
hide instance-level uncertainty and encourage overreliance on auto-
mated systems [1, 12]. In classification settings, confidence should
therefore be understood not only as a model’s reported score, but
also as evidence that helps decide when automation is safe enough
and when human review is necessary [7, 8].

This paper investigates confidence-aware functional classifica-
tion of user stories using three LLMs: GPT-5.2, DeepSeek, and Llama.
The models classify the same set of 191 user stories under the same
prompt, WIS taxonomy, output schema, and execution constraints,
with three repeated runs per model. The study addresses three
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Table 1: WIS taxonomy used in the study.

Module Operations

Registration Insert data; Retrieve data; Update data; Remove
data; Modify input behavior

Authentication Login with username and password; Login with
OAuth; Password recovery; First login; Validate
user permissions; Update profile; Create account;
Remove account

Management View dashboard; Export report to PDF; Export re-

port to XLS; Notify via app; Notify by email

research questions: (RQ1) how the evaluated LLMs differ in per-
formance and stability; (RQ2) whether inter-model agreement can
support acceptance or review decisions; and (RQ3) how story char-
acteristics and taxonomy limitations contribute to disagreement
and error. These questions follow a practical workflow. First, the
individual behavior of each model must be understood. Second, the
agreement among models must be evaluated as evidence for triage.
Third, difficult cases must be inspected to understand whether the
problem comes from the model, from the story text, or from the
taxonomy itself.

The contribution is a compact empirical evaluation showing
that confidence in LLM-based user-story classification should be
treated as a process-level property. Instead of relying on a single
prediction or on self-reported confidence, the proposed analysis
combines accuracy, stability, and agreement to support selective
automation. This perspective is particularly relevant for Intelligent
Software Engineering because it treats LLMs as components of
a decision-support process, not as autonomous replacements for
requirements analysts.

2 Background and Related Work

This section summarizes the concepts needed to position the study.
It first describes the classification task and the WIS taxonomy,
and then relates this task to prior work on user-story quality, re-
quirements classification, and trustworthy use of LLMs in Software
Engineering.

User stories are lightweight requirements artifacts commonly
written from the perspective of a user or stakeholder. Their flex-
ibility supports communication, but it also creates quality prob-
lems such as ambiguity, incompleteness, and inconsistent granular-
ity [2, 10]. Such problems can reduce the usefulness of user stories
for systematic analysis and automation.

The classification task in this study is based on the WIS taxon-
omy proposed by Dilorenzo et al. [6]. The taxonomy represents
functionality through module—operation pairs. A module denotes
a broader functional area, while an operation specifies the action
expressed by the story. In the configuration adopted here, the label
space includes three modules: Registration, Authentication, and
Management. Table 1 summarizes the operations used in the exper-
iment.

The task is multi-label: a story may express more than one func-
tional concern and may therefore receive more than one module-
operation pair. Conversely, some functional stories may not be ade-
quately represented by the current taxonomy. For this reason, the
protocol includes an explicit out-of-coverage decision, represented
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\
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Figure 1: Overview of the study design.

as n/a. This prevents the model from forcing an unsupported tax-
onomy label when the story falls outside the available label space.

Prior research on user-story quality has emphasized that struc-
tural clarity affects downstream analysis [2, 10]. Work on NLP and
LLMs for Software Engineering shows that language models can
support several requirements-related tasks, including classification,
quality assessment, and requirements analysis [9, 11, 15]. How-
ever, most evaluations still emphasize overall performance. Less
attention has been paid to operational confidence: how to identify
classifications that are reliable enough to accept and cases that
require human inspection. This paper addresses that gap through
repeated executions and inter-model agreement.

The WIS setting is also stricter than many binary or coarse-
grained requirements-classification tasks. A prediction is only con-
sidered exactly correct when the model selects the same normalized
set of module-operation pairs as the human reference. A predic-
tion with the correct module but the wrong operation is therefore
treated as incorrect, because the operation is the reusable func-
tional unit expected by the taxonomy. This conservative evaluation
is appropriate for decision support: if an automated label is used to
organize a backlog or retrieve reusable assets, a near miss may still
lead the analyst to the wrong group of stories.

3 Method

The study was designed to evaluate LLM-based user-story classifi-
cation as a controlled process rather than as a single model output.
Figure 1 summarizes the procedure. The same dataset, prompt, tax-
onomy, and output schema were used for all models. Each model
was executed three times, and the resulting outputs were analyzed
from three complementary perspectives: model behavior and sta-
bility, agreement-based confidence, and sources of disagreement.

3.1 Dataset and Reference Classification

The dataset contains 191 user stories from 10 projects. The stories
were selected from real product backlog items and screened to
retain functional stories suitable for taxonomy-guided classification.
Items focused mainly on constraints, quality attributes, or non-
functional concerns were excluded. Each retained story includes its
text, a consolidated human reference classification, and the outputs
produced by each model in each execution.

The reference classification was produced by three specialists
with experience in agile software development and requirements-
related activities. The specialists analyzed coverage, module, and
operation labels. Disagreements were reviewed and consolidated
into a single ground truth. Before consolidation, agreement was
high across the main labeling dimensions, with Cohen’s Kappa val-
ues of 1.000 for coverage, 0.985 for module, and 0.946 for operation.
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Table 2: Summary of the structured prompt constraints.

Constraint Purpose

Closed taxonomy Prevents unsupported modules and operations
from being invented.

Allows a story to express more than one functional
concern.

Supports abstention when the story is outside tax-
onomy coverage.

Makes outputs comparable and easier to normalize.
Records reasons and possible issues for later human
inspection.

Multi-label output
Explicit n/a

Raw JSON schema
Review fields

This supports the use of the consolidated labels as a reliable basis
for model evaluation.

3.2 Controlled Classification Protocol

All models received the same structured prompt. The prompt de-
fined the task as WIS-based functional classification, provided
the taxonomy as a closed label space, allowed multiple module—
operation pairs, and required a JSON output. When a story did not
fit the taxonomy, the model was instructed to return a single n/a
line, mark the case as requiring review, and explain the reason in
an auxiliary field.

Although the output schema included fields such as self-reported
confidence, rationale, evidence, and review indication, the primary
analysis used only the normalized classification output. Each predic-
tion was converted into an order-invariant set of module-operation
pairs. This normalization allowed consistent comparison across
models, runs, and the human reference. The decision not to rely on
self-reported confidence is consistent with evidence that confidence
scores produced by models are often poorly calibrated [8, 16].

The protocol also constrained the models in three ways. First,
the label space was closed: models could only use the modules and
operations defined in the taxonomy. Second, the task was explicitly
multi-label, avoiding the loss of information when a story expressed
more than one functional concern. Third, the n/a option acted as
a controlled abstention mechanism. These constraints made the
outputs easier to compare and reduced the risk of invented labels.

The evaluated models were GPT-5.2, DeepSeek, and Llama. All
executions used the same prompt wording, taxonomy, JSON schema,
and output requirements. The decoding temperature was fixed at
0.0 for all models. Each model classified all 191 stories three times,
allowing the analysis to distinguish correctness from repeated-run
stability.

Table 2 summarizes the main prompt constraints. These con-
straints are important because the study does not evaluate free-
form generation. Instead, it evaluates whether LLMs can operate
under an explicit requirements-engineering protocol, where the
label space, abstention behavior, and output structure are defined in
advance. This makes the setting closer to a tool-supported workflow
than to an open-ended question-answering task.

3.3 Analysis Procedure

For RQ1, each model was compared with the consolidated human
reference using exact label accuracy, exact label accuracy over cov-
ered stories only, coverage accuracy, and n/a prediction rate. Exact
accuracy required the full normalized prediction set to match the
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Table 3: Metrics used in the analysis.

Metric Definition

Exact accuracy The predicted normalized set exactly matches the
human reference.

Exact accuracy computed only over stories whose
reference is not n/a.

The model correctly decides whether the story is
covered by the taxonomy.

Two runs of the same model produce the same nor-
malized output.

The three runs of the same model produce identical
normalized outputs.

The number of models that converge on the same
representative prediction.

Covered accuracy
Coverage accuracy
Exact agreement
All-3 identical

Agreement level

reference. Coverage accuracy measured whether the model cor-
rectly distinguished covered from out-of-coverage stories. Pairwise
differences in exact correctness were tested using McNemar’s test.

Repeated-run stability was analyzed using exact run-to-run agree-
ment, mean Jaccard similarity between normalized label sets, mean
Cohen’s Kappa, and the proportion of stories for which all three
runs produced identical outputs. For agreement-based analysis, a
representative prediction was selected for each model and story.
When at least two runs produced the same normalized output,
that majority output was used. When all three runs differed, the
model-story pair was flagged as unstable.

For RQ2, stories were grouped by agreement among the rep-
resentative predictions: full agreement, partial agreement, total
disagreement, or presence of at least one unstable model. For each
group, exact and coverage accuracy were computed. For RQ3, the
analysis examined story-level factors, such as absence of an ex-
plicit so that clause and multi-intent stories, and taxonomy-level
factors, such as out-of-coverage cases and labels with recurrent
disagreement.

4 Results and Discussion

This section reports the empirical results according to the three
research questions. The analyses use the 191-story dataset and
the three repeated runs of each model. Unless otherwise stated,
model-level comparisons are based on the representative prediction
selected from repeated executions.

4.1 RQ1: Model Behavior and Stability

Table 4 summarizes model performance and stability. GPT-5.2 achieved
the highest exact accuracy on the full dataset (67.5%), the highest
exact accuracy on covered stories (69.9%), and the highest coverage
accuracy (86.9%). DeepSeek ranked second in exact accuracy (57.6%)
and showed the strongest tendency to abstain, predicting n/a for
35.1% of the stories. Llama showed the weakest exact accuracy
(29.3%) and did not predict n/a in the representative run.

The pairwise differences in exact correctness were statistically
significant. GPT-5.2 outperformed DeepSeek (y?> = 8.308, p =
0.00395) and Llama (y? = 64.000, p < 0.000001). DeepSeek also
outperformed Llama (y? = 31.211, p = 0.000000023). These results
indicate that the observed differences are not only descriptive.

Stability produced a different picture. DeepSeek was the most
stable model, with 97.9% mean exact run-to-run agreement and



ISE 2026, September 11, 2026, Sao Paulo, SP, Brazil

Table 4: Performance and repeated-run stability of the evalu-
ated models.

Model Exact Covered Cov. n/a Exact All-3
acc. acc. acc.  rate agr. ident.
GPT-5.2 67.5 69.9 86.9 20.9 83.8 78.0
DeepSeek 57.6 51.5 78.0 35.1 97.9 96.9
Llama 29.3 41.2 71.2 0.0 95.5 93.2
Full 3/3) 7777777777777 77 7T T I T T e T 7 7 7

Partial (2/3)

Total disagreement

1222022222222720227702227202227022272227)

}2220202202222222222222222222222220
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Table 5: Operational interpretation of agreement levels.

Agreement

Observed pattern

Use in workflow

Full agreement

Partial agreement

Total disagreement

Unstable output

Highest exact and cover-
age accuracy
Intermediate accuracy;
often one correct model

Low exact accuracy

Weakest overall behavior

Candidate for low-
priority review
Human  arbitration
with model alterna-
tives

Careful review and
possible clarification
Escalate before using
the label

Table 6: Story-level factors associated with error.

Group N  Exactacc. Disagr./instab.
No so that clause 75 47.1% 17.3%
With so that clause 116 54.3% 17.2%
Multi-intent 17 43.1% 17.6%
Atomic 174 52.3% 17.2%

Unstable P
[ T T T T T

0% 20% 40% 60% 80% 100%

Figure 2: Accuracy by inter-model agreement level.

96.9% of stories receiving identical outputs in all three runs. Llama
was also highly stable, with 95.5% mean exact agreement and 93.2%
all-three identical outputs. GPT-5.2 was less stable, with 83.8% mean
exact agreement and 78.0% all-three identical outputs. Thus, the
most accurate model was not the most stable, and the most stable
models were not necessarily the most correct. This distinction is
important because practical confidence depends on both correctness
and reproducibility.

The answer to RQ1 is therefore twofold. The models differ sig-
nificantly in exact classification performance, but their reliability
profiles are not captured by accuracy alone. GPT-5.2 is the strongest
classifier in this setting, while DeepSeek provides more reproducible
behavior. Llama’s high stability, combined with low exact accuracy,
shows why stability cannot be used as a substitute for correctness.

4.2 RQ2: Agreement as a Confidence Signal

Figure 2 shows a clear relationship between inter-model agreement
and correctness. Full agreement among the three models produced
the strongest results, with 84.4% exact accuracy and 95.6% coverage
accuracy. When only two models agreed, exact accuracy dropped to
47.8%. When all models disagreed, exact accuracy dropped further
to 22.2%. Cases with at least one unstable model showed the weakest
behavior, with 11.1% exact accuracy.

These results support the use of agreement as a practical confi-
dence signal. Full agreement identifies classifications that are more
suitable for streamlined acceptance, while partial agreement, total
disagreement, and instability indicate cases that should receive
human attention. However, agreement should not be interpreted as
proof of correctness. Among the 45 full-agreement stories, seven
were still misclassified. Two of these false-consensus cases involved
stories outside the taxonomy’s effective coverage, suggesting that
all models may converge on the same incorrect label when the
available taxonomy is inadequate.

Disagreement should also not be treated simply as failure. In
partial-agreement cases, at least one model was correct in 76.1%
of the stories. In total-disagreement cases, at least one model was
correct in 66.7% of the stories. This means disagreement can still be
useful for decision support: it exposes alternative classifications that
analysts can inspect, while warning against automatic acceptance.
Table 5 summarizes this interpretation.

4.3 RQ3: Story and Taxonomy Factors

RQ3 examined whether errors and disagreement were associated
with properties of the user stories and with limitations of the tax-
onomy. Stories without an explicit so that clause had lower exact
accuracy than stories containing that clause (47.1% versus 54.3%),
although their disagreement or instability rate was almost the same
(17.3% versus 17.2%). This suggests that underspecification may
reduce correctness even when models do not visibly disagree.

Multi-intent stories showed a similar pattern. Their exact accu-
racy was lower than atomic stories (43.1% versus 52.3%), and their
full-agreement rate was lower (11.8% versus 24.7%). These results
indicate that story formulation affects classification quality, but not
always in a way that can be detected only through disagreement.
Table 6 summarizes the story-level factors.

Taxonomy limitations produced stronger effects. The human
reference contained 55 stories labeled n/a, indicating that they were
outside the effective coverage of the WIS taxonomy. These cases
had lower exact accuracy (44.9%) and a very low full-agreement
rate (3.6%). The results suggest that part of the uncertainty comes
from label-space limitations rather than model behavior alone.

Figure 3 shows the most problematic WIS labels. Registration/Modify
input behavior was the clearest pressure point, with 19 instances,
only 3.5% exact accuracy, and 47.4% disagreement or instability.
Other difficult labels included Authentication/Update profile, Man-
agement/Notify via app, Authentication/Password recovery, and Reg-
istration/Insert data. These labels suggest where the taxonomy may
need clearer boundaries, examples, or refinement.

Overall, RQ3 shows that classification uncertainty has multiple
sources. Some errors are linked to story formulation, especially
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Figure 3: Problematic labels ordered by exact accuracy.

underspecification and multiple intentions. Others are linked to
taxonomy coverage and label granularity. Therefore, disagreement
should be interpreted not only as a model-level problem, but also as
a diagnostic signal about the quality of the stories and the adequacy
of the label space.

This finding is important for practice because it changes how
disagreement should be handled. If disagreement is treated only as
model failure, the natural response is to replace the model or tune
the prompt. The results suggest a broader response: analysts should
also inspect whether the story should be rewritten, whether the
story bundles multiple requirements, and whether the taxonomy
needs a new or clearer operation. In this sense, confidence-aware
classification can support both automation and requirements im-
provement.

A simple use case illustrates the point. In a large backlog, full-
agreement predictions could be used to pre-fill functional labels,
allowing analysts to confirm them quickly. Partial-agreement pre-
dictions could be displayed with the competing labels proposed by
the models, helping the analyst choose among alternatives. Total-
disagreement and unstable cases could be sent to a review queue,
because they are more likely to involve ambiguous stories, insuf-
ficient taxonomy coverage, or inconsistent model behavior. This
workflow does not require blind trust in LLMs. It uses their conver-
gence and divergence as signals for allocating human attention.

5 Implications and Threats to Validity

The results have methodological and practical implications. Method-
ologically, they show that evaluating LLM-based classifiers only
through aggregate accuracy is insufficient. Exact accuracy, repeated-
run stability, and inter-model agreement describe different aspects
of model behavior. A model can be stable and still wrong, or more
accurate but less reproducible. Confidence is therefore better un-
derstood as a property of the classification process rather than as a
single score.

For practitioners, the results support selective automation. Full-
agreement cases can be treated as stronger candidates for accep-
tance with lower review priority, while disagreement and instability
should trigger human review. This does not remove the analyst
from the process. Instead, it helps prioritize manual effort by identi-
fying which classifications are more likely to be reliable and which
require inspection. A possible workflow is to accept high-agreement
predictions after lightweight inspection, send partial-agreement
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cases to analyst arbitration, and reserve detailed discussion for
total-disagreement or unstable cases. In this sense, the committee
of models functions as an attention-allocation mechanism.

For taxonomy maintainers, recurrent disagreement can reveal
where the label space needs revision. The low accuracy and high
disagreement around Registration/Modify input behavior, for exam-
ple, suggest that this operation may be too broad or semantically
unclear. Out-of-coverage cases also indicate that the taxonomy
may not represent all functional patterns found in real backlogs.
Agreement-based analysis can therefore support not only classifi-
cation, but also taxonomy maintenance.

Threats to validity should be considered when interpreting the
findings [14]. Conclusion validity may be affected by the size of
some subgroups, especially in the story-factor and problematic-
label analyses. Internal validity is mitigated by the use of the same
prompt, taxonomy, output schema, and execution settings for all
models, but model-specific API behavior may still introduce varia-
tion. Construct validity is affected by the use of exact-match accu-
racy, which is conservative and may underestimate partially correct
predictions. External validity is limited to the 191 user stories, the
WIS taxonomy, the selected models, and the adopted prompt pro-
tocol. Replications with other datasets, taxonomies, and model
committees are needed.

6 Conclusion

This paper presented a controlled study of confidence-aware LLM-
based functional classification of user stories. The study evaluated
GPT-5.2, DeepSeek, and Llama over 191 user stories, using the same
WIS taxonomy, prompt, output schema, and execution constraints,
with three repeated runs per model.

The results show that model performance and stability do not
necessarily coincide. GPT-5.2 achieved the strongest exact classifica-
tion performance, while DeepSeek was the most stable model across
repeated runs. Inter-model agreement provided a useful confidence
signal: full agreement was associated with much higher exact accu-
racy than partial agreement, total disagreement, or unstable outputs.
At the same time, false consensus showed that agreement is not a
guarantee of correctness.

The study also found that uncertainty is not only a model-level
issue. Underspecified stories, multi-intent stories, out-of-coverage
cases, and problematic taxonomy labels all contributed to classifi-
cation errors. These findings support a shift from one-shot model
evaluation to confidence-aware workflows in which multiple LLMs
act as complementary decision-support agents. In such workflows,
agreement helps identify classifications that are more suitable for
acceptance, while disagreement helps prioritize human review and
taxonomy refinement.

Future work should evaluate other model committees, includ-
ing models with different architectures and deployment settings.
It should also test additional requirements artifacts, alternative
taxonomies, and industrial datasets with different levels of story
quality. A more detailed qualitative analysis of false consensus cases
is also necessary. These cases are especially important because they
reveal situations in which agreement may create an illusion of
reliability even though all models converge on the wrong label.
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periment, analyze the data, interpret the results, or draw the con-
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