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Abstract
In a testing team within a software institute, the validation of bug
reports as valid or invalid is a critical but time-consuming activity.
Performed manually, this validation is subject to errors, consumes
effort and time, and competes with other activities of the testing
team, especially when this team is under high demand, resulting in
a backlog of bug reports to be validated. This study presents Cronos,
an LLM-based tool with Retrieval Augmented Generation (RAG)
that classifies bug reports as Valid or Not Valid, combining the
retrieval of similar bug reports and relevant test cases. For this, we
used 100 real bug reports collected and balanced between the Valid
and Not Valid classes, submitted to the open source LLM models
GPT, Qwen, and Gemma. Additionally, we used a also balanced
knowledge base of 1526 bug reports and 133 test cases, retrieved
through RAG with BERT embeddings and cosine similarity. We
evaluated the models using the metrics Accuracy, Precision, Recall,
and F1-Score, and statistical tests Cochran’s Q test and McNemar
post-hoc tests with Holm adjustment. The results indicate that the
Qwenmodel achieved superior performance compared to the others,
with Accuracy of 82%, F1-Score of 79.55% for Valid and 83.93% for
Not Valid. GPT presented a Recall of only 46% for Valid, classifying
54% of the valid bug reports as invalid, while Gemma achieved
Precision of 100% for Valid but Recall of only 58%. Cochran’s Q test
indicated a significant difference between the models with p-value
= 0.0206, however the pairwise tests did not identify significant
differences after the Holm adjustment. Therefore, the results of
this study demonstrate that it is possible to use LLMs with RAG to
automate the validation of bug reports in the industry, with Qwen
being the most suitable model for balancing Precision and Recall
for both classes.
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1 Introduction
During the Software Development Life Cycle (SDLC), bug reports
are frequently opened so that developers can act on maintenance
as soon as possible [18]. However, software maintenance consumes
more than 70% of the total cost of the SDLC of a product, with defect
correction and software evolution being the predominant activities
in this process [18]. Large-scale projects use failure reporting and
triage systems to manage defect reports, but an aggravating factor
persists: many submitted reports are illegitimate duplicates or de-
scribe non-defects, studies indicate that up to 36% of the reports
are duplicates or invalid [18].

In the context of a software testing team, failures are frequently
registered and the evaluation of these failures consumes time and
effort from developers [4, 5], being an essential part of modern
software engineering. Bug reports contain structured information
(operating system, version, attachments) and, mainly, unstructured
content in natural language: Observed Behavior, Steps to Repro-
duce, and Expected Behavior [2, 3, 15]. Developers consider this
information the most useful for triage and failure correction [29],
however they are frequently absent or of low quality, analyses in-
dicate that only 51.4% of bug reports describe Steps to Reproduce,
and 35.2% describe Expected Behavior [2]. It is necessary for the
testing team to evaluate whether the bug report is valid or not, so
that developers do not waste time with invalid bug reports. Miss-
ing and incorrect information is the main cause of delay in failure
correction [29].

To automate the process of Bug Report validation into valid or
invalid failures registered by the testing team, we propose Cronos,
a tool based on Large Language Models (LLMs) with Retrieval
Augmented Generation (RAG) that classifies Bug Reports as valid
or invalid. Cronos integrates a prompt engineering pipeline with
retrieval of similar bug reports and relevant test cases, directing
the model’s reasoning through a structured decision process in 6
steps. Previous works addressed the prediction of bug report quality
through statistical models based on superficial features [18], the
CUEZILLA tool that measures quality and suggests improvements
[29], and the identification of discourse patterns to detect missing
information [2]. However, these approaches do not explore the
potential of LLMs with RAG for the automatic classification of valid
and invalid bug reports in the industrial context.

To evaluate Cronos, we used a dataset of 100 real bug reports
registered by the testing team of a software institute, balanced
between the Valid and Not Valid classes, validated by a professional
with 7 years of experience. We evaluated three open source LLMs
(GPT, Qwen, and Gemma) on the task of classifying each bug report
as valid or invalid, comparing their results through classification
metrics (Accuracy, Precision, Recall, and F1-Score) and statistical
tests (Cochran’s Q test and McNemar post-hoc tests with Holm
adjustment).

The contributions of this work are: (1) Cronos, an LLM-based
tool with RAG for automatic classification of bug reports as valid
or invalid in an industrial context; (2) a comparative evaluation of
three open source LLMs on this task, with performance analysis
and statistical significance; and (3) evidence on the feasibility of
using LLMs with RAG for automating the validation of bug reports
by software testing teams.
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2 Background
2.1 Bug Report Validation
Bug reports are the primary form of communication between testers
and developers to ensure better coverage and maintenance of sys-
tems [8]. So that end users do not encounter problems when using
a software product, any defects found during development must
be reported and corrected before the release, which is why the
software testing stage is essential [18]. A bug report contains struc-
tured characteristics that describe the failure and how to reproduce
it, usually including steps to reproduce, stack trace, test cases, ob-
served behavior, screenshots, expected behavior, code examples,
summary, version, and error reports [8].

However, even though these are fundamental characteristics
of bug report writing, not all bug reports contain the necessary
information for developers to work on the correction, and, at times,
the information providedmay be incorrect [29]. A survey conducted
with developers from the Apache, Eclipse, and Mozilla projects
revealed that the main problem found in bug reports is the lack of
completeness in the information provided [29]. In addition, several
studies evidence errors in the description of reproduction steps,
duplicate issues, use of incorrect software version, and lack of
clarity in the expected and observed behaviors, which, according
to developers, delay the failure correction process [29].

The validation of a bug report is a process that determines
whether a bug report is valid or invalid, being a critical step in
failure triage, in which developers or members of the testing team
analyze the received reports and verify their entire scope and writ-
ing to determine which should be prioritized for correction [18]. In
practice, a large number of bug reports are submitted daily in large-
scale projects, for example, in Mozilla, on average 307 new bug
reports are submitted per day [14]. Of these, from 22% to 79% have
resolution DUPLICATE, INVALID, WORKSFORME, or INCOM-
PLETE, being classified as invalid [14]. The manual determination
of the validity of a bug report is a time-consuming and tedious task,
and invalid bug reports increase the difficulty of triage, wasting
time and effort of developers [14].

There are some proposals that aim to predict the quality of bug
reports such as Hooimeijer and Weimer [18] who made a model
based on superficial features available at the time of submission,
capable of functioning as an automatic filter and Zimmermann et al.
[29] who developed CUEZILLA, which measures quality and sug-
gests improvements, and Chaparro [2] identified discourse patterns
to detect missing information. Zanetti et al. [25] proposed the use
of collaboration networks to determine valid failures, extracting
nine features based on the ASSIGN and CC relations of bug reports
and using SVM as a classifier.

Despite these advances, none of these works explored the rea-
soning capability of the LLM in validating bug reports as invalid or
valid, a gap that this work aims to fill.

2.2 LLM for Bug Report Validation
The growth of LLMs enables improvements in the process of re-
porting and validating failures. Choi and Yang [6] proposed Agen-
tReport, a multi-agent pipeline based on LLMs for automated bug
report generation. AgentReport integrates QLoRA-4bit lightweight
fine-tuning, structured prompts based on the CTQRS framework,

Chain-of-Thought reasoning, and one-shot exemplar, organized
into seven modules. Evaluated with 3966 summary-report pairs
from Bugzilla, AgentReport achieved 80.5% in CTQRS, 84.6% in
ROUGE-1 Recall, 56.8% in ROUGE-1 F1, and 86.4% in SBERT, sur-
passing the baseline in all metrics [6].

Zhao et al. [28] proposed AnyPoC, a multi-agent framework for
automated generation of proofs of concept (PoCs) that serves as a
validation oracle for bug reports. AnyPoC produced 1.3×more valid
PoCs for true reports and rejected 9.8×more false reports compared
to state-of-the-art agents. To date, AnyPoC has discovered 122 new
failures, with 105 confirmed and 86 already corrected [28].

3 Valid and Not Valid Bug Report
In a Software testing team, all opened bug reports are classified
and closed with specific categories that determine their validity.
The classification of a bug report as Valid or Not Valid depends on
the closing category assigned, following the process defined by the
team. Table 1 summarizes the closing categories and their validity
criteria.

Table 1: Summary of closing categories and validity criteria

Category Type Validity Criterion
Defect Fixed Valid Real defect corrected
Known Limitation Valid Documented limitation of the

system
Third Party Issue Valid External component problem
Test Error/Mistake Not Valid Error in test execution
Insufficient Defect Not Valid Insufficient information for re-

production
Irreproducible Not Valid Failure could not be reproduced
Concept/Requirement Depends Valid if the team had no prior

knowledge of the requirement;
Not Valid otherwise

Network Issue Depends Valid if retested with technical
evidence; Not Valid otherwise

Duplicated Depends Not Valid if duplicate from the
same team; Valid if from another
team or requested by configura-
tion variation

As observed in Table 1, the classification as Valid or Not Valid
depends on contextual information. There are criteria to be followed
to validate the effectiveness of a closed Bug Report, such as the
prior knowledge of the testing team about the requirement, the
existence of retesting with technical evidence, or the origin of the
duplicated failure. This complexity makes manual classification
a process that requires experience and knowledge of the domain,
increasing the risk of inconsistencies among different analysts.

Figure 1 illustrates the manual process of bug report validation
performed by the testing team. The process begins when the tester
executes the tests on the device and registers the found failure,
filling in the structured fields of the bug report. Then, the bug
report is closed by the responsible developer in a specific category
(e.g., Fixed, Duplicated, Network Issue). The bug report analyst then
performs the manual validation, verifying the scope and writing of
the report, as well as the team’s prior knowledge about the involved
requirements. Based on this analysis and the validity rules from
Table 1, the analyst classifies the bug report as Valid or Not Valid
and provides a justification. However, this manual process faces
challenges, validation competes with other activities of the analyst,
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such as support to the testing team and metrics analysis activities
that can cause delays, and the daily volume of reports makes the
process time-consuming and prone to errors. To mitigate these
problems, we propose Cronos, an LLM-based tool with RAG that
automates the classification of bug reports, reducing the analyst’s
manual workload and accelerating the validation process.

4 Methodology
This section presents the methodology of our study, organized into
two parts. In Section 4.1, we describe the development methodology
of Cronos, a RAG-based tool for bug report validation, covering
the dataset composition, prompt engineering techniques, and LLM
model selection. In Section 4.2, we detail the evaluation methodol-
ogy of Cronos, including performance metrics and the experimental
study design with the statistical tests used to verify significant dif-
ferences between the models. Figure 2 presents the overview of the
proposed methodology.

4.1 Methodology for Cronos Development
4.1.1 Dataset. To compose our dataset, we collected real bug re-
ports from the software institute, already classified by the testing
team. The final corpus gathered 100 samples collected with 50 clas-
sified as "Valid" and 50 classified as "Not Valid", all from tests on
mobile devices in the scopes of sanity, regression, acceptance, and
network services. Each bug report contains fields such as ID, title,
problem description, steps to reproduce, expected result, medium
resolution, small resolution, closing, development verification type,
failure cause, applied countermeasure, tag, device model name,
software version, classification (Valid/Not Valid), and classification
justification. These data served as input for the model prompts.

4.1.2 Prompt Engineering. To insert the models into the context of
bug report classification and guide their responses in a structured
manner, we applied prompt engineering techniques. We organized
the prompt design as follows:

• System prompt: definition of the model’s role as classifier,
presentation of 10 patterns of non-valid bug reports, decision
process in 6 steps, and a JSON response template.

• User prompt: context of relevant test cases, bug report fields
(except classification and justification), similar bug reports
with their classification and justification performed by bug
report analysts, and standardization of responses using a
json schema.

To direct the response of the models, we inserted a decision
process in the system prompt consisting of the following 6 steps:

• Step 1: analyze the bug report using the available fields (title,
problem description, steps to reproduce, expected result,
medium resolution, small resolution, closing, development
verification type, failure cause, applied countermeasure, tag,
device model name, and software version).

• Step 2: read the justification of each similar bug report.
• Step 3: identify the root cause pattern in the justification of
each similar bug report.

• Step 4: compare the characteristics of the bug report with
the patterns of the similar bug report.

• Step 5: if the bug report matches a "Not Valid" pattern from
the similar bug reports, then classify as "Not Valid".

• Step 6: if no "Not Valid" pattern is found, then classify as
"Valid"

The implementation of the user prompt incorporates the Re-
trieval Augmented Generation (RAG) technique [13], combined
with BERT embeddings [10] and cosine similarity calculation [12]
to retrieve similar bug reports, as represented in Figure 3. The sys-
tem accesses a knowledge base with 1526 bug reports, retrieving
the 8 most similar to the bug report to be classified. In parallel, it
retrieves the 3 most relevant test cases among the 133 in the test
case base.

We analyzed the distribution of bug reports by classification
type in the knowledge base and identified an imbalance in the
knowledge base. To balance this base, we employed synthetic data
generation techniques focused on the "Not Valid" class, including
synonym replacement, random swap, random deletion, phrase re-
placement, and shuffle sentence order [24, 27]. After balancing, the
new composition of the knowledge base is detailed in table 2.

Table 2: Quantity of bug reports by classification before and
after balancing the knowledge base

Class Quantity Before Quantity After
Valid 796 796

Not Valid 236 730

4.1.3 LLMs. The selection of LLMmodels for this studywas guided
by three criteria:

• The model must have an open source license, due to the
institute’s confidentiality policies.

• Compatibility with the available internal computational in-
frastructure.

• Computational impact related to the number of parameters
[26].

We present the selected models in table 3, with their respective
characteristics: name, version, parameters, size, and license.

Table 3: Configuration specifications of the LLM models se-
lected in this study

Name Version Parameters Size (GB) Licence Type
GPT � gpt-oss 120B 65.3 Open Source
Qwen� qwen3.6 35B 23.8 Open Source
Gemma� gemma4 31B 17.4 Open Source

During the classification of bug reports, we adopted a tempera-
ture of 0.3 and top_p of 0.95 for the models evaluated in this study.
The reduction of temperature decreases the entropy in the token
probability distribution [17], conferring greater determinism to the
outputs [21, 22], as desired for this binary classification task with a
predefined response format.

4.2 Methodology for Cronos Evaluation
4.2.1 LLM Evaluation. We evaluated the performance of the mod-
els using the metrics Accuracy, Precision, Recall, and F1-Score.

https://openai.com
https://ollama.com
https://ollama.com
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Figure 1: Manual Bug Report Validation

Figure 2: Methodology for developing and evaluating Cronos, a RAG-based tool for bug report validation

Figure 3: RAGWorkflow for Bug Report Classification

Precision, presented in Equation (1), calculates the proportion of
true positives in relation to all positive classifications. Accuracy,
whose formula is detailed in Equation (2), measures the fraction of
correct classifications in the total set of classifications [11].

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(1)

Accuracy =
(𝑇𝑃 +𝑇𝑁 )

(𝑇𝑃 +𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 ) (2)

In a complementary way, we employed the Recall and F1-Score
metrics to measure, respectively, the detection capability of positive
cases and the balance between Precision and Recall [20], as per
Equations (3) and (4), respectively.

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3)

F1-score = 2 ×
(
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

)
(4)

Where:
• 𝑇𝑃 : quantity of true positives.
• 𝑇𝑁 : quantity of true negatives.
• 𝐹𝑃 : quantity of false positives.
• 𝐹𝑁 : quantity of false negatives.

4.2.2 Study Planning. Here, we define the elements that compose
our study, specifying the research scope and context, formulating
the hypotheses, and selecting the variables and subjects:

1) Scope: We defined the objective of this study based on the
GQM (Goal, Question, Metric) approach [1], as presented:

"Analyze the performance of 3 different LLM models for classi-
fying bug reportswith the purpose of evaluatingwith respect to
proportion of correct classifications in the classification task from
the point of view of researchers in the context of software
testing team in a Software Institute".

2) Hypotheses:
• H0: There is no difference between the proportions of correct
classifications of the GPT, Qwen, and Gemma models.

• H1: There is a difference between the proportions of correct
classifications of the GPT, Qwen, and Gemma models.

We chose the proportion of correct classifications as the com-
parison metric between the models due to its capacity to measure
classifier performance [23].

3) Context: To investigate the performance of the models in the
automatic classification of bug reports, we designed this experi-
ment, in which 100 real bug reports were classified by the GPT,
Qwen, and Gemma models. We evaluated the results based on the
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proportion of correct classifications and, from this proportion, we
applied statistical tests to identify significant differences between
the models.

4) Variable selection: We defined the variables as follows:
(1) Independent variables: The GPT, Qwen, and Gemma models.
(2) Dependent variable: The classification assigned by each

model to each bug report, represented as a binary variable,
where 1 indicates correct classification and 0 indicates incor-
rect classification.

5) Subject selection: We used as subjects of the experiment a
dataset of 100 real bug reports, balanced and employed as an oracle,
of which 50 were classified as "Valid" and 50 as "Not Valid". The
validation of all classifications was conducted by a professional
with 7 years of experience in the bug report classification activity
within the testing team.

6) Selection of statistical tests:We defined the strategy of our study
based on the nature of the data. As the data are binary (correct or
error) and each bug report was classified by the three models, we
selected Cochran’s Q test [7] to verify the null hypothesis of equal-
ity of proportions of correct classifications among the three models.
In case of rejection of the null hypothesis, we proceeded with Mc-
Nemar post-hoc tests [19] to identify pairwise differences. The
McNemar test compares the disagreements between two classifiers
by means of a 2×2 contingency table. Considering that performing
multiple pairwise comparisons increases the probability of Type I
error [9], we applied the Holm adjustment [16], preventing the in-
crease in the number of comparisons from elevating the probability
of rejecting any true hypothesis [9, 16]. All tests were conducted
with a significance level of 𝛼 = 0.05.

5 Experiments and Results
Based on the methodology detailed in Section 4, we evaluated
the bug report classifications performed by the GPT, Qwen, and
Gemma models. This section is organized into two subsections: in
Section 5.1, we analyze the performance of the models through
the metrics of Accuracy, Precision, Recall, and F1-Score. In Section
5.2, we apply Cochran’s Q test and McNemar post-hoc tests with
Holm adjustment to verify whether the observed differences are
statistically significant, and we discuss the practical implications of
the results for model selection.

5.1 Performance
We submitted the dataset to the prompt of each model, as detailed
in Section 4, and evaluated their performances using Accuracy,
Precision, Recall, and F1-Score. We present the results in table 4.

Table 4 presents the performance results of the GPT, Qwen, and
Gemma models on the bug report classification task. We observed
that the Qwenmodel achieved the highest accuracy of 82%, followed
by Gemma with 79% and GPT with 71%.

Analyzing the "Valid" class, we highlight that Gemma achieved
the highest precision of 100%, indicating that all classifications
assigned as "Valid" were correct. However, in the Recall metric for
this class the model obtained 58%, revealing that the model did
not detect 42% of the valid bug reports. The Qwen model, in turn,
presented the best balance between Precision (92.11%) and Recall
(70%) for the "Valid" class, resulting in the highest F1-Score value

for this class of 79.55%. The GPT model, although it obtained a
Precision of 92%, achieved the lowest Recall for the "Valid" class at
46%, indicating that 54% of the valid bug reports were incorrectly
classified as "Not Valid".

Regarding the "Not Valid" class, Gemma achieved a Recall of
100%, identifying all invalid bug reports, however with a Precision
of 70.42%. The GPT model also obtained high Recall in this class,
reaching 96%, although with the lowest precision of 64%. Again,
Qwen obtained the best F1-Score for "Not Valid" with 83.93%, with
Precision of 75.81% and Recall of 94%, demonstrating a balanced
performance between the two classes.

Overall, Qwen presented the best global performance, achieving
the highest F1-Score values for both classes. Gemma stood out
for its Precision of 100% in the "Valid" class and Recall of 100% in
the "Not Valid" class, however with lower recovery capability of
valid bug reports. GPT obtained the lowest overall performance,
with a negative highlight for the low Recall of the "Valid" class,
demonstrating difficulty in identifying valid bug reports.

The metrics presented in table 4 indicate performance variations
among the evaluated models. However, we cannot infer the superi-
ority of one model over the others considering only these values.
In order to obtain a more rigorous understanding of the results, we
need to apply statistical tests that allow us to verify whether the
observed differences are in fact significant.

5.2 Statistical Test
To verify whether the performance differences observed among the
models are statistically significant, we adopted a significance level
of 𝛼 = 0.05 and applied Cochran’s Q test [7], used to compare three
or more treatments with paired binary data (correct/incorrect) on
the same test cases. We constructed a 100×3 matrix presented in
table 5, where each row represents a bug report and each column
represents a model (GPT, Qwen, and Gemma), with value 1 for
correct classification and 0 for incorrect classification.

Cochran’s Q test resulted in a Q statistic = 7.76 with 2 degrees of
freedom, producing 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.020651. Since 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 𝛼 , we
reject the null hypothesis that the models have the same propor-
tion of correct classifications, indicating that there is a statistically
significant difference between at least two of the three evaluated
models.

To identify which pairs of models differ significantly, we con-
ducted McNemar post-hoc tests [19] with Holm adjustment [16]
for multiple comparisons. The 2𝑥2 contingency tables for each
pairwise comparison are presented in table 6, indicating the con-
cordant and discordant cases between the models. The results
with raw 𝑝 − 𝑣𝑎𝑙𝑢𝑒 , without adjustment, denoted as 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑟𝑎𝑤 ,
indicated a significant difference only between GPT and Qwen
(𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑟𝑎𝑤 = 0.0192), with 15 cases classified correctly by Qwen
but incorrectly by GPT, while only 4 cases were classified correctly
by GPT but incorrectly by Qwen. The comparisons between GPT
andGemma (𝑝−𝑣𝑎𝑙𝑢𝑒𝑟𝑎𝑤 = 0.0768) and betweenQwen andGemma
(𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑟𝑎𝑤 = 0.6072) were not significant. However, after ap-
plying the Holm adjustment, none of the pairwise comparisons
reached statistical significance, as shown in table 7: GPT vs. Qwen
(𝑝−𝑣𝑎𝑙𝑢𝑒𝑎𝑑 𝑗 = 0.0576), GPT vs. Gemma (𝑝−𝑣𝑎𝑙𝑢𝑒𝑎𝑑 𝑗 = 0.1536), and
Qwen vs. Gemma (𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑎𝑑 𝑗 = 0.6072, where adjusted 𝑝 − 𝑣𝑎𝑙𝑢𝑒 ,
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Table 4: Models Performance Results

Model Accuracy Precision (Valid) Recall (Valid) F1-Score (Valid) Precision (Not Valid) Recall (Not Valid) F1-Score (Not Valid)
GPT 71.00% 92.00% 46.00% 61.33% 64.00% 96.00% 76.80%
Qwen 82.00% 92.11% 70.00% 79.55% 75.81% 94.00% 83.93%
Gemma 79.00% 100.00% 58.00% 73.42% 70.42% 100.00% 82.64%

Table 5: Classification Results Matrix (100×3)

ID GPT Qwen Gemma
1 0 0 1
2 1 0 1
3 1 1 0
4 1 1 1
5 0 1 0
6 1 1 1
7 1 1 1
8 1 1 1
9 1 1 1
10 1 1 1
11 1 1 1
12 0 1 0
13 0 1 0
14 0 0 0
15 0 0 0
16 1 1 1
17 1 1 1
18 0 0 0
19 0 1 0
20 0 0 0
21 0 0 0
22 0 1 0
23 0 0 0
24 0 1 0
25 1 0 1
26 0 0 0
27 1 1 1
28 0 1 1
29 1 0 0
30 1 1 1
31 1 1 1
32 1 1 1
33 1 1 0
34 1 1 1
35 1 1 1
36 1 1 1
37 1 1 1
38 0 0 1
39 0 0 0
40 1 1 1
41 0 1 1
42 1 1 0
43 0 1 1
44 0 0 0
45 0 1 1
46 0 0 0
47 1 1 1
48 1 1 1
49 1 1 1
50 0 0 1

ID GPT Qwen Gemma
51 1 1 1
52 0 1 1
53 0 1 1
54 0 0 0
55 1 1 1
56 0 1 1
57 1 1 1
58 1 1 1
59 1 1 1
60 1 1 1
61 1 1 1
62 1 1 1
63 1 1 1
64 1 1 1
65 1 1 1
66 1 1 1
67 1 1 1
68 1 1 1
69 1 1 1
70 1 1 1
71 1 1 1
72 0 1 1
73 1 1 1
74 1 1 1
75 1 1 1
76 1 0 1
77 1 1 1
78 1 1 1
79 1 1 1
80 1 1 1
81 1 1 1
82 1 1 1
83 1 1 1
84 1 1 1
85 1 1 1
86 1 1 1
87 1 1 1
88 1 1 1
89 1 1 1
90 1 1 1
91 1 1 1
92 1 1 1
93 1 1 1
94 0 1 1
95 1 1 1
96 1 1 1
97 1 1 1
98 1 1 1
99 1 1 1
100 1 1 1

denoted 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑎𝑑 𝑗 , corresponds to the 𝑝 − 𝑣𝑎𝑙𝑢𝑒 adjusted by the
Holm method). This result demonstrates that, although Cochran’s
Q test indicates a global difference between the models, the pair-
wise tests cannot identify the difference with statistical significance
after the adjustment for multiple comparisons.

Given this, the analysis of classification metrics becomes nec-
essary to guide the choice of the viable model for the bug report
classification activity. Thus, the Qwen model presented balanced

performance between the two classes, with an F1-Score of 79.55%
for Valid and 83.93% for Not Valid, and an overall Accuracy of
82%. In contrast, GPT obtained a Recall of only 46% for the Valid
class, which means that 54% of Valid failures were classified as
Not Valid. In the context of bug report classification, this balance is
important because both types of error have distinct operational con-
sequences: classifying a Valid failure as Not Valid (false negative)
results in incorrect calculation of the testing team’s effectiveness
KPI, decreasing its value, in addition to preventing evidence of
new concepts from being shared with the team. On the other hand,
classifying a Not Valid failure as Valid (false positive) also alters the
testing team’s effectiveness KPI, and generates unnecessary effort
by sharing documents and knowledge already existing in the team.
Therefore, it is desirable that the model has both high Precision and
Recall for both classes, minimizing both types of error. Qwen, by
maintaining a Precision of 92.11% and Recall of 70% for Valid, and
Precision of 75.81% and Recall of 94% for Not Valid, is the model
that best balances the preservation of KPIs and the reduction of
operational effort waste.

Table 6: Contingency Tables for Pairwise McNemar Tests
with Holm Adjustment

GPT vs Qwen
Correct Incorrect Total

GPT Correct 67 4 71
GPT Incorrect 15 14 29
Total 82 18 100
𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑟𝑎𝑤 = 0.0192 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑎𝑑 𝑗 = 0.0576

GPT vs Gemma
Correct Incorrect Total

GPT Correct 67 4 71
GPT Incorrect 12 17 29
Total 79 21 100
𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑟𝑎𝑤 = 0.077 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑎𝑑 𝑗 = 0.154

Qwen vs Gemma
Correct Incorrect Total

Qwen Correct 73 9 82
Qwen Incorrect 6 12 18
Total 79 21 100
𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑟𝑎𝑤 = 0.607 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑎𝑑 𝑗 = 0.607

6 Discussions
The positioning of this study in relation to the existing literature
can be summarized by the evolution of approaches for bug report
evaluation. Zanetti et al. [25] employed a method that uses collab-
oration network metrics with Support Vector Machine (SVM) to
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Table 7: Pairwise McNemar Tests with Holm Adjustment

Comparison 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑟𝑎𝑤 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑎𝑑 𝑗 Significant (𝛼 = 0.05)
GPT vs Qwen 0.0192 0.0576 No
GPT vs Gemma 0.0768 0.1536 No
Qwen vs Gemma 0.6072 0.6072 No

classify bug reports as valid or invalid. More recently, Choi and
Yang [6] proposed AgentReport for automated bug report gener-
ation from raw inputs, and Zhao et al. [28] developed AnyPoC
for validation via proofs of concept. Our study complements these
works by proposing Cronos, which combines LLMs with RAG and
a structured decision process in 6 steps in the prompt to classify
bug reports as Valid or Not Valid, filling the gap of approaches
that explore the contextual reasoning of LLMs for validation in an
industrial context.

The experimental results demonstrated that the Qwen model
achieved the best performance compared to the GPT and Gemma
models, with an Accuracy of 82% and balanced F1-Score for both
classes. Cochran’s Q test indicated a significant difference between
themodels (𝑝-𝑣𝑎𝑙𝑢𝑒 = 0.0206), but theMcNemar post-hoc tests with
Holm adjustment did not identify significant pairwise differences,
possibly due to the lower power of the individual tests after the
adjustment for multiple comparisons [9].

An analysis of the behavior of the models reveals that GPT
classified 54% of the valid bug reports as invalid, with a Recall
of 46% for the Valid class. Gemma presented a Precision of 100%
for Valid and Recall of 100% for Not Valid, however with a Recall
of only 58% for Valid, demonstrating that the model is always
correct when it classifies as Valid, but ends up not identifying 42%
of the valid bug reports. Qwen maintained balance between the
classes with Precision of 92.11% and Recall of 70% for Valid, and
Precision of 75.81% and Recall of 94% for Not Valid. In the industrial
context, this balance is fundamental because false negatives and
false positives impact the effectiveness of the testing team in distinct
ways. By minimizing both impacts, Qwen demonstrates to be the
most suitable model for automation in Cronos.

The automation of bug report validation through LLMs with
RAG provides:

• Reduction of manual errors in triage: By decreasing
the dependence on manual evaluation, the occurrence of
incorrect classifications is reduced.

• Agility in bug report validation: Acceleration of the pro-
cess of identifying valid and invalid bug reports, allowing
the testing team to prioritize valid bug reports.

• Preservation of testing teameffectiveness: Balanced clas-
sification minimizes both false negatives and false positives,
avoiding alterations in the effectiveness of the bug reports
registered by the testing team.

• Reduction of operational effort waste: The decrease in
false positives avoids unnecessary sharing of documents and
knowledge already existing in the testing team.

7 Limitations of the Study
The results of this study are subject to the following limitations:

• The confidentiality policy of the software institute where
we conducted the research prevents access to and disclosure
of the data.

• The bug reports in the knowledge base and the test cases
used are specific to the development context of the studied
testing team, making it impossible to generalize the results
to other teams in the institute.

• The size of the knowledge base, composed of 1526 bug re-
ports and 133 test cases, does not allow the generalization
of the obtained results.

• The absence of context about the internal institute repository
files related to the mobile device models, which could pro-
vide additional relevant context for the classification of bug
reports, and are used during their generation as reference
documents for the expected behavior of the devices.

8 Conclusions
In this study, we presented Cronos, an LLM-based tool with RAG
for automatic classification of bug reports as Valid or Not Valid
in an industry environment. By submitting a set of 100 real bug
reports to the prompt of eachmodel, we verified that Qwen achieved
superior performance compared to the others, with Accuracy of
82%, F1-Score of 79.55% for Valid and 83.93% for Not Valid. GPT
presented a Recall of only 46% for the Valid class, classifying 54%
of Valid failures as Not Valid. Gemma achieved Precision of 100%
for Valid and Recall of 100% for Not Valid, however with a Recall
of 58% for Valid. We validated the results through Cochran’s Q test,
which indicated a significant difference between the models with
𝑝-𝑣𝑎𝑙𝑢𝑒 = 0.0206. However, the McNemar post-hoc tests with Holm
adjustment did not identify significant differences between the pairs
of models. Given this, the analysis of classification metrics indicated
Qwen as the most balanced model, minimizing both the alteration
in the testing team’s effectiveness and the waste of operational
effort.

Regarding industrial application, Cronos contributes significantly
to the reduction of manual errors in classification and to agility in
bug report validation. In future research, we intend to include new
bug reports, with the aim of expanding the knowledge base during
the retrieval of similar bug reports through RAG. Furthermore, we
seek to integrate the generation of the classification justification
into the model and incorporate explainability techniques into the
process, clarifying the reasons why a bug report was assigned to
a given class. Finally, we plan to conduct a controlled experiment
with the testing team, to evaluate the strengths and limitations of
the model implementation in the testing team, and investigate its
applicability in real scenarios.
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